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Preface

It gives us great pleasure to introduce the book entitled “Advances in Computational
Biology." The book is composed of a collection of papers received in response to
an announcement that was widely distributed to academicians and practitioners in
the broad area of computational biology. Also, selected authors of accepted papers
of BIOCOMP’09 proceedings (International Conference on Bioinformatics and
Computational Biology: July 13 16, 2009; Las Vegas, NV, USA) were invited to
submit the extended versions of their papers for evaluation.

The collection of papers in Part I, present advances in Bioinformatics Databases,
Data Mining, and Pattern Discovery. Microarray, Gene Expression Analysis, and
Gene Regulatory Networks are presented in Part II. Followed by Part III that is
composed of a collection of papers in the areas of Protein Classification and
Structure Prediction, and Computational Structural Biology. Part IV is composed
of a number of articles that discusses significant issues in the areas of Comparative
Sequence, Genome Analysis, Genome Assembly, and Genome Scale Computational
Methods. Drug Design, Drug Screening, and related topics are discussed in Part V.
Part VI presents various Computational Methods and Diagnostic Tools in Biomed-
ical applications. Lastly, general topics in the area of Bioinformatics are presented
in Part VIL

We are very grateful to the many colleagues who helped in making this project
possible. In particular, we would like to thank the members of the BIOCOMP’09
(http://www.world-academy-of-science.org/) Program Committee who provided
their editorial services for this book project. The BIOCOMP’09 Program Committee
members were:

e Dr. Niloofar Arshadi, University of Toronto, ON, Canada

® Prof. Ruzena Bajcsy, Member, National Academy of Engineering; IEEE Fellow;
ACM Fellow,; University of California, Berkeley, USA

e Prof. Alessandro Brawerman, CEO, Globaltalk, Brazil and Positivo University,
Brazil
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Chapter 1

A Classification Method Based on Similarity
Measures of Generalized Fuzzy Numbers

in Building Expert System for Postoperative
Patients

Pasi Luukka

Abstract In this research, we concentrate to build an expert system for a problem
where task is to determine where patients in a postoperative recovery area should be
sent to next. Data set created from postoperative patients is used to build proposed
expert system to determine, based on hypothermia condition, whether patients in a
postoperative recovery area should be sent to Intensive Care Unit (ICU), general
hospital floor, or go home. What makes this task particularly difficult is that most
of the measured attributes have linguistic values (e.g., stable, moderately stable,
unstable, etc.). We are using generalized fuzzy numbers to model the data and
introduce new fuzzy similarity based classification procedure which can deal with
these linguistic attributes and classify them accordingly. Results are compared to
existing result in literature, and this system provides mean classification accuracy of
66.2% which compared well to earlier results reported in literature.

Keywords Classification methods - Expert systems - Generalized fuzzy numbers -
ICU - Postoperative patients - Similarity measures

1.1 Introduction

In this chapter, we have tackled the situation where the problem is to build an expert
system which can make a decision of where patients in a postoperative recovery
area should be sent to next. Expert system will learn to make the decision with the
help of existing data. What makes this problem especially challenging and also
interesting is that, data is represented with linguistic statements such as that patients
internal temperature can be, e.g., low, mid, or high. In this case, the data, which we

P. Luukka

Laboratory of Applied Mathematics, Lappeenranta University of Technology, PO Box 20,
FIN 53851 Lappeenranta, Finland

e mail: pasi.luukka@lut.fi

H.R. Arabnia (ed.), Advances in Computational Biology, 3
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4 P. Luukka

use, is mostly in the form of experts linguistic assessments instead of crisp
measured numbers. Most of the uncertainty in the data, in this case, stems for
linguistic attributes and also from the fact that data is collected from patients and
humans are not exactly alike. So in equal or comparable situation, the data collected
does not show identical states if we try to measure the data too precisely. Because of
this, the linguistic representation seems to be a better choice. This kind of uncer-
tainty is typically found with data taken from living beings and reflects the rich
variability of nature.

In expert systems dealing with the analysis of the data and learning from it to
make decisions, we are faced with situation where data is almost always burdened
with uncertainty of different kinds. Possibly the uncertainty is even increased by the
method of analysis applied [2]. Fuzzy logic is a logic that allows vagueness,
imprecision, and uncertainty. Zadeh [10] introduced the concept of fuzzy sets and
the respective theory that can be regarded as the extension of the classical set
theory. One of the fundamental mathematical constructs is the similarity measure.
In the same way, as the notion of the fuzzy subset generalizes that of the classical
subset, the concept of similarity can be considered as being a multivalued generali-
zation of the classical notion of equivalence [11].

In this chapter, we introduce new fuzzy similarity-based classification procedure
for the problem at hand. Earlier methods to tackle this task at hand used Linguistic
Hard C-Means (LHCM) [1], regular Hard C-Mean (HCM) with two variants,
learning system LERS (Learning from Examples based on Rough Sets) [9], and
combination where this data is first preprocessed using PCA for fuzzy data [4], and
then it is defuzzified to get it in crisp form and after this similarity classifier [5] is
used to make the classification decision. While the last of these methods [5] manage
to get the highest mean classification accuracys, it suffers from one drawback which
can affect the decision in this type of case where we are dealing with linguistic
attributes. In the method described in [S5], PCA for fuzzy data [4] can deal with the
linguistic data, but for similarity classifier [6] we need to defuzzify the data first in
order to use it in proposed form. In defuzzification, we are basically transforming
the data into a single number. The problem with this approach is that it loses
information, and this information loss can effect the classification decision. In
this chapter, we propose a new similarity-based classification system, which can
now deal with similarities of generalized fuzzy numbers, and hence does not need
the defuzzification which was the drawback of earlier method. This way we can
avoid the possible or even likely information loss occurring with expert system
introduced in [5] and should be able to have a more efficient expert system for
problem at hand.

1.2 Postoperative Patient Data Set

Postoperative patient data set is freely available in [7]. Creators of this data set are
Sharon Summers, School of Nursing, University of Kansas Medical Center and
Linda Woolery, School of Nursing, University of Missouri. In this data, problem
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Table 1.1 Postoperative patient data sets linguistic attributes

Attribute L CORE L SURF L 02 L BP SURF STBL CORE STBL BP STBL
Linguistic label Low Low Poor Low  Unstable Unstable Unstable
Mid Mid Fair Mid Mod stable  Mod stable Mod stable
High High Good High Stable Stable Stable
Excellent

is to determine where patients in a postoperative recovery area should be sent to
next. Because hypothermia is a significant concern after surgery, the attributes
correspond roughly to body temperature measurements. There are 90 samples in
this data and seven linguistic attributes:

1. L-CORE (patient’s internal temperature): (high (>37), mid ( >36 and <37), low
(<36))

2. L-SURF (patient’s surface temperature): (high (>36.5), mid (>36.5 and <35),
low (<35))

3. L-O2 (oxygen saturation in %):(excellent (>98), good (>90 and <98), fair (>
80 and <90), poor (<80))

4. L-BP (last measurement of blood pressure): (high (>130/90), mid (<130/90 and
>90/70), low (<90/70))

5. SURF-STBL (stability of patient’s surface temperature): (stable, mod-stable,
unstable)

6. CORE-STBL (stability of patient’s core temperature) (stable, mod-stable, unsta-
ble)

7. BP-STBL (stability of patient’s blood pressure) (stable, mod-stable, unstable)

In addition, there is also one numerical attribute named COMFORT, which is
patient’s perceived comfort at discharge, measured as an integer between 0 and 20.
Moreover, there is also label information decision such as whether patient is sent to
intensive care unit (ICU), prepared to go home, or be sent to general hospital floor.
In Table 1.1, linguistic values of each attribute are given. Linguistic attributes are
then presented as generalized fuzzy numbers which are used by the classification
system (see [5] for more about this issue).

1.3 Similarity Measures of Generalized Fuzzy Numbers

Similarity measure, which is used in the similarity classifier, now needs to be in
such form, that it can deal with generalized fuzzy numbers. Wei and Chen intro-
duced in [8] such a similarity measure. First, we briefly review basic concepts of
generalized fuzzy numbers from Chen [3], and then we introduce the similarity
measure they proposed. Chen [3] represented a generalized trapezoidal fuzzy
number A as A = (a,b,c,d;w) , where a, b, ¢, and d are real values and 0 < w
< 1 as shown in Fig. 1.1. The membership function p satisfies the usual needed
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Fig. 1.1 A generalized 4
trapezoidal fuzzy number
A (a,b,c,d;w)

conditions (see [8]). Assume we have two generalized trapezoidal fuzzy numbers
A~ and é, where A~ = (al,a27a3, ag; Wa) and é = (b], b27b3, b4; Wb).
Now, for example, addition for the generalized trapezoidal fuzzy numbers is

A+ B = (a1,a2,a3,a4;w,) + (b, b2, b3, by; wp)
= (al + blaaZ + b27a3 + b37a4 + b4,min(Wa,Wb)) (11)

For scalar multiplication, subtraction, multiplication, and division of fuzzy
numbers see, for example, [3] or [8]. Degree of similarity between two generalized
fuzzy numbers can be computed by following the similarity introduced in [8] as

,P(B:)) + min(wy, wp) (12)
,P(B)) + max(w,, wp)

4
> lai — bil N
N = min(P(A)
S@a.B) =1 4 8 max(P(A)

where S(A,B) € [0,1]; P(A) and P(B)are defined as follows:

PA) =\ — a2 + w2+ [ (@ —ag) + w2 + (@ — ) + (@ —a) (13)

PB) = /(b — b2)> + w3 /(b5 — ba)> -+ (by — ba) + (bs — by) (1.4)

The larger the value ofNS(AN,B:) is, the more the similarity is between the
generalized fuzzy numbers A and B

1.4 Similarity Classifier of Generalized Fuzzy Numbers

We would like to classify a set X of objects into N different classes Cy, ..., Cy by
their attributes. We suppose that t is the number of different kinds of attributes
fi, ..., f; that we can measure from objects. We suppose that the value for the
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magnitude of each attribute is normalized. The objects we want to classify are
basically vectors consisting of generalized fuzzy numbers. First one must determine
for each class the ideal vector v; = (v;(f1), ..., vi(f;)) that represents class i as well
as possible. This vector can be user-defined or calculated from some sample set X;
of vectors x = (x(f1),...,x(f;)) which are known to belong to class C;. In this
expert system, we used mean values to calculatev;, which is

1
vi(r) = (#XA Zx(f,)) Vr=1,...,t (1.5)

b xeX;

This can be done in practice simply by applying formula (1.1) and scalar
multiplication to calculate mean values. Once the ideal vectors, which now in
practice the mean vectors of generalized fuzzy numbers have been determined,
then the decision to which class an arbitrarily chosen x € X belongs to is made by
comparing it to each ideal vector. The comparison can be done, e.g., by using
similarity measure (1.2) introduced in [8]

S{x,v) = (% iSr(x, v)) (1.6)

where

B min(P(x), P(v,)) + min(w, ,w,, )
Srxv) = | 1 4 % max(P(x,),P(v,)) + max(w, ,w, ) (.7

Now, when the similarities between the fuzzy sample vector, which we want to
classify, and the ideal vectors have been computed, then we decide that x € C,, if

S{x,vim) = max_ S{x,v;) (1.8)

i=1,...,

So in other words, sample belongs to the class in which it has the highest
similarity value.

1.5 Experimental Results and Comparison

The postoperative patient’s data set was first represented in trapezoidal fuzzy
numbers. After this, we can use it directly with our newly derived classifier or we
can first preprocess this data by using principal component analysis for fuzzy data
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[4], and then use similarity classifier for generalized fuzzy numbers. Both results
are calculated. PCA is considered to be the best linear dimension reduction tech-
nique in the mean-square error sense so to use it in preprocessing step seems
reasonable. Since there was no prior knowledge of what would be the best reduced
dimension, the dimension reduction was done for all dimensions from two to seven.
In the classifier, data was splitted half. One half for the training and the other half
for the testing. This procedure for randomly splitting data in half was done 100
times and mean classification accuracies were computed.

Classification results can be seen in Table 1.2. As can be seen from Table 1.2, the
highest mean accuracy of 66.22% was achieved with dimension two. Variance with
this dimension was 0.0270. If we present mean classification accuracy in 99%
confidence interval using Student’s t distribution u £ #, ,/»S,/+/n, we get accuracy
of 66.22 + 4.04. If we compare the results with the results achieved without
preprocessing, we notice that preprocessing with PCA for fuzzy data managed to
enhance the results by 6% units.

Classification results are compared to results presented in literature in Table 1.3.
There results are compared with the that of the earlier methods such as Linguistic
Hard C-Means (LHCM) [1], regular Hard C-Mean (HCM) with two variants, and
learning system LERS (Learning from Examples based on Rough Sets) [9]. In
regular HCM, numeric data set was used (HCM1). There linguistic values were
mapped as a numeric value, e.g., L-COREs value low, was simply 34, etc. (see
more about that in [1]). Centroids from fuzzy numbers were used as numerical
values in the second case (HCM2).

As can be seen from the results comparison Table 1.3, the method based on
PCA for fuzzy data and similarity classifier for generalized fuzzy numbers are

Table 1.2 Classification results for postoperative patient data set where data is first preprocessed
using PCA for fuzzy data and after this classified using new similarity classifier for generalized
fuzzy numbers. In first column, there is number of dimensions used, in second column maximum
classification accuracy (in %), in third column mean accuracies are reported and for fourth column
variances. In the last row also, results from similarity classifier using generalized fuzzy numbers
without preprocessing is reported

Method Dimension Max (%) Mean (%) Variance
PCA + SIM 2 82.22 66.22 0.0270

3 73.33 61.63 0.0331

4 82.22 63.11 0.0339

5 73.33 63.63 0.0224

6 84.44 61.26 0.0252

7 73.33 63.93 0.0247
SIM 7 71.11 59.70 0.0187

Table 1.3 Classification results comparison for postoperative patient data set. In first row, method
is reported and in second row, classification accuracy

Method LERS HCM1 HCM2 LHCM PCA + SIM PCA + new SIM
Accuracy 48% 50% 51.1% 53.3% 62.7% 66.2%
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managed with the highest accuracy of 66.2%, whereas the second highest mean
accuracy was achieved with PCA for fuzzy data and similarity classifier using
Lukasiewics similarity for crisp data where defuzzification was needed. The third
highest accuracy was achieved with Linguistic Hard C-Mean with accuracy of
53.3%.

1.6 Discussion

In this chapter, we are dealing with a decision making system which can cope with
highly heterogeneous information. Here, information does not come only in crisp
measured numbers, but it can also deal with interval type number, and moreover
linguistic data that come from experts, e.g., doctors. Such a heterogeneous data is
first represented by generalized fuzzy numbers. After this, PCA for fuzzy numbers
is used to make a linear combination of it to a lower dimensional subspace. In third
step, earlier a defuzzification was needed for the older similarity classifier but now
new similarity classifier for generalized fuzzy numbers is given, and it can be used
directly to get the classification decision. In doing so, we can avoid the possible and
even likely information loss coming from defuzzification and hence obtain more
accurate results. This new procedure was applied to a problem where we needed to
make a decision of where patients in a postoperative recovery area should be sent to
next. Using this newly derived similarity classifier for generalized fuzzy numbers,
we can avoid information loss coming from defuzzification, and we can manage to
enhance previous results. Proposed method managed to classify with 66.2% mean
classification accuracy where previous methods managed with 62.7% and third
highest mean accuracy was 53.3%. Results show that the method clearly has
potential in this area.
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Chapter 2
Efficient Support Vector Machine Method
for Survival Prediction with SEER Data

Zhengqiu Liu, Dechang Chen, Guoliang Tian, Man-Lai Tang, Ming Tan,
and Li Sheng

Abstract Support vector machine (SVM) is a popular method for classification,
but there are few methods that utilize SVM for survival analysis in the literature
because of the computational complexity. In this paper, we develop a novel L;
penalized SVM method for mining right-censored survival data (L; SVMSURYV).
Our proposed method can simultaneously identify survival-associated prognostic
factors and predict survival outcomes. It is easy to understand and efficient to use
especially when applied to large datasets. Our method has been examined through
both simulation and real data, and its performance is very good with limited
experiments.

Keywords Support vector machine - SVM - Survival analysis - Prognostic
factors - SEER

2.1 Introduction

Survival prediction and prognostic factor identification play an important role in
medical research. Survival data normally include a variable indicating whether
some outcome under consideration (such as death or recurrence of a disease) has
occurred within a specific follow-up time. The modeling technique has to consider
that for some patients the follow-up may end before the event occurs. In other
words, we must take into account patients for whom the event has not occurred
during the follow-up period but might have occurred just after it. This makes it
more difficult to apply a standard machine learning method for survival prediction.
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Many models for survival prediction have been proposed in the statistical
literature. However, most of them are designed for small datasets and not suitable
for large data mining. The most popular one is Cox proportional hazards model
[1, 2,7, 14], in which model parameters are estimated with partial log likelihood
maximization. Another one is the accelerate failure time (AFT) model [5, 15, 16].
AFT is a linear regression model in which the response variable is the logarithm or a
known monotone transformation of a failure (death) time. Even though the semi-
parametric estimation of an AFT model with an unspecific error distribution has
been studied extensively in the literature, the model has not been widely used in
practice, mainly due to the difficulties in computing model parameters [4].
Recently, AFT has been applied to gene expression data with a small size but a
large dimension [9, 11]. Survival prediction with the area under the ROC curve
(AUC) maximization has also been proposed [8] for high-dimensional gene expres-
sion data with a small size. However, it is much more difficult to apply these
methods for survival data with a large size and a high dimension.

The size in a retrospective surveillance, epidemiology and end results (SEER)
dataset is usually very large. For example, the lung cancer data set from SEER that
contains the records of lung cancer patients who were diagnosed from 1973 to 2002
has more than 500,000 patients; and the breast cancer data set also has more than
500,000 patients at the same time span. Cancer data also contain a high percentage
of censored observations. With the above mentioned lung cancer data set, for
instance, 34% of total records involve censored times. Ignoring records that contain
censored observations or treating censored data as the actual life-times will produce
biases in survival modeling. Traditional statistical methods fail to deal with large
survival data sets. New methods are required for mining the SEER data efficiently.

Though there are many publications for L;SVM in the classification framework
[10], there are few SVM methods for survival analysis because of the computational
complexity. In this paper, we propose a novel L; [12, 13] SVM approach for
survival outcome predictions (L; SVMSURYV). At the same time, L; SVMSURV
is utilized to automatically identify survival-associated prognostic factors. The
proposed models are evaluated with simulation and real data using the global
AUC summary (GAUCS) measure [3]. The paper is organized as follows.
In Sect. 2.2, we formulate L; SVMSURYV under the accelerate failure time frame-
work and introduce the GAUCS measure. Experiments with simulation and real
survival data for model performance evaluation are given in Sect. 2.3. Finally,
conclusions and remarks are provided in Sect. 2.4.

2.2 L; SVMSURY for Censored Survival Outcomes

Consider a set of n independent observations {7}, ;, xi};’:l , where J; is the censoring
indicator and T; is the survival time (event time) if §; = 1 or censored time if §; = 0,
and x; = (x;1,Xp, . . . ,x,-m)’ is the m-dimensional input vector of the ith sample. Let
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w = (wl,wz,...,wm)' be a vector of regression coefficients and ¢(x;) be the
nonlinear transformation of x; in the feature space. The AFT model is defined as

M(x)=wo(x;), i=1,...,n, 2.1

where M (x;)>logT; if ; = 0 and M(x;) = logT; if 6; = 1. Because there are both
equality and inequality constraint in the model, simple least square solution will fail
to work. We use L; = Y, |w;| as the penalty for the sparse solution and have the
quadratic L; SVMSURYV:

1 n ) n
in— S+ ) i
mm2n;€’+ ;|w|
s.t. |Wo(x;) — logTi| <&, if 6, =1, (2.2)
Wf¢(Xi)>ZOgTj — éia if 6,=0

When ties in the event times are presented, variables associated with each tied
time appear in the constraints independently. We can define an index function
1(9;) = 1if 6; = 1, and I is defined as I(9;) = 1 if logT;=w'¢(x;) and 0, otherwise,
when 6; = 0. Then, we have

1 n n
J(wih) =5 Zl: 1(6){W' dp(x;) — logTi}* + 4 ; lwil. (2.3)
Since |w;| does not have the first order derivative at 0, we will use the similar
procedure proposed by Liu et al. [8] for parameter estimation. Rewrite J(w,0) as a
function of the kth parameter wy, and let the remaining parameters w ; be fixed. We
have

Tw;0) = = 37 16, (Wb(x:) — logTy),

2n &
5 2.4)
= Eka% —+ CiWg + dka
where
be= 13 1(6);(x),
e =32 1(0:)(logT; — W' @ (xi(x;)),
dp = Tlnz 1(8;)(logT; — w' @ (x;))”.
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Equation (2.4) is a quadratic function of wy, and we have the following first order
derivative w.r.t. wy:

oJ(w; 0
M — bkwk + cy.
8wk

Since w is not differentiable at 0, the first derivative of J(w, 1) is a step function:

{(bkwk — Ck) — /1}, Wk<0
O J(W; 2) =% [—er— A, —ck + 4], we=0 (2.5)
{(kak — Ck) + i}, wi>0

We therefore can update each coefficient w; with the following equation:

(Z—i—ck)/bk, o< — A
Wk(Ck) =¢0, ¢ € [—/L7/L] (2.6)
(72 + Ck)/bk, >

The model performance is evaluated by the GAUCS measure. In survival analysis,
the AUC is a time dependent measure. We will utilize the GAUCS measure for the
comparison of model performance. The GAUCS is defined by averaging over f:
GAUCS = 2 [AUC(1)g(1)S(r) dt = Pr(M;>M|t;<t), which indicates the proba-
bility that the subject who died (case) at an earlier time has a larger value of the
risk score. In the above equation, S(¢) and g(¢) are the survival and corresponding
density functions, respectively.

2.3 Computational Results

Simulation data: Simulation studies were conducted to evaluate the performance of
the proposed method under different assumptions. The following describes the
method to generate input data with censored survival outcomes that emulate the
mechanisms presented by the actual data. We first sample 12-dimensional input
data x with 10,000 training and test samples, respectively, from a multivariate
normal distribution with zero means and variance covariance matrix 2. X is set to
have the same correlation coefficient p for all input variables and different
p =0,0.2,0.4,0.6, and, 0.8 will be chosen to assess the performance of the pro-
posed method. We then choose model parameters w = [—1.9,2.8,1.7,0,0,0,0,0,
0,0,0, O]T and calculate Z = w'x + ¢. Hence, this model is only associated with the
first three input variables plus random noise. Finally, we compute
H = Aexp(—0.5Z) with A = 100, sample the survival time T; from Weibull random
number generating function, and build d; = (rand(1, 1) 4+ C)*T;, such that the
censoring status is 6; = T;<d;. Different Cs give different portions of censored data.
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Fig. 2.1 Regularization path and test GAUCS

We analyze the simulation data with L; SVMSURY and build the model with the
training data and evaluate the performance of the model with the test data. The
regularization parameter /1 is determined with tenfold cross-validation with training
data only. To prevent bias arising from the specific data, we simulate the data 100
times. The average computational results are reported in Fig. 2.1.

The upper left subfigure is the regularization path with different As. It shows
that only three nonzero w;s are left when 4>0.1 and all w;s go to zero when 4 = 1.
The upper right subplot shows that the value of the optimal test GAUCS is 0.9183
with / = 0.45 for simulation data with no censoring. Combining both upper
subplots, we conclude that our proposed method correctly selects the three vari-
ables. The lower left subplot shows the average value of the test GAUCS with
different correlation coefficients p among input variables. As correlations among
input variables increase from 0.1 to 0.8, the average value of the test GAUCS over
100 test data sets decreases from 0.898 to 0.873. Finally, the lower right subplot
shows that the value of the test GAUCS also decreases with the increase of the
percent of censored data, but the decrease is not statistical significant, which
indicates that the proposed model is robust.

SEER prostate data: Prostate cancer is the most common cancer, other than skin
cancers, and the second leading cause of cancer death in American men, behind
only lung cancer. In this paper, we study the SEER prostate cancer registry data
from 2000 to 2003 in the states of Greater California, Kentucky, Louisiana, and
New Jersey. There are in total 104,363 patients in the database. For the comparison
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purpose, we only study 13,975 samples which do not contain missing tumor size
information. Fifteen potential prognostic factors are included in the model, includ-
ing age, race, married status, grade, size of tumor, clinical extension of tumor,
lymph node involved, number of positive nodes examined, number of nodes
examined, surgery performed, radiation, radiation sequence with surgery, stage
(TNM), PSA marker, and number of primaries. We divide the data into training
and test data with a roughly equal size. The regularization parameter is again
determined by tenfold cross-validation. To prevent bias and overfitting from a
specific grouping, we partition the data 100 times and the average A and test
GAUCS values are shown in Fig. 2.2.

The left subplot shows that the optimal test GAUCS = 0.7707 is reached at
A =0.05. There are five prognostic factors associated with survival, i.e., age
(0.179 £ 0.002), tumor size ( — 0.002 £ 0.0003), the clinical extension of tumor
(—0.001 £ 0.0002), radiation (0.1 £ 0.007), and stage ( — 0.06 = 0.0008), where
the values in the parenthesis are the mean and standard deviation of w; for each
prognostic factor. They indicate that patients who have cancer in their later age and
those who have been exposed to radiations may survive longer and patients with a
large tumor size, clinical extension of tumor, and late stage may die earlier. Our
conclusion that younger men with prostate cancer have shorter survival times is
consistent with the finding in [6]. While the reasons for this unexpected but excited
finding are not clear, one explanation may be that young men with prostate cancer
may have biologically more aggressive forms of the disease than the forms
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Fig. 2.2 Average test GAUCS with SEER data
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diagnosed in older men. Additional studies are needed to determine what, if any,
underlying differences exist between prostate cancer found in young men and that
found in older men. These studies may help clinicians improve screening in young
men and could ultimately lead to the development of better treatment strategies for
young patients. Finally, the right subplot shows the performance comparison of our
proposed model with the TNM stage system. It is seen that the average value of the
test GAUCS increases roughly 22% from 0.62 to 0.77.

2.4 Conclusions and Remarks

Analysis of censored failure time data containing a huge number of samples is
important in practice, especially for data containing millions of patients’ records.
How to mine these databases and identify important prognostic factors presents a
class of interesting and challenging questions. In this paper, we propose a L,
penalized SVM method for simultaneous variable selection and estimation. The
simulation studies and the real example on prostate cancer illustrate that the
proposed method can effectively reduce the dimension of the input variables and
select important survival-associated prognostic factors while providing satisfactory
estimation and prediction. More work can be done regarding improvement and
validation of the proposed method. This constitutes our future work. For example,
the asymptotic properties of the model will be studied in our future work, and we
will apply the proposed method to other cancer data sets.

Acknowledgment This work was partially supported by NIH Grant IRO3CA133899 01A210 and
NSF CCF 0729080.
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Chapter 3
Searching Maximal Degenerate Motifs Guided
by a Compact Suffix Tree

Hongshan Jiang, Ying Zhao, Wenguang Chen, and Weimin Zheng

Abstract Compared to a mismatched consensus motif, a degenerate consensus motif
is more suitable for modeling position-specific variations within motifs. In the litera-
ture, the state-of-art methods using degenerate consensus motifs for de novo motif
finding use a naive enumeration algorithm, which is far from efficient. In this paper,
we propose an efficient algorithm to extract maximal degenerate consensus motifs
from a set of sequences based on a compact suffix tree. Our algorithm achieved a time
complexity about n times lower than that of a naive enumeration, where 7 is the
average length of source sequences. To demonstrate the efficiency and effectiveness
of our proposed algorithm, we applied it to finding transcription factor binding sites. It
is validated on a popular benchmark proposed by Tompa. The executable files of our
algorithm can be accessed through http://hpc.cs.tsinghua.edu.cn/bioinfo.

Keywords Motif discovery - Degenerate motif - Suffix tree

3.1 Introduction

De novo motif discovery with the aim of biomolecule interaction prediction and
sequence annotation is an important process in the postgenome era. In this process,
three simple motif models, i.e., mismatched consensus (consensus sequence allow-
ing some mismatches), degenerate consensus (consensus sequence with degenerate
symbols), and position weight matrix (PWM) [1], are widely used. Accordingly, the
mainstream approaches [2 11] for motif finding can be classified into consensus-
based approaches [2 6] which are based on word counting and profile-based
approaches [7 11] which are based on multiple sequences alignment.
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Among these simple models, the degenerate motif combines the merits of the other
two. In an improved benchmark [12], degenerate consensus shows a similar perfor-
mance as PWM does, both of which overwhelm the mismatched consensus.Appar-
ently, the advantage of degenerate consensus over the mismatched consensus lies in its
ability to model the widely existing position specific variability [1].

Recently, various effective studies [3, 10, 11] employ degenerate consensus
motifs (or degenerate motifs in brief) as motif representation for de novo motif
finding. However, to the best of our knowledge, all existing algorithms use a naive
enumeration method to extract degenerate motifs, which is far from efficient.

In this paper, we propose a novel consensus-based approach to efficiently extract
degenerate motifs and apply it to the task of finding transcription factor binding
sites (TFBSs). This work is different from previous related works [4 6], all of
which focus on extracting mismatched consensus motifs. Our contributions are:
(1) The problem of finding common maximal degenerate motifs was formalized;
(2) An algorithm was depicted succinctly to solve the problem based on a compact
suffix tree [13] instead of a suffix trie; (3) Properties of suffix trees were used to
reduce redundant operations in extracting motifs with unknown lengths.

The rest of this paper is organized as follows. In Sect. 3.2, for the common motifs
problem, an algorithm based on a compact suffix tree is presented, accompanied
with computational complexity analysis and an extension to deal with unknown
length motifs. In Sect. 3.3, experiment results on real biological data [14] that
validate the efficiency of the approach. The last section concludes this paper.

3.2 Methods

3.2.1 Common Motifs Problem

Terminologies. Given an alphabet X, the set of its extended symbols, each denoting
a set of symbols in X, is noted as Xg. For clarity, the set of extended symbols each
denotes a single symbol in X is noted as ¥'. A degenerate motif (or pattern in brief)
m is a sequence of extended symbols, i.e., m € ZgT . The ambiguous degree of a
pattern m, noted as G(m), is the number of its containing degenerate symbols each
denoting multiple symbols in X. A word w is a sequence which only contains exact
symbols, i.e., w € >'*. The set of occurrences of a word w in sequence S is the set
of suffixes in S each has w as a prefix. The set of instances of a pattern m in sequence
S, noted as Inst(m, S), is defined as the words in m which has at least one occurrence
in S. The set of occurrences of a pattern m in sequence S, noted as Occ(m, S), is
defined as the occurrences of all words of m in S. The set of concrete patterns of a
pattern m, noted as Con(m), is defined as the set of patterns satisfying: (1) each
pattern has the same length as m; (2) every symbol of the pattern denotes a subset of
the corresponding symbol of m; (3) at least one of the symbols is a true subset.
Given a set of sequences S, the patterns which cannot be more concrete without
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losing any occurrences in S are called breadth-maximal patterns (or maximal
patterns in brief) w.r.t. S, noted as Bpx(S). More formally, Bm.(S) =
{m|m € Zg",0cc(n’,S) & Occ(m,S), ¥m' € Con(m)}.

Common motifs problem. Given a set of sequences S = {S;|S; € X%,
i=1,2,...,N}, a vector of frequency thresholds (p1,pa,...,pn), minimum quo-
rum ¢, length k, and maximum ambiguous degree g, search for all degenerate motifs
m, such that m € Buax(S), |m| = k, |G(m)| < g, -, (|Occ(m, S,)| > pi) > q.

Note that the reason why we do not consider the length-maximal patterns is that
patterns in real biosequences are usually in a narrow length range which can be
implied from prior knowledge.

3.2.2 Searching Degenerate Motifs Guided by a Suffix Tree

Suffix trees and preprocessing. A suffix tree is a kind of tree data structure that
stores all suffixes of a sequence [13]. In practical applications, all paths in a suffix
tree are compressed to achieve linear space complexity. A more general form of a
suffix tree, called general suffix tree (GST), stores all suffixes of multiple sequences
with the sequence IDs tagged. For the common motifs problem, a preprocessing
phase constructs the GST of the source sequences using Ukkonen’s algorithm [15].
Similar to that of the preprocessing introduced in [4], the time and space complexity
of the preprocessing here are both O(nN?), where n is the average length of the
source sequences, and N is the number of sequences.

Extracting maximal degenerate motifs. Given a GST T, the process to extract all
required maximal degenerate motifs can be done by traversing T to guide the
enumeration of patterns on a virtual pattern trie." The compressed information in
GST helps pruning the enumeration. Before evolving the algorithm, we must ensure
the bread-optimal property of the found motifs, which is guaranteed by Lemma 3.1.

Lemma 3.1. A degenerate motif m € g is a breadth-maximal motif w.r.t. a set of
sequences S, i.e., m € B (S), if and only if for each ambiguous position j of m, the
union of the jth symbols of Inst(m,S) equals the jth symbol of m, i.e.,
Vi€ G(m), Uwelnst(m,s) wj=mj, .. where w; and m; are the jth symbol of
corresponding word or pattern.

Proof. Necessity: ".'Vw € Inst(m,S) andj, w; C m; .".Vj € G(m), Uepusiims) Wi ©
mj. If 'm € Bnax(S), then Vj € G(m), U, crsms) W = my. Otherwise, if Ji €
G(w), such that U,crgms) Wi & Mi» then Im’ € Con(m) and Occ(m',S)
= Occ(m,S) (here m'; = Uwetnsi(m,s) Wi m'; = m;, Vj # i), which contradicts with
the definition of By (S).

TA tree where each edge is labeled by a single symbol.
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Sufficiency: If Vj € G(m), U,ctnsi(m.s) Wi = M then m € Bimax (S). The reason is
that Vm' € Con(m), 3i such that m'; & mj, .".m'; & U, cruse(ms) Wi» Which means
3w’ € Inst(m, S), such that w'; & m';, hence Occ(n’',S) & Occ(m,S).

Different from those approaches that search for mismatched consensus motifs
based on a suffix tree, our approach checks ambiguous degree of a degenerate
motif. In addition, when prolonging a pattern, we use alphabet Xg instead of X.
Lemma 3.2 gives the main recurrence of the algorithm, where pair (v, p) denotes the
path leading from root and ending at a position p-symbols far before reaching v;
parent(v) denotes the parent node of v on the (compact) suffix tree.

Lemma 3.2. A pair (v,p) is the path corresponding to an instance of pattern ma.
with an ambiguous degree of ¢', if and only if the ambiguous degree of mis g — 1
and o € g — ¥/, or the ambiguous degree of mis g’ and o € ¥/, in addition, one of
the following two conditions is verified:

(On the node) A pair (parent(v),0) is a path corresponding to an instance of m
and the first symbol of the label on the edge between parent(v) and v belongs to the
subset of £ denoted by a, furthermore, the length of the edge label is p + 1.

(On the edge) A pair (v,p + 1) is a path corresponding to an instance of pattern
m and the reciprocal pth symbol of the label on the edge to node v belongs to the
subset of X denoted by o.

The pseudo code of the algorithm is listed in Fig. 3.1. Here, m is the pattern being
checked; Inst,, is its instances; Occ,, is its occurrences; “len” is the length of m; g,
is the degenerate degree of m. Note that we do not use a set of “extended symbols”
as Sagot did [4]. Though seems trickier, the effect of Sagot’s optimization actually
depends on the data.

3.2.3 Computational Complexity

With respect to the computational complexity of the extraction phase, we have the
following two lemmas, whose proofs are omitted due to length limitation.

Lemma 3.3. Using the algorithm presented in Fig. 3.1 to solve the common motifs
problem requires O(nN(N + ck)A(g, k)) time, where n is the average length of the
source sequences, N is the sequence number, k is the specified motif length, c is a
k
i

constant factor, A(g, k) = >_% [( )(2IE ' — 1) is the possible maximum num-

ber of degenerate patterns with maximum ambiguous degree of g which verify valid
patterns of a single path of length k in the suffix tree.

Compared to that of a naive enumeration, i.e., O(n”>’N(N — k 4 1)A(g, k))* [11],
it is approximately n times lower, where n is the average length of source
sequences.

The original statement is: O(n*N(N  k+ 1) (1; > ), since they use a specific Zg.
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1 |bool IsMaximal (m, Inst,, len)

2 for i=1,len // len - length of m

3 if(m; € Xg - X'){ // ambiguous site
4 set = 0;

5 for each w € Inst,

6 set = set U w;; // ith symbol of w
7 if (set # m;) return false;

8 }

9 return true;

10 | void ExtractMotif (m, Inst,, len, gn)

11 | // initial: m=g¢, Inst,= {¢}, len=0, gn,=0
12 if(len > k){

13 KeepModel (m) ; return;

14 }

15 for each symbol a in Xg do

16 if( gn>g && o €Xp—2') continue;

17 Instyg =0;

18 for each path P in Inst, do{

19 if (P ends on an internal node ) {
20 for each child u of v

21 X = u.label[0];

22 if (x C «a) Instyy = Inst,, U Px;
23 lelse if (P ends on the edge reaching v) {
24 x = v.labellidx];// P ends at idx
25 if (x C a) Instyy = Insty, U Px;

26 }

27 }

28 if (Inst,, = 0) continue;

29 if (IsMaximal (ma, Insty,,, len+1)){

30 count = 0;

31 for i=1,N do { // calculate quorum
32 bits (i) = Logical_ OR(|Occuq (i) | > pi) ;
33 count = count + bits (i) ;

34 }

35 if (count > q)

36 ExtractMotif (ma, Instu, len+l, g+8(a€Xp—ZX'));
37 }

38 release (Instyy) ;

Fig. 3.1 Sketch of degenerate motifs extraction procedure

Lemma 3.4. Using the algorithm presented in Fig. 3.1 to solve the common motifs
problem requires O(nN(N + ck)) space, where n is the average length of the source
sequences, N is the number of sequences, k is the specified motif length, c is a
constant factor.

3.2.4 Extension to Extract Motifs with Unknown Lengths

Utilizing the properties of a suffix tree, we can modify the algorithm to find the
motifs in a length range with negligible additional computational cost. More
specifically, two parameters, namely, kpyi, and g, are used to specify the
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if (len > kmi)l) {
if (g, <len-gui,) KeepModel (m) ;
if (len >=k) return;

B W~

}

Fig. 3.2 Extension to extract motifs with unknown lengths

Table 3.1 Running time of gy ime (s) Fly (8) Human (26) Mouse (12) Yeast (10)
normal version and extended

version Normal 326.84 744.66 110.93 58.71
Extended 118.88 206.36 28.45 11.48
a b
10017 10°
10° 10°
2 2
£ 10 £ 10
o o
£ £
S 10' S 10'
£ +Ely &
0 —+—Human || o
10°¢e —o—Mouse 10 &
——Yeast
10° 10"
0.05 01 015 02 025 03 035 10 15 20
Maximum ambiguous ratio Motif length

Fig. 3.3 Running time scaling over maximum ambiguous ratios and motif lengths.

Note: In (a), the length range is set to [6, 20]; the dots on the upper left area correspond to the
running time of conducting naive enumeration with the maximum ambiguous ratio set to 0.05. In
(b), the maximum ambiguous degree increases as the motif length increases, given the fixed ratio
of 0.2

minimum length allowed and the maximum ambiguous ratio allowed, respectively.
In addition, the code on lines 12 14 of Fig. 3.1 should be replaced with the codes in
Fig. 3.2.

3.3 Experimental Results

We implemented the algorithm as a console application using Visual C++ 2005.
The program inputs a set of related sequences and outputs the top candidate patterns
after extraction and postprocessing. We conducted experiments on the data sets
from Tompa’s benchmark [14]. The test platform is a laptop with a Core Duo
U2500 (1.2 GHz) CPU and 2G main memory. The parameters are set according
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to the common experiences in this field. In this process, the Log-Likelihood-Ratio
postprocessing strategy is integrated.

To evaluate the merit of using the extension in Fig. 3.2, we compared the running
time of using this extension with the normal version,” as summarized in Table 3.1.
For each species, we conduct experiments on all its datasets and summarize the
running time. The numbers of datasets are marked in the parenthesis after
the species names.

To validate the main contribution of our work, two sets of experiments were
conducted to test the running time scaling over maximum ambiguous ratios and
motif lengths respectively, as illustrated by Fig. 3.3.

3.4 Conclusion

In this paper, we proposed a novel algorithm based on a suffix tree to solve the
common-motifs problem w.r.t. degenerate consensus representation. Given a set of
sequences, our algorithm can efficiently find all maximal degenerate motifs of
unknown lengths in a large length range. Integrated with appropriate postprocessing
strategies, our algorithm can be used for effectively finding real biological motifs.
In the future, we plan to extend this algorithm to cope with more complicated
situations, such as motifs with flexible gaps and combinatory regulatory modules.
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Chapter 4
Exploring Motif Composition of Eukaryotic
Promoter Regions

Nikola Stojanovic and Abanish Singh

Abstract Gene expression in eukaryotic organisms is regulated by complex
interactions of enzymes, some of which directly bind to DNA. Although this
binding is mostly nonspecific, one can still characterize and then search for motifs
appearing with significant frequency and consistency, which are generally
presumed to be target sites for transcription factors. We here report an algorithm
for the identification of such motifs and subsequent genome-wide scans for their
conglomerations at loci other than these provided as input sequences, for which we
usually select promoter regions of coexpressed genes. The initial testing of the
software implementing this method has been performed on human Hox gene
clusters.

Keywords DNA motifs - Gene regulation - Promoters - Gene expression -
Coregulation

4.1 Motivation

Eukaryotic gene transcription is regulated by the networks of protein DNA and
protein protein interactions, directing chromatin remodeling, histone modifica-
tions, formation of initiation complexes, and RNA polymerase elongation. The
prevailing opinion, corroborated by some studies but being increasingly disputed, is
that most of these interactions take place within a few hundred bases upstream of
the transcription start positions. However, even as sites important for the regulation
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of genes have been found at distal loci, around alternative first exons, in introns and
sequences located downstream of the transcription start sites or even genes them-
selves, core promoter regions are still considered the most important for the
gene expression. It is also generally accepted that the binding of transcriptional
enzymes is in large part directed by target motifs in DNA sequence. However,
while there are proteins which bind specifically to exact sequences of bases, most
transcription factors are rather promiscuous in their choice of a preferred binding
motif. These variations may affect the strength of binding, but they also suggest that
sequence letters generally constitute only a part of the regulatory signal.

Focusing on the motif composition only, the search for transcription factor
binding sites has become one of the most popular subfields of bioinformatics,
and many algorithms have been developed over about two decades of intensive
research. The early approaches generally suffered from large false positive ratios,
so more recent methods have concentrated on the incorporation of additional
information to the raw sequence data, even as they have so far neglected epigenetic
effects. They often relied on phylogenetic conservation, or on the search for clusters
whose elements matched experimentally confirmed consensus motifs retrieved
from databases such as TRANSFAC [9] or Jaspar [2]. The latter methods exploited
the fact that proteins involved in the initiation of transcription rarely, if ever, act in
isolation.

With the advances in microarray technology, large sets of putatively coex-
pressed genes became available, stimulating the development of methods to detect
conserved motifs in their upstream sequences. It is intuitive that if a group of genes
is coordinately regulated, it should be controlled by similar sets of transcription
factors. From the hypothesis that protein binding is largely directed by DNA
sequence motifs, it follows that same motifs should be present in regulatory
sequences of coexpressed genes, moreover as a cluster or clusters. This has led to
the exploitation of motif overrepresentation in related target sequences, and in
particular, these upstream of genes whose expression has been observed to be
correlated, in searching for statistically significant conglomerations.

The efforts to characterize noncoding functional DNA have intensified along
with the recent sequencing of a large number of eukaryotic genomes. Whereas there
has been some success in the computational recognition of binding sites, the
existing methods are not satisfactory. Apart from the inherent lack of precision
due to the usage of sequence information alone, many problems stem from the fact
that genomes of higher eukaryotes are not a random assembly of letters. Protein-
binding targets in DNA are short, and even when assuming a pure Poisson model
the count of short repeats expected by chance can be large in any meaningful
sequence segment, dictating an excessive redundancy necessary to guarantee sig-
nificance. Furthermore, our earlier study [7] has shown that the number of repeated
motifs in repeat-masked random intergenic DNA was far greater than expected,
most likely due to similar evolutionary origins of many genomic fragments.
In consequence, any search for overrepresented sequences is bound to return
many results, and, depending on what is being searched for, most would likely be
false positives. Taking into account the nonspecific protein binding and often
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noncontiguous arrangement of the bases important for the interaction, many true
signals would remain undetected, resulting in relatively low sensitivity in addition
to low specificity. However, methods are constantly being improved, with new
generations of bioinformatics tools expected to rely on a significant volume of
information about the physical and chemical aspects of the binding process.
The efforts in that direction have already started [3, 4].

We have previously developed software [6] to rapidly identify significantly
repeated short (5 25 bases) motifs in groups of DNA sequences, presumably
promoter regions of coexpressed genes. Our core method strives to detect all
significant elements, and then filter the results according to the number of regions
sharing the motif, score, composition (simple sequence, tandem repeat structure or
perfectly conserved bases at loci suggesting a helix-loop-helix, zinc fingers or
leucine zipper structure, for instance), database hits, clustering patterns, or posi-
tional conservation. The motifs we discover are approximate, since the transcription
factor binding is generally determined by a very small number of bases (sometimes
as small as three) which need not even be adjacent. In such cases, popular methods
like PWM matching or alignment analysis may not be appropriate, the former
suffering from the restriction that motifs need to have been previously character-
ized, and the latter requiring their positional conservation. In contrast, our approach
can identify previously unknown motifs, and it permits their rearrangements within
the regulatory regions.

We have extended the finding of the modules with the genome-wide discovery
of the layouts similar to these we have identified in the original collections
of promoters of putatively coexpressed or otherwise related genes. Although the
biological relevance of the discovered sets still needs to be established, as they need
not necessarily be binding sites for transcriptional proteins even when their fre-
quency and conglomeration implies some kind of a function; our runs on the human
genome have indeed found many other genes whose promoter regions exhibited
substantial similarities with the original sets of promoters. These genes may be
coregulated with the original set, or be otherwise related in some aspects of their
expression.

4.2 Methods

Our core tool, originally reported in [6], receives a set of sequences in which
significant motifs should be located, and outputs a comprehensive list which is
nevertheless filtered by starting criteria: minimal motif length, minimal number of
input sequences in which the motif should appear, likelihood of its occurrence by
chance, and the permitted degeneracy. We start by identifying all exactly repeated
strings of length two or more in the input sequences, both strands, using a suffix tree
[8] data structure. After the original list has been built, we identify the repeats
which co-occur at least twice, at a constant distance, and name them potential
mates. This identification can be efficiently done using indexing of the seed element
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positions. We use all sites of co-occurrence to build the putative consensus of a
variable motif, noting the conservation of each individual position. We determine
whether the percentage of conserved characters exceeds a given threshold (95% in
our tests), and then apply a heuristic measure of consensus stability, the fraction of
degenerate bases, and statistical measure of its viability, indicating whether the
motif with so many substitutions can still be considered unlikely by chance. If a
consensus has been successfully formed, we try to find additional locations in the
sequence where this motif could have occurred with a limited number of substitu-
tions, and then eliminate the constitutive occurrences of the seeds and other
elements which have been factored in. We combine the consensus motifs with the
remaining repeats, reindex the list, and attempt to collapse substantially over-
lapping elements. This is necessary because components of the motifs may have
separate occurrences elsewhere and thus could have been identified as separate,
distinct repeats. If their separate occurrences permit the inclusion in the broader
consensus, under the same conditions of stability and viability, that is done now.
We iteratively repeat the process until no further extensions are possible, after
which we report all significant elements.

We then use the assembled list of the shared motifs to explore whether there are
any additional loci in other segments, representing upstream sequences of a catalog
of genes, entire chromosomes or genomes, which exhibit motif groupings similar to
these identified in the promoter sequences of the initially considered genes. These
may be just sites sharing the same evolutionary origins with the input sequences;
however, their conservation would imply a function, whether protein binding or
not. In cases when they would indeed present a regulatory module, which is likely
when they occur within promoters, that would imply coregulation with the initial
set. This may prove useful if these additional genes have not been previously
characterized.

Looking at all motifs from the initially generated list may or may not be
productive, depending on the list size (which in our experiments varied widely),
but certain types of consensuses were generally of lesser interest. First, they would
be those whose p-values, reflecting the probability that their occurrence might be
due to chance, is relatively high. Our default settings require the motif p-value to be
less than 0.01 to make it reportable; however, it is a user-definable parameter, and
we do not recommend genome-wide searches for motifs with p-values larger than
10 °. Second, in our experiments, we have filtered out motifs which could be
considered to represent tandem repeats or simple sequence. One would generally
not expect to see many Poly-A tail remnants in promoters, but most lists we have
looked at featured elements, some scoring very high, with suspiciously high
concentration of A’s or T’s. We have thus used the Shannon’s entropy of the
motifs, taking into account only non-N characters, and assigning the probability
to any of the four letters according to the relative contribution of that letter
to the motif composition (so, for instance, motif AAtCgNNCCT would have
p(A) = 0.25, p(C) =0.375, p(G) =0.125, and p(T) =0.25 and thus
H(AAtCgNNCCT) = 1.91). The decision about the acceptable motif entropy is
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left to the user and the nature of the application, and in most of our genome-wide
search tests, we have discarded motifs featuring less than 1.0 bit of entropy (out of
possible 2.0 bits, reflecting four equal contributors).

As our motifs are approximate, and in order to enable fast genome-wide search,
we expand them to a set of exact variants. We merge all expansions into a
comprehensive set, and maintain an indexing scheme so that for each variant we
can easily reconstruct the original consensus it instantiates. We then construct a
finite state automaton [1] to simultaneously match all variants of all motifs, in time
linear with the size of the examined sequence(s) and the combined lengths of all
variants.

In order to locate the conglomerations of motifs similar to these in our set, we
look at windows of size W equal to the size of the promoter regions we have initially
considered. We report the window if the number of motifs which have matched
within it exceeds a threshold value T, calculated as follows. Let m be the total
number of motifs M;, i = 1, m selected for the genome-wide search, and let n; be
the number of exact instances of the approximate motif M;. Let /; be the length of
motif M;. We then calculate the probability p; of motif M; matching in an instance
of a window of size W as p; = n,-%. Since we need a unified probability mea-
sure for all motifs in our set, and the motifs were not that much different from
one another, we derive it as the average of all probabilities p;, i.e., p = 1, b
The expected number of motifs matched in any window is then
A=mp=my L B=3"" ngr =W 4 We use this A to calculate the
probability of k& or more motifs matching within the window. If random variable
X models the number of matches, using the Poisson distribution, we get
PIX>k}=1- Zf 01 Ze® If the total number of windows we consider is N,
the expected number of these in which k or more separate motif instances that
would match would be E(k) = N x P{X > k}. This corresponds to the classical
measure of e-value, or the expect-value. In our experiments, we have set the
threshold T as the value of k for which E(k)<1, although the user of our software
is free to select any other T, depending on the needs of his/her particular application.

These methods have been implemented as a part of our Web server located at
http://bioinformatics.uta.edu/toolkit/motifs. However, the Web interface provides
only a part of the functionality of the full FTP distribution, at http://bioinformatics.
uta.edu/toolkit/download.

4.3 Performance

The running time of our detection of the shared motifs in the input sequences has
been analyzed in [6], and this process can be done efficiently. Once the list of motifs
has been formed, their expansion into exact variants may take time exponential in
their size. However, the consensuses are generally short (usually less than 15
characters) and do not feature many variable positions (since every such position
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hurts the motif score and p-value), so a highly variable item is not likely to be
reported. Consequently, the expansion of the motifs and their incorporation into a
finite state automaton generally takes just a second or two. The subsequent genome-
wide search is performed in linear time, and even when this analysis scans
millions of bases, the result is returned in time suitable for online work. Although
the space requirements of our approach are not modest, they do not exceed the
memory necessary to store the sequences themselves and all candidate motifs and
their original positions, plus the exact variants of the motifs which need to be
matched. We have also validated the core functionality of our software and the
calculations of thresholds, p-values and e-values on simulated random sequences,
with and without planted motifs (this was necessary because of the compositional
bias of eukaryotic DNA and its incomplete characterization at the present state of
genomics). We have also used several well-studied coregulated gene sets for the
verification on real data.

For a preliminary biological validation of the genome-wide search, we have used
the Build 36.1 finished human genome assembly (hg18), 1,000 bases upstream of
annotated transcription starts for RefSeq genes with annotated 5’ UTRs, containing
5" sequences of 23,570 genes (our program can also scan complete chromosomal
sequences; however, in that case, the interpretation of the results would be much
more complex). We have further concentrated on four Hox gene clusters. Hox genes
code for transcription factors which regulate the formation of the anterior posterior
axis of an animal during early embryonic development, acting on a large number of
downstream genes. Since this axis is common throughout the evolution, Hox
clusters are well conserved, often over regions much longer than expected under
a simple model of coding sequence and transcriptional regulation.

Whereas Hox genes are not straightforwardly coregulated, some are controlled
by similar transcriptional machinery, and we have postulated that this should be
particularly the case for these with redundant function in different clusters. Studies
have found that cis-acting elements were more likely to be found in the close
proximity of the anterior genes, with posterior ones being regulated in increasingly
complex and spatially distant ways [5], therefore, we have paid special attention to
the anterior genes conserved over all four clusters. We have also tried to find modules
which may be shared among most Hox genes in a single cluster, and check the results
of the genome-wide scan for the presence of Hox genes from other clusters.

Looking at paralogs conserved over all four clusters, there were only three such
groups, corresponding to Hox13, Hox9, and Hox4. Although we have found genes
which were sharing significant groups of motifs with upstream sequences of HoxI3
and Hox9, none of these genes were from Hox, which was anticipated from the
findings in [5]. However, the situation was different at the anterior end. The search
for motifs (minimal length 7, minimal significance score 0.99, minimal p-value
0.01, and minimal motif complexity 1.0 bits) in 1,000 bases upstream of the
transcription start site of all four Hox4 genes (HoxA4, HoxB4, HoxC4, and
HoxD4) has returned 32 significant shared motifs. Genome-wide search for con-
glomerations of these motifs in upstream sequences of other genes performed with
maximal e-value of 0.5 (requiring a match of at least 20 out of 32 motifs) has
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returned only five hits: four original Hox4 genes and HoxC6. Actually, HoxC6
would have been returned even with a far stricter e-value, since it shared 29 motifs
with all Hox4 genes, practically eliminating any possibility of a random match.

We next considered the motifs shared among upstream sequences of all Hox
genes in one cluster. Whereas the results have not been conclusive, related genes
from other clusters were indeed present among our results more than warranted by
chance, occasionally but consistently.

4.4 Discussion

Although there is much work yet to be done on the verification of the biological
significance of our findings, including negative controls, we are enthusiastic about
the promise of our approach. Our software was finding motifs and further matching
them genome-wide efficiently, and it has shown good sensitivity in cases when it
could have been measured. Depending on the number of sequences among which
the motifs needed to be shared, the number of initially identified elements tended to
be higher than one would expect; however, this is a common problem shared by all
motif finders, and stems from the structure of genomes, or at least eukaryotic
genomes. In another study [7], we have described and quantified the remarkable
microrepetitive structure of the human genome, and shown that it is almost impos-
sible to reliably identify functional motifs solely based on the occurrence counts,
even after all known repeats (such as satellites and transposon copies) have been
masked and thus removed from consideration. This also applies to the genome-wide
matches of the identified motifs, as the number of hits was consistently far larger
than the targeted e-values. These were not random hits, at least not random by the
simple-minded equal letter probability model, but it is difficult to believe that they
all represented conglomerations of functional elements, and binding signals for
transcriptional complexes in particular. It is more likely that most matches were due
to still poorly understood compositional features of immediate upstream sequences
of the genes, and elucidating them will be a challenging but necessary task.
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Chapter 5
Large-Scale Analysis of Phylogenetic Search
Behavior

Hyun Jung Park, Seung-Jin Sul, and Tiffani L. Williams

Abstract Phylogenetic analysis is used in all branches of biology with applications
ranging from studies on the origin of human populations to investigations of the
transmission patterns of HIV. Most phylogenetic analyses rely on effective heuri-
stics for obtaining accurate trees. However, relatively little work has been done to
analyze quantitatively the behavior of phylogenetic heuristics in tree space. A better
understanding of local search behavior can facilitate the design of better heuristics,
which ultimately lead to more accurate depictions of the true evolutionary relation-
ships. In this paper, we present new and novel insights into local search behavior for
maximum parsimony on three biological datasets consisting of 44, 60, and 174 taxa.
By analyzing all trees from search, we find that, as the search algorithm climbs the
hill to local optima, the trees in the neighborhood surrounding the current solution
improve as well. Furthermore, the search is quite robust to a small number of
randomly selected neighbors. Thus, our work shows how to gain insights into the
behavior of local search algorithm by exploring a large diverse collection of trees.

Keywords Biological datasets - Maximum parsimony - Phylogenetic analysis -
Phylogenetic search - Search algorithm - Search behavior

5.1 Introduction

Phylogenetic trees represent the genealogical relationships between a group of
organisms (or taxa), where leaves represent the organisms of interest and edges
represent the evolutionary relationships. Inferring evolutionary trees is not a trivial
task and is often reformulated as an NP-hard optimization problem. Here, trees
are given a score, where trees with better scores are believed to be better
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approximations of the truth. Given the exponential number of potential hypotheses
(or trees) for a set of taxa, an exhaustive exploration of the tree space is not possible.
Instead, phylogenetic inference relies on effective heuristics for obtaining good-
scoring trees. However, relatively little work has been done to analyze quantita-
tively the behavior of phylogenetic heuristics in tree space. A better understanding
of search behavior can drive the design of better heuristics that ultimately lead to
more accurate reconstructions of phylogenetic trees.

In this paper, we exploit the data mining and information visualization oppor-
tunities that exist among the large collection of trees found by a phylogenetic
heuristic. In particular, unlike traditional studies, we do not solely focus on analy-
zing the most parsimonious trees found during a search. By analyzing thousands of
trees which have a variety of scores our study helps provide insights regarding
a phylogenetic search behavior in tree space.

Our study is based on local search heuristics for maximum parsimony on three
biological datasets of 44, 60, and 174 taxa. Several interesting and striking facts are
uncovered from our study. Our first observation is that as a search climbs the hill to
the local optima, the trees in the neighborhood surrounding the current solution
improve as well. In fact, there is minimal overlap between the trees that are
explored during a search. Hence, one can think of a neighborhood as a population
of solutions surrounding the current solution and the population improves as the
search moves forward. Similar observations are found concerning the topological
distances between trees. In other words, trees that are further apart (closer together)
in score are further (closer) topologically as measured by their Robinson-Foulds
distance [7, 10]. Since the neighborhoods of trees are improving along with the
current solution, a small number of random neighbor selections do not impact
significantly the performance of a search. In fact, with this strategy, our SLS
heuristic established a new best score on our 60 taxa biological dataset.

The remaining sections provide an overview of our study examining phylo-
genetic search behavior based on analyzing thousands of trees. For the interested
reader, complete details of all experiments can be found at [6].

5.2 Simple Local Search

Our Simple Local Search (SLS) maximum parsimony heuristic operates by succes-
sively exploring the neighborhood of a current solution and moving to one of its
neighbors. First, SLS creates a random sequence addition (RSA) to create the
initial starting tree. Starting trees can also be based on neighbor-joining (NJ) [9]
or by generating a starting tree randomly. Once we have a tree T, we improve it by
rearranging its edges in a way that improves its maximum parsimony score. In SLS,
we use the standard rearrangement operators: Nearest Neighbor Interchange (NNI),
Subtree Pruning and Regrafting (SPR), and Tree Bisection and Reconnection
(TBR).
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With a mechanism for generating a neighborhood, we must decide the neigh-
boring tree T’ which should be selected. SLS uses a first improvement algorithm to
select a neighbor. If score(T')<score(T), then T' is accepted to replace the current
tree, T. The search continues until there is no neighboring tree, 7', with a better
score than the current tree, T. If no better neighbor can be found, a local optimum
has been reached and SLS terminates. SLS could also operate extremely greedily by
selecting the best tree from a neighborhood. Our experiments use SLS with a first
improvement strategy since it performs better than a best improvement strategy.

The search history of a phylogenetic heuristic is the set of neighbors selected
along the search path to a local optimum. Given that we are interested in under-
standing the behavior of phylogenetic search, a phylogenetic heuristic’s search
history is of interest. Popular maximum parsimony heuristics such as PAUP* [11]
do not provide such behavior.

Formally, the sequence of trees encountered along the search path is defined
as P=(t1,...,t,). For a path P, the search examines tree #; before tree t,
where 0 < i<j < m. There are m trees on the search path, where ¢, represents the
initial (or starting) tree and ¢, the final tree (e.g. local optimum). Consider a
neighborhood relation Ng(f) which generates the neighboring trees of 7 using the
rearrangement scheme f5, where f§ € {NNI,SPR,TBR}. For example, Nrpg(t)
produces all of the TBR neighbors of tree . To capture all of the f neighbors
along a search path P, Ny(f) = {¢|¢ isa fineighboroft}. Ng(P) is a mapping
between a search path, P, and a list of neighboring tree sets, such that Ng (¢) is the
i™ tree set in N (P) and #, is the i tree in P.

Each run i of the heuristic results in a search path, P;. The complete set of trees
are T = Uf:l N s (P;), where k is the total number of runs. In our experiments, the
number of runs, k, is 5. For the search path P; of run i, we are interested in the
following trees, ¢(P;) = (fou, t20%5 0% - - -  tioo%,)- The ¢ operator selects the trees
of interest along the search path, P;. That is, we are interested in the initial tree (¢yy),
the tree that represents the 20% completion point of the search (5yy), etc.
If |(P;)| = 100 trees, then 59y would represent the 20" tree () of P;. The final
tree on the path represents the end of the search (100% search completion).

5.3 Experimental Results

We used the following biological datasets as input to study the behavior of our SLS
heuristic: (i) 44 taxa dataset (17,028 sites) of placental mammals [4], (ii) 60 taxa
dataset (2,000 sites) of ensign wasps [1], and (iii) 174 taxa dataset (1,867 sites) of
insects [2]. In our experiments, both SLS established best scores of 43,085, 8698,
and 7440 for Datasets #1, #2, and #3, respectively. SLS performs similarly to
PAUP* [11] in terms of finding similar scoring trees, and SLS finds the best-scoring
trees for Datasets #2 and #3. Our SLS algorithm is implemented in C++. We used
the HashRF algorithm to compute the Robinson-Foulds (RF) topological ¢ x ¢
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distance matrix between the collection of ¢ trees [10]. The SLS heuristic was run
five times on each of the biological datasets. All experiments were run on an Intel
Pentium D platform with 3.0 GHz dual-core processors with 2 GB of total memory.
Given that TBR is the most popular neighborhood used in a phylogenetic search,
we exclusively consider the behavior of the SLS (TBR) heuristic in the remainder
of the paper. However, the trends found from analyzing SLS (TBR) apply to SLS
(NNI) and SLS (SPR) as well. Figure 5.1 shows all of the MP scores in Nrgg(t,%),
which is the set of trees in the TBR neighborhood of tree #,¢,. Here, t, represents
the tree that represents the p% completion of the search. For example, fy is the
initial tree and f,y¢, is the tree that represents the 20% completion point of the
search. For Dataset #1, the average number of MP scores depicted in each boxplot is
92,281.3. There are 233,120.8 and 250,000 MP scores represented by each box plot
in Datasets #2 and #3, respectively. The actual average neighbors for Dataset #3 are
3,716,369.7, but each box plot represents a sampling of 250,000 of those trees.
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Fig. 5.1 The distribution of the MP scores in a TBR neighborhood as the search progresses toward
local optima. For each interval (0%, 20%, . . . , 100%), all tree scores from the neighborhood of the
current tree is shown for all five runs
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The plots clearly show that the entire distribution of MP scores in a TBR
neighborhood improves as the search progresses toward the local optimum. Once
the search reaches 100% search progress (i.e. a local optimum is reached), the plots
show that the TBR neighborhood in terms of MP scores has improved dramatically
over the TBR neighborhood of the starting trees. Thus, although the SLS heuristic is
designed to improve each tree #; selected on the search path P, Fig. 5.1 clearly
shows that the entire neighborhood is improving as well. So, not only is the best
getting better, but the worse scoring trees in a neighborhood improve as well.

Figure 5.2 provides the topological distances between the neighboring trees
along the search path, P, and the best-known tree for a dataset. Here, we use a
heat map representation, where each value in the two-dimensional matrix is repre-
sented as a color. Darker (lighter) colors represented smaller (higher) RF rates,
which is the RF distance normalized. Given that RF is a dissimilarity measure,
higher RF rates means that the trees are more dissimilar than lower RF rates. An RF
rate of 0% indicates that the trees are identical. The heat map clearly demonstrates
that as the search progress by improving upon the current scores found, the
neighboring trees also get topologically closer to the best-known trees. Trees that
are in the neighborhood of the local optima have the smallest RF distances to the
best-known trees. Hence, our set of heat maps clearly shows that there is a strong
correlation between MP scores and their RF distance from the best trees.

The previous figures demonstrated that as SLS improves upon the tree ¢, its
neighbors improve as well. Significant time during a phylogenetic search is spent
generating and scoring neighbors in order to make a good decision regarding
selecting the “best” neighbor. We were curious as to how sensitive the search is
regarding selecting a neighbor. If the search is not that sensitive in terms of its
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Fig. 5.2 RF distances between the neighborhood trees and the best tree found for each dataset.
Each heat map entry is the average of an all to all comparison of 10,000 trees sampled from the
neighborhoods of interest
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Fig.5.3 The performance of the SLS algorithm when random neighbors are selected. Our original
SLS algorithm (r  0%) always chooses the first improving neighbor for its next move on the
search path. However, for r>1, there is an r% chance that the next tree (#;;1) on the search path is
selected randomly from the TBR neighborhood of #; (i.e. Ng(;))

overall performance, then time can be saved, which translates into being able to
perform larger phylogenetic analyses. Figure 5.3 shows the performance of the SLS
algorithm when a random neighbor is selected r% of the time. Here, r = 0%
represents our standard first improvement algorithm, each tree on the search path
is based on the first neighbor that improves upon the current score. For r > 1, there
is an r% chance that the next tree (¢; ;) on the search path is selected randomly from
Ng(1;). (In case a local optimum is not reached, our r experiments used a search path
limit of 1,000 trees so that the search would terminate. However, all of our
experiments terminated on a local optimum.

In Fig. 5.3(a), the SLS runs with 1 <7 < 5% result in median values that
are similar to SLS runs with no randomly selected neighbors (r = 0%). As r
approaches 10%, the search cannot recover as the scores it finds are much further
away from the best score. Similar trends occur in Datasets #2 and #3.
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5.4 Conclusions

To understand the behavior of local search heuristics, we implemented SLS for
solving the maximum parsimony problem on moderately-sized datasets. We show
that our SLS algorithm performs comparably to PAUP*. Thus, we lose minimal
(if any) accuracy in using our algorithm for analyzing the behavior of local search
heuristics. Furthermore, by analyzing thousands of trees with a diverse range of MP
scores, our experiments with SLS show that there is a strong correlation between
MP scores and topological distance. Of course, since our local search heuristic is
greedy, parsimony scores improve as the search progresses toward local optima.
More enlightening, however, is that neighborhood trees surrounding the current
best tree improve as well. In fact, the search is quite robust to a small percentage of
random neighbor selections, which provides evidence why search strategies such as
parsimony ratchet [5], which takes backward moves by reweighting the characters
in the dataset.

By analyzing the behavior of local searches, better phylogenetic heuristics can
be designed. For example, by knowing that there are several good, but competing
solutions within a neighborhood, a variety of different neighbor selection strategies
(such as simulated annealing) are worthy of further investigation especially in the
context of investigating their behavior based on the analysis techniques presented
here. In the future, we plan to apply our approach to more powerful metaheuristics
such as parsimony ratchet [5], TNT [3], and Rec-I-DCM3 [8], which will allow us
to analyze much larger datasets.
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Chapter 6

Silicosection and Elucidation of the Plant
Circadian Clock Using Bayesian Classifiers
and New Genemining Algorithm

Sandra Smieszek, Rainer Richter, Bartlomiej Przychodzen, and
Jaroslaw Maciejewski

Abstract Datasets with a high dimensional feature space, advancing statistical
methods, and computational efficiency were analyzed to uncover the rules of the
circadian rhythms. The aim of the study was to uncover the identity, the dynamic
behavior, and the interactions among the components of the circadian clock.
Transcriptional profiling has exposed the regulon conferring benefits for circadian
biology and bioinformatics. Circadian plant time course gene expression data was
examined, this was the prerequisite for Naive Bayes classifiers which were trained
and led to expression model with a success rate of up to 87%. The model showed
new combinatorial rules, including presence of elements and their frequencies in
driving particular phases. Implementation of Genemining V2.3 multipotent algo-
rithm showed the specific combinations of elements responsible for expression
patterns, highlighting the role of GATA motifs. State-of-the-art technologies
allowed for a model in silico, the first such model was made using time course
circadian data.

Keywords Circadian clock - Naive Bayes classifiers - Genemining V2.3 - Time
course data - Supervised soft clustering - CUDA

6.1 Introduction

Circadian rhythms are ubiquitous and exhibit exquisite precision. They are char-
acterized by being free running, entrained by Zeitgebers, under constant conditions
displaying 24-h periodicity and exhibiting temperature compensation [1]. What
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ignites core promoters is of paramount importance for understanding spatiotempo-
ral circadian expression profiles. In the era of systems biology, the impact factor of
high throughput technologies in data mining and in silico approaches is indescrib-
able, but so are the challenges. A “Good-Turing estimator formula” of this day and
age is required to break the code, which is the elusive and enigmatic architecture of
networks underlying temporal sensitivity of processes giving rise to circadian
rhythms. Having everyone active all at once is a waste of energy, thus nature
designed efficient expression providing fitness, synchrony, and constant wonder
as “Flower Clock” described by Karl von Linne portrays [2]. Unambiguous identi-
fication of input signals, cis-regulatory elements and their corresponding transcrip-
tion factors driving the expression of the circadian clock, therefore establishing the
molecular architecture of the circadian clock is a great challenge, one that tormen-
ted minds for years especially since Bussemaker made the first network attempts
[3]. Genomewide expression profiling allows for snapshots at a genomic level.
Various algorithms, idiosyncratic software, have been created, decreasing type I
and type II errors. The need for statistical assessment led to the development of
various algorithms like CORRCOS, COSOPT, MC-FFTSD32, CIRCCORR, L-S,
Haystack, and Feature Selection Templates, and it became a norm to create optimal
algorithms for one’s data [4]. Eukaryotic expression can be approached at three
fundamental levels as [5] proposed: sequences of DNA where transcription factors
bind cis-regulatory elements, level of chromatin remodeling (DNA methylation),
and at the level of nuclear architecture, positions on chromosomes. Further studies
add dimension to the regulatory control of gene expression, the notion that noncod-
ing RNAs control transcription [6]. It can be stipulated that it would be interesting
to decipher such a network in other eukaryotes, particularly Arabidopsis thaliana.
The study of yeast led to success in understanding gene regulatory networks [7]. As
Beer and Tavazoie described in 2004, new frameworks are required for connecting
expression of genes, signaling molecules, transcription factors and DNA targets,
and revealing forces driving the sequential compartmentalization of the transcrip-
tome of Arabidopsis thaliana. Although it is seen across taxonomic groups, there is
little conservation of the molecular components [1]. Models were proposed by
McClung et al. [2]. The trend evolved from one loop model involving transcription
factors CIRCADIAN CLOCK ASSOCIATED 1 (CCAI) and LATE ELONGATED
HYPOCOTYL (LHY) acting as repressors and their activator TIMING OF CAB
EXPRESSION 1 (TOCI), the fundamental figure which does not function in a
canonical way [8]. The complexity can be explained by robustness and flexibility.
The three loop model involves the morning expressed CCA1/LHY-PRR9/PRR7
loop, the evening oscillator Y(GI)-TOC1 loop tied together via the core CCAl/
LHYTOC1/X loop [9]. Between 6 and 12 genes are involved. However, the gi focl
and prr9 prr7 tocl mutants are worrisome as results showed that GI is not sufficient,
no epistatic interaction between PRR9/PRR7 and TOC1 was seen and mutants
could still generate robust rhythms [9]. The proposed model requires another loop
explaining described mutants and is not yet complete. Analytically deciphering the
transcriptional feedback loops that drive the clock is imperative. The approach is
essentially different from phylogenetic analysis and examination of orthologs [10].
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cis-Regulatory elements exert powers over gene expression patterns and from
evolutionary perspective seem to be responsible for adjustment. Known elements
investigated include the Evening Element (EE), Morning Element (ME), GATA, G
box, Starch box (SBX), Telo box (TBX), Protein box (PBX), I Box, E box, TATA
box and many others particularly belonging to GATA family. The establishment of
a circadian group of genes can lead to regulatory elements that serve as input for
circadian predictive model employing Naive Bayes classifiers. Soft clustering of
genes done in parallel was used to confirm known and potential elements.
A Bayesian network similar to the one in the yeast example was created considering
improvements proposed by Yuan et al. in [11]. The aim was to produce the first such
network on plant time course expression data. Meticulous in silico testing using a
repertoire of algorithms to eliminate false positives and to ensure that a lack of
susceptibility to false negatives was employed, setting stringent, optimal criteria.

6.2 Results

6.2.1 Transcriptome Profiling

DNA microarray technology was used to decipher network architecture of the
molecular clock that controls “temporal compartmentalization of processes.” The
GeneChip Arabidopsis ATH1 Genome Array representing 24,000 genes was used
resulting in high-density microarray expression data. Collection happened in 4-h
intervals over two circadian cycles resulting in 13 samples per plant, assayed on the
ATHI array. The initial stage of investigation posed two fundamental questions:
whether periodicity exists and in which phases of a day do specific genes peak.
Stringent criteria were set to select genes that complied with the predicted model of
expression step validated using multiple criteria. A double filter was used as
actively expressed genes below a set threshold were eliminated (average expression
below 10). Genes that passed underwent further analysis of phase, amplitude of
oscillation. Apart from selecting genes at this stage, certain universal principles that
went accordingly with the hypothesis were adhered to. Selection was for fold
change (excluding peak and trough variation <1.50), not absolute values. Accord-
ing to Lomb Scargle, 398 genes were passed to the next step (Pcorrected < 0.05).
According to these results, at least 1.8% of transcriptome is strictly controlled by
circadian clock. Phase expression is volatile nonetheless stringent statistical criteria
regarding oscillatory character of every gene profile, should have eliminated false
positives entirely. Output generated by Lomb Scargle, that is 398 genes selected,
was finally divided into six phase bins. Each bin was enriched in genes with similar
peak of expression in the array. Correctness of the whole dataset is shown by the
heat map which beautifully portrays the “time course-ness” of the data Fig. 6.1 [12].

The heat map was done on the entire circadian set of 398 genes and compared to
random set. Principle component analysis (Fig. 6.2) shows the stringent clustering
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Fig. 6.1 Heat map to the far left represents carefully selected genes in phases. When compared to
the heat map on the right which is made on random genes, the rigid selection is visible. Green
color indicates maximum and red represents minimum. Heat map on the /eft side shows rhythmicity
of clustered genes compared to the arrhythmic pattern on the right side. Corresponding phases of
peaking are represented

in the two consecutive periods. It demonstrates the orthogonal components of the
input vectors retaining components with highest variance [13]. Soft supervised
clustering resulted in several strong clusters, similar to phase bins created with
LS, with minor differences. Troublesome was the fact that nonoscillatory bins are
selected where the particular interest is in oscillating ones. This was the main
reason to use it only for validation purposes. Particular interest was in words that
were overrepresented among genes in phase bins, by using criteria of at least one
occurrence in at least 50% genes per bin, stringent cut-off criteria. These motifs will
finally serve as an input for Bayesian classifier to find best scoring networks
correctly predicting expression pattern. AlignACE proved to be the most effective
method relying on Gibbs Sampling and was selected as a tool scanning for
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Fig. 6.2 Principal component analysis allowed for the simplification of multidimensional datasets
showing the global patterns in the expression of strictly chosen set of genes by condensing the
multivariate data, capturing the maximal covariation. The graph was obtained by plotting principal
components of 398 genes in circadian set. There are apparent clusters that resemble the phases
and are repeated due to consecutive cycles. No outliers are visible. The coherence is high 89.3%.
Phase 1 is represented by three dots and proceeds to the right and around the cycle

cis-regulatory elements. Apart from confirming Evening Element, TATA box, G

box, GATA family motifs, including AGATA, I box, GATA motif 6 passed
calibrated threshold significantly in correct phase.

6.2.2 Genemining Output

Apart from the initial transcriptome analysis, a more advanced procedure which
was investigating pairs and triplets using a Genemining V2.3 algorithm specifically
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Cluster3

Motif Constraint
X4 AATATC within 500bp of ATG
X5 TATAAAA within 500bp of ATG
Phase Pait Motif 1 Pait Motif
1 AGATA450 ATAAAA500
2 CAAAAAA250 TATAAAA500
3 AATATC500 TATAAAA500
4 ACGTC350 ATATC450
5 CAAAAAA450 TATAAAA500
6 AGATA450 ACCAC500

Fig. 6.3 Strongest pair in phase 3 which includes TATA box and evening element. Sequence
constraints (X1, X2) selected by each network and the combinations which are predictive of a
particular expression pattern are presented. The outcome of genes participating in the given pattern
for each state are shown as filled for presence and empty for absence. The probabilities of being in
specific expression patterns are represented by color from weak green to strong red. The values are
not weighted

designed for such a purpose was carried out. It enables comparison of every single
combination on a given dataset, using logical operator AND. Output is given as a
pair of features with the highest predictive power. Prediction is weighted mean of
correctly predicted elements in both tested groups from which one is composed of
genes from one phase solely versus remaining genes. Results in Fig. 6.3 demon-
strate the strongest pairs showing constraints and the changes in expression that
happen at every combination. The output of TATA box and EE was highly signifi-
cant as was EE with E box core, consecutively in phases 3 and 4 fundamentally
changing the outlook upon circadian perspective being never described before.

6.2.3 Bayes Output

Bayesian analysis resulted in networks containing nodes which in this study
represent the positional constraint of particular motif chosen by AlignACE. Length
analyzed was 1,000 bp upstream. The aim of probability network, like Bayesian a
network, is to predict certain class of an object giving the available data describing
each element. The intention was to show how unique gene expression pattern can be
predicted by inputing information about upstream DNA sequence. A well known,
efficient method of fivefold cross-validation was used to estimate more precisely
our predictions. Genes within each of six clusters were randomly divided into five
sets of equal sizes. For each of five sets, 20% was taken out to act as a template for
test set, the remaining 80% was used to create training set on which Bayesian
Network was done with results in Table 6.1. Our Bayes classifier was trained on
input from each of five training sets and preselected motifs taken from AlignACE.
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Table 6.1 Output of Bayesian network considering the input variables and parent nodes. The re
sults are high on prediction surpassing the barrier of 80%

Expression pattern Number of genes Number of genes
In training sets ~ Correctly predicted In test sets  Correctly predicted
1 46 0.83 46 0.79
2 38 0.82 38 0.77
3 85 0.74 85 0.69
4 31 0.87 31 0.81
5 76 0.69 76 0.66
6 122 0.63 122 0.59
398 0.76 398 0.71

Input was remodeled in such a fashion that not solely present in 1,000 bp upstream,
as either true or false was used, but rather position from ATG starting sequence.
Position from starting sequence was implemented in 50 bp increments. Orientation
of a motif was not used in accordance with [11]. Subsequently, models trained were
used to predict the belongingness of each element in test set. Doubts remain whether
simple dichotomization is appropriate. However, results showed that O 1 approach led
to true predictions, meaning the model can be used in the future with added players.
Bayesian network learned combinatorial codes for gene regulation of circadian code.
Dense networks, which had more than four nodes were penalized. Overfitting is
the usual outcome of many networks with worsening overall true prediction.

Models tend to progress toward more complex as being highly significant,
therefore model with optimal number of parent nodes was chosen. Results of
prediction obtained in test sets were in line with those in the training set, reducing
the probability that they are due to chance. For the six classes representing six
phases, six models were fitted and the genes in the test set were assigned to the class
with the optimal model. For classes 1 6 the fraction of correctly predicted genes for
a particular network was calculated and genes were added to a class with the highest
fraction. As an example, cluster 1 is used and its preselected e motifs to describe
naive Bayes model fitting procedure. The class label variable was noted as Y and the
preselected top e covariates as X1, ..., Xe. Figure 6.4 demonstrates the words,
including the known ones such as AGATA and EE that will be further analyzed and
that cover the day comprehensively.

6.3 Discussion

6.3.1 Silicosection and Bayes

The clock perhaps involves the multitude of low and high penetrance alleles which
in performance with exogenous entraining Zeitgebers result in variable outcomes
not easily detectable by initial transcriptome platforms, that is why Bayesian
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TGTTGCTGATG | <900bp from ATG
Cluster 1 CATGTGGCTTTGTTCC: presence
TGAGATTTGGG | presence
_ AACAGAAGAAG | presence
TGATGATAATG presence
Cluster 2
TGTAAATTGGAAAAA . presence
_ ATTCACACAAAAA | <8500p from ATG
AGAAAATATCT | presence
Cluster 3 < ATATATATATATA | presence
TAAGTGGGCCT | < g500p from ATG
TGGACCAAATT : presence
Cluster 4 < .
CGTGGAAGAAGC |  <850bp from ATG
GAGATGGGGTTG | presence

GTGCGGGTGGT | presence

Cluster 5 é '
GAGAATGAGAAT | presence

GTCTGACAATTC |  <900bp from ATG

Cluster 6 <
AAACAAATTT presence

Fig. 6.4 Output of Bayes classifiers resulted in couple of nodes per cluster highlighting known
elements like the evening element and at the same time proposing new circadian model and
combinatorial rules with even 87% confidence. The model is comprehensive and certainly more
than single element is responsible per phase. The model was unsupervised. The dyads will require
experimental validation

network was employed exemplifying the potential of fertile transcriptome data.
In the era of systems biology where “uncertainty is ubiquitous” studies utilizing
probability networks provide a way to elucidate at the components of the regulon.
A major paradigm shift took place as the combinations are responsible and require
validation. The presence of Evening Element together with TATA box in phase 3
demonstrated the power of the approach and showed the importance of experimen-
tal validation of the rest. The models had a prediction rate up to 87%. Bayesian
classifiers outperformed other tools proving to be effective tools for combinatorial
rules of gene regulation. Results showed the importance of combinations in large-
scale studies. Implementation of Genemining algorithm is a step forward in that
direction. Again the pairs and triplets effectively covered all the phases. Apart from
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phases, the study involved examination of ratios that is not only pairs of different
motifs but frequencies of particular motif. The Bayes model proposed several new
elements involving Operator OR among which EE is present. They require experi-
mental validation. It would be interesting to create supervised model creating the
input, rather than using one of AlignACE. Noisy, dimensional, significantly under-
sampled, pretentiously rich, with artifacts as Hemant Ishwaran called them, are
some of the characteristics of microarray data with its unprecedented abilities [14].
Maybe now methylation arrays on local sites should be investigated. From previous
studies, it is clear that site directed mutagenesis can change peak transcription due
to the conversion of EE into CBS [15]. Current research confirms it revealing
partner sequences equally responsible.

6.3.2 Overrepresented Previously Known Motifs

The percent of genes that are strictly circadian-regulated appears to be lower than
expected, that is 1.8% resembling créme de la créme. It is the lowest reported value,
however, that does not mean other genes are not circadian but these certainly are.
The 1.8% circadian genes provide high signal to noise within the data making the
snapshots rather clear. Multiple methods prevent in any way the results from being
false, simply overly stringent. Top scoring genes included LHY, CCA1, PRR7,
Sigma Factor 5 involved in the initiation of transcription and interestingly GATA-4
among others that are important. GI unfortunately was not on the array. Type-IV
zinc-finger proteins have been described extensively in animals and fungi as related
to light signal, never with these direct roles though [16].

6.3.3 Novel Role of GATA Family Motifs

Many promoters contain a conserved GATA motif in their 5-upstream region
especially involved in light dependent transcriptional regulation [17]. GATA tran-
scription factor family has orthologs across species, including other plants like rice,
peas, however, in both fungi and vertebrates. Already long ago, investigating the
Dra site 1 of plastocyanin (Pc) using wet lab techniques revealed this interesting
motif with orthologs in pea promoter [18]. This 9 bp motif known as the AGATA
box (AAAAGATAT) with flanking box II and box III being sites where GT-1
protein binds became of central importance as this protein is involved in light
dependent transcription. Proof for the binding comes out of methylation in rbcS-3A
gene in pea. Pc gene having AGATA box and neighboring GT-1 binding sites was
the beginning. The AGATA box was the possible candidate for 3AF5 binding site.
Due to light regulation involvement, it appears that this binding in Pc and ribulose-
1,5-bisphosphate carboxylase-3A genes is the way that light signal initiates gene
expression. As many genes in particular phase resemble the GATA motifs and
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GT-1 functioning, maybe this machinery mediates signal input to the clock.
Another suspicious thing was the expression observed at night as if the clock not
light would interplay. CAB GATA Factor 1(CGFB1), which binds circadian regu-
latory element in the Arabidopsis CAB2 promoter, requires matching sequence
binding as GT-1 [19]. Similarities between CGF-1 and GT-1 suggest that GT-1-like
factor can be involved in circadian regulation of other circadian genes apart from
the CAB2 gene [19]. If different factors can bind the same sequence, that is equally
good and bad. GATA factors and their domains like CONSTANS, CO-like, and
TOC1 (CCT) are found in other proteins involved in signaling like TOC1 positive
regulator of famous transcription factors LHY CCA1 [20]. The presence of these
and similar I-boxes in famous clock-regulated RBCS, CAB, and GAP genes con-
firms the hypothesis. Their deletion decreases the activity of promoters. G-boxes
often signal the presence of the other motif which would suggest the clue to
circadian expression [20]. GATA factors, initially believed to interact with the
a/tGATAg/a motif, are of interest as it appears that they might show the degree of
difference in binding due to circadian control as the results would suggest with
some fluctuation in phases up to 85% of genes per phase. Plant type-IV zinc-finger
proteins like the ones in top-scoring genes would essentially be playing important
roles. Parallel evidence coming from other species made the Z-scores and frequen-
cies of these groups of motifs, interesting and the results suggest experimental
validation of specific once is worthwhile too. It appears not all are on the ATH1
array unfortunately 8 are missing from the 29. GATA 1, 3, 7, 8, 25 peak around
CCAT1 around hour 24 in silico confirmation gave further evidence [16].

6.4 Conclusion

Microarrays represent, in essence the best high throughput, density technology to
decipher networks like the transcriptional circadian network investigated. Algo-
rithms used certainly show the involvement of the GATA family motifs in circadian
biology. The idea of acetylation and methylation nearby occurrence made it
possible to identify significant numbers of human elements within a short 30 Mb
section, new signatures and combinatorial codes are becoming clear in circadian
field [21]. Pairs, ratios, and frequency analysis coupled with Bayes network high-
lighted the importance of groups per phase rather than single motifs creating a new
cis model. Amid this outpouring of results, certain stand out for uncovering the
intricacies of how central oscillator gives rise to rhythms. From bioinformatics
perspective, Genemining V2.3 and the network are powerful in terms of throughput
but foremost applications as supervised networks can be tested. Understanding the
system is the Hamilton’s curve of today, and so is prediction of gene expression
from sequence on time course data. The understanding of higher order structure of
cis-regulatory modules should allow modifications that could result in increased
hybrid vigor. Idiosyncratic analysis of transcriptome datasets is slowly progressing
to the interactome research of the future [14].
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6.5 Methods

6.5.1 Mining for Patterns

Hybridization data was obtained from a public database (NASCArrays), courtesy
Dr. Kieron Edwards. Sets were validated using the data provided by Todd Michael
with accession number EMEXP1304 [15]. Data mining included several methods
for extraction and validation.

Filter Feature Selection algorithm was applied. A modified method of pattern
fitting was used to select genes with oscillatory pattern which was the adapted
version of the feature selection template matching, SINEMINE. Genes with p value
of <0.05 after Bonferroni correction, mean expression value of 10 or more, and a
minimum of 1.5-fold between the minimum and maximum expression level were
selected. Ultimately, genes were grouped with respect to their specific peak time.

The Haystack algorithm successfully reduces type I and type II errors. It is
amplitude independent relying on linear least squares regression. Information
regarding amplitude comes from ‘“variance of the linear regression detrended
original time series” [4]. Low sampling rate of two consecutive periods and
stochastic noise-posed obstacles that make Lomb Scargle suitable.

Lomb Scargle algorithm, written by Earl Glynn was the mainstream method
applied. The idea behind using the Lomb Scargle stems from Fast Fourier being
appropriate for spaced data, with more than two periods, not necessarily the situa-
tion with high throughput analysis and low sampling [22]. It is the method of choice
for nonuniformly spaced data. It involves the calculation of the normal Fourier
spectrum. It can be called “slow” and better adaptations of FFT will shortly be
available. It behaves well up to Nyquist limit, however, beyond spurious events can
be observed. As a correction for multiple testing, FDR was applied to output data.

6.5.2 Motif Search

LS output served as input for ELEMENT, MEME, and AlignACE. Methods include
enumerative and alignment approaches [10]. As the Beer and Tavazoie stated
“heroic experimental effort to elucidate,” the regulon code are required involving
other data sets [7].

Genes per bin were inputed to ELEMENT with settings set to 500 bp upstream.
“Z-score profiles” were then created for words of interest. FDR was applied to the
output p-values. Such p-value inspection allowed for setting the threshold. It would
be best if the Z-score profiling would lead to representation of different words
among separate phase bins. Words occurring at least once in more than 50% of
genes within a bin were considered for further analysis. Nonetheless, Z-scores did
not reflect expected complexity among found motifs, selecting inadequate ones.
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MEME software gave estimates of E-values focusing on outputs with lowest
0.001 instead of randomness artifact. Background model is 0-order Markov. MEME
computes the significance of their product through computation of each column
individually. The E-value of motif therefore depends on several factors and those
are width, log likelihood ratio, number of hits, size of training set, 0-order portion of
the background model, and way of site distribution. It is stringent and prone to false
negatives which were the reasons to pick AlignACE as a main motif scanner.

While motif search programs concentrate on statistical overrepresentation
within, some function exceptionally considering statistical underrepresentation and
position. To the best of knowledge, of particular efficacy, was AlignACE which was
the method of choice and considered 1,000 bp upstream of the genes of interest.

6.5.3 Clustering

Similarity in behavior can be assessed by Euclidean distance, dot products, and
correlation coefficient looking at shape [12]. Soft clustering was used to confirm the
validity of the gene content of phase bins selected by LS. Having certain a priori
hypothesis allows for supervised, soft clustering which is noise robust, assigns genes
to several clusters creating information rich groups and differentiates strength,
shows the ability of clusters to represent genes and global clustering structure
[23]. Hard does not fit time course data. For example, K means clustering which
suffers from too stringent criteria such as one gene per cluster which prevents
differentiation, and how well gene is portrayed by centroid causes the loss of
information. Far from trivial selection of k parameter is worrisome. It suffers from
sensitivity to noise and detection of random clusters. Soft, partitional algorithm was
implemented called the fuzzy ¢ means showing shared genes. Mfuzz R package
clustering function was used. The focus was on clear signal interactions. Methods
like random forest were considered, however, seemed inappropriate [24]. Clustering
whether exclusive, inclusive, intrinsic, extrinsic, hierarchical, and partitional with
regards to Kleinberg’s impossibility theorem, none is perfectly consistent [13].

6.5.4 Genemining V2.3

The program focuses on a paradigm shift from single motifs to groups of motifs and
the interplay between them. The software itself might be used for other tasks such
as interplay between SNPs, but this time its input data was tailored for motif
interaction findings. It executes an exhaustive evaluation of all possible combina-
tions of motifs/SNP’s AND’d together for a given model size (e.g., pairs, triples,
etc.). For each model, a measure of differentiation between a test group and a
control group is determined. To achieve a rating of 100%, every sample in the test
group would have a particular pattern of base pairs which none of the control group
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has. The top M models are output. The calculations are computationally intensive
due to their combinatorial nature. For a given set of n motifs with a model size of r,
there are nCr (n items taken r at a time) combinations which result in order n”
complexity. A one million point SNP array with 1,000 samples would require order
10E15 comparisons for even the simplest pairwise analysis. Genemining version 2.x
implemented a densified data model and calculation algorithm which resulted in a
7X (700%) speed improvement. Version 3.x has been ported to NVIDIA’s CUDA
architecture to leverage the price/performance of inexpensive massively parallel
processing general purpose graphics processing unit (GPGPU) hardware. Perfor-
mance gains are expected to scale significantly higher on newer, faster, and more
parallel cards. While Bayesian Networks are prone to choose models with logical
operator OR, it is of great importance to test the same dataset with models
considering exclusively the logical operator AND.

6.5.5 Learning Structure of Bayesian Network

Bayesian networks as described by Pearl make models of joint multivariate proba-
bility distributions reality. None was done up to date on plant time course data. The
aim was to relate similar expression patterns (output) with sequence elements
(input), where sequence elements and corresponding transcription factors should
lead to correct expression patterns. A BN can be used to compute the conditional
probability of one node, given values assigned to the other nodes, therefore it can be
used as a classifier that gives the posterior probability distribution of the class node
given the values of other attributes. In our classification process, we used BN
PowerPredictor. The classification process in each case of test set was done by
choosing a class label, the value of class variable with the highest scoring posterior
probability, based on instantiations of the feature nodes. Finally, the top scoring
network was defined by percentage of correctly predicted genes in each class.
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Chapter 7
ChemBrowser: A Flexible Framework
for Mining Chemical Documents
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Abstract The ability to extract chemical and biological entities and relations from
text documents automatically has great value to biochemical research and develop-
ment activities. The growing maturity of text mining and artificial intelligence
technologies shows promise in enabling such automatic chemical entity extraction
capabilities (called “Chemical Annotation” in this paper). Many techniques have
been reported in the literature, ranging from dictionary and rule-based techniques to
machine learning approaches. In practice, we found that no single technique works
well in all cases. A combinatorial approach that allows one to quickly compose
different annotation techniques together for a given situation is most effective.
In this paper, we describe the key challenges we face in real-world chemical
annotation scenarios. We then present a solution called ChemBrowser which has
a flexible framework for chemical annotation. ChemBrowser includes a suite of
customizable processing units that might be utilized in a chemical annotator, a high-
level language that describes the composition of various processing units that
would form a chemical annotator, and an execution engine that translates the
composition language to an actual annotator that can generate annotation results
for a given set of documents. We demonstrate the impact of this approach by
tailoring an annotator for extracting chemical names from patent documents and
show how this annotator can be easily modified with simple configuration alone.
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7.1 Introduction

Leveraging widely available content from diverse information sources, such as
web, patents, scientific articles, and news for biochemical research, is becoming
increasingly critical. However, the volume and the diversity of the information
post significant challenges for scientists to effectively digest such information and
derive insights. Text analytics is poised as an emerging area to tackle such
problems in the biochemical space.

One of the initial and fundamental steps of biochemical research deals with
extracting and understanding chemical and biological entities that are being
discussed in documents. Such entities, once extracted, can be used for subsequent
analysis, such as understanding their relationships, similarities and differences,
and trends. We call such entity extraction process an annotation process in this
paper.

Chemical name extraction is a Named Entity Recognition (NER) task which is a
fundamental task in natural language processing with lots of previous approaches,
such as Markovian Models (HMM [1], MeMM [2]) and conditional random field
(CREF) [3]. In the past few years of our work on chemical name annotation, we have
experimented with the above approaches on diverse chemical documents, including
articles, patents, web data, etc. We found that

e The effectiveness of supervised approaches highly depends on the quality and
quantity of the training data set. However, in practice, it is often impractical to
collect such training data.

e Each individual technique alone may work on one data set and in one situation
but fail on others.

¢ In practice, scientists often need to be able to quickly customize annotators for
their own purposes and then validate immediately. However, many techniques
are expensive to run, making it even more difficult to adapt to different situations.

These observations suggest that real world data and usage scenarios require
flexible annotation techniques that have the following properties:

e Adaptive to different situations with little development efforts.

e Fast runtime to allow rapid development and testing cycles and easy tuning.

e Low cost on computation and processing power to allow for annotation over
large text corpus.

e High accuracy in annotation results.

In this paper, we present such a new approach, which is embedded in a working
system called ChemBrowser. Overall, ChemBrowser captures a flexible annotation
framework that contains three key components:

¢ A suite of basic and unique annotation processing units, such as the dictionary
processing unit, OCR rule engine, filters, etc.

¢ A high-level language that describes how the basic annotation processing units
can be composed and linked to form an annotator in a workflow.
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e A runtime execution engine which executes the language description as a
runtime annotator.

The rest of the paper is organized as follows: Section 7.2 describes the key real-
world challenges in chemical annotation, especially on patents, an important corpus
for biochemical research. Section 7.3 presents the flexible annotation framework
we developed. Section 7.3 shows our experimental results with ChemBrowser on
different patent data sets. Section 7.4 concludes and outlines future work.

7.2 Chemical Annotation Framework

Given the challenges described above, we concluded that it is going to be extremely
difficult to find a single magic annotation algorithm that would work for all
situations. Instead, what is needed is a flexible framework that allows one to quickly
configure and construct a chemical annotator for different situations. In addition,
such composite annotators must be easy to use, easy to test, fast to validate against
data sets, high quality, and high performance for large corpuses. This section
describes such a chemical annotation framework.

7.2.1 Chemical Annotation Processing Units

ChemBrowser includes a suite of simple but efficient annotation units. Such basic
units can be modified or evolved overtime. We describe several key units that we
have developed over time for annotating patents:

e Non-Chemical Term Filter (also called English dictionary filter): Due to the
diversity of chemical nomenclature, a straightforward dictionary-based approach
is impossible. Instead, we created a dictionary of nonchemical terms which
contains all words in a given language that are not chemically related. Such
dictionaries can be easily obtained for many languages.

e Pattern Filter: Although chemical nomenclature is diverse, there are common
string patterns in chemical names. We developed such a pattern filter which
contains common chemical string patterns.

® NGram Filter: Stores the N-Grams which are usually a part of a chemical name.
Vasserman [5] has studied the N-Gram methods and indicated good performance
overall.

e Length Filter and Number Filter: Normally, chemical names are at least four
characters long, and the names typically cannot be all numbers.

An intelligent combination of the above processing units can be highly effective.
For example, the Non-Chemical Term filter ensures that all chemical names are
retained (100% recall), and the pattern filter ensures high precision. With the
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composition of these simple processing units and filters in some meaningful
manner, one can potentially construct highly efficient and highly effective annota-
tors. These processing units can be customized and developed over time as well.

7.2.2 High-Level Modeling and Workflow Composition Language

To effectively enable the users to compose high-quality annotators from basic units,
we develop a high-level modeling language to describe the logics and workflow that
link the units. The language contains six types of language elements as listed in
Table 7.1. Tokenizer is used to segment text into tokens. Decision unit functions as
various kinds of annotation filters to process tokens and distribute tokens to
different subsequent units, such as the pattern filter listed in Sect. 7.2.1. Other
forms of string processors are classified as Processing unit, such as OCR correction,
which just modifies the token and passes them to next unit. /nput, Output, and
Repository describe the linkages among various components and the storage for
intermediate or final results.

In the ChemBrowser implementation, we adopted XML as the modeling lan-
guage framework, since XML is well known, easy to edit and process. All language
components are described using XML. Given the processing units and the language
files, ChemBrowser constructs a runtime annotator using a Runtime Annotation
Engine. Such an engine parses the intermediate modeling language, and uses the
mapping file to map the modeling language to real processing unit executables.
Then, it executes the entire workflow as a composite annotator.

7.2.3 Chemical Annotator for Patents

Figure 7.1 illustrates the workflow of a real-world chemical annotator for patents.
The annotating process is divided into two steps. In the first step, the content of the
patents are tokenized to individual terms by blank space, line break, punctuations,
and other splitting characters. Each term is sent to a series of filters to determine

Table 7.1 The definition of unit types in annotator modeling language

Type Function

Tokenizer Segment text into tokens with a split parameter

Decision  Filter the tokens by certain conditions, such as patterns or length etc, and send to
different successors

Processing Modify the token, such as correcting potential OCR errors, removing punctuations in
the head or the tail of the token

Output Save the tokens to Repository unit

Input Read the tokens from Repository unit

Repository Store the intermediate or final annotating results
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Fig. 7.1 Chemical annotator for patents built in our framework

whether this token is a part of a chemical term or not. All the identified terms are
saved to the temporary repository and the consecutive ones are connected and
grouped as one single unit. In the second step, since a unit of multiple terms may
be composed by several chemical names, the units are picked sequentially and split
again with rules summarized from the nomenclature of chemical names, such as
common suffix and prefix strings, etc. The split segments are treated as candidate
chemical names and are sent to several processing units to modify the OCR errors
and remove the punctuation attached in the head or the tail. Since chemical names
are usually longer than four characters containing no numbers, the candidate names
are further verified by “Number Filter” and “Length Filter” and finally saved in the
“Annotating Result Repository.”

Note the recall of both the “Non-Chem Term Filter” and the “Non-Chem Pattern
Filter” is very high (i.e., candidate set can be reduced without losing the real
chemical names). On the other hand, “Chem Pattern Filter” and “NGram Filter”
are precision-enhancing filters. The combination of those filters can enhance the
quality of the annotator. The tokens that passed all three decision units are saved
into the temporary cache for subsequent processing. This annotator can be
integrated into a chemical search and analysis system to enable chemical compound
search and affinity analysis in patent data, such as in [4].

7.3 Experiments

We ran the annotator shown in Fig. 7.1 on a patent corpus, since patents are
extremely rich in chemicals. The corpus contains close to ten million patents
from 1976 to 2008. We identified 3,036,803 patents that had at least one chemical
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Table 7.2 Change of annotation results when one decision unit is removed

EP usS WO
Chemical annotator 810 10,046 3,326
Annotator removing Non Chem Term Filter +13 +505 +353
Non Chem Pattern Filter +23 +1,867 +895
Pattern Filter 10 38 30
NGram Filter 4 +30 +55
Length Filter 0 0 0
Number Filter 0 0 0

structure. In total, our chemical annotator extracted 75,110,891 chemical occur-
rences. A chemical occurrence is defined as a unique compound per patent. These
chemical occurrences resulted in 4,218,237 unique structures. The unique compo-
sition of such processing units and workflow is extremely effective in identifying
chemicals in patents.

To evaluate the effectiveness of our overall approach, we devise two sets of test
cases, both intend to extract chemical names out of patents. The first case evaluates
the effectiveness of the overall framework by showing how results might change
when we modify the elements of annotators in the framework. The second case
shows the effectiveness of processing units by calculating the number of tokens
being modified.

In our experiments, we used a randomly selected subset of patents from the
patent corpus that contained at least one chemical structure. Our subset contained
100 US patents, 100 WOPCT patents, and 100 European (EP) patents. As described
earlier, WO and EP patents are more prone to OCR errors. We performed the
experiments on a ThinkCentre with a two-way processor of 2.16 GHz and 2 GB
memory.

As shown in Table 7.2, our annotator ran on the three patent data sets and
identified 810, 10,046, and 3,326 chemical names, respectively. This is our baseline
result. We then modified the annotator by editing the high-level modeling language
progressively. Specifically, we removed some decision units from the annotator and
performed experiments on the modified annotator. From the results, we see some
processing units have dramatic effects on annotation results on this data set. For
example, the “Non-Chem Term Filter” and “Non Chem-Pattern Filter” are key
processing units. Removing them causes the annotator to pick up a significant
number of false positives. However, removing “Length Filter” and “Number Filter”
had no impact on this set of patents at all. In reality, when we expand the data set,
those filters are still useful.

In addition to changes made to the decision units, we also tested out the effect of
processing units. We examined the impact of the OCR correction and punctuation
processing units. Table 7.3 lists the percentage of the tokens that are modified by
each of the three processing units. Note that significant tokens require processing on
punctuation. For OCR error correction, EP and WO patents required more OCR
corrections than the US patents. To evaluate the speed of our annotator run, we also
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Table 7.3 Ratio of tokens modified by the processing unit

Process unit EP (%) US (%) WO (%)
OCR correction 12.3 7.0 15.5
Remove head punctuation 3.8 3.5 2.2
Remove tail punctuation 77.4 63.0 99.8

compared the processing times of our annotator against machine learning-based
annotators. We found that our annotator is more than 20 times faster than the ones
we experimented with. One machine learning-based annotator could take on aver-
age up to 6 s to annotate each patent. Annotating ten million patents would
take close to 700 days. Our annotator can run over all patent in the corpus in less
than 1 day.

7.4 Conclusion

This paper presents a flexible framework for chemical annotation. The framework
is designed to allow users to quickly compose effective annotators for different
situations using simple and easy-to-understand processing units and workflows.
The overall framework consists of three key elements: a suite of basic processing
units, a high-level modeling language that describes the composition of the proces-
sing units in some form of workflow and a runtime execution engine that executes
the description of runtime annotation purposes. The overall approach has been
embedded in the ChemBrowser solution.

We have presented experimental results of using such composite annotators on
patent data and show that with such a framework, one can quickly modify annota-
tion processing units or workflows to adjust to different situations, such as OCR
errors in patents. In real world situations, we have found that these approaches have
proven to be extremely effective when compared to pure machine learning-based
approaches. In addition, using simple and efficient processing units to form anno-
tators is fast, which is important for annotating a large data corpus.
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Chapter 8
Experimental Study of Modified Voting
Algorithm for Planted (/,d)-Motif Problem

Hazem M. Bahig, Mostafa M. Abbas, and Ashraf Bhery

Abstract We consider the planted (/,d)-motif search problem, which consists
of finding a substring of length / that occurs in each s; in a set of input sequences
{s1,...,5;} with at most d substitutions. In this paper, we study the effect of using
Balla, Davila, and Rajasekaran strategy on voting algorithm practically. We call this
technique, modified voting algorithm. We present an experimental study between
original and modified voting algorithms on simulated data from (9,d) to (15,d). The
comparison shows that the voting algorithm is faster than its modification in all
instances except the instance (15,3). We also study the effect of increasing 4, which is
proposed by Balla, Davila, and Rajasekaran on the modified voting algorithm. From
this study, we obtained the values of the number of sequences that make the running
time of modified voting algorithm less than the voting algorithm and minimum.
Finally, we analyze the experimental results and give some observations according to
the relations: (1) / is fixed and d is variable. (2) [ is variable and d is fixed. (3) / and d
are variables. (4) (/,d) is challenging.

Keywords DNA motif - Planted (/,d)-motif - Voting algorithm - Binding site -
Exact algorithm

8.1 Introduction

Given a number of DNA sequences, the motif searching problem is the task of
discovering a particular base sequence that appears (perhaps in a slightly mutated
form) in every given sequence. Finding similar patterns (motifs) in a set of
sequences has many applications in molecular biology such as locating binding
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sites and finding conserved regions in unaligned sequences. Pevzner and Sze [8]
gave a precise definition of motif searching problem as follows.

Planted (/,d)-Motif Problem (PMP): Suppose there is a fixed but unknown string
M (motif) of length /. Given ¢ length-n sequences, each of which contains a planted
d-variant of M, we want to determine M without a priori knowledge of the positions
of the planted d-variants. A length-/ sequence s’ to be a d-variant of another length-/
sequence s if the Hamming distance between s’ and s is at most d.

Numerous exact algorithms have been proposed to solve PMP [2, 4 7, 9, 10].
The exact algorithms always output the planted motif.

Buhler and Tompa [3] studied the limitation of PMP and found that when /, ¢, and
n are fixed, d must not be larger than some threshold. The threshold is determined
by considering the expected number E(/,d) of random patterns P with at least one
variant in each sequence. The value of E(/,d) is equal to 41(1 - = py)" ”l)t
where p, is the probability that the Hamming distance between a length-/ pattern P
and a randomly generated length-/ string is less than or equal to d. The general
formula for p, is given by py = Sk o...a 'Cr (1/4) ¥ (3/4)".

Based on the value of E(/,d) some instances have been probabilistically proved
as "difficult to be solved" due to the existence of several motifs by random chance
for such instances. In this case, we call it challenging instances [2]. Examples of
these instances are [2]: (9,2), (11,3), (12,3), (13,4), (14,4), (15,4), and (15,5). If the
value of E(/,d) is very small (E(/,d) < 1), then the instance is solvable.

The effect of Bella’s suggestion [2] on voting algorithm (one of the exact
algorithms [5]) called modified voting algorithm. In [1], the authors studied the
modified voting algorithm on challenging instance only.

In this paper, we study the effect of modified voting algorithm on simulated data
from (9,d) to (15,d). We also studied the effective part in the running time for
modified voting algorithm. The experimental results show that the modified voting
algorithm is slower than voting algorithm in most instances. We also study the
effect of increasing the value of 4 that is proposed by Balla et al. [2] on modified
voting algorithm. From this study, we obtained the values of the number of
sequences that make the running time of modified voting algorithm less than the
voting algorithm and minimum. Finally, we analyze the experimental results and
give some observations according to the relations (1) / is fixed and d is variable. (2) /
is variable and d is fixed. (3) / and d are variables. (4) (/,d) is challenging.

The structure of paper is as follows. In Sect. 8.2, we present an overview for voting
algorithm and its modification. The experimental comparison between voting algo-
rithm and its modification is given in Sect. 8.3. In Sect. 8.4, we study the effect of
increasing 4 on the modified voting algorithm. We also discuss the results and give
some observations according to different relations. Finally, the conclusion in Sect. 8.5.

s

8.2 Modified Voting Algorithm

In this section, we give an overview of voting algorithm (VA) and modified voting
algorithm (MVA). The main idea behind VA [5] is that each length-/ substring v in
the input sequence gives one vote to all length-/ sequences s in N(v,d), where N(v,d)
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is the set of neighborhoods that contains all d-variants of length-/ sequence s. The
pseudocode for VA is given in [5].

Balla et al. [2] suggested the number of sequences, 4, that are required by an
algorithm to distinguish strong motif candidates from spurious signals. The value of
h is given by

h=1+log,,,n (8.1)

Based on the value of £, Balla et al. proposed a strategy to improve practical
performance of several exact algorithms for PMP such as voting, PMSP, and PMSi
[5, 6, 10] by a factor of the time elapsed in generating and processing the neighbor-
hood of the reminder sequences. The strategy consists of two phases. Phase 1:
constructs a set C of common patterns that contains all neighborhoods of /-mers
from h input sequences, where i < t. Phase 2: for each element M’ in the set C, we
vote M’ in the reminder sequences, ¢ h, by using string matching. The result of
applying this strategy on voting algorithm is called MVA. It consists of five steps.
Steps 1 3 represent the first phase while the reminder steps represent the second
phase.

Algorithm: MVA.

Begin

1. Compute h from (8.1).

2. Construct a set C of all neighborhoods for each 1-mer from h input sequences as
lines 1 8in VA [5].

3. Construct a set C' by selecting all neighborhoods for voting h as lines 9 12 in
VA [5].

4. For each pattern in C', scans the remainder input sequences, t h, and vote it up.

5. Select the set of possible candidate motifs by sorting C' using integer sorting
algorithm in descending order.

End

8.3 Experimental Results

In this section, we present an experimental comparison between original and
modified voting algorithms for PMP on simulated data from (9,d) to (15,d),
including the solvable and challenging instances.

We implement the two algorithms on PC Intel Pentium 4 processor. The
processor has a clock speed of 3.2 MHz and memory size 512 MB. The PC
works under Windows XP operating system. Both algorithms are implemented by
using Borland C++ compiler.
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We compute the running time of each algorithm by testing the algorithm 50
iterations for each (/,d), and then we take the average of them. In each iteration, we
generate the simulated data by using the same method that is used in many articles
[5, 6, 10]. Each input instance of the simulated data consists of + = 20 random
sequences and n = 600 nucleotide. The probability of occurrence for each nucleo-
tide is 1/4. In our experiment, we use :

(1) s and m to represent the time in seconds and minutes, respectively.

(2) Tva and Ty to represent the running time for VA and MVA, respectively.

(3) Tmva1 and Ty ao to represent the running time for the first and the second
phases, respectively, in case of MVA.

(4) Nex(l,d,h) to represent the average number, experimentally, of motifs in 4 input
sequences for 50 iterations in case of (/,d).

We considered that: (1) If the running time of both algorithms are less than 1 s,
then we can neglect the comparison. (2) The running time of two algorithms is
equal if they are equal in seconds and minutes, if exists, even the millisecond are
different.

Table 8.1 presents the running time estimation as a function of / and d for both
VA and MVA keeping n and ¢ constant. Note that in case of (11,1) and (12,1), the
running time for VA and MVA is less than 1 s, so we omit these results from the
table. From Table 8.1, we observe the following remarks.

1. The running time of MVA is slower than VA in all instances except the case
(15,3). The last column in Table 8.1 shows how MV A takes many times as much
time as VA, where Tyiva = times X Tya.

Table 8.1 Comparison between Ty and Tyrya

I d E(d) Tya h Nex(Ldh) Tymvar  Twmvaz Tmva Tvvar/Tmva  Times
9 1 146E 19 0.023s 2 1,291 0.005s  3.136s 3.141s 0.998 139
9 2 1.59973 0.133s 4 24,973 0.044s  37.265s 37.309s 0.999 285
10 1 6.19E 30 0.06s 2 546 0.017s  1.373s 1.39s 0.988 23
10 2 6.11E 08 0.49s 3 13,143 0.084s 27.323s 27.407s 0.997 60
11 2 543E 17 0.71s 3 2875 0.148s  6.732s 6.88s 0.978 9.7
11 3 4.72084 4.425s 4 291,491 1.1s 7.901lm  7.919m 0.998 107
12 2 1.09E 26 1.22s 3 631 0.347s  1.637s 1.984s 0.825 1.6
12 3 3.19E 07 8.22s 4 45,480 1.661s 1.662m 1.689m 0.984 12
13 1 5.23E 62 0.95s 2 73 0.867s  0.205s 1.072s 0.191 1.1
13 2 1.14E 36 2.13s 2 6,194 0.991s 17.056s 18.047s 0.945 8.5
13 3 8.14E 16 11.71s 3 42,456 2.537s 1.763m  1.805m 0.977 9.25
13 4 5.23252 1.027m 6 627,381 18.35s  16.355m 16.66m  0.982 16
14 1 7.83E 73 2.7s 2 36 2.609s 0.101s 2.71s 0.037 1

14 2 8.45E 47 4.23s 2 3,060 2.834s  8.746s 11.58s 0.755 2.74
14 3 5.05E 25 17.71s 3 9277 4.881s 24.173s 29.054s 0.832 1.6
14 4 420E 07 1.7m 4 421,753  21.938s 15.492m 15.858m 0.977 9

15 1 1.06E 83 10.25s 2 17 10.128s 0.051s 10.179s  0.005 1

15 2 490E 57 11.77s 2 1,579 10.034s 4.554s 14.588s 0.312 1.2
15 3 1.59E 34 31.68s 3 2,157 13.337s 5.841s 19.178s  0.305 0.61
15 4 2.17E 15 2.66m 4 53,887 38.153s 2.172m  2.808m 0.774 1

15 5 2.84202 11.76m 7 1,542,909 4.201lm 41.263m 45.464m 0.908 3.8
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2. In the case of challenging instances, (9,2), (11,3), (12,3), (13,4), (14,4), (15,4),
and (15,5) the following observations are true.
(a) The effective part of MVA is the second phase of the algorithm since
Tyvaz > Tuvar
(b) If we rearrange the challenging instances, (/,d), according to N,(l,d,h), then
Tamva for (1,d) increases with increase N, (I,d,h).
(c) The ratio between Tva and Ty decreases when / increases in the following
cases: (1) E(l,d) < 1,1.e.,(12,3), (14,4), and (15,4). (i1) E(l,d) > 1,1.e.,(9,2),
(11,3), (13,4), and (15,5).

Therefore, MVA does not improve the practical performance of VA in most
instances from (9,1) to (15,5).

8.4 Effect of Increasing # on MVA

From Sect. 8.3, we conclude that the value of & does not improve the performance
of VA in most instances up to (15,5). Therefore, in this section, we search
experimentally for another value of the number of sequences that is applied by
voting to make the performance of MVA better than VA according to the running
time. In order to find this value, we study experimentally the effect of changing
hfrom h + 1tot — 1 on MVA for each instance (/,d). We use nsv to represent the
number of sequences that is applied by voting (first phase), where i < nsv < t.
Figures 8.1 8.8 represent the effect of increasing 7 on MVA, for the instances (15,
d <3),(14,d < 3),and (13,2<d < 3).

Note that due to the maximum number of pages allowed by the publisher, we
omit the figures for the cases (9,d), (10,d), (12,d), and (13,1). The experimental data
are available upon request.

We use the following marks in the figures.

(a) Two black triangles down to indicate the region (values of nsv) that makes
Tvmva < Tya. This region is called the decreasing region, dr. The first point in
dr is denoted by fdr.
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(b) White box to indicate the value of nsy that makes Ty minimum. This value is
called the best number of sequences that is applied by voting, bnsv.
(c) Black star to indicate nsv = t (i.e., Tya)-

(d) Black circle to indicate nsv = h.

(e) White triangles down to indicate that bnsv = fdr.
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Table 8.2 Values of dr and bnsv for each (/,d).

1 d E(d) h dr bnsy 1 d E(d) h dr bnsv
9 1 146E 19 2 [5,19] 6 13 3 8.14E 16 3 [5,19] 6
9 2 1.59973 4 [16,19] 17 13 4 523252 6 [11,19] 13
10 1 6.19E 30 2 [4,19] 4 14 1 783 73 2 [3,19] 3
10 2 6.11E 08 3 [7,19] 9 14 2 845E 47 2 [3,19] 4
11 1 1.57E 40 2 [3,19] 4 14 3 505E 25 3 [4,19] 5
11 2 543E 17 3 [5,19] 6 14 4 420E 07 4 [6,19] 8
11 3 472084 4 [13,19]1 15 15 1 1.06E 83 2 [2,19] 3
12 1 3.10E 51 2 [3,19] 3 15 2 490E 57 2 [3,19] 3
12 2 109E 26 3 [4,19] 5 15 3 159 34 3 [3,19] 4
12 3 3.19E 07 4 [7,19] 9 15 4 217E 15 4 [5,19] 6
13 1 523E 62 2 [3,19] 3 15 5 2.84202 7 [9,19] 12
13 2 1.14E 36 2 [3,19] 4

From our experimental results (for all instances from (9,d) to (15,d)), we observe

the following:

1.

2.

There are many consecutive values of nsv that make Tyya < Tva, see
Table 8.2.

For each (/,d), the value of % lies outside the dr except the instances (15,1) and
(15,3) the value of 4 is equal to fdr. Also, the last value of dr is always t — 1.

. For each (I,d) and (/,d’) such that d < d', the following observations are true:

(a) The value of bnsv and fdr for (I,d) is smaller than the value of bnsv and fdr
for (1,d'), respectively.

(b) The dr for (I,d) is larger than or equal to the dr for (I,d").

For each (/,d) and (I',d) such that [ < [’, the following observations are true:

(a) The value of bnsv and fdr for (I,d) is larger than or equal to the value of bnsv
and fdr for (I',d), respectively.

(b) The dr for (I,d) is smaller than or equal to dr for (I',d).

. For each (/,d) and (I',d") such that E(!',d") < E(l,d), the following observations

are true for solvable instances:

(a) The value of bnsv and fdr for (I',d’) is smaller than or equal to the value of
bnsv and fdr for (I,d), respectively.

(b) The dr for (I',d') is larger than or equal to the dr for (I,d).

In the case of the challenging instances (9,2), (11,3), (12,3), (13,4), (14,4),

(15,4), and (15,5), the following observations are true:

(a) For all (/,d) such that E(/,d) < 1, the dr are almost nearly equal and the
values of bnsv are nearly equal.

(b) For any (/,d) and (!',d’) such that (i) E(I,d) > 1, and (ii) // > [. The dr for
(I',d) is larger than the dr for (/,d).

(¢) For any (/,d) and (I',d") such that (i) E(l,d) > 1, and (ii) I' > I. The value of
bnsv for (I',d") is smaller than the value of bnsv for (/,d).
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8.5 Conclusion

In this paper, we study the effect of using modified voting algorithm on DNA PMP.
We show that VA is performed better in practice than MV A on most motif instances
up to (15,5). We also determined, experimentally, the values of the number of
sequences that are needed to make the running time of MVA faster than VA.
Finally, we discussed the experimental results and gave some observations accord-
ing to the relations: (1) /is fixed and d is variable. (2) / is variable and d is fixed. (3) [
and d are variables. (4) (/,d) is challenging.
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Chapter 9
Prediction of Severe Sepsis Using SVM Model

Shu-Li Wang, Fan Wu, and Bo-Hang Wang

Abstract Sepsis is an infectious condition that results in damage to organs. This
paper proposes a severe sepsis model based on Support Vector Machine (SVM) for
predicting whether a septic patient will become severe sepsis. We chose several
clinical physiology of sepsis for identifying the features used for SVM. Based on
the model, a medical decision support system is proposed for clinical diagnosis. The
results show that the prognosis of a septic patient can be more precisely predicted
than ever. We conduct several experiments, whose results demonstrate that the
proposed model provides high accuracy and high sensitivity and can be used as a
reminding system to provide in-time treatment in ICU.

Keywords Sepsis - Severe sepsis - Support vector machines - SVM

9.1 Introduction

Sepsis, also called “blood stream infection”, is a life threatening disease calling for
urgent and comprehensive care. Generally, sepsis is caused by the presence of
bacteria or other infectious organisms, or by their toxins in the blood or in other
tissues of the body. Sepsis may accompany some clinical symptoms of systemic
illness, such as fever, chills, malaise (generally feeling “rotten’), low blood pressure,
and mental status changes. Severe sepsis, liable to cause deaths, is a more critical
situation of sepsis associated with organ dysfunction, hypoperfusion, or hypotension.
Sepsis and severe sepsis not only have high mortality, but also become a major
burden to healthcare costs. According to the report in [6], there are more than 750,000
cases of severe sepsis occurring annually in the U.S., and the cost for treating patients
with severe sepsis is approximately 17 billion dollars each year in the U.S.
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Since severe sepsis causes high mortality, the prevention of the septic patients from
becoming severe-septic ones has become an important issue. Periodically monitoring
the at-risk patients is highly recommended for medical staffs so as that they can
diagnose and treat the septic patients as early as possible. In the past, a common
method to evaluate the mortality of a septic and severe-septic patient in intensive
care unit (ICU) is Acute Physiological and Chronic Health Evaluation (APACHE) I
scoring system, in which the higher score always associates with a higher risk of death.
Through APACHE II scoring system, medical practitioners can determine the mortal-
ity of sepsis patients. Since the severe-septic patients have higher probability of
death than the septic patients, a method capable of identifying the severity of septic
patients in time is necessary. Though APACHE II scoring system can determine the
mortality of sepsis patients, how to identify a patient who is at the risk of becoming
severe sepsis in the next few minutes is still not addressed before.

Support Vector Machine (SVM) is known as an innovative algorithm in machine
learning with higher accuracy than other methods for data classification [1]. In the
past, SVM has been successfully applied to clinical decision problems, such as
survival time classification of breast cancer patients [2] and fault diagnostics [3].
Due to the characteristic of SVM, the proposed approach is expected to precisely
predict whether septic patients are at the risk of becoming the severe-septic ones if
these patients have early diagnosis of severe sepsis.

9.2 Literature Review

Sepsis caused by overwhelming reaction of the patient is a critical disease in the
recent years. In 1991, the Society of Critical Care Medicine (SCCM) and the
American College of Chest Physicians (ACCP) convened a conference in order to
provide a conceptual and practical framework to define the systemic inflammatory
response to infection, which will cause sepsis-associated organ dysfunction [4]. The
response to infection can be classified into three types in different stages, namely,
system inflammatory response syndrome (SIRS), sepsis, and severe sepsis [5].
Septic patient is defined as a patient who has systemic inflammatory response and
has evidences to be infected (i.e., SIRS and evidence of infection). For those
patients with sepsis, the systemic response to infections may spin out of control.
The body’s state of balance will become unsettled, damaging one or more vital
organs such as the heart, kidneys, or livers. Severe sepsis, which may result from
any types of infection, even influenza, is a more critical one that is subset of sepsis
with acute organ dysfunction [6].

Since systemic inflammation may lead to severe sepsis, septic shock, or even
multiple organ dysfunction [6], early treatment of infection and systemic inflam-
mation are recommended. In the past years, many therapies for septic patients have
been proposed: Pittet et al. [7] proposed a method called dynamic analysis of ICU
patients to perform a bedside prediction of mortality for bacteremic sepsis. They
also believed that a statistic procedure can be applied to the diagnosis of septic
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patients by adjusting the above factors [7]. Several measures of the markers have
been evaluated, but only a few of them are suitable for clinical use, such as body
temperature, protein procalcitonin (PCT) as well as C-reactive protein (CRP), and
some cytokines like TNF-*, IL-6, and IL-8 [8]. Among them, IL-6 and IL-8 are very
closely related to the severity of the physiological response to infection and
systemic inflammation [8].

Recently, Fabian Jaimes et al. [9] are the first ones who adopted decision support
tools on septic patients. They used the logistic regression and artificial neural
networks (ANNs) to predict the mortality in patients with suspected sepsis. The
two approaches use clinical variables such as age, immunosuppressive systemic
disease, general systemic disease, shock index, temperature, and so on, to predict
the death of patients after the admission to the emergency room (ER). However, in
the cross-validation procedure, both ANNs and logistic regression takes longer
training time than SVM [1].

SVM is a novel method for data classification developed by Vapnik 1998 [10].
SVM has better performance and more precision in classification compared to other
approaches such as K-nearest neighbor classifier and neural network [1]. Thus,
SVM has been widely used in various areas, such as recognition, reliability evalua-
tion, bioinformatics, and the medical, such as the survival time classification, fault
diagnostics [3], and assessing the severity of idiopathic scoliosis from surface
topography.

Based on statistical learning theory [10], SVM follows structural risk minimiza-
tion principle to create a classifier, using a linear hyperplane to maximize the
distance between classes. The classification procedure involves training data and
testing data, each of which consists of data instances. For each instance of training
data set, it can be described with a target value (i.e., class identification) and several
attributes (i.e., features). For example, each of patient data might have a class
identification called “mild” or “severe” to indicate its severity of outcome and also
have several attributes, such as age, gender, and APACHE II scores. SVM aims to
find an optimal hyperplane with the metric of a maximal margin called a separating
hyperplane, to divide all training data belonging to the two classes into two half-
spaces. The points lying on the boundaries of the halfspaces are called support
vectors. Each of the two halfspaces is our target category (class). For example, in
this case, they could be considered as mild and severe classes, respectively.

9.3 Materials and Methods

In the data preparation for training and testing of the model, 1,000 historical septic
patient records between October 2002 and March 2006 from a medicine center
located in the south Taiwan were collected. The records of patients are collected
from admission to the ER if their admission diagnoses are confirmed as septicemia.
All patient records are screened during the observation period in the ICU to
determine whether they fulfilled the inclusion criteria for sepsis. The patients
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with diagnoses of sepsis are subsequently screened to evaluate whether the sepsis
criteria were indeed fulfilled for the patients and determine whether they reach the
exclusion criteria.

The historical patient records used in the model for predicting the severity of a
septic patient are composed of feature attributes and the class identification. The
feature attributes include age, gender, cause of sepsis (which is classified by ICD-9
code), laboratory variables (i.e., IL-6, CRP), and historical outcomes (i.e., mild or
severe, accounting for whether the patients can be moved out of the ICU).

Pathophysiology of sepsis is characterized by the whole body inflammatory reac-
tion and concurrent activation of the host’s anti-inflammatory mechanisms. Among
these mechanisms, there are several chemical mediators, such as TNF-* and IL-*, are
released by the patient’s body. These mediators are involved in the processing of
damaged tissue. The balance between proinflammatory and anti-inflammatory reac-
tions is directly related to the outcome of the septic patient. Strongly activated
phagocytes and high levels of pro-inflammatory cytokines occur in patients who are
at risk of developing circulatory shock and multiple organ dysfunction. Extensive
anti-inflammatory reaction, which is characterized by the presence of high levels of
circulating anti-inflammatory cytokines and impaired innate and adaptive immune
functions, renders critically ill patients prone to secondary infections.

Since the identification and control of the infection source are equally important
for the prevention of sepsis progression, the cause of sepsis becomes one of the
important attributes. We believed that patients could possibly benefit from a
therapy aiming at preventing the cause of inflammatory response. Another impor-
tant attribute is APACHE II scores. According to Pearce et al. [11], APACHE II
scores is a quantitative measure that can help machine learning technology to
predict the severity of acute disease; Ake Andrén Sandberg et al. also proved that
it is a better choice to predict the severe outcome of a patient using a biochemical
marker or a scoring system than only based on the description in textbooks [8]. In
summary, there are six attributes, which are expected to help the prediction of the
outcome of patients with sepsis, under consideration.

Several types of kernel functions exist for different kinds of problems, and each
kernel function has its suitableness for specific problems. For example, some well-
known problems with large amount of features, such as text classification and DNA
problems, are reported to be classified more correctly if the kernel function is a
linear function. In the reports of the literature, the RBF kernel function is a decent
choice for most problems, since the kernel function usually performs better than
other kernels in terms of the generalization ability. Furthermore, the RBF kernel
function only uses a pair of parameters (C, v), where parameter C denotes a penalty
parameter in RBF kernel function, and parameter y denotes the basic kernel
parameter of that function. Compared to other kernel functions, the values of
parameters C and y are easier to adjust during the training phase.

For predicting the outcome of a septic patient, a severe sepsis model through the
software, Weka [12], is constructed at first. Weka, developed by the University of
Waikato in New Zealand, is a widely used tool of machine learning algorithms for
data mining and classification tasks. We adopted Weka classifier function, called
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SMO, as our classifier. SMO function implements John C. Platt’s sequential mini-
mal optimization algorithm for training a support vector classifier with polynomial
or RBF kernels. This implementation will replace all missing values and transforms
nominal attributes into binary ones. For each attributes as well as the class identifi-
cation are transformed into numeric value. In addition, the data is first transformed
into the standard format of Weka software. That is, all data sets are formatted as
ARFF format. This format starts with a declaration of its name, followed by a list of
all the attributes in the data sets, and the actual data is attached at last. The following
is an example of ARFF data format for the input of Weka:

@relation “septic patient outcome prediction”
@attribute Age INTEGER [20 100]
@attribute “Body Temperature (C)” real
@attribute “Heart Rate beats/min” real
@attribute “Respiratory Rate (/min)” real
@attribute “White Blood Cells (K)” real
@attribute “APACHE II scores” real
@attribute Severity {0 1}

@data

72,36.2, 35,0, 33.6, 50, 1

66, 34.0, 29, 0, 26.6, 31, 0
64,37.2,0,0,23.3,32, 1

66, 35.6, 23, 94, 28.1, 21, 0

40, 34.5, 35, 68, 43.1, 33, 1

Before the data is sent to the training process, the input data should be performed
a simple scaling on the whole dataset. The primary reason of this procedure is due
to the kernel values in a kernel function that often associate with the inner product
of attribute values.

As discussed before, the RBF kernel function utilizes two parameters, C and v,
during the training procedure. The subsequent task is to find the optimal values of
the two parameters to increase the accuracy of results. For the reason, we performed
the cross-validation. In detail, the input data set is divided into n parts of equal size.
Then, for every training procedure, (n — 1) parts are chosen as a training set and the
remaining one part is as test set. The advantage of cross-validation is that we may
get the local optimal parameters in some particular situation, but these parameters
may not be the global optimal parameters for all collection.

Traditionally, the performance of a classifier is evaluated by its accuracy. The
results of a prediction can be classified into four types, namely, True Positive (TP),
True Negative (TN), False Positive (FP), and False Negative (FN). In this paper, the
above two values mean that the proposed SVM can correctly predict the results
in those cases. On the contrary, the value of FP is the number of FP classified cases in
aprediction, and the value of FN is the number of FN classified cases in a prediction.

According to [13], Veropoulos et al. proposed a brand new technique for evalu-
ating the performance of SVM by using receiver-operating characteristic (ROC)
curve. ROC curves were initially developed to assess the quality of radar [14]. In
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recent years, ROC curves have been widely used as a method to analyze the accuracy
of diagnostic tests in medical area. A good prediction method will yield a graph with
points in the upper left corner of ROC space, which means 100% sensitivity (i.e., all
true positives are found) and 100% specificity (i.e., no false positives are found). A
completely random predictor may give a straight line (called nondiscrimination line)
from bottom left to top right at an angle of 45° from the horizontal. The reason is that
when the value of the threshold rises, there will be equal numbers of true positives
and false positives. Results below this nondiscrimination line indicate the classifier
giving wrong results. Typically, the larger amounts of the Area Under the Curve
(AUC) means the higher capability the classifier has. According to the literature, a
fair AUC is around 0.5 0.75, a good AUC is around 0.75 0.92, a very good AUC is
around 0.92 0.97, and an excellent AUC is around the ratio of 0.97 1.

In the training procedure, 1,000 patient records of septic patients are used to
construct our model. Since the abundant amount of data of body temperature, heart
rate, respiratory rate, and white blood cells, we used the average values of those
data for each patient in first 24 h admission. From the past patient records of the
1,000 septic patients, the statistical data shows that 419 records (about 42%) yield
the worse outcomes that turn into severe sepsis, and 581 records (about 58%)
remain mild status or yield better outcomes that can be moved out of the ICU.

We also evaluate the performance of our septic model. It is easy to compute that
the sensitivity is 0.8744, the specificity is 0.8837, and the accuracy is 0.8841.
Figure 9.1 shows the operating characteristic curves of the proposed severe sepsis
model as a diagnostic test in elderly septic patients. The AUC in this figure is
0.9421, which shows that the parameters used in the proposed model have very
good predictive capability.

0 0.2 0.4 0.6 0.8 1
FP-Rate

Fig. 9.1 ROC curves of severe sepsis model
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9.4 Conclusion

Predicting the outcome of patients with sepsis is always a challenge. Even cytokine
concentrations in plasma as well as the APACHE II score cannot be expected to
predict patient outcomes accurately. In this paper, we proposed an innovative method
based on SVM to monitor as well as predict the outcome of septic patients. This model
chooses several practical measurements as the indicators by getting the opinions of
medical staffs in ER as well as much literature related to the outcome prediction of
septic patients. We use the ROC curve to visualize the performance of the proposed
sever sepsis model and evaluate the results. From the results, we show that the chosen
clinical predictors can provide significant supports in the severe sepsis model.
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Chapter 10
Online Multi-divisive Hierarchical Clustering
for On-Body Sensor Data

Ibrahim Musa Ishag Musa, Anour F.A. Dafa-Alla, Gyeong Min Yi,
Dong Gyu Lee, Myeong-Chan Cho, Jang-Whan Bae, and Keun Ho Ryu

Abstract Data mining applications over on-body sensor data have earned great
attention in recent years. We propose a novel Online Multi-divisive Hierarchical
Clustering Method on on-body sensor data. Our method evolves tree-like top down
hierarchy cluster, which splits and agglomerates clusters as needed. Experimental
results prove a competing quality for our method over existing ones.

Keywords Agglomeration - Cluster accuracy - Hierarchical clustering - On-body
sensor

10.1 Introduction

On-body sensors become essential part of online health care systems. Utilizing such
technology produces streaming time series data. Mining structural and temporal
relationships or hidden dependencies patterns in multiple time series framework is
significant domain [1].

The problem of streaming time series clustering has been addressed in many
papers [2 4]. In sample clustering, samples are grouped together. Whereas in
variable clustering, variables (attributes) are grouped into similar groups so as to
reduce intracluster dissimilarities while increasing dissimilarities between different
clusters. Hierarchical clustering is superior to other methods because it does not
involve the user in specifying the cluster’s number such as partitional clustering, and
it does not require the whole data to be available at once as BIRCH [5]. And it has a
linear time complexity with respect to the size of the input [6]. Variable clustering is
useful for applications with high dimensionality like on-body sensor data.
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This paper is organized as follows. The related works, our Online Multi-divisive
Hierarchical Clustering Method, the experimental works, and the conclusion are
discussed sequentially.

10.2 Proposed Framework

Our proposed framework for online mining streaming time series data consists of
three parts. First, a time series data from on-body sensors is continuously prepro-
cessed to allow similarity measure by removing the missing values and transform-
ing categorical data into numerical one. Next, the framework applies the
preprocessed data to our clustering method online. It stores the cluster’s structure
in a database to allow the incoming queries. Finally, the structure is visualized to
the end user. Figure 10.1 illustrates our framework design.

Our unsupervised clustering method, which is an enhanced version of the Online
Divisive Agglomerative Clustering (ODAC) [3], improves splitting of the cluster
since ODAC sometimes ends up giving inaccurate clusters. And even in the semi-
fuzzy version of ODAC [7], there is still duplication of clusters due to assigning
some variables to two clusters. ODAC was based on monitoring the diameter of the
cluster which is the maximum dissimilarity in one cluster and the variable variance
in case of clusters with single variable. The Pearson’s correlation coefficient
between time series is used to measure similarity and dissimilarity using rooted
normalized one-minus correlation [3]. It gives 0, 1 values allowing Hoeffding [2],
to take statistically significant decisions.

10.2.1 Multiple Splits

For splitting the cluster in addition to the first maximum, we also consider the next and
third maximum dissimilarities. In case of dissimilarities sharing at least one point with
the pivots (the center points) and being larger than the cluster’s radius (a half of the
maximum dissimilarity), and when the second pivot’s dissimilarity is larger than the
radius; we choose its other end point to be the third or fourth pivot. Thus, allowing
maximum of four splits at the same time. d, = d(x3,x4) and d3 = d(xs, x¢) are second
and third maximum distances, if there is any point shared with the points the maximum
dissimilarity, the distance d™~from this variable and the other end of the maximum

Stream data Preprocessing .| Online Unsupervised
Sensor data Clustering

Visualization
User Queries Mining Queries
DB Storing Clusters

Fig. 10.1 Our proposed framework
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Fig. 10.2 ODAC and our proposed splitting enhancement (E ODAC)

dissimilarity is measured, if it is greater than the half of d,, then its variables are
considered as pivots, and hence end up having three or four actual clusters. For
instance, let d; = d(x;,x;)andd, = d(x;,x3), since variable x, is shared with the
first and second maximum dissimilarities, distance d™~ = d(x;,x3) is found and test
the condition d™~ > d; = x3 the x3 is a third cluster’s center it split the cluster into
three clusters with xy, x,, x3 as cluster centers.

10.2.2 Agglomeration

Our algorithm splits streaming data, further detects the wrong splitting so as to be
re-aggregating in its parent as shown in Fig. 10.2. Using time frame to read, the time
series stream is calculated to summarize statistics at leaf. It checks for splits or
aggregation when detecting to change new structure is announced feeding to the
leaf nodes. The maximum number that can be generated after splitting one cluster is
four clusters which enhance memory space and processing time since samples are
independent.

10.3 Experimental Evaluations

In our experimental studies, we choose real training datasets from Physiological
Data Modelling Contest (2004) [8]. It consists of 10,000 h; with several variables.
We selected nine attributes with accelerometer, heat flux, Galvanic skin response,
skin temperature, and near-body temperature. The accelerometer is 2-axis MEMS
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device that measures forces exerted on body and the gravity information. The
proprietary heat flux sensor is a robust and reliable device that measures the amount
of heat being dissipated by the body. Galvanic Skin Response represents electrical
conductivity between two points on the user’s arm. Skin temperature is the body’s
core temperature. The near-body temperature sensor measures the air temperature
immediately around the user’s armband. Further constructed datasets as done in [3],
by dividing a dataset based on userID. In the following two sections, we explain our
studies on the cluster accuracy specification and the execution time measurement,
where E-ODAC proves better qualities than ODAC.

10.3.1 Cluster Accuracy Specification

Internal criteria cophenetic correlation coefficient (CPCC) [9] is used with relative
criteria Dunn’s validity index [9, 10] for cluster accuracy specification. CPCC is
given by the following (10.1), where Q is the cophenetic proximity matrix, g;; is
proximity level, P is proximity matrix, and M = n(n — 1)/2 as shown by (10.2).

N1 N
> > Py 4y —pPuQ

CPCC = LA (10.1)
R Z p2 _ PZ Nz:l Z q2 _ Q2
L& Y K 4 - y K
i=1 j=i+1 i=1 j=i+1
1 N 1 N 1 N 1 N
#P:M sz'j:> MQ:M Zqij (10.2)
i=1 j=it1 i=1 j=itl

Whereas Dunn’s validity index (DVI) is defined as

N . d(C,‘, Cj)

The elements connectivity as shown in Table 10.1 proves the accuracy of E-ODAC,
where Usr 1, the final number of clusters gained by applying E-ODAC are four,
compared to three clusters gained by ODAC. However, it shows higher CPCC value
over ODAC indicating more compact clusters [9]. With Usr 6 both methods show the

Table 10.1 CPCC and DVI index for ODAC and E ODAC

Dataset CPCC index DVI index

ODAC E ODAC ODAC E ODAC
Usr 1 0.417481 0.518265 1.00858 1.02321
Usr 6 0.604084 0.604084 0.91373 0.91373

Usr 25 0.48397 0.594837 0.95215 0.95341
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same value, whereas with Usr 25 E-ODAC gives rather more compact value. To insure
the benefits of our method, the values of DVI are listed in Table 10.1. Again E-ODAC
appears to outperform ODAC in case of Usr 1 and Usr 25.

10.3.2 Execution Time Measurement

Figure 10.3 illustrates the sequence of ten execution times for usrID6 in both
algorithms while Fig. 10.4 shows the average execution time for datasets of
usrID1, usrID6, and usrID25.
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10.4 Conclusion

Our novel framework for hierarchically clustering on-body sensor data consists of
three parts; preprocessing to remove outliers and resolve missing data (E-ODAC), a
database back end for storing the resulting cluster structure, and finally data
visualization. Experimental results showed that E-ODAC outperforms ODAC in
terms of cluster evaluation indexes and time complexity.
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Chapter 11
On Quality Assurance and Assessment
of Biological Datasets and Related Statistics

Maria Vardaki and Haralambos Papageorgiou

Abstract The complexity of modern biological database management systems
indicates the need of integrated metadata repositories for harmonized and high-
quality assured data processing. Such systems should allow for the derivation of
specific producer-oriented indicators monitoring the quality of the final datasets and
statistics provided to the end-users. In this paper, we offer a quality assurance and
assessment framework for biological dataset management from both the producers’
and users’ perspective. In order to assist the producers in high-quality end-results,
we consider the integration of a process-oriented data/metadata model enriched
with quality declaration metadata, like quality indicators, for the entire process of
dataset management. With the automatic manipulation of both data and “quality”
metadata, we assure standardization of processes and error detection and reduction.
Regarding the user assessment of final results, we discuss trade-offs among certain
quality components (such as accuracy, timeliness, relevance, comparability, etc.)
and offer indicative user-oriented quality indicators.

Keywords Biological datasets - Data processing - Database management - Quality
assurance - Statistics

11.1 Introduction

Biological databases are an important tool in assisting scientists to understand and
explain biological phenomena and contain, among others, huge amounts of datasets
collected by diversified sources and processed using various metadata-based
information systems. Assessing the quality of the data provided and mainly the
corresponding statistics produced from datasets comparisons  has become
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increasingly important to clinical investigators, policy-makers, medical research
centers, data analysts and to patients themselves. Since data services in most cases
lack access to supporting data, data quality should remain the main responsibility of
the data provider.

In order to achieve this, data providers should (1) embody harmonization and
transformation procedures in their workflow processing to minimize human errors
and, therefore, increase the quality of biological information and statistics provided
and (2) allow for the derivation of specific producer-oriented indicators which will
monitor the quality of the final datasets and statistics they provide to the end-users.

In this paper, we concentrate on the quality of biological datasets analysis
and statistics produced by (1) presenting a producer-oriented quality assurance
approach for the management of biological datasets and (2) discussing user-
oriented quality assessment criteria and related monitoring and performance
indicators emerging from the guidelines and perspectives of International Organi-
zations and National approaches.

For the producer-oriented quality assurance, we extend the analysis and dissemi-
nation part of a previously introduced data/metadata model [9] developed for the
automation of the series of processes of an experiment with the integration of speci-
fic indicators and other quality declaration metadata. We stress the importance of
automatically manipulating both data and metadata with the use of a highly structured
statistical model and the incorporation of transformations, measuring output quality.

For the user-oriented quality assessment, we not only consider a number of
generally accepted criteria, like relevance, timeliness and punctuality, accessibility,
comparability, etc., but we also indicate the trade-offs between them. We selected
to provide a comparative description of both producers’ and users’ quality require-
ments in Sect. 11.2 of the paper, thus clarifying our two approaches introduced in
Sects. 11.3 and 11.4, respectively.

11.2 Quality Assessment Criteria and Trade-Offs

Quality in Statistics is defined by National and International Organizations with
reference to a number of usually overlapping dimensions (criteria) and indicators
for the assessment of any survey.

Initially, we should clarify that “quality dimensions (or criteria)” and “quality
indicators” are considered by National and International Organizations from two
different perceptions: They are used, like for example in OECD’s “Health Care
Quality Indicators” project [1], to measure Health care performance and their aim is
to maintain, restore, or improve health. Examples of defining clinical indicators for
quality improvement are given by Mainz [6]. In the other case, quality indicators
may be applied a posteriori, at the end of a process (or a stage of it) or on statistics to
monitor the quality of the already produced results.

Regarding the former point of view, Legido-Quigley et al. [4] have provided
detailed information on health-care quality strategies in EU Member States.
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However, in this paper, we focus on the latter case, considering also related work
already published by International Organizations, like for instance, the OECD
quality framework for statistics [7], the IMF Data Quality Assessment Framework
[3], etc. Eurostat has also defined a list of “Standard Quality Indicators” [5] as well
as a list of Quality Performance Indicators [2]. Since producers are also users of the
biological datasets, we will focus on the following commonly required quality
assessment criteria:

e Relevance: It reflects the degree to which the output datasets/statistics/product
meet current and potential user needs. It highly depends on the requirements and
views of different user categories concerning the other quality components.

e Accuracy: In the general statistical sense, it denotes the closeness of computa-
tions or estimates to the exact or true values. The difference between the two
values is the error.

e Timeliness: It reflects the length of time between its availability and the event or
phenomenon it describes.

e Punctuality: It refers to the time lag between the release date of data and the
target date when it should have been delivered.

e Accessibility: It refers to the physical conditions in which users can obtain data,
i.e., how to order, delivery time, and available formats (paper, CDROM, etc.).

e Comparability: 1t is the ability of allowing for comparisons of data quality over
time and from different sources.

e Apart from these criteria, usually a Cost/Benefit analysis should also be
considered.

e Although there are common requirements between producers and users of
biological information, when developing quality indicators, we have to take
into account specific trade-offs, some of which are briefly described as follows:

e The data producers are interested not only in the quality of final output results
but also in the quality of a number of intermediate steps of the process (data
input, editing and imputation, aggregation, weighting, etc.).

e Users of biological datasets or statistics like researchers, practitioners, govern-
ment, etc., are in general not in a position to assure for themselves the overall
quality of output results. For example, while the relevance, timeliness, and
accessibility of data may be immediately apparent to a user, other dimensions
of quality, especially accuracy, and comparability (mainly in case of merged
datasets) cannot be deduced from inspection of the product alone.

e Time spent developing an experimental study can contribute substantially to
lack of timeliness. On the other hand, time spent to define patients’ response to a
therapeutic model is vital.

e At study design, the desired timeliness of information is related to relevance (for
what period does the information remain useful for its main purposes?).

¢ For retrospective surveys, when combining biological datasets from various
time periods, timeliness becomes less important relative to accuracy and
comparability.
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e From users’ perspective, we can state that (1) without relevance, the other
dimensions are unimportant; (2) given relevance, without timeliness and acces-
sibility, the data are not available when they are needed; and hence, (3) only
when relevance, timeliness, and accessibility are satisfied, accuracy becomes
important. Of course, a similar remark holds for comparability.

11.3 Quality Assurance: Producer-Oriented Approach

There are various information sources devoted to the diffusion of experimental and
other biological data, and currently medical organizations and research projects are
making efforts to integrate metadata in their systems and develop common schemas
to both increase information exchange and make this information publicly avail-
able. In the form of classifications and codes, metadata define demographics,
diagnoses, and care of patients for the purposes of documentation, communication,
transaction, and monitoring.

In general, metadata are defined as “data about data”. This term includes, for
example, information about the conducted survey (sampling units and method used,
the population studied, and the eligibility criteria), gene or protein characteristics,
etc. The semantic power of metadata can greatly increase the usage of data by
providing end-users with additional semantics necessary to reconstruct the context
of data stored [8]. The simplest benefit of a metadata-enabled statistical software
system for a user who analyzes tabulated data is that it can warn him of a possible
error when, for example, he attempts to merge patient data with different eligibility
criteria or conflicting risk factors.

Furthermore, any user of the biological information would benefit if he could
trace back quickly the processing history of specific datasets during the manage-
ment of various experiments. A way of achieving this goal is by using highly
structured statistical models that consist of logical structures and operators. Also,
we should define and integrate several transformations for the manipulation of data.
The structures specify which data and metadata items we will capture; the operators
permit the execution of processing of metadata items included in the model; and the
transformations ensure the validity and automation of data/metadata manipulations.

Vardaki et al. [9] have introduced such a statistical, process-oriented metadata
model to describe the entire medical research process, enabling a more active role
for any associated metadata. The proposed model, although process-oriented and
broad enough, can also be expanded to embrace metadata items of forthcoming
challenges due to the Object-Oriented technique followed, which allows further
extensions of the already integrated model without database redesign. The interest-
ing point is that, mainly due to this extension possibility, we can propose and
incorporate, as metadata, specific producer-oriented quality indicators that would
automatically indicate the quality of the datasets provided (from one experiment or
combined datasets).
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We use the main considerations of the previously designed UML metadata
model and extend it with quality assurance metadata in the analysis and publication
part, as illustrated in Fig. 11.1. During the data collection stage, a number of errors
like coverage, sampling, and non-response errors may occur and can, where
possible, be automatically corrected as illustrated in [9]. Regarding observation
errors (measurement errors  detected during editing phase  processing errors,
imputation errors, etc.), quality assurance of the sequence of processes discussed
below may minimize them.

Suppose that a set of Variables/Factors documents the characteristics of one or
more units of a study (Study units) and each Data Item is a single entry character-
izing a pair (Study unit id, Variable id). Sets of such items represent the Observa-
tion Data, where observation errors (Error) may be detected (detection method).
According to a list of errors and correction methods a priori integrated into the
system, the required Correction method is applied, where possible. Then, the
corrected observation is ready to replace the erroneous one. The observation data
are translated into Data Records in the database. Data Editing is the application of
checks that identify missing, invalid, or inconsistent entries which deteriorate
quality and does not allow for meaningful automatic comparisons. Records that
fail the data entry checks will, therefore, be rejected in whole or in part depending
on the conventions being used. In case an Imputation stage is permitted, the
corrected data record (correction id) replaces during this phase the erroneous one
by the substitution of a Record id. This can be realized by executing the operation
“Apply imputation method”, and the Value-Substitute produced replaces the erro-
neous Data Record. Sets of data records form a Dataset, which is practically
represented in tabular form in the database, with columns corresponding to the
variables and rows describing the characteristics measured for each unit of study.
After Data Storage in a DataBase, the Analysis of the datasets takes place. Infor-
mation such as missing data, preliminary estimates, the applied estimation methods,
the progress of the experiment, etc., is essential for the final results, evaluation.

The Dissemination/Publication can be either in paper format or in the form of a
database like the GenBank® (http://www.ncbi.nlm.nih.gov/Genbank/). Therefore,
the model not only considers the requirements for the Standards followed during
each data management process, but also offers derivation of quality indicators
automatically calculated by the system, like for instance, the following measuring
accuracy, timeliness, and completeness:

e [Editing rate = (number of observations edited)/(total number of observations).

e Imputation rate = (number of observations imputed)/(total number of observa-
tions), both of which refer to a single variable of interest.

e Editing ratio = (total number of edited values)/(total number of final values).

o Unweighted imputation ratio = (total number of imputed values)/(total number
of all final values), which refer to all variables checked during the editing and
imputation processes.

® Punctuality of time-schedule of publication which is calculated as the difference
(in time units) between the actual and the scheduled date of publication.


http://www.ncbi.nlm.nih.gov/Genbank/

11 On Quality Assurance and Assessment of Biological Datasets and Related Statistics 95

Furthermore, data producers can create an overall accuracy quality indicator like
the Total Survey Error (for a key variable).

11.4 Quality Assessment Monitoring: User-Oriented
Requirements

In this section, we will propose specific user-oriented indicators for the assessment
of data analysis results according to the main quality criteria already discussed in
Sect. 11.2, which play an important role in user satisfaction.

11.5 Relevance

If we consider each user category as a special case, then the aggregation performed
to produce relevance indicators should be made according to either the variable
“user category” or the variable “user need” but not both at the same time. We may
consider the indicator:

Rate of Available Products (Datasets, Statistics, etc.)

which is generally calculated by dividing the number of products provided by the
“producer” by the number of products requested by the “user”.
This indicator may also be considered as a measure for completeness.

11.5.1 Accuracy

Since a number of errors can be corrected during the analysis and dissemination
phase, the main quality indicator that can be broadly understandable by every user
category is the

Rate of difference between initial and corrected (final) results.

This percentage can be calculated for each key variable of an experiment, and it
monitors the corrective actions performed in order to publish the final results.

11.5.2 Timeliness and Punctuality

We can use the indicator:

Rate of difference between the date of the announced release of datasets/
statistics and the date of their actual release.
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11.5.3 Accessibility

An indicator monitoring the available databases where a user may retrieve the
datasets or key statistics of interest can be of value, like the following:

Number of databases used for disseminating specific product.

11.6 Suggestions for Further Research

The presented framework on quality assurance and assessment is not limited to
health statistics or biological databases but can be applied in nearly all socio-
economic areas.

It appears that further research on the topic can be threefold: (1) integrate a
consistent quality framework defining specific quality acceptance levels for each
process stage; (2) develop for biological statistics the so-called quality reports [2] to
promote harmonized quality reporting across statistical processes and their outputs,
and hence to facilitate comparisons; and (3) develop an overall “User satisfaction
index” defined as the degree of satisfaction with services and products for different
user categories. This indicator will be based on satisfaction surveys among user
categories, taking also into account sections of the previously mentioned quality
reports.
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Chapter 12
Pattern Recognition-Informed Feedback
for Nanopore Detector Cheminformatics

A. Murat Eren, Iftekhar Amin, Amanda Alba, Eric Morales,
Alexander Stoyanov, and Stephen Winters-Hilt

Abstract Pattern recognition-informed (PRI) feedback using channel current che-
minformatics (CCC) software is shown to be possible in “real-time” experimental
efforts. The accuracy of the PRI classification is shown to inherit the high accuracy of
our offline classifier: 99.9% accuracy in distinguishing between terminal base pairs of
two DNA hairpins. The pattern recognition software consists of hidden Markov model
(HMM) feature extraction software, and support vector machine (SVM) classification/
clustering software that is optimized for data acquired on a nanopore channel
detection system. For general nanopore detection, the distributed HMM and SVM
processing used here provides a processing speedup that allows pattern recognition to
complete within the time frame of the signal acquisition where the sampling is
halted if the blockade signal is identified as not in the desired subset of events (or once
recognized as nondiagnostic in general). We demonstrate that Nanopore Detection
with PRI offers significant advantage when applied to data acquisition on antibody-
antigen system, or other complex biomolecular mixtures, due to the reduction in
wasted observation time on eventually rejected “junk” (nondiagnostic) signals.

Keywords Channel current - Cheminformatics - Pattern recognition - Real-time -
Base-level DNA classification - Support Vector Machine (SVM) - Hidden Markov
Model (HMM)

12.1 Introduction

Pattern recognition-informed (PRI)sampling and experimental feedback opens the
door to a whole new realm of signal stabilization and device capabilities. In this
chapter, we describe results from recent PRI sampling experiments on the nanopore
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detector platform [1 3]. The signal analysis involves the use of Machine Learning
(ML) algorithms such as Hidden Markov Models (HMMs) [2, 4 6] and support
vector machines (SVMs) [7 10]. The machine learning ML algorithms are amena-
ble to distributed computational solutions (for the HMMs, in particular [11]), which
permits a computational speed-up that ensures real-time operational feedback on
the nanopore detector applications studied. Although a specific application is
examined here in detail, a similar approach can be used in many experimental
efforts. The results and application of the PRI method, with distributed HMM
and SVM algorithms are generally applicable in knowledge discovery contexts
involving stochastic sequential analysis and/or classification/clustering. Some
background material on the nanopore detector and the channel current cheminfor-
matics (CCC) architecture are given as follows.

12.1.1 Nanopore Detector

A nanometer-scale channel can be used to associate ionic current measurements
with single-molecule channel blockades. The a-hemolysin channel, used in the
experiments described here, self-assembles such that a single channel of o-hemo-
lysin can be isolated in lipid bilayer. This provides an inexpensive and highly
reproducible method to construct a nanopore-based detector that is informed by
single molecule interactions with a nanometer scale channel. See [1, 2] for further
details. An example of a direct interaction/modulation of the channel ion current is
shown in [3]. Indirect channel modulation or transduction is described in [12] and is
being used for generalized binding analysis at the single interaction-complex level.
In[1, 2], PRI sampling is done with mixtures involving five DNA hairpin molecules
(see Sect. 12.2 for sequence details).

12.1.2 Channel Current Cheminformatics Architecture

Preliminary work to establish real-time control of a nanopore detector has been
described in [6]. The work is based on live, streaming, measurements, and fast
pattern recognition identification of blockading (“captured”) analytes. Real-time
sampling control of a nanopore detector, alone, has been proposed to boost nano-
pore detector sampling productivity by orders of magnitude, depending on the mix
of desirable signal classes vs. undesirable in the data being analyzed. In a real-time
setting the challenge is to perform the HMM-based feature extraction sufficiently
quickly (whereas the SVM is trained offline, and so operates very quickly online).

The real-time experimental linkage between the DAQ and the computational
facilities is implemented using LabWindows development environment that con-
nects via TCP/IP to our ML nodes that run our “in-house” CCC methods (see
Sect. 12.2). Data acquired with LabWindows is passed to the CCC software server
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on a streaming real-time basis. The classification results are then quickly returned
to the LabWindows automation software for experimental feedback control. As
suggested in [6], the real-time classification inherits the 99.9% accuracy of the non
real-time implementation (established in prior work [2]) as nothing has changed in
regards to the features extracted and the classifier used. Thus, the full power of
HMM and SVM methodologies can be leveraged into numerous “real-time” exper-
imental protocols that would employ PRI methods.

12.2 Methods

12.3 Nanopore Detector

The experimental setup is described in detail in [1, 2]. Each experiment is conducted
using one o-hemolysin channel inserted into a diphytanoyl phosphatidylcholine/
hexadecane bilayer across a 25-p-diameter horizontal Teflon aperture, as described
previously [1, 2]. Seventy microliter chambers on either side of the bilayer contain
1.0 M KCI buffered at pH 8.0 (10 mM HEPES/KOH) except in the case of buffer
experiments where the salt concentration, pH, or identity may be varied. Voltage is
applied across the bilayer between Ag and AgCl electrodes. DNA control probes are
added to the cis chamber at 10 or 20 uM final concentration. All experiments are
maintained at room temperature (23 £ 0.1°C), using a Peltier device.

12.4 Test Molecules

The eight base-pair and nine base-pair hairpin molecules used in this study were
previously studied in [1, 2, 13]. The sequences of these hairpins are: 9GC [5'-
GTTCGAACG TTTT CGTTCGAAC-3'], 9TA [5-TTTCGAACGTTTT CGTTCG
AAA-3'], 8GC [5-GTCGAACG TTTT CGTTCGAC-3'], 7CG [5-CTGAACG
TTTT CGTTCAG-3'] and 6GC [5-CGAACG TTTT CGTTCG-3']. The eight
base-pair DNA hairpin is identical to the core nine base-pair subsequence, except
the terminal base-pair, which is 5'-GeC-3'.

12.4.1 Channel Current Cheminformatics

A capture signal generated with the nanopore apparatus is filtered and amplified
before it is sent through the DAQ. The data acquisition device converts the analog
signal to digital format for use in the display and recording of data in binary
Axon (Molecular Devices) format. In the pattern recognition feedback loop, the
first 200 ms detected after drop from baseline are sent via TCP-IP protocol to the
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Fig. 12.1 Labwindows/feedback server architecture with distributed CCC processing. The
HMM learning (on line) and SVM learning (off line) are network distributed processes for
N fold speed up, where N is the number of computational threads in your cluster network

HMM software, which generates a profile for each signal sent. The HMM-gener-
ated profile is processed with the SVM classifier to compare the real-time signal
with previous training data in order to determine whether the signal is acceptable
according to the experimenter’s choice of model (see Fig. 12.1). If the signal is
acceptable, the message to continue recording is sent to the LabWindows software.
If not, a message is sent to LabWindows to eject the molecule, and the amplifier
briefly reverses the polarity to eject the molecule from the channel.

For the successful real-time feedback experiments described in Sect. 12.5, only
two computers, a client, and a server were needed. In general, the server consists of
a cluster of computers to distribute the HMM, and possibly SVM, processes. The
Client runs Microsoft Windows XP to visualize and record the entire experiment by
using LabWindows. Our in-house implementation of LabWindows acquisition
software is able to detect blockades using a tFSA while also recording and visualiz-
ing the experiment. Our implementation for channel current analysis also has the
critical functionality to change the polarity of current so as to eject any molecules
from pore when necessary. The Server computer runs Pardus Linux 2007.3. The
hardware for both the Client and Server consists of PCs with 2.4 GHz AMD CPUs,
with 2 GB memory.

12.4.2 HMM Feature Extraction and SVM Classification

The HMM implements 50 states as determined by making 50 bins of the blockade
current data. The quantized data goes through one round of Expectation-Maximization
to obtain transition probabilities after running the Viterbi algorithm to obtain the
most probable path of states that created the signal (see [2] for details).
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12.4.3 SVM Classification

The online discriminatory speed of a trained SVM is simply that of evaluating an
inner product, and so its operational constraint on the PRI feedback endeavor is
negligible compared to that of the HMM feature extraction stage. For this reason,
there is little discussion of SVMs in this paper, even though SVMs comprise
much of the complexity of the HMM/SVM PRI feedback system.

12.5 Results

The nanopore experiments with PRI sampling are first done for PRI binary
sampling with a 1:70 mixture of 9GC:9TA. Figures 12.2 and 12.3 show how
molecular signals appear in terms of their blockade attributes in the online setting
(with event-observation time on the vertical axis in Fig. 12.3). In Fig. 12.4, the
PRI sampling acquisition results are shown, with the rarer 9GC molecules prop-
erly identified, and sampled for a full 5-s duration, while other molecules are
rejected typically in a fraction of a second (with the prototype network setup used
here). A major speedup can be achieved with extra nodes for server side compu-
tation and various optimizations.

The robustness of the results is then explored when there are numerous other
classes present for multiclass PRI sampling (see Fig. 12.5). In Figs. 12.6 and 12.7,
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Fig. 12.2 Standard deviation vs. Mean on a {9GC,9TA} mixture in a 1:70 ratio. Clusters of 9GC
and 9TA signal groups are identifiable, nearly full blockade signal group also present
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Fig. 12.3 Standard deviation vs. Mean vs. event observation time (vertical axis). Drift in
the {9GC,9TA} signal is seen as the experiment proceeds due to evaporative concentration of
the background salt. This results in altered environment for the DNA hairpins, one where the

increasing magnitude of the blockade standard deviation is thought to be due to stronger (and
noisier) DNA hairpin channel blockades
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Fig. 12.4 Standard deviation vs. Mean vs. event observation time vs. PRI informed sample
observation time (fourth dimension represented as the radius of the data point). This figure
shows a successful real time operation on the PRI sampling method on the ND platform. 9GC
signal is selected for observation and it is at a 1:70 lower concentration than the decoy 9TA DNA
hairpins. As can be seen, only 9GC signals are held for the lengthier observation time, all other
molecules being rejected promptly upon identification (the smaller diameter events points corre

spond to short lived events), where the brief duration of the event is dictated by the active, PRI
control, of the device voltage
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Fig. 12.5 Standard deviation vs. Mean on a {6GC,7GC,8GC,9GC,9TA} mixture. Clusters of the
different species of blockade signal are clearly identifiable (and the nearly full blockade signal

class is also present)
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Fig. 12.6 Standard deviation vs. Mean vs. event observation time (vertical axis) vs. PRI informed
sample observation time (fourth dimension represented as the radius of the data point). Drift in the

signal is seen as the experiment proceeds, as before. Similar strong classification performance is
demonstrated for this five class test as with the prior two class test
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Fig. 12.7 Shows a rotated view of the results shown in Fig. 12.6. The successful 99.9% accurate
separation of the 9GC from the {6GC,7GC,8GC,9TA} signals can be seen more clearly from this
perspective. Note: the actual discriminating features used by the SVM classifier are not based on
the mean and standard deviation statistical features plotted, but on a 150 component feature
extraction based on HMM emission and transition probabilities (see [2] for details)

an approximately 1:70 mixture of 9GC:{6GC,7GC,8GC,9TA} is examined, with
9GC sample time again boosted correctly as indicated.

12.6 Discussion

Sample Boosting and Nanomanipulation via PRI Selection: PRI sampling is done
with mixtures involving the five DNA hairpin control molecules examined in [1,
2, 13]. In the nanopore transduction detection context [3, 14], it is hypothesized
that auxiliary molecules consisting of these same control molecules can be
covalently linked to sensing moieties of interest to provide the beginnings of a
generalized detection platform. Once covalently linked, however, further optimi-
zation/selection on the control molecule portion, as regards stem length tuning or
base-pair alterations, is usually needed to reacquire a highly structured modu-
latory signal (with stationary statistics) [12]. Once a bifunctional molecule has
been engineered to desired channel modulation and target-analyte interaction,
the nanopore detector can be operated with the transduction molecule and sig-
nal analysis software to classify the different blockade signals. As far as the
signal processing software is concerned, however, pattern recognition that
resolves different hairpin blockades, or the same hairpin blockader with/without
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complexation at its binding moiety, is practically the same. Thus, the five DNA
hairpin PRI-sampling study examined here demonstrates a capability for nano-
manipulation when observing reactants, via the mechanism of recognition and
appropriate selection.

12.7 Conclusions

The primary purpose of this experiment was to develop an implementation of PRI
experimental protocol for more specific and efficient collection of signals in nanopore
cheminformatics experiments. In the Results, PRI-sampling is shown to boost the
acquisition rates on molecules of interest by orders of magnitude, greatly extending
the applicability of the Nanopore’s inherent serial-event detection capability.

A secondary purpose was to explore the resolving/tracking power of the PRI
system when applied to binding experiments. The clear binding behavior shown
(“tracked”) in the Results indicates that population-based binding studies using the
nanopore detector can be done, and suggests that sufficient sensitivity to state might
be possible for tracking an individual binding history in future efforts along these
lines.
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Chapter 13

An MLP Neural Network for ECG Noise
Removal Based on Kalman Filter

Sara Moein

Abstract In this paper, application of Artificial Neural Network (ANN) for elec-
trocardiogram (ECG) signal noise removal has been investigated. First, 100 number
of ECG signals are selected from Physikalisch-Technische Bundesanstalt (PTB)
database and Kalman filter is applied to remove their low pass noise. Then a
suitable dataset based on denoised ECG signal is configured and used to a Multi-
layer Perceptron (MLP) neural network to be trained. Finally, results and
experiences are discussed and the effect of changing different parameters for
MLP training is shown.

Keywords Kalman filter - Noise removal - MLP training - Dataset - Performance

13.1 Introduction

An electrocardiogram (ECG) signal is the electrical activity of the heart that is
caused by the impulses that travel through the heart. It provides information about
the heart rate, rhythm, and morphology. A typical ECG wave of a normal heartbeat
consists of three parts: P wave, QRS complex, and T wave. Figure 13.1 depicts the
PQRST shape of ECG signal [1]. The P wave reflects the activation of the right and
left atria. The QRS complex shows depolarization of the right and left ventricles.
The T wave that is after QRS complex reflects ventricular activation [2, 3].

However, the presence of artifacts and noise within the signal may influence the
diagnosis. Artifacts and noise are generated by biological and environmental
recourses [4]. Mechanical movement of electrodes and power line interferences
causes ECG artifacts [5].
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Fig. 13.1 Morphology of PORST of recorded ECG signal from a normal human

13.2 Literature Review

Noise removal from ECG signal has been extensively studied [4 8, 17]. One
particular study conducted by SadAbadi et al. [9] defined a formula to determine
the window length for the noise removal process. Their proposed method was able
to preserve QRS complex characteristic points, especially Q and S waves.

Lian and Hoo [10] proposed a cost-effective way to remove the noise by the use
of Finite Impulse Response (FIR) filters. Their proposed filter uses the multiplica-
tion-free Recursive Running Sum (RRS) filters to achieve computational efficiency.
The filter is realized using multiplication-free RRS and is able to remove either 50
or 60 Hz power line noise by toggling a switch. Simulated results from the filter
have shown satisfactory performance in the filtering of the ECG signal, producing a
clean output at a relatively computational cost. On the other hand, previous studies
[11, 12] show that artificial neural network has been used for the classification of
ECG signal. Sordo [12] presented a Multilayer Perceptron (MLP) neural network
for ECG classification and showed that MLP is fast in learning for ECG signal
classification. Here, the objective is to design a MLP to denoise the ECG signal
based on Kalman filter.

13.3 Review of Kalman Filter

The Kalman filter is a powerful tool that plays an increasing role in solving the
problems of the real world. It is an efficient recursive filter that estimates the state of
a linear dynamic system from a series of noisy measurements. A previous study has
shown that the Kalman filter is a good estimator for a large class of problems with
increase in effectiveness for even larger classes [13]. This article aims to prove the
application of this filter for noise removal. The Kalman filter consists of two steps:
(1) prediction and (2) correction. In the first step, the state is predicted with a
dynamic model. In the second step, it is corrected with the observation model, so
that the error covariance of the estimator is minimized. In this sense, it is an optimal
estimator. Assume that the system variables, represented by the vectorX, are
governed by the equation X = AX; + Wy, where W} is random process noise,
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and the subscripts on the vectors represent the time step. A relates the state at the
previous time step £k — 1 to the state at the current step k. There are many alterna-
tive ways to formulate the Kalman filter equations. One of the formulations is given
in (13.1) (13.4) as follows:

Sy =Py +R (13.1)

Ky = APS, ! (13.2)

Xip1 = AXp 4 Ki(Zio1 — AX)) (13.3)
Pii1 = APAT + 0 — AP, 'PAT (13.4)

Here, the superscripts —1 and T indicate matrix inversion and matrix transposi-
tion, respectively, S is the covariance of the innovation, K is the gain matrix, and
P is the covariance of the prediction error. In (13.4), the first term used to derive
the state estimate at time k + / is just A times the state estimate at time k.
(AP AT)would be the state estimate if we did not have a measurement. In other
words, the state estimate propagates in time just like the state vector. The term
(AP;S; 1P;(AT) in (13.4) is called the correction term, and it represents how much
time is required to correct the propagated estimate due to our measurement.

13.4 Multilayer Perceptron

A multilayer perceptron (MLP) is a network of simple neurons called perceptrons.
The perceptron computes a single output from multiple real-valued inputs by
forming a linear combination according to its input weights and then possibly
putting the output through some nonlinear activation function. More explanation
is available in artificial neural network books [14].

13.5 Proposed Method

13.5.1 Data Collection

13.5.1.1 Database

The database that is used for this study is Physikalisch-Technische Bundesanstalt
(PTB) database, an ECG database of healthy volunteers and patients with different
heart diseases [15]. The ECG signals are affected with noise and accidental
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disturbance in some of the signals. A total of 100 signals are collected for noise
removal. The frequency of noise is different in each ECG signal. Therefore,
Kalman filter parameters values are variable. The objective is to remove the noise
using Kalman filter from ECG signals to prepare a dataset for multilayer perceptron
training.

13.5.1.2 Kalman Filter for Noise Removal

All 100 noisy signals must be denoised using Kalman filter. The tuning of Kalman
filter plays a critical role in the Kalman filter design. Mentioned below are some
parameters of the Kalman filter that were used to denoise the signal of a healthy
human. fj and f; indicate the band of frequency for filtering the low pass noise in
ECG signal. See Fig. 13.2. There are two other signals that are denoised using
the Kalman filter (Figs. 13.3 and 13.4). The Kalman filter is implemented with
MATLAB.

Q=10 ' -2 x max|X|, R = Variance(X), A=1, fy=100, f =80,
So=1{0,0,...,0}, Xo={xo,x1,...,%s 1}, ko ={0,0,....0}, w=2n(fo/f).
Z(): {0,0,...,0},[)0:{0,0,...,0}

Here, X is the input signal and » is the number of samples.

Based on the Kalman filter initialization, it is true to classify signals to six

classes, considering that Parameters of Kalman filter for each class are unique.
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Fig. 13.2 ECG signal of a healthy human. Noisy ECG (a); ECG after using Kalman filter (b)
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Fig. 13.3 ECG signal of myocardial infarction. Noisy ECG (a); ECG after using Kalman filter (b)
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Fig. 13.4 ECG signal with accidental disturbance. Noisy ECG (a); ECG after using Kalman
filter (b)

Table 13.1 Assigning label to denoised ECG signals based on Kalman filter parameters

Denoised signal fs fo w (0] Denoised
name signal label
ECG of normal 100 80 w 2xpixXfo/fs O le 2xmax|X| 0

human
Heart failure ECG 100 40 w 2xpixfo/fs O le 2xmax|X| 1
Myocardial 80 100 w 2xpixfo/fs O 2e 2xmax|X|

infarction ECG
Miscellaneous ECG 100 60  w  p; X fo/fs 0 le 2xmax|X| 3
Dysrhythmia ECG 80 60 wo 2xpiXfo/fs O 2 2xmax|X| 4
Bundle branch block 80 40 w o 2xpixf/fi O 2 2xmax|X| 5

ECG

Table 13.1 shows each class of signals based on Kalman filter parameters and the
label that is assigned to each class. This classification has been done based on f;, fj,
w, and Q.

13.5.2 Dataset for MLP Training

For training a MLP neural network, it is important to have a valid dataset from
denoised ECG signals [16]. Since the objective is to train the MLP for noise
removing, the target value will be the denoised ECG signal. The denoised ECG
signals are obtained using the Kalman filter, as mentioned in the previous section.

The provided dataset is a collection of 100 ECG signals whose statistical
features are extracted and used as the attributes of the dataset. Each row of the
dataset presents one noisy ECG signal, and each column is an attribute of ECG.
Considering that, the last column is the value of the label that is assigned to each
denoised ECG signal. Since all signals are denoised with Kalman filter in the
previous section, the label of each denoised signal is available. Table 13.2 shows
a part of the dataset.
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Table 13.2 Part of the dataset for training MLP

No. of noisy Variance Standard Mean Denoised
ECG deviation signal label
1 0.2139 0.4625 0.7980 4

2 0.0675 0.2597 0.5737 4

3 0.0712 0.2669 7.4824 5

4 0.0163 0.1277 3.1738 2

5 0.0133 0.1151 0.8195 2

6 0.0541 0.2327 2.1734 3

7 0.0239 0.1545 0.2710 2

8 0.0609 0.2468 2.3842 3

9 0.0328 0.1812 1.5237 1

10 0.0675 0.2597 0.5737 1

11 0.0293 0.1711 0.0399 0

12 0.0679 0.2605 0.5616 3

13 0.0115 0.1072 0.9313 2

14 0.0018 0.0429 7.6588 5

13.5.3 MLP Training

The three-layer perceptron is the network to be trained for the proposed method.
A back propagation Generalized Delta Rule (GDR) is used to train the MLP. Three
is the number of nodes in input layer, since that is the number of features in the
dataset. In addition, one node is assumed as the number of nodes in output layer.
Number of nodes in hidden layer is the point that can affect the performance of a
trained neural network. We train the MLP with different number of nodes in hidden
layer and after analyzing, the number of nodes in this layer that give better results
can be indicated. On the other hand, number of training iteration is the other
effective parameter that must be considered.

13.6 Experiment and Results

As mentioned in the previous section, there are 100 records in the dataset for training
the MLP. Due to the lack of cases in our dataset and to increase the validity and
generality of the results, a k-folding scheme with £ = 5 was applied. In this method,
the training procedure is repeated & times, each time with 80% of the samples in the
dataset for training and the remaining 20% for testing. The 20% testing section is
non-overlapping. Figure 13.5a c presents the training error of MLP neural network
for 20 of the test samples with various numbers of nodes in the hidden layer and
training iteration. Results show that the best performance for MLP training is
achieved when there were 2,000 training iteration and 15 nodes in the hidden layer.
The performance is more than 90% since error for all test samples is less than 0.5.

Finally, the trained MLP indicates to which class each noisy signal is related. All
parameters of Kalman filter are presented in Table 13.1.
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Fig. 13.5 Output error for test samples. (a) MLP training, five nodes in hidden layer, 500 training
iterations; (b) MLP training, ten nodes in hidden layer, 1,000 training iterations; (¢) MLP training,
15 nodes in hidden layer, 2,000 training iterations

13.7 Conclusion

In this paper, application of MLP for noise removal from ECG signal using Kalman
filter is investigated. Results show that the prepared dataset is acceptable for
training a MLP for noise removal. Also, the number of nodes in the hidden layer
and the number of training iteration are very important for increasing the perfor-
mance. As future works, one may concentrate on the problem of advanced training
algorithm for neural networks. Using fuzzy toolbox for increasing the accuracy of
data and results might be of interest too.
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Chapter 14

Discovery of Structural Motifs Using Protein
Structural Alphabets and 1D Motif-Finding
Methods

Shih-Yen Ku and Yuh-Jyh Hu

Abstract Although the increasing number of available 3D proteins structures has
made a wide variety of computational protein structure research possible, yet the
success is still hindered by the high 3D computational complexity. Based on 3D
information, several 1D protein structural alphabets have been developed, which can
not only describe the global folding structure of a protein as a 1D sequence, but can
also characterize local structures in proteins. Instead of applying computationally
intensive 3D structure alignment tools, we introduce an approach that combines
standard 1D motif detection methods with structural alphabets to discover locally
conserved protein motifs. These 1D structural motifs can characterize protein groups
at different levels, e.g., families, super families, and folds in SCOP, as group features.

Keywords Protein structure - Structural alphabet - Motif

14.1 Introduction

As the rapid growth of protein structural information, biologists require accurate
classification to understand and rationalize the variety in proteins [1]. To ensure a
more easily constructed and better comprehensible classification, it is desired that
we provide only essential characteristic structural descriptions of protein functional
parts. With such a classification, we can assign a novel protein to known categories,
and thus predict its structures and functions. The task of extracting characteristic
structural features for classification is difficult and becomes more challenging for
small proteins, where the characteristic statistics are marginal owing to short
protein chains, or for proteins that only share low sequence similarity.
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In functionally related protein families, there usually exist conserved local
structural characteristics, e.g., the binding sites for metal-binding proteins. Given
that the conservation in local active sites is likely to reflect similar biological
functions, 3D patterns of local active sites can be used to predict the functions of
previously unknown proteins [2]. These conserved structural features themselves
represent significant motifs, which can be identified and described in various ways.
Unlike most previous works on protein local structures, we describe a combinato-
rial approach to structural motif discovery. It first converts protein 3D structures
into 1D structural alphabet letters, and then identifies conserved local features as 1D
structural alphabet sequence motifs. There are several advantages of 1D structural
alphabet over the conventional 3D co-ordinates. First, 1D representation of protein
structures is more efficient in comparison and more economical in storage. Second,
many commonly used 1D sequence tools can be directly applied to protein structure
and sequence analysis. Third, 1D-based approaches can serve as pre-processors to
filter out irrelevant proteins prior to the application of more computationally
intensive 3D structure analysis tools.

14.2 Discovery of Structural Alphabet Motifs

The discovery of structural motifs can be divided into two stages. Given a structural
alphabet, we can first transform a set of functionally or structurally related proteins,
e.g., SCOP family, into a 1D representation. Different alphabets were derived based
on different design philosophies [3 6]. Their size can vary from a dozen to nearly a
hundred. They reflect different structural characteristics and have various applica-
tions. In different domains, we can adopt an appropriate structural alphabet to
transform amino acid sequences or protein 3D structures into 1D structural alphabet
sequences as required. In the second stage, we can apply a sequence motif detection
algorithm to discover significant motifs from the 1D structural alphabet sequences.
Like structural alphabets, a significant number of motif detection tools have been
developed based on different objective functions, motif representations, and search
strategies [7 10].

For this study, we designed a structural alphabet [6] that contains 18 letters, five
of which represent the helix structure, eight for the sheet, and the rest for the coil.
To discover structural motifs, we used MEME [7], which adopts an expectation
maximization approach to find motifs represented as weight matrices. Unlike
IUPAC-IUB codes, motifs described in weight matrices are more flexible because
a weight matrix can show each alphabet letter preference in every motif position.
Besides, a weight matrix can be easily transformed to [IUPAC-IUB codes or regular
expressions when necessary, but not vice versa. We call the motifs found by MEME
from the structural alphabet sequences simple motifs. When the local properties in
protein structures are too complicated, e.g., multiple binding sites or sub-domains,
to capture in a simple motif, we can further combine several simple motifs into a
compound motif. To avoid the computational complexity of combining matrices,
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we transform simple motifs to regular expressions first, and then combine them to a
compound motif. A compound motif example looks like the following.

M (20, 50)M,(0, 6)M3, where M|, M,, and M3 are simple motifs, and the
numbers in the parentheses denote the range of residue separation between motifs.

M, = SP[PS][SN|N|NE|EE,
M, = [WE|[NE]JEEACWGQS,
M; = TTTTTTTTTLK|[TG][SHIWNMR|DQ],

where letters in brackets denote the possible structural alphabet letters in that
particular motif position.

We show in Fig. 14.1 a general framework for structural motif discovery in
which the structural alphabet and the motif finding algorithm can be replaced when
necessary in different applications.

Protein Set

A 4

Wet Lab

Protein 3D structure Database
(e.g. PDB)

Protein
Structures

Structural Alphabet Conversion

K2

@ural Alphabet Seq@

Motif Finding Algorithms
(e.g. MEME)

Simple Structural Motifs
ﬁmpound Structural MOV

Fig. 14.1 System flow of structural motif discovery
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The structural alphabet motifs can characterize the local structure features con-
served in functionally related proteins. Based on the motif analysis in alphabet letter
preference, alphabet letter occurrence distribution, and its significance, we may get a
deeper insight of protein structures. To show the difference in alphabet conservation
between structural alphabet motifs and the corresponding amino acid motifs, we
showed one example motif for a SCOP family in Fig. 14.2a, which indicates that the
structural alphabet motif is more conserved than the amino acid motif.

Besides alphabet conservation, we can also study the distribution of alphabet
letter occurrences in each position of the structural and the amino acid motif,
respectively. An example is shown in Fig. 14.2b and c. From the histograms, we
can analyze the number of occurrences of each alphabet letter in a particular
position of a motif. From the comparison of occurrences between structural alpha-
bet and amino acids, we can derive the relationships between protein sequences and
structures, e.g., the preference of structural alphabet for specific amino acids.
Relationships of this kind about motifs can be further refined as building blocks
to predict the structures of novel protein sequences.

14.3 Application Example of Structural Motifs

The C2H2 zinc finger is one of the best-studied metal-binding domains. It was first
observed as a repeated zinc-binding motif with DNA-binding properties in the
Xenopus transcription factor IIIA, and the term “zinc finger” is now largely used to
denote any compact domain stabilized by a zinc ion [11, 12]. The domains from
C2H2-like fingers consist of a B-hairpin followed by an a-helix that forms a left-
handed BBa-unit, where two zinc ligands are contributed by a zinc knuckle at the end
of the B-hairpin and other two ligands come from the C-terminal end of the a-helix
[13, 14]. To demonstrate that our approach is capable of characterizing the structural
BPo-unit, we analyzed the structural motifs discovered from 156 C2H2 zinc finger
proteins in SCOP. A motif found was considered to match a (sub-)domain correctly if
more than half of the residues in the (sub-)domain were included in the motif. If any
simple or compound motif correctly corresponded to a (sub-)domain, we claimed that
this (sub-)domain was recovered successfully (i.e., a hit). In Table 14.1, we present the
compound motif found to characterize the (sub-)domains, and its coverage. The results
suggested that using protein structural alphabet combined with 1D motif-finding
algorithm was able to recover the structural (sub-)domains in proteins. We show
some C2H?2 zinc finger proteins with structural motifs marked in Fig. 14.3.

14.4 Conclusion

In this chapter, we introduced a general framework for structural motif discovery
and proposed the applications of the motifs. Two major components in our frame-
work are (1) the structural alphabet used to describe protein structures and (2) the
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Fig. 14.2 Examples of motif analysis. (a) Histogram of entropy in each position of the structural
alphabet motif and its corresponding amino acid motif. The x axis indicates the positions, and the
y axis shows the entropy. Entropy of structural alphabet motif is colored in gray, and the amino
acid motif in black. The lower the entropy, the more conserved the alphabet. (b, ¢) Histograms of
alphabet letter occurrence distribution in the first position of the structural alphabet motif and its
corresponding amino acid motif. The x axis indicates all the alphabet letters, 18 in structural
alphabet and 20 in amino acids. The y axis shows the number of occurrences for a particular
alphabet letter. (b) The distribution of structural alphabet letter occurrences in the first position.
(c) The distribution of amino acid occurrences in the first position within the corresponding amino
acid motif
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Table 14.1 Summary of motifs mapping to C2H2 zinc finger o unit that consists of B hairpin
and o helix

Structural Motifs Hit* Coverage (%)b
(sub )domains
B Hairpin [FH]JCWNA[RC]QK(0 2) [GN][HE][NE]JAC 131 83.9
[AW]RQ
o Helix [GN][HE][NEJAC[AW]RQ(O0 5)TTTTTT[PL] 142 91.0
[KPL]
BPo Unit [FH]JCWNA[RC]QK(0 2) [GN][HE][NE]JAC 124 79.5
[AW]RQ(O S)TTTTTT[PL][KPL]
Total 156 100

*We called it a hit for a structural (sub )domain when more than half of the (sub )domain residues
were contained in a motif. We presented the count of hits of different (sub )domains

Coverage was defined as the ratio of the count of hits to the number of zinc finger proteins, e.g., if
total 156 and Hit 131, then coverage 131/156  83.9%

M2 M2 m2
M3 o M3 M3 M3
M1 M1 M1 L
dlalia2 dljklal dlalgal dlaljal
M2 M2
ina m3 f M3 M2 m2
M3
M1
/
- o 2 = M1
dlp47al d1f2igl dlllmcl d3znf

Fig. 14.3 Examples of C2H2 zinc finger protein structures. The simple motifs that map to the
B hairpin and the o helix are highlighted in different gray levels, where M;  [GN][HE][NE]JAC
[AW]RQ, M, [FHJCWNAI[RCIQK, and M3 TTTTTT[PL][KPL]. The compound motif
mapping to the BPo unit is [FHICWNA[RC]QK(0 2) [GN][HE][NEJAC[AW]RQ(0 S)TTTTTT
[PL][KPL]

motif-finding algorithm used to discover significant local structure features. In our
evaluation experiments, we used the structural alphabet designed in [6] and a
widely used motif detection algorithm, MEME [7]. These components can be
flexibly replaced with others when necessary to increase the applicability in differ-
ent domains. The current results showed that using structural alphabets combined
with 1D motif-finding algorithms could successfully identify biologically meaning-
ful sub-domains in proteins.

We plan to continue the work in the following directions. First, many structural
alphabets and quite a few motif detection algorithms have been developed based on
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different design philosophies and application domains. We intend to incorporate
other structural alphabets and motif-finding algorithm into our system. We expect
to discover more kinds of motifs in a wider variety of protein structures. Second, the
analysis of the distribution of alphabet occurrences and conservations within the
motifs provides a different point of view from which to investigate the conserved
evolutionary relationships in proteins as well as an alternative way in which to
assist in protein structure prediction. We intend to design a protein function
predictor using structural motifs as important features. Based on the motifs, the
functions of novel proteins can be predicted by classifying them in to protein groups
with known functions. Third, as many other protein structure or protein function
prediction systems are available, we also plan to verify the possibility of using
structural alphabet-based methods as a pre-processor. Compared with most predic-
tion strategies typically based on 3D information, alphabet-based methods have
much lower computational complexity. Thus they can help other predictors con-
strain the search space efficiently by filtering out irrelevant predictions in advance.
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Chapter 15

Biological Databases at DNA Data Bank
of Japan in the Era of Next-Generation
Sequencing Technologies

Yuichi Kodama, Eli Kaminuma, Satoshi Saruhashi, Kazuho Ikeo, Hideaki
Sugawara, Yoshio Tateno, and Yasukazu Nakamura

Abstract The Center for Information Biology and DNA Data Bank of Japan (CIB-
DDBJ) has operated biological databases since 1987 in collaboration with NCBI
and EBI. As one of the three major public databases, CIB-DDBJ has run four
primary databases DDBJ, CIBEX, DDBJ Trace Archive (DTA), and DDBJ Read
Archive (DRA) to collect, archive, and provide various kinds of biological data. As
the massively parallel new sequencing platforms are increasingly in use, huge
amounts of the raw data have been produced. To archive these raw data, we at
CIB-DDBJ began operating a new repository, the DDBJ Read Archive (DRA). To
accommodate efficiently the processed data as well, we have developed a new
pipeline, the DDBJ Read Annotation Pipeline that deals with both data submission
and analysis. For data produced by the next generation platforms, the three archives
DRA, DDBJ, and CIBEX, which are interconnected by the pipeline, collect the raw,
processed sequence, and quantitative data, respectively. The public biological
databases at CIB-DDBJ, EBI, and NCBI will together construct world-wide
archives for biological data by data sharing to accelerate research in life sciences
in the era of next generation sequencing technologies.

Keywords Biological database - CIBEX - DDBJ - DDBJ omics archive -
DDBJ read annotation pipeline - DDBJ read archive - DDBJ trace archive - Next-
generation sequencing platform
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Abbreviations

CIB-DDBJ Center for Information Biology and DDBJ

CIBEX Center for Information Biology gene EXpression database
DDBJ DNA Data Bank of Japan

DOR DDBJ Omics aRchive

DRA DDBJ Read Archive

DTA DDBJ Trace Archive

EBI European Bioinformatics Institute

EMBL European Molecular Biology Laboratory

ERA European Read Archive

GEO Gene Expression Omnibus

INSDC International Nucleotide Sequence Database Collaboration
MGED Microarray Gene Expression Data

MIAME Minimum Information About a Microarray Experiment

MINSEQE Minimum Information about a high-throughput Nucleotide
SEQuencing Experiment

NCBI National Center for Biotechnology Information
SRA Short Read Archive
UHTS Ultra High-Throughput Sequencing

15.1 Introduction

Since 1987 we have operated databases of biological molecules at the Center for
Information Biology and DNA Data Bank of Japan (CIB-DDBJ, http://www.ddbj.
nig.ac.jp) of the National Institute of Genetics. They now include a nucleotide
sequence database (DDBJ) [1 3], a microarray database (CIBEX, http://cibex.nig.
ac.jp) [4], and two new ones. The first one has been run in collaboration with the
EMBL-Bank at the European Bioinformatics Institute (EBI, http://www.ebi.ac.uk)
in UK and GenBank at the National Center for Biotechnology Information (NCBI,
http://www.ncbi.nlm.nih.gov) in USA for more than 20 years in the framework of
the International Nucleotide Sequence Database Collaboration (INSDC, http://
insdc.org). The three databanks exchange the collected data on a daily basis so
that users can retrieve essentially the same amount and quality of data from each
database. According to the latest DDBJ Release 79 as of September 2009, DDBJ
contributes about 15% of the total INSD data. Almost all INSD data from Japanese
researchers are submitted to DDBJ.

The second one, CIBEX (Center for Information Biology gene EXpression
database), is in compliance with the Minimum Information About a Microarray
Experiment (MIAME) [5], which was prepared and proposed by the Microarray
Gene Expression Data society (MGED, http://mged.org). It is noted that CIBEX
will soon be replaced with a new database, DDBJ Omics aRchive (DOR,
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http://trace.ddbj.nig.ac.jp/dor/index e.shtml). MIAME also has been adopted by
ArrayExpress (http://www.ebi.ac.uk/microarray-as) at EBI and Gene Expression
Omnibus (GEO, http://www.ncbi.nlm.nih.gov/geo) at NCBI. Following the inter-
national scientific recommendation that when one is to submit a manuscript
about a newly sequenced gene or genome to a journal, the person is required to
register beforehand the sequence data at DDBJ, EMBL-Bank, or GenBank [6].
MGED also asks one to register the relevant microarray data at GEO, Array-
Express, or CIBEX before the submission of the manuscript to a journal [7, 8].
The submitter of either data in return receives an internationally recognized
accession number that is to be listed in the paper published. While this mech-
anism assures the submitter the property and priority of the submitted data, it makes
the reader of the paper easily accessible to the data by simple data retrieval on the
corresponding accession number at those public databases.

As mentioned above, the three databanks of INSDC have collaboratively
collected and released “processed” nucleotide sequence data. In late 1990s, the
automated capillary platforms were introduced to many sequencing centers,
which began to produce the raw data at the genomic scale. The raw data mean
the intact data produced without artificial treatments and thus containing vectors
and linkers. Researchers soon recognized the importance of the raw data for
the quality assessment of sequences and high-level re-analyses such as re-base-
calling and re-assembly. In 2001, NCBI thus launched the Trace Archive (http://
www.ncbi.nlm.nih.gov/Traces) to archive the DNA sequence chromatograms
(traces), base-calls, and quality estimates for single-pass reads from various
large-scale sequencing projects. In collaboration with the NCBI Trace Archive
and the EBI Ensembl Trace Server (http://trace.ensembl.org), the DDBJ Trace
Archive (DTA, http://trace.ddbj.nig.ac.jp/dta/dta index e.shtml) has collected
the raw data since 2008.

As the next generation sequencing platforms such as Roche 454, Illumina
Genome Analyzer, and Applied Biosystems SOLiD are increasingly in use,
huge amounts of sequence data have been produced at a number of laboratories.
The amounts of sequence data produced at once, for example, can extend to 100
million sequences per single run [9]. This created a problem: how to deal with
huge raw data at the cost of the computer storage and labor. However, since the
importance of these raw data was obvious, NCBI first began to collect and release
them in 2007, followed by EBI in 2008. We at CIB-DDBJ also began to accept
the raw data as the DDBJ Read Archive (DRA, http://trace.ddbj.nig.ac.jp/dra/
index e.shtml) in 2008. Then, in 2009 the representatives of DRA, ERA, and
SRA met together and discussed for the first time the possible collaboration in
dealing with the raw data that would come out one after another worldwide. They
have agreed to accept, release, and exchange the data in a common format and
content, and issue their own accession numbers to the submitted data, as INSDC
has done for more than 20 years. They have also agreed to meet once a year on the
occasion of the INSDC annual meeting and discuss the collaborative matters on
data collection, release, and exchange.


http://trace.ddbj.nig.ac.jp/dor/index_e.shtml
http://www.ebi.ac.uk/microarray-as
http://www.ncbi.nlm.nih.gov/geo
http://www.ncbi.nlm.nih.gov/Traces
http://www.ncbi.nlm.nih.gov/Traces
http://trace.ensembl.org
http://trace.ddbj.nig.ac.jp/dta/dta_index_e.shtml
http://trace.ddbj.nig.ac.jp/dra/index_e.shtml
http://trace.ddbj.nig.ac.jp/dra/index_e.shtml

128 Y. Kodama et al.

In this paper, we report our activities of DRA, CIBEX, and an analytical
pipeline, the DDBJ Read Annotation Pipeline, which are intended to promote
research in life sciences in the era of the next-generation sequencing methodology.

15.2 DDBJ Read Archive

Next-generation sequencing platforms are revolutionizing life sciences. These
instruments are producing vastly more sequence data than was ever possible with
the capillary technology. In 2007, NCBI set out the Short Read Archive (SRA) to
accommodate the data from next-generation sequencing platforms. Then, early in
2008, EBI began to operate the European Read Archive (ERA) and late in the same
year CIB-DDBJ started to accept data produced by the next-generation sequencing
platforms. To accept them, we first prepared temporary submission files at CIB-
DDBJ and uploaded them to SRA, and then began operating a new repository, the
DDBJ Read Archive (DRA), to archive the raw data from the new platforms just
after the collaborative meeting mentioned above. DRA/ERA/SRA are intended to
be public repositories of data output by “primary analysis” phase of the sequencing
platform, which is the set of the sequences, the instrument data indicating the
degree of reliability for each base-call (quality) and signal intensity measurements
(intensity). DRA/ERA/SRA neither accept raw image data for its unacceptably
large size, nor approve sequences with no quality measures. Following the agree-
ment in the collaborative meeting, DRA started to issue its own internationally
recognized accession numbers with prefix “DR.” The submissions to DRA have so
far mostly been from Japan and a few from other Asian countries. As the number of
next-generation platforms in Japan and other Asian countries increases steadily, we
expect that the amount of data submitted to DRA will be tremendously large. We
will certainly need much larger computer storages and more staff for software
engineering than those at present.

15.2.1 DRA Data Model

The sequence and other data are represented in a single flat file in the INSD data
model. However, this data model is impractical to accommodate millions of
sequences (reads) that were produced by the next-generation platform, simply
because the data size is too huge to fit in the model. DRA instead uses the same
data model developed mainly by SRA at NCBI. In this model, the metadata and
sequence data, including the quality and intensity, are completely separated to
allow us to design the format for the former independently of the data size of the
latter. The metadata are composed of six objects, Submission (DRA), Study (DRP),
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Experiment (DRX), Sample (DRS), Run (DRR), and Analysis. All objects but
Analysis are accessioned with the prefix, as indicated in parentheses, followed by
a six-digit number (e.g., DRA000001). Study, Experiment, Sample and Run objects
are the core of the metadata information to describe how the data were obtained.
A unique number is automatically assigned to each read with the Run accession
number as the prefix. The Submission object is a package of metadata and/or data
objects and a directive for what to do (e.g., to release or modify) with those objects.
The Analysis object is a package associated with assembly, alignment, and quality
control that are intended for downstream usage. The metadata objects are repre-
sented in XML documents in which each structure is defined by the respective XML
schema. The objects are related to one other and compose hierarchy as shown in
Fig. 15.1, which enables us to annotate efficiently the submitted data at each level
with minimum redundancy of the metadata. This design also allows users to
navigate from the individual reads to metadata and retrieve the data in a unit of
Run or Experiment.

Study DRP Sample DRS
= Study 4 1 + Organism
* Project ID | + Strain / isolate
+ Tracking to other databases has + Taxonomy ID
1 | 1~N T1
: uses
Experiment DRX 1 ]
has « Experiment
« Sequencer 1
» Library details 1 ]
+ Spot layout has
0~N -;Ialfnrm |1 ~N
e « Data processing
Analysis Run DRR
+ Processed data * Run date
+ Ancillary data * Machine

'Data Files Data Files

Alignments etc Submission DRA sff, srf, txt etc

+ Contact information

* Action (Release etc)
* Wrapper for objects

* Wrapper for data files

Fig. 15.1 DRA metadata model. Submission, Study, Experiment, Sample, Run, and Analysis
objects are represented with their typical contents. DRA, DRP, DRX, DRS and DRR indicate
prefix of accessions assigned to each object. Relationships between objects are represented as
has and uses with the allowable number of each object. Data files contain sequences, quality, and
other data
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15.2.2 DRA Submission Systems

Now we are developing an online submission system, D-way, to facilitate large-
scale data submissions. As a part of the system, we have released Microsoft Excel
spreadsheets, the DRA sheets, for the submission of the metadata to DRA. By
using the sheets, the submitters are able to create the metadata files by simply
filling the necessary pieces of information in the fields of familiar Excel files.
They can choose one of the DRA sheets prepared for three major platforms, 454,
Genome Analyzer, and SOLiD. For the submitter’s convenience, (1) every field in
the DRA sheets is explained in a pop-up form, (2) the compulsory and optional
fields are distinguished from each other by their color, (3) the fixed fields have
pre-entered values, and (4) the DRA sheets contain an Excel macro to generate
the metadata XML files by a single click, as shown in Fig. 15.2. The submitter
can deposit the metadata either in the Excel file or in the XML file that can be
validated by the DRA Meta Checker (http://trace.ddbj.nig.ac.jp/DRAMeta-
Checker/contents/check.jsp). This checker first examines the uploaded XML
files against the corresponding XML schema, and then factors that cannot be
examined by the schema, such as the reference integrity in the XML documents
and the consistency between the entered values, by referring to the relevant
external databases such as the taxonomy and project databases in NCBL

G poBI - DDBIJ Read Archive

ssion | Dowsy | Released Oats | Pipsling | Comtaet

E£FA). Please submit the race

DRA is part of the Navonal propect of integrabng

.

(o e
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Download DRA Sheets|

- (LIBRARY_LAYOUT:
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MUNDER_OF TEADS PERSPOT/
ADAPTER SPLC/

Fig. 15.2 DRA sheets. DRA sheets can be downloaded from the DRA website. Submitters can
create their metadata files by filling the relevant pieces of information in the fields of the Excel file.
They can easily generate metadata XML files by using the Excel macro, and can deposit their
metadata either in the Excel file or in the XML file


http://trace.ddbj.nig.ac.jp/DRAMetaChecker/contents/check.jsp
http://trace.ddbj.nig.ac.jp/DRAMetaChecker/contents/check.jsp

15 Biological Databases at DNA Data Bank of Japan 131

The checker displays detailed error, warning, and usage messages after the
validation process to help the submitter to correct their metadata accordingly by
themselves.

For data transfer, the submitter can use the FTP service of DDBJ or record the
data on a hard disk, and send it to DRA by a return-paid courier service. Once we
receive the data, our DRA team validates the contents, issues accession numbers to
the submitter and uploads the validated data to SRA by using Aspera (http://www.
asperasoft.com). The DRA team works closely with large-scale sequencing centers
to establish an automatic high-throughput submission pipeline between the centers
and DRA.

By using D-way, the submitters will be able to send their metadata, confirm the
status of the data processing and the accession numbers, specify the release date,
and view the submitted data by logging with their accounts. We will improve our
web submission system by integrating the validation and management of submis-
sion into a single system to make the submitters less demanding in the creation and
submission of the metadata files.

15.2.3 DDBJ Read Annotation Pipeline: An Analytical Tool
Jfor DRA

We are also developing a pipeline, the DDBJ Read Annotation Pipeline, by which
to process raw sequencing reads submitted to DRA and simultaneously generate
submission files for DDBJ and CIBEX, because the pipeline helps submitters to
analyze easily huge number of reads and submit processed data to DDBJ and
CIBEX in addition to submitting the raw data to DRA. The pipeline consists of
two parts, a basic and a high-level analysis part, as shown in Fig. 15.3. The basic
part processes mapping the reads on a given reference genome and de novo
assembly of the reads by using FASTQ file (sequence and quality) as an input,
and the high-level part combines the automatic and manual annotations of the reads
for SNP detection, expression tag counting, and others (Fig. 15.3). This pipeline has
the following three characteristics. First, it can generate submission files so that the
submitters can readily register the processed sequence data at DDBJ or processed
quantitative data at CIBEX, and add the mapping/assembly results as an Analysis
object to the DRA Submission object. Second, this pipeline can process millions of
reads efficiently and effectively on a CIB-DDBJ cluster computing system. Third,
users can select appropriate analytical tools from multiple candidates by manip-
ulating in graphical user interface only.

As a preliminary step of the development, analytical tools for SNP detection
have been implemented to the high-level analysis part. Currently, this pipeline has
the automatic annotation system only, but a manual annotation step is indispensable
to improve automatically annotated results [10]. To support this manual step, a user
support function will be added to the pipeline.
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Fig. 15.3 DDBJ Read Annotation Pipeline interconnects DRA, DDBJ, and CIBEX. The pipeline
processes the FASTQ and metadata files deposited in DRA as an input. In the basic analysis part,
the pipeline maps the reads on the reference genome and assembles the reads de novo. In the high
level analysis part, the pipeline performs sequence tag counting, and structural and functional
annotations by using results of the basic analysis. The resulting files can readily be submitted to
CIBEX (quantitative data) and DDBJ (annotated sequence data)

15.3 CIBEX

15.3.1 CIBEX: Array-Based Data

The DNA microarray technology was developed in the late 1990s [11] and is
widely used to measure gene expression levels, as the number of sequenced
genome increases. Microarray data were first stored in several databases in their
original formats, making it difficult to compare the results from different
experiments and platforms. To solve this problem and to improve data sharing
and usage by establishing a standard data presentation, MGED was organized at
EBI in 1999. In 2001, the MGED society published the first version of guideline
called MIAME [5]. At present, many scientific journals require the deposition of
MIAME-compliant microarray data to GEO, ArrayExpress, or CIBEX before the
publication of the relevant paper [7, 8]. As microarray technology is improved
and used in epigenetics, SNP and genomic variation studies, and others, the
three archives have extended their ranges to accommodate these functional
genomics data.

CIBEX has accepted and distributed microarray data compliant with MIAME
since 2004 [4]. The contents of the data are composed of the metadata and intensity
data. The metadata are given in a line-based simple text file format containing the
information about the contact, publication, experiment, microarray type, protocol,
sample, sample data relationship, data processing, and others, to enable users to
interpret the overall experiment and design. The data of microarray design, and raw
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and processed intensity data of hybridization results are provided in a tab-delimited
text file with a header describing each field. This simple, flexible text file format
allows the submitter to add any pieces of information by adding columns. CIBEX
has so far released over 1,800 hybridizations. Most data were submitted from Japan,
and the number of submissions to CIBEX steadily increases.

CIBEX provides a stand-alone submission tool so that the submitter can create a
MIAME-compliant submission file by simply entering pertinent information in
each field in the file and specifying the intensity data files, and send the submission
file to CIBEX online. CIBEX annotators then review the contents and if they find
no problems, a CIBEX accession number is issued with prefix “CBX.” On the
contrary, users can carry out keyword search against the metadata, view the list of
experiments and arrays, and download the search result in a tab-delimited text file
format.

15.3.2 CIBEX: Sequencing-Based Data

The next-generation sequencing platforms are gradually replacing the DNA micro-
array in measuring molecular abundance at the genomic level, because the new
platforms can count the molecules with much higher scale and accuracy without
cross-hybridization and background. To accommodate the data produced by the
new platforms or the ultra high-throughput sequencing (UHTS) data, the MGED
society has proposed the Minimum Information about a high-throughput Nucleo-
tide SEQuencing Experiment (MINSEQE) guideline for standardizing UHTS data
(http://www.mged.org/minseqe). GEO and ArrayExpress have started to accept
UHTS data in compliance with MINSEQE. CIBEX will soon follow them. As
next-generation sequencers are increasingly used to quantify molecules, researchers
submit their raw data to DRA and processed data to CIBEX. Both GEO and
ArrayExpress developed the submission brokering systems to SRA and ERA,
respectively. For example, if researchers submit two sets of submission files
(GEO metadata with processed data and SRA metadata with raw data) to GEO,
GEO automatically registers the raw data to SRA, and links both data by the GEO
and SRA accession numbers. CIB-DDBJ will develop a brokering system similar
to that of GEO’s for CIBEX and DRA. In addition, the DDBJ Read Annotation
Pipeline mentioned above will process DRA-registered raw data to sequence reads
with counts and transfer the processed data to CIBEX.

GEO, ArrayExpress, and CIBEX have not fully exchanged their data among
them. So far, ArrayExpress has imported Affymetrix and Agilent microarray data
from GEO [12]. However, GEO and ArrayExpress started to exchange their UHTS
data in 2009. The two databases also prepare for exchanging the microarray data by
mapping the GEO and ArrayExpress metadata. CIB-DDBJ has decided to join this
international collaboration to realize the world-wide data sharing of the quantitative
functional genomics data.
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15.4 Future Direction

We are now in the era of the next-generation ultra high-throughput technologies and
enjoy huge amounts of genomic scale data produced in many fields of life sciences.
As one of the three major public biological databases, we at CIB-DDBJ collect,
archive, and provide various kinds of the primary data in cooperation with the data
submitters and database users. In particular, we continuously run four primary
public databases, DDBJ, DDBJ Trace Archive (DTA), DDBJ Read Archive
(DRA), and CIBEX, in collaboration with NCBI and EBI. For data produced by
the traditional capillary-type sequencers, DTA, DDBJ and CIBEX have collected
the raw, processed sequence, and quantitative data, respectively. On the contrary,
for data produced by the next-generation platforms, DRA, DDBJ, and CIBEX
collect the raw, processed sequence, and quantitative data, respectively. Because
the UHTS data are huge in size, it is critical that the latter three databases are
interconnected by the DDBJ Read Annotation Pipeline that deals with both data
submission and analysis. Once the submitters input their raw instrument data with
DRA metadata into the pipeline, they will be able to obtain the processed data in file
formats that can be readily submitted to DDBJ and CIBEX.

One problem with the pipeline is due to the data formats of the three databases.
For historical reasons, the metadata formats of DDBJ (flat file), CIBEX (line-based
text file), and DRA (XML file) are different from one another. While some part
among the three databases is common, the other is database specific. Therefore, it is
desirable to have a system by which the metadata submitted in one of the three
databases are automatically transferred to the other two metadata. We will develop
such a conversion tool of the metadata formats among DDBJ, CIBEX, and DRA.

CIB-DDBJ has not been in international collaboration with GEO and Array-
Express, but will soon participate in it. CIB-DDBJ, EBI, and NCBI will together
construct public world-wide archives for raw and processed sequences and quanti-
tative UHTS data by data sharing to accelerate research in life sciences.

Acknowledgments We gratefully acknowledge the support of all members of CIB DDBIJ.
In particular, we thank Takako Mochizuki for constructing the pipeline. We also especially
thank Daisuke Fukuda, Keisuke Yamamoto, Wataru Kodachi, and Masahiro Fujimoto for DRA
development; Toshinori Yagi for the development of CIBEX; and Drs. Takashi Gojobori, Toshi
hisa Takagi, and Kousaku Okubo for their supports and understandings.

DDBJ is funded by the Ministry of Education, Culture, Sports, Science and Technology
(MEXT) of Japan with a management expenses grant for national university cooperation. The
DDBJ Read Archive and DDBJ Trace Archive are supported partially by the Integrated Database
Project (http://lifesciencedb.mext.go.jp/en) by MEXT and by the Institute for Bioinformatics
Research and Development, Japan Science and Technology Agency.

References

1. Tateno Y, Gojobori T (1997) DNA Data Bank of Japan in the age of information biology.
Nucleic Acids Res 25:14 17.


http://lifesciencedb.mext.go.jp/en

10.

11.

12.

Biological Databases at DNA Data Bank of Japan 135

. Sugawara H, Ikeo K, Fukuchi S, Gojobori T, Tateno Y (2009) DDBJ dealing with mass data

produced by the second generation sequencer. Nucleic Acids Res 37:D16 D18.

. Kaminuma E, Mashima J, Kodama Y, Gojobori T, Ogasawara O, Okubo K, Takagi T,

Nakamura Y (2010) DDBJ launches a new archive database with analytical tools for next
generation sequence data. Nucleic Acids Res 38:D33 D38.

. Ikeo K, Ishi i J, Tamura T, Gojobori T, Tateno Y (2003) CIBEX: center for information

biology gene expression database. C R Biol 326:1079 1082.

. Brazma A, Hingamp P, Quackenbush J, Sherlock G, Spellman P, Stoeckert C, Aach J, Ansorge

W, Ball CA, Causton HC, Gaasterland T, Glenisson P, Holstege FC, Kim IF, Markowitz V,
Matese JC, Parkinson H, Robinson A, Sarkans U, Schulze Kremer S, Stewart J, Taylor R, ViloJ,
Vingron M (2001) Minimum information about a microarray experiment (MIAME) toward
standards for microarray data. Nat Genet 29:365 371.

. Brunak S, Danchin A, Hattori M, Nakamura H, Shinozaki K, Matise T, Preuss D (2002)

Nucleotide sequence database policies. Science 298:1333.

. Editorial (2002) Microarray standards at last. Nature 419:323.
. Ball CA, Brazma A, Causon H, Chervitz S, Edgar R, Hingamp P, Matese JC, Parkinson H,

Quackenbush J, Ringwald M, Sansone, SA, Sherlock G, Spellman P, Stoeckert C, Tateno Y,
Taylor R, White J, Winegarden N (2004) Submission of microarray data to public repositories.
PLoS Biol 2:1276 1277.

. Ansorge WJ (2009) Next generation DNA sequencing techniques. Nat Biotechnol

25:195 203.

Sato S, Nakamura Y, Kaneko T, Asamizu E, Kato T, Nakao M, Sasamoto S, Watanabe A, Ono A,
Kawashima K, Fujishiro T, Katoh M, Kohara M, Kishida Y, Minami C, Nakayama S, Nakazaki
N, Shimizu Y, Shinpo S, Takahashi C, Wada T, Yamada M, Ohmido N, Hayashi M, Fukui K,
Baba T, Nakamichi T, Mori H, Tabata S (2008) Genome structure of the legume, Lotus
Jjaponicas. DNA Res 15:227 239.

Brown PO, Botstein D (1999) Exploring the new world of the genome with DNA microarrays.
Nat Genet 21:33 37.

Parkinson H, Kapushesky M, Kolesnikov N, Rustici G, Shojatalab M, Abeygunawardena N,
Berube H, Dylag M, Emam I, Farne A, Holloway E, Lukk M, Malone J, Mani R, Pilicheva E,
Rayner TF, Rezwan F, Sharma A, Williams E, Bradley XZ, Adamusiak T, Brandizi M, Burdett T,
Coulson R, Krestyaninova M, Kurnosov P, Maguire E, Neogi SG, Rocca Serra P, Sansone SA,
Sklyar N, Zhao M, Sarkans U, Brazma A (2009) ArrayExpress update from an archive of
functional genomics experiments to the atlas of gene expression. Nucleic Acids Res 37:
D868 D872.



Part I1
Microarray, Gene Expression Analysis, and
Gene Regulatory Networks



Chapter 16
Comparison of Microarray Preprocessing
Methods

K. Shakya, H.J. Ruskin, G. Kerr, M. Crane, and J. Becker

Abstract Data preprocessing in microarray technology is a crucial initial step
before data analysis is performed. Many preprocessing methods have been pro-
posed but none has proved to be ideal to date. Frequently, datasets are limited by
laboratory constraints so that the need is for guidelines on quality and robustness,
to inform further experimentation while data are yet restricted. In this paper, we
compared the performance of four popular methods, namely MASS, Li & Wong
pmonly (LWPM), Li & Wong subtractMM (LWMM), and Robust Multichip Average
(RMA). The comparison is based on the analysis carried out on sets of laboratory-
generated data from the Bioinformatics Lab, National Institute of Cellular Biotech-
nology (NICB), Dublin City University, Ireland. These experiments were designed
to examine the effect of Bromodeoxyuridine (5-bromo-2-deoxyuridine, BrdU)
treatment in deep lamellar keratoplasty (DLKP) cells. The methodology employed
is to assess dispersion across the replicates and analyze the false discovery rate.
From the dispersion analysis, we found that variability is reduced more effectively
by LWPM and RMA methods. From the false positive analysis, and for both
parametric and nonparametric approaches, LWMM is found to perform best.
Based on a complementary g-value analysis, LWMM approach again is the stron-
gest candidate. The indications are that, while LWMM is marginally less effective
than LWPM and RMA in terms of variance reduction, it has considerably improved
discrimination overall.
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16.1 Introduction

Microarray technology allows the monitoring of expression levels of thousands of
genes, simultaneously, which in turn helps to explore gene sequence information
and ultimately gene function(s). Since microarray gene expression data are char-
acterized by high dimensionality and noisiness, the initial steps of microarray
experiments are very crucial in terms of feeding “clean” data to the downstream
analysis, namely, identification of gene expression patterns.

An important initial step in microarray technology is data preprocessing. Pre-
processing removes systematic errors between arrays, introduced by labeling,
hybridization and scanning. Several such methods have been developed so far
[8], but this paper focuses on four popular methods which comprise basic tools
for much experimental work. These are: MASS (Microarray Suite version 5, core to
the Affymetrix system [4] providing instrument control, data acquisition and
analysis for the entire genechip platform) [5], two alternatives of the Li & Wong
method, Li & Wong pmonly (LWPM) and Li & Wong subtractMM (LWMM), and
Robust Multichip Average (RMA). RMA consists of three steps: a background
adjustment, quantile normalization, and finally summarization [2]. LWPM method
ignores the Mismatch probe intensities (MM) while LWMM uses the Perfect Match
(PM) MM value to adjust the nonspecific binding (NSB) during background
adjustment [15]. These methods are compared on the basis of dispersion across
replicates [2, 10] distinguished as explained in Sect. 16.2.1 and also in terms of false
discovery rates.

16.2 Materials and Methods

The dataset used for this comparison is laboratory-generated (experiments performed:
Bioinformatics Lab, National Institute of Cellular Biotechnology (NICB), Ireland).
The experiments were performed on Affymetrix GenechipTM, Human Genome
U133 set (HG-U133A) and were designed to investigate patterns of gene expression
changes in deep lamellar keratoplasty (DLKP) cells treated with thymidine analog
(5-bromo-2-deoxyuridine, BrdU), during three different periods, O (control), 3, and 7
days. For each time point, three microarrays were used [9]. The dataset is thus modest,
but typical of experiments targeted to exploratory analysis.

16.2.1 Dispersion Analysis

Dispersion analysis is used to assess the ability of each preprocessing method to
reduce systematic error introduced during the treatment stage. A method giving
large dispersion implies that, at the analysis stage, some genes are falsely declared



16 Comparison of Microarray Preprocessing Methods 141

to be differentially expressed, and vice versa. The approach is commonly based on
two precision criteria:

(i) The ability to minimize differences in pairwise comparisons between the arrays
of replicates: Theoretically, genes are not differentially expressed across repli-
cates, but should produce similar values. MA-plots [12] are used here for
pairwise comparisons, as these conveniently illustrate the distribution of inten-
sity values and log ratios and can give a quick overview of the data. In MA-
plots, methods which minimize the distance between the loess curve [3] and the
M = 0 line are considered optimal, as a gene is less likely to be falsely declared
as differentially expressed in such cases. The four preprocessing methods were
applied to the datasets for comparison using this criterion. For each of the four
methods, nine MA-plots were produced, (for three replicates at three time
points). The absolute distance between the line M = 0 and the loess curve
was measured for every intensity. Finally, the mean was calculated for each
intensity across the nine comparisons. The loess function becomes prohibi-
tively time consuming for datasets corresponding to more than 20,000 probes,
and it was not possible to include all 506,944 probes on the array used in
experiment. Hence, we chose to apply the process for ten random samples of
5,000 probes each, and then to calculate the mean of the ten vectors. The final
mean vector was found to be almost the same for the ten random samples,
which argues for good consistency. Averaging over a number of samples also
improved reliability even though excessive smoothing can obscure finer
details.

(i) The precision of the expression measures, estimated by the standard deviation
across the replicates: After preprocessing, most noise would be removed from
the data, and the biological replicates should have similar values. Thus, for a
given method, high residual standard deviation across the replicates (for each
gene, and/or time point) implies poor reliability. The following process was
applied: for each method and gene, at each time point, the standard deviation
and the mean were calculated across the replicates. To investigate the behavior
of the standard deviation of the mean, a loess curve based on these calculated
values was fitted in order to visualize the trend in the data.

16.2.2 False Positive Analysis

Microarray experiments measure expression values of thousands of genes simulta-
neously. Many of these are not in fact expressed, but repeated statistical testing at
levels of significance (o0 ~ 0.05) can lead to a large number of false positives. The
number of false positives generated after preprocessing is used as a second criterion
for comparison and measures the specificity of the preprocessing technique.
Procedures of testing for similar levels of expression between any two genes
may be either parametric or nonparametric with use typically dependent on sample
size. With a smaller number of replicates, the assumption of normality is less
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robust. A nonparametric approach such as Wilcoxon [11] or Mann Whitney, while
not reliant on distributional assumptions of sample measurements, has less ability to
distinguish between methods and a larger number of replicates are desirable. In a
typical laboratory investigation, practical restrictions can apply so that frequently
the approach is to perform complementary analysis as an internal checking proce-
dure. Consequently, some reliance is placed on the ability of preprocessing techni-
ques to detect poor quality results.

In the work presented here, false positive analysis is based on FWER and FDR
measures. The family-wise error rate (FWER) [10] is defined as the probability of
occurrence of at least one false positive (V) over all true null hypotheses (corre-
sponds to no relationship between gene expression measurement and response
variable). Thus,

FWER = pr(V > 0) (16.1)

The one-step Bonferroni method [5], together with the sequential Westfall &
Young (maxT) adjusted p-value method [14], were used to estimate the FWER
statistics. The advantage of the latter is that it takes the dependence structure
between genes into account, giving improved power in many cases (e.g., where
there is positive dependence between genes).

The false discovery rate (FDR), is an alternative and less stringent concept of
error control, which is defined to be the expected proportion of erroneously rejected
null hypotheses (Type I errors) among all those rejected.

FDR = E[V/R|R > 0] Pr (R >0) (16.2)

Controlling the FDR is desirable, since the quantity controlled is more directly
relevant than that for the FWER (i.e., statistical power is improved for the former).

False-positive analysis was carried out, using libraries available with the R
“Bioconductor” software: multtest and g-value. The multtest package implements
multiple testing procedures for controlling different Type I error rates, for FWER
and FDR. For our analysis, the procedures used to control FWER and FDR were
(a) Bonferroni and maxT and proc-2 correction [1].

The pFDR [13] is the expected proportion of Type I error among the rejected
hypotheses when the number of rejected hypotheses is strictly positive.

pFDR = E(V/R|R > 0) (16.3)
The pFDR can be interpreted in Bayesian terms. If we wish to perform m
identical tests of a null hypothesis vs an alternative hypothesis based on the

statistics Ty, T», ... ,T,,, for a given significance region I',

pFDR(T) = E[V(T')/R(T')|R(T) > 0] (16.4)
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Associated with the pFDR, an adjusted p-value known as the g-value is defined.
The g-value gives each hypothesis test a significance in terms of a given error rate.
It measures the minimum false discovery rate that is incurred when the test result is
deemed significant. For an observed statistic T = ¢, the g-value of ¢ is:

value(f) = inf pFDR(T, 16.5
g-value(t) (rinf P (Ty) (16.5)

where {I',} is the set of nested rejection regions.

Equation (16.5) indicates that the g-value is a measure of the strength of an
observed statistic, with respect to pFDR; it is the minimum pFDR that can occur
when rejecting a statistic with value ¢ for the set of nested significance regions.
Thus, it relates to false discovery rate.

The g-value module of Bioconductor has been used here for pFDR analysis, for
both parametric and nonparametric estimation. The g-value package functions
permit computation and presentation of g-values for multiple comparison features.

16.3 Results

16.3.1 Dispersion Analysis

Figure 16.1a illustrates the results of analysis for the minimization of differences
across replicates (criterion (i), Sect. 16.2.1). Both the RMA and LWPM methods
perform better than MASS and LWMM in which they minimize the variability
around the M = 0 line and show potential for relatively few genes to be falsely
declared as differentially expressed. The same hierarchy of performance across
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Fig. 16.1 (a, b) Comparison of the four preprocessing methods based on the two dispersion
criteria
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these methods is found in Fig. 16.1b, corresponding to the analysis under criterion
(i), Sect 16.2.1, and also in Fig. 16.2. Better performing methods both use the PM
Correction, which may explain the effect observed.

To obtain a numerical estimate of the relative precision, linear models were
fitted between replicates, (three pairwise comparisons between the three replicates),
for each time point and for each method. From the 36 R? values obtained,
an average was taken of the three values for each method and each time point.
In Table 16.1, these values are summarized by averaging over time points and
methods (mean row). Again, RMA and LWPM have the highest R? values, indicat-
ing that the amount of variation explained is higher compared to other methods and
implying better reproducibility and precision. This is a crude measure of goodness
of fit, but acts as our indicator of relative reliability.

16.3.2 False Positive Analysis

16.3.2.1 Multtest Results

Using the multtest library, analysis was performed on the number of rejected
hypotheses as a function of the adjusted p-value, (calculated according to equations,
Sect. 16.2.2). The objective is to highlight those preprocessing methods that have a
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Fig.16.2 Plot of the three replicates on the x, y, z axis for the four methods of Table 16.1. Note the
high variability of differentially expressed genes for (a) and to a lesser extent for (b)

Table 16.1 Average R? associated with each time point and each method

Sample MAS LWPM LWMM RMA

Time 1 0.9265326 0.9904766 0.9724816 0.9952248
Time 3 0.9165260 0.9857380 0.9603595 0.9930388
Time 7 0.9080216 0.9649691 0.9434947 0.9850423

Mean 0.9170267 0.9803946 0.9587786 0.9911020
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minimum number of false positives for a given number of differentially expressed
genes, that is, to find those methods, which have a high number of differentially
expressed genes for a large adjusted p-value range.

The number of rejected hypotheses is larger for the FDR method as compared to
the FWER (Fig. 16.3), in agreement with the view that the FWER criterion is more
conservative than the FDR. Nevertheless, better discrimination between preproces-
sing methods is achieved for the FWER criterion, with RMA and LWMM able to
identify considerably more differentially expressed genes than MASS and LWPM
for a given adjusted p-value. For FDR procedures, LWMM is slightly improved,
whereas LWPM performs slightly worse. Curves for MASS and RMA overlap over
partial ranges so that real differences between methods are small.

Comparing the results of parametric and nonparametric approaches showed that
Wilcoxon + MaxT correction and Wilcoxon + Bonferroni correction (FWER crite-
rion) produced the same shape curves. Similarly, Wilcoxon + BH and Wilcoxon +
Proc_2 (FDR criterion). In general, the nonparametric approach is unsatisfactory in
terms of discrimination, especially for the FWER criterion, as all preprocessing
methods produce similar curves. For the two FDR procedures, LWMM is slightly
improved, whereas RMA, which performed well in parametric analyses, is slightly
worse. Given the closeness of the curves, however, the difference is not marked.

Summary Results of False Positive Analyses

Figure 16.4 summarizes the results of the false positive correction procedures,
Sect. 16.3.2.1. For each of the four false positive correction procedures, (two for
each of FWER and FDR) and for each p-value, the four values (number of rejected
hypotheses, corresponding to the four preprocessing methods), are divided by the
largest of these so that hierarchy and relative variation between the four are pre-
served (normalization). Then for each p-value, and for each of the four preproces-
sing methods, the normalized values (for four positive-correction approaches) are
averaged. This mean value is used to plot mean percentage of the best value for the
four false positive correction procedures vs adjusted p-value.

a
Parametric+Bonferroni Correction b Parametric + BH Correction
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Fig. 16.3 Parametric approach
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Fig. 16.4 Summarization of false positive correction procedures with (a) the parametric approach
and (b) the nonparametric approach

Summary results are shown in Fig. 16.4a for parametric and Fig. 16.4b for
nonparametric approaches. Based on these, LWMM outperforms the other prepro-
cessing methods for 0.2 < p < 1 and, somewhat surprisingly, for very low p-value
0 < p < 0.045 for the parametric approach, and for 0.06 < p < 1 for non-para-
metric approach: (LWMM performance is distinctly improved here). For midrange
0.045 < p < 0.2, RMA outperformed LWMM in the parametric case. The best
preprocessing method is indeterminate, however, for 0 < p < 0.06 (nonparametric).
The 0.06 threshold here is possibly due to the low number of replicates for the
Wilcoxon test.

16.3.2.2 Results Based on ¢-Value Library

The g-value library of Bioconductor was used to estimate pFDR (Storey 2008).
Results are similar to those for the multtest library in both parametric and nonpara-
metric cases. All four preprocessing methods give similar shaped curves; however,
LWMM and RMA performed best for 0 < ¢ < 0.6 and g > 0.6, respectively (para-
metric case). For the nonparametric, LWMM was best across all g-values, implying
that a higher number of differentially expressed genes are captured.

16.4 Conclusion

An analysis of four different microarray preprocessing methods, namely, MASS,
LWPM, LWMM, and RMA, was performed with respect to their dispersion and false
positive analysis. Dispersion comparisons indicate that technical variability is
addressed more effectively by LWPM and RMA methods: (supported by the results
of the fitted linear model and R?, Coefficient of determination measures).
Comparison of false positive rates in ranges 0.045 < p < 0.2 and p > 0.2
indicates RMA and LWMM, respectively, performed best (parametric case).
LWMM also outperformed other methods, 0 < p < 0.045 (possibly due to small
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sample size). For 0 < p < 0.06 (non-parametric), all methods performed equiva-
lently well with LWMM for p > 0.06. In g-value tests for pFDR analysis, LWMM
outperformed RMA (for nonparametric and 0 < g < 0.06, parametric), supporting
previous analyses.

Given that sample size is relatively small for these data, that is methods are less
robust for small p, results of false positive analysis indicate LWMM to be the best
preprocessing method. Based on dispersion analysis results, LWPM outperformed
other methods. While the choice of method may depend on analysis purpose,
these control the two very relevant experimental criteria (not necessarily of equal
importance in an investigation) so that one is typically preferred. Consequently,
results presented here, even for modest-sized dataset, do provide some distinct
guidelines on preprocessing method choice for microarray data.
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Chapter 17

A Robust Ensemble Classification Method
Analysis

Zhongwei Zhang, Jiuyong Li, Hong Hu, and Hong Zhou

Abstract Apart from the dimensionality problem, the uncertainty of Microarray data
quality is another major challenge of Microarray classification. Microarray data
contain various levels of noise and quite often high levels of noise, and these
data lead to unreliable and low accuracy analysis as well as high dimensionality
problem. In this paper, we propose a new Microarray data classification method,
based on diversified multiple trees. The new method contains features that (1) make
most use of the information from the abundant genes in the Microarray data and
(2) use a unique diversity measurement in the ensemble decision committee. The
experimental results show that the proposed classification method (DMDT) and
the well-known method (CS4), which diversifies trees by using distinct tree roots,
are more accurate on average than other well-known ensemble methods, including
Bagging, Boosting, and Random Forests. The experiments also indicate that using
diversity measurement of DMDT improves the classification accuracy of ensemble
classification on Microarray data.

Keywords Classification methods - CS4 - Diversified multiple trees - Diversity
measurement - Microarray classification - Microarray data

17.1 Introduction

The primary purpose of Microarray data classification is to build a classifier from
the classified historical Microarray data, and then use the classifier to classify
future incoming data or predict the future trend of data. Due to the advent of DNA
Microarray technology, vast amount of DNA microarray datasets has been widely
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available for Microarray data classification. However, as a new technology,
Microarrays present the following new statistical problems to the Microarray
data classification:

1. Curse of dimensionality problem. Microarray data contain a huge number
of genes with small number of samples and this problem has prevented
many existing classification systems from direct dealing with this type of
databases.

2. Robustness problem. In addition, DNA Microarray database contains high level
of noise, irrelevant and redundant data, which will lead to unreliable and low
accuracy of analysis. Most of the current systems are not robust enough to
handle these types of data properly.

Ensemble decision tree classification methods [4, 6] have shown promise for
achieving higher classification accuracy than single classifier classification method,
such as C4.5 [8]. The essence of ensemble methods is to create diversified classi-
fiers in the decision committee. Aggregating decisions from diversified classifiers is
an effective way to reduce bias existing in individual trees. However, if the
classifiers in the committee are not unique, the committee has to be very large to
create certain diversity in the committee.

Up to date, all ensemble decision tree methods have been designed with
diversity in mind [1, 9]. However, among those methods, most of them, such as
Boosting and Bagging, do not guarantee that each ensemble decision tree in the
committee is different from outputs, namely identical trees and overlapping genes
are not prohibited from an ensemble committee. Identical trees decrease the
diversity of an ensemble committee, and noise in one gene may affect a number
of ensemble decision trees; the noise will ultimately affect the reliability of
Microarray classification. Therefore, committees built on these methods may
not be as effective as a committee that contains no identical trees and overlapping
genes.

A quick fix to improve diversity in the ensemble decision tree committee is to
include a set of diversified decision trees with no overlapping genes. If classifiers in
the ensemble decision tree committee are not guaranteed to be different from each
other, the committee must be very large, in order to create certain diversity in the
committee. This behooves us to pay special attention while designing our algo-
rithm. One concern for such a split is that it might break down some attribute
combinations that are good for classification. However, an apparent benefit of such
trees is that a noise attribute cannot affect more than one tree in the committee.
Considering that Microarray data normally contain much noise and many missing
values, the idea of using diversified trees with no overlapping genes may provide a
better solution.

The rest of this chapter is organized as follows. In Sect. 2, we discuss the
measurement of diversity. In Sect. 3, we introduce our diversified multiple decision
tree algorithm (DMDT). In Sect. 4, we show our experimental results. In Sect. 5, we
conclude the paper.
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17.2 Measurement of Diversity

All ensemble decision tree classification methods generate a set of decision trees to
form a committee. Due to the different approaches applied to generate the commit-
tee, the decision trees in the final ensemble committee could be diverse from each
other in certain ways. In the past decades, measuring diversity has become a very
important issue in the research of Microarray ensemble classification methods
[1,5,9].

Measuring outputs is a most natural way to measure the diversity of ensemble
classifiers [1]. The output from measuring the classifiers in a committee may give a
result of total different, partially different, or identical classifiers. If the classifiers in
a committee are all identical, we can say that these classifiers are not diversified;
if the classifiers are partially different, we can say that they are diversified. When
the classifiers are totally different or unique to each other, we say that the classifiers
are maximally diversified.

Many statistical diversity measures are also available, such as diversity of errors
[1, 2, 7], and pairwise and non-pairwise diversity measures [1, 5, 9]. It is desirable
if every classifier in an ensemble committee can agree on most samples that are
predicted correctly. At the same time, we also expect that they do not make the
same incorrect predictions on testing samples. Those methods are also very impor-
tant measurements of diversity, because if their errors were correlated, classifica-
tion prediction would not lead to any performance gain by combining them.

The approach of measuring diversity based on statistical methods has drawbacks.
There is a lack of robustness consideration in Microarray classification in terms of
incorrect and missing data values. Identical trees are excluded from the ensemble
committee since they are not helpful in improving the prediction accuracy of classifi-
cation. However, this measurement allows overlapping genes among diversified trees.
Overlapping genes are a problem for reliable Microarray data classification.

In our proposed method, diversity is measured by the difference of outputs for
Microarray data classification problems. The degree of diversity is dependent on
how many overlapping genes are included between the decision trees of an ensem-
ble committee.

Definition 1 (Degree of diversity) Given a data set D with n attributes,
A ={artty,---,att,}; C is an ensemble decision tree committee with k(k>1)
individual decision trees generated from D, C = {c1,---,c}; ¢; € C and ¢c; € C
are any single decision trees; c; contains a set of attributes A, = {att | att € A} and
A, = {att|att € A};

Let |A., N A.,| = the number of elements contained in A, N A, and |A., UA.,| =
the number of elements contained in A, U A,. Then the degree of diversity between
¢; and c; is
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When an ensemble committee contains only decision trees which have totally
different outputs, or unique trees with no overlapping genes, we say that the
ensemble committee is maximally diversified. According to Definition 1, DD = 1
for the unique decision trees.

Definition 2 (Unique decision trees) c¢; and c; are called unique decision trees
l.fA(;,. ﬂAc,' = d)

We say an ensemble decision tree classification method has greater diversity
when its decision trees have a higher degree of different outputs with less
overlapping genes. It is clear that diversified decision trees have a DD value
between O and 1.

Definition 3 (Diversified decision trees) [fA., # A., and A., N A, # &, then c; and
cj are called diversified decision trees.

Similarly, if all decision trees in an ensemble decision tree committee are
identical, the degree of its diversity would be 0.

Definition 4 (Identical decision trees) We call ¢; and c; are identical decision trees
ifA, = A

17.3 Diversified Multiple Decision Trees Algorithm

We design a diversified multiple decision tree (DMDT) algorithm to deal with the
problems of Microarray classification, namely, small samples versus high dim-
ensions and noisy data. DMDT aims to improve the accuracy and robustness of
ensemble decision tree methods. In our proposed algorithm, we avoid the over-
lapping genes among alternative trees during the tree construction stage. DMDT
guarantees that the constructed trees are truly unique and maximizes the diversity of
the final classifiers. Our DMDT algorithm is presented in Algorithm 1. The DMDT
algorithm consists of the following two steps.

17.3.1 Tree Construction

The main idea is to construct multiple decision trees by re-sampling genes.
All trees are built on all of the samples but with different sets of genes. We conduct
re-sampling data in a systematic way. First, all samples with all genes are used to
build the first decision tree. The decision tree is built using the C4.5 algorithm.
After the decision tree is built, the used genes appearing in the decision tree are
removed from the data. All samples with the remaining genes are used to build
the second decision tree. Then the used genes are removed and so on. This process
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repeats until the number of trees reaches a preset number. As a result, all trees are
unique and do not share common genes.

Algorithm 1: Diversified multiple decision trees algorithm (DMDT).

1. TREECONSTRUCTION (D, T, DD, n)

INPUT: A Microarray dataset D , the degree of diversity DD and the number
of trees 7.

OUTPUT: A set of disjointed trees T
let F=¢

let DD =1

for i=0fon—1 do

call C4.5 to build tree 7. on D ;

T
remove genes used in 7; from D;
T=TUT.
endfor
Output T;
2. CLASSIFICATION( T, x , )

INPUT: A set of trained trees 7T, a test sample x , and the number of trees 7 .
OUTPUT: A class label of x

let vote(i) = 0, where i =1 fo ¢ = the number of classes.
for j=1t0ndo

let ¢ be the class outputted by 7 ;

vote(c) = vote(c) x accuracy(T);

endfor
Output ¢ that maximizes vote(c);

17.3.2 Classification

Since the k th tree has only used the genes that have not been selected by the
previously created k — ltrees, the quality of the k th tree might be decreased.
To fix this problem, we take a vote approach; that is to say, the final predicted
class of an unseen sample is determined by the weighted votes from all con-
structed trees. Each tree is given the weight of its training classification accuracy
rate. When the vote is a tie, the class predicted by the first tree is preferred. Since
all trees are built on the original data set, all trees are accountable on all samples.
This avoids the unreliability of voting caused by sampling a small data set. Since
all trees make use of different sets of genes, the trees are independent. This adds
another merit to this diversified committee. One gene containing noise or missing
values affects only one tree, and not multiple trees. Therefore, it is expected to be
more reliable in Microarray data classification where noise and missing values
prevail.
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17.4 Experimental Results and Discussion

In this section, we first present the accuracy of individual methods and the average
prediction accuracy of the six methods [3, 4], which are all based on the tenfold
validation technique [6, 10, 11]. Table 17.1 shows the individual and average
accuracy results of the six methods based on the tenfold cross-validation method.

Our DMDT outperforms other ensemble methods. For instance, compared to the
single decision tree, DMDT is a more favorable ensemble method and outperforms
C4.5 by 10.0% on average.

From Table 17.1, we notice that CS4 also performs very well and improves the
accuracy by 8.4% on average. Random Forests, AdaBoost C4.5, and Bagging C4.5
improve the accuracy on average by up to 4.3%. More specifically,

1. among the five ensemble methods used in our experiments, DMDT turns to be
the most favorable classification algorithm with the highest accuracy, which
improves the accuracy of classification on all cancer data sets by up to 26.7%.

2. CS4 is comparable to DMDT in the test which improves the accuracy of

classification on all data sets by up to 17.4%.

. Bagging C4.5 also outperforms C4.5 on all data sets by up to 9.6%.

4. Random Forests improves the accuracy on lung cancer, lymphoma, leukemia,
and prostate data sets by up to 19.1%, but fails to improve the accuracy on breast
cancer, colon, and ovarian data sets. AdaBoost C4.5 can only improve the
accuracy on Lung cancer, lymphoma, and leukemia, and decreases the accuracy
performance on the breast cancer and colon data sets.

(98]

It is interesting to see that traditional ensemble decision tree algorithms do not
always outperform a single tree algorithm. This is because the traditional ensemble
methods assume that a training data set has a large number of samples with small
numbers of attributes. As a result, the re-sampled data set is only slightly different
from the original data set. The trees constructed on these re-sampled data are still
reliable. However, in Microarray data analysis, the problem that we are facing is
completely the opposite: a small number of samples with large numbers of attri-
butes (genes). As most Microarray data contain less than 200 samples, a slight
change of samples may cause a dramatic structural change in the training data set.
The trees constructed on such unreliable data sets are more likely to lead to higher

Table 17.1 Average accuracy of five data sets with six classification algorithms

Data set C4.5 Random AdaBoost Bagging CS4 DMDT
Forests C4.5 C4.5

Breast 62.9 61.9 61.9 66.0 68.0 64.3
cancer

Lung 95.0 98.3 96.1 97.2 98.9 98.9
cancer

Lymphoma 78.7 80.9 85.1 85.1 91.5 94.1

Leukemia 79.2 86.1 87.5 86.1 98.6 97.5

Colon 82.3 75.8 71.4 82.3 82.3 85.8

Average 79.62 80.6 81.6 83.3 87.9 88
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risk of the problem of unreliability. This risk affects the performance of classifica-
tion. In contrast, DMDT, and CS4 are designed specially for Microarray data
analysis. DMDT keeps the alternative trees using all available samples in order to
minimize the impact of the unreliability problem.

17.5 Conclusions

In this chapter, we studied the concept of diversity measurement in ensemble
classifiers. We then proposed an algorithm that diversifies trees in the ensemble
decision tree committee. We conducted experiments on six Microarray cancer data
sets. We conclude that the proposed DMDT performs the best among all algorithms
used in the experiments. DMDT is more resistant to the noise data while it has the
highest classification accuracy rate. From the robustness point of view, Random
Forests is comparable to DMDT and outperforms other compared algorithms.
Without increase in the noise data level, CS4 is comparable to DMDT. However,
its performance decreases while comparing with DMDT when the noise level
increases in the training and test data.
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Chapter 18
k-NN for the Classification of Human Cancer
Samples Using the Gene Expression Profiles

Manuel Martin-Merino

Abstract The k-Nearest Neighbor (k-NN) classifier has been applied to the identi-
fication of cancer samples using the gene expression profiles with encouraging
results. However, the performance of k-NN depends strongly on the distance
considered to evaluate the sample proximities. Besides, the choice of a good
dissimilarity is a difficult task and depends on the problem at hand. In this chapter,
we introduce a method to learn the metric from the data to improve the k-NN
classifier. To this aim, we consider a regularized version of the kernel alignment
algorithm that incorporates a term that penalizes the complexity of the family of
distances avoiding overfitting. The error function is optimized using a semidefinite
programming approach (SDP). The method proposed has been applied to the
challenging problem of cancer identification using the gene expression profiles.
Kernel alignment k-NN outperforms other metric learning strategies and improves
the classical k-NN algorithm.

Keywords Metric learning - Combination of dissimilarities - Multiple kernel
learning - Microarrays

18.1 Introduction

The k-Nearest Neighbor (k-NN) classifier has been widely applied to the identifica-
tion of cancer samples using the gene expression profiles. However, k-NN relies
strongly on the distance considered to evaluate the object proximities. The choice of
a dissimilarity that reflects accurately the proximities among the sample profiles is a
difficult task and depends on the problem at hand. Moreover, there is no optimal
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dissimilarity in the sense that each dissimilarity reflects different features of
the data and misclassifies frequently a different subset of patterns [2]. Therefore,
different dissimilarities should be integrated in order to reduce the misclassification
eITorS.

In this paper, we propose a method to combine a set of heterogeneous dissi-
milarities that reflect different features of the data. To this aim, a linear combination
of dissimilarities is learnt considering the relation between kernels and distances.
Each dissimilarity is embedded in a feature space using the Empirical Kernel Map
[5]. Next, learning the dissimilarity is equivalent to optimize the weights of the
linear combination of kernels. The combination of kernels is learnt in the literature
[1, 3] maximizing the alignment between the input kernel and an idealized kernel.
However, this error function does not take into account the generalization ability of
the classifier and is prone to overfitting.

Our approach considers a regularized version of the kernel alignment proposed
by [1]. The linear combination of kernels is learnt in a Hyper Reproducing Kernel
Hilbert Space (HRKHS) following the approach of hyperkernels proposed in [8].
This formalism that exhibits a strong theoretical foundation is less sensitive to
overfitting, and allows us to work with infinite families of distances.

The algorithm has been applied to the identification of human cancer samples
using the gene expression profiles with remarkable results.

18.2 Metric Learning Using Regularized Kernel Alignment

To incorporate a linear combination of dissimilarities into k-NN, we follow the
approach of hyperkernels developed by [8]. To this aim, each distance is embedded
in a RKHS via the Empirical Kernel Map (see ref. [5] for details). Next, a
regularized version of the alignment that incorporates a L,-penalty over the com-
plexity of the family of distances considered is introduced. The solution to this
regularized quality functional is searched in an HRKHS. This allows to minimize
the quality functional using a semidefinite programming approach (SDP).

Let X = {x1,x2,..., X, and Y = {y1,y2,...,Vm} be a finite sample of training
patterns, where y; € {—1,+1}. Let K be a family of semidefinite positive kernels.
Our goal is to learn a kernel of dissimilarities [5] k& € K that represents the
combination of dissimilarities and that minimizes the empirical quality functional
defined by:

y'Ky

Qlisn(K X, ¥) =1 —AK,X,Y) =1 - —""—"—
b ( ) ( ) m [ Kllr

(18.1)

where K is the input kernel matrix and A(K,X,Y) is the empirical alignment
between the input kernel matrix K and an ideal kernel matrix y’y. The empirical
alignment has been introduced in [1] and evaluates the similarity between kernels.
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However, if the family of kernels K is complex enough, it is possible to find
a kernel that achieves training error equal to zero overfitting the data. To avoid
this problem, we introduce a term that penalizes the kernel complexity in an
HRKHS [8].

The quality functional optimized by the regularized kernel alignment can be
written as:

; A
Oreg (k,X,Y) = Q" (K X Y) + 7‘2 k112, (18.2)
where || ||y is the L, norm defined in the HRKHS generated by the hyperkernel k.
Ao is a regularization parameter that controls the complexity of the resulting kernel.
By the Representer Theorem [8], the kernel £ that minimizes (18.2) can be written
as a linear combination of hyperkernels.

k() = Bik((xi, ), (x,x)) (18.3)
ij=1

However, we are only interested in solutions that give rise to positive semide-
finite kernels. The following condition over the hyperkernels [8] allow us to
guarantee that the solution is a positive semidefinite kernel.

Given a hyperkernel k with elements such that for any fixed x € X, the function
k(xp,x4) = k(x, (xp,%,)) with x,, x, € X is a positive semidefinite kernel and
B > Oforalli, j=1,...,m, then the kernel

k(xp, xg) = > Byk(xi, X, %, Xg) (18.4)
ij=1

is positive semidefinite.

Now, we address the problem of combining a finite set of dissimilarities. As
we mentioned earlier, each dissimilarity can be represented by a kernel using the
Empirical Kernel Map. Next, the hyperkernel is defined as:

Krx) = 3 ek k() (18.5)
i=1

where each k; is a positive semidefinite kernel of dissimilarities, ¢; is a constant
> 0, and n is the number of dissimilarities.

Now, we show that k is a valid hyperkernel: First, k is a kernel because it can be
written as a dot product (@(x), @(x')), where

D(x) = (Verki(x), verka(x), .. /enkn (X)) (18.6)
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Next, the resulting kernel (18.4) is positive semidefinite because for all
X, k(x, (xp,%,)) is a positive semidefinite kernel and f3; can be constrained to be
> 0. Besides, the linear combination of kernels is a kernel and therefore is positive
semidefinite. Notice that k(x, (x,,x,)) is positive semidefinite if ¢; > 0 and &; is
pointwise positive for training data. Both Laplacian and multiquadratic kernels
verify this condition.

Finally, we show that the resulting kernel is a linear combination of the original
k;. Substituting the expression of the hyperkernel (18.5) in (18.4), the kernel is
written as:

k(xp,x4) = Z lc; Z ﬁ,jkl(x,-,xj)] ki(xp,x4) (18.7)

=1 ij=1

The previous approach can be extended to an infinite family of distances. In
this case, the space that generates the kernel is infinite dimensional. Therefore, in
order to work in this space, it is necessary to define a hyperkernel and to optimize
itusing a HRKHS. Let k be a kernel of dissimilarities. The hyperkernel is defined as
follows [8]:

k(x, ) = ci(k()k(x))". (18.8)
i=0
where ¢; > 0andi = 0, ..., c0. In this case, the nonlinear transformation to feature

space is infinite dimensional. Particularly, we consider all powers of the original
kernels that are equivalent to transform nonlinearly the original dissimilarities.

D(x) = (Verk(x), ek (x), ..., y/euk" (x)) (18.9)

where n is the dimensionality of the space which is infinite in this case.

As for the finite family, it can be easily shown that k is a valid hyperkernel
provided that the kernels considered are pointwise positive. The inverse multi-
quadratic and Laplacian kernels satisfy this condition. Evaluating the infinite sum,
we can get an expression for the harmonic hyperkernel k(x,x') = (1— 1)/
(1 = Apk(x)k(x)) [8], where 4, is a regularization parameter in the interval (0, 1).

18.2.1 Kernel Alignment K-NN

We start with some notation that is used in the kernel alignment algorithm. For
p,q,.r €R",n € N,letr = p o g be defined as element by element multiplication,
r; = p; X q;. Define the hyperkernel Gram matrix K by K,;,, = k((xi,x;), (X, X)),
the kernel matrix K = reshape (K f8)(reshaping an m? by 1 vector, Kf3, to an m x m
matrix), where f§ are the linear coefficients in (18.3) that allow us to compute the
kernel as a linear combination of hyperkernels. Finally, 1 is a vector of ones.
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The optimization of the regularized quality functional (18.2) for the kernel
alignment in a HRKHS can be written as:

A
Tég mﬁln y'Ky + TQﬁTK,B (18.10)
subjectto >0 (18.11)

where we have considered that fo,’,’;," = y'Ky and according to the representer
theorem || k ||= p"Kp. K denotes the hyperkernel matrix of dimension m? x m?
and A is a regularization parameter that controls the complexity of the family of
kernels considered. The constraint § > 0 guarantees that the resulting kernel is
positive semidefinite.

The optimization problem (18.10) can be easily solved using a SDP approach:

1 2o
in  —t +—t 18.12
min- 3 1+ h ( )
subjectto >0 (18.13)
1
| KB I< 17 =1 (18.14)
K 'y
>0 18.15
[yT l1] > ( )

Once the kernel is learnt, the first k-NN are identified considering that the
Euclidean distance in feature space can be written exclusively in terms of kernel
evaluations:

df(x,-,xj) = k(xhx,-) + k(Xj,Xj) — 2k(xi,xj) (1816)

where k is the kernel of dissimilarities learnt by the regularized kernel alignment
algorithm introduced previously.

18.3 Experimental Results

The algorithms proposed have been applied to the identification of several human
cancer samples using microarray gene expression data.

The first dataset [7] consists of frozen tumor specimens from newly diagnosed,
previously untreated Mediastinal large B-cell Lymphoma (MLBCL) patients
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(34 samples) and Diffuse large B-cell lymphoma (DLBCL) patients (176 samples).
The second problem compares primary cancers that have not spread beyond the
breast to those who have metastasized to axillary lymph nodes at the time of
diagnosis. We identified tumors as “reported negative” (24) when no positive
lymph nodes were discovered and “reported positive” (25) for tumors with at
least three identifiably positive nodes [10]. The third dataset [6] consists of 60
samples containing 39 medulloblastoma survivors and 21 treatment failures. All
the datasets have been standardized subtracting the median and dividing the inter-
quantile range. The rescaling were performed based only on the training set to
avoid bias.

To assure a honest evaluation of all the classifiers, we have performed a double
loop of cross-validation [2]. The performance of the classifiers has been evaluated
considering the proportion of samples misclassified to estimate the optimal para-
meters avoiding overfitting. The stratified variant of cross-validation keeps the
same proportion of patterns for each class in training and test sets. This is necessary
in our problem because the class proportions are not equal.

Regarding the value of the parameters, ¢; = 1/n for the finite family of dis-
tances, where 7 is the number of dissimilarities that is fixed to 6 in this paper. The
regularization parameter 4o = 1 gives good experimental results for all the pro-
blems considered. Finally, for the infinite family of dissimilarities, the regulariza-
tion parameter 4, in the harmonic hyperkernel has been set up to 0.6 which gives an
adequate coverage of various kernel widths. Smaller values emphasize only wide
kernels. All the base kernel of dissimilarities have been normalized so that they
have the same scale. Three different kernels have been considered, linear, inverse
multiquadratic, and Laplacian.

The optimal values for the kernel parameters, the number of genes and the
nearest neighbors considered have been set up by cross-validation using a grid
search strategy.

We have compared with the Lanckriet formalism [4] that allows us to incorpo-
rate a linear combination of dissimilarities into the SVM considering the connection
between kernels and dissimilarities, the Large Margin Nearest Neighbor algorithm
[9] that learns a Mahalanobis metric maximizing the k-NN margin in input space
and the classical k-NN with the best dissimilarity for a subset of six measures
widely used in the microarray literature.

From the analysis of Table 18.1, the following conclusions can be drawn.

Kernel alignment k-NN outperforms two widely used strategies to learn the
metric, such as Large Margin NN and Lanckriet SVM. The first one is prone to
overfitting and does not help to reduce the error of k-NN based on the best
dissimilarity. Similarly, our method improves the Lanckriet formalism particularly
for Breast LN problem in which the sample size is smaller.

Kernel alignment k-NN is quite insensitive to the kind of nonlinear kernel
employed.

Kernel alignment £-NN considering an infinite family of distances outperforms
k-NN with the best distance and the v-SVM, particularly for breast cancer and
lymphoma DLBCL-MLBCL. The infinite family of dissimilarities helps to reduce
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Table 18.1 Empirical results for the kernel alignment k NN based on a combination of
dissimilarities

Technique DLBCL MLBCL (%) Breast Medulloblastoma (%)
LN (%)

k NN (Best distance) 10 6 10

v SVM (Best Distance) 11 8.16 13.3

Kernel align. k NN 10 6 11.66
(Finite family, linear kernel)

Kernel align. k NN 10 4 10
(Infinite family, linear kernel)

Kernel align. k NN 10 8 10
(Finite family, inverse kernel)

Kernel align. kK NN 9 4 10
(Infinite family, inverse kernel)

Kernel align. kK NN 9 6 8.33
(Finite family, laplacian kernel)

Kernel align. kK NN 9 4 10
(Infinite family, laplacian kernel)

Lanckriet SVM 11 8.16 11.66

Large Margin NN 17 8.50 13.3

We have included two widely used learning metric strategies

the errors of the finite counterpart particularly for breast cancer. This suggests that
for certain complex nonlinear problems, the nonlinear transformation of the origi-
nal dissimilarities helps to improve the classifier accuracy. We report that only
for the Medulloblastoma and with Laplacian base kernel the error is slightly larger
for the infinite family. This suggests that the regularization term controls appropri-
ately the complexity of the resulting dissimilarity.

18.4 Conclusions

In this paper, we propose two methods to incorporate in the k-NN algorithm a linear
combination of non-Euclidean dissimilarities. A penalty term has been added to
avoid the overfitting of the data. The algorithm has been applied to the classification
of complex cancer human samples.

The experimental results suggest that the combination of dissimilarities in an
HRKHS improves the accuracy of classifiers based on a single distance particularly
for nonlinear problems. Besides, this approach outperforms other learning metric
strategies widely used in the literature and is robust to overfitting.
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Chapter 19

The Application of Regular Expression-Based
Pattern Matching to Profiling the Developmental
Factors that Contribute to the Development

of the Inner Ear

Christopher M. Frenz and Dorothy A. Frenz

Abstract The biomedical literature has always played a critical role in the devel-
opment of hypotheses to test, experimental design, and the analysis of study results.
Yet, the ever-expanding body of biomedical literature is starting to present new
challenges, in which locating pertinent literature from among the millions of
published research articles is often a challenging task. A regular expression-based
pattern matching method has been developed to profile the various gene and protein
factors that may play a role in various tissues contained within an organism. This
methodology has been demonstrated through the profiling of the various factors that
are involved in the development of the inner ear, and is shown to be both effective
and accurate.

Keywords Bioinformatics - Gene expression - Inner ear - Text-mining

19.1 Introduction

As the biological sciences have matured, the problems that researches have sought
to tackle have increasingly grown in complexity so that many studies no longer look
at a single aspect in isolation but try to ascertain the biological make-up and
significance of biological systems and processes that comprise multiple compo-
nents. This trend can largely be observed in the development of the field of systems
biology, which seeks to define and model the complex interaction networks that
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comprise biological systems, such as gene regulation and metabolism [1]. While the
study of discrete components of these systems is still a valuable endeavor, it is
becoming increasingly common to see profiling techniques, such as DNA micro-
arrays and antibody arrays, applied to such problem domains because they allow for
the expression levels of hundreds to thousands of components simultaneously. Such
technologies can be used to illustrate the patterns of gene and protein expression at
key developmental stages as well as in response to treatments that are applied to
cells and tissues of interest. For many scientists, such profiling experiments have
begun to play a key role in the identification of genes and proteins that might provide
useful candidates for further study [2, 3].

The advent of such profiling techniques, however, does not invalidate the utility
of one of the most time-tested means of candidate selection and hypothesis genera-
tion, which entails using published studies as a source of information to aid in the
conception and development of new research hypotheses. The proven nature of this
approach is readily observed by reading through any published scientific study and
noting all of the cited literature that was accredited with providing information used
to conceptualize the study or information that proved critical to the interpretation of
the study’s findings. Yet, despite the utility of such information, a growing problem
is the ability to actually find information pertinent to your needs. PubMed, one of the
most widely used sources for locating biological literature contains abstracts for
over 17 million published articles [4]. The vastness of this repository often makes it
prohibitively large for researchers to locate relevant information and thus research-
ers are increasingly turning to computational methods of data extraction and infor-
mation processing as study aids. To date, such computational approaches have been
used to extract information pertaining to gene and protein names [5], intermolecular
relationships [6], molecular biological descriptors [7], and mutations [8].

A common method for extracting information from biological text repositories is
to make use of regular expression-based pattern matching, since regular expressions
allow for textual patterns to be defined. For example, a mutation in a protein is
typically identified according to the convention of having a single letter that
represents the amino acid in the wild type sequence, followed by the number that
represents the position of the amino acid within the sequence, followed by the letter
that represents the amino acid that is present in the mutated form of the sequence.
Regular expressions provide a readily available means of expressing such nomen-
clature conventions, and the regular expression

[ARNDCEQGHILKMFPSTWYV|/d + [ARNDCEQGHILKMFPSTWYV

can be used to match any mutation listed in the literature, which follows that
mutation convention. As such, regular expression-based pattern matching provides
an ideal information search and extraction tool, as it can be used to express many
nomenclatures or data types that would be hard to express using standard keyword-
based search techniques [8, 9].

This study seeks to apply the principles of gene and protein expression
profiling typically encapsulated in microarrays and antibody arrays to biological
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information, by demonstrating a methodology that is capable of extracting growth
and transcription factor expression patterns from published biological literature,
using regular expression-based pattern matching. The inner ear is used as an organ
system for purposes of testing this system, since it provides for a great diversity of
cell and tissue types and thus allows for a greater range of expression possibilities
than other organ systems would likely offer.

19.2 Methods

The PREP.pl Perl script is a freely available open source software that has been
developed to allow for the application of regular expression-based pattern matching
techniques to abstracts contained within the PubMed database. The script is avail-
able from http://bioinformatics.org/project/?group id=494, and makes an ideal
choice for this study, since it has been demonstrated to successfully process a
data set relevant to the human ear. The script allows the user to provide a regular
expression as well as a list of one or more keywords. It then uses the keywords to
search PubMed, downloads all of the abstracts returned from the PubMed search as
being pertinent to those keywords, and then searches through those abstracts to
identify the ones that contain the user-defined regular expression. As such, the
script provides a useful basis for information extraction and search refinement-
based techniques [10].

The PREP.pl software formed the basis of the software used in this study but was
modified to allow multiple regular expressions to be defined. One set of regular
expressions contained text patterns that matched key proteins and genes of interest
to the development of the inner ear, and a second set of regular expressions
contained text patterns that matched the different cell and tissue types found in
the inner ear. The script only returned matches in cases where a regular expression
from each set was found to match elements contained within an abstract. The
regular expressions used to define the text patterns associated with the genes and
proteins of interest are defined in Table 19.1 and the parts of the ear are listed in
Table 19.2. In all cases, matching against these text patterns was performed in a

Table 19.1 Gene and protein

] Developmental Regular expression
classes that play arole inthe ¢, ¢
development of the innfsr ear GATAs gataCs 11 NI+
and the regular expressions
- . FGFs fef(\s+1 )Nd+
used to match them in article
abstracts BMPs bmp(s-+ )+
’ ) Connexins Cx(\s+I )Nd+IConnexin(\s+| Y)N\d+
shh shh
EGF EGF
EPO EPO\s+?
Myosin MY[O,H,LNd+[A H]?MYLIPIMYLK2?|

[Mm]yosin
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Table 19.2 Parts of the inner ear which will be sought to be matched to developmental factors
discussed in the literature

Inner ear parts

Cochlea Pillar cell Macula

Organ of Corti Tectorial membrane Spiral limbus

Inner hair cell Endolymphatic duct Stria Vascularis
Outer hair cell Endolymphatic sac Reissner’s membrane
Hair cell Semicircular ducts Basilar membrane
Hensen’s cell Cristae ampullaris Spiral ganglion
Dieter’s cell Vestibule Vestibular ganglion
Cells of Claudius Utricle Capsule

Cells of Boettcher Saccule

case insensitive manner to minimize the occurrence of false negatives with the data
set. The expressions used were also designed with the goal of allowing matching to
all potential nomenclature variants, where possible measures were taken to reduce
the occurrence of false positives when testing revealed it to be necessary. For
example, “epo” was found to occur in words found in several abstracts and thus
the expression was modified to require a space after epo to eliminate such words
from registering a positive result for erythropoetin.

Once the code modifications and regular expressions were deemed successful,
the modified script was used to search PubMed with the keywords “inner ear”.

19.3 Results and Discussion

At the time of execution, over 42,000 abstracts were returned as being relevant to
the search term inner ear and were thus processed by the modified PREP.pl code to
determine instances, where an inner ear part and a developmental factor were to be
found within the same abstract. The various developmental factors and inner ear
part combinations discovered by the program are listed in Table 19.3. The number
of instances of each combination is not considered because it is hypothesized to be
more a function of the popularity of a given research area rather than a result of the
biological significance of a given combination.

However, the reliability of the pairing of each developmental factor to a specified
part of the inner ear is noteworthy. Gata2 and Gata3, transcription factors that
demonstrate partially overlapping expression domains in the early developing inner
ear become distinct later on. These later expression patterns, which are highly con-
served between species, are well-demarcated to the appropriate region or cell-type of
the inner ear using the approach of expression-based pattern matching. However, a
false positive was noted, i.e., Gata3 is not expressed in the endolymphatic duct, but
was matched to it in an abstract that described the expression of Gata3 and Pax2, of
which only Pax2 is present in this inner ear structure [11]. Likewise, myosins play an
important role in the development and functionality of the inner ear, particularly in the
inner and outer hair cells of the cochlea, where the data mining technique correctly
assigned the expression of various myosins. It is noteworthy that two false positives
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occurred when myosin was linked to the tectorial membrane [12] and the basilar
membrane [13]. Examination of the content of these abstracts revealed that the
mentions of myosin were not in relation to the inner ear parts being discussed.

Numerous members comprise both the fibroblast growth factor (FGF) and con-
nexin (Cx) gene families, with each family having multiple members that are
expressed and functional during inner ear development. Identification of the partic-
ular FGF or Cx that is expressed in the diverse regions of the inner ear can thus be a
rather cumbersome task, but has overall been effectively accomplished using the
data mining methodology. It is, however, important to note that care must be
executed in the selection of appropriate and current terminology, both for the
developmental factor and region of the inner ear that is of interest. For example,
FGF4 is endogenously expressed in tissues relevant to the developing inner ear, i.e.,
in tissues from which the inner ear forms [14], but was not included in the match
(Table 19.3) because the ectodermal tissue in which it is localized was not in the
“target” list. In addition, FGF2 plays an important role in the development of the otic
capsule [15]; however at the time of publication of the pertinent literature, FGF2 was
more commonly referred to as basic FGF and thus FGF2 and capsule did not match.

Bone morphogenetic protein (BMP), Sonic hedgehog (Shh), and epidermal
growth factor (EGF) are well established in their particular roles in inner ear
development and auditory (hearing) or vestibular (balance) function, being
expressed in various tissues in the developing and mature inner ear, as well as in
tissues in the process of remodeling or repair (e.g., BMP, EGF). The data mining
technique has effectively extracted the pertinent expression data relating to these
factors and linked it to the appropriate cells and tissues of the inner ear. Of interest,
even a factor that was not anticipated to be expressed in the developing inner ear, i.e.,
erythropoietin (EPO) was identified to the cochlea and spiral ganglion neurons [16]
and to the endolymphatic sac, where it is involved in tumorigenesis [17].

In all, the simultaneous regular expression-based pattern matching for develop-
mental factors and tissue types has been demonstrated to provide an effective means
of profiling the occurrence of these factors within the various tissues of interest. The
occurrences of false positives were not prevalent within the data set and the false
negatives discovered could be easily rectified by improving upon the regular
expressions used for the various developmental factors and tissue types. Thus,
despite these minor caveats, the methodology presented has the potential to provide
biomedical scientists a rapid way to search the biomedical literature for the infor-
mation pertinent to both experimental design and data analysis.
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Chapter 20
Functionally Informative Tag SNP Selection
Using a Pareto-Optimal Approach

Phil Hyoun Lee, Jae-Yoon Jung, and Hagit Shatkay

Abstract Selecting a representative set of single nucleotide polymorphism (SNP)
markers for facilitating association studies is an important step to uncover the
genetic basis of human disease. Tag SNP selection and functional SNP selection
are the two main approaches for addressing the SNP selection problem. However,
little was done so far to effectively combine these distinct and possibly competing
approaches. Here, we present a new multiobjective optimization framework for
identifying SNPs that are both informative tagging and have functional significance
(FS). Our selection algorithm is based on the notion of Pareto optimality, which has
been extensively used for addressing multiobjective optimization problems in game
theory, economics, and engineering. We applied our method to 34 disease-suscep-
tibility genes for lung cancer and compared the performance with that of other
systems which support both tag SNP selection and functional SNP selection
methods. The comparison shows that our algorithm always finds a subset of SNPs
that improves upon the subset selected by other state-of-the-art systems with
respect to both selection objectives.

Keywords Functional SNP - Lung cancer - Multiobjectve optimization - SNP - Tag
SNP

20.1 Introduction

Identifying single nucleotide polymorphisms (SNPs) that underlie the etiology of
common and complex diseases is of primary interest in current molecular epidemi-
ology, medicine, and pharmarco-genomics. Knowledge of such SNPs is expected
to enable timely diagnosis, effective treatment, and ultimately prevention of human
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disease. However, the vast number of SNPs on the human genome, which is
estimated at more than 11 million [14], poses challenges to obtain and analyze
the information of all the SNPs, especially for large-scale population-based associ-
ation studies. As a result, the strategy of SNP marker selection has been a crucial
element of study design to increase the statistical power and the coverage of
association studies, even at the genome-wide level [12]. In this chapter, we address
the problem of selecting representative SNP markers for supporting effective
disease-gene association studies.

The two main approaches for addressing the SNP selection problem are tag SNP
selection and functional SNP selection. The tag SNP selection approach was
motivated by the nonrandom association among SNPs, called linkage disequilib-
rium (LD) [7]. When high LD exists between SNPs, the allele information of one
can usually be inferred from the others. Thus, we can select a subset of SNPs that
still retains most of the allele information of the original set. Under this SNP
selection approach, possible association between a disease phenotype and unse-
lected SNPs is assumed to be indirectly captured through the selected tag SNPs.

On the other hand, the functional SNP selection approach aims to directly select
a subset of SNPs that are likely to be disease-causing [13]. For example, nonsynon-
ymous SNPs that radically change the amino acid composition of a protein are
highly likely to distort the protein’s function, and are therefore more likely to
underlie disease. SNPs that disrupt regulatory sites can affect gene expression,
and can therefore alter tissue-specificity and cellular activity of relevant proteins.
Directly genotyping and analyzing these SNPs that are likely to be responsible for
disease etiology is expected to reduce false positive errors and to increase repro-
ducibility of association studies [13].

In recent years, there have been a few efforts to combine these two SNP selection
approaches into one selection framework [6, 16]. Most of the work, however, considers
tag SNP selection and functional SNP selection as two separate optimization problems,
and solves them each separately, while combining the resulting SNP sets as a final step.
The number of selected SNPs in the resulting set can thus be much larger than necessary.

To address this issue, we previously proposed a greedy selection algorithm in
which both tagging informativeness and functional significance (FS) of SNPs are
incorporated into a single objective function expressed as a weighted sum [10].
However, this formulation is limited by the fact that the selected set of SNPs
depends on the predefined weighting factors, whose optimal value is unknown a
priori in most cases. Here, we introduce a new multiobjective SNP selection system
that, as one of its main contributions, overcomes this limitation by using the well-
established, game-theoretic notion of Pareto optimality [9]. To the best of our
knowledge, this idea was not applied before in any genetic variation study.

20.2 Problem Formulation

Given a set of p SNPs on a target genomic locus, we aim to find a subset of at most
k SNPs that are most functionally significant as well as most informative in
representing the allele information of the whole set of SNPs. We call this problem
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functionally informative tag SNP selection. As a basis, we use our own previous
formulation of the problem [10], but extend it here in the context of Pareto
optimality. We also redefine objective functions to incorporate the widely used
concept of pairwise linkage disequilibrium (LD).

Suppose that our target locus contains p consecutive SNPs. We represent each SNP
as a discrete random variable, X; (j = 1,...,p), whose possible values are the four
nucleotides, {a,c,gt}. Let V = {X;,..,X,} denote a set of random variables cor-
responding to the p SNPs. A haplotype dataset, D, that contains the allele information
of n haplotypes, each of which consists of the p SNPs in V, is provided as input. We are
also given the set of FS scores for the p SNPs, which we denote by E = {ej,....e,}.
Last, for a subset of SNPs, S, where S is a subset of V, we define an objective function,
f(SID,E), to reflect both the allele information carried by the SNPs in S about the
remaining SNPs in (V'  S) and the FS scores represented by the SNPs in S.

The problem of functionally informative tag SNP selection is then to find among
all possible subsets of the original SNPs in the set V, an optimal subset of SNPs, S,
of maximum size k, based on the objective function, f(SID,E). We define the
objective function, f(SID,E), as an ordered pair of two simpler objective functions,
f1(SID) and £>(SID,E), where the former measures the allelic information of a SNP
set S, while the latter measures the FS as follows.

Definition 1. Information-Based Objective fi(S/D).

p

2 i

ASID) =

“E:I'—‘

where o is a parameter value (0 < o < 1) and I, is a modified indicator function
formally defined as:

o J 1, if 3Xg € S such that LD(X;,X(|D)>u
1(X;,8) = {0, otherwise.

Definition 2. Function-Based Objective f>(S/D,E).

S (¢ h(X;.9))
AT P a——

e

j=1

where I, is a modified indicator function formally defined as:

1, if X; €8,
L(X;,8) =< Id;, if Xi¢S and3X, € S such that LD(X;, X,|D)>0,
0 otherwise.
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Definition 3. Functionally Informative Objective Function f(SID,E).

f(SID, E) = {f1(S|D),/2(S|D, E))

Note that we aim to optimize these two distinct and possibly competing objec-
tives, f1(SID) and f>(SID,E) simultaneously. To achieve this goal, we adopt the
notion of Pareto optimality defined as follows.

Definition 4. Pareto Optimality. Let S; and S; be two distinct subsets of V, of
the same size, k. S; is said to dominiate S; if and only if (f; (S;) > fi (S;) and f>
(Si) > f2(S) or (f1 (S:) > f1 (S;) and f>(S;) > f>(S;)). S is called Pareto optimal if
and only if no other subset of V dominates S,.

In summary, among all possible SNP subsets of maximum size k, we aim to
select all Pareto optimal subsets of functionally informative tag SNPs. In the pro-
blem of finding k, most informative tag SNPs has been proven to be NP-complete
by Bafna et al. [2]. We compute our information-based objective independently
of the function-based objective, which means that considering the two selection
objectives simultaneously does not reduce the complexity of the problem. In the
next section, we thus propose a heuristic framework (which, like all heuristics,
looks for a locally optimal solution), to address the problem of functionally infor-
mative tag SNP selection in the context of Pareto optimality.

20.3 Pareto-Based Functionally Informative Tag SNP Selection

Our selection algorithm is based on the multiobjective simulated annealing (SA)
algorithm [8], which has been successfully used for addressing many combinatorial
optimization problems [4].

First, we choose an initial subset of k& SNPs using our weighted sum-based
greedy selection algorithm [10] as a current solution, S., and compute the score-
pair, f(S/D,E). Second, while a temperature parameter, 7, is greater than a mini-
mum threshold, T\,;,, the following three steps are repeated.

1. A neighbor set of the current solution, S, referred to as S, is generated (as
explained later in this section).

2. If §,, is Pareto optimal among the sets we examined, S, is added to the Pareto
optimal solutions with respect to the examined sets, PO, and replaces S.. for the
next iteration; otherwise, it replaces S, with a probability Pccep. The probability
P ccept 18 updated as a function of f(S.ID.E), f(S,|D,E), and T.

3. The temperature T is reduced by a rate of r,.

This whole procedure is repeated M times. In the experiments described here,
we empirically set the simulated annealing parameters as follows: Ty = 1.3,
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re = 0.9999, Thin = 0.001, and M = 10*. The temperature T is reduced by a rate
of r..

To guide an efficient SA search, we introduce two heuristics for generating a
new neighbor solution. First, in order to find a neighbor SNP set that is likely to
dominate the current set, S, we utilize the score of each SNP with respect to the two
selection objectives, f; and f,. That is, for each SNP X;, we compute the objective
scores, fi({X;}ID) and f2({X;}ID,E), before starting the search. When generating
a new neighbor for the current set of functionally informative SNPs, S, we first
determine whether to focus on the information-based objective, f;, or on the
function-based objective, f,, by flipping an unbiased coin.

Suppose that the information-based objective f; is selected. We now select
a SNP X, from S. to be replaced by a SNP X, from (V — S_). X, is chosen with
probability, P .moves Which is inversely proportional to its f; score, while X, is
chosen with probability, P,qq, Which is directly proportional to its f; score. That is,

 AUXD) ) _(hUxaIp)
e > A(D) and - Premove (X31D)
xie(V Sc X €S

A second heuristic is used to expedite and diversify the coverage of the search
space. Instead of generating a new neighbor by replacing one SNP at a time, we
simultaneously replace several SNPs in the initial search period, and gradually
decrease the number of replaced SNPs as the search progresses. As a result, farther
neighbors are examined in the initial stages of the search, diversifying the search
area, while the later stages, which are expected to search closer to the optimum,
focus on neighbors that are closer to the current solution. This strategy helps avoid
local optima. In the next section, we show the utility of these two heuristics by
comparing the performance of our selection algorithm with and without them.

The time complexity of each iteration is O(p), where p is the number of
candidate SNPs. As this iteration is repeated for maximum (M-log(Tin/To)/log
r.) times, the overall complexity of our selection algorithm is O(p-M-10g(T in/T0)/
log r.). The computation procedure of the pairwise LD between p SNPs is O(n-p%),
where 7 is the number of haplotypes, and p is the number of SNPs in dataset D.

20.4 Results and Conclusion

We applied our method to 34 disease-susceptibility genes for lung cancer, as
summarized by [17]. The list of SNPs linked to the genes, including 10k upstream
and downstream regions, was retrieved from the dbSNP database [14]. The haplo-
type datasets for the genes were downloaded from the HapMap consortium for the
CEU population (public release #20/phase II) [15]. We obtained the FS scores for
SNPs from the F-SNP database [11].
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We compare the performance of our system with that of two state-of-the-art SNP
selection systems that support both tag SNP selection and functional SNP selection:
SNPselector [16] and TAMAL [6]. The compared systems share the same goal as
ours, namely, selecting an informative set of tag SNPs with significant functional
effects. However, they address tag SNP selection and functional SNP selection as
two separate optimization problems, while we address it as a single multiobjective
optimization problem.

TAMAL and SNPselector do not allow users to specify the maximum number of
selected SNPs. We thus first apply TAMAL and SNPselector to the dataset of 34
genes, and apply our system on the same dataset to select the same number of SNPs
as selected by each compared system. We denote our full-fledged multiobjective
simulated annealing algorithm that employs the two heuristics by SA;. In addition,
we demonstrate the utility of our heuristics by examining the performance of two
baseline search algorithms for identifying (locally) Pareto optimal solutions: (1)
The proposed simulated annealing algorithm without the proposed two heuristics,
which we denote by SAp; and (2) A naive selection algorithm that randomly
generates M solutions and identifies (locally) Pareto optimal subsets within the M
solutions. We refer to this naive selection algorithm as RS.

Table 20.1 summarizes the evaluation results of the three Pareto optimal search
algorithms, SA;, SAy, and RS against the two compared systems, SNPselector and
TAMAL (due to the space issue, only the results for the first 14 genes based on their
alphabetical gene symbols are shown). The first, second, and third columns show

Table 20.1 Evaluation results of three Pareto optimal search algorithms, SA;, SA, and RS against
the two compared systems, SNPselector and TAMAL

Gene Locus Total SNPselector TAMAL

symbol SNP# SA,  SA, RS k SA,  SA, RS
ADRB2 5q31 153 41 100 100 33.3 17 66.6 100 50
APEX1 14q11.2 83 27 100 100 100 19 100 100 100
ATR 3q22 181 36 100 100 100 20 100 100 50
CDKNIA 6p21 116 34 100 100 100 20 100 100 100
CYPI1A1 15q22 49 34 100 100 100 10 100 100 75
CYPIBI1 2p21 172 51 100 100 100 28 100 100 100
EPHX1 1q42.1 148 27 80 25 14.21 23 25 . .
ERCC2 19q13.3 210 27 100 100 100 30 50 50 .
ERCC4 16p13.3 289 41 100 100 444 49 50 50 201
ERCC5 13q22 261 43 88 25 . 43 11.1 . .
GSTP1 11q13 70 27 100 100 100 14 100 100 50
LIG4 3933 107 27 100 100 100 27 20 100 25'
MBD1 18921 65 24 100 100 100 19 100 100 50
MGMT 10926 550 36 100 100 714 81 20 25t

Under the name of each compared system, the leftmost column shows the number of SNPs, &,
selected by the compared system, for the corresponding gene. The remaining three columns, SA;,
SAp, and RS, typically show the e, score (i.e., the percentage of the identified Pareto optimal solu
tions that dominate the compared systems solution), computed for each of the respective Pareto
optimal search algorithms. In the few cases where the solutions are dominated by the compared
systems solution, e, is shown (denoted by f). Cases where there is no dominating or dominated
solution are indicated by a dot
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gene symbols, genomic locus, and the total number of SNPs linked to each gene,
respectively. The remaining columns are divided into two parts, corresponding to
the two compared systems. In each part, the leftmost column shows the number of
SNPs, k, which is chosen by each compared system for the corresponding gene. The
remaining three columns, SA;, SAg, and RS show the evaluation measure, ¢; (the
majority of the cases) or e, (designated by ") computed for the corresponding search
algorithm, respectively. When both of e; and e, are 0, which means that the
compared solution is neither dominant nor dominated by our Pareto optimal solu-
tions, we display it with a dot.

Overall, the SA; algorithm that uses the two proposed heuristics always finds
Pareto optimal subsets that dominate the compared solutions. The difference
between our dominating solution and the compared system solution is statistically
significant with respect to both selection objectives. Using the paired 7-test with 5%
significance level, p-values are 8.29e-179 for f,(SID) and 8.15e-157 for f>(SID,E)
in the case of SNPselector, and 7.02e-073 and 5.76e-005 for TAMAL. In contrast,
the naive SAo algorithm, which does not employ any heuristics, fails to find
dominating solutions in eight cases (shown as ' or - in Table 20.1). In three cases,
SAo’s solutions are dominated by the compared system’s (shown as ' in Table 20.1).
The random search algorithm RS fails to find dominating solutions in 23 cases,
while producing dominated solutions in 11 cases.

In this chapter, we presented a new multiobjective optimization framework for
selecting functionally informative tag SNPs, based on the notion of pareto optimal-
ity. The proposed work shows a new application of established multiobjective
optimization frameworks in human genetics and medicine. Moreover, the work
clearly demonstrates that combining distinct problem solving criteria into one
unified process is possible, and indeed improves upon separate optimization
approaches. We expect that the proposed multiobjective optimization approach
can be applied to solve other types of optimization problems in human genetics
and medicine [5], for example, designing new drug combinations [3] or modeling
biological networks [1].

Acknowledgments This work was supported by HS’s NSERC Discovery grant 298292 04 and
CFI New Opportunities Award 10437.
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Chapter 21

KMeans Greedy Search Hybrid Algorithm
for Biclustering Gene Expression Data

Shyama Das and Sumam Mary Idicula

Abstract Microarray technology demands the development of algorithms capable
of extracting novel and useful patterns like biclusters. A bicluster is a submatrix of
the gene expression datamatrix such that the genes show highly correlated activities
across all conditions in the submatrix. A measure called Mean Squared Residue
(MSR) is used to evaluate the coherence of rows and columns within the submatrix.
In this paper, the KMeans greedy search hybrid algorithm is developed for finding
biclusters from the gene expression data. This algorithm has two steps. In the first
step, high quality bicluster seeds are generated using KMeans clustering algorithm.
In the second step, these seeds are enlarged by adding more genes and conditions
using the greedy strategy. Here, the objective is to find the biclusters with maximum
size and the MSR value lower than a given threshold. The biclusters obtained from
this algorithm on both the bench mark datasets are of high quality. The statistical
significance and biological relevance of the biclusters are verified using gene
ontology database.

Keywords Biclusters - Gene expression - Greedy search - KMeans - Microarray -
MSR

21.1 Introduction

The relative abundance of the mRNA of a gene under a specific condition or sample
is called the expression level of a gene which can be measured using microarray
technology. Gene expression data are arranged in the form of a matrix. Rows
represent genes and columns represent experimental conditions. Clustering is one
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of the most popular data mining techniques for the analysis of gene expression data.
Clustering partition conditions or genes into similar groups. However, clustering
has some limitations which can be overcome by using biclustering. Biclustering is
clustering applied along the row and column dimensions simultaneously. This
approach identifies group of genes that show similar expression level under a
specific subset of experimental conditions. Cheng and Church were the first to
apply biclustering to gene expression data [1]. Biclustering is a local model,
whereas clustering represents a global model. In this work, high quality bicluster
seeds are generated initially using the KMeans clustering algorithm. They are then
enlarged using a greedy method. A greedy strategy makes a choice that maximizes
a local gain with the hope that this choice will result in a globally good solution.

21.2 Identification of Biclusters with Coherent Values

Biclusters with coherent values are identified in this work. They are biologically
more relevant than biclusters with constant values. The degree of coherence is
measured by Mean Squared Residue (MSR) or Hscore. It is the sum of the squared
residue score. The residue score of an element bij in a submatrix B is defined as
RS(bij) = bij — blj — biJ + blJ. Hence, Hscore or MSR of bicluster B is

1
MSR(B) = T > i€l J e J(RS(bij)),

where [ denotes the row set, J denotes the column set, bij denotes the element in a
submatrix, biJ denotes the ith row mean, blj denotes the jth column mean, and blJ
denotes the mean of the whole bicluster. If the MSR of a matrix is less than certain
threshold 6, then it is a bicluster and called § bicluster where 6 is the MSR
threshold. The value of § depends on the dataset. For Yeast dataset, the value of
0 is 300 and for Lymphoma dataset the value of ¢ is 1,200. There is correlation in
the matrix if the MSR value is low. The volume of a bicluster or the bicluster size is
the product of the number of rows and the number of columns in the bicluster. The
larger the volume and the smaller the MSR of the bicluster, the greater the quality of
the bicluster.

21.3 Description of the Algorithm

In this work, seeds are generated using KMeans clustering algorithm, and they are
enlarged using greedy strategy. In the seed generation phase, the gene expression
dataset is partitioned into p gene clusters and q sample clusters by using KMeans
algorithm. Each gene cluster is further divided into sets of ten genes, and the sample
clusters are divided into sets of five samples based on cosine angle distance from the
cluster centre. The number of gene clusters having maximum ten genes is m and
the number of sample clusters having maximum five conditions is n. They are
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combined to form n x m submatrices. Submatrices with low MSR value are
selected as seeds. Seed is a tightly coregulated submatrix of a gene expression
data matrix that can accommodate more genes and conditions within the MSR
threshold. More conditions and genes are added to the bicluster in the seed growing
phase. In this phase, the genes and conditions that are not included in the seed are
maintained as separate lists. Then, using the greedy search algorithm, the best
element is selected from the condition list or gene list and added to the bicluster.
The quality of the element is determined by the MSR value of the bicluster after
including the element in the bicluster. The element which results in minimum MSR
value when added to the bicluster is considered as the best element. The seed growing
phase continues till the MSR of the bicluster reaches the given threshold [2].

21.3.1 Greedy Search Algorithm

Algorithm greedyseedgrowing(seed, d)
bicluster := seed

//Column_or Row_List is the list of genes or conditions not included in the bicluster. These
//two lists are maintained separately. Search starts from condition list followed by gene list.

Calculate Column_or Row List
While (MSR (bicluster) <= 8)
Num_elem=size(Column_or Row List)
for i:=1: Num_elem
bicluster=bicluster+ Column_or_Row_List [i]
Column_or Row List msr[i]J= MSR(bicluster)
Remove Column_or_Row_List[i] from bicluster
end(for)
find minimum value in Column_or Row List msr and corresponding index K
biclust=biclust+ Column _or Row_List [K]
delete Column_or Row List [K] from Column_or Row List
end(while)
end(greedyseedgrowing)

21.4 Experimental Results

21.4.1 Datasets Used

Experiments are conducted on the Yeast and Lymphoma datasets. The algorithm is
implemented in Matlab. The Yeast dataset is based on Tavazoie et al. [3]. The
dataset contains 2,884 genes and 17 conditions. The values in the dataset are
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integers in the range 0 600. Missing values are represented by —1. Human B-cell
Lymphoma dataset contains 4,026 genes and 96 conditions. The dataset is down-
loaded from the website for supplementary information for the article by Alizadeh
et al. [4]. The values in the Lymphoma dataset are integers in the range —750 to
650. There are 47,639 (12.3%) missing values in the Lymphoma dataset. Missing
values are represented by 999. The preprocessed dataset is obtained from http://
arep.med.harvard.edu/biclustering. Missing data in the Lymphoma dataset are
replaced with uniformly distributed random numbers between —800 and 800 [1].

21.4.2 Bicluster Plots for Yeast and Lymphoma Datasets

In Fig. 21.1, biclusters obtained by the KMeans greedy search algorithm on the
Yeast and Lymphoma datasets are shown. From the bicluster plots, it is clear that
genes show a similar behavior under a set of conditions. All the biclusters obtained
from the Yeast dataset are having MSR less than 300. And all the biclusters
obtained from the Lymphoma dataset are having MSR less than 1,200.

The first row shows eight biclusters of the Yeast dataset, and the second row
shows eight biclusters of the Lymphoma dataset. The details about the biclusters are
reported in the following format (label of bicluster, number of genes, number of
conditions, volume of the bicluster, MSR, row variance). (a, 17, 17, 289, 99.3497,
407.47), (b, 108, 17, 1,836, 194.5204, 472.34), (c, 14, 17, 238, 97.8389, 507.63),
(d, 33, 17, 561, 99.9639, 506.14), (e, 147, 17, 2,499, 200.2474, 396.04), (f, 31, 17,
527, 97.9121, 613.89), (g, 1,405, 9, 12,645, 299.8968, 348.07), (h, 10, 17, 170,
66.4403, 522.23), (p, 11, 94, 1,034, 1,194.40, 5,317.5), (q, 40, 66, 2,640, 918.25,
1,156.4), (r, 30, 80, 2,400, 1,175.9, 3,466.3), (s, 21, 9, 189, 476.12, 6,183.5), (t, 26,
81, 2,106, 1,196.8, 3,906), (u, 10, 83, 830, 1,182.1, 5,070.1), (v, 53, 35, 1,855,
723.41, 788.7), (w, 292, 9, 2,628, 1,196.9, 3,359.1).

21.5 Comparison

The performance of KMeans greedy search algorithm in comparison with that of
SEBI [5], Cheng and Church’s algorithm (CC) [1], the algorithm FLOC by Yang
et al. [6], and DBF [7] for the Yeast and Lymphoma datasets are listed in Table 21.1
given below. In the case of KMeans greedy search algorithm presented here for the
Yeast dataset, the average number of conditions is better than that of CC, FLOC,
and DBF. Average gene number, average volume, and largest bicluster size are
greater than those of all other algorithms. Average MSR is better than that of all
other algorithms listed in the table except DBF. In multiobjective evolutionary
computation [8] maximum number of conditions obtained is only 11. In this
method, biclusters are obtained with all 17 conditions. For the Yeast dataset, the
maximum number of genes obtained by KMeans greedy search algorithm in all the
17 conditions is 147 with MSR value 200.2474 (label of bicluster is (e) in Fig. 21.1).
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Table 21.1 Performance comparison between KMGS and other Algorithms

Algorithm  Datasets Avg. MSR  Avg. Avg. gene  Avg.cond. Largest Bicl.
volume num. num size

KMGS Yeast 185.88 4,684.29  515.21 13.36 12,645
Lymphoma  1,007.99 1,710.25  60.38 57.13

SEBI Yeast 205.18 209.92 13.61 15.25 1,394
Lymphoma  1,028.84 615.84 14.07 43.57

CcC Yeast 204.29 1,576.98  166.71 12.09 4,485
Lymphoma  850.04 4,595.98  269.22 24.50

FLOC Yeast 187.54 1,825.78  195.00 12.80 2,000

DBF Yeast 114.70 1,627.00  188.00 11.00 4,000

KMGS KMeans Greedy Search

For Lymphoma dataset, the average gene number is greater than SEBI. The average
value of condition is better than that of all other algorithms. The average volume is
better than SEBI. The average MSR is lower than SEBI. Normally, multiobjective
algorithms produce biclusters of larger size compared to greedy algorithms. But in
the case of multiobjective evolutionary computation [8], the maximum number of
conditions obtained is only 40 for the Lymphoma dataset. On the other hand, in this
study, one bicluster with 94 conditions is obtained. The row variance of this
bicluster is also above 5,000 (label of bicluster is (p) in Fig. 21.1).

21.6 Statistical Significance and Biological Relevance

Biclusters can be evaluated by using prior biological knowledge [9]. Existence of
biologically similar genes is a proof that a specific biclustering technique can
produce biologically relevant results. Here, biological relevance is verified by
using a small bicluster of size 22 x 17. For this purpose, GO annotation database
is used. In this database, gene products are described in terms of associated
biological process, components, and molecular functions in a species-independent
manner. For evaluating the statistical significance for the genes in each bicluster,
p-values are used. The extent to which the genes in the bicluster match with the
different GO categories is indicated by p-values. Smaller p-values indicate better
match. Yeast genome gene ontology term finder [10] is a database available in the
Internet which can be used to evaluate the biological significance of biclusters.
In the bicluster selected for testing the biological significance, there are 22 genes,
namely, YALOO3W, YBL072C, YBL092W, YBR048W, YBR084C-A, YDLO061C,
YDLO75W, YDLO81C, YDLO083C, YDLI30W, YDLI136W, YDLI91W,
YDL208W, YDL228C, YDROI2W, YDRO025W, YDRO50C, YDRO64W,
YDR382W, YDR447C, YDR450W, and YDR471W.

The Table 21.2 given below shows the significant GO terms used to describe the
set of 22 genes of the bicluster for the process, function, and component ontologies.
The common terms are described with increasing order of p-values or decreasing
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Table 21.2 GO terms of 22 genes in a small bicluster obtained using KMGS Algorithm

Process Function Component

Translation (19, 2.13e 15), Structural constituent of Cytosolic ribosome (18, 9.24e
Cellular biopolymer ribosome (18, 1.88e 23) , 25) cytosolic part
biosynthetic process structural molecule (18, 2.08e 23), ribosomal
(19, 1.50e 09), Biopolymer activity (18, 4.77e 20) subunit (18, 2.72e 22)
biosynthetic process ribosome (19, 3.3% 21),
(19, 1.52e 09), cellular ribonucleoprotein complex
protein metabolic process (20, 2.94e 17), cytosol
(19, 1.82e 09), gene (18, 2.44¢ 14),
expression (20, 4.46e 09), nonmembrane bounded
cellular macromolecule organelle (19, 1.26e 11)

metabolic process
(21, 8.92¢ 07)

order of significance. In Table 21.2 the first entry of the column with the title
process contains Translation (19, 2.13e-15) which means that 19 out of the 22 genes
of the bicluster are involved in the process of translation and their p-value is 2.13e-15.
Second entry indicates that 19 out of 22 genes are involved in cellular biopolymer
biosynthetic process and p-value is 1.50e-09. First entry of column function
contains structural constituent of ribosome (18, 1.88e-23) which means that 18
out of the 22 genes are involved in this function. This proves that the bicluster
contains biologically similar genes. Hence, the method used here is capable of
identifying biologically relevant biclusters. Very low p-values indicate high statis-
tical significance.

21.7 Conclusion

In this paper, a new algorithm is developed for identifying biclusters from the
microarray gene expression data. This KMeans greedy search hybrid algorithm is
implemented on both benchmark datasets. In the first step, KMeans clustering
algorithm is used to produce bicluster seeds. Then, these seeds are enlarged by
greedy method in which the node with minimum incremental increase in MSR
score is selected and added to the bicluster in each iteration. Hence, it is possible to
get biclusters having more genes and conditions with high coherence. Some of the
biclusters have very high row variance also. The statistical significance and
biological relevance of biclusters obtained in this method are verified using gene
ontology database. In this study, the maximum number of genes (147) is obtained in
all the 17 conditions with the minimum MSR value (200.2474) for the Yeast
dataset. A bicluster with the maximum number of conditions (94) is obtained for
the Lymphoma dataset. The biclusters obtained here show similar upregulation and
downregulation under a set of conditions. In terms of size and MSR value, the
biclusters obtained in this method are far better than the biclusters obtained in many
of the metaheuristic algorithms.
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Chapter 22

Robust Stability Analysis and Design Under
Consideration of Multiple Feedback Loops
of the Tryptophan Regulatory Network

of Escherichia coli

A. Meyer-Baese, F. Theis, and M. R. Emmett

Abstract The tryptophan system present in Escherichia coli represents an
important regulatory unit described by multiple feedback loops. The role of these
feedback loops is crucial for the analysis of the dynamical behavior of the trypto-
phan synthesis. We analyze the robust stability of this system which models the
dynamics of both fast state, such as transcription and synthesis of free operator, and
slow state, such as translation and tryptophan synthesis under consideration of
nonlinear uncertainties. In addition, we analyze the role of these feedback loops
as key design components of this regulatory unit responsible for its physiological
performance. The range of allowed parameter perturbations and the conditions that
ensure the existence of asymptotically stable equilibria of the perturbed system are
determined. We also analyze two important alternate regulatory designs for the
tryptophan synthesis pathway and derive the stability conditions.

Keywords E. coli - Multiple feedback loops - Stability analysis - Tryptophan
regulatory network

22.1 Introduction

Biological systems exhibit very complex regulatory mechanisms regardless of
whether the situation would require a lower complexity for ensuring nominal
functionality. Like the engineering counterpart, the biological system has to robustly
function under operational systems. The tryptophan (trp) operon represents one of
the best-known molecular systems based on the available experimental data and is
therefore like the lactose operon and the phage lambda switch an important candi-
date for dynamical modeling and analysis. The trp operon of Escherichia coli
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produces the enzymes that are needed to synthesize tryptophan (an essential amino
acid) from chorismate. If tryptophan is available, the E. coli consumes it and the trp
operon is switched off. This process is accomplished based on three different
regulatory mechanisms: repression, feedback enzyme inhibition, and transcription
attenuation. These three distinct negative feedback loops are quantified using the
Hill function.

Several mathematical models are formulated for the tryptophan system [1, 4, 5]
which were verified based on the available experimental data. In [5], a detailed
mathematical modeling was determined based on these three feedback loops, and
their role was assessed in both parameter and structure perturbations. The results
based on simulations of the tryptophan system showed that this system is highly
robust to parameter perturbations while vulnerable to structural perturbations due to
its multiple feedback loops [1].

In this paper, we present a general robust stability analysis method for the trp
operon. The system under study models the dynamics of both fast state, such as
transcription and synthesis of free operator, and slow state, such as translation and
tryptophan synthesis under consideration of nonlinear uncertainties. We analyze the
mathematical system as an uncertain two-time scale system and show that we can
obtain maximal bounds for fluctuating operating parameters [2]. As shown in [5], the
regulation of tryptophan is achieved based on a feedback system of three loops with
different tasks, namely, genetic regulation, mRNA attenuation, and enzyme inhibi-
tion. The tryptophan is fed back into the system such that it regulates its own synthesis.
We mathematically analyze the role of these multiple feedback loops found in the
tryptophan synthesis in the overall dynamics of this system. Thus, we enhance the
results obtained in [1] by giving a quantitative evaluation of the robustness domain.

22.2 Robust Stability Analysis

The objective of this study is to discuss the robustness properties of the gene regulatory
unit of the tryptophan metabolic system based on the mathematical model from a
rigorous analytic standpoint and to apply the obtained theoretical results to nonlinear
uncertain singularly perturbed systems. In the following, we present the model
equations describing the dynamic transcription, translation, and tryptophan synthesis.
The mathematical description of the tryptophan regulatory network is given as [1]

OR = lthCI(T) - kdIOR - ,uOR
MRNA = kyOrCo(T) — kqgymRNA — umRNA
E = ksmRNA — uE

T = kiC3(T)E — g —uT

T + K,
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Table 22.1 Parameter values of the tryphtophan model [1]

Name Symbol Value
Kinetic rate constant for free operator ky 50 min~"
Kinetic rate constant for mnRNA ko 15 min~!
Kinetic rate constant for transcription ks 90 min~"
Kinetic rate constant for tryptophan synthesis ky 59 min~!
Total operator site concentration O, 332 nM
Specific growth rate of Escherichia coli u 0.01 min~"
Degradation rate constant for OR ka1 0.5 min™"
Degradation rate constant for nRNA kqo 15 min~!
Half saturation constant K, 0.2 uyM
Kinetic constant for uptake of tryptophan g 25 uM min~"
Half saturation constant repression Ki, 3.53 uM
Half saturation constant attenuation Ki» 0.04 uM
Half saturation constant inhibition Kis 810 uM
Sensitivity of genetic regulation nu 1.92

where Og represents the free operator, mRNA the concentration of mRNA, E, and T
the concentrations of enzyme anthranilate synthase and tryptophan, respectively, in
the cell. Parameters ky, k,, k3, and k4 represent the kinetic rate constants for the
synthesis of free operator, mRNA transcription, translation, and tryptophan
synthesis, respectively, while Oy, u, k1, and k., represent the total operator site
concentration, specific growth rate of E. coli, and degradation rate constants of free
operator Or and mRNA. The specific parameter values for the tryptophan model are
given in Table 22.1.

The three controllers C(T), C»(T), and C5(T) are included in the feedback
mechanisms and describe repression, attenuation, and inhibition, respectively, and
are modeled by Hill functions:

T]H 1.72 1.2
K Ki‘2 Ki,3

a0 =iy o 0 = gigr i OO =gz 7

where K 1, K and K; ;5 represent half-saturation constants and 7y the sensitivity of
genetic regulation to tryptophan concentration. A better visualization of the feedback
mechanisms is illustrated in the block diagram derived from [5] shown in Fig. 22.1.
We proceed by a shifting of the equilibrium of the system to the origin and
obtain thus a new system with the variables E=E—E* T=T-T",

Ogr = Og — Or*, and mRNA = mRNA — mRNA*

eéR — 1 MO () (T 4 T7)) — C\(T*)) — LOg

B kai+np
€ mRNA = “"’Oﬁﬁ”‘) + 25 (Cy(T +T7) — Co(T*)) — pmRNA,

E= ksmRNA — uE,
T=

kaC3(T + T*)(E + E*) — kyC3(T*)E* [g%—gpﬂ( — uT.
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Fig. 22.1 Block diagram of the dynamical behavior of the tryptophan synthesis

The above system can be transformed into a new system that is represented by a
slow and fast subsystem. This system is a superposition of a linear nominal system
and perturbation terms.

In more general terms, we can rewrite our system in the following form by using
the notation xg o, = [E,f] and xp,i = [O, ml?NA]

Xslow = A11Xslow + A12Xsl0w + fslow (xslow , xfast)

EXfast = A21Xstow + A22Xfast +ffast (XSIOW) xfast)a

where

and

Also, we have
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)

T+T* T*
gT+T*+Kg gT*+Kg

fslow = <k4C3(f + T*)(E + E*) — k4C3(T*)E* —

and

ffﬂ_< 5 (CUT +T7)) = Ci(T)) )

kyORCo(THT*) | kaOhn ~ " "
WaORCIST) | SO (C)(F 4 T) — Co(T7))

The nonlinear uncertainties are bounded by

||f;]0w(xv[rm'7xfaﬂ)|| < ‘xl‘ + B ||xfast||
||f}"a.vt(xs10W7xfast)|| S OC2| ‘x.vlow” + Bz”xfast”

X tow

where o1, o, 1, and f3, are positive constants and llfll is the norm of the perturbed terms.
The linear nominal system form of the above system is given as

xslz)w(t) = A lxslow(t) + Al2xfast(t)
Sxfast(t) = A21xslow(t) + A22xfast([)u

and its stability is given by the following lemma.

Lemma 22.1 [?, 3]. If Ay, is nonsingular and both Ay, and Ay = A;; — ApA 122
A, are Hurwitz matrices, then there exists an €* > 0 such that the system (22.7) is
asymptotically stable for all € € [0, €¥).

Proof. The goal is to determine the upper bounds a;, f5;, and £ such that the system
(22.1) is asymptotically stable assuming that A,, and Ag are Hurwitz. It implies
immediately for our system that the Hurwitz property is guaranteed. We will define
the following state transformation

1 0 0 O
Xiow(®)] _ [0 10 1)
Xfast(f) 0 0 1 0 77(f)
00 0 1

with

We thus obtain
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1 0 0 O
(o) 0 1 0 % [xg()
= I .
n(r) 0 0 1 0%l
0 0 0 1

Using the above transformation, we can derive a new transformed system

&(t) = Ang(t) — eAvy - Ay - Ay n(t) + £, (<(1),m(1)),
en(t) = —Axnn(t) +f((),n(1)),

where the transformed nonlinear uncertainties are given by

Ji-(c(8),n(2)) = filc(t) + eHn,n(1)] — Hf2[c(t) + eHn,n(t)]
fo-(c(2),n(t)) = fale(r) + eHn,n(1)].

The above nonlinear uncertainty can be estimated such as, ||f;(c(7),n(1))|] <
olle@Ol + Billn(@)] with oy =y +on[[H[, i = elon + aal|H[]] [H][+B]|H]|,
op = ap, and B, = euy||H|| + f,. The study of the stability of the transformed system
(22.10) is equivalent to the stability of the original system (22.1).

Theorem. The system (22.1) is asymptotically stable for 0 < & < max &*, where
€" = min(g;", &) is given by (22.20) and for any y > 0, if the inequalities

2 B
zz_ﬂ_y[w_;’_&_;’__az} >0
u TR
B 1 B
b:2—2/32———{w+&+a2—}>0
oyl ow u

with llopoll = eks, oy = oy + ap||H||, B, = elo + o ||H||]||H||+P:||H]|, o2 = o,
and f, = eup||H|| + p,, are satisfied. Then

w=p,B>0

and
u—oay —op||H|| >0
and

4 — o — o [H[) (1 = BBy) > (Boo + Byl |H||)?

Proof. As a Lyapunov function for the new transformed system, we choose V({(?),
n(t)) = {"P{ + en"Rn, where P, and R are the solutions of the Lyapunov equations
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AGP + PAg = —2Qp,
AR + RA» = —20k.

Choosing Qp = Qg = I, we obtain P = —A;; 'andR = —A» !. For the deriv-
ative of the Lyapunov function, we can show that using (22.10) and (22.17)

V(c(t),n(r)) <P + ¢TPE + eif"Ry + en" Ri)
= —2¢c — 2"+ 2P, + 2¢ e |H I + 20",

We will make use of the inequality 2[|¢]|||n]|<7/¢]|* + 1/y||n||* valid for any
y > 0 in our Lyapunov function and thus obtain

. 200 o B
Vien)> — (2——1—y[M+%+a2;D|gn2

u u
B 1| B

—<2—2ﬂ2——— [ﬂ+&+az—])l|nllz,
woolw p Ta

from which we see that "V({, n) < 0 means that @, b > 0 with

:2_%_3)[”06&

3, B
+/—1+—az} >0
Il peooonou

and

B 1 B
bzz—zﬁz———{MJr&mZ—Fo
woyl w7

is a sufficient condition for V({, n) < 0. We thus obtain two equations for &

with M = 2u — 2f,B, N = Bo, + fo//H//, O = ks + ay//H]| + oof/HJ)?, D = 2
Boo//HJ/, and E = 2(u — o — o//HJ/). Since ¢;" is strictly decreasing and
continuous on y > 0 and &," is strictly increasing and continuous on y > 0,
it follows that &" — ¢,;* is strictly increasing and continuous on y > 0. There
is a unique y* > 0 such that &"(p") = &"(y"). This represents the value of
7 > 0 for which &* = max,_,min (e*, &2*). By equating ¢," and &,", we obtain
from the quadratic polynomial (MO + ND)y* — DEy — OE = 0 the maximum
value of &¢". This quadratic polynomial has one positive real solution " > 0
given by
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Table 22.2 Stability conditions for two alternate regulatory designs for the tryptophan synthesis
pathway

Removal of tryptophan effect Absence of attenuation and inhibition
M pB>0

M o apllHI >0 woooy oo llHI >0

4 oy ollHI) (u  PoB) > (Bay + P IHI? du(u oy oy lIHI) > (Bay)

_ DE+ \/ (DE)* + 40(MO + ND)
N 2(MO + ND)

v

By substituting the above expression into ¢*, we obtain max.

. My"—N E—9N
maxe" = = .
7>0 O + Dy* Oy*

As shown in [1], we consider two distinct alternate regulatory designs for the
tryptophan synthesis pathway: (1) mutated regulatory structure with the effect of
tryptophan removed and (2) absence of attenuation and inhibition to regulate
the tryptophan synthesis. As a consequence of the fact that €* > 0, we get for the
two distinct alternate regulatory designs the following stability conditions to be
fulfilled, as depicted in Table 22.2.

22.3 Conclusion

We analyzed and identified the relationship between the design of the tryptophan
regulatory unit and its physiological function. This robust design of the regulatory
mechanism is needed in order to deal with uncertainties while ensuring a stable
operating point. We used concepts from the theory of uncertain singularly perturbed
systems and applied these results to study robustness properties of the tryptophan
system in E. coli. This system represents an important control system, where three
processes transcription, translation, and tryptophan synthesis, are in series and
describe negative feedback loops of the genetic repression, mRNA attenuation,
and enzyme inhibition. In addition, it is a multiple time-scale system combining a
coupled nonlinear fast and slow dynamics. In this sense, we established robustness
stability results for the reduced-order model and determined the conditions that
ensure the existence of asymptotically stable equilibria of this model. A sufficient
condition for the nonnegative singular perturbation parameter, representing in our
context the sum of the specific growth rate of E. coli and the degradation rate
constant for mRNA, is derived for the uncertain reduced-order model under the
condition that the nonlinear uncertainties are bounded.
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Chapter 23

FM-GA and CM-GA for Gene Microarray
Analysis

Lily R. Liang, Rommel A. Benites Palomino, Zhao Lu, Vinay Mandal,
and Deepak Kumar

Abstract In this paper, we propose two new approaches, FM-GA and CM-GA, to
identify significant genes from microarray datasets. FM-GA and CM-GA combine
our innovative FM-test and CM-test with genetic algorithm (GA), respectively, and
leverage the strengths of GA. The performance of FM-GA and CM-GA was
evaluated by the classification accuracy of decision trees constructed with the
selected genes. Experiments were conducted to demonstrate the superiority of
the proposed method over other approaches.

Keywords Genetic algorithms - Gene microarray - Fuzzy set theory - CM-test -
FM-test

23.1 Introduction

Genetic Algorithms (GAs) are powerful tools for solving global optimization
problems [1]. They have been proved to have the capability of finding optimal
solutions in a large search space within a limited amount of time. However, they
may not be applied directly on microarray datasets to identify significant genes. The
large number of genes involved makes a GA chromosome extremely long, often
several thousands of bits. Thus it is unpractical to apply GA directly to solve this
kind of problem. In the work of Yeh et al.[2], the method of z-test is proposed to pre-
screen the genes before GA is applied. The work produced interesting and convincing
results. However, it is known that #-test has the following limitations: it cannot
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distinguish two divergent sets with close means and is very sensitive to extreme
values [3, 4].

In this paper, two new approaches, FM-GA and CM-GA, are proposed to
identify significant genes from microarray datasets. FM-GA and CM-GA integrate
our fuzzy-set-theory-based divergence measurements, fuzzy membership test (FM-
test), and cluster misclassification test (CM-test) [3, 4] with standard genetic
algorithm, respectively, and leverage the strengths of GA [5]. It is proved that
FM-test and t-test overcome the limitation of #-test and out perform #-test in
identifying significant genes. We conducted experiments on several sets of micro-
array data and compared FM-GA and CM-GA with other approaches. FM-GA and
CM-GA are discussed in detail in Sect. 23.2. Experimental results are demonstrated
in Sect. 23.3. We give conclusions in Sect. 23.4.

23.2 Methodology

Both FM-GA and CM-GA are composed of the following two phases: (1) selecting
initial list of genes with FM-test or CM-test, respectively, and (2) shortening the list
with genetic algorithm.

23.2.1 Selecting Initial List of Significant Genes
by FM-Test or CM-Test

In this step, we use either FM-test or CM-test to measure the divergence of each
gene between two different groups of samples. CM-test and FM-test are proposed in
[3, 4] as innovative approaches that overcome the limitations of 7-test and rank sum
test. The fundamental idea of these two tests is to consider the two groups of values
as samples from two different fuzzy sets. We then examine the membership value
of each sample with respect to each of these two fuzzy sets. A d-value is calculated
for each gene using FM-test or CM-test. The top 500 genes with the largest d-values
are selected and used in the input for the next step.

FM-test [3]. Given two sets S and S,, the convergence degree between S; and S,
in FM-test is defined as

> frs,(e) + > frs, (f)

eEs) fess

cem(S1,82) = 517+ 53] ,

(23.1)

where F'S; and FS, are the corresponding fuzzy sets. The divergence, FM d-value,
between S, and S is defined as
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dFM(Sl,Sz) =1 —CFM(S1,S2). (232)

CM-test [4]. If an element of one fuzzy set belongs more to the other fuzzy set,
then we say that the element is misclassified. The divergence of the original two sets

is measured by aggregating the number of misclassified elements and the degree of
misclassification as follows:

com(S1,82) = o + (1 — a)*Ts. (23.3)
Here, o is a weight whose value ranges from O to 1, and T, and T, are normalized
number of misclassified samples and degree of misclassification, respectively.

T, and T, are defined in (23.4) and (23.5).

_ |MEs2(S1) + Mpsi(S2)]

T (23.4)
: IS1] + |S2]
Z m(eaSZ) Z m(f7 Sl)
ecs| fE€Sy
T, = 23.5)
2 IS1] + |S2] (

CM d-value, the cluster misclassification divergence degree, between S, and S,
is defined as

dem(S1,82) = 1 — cem(S1,52). (23.6)

23.2.2 Shortening the List of Genes with GA

In this step, the genes identified in the previous step are subjected to GA to select
the most significant ones among them. A standard genetic algorithm was adopted
from [1].

e Encoding. Chromosome length is the number of genes in the list generated by
the previous step. The genes are binary encoded. A “1” means that the gene is
present and a “0” that it is not.

e Fitness evaluation. We define the fitness value of a chromosome as the classifi-
cation accuracy obtained by a classifier using the genes presented in that
chromosome. We used decision tree C4.5 as the classifier. Library functions of
Weka were used for the implementation [6].

e Selection. The individual chromosomes are selected using a roulette wheel,
where each individual is weighted according to its fitness value.

e Crossover. Two selected individual chromosomes are crossovered under a given
probability. Their offspring will be the new individuals for the next population.
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® Mutation. We mutate the chromosomes by changing one randomly selected bit
from O to 1 or vice versa with a given probability.

The evaluation, selection, crossover, and mutation procedures are repeated for
each generation until the maximum number of generations is reached. Then, the
best individual of the last GA population is used to determine the genes that should
be present in the final significant gene list. Only the genes represented as “1” in that
individual are selected to be in the list.

23.3 Experimental Results

Our experiments were performed on four sets of microarray data below.

Lung Cancer Data [7]. Ten individuals, out of which five were diagnosed with
lung cancer and five were not. 22,283 genes.

CNS Cancer Data [8]. Sixty individuals, out of which thirty-nine were survivors
and twenty-first were treatment failures. 7,129 genes.

Diabetes Dataset No. I [9]. Thirty-four individuals, out of which seventeen were
diagnosed with diabetes and seventeen were not. 15,056 different genes.

Diabetes Dataset No. 2 [10]. Ten individuals, out of which five were insulin-
sensitive (IS) and five were insulin-resistant (IR). 10,831 genes. Only the genes
with no null expression values were analyzed.

We compared FM-GA and CM-GA with 7-GA to identify the benefit brought by
FM-test and CM-test. We also compared FM-GA and CM-GA with FM-test, CM-
test, and #-test to identify the benefits brought by GA. As shown in Table 23.1, of the
four datasets, (1) CM-GA gives better results than CM-tests alone on all sets of
data, (2) FM-GA gives better results than FM-test alone on three sets of data and
equal accuracy on one set of data, and (3) FM-GA and CM-GA have accuracies that
are higher than or equal to that of -GA and ¢-test.

To evaluate the results of CM-GA and FM-GA, we selected top ten differentially
regulated genes in the lung cancer data and searched published literature to validate
their relevance in tumor growth and development. The most significant gene
identified by CM and CM-GA method is the PI 3-kinase or PI3K, which is one of
the extensively studied and commonly activated signaling proteins in human

Table 23.1 Classification accuracy (%) obtained by decision trees constructed with genes
identified

Lung cancer CNS Tumor Diabetes dataset No. 1 Diabetes dataset No. 2

CM GA 100 76.67 91.18 90
FM GA 90 80 91.18 90
t GA 90 70.49 70.59 90
CM test 90 59.02 79.41 80
FM test 80 58.33 73.53 90

t test 90 46.67 32.35 80
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cancers [11]. It plays essential roles in many cellular processes, including cell
survival, proliferation, and differentiation. PI3 kinases are major effector molecules
downstream of receptor tyrosine kinases (RTKSs) and G protein-coupled receptors
(GPCRs). The PI3Ks transduce signals from various growth factors and cytokines
into intracellular messages by generating phospholipids, which activate the seri-
ne threonine protein kinase AKT (also known as protein kinase B (PKB)) and other
downstream effector pathways. PI3 kinases are important molecular targets of
several experimental drugs and chemotherapeutic and chemopreventive com-
pounds [11]. Identification of PI3 kinases is highly significant and validates the
methods to identify relevant genes. Adenosine monophosphate deaminase 1
(AMPD1) was also identified as a significant gene. AMPD1 catalyzes the deami-
nation of AMP to IMP and plays an important role in the purine nucleotide cycle.
Although differential regulation of AMPDI1 is not known, adenine nucleotide
catabolism is altered in tumor tissues, suggesting functional investigation of
AMPDI1 in cancer cells [12]. The cytochrome P450 proteins are monooxygenases
involved in drug metabolism and synthesis of cholesterol, steroids, and other lipids
[13]. Expression, allelic imbalances, and mutations such as SNPs of both CYP3A4
and CYP2A13 that were identified are associated with cancer risk, prognosis, and
drug resistance [14]. Another important oncogene family that was identified as
significant using this method was the ETS family of transcription factors that has
been characterized in various cancers [15]. The members of this gene have been
shown to be the target of various oncogenic signaling pathways, such as ras-raf-
MAPK signaling cascade. Caspase 10 or the Fas-associated death domain protein
interleukin-1b-converting enzyme 2 mRNA is processed during apoptosis and
caspase 8, and in turn cleaves caspase 3 and 7 executioner caspases to induce
apoptotic cell death. Inhibition of apoptosis is the hallmark of cancer cells and
modulation/mutations in caspase 10 have been shown in various cancers [16].
FBN1 or Fibrillin 1 is a member of the fibrillin family of glycoproteins in
calcium-binding microfibrils that supports elastic and nonelastic connective tissue
throughout the body. Isolated uncharacterized reports of FBN1 alterations in human
cancers suggest further investigation of this molecule. Another important target that
was identified using our method was GNAII, the Guanine nucleotide-binding
protein (G protein), alpha-inhibiting activity polypeptide 1. G proteins are known
molecular switches in oncogenic signaling pathways [17]. Overall, the validation of
top ranking molecules based on the published literature suggests that CM-GA and
FM-GA are efficient and superior methods for identifying significantly modulated
genes in target gene expression datasets.

23.4 Conclusions and Future Work

In this paper, we proposed CM-GA and FM-GA as new approaches to identify
significant genes of diseases. Experiments were conducted on real-world datasets.
Results were compared with CM-test, FM-test, #-test, and -GA. CM-GA and
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FM-GA have the highest overall accuracy among all these methods. Our future
research will include applying this approach to other feature selection problems and
investigating ways of improving the performance of GA.
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Chapter 24
Novel Features for Automated Cell Phenotype
Image Classification

Loris Nanni, Sheryl Brahnam, and Alessandra Lumini

Abstract The most common method of handling automated cell phenotype image
classification is to determine a common set of optimal features and then apply
standard machine-learning algorithms to classify them. In this chapter, we use
advanced methods for determining a set of optimized features for training an
ensemble using random subspace with a set of Levenberg Marquardt neural net-
works. The process requires that we first run several experiments to determine the
individual features that offer the most information. The best performing features are
then concatenated and used in the ensemble classification. Applying this approach,
we have obtained an average accuracy of 97.4% using the three best benchmarks for
this problem: the 2D HeLa dataset and both the endogenous and the transfected
LOCATE mouse protein subcellular localization databases.

Keywords Pattern classification and recognition - Image processing in medicine
and biological sciences

24.1 Introduction

A major goal in the biological sciences is to understand the function of proteins at
the cellular level [2]. Protein localization is also critical in many practical applica-
tions, such as in the design of drug screening systems and for drug discovery and
early diagnosis of disease. In [8], for example, an automated system was able to
learn to identify cancer by comparing the subcellular protein location patterns in
normal tissues and those in cancerous tissues.
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Automated protein subcellular localization was first proposed by Eisenhaber and
Bork [6] and Nakai and Horton [16]. Their methods, however, resulted in marginal
performance, ranging in accuracy from 60 to 80%. Over the last decade, new
methods based on the visual inspection of fluorescence microscopy images have
been studied extensively.

Most work to date train common image descriptors using general purpose
classifiers. Of note are the Haralick texture measures [13], Zernike moments [10],
Gabor filters, and many other ad hoc measures [5]. More recently, new machine
learning algorithms that are based on fusion methods at the feature level or score
level have been developed. At the feature level, vectors are created by concatenat-
ing several descriptors (see, for example, [3, 10, 14]). Studies in this problem
domain that are based on feature level fusion primarily include those methods
proposed by Murphy’s group [1, 3, 4]. In these studies, several types of descriptors
(named Subcellular Location Features, or SLF) are concatenated using a method
proposed in [10]. A multiresolution approach, proposed in [2], trained classifiers
using descriptors extracted from different resolution spaces. Some examples of
fusion at the score level are Refs. [15, 17, 18].

In this chapter, we propose an optimized set of features for training a random
subspace of Levenberg Marquardt neural networks that is based on previous
work [17, 18]. We run experiments to optimize the performance of variants of the
Local Binary Pattern texture descriptors, the wavelet descriptor, and the Haralick
descriptor. We then concatenate the best performing features and use them to train
an ensemble. We test our approach using data from three different benchmark
datasets.

24.2 Descriptors for Cell Phenotype Images

Two types of descriptors are proposed and examined for this problem [17]: global
descriptors, which are extracted from the whole image and local descriptors, which
are extracted by focusing on various local regions within the image (see [17] for
details). In order to deal with the nonuniform illumination problem, images are
preprocessed by applying the contrast limited adaptive histogram equalization
(using adapthisteq.m in MATLAB 7). Below, we describe the descriptors used in
our proposed approach.

Invariant Local Binary Patterns: It is an extensively studied local texture
operator [19]. The Local Binary Pattern is a histogram that is based on the LBPp,
g statistical operator. It is calculated by examining the joint distribution of gray
scale values of a circularly symmetric neighbor set of P pixels around a pixel x on a
circle of radius R. In this study, we use the long descriptor that is obtained by
concatenating three histograms calculated with: (P = 8; R = 1), (P = 16; R = 2),
and (P = 24; R = 3).

Local Ternary Patterns: It is a generalization of the Local Binary Pattern [21].
The difference between the gray value of a pixel x from the gray values in one of its
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neighborhood u assumes the three values by application of a threshold t (here
t=3):1lifu>x+r1 —1ifu <x — 71; else 0. The ternary pattern is split into
two binary patterns by considering the positive and negative components. The
histograms computed from these two patterns are then concatenated. In this
study, we use the descriptor obtained by concatenating three histograms calculated
with: (P =8; R = 1) and (P = 18; R = 2).

Threshold adjacency statistics: The threshold adjacency statistics (TAS) descriptor
was first proposed by Hamilton et al. [10] to classify phenotype images. TAS is
based on multiple binarizations of the image using different thresholds and the
calculation of a histogram for each of these binary images.

Haralick texture features: The Haralick texture features descriptor was proposed
30 years ago by Haralick [11]. It is based on the Spatial Gray Level Dependence
Matrices (SGLD), each element in the matrix is a count of the total number of pairs
of gray levels i and j at a distance d along the direction 0.

Thirteen features are calculated from a SGLD matrix at a fixed angle 0: energy,
correlation, inertia, entropy, inverse difference moment, sum average, sum vari-
ance, sum entropy, difference average, difference variance, difference entropy, and
two information measures of correlation. There are several methods for extracting
features using SGLD:

® Haarl, which concatenates the features extracted by considering the two angles
of 0° and 90°, with d = 1, as proposed in [17]

e Haar2, which adds the mean and the range of the 13 measures, thus increasing
the number of features to 26, as proposed in [2]

e Haar3, which concatenates the features extracted by considering the four angles
0°, 45°, 135°, and 90°, with d = 1

® Haar4, which concatenates the features extracted by considering the four angles
0°, 45°, 135°, and 90°, withd = 1 and d = 3

Wavelet features: The method we used is that proposed by Huang and Murphy
[14], where the average energy of the three high-frequency components is calcu-
lated up to the tenth level decomposition using both the scaling and the wavelet
functions of the Coiflets wavelet.

24.3 The Proposed Approach

The approach we propose in this chapter for classifying protein subcellular locali-
zation images extends state-of-the-art methods for calculating a set of local and
global descriptors [15, 18]. These descriptors are then used to train a random
subspace of Levenberg Marquardt neural networks [9] with five hidden nodes.
The random subspace method [12] reduces the feature set by randomly drawing a
subset of all available features to train classifiers within an ensemble. The random
subspace ensemble is made up of 100 neural networks combined by sum rule
training each using a random subset of 2/3 of all the features.
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24.4 Experimental Results

Our experimental results were obtained using a fivefold cross validation procedure,
where we consider the accuracy as the performance indicator. The benchmark
datasets used in our experiments are the following:

e LOCATE mouse protein subcellular localization database [7]. This dataset is
actually two: the endogenous and the transfected datasets. They contains approx-
imately 50 images, with each image containing between 1 and 13 cells, per class.

e 2D Hela dataset [2]. This dataset contains 862 images.

In Table 24.1, we compare global descriptors. LTP clearly outperforms LBP,
and HAAR4 is the best Haralick-based method. In Table 24.2, we compare results
using the different wavelets descriptors. In Table 24.3, we report the performance
obtained by the Coiflet wavelet as we vary the number of levels of decomposition.

In Table 24.4, we report the performance of several global descriptors:

e LPQ, specifically, the descriptor as proposed in [20]

e Gabor, where a bank of Gabor filters with five scales and six orientations is used
and the mean and the standard deviation of the resulting image are taken as the
texture features [14]

e Edge, using the five edge features (ranging from SLF[.9 to SLF1.13 of SLF
descriptors) as proposed in [1]

Table 24.1 Accuracy obtained using different feature sets

Descriptor LBP LTP HAARI1 HAAR2 HAAR3 HAAR4
LOCATE endogenous 0.930 0.957 0.819 0.836 0.831 0.895
LOCATE transfected 0.841 0.890 0.828 0.845 0.878 0918
2D HeLa 0.875 0.908 0.817 0.859 0.828 0.879
Average 0.882 0.918 0.821 0.846 0.845 0.897

Table 24.2 Comparison among different wavelets

Haar Db4 Sym?2 Coif2 Bior2.2 Rbio2.2
LOCATE endogenous 0.872 0.884 0.882 0.901 0.878 0.874
LOCATE transfected 0.868 0.867 0.880 0.894 0.852 0.890
2D HeLa 0.822 0.850 0.830 0.852 0.826 0.822
Average 0.854 0.867 0.864 0.882 0.852 0.862

Table 24.3 Comparison among different number of levels of decomposition

5 10 15
LOCATE endogenous 0.842 0.901 0.910
LOCATE transfected 0.826 0.894 0.900
2D HeLa 0.764 0.852 0.832

Average 0.8107 0.882 0.880
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Table 24.4 Comparison among different texture descriptors

Descriptor Length of the LOCATE LOCATE 2D HeLa
feature vector endogenous transfected
LBP 54 0.930 0.841 0.875
TAS 27 0.936 0.848 0.805
Haarl 26 0.803 0.841 0.846
Daub 30 0911 0.867 0.852
Edge 5 0.515 0.663 0.582
Hull 3 0.137 0.115 0.191
Gabor 60 0.889 0.830 0.830
Zer 49 0.776 0.662 0.589
LPQ 256 0.868 0.876 0.785
LTP 64 0.957 0.890 0.908
HAAR4 104 0.895 0.918 0.879
WAVE 30 0.901 0.894 0.852

Table 24.5 Accuracy obtained by different approaches in the three tested datasets

Method Length of the LOCATE LOCATE 2D HeLa Average
feature vector  endogenous transfected

Chebira 78 0.954

Hamilton 53 0.947 0.933 0.889 0.923
Lin 680 0.936

Nanni 107 0.984 0.933 0.942 0.953
L+G 145 0.984 0.963 0.958 0.968
GLO1 121 0.989 0.959 0.949 0.965
GLO2 255 0.991 0.953 0.955 0.966
Conc 305 0.995 0.970 0.958 0.974

Hull, using the features ranging from SLF1.14 to SLF1.16 of the SLF descriptor
as proposed in [1] to measure the convex hull of a cell image

Daub, which are the descriptors extracted from the Daubechies wavelet [14]
Zer, the Zernike features

All the texture descriptors are used to train the ensemble of neural networks.

In this way, the results are directly comparable. In Table 24.5, we report the
performance obtained by concatenating different feature sets. In Table 24.5, the
results of these previous studies are named as follows:

Chebira, the multiresolution approach proposed by Chebira et al. [2]
Hamilton, the ensemble of neural networks trained using the concatenation
between the Haralick texture features and the TAS features, as proposed in [10]
Lin, a novel AdaBoost method proposed in [15]

Nanni, the method proposed in [17]

L + G, the method proposed in [18]

GLOl, the concatenation of the global descriptors (LTP, WAVE, and TAS)
GLO2, the concatenation of the global descriptors (LTP, WAVE, HAAR4 and
TAS)



212 L. Nanni et al.

e (Conc, the concatenation of the global descriptors (LTP, WAVE, HAAR4 and
TAS) and two local descriptors (LBP and HAARI) extracted as in [17]

Notice that the performance obtained by Conc is higher than the performance
obtained by the other state-of-the-art methods.

24.5 Conclusion and Discussion

This chapter is focused on the study of texture descriptors for training an ensemble
of machine learning algorithms for cell phenotype image classification. Based on an
analysis of prior research, we propose a new method for automating subcellular
protein localization based on a fusion of Levenberg Marquardt neural networks
using random subspace combined by Borda count.

The ensemble proposed in this work has been tested on three datasets which are
the most widely used benchmarks for comparing automated cell phenotype image
classification approaches: the 2D HeLa dataset and both the endogenous and
transfected LOCATE mouse protein sub-cellular localization databases.

In our classification experiments, we obtain an average accuracy of 97.4%, using
the above cited datasets.
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Chapter 25

A Relational Fuzzy C-Means Algorithm for
Detecting Protein Spots in Two-Dimensional
Gel Images

Shaheera Rashwan, Talaat Faheem, Amany Sarhan, and Bayumy A.B. Youssef

Abstract Two-dimensional polyacrylamide gel electrophoresis of proteins is a robust
and reproducible technique. It is the most widely used separation tool in proteomics.
Current efforts in the field are directed at the development of tools for expanding
the range of proteins accessible with two-dimensional gels. Proteomics was built
around the two-dimensional gel. The idea that multiple proteins can be analyzed in
parallel grew from two-dimensional gel maps. Proteomics researchers needed to
identify interested protein spots by examining the gel. This is time consuming, labor
extensive and error prone. It is desired that the computer can analyze the proteins
automatically by first detecting, then quantifying the protein spots in the 2D gel
images. This paper focuses on the protein spot detection and segmentation of 2D
gel electrophoresis images. We present a new technique for segmentation of 2D gel
images using the Fuzzy C-Means (FCM) algorithm and matching spots using the
notion of fuzzy relations. Through the experimental results, the new algorithm was
found out to detect protein spots more accurately, then the current known algorithms.

Keywords 2D Gel images - Protein spot detection - Fuzzy C-Means algorithm -
Fuzzy relations

25.1 Introduction

The last decade in life sciences was deeply influenced by the development of the
“Omics” technologies (genomics, transcriptomics, proteomics, and metabolomics),
which aim for a global view on biological systems. With these tools at hand, the
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scientific community is striving to build functional models to develop a global
understanding of the living cell [1 3].

The analysis of the proteome as the final level of gene expression started out with
techniques based on 2D gel electrophoresis [4, 5] and extended its reach with
semigel-free and shot gun gel-free liquid chromatography mass spectrometry
(LC MS)-based techniques in recent years.

Quantitative analysis based on LC MS techniques is still in an early stage when
considering available software and algorithms. Here, we focus on the computerized
analysis of 2D gels which are widely used in the scientific community. Two-
dimensional gels may separate up to 10,000 protein spots on one gel [6]. In a
suitably equipped and experienced lab environment, 2D gels are easy to handle, and
they can be produced in a highly parallelized way.

On a proteome map, one can detect all spots of a whole experiment in a single
gel image, whereas the average images proposed earlier suffer from dilution effects
for weak and rare spots. The spots detected there can serve as a spot consensus
pattern that is valid for the whole gel set of the experiment. The consensus spot
pattern is then transferred according to the warping transform and used on all gels.
This allows for 100% matching spots and, in turn, complete expression profiles for
reliable statistical analysis [7, 8].

The goals of this step Protein Spot detection are to find the spot positions,
find their surrounding boundary, and determine their quantities. There are two
basic approaches that are used in current software: image segmentation and
model-based quantitation. The segmentation approach partitions the image into
nonoverlapping segments, essentially classifying each pixel as belonging to a
certain spot, or as being part of the background between spots. The advantage of
this approach is that the image is clearly separated into spots and “nonspot” areas
which are easy to assess by a user. If the software allows editing of spot bound-
aries, then any desired spot shape can, in principle, be obtained. Model-based
approaches try to model a spot’s intensity as a Gaussian normal distribution or
some variant thereof. A spot’s quantity and boundaries are then derived from the
model (Fig. 25.1).

Fig. 25.1 Spot boundaries for high (a) and low (b) abundance spots
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25.2 Previous Developments

Previous developments in this area have employed a wide range of techniques, and
a majority of applications address the matching of 2D gel electrophoresis images
for proteins as opposed to DNA. This is because 2D gel electrophoresis images for
proteins have a relatively more uniform background and are somewhat easier to
work with than the 2D gel electrophoresis images for DNA.

Kim et al. [9] proposed a hierarchical segmentation based on thresholding and
the detection of watersheds. They first preprocess the images to remove noise and
enhance contrast, then thresholding is applied which produces large regions.
A watershed detection algorithm is then applied recursively on these regions until
only a single blob is detected which is considered to be a spot.

Sugahara et al. [10] smoothed image regions by averaging pixel intensities using
an mxm window and performed a thresholding operation which ultimately sub-
tracted the background, and then created a binary image for spot detection.

Takahashi et al. [11] performed image enhancement and smoothing before
defining local maxima in order to label the spots.

Morris et al. [12] developed a very accurate and robust method of detecting spots
in 2D gel electrophoresis images. Their process involves an “average gel” which is
created by first using registration software to create an alignment of all gels being
used. The pixel intensities are then averaged across the aligned gels.

In their paper [13], Umer Z. ljaz et al. presented a technique that uses the
clustering techniques like K-means and Fuzzy C-Means (FCM) to distinguish
between different types of protein spots and unwanted artifacts.

Christopher S. Hoeflich et al. [14] presented a new technique using the labeling
of each image pixel as either a spot or nonspot and use a Markov Random Field
(MRF) model and simulated annealing for inference. Neighboring spot labels are
then connected to form spot regions.

Dimitris K. Takovidis et al. [15] presented a novel approach to unsupervised
protein spot detection in 2D-PAGE images based on a genetic algorithm. This
algorithm searches within a multidimensional parameter space to determine, in
parallel, the parameters of multiple diffusion models that optimally fit the char-
acteristics of possible spots.

In their paper [16], Tsakanikas et al. introduce the use of Active Contours
without Edges coupled with Contour Transform-based image enhancement for
extracting accurately the gel image foreground (regions with spots) from the
background.

In [17], Yoon et al. to find protein spots more accurately and reliably from gel
images, propose Reversible Jump Markov Chain Monte Carlo method (RIMCMC)
to search for underlying spots which are assumed to have Gaussian-distribution
shape.

In this work, we intend to present a novel algorithm that uses the FCM algorithm
as a primary step in the segmentation process.
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The paper is organized as follows. Section 25.3 presents the FCM segmentation
algorithm. Protein Spot detection using FCM and introducing the notion of fuzzy
relations and a parameter estimation of the Relational Fuzzy C-Means (RFCM) new
algorithm are described in Sects. 25.4 and 25.5, respectively. Algorithm validation
on 2D gel images of human leukemia is shown in Sect. 25.6. Discussion and
conclusions are presented in Sect. 25.7.

25.3 The Fuzzy C-Means Segmentation Algorithm

FCM method, also known as Fuzzy ISODATA, which was originally introduced by
Bezdek in 1981 as an extension to Dunn’s algorithm [18] is the most widely used
fuzzy clustering algorithm in practice.

FCM is a data clustering technique based on optimizing the objective function:

J(U,V) = Z Z (.uzj)m

j=1 i=1

x5 — vl (25.1)

It requires every data point in the data set to belong to a cluster to some
membership degree. The purpose of the FCM is to group data points into different
specific clusters. Let X = {x;,xs,...,xy} be a collection of data.

By minimizing the objective function (25.1), X is classified into C homogeneous
clusters. Where y;; is the membership degree of data x; to a fuzzy cluster set v;,
V = {vi,v2,...,v.} are the cluster centers. U = () . is a fuzzy partition matrix,
in which each g jindicates the membership degree for each data point in the data set
to the cluster j. The value of U should satisfy the following conditions:

u; €01, Yi=1,...,N, Vj=1,...,C (25.2)

C
owi=1, Vi=1,.. N (25.3)
Jj=1

The Hxi — ijis the Euclidean distance betweenx; and v;. The parameter m is
called fuzziness index that control the fuzziness of membership of each datum. The
goal is to iteratively minimize the aggregate distance between each data point in the
data set and cluster centers until no further minimization is possible. The whole
FCM process can be described in the following steps.

Step 1: Initialize the membership matrix U with random values, subject to
satisfying conditions (25.2) and (25.3).

Step 2: Calculate the cluster center V by using the following equation
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N m
) (NU) Xi
v =5 , Vj=1,...,C (25.4)
(iuij)m
i=1
Step 3: Get the new distance:
dj=||xi=vj||, Vi=1,...,N, Vj=1,...,C (25.5)
Step 4: Update the Fuzzy partition matrix U:
1 .
dy\m 1
> (%)
k=1
Else, p;; = 1
Step 5: If the termination criteria have been reached, then stop. Else go back to
step 2.

The suitable termination criteria can be set by checking whether the objective
function is below a certain tolerance value or if its improvement compared to the
previous iteration is below a certain threshold. Moreover, the maximum number of
iteration cycles can be used as a termination criterion as well.

25.4 Protein Spot Detection Utilizing the Relational
Fuzzy C-Means Algorithm

In this section, we present our new algorithm for matching protein spots in the 2D
gel images. We called the new algorithm the RFCM as it builds on the traditional
FCM algorithm but is modified by introducing the notion of fuzzy relations in order
to differentiate spot pixels from the varying background.

The algorithm is composed of four steps, where the first step of it is to apply the
FCM to the image to produce preliminary clusters. Then, these clusters are then
internally refined to identify the inner spots by separating the background pixel
from the contained pixel in the cluster by applying steps 2 4 on the clusters.
A summary of the steps of the proposed algorithm is given below.

Step 1: Apply the FCM algorithm presented in Sect. 25.3 with C more than 2.
The output is the partitioning of pixels in the image to different clusters each having
a center value v.

Step 2: For each two pixels x, y belonging to two different clusters, create a fuzzy
relation between x and y named I(x, y), where I(x, y) define the degree of closeness
between intensities of pixels x and y.



220 S. Rashwan et al.

Fig. 25.2 Representation of
the fuzzy relation between
pixels in two clusters

Clusterl Cluster2

Step 3: Compare pixels x, y
if pixel x is much more darker than pixel y
then pixel x is a spot pixel
else if pixel x is much more lighter than pixel y
then pixel y is a spot pixel
else if difference between intensities is low and one of the pixels is a spot pixel
then the other is a spot pixel also
end if

Step 4: Mark spot pixels and differentiate them from the background. This is
done by assigning the spot pixels to the maximum value of centers of clusters and
the background nonspot pixels to the minimum value of centers of clusters.

In Fig. 25.2, a representation of a fuzzy relation between two points in two
different clusters: clusters 1 and 2, I(x, y), is shown, where x and y are any two
points each in one different cluster. Here, the arrow represents the degree of
closeness between two pixels from different clusters.

25.5 Parameter Estimation

In step 3 of the proposed RFCM algorithm, we compare pixels x, y of different
clusters. This comparison represents the membership function of the fuzzy relation
established between both pixels. It can be represented either by the ratio or the
difference between the level intensities of both of them.

In both cases, we need a parameter which identifies the lower bound of degree of
darkness between both pixels. Whenever the difference between the level intensities
of both of them exceeds a certain parameter we referred to this parameter by f§
then the pixel representing the darker pixel value is a spot pixel. We have shown to
represent the fuzzy relation between the two pixels by the difference between the
level intensities of both of them. Thus, we can rewrite step 3 in the algorithm as
follows:

Step 3: Compare x, y
if absolute(gv(x) — gv(y)) > f8
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then pixel representing
max(gv(x) — gv(y)) is a spot pixel
end if
Where gv refers to gray value of the corresponding pixel x or y.

Of course, the value of § which gives the best results in 2D gel electrophoresis
images is a key issue in the algorithm and has to be estimated experimentally.

25.6 Experimental Results

The LECB 2D PAGE gel images database is available for public use. It contains
data sets from four types of experiments with over 300 gif images with annotation
and landmark data in html, tab-delimited, and xml formats. It could be used for
samples of several types of biological materials and for test data for 2D gel analysis
software development and comparison with other similar samples. PAGE is poly-
acrylamide gel electrophoresis. The LECB was the U.S. National Cancer Institute’s
Laboratory of Experimental and Computational Biology. The database is available
at two Web sites [20, 21]. We choose the Human leukemias (Eric Lester, Peter
Lemkin) data sets to show our results.

In our work, we used these data and applied our algorithm to 2D gel images of
autologous human lymphoblastoid cell lines. The results are shown in the following
figures. Figures 25.3, 25.7, and 25.11 show three test cases 2D gel electrophoresis
images of a patient human leukemias. Figures 25.4, 25.8, and 25.12 show the
gradient images of the 2D gel images presented in Figs. 25.3, 25.7, and 25.11. The
results of applying the current FCM Segmentation algorithm on these images at
C = 2, are shown in Figs. 25.5, 25.9, and 25.13. The results of applying the
Proposed RFCM Segmentation algorithm on these images at C = 6 and f§ = 20
are shown in Figs. 25.6, 25.10, and 25.14.

Fig. 25.3 2D Gel v -
electrophoresis image of a - W L
patient human leukemias [BIER
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Fig. 25.4 The gradient
image of 2D gel
electrophoresis image in
Fig. 25.3

Fig. 25.5 The gradient
image of 2D gel
electrophoresis image in

Fig. 25.4 after applying the
Fuzzy C Means segmentation
algorithm C 2

Fig. 25.6 The gradient
image of 2D gel
electrophoresis image in
Fig. 25.4 after applying the
Proposed Relational Fuzzy C
Means segmentation
algorithm C 6, 20

S. Rashwan et al.
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Fig. 25.7 2D Gel
electrophoresis image of
second patient human

leukemias

Fig. 25.8 The gradient
image of 2D gel
electrophoresis image in
Fig. 25.7

Fig. 25.9 The gradient
image of 2D gel
electrophoresis image in
Fig. 25.8 after applying the
Fuzzy C Means
Segmentation algorithm

Cc 2
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Fig. 25.10 The gradient
image of 2D gel
electrophoresis image in
Fig. 25.8 after applying the
Relational Fuzzy C Means
Segmentation algorithm

C 6, 20

Fig. 25.11 2D Gel
electrophoresis image of third
patient human leukemias

Fig. 25.12 The gradient
image of 2D gel
electrophoresis image in
Fig. 25.11
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Fig. 25.13 The gradient
image of 2D gel
electrophoresis image in
Fig. 25.12 after applying the
Fuzzy C Means
Segmentation algorithm

Cc 2

Fig. 25.14 The gradient
image of 2D gel
electrophoresis image in
Fig. 25.12 after applying the
Relational Fuzzy C Means
Segmentation algorithm

C 6p 20

25.7 Discussion

In this work, we presented a new algorithm based on the notion of fuzzy relations to
segment and detect protein spots in 2D gel electrophoresis images. This technique
shows high performance and detects the protein spots precisely, as shown in
Figs. 25.6 and 25.14, even the less dark spots in the image appears (shown by
squares) while in Figs. 25.5 and 25.13 when applying the FCM algorithm those
protein spots which affects the spot quantization step in the whole process of 2D gel
image analysis disappear totally.

When the image has clear nonoverlapping spots, both algorithms have similar
results as shown in Figs. 25.7 25.10. However, for the 2D gel images with over-
lapping spots as for the third patient, the FCM algorithm divided the same spot that



226 S. Rashwan et al.

can yield to ambiguity in the spot quantization while the new algorithm did not have
the same problem, please refer to Figs. 25.11 25.13.

For future work, we suggest the development of fuzzy relations to obtain better
results. The parameters representing the degree of closeness must be defined for the
enhancement and improvement of the RFCM algorithm. The use of intuitionistic
fuzzy relations to identify the degree of noncloseness between pixels and the
hesitation margin can be investigated also.
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Chapter 26
Assigning Probabilities to Mascot Peptide
Identification Using Logistic Regression

Jinhong Shi and Fang-Xiang Wu

Abstract We propose a method to assign probabilities to Mascot peptide identifi-
cation by using logistic regression. Three key scores, Mascot ions score (MIS),
identity threshold, and homology threshold, are integrated into the logistic regres-
sion model. Two features in the model are constructed as the differences between
MIS and the two thresholds, respectively. Newton Raphson method is then adopted
to solve the model and the weight vector is estimated by maximizing the likelihood
of training data. By applying the method to two datasets with known validity, the
results demonstrate that the proposed method can assign accurate probabilities to
Mascot peptide identifications and have a high discrimination power to separate
correct and incorrect peptide identifications.

Keywords Logistic regression - Mascot ions score (MIS) - Mascot peptide identi-
fication - Newton-raphson method

26.1 Introduction

Mascot [1] is one of the most popular peptide identification search engines.
Generally, it provides three scores, Mascot ions score (MIS), identity threshold,
and homology threshold, to distinguish peptide identifications. MIS is given by

10log;o(P), where P is the probability that a peptide spectrum match is a random
event. MIS measures the similarity between experimental spectra and theoretical
spectra, but the algorithm to compute the probability P is unknown to users. Mascot
Identity Threshold (MIT) is defined as 10logo(20p/gmatch), where gmatch is the
number of candidate peptides with masses close to the precursor ion mass in a
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database, and p is the significance threshold. It is reported that MIT is conservative
in discriminating peptide identifications. In some cases, all peptides for one spec-
trum have scores lower than MIT, but there exist peptides with scores which are
significant outliers from the distribution of all scores. To cope with this situation,
Mascot provides a lower empirical threshold called Mascot homology threshold
(MHT). The algorithm to compute MHT is not released either.

Mascot uses a threshold method to discriminate correct and incorrect peptide
identifications. This method is useful when the goal stays on the level of peptide
identification since it can identify many correct peptides. However, the final goal
of proteomics is not peptide identification but protein inference. To facilitate
the subsequent protein inference, it is necessary to perform statistical analysis on
peptide identifications given by search engines. For one peptide identification,
it is desired to associate it with a probability which can represent the likelihood
that it is correct. With the associated probabilities to peptide identifications,
it would be convenient to use statistical models to address protein inference
problem [2 4].

There have been methods proposed to assign probabilities to peptide identi-
fications given by search engines. Keller et al. [4] used bimodal and EM algo-
rithm to assign probabilities to Sequest [5] search results. This algorithm is then
adopted by the commercial software Scaffold [6] and has been extended to the
analysis of search results from X!Tandem and Mascot. The advantage of this
algorithm is that it models the distribution of all discriminant scores, and uses
Bayesian model to assign probabilities. However, it did not provide any theoreti-
cal explanations why the distributions of scores are subject to the assumed
standard statistical distributions. In addition, Feng et al. [7] used a generalized
Mascot scoring function to improve the accuracy of peptide identification prob-
abilities. The problem with this function is that it cannot guarantee the results
always to be probabilities.

In this paper, the logistic regression is used to assign probabilities to peptide
identifications based on Mascot scores. MIS, MIT, and MHT are used to con-
struct two features in the model, which is then solved by Newton Raphson
method. Two datasets, ISB and TOV, with known validity are used to evaluate
the performance of the method. The results show that the probabilities assigned
are accurate and have a high power to discriminate the correct and incorrect
peptide identifications.

26.2 Methods

Logistic regression is a good choice of classification technique for approaching
problems in bioinformatics. One obvious advantage is that it can integrate all
possible risk factors into one model and assure that the results are probabilities,
which is exactly what we expect when performing the statistical analysis of
proteomic data. Moreover, this characteristic can help to avoid the problem in
Feng’s model [7].



26 Assigning Probabilities to Mascot Peptide Identification Using Logistic Regression 231

We use logistic regression to assign probabilities to Mascot peptide identifica-
tions and classify the results. A two class classification is considered here, that is,
the correct and the incorrect peptide identifications. If we take the identification of
one peptide as a Bernoulli trial, denoted by the random variable X, then we have

(26.1)

X 1, correctidentification,
N 0, incorrect identification.

Under general assumptions [8], the posterior probability of X can be written as a
logistic function acting on a linear combination of a feature vector @ so that

_ __exp(w'®)
P =1]0,w) = — oxp(wTD) (26.2)
p(X = 0|®,w) = ! (26.3)

1 +exp(wT®)’

where w is the weight vector. Equations (26.2) and (26.3) represent the posterior
probabilities of a correct and incorrect peptide identification given its feature vector
@, respectively. Notice that (26.3) follows directly from (26.2) because the sum of
the two probabilities must be 1. Two features ¢; and ¢, are incorporated into the
logistic regression model, i.e.,

¢, =MIS —MIT and ¢, = MIS — MHT (26.4)

with the feature vector ® = [1,¢,, ¢,]" and the weight vector w = [wo, wy, wa]".
Instead of using three scores separately, we choose the differences between scores
and thresholds as features because it is easy to understand how Mascot distin-
guishes peptide identifications. The larger the difference, the higher the probability
of a peptide identification being correct. Additionally, we expect that the weights of
¢ and ¢, are positive to be consistent with Mascot peptide identification criteria.

At this point, assigning probabilities to peptide identifications is reduced to
estimate the model parameters. If feature values are subject to Gaussian distribu-
tions with the same covariance matrix, then naive Bayes classifiers or the Fisher’s
LDA can be used to estimate the weight vector w. However, this assumption usually
cannot be satisfied by experimental data. Hence, we estimate the weights directly
from the training data by maximizing the conditional data likelihood, i.e.,

L
W = arg max (Hp(X’|(I)[, W)) , (26.5)

AN
where L is the number of the training data, and X' and @' are the random variable
and the feature vector of the /" peptide identification, respectively. Equation (26.5)
is equivalent to maximizing the conditional log likelihood as follows



232 J. Shi and F. X. Wu

w = arg max £(w), (26.6)

where the conditional log likelihood £(w) is given by

L 2 2
L(w) = Z X! (wo + Zw,fbf) - ln<1 + exp (wo + w,-qbﬁ))] , (26.7)
=1 =1 =1

where ¢, denotes the value of the i feature of the /™ peptide identification. There is
no analytic solution to (26.6), and so we choose the Newton Raphson method to
find a numerical solution. By taking the first and second derivatives of £L(w) w.r.t w
to obtain the gradient vector and the Hessian matrix, respectively, the iterative
equation to optimize the weight vector w, starting at some point Wy, is given by

Woit = W, — u[V2L(W,)] 'VL(W,), n>0, (26.8)

where u is a constant controlling the convergence speed. Here, we assume that
det(V2L(w*)) # 0 for all critical points w*. Since the conditional log likelihood
function £(w) is concave w.r.t. w, the result will converge to a global maximum.

26.3 Results

26.3.1 Data and ROC Curve

In this study, we use receiver operating characteristic (ROC) curves to evaluate the
performance of the proposed method based on two reference datasets.

ISB dataset consists of 37,044 tandem mass spectra from 18 control proteins [9].
The spectra are separated into 124 files with 300 spectra or less in each file to meet
the requirement of the online Mascot MS/MS Ions Search (Version 2.2, http://www.
matrixscience.com). Then, they are searched with most Mascot parameters being
default except Database using NCBInr, Instrument using ESITRAP, and Report top
50 hits. When saving the results, we select the format c¢sv and check MIS, MIT, and
MHT to be saved. Note that we use MIT as MHT when MHTs are not reported. To
label the data, we search the reported peptides in the 18 control proteins plus 15
contaminants [10]. If the peptide is found in the 33 proteins, then it is labeled as
“correct”, otherwise “incorrect”.

TOV dataset, a part of the whole TOV dataset in [11], includes 24,000 tandem
mass spectra and is also searched by Mascot with the same parameters for ISB
dataset. It is searched with Sequest as well, and the outputs are validated by
PeptideProphet [4] with 95% as the threshold. Then, Mascot search results are
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labeled by referring to these correctly identified peptides. In all, 4,992 reports at
rank 1 are obtained, with 1,580 true and 3,412 false reports, respectively.

ROC curves are used to measure the discrimination power of our method.
An ROC is a plot of “sensitivity (TPR)” vs “(1-specificity) (FPR)” for a binary
classifier as the threshold is varied. If an ROC curve is a diagonal line and the area
under the curve (AUC) is 0.5, the results are just random guesses. The ROC curve
for a perfect classification is the point (0, 1). Actual classifications correspond
to curves locating between the ideal and random plots with AUC € (0.5, 1). The
greater the AUC, the higher the average discrimination power of classifiers.

26.3.2 Weight Vector Estimation from ISB Training Data

We first feed this model a training set, ISBTrainingDatal, with a good separation of
correct and incorrect peptide identifications, to primarily test our method. The ROC
curve is not shown due to the space limit, and AUC = 0.8845, which shows that the
logistic regression works very well on the dataset. The estimated weights are
wo = 1.7785, wy = 0.1327, and w, = 0.0455. However, the performance is not
as good as expected when the weights are applied to ISB test data. One possible
reason is the happening of overfitting. As discussed before, both w; and w, are
supposed to be >0 since MIS above both thresholds means peptides have higher
confidences to be correctly identified than cases when MIS exceeds one or none of
them. However, the estimated w, < 0, which is probably the result of overfitting.

To avoid overfitting the model, we use another dataset, called ISBTrainingDatall,
comprising of 567 true and 1,909 false reports, to estimate the weight vector. The
weights estimated are wy = 2.4667, w; = 0.1447, and w, = 0.0180, with w; > 0
and w, > 0 as expected. The resultant ROC curve is shown in Fig. 26.1 with AUC
= 0.8613. Although the average classification power for this dataset is not as strong
as ISBTraningDatal, the performance is still very promising.

0.8
0.6
0.4 ;
: ROC-LR
024 X ROC-MIT
] | %  ROC-MHT
Fig. 26.1 ROC curve of 0

ISBTraningDatall 0 0.5 1
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26.3.3 Evaluation on Testing Datasets

We use positive predictive value (PPV) as the effectiveness measure to choose a
threshold on the estimated probabilities by logistic regression so as to maximize the
PPV on the training dataset. A plot of PPV vs. threshold is given in Fig. 26.2. It can
be seen that the threshold 0.55 can achieve a similar PPV as MHT and the threshold
0.85 can achieve a similar PPV as MIT. We choose 0.55 as the threshold to keep a

1
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Fig. 26.3 ROC curve of ISB 0
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Table 26.1 Comparisons of the number of peptides identified as TP, FP, TN, and FN between the
proposed logistic regression (LR) model and Mascot threshold methods (PPV is also compared)

ISB TOV
LR MIT MHT LR MIT MHT
True Positive (TP) 145 58 157 1,036 528 889
False Positive (FP) 42 9 51 286 67 228
True Negative (TN) 1,824 1,857 1,815 3,126 3,345 3,184
False Negative (FN) 106 193 94 544 1,052 691
PPV 0.7754 0.8657 0.7548 0.7837 0.8874 0.7959

similar PPV as MHT because MIT is too conservative, and apply the threshold 0.55
on all the testing datasets in the following analysis.

The estimated weights are applied on an ISB and a TOV test dataset to measure
the performance of the proposed method. ROC curves are shown in Fig. 26.3 with
AUC = 0.8768 and Fig. 26.4 with AUC = 0.8547, respectively. Both ROC and
AUC indicate that the proposed method has a high discrimination power for the two
test datasets. The point * and the point x are (FPR, TPR) in the ROC space when
MHT and MIT are used as thresholds, respectively. The datatips are the points on
the ROC curves of the proposed method which have the same FPR as MHT. It can
be seen that the proposed method achieves a same sensitivity (0.6255) for ISB test
data and a higher sensitivity (0.607) for TOV test data than MHT. Although the
sensitivity is not increased for ISB test data, the probabilities assigned by the
proposed method are more meaningful for users to judge their peptide identifica-
tions and can facilitate subsequent protein inference. Moreover, the results for TOV
test data show that the proposed method has good cross experiment usability.

We also compare the number of identified peptides in the test datasets between
the proposed method and Mascot threshold methods, which is shown in Table. 26.1.
It can be seen that the proposed method (LR) does not report as many correct
peptide identifications as MHT does for ISB test data, but it achieves a higher PPV
than MHT. Sometimes, a higher PPV is more useful in reporting peptide identifica-
tion results, especially for the direct use of the results without further reconfirma-
tion. For the TOV dataset, the proposed method (LR) identifies more TPs than MHT
while also introduces more FPs at the same time. Although there is always a trade-
off between TP and FP, hopefully this conflict can be mitigated by combining more
information from the deeper understanding of mass spectrometry experiments in
the future.

26.4 Conclusions

A method has been proposed to assign probabilities to Mascot peptide identifica-
tions by the use of logistic regression, and it can be easily extended to other search
engines. The results of the two reference datasets are promising, which show that
the method can generate accurate probabilities to Mascot peptide identifications
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and can generally increase the sensitivity at the same specificity as Mascot thresh-
old methods. In other words, the proposed method can provide effective statistical
analysis for Mascot peptide identifications. For the future work, we are going to find
more information to alleviate the conflict between TP and FP, and integrate this
statistical analysis for Mascot peptide identification into protein inference.
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Chapter 27

Genome-Wide EST Data Mining Approaches
to Resolving Incongruence of Molecular
Phylogenies

Yunfeng Shan and Robin Gras

Abstract Thirty-six single genes of 6 plants inferred 18 unique trees using maxi-
mum parsimony. Such incongruence is an important challenge. How to reconstruct
the congruent tree is still one of the most challenges in molecular phylogenetics.
For resolving this problem, a genome-wide EST data mining approach was system-
atically investigated by retrieving a large size of EST data of 144 shared genes of 6
green plants from GenBank. The results show that the concatenated alignments
approach overcame incongruence among single-gene phylogenies and successfully
reconstructed the congruent tree of 6 species with 100% jackknife support across
each branch when 144 genes was used. Jackknife supports of correct branches
increased with number of genes linearly, but the number of wrong branches also
increased linearly. For inferring the congruent tree, a minimum of 30 genes were
required. This approach may provide potential power in resolving conflictions of
phylogenies.

Keywords Data mining - Genome-wide - Phylogeny

27.1 Introduction

It is well known that different single genes often reconstructed different phyloge-
netic trees. Recent research shows that this problem still exists [1 3]. Such incon-
gruence is caused by many reasons such as insufficient number of informative sites,
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lateral gene transfer, unrecognized paralogy, and variable evolutionary rates of
different genes [3 5].

Multiple-gene approaches have been studied [6, 7]. Kluge believed that phylo-
genetic analysis should always be performed using all the evidences [8], but
Miyamoto and Fitch argued that partitions (including genes) should not be com-
bined [9]. Concatenated alignments of a couple of genes improved supports [3 10].
Concatenating alignments into one from genome-scale 106 genes based on 7 yeast
genomes [11] for phylogenetic analysis proclaimed ending incongruence [12].
However, there is doubt whether it is a “true tree” [13]. Generally, determining
the phylogeny of microbes was difficult due to the lack of discernible morphologi-
cal characters of microbes [14]. Minimum evolution (ME) showed the different
trees from maximum likelihood (ML) and maximum parsimony (MP) for the same
dataset when base biases were not adjusted [15]. Therefore, this critical problem
must be clarified further for this approach. Actually, there are organisms for which
the phylogeny is firmly established by fossil records and morphological character-
istics [3]. If this set of organisms is used, it becomes possible to determine how
reliable an approach is for overcoming the incongruence. In this study, such well-
known green plants were selected [16 19]. The six species included two gymnos-
perms: Picea glauca and Pinus taeda, two monocots: Oryza sativa and Triticum
aestivum, and two eudicots: Populus tremula and Arabidopsis thaliana. Ginkgo
biloba was specified as the outgroup. Five commonly used methods: ML, ME,
neighbour-joining with unweighted least squares (NJUW), neighbour-joining with
absolute difference (NJAD), and MP were used to compare consistence.

There are some evident limitations for the genome-scale approach [11]. Espe-
cially, all of concatenated alignments must include the same set of taxa. This
requirement limits many species representations because only dozens of species
have completed genome sequence data up to date.

Data mining is a powerful tool for retrieving data and is widely used in a variety
of areas. An alternate solution is to retrieve enough EST sequence data of shared
genes from publicly available sequence databases such as GenBank using data
mining approach since GenBank includes many more species that have EST
sequence data than the number of species that have completed sequencing genomes.
The GenBank size is huge and also growing fast. GenBank and its collaborating
databases, EMBL and DDBJ, have reached a milestone of 100 billion bases from
over 165,000 organisms by August 22, 2005.

27.2 Results and Discussion

Single-gene trees showed wide incongruence. Thirty-six genes reconstructed 21
unique rooted trees using ME, 20 using NJUW, and 18 using MP.

Figures 27.1 and 27.2 show the rooted tree and the unrooted tree of the con-
catenated alignments of 36 genes, and Fig. 27.3 shows the unrooted tree of the
concatenated alignments of 144 genes inferred by ML, ME, NJUW, NJAD, and MP
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Fig. 27.1 The rooted tree of
the concatenated alignments
of 36 genes. Ginkgo biloba

was specified as the outgroup.

Numbers above branches
indicate supports (L/ME/
NJUW/NJAD/MP, bootstrap
for NJAD and jackknife for
others)

Fig. 27.2 The unrooted tree
inferred from analysis of the
concatenated alignments of
36 genes. See legends in
Fig. 27.1

Fig. 27.3 The unrooted tree
inferred from analysis of the
concatenated alignments of
144 genes. See legends in
Fig. 27.1
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methods. The topologies of these rooted or unrooted trees all show a single tree and
are consistent with those based on traditional fossil, morphological and anatomical
[3], and phylogenetic analysis [16 19]. Therefore, these phylogenetic trees
(Figs. 27.1 27.3) are considered as congruent trees. The concatenation of 106
genes recovered a single species tree of 7 yeasts with 100% bootstrap supports of
all branches [11]. However, ME tree [15] was different from those of MP and ML
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when base biases were not adjusted [11, 15]. Rokas et al. also observed topological
differences between the tree obtained from a study on 75 yeast species but only
8 commonly sequenced genes and their tree from 106 genes of 7 species [11, 20].

Although Soltis et al. doubted whether the tree is a “true tree”, they advocated
the use of multiple-gene or genome-scale approaches [13]. The results of this study
strongly show that the genome-wide data mining approach is effective to overcome
incongruence regardless of the phylogenetic methods.

Jackknife support values for all branches of the rooted tree based on the
concatenated alignments of 36 single genes were 100% except for the branch of
P. tremula A. thaliana . The support for the branch of P. tremula A. thaliana was
99% for NJAD or MP, or 96% for ML (Fig. 27.1). Similarly, support values for all
branches of the unrooted tree based on 36 single genes were 100% except that for
the branch of P. tremula A. thaliana was 95%, 98%, 97%, 95%, or 79% for ML,
ME, NJUW, NJAD, or MP, respectively (Fig. 27.2). Supports for all branches of the
unrooted tree based on 144 genes were 100% (Fig. 27.3). These results suggested
that more genes get greater support values. 100% support for the congruent tree
from the concatenated alignments of 144 single genes regardless of the phyloge-
netic methods, even the simplest method such as NJAD, demonstrated the power of
large datasets by means of the genome-wide data mining approach in resolving the
incongruence. Multiple-gene approaches such as 3 combined genes of angiosperms
[13], 4 combined proteins of eukaryotes [10], 6 and 9 genes of flowering plants [21],
23 proteins of bacteria, archea, and eucarya [22], 63 genes of baculovirus [7], and
106 concatenated genes of yeasts [11] strengthened supports and improved the
consistence of phylogenies. Those previous results were consistent with the results
of the study.

100% of ten random replicates of 30-gene concatenated alignments got the
congruent tree with an average jackknife support value of at least 85% across all
branches. These results show that the number of genes was about 30. Rokas et al. [11]
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Fig. 27.4 The relationship between jackknife support values of the correct branch (branch of
P.tremula A. thaliana ) of phylogenetic trees and the number of genes. ** indicates the statistical
significant level at 0.01
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proposed the number of genes sufficient to support all branches of the species tree
ranged from a minimum of 8 20 based on the 106 concatenated genes of yeasts [11].

The jackknife support values of the branch of P. tremula A. thaliana (correct
branch) increased with the numbers of genes linearly (r = 0.2385%*, n = 158)
(Fig. 27.4). On the other hand, the supports of wrong branches did also increase
with the number of genes linearly (Fig. 27.5) (r = 0.4628%, n = 22). 100% support
did appear in wrong branches. This means that the concatenation of multiple genes
increases the support regardless of the correctness of branches. Systematic errors
might accumulate with concatenating multiple genes [15].

The bootstrap or jackknife method is used as a representation of confidence in
phylogenetic topologies. However, 100% support does not mean that the branch is
100% correct. 100% support may occur in an alternative branch [15]. High boot-
strap support does not necessarily signify “the truth” [13].

Gene-support percentage is the percentage calculated by the number of correct
gene trees divided by the total number of gene trees. The Gene-support percentages
of phylogenetic trees significantly increased with the number of genes linearly
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when the number of genes increased from 5 to 30 (r = 0.8039*** n = 18)
(Fig. 27.6). The Gene-support percentages to reconstruct the “true tree” were
only 30 60% when the number of genes was 5, 10, or 15. When 30 genes were
used, 100% Gene-support percentage was observed. High Gene-support percentage
is the appropriate criterion for evidence of getting the “true tree”.

When phylogenetic trees were inferred using NJ including slices with gaps [18],
they were identical with the rooted tree of 36 genes (Fig. 27.1) and the unrooted tree
of 144 genes (Fig. 27.3). However, the branch of P. tremula A. thaliana was not
consistent between the rooted tree and the unrooted of 36 genes. These results show
that gaps in alignments resulted in incongruence of phylogenies. They also suggest
that concatenated alignments from more genes resulted in more consistent trees and
the sufficient number of genes can overcome incongruence caused by gaps.

ML usually performs well, but is a very computationally intensive method. For
general case, it is thought that the problem of ML phylogeny is NP-hard [23]. A parallel
version for ML could help to solve some problems of the genome-scale approach.

27.3 Methods

Nucleotide sequences were retrieved from the public EST database of GenBank.
Homologous genes were identified by BLASTN v2.2.6 with the highest available
BLASTN score hit (e-value <0.0009). A program SeqMiner.pl was used (Available
upon request from authors). 144 shared genes of the six species, except for G. biloba,
and 36 shared genes of all 6 species were retrieved.

Single genes were separately aligned using Clustalx with default settings [18].
All gene alignments were edited to simply exclude positions with gaps for further
analysis, except others specially stated, and then concatenated into one large
alignment for further phylogenetic analysis.

PAUP*4.0b10 [19] was used for tree inference. Each nucleotide dataset was
analyzed under the optimality criteria of ML, distance, which included NJUW and
ME, and maximum parsimony. The ML analyses were conducted assuming that the #i/
tv ratio was unequal and estimated for a nucleotide substitution model. The NJUW and
ME analyses were performed assuming the HKY85 model of nucleotide substitution.
The MP analyses were performed with unweighted parsimony. The jackknife consen-
sus tree was searched using the branch-and-bound algorithm for MP, and the full
heuristic search for ML, NJUW, and ME. Support for each branch was tested with the
bootstrap/jackknife analysis. 100 replicates were used for ML and 1,000 for NJUW,
ME, and MP. NJAD trees were calculated using Clustalx by default settings [18],
whose bootstrap replicates were 1,000. The correlation analyses were performed using
the SAS system for Windows V8. Trees and sequence datasets are available from the
authors upon request.
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Chapter 28
Building a Parallel Between Structural
and Topological Properties

Omar Gaci

Abstract In this chapter, we study the amino acid interaction networks. An amino
acid interaction network is a graph whose vertices are the protein’s amino acids and
whose edges are the interactions between them. Using a graph theory approach, we
identify a number of properties of these networks. Some of them are common to all
proteins, while others depend on the structure arrangement. We rely on the latter
group of properties to illustrate the correlation between structural and topological
properties. Then, we propose a topological space where proteins from a same family
tend to be grouped.

Keywords Protein structure - Interaction network - Topological space

28.1 Introduction

In their natural environment, proteins adopt a native compact three-dimensional
form. The process is called folding and is not fully understood. The process is a
result of interactions between the protein’s amino acids which form chemical bonds.

In this study, we treat proteins as networks of interacting amino acid pairs [2]. In
particular, we consider the subgraph induced by the set of amino acids participating
in the secondary structure also called Secondary Structure Elements (SSE). We call
this graph SSE interaction network (SSE-IN). We carry out a study to describe the
structural families of proteins when they are represented as interaction networks.
We show how the properties of these networks are related to the structure of the
corresponding protein. Thus, we propose a topological space, where proteins from
the same family tend to be grouped. By this way, we draw a parallel between
structural and topological properties.
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28.2 A Topological Study

The purpose of our work is to offer a graph theory interpretation of the hierarchical
protein classifications. Indeed, when a protein belongs to a hierarchical level
according to its structural properties, then one can say that the corresponding
protein SSE-IN also belongs to the same level. Thus, the topological properties of
a SSE-IN are a consequence of the protein structural family. It implies that a SSE-
IN is described by specific topological properties relative to the protein structural
classification.

The first step before studying the protein SSE-IN is to select them according to
their SSE arrangements. We have computed topological measures for three families
of each hierarchical classification, namely, CATH and SCOP (see Table 28.1).

We have chosen these three families by classification, in particular, because of
their huge protein number. Thus, each family provides a broad sample guarantying
more general results and avoiding fluctuations. Moreover, these six families contain
proteins of very different sizes, varying from several dozens to several thousand
amino acids in SSE.

28.2.1 Diameter and Mean Distance

Table 28.2 (column D) shows the average diameter for each one of the studied
families. We observed very close diameters between TIM Barrel and TIM betal
alpha-barrel and also between Lysozyme and Lysozyme-like families. This is

Table 28.1 Families studied, mainly due to their protein number in CATH v3.1.0 and
SCOP v1.73

Name Type Class Proteins
Rossmann fold CATH af 2576
TIM Barrel CATH af 1051
Lysozyme CATH Mainly o 871
Globin like SCOP All o 733
TIM B/ barrel SCOP a/B 896
Lysozyme like SCOP o+ 819

Table 28.2 Average of metrics values for each family [1]

Name 1 D o z

Rossmann fold 7.26 18.84 0.033 7.20
TIM Barrel 7.79 19.83 0.030 7.17
Lysozyme 4.99 12.81 0.038 6.82
Globin like 6.64 15.65 0.034 7.69
TIM /o barrel 7.86 20.09 0.029 7.15
Lysozyme like 5.03 12.85 0.042 6.81

The column / regroups the average mean distances of SSE IN. The column D represents the
average diameter, 0 is the average density, and z the average mean degree for each studied family
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explained by the fact that each pair of families contains almost the same proteins, in
other words, Lysozyme topology in CATH is the equivalent of Lysozyme-Ilike fold
level in SCOP.

The diameter being an upper bound of distances in interaction networks, we
expect that the mean distance / will be lower than D. Table 28.2 (column /) confirms
this. Again, we observed very close values between the equivalent SCOP and
CATH families for the reasons discussed above. But we can also see that different
families have values which allow discrimination between them based on this
parameter. It is interesting to note that the ratio D// is about 2.5 for all the families.
This last property is a characterization of all proteins’ SSE-IN.

28.2.2 Density and Mean Degree

The density measures the ratio between the number of available edges and the
number of all possible edges. Results presented in Table 28.2 (column ¢) show that
the two families, TIM Barrel and TIM beta/alpha-barrel, have the minimum
density. It has a consequence on their SSE-IN topology. When the density is low,
the network is less connected and consequently, the diameter and the average
distance are higher. Comparing these results to Table 28.2 (columns /, D and J),
one can see the inversely proportional relation between density on one hand and
diameter and average distance on the other.

The mean degree is presented in Table 28.2 (column z). The observed values are
close enough between one family and another. That is why the mean degree is not a
discriminating property, but rather a property characterizing all proteins’ SSE-IN.

28.2.3 Degree Distribution

We compute the cumulative degree distribution for all proteins’ SSE-IN of studied
families. A sample of our results is presented in Fig. 28.1. We can remark that the
curves follow a power law distribution, which can be approximated by the follow-
ing power-law function:

p(k) = 14129k *, o =2.99+0.6. (28.1)

We observe the same results for all the studied proteins. To explain this behavior,
we have to rely on two facts. First, the mean degree of all proteins’ SSE-IN evolves
weakly (see Table 28.2, column z). Second, the degree distribution, see Fig. 28.2,
follows a Poisson distribution whose peak is reached for a degree near z. These two
facts imply that for degrees lower than the peak, the cumulative degree distribution
decreases slowly, and after the peak, its decrease is fast compared to an exponential
one. Consequently, all proteins’ SSE-IN studied have a similar cumulative degree
distribution which can be approximated by a unique power-law function.
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28.3 A Topological Space

In the previous section, we give different means to describe a protein structural
family characterizing its SSE-IN. Some of the properties, like diameter and density,
allow to discriminate two distinct families, while others, like mean degree and
degree distribution, are general properties of all SSE-IN. Thus, proteins having
similar structural properties and biological functions will also have similar SSE-IN
properties. In this way, our model allows us to draw a parallel between biology and
graph theory.

Here, we exploit this hypothesis by proposing a topological space where a
protein is described by its SSE-IN topology. Then, we want to project the structural
families into this topological space to put in evidence that the proteins from a same
family have SSE-IN, which are grouped in this topological space. Consequently, we
have to determine the dimensions of this topological space, that is, we want to
identify the topological criteria that are able to discriminate the SSE-IN according
to their families.
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Table 28.3 SCOP fold families from ALL alpha class used to build our topological space

SCOP ID Family name Protein number
46457 Globin like 817
46688 DNA/RNA binding 3 helical bundle 370
47472 EF Hand like 313
48507 Nuclear receptor ligand binding domain 223
48112 Heme dependent peroxidases 207
48618 Phospholipase A2, PLA2 186
47112 Histone fold 156
46625 Cytochrome ¢ 148
48263 Cytochrome P450 146

To build our topological space, we rely on the study done in the previous section
and we apply it on another dataset, see Table 28.3. This new dataset is composed
only of structural families from the All Alpha class in SCOP v1.73 classification.

First, we know that the mean distances and also the density are the discriminant
metrics among the SSE-IN from different structural families. We plot a 3D topo-
logical space, see Fig. 28.3, where the x axis represents the SSE-IN size, denoted as
N, the y axis represents the densities, denoted as G, and the z axis represents the
mean distances, denoted as L. The plots confirm that the study done in the previous
section is reliable since the dimensions we use provide a topological space where
the proteins’ SSE-IN from the same structural family are grouped. Consequently,
the parallel between structural and topological properties can be illustrated through
the topological space we propose.

Second, we remark that among the protein SSE-IN belonging to a same struc-
tural family, there are some which have a very close size. Then, the proteins are
grouped around a particular value n to form clusters. Thus, we can also describe
the structural families’ topological space describing the cluster properties that
they form.

To characterize the clusters observed in the topological space, we have to define
them. A cluster, denoted ¢,, ;, defined in the neighborhood of a specific SSE-IN size
equals to 7 satisfy:

Deluster € 1 & radius > ' Pfamily (28.2)

where, pciusier designates the number of proteins in the cluster and pramiiy is the total
number of proteins considered in the structural family. The parameter r is a
threshold, and we use the value of 25%. With this definition, we suppose that
some clusters overlap each others. In this case, we merge them and consider that the
cluster center equals to i and the cluster radius is the average length between the
minimum and the maximum SSE-IN size involved in the cluster.

Table 28.4 shows how the clusters appear in our topological space. We remark
that each family has a specific cluster distribution, meaning that the topological
space we built is reliable to regroup the SSE-IN according to their structural
families. The radius is, in the most case, around 50, meaning that the clusters
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regroup proteins whose sizes are comparable. The cluster sizes show how the
proteins from a family are grouped around a particular neighborhood.

This cluster description is actually a consequence of the family composition.
Indeed, the families regroup proteins having a notably close-enough size because
their secondary structures are similar.



28 Building a Parallel Between Structural and Topological Properties 251

Table 28.4 Cluster description for each family

SCOP ID Cluster center Cluster radius Cluster size
46457 125 45 33.5
485 45 394
46688 60 60 67.1
47472 90 70 78.6
48507 195 45 51.6
48112 190 50 71.3
48618 75 45 67.2
47112 595 45 76.9
46625 60 60 76.4
48263 275 45 50.7

The cluster size is expressed as the percentage of the total protein number in families

28.4 Conclusion

In this chapter, we consider a protein as an interaction network of amino acids
(SSE-IN) and study some of the properties of these networks. It appears that
specific properties, like diameter and density, allow to discriminate two distinct
families, whereas others are common to all SSE-IN. Thus, proteins whose structural
properties are similar will also have similar SSE-IN properties. In this way, our
model allows us to draw a parallel between biology and graph theory.

To illustrate the parallel between structural and topological properties, we pro-
pose a topological space whose dimensions are strong enough to discriminate
among SSE-IN from different structural families. Then, the topological space
shows some clusters where the proteins from a same family are grouped. The desc-
ription of these clusters contributes to distinguish, by a new means, the structural
families relying on the topological criterion. Through our topological space, we
propose a means to describe a structural family by topological measures.
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Chapter 29
GNCPro: Navigate Human Genes and
Relationships Through Net-Walking

Guozhen Gordon Liu, Elvena Fong, and Xiao Zeng

Abstract The use of computational applications in biological research is significantly
lagging behind other scientific research areas such as physics, mathematics, and
geology; more in silico tools are needed. The increasing complexity of biological
data makes it more and more difficult for scientists to verify their hypotheses and
results against existing discoveries. GNCPro is a free data integration and visualiza-
tion tool for gaining comprehensive overviews of such complicated biological knowl-
edge. In particular, GNCPro warehouses and encodes biological information as binary
relationships. When represented graphically, these binary relationships take on the
form of edges that connect the genes and proteins, which are represented by nodes.
By using distinguishing features such as colors, shape, and opacity, GNCPro provides
a stimulating visual experience in which the user can quickly identify groups of genes
by annotations and the types of relationships involved. GNCPro integrates human
gene expressions, regulations, gene product modifications, and interactions into one
platform while delivering a simple and powerful user interface for systems biology
study. Availability: http://GNCPro.sabiosciences.com.

Keywords Molecular interactions - Computational systems biology - Biological
data mining and knowledge discovery - Biological databases and information
retrieval - Biological data integration and visualization

29.1 Introduction

The rapid accumulation of scientific publications makes it difficult for the
scientist to keep up with new discoveries related to his/her area of research.
The recent developments in high-throughput experimental systems have enabled
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the generation of biological information at an explosive speed. For example, using
yeast two-hybrid screening [1, 2] or mass spectrometry [3, 4] approaches, research-
ers can generate information about protein protein interactions or protein
complexes for a complete proteome in a short term. Using DNA microarray
technologies, researchers can survey the expression levels of thousands of genes
on a tissue-by-tissue basis at a time [5 7]. Furthermore, NextGen genomic sequenc-
ing technologies [8, 9] allow for the generation of data for gene expressions, gene
mutations/deletions, and SNPs at a speed never seen before. With such high-
throughput technologies and discoveries, new algorithms and computational tools
are needed to store, process, and analyze the resulting amount of data and articles.
While many scientists are aware of the existence of genomic information and
have used available sequence information in the public domain for their chip and
primer designs, few scientists are aware of the existence of proteomic and func-
tional data gathered through high-throughput experiments, let alone use them
efficiently. For many biological scientists, the finding and gathering of published
high-throughput proteomic data is not an easy job. To effectively use all available
information about a biological system whether genomic, genetic, epigenetic, or
proteomic  we need new methods for data encoding, integration, visualization,
analysis, and reporting. GNCPro (Gene Network Central Pro) is the answer to these
challenges. GNCPro will aid the biologists in working effectively with the large
amount of data available to generate new hypotheses and design experiments.

29.2 Methods

The GNCPro software package is implemented utilizing a three-tier architecture
with a Graphic User Interface (GUI) at the frontend, a web server in the middle, and
a MySQL database (http://en.wikipedia.org/wiki/MySQL) at the backend. The GUI
is embedded in the web browser.

The initial user interface is a PHP-based (http://php.net/index.php) html form
that takes a user query and sends the request to the web server. The web server then
queries the database server, retrieves the answer, and formats and forwards the
contents back to the client browser. An applet program then interprets and displays
the results in a graphical format.

In the MySQL database (http://en.wikipedia.org/wiki/MySQL), biological infor-
mation is encoded as binary relationships between genes. The relationships can be
physical interactions, genetic regulations, coexpressions [10, 11], chemical mod-
ifications (also referred to as posttranslational modification), etc. These relation-
ships were derived from three different types of resources: textmining, datamining,
and data acquisition.

To accommodate user querying and navigation, two online graphic navigation
systems have been developed: a text-based SVG platform (powered by Adobe:
http://www.adobe.com/svg/) and a Java Applet-based MEDUSA platform (http://
sourceforge.net/projects/graph-medusa/). In the GUI, the biological entities such as
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genes and proteins are presented as nodes, and the relationships between them are
presented as edges. The edges can be directional, such as in chemical modifications
and up/down regulations, or nondirectional, such as in physical interactions and
coexpressions. Different colored edges encode for different relationships. In addi-
tion to color, edges can be further distinguished by opacity and solidity. A solid
edge indicates a relationship that is backed by experimental evidence; dashed edges
are used for the relationships that have been established by computational predictions.

Text mining: Abstracts from PubMed are downloaded from NCBI (http://www.
ncbi.nlm.nih.gov/pmc/about/ftp.html) and split into sentences. Each sentence is
broken up into single words. Starting from the end of the sentence, and moving
“backwards” in the sentence, the biological entities are extracted and identified with
the help of a precompiled dictionary of human genes. Gene relationships between
the extracted entities (such as “gene A” positively regulates “gene B”) are then
identified with the help of another dictionary for relationships.

The text-mining results are then pooled and validated automatically and manu-
ally to remove contradicting statements for any particular relationships between
two genes. Our text-mining result has an accuracy of 80%.

Data acquisition: High-throughput protein protein interaction data [12 15]
and microarray profiling data for human gene expression in a variety of tissues
[5 7] were downloaded as supplementary tables or from the links provided by the
authors. Additional microarray profiles were downloaded from NCBI/GEO (http://
www.ncbi.nlm.nih.gov/sites/entrez?db=geo). We also licensed protein protein inter-
action data from the Human Protein Reference Database [16]. Protein protein inter-
action predictions were downloaded from ProLinks [17]. A subset of the coexpression
data used by GNCPro was downloaded from the GEMMA database [10].

Data mining: Gene coexpression relationships were calculated according to Lee
et al. [10]; the tissue expression profiles for human genes were calculated using
Shannon’s Entropy formula [18].

29.3 Results

29.3.1 Graphic User Interface

The graphic user interface is presented in a web browser as an embedded form with a
navigation menu (http://GNCPro.sabiosciences.com). Users can start using GNCPro
from any one of the following five entry methods: (a) Input a gene or a custom list of
genes (or upload a custom list of genes); (b) Browse existing pathways and load
the genes that belong to the selected pathway; (c) Navigate the gene ontology and
select the genes that are annotated by a specific ontology term; (d) Search human
disease terms and select all the genes that are associated with a disease; (e) Start from
a previously saved job ID. In order to save a job for later access, the user will need
to register an account with GNCPro. The registration is completely free.
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The users can find additional information about GNCPro in the “About,”
“FAQ,” and “Tutorial” sections.

29.3.2 Network Navigation Pad

Once the query results are returned, a graph (Fig. 29.1) is presented to the user.
In this graph, genes and proteins are encoded by nodes, which come in different
shapes and colors to represent different annotations. The edges indicate the relation-
ships between genes and proteins and are characterized by different attributes: color
to distinguish between relationship types, such as physical interactions, functional
and transcriptional regulations, modifications, coexpressions, etc.; solid versus dashed
states to indicate experimentally-discovered versus computationally-predicted rela-
tionships; arrowheads to illustrate directionality of relationship (if applicable); and
opacity to suggest relationship “strength” or confidence.

29.3.3 Data Integration

Through textmining, we acquired 93,155 binary pairs that describe regulatory
relationship between two genes. Regulatory relationships can be further subclassi-
fied as up, down, activating, or inhibiting regulations. In cases where the text
mining program was not able to determine whether a regulation was positive or
negative, we simply assigned the connection as a “regulation” to describe the
directional relationship between the two genes. From collected existing pathways,
we extracted 48,977 pairs of gene gene relations and added them to the database.
2,353 pairs of chemical modifications (posttranslational modifications) and 32,804
pairs of physical protein protein interactions were acquired from HPRD and also
added to the database. From the predicted protein protein interactions, we added
43,364 pairs that had a 90% confidence level to the GNCPro database. With
216,267 pairs of coexpression relationships and 122,700 pairs of regulation rela-
tionships involving transcription factors and target genes, GNCPro has harnessed a
total of 559,620 binary pairs of gene gene relations. These genes cover 20,307
unique genes out of a predicted approximate total of 25,000 genes in the human
genome.

29.4 Discussions

MEDUSA is used by STRING [19], a popular data service provider for known
and predicted protein protein interactions. In order to provide users with an inter-
face “looked familiar”, we have chosen MEDUSA as the basic tool for graph
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Fig. 29.1 A brief overview of the network navigation pad and major features. (1) Manipulate the
appearance of the graph with simple controls to toggle certain options on/off and relax the graph.
(2) Expand graph by adding neighbors with one click button access. (3) Highly interactive graph
features labels that popup when mousing over nodes and edges, clickable edges and nodes that
point to supporting evidence and additional information, and nodes that can be dragged and
dropped around the graph. (4) Right click on a node to open a menu that allows quick and
convenient access to a variety of useful resources. (5) Expand and delete individual genes to
conduct a more focused research. (6) Use tissue overlays to view networks in context of tissues and
explore tissue specific relationships. (7) Toggle relationships on/off in the legend to view relation
ships of interest. (8) Click on simple buttons to add custom data, export data in either graphical or
textual formats for use with other programs, or save data to continue research later. The custom
data option allows users to add and view their own data against existing discoveries

manipulation. Compared to Cytoscape [20] and the IM browser [21], we have
reduced those functions that are aimed at the whole network while focusing, at
the same time, on those functions that might help users who are conducting
pathway- and biomarker-related research. Furthermore, when comparing GNCPro
to other similar software, GNCPro offers more comprehensive data integration and
a more user-friendly navigation interface. Our aim is to allow a regular user to
master the program in less than 15 min. All the functions are immediately available
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on the Network Navigation Pad. You do not need to search through pull-down
menus to find the right function. The legend is simple and comes with every graph
and can be easily turned off if desired.

Even with such a simple interface, GNCPro is powerful enough to help scientists
to identify top-interacting partners for a group of genes of interest, find candidates
to bridge the gap between genes in a fragmented pathway, identify potential
substrates for a kinase (and vice versa), predict potential regulatory targets for a
transcription factor (and vice versa), view genes and networks within the context of
tissues, access supporting data for a given relationship with one click of the mouse
and integrate and view their own discoveries against the background of well-known
and existing data. And, last but not the least, the user can export the graph and data
for sharing and publication purposes, or even save the graph to continue their
research later.

Advanced users can use GNCPro to aid them in generating hypotheses, modeling
the signal transduction pathways, gaining an insight into a pathway’s dynamic
behavior, avoiding adverse drug effects, and increasing productivity in biomarker
identifications.

GNCPro will change the way how biomedical data are searched and presented.
The semantic representation of biological knowledge by physically displaying the
relationships between individual genes is more impressive than the plain text
description. New biological discoveries can be easily integrated into this platform.
Scientists and even bioinformaticians will appreciate the fact that GNCPro has so
much data integrated in it. GNCPro is the software of choice in the era of systems
biology.

Conflict of interest: none declared.
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Chapter 30

Small-Scale Modeling Approach and Circuit
Wiring of the Unfolded Protein Response

in Mammalian Cells

Rodica Curtu and Danilo Diedrichs

Abstract The accumulation of unfolded proteins in the endoplasmic reticulum
(ER) activates a mechanism whose primary functions are to sense any perturbation
in the protein-folding capacity of the cell, and correct the situation to restore home-
ostasis. This cellular mechanism is called the unfolded protein response (UPR). We
propose a biologically plausible computational model for the UPR under ER stress
in mammalian cells. The model accounts for the signaling pathways of PERK,
ATF6, and IRE1 and has the advantage of simulating the dynamical (timecourse)
changes in the relative concentrations of proteins without any a priori steady-state
assumption. Several types of ER stress can be assumed as input, including long-
term (eventually periodic) stress. Moreover, the model allows for outcomes ranging
from cell survival to cell apoptosis.

Keywords Endoplasmic reticulum stress - Unfolding protein response - Signaling
pathways - PERK - ATF6 - IRE1

30.1 Introduction

The endoplasmic reticulum (ER) is a large intracellular organelle that plays an
essential role to the functionality and survival of the cell; it is a major calcium
storage site as well as a site where secretory and membrane proteins are modified,
folded, and assembled. Perturbations to the ER that affect its protein-folding
capacity can be induced in several ways, for example, through pathogenic infec-
tions, chemical insult, genetic mutation, or nutrient deprivation. Consequently, the
ER experiences an accumulation of unfolded or misfolded proteins, a situation
which is generally termed ER stress [10]. The cellular mechanism that addresses
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ER stress is called the unfolded protein response (UPR) and it is initiated in
mammalian cells by three ER-resident transmembrane proteins: PERK, ATF6,
and IRE1 [7, 10].

The UPR is a complex signaling network consisting of both transcriptional and
translational steps that yield an overall improvement in the ER protein-folding
function. While most of the network components and interactions are known (and
some are hypothesized) [5], how the UPR acts as a whole and why under certain
conditions it allows for differential outcomes such as adaptation or cell death
(apoptosis) are still open questions [8, 9]. Moreover the UPR secretory pathways
involve overlapping and feedback loops, making experimental manipulations based
on intuitive reasoning alone costly and very difficult. In this context, mathematical
modeling becomes imperative and, when coupled to real data, a very efficient tool.

In this paper, we propose a biologically plausible computational model for
the UPR in the ER under stress. The model accounts for the signaling pathways
of PERK, ATF6, and IRE1 proteins, and it is constructed using the biochemical
(kinetic-like equations) framework. The calibration of parameters of the model as
well as the model validation necessitate comparison against experimental data and
they are beyond the scope of the paper. We focus instead on the description of the
model’s conceptual principles and the definition of its variables and equations.

Some modeling attempts of the UPR were recently initiated by research teams
investigating either: (1) the paradox of simultaneous activation by the UPR of both
adaptive and pro-apoptotic pathways [9], or (2) the importance of a translation
attenuation mechanism for the proper functioning of mammalian secretory cells
under stress such as insulin-producing pancreatic beta-cells [11]. The former is a
very simplistic, linear ordinary differential equation system based on crude assump-
tions such as uniform rates of production and degradation for all proteins along the
signaling pathway. Mainly, it was designed to fit the values of chaperone BiP, and
of CHOP and GADD34 obtained from the experimental data. The latter model does
account for some nonlinearities by assuming Michaelis Menten kinetics but works
under the assumption that the upregulation of chaperones is much slower than
the translation attenuation mechanism; that corresponds to an ad hoc reduction of
the concentrations of most of the proteins involved in the UPR to their steady-state
condition. Moreover the model is valid only if restoration of homeostasis is possible
and this excludes the alternative case of apoptosis.

In contrast to these examples, the model we propose for the UPR is much more
general. It incorporates what is known to date about this signaling network while
refraining from any a priori assumption on the timescales involved in the system.
We believe the correct timescales would rise naturally from the model once its
parameters (for example, the rate constants of production and degradation) are
estimated based on experimental data. Knowing the timescales will then allow us to
simplify the model in its relevant functional regime. The model has also the
advantage of simulating the dynamical changes in the relative concentrations of
proteins and it is not restricted to instantaneous snapshots resulting from steady-
state conditions. We include the proteins that play a key role in the response to ER
stress and take into account how each of them regulates the activity of the others.
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Table 30.1 Main components of the intracellular signaling pathway activated by the accumula
tion of unfolded proteins in the endoplasmic reticulum

Acronyms Full name

PERK Pancreatic endoplasmic reticulum kinase

elF2a Eukaryotic initiation factor 2 alpha

ATF4 Activating transcription factor 4

ATF6 Activating transcription factor 6

IRE1 Inositol requiring kinase 1

XBP1 X box binding protein 1

BiP Binding immunoglobulin protein (or Grp78: glucose regulated protein 78)

CHOP (Controlled amino acid therapy)/enhancer binding
protein Homologous Protein

GADD34 Growth arrest and DNA damage protein 34

Therefore, in the model, the former are the variables and the latter correspond to the
model equations. Several types of ER stress can be assumed as input, including
long-term (eventually periodic) stress. In addition, the model allows for both
survival and apoptosis as possible outcomes; the switch between survival and
apoptotic biological states corresponds in the model to a dynamical switch between
two distinct attractors. Experimentally, this can be reflected, for example, by the
levels reached by CHOP and/or GADD34.

As Kim et al. point out in a recent review [3], both small-scale and large-scale
computational techniques are used in cell biology modeling. Small-scale models
are particularly useful when the key components and wiring of regulatory circuits
are known and the focus is on the understanding of the functionality of the circuit.
They typically rely on thermodynamics or kinetic-like approaches and they were
quite successful in prokaryotes (for example, in Escherichia coli [2]) due to their
relatively simple regulatory networks, but also in lower eukaryotic systems such as
yeast [1]. On the other hand, large-scale models are used to infer circuit components
and wiring when there is significant lack of knowledge about them. They include
linear, Bayesian, and logical (Boolean) models. We choose to formulate the UPR
problem using a small-scale approach because the scientific literature (e.g., [4, 5, 7,
10]) provides sufficient details about the components and biochemical interactions
in the UPR circuit in mammalian secretory cells. We therefore take advantage of
the available information and incorporate it in a new quantitative model for the
UPR under ER stress. Note that we use in the paper acronyms such as PERK, IRE1,
CHOP, and several others; they are well-established in the cell biology community
but for completeness we have also included their full names in Table 30.1.

30.2 Modeling of the UPR and Construction of the
Wiring Diagram

The ability for a cell to fold proteins is critical for its survival and for maintaining
the well-functioning of the (multicellular) organism. Protein folding occurs in lumen
of the endoplasmic reticulum (ER) where the ribosomes translate the information
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from the mRNA into a chain of amino-acids. This chain must then be folded into a
precise three-dimensional structure that allows the newly created protein to function.
After a protein is successfully folded, it exits the ER and either moves to another part
of the cell to perform a function internal to the cell or it is secreted out of the cell to be
used in another part of the organism. Different types of environmental insult can
produce stress in the ER and affect the cell’s ability to fold proteins. This creates
an increase in the amount of unfolded or misfolded proteins in the ER which remain
in the ER until they are either correctly folded, or until they are degraded.

The accumulation of unfolded proteins activates a mechanism called the UPR
whose primary functions are to sense any perturbation in the protein-folding
capacity of the cell, and correct the situation in order to restore homeostasis.
In mammalian cells the UPR signaling pathways are initiated by three ER
stress sensors: PERK, ATF6, and IRE1. In the absence of stress, these three ER-
transmembrane proteins exist in complex form, associated with the ER-resident
protein BiP. (The latter is an abundant chaperone that assists in the process of
protein folding.) ER stress leads to the dissociation of BiP from PERK, ATF6, and
IRE1 thus effectively activating the last three as well as freeing BiP to assist with
the protein folding. Additional key players in the signaling cascade of the UPR are
the eukaryotic translation initiation factor-2 (eIF2), the transcription factor ATF4
and the proteins XBP1, CHOP, and GADD?34.

Our modeling approach to UPR accounts for different biochemical processes
that a network component may undergo (synthesis, degradation, association, disso-
ciation, phosphorylation, dephosphorylation, splicing, transcription, or translation)
as well as for the effect each component may have on the others. All these are
summarized in the so-called wiring diagram (see Fig. 30.1) in which the nodes (in
bold letters) are the UPR components while the arrows represent their biochemical
transformations and/or interactions; small letters denote mRNAs and capital letters
denote proteins. The wiring diagram is then converted to a mathematical model
according to the following rule: each node in the diagram becomes a variable in the
model, and each arrow pointing to or from a node corresponds to a term in the
variable’s differential equation. The arrows in the wiring diagram may represent
several types of biochemical reactions:

o Synthesis/transcription and degradation. The synthesis of some mRNAs and
proteins is indicated by an arrow pointing to their corresponding node. The
degradation of mRNA or a protein is drawn as an arrow pointing away from the
node. If, for example, the degradation arrow does not have a destination that
means the model does not track the products of the degradation.

e Translation. An arrow from the mRNA to the protein indicates its translation.

e Association/Dissociation. In the absence of stress, the sensor proteins PERK,
ATF6, and IRE1 exist in complex form, associated with BiP. When the UPR is
initiated these complexes dissociate. When the response is no longer needed,
PERK and IRE1 re-associate with BiP.

e Phosphorylation/Dephosphorylation. PERK, IRE1, and elF2o are phosphory-
lated when a phosphate group (PO,4) binds to the molecule. Phosphorylation
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Fig. 30.1 Wiring diagram for the unfolded protein response in the endoplasmic reticulum of
mammalian cells under stress

effectively activates certain properties of these proteins. The reaction is revers-
ible through a dephosphorylation process.

e (Cleavage. The arrow from [BiP ATF6] to [ATF6-cl + BiP] indicates the
dissociation of BiP from the ATF6 followed by immediate cleavage of the free
ATF6 molecule. This reaction is irreversible.

e Splicing. The arrow from xbpl to xbpl-s indicates the splicing of the xbpl
mRNA. This reaction is irreversible.

e Folding. When a BiP chaperone comes together with an unfolded protein, the
unfolded protein is converted to a folded protein. This reaction is irreversible.

To maintain a consistent notation in the definition of the UPR model, we also
adopt the following convention: The proportionality rate coefficients in all equa-
tions will be denoted by either the letter k or the letter V followed by two indices:
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the first index corresponds to the process involved, while the second index is
associated to the protein’s type. Whenever the proportionality rate coefficient is
constant, the letter k will be assigned; whenever the rate coefficient depends on
other network components (it is a function of other variables), letter V will be used
instead. For example, ks p means the synthesis rate (s) of PERK (P) and is assumed
to be constant; on the other hand V| 44 is the rate of translation (f) of ATF4 (A4) and
it is considered a function of the concentration [e[F2ux-p] of phosphorylated-eIF2c.
Let us now explain the principles behind the construction of the UPR model.

30.2.1 Signaling Cascade Initiated by PERK Activation

In ER-stressed cells, PERK undergoes trans-autophosphorylation by oligomeriza-
tion which leads to phosphorylation of elF2« (the «-unit of eukaryotic translation
initiation factor-2); then the elF2a-phosphorylation stimulates the synthesis of
ATF4-protein from its mRNA [5]. PERK activation by ER stress is, however,
rapidly reversible (activated PERK is dephosphorylated within minutes of restoring
ER homeostasis and re-enters its complex form with BiP). Moreover, phosphory-
lated elF2u is also subject to negative regulation through baseline dephosphoryla-
tion and through the negative feedback loop induced by GADD34 (the growth
arrest and DNA-damage protein-34).

Due to the dimerization condition PERK + PERK — 2 PERK we choose in
our model quadratic kinetics for PERK phosphorylation; in addition, since associa-
tion/dissociation of PERK with/from BiP is directly related to ER stress and since
ER stress is reflected by an increase in unfolded proteins, we take these reaction
rates to be functions of [U], the concentration of unfolded proteins. That is, we
define Vyssp = Vassp([U]) and Viissp = Vaissp([U]). Similarly, since phosphoryla-
tion and dephosphorylation rates of PERK depend on the level of ER stress we
define them as Vpnp = Vpnp([U]) and Viephp = Vaepn,p([U]), respectively. In addi-
tion, we consider constant rates of synthesis &, p and degradation kqp for PERK and
a constant rate kg of degradation for BiP. The concentrations of the BiP PERK
complex, free PERK and phosphorylated PERK are denoted by [BiP PERK],
[PERK], and [PERK-p] and they satisfy the following differential equations

d[BiP — PERK]

. = —(kap + kap)[BiP — PERK] + Vy, p[BiP|[PERK]

— Viissp[BiP — PERK],

d[PERK]

o = ksp — kap[PERK] — Vi p[BiP|[PERK] + Viissp [BIP — PERK]

— Vonp[PERK]? 4 Vigepnp[PERK — p]*,
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d[PERK — p

5 = kap[PERK —p]+Vpnp [PERK]® — Vgepnp[PERK — p]*.  (30.1)

Note that a simple way to describe the modeling equations for PERK given by
(30.1) is to draw the corresponding wiring diagram. We include below the wiring
diagram for PERK and we will do this again for all the other UPR variables; the
wiring diagram will always follow the system of differential equations modeling
the UPR variables and it is intended to summarize the biochemical processes and
interactions specific to that component.

K, o+k
S5t K k k
1 Vass p () p" d'p
BiP-PERK === BiP + PERK
Viss,p (U]
dies.P Von (V) "Vdeph.F'([UD
PERK-P —=

dP

Since the phosphorylation of PERK catalyzes the phosphorylation of elF2«
and the protein GADD34 initiates the dephosphorylation of eIlF2¢ we define
Vone = Vpne([PERK — p]) and Vaepng = Vieph e ([(GADD34]). For example, in
the linear case they are Vpng = k;,hﬁE + k;h.E [PERK — p] and Vephe = k;eph’E+
k'(;eph"E [GADD34]. Assuming constant rates of synthesis kg and degradation k4,
the concentrations [elF2o] and [eIF2a-p] of free and phosphorylated elF2o satisfy

the equations

dlelF2a
[ ar ] = ks,E — kd7E [CIFZO(] — Vph,E [eIFZac} + Vdeph,E [CIFZO( — p],
d[elF20 —
w = —kqg[elF2e — p] + Vipn£[eIF20] — Vepne[eIF2e — p].  (30.2)

K K
e b
Vph.E([PERK-P])

elF20. =———————==c¢lF2u-P

Vdeph,E ([GADD34])

In the modeling of ATF4 during the ER stress we focus on the transcription step
of its mRNA (atf4) as well as on the protein synthesis. ER stress upregulates the
expression of atf4 mRNA (though the specific mechanism is unclear [6]), while the
phosphorylation of elF2o stimulates the translation of ATF4 protein. We include
these steps into the model by assuming constant rates of degradation for atf4 mRNA
and ATF4 protein (kq 44, kg 44), translation rate for ATF4 depending on phosphory-
lated eIF2o (Vi a4 = Vi a4([eIF20-p])) and rate of transcription of a#f4 depending on
the amount of unfolded proteins (Vs 44 = Vs 24([U])). Then the concentrations [atf4]
and [ATF4] will be computed according to the differential equations
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d[atf4]
dr

= _(kd,a4 + VtA4) [atf4] + Vs,a4»

d[ATF4]

a7 = —kqasa [ATF4] + Vt.,A4 [atf4]. (30.3)

Vs.ad([U]:'lr kd,a4 tde

atfd S or ey T4

30.2.2 Signaling Cascade Initiated by IRE1 Activation

The ER-resident transmembrane protein IRE1 oligomerizes in response to unfolded
proteins allowing for trans-autophosphorylation; unlike PERK, however, the only
known substrate of the IRE1 kinase is IRE1 itself [5]. An increase in unfolded
proteins causes the BiP IRE1 complex to dissociate allowing for dimerization
(IRE1 + IRE1 — 2 IRE1l) and phosphorylation of IREl; on the other hand,
when the folding environment in the ER is restored to normal, IRE1 is rapidly
inactivated by dephosphorylation and reformation of the BiP IRE1 complex. Using
the notation [IRE1], [BiP IRE1] and [IRE1-p] for concentration of the kinase in its
free, complex with BiP, or phosphorylated state, and defining constant rates for
synthesis and degradation of IRE1 (k1 and kq7) and variable rates for association
with and dissociation from BiP (V1 = Vass 1([U]) and Viiss 1 = Viss 1([U])) and for
phosphorylation  and  dephosphorylation ~ of IRE1  (Vpng = Vpn1([UD),
Viepht = Vaepn1([U])) we can write the model equation for this UPR component.
As a reminder the constant kq g is the rate of degradation for BiP.

d[BiP —IREI
%: — (kg +kq 1) [BiP — IRE1] + Vg5 1 [BiP] [IRE1] — Viss 1 [BiP — IRE1],
d[IRE1
[ = I_ kst — ka1[IRE1] — Vs 1[BiP][IRE1] 4 Vgiss 1 [BiP — IRE1],
— Vot [IRE1]* 4 Viepn1[IRE1 — pl?,
d[IRE1 — p
% = —ka1[IRE1 — p] + Voni[IRE1]* — Vaepni[IRE1 — p]°>.  (30.4)

KygtKa T ke, "km
Vs (VD ' '

BiP-IRE1 =—— BiP + IRE1
vdiss,l ([U]) Y U
o (DT, (10D

IRE1-P —=
l'<t|,l



30 Small Scale Modeling Approach and Circuit Wiring of the Unfolded Protein Response 269

The mechanism through which trans-autophosphorylation of the kinase domain
of IRE1 causes the splicing of the mRNA xbp! that encodes the transcription factor
XBP1 (X-box binding protein-1) is not well understood. What is known is that IRE1
cuts the precursor xbp/ mRNA twice, excising an intervening fragment or intron;
then certain mRNA fragments are ligated, generating a spliced mRNA (xbp!-s)
which encodes an activator of UPR target genes [5]. The translation of XBP1
protein from xbp-spliced mRNA is expected to be subject to the general transla-
tional repression caused by the presence of phosphorylated elF2c.

Let us then consider [xbpl], [xbpl-s], and [XBP1] the concentrations of xbpl
mRNA, xbpl-spliced mRNA, and XBP1 protein, and define constant rate of
synthesis and degradation for xbp/ mRNA (k; ., k4 ), constant rate of degradation
for XBP1 protein (kqx), and variable rates for mRNA splicing and translation
(Vepx = Vepx(IRE1-p]), V; x = V, x([eIF2a-p])). Then the equations for XBP1 are

d["sfpl] = ke — ka[xbp1] — Vg [xbpl],
W = —(kax + Vix)[xbpl — 8] + Vi, [xbpl],
@ = —kax[XBP1] + Vi x[xbpl —s]. (30.5)
S G
xbp1 Vsp < IRE1-P]) xbpi-s Yy x ([elF 2c-P]) XEP1

30.2.3 Activation of ATF6 Through Cleavage

ATFG6 is another transmembrane protein that is activated under ER stress. An
increase of unfolded proteins in the ER initiates a trafficking event of ATF6 from
the ER to the Golgi [5]; in the Golgi apparatus ATF6 is cleaved by Golgi-resident
proteases to release the cytosolic fragment DNA-binding portion ATF6f. The
cytosolic fragment of ATF6 moves then to the nucleus to activate gene expression.

In our model [ATF6-un] and [ATF6-cl] denote the concentrations of free
uncleaved (inactive precursor) ATF6 and cleaved (cytosolic fragment/transcription
factor) ATF6, respectively, while [BiP ATF6] is the concentration of the complex
of ATF6 with BiP. We assume constant rates of synthesis (ks 46) and degradation
(kg.a6) for ATF6, constant association rate of the BiP ATF6 complex (kusa6)
but the rate of cleavage for ATF6 is taken to depend on phosphorylated PERK
and on the amount of unfolded proteins (Viev.46 = Veiev,a6([PERK-p], [U])); again
kqp 1s the rate of degradation for BiP.
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BiP — ATF
w = —(kap + ka6)[BiP — ATF6] — Vjey a6 [BiP — ATF6,
+ kass 46 [BiP|[ATE6 — un],
d[ATF6 —
% — ko6 — kaag[ATF6 — un] — kess a6 [BiP][ATF6 — un],
d[ATF6 — cl
% = —kaa6[ATF6 — cl] + Veiev,a6[BiP — ATF6]. (30.6)
ks,ABl' kd,AB
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30.2.4 Overlapping of the UPR Signaling Pathways and
Feedback Loops

The phosphorylation of elF2« inhibits the translation of most mRNAs in the cell
ribosome and so reduces the load of newly synthesized proteins. In particular, it
represses the translation of chop mRNA into CHOP protein. On the other hand, the
transcription factor ATF4 stimulates the transcription of chop mRNA. Likewise
ATF6 in its cleaved form and XBP1 are thought to contribute to chop mRNA
expression leading to a cross-talk between all three UPR signaling pathways. We
incorporate this information in our model for the UPR by defining the concentration
of chop mRNA and of CHOP protein ([chop] and [CHOP])), their rates of degrada-
tion as constants kq. and kg c, and the rate of transcription of chop mRNA and the
rate of translation of CHOP as V. = V. ([ATF6-cl], [ATF4], [XBP1]) and
Vic = Vic ([eIF2a-p]). For example, we may assume V. to be linear with respect
to each of its variables V. = ks c(646[ATF6 — cl] + €44[ATF4] 4 ¢x[XBP1]); in
order to account for the inhibitory effect of its argument, we may assume that
Vic decreases with [eIF2a-p]. Then the equations for CHOP are the following

d[ch
[cdt0p] = —(kae + Vic)[chop] + Vi,
ACHOPL_ —tac[CHOP] + Viclehop] eon
v, ([ATF6-cll, [ATF4], [XBPHII"' Kie T “a.c

——
chop TN CHOP



30 Small Scale Modeling Approach and Circuit Wiring of the Unfolded Protein Response 271

The protein GADD34 is another key component of the UPR under ER stress.
The translation of GADD34 is stimulated by CHOP but it is also subject to the
general translational repression caused by the phosphorylation of elF2«. Based on
experimental observations that show sigmoid-like changes in GADD34 associated
to linear changes in CHOP [6] we hypothesize a nonlinear relationship between the
amount of CHOP and of GADD34 in the ER under stress. GADD34 also influences
the dephosphorylation of elF2o making their reciprocal interaction considerably
complex and leading to an important (negative) feedback loop in the UPR signaling
network. The protein GADD34 and its mRNA gadd34 are modeled by their
concentrations [GADD34] and [gadd34] that satisfy the differential (8). We con-
sider that the rate of transcription and degradation of gadd34 mRNA are constants
ksg and kg, and the rate of degradation of protein GADD34 is kq; the rate of
translation is, however, defined as a function of both [eIF2a-p] and [CHOP],
Vic = Vi ([eIF2 a-p], [CHOP]).

d[gadd34
% = ksg — (kag + Vig)[gadd34],
d[GADD34
% — —kyG|GADD34] + V, g[gadd34] . (30.8)
kS'glrkd'g de,G
gadd34 GADD34

v, g([eIF 2¢-P]. [CHOP))

The ER chaperone BiP is nevertheless the most important player of the UPR. It is
involved in the activation of all three UPR subnetworks due to the complexes it
forms with PERK, ATF6, and IRE1, and it is itself affected by the UPR signaling
cascades. In the absence of stress, BiP exists in complex form in association with
PERK, ATF6, and IREI1. The accumulation of unfolded proteins causes BiP to
dissociate from these three ER-stress sensors leading not only to their activation,
but also freeing BiP to convert the unfolded proteins into folded proteins. The
cleavage of ATF6 regulates the expression of hip mRNA,; it is also hypothesized
that XBP1 contributes to bip mRNA expression, and that PERK and elF2o are
necessary for upregulation of bip mRNA as well (although the mechanism is not
clear). Moreover, the translation of protein BiP from bip mRNA depends on the
phosphorylation of elF2q.

We summarize all these observations in a set of differential equations for bip
mRNA and BiP protein of, say, concentrations [bip] and [BiP]. The rates of
degradation for BiP mRNA and protein are kq}, and kq g, and the rate of translation
depends on the phosphorylation of elF2a, Vig = Vg ([eIF2a-p]). The rate of
transcription of bip mRNA is defined as V, = V,([ATF6-cl],[ XBP1],[elF2a-p]),
for example Vi, = ks (€46 [ATF6-cl]+ &x [XBP1]+ &g [elF2a-p]).

Let us note that as a chaperone BiP assists in the protein-folding process in the
ER. Assuming that unfolded proteins go through an association with a chaperone
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BiP in order to be folded, we define k. y the rate of association of [BiP] and
unfolded proteins [U] into a complex [BiP-U], and k¢ y the rate of protein folding by
the chaperone BiP. Note that the model does not track the proteins in their folded
form (F). Then the equations for BiP become

d|bi .
[ dtp] = —(kap + Vip)[bip] + Vsp »
d[BiP . . . .
O] —kap[BiP) + Velbip] — ku [BIPIIU] + ki [BiP — U]

— Vass p[BiP][PERK] + Viiss p[BiP — PERK] — V55 1[BiP][IRE1],
+ Viiss 1 [BiP — IRE1] — Kygs 6[BiP][ATF6 — un] + Vejey a6 [BiP — ATF6),

d[BiP — U]

TE — (kg + kau)[BiP — U] + kags[BiP][U] — k¢t y[BiP — U] . (30.9)
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BiP-PERK === BiP + PERK , BiP-IREl === BiP + IRE1
Vdiss,P([U]J Vu.g” ()]

BiP + ATF6-un —e BiP-ATF6 ATF6-cl + BiP

ass AB

The model is complete once we add the equation for the amount [U] of unfolded
proteins. We define constant rates for the synthesis and degradation of the unfolded
proteins in the absence of stress (ks y and kqy) but note that under ER stress the
synthesis rate of [U] is certainly significantly modified. We associate a time-
dependent function /() to the generically termed ER stress, and consider I(f) to
be the external input to the UPR network. Obviously, to account for both ER stress
and no ER stress situations the synthesis rate of the unfolded proteins must be
adjusted to ksy + I(¢). Then [U] satisfies

d[u]

o I(t) + ks u — ka,u[U] — kass u[BiP][U] . (30.10)
I(t)+ks,uu kyu T kygtkyy
U + BiP BiP-U BiP + F

kaSS,U kf,U
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30.3 Discussion and Further Directions

We constructed a biologically plausible computational model ((30.1) (30.10)) for
the UPR in the mammalian secretory cells under ER stress. The model incorporates
up-to-date knowledge regarding the signaling cascades of PERK, ATF6, and IRE1
and it accounts for the cross-talk and feedback loops in the network due to other
UPR key components such as e[F2a, XBP1, ATF4, CHOP, GADD34, and BiP. We
have only focused on the description of the model and did not discuss in this paper
issues such as model calibration or model validation. We agree that the complexity
of the UPR signaling pathways poses particular challenges to the validation of the
model but we also note that recent advances in experimental techniques indicate
the possibility of generating an accurate quantitative experimental description of
the UPR network. Therefore, it seems reasonable to address the problem of the UPR
through computational modeling. A model sufficiently general to allow for simula-
tion of the UPR internal components, for flexibility in the choice of strength and
type of the stressor, and that does not impose constraints on possible outcomes
becomes a necessity; the system of differential (30.1) to (30.10) is built having
precisely these goals in mind.

A first attempt to compare experimental data for the UPR in mammalian cells to
a quantitative model was made in [9]. The model is very simplistic; however, the
idea to combine computational modeling with quantitative cell biology data for the
UPR is extremely valuable. This is a very good example that quantitative informa-
tion can be extracted even for complex eukaryotic systems such as the UPR in
mammalian cells. For example, degradation rate constants were derived from
measurements of protein and mRNA half-lives, while production rate constants
were derived from measurements of steady-state levels of proteins and mRNAs for
CHOP, GADD34, and BiP (see Supplemental material in [9]). To conclude,
computational modeling as we propose in this paper can be used in connection
with quantitative experimental data for the UPR under ER stress, and may soon
prove its utility in validating and/or predicting hypotheses about the functionality of
the UPR in complex cells.
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Chapter 31
Random-Walk Mechanism in the Genetic
Recombination

Youhei Fujitani, Junji Kawai, and Ichizo Kobayashi

Abstract We have explained some experimental data of the homologous recombi-
nation and the genetic interference in terms of one-dimensional random walk over
discrete sites. We first review our previous results. Next, we modify our random-
walk model for the homologous recombination into a continuous-site model, and
discuss a possible explanation for the previous experimental data obtained by
means of the plasmid having one-side homology. Finally, we show that a reaction
between an intermediate and a product is indispensable in explaining the genetic
interference in terms of our reaction-diffusion model.

Keywords Genetic interference - Homologous recombination - Homology -
Plasmid - Random walk model - Reaction-diffusion model

31.1 Introduction and a Brief Review

Many enzymes have been revealed to be involved in the genetic recombination
mainly by experiments for the homologous recombination of Escherichia coli [15].
Enzymes similar to some of them are identified in eukaryotes, suggesting that the
similar mechanism should work in meiotic crossing-over. Though the interaction
between reactants is complicated [13, 14], it appears crucial to properties of some
phenomena that a key intermediate structure moves with thermal fluctuation along
the one-dimensional (1D) space given by the DNA molecule. As reviewed below,
we have succeeded in explaining some data in terms of 1D random walk over
discrete sites.
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Although the frequency of homologous recombination was thought to be linear
with respect to the homology length, the logarithmic replot of data shows the cubic
dependence (Fig. 31.1a). Fujitani et al. explained it by regarding the branch
migration as random walk over a 1D lattice [11]. Let N denote the homology
length measured by the base-pair. We assume the random walk to be symmetric,
i.e. forward and backward transitions to share the same rate, g, and its step size to
be the base base interval. A branch point is assumed to be produced with a small
enough probability « per site only at the initial time, and then to walk randomly
until its annihilation. After the annihilation, its resolution to a recombinant
follows, or otherwise the reaction is aborted. We define 4 and k so that the product
gh gives the transition rate of the annihilation and that ghk gives that of the
resolution. The reaction is also aborted when the random-walker reaches either
end of the homology, i.e. the boundary is totally absorbing [20]. The probability
that the branch point is located at a site j at time 7, denoted by p;(f), follows the
master equation,

dp;
J .
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Fig. 31.1 Logarithmic plots of experimental data. (a) Bacteriophage 74 x T4 in wild type
Escherichia coli. [19]. (b) A x plasmid in wild type E. coli. (AB1157) [18]. (¢) Gene targeting
with isogenic DNA in mouse cells [2]. (d) Replot of Fig. 4 of Ref. [3], discussed in Sect. 31.2.
Lines, provided for reference, have a slope of three in a and ¢, slopes of three and unity in b, and
slopes of three, two, and unity in d



31 Random Walk Mechanism in the Genetic Recombination 277

together with p;(0) = o and po(f) = py+1(f) = 0. The recombination frequency
after long enough time would be measured experimentally, and can be obtained as

o0 N
ghk / dt " pi(t) = kofN + 1 — tanh@(N + 1)coth¢} (31.2)
0 j=1

| hkaN3/12 for N < 2/vh (31.3)
T\ ka(N—=2/vVh) for N>2/vVh’ '
where ¢ is defined so that 1 = 4sinh?>¢. We usually have & < 1 to obtain (31.3).
Our random-walk (RW) model thus predicts that the dependence shifts from
the cubic one to the linear one as the homology length increases to pass across
~2/Vh.

We can explain the cubic dependence in Fig. 31.1a by assuming that the range of
smaller length was examined in this experiment. The cubic dependence itself,
yielded by a size effect, does not depend on any fitting parameter. It comes out if
the homology length is small enough to be felt by a branch point during its random
walk. The map expansion phenomenon and the very rapid drop-off phenomenon
[1, 21] can be explained by this dependence [7, 8]. If the homology length is larger,
the linear dependence comes out from the probability of the initial production of a
branch point in the homologous region. Another dataset in Fig. 31.1b may show the
shift. We also found the cubic dependence rather robust to changes in the boundary
condition [6] and to asymmetry of the random walk [9]. Thus, the RW model can
explain the cubic dependence observed in vivo, where the branch migration would
be asymmetric [15] and the boundary would not be totally absorbing.

In the gene-targeting, a vector is constructed so that it has a DNA region
homologous to a part of the recipient genome [17]. The region is separated into
two subregions by an intervening marker-gene region. A dataset for the mammalian
gene-targeting system [2] can be also read as the cubic dependence (Fig. 31.1c).
However, to understand this dataset totally, we should modify the RW model,
where the random walk is assumed to be over a stretch of homology. We will
return to this point later.

We can find another kind of random-walker in a much larger length-scale
phenomenon the meiotic crossing-over between a pair of homologous chromo-
somes. One crossover point appears to interfere with occurrence of another in the
neighborhood. This genetic interference was clearly observed in Drosophila and
Neurospora, between which the plots of the coincidence (normalized density
correlation of crossover points) against the genetic distance (distance measured in
terms of expected number of crossover points) are very similar. Recombination
between pairs of homologous regions scattered along the chromosomes is thought
to lead to a crossing-over. It was suggested that some premeiotic contact points
between intact duplexes prime the homologous recombination [22]. We proposed a
reaction-diffusion (RD) model by assuming that contact points randomly walk to
search for the homologous region and that they can be immobilized to mature into
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crossover points [10]. Random-walkers are annihilated pairwise whenever they
collide with each other, and any of them is annihilated whenever it encounters a
crossover point. These reactions are symbolically written as A — B, A +A — (),
and A + B — B, respectively, where A and B denote a contact point and a crossover
point, respectively. We impose the periodic boundary condition for simplicity. The
coincidence is given by the final B — B density correlation divided by the final
squared B-particle density.

Our RD model is based not on the genetic distance but on the physical distance
measured by the step of the contact point, specifying what happens physically,
unlike the genetic model [5]. Our model has two parameters the initial density of
the random-walkers and the rate of its processing into a crossover point. It was
numerically shown that, as the former increases and/or the latter decreases, plotted
curves of the coincidence against the genetic distance converge on a unique curve,
which can explain the similarity without fine adjustment of parameter values [10].

31.2 Continuous-Site Model for the Homologous
Recombination

We rewrite the RW model so that the branch point moves over continuous sites
to describe a random-walker on which some force is exerted [20]. Let dx be
the site site interval in the discrete-site model, and we introduce x = jox,
P(x,t) = p;/ox,D = g(0x)%, H = h/(6x)*, A = a/dx, and L = Nox. A potential V
is defined so that — V' gives the force, where the prime ' indicates the derivative.
The time-evolution equation of P(x, f) turns out to be the Fokker Planck equation
with a damping term,

2

0 a ., 8
5 P00 =2 (V(0)P(x1) +D (@ _

H)P(x, t) for 0<x<L. (314
If we put V = 0 in the above, the resultant equation corresponds with (31.1). The
initial condition and the totally absorbing boundary condition are, respectively,
given by P(x,0) = A and P(0,7) = P(L,t) = 0. The recombination frequency is
a function of L here, and is denoted by R(L). As in (31.2), we have R(L) =
DHk [ dr [ dx P(x,1).

As described below, we can calculate the recombination frequency if we put

V(x) = —2DIncos{my(x —L/2)/L} with 0 <y<l1. (3L5)
This function is convex, and symmetric with respect to x = L/2. See the inset of

Fig. 31.2. Thus, the branch point moves as if it were connected to an end of a spring
with small enough original length, of which the other end is fixed at the center of the
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Fig. 31.2 Curves represent r(I) with y  0.999,0.99,0.95,0.7 and 0 from the top, respectively.
Dashed lines with slopes of three, two, and unity are provided for reference. We plot V(x)/D
against x/L in the inset, where curves are obtained with y  0.999,0.99,0.95, and 0.7 from the
top, respectively

region. As the parameter y is smaller, the function is more flat, i.e., the spring is
weaker. When y = 0, the random-walker is free as in the original RW model.

Let us introduce © = Dt and Q(x, 1) = P(x, t)exp{DHt + (V(x)/2D)}. Defining
the Fourier transform Q,,(7) as the integral of Q (x, 7)(2/L)sin(nnx/L) over0 < x < L,
we can use (31.4) torelate Q, (1) with 0,,(0), which can be calculated from the initial
condition. Introducing / = Lv/H /7 and r(I) = R(L)v/H /(nkA), we can find

) =1— 2l cos(ym/2) /”/2d coshA;y, (31.6)
ncosh(Am/2) Jo cosyy

where A; = \/ 2 — 72 with its imaginary part being negative for /<y. We used
(1.445.5) of Ref. [12] with m = 0 in deriving (31.6). Putting y = 0 in (31.6) yields
r(l) =1 — (2/n)tanh(znl/2), which recovers (31.3), and is represented by the curve
in the bottom of Fig. 31.2. Introducing z = ¢*>"?, and the line segments C.. running
from z = 0 to e*"™ in the z-plane, we find the integral in (31.6) givenby I, —1I ,
where

/ dz z P
Ii = -—Q
e, 20y 1+z
(11,2~ fi1/(1 + )
2ip(1 — B)(1 + e¥iim)

(31.7)

Here, f = (1 —iA/y)/2 and F is Gauss’ hypergeometric function. As shown in
Fig. 31.2, dependence of r(/) on [ in the smaller-/ range changes from the cubic one
to the linear one as y is larger. Then, the random-walker more hardly reaches an end
of the homology, i.e. more hardly feels the homology length.
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de Vries and Wackernagel studied transformation of Acinetobacter sp. by
means of plasmid vectors [3]. In Fig. 4 of [3], where a plasmid has a homologous
region on one side of the marker-gene region and a nonhomologous region on the
other side, the recombination frequency appears to have the square dependence on
the homology length above ~ 300bp, as shown in our Fig. 31.1d. The branch
point in the homologous region would be subject to an external force because the
plasmid should have some elasticity and a region of the plasmid is stuck to the
nonhomologous region. We can model this recombination by means of (31.5) if
the spring is weaker as the homologous region, and thus the whole plasmid, are
longer. In Fig. 31.2, r(I) with y = 0.99 shows />-dependence in the smaller-/
range, which could explain the square dependence observed in the one-side
homology system.

In the usual gene-targeting system, the two homologous regions are on both
sides of the marker-gene region, and a randomly walking branch point is produced
in each of the regions. We could formulate this problem of two random-walkers by
using the two-variable Fokker Planck equation [20].

31.3 A Model without A + B — B for the Interference

Eliminating the reaction A +B — B from our RD model, we can proceed with
calculations in another way, of which results are described below. Let N be the
number of lattice-sites, and the particle distribution can be labeled by
{m} ={mi,my,... ,my} and {n} = {ny,ny,...,ny}, where m; and n; are the
numbers of A- and B-particles at a site j, respectively. Defining the time 7 so that
the transition rate of the random walk is unity, we write P ,,}.¢,} (t) for the probability
of the particle distribution at time 7, and write (- - -)_ for the average over the particle
distribution. The coincidence is given by s; = <njnj+,>oo / (<nj>ao) for />0, where
I is a physical distance. The genetic distance is given by l<nj>OO /2. Initially, no
B-particle exists, while we assume an independent Poisson distribution for A-particles.
We thus have Py,.1,3(0) = HJ | d"e 0o,/ (my!), where a is the average of the
initial A-particle number at each site. Also assuming the reaction A — (), we define H
as the total rate of A — () and A — B, and define k (0<x<1) as the ratio of the rate of
A — B to the total rate. We introduce the transition rate of the reaction A + A — (),
which is denoted by A. In the large-2 limit, the pair annihilation always occurs at
collision of A-particles, as in the RD model. The master equation is given by

dP N
- Z Z{ Me + )Py 1 me1 — miPY + H{x(mj + )Py 1+ (1 —x)
J=1e(j)

1
X (mj 4+ )Py 1 — mP} + A{(m; + 1)(m; + 2)Pp, 12 — mj(m; — 1)P}],
(31.8)
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where, for brevity, the variable 7 is dropped, and a variable in the subscript is
written only if different from ({m}, {n}), e.g. P means Py,}.;,(t) while P,
means P, mt1m,,,.fn} (7). In the first term, Ze(j) means the sum over the
nearest-neighbor sites e of the site j. We stipulate that Py,,.1,;(t) = 0 if any of ms
and »;s is negative. The three terms in the braces describe diffusion of A-particles,
A—Band A — (), and A + A — (), respectively.

Applying the path-integral method [4, 16], we can calculate the B-particle
density (n;)_ and its connected correlation (mjn;) — <n]>f by means of the
diagrammatic perturbation expansion with respect to 1. After some algebra, we
obtain

KH 2al Ka? b1
n) =—In[1+=2) + 22 arctan —— 31.9
Wl =2 ( ff) "HVH  VH GLY)

up to the order of A N and
S = ] _—v 1 + l\/H e I\/ 3110

up to the order of 4. These results agree with the simulation results as far as 4 < 1
(Fig. 31.3a). Simulation results in Fig. 31.3b suggest that, even in the large-4 limit,
s1 cannot be smaller than ~ 0.5 in this model, unlike in the experimental data and
the RD model. The reaction A + B — B would be indispensable to the genetic
interference.

Part of the work by YF was supported by Keio Gakuji Shinko Shikin, while part
of the work by IK by “Grants-in-Aid for Scientific Research” from JSPS (2137001,

0.92

© o o
o o N

1.02:'_llll|lllllllllllllllllllt |IIII|IIII|II IIIIIAII
- o 1 10

1.00

Q o g 0.9

2 0.98F 32
g F :§0.8
2096k Bl
S 0.94F 338

i

10 20 30 40 0 10 20 30 40 50
Physical Distance Physical Distance

O HT]
(4]
o

Fig. 31.3 (a) Plots of s; against /(>0) for (a,H,,k) (0.005,0.01,0.03,1.0). The curve is
calculated with (31.10). Numerical study of (31.8) with N 10° gives circles, each of which is
calculated over 10* samples, and yields (n;) ~ 4.936 x 107%, which agrees with the value of
(31.9), 4.937 x 1073, (b) We calculate s, numerically with N 10*, and plot it against /. We
prohibit simultaneous presence of more than one particle at a site, which corresponds with taking
the large 2 limit. The parameter values are (a,H,x) (0.005,0.1,1.0) for squares,
(0.05,0.01,1.0) for circles, (0.05,0.01,0.3) for crosses, and (0.005,0.01,1.0) for triangles. A
data point is calculated over 10* samples except 5 x 10* samples for a square. From Junji Kawai,
Master thesis, Keio University (1999)



282 Y. Fujitani et al.

19657002) and the Global COE program “Deciphering Biosphere from Genome
Big Bang” to IK.

References

1. Datta A, Hendrix M, Lipsitch M et al (1997) Dual roles for DNA sequence identity and the
mismatch repair system in the regulation of mitotic crossing over in yeast. Proc Natl Acad Sci
USA 94: 9757 9762.

2. Deng C, Capecchi MR (1992) Reexamination of the gene targeting frequency as a function of
the extent of homology between the targeting vector and the target locus. Mol Cell Biol 12:
3365 3371.

3. de Vries J, Wackernagel W (2002) Integration of foreign DNA during natural transformation
of Acinetobacter sp. by homology facilitated illegitimate recombination. Proc Natl Acad Sci
USA 99: 2094 2099.

4. Doi M (1976) Stochastic theory of diffusion controlled reaction. J Phys A: Math Gen 9:
1479 1495.

5. Foss E, Lande R, Stahl FW et al (1993) Chiasma interference as a function of genetic distance.
Genetics 133: 681 691.

6. Fujitani Y, Kobayashi I (1995) Random walk model of homologous recombination. Phys Rev
E 52: 6607 6622.

7. Fujitani Y, Kobayashi I (1997) Mismatch stimulated destruction of intermediates as an
explanation for map expansion in genetic recombination. J Theoret Biol 189: 443 447.

8. Fujitani Y, Kobayashi I (1999) Effect of DNA sequence divergence on homologous recombi
nation as analyzed by a random walk model. Genetics 153: 1973 1988.

9. Fujitani Y, Kobayashi I (2003) Asymmetric random walk in a reaction intermediate of
homologous recombination. J Theoret Biol 220: 359 370.

10. Fujitani Y, Mori S, Kobayashi I (2002) A reaction diffusion model for interference in meiotic
crossing over. Genetics 161: 365 372.

11. Fujitani Y, Yamamoto K, Kobayashi I (1995) Dependence of frequency of homologous
recombination on the homology length. Genetics 140: 797 809.

12. Gradshteyn IS, Ryzhik IM (1994) Tables of integrals, series, and products. Academic Press,
San Diego.

13. Kornyshev AA, Lee DJ, Leikin S et al (2007) Structure and interactions of biological helices.
Rev Mod Phys 79: 944 991.

14. Leach DRF (1996) Genetic recombination. Blackwell Science, Oxford.

15. Lloyd RG, Low KB (1996) Homologous recombination. In: Neidhardt FC (ed) Escherichia
coli and Salmonella. ASM Press, Washington, DC.

16. Peliti L (1985) Path integral approach to birth death process on a lattice. J Phys (Paris) 46:
1469 1483.

17. Sedivy JM, Joyner AL (1993) Gene targeting. Oxford University Press, Oxford.

18. Shen P, Huang HV (1986) Homologous recombination in Escherichia coli: dependence on
substrate length and homology. Genetics 112: 441 457.

19. Singer BS, Gold L, Gauss P et al. (1982) Determination of the amount of homology required
for recombination in bacteriophage T4. Cell 31: 25 33.

20. van Kampen NG (1992) Stochastic processes in physics and chemistry, North Holland,
Amsterdam.

21. Vuli¢ M, Dionisio F, Taddei F et al (1997) Molecular keys to speciation: DNA polymorphism
and the control of genetic exchange in enterobacteria. Proc Natl Acad Sci USA 94: 9763 9767.

22. Weiner B, Kleckner N (1994) Chromosome pairing via multiple interstitial interactions before
and during meiosis. Cell 77: 977 991.



Chapter 32

Critical Assessment of Side Chain Conformation
Prediction in Modelling of Single Point Amino
Acid Mutation

Anna Marabotti and Angelo Facchiano

Abstract We assessed the ability of three widely used and freely available pro-
grams for side chain repacking to simulate the structural effects of single point
mutations. The programs tested seem to produce sufficiently reliable predictions
only when mutations involve residues characterized by limited flexibility. The
change in size and/or polarity of the mutant side chain can affect the performances
of the different programs. The correlation between the quality of predictions,
exposure to solvent, and B-factors of the corresponding residues in crystal is also
investigated. This analysis may provide non-experts with insights into what types of
modelling protocols work best for such a problem as well as providing information
to developers for improving their algorithms.

Keywords Amino acid - Conformation prediction - Mutation - Protein structure -
Quality of predictions

32.1 Introduction

A main task for protein science is to understand and predict how mutations can
affect protein structure and functions. This is of great interest for protein engineer-
ing [8], or to simulate the effects of mutations related to genetic diseases [1].
Historically, various approaches have been proposed to simulate point mutations
in proteins [15, 19 21]. In the last years, high-performance computer facilities have
prompted people to use also molecular dynamics simulations [4, 5, 9]. However,
these simulations are time consuming and difficult to apply to large systems.
Recently, a fully automated protocol named “Mutate model” especially focused
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at modelling point mutations [6] was developed in the frame of the popular and
widely used program MODELLER [18]. Results seem to be encouraging, although
further improvement is needed especially in better defining the scoring function and
in increasing the conformations sampled [6].

Often, also programs for side chain repacking (for a review, see [10]) are used to
simulate point mutations. However, they are especially focused on the whole
protein modelling, to refine the results of homology modelling or to add side chains
to the backbone obtained e.g. with ab initio methods. Their published performances
in global reconstruction of side chains during comparative modelling are quite
encouraging [22], but side chains exposed to solvent still represent a major
problem, due to their high conformational freedom. Instead, the real suitability of
these programs for facing this specific problem is still an unexplored issue.

To address this question, we have assessed the performances of three freely
available software for side chain repacking in predicting the correct conformation
of side chains after introducing a point mutation in a protein structure. The three
programs (SCWRL [3], SCAP [23], and NCN [16]) are among the most popular and
the best performing in this field [10] and they are representative of the different
approaches that can be applied to solve this problem.

32.2 Methods

We report here a very short description of methods used. A full description can be
found at: http://bioinformatica.isa.cnr.it/side-chain-replacement;/.

The structures of the wild-type phage T4 lysozyme [11] and of the “pseudo-wt”
lysozyme carrying the mutations C54T and C97A [13], obtained by X-ray crystal-
lography and deposited in the PDB database [2] (PDB codes: 3LZM and 1L63,
respectively) were chosen as starting points to model the mutants included in the
benchmark. The final benchmark includes 107 structures of mutants (resolution
between 1.65 and 2.60 A) carrying only a single mutation (for “pseudo-wt,” in
addition to the two cited mutations), without ligands, and excluding mutation to
proline.

SCWRL3.0 [2] and SCAP [23] were freely downloaded from the related
Web servers, whereas NCN [16] was obtained by direct request to the authors.
Single point mutants were modelled on the crystallographic structure of wild-type
or “pseudo-wt” lysozymes by using facilities of the repacking program (for
SCWRL3.0 and SCAP), or by editing the PDB file (for NCN), as indicated in the
software manual. Then, we allowed the programs to rebuild all the side chains of
each mutant lysozyme. By comparison to the mutant structures obtained by X-ray
crystallography, the accuracy of the side chain conformer predictions was assessed
in terms of dihedral angle deviation, calculated with the program CHI, implemented
in the JACKAL package [23], and RMSD value, calculated using the McLachlan
algorithm [12] as implemented in the program ProFit v. 2.3.5.1, developed by
Dr. A.C.R. Martin (see http://www.bioinf.org.uk/software/profit).
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The residues with at least one atom included in a distance of 5 A from the mutant
side chain were identified as “neighbours” of a mutation. The solvent exposure of
the residues was calculated with the program NACCESS [7]. B-factors were
extracted from the PDB files of the reference structures. We defined as “conserved
in size” all the residues with no more than 10% of difference in their volume,
calculated according to Zamyatin [25]. We classified Gly, Ala, Val, Leu, Ile, Met,
Phe, Trp as “non-polar amino acids” Asn, Cys, Gln, Ser, Thr, Tyr as “polar amino
acids” and Arg, Lys, Glu, Asp, His as “charged amino acids”.

32.3 Results

Table 32.1 shows the results for the single side chain mutated, in terms of dihedral
angle correctness and residue RMSD. SCWRL3.0 gives the best results. Table 32.2
reports the results concerning the “neighbours” of the mutations. In this case, NCN
performs better. Table 32.3 shows that all predictors perform better when a large
residue is replaced by a smaller one, rather than when the opposite case occurs.
NCN and SCWRL3.0 perform similarly for angle accuracy, whereas SCAP perfor-
mances evaluated on RMSD are better than those of NCN in the case of the “large to
small” mutation. Looking at data ordered for changes in polarity between the wild
type and mutant residue shown in Table 32.3, we noted that NCN is generally the
best performing in terms of y; and y;,, accuracy for the most abundant group
(unchanged polarity). On the contrary, mutations involving changes in polarity are
better predicted by SCWRL3.0 in terms of dihedral accuracy, and by NCN in terms
of RMSD. The best performances for SCAP and NCN are obtained when the
original residue is replaced by one with opposite charge, whereas in this case
SCWRL3.0 performs worse than in the other cases.

Fig. 32.1a shows the correlation of the residue RMSD with the percentage of
relative solvent accessible surface area (SASA) calculated on the side chains

Table 32.1 Prediction accuracy for mutated side chain only

Parameter NCN SCAP SCWRL
Dihedral accuracy (%) 57.0%/53.5° 49.1%/43.5° 64.9%/60.0°
Residue RMSD (A) 1.33%/1.749 1.34%/1.80¢ 1.205/1.57¢

“Result for y; dihedral angle

Result for %142 dihedral angle

“Result when Cp atom was included in calculations
9Result when CP atom was not included in calculations

Table 32.2 Prediction accuracy for residues surrounding the mutation

Parameter NCN SCAP SCWRL
Dihedral accuracy (%) 78.24/73.6° 73.4%/69.4° 76.7%/72.7°
Residue RMSD (A) 1.01°1.21¢ 1.00/1.23¢ 1.08%/1.30¢

Notes as for Table 32.1
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Table 32.3 Prediction accuracy for physico chemical features of the mutation in the residues
surrounding the mutation

Type of mutation No. of Dihedral accuracy (%) Residue RMSD (A)

mutants  NCN SCAP SCWRL NCN SCAP SCWRL

Size unchanged 69 80.7%/ 76.4% 78.4% 0.91¢ 0.95¢/ 1.04°/
761° 72.6° 74.4° 1114 1.16° 1.25¢

Large to small 39 77.0°/ 72.8% 75.3% 1.04¢/ 0.98¢/ 1.13%
72.9° 68.1° 72.7° 1.264 1.21¢ 1.37¢

Small to large 42 75.2% 69.1%/ 75.4% 1.13% 1.12% 1.09¢/
70.0° 65.5° 69.8° 1.35¢ 1.35¢ 1.314

Unchanged 67 77.7% 75.1% 76.7°/ 1.02¢/ 1.04%/ 1.12¢
polarity 73.7° 69.9° 72.2° 1.22¢ 1.26° 1.35¢

Decreased 39 79.0%/ 71.9% 75.5% 0.98%/ 0.99¢/ 1.04¢/
polarity 73.4° 68.8° 72.6° 1.21¢ 1.23¢ 1.28¢

Increased polarity 38 77.9% 72.0%/ 78.5%/ 0.97¢/ 0.95¢ 0.99¢/
73.4° 69.6" 74.1° 1.18¢ 1174 1.19¢

Charge inversion 6 80.1%/ 73.7%/ 73.7% 1.21¢ 1.04%/ 1.35%
73.6° 67.1° 68.9° 1.38¢ 1.20° 1.57¢

Notes as for Table 32.1

included in the neighbours of mutation. For buried residues (SASA less than 10%
[17]), all programs greatly improve their accuracy. Nevertheless, we did not find a
continuous loss of prediction correctness when SASA values increase. Since high
B-factor values can be used as indicators of flexibility and dynamics of protein
structure [24], we evaluated the correlation between B-factors and performances of
the side chain repacking programs (Fig. 32.1b). For all programs there is a more
direct relationship between B-factor amplitude and correctness of the prediction.

32.4 Discussion

Based on our results, none of the programs tested can be considered fully reliable to
predict and simulate the effect of a single point mutation. By considering the
features of the three programs, the differences in their performances could be
ascribed to the definition of the energy function and the conformational search,
but also to the use of a larger rotamer library. In particular, NCN seems to be more
sensitive than the other two programs to the effects of electrostatic fields. Its
potential energy function includes not only steric terms such as van der Waals
parameters, but also electrostatics and H-bonding terms [16]. Anyway, despite a
very simple scoring function, SCWRL3.0 results are comparable to those of the
other two repacking programs.

The reliability of repacking programs to predict the effects of single point
mutations on its environment is higher when a residue is replaced by a smaller
one with similar polarity. Instead, the prediction of the effects of the replacement of
a charged and relatively small residue with a bigger one with different polarity
features is expected to be less reliable. This could also be due to the need of a
relevant backbone rearrangement, not allowed in these programs.
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Fig. 32.1 Relationships between reliability of predictions, SASA, and B factor for residues
surrounding the mutation. (a) The bars report, for each software, the mean of residue RMSD of
the side chains belonging to this subset, partitioned into SASA intervals. The inset shows the
number of side chains for each SASA interval. (b) The bars report, for each software, the mean of
residue RMSD of the side chains belonging to this subset, partitioned into B factor intervals. The
inset shows the number of side chains for each B factor interval

The performances of the programs for predicting side chain conformation are
strictly related to the conformational freedom of the side chains in a protein [10].
In general, authors developing side chain repacking programs evaluate perfor-
mances towards SASA. In our analysis the reliability of all predictors continuously
degrades as B-factors increase, whereas this is not true for SASA, so that B-factors
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seem a more reliable measure of the side chain conformational freedom. The
evaluation of software performances with respect to SASA has also two other
disadvantages. Firstly, SASA calculated with different software using different
criteria are very difficult to compare [14]. Secondly, the concept of “buried side
chains” is differently used to test the programs, since the threshold of accessible
surfaces for this definition ranges between 10 and 30% [10]. On the contrary, B-
factors are experimental data univocally defined for each crystallographic structure
as a measure of imprecision in the protein coordinates. Our results suggest to use B-
factors instead of SASA to evaluate the reliability of the programs with respect to
the flexibility of side chains. In any case, people aiming at predicting the confor-
mation of a side chain, especially when it is expected to be highly flexible, should
treat with care their results. If a residue is characterized by high B-factor, also its
conformation fixed in the crystallographic coordinates may be highly imprecise,
and therefore it is not possible to deduce reliable structural information of the
effects of the mutation of that residue.

In conclusion, side chain repacking programs should be used carefully to predict
the effects of single point mutations. Results should be always treated with care and
interpretation of the effects of mutations should take into account also the quality of
the starting structure.

Acknowledgements A preliminary version of this work was presented at the Annual Meeting
of the Bioinformatics Italian Society (BITS), Naples, 26 28/4/2007. This work was partially
supported by “Italia USA Farmacogenomica Oncologica” Conv. no. 527/A/3A/5 and “Progetto
CNR Bioinformatics.”

References

1. Antonarakis SE, Krawczak M, Cooper DN (2008) The nature and mechanisms of human gene
mutation. In Valle D et al (eds) The online metabolic and molecular bases of inherited disease,
McGraw Hill, Columbus, USA

2. Berman H, Henrick K, Nakamura H et al (2007) The worldwide Protein Data Bank (wwPDB):
ensuring a single, uniform archive of PDB data. Nucleic Acids Res 35:D301 D303

3. Canutescu A, Shelenkov AA, Dunbrack RL (2003) A graph theory algorithm for rapid protein
side chain prediction. Protein Sci 12:2001 2014

4. el Bastawissy E, Knaggs MH, Gilbert IH (2001) Molecular dynamics simulations of wild type
and point mutation human prion protein at normal and elevated temperature. J Mol Graph
Model 20:145 154

5. Falconi M, Biocca S, Novelli G et al (2007) Molecular dynamics simulation of human LOX 1
provides an explanation for the lack of OXLDL binding to the Trp150Ala mutant. BMC Struct
Biol 7:73

6. Feyfant E, Sali A, Fiser A (2007) Modeling mutations in protein structures. Protein Sci
16:2030 2041

7. Hubbard SJ, Campbell SF, Thornton JM (1991) Molecular recognition. Conformational
analysis of limited proteolytic sites and serine proteinase protein inhibitors. J Mol Biol
220:507 530

8. Li IT, Pham E, Truong K (2007) Current approaches for engineering proteins with diverse
biological properties. Adv Exp Med Biol 620:18 33



32

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

Critical Assessment of Side Chain Conformation Prediction 289

. Liu B, Bernard B, Wu JH (2006) Impact of EGFR point mutations on the sensitivity to

gefitinib: insights from comparative structural analyses and molecular dynamics simulations.
Proteins 65:331 346

Marabotti A (2008) Modeling the conformation of side chains in proteins: approaches,
problems and possible developments. Curr Chem Biol 2:200 214

Matsumura M, Wozniak JA, Sun DP et al (1989) Structural studies of mutants of T4 lysozyme
that alter hydrophobic stabilization. J Biol Chem 264:16059 16066

McLachlan AD (1982) Rapid comparison of protein structures. Acta Crystallogr A
38:871 873

Nicholson H, Anderson DE, Dao pin S et al (1991) Analysis of the interaction between
charged side chains and the alpha helix dipole using designed thermostable mutants of
phage T4 lysozyme. Biochemistry 30:9816 9828

Novotny J, Bruccoleri R, Karplus M (1984) An analysis of incorrectly folded protein models.
Implications for structure predictions. J Mol Biol 177:787 818

Novotny M, Seibert M, Kleywegt GJ (2007) On the precision of calculated solvent accessible
surface areas. Acta Crystallogr D Biol Crystallogr 63:270 274

Peterson RW, Dutton PL, Wand AJ (2004) Improved side chain prediction accuracy using an
ab initio potential energy function and a very large rotamer library. Protein Sci 13:735 751
Rost B, Sander C (1993) Prediction of protein secondary structure at better than 70%
accuracy. ] Mol Biol 232:584 599

Sali A, Blundell TL (1993) Comparative protein modelling by satisfaction of spatial restraints.
J Mol Biol 234:779 815

Shih HHL, Brady J, Karplus M (1985) Structure of proteins with single site mutations: a
minimum perturbation approach. Proc Natl Acad Sci USA 82:1697 1700

Snow ME, Amzel LM (1986) Calculating three dimensional changes in protein structure due
to amino acid substitutions: the variable region of immunoglobulins. Proteins 1:267 279
Summers NL, Carlson WD, Karplus M (1987) Analysis of side chain orientations in homolo
gous proteins. ] Mol Biol 196:175 198

Xiang Z (2006) Advances in homology protein structure modeling. Curr Protein Pept Sci
7:217 227

Xiang Z, Honig B (2001) Extending the accuracy limits of prediction for side chain con
formations. J Mol Biol 311:421 430

Yuan Z, Bailey TL, Teasdale RD (2005) Prediction of protein B factor profiles. Proteins
58:905 912

Zamyatin AA (1972) Protein volume in solution. Prog Biophys Mol Biol 24:107 123



Chapter 33

Temporal Anomaly Detection: An Artificial
Immune Approach Based on T Cell Activation,
Clonal Size Regulation and Homeostasis

Mario J. Antunes and Manuel E. Correia

Abstract This paper presents an artificial immune system (AIS) based on Grossman’s
tunable activation threshold (TAT) for temporal anomaly detection. We describe the
generic AIS framework and the TAT model adopted for simulating T Cells behaviour,
emphasizing two novel important features: the temporal dynamic adjustment of T Cells
clonal size and its associated homeostasis mechanism. We also present some promising
results obtained with artificially generated data sets, aiming to test the appropriateness
of using TAT in dynamic changing environments, to distinguish new unseen patterns as
part of what should be detected as normal or as anomalous. We conclude by discussing
results obtained thus far with artificially generated data sets.

Keywords Artificial immune systems - Pattern recognition - Anomaly detection -
Homeostasis

33.1 Introduction

The vertebrate immune system (IS) [4] evolved to become a highly complex defence
mechanism, with the ability to recognize foreign substances (pathogens) and to
distinguish between those that correspond to the harmless (self) from those that
are related to some form of intrusion (non-self). The IS is composed by the innate
and adaptive layers, being supported by a complex set of cellular structures. Antigen
Presenting Cell (APC) digests and converts pathogens into small peptides which are
then presented to T cells, a lymphocyte, through a molecular structure denominated
“MCH/Peptide Complex.” T cells have a specific set of receptors that binds with a
certain degree of affinity with the peptides that are being presented by APCs.
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Artificial immune systems (AIS) [7] comprises a full body of models and
algorithms devised by theoretical immunologists that describe and successfully
predict certain aspects of the IS behaviour. These algorithms and models constitute
the basis and source of inspiration behind the developments of AIS for anomaly
detection, being usually divided into two major groups [10]. The first group
comprises all AIS based on the classical Burnet’s negative selection theory [5],
like Kim’s research [9]. The other group includes those that take inspiration on
Matzinger’s danger theory [11], comprising Aickelin’s research the most well
known [10]. However, these systems suffer from some well-documented serious
limitations [13, 14], which motivated us to investigate the appropriateness of
developing an AIS based on a rather different biological theoretical perspective
about the IS [1 3]: the Grossman’s Tunable activation thresholds (TAT) hypothesis
[8]. TAT posits that each individual immune cell has its own TAT whose value
reflects the recent history of interactions with the surrounding environment. The
potentially autoimmune (self) lymphocytes, which are continuously exposed to
body antigens, end up raising their activation thresholds and thus become unre-
sponsive. In contrast, lymphocytes that are not auto reactive and recognize external
microorganisms end up with low activation thresholds becoming thus fully respon-
sive towards non-self antigens. TAT behaviour is thus completely dynamic. Its
current state and emergent collective behaviour depends on the rate of change and
intensity of the signalling for each cell that resulted from past interactions with the
antigens each cell happens to get in contact with throughout time [15]. In summary,
for the AIS designer TAT assumes no prior “classification” of antigens as either
“self” or “non-self,” and it is expected to automatically adjust each one of the
individual cell activation dynamics with the current environment, throughout time.

In our framework [1, 3], we have also included two immunological concepts:
cells clonal size regulation mechanisms and a dynamic equilibrium based on the
sharing of finite resources (homeostasis). The former is related to the accepted idea
from Biology that immune cells proliferate after being activated, cloning them-
selves and enabling a faster reaction for a second future encounter with that same
pathogen [8]. We mimic this concept by associating to each artificial cell a weight
expressed by the number of clones of each T cell. The later derives from the idea
that the size of the immune cell repertoire is constantly changing by adapting to the
current environmental circumstances. In this paper we aim to introduce the minimal
TAT model adopted (Sect. 33.2) and to describe the deployed TAT-based AIS for
anomaly detection (Sect. 33.3). We also present results obtained with artificially
generated data sets (Sect. 33.4). Finally, we discuss the results obtained, draw some
conclusions and delineate guidelines for future research (Sect. 33.5).

33.2 A Minimal TAT Model

The TAT theory hypothesizes that immune cell activation depends on a threshold
that is adjusted dynamically and at each point in time it corresponds to the integrated
received signalling past history. Every interaction between the cell receptor and the
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peptide ligands presented by the APC, results in an intracellular competition
between “excitation” and “de-excitation” signalling pathways, causing the cell to
adapt to the stimulus by increasing or decreasing its activation threshold. Therefore,
cells with different antigen specificity will have different activation thresholds as
they are exposed to different stimuli. During its lifetime, each cell changes and
adapts its responsiveness according to its interaction with the environment [8].

We have adopted a minimal mathematical model of TAT for T cells [6].
Briefly, the model states that T-cell activation is controlled by two enzymes that
respond to antigenic signals delivered by APCs: Kinase (K) and Phosphatase (P).
Antigenic signals (S) lead to a linear increase of both K and P activities until they
reach a plateau that is proportional to the intensity of the stimulus. For the same
signal S, K increases faster than P, but if the signal persists P will eventually reach
a higher plateau. Similarly, on signalling absence, K returns to the basal level at a
faster rate than P. A complete explanation of the adopted model can be found in
[l 3, 6]

33.3 The TAT-Based AIS Framework

In the TAT-AIS, as with other AIS [7], there is a direct mapping of system
components with the relevant biological IS immune counterparts. In [1 3] there
is a comprehensive description of both the immunological metaphor adopted in our
TAT model and the TAT-AIS core framework adopted.

The data sets used in the experiments have been artificially generated through a
stochastic procedure. Each data set is comprised by APCs that represent a timely
ordered set of events and the corresponding observed patterns. The core of each
APC is composed by a list of strings separated by white space, corresponding to
artificial peptides (PEPTIDEs) that are being presented by the artificial APC.
For system performance evaluation purpose all APCs have been pre-tagged as
“NORMAL” or “ALERT,” as illustrated in the example that follows:

apc:1232:NORMAL.: cbac accb fggf (...) eehf efge abed bead cade bdbd daca
apc:1233:ALERT: abcc aBCB PSQP (...) ABAB abdd 3421 PPPR DADA bQPR

The data sets basic alphabet generators we have used for our experiments are
shown in Table 33.1. All the PEPTIDEs of a given artificial data set belong to the
set of all possible fixed length strings (we have used length four) that can be
obtained, allowing for character repetition, from the given alphabets.

Table 33.1 Alphabet used to create the PEPTIDEs

Alphabet Data sets APC tag
{a,b,c,d} Training, testing Normal
{a,A,B,C,D} Vaccination, testing Abnormal
{b,P,Q,R,S} Testing Abnormal

{e.f,g,h, 1,234, *+@, } Testing Normal
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Fig. 33.1 Distribution of normal occurrences during training and testing phases

We then use these PEPTIDESs to randomly assemble an APC. If the APC has at
least one abnormal PEPTIDE then it is tagged as “ALERT,” otherwise, the APC is
tagged as “NORMAL.” The PEPTIDEs are randomly chosen from the list of
admissible strings with a certain time distribution, as illustrated in Fig. 33.1.

The normal behaviour presented in the training dataset changes progressively in
the testing phase, where normal APC content is gradually replaced by new unseen
normal PEPTIDEs. The APCs corresponding to unseen abnormal behaviour
appears sporadically in the testing dataset in a randomly temporal order. We have
also included two different sets of normal PEPTIDEs ({1,2,3,4} and {*+,@,=})
that only appear in the testing phase and only occur in a certain period of time.

The TAT-AIS simulator requires some parameters to run. These are related to K
and P dynamics, and are comprised by their initial values (Ky and Py), the slopes
that define the way K (¢P) and P (¢P) change, the plateau values (K. and Ppay),
the affinity threshold and a value for the detection threshold.

In order to reduce the number of simulation parameters and therefore to simplify
their run time optimization, we have chosen to derive K, and P, and opted to fix all
the parameters with the exception of K,,,,, and ¢P, as described below:

KO SO X Kmax Pmax (Ilfmnx) X Kmax
PO SO X Pmax oP (%) X OK

The ratios g:“ and g—l‘z varies between 0 and 1 and are optimized in the
vaccination phase by an implementation of a meta-heuristic approach using a
simplex algorithm for non-linear optimization [12].

The artificial T-cell (TCELL) clonal size is a number that represents the size of
the sub-population of clones of that TCELL. TCELLs are created with an initial

clonal size value (we adopted Cp=2). Each time an APC is processed, the clonal
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Fig. 33.2 TCELL life cycle

size of affected TCELLs is updated in order to reflect the accuracy level of
detection each TCELL obtain through time. We defined that C increases and
decreases by units of two. For TCELLs with P > K we fixed the increase in the
order of 0.5 units. These were the constant values that gave us good results in
practice [3].

Figure 33.2 depicts the TCELL life cycle. At first, a new TCELL is created when
the pattern represented by the PEPTIDE does not match any one in the current
repertoire.

When there is a match with an appropriate affinity, each matching TCELL
updates its K and P values according to the signal sent by the APC [3]. If a
TCELL becomes active, there are two possible outcomes: the APC is abnormal,
then the TCELL proliferates and increases its clonal size; the APC is normal, then
the TCELL decreases its clonal size. If the TCELL remains quiescent (with P > K)
it will contribute to the homeostasis process. Finally, a TCELL will die if it is not
stimulated for a certain predefined period of time, thus decreasing gradually its K
and P values to its initial values (K, and P) and its clonal size is below a predefined

minimum.

33.4 Evaluation and Results

Our working hypothesis is that TAT-AIS is able to recognize new unseen patterns
and is able to further distinguish between those patterns that are considered self
from others, included in APCs related to abnormal activities. We have tested the
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system with two different artificial data sets specially constructed to include a
gradual variation of normal behaviour throughout time. The affinity measure
corresponds to the number of equal characters at the same position in the PEPTIDE
and TCELL string identifiers. We have tested the data sets with two different affinity
measures for each run: one (25%) and two (50%) equal characters. The detection
threshold, calculated by the ratio between bound and activated TCELLSs clonal size,
was fixed at 0.2 (20%) for all the experiments. The training comprises 2,000 APCs
(500 for the vaccination phase) and the testing phase has 20,000 and 30,000 APCs
for each dataset, respectively. The TAT parameters have been fixed with the
following values: H,,,x = 256 correspond to the repertoire size of normal TCELLs
for homeostasis; Cy,x is the clonal size reached by a TCELL that tends to recognize
abnormal patterns and is calculated by Cpax = Hpax X 0.25 Sg, Kinax and @K are
equal to 10. The optimized parameters achieved in the “vaccination” phase and the
results obtained for each experiment are described in Table 33.2. The repertoire size
corresponds to the number of TCELLSs used in each execution phase.

In spite of the great number of patterns that the system is exposed to, TAT-AIS
possesses an efficient cell death mechanism (apoptosis) that is capable of maintain-
ing an effective low cell repertoire size. It is also worth noting that even with a total
replacement of the normal behaviour during the testing phase the TAT-AIS
obtained a full detection rate with a relatively low number of false positives.

During the testing phase, TCELLS clonal size changes according to whether the
TCELLSs recognizes normal or abnormal patterns, as depicted in Fig. 33.3a. For
example the TCELL ‘“abcd” binds only with normal patterns and its clonal size

Table 33.2 Optimized parameters and the results obtained during experiments

Run Optimized parameters Repertoire size TPs FPs
% o8 Affinity ~ Training Vaccine Testing Qty % Qy %
threshold
1 1.356 0473 0.25 135 194 255 46 100 180 0.9
2 1.348 0.138 0.50 135 258 345 46 100 394 1.9
3 1450 0460 0.25 212 295 454 47 100 368 1.2
4 1.438 0484 0.50 212 380 504 47 100 220 0.7
a b c
60 e 5 1.4
o PSbR_— 45 18
40 35 12
8 . 3 o 11
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Fig. 33.3 (a) Clonal size dynamics; (b) Signal activity for TCR ~ “abcd” recognizes a normal
pattern. (¢) TCR ~ “PSbR” recognizes abnormal PEPT IDEs in the APCs
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contributes to the system homeostasis equilibrium. In another direction, TCELL
“PSbR” binds sporadically to the PEPTIDESs presented by abnormal APCs, thus its
clonal size increases throughout time.

The signalling activity of both TCELLSs is also depicted in Fig. 33.3b, c. For a
normal TCELL like “abcd,” after an initial period of time, the ratio % is below one,
which means the TCELL is inactive (Fig. 33.3b). Otherwise, for those associated
with an abnormal pattern like “PSbR,” the ratio is transiently below and above one,

reflecting successive activations (Fig. 33.3c).

33.5 Discussion

We have presented some results obtained in a temporal anomaly detection AIS
based on TAT theory, with two artificially generated data sets of predefined
patterns, resulting from normal and abnormal behaviours. These results are in line
and improved upon with some previously published results about TAT-AIS [1 3].
We have observed that TAT-AIS has interesting properties for anomaly detection,
provided the following basic generic requirements is true: normal behaviour is
frequent and abnormal behaviour is sporadic in time. By frequent we mean a pattern
that repeatedly stimulates a set of TCELLSs that through time, by the TAT dynamics,
stabilizes its enzymatic values (P > K). On the other hand, by sporadic we mean a
pattern that stimulates intermittently a set of TCELLs with such a signal that
implies its activation (K > P). Through time, these TCELLs increase gradually
its clonal size and become more reactive to further similar recognitions. In TAT-
AIS, detection is also dependent on the TCELLs dynamical clonal size control
mechanism surrounded by a homeostatic procedure for TCELLs that helps to
recognize self patterns, allowing the abnormal TCELLSs to grow up until a pre-
defined plateau is reached.

The results thus obtained with TAT-AIS are very satisfactory, achieving a high
rate of detection and a low level of false positives on the stochastic data sets we
have produced. It is worth to emphasize that in these data sets, during the testing
phase, normal behaviour is made to change gradually throughout time. In spite of
this, TAT-AIS is able to correctly detect the new patterns and to correctly sort them
into normal and anomalous sets. Moreover, based on these empirical results, we
believe that TAT-AIS can compete with other approaches on the self-non-self
distinction for dynamic environments that tend to change gradually throughout
time their normality behaviour profile. Firstly, the clonal size and activation
threshold of each TCELL is being continuously updated according to its inter-
actions with the environment. This means that each TCELL keeps track of its
historical activity and, through time, delineates a trend to detect patterns cor-
responding to normal or abnormal behaviours. Secondly, by taking advantage of
the “vaccination” phase, TAT-AIS can learn patterns of known anomalies that may
improve the detection of both known and unknown anomalous behaviours during
the testing phase. We are well aware that these stochastic data sets were artificially
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generated and are most certainly not completely representative of real-world
phenomenon like the data sets we could obtain, for example by live network traffic
collection or computer systems trace logs. We have, however, already obtained
some preliminary good results with a simpler less sophisticated TAT execution
model, applied to network intrusions detection with real network traffic [1].
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Chapter 34

An Integrated Methodology for Mining
Promiscuous Proteins: A Case Study of an
Integrative Bioinformatics Approach for
Hepatitis C Virus Non-structural 5a Protein

Mahmoud M. ElHefnawi, Aliaa A. Youssif, Atef Z. Ghalwash, and
Wessam H. El Behaidy

Abstract A methodology for elucidation of structural, functional, and mechanistic
knowledge on promiscuous proteins is proposed that constitutes a workflow of
integrated bioinformatics analysis. Sequence alignments with closely related homo-
logues can reveal conserved regions which are functionally important. Scanning
protein motif databases, along with secondary and surface accessibility predictions
integrated with post-translational modification sites (PTMs) prediction reveal func-
tional and protein-binding motifs. Integrating this information about the protein
with the GO, SCOP, and CATH annotations of the templates can help to formulate a
3D model with reasonable accuracy even in the case of distant sequence homology.
A novel integrative model of the non-structural protein SA of Hepatitis C virus: a
hub promiscuous protein with roles in virus replication and host interactions is
proposed. The 3D structure for domain I was predicted based on, the Homo sapiens
Replication factor-A protein-1 (RPA1), as a template using consensus meta-servers
results. Domain III is an intrinsically unstructured domain with a fold from the
retroviral matrix protein, which conducts diverse protein interactions and is
involved in viral replication and protein interactions. It also has a single-stranded
DNA-binding protein motif (SSDP) signature for pyrimidine binding during viral
replication. Two protein-binding motifs with high sequence conservation and
disordered regions are proposed; the first corresponds to an Interleukin-8B receptor
signature (IL-8R-B), while the second has a lymphotoxin beta receptor (LTBR)
high local similarity. A mechanism is proposed to their contribution to NS5A
Interferon signaling pathway interception. Lastly, the overlapping between LT[R
and SSDP is considered as a sign for NS5A date hubs.

Keywords Bioinformatics - Hepatitis C - Promiscuous proteins - Protein 5A -
Sequence alignments - SSDP
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34.1 Introduction

Structural bioinformatics is used to overcome some special challenges, like
protein structure prediction which aims to reduce the sequence-structure gap.
Protein structure prediction methods are divided into three categories: homol-
ogy modeling, fold recognition (or threading methods), and ab initio prediction.
Recently, fold recognition becomes the most successful approach to this
problem.

The fold recognition has different approaches to solve structure prediction
problem. Thus the performance of meta-servers, which combine the consensus
predictions from different servers, is better than individual predictors [1].

Integrative bioinformatics attempts to combine heterogeneous data sources for
integrative understanding of the biology of organisms. Special attention should be
given to viruses because of their small genomes that make their modeling easier and
the applications of this knowledge in drug and vaccine design.

Viral proteins are typically involved in many protein protein interactions (PPIs).
Such proteins are referred to as hub proteins. These proteins have two types; “date”
and “party”” hubs. Party hubs interact with different proteins at the same time, while
date hubs interact with other proteins at different times. This ability is because of
the existence of intrinsic disorder in one or both interacted proteins. Also, these
intrinsic disorders are the reason in the diversity of domain architecture or the lack
of unique 3D structure [2, 3].

Promiscuous domains are domains that are involved in diverse PPIs especially in
various forms of signal transduction pathways. Promiscuity is a volatile and
relatively fast-changing feature in evolution thus evolution of promiscuous domains
seems to be constrained by the diversity of their interaction [4].

The analysis and prediction of sequences could have profound impacts on
different areas of biology and medicine. Hepatitis C Virus (HCV) is a major threat
to global public health. The non-structural SA (NS5A) protein is one of its poly-
protein and there are many questions to answer about its role, functions, and the
structure of its last two domains [5].

An integrative approach for mining knowledge from protein sequences is intro-
duced, and its application is shown on the NS5A HCV protein to gain a better
understanding of the mechanisms and promiscuity of this date and party hub viral
protein.

34.2 Methods

Our methodology for protein analysis works on two levels, as shown in Fig. 34.1:
Sequence level, and Domain level.
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Fig. 34.1 Flowchart of integrative workflow. The protein sequence is analyzed using different
servers for conserved regions, consensus secondary structures, solvent accessibility, patterns, post
translational modifications (PTMs) sites, trans membrane segments, disordered regions, and
functional motifs. Also, the domains are assigned, homology to PDB is checked, and fold
recognition is applied for distant homologues. Templates are chosen based on consensus scores
from the meta servers, and structural and functional annotations from CATH, GO, and SCOP that
match biological knowledge about the structure and function of the protein. The fold recognition
output is the candidate template that is used for structure model. The structure model begins by
optimizing the sequence alignment based on secondary structure, then the backbone is modeled
and the side chains rotamers are optimized. The energy minimization is the followed step and
finally the evaluation of the model is performed

34.2.1 Sequence Level

In sequence level, the protein sequence is passed to multiple servers that outputs
independent variant information that is studied and filtered according to their
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relatedness to the protein’s functions. The correlation between this information
enables us to discover new knowledge about this protein.

The conserved regions are important to detect the regions that are common
between the different genotypes or the same family of a protein. These regions
highlight the locations that are important to the functionality of that protein. The
PROMALS server [6] is used for the multiple sequence alignments, and then
BIOEDIT software [7] was used to extract the conserved regions.

The separation of domain boundaries of a protein is a critical step for the tertiary
structure prediction. The DOMAC server [8], as one of top servers in CASP7, is
used for multi-domain prediction. Also, the top server in CAFASP4, SSEP server is
used for two-domain prediction [9]. Each output domain from DOMAC is passed
to SSEP server to be sure that it is only one domain.

The secondary structure prediction is useful to understand the protein fold-
ing, and tertiary structure prediction, and to increase the accuracy of sequence
alignment. Besides, it is helpful in protein classification. To maximize the
accuracy of secondary structure prediction, consensus results from five predic-
tion servers are used: Porter [10], PROF [11], PSIPRED [12], SSPRO [13], and
SAM-t02 [14].

Solvent accessibility is required to understand the protein tertiary structure,
protein stability, and protein interaction analysis. Distill solvent accessibility [15]
was used to find the exposed and buried regions in the protein sequence.

The motifs prediction is a key step for protein function and protein interac-
tions prediction. Two approaches are used; regular expression approach used by
PROSITE server [16], and statistical model approach used by BLOCKS [17] and
SMART [18] servers. These servers are used to detect patterns, blocks, functional
sites, and to predict trans-membrane segments, coiled-coil regions, low complexity
regions, signal peptides, regions containing repeats, and disordered regions.

Finally, the Scansite [19] server is used to predict the post-translational
modifications (PTMs) sites.

34.2.2 Domain Level

The domain level is concerned to the prediction of unknown structure of a protein.
The input to this level is the output from the domain assignment step.

Sequence homology search step finds if this domain has a homologue in Protein
Data Bank (PDB) with similarity greater than 30% or not. The domain sequence is
passed as the query to the two major heuristic servers, BLAST [20] and FASTA
[21], as well as to the ParAlign [22], and ScanPS [23] servers, which implement a
modified version of the Smith Waterman algorithm. If a high similarity homologue
is found, the model structure step begins.

Fold recognition prediction techniques were used for domains that don’t have
a direct homologue. The meta-server 3D-Jury [24] uses 12 different servers, the
resulted folds and their corresponding SCOP, CATH, and GO annotation are
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collected and studied. From all these information, the candidate template is speci-
fied and then used for structure modeling.

Multiple steps are required to model the specified domain. Firstly, the align-
ment of the candidate template, with domain sequence, is optimized using PRO-
MALS server [6] based on the secondary structure prediction. Secondly, the
UCSF Chimera program [25] is used to create an initial model structure. Thirdly,
SCWRLA4.0 program [26] is used to optimize side chain rotamers. Fourthly,
the Chimera [25] uses the steepest descent method with the AMBER force field
for energy minimization. Finally, the multiple verification methods in Swiss-
Model structure assessment tools [27] are used to assure high accuracy of the
model.

34.3 Results and Discussion

The proposed integrative methodology is applied to the NS5a HCV protein to
analyze it and predict the structure of its last two domains. From each step, the
results of servers are used and integrated to formulate our analysis. The detailed
results are shown in our previous papers [28, 29].

The refinement of NS5A domains was the first step for structure prediction. Fold
recognition techniques were used to select the appropriate fold for domain IT (204-
295). The functions of this candidate structure correspond with NS5A replication
and interaction with transcriptional activators [30], like p53, which leads to cell
growth and tumor formation [5]. Domain III (296-44) has 61% intrinsic disorder
regions, which give it the ability to scaffold and recruit of different binding partners
in space and time, and lacks a unique 3D structure. The biologically closest fold
among the 3D-jury servers was the retroviral matrix protein, which is involved also
in viral replication and protein interactions [31].

The different bioinformatics servers were used to analyze the NS5A protein and
to discover protein-binding motifs relating to its hubness, promiscuity, and
biological functions. This study included the prediction of family conserved
regions, secondary structures, solvent accessibility, post-translational modification
sites, interaction motifs, and disordered regions. The correlation of all these infor-
mation demonstrates that the beta sheets are totally buried, while the alpha helices
and the conserved regions are partially exposed. The intrinsic disorder regions are
exposed and the three regions (217-234aa, 299-313aa, and 374-410aa) always start
before the end of their corresponding alpha helices by two residues. Also, two
different mechanisms were proposed by which the NS5A protein intercepts the
immune system, using three predicted motifs. Others were specified for HCV
replication and phosphorylation. The date hubs could be noticed between the two
overlapping interacted motifs single-stranded DNA protein (399-444aa) and lym-
photoxin beta receptor (418-430aa).

The future direction would be to automate the above analysis approach with
information correlation and structure identification.
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34.4 Conclusion

The proposed integrative methodology has been successful in understanding
mechanisms of interaction, and relating the sequence to structural features and
3D structure to the many functions of the NS5A protein. Also, the NS5A protein
was confirmed as a hub promiscuous protein after it was studied using the integra-
tive approach. It was intriguing all of our predicted binding motifs as also composed
of disordered regions and hot loops. Promiscuity and protein disorder were found to
be two highly associated attributes through analysis of the NS5A protein.
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Chapter 35
Enhanced Prediction of Conformational
Flexibility and Phosphorylation in Proteins

Karthikeyan Swaminathan, Rafal Adamczak, Aleksey Porollo,
and Jarostaw Meller

Abstract Many sequence-based predictors of structural and functional properties
of proteins have been developed in the past. In this study, we developed new
methods for predicting measures of conformational flexibility in proteins, including
X-ray structure-derived temperature (B-) factors and the variance within NMR
structural ensemble, as effectively measured by the solvent accessibility standard
deviations (SASDs). We further tested whether these predicted measures of confor-
mational flexibility in crystal lattices and solution, respectively, can be used to
improve the prediction of phosphorylation in proteins. The latter is an example of
a common post-translational modification that modulates protein function, e.g., by
affecting interactions and conformational flexibility of phosphorylated sites. Using
robust epsilon-insensitive support vector regression (-SVR) models, we assessed
two specific representations of protein sequences: one based on the position-specific
scoring matrices (PSSMs) derived from multiple sequence alignments, and an
augmented representation that incorporates real-valued solvent accessibility and
secondary structure predictions (RSA/SS) as additional measures of local structural
propensities. We showed that a combination of PSSMs and real-valued SS/RSA
predictions provides systematic improvements in the accuracy of both B-factors
and SASD prediction. These intermediate predictions were subsequently combined
into an enhanced predictor of phosphorylation that was shown to significantly
outperform methods based on PSSM alone. We would like to stress that to the
best of our knowledge, this is the first example of using predicted from sequence
NMR structure-based measures of conformational flexibility in solution for the
prediction of other properties of proteins. Phosphorylation prediction methods
typically employ a two-class classification approach with the limitation that the
set of negative examples used for training may include some sites that are simply
unknown to be phosphorylated. While one-class classification techniques have been
considered in the past as a solution to this problem, their performance has not been
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systematically compared to two-class techniques. In this study, we developed and
compared one- and two-class support vector machine (SVM)-based predictors for
several commonly used sets of attributes. [These predictors are being made avail-
able at http://sable.cchmc.org/].

Keywords Phosphorylation - SVMs - Prediction - b-Factors - Solvent accessibility

35.1 Introduction

The importance of understanding protein structure and function stimulates the
development of improved methods for predicting intermediate structural and
functional attributes of proteins. One very successful framework for such efforts
involves knowledge-based approaches that extrapolate from known (experimen-
tally characterized) examples using statistical and machine learning methods.
Successful examples of this approach include secondary structure [1, 2], solvent
accessibility [2, 3], interaction sites [4, 5], phosphorylation [6 16], and other
functional hotspots prediction. General principles of such an approach in the
context of the problem considered here, i.e., that of predicting sites at which
proteins undergo phosphorylation, consist of first identifying a set of attributes to
represent the amino acid sequence, which then form the input to a machine
learning-based prediction method. Standard machine learning techniques, such as
Neural Networks (NNs) or SVMs, can be used to solve the underlying regression or
classification problem [2, 4, 9, 17]. Both sequence-based and (when applicable)
structure-based attributes (features) can be used as input for the predictor. Certain
intermediate structural and functional predictions can also serve as input features to
subsequent predictors of other attributes. The key to a good prediction method
usually lies in the choice of appropriate representation, capable of capturing
structural and functional characteristics to be predicted. One very successful and
commonly used representation involves constructing an evolutionary profile of a
family if related (homologous) proteins, as encoded by PSSM representation of
multiple alignment [1, 2, 18]. The latter is typically computed using Psi-BLAST or
related programs [19].

The three-dimensional (3D) structure of proteins can be determined using X-ray
crystallography [20]. However, atoms in proteins are always in thermal motion,
and this motion manifests as weakened diffraction intensities and fuzzier electron
density maps [18, 20]. These uncertainties are represented by the Debye Waller or
temperature factors (also referred to as B-factors) [21], which are usually provided
with the X-ray structures. The atomic mobility, which is quantified by B-factors,
has been shown to play a vital role in various biological processes including mole-
cular recognition, protein protein and protein DNA interactions and catalytic
activity [22 30].
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Given the importance of conformational flexibility for protein dynamics and
function, several methods have been proposed to predict B-factors from sequence.
In particular, Yuan et al. proposed a method that employed an SVR model with
PSSMs from multiple alignments as input features [31], whereas Rost et al. devel-
oped a neural network-based protocol and PSSMs augmented by three-state sec-
ondary structure and two-state solvent accessibility predictions [18]. Recently,
Kurgan et al. proposed a method that employs real-valued predictions of solvent
accessibility as additional feature [17]. In this study, we develop and systematically
assess a similar predictor for B-factors, which employs a combination of PSSMs
and probabilistic predictions of SS and RSA as input features. Toward this we
present an epsilon-SVR-based method and highlight the improvement that can be
obtained by combining these features. Predictions of B-factor can then provide
insights into protein functions including phosphorylation, contact number, and
catalysis. B-factor predictions have also been studied in the context of protein
conformational disorder [17, 24, 28].

The other commonly used method for determining 3D structures of proteins is
Nuclear Magnetic Resonance spectroscopy (NMR) [32]. Typically, an ensemble of
NMR structures (order of 10), are determined for each chain from which equilib-
rium atom coordinates can be determined. Along the lines of B-factors, a parameter
referred to here as Solvent Accessibility Standard Deviations (SASDs) was devised
to quantify the flexibility derived using NMR structures. The objective here was to
devise an easy to compute parameter to represent conformational flexibility derived
from NMR structures. In general, flexible regions would be more exposed to the
solvent and show more variance in exposure in an ensemble of conformations.
SASDs are easily derived as described below and are by nature rotationally invar-
iant. The DSSP tool is used to generate the true solvent accessibility of the atoms in
a given NMR structure and from the ensemble; one can derive standard deviations
for the same. Toward this, we have developed epsilon-insensitive SVR predictors
that can predict the SASDs as derived from NMR crystallographic studies using as
input features PSSMs and probabilistic predictions of SS/RSA. To the best of our
knowledge, the use of SASDs and the development of a predictor for this parameter
have not been studied before. The applications of these predictions are the same
as B-factors and their performance over different feature representations and in
comparison with B-factors has been presented here.

Phosphorylation is arguably the most common post-translational modification in
proteins. Since a phosphate group has a negative charge, phosphorylation/de-
phosphorylation changes the charge of the protein, resulting in a change in its
structure and consequently its function. These phosphorylation/dephosphorylation
events trigger the activation/deactivation of many signal transduction pathways
[33 38]. Further evidence of its importance is the fact that kinases represent the
second most popular category of drug targets [35].

Experimental mapping of all phosphorylation sites is hampered by the transient
nature of phosphorylation, relatively small change in the overall mass and other
properties, and fundamental limitations of protein chemistry [39]. Consequently,
computational approaches that can predict potential sites of phosphorylation or at
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the least limit the number of sites to be studied experimentally are of great interest.
It is known that both sequence and structural motifs around phosphorylation sites
play a major role in substrate recognition by kinases [40] and on this basis, many
prediction methods have been devised using attributes derived from both sequence
and structure of putative targets. These methods typically cast the problem as a two-
class supervised machine learning (classification) problem for differentiating phos-
phorylated and nonphosphorylated sites. Examples of this approach are methods
by Blom et al. (NetPhos and NetPhosK) and Berry et al. that use neural networks,
Kim et al. (PredPhospho) and Gnad et al. (PHOSIDA group) that use SVMs and
Takoucheva et al. that uses a linear regression based model [6 10, 41]. Thus, these
methods are based on the assumption that experimentally determined phosphoryla-
tion sites, which have been assimilated in databases like Phosphobase and Phospho.
ELM, represent a set of positive sites whereas all other serine/threonine/tyrosine
(S/T/Y) sites can be treated as negative examples [11 13, 42 44].

The methods mentioned above are likely to be affected by what is termed as the
“negative-sites problem.” The set of negative sites may contain many S/T/Y sites
which get phosphorylated under some conditions and simply have not been experi-
mentally annotated as such. Such sites have the potential to affect the performance
of the methods that extrapolate from both positive and negative examples to
construct a decision boundary (a classifier). Methods that do not use the negative
sites are also available, notably Scansite that employs a motif-based search algo-
rithm to identify phosphorylation sites, and OCSPP that uses one-class SVMs for
the same task [14 16], both kinase-specific prediction models.

One of the objectives of this study is to systematically compare a method that
uses both positive and negative sites to one that uses only the positive sites, using
the same representations (sets of attributes), training and validation sets, and
consistent learning procedures. Toward this goal, we used two flavors of the robust,
mathematical programming-based support vector machine (SVM) techniques,
namely two- and one-class classifiers and their performance compared. Given
that 95% of phosphorylation occurs on Serine residues [33] and that most of the
experimental data is on Serine residues, this study is restricted to the predictors for
Serine phosphorylation. The objective of a one-class SVM, as introduced by
Scholkopf et al. is to determine a decision boundary built around the members of
one class, termed “targets,” that can differentiate them from nonmembers, termed
“outliers,” represented by the origin [45]. By varying the parameters of the SVM, it
is possible to tighten/loosen the decision boundary around the training examples for
better performance on the test sets. For details about one-class SVMs please refer to
[16, 45 47]. Three different feature sets have been analyzed in this study with
features used in the methods mentioned above in order to obtain a wider assessment
of the performance. In particular, we evaluated the importance of predictions from
sequence (as real values) of secondary structure and solvent accessibility, as input
features for the prediction of phosphorylation. Further, we investigate the use of the
B-factor and SASD predictions developed in the first part of this study as additional
input features toward the prediction of phosphorylation. The idea behind the
features mentioned here is that sites of phosphorylation need to be accessible to
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kinases (solvent accessibility) and are mostly found in flexible regions (secondary
structure, B-factors, and SASDs).

35.2 Materials and Methods

35.2.1 Prediction of B-factors and NMR Solvent Accessibility
Deviations

35.2.1.1 Datasets

Data for this study was obtained from the Protein Data Bank [48]. The first step was
to identify protein chains in PDB that had three-dimensional structure data from
both X-ray crystallography and NMR spectroscopy (NMR). This was achieved by
searching the “Method” field in the PDB data files and matching chains from X-ray
data with chains from NMR structures that had at least 90% sequence homology as
determined by BLAST [49]. Once the protein chains of interest were identified, the
sequences were pair-wise aligned against each other with goal of removing redun-
dancy caused by sequence homology. This exercise yielded 305 protein sequences
and corresponding NMR and X-ray structures, from which the B-factors and NMR
SASDs were obtained. The NMR SASDs were obtained by calculating the standard
deviations of the solvent accessibility values from the different NMR structures,
facilitated by DSSP [50].

35.2.1.2 Features

Three different input feature sets were employed in this study. The first feature
set consisted of PSSMs generated from multiple alignment against a nonredun-
dant database, using Psi-BLAST [19]. This feature set is based on the one
employed by Yuan et al. [31], in which each residue contributes 21 features
and in total W times 21 for a window size W. The second feature set is composed
of the secondary structure and relative solvent accessibility predictions (SS/RSA)
from SABLE [2]. SABLE has been shown to provide state-of-the-art accuracy
for the prediction of SS and RSA from protein sequence [2]. This feature set
is similar to the one used by Kurgan et al. [39] and contributes five features
for every residue viz. the probabilistic representation of the residue to form a
Helix (H), Sheet (E), or Coil (C) structure and two relative solvent accessibility
features, the probabilistic representation and the value representing the confi-
dence. In general, conformationally rigid domains in proteins tend to be rela-
tively buried and less exposed to the solvent [30]. Hence, solvent accessibility
can be considered as a parameter of conformational flexibility and as an impor-
tant input feature to its prediction [17].
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Solvent accessibility predictors, specifically SABLE, define RSA of an amino
acid residue as the ratio of the residue’s solvent-exposed surface area (SA) in a
given structure, which can be calculated using DSSP, and the maximum attainable
value (in an extended conformation) of the particular amino acid’s solvent-exposed
surface area (MSA) [2].

The third feature set is a combination of the first two feature sets with the goal of
assessing its advantage. Different window sizes were studied and a size of 15
adopted for the final predictors. It should be noted that B-factor values are depen-
dent on the experimental considerations including resolution and refinement and
hence are not absolute in nature [18]. Analyzing B-factors, especially predicting
them, hence necessitates employing a normalization procedure that allows one to
define relative (rather than absolute) and chain-specific measures of flexibility.
Therefore, prior to use the B-factors undergo a per chain normalization (PCN),
done here by using z-scores [17] where the mean (E) and standard deviation (SD)
are calculated for the chain containing the residue. In the case of SASDs, both PCN
and a global normalization (GN) have been compared to assess the transferability of
SASD as an absolute measure of flexibility. Both use the same formula [17], except
in GN the mean and standard deviation are calculated over the entire dataset and not
just the chain containing the residue. The use of the PCN technique implies that the
predictions provided by these predictors are also relative measures.

35.2.1.3 Regression Protocol

The B-factor and NMR SASD predictors in this study were developed using an
epsilon-insensitive Support Vector Regression (e-SVR) model as implemented in
the software tool LIBSVM [51]. Linear and nonlinear radial basis function (RBF)
kernels were employed with the latter being adopted due to better performance. The
parameters of this regression model viz. cost, gamma and epsilon, were varied to
optimize the performance. A fivefold cross-validation scheme was devised for
testing these regression models developed and their performance was evaluated
using Pearson’s correlation.

35.2.2 Prediction of Phosphorylation

35.2.2.1 Datasets

Phosphorylation data for this study was obtained from the Phospho.ELM database
[43]. Each sequence in the database was pair-wise aligned against every other
sequence using Blast, in order to reduce any bias due to homology [49]. Groups
of sequences that had high homology (107°) were identified and only one member of
that group was retained. However, those homologous sequences in which the sites
of phosphorylation were different were retained. Since the number of negative sites
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was one order higher than the number of positive sites, only negative sites in
sequences that had other homologous sequences (and were excluded) were con-
sidered. In other words, only those sites in sequences that were homologous and
not reported as phosphorylated in any sequence in that group were included, in an
effort to identify representative negative sites. Altogether, the process yielded 868
positive and 1,600 negative sites.

35.2.2.2 Features

Three different feature sets, including features previously used in other predictors,
were employed in this study. The first feature set consisted of position-specific
scoring matrices (PSSMs) generated from multiple alignment against a nonredun-
dant database, using Psi-BLAST [19]. In this feature set each residue contributes 20
features, which in total would be W times 20 for a window size W. The second
feature set contained all the features in the first as well as secondary structure and
relative solvent accessibility predictions (SS and RSA) from the SABLE server [2].
This kind of representation (PSSMs + real value SS & RSA) is novel in this
context, although it has been considered in other contexts [4, 52], and has been
independently used by Gnad et al. [10] who also exploit the predictions of SABLE.
We evaluate this representation further. For every residue, five features were
extracted viz. the probabilistic representation of the residue to form a Helix (H),
Sheet (E), or Coil (C) structure, the probabilistic representation of RSA, and the
value representing its confidence. Each residue in this set has 25 features associated
with it. The third feature set consisted of averaged amino acid properties (AAA)
viz. hydrophobicity (using the Kyte Doolittle scale [53]), charge, and the count
of certain groups of residues viz. {P}, {G}, {S,T}, {N,Q}, {K,R,H}, and {E,D},
combined with SS and RSA features described above. The features representing the
different counts of residues were also normalized by their natural frequency of
occurrence [54]. Window sizes 9, 11, 13, and 15 were studied and 11 adopted for
better performance.

Additionally, the predicted values of B-factors and NMR SASDs from the SVR
models presented here were assessed as input features toward prediction of phos-
phorylation. Toward this, the mentioned SVR predictions were combined, individ-
vally and in combination, with the features from PSSMs and probabilistic
predictions from SABLE to form additional feature sets and their performance
compared to the other feature sets.

35.2.2.3 Classification Protocol

The predictors in this study used the supervised machine learning (classification)
technique of SVM as implemented in the software tool LIBSVM [51]. For this
study, both two-class and one-class types of SVMs and for each type, the linear and
the nonlinear radial basis function (RBF) kernels were used. Different parameters
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of the SVMs viz. cost, gamma, and nu, were varied to maximize the performance.
For training and testing on the datasets used in this study, a fivefold cross-validation
scheme was employed. In order to evaluate the predictors of phosphorylation,
the number of false positives (FP), false negatives (FN), true positives (TP), and
true negatives (TN) were first determined. Using these values the two performance
measures of Accuracy (A) and Mathews Correlation Coefficient (MCC) were
calculated as shown below.

B TP + TN
" TP+ FP + TN + EN

(35.1)

TP x TN — FP x FN
MCC = x x (35.2)
/(TP + FP)(TP + FN)(TN + FP)(TN + FN)

35.3 Results and Discussion

35.3.1 Prediction of X-ray B-factors and NMR SASDs

Table 35.1 contains the results generated from the testing of &-SVR prediction
methods for X-ray B-factors and NMR SASDs. In the case of B-factor prediction,
the probabilistic SS/RSA representation performs slightly lower than the PSSM
one and clearly both representations are surpassed by their combination. The
performance of the PSSM representation matches that of the SS/RSA representa-
tion, in the case of SASD prediction using PCN as well as GN, with the combined
representation again showing significant improvement. The merit of using both the
feature sets together is evident in these predictions. It can also be observed that
the performance of the SASD predictions (using PCN) are higher than those of
B-factors, suggesting that it is relatively easier to predict SASDs, a finding that can
be exploited in its applications. While comparing the two normalization schemes in
SASD predictions, one can observe that the PCN does better than GN. This suggests
that it is difficult to capture overall rigidity/flexibility of different types of proteins.

Table 35.1 Performance of the nonlinear ¢ SVR models for the prediction of X ray B factors and
NMR SASDs, on different feature sets

Feature set X ray B factor NMR SASD NMR SASD
prediction (CC) prediction (CC) prediction (CC)
using PCN using PCN using GN

PSSM 0.46 (0.02) 0.49 (0.006) 0.45 (0.007)

SS/RSA 0.45 (0.008) 0.49 (0.006) 0.45 (0.008)

PSSM + SS/RSA 0.48 (0.005) 0.51 (0.003) 0.47 (0.007)

Values are averaged over cross validation and standard deviations are in parentheses
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These enhanced predictors of structural properties, especially the novel parameter
of SASDs, can be applied to other predictions of protein functions, e.g., phosphor-
ylation as discussed in the next section and protein conformational disorder, a
course of future research.

35.3.2 Prediction of Phosphorylation

35.3.2.1 Comparison of One- and Two-Class SVMs

The results from the study of one and two-class SVM protocols towards the pre-
diction of phosphorylation are presented in Table 35.2. From this table the follow-
ing observations can be made. Firstly, the two-class SVM performs significantly
better than its one-class counterpart across all feature sets and in both the linear and
nonlinear kernel versions, including the set AAA + SS/RSA not presented here.
This strongly suggests that the training of predictors of phosphorylation is facili-
tated by the presence of the negative class. Secondly, it can be observed across all
feature sets that, while the two-class nonlinear kernel performs significantly better
than the linear kernel, the one-class nonlinear kernel performs poorer than its linear
version. This is a very interesting observation and suggests that the presence of the
other class of training examples is more needed when employing relatively com-
plex kernels that necessitate the training of more number of parameters. However,
in the future with the availability of more experimental data it may be possible to
more effectively employ one-class methods.

35.3.2.2 Significance of Conformational Flexibility Parameters

Focusing on the different feature sets in Table 35.2, one can observe that the
combined feature set of PSSM and SS/RSA feature set performs significantly better
than the other sets. This is consistent with the results from an independent study by
Gnad et al. [10]. With this feature set as reference, the performance of prediction
with the addition of the conformational flexibility parameters was studied in this

Table 35.2 Performance of one and two class SVM methods on the different feature sets and
kernels

Feature set SVM kernel Two class SVM One class SVM
Accuracy McCC Accuracy McCC
PSSM Linear 72.1 (2.09) 0.37 (0.04) 70.5 (2.50) 0.31 (0.06)
Nonlinear 76.7 (1.93) 0.47 (0.04) 65.7 (1.10) 0.15 (0.04)
PSSM + SS/RSA Linear 73.1 (1.71) 0.4 (0.04) 71.8 (1.17) 0.34 (0.03)
Nonlinear 78.0 (1.48) 0.51 (0.03) 66.7 (1.72) 0.17 (0.06)

Values are averaged over cross validation and standard deviations are in parentheses
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Table 35.3 Assessment of performance of a two class nonlinear phosphorylation predictor using
B factors and SASDs as input features

Feature set Accuracy MCC
PSSM + SS/RSA 78.0 (1.48) 0.51 (0.03)
PSSM + SS/RSA + B factor + NMR SASD 82.3 (1.25) 0.51 (0.03)

Values are averaged over cross validation and standard deviations are in parentheses

paper and is presented in Table 35.3. We observed that the performance with the
addition of B-factor and SASD predictions, individually, to the input space provides
no improvement. However, addition of B-factors and SASD predictions in combi-
nation with the reference features significantly improves the prediction of phos-
phorylation as shown in Table 35.3. The use of NMR SASDs in improving the
prediction of phosphorylation, as presented here, has not been previously demon-
strated. These results highlight the importance of conformational flexibility, as
represented by B-factors and NMR SASDs, to the identification of phosphorylation
sites in proteins.

35.4 Conclusion

Prediction of structural and functional attributes of proteins has been of great
interest to researchers in the last decade. The identification of the best input features
for such prediction methodologies is vital to its performance. In this study, we
focused on two widely used representations, namely PSSMs derived from multiple
sequence alignments and real-valued secondary structure and solvent accessibility
predictions (SS/RSA), with the goal of enhancing the predictions of B-factors
derived from X-ray structures, SASDs derived from NMR structures, and protein
phosphorylation. In the case of B-factors, we have shown that a combination of
PSSMs and real-valued SS/RSA predictions can significantly improve the predic-
tion of B-factors and have presented an epsilon-insensitive support vector regres-
sion (e-SVR) model toward this. Similarly, we have also developed an &-SVR
predictor for SASDs, which to the best of our knowledge has not been utilized
before in the context of protein structure and function prediction. This rotationally
invariant and easy to compute measure can effectively capture protein conforma-
tional flexibility in solution, and as demonstrated in this work, can be predicted
reliably and used to subsequently improve the prediction of phosphorylation.

In the case of prediction of phosphorylation, the use of PSSMs and SS/RSA
predictions has been proposed before by others [10, 16]. Here we further assess the
potential of these features, showing the improvement in performance that can be
obtained by use of real-valued SS/RSA predictions. Furthermore, the novel use of
B-factors and SASDs, in combination, has been shown to significantly improve
the prediction of phosphorylation. These results highlight the potential for use of
enhanced B-factor and SASD predictions toward various other predictors, one of
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which viz. protein disorder is something we are studying currently. We have also
developed and compared the performance of one- and two-class SVM-based
phosphorylation predictors for several commonly used sets of input attributes.
Although one-class SVMs were recently reported as a possible solution to this
problem [24] they were not compared systematically to two-class strategies. In
this regard, our conclusion is that the negative examples do play a significant role in
the prediction process and that the two-class method performs better than the one-
class in all cases studied. Also, it is evident that when using one-class strategies, the
learning models (here we compared explicitly linear and nonlinear kernels within
SVM framework), should be kept as simple as possible for better performance. The
improvement in prediction of phosphorylation by the employment of enhanced
conformational flexibility parameters, as demonstrated here, is motivation for
similar investigations of other structural and functional properties in proteins.
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Chapter 36
Why Are MD Simulated Protein Folding
Times Wrong?

Dmitry Nerukhdn

Abstract The question of significant deviations of protein folding times simulated
using molecular dynamics from experimental values is investigated. It is shown that
in the framework of Markov State Model (MSM) describing the conformational
dynamics of peptides and proteins, the folding time is very sensitive to the simu-
lation model parameters, such as forcefield and temperature. Using two peptides as
examples, we show that the deviations in the folding times can reach an order of
magnitude for modest variations of the molecular model. We, therefore, conclude
that the folding rate values obtained in molecular dynamics simulations have to be
treated with care.

Keywords Molecular dynamics - MSM - Protein folding - Simulation models -
VPAL

36.1 Introduction and Overall Methodology

Modern computational power is enough to simulate small proteins up to the times
when they fold into their native conformations [1 4]. This is a remarkable achieve-
ment because phenomenological, relatively simple interatomic interactions built
into the model lead to the molecular structures that essentially coincide with the
crystallographically determined native conformations.

In contrast to the structure of proteins, the results on folding times are not as
optimistic. For the majority of successfully folded proteins, there are significant
discrepancies between simulated and experimental folding times [5 7]. This is
taking into account that only the results obtained when the trajectories approach
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the folded conformations sufficiently close are published. In few cases, even
complete failures to reach the folded state in silico in simulations significantly
exceeding the experimental folding times are reported [8]. Indeed, it is well known
in the modelling community how difficult it is to fold a protein ab initio, that is
without introducing any information on the intermediates.

By analysing the MD trajectories of peptides in explicit water, we suggest an
explanation for these discrepancies. We show that the folding rates are very
sensitive to the details of the simulation model. The sensitivity is so high that the
obtained values of folding times are meaningless and cannot be compared between
each other and with the experiment.

We use the MSM [9 12] to describe the folding process. The configurational
states are defined by clustering the MD simulated trajectories. This is done by
analysing the Ramachandran plots of the residues of the peptide, Fig. 36.1. Each
Ramachandran plot is clustered independently and the molecule’s configurations
are defined by the cluster indices from each plot. Not all possible combinations of
index values are realised in the trajectory. For example, for the peptide from
Fig. 36.1, the conformation B;C, was very scarcely populated and was, therefore,
joined with A;C; into one conformation, thus resulting in five total configurations
of the molecule.

v (rad)

¢ (rad)

Fig. 36.1 Four residue peptide VPAL and the Ramachandran plots for the Proline (/eft) and
Alanine (right). The clustering is marked by the boundaries that define the conformations as
pairwise combinations of the indices from the sets {A,B;} and {A;,B,,C,}
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In the MSM framework, the model is described by a state vector v, which holds
probabilities of all the configurations at a given moment of time, and a transition
matrix 7. The total probability of the state vector has to sum to 100% since the
peptide has to be in some configuration at any time. The transition matrix holds the
probability that the system is transferred from one state to another at the next time
step. Because the total probability of the state vector has to be conserved, the
requirement ), Tj; = 1 is imposed, where i and j run over all states. Given that the
system has a state vector v, at time ¢, the state vector at the time ¢ + Af can be
calculated as v;.ao, = Tv,. The property of a transition matrix is such that its
eigenvalues /; are in the range 0 1 with one eigenvalue being 1. In the following,
it is assumed that the eigenvalues are ordered in descending order so that 4y = 1.

By expanding the transition matrix in terms of the left |4;) and right (4,
eigenvectors, the time evolution of the system is given by

Virnar =T = 2|20) (ilve. (36.1)

This representation immediately provides information on the behaviour of the
system under investigation.

First, by analysing how the eigenvalues vary with time step At, it can be
determined whether the dynamics of the system can actually be described by a
Markov model [13]. We have shown [13] that the dynamics of a four-residue
peptide become Markovian (that is, the next time step conformation depends on
the current conformation only) at the time scale Az == 50 ps. For a larger peptide of
15 residues, our recent estimations confirm the same time scale of Markovian
behaviour. From general considerations, it is reasonable to assume the same
time period of “loosing memory” for the dynamics of larger peptides and small
proteins.

Second, both the folded state and the folding time are readily obtained from
(36.1). Indeed, at the limit # — oo only the largest eigenvalue, equal to 1, survives
while all other eigenvalues, being less than 1 tend to 0. Therefore, the eigenvector
|40) corresponds to the equilibrium distribution of conformations, the folded state.
The speed at which the system approaches the equilibrium distribution is
described by all other eigenvalues that are less than 1. Again, at n — oo the
second largest eigenvalue dominates since it describes the slowest convergence in
the system, while all smaller valued eigenvalues become negligible. Thus at this
limit, Z; defines the folding rate.

The transition matrix 7 can vary in the simulation due to, for example, the
differences in the forcefield or the variation in the macroscopic parameters of the
system: temperature, simulation box size (number of molecules), etc. The force
field differences are the result of phenomenological nature of the classical molecu-
lar dynamics potentials as well as different calibration criteria. The other sources of
the changes are various alterations of the interaction potentials that are aimed at
speeding up the folding, and are becoming increasingly popular lately [14 17].
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Similarly, temperature variations are the cornerstone of such widespread technique
as Replica Exchange MD. These too can affect the transitions 7.

Our goal is to investigate what happens to the folding rate if the transition matrix
is changed. In our framework, it means that the effect of the variation of T to /; has
to be determined. Here, we assume that the matrix changes do not affect the folded
state, that is, the eigenvector |¢) remains the same.

To understand the meaning of the 4; variation, /1, in more intuitive terms of
folding times, we introduce a “folding half time” measure as follows. Let us assume
that after a large number of time steps, n, 4 reduces its value in half (36.1):
(21/21) = (1/2). Then, we designate this time as a “folding half time” that can
be calculated as

In2
nyp = i (36.2)
Suppose that we have changed the dynamics and, as a result, the eigenvalue
/1 has changed by an amount d4;. The half time for this new eigenvalue is
n'y5 = (In2/In(4; — 641)) (for an accelerated folding, 04, is negative). The ratio
r=(ny2/n /2) gives us a representative measure of the sensitivity of the folding

time to the changes in the transition matrix 7. In other words, r is an amount by
which the folding time is changed. Thus, the sensitivity in our description is a
function of two parameters: the second largest eigenvalue A, and its variations 64
caused by the changes in the simulation model.

The rest of the paper is devoted to the estimations of the values of 4; and d4,
for representative protein systems simulated using MD.

Both parameters can be calculated directly from the transition matrices T
obtained in the simulations of systems with varying parameters described above.
We modelled the variations by performing the simulations of peptides and altering
two parameters of the system: (a) scaling the masses of the atoms (corresponds to
changing the forcefield) and (b) varying the temperature in the simulation (resem-
bles the Replica Exchange MD conditions). The variation in the masses was done
by the introduction of a unified parameter «, so that the new masses are am:
(am)a = —(6V /dr) or ma = —(6%/dr). Therefore, varying the masses is equiva-
lent to varying the potential energy, that is, changing the forcefield of the model.
The changes in temperature were achieved using standard methods by simply
setting the thermostat to different temperatures.

We have simulated exhaustively a four-residue peptide VPAL (Valine-Proline-
Alanine-Leucine) and calculated both 1; and 4; directly from the transition

'To the best of our knowledge, this requirement has never been checked in numerous methods
aiming to accelerate the folding in MD (Accelerated Molecular Dynamics, Hyperdynamics,
Replica Exchange Molecular Dynamics, etc. [14 17]). This almost inevitably leads to incorrect
folded state obtained in these simulations (see [18] for details).
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matrices by varying the parameters in both ways described above. We have
obtained the value of 4; equal to 0.785. For d4;, VPAL produces the values of
0.073 when varying the scaling « in the range 0.75 1.25 and 0.161 when varying
the temperature in the 280 320 K boundaries. These correspond to the ratios
r = 1.40 for varying o and r = 1.95 for varying T. In other words, the folding
times became almost twice as high in the different scenarios used.

It should be noted that for longer peptides, 4; is normally larger. This is not
surprising since larger peptides have lower folding rate, that is, larger 4. Indeed,
we have also analysed the folding trajectories of a 15-residue peptide with the
sequence SESYIDPDGTWTVTE and obtained 4; = 0.9915. Assuming approxi-
mately the same value for 04y, say d4; = 0.1, we obtain r = 13.45, that is, more
than an order of magnitude increase in folding half time.

These results clearly demonstrate the high sensitivity of the folding times to the
details of simulation models. It also seems reasonable to conclude that the sensitiv-
ity tends to be higher for larger peptides that fold slower. Therefore, the results on
the folding times for larger realistic proteins would be even less reliable.

Since any force field is only approximately correct this means that calculated
folding times are significantly inaccurate, although the folded state reached in the
simulation is correct. It is therefore not meaningful to make a comparison between a
simulated folding time and the one determined experimentally, especially for
slowly folding proteins.
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Chapter 37
Automatic TEM Image Analysis of Membranes
for 2D Crystal Detection

Argyro Karathanou, Nicolas Coudray, Gilles Hermann, Jean-Luc Buessler,
and Jean-Philippe Urban

Abstract TEM image processing tools are devised for the assessment of 2D-
crystallization experiments. The algorithms search for the presence and assess the
quality of crystalline membranes. The retained scenario emulates the decisions of a
microscopist in selecting targets and assessing the sample. Crystallinity is automat-
ically assessed through the diffraction patterns of high magnification images
acquired on pertinent regions selected at lower magnifications. Further algorithms
have been developed for membrane characterization. Tests on images of different
samples, acquired on different microscopes led to good results.

Keywords Image processing - Automated TEM - Image segmentation - Sample
characterization

37.1 Tools for Automatic Image Analysis

Tools for image analysis have gained growing interest in life sciences where the
automation of repetitive tasks is mandatory. Automatic Image acquisitions and
processing are important to accelerate biological research. This chapter is dedicated
to a set of algorithms developed for automatic analysis of 2D biological membrane
images acquired in Transmission Electron Microscopy (TEM).

These algorithms are built for images acquired at three levels of magnification
at which target regions should be selected and at which the sample should be
characterized:

1. At low magnification, the grid quality is evaluated (the carbon film covering the
copper mesh grids can be locally broken).
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2. At medium magnification, two goals are achieved: the specimen characteriza-
tion (size, shape, and stacking), and Regions of Interest (ROI) selection (the
largest non-staked membranes represent the potential crystalline regions).

3. Athigh magnification, images of potentially crystalline regions are acquired, and
the study of the diffraction pattern evaluates the success of the crystallization
experiments.

The next section introduces the particular context of our study. Sections 37.3 37.5
present the tools developed at the three different magnifications. For clarity, results are
given within each section.

37.2 Context

Proteins are important to understand as they constitute major drug targets. Protein
structural data can be obtained by several methods. The main method, 3D
crystallization for X-ray crystallography, has led to the determination of several
structures, and benefits from automated tools that help in finding the protocols that
lead to protein 3D crystallization [1, 2]. However, membrane proteins, difficult
to process using the 3D-crystallization technique, seem to be more adapted
to the 2D-crystallization technique, which consists of embedding proteins within
bi-lipidic layers [3].

Many ad hoc tests are required to identify the conditions that, for a given protein,
would give large sheet-like crystallized membranes. The HT-3DEM (high through-
put-three-dimensional electron microscopy [4]) project, in which this work is
included, aims to develop a tool chain to generate and analyze a large amount of
2D-crystallization attempts automatically.

The success of 2D-crystallization experiments is assessed by observing the
samples using a transmission electron microscope [5]. During manual observations,
the microscopist screens the unbroken regions looking for potential crystalline
membranes, and then magnifies the selected targets to check at high resolution if
a diffraction pattern is visible.

Some existing software packages [6, 7] are capable of automatic microscope
control (eucentric height, autofocusing, stage displacement to given targets, image
acquisition, etc.), but the choice of the on-line targets and analysis of the images
still rely on humans.

The algorithms presented intend to emulate the microscopist by selecting inter-
esting targets and by characterizing the specimen.

37.3 Low Magnification Analysis

To assess the grid quality, a new technique based on histogram analysis and local
background analysis has been developed [8]. The principle is to measure the mean
gray-level of the background (the last histogram peak for each square): when it is
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high, the carbon film is broken, and when it is low, the carbon film is not locally
damaged. The objective is to identify a level T corresponding to the threshold
separating the two types of background.

Four classes of grid squares, represented in Fig. 37.1 (left), can be distinguished.
Classes A and B correspond to a good quality grid. The goal is to select grid squares
of these two classes with a minimum of false positives. For class A, membranes are
visible: the convex area of the background covers the whole grid square and
contains holes corresponding to large and contrasted membranes. Class C repre-
sents grid squares where the carbon film is locally broken: the background covers
only a small portion of the grid square. However, based on the background seg-
mentation, we cannot differentiate grid squares of class B (membrane not visible)
from those of class D (no carbon film at all).

The proposed classification is therefore composed of two steps. First, orifices
from classes A and C are identified and used to extract the background gray-level
statistics: the mean gray-levels and standard deviations of the background when the
carbon film is present (noted ﬁgood) and when the carbon film is absent (noted
GLjroken)- Second, threshold Ty, used to separate grid squares of class B from those
of class D, is calculated from these statistics using

_ ﬁgood + ﬁbroken

T
) 2

(37.1)

Examples of grid square selections are given in Fig. 37.1 (right). The objective is
to select convenient grid squares for further analysis at medium magnification. Each
grid possesses more than 100 grid squares, but only a few (around ten generally)
need to be explored, the sample being homogeneous over the grid. It is more
important to avoid false positives rather than trying to avoid false negatives, since
exploring damaged grid squares imply a loss of time. In this optic, our algorithm
performs very well since less than 1% of the classified squares are wrongly selected
as interesting targets.

Fig. 37.1 On the left, four different classes of grid squares (raw 1: gray level images; raw 2:
binary image after background segmentation); on the right, examples of grid square selections
(surrounded by white rectangle boxes). Field of view: 360 x 360 pm
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37.4 Medium Magnification Analysis

37.4.1 Membrane Characterization

Several algorithms are integrated and combined to realize the different steps
leading to membrane characterization: image segmentation using a split-and-
merge-like approach, background/foreground labeling, and, finally, characteriza-
tion of the stacking level.

The characterization requires the contours of the membranes to be fully identi-
fied. A multi-scale edge detection algorithm has been developed [9] to split the
image into regions delimiting membranes: edges are first extracted at different
scales and then combined into a single image called the reconstructed gradient-like
(RGL) image, which leads to a compromise between the edge detection and the
precision of the edge positioning. The partition (Fig. 37.2(ii)) is obtained after
applying the watershed algorithm [10] on the RGL image.

The tests done on images of different samples acquired in various conditions of
illumination and focusing showed that the membranes are well delimited, even when
the contrast is low. An algorithm based on statistical transition validation has been
developed to validate the partition and reduce the induced over-segmentation [11].
The technique explores the profile transition between two objects of the partition
and validates this transition if there is a gradient orthogonal to the contour that is
statistically significant. Transitions below the threshold, defined using statistical
hypotheses, are then iteratively removed using region merging (Fig. 37.2(iii)).

Following this split-and-merge segmentation, a first global semantic labeling
aims to differentiate the background from the foreground regions. Figure 37.3(i)
shows the background (in black) extraction applied on Fig. 37.2. Corrected partition
facilitates this task based on the analysis of the size and mean gray-level of the
regions [11]: we suppose that the background is represented by a single region,

(i (iii)

Fig. 37.2 Segmentation tools: (i) initial image; (ii) partitioned image after splitting; (iii)
partitioned image after merging spurious transitions
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(ii) (iii)

Fig. 37.3 (i) Foreground background identification. (ii) Multi stack representation: foreground
from white to gray according to the stacking (from non stacked to multi stacked membranes).
(iii) ROI selection: example of selections using the PED process (white stars) and using the
membrane characterization (white crosses in their centers and their contours are highlighted in
black) based on the size and the gray level (the three largest non stacked membrane regions)

called the principal background region, associated to the biggest and brightest
region. This region will be used as a reference by the stacking-level algorithm,
presented below, which will then be able to identify secondary background regions
for a total background extraction.

The semantic labeling was tested on various TEM images that differ by their
aspect and attributes (type of microscope, acquisition conditions, sample natures
etc.). The background region is well extracted in 88% of the TEM images.

Once these first steps are realized, characterization algorithms can be applied.
This method aims to identify the stacking level. The method relies on the iterative
measure of the local contrast between membrane regions and the nearest back-
ground area [12]. At each iteration, a gray-level quantity specific of a non-stacked
membrane is defined and used to identify the stacking level of the regions.
Figure 37.3(ii) illustrates typical results which, as can be seen by comparing with
the initial gray-level images in Fig. 37.2(i), constitute a very good stacking repre-
sentation. This classification allows now to extract the background in more images
(up to 95% of TEM images) by detecting secondary background regions.

37.4.2 ROI Selection

Two algorithms are proposed to select ROI to be observed at high magnification for
crystalline assessment.

The first solution, called partial edge detection (PED), avoids the necessity of an
advanced characterization of the images by identifying some edges corresponding
to potential low contrasted non-stacked membranes [8].

The second solution, more complete but more time consuming, is based on the
algorithms presented in the previous section. It permits a more precise targeting,
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based on the stacking level (non-stacked membranes are preferred), the size (the
largest membranes), and/or the shape of the membrane regions. Figure 37.3(iii)
shows ROI selected with the two approaches.

37.5 High Magnification Analysis

The algorithm used here aims to identify spots in the diffraction pattern of the
acquired images [8].

Spot identification is made difficult by the ring-shaped noise due to the contrast
transfer function (CTF) of the microscope. To tackle this problem, a three-step
method is used: (1) the background generated by the CTF is evaluated using a mean
radial profile; (2) this evaluation is used to correct the initial FFT image; and (3) the
resulting image is segmented so that spots with signal to noise ratio above 3.5 are
segmented (corresponding to a quality index of at least 2 according to the measure
proposed by [13]). Figure 37.4 illustrates this method on an example. The algo-
rithms perform efficiently, leading to about 97% of good classification (tests done
on 236 diffraction patterns).

37.6 Discussion

We have presented a set of image processing algorithms developed for the auto-
matic analysis of images of 2D-crystallization experiment samples. The algorithms
run repetitive tasks for region selection and sample characterization in a fully
automatic manner. The algorithms have been validated using hundreds of images
acquired on different microscopes under usual conditions. Combined with a micro-
scope control software package, the tools aimed at region targeting are applicable
on-line. Interfaced with the Tecnai 12 (FEI Company) at the Biozentrum, Basel,
some of these tools have already been successfully tested for automatic image
acquisition of 2D crystals.
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Fig. 37.4 From left to right: Image of a crystalline sheet membrane (scale bar 100 nm); Fourier
Transform of the image and the radius Rrc; Mean radial profile; diffraction spots identified after
the background subtraction and the thresholding steps
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Thanks to the general approach upon which the ROI selection is based, the

targeting algorithms could be used or easily adapted and parameterized for the
automatic image acquisition of other types of specimens.
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Chapter 38

High Performance Computing Approaches
for 3D Reconstruction of Complex Biological
Specimens

M. Laura da Silva, Javier Roca-Piera, and José-Jesis Fernandez

Abstract Knowledge of the structure of specimens is crucial to determine the role
that they play in cellular and molecular biology. To yield the three-dimensional
(3D) reconstruction by means of tomographic reconstruction algorithms, we need
the use of large projection images and high processing time. Therefore, we propose
the use of the high performance computing (HPC) to cope with the huge computa-
tional demands of this problem. We have implemented a HPC strategy where the
distribution of tasks follows the master slave paradigm. The master processor
distributes a slab of slices, a piece of the final 3D structure to reconstruct, among
the slave processors and receives reconstructed slices of the volume. We have
evaluated the performance of our HPC approach using different sizes of the slab.
We have observed that it is possible to find out an optimal size of the slab for the
number of processor used that minimize communications time while maintaining a
reasonable grain of parallelism to be exploited by the set of processors.

Keywords 3D reconstruction - Parallel computing - Master-slave paradigm

38.1 Introduction

Electron microscopy together with sophisticated image processing and 3D recon-
struction techniques yield quantitative structural information about the spatial
structure of biological specimens [1]. The studies of complex biological specimens
at subcellular levels have been possible thanks to electron tomography (ET) [2],
image processing, and 3D reconstruction techniques.

ET combines electron microscopy and the principles of tomographic imaging
to elucidate the 3D structure of the specimen at molecular resolution [3, 4].
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Tomographic reconstruction allows 3D structure determination from a series of
electron microscope images. These projection images are acquired at different
orientations, by tilting the specimen around one or more axes. The 3D structure is
reconstructed by means of the well-known reconstruction method in ET called
weighted back projection (WBP).

Parallel computing has been widely investigated for many years as a means
to provide high-performance computational facilities for large-scale and grand-
challenge applications. In ET, the reconstruction files are usually large and, as a
consequence, the processing time needed is considerable. Parallelization strategies
with data decomposition provide solutions to this kind of problem [4 7].

The master slave paradigm has been extensively used in the high performance
computing (HPC) field, mainly due to its simplicity and to its ability to balance the
workload. This paradigm uses a master processor that distributes the jobs and
receives the results, while the slave processors only do the processing. In our
case, the tasks consist in the reconstruction of a slab of slices, that is, a piece of
the final 3D structure.

The aim of this chapter is to evaluate and to find an optimal size of the slab for
the number of processors to achieve the scalability of the parallel reconstruction
implementation and lower communications time.

38.2 Three-Dimensional Reconstruction of Biological
Specimens

In the course of the structure reconstruction of biological specimens by ET, there
are two fundamental steps: the acquisition of projection images and the 3D recon-
struction [8]. In the first step, the projection images from a single individual
specimen are acquired by following the so-called single-axis geometry as shown

a b
of Projection
direction

- b
= M N\
. B /+\ 8
Projectionimage E m H

Fig. 38.1 (a) Acquisition of a 2D projection image while the object is tilted around an axis. (b) 3D
reconstruction from projections using the WBP method
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in Fig. 38.1a. In the microscope, the specimen is tilted over a limited range,
typically from —70° to 470°, at small tilt increments (1° 2°). An image of the
same object area is then recorded at each tilt angle via, usually, CCD cameras.
Those images represent projections of the specimen.

The second step, 3D reconstruction, is intended to derive the structure of the
specimen from the set of projection images. The most common reconstruction
method in ET is WBP. Under the assumption that projection images represent the
amount of mass density encountered by imaging rays, this method simply distri-
butes the known specimen mass present in projection images evenly over the
reconstruction volume. When this process is repeated for a series of projection
images recorded at different tilt angles, backprojection rays from the different
images intersect and reinforce each other at the points where mass is found in the
original structure (see Fig. 38.1b).

The choice of the set of basis functions to represent the object to be reconstructed
influences the result of the algorithm. We have used the well-known voxel (volume
element) as basis function. The voxels are capable of modeling the structure by non-
overlapping density cubes.

38.3 Parallel Computing in Electron Tomography

Cluster computing turns out to be a cost-effective vehicle for supercomputing,
based on the usage of commodity hardware and standard software components.
The availability of application programming interfaces (APIs) such as message-
passing interface (MPI) allows programmers to implement parallel applications
regardless of the computing platforms.

The use of voxels allows decomposition of the global 3D problem into multi-
ple, independent problems of 2D reconstruction of slices orthogonal to the tilt axis
(Figs. 38.1b and 38.2a). This decomposition is relatively straightforward to
implement on parallel computers [7] as the reconstruction of the one-voxel-
thick slices orthogonal to the tilt axis (or subsets of slices, known as slabs) can
be assigned to an individual node on the parallel computer (Fig. 38.2b). This
computational model applied for parallel computing is called single-program
multiple data (SPMD).

We have implemented a SPMD strategy based on the commonly used master slave
model. In ET, this model has been previously used where the tasks consisted in the
reconstruction of individual slices [2]. Instead, in our approach the tasks to be
distributed consist in the reconstruction of a slab of slices. In the following, NS
denotes the number of slices in a slab. Note that the set of 1D projections needed to
reconstruct a 2D slice is usually called sinogram.

In the implemented algorithm, the master node receives the message “READY”
from the idle slaves (Fig. 38.3(1)) and then sends a slab of sinograms to them
(Fig. 38.3(2)). Each slave receives this slab of sinograms and executes the same
program to reconstruct its different data subdomain (see Fig. 38.3(3)), that is, its
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Fig. 38.2 (a) Decomposition of the 3D object into multiple, independent slices orthogonal to the
tilt axis (see Fig. 38.1a). (b) Decomposition of the global 3D problem into multiple, independent
reconstruction problems of slabs (i.e., subsets) of slices that are assigned to different nodes in the

parallel computer. Each column represents a 2D slice orthogonal to the tilt axis of the volume to be
reconstructed
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Fig. 38.3 Working diagrams for the parallel reconstruction algorithm

slab of NS sinograms. In the next step, we can see in Fig. 38.3(4) that the slave
builds the reconstructed slab with the NS reconstructed slices and sends this slab to

the master. This procedure is repeated while there are tasks to send and the slaves
are idle.
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38.4 Results

In order to quantify the influence of the slab size, we measured the times dedicated
to the different stages of our parallel reconstruction algorithm, as shown in
Figs. 38.4a, b. Datasets based on a synthetic mitochondrion phantom [5] were
used and consisted of 180 projection images taken at a tilt range [—90°, +89°] at
interval of 1°.

The dataset referred to as 128 had 128 sinograms of 180 1D projections of
128 x 128 pixels to yield a reconstruction of 128 x 128 x 128 voxels, and so
forth. The values of the slab size were set up according to the size of the datasets
(ND € {128, 256, 512}) and the number of processors (NP € {1, 2,...,32}) used,
according to TSlab = 2" with N = 0,..., logo,(ND/NP). Each experiment was
evaluated five times and the average times for processing and communications
were computed.
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Fig. 38.4 (a) Processing times (seconds) for the parallel strategy and the dataset of 128, 256, and
512 sinograms, respectively. NS* denotes the slab size and *PROC denotes the number of
processors. (b) Communication times (seconds) for the parallel strategy and the dataset of 128,
256, and 512 sinograms, respectively. NS* denotes the slab size and *PROC denotes the number
of processors
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Fig. 38.5 Speedup for the 128 Sinog. - Speedup
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38.4.1 Analysis of the Processing and Communications Time

Figure 38.4a clearly shows that the processing time is scaled by the number of
processors, thereby using more processors following a SPMD model, which implies
a lower processing time. On the other hand, the processing time is an absolute time,
that is, it is independent of the slab size. So, in principle, the processing time should
remain constant for a given number of processors. However, we can observe in
Fig. 38.4a that the processing time varies with the slab size. That may come from
the additional tasks carried out to handle the data structures associated to the slabs,
particularly the allocation of memory for the slabs of the reconstructed slices.

The communication time is a considerable part of the total time according to the
number of processors. It comes from the fact that there is more communications
master slave when the number of processors is higher.
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The influence of slab and the processors number is remarkable in the commu-
nications. We can observe in Fig. 38.4b for all slab sizes that the larger the slab is,
the lower the communications time. This is because the larger the slab, the number
of slabs to be processed are less. However, we can also see that there is an inflection
point from the slab size 8 approximately, where the values of the communication
times keep constant for slab size of 256 and 512. This may come from the fact that
the master slave communications are harder, because more data have to be trans-
ferred and all slaves need to communicate with the master, which causes a possible
delayed communication time and turns the access to the network into a bottleneck.

38.4.2 Speedup

The performance of the parallel approaches is commonly evaluated in terms of the
speedup, which is defined as S = T,/T,,, where T; is the execution time of the
sequential algorithm in a single cluster’s processor and T, is the execution time
(processing + communication time) of the parallel algorithm with p processors.

Figure 38.5 clearly shows that the increase in the number of processors produces
an increasing curve for all data sizes. On the other hand, the influence of the slab
size only affects significantly for the data sizes of 128 and 256, where the increase
of the slab size improves speedup. However, for the data size of 512, the variation
of the slab size keeps the speedup roughly constant.

38.5 Conclusions

In this work, we have analyzed the application of parallel strategies for 3D
reconstruction in electron tomography of complex biological specimens, with a
special emphasis on the computational perspective. We have applied HPC techni-
ques so as to face the high computational demands and take advantage of parallel
systems. We have evaluated their performance in a cluster of workstations using
datasets with different problem sizes and the standard tomographic reconstruction
method.

The results that we have obtained clearly show that the combination of HPC and
a changeable slab size yields solutions in reasonable computation times. The use of
voxels has the main benefit of the data independence, which makes easier the parallel
approach based on domain decomposition, the SPMD model, and master slave
paradigm. The SPMD model provides scalability in the parallel algorithm and the
master slave paradigm helps to make a balanced distribution of the tasks among
the slave nodes.
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Chapter 39
Protein Identification Using Receptor Arrays
and Mass Spectrometry

Timothy R. Langlois, Richard W. Vachet, and Ramgopal R. Mettu

Abstract Mass spectrometry is one of the main tools for protein identification in
complex mixtures. When the sequence of the protein is known, we can check to see
if the known mass distribution of peptides for a given protein is present in the recorded
mass distribution of the mixture being analyzed. Unfortunately, this general approach
suffers from high false-positive rates, since in a complex mixture, the likelihood that
we will observe any particular mass distribution is high, whether or not the protein
of interest is in the mixture. In this paper, we propose a scoring methodology
and algorithm for protein identification that make use of a new experimental tech-
nique, which we call receptor arrays, for separating a mixture based on another
differentiating property of peptides called isoelectric point (pI). We perform extensive
simulation experiments on several genomes and show that additional information
about peptides can achieve an average 30% reduction in false-positive rates over
existing methods, while achieving very high true-positive identification rates.

Keywords Receptor - Array - Mass - Spectrometry - Protein - Identification -
Isoelectric - Point

39.1 Introduction

Identifying proteins in complex mixtures is important for a wide variety of proteo-
mics applications. Currently, two general types of methods based on mass spec-
trometry (MS) are used to identify proteins: tandem mass spectrometry and peptide
mass fingerprinting. Tandem mass spectrometry requires specialized equipment
and relies on the production of large datasets. In contrast, protein identification by
mass fingerprinting typically involves separation of a complex mixture of proteins,
proteolytic digestion of an isolated protein(s) of interest, mass analysis of the
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resulting peptide fragments, and database searching. This method is relatively
straightforward and uses readily available and more easy-to-use instrumentation
(i.e., MALDI-TOF). In addition, because liquid separation techniques (e.g., HPLC)
are typically not needed prior to MALDI-TOF analyses, but are required in
sequence tagging approaches, method development is more straightforward with
the peptide mass fingerprinting approach. The challenge of mass fingerprinting
approaches, however, is to overcome a relatively high false-positive rate, along
with low success rates when searching large databases.

Recently, researchers have explored the use of other physical and chemical
information from peptides to improve protein identification in mass fingerprinting
approaches [1, 12]. One new approach uses self-assembling polymers to fractionate
simultaneously protein digest mixtures and provide search-constraining physical
and chemical information so that protein identification by mass fingerprinting can
be achieved without resorting to time-consuming gel-based separations [3, 8]. We
call this new experimental technique a receptor array since it is similar in spirit to
microarray experiments, in which mRNA is hybridized according to sequence.
Analogously, the technique we study in this paper (see Sect. 39.3) is able to separate
peptides in a mixture with chosen isoelectric point values.

In this paper, we propose a scoring function and method for protein identification
for a generalized version of peptide mass fingerprinting using isoelectric point
separation. We argue that this approach can achieve a significant reduction in
false-positive rates while also achieving very high accuracy, thus eliminating the
traditional disadvantage of mass fingerprinting approaches, while preserving the
simplicity of the experimental setup. We perform extensive simulation on four
different genomes, studying the effectiveness of our algorithm for protein identifi-
cation in mixtures which contain up to half the genome. At the high level, incor-
poration of additional peptide properties such as isoelectric point shows
considerable promise for making protein identification in complex mixtures a
reality. For mixtures of over 1,000 proteins, our approach achieves accuracies of
over 90%, which is about 25% better than using mass only. Furthermore, our
approach yields false-positive rates under 10%, while the mass-only approach
yields about a 30% false-positive rate.

39.2 Related Work

While de novo methods for protein identification exist [11] (i.e. in which the primary
sequence of the protein of interest is not known), we limit our discussion here to
database methods, since these are most directly comparable with the work described
in this paper. Given an experimental spectrum, database methods use a scoring
algorithm to rank proteins from the database. The particular scoring algorithm varies
across different methods, but at a high level, the score generally represents the
likelihood that any particular protein (or set of proteins) from the database is contained
in the sample from which the spectrum was obtained [11]. There are many algorithms
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based on this general approach, examples include but are not limited to SEQUEST
[15], which utilizes spectral matching, or dot-product methods [11] such as TANDEM
[4, 10], OMSSA [7], MASCOT [13], and Comet [9].

While our algorithm is essentially a database approach, it differs from the
methods described above since it is designed to work on mass fingerprinting data
instead of tandem mass spectrometry data. It is known that utilizing isoelectric
point data allows greater separation of the peptides than that with mass alone, which
in effect reduces false-positive peptide, and thus, protein, identification [1, 5].
However, the receptor array approach provides a simpler and more reliable method
for utilizing isoelectric point information (see Sect. 39.3 for a more specific
discussion). The approach of incorporating multiple data sources has been used
previously; for example, Multildent is a program for protein identification that uses
the spectra, pl information, and amino acid composition data to attempt to identify a
protein. However, it is designed to use data obtained from 2D gels that give pl data
for an entire protein rather than for sets of peptides.

39.2.1 Problem Definition

In a typical experiment to analyze a mixture M of proteins using MALDI-MS, we
must first digest the mixture using an enzyme such as trypsin, since typical proteins
are too large to be observed directly using mass spectrometry. Trypsin is a serine
protease that cleaves proteins between Lysine and Arginine residues (except when
either is followed by a Proline)' for MALDI-MS, and a spectrum that shows the
abundance of peptides at particular masses is recorded. Throughout this paper, we
will assume that the resulting spectrum gives an (normalized) abundance of pep-
tides at a particular mass (in parts per million, or ppm?). Given such a spectrum, the
problem of protein identification is to test whether a given protein, or a set of
proteins (i.e., their set of constituent peptides), is actually present in the mixture.
We now introduce some notation that we will use to more formally describe the
problem of protein identification. First, we assume that the mixture M is drawn from a
single organism, or proteome P whose sequences are known in advance. Thus, when a
mixture M of proteins is to be analyzed, it will be digested into a mixture of peptides
with masses in the range [L . .. H]. We will denote the error of the mass spectrometer
by dy,- Then, for our purposes, we will view the spectrum resulting from any mixture
drawn from P as a set of a = % measurements. Each of these measurements
corresponds to a mass range, which we call a bin, where the ith bin is given by

bin(i) = [L + i0m, L+ (i + 1)3)-

"For simplicity, in our experiments we assume that trypsin cleaves ideally, since we use the same
mixture for all experiments; that is, this assumption does not bias the experimental accuracies.
21t is typical to report mass/charge ratio in a spectrum, but we will use “mass” and “mass/charge”
interchangeably in this paper.
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For any set of peptides X, we let ¢*(X,i) € [0,1] denote the abundance of
pepides from X that fall into mass bin i. Note that this simply corresponds to an
idealized version of a mass spectrum of X.

Thus the input to the protein identification problem consists of a database
of possible proteins P, a set of proteins R C P to be identified, a spectrum
(M) = (c(M,1),6(M,2),...,06(M,a)), and a mass error J,,. The output simply
consists of a yes/no answer to whether the set of proteins P to be identified is contained
in the input mixture (i.e., as represented by X (M)). While experimental error (i.e.,
true-positive identification rate) is of some concern in mass spectrometry, as pointed
out in the previous section, the primary issue with traditional mass spectrometry is
mass degeneracy (i.e. false-positive identification rate). As the mass error o, of the
spectrometer grows, the peptides identified by the spectrum simply all fall into the
same mass bin, and thus P is more likely be reported as present in M when it is not.

39.3 Receptor Arrays for Mass Spectrometry

While other properties of peptides have been previously studied, including isoelec-
tric point [1], we make use of a new experimental technique that allows rapid
selection of peptide properties for identification. This separation protocol for
selecting peptides based on their isoelectric point uses a homopolymer that self-
assembles into reverse micelles in apolar solvents [3]. This reverse micelle assem-
bly selectively extracts positively charged peptides from aqueous solution into an
immiscible apolar phase. By sequentially decreasing the pH of the aqueous solu-
tion, peptides can be sequentially extracted according to their isoelectric points (pl).
Consequently, peptides falling in any given range of isoelectric values can be
isolated as well. Subsequent MALDI-MS analysis of each subsequent organic
phase extract provides m/z measurements of the peptides (i.e. in a chosen isoelec-
tric range). We call this method a “receptor array” since it is similar in spirit to
microarray experiments, in which mRNA is hybridized according to sequence.

Using the technique described above, we can select a pl value and only extract
from the given mixture those peptides whose p/ is higher than the chosen pl. More
concretely, for any chosen isoelectric point value p, the mixture M can be viewed as
being split into two sets of peptides: Mp, the set of all peptides with isoelectric point
greater than p, and My, = M — M, the remaining peptides. By performing MALDI-
MS on these mixtures (after separation), instead of on M, we can obtain two spectra,
X(Mp) and X(Mp) (see Fig. 39.1). Using known sequence of the protein to be
identified, and calculated pl values for its peptides, we can “limit” our mixture to
selected peptides. Figure 39.1 illustrates how this approach can reduce the mass
degeneracy at a peak in the original spectrum X(M). Currently, the above experimen-
tal techniques are performed by separating a two-phase solution, and it is currently
possible to separate the mixture by isoelectric point, to an accuracy of 1 p/ unit [2];
we assume in our simulations that we are able to select pl ranges of 1 unit each.
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39.4 Algorithm

In this section, we give an algorithm to incorporate the experimental approach
described in Sect. 39.3 for protein identification using MALDI-MS. First, we
describe the scoring function we use, and then describe how we utilize additional
experimental data to record mass spectra. Then, we describe how we choose the
threshold for our score that, along with the scoring function and recorded spectra, is
used for identification.

As mentioned earlier, we assume that we have proteome P of the organism we
are studying. From this database, we construct a database of the peptides,
D = {p1,...,pu}, of this organism by simulating the digestion of its proteins. For
each peptide in D, we also compute the predicted isoelectric point using the
EMBOSS tool [14] and mass using EXPASY [6]. For simplicity, we will assume
throughout this section that we are asked to identify whether a single protein is in
the given set R. Also, we will fix the mixture M to be analyzed throughout. Recall
that we are also given a mass error dy, along with the mass spectrum Z(M).

39.4.1 Scoring Function

For the given spectrum X(M) and the protein R, we wish to identify, we define the
score of R in the mixture as

_ o(M,k)  o"(Rk)
OR) =2 IS~ o (k)

jer jeR

where k € R and j € R denote {k|o*(R,k)>0} and {j|lo*(R,j)>0}. This scoring
function captures whether the distribution of observed masses in the given spectrum
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matches that of the protein of interest. This scoring function is very similar to the
approach used in many statistical methods; and indeed the proposed generalization
we are developing can be applied in it as well.

We note that in a situation where R and M have identical sets of peptides, the
resulting score is 0, and that when R and M have no peptide masses in common, the
score is 2. Thus all scores will be between 0 and 2, and the likelihood of R being in
the mixture will depend on how close ®(R) is to 0.

39.4.2 Incorporating Isoelectric Point Selectivity

Typically, dy, is large enough that there can be a large number of distinct peptides in
each bin. This complicates identification since we do not know which peptides
account for each o (M, j). To assist identification methods, we can reduce the size of
a(M,i),i = 1,...,a through the use of isoelectric point (p/) separation. We first
describe how the scoring function can be applied straightforwardly when we
consider different isoelectric point ranges. Suppose that we chose & pl point ranges,
di ...dr. Then M would be split into k& + 1 mixtures My, ..., M; + 1 such that

M; = {p. € M|d; < pl(p,)<dj1}

The same scoring function also applies, except that now we can apply it to only a
subset of the original mixture. Define M’ as

M’:UMj
7

for all j, where a peptide in isoelectric point range j from R contributes to the score.
More precisely, the new scoring function would be

S oM'.k)  o"(Rk)
OB =2 S~ oir.) S0 (R

JER JER

where k € R and j € R are as before.

Note that, for any set of proteins R and mixture M, @(R)>®(R). This observa-
tion follows from the fact that if we do not split the mixture at all, we would have
that ©(R) = O(R). The only source of error in this inequality is the error due to the
receptor array not selecting isoelectric point ranges accurately; however, it has been
shown that this is possible with a high enough degree of accuracy, up to 1 isoelectric
point unit [2].

Ideally we would only choose those M; such that ¢(R, M;)>0. To increase the
accuracy of the identification, we would choose enough M; to include all peptides
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in R, while at the same time making each M; as small as possible to reduce the
number of possible proteins. In our algorithm, we simply take the peptides present
in R and organize them according to isoelectric point ranges (of size 1) and save any
range that contains peptides. We then score R according to the resulting spectra.

Now that we have established a method of scoring any particular set R of
proteins to be identified from a mixture M, we must also define how to determine
whether R is indeed in M or not. To determine the threshold, we first create a
reference mixture M™* by taking half of P at random. Then, for each possible score
(between 0 and 2, in 0.01 increments), we calculate false-positive, false-negative,
true-positive and true-negative rates based on identifying every protein in P. Then,
we choose the threshold that jointly maximizes true-positive rate and minimizes
false-positive rate.

39.5 Experiments

To test the utility of our scoring scheme and algorithm for identification, we have
performed a series of simulation experiments for four genomes, P. islandicum,
P. aerophilum, E. coli, and S. cervisiae. For each proteome, we took the proteins
listed by expasy.org as the set of proteins P. We note that we do not consider post-
translational modifications in our experiments, since expasy.org does not include
these as part of the genomes we considered. For each genome, we first choose at
random a mixture consisting of half the genome, and then choose at random a set of
30 proteins in the mixture and not in the mixture. To construct the digested mixture,
we simulated cleavage by trypsin and computed the isoelectric point using [14] and
the mass of the resulting peptides using [6]. Then, we use our identification method
for 100 trials using mass only, and mass and p/. When using p/ for identification, we
take the peptides in the set of proteins to be identified and use the isoelectric ranges
that are present in those proteins. For each mixture we calculate the masses of the
peptides using a standard table, but the size of the bins in the resulting spectrum is
varied according to a chosen mass error. We chose to test our algorithm on four
proteomes, P. aerophilum, P. islandicum, E. coli (K12 strain), and S. cervisiae.
P. aerophilum and P. islandicum are hyperthermophiles that have medium-sized
proteomes of 2,600 and 2,000 proteins, respectively, while E. coli and S. cervisiae
have much larger proteomes, with 4,000 and 6,700 proteins, respectively.

The results of our algorithm for mixtures from these four proteomes are given in
Figs. 39.2 and 39.3. For each proteome, we report average scores for each trial, as
described in Sect. 39.4, for sets of proteins in the mixture and not in the mixture,
given a particular mass error. A typical mass error for MALDI-MS is 50 ppm; the
average accuracies and false-positive rates given below assume this mass error. The
goal of our identification method is of course to determine whether the set to be
identified is in the mixture or not. Thus, as we see in Figs. 39.2 and 39.3, the gap in
average score indicates in some sense the amount of information provided by mass
and isoelectric point. In all cases, the use of receptor arrays provides a significantly
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Fig. 39.2 Results for P. aerophilum and P. islandicum. (a) The average score distribution for
protein identification with varying mass error, for mixtures of about 1,300 proteins. (b) The
average score distribution for protein identification with varying mass error, for mixtures of
about 1,000 proteins
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Fig. 39.3 Results for E. coli and S. cervisiae. (a) The average score distribution for protein
identification with varying mass error, for mixtures of about 2,000 proteins. (b) The average score
distribution for protein identification with varying mass error, for mixtures of about 3,300 proteins

larger separation in score between proteins in the mixture and proteins not in the
mixture, making identification more robust.

For P. aerophilum, the average size of a mixture was 1,300 proteins. Using mass
only, our identification method achieves an accuracy of 63% and a false-positive
rate of 37%. In contrast, we were able to achieve an accuracy of 90% and a false-
positive rate of 11% using isoelectric point separation. For P. islandicum, the
average size of a mixture was 1,000 proteins. Using mass only, our identification
method achieves an accuracy of 65% and a false-positive rate of 34%. With
isoelectric point separation, we can achieve an accuracy of 91% and a false-positive
rate of 8.2%.

For E. coli and S. cervisiae, the size of the mixture was considerably larger than
that of the other two proteomes we tested, with an average mixture having 2,000
proteins and 3,300 proteins, respectively. For E. coli, using mass only yields an
accuracy of 59% and a false-positive rate of 40%, while the addition of isoelectric
point information gives an accuracy of 84% and a false-positive rate of 16%. For
S. cervisiae, using mass only yields an accuracy of 49% and a false-positive rate of
51%, while the addition of isoelectric point information gives an accuracy of 83%
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and a false-positive rate of 17%. In Figs. 39.2 and 39.3, we see that the addition of
isoelectric point information alone yields a much more separable scoring trend than
that for mass alone. This shows that our experimental approach does not require a
particularly sensitive mass spectrometer; whereas with mass alone, identification in
complex mixtures may not be possible due to the mass error of the spectrometer.

Acknowledgment S. Thayumanavan in the Department of Chemistry at UMass Ambherst for
useful ideas and discussions.
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Chapter 40

Assessing Consistency Between Versions
of Genotype-Calling Algorithm Birdseed
for the Genome-Wide Human SNP Array
6.0 Using HapMap Samples

Huixiao Hong, Lei Xu, and Weida Tong

Abstract Highly accurate and reproducible genotype calling is a key to success of
genome-wide association studies (GWAS) since errors introduced by calling algo-
rithms can lead to inflation of false associations between genotype and phenotype.
The Affymetrix Genome-Wide Human SNP Array 6.0 is widely utilized and was
used in the current GWAS. Birdseed, a genotype-calling algorithm for this chip, is
available in two versions. It is important to know the reproducibility between the
two versions. We assessed the inconsistency in genotypes called by the two
versions of Birdseed and examined the propagation of the genotype inconsistency
to the downstream association analysis by using the 270 HapMap samples. Our
results revealed that genotypes called from version-1 and version-2 of Birdseed
were slightly different and the inconsistency in genotypes propagated to the down-
stream association analysis.

Keywords Algorithm - Association - Genotype calling - HapMap - Reproducibility

40.1 Introduction

Genome-wide association studies (GWAS) aim to identify genetic variants, usually
single nucleotide polymorphisms (SNPs), across the entire human genome that are
associated with phenotypic traits, such as disease status and drug response.
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A statistically significant difference in allele frequencies of a genetic marker
between cases and controls implies that the corresponding region of the human
genome contains functional DNA sequence variants that make contributions to the
phenotypic traits of interest. Recently, GWAS has been applied to identify common
genetic variants associated with a variety of phenotypes [1 8]. These findings are
valuable for scientists to elucidate the allelic architecture of complex traits in
general. However, replication of GWAS showed that only a small portion of
association SNPs in the initial GWAS results can be replicated in the same
populations. Obviously, there are potentially false positive associations found
(Type I errors) and true positive associations missed (Type II errors) in GWAS
results, limiting the potential for early application to personalized medicine.

The complexity of GWAS analysis leads to the potential for introducing errors
and biases which, in turn, have the potential to generate Type I and II errors. The
sources that cause the Type I and II errors are quite diverse and include small
sample sizes, a bias in selection of cases and controls and a population stratification.
In addition, genotype calling is a potential source to cause these errors. Highly
accurate and reproducible genotype-calling results are paramount since errors can
lead to inflation of false associations between genotypes and phenotypes.

The Affymetrix Genome-Wide Human SNP Array 6.0 was used in the current
GWAS [1 8]. Birdseed [9] was developed to call genotypes from the raw data.
Birdseed is a model-based clustering algorithm that converts continuous intensity
data to discrete genotype data. Currently, there are two different versions of Bird-
seed. Version-1 fits a Gaussian mixture model into a two-dimensional space using
SNP-specific models as starting points to start the Expectation Maximization (EM)
algorithm, while version-2 uses SNP-specific models in a pseudo-Bayesian fashion,
limiting the possibility of arriving at a genotype clustering that is very different to the
supplied models. Therefore, inconsistent genotypes may be called from the same
raw intensity data using different versions of the algorithm, especially when inten-
sity data do not fit the SNP-specific model perfectly. The inconsistency in genotypes
caused by different versions of Birdseed has the potential to cause Type I and II
errors. Thorough evaluation of inconsistencies between different versions of Bird-
seed and their effect on significantly associated SNPs has not yet been reported.

In this chapter, we analyzed the differences in genotypes called by different
versions of Birdseed using the data of the 270 HapMap samples. We further
assessed whether and how the variations in genotypes propagate to the significant
SNPs identified in the downstream association analysis.

40.2 Materials and Methods

Raw intensity data (CEL files) were obtained from Affymetrix (3 DVDs with the
compressed data were sent to us by Affymetrix). The CEL file format can be found
on Affymetrix’s developer pages. Three population groups composed the dataset
and each group contained 90 samples: CEU had 90 samples from Utah residents
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with ancestry from northern and western Europe (termed as European in this
chapter); CHB+JPT had 45 samples from Han Chinese in Beijing, China, and 45
samples from Japanese in Tokyo, Japan (termed as Asian in this chapter); and YRI
had 90 samples from Yoruba in Ibadan, Nigeria (termed as African in this chapter).
The quality of the raw intensity data of the 270 HapMap samples was assessed
using the program apt-geno-qc in the Affymetrix Power Tools (ATP) (version
1.10.0) software distributed by Affymetrix.

Genotype calling by Birdseed (both version-1 and version-2) was conducted
using apt-probeset-genotype of APT. For the studies reported here, all the para-
meters were set to the default values recommended by Affymetrix. The chip
description file (cdf) and the annotation file were downloaded from the Affymetrix
Web site. The training set necessary for the use of Birdseed was also downloaded
from the Affymetrix library.

The genotype calls from version-1 and version-2 of Birdseed were compared
using a set of in-house programs written in C++. Overall call rates for each of the
genotype-calling results, call rates for individual samples and SNPs in each of the
experiments, and concordant calls were calculated and exported as tab-delimited
text files using the in-house programs.

In order to study the propagation of genotype discordance to significantly
associated SNPs, all resulting genotype calls were analyzed using y° statistics
tests for associations between the SNPs and the case control setting. Prior to the
association analysis, QC of the calls was conducted to remove markers and samples
of low quality. A call rate threshold of 90% was used to remove uncertain SNPs and
samples. Minor allele frequency was used to filter SNPs and its cut-off was set to
0.01. Departure from Hardy Weinberg equilibrium (HWE) was checked for all
SNPs. The p value for the 3 test for HWE was calculated at first and then the
resulting p values were adjusted for multiple testing using Benjamini and Hoch-
berg’s false discovery rate (FDR). FDR of 0.01 was set as the cut-off. To mimic a
“case control” study in GWAS, each of the three population groups (European,
African, and Asian) was assigned as the “cases” while the other two were consid-
ered as the “controls” for each set of the resulting genotype calls. In association
analysis, a 2 x 2 contingency table (allelic association) and a 2 x 3 contingency
table (genotypic association) were generated for each SNP. Then y~ statistics were
applied to the contingency tables to calculate p values for measuring the statistical
significance for each of the associations. Bonferroni correction was applied to
adjust the resulting p values. Lastly, a criterion of Bonferroni-corrected p value
less than 0.01 was used to identify statistically significant SNPs.

40.3 Results

The genotypes from version-1 and version-2 of Birdseed were compared to measure
the consistency. The overall call rates for version-1 and version-2 were 99.824%
and 99.827%, respectively. The missing call rates per SNP and per sample were
calculated and compared using the one-against-one comparisons of distributions of
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the missing call rates. The scatter-plot in Fig. 40.1a compares the missing call rates
per SNP of version-1 (x-axis) and version-2 (y-axis) of Birdseed. Each of the points
represents one of the SNPs. A larger number of SNPs are not consistent in missing
call rates and some behave very differently between the versions. The Pearson
correlation coefficient was only 0.8493. The scatter-plot in Fig 40.1b depicts the
missing call rates per sample of the version-1 (x-axis) and the version-2 (y-axis).
Some of the 270 samples are not consistent in their missing call rates, but the
differences are much smaller compared with those per SNP. The Pearson correla-
tion coefficient was very high (0.9989).

The p value of paired two sample ¢ test for comparisons of the missing call rates
per SNP was 0.02264, less than 0.05, indicating that the difference is statistically
significant. However, the p value for comparing the missing call rates per sample
was 0.8943, much greater than 0.05, demonstrating that the difference is not
statistically significant.

Three genotypes (homozygote: AA, heterozygote: AB, and variant homozygote:
BB) are possible for a genotype call and one cannot be sure that the genotype calls
of a SNP for a single sample using the version-1 and the version-2 are exactly same
even when both are successfully called. Therefore, we determined the consistency
of successful genotype calls. The overall concordance of successful genotype calls
was calculated. There are a total of 27,827 genotypes (0.0114%) that were success-
fully determined by both versions, but the assigned genotypes were different
between the two versions. We further examined concordances of the successful
calls of three genotypes. It was observed that concordance of the SNPs that were
assigned genotypes to AA and BB was higher than AB, for both version-1 and
version-2. Moreover, discordant genotypes between heterozygote (AB) and homo-
zygote (AA or BB) were larger than those between two homozygous types AA and
BB, for both versions of Birdseed.
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Fig. 40.1 Comparison of missing call rates per SNP (a) and per sample (b) between version 1 and
version 2 of Birdseed
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Asian~other African—other European-other

Fig. 40.2 Comparisons of the associated SNPs from version 1 and version 2. The associated
SNPs identified using allelic association test (a) and genotypic association test (b) were compared
between version 1 (numbers in the solid circles) and version 2 (numbers in the dotted circles)

The objective of a GWAS is to identify the genetic markers associated with a
specific phenotypic trait. It is critical to assess whether and how the inconsistencies
in genotypes propagate to the significant SNPs identified in the downstream associ-
ation analysis. Comparisons of the significantly associated SNPs obtained from one
and two degree of freedom allelic and genotypic association tests between the two
versions are given in Fig. 40.2a, b, respectively. The significant SNPs from version-
1 are given in the solid circles, and the ones from version-2 in the dotted circles. The
“case” “control” designs are given under each Venn diagram. It is clear that, for all
“case” “control” designs and for both allelic and genotypic tests, the inconsisten-
cies in genotypes propagated into the downstream association analyses, resulting in
different lists of associated SNPs.

LR T3

40.4 Discussion

A very small error introduced in genotypes from genotype calling may result in
inflated Type I and II error rates in the downstream association analysis. Reproduc-
ibility and robustness are as important to genotype calling as is the accuracy and
call rate that are usually used to evaluate performance of genotype-calling algo-
rithms. Birdseed was developed and is being used to make genotype calling for the
Affymetrix Genome-Wide Human SNP Array 6.0, the chip used in the current
GWAS studies [1 8]. There are two different versions of the algorithm. Therefore,
it is important for scientists to know whether the variations in genotypes called by
different versions can be a potential source causing Type I and II errors in GWAS
results. Our study demonstrated that the different versions of Birdseed generate
slightly inconsistent genotypes which, in turn, propagate to the downstream



360 H. Hong et al.

association analysis. Therefore, it could be a potential source of Type I and II errors
in GWAS results. However, it was found that the extent of inconsistence in
genotypes and in associated SNPs is much less than what we previously found
for the batch effect of calling algorithm BRLMM [10].

A heterozygous genotype carries a rare allele. Therefore, the robustness of
calling heterozygous genotypes reduces Type I and II errors in GWAS. Our studies
demonstrated that variation in heterozygous genotypes between the two versions
was larger than variation in homozygous genotypes, consistent with our previous
finding [10].

Prior to association tests, QC is needed to ensure that high quality data are used
in the association analysis. In addition to evaluating the consistency of sex-linked
(X-chromosome) SNPs, minor allele frequency, testing on HWE, heterozygosity
checking, the QC process usually includes call rates per SNP and per sample to
discard samples and markers of low quality. Our results showed that the distribu-
tions of missing call rates for SNPs and samples were different for a same dataset
because of the large difference in numbers of samples (270) and SNPs (906,600). In
GWAS, the number of samples is usually much smaller than the number of SNPs.
The call rate per SNP is usually lower than the call rate per sample. Therefore the
same cut-off value for call rate per sample and per marker for QC (as in most
practices) is not the best choice. Our observation suggests that using a lower cut-off
of call rate per SNP compared to per sample may avoid losing some true associated
SNPs in GWAS.
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Chapter 41

An Overview of the BioExtract Server:
A Distributed, Web-Based System
for Genomic Analysis

C.M. Lushbough and V.P. Brendel

Abstract Genome research is becoming increasingly dependent on access to
multiple, distributed data sources, and bioinformatic tools. The importance of
integration across distributed databases and Web services will continue to grow
as the number of requisite resources expands. Use of bioinformatic workflows has
seen considerable growth in recent years as scientific research becomes increas-
ingly dependent on the analysis of large sets of data and the use of distributed
resources. The BioExtract Server (http://bioextract.org) is a Web-based system
designed to aid researchers in the analysis of distributed genomic data by providing
a platform to facilitate the creation of bioinformatic workflows. Scientific work-
flows are created within the system by recording the analytic tasks preformed by
researchers. These steps may include querying multiple data sources, saving query
results as searchable data extracts, and executing local and Web-accessible analytic
tools. The series of recorded tasks can be saved as a computational workflow simply
by providing a name and description.

Keywords Database integration - Genomic analysis - Scientific provenance -
Scientific workflows - Web services

41.1 Introduction

Bioinformatic workflows generally represent automated complex scientific pro-
cesses involving the integration of distributed data sources and analytic tools.
With the exponential growth in data and computational resources, workflows are
becoming increasingly important to the achievement of scientific advances. They
can improve the process of scientific experiments by making computations explicit
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and underscoring data flow [1]. Workflow creation frequently requires specialized
expertise and time-consuming development, but once created workflows can be
useful to many researchers. Furthermore, there is a growing demand for the ability
to collaborate in a geographically distributed environment. Therefore, it is impor-
tant to provide a system that will permit researchers to share distributed resources
through Web-based collaborative groups.

The BioExtract Server is a publicly accessible Web-based distributed service that
gives researchers access to a variety of heterogeneous biomolecular data sources,
analytic tools, and workflows. It offers a central distribution point for uniformly
formatted genomic data from a variety of resources, including Web services, com-
munity databases, and specialized datasets. The basic operations of the BioExtract
Server allow researchers via their Web browsers to: select data sources; flexibly
query the sources with a full range of relational operators; determine download
formats for their resulting extracts; execute analytic tools; create workflows; share
research results; and name and keep query results persistent for reuse. One of the
primary goals of the BioExtract Server is to provide researchers with an accessible,
easy-to-use platform for the development and sharing of bioinformatic workflows.

41.2 BioExtract Server Functionality

41.2.1 Querying the Data Resources

BioExtract Server data queries are performed by first selecting from a list of
available data resources presented on the Query tab of the system (see Fig. 41.1).
The data resources available to researchers are classified as either publicly available
data sources or previously created, private data extracts. The BioExtract Server’s
public data sources represent distributed community databases, curated databases
and data repositories. They are implemented as relational databases, data ware-
houses, and data sources accessed through Web services.

A BioExtract Server data extract is a group of records resulting from the
execution of a query or analytic tool and is privately owned by a researcher. All
functionality in the BioExtract Server that can be applied to data sources may also
be applied to these extracts (e.g., query, export, analyze). By having the ability to
save data extracts, researchers may share and subsequently analyze subsets of data.
Reproducibility and verification of results is one of the primary principles of the
scientific method and being able to store data persistently helps in this effort.

Within the system, queries may be applied to multiple data resources simulta-
neously. The system has a defined global ontology of search terms to which each
data resource maps its local querying capabilities. The results of a query are
displayed on the Extracts tab. This set of data may be filtered, saved, exported
and/or used as input into analytic tools. By saving the results of a query to a data
extract, the researcher is able to subsequently query that dataset or use it as an input
into an analytic tool. In addition, the researcher is able to accurately report the
dataset used in a specific scientific process.
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Fig. 41.1 Data sources. Data sources are available to researchers through the Query tab of the
BioExtract Server. The GUI controls at the bottom of the screen provide an example of a Boolean
query retrieving mouse records from NCBI Core nucleotide database related to myb1* genes

41.2.2 Analyzing Data

Bioinformatic analytic tools are made available to researchers on the Tools tab
of the BioExtract Server. Researchers have the option of executing, adding, or
modifying analytic tools.

41.2.2.1 Executing an Analytic Tool

The BioExtract Server incorporates a set of commonly used analytic tools allowing
data to be processed against a number of algorithms to automatically identify,
correct, and annotate it for many of the most common problems found in sequence
misalignments or putative sequence identifications. Examples of tools included in
the list are BLAST [2], ClustalW [3], and VMatch [4]. Figure 41.2 displays an
example of accessing an analytic tool within the system.

To execute an analytic tool within the BioExtract Server, researchers select a
tool from the list. A GUI is displayed, prompting the user for input and tool
parameter settings. Depending on the analytic tool selected, the input into the tool
may be entered directly, uploaded from a local file, provided by the current data
extract, or may be the output from a previously executed tool. If the researcher
chooses to use the current data extract as input into a tool, by default the system will
convert the result set to a file in FASTA format (Pearson format). If the tool requires
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Fig. 41.2 Analytic tools. The list of available analytic tools is displayed on the Tools tab.
Additional tools may be inserted into this tree by selected them from the list of Web services
accessible through the Add a New Tool functionality or by adding a local tool

that the input be in a different format, the researcher must explicitly select from a
list of available formats. Upon completion of tool execution, the tool’s output may
be viewed, saved locally, and used as input into another analytic tool.

41.2.2.2 Adding an Analytic Tool

Because of the large number of bioinformatics tools, it is important to allow
researchers to have access to those tools that they deem most appropriate for their
specific research. To that end, the BioExtract Server provides the researcher with
the ability to select tools from a large list of Web services as well as integrate tools
residing on their local machine.

Researchers may add a tool to their list of favorite tools by selecting the Add a
New Tool bar located on the Tools tab. Clicking the Save Tool button will cause the
tool to be added to the researcher’s list of favorite tools under the My Tools heading
and become available for execution. Tool attributes may be modified either before
the tool is saved or after through the Customize Your Tools option.

The BioExtract Server provides functionality to allow researchers to add local
tools to the system. Local tools are essentially command line programs that reside
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on a researcher’s workstation. The researcher must supply the location of the tool
on the local machine as well as the command line parameter requirements. The
destination of the output files must also be specified.

41.2.3 Workflows

A workshop sponsored by the National Science Foundation (NSF) dealing with the
challenges of scientific workflows reported that workflows can play a valuable role
in scientific work by providing a formal and declarative representation of complex
scientific processes that can then be managed efficiently through their lifecycle
from assembly to execution and sharing [5].

The NSF workshop report goes on to state that workflows are important because
they can capture complex analysis processes at various levels of abstraction. They
provide the provenance information necessary for scientific reproducibility, result
publication, and result sharing among collaborators [5].

41.2.3.1 Creating a Workflow

BioExtract Server workflows are created specifically to compose and execute a
series of analytic and data management steps within the genomic and proteomic
domains of science. Researchers create a workflow implicitly by working with the
system. Steps such as saving a data extract, executing an analytic tool, and querying
a data resource are saved in the background. At any point, a workflow can be
created simply by entering a name and description through the Create and Import
Workflows node on the Workflow tab.

Workflows within the BioExtract Server are implemented as directed acyclic
graphs (DAGs). Workflow nodes represent processes, and paths signify data flow
dependencies. For example, if the execution of an analytic tool specifies that the
input will be the current data extract (i.e., results of a database query) then that tool
cannot execute until after the query has completed. Another example of a data
dependency is when one tool’s input is drawn from the output of another.

41.2.3.2 Executing a Workflow

A BioExtract Server workflow is executed on the Workflows tab of the system. As a
workflow executes, the state of the nodes changes in order to supply feedback to the
user (see Fig. 41.3). Output from a workflow step can be viewed after the step has
completed execution by clicking on the circle or square located on the graph.
Researchers can interact with the workflow execution by clicking on the pause
icon (Il) in the upper right corner of a step node in the graph. For example, pausing a
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Fig. 41.3 BioExtract Server workflow. Workflows within the BioExtract Server are represented
as Directed Acyclic Graphs (DAGs). As a workflow executes, changes in the state of a processes
are communicated to the user both by change in color and label

step might be useful when a researcher would like to filter the results of a query
before using it as input into an analytic step.

The BioExtract Server workflow reports give details about the workflow includ-
ing analytic tool parameter settings, queries used in searching databases, and input/
output information. The intent of these workflow reports is to keep a record of the
workflow execution and to help others reproduce the work.

41.2.3.3 Modifying a Workflow

One of the primary advantages of creating a workflow is the ability to execute
it numerous times, possibly with different input, parameter settings, and/or queries.
There are three specific types of processes that comprise a BioExtract Server
workflow: executing a query, saving a data extract, and executing an analytic
tool. Query processes are modified by changing the query and/or selected data
resources, whereas saving data extract processes can be altered by modifying the
extract’s name.

The options available for modifying an analytic tool process are partially
dependent on how the tool was originally executed. If the researcher provided the
input into the tool by uploading a file or entering the data into the input text box,
then the input data can later be modified. If the input came from the use of the
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current data extract or a previously executed tool, then the researcher does not have
the option of changing the input.

41.2.3.4 Sharing Workflows

A bioinformatic workflow is a representation of a scientific process and potentially
is of interest to colleagues and other researchers in the scientific community.
Publishing a workflow along with the results of an experiment allows the prove-
nance of results to be understood and reproduced [6]. Having the ability to share
workflows can benefit researchers because they are able to take advantage of the
effort others have put forth in their creation.

The BioExtract Server permits the sharing of scientific workflows in two ways.
Functionality is built into the system that allows researchers to create groups and
invite collaborators to become members. Through these groups, researchers can
share workflows, analytic tools, and data extracts.

Workflows can also be shared with the research community through MYExperi-
ment at http://www.myexperiment.org. “Experiment is a virtual research environ-
ment designed to provide a mechanism for collaboration and sharing workflows.
This was achieved by adopting a social Web approach, which is tailored to the
particular needs of the scientist [7]. The BioExtract Server takes advantage of the
functionality made available at MYExperiment in order to facilitate the publishing
and sharing of BioExtract Server workflows.

41.3 Comparisons with Other Approaches

Many available biological data and analytic tool integration systems offer powerful,
comprehensive, workflow creation functionality. Taverna [8], Kepler [9], Triana
[10], and Trident (http://research.microsoft.com/en-us/collaboration/tools/trident.
aspx) workflow management systems are primarily stand-alone applications requir-
ing installation of client software. Through a “drag-and-drop” User Interface (UI),
these systems allow researchers to develop complex workflows from distributed
and local resources.

BioBike and Galaxy are primarily Web-based workflow management systems.
BioBike (http://nostoc.stanford.edu/Docs/) offers a programming interface that
enables researcher to combine tools, data, and knowledge in complex ways [11].
Galaxy (http://galaxy.psu.edu/) is an open source workflow system developed
at Penn State University. It is an easy-to-use system that allows researchers to
create complex workflows in an intuitive way that can be shared, cloned, and
edited.

The BioExtract Server provides a potentially simpler facility for creating work-
flows than other systems. While researchers work with the system (e.g., perform
queries, save data extracts, and/or apply analytic tools to data extracts) each of their
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steps is automatically recorded. These steps are saved as a workflow when the user
enters a name and description. The BioExtract Server is entirely Web based,
requiring no client software installation and making it available anywhere where
there is an Internet connection. It is the only Web-based system that provides
researchers with the ability to choose from a large list of distributed resources or
integrate their favorite local analytic tool. By having the ability to save searchable
data extracts and view workflow provenance, users are able to accurately reproduce
research results. Researchers are able to pause and resume processes during work-
flow execution permitting them to dynamically filter data input.

41.4 Conclusions and Future Direction

The BioExtract Server is a generalized, flexible, distributed system designed to
consolidate and serve data subsets from accessible, heterogeneous, biomolecular
databases. It offers a central distribution point for uniformly formatted data from
various data sources. Some of the primary strengths of the system include: easy
addition of analytic tools; the option of storing data subsets; the ability to treat
subsets of data as integrated data sources; and the ability to save, execute, export,
import, share, clone, and modify workflows.

The integration of provenance support promises to be a significant advancement
in scientific workflow management systems for the verification, validation, and
replication of scientific experiments [12]. Metadata provenance systems record
such information as how, where, when, why, and by whom the research results
were achieved [13]. The first provenance challenge was initially defined by Simon
Miles and Luc Moreau (University of Southampton) and Mike Wilde and Ian Foster
(University of Chicago/Argonne National Laboratory) in May 2006 and later
became a community effort intended to help researchers understand the expressive-
ness of provenance representation and identify the necessary capabilities of prove-
nance systems [14]. Through this and subsequent efforts, key provenance querying
capabilities were defined.

The BioExtract Server currently offers functionality allowing researchers to
generate workflow documents reporting information such as author, time of execu-
tion, database queries, analytic tools used, input/output values, and parameter
setting. To expand on this module, the Open Provenance Model (OPM) will be
integrated into the system to expand on workflow information. With this model,
provenance objects are represented by annotated DAGs [15]. This will permit
queries such as Find the process that led to sequence AB003498 to be included in
the set of unique sequences or Find all invocations of process blastn using a word
size of 11. Using the OPM will also promote inter-operability with other systems
allowing for the exchange of provenance information.

Acknowledgments The BioExtract Server project is currently supported in part by the National
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Chapter 42
A Deterministic DNA Database Search

A. Kheniche, A. Salhi, A. Harrison, and J.M. Dowden

Abstract This paper suggests a novel way for measuring the similarity between
sequences of symbols from alphabets of small cardinality such as DNA and
RNA sequences. The approach relies on finding one-to-one mappings between
these sequences and a subset of the real numbers. Gaps in nonidentical sequences
are easily detected. Computational illustrations on DNA sequences and a compari-
son with BLAST are included.

Keywords DNA - RNA - Similarity - Mapping - BLAST

42.1 Introduction

Demand for powerful tools to compare DNA, RNA, or protein sequences [1, 2] is
increasing in step with the increase in the amount of genetic data gathered. A
number of tools have been and are being developed in order to meet this demand;
BLAST [3] is perhaps one of the most prominent. Although it has been proved to be
both robust and efficient, there is room for improvement for the simple reason that
larger and larger datasets have to be processed. Also, because it relies on stochastic
search, the parameters of which have to be preset arbitrarily, there is no guarantee
that it will detect what it is searching for even when the latter is present. Here, a
deterministic algorithm to tackle the problem is presented. We believe that it has
advantage over BLAST of being deterministic, and also that of not requiring
parameter settings except for the rate of similarity the user is interested in to cut
out unnecessary searches. An implementation of the suggested algorithm is com-
pared to BLAST on DNA sequences.
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42.2 The Problem

It can be stated as follows. Given two sequences of alphanumeric symbols, how
similar are they? It can be made more complex by requiring, for instance, that the
comparison result flags out the places where there is no similarity. This is a standard
problem in textual database management and operation; looking for a record in a
textual database is indeed equivalent to the problem considered here. For simplicity
of exposition, we will consider DNA sequences, i.e., sequences made up with the
base symbols A, C, G, and T. In particular, we will be concerned with the following
questions.

1. Given a DNA sequence ¢ of length » and a reference sequence r of length
m, m > n, does ¢ occur in r?

2. If the answer to question 1 is “no”, how much of sequence ¢ can be found
in any subsequence of r of length n and what are the positions of their similar
symbols?

42.3 Solution Method

The answer to question 1 can be found if ¢ could be turned into a real number as
well as all subsequences of r of length n; equal numbers indicate similar sequences.
Although the answer to question 2 is less straightforward, it is motivated by this
same idea. How can this be achieved?

First, assign to each of the four bases a different digit from 0 to 9, asin A = 1,
C=2,G =23, and T = 4, for example. Then, find an injective function f with
good properties (to be stated explicitly later) that associates with any n-long DNA
sequence s a unique real number f{(s). In this way the query sequence is, therefore,
represented by a real number f{(g), and the reference sequence is assigned a vector
of m — n + 1 real numbers, each being the value of the function f for the
subsequence r; of r that lies between the ith and the (i + n — 1)th base of the
reference sequence. Having computed f(¢g) and f(r;), where i = 1, ... ,m — n + 1,
similarity or otherwise between ¢ and r; can be detected by computing the differ-
ence If(r;}) — f(g)| for all i; In other words, by computing the vector V = (If(r;) — f
N, Ifra) — fig), ..., fom n+1y — f@))). Because of the property of injectivity, a
zero at position i corresponds to a perfect similarity between the query sequence g
and the subsequence r; of r. But what if the difference is not zero? Could this
nonzero value give some indication as to whether there is substantial similarity,
little similarity, or very little similarity between the two sequences under consider-
ation? The answer to this question will be considered later. For the time being, and
before moving any further, let us establish that an injective function does exist.
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42.3.1 Existence

Let a DNA sequence be encoded with the digits 1, 2, 3, and 4 standing for the bases
A, C, G, and T, respectively. For example, ATCGTA is encoded as (1, 4, 2, 3, 4, 1).

Lemma 3.1. Let t be a transcendental number [4], and let s = (a;, ay,. . ., a,) be an
n-long DNA sequence. The function f(s) = > ; ;.. ., ait' I'is injective.

Proof. Suppose there are two sequences s = (aj, da,. - ., a,) and s = (d'y, d'5,. . .,
d',) so that f(s) = f(s"). This means that > ; | _.(a; — a)t = 0. Let I = {ia; #
d';}. The polynomial P(x) = > ;e (a; — d Jx' 1 has ¢ as a root by assumption.
Since a transcendental number cannot be a root for any polynomial with nonnull
rational coefficients, I is empty, i.e., for all i we have a; = d';. Therefore, s = .

42.3.2 Note

For practical purposes and since we are dealing with powers of #, a reasonable
choice of ¢ would be something slightly bigger than 1, such as m/3, for example.
However, it is difficult to characterize the nonzero differences, due to the relative
difficulty in dealing with noninteger numbers. This points to giving preference to
functions with integer ranges.

42.3.3 Functions with Better Properties

Lemma 3.2. Let t > 4 be an integer. With the same notation as before, fis injective.

Proof. Let s = (ay, ay,. .., a,) and s’ = (d'y, d'5,. .., d’,,) such that s # . Let i be
the largest number such that a,y # ;o and suppose, without loss of generality, that
ajo > d'jo. Then, we have

>4+ + .+ 2+ a0 N+ aipal® + ...+ a” Pand
<4+t + ...+ D+ dg T+ o+ d

Hence f(s) — f(s') > (ajp — dio)t° ' =3+ + ...+ ?).

The eliminated terms are equal (see definition of ip). Using the formula of the
sum of terms of a geometric sequence and the fact that ;o — d’jp > 1, we find that
fis) —fishy > 3¢ 1 1D/¢ 1) Since ¢ > 4, then 3/(r—1) < 1 and thus
f(s) — fis’)y > 1 > 0. That is f(s) # f(s').

With r = 10, we have noticed that the corresponding function possesses some
good properties. Suppose that f(q) — f(r;}) = x, x being an n-digit number (when it
has < n digits, we append zeros to its left to make up the required length). We
noticed that whenever there is a match between two bases in those sequences in a

i0
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specific position, the digit of x in the same position is either 0 or 9. The reason is that
the appearance of 0 is obvious since a match corresponds to the appearance of the
same digit in the two sequences. The appearance of a 9 can be understood by
considering the subtraction operation when carried out by hand. For example, work
out 431 — 234 manually. Note, however, that for the same reason the observation is
not reciprocal: 0 or 9 as a digit in x does not mean necessarily that there is a match at
that position. Consider, for instance, 433 — 124; neither the O nor the 9 means a
match. This problem will be solved in the following section, but before that we
should mention that by using ¢ = 10, the value that this function assigns to a
sequence could be obtained by just reversing the order of the digits that represent
that sequence. For example, f(2, 4, 1, 3, 4, 4, 2, 3, 3) = 332443142. This suggests
that we use the function g(s) = > 1. .. & ! This function assigns to the
sequence the value that corresponds to its digits without reversing the order. For
example, g(2, 4, 1, 3, 4, 4, 2, 3, 3) = 241344233, We, therefore, no longer need
this function; it is invoked implicitly when the sequence is translated into the
numerical form. The whole of the ¢ and r; sequences considered as numbers, and
the difference is calculated as usual.

42.3.4 A Better Encoding of Bases A, C, G, and T

We have yet to consider the question of the best choice of digits to assign to the four
bases. It turns out that a choice such as 0, 2, 4, and 6, or any other four digits no two
of which are consecutive, is better than the previous ones. The justification is
simple: with that choice of encoding, a match between two bases in a specific
position is detected if, and only if, there is a O or a 9 in that position in the numerical
expression of x, the result of subtraction. This can be shown easily using the
classical subtraction algorithm.

Example ¢ = ATTCCG = 066224
r = GTCTCGTATGTCCG
= (462624, 626246, 262460, 624606, 246064, 460646, 606462,
064622, 646224)
V = (396400, 560022, 196236, 558382, 179840, 394422, 540238,
001602, 580000).

Here, a 0 or a 9 corresponds to a match between two bases at this position, and
any other digit indicates a mismatch. A simpler approach is to consider each one of
the four bases as a digit in a chosen number system such as A = 10, C = 12,
G = 14, and T = 16 in the number system of base 17. This removes the need to
translate the DNA sequences into numerical values, and keeps the properties of the
algorithm intact. Here, however, instead of being concerned with the digits 0 and 9,
we will be concerned with the 0 and the biggest digit in our number system, i.e., T
in the last example. In the following algorithm, which converts the differences
between the values of the query sequence ¢ and subsequences r; of r (i = 1,.. .,
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m — n + 1), d; stands for the ith digit of x starting from the right, and V is a (0, 1)
vector.

42.3.5 Algorithm

Let A, C, G, and T be integers in a chosen number system (where X is the digit with
the largest value) such that no two of the digits are consecutive. Let O be an n-digit
query sequence, and R an m-digit reference sequence. Consider R(i) to be the
number composed of the ith n-digits of R, that is, the digits number i, i 4+ 1,...,
i + n — 1. The following algorithm finds the matches and mismatches between Q
and R(@) fori=1,...,m —n + 1.

BEGIN find match()
FORi 1tom n+1DO

V) 10 RGO
IF Number of V' (i) digits <n THEN
Append (» number of V' (i) digits) zeros to its right;
ENDIF
FOR; 1tonDO
IF The j"digit of V(i) equals 0 or X THEN
Match between the j* base in Q and the (i + /)" base in R;
ELSE There is a mismatch;
ENDIF
ENDFOR
ENDFOR
END

The above algorithm is obviously finite for finite sequences Q and R.

42.4 Computational Results

The suggested algorithm has been implemented in MatLab as DSS. We have
worked with a query sequence and a reference sequence (real data) of length 30
and 189,777, respectively. We ran BLAST [3] (standalone) to compare the query
sequence with the subsequences of the same length of the reference sequence
several times, each time tuning program parameters such as word size (W), gap
penalty (g), and expectation (e). As is known [5], BLAST gives very good results
when parameter tuning is done well. This, however, is often only possible when
information on the sequences involved is available. This means that the lack of
information makes tuning at best arbitrary. Consequently, BLAST’s results will,
potentially, be not all that good. By this we mean that it may report no sequence
found for a given similarity level, when in fact one or more sequences with that
similarity level do exist in the reference sequence. In what follows, we give
examples of output results from both programs.
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42.4.1 BLAST with Default Parameter Values

In the following, BLAST detects only one case of significant similarity, when
default parameters are used.

Length = 189777

Score = 22.3 bits (11), Expect = 0.70

Identities = 11/11 (100%)

Strand = Plus / Plus

Query: 16 tgcaccattcg 26

Sbjct: 68783 tgcaccattcg 68793
Database: ref-seqg.txt

Number of letters in database: 189,777
Number of sequences in database: 1

DSS which requires only one parameter, the rate of similarity, finds this
sequence and others if the rate of similarity is set to 45%.

46.0667 percentmatchstartingfrombase number
68768 matchpositions:

710161718192021222324252628

ttcctggccttccggtgcaccattcggtta

gaatcagggtgaatctgcaccattcgttcg

42.4.1.1 Word Size

Word size is 7 by default in BLAST. This means that if no matching block of
contiguous bases of length 7 is found, it will not report any significant similarity
even if the overall similarity is high. DSS, however, detects the similar sequence
starting at 73637 position.

©63.3333percentmatchstartingfrombase number
73637 match positions:
24678911121314151617212223252630
ttcctggcctteccggtgcaccattcggtta
gtacaggccatccggtggtgcatgcgacaa

If we set the word size to 4 (the minimum identical block size), tune other
parameter values such as the penalty gap (set to —3), and run BLAST again, then it
will find good alignments as in the following example.

Length = 189777

Score = 20.6 bits (12), Expect = 1.1
Identities = 17/22 (77%)

Strand = Plus / Plus

Query: 1 ttcctggeccttcecggtgcacca 22

Sbjct: 131915 ttccecggecttectecteccagea 131936

This is also detected by DSS.
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60 percent match starting from base number
131915

matchingpositions:

12346789101112131618192122 30

ttcctggcctteccggtgcaccattcggtta

ttcccggeccttecctcecteccagcaggttceccca

Here is an example for which BLAST fails.

70 percent match starting from base number
185373

match positions:

12356791011131415171819212223252627

ttcctggccttccggtgcaccattcggtta

ttcatgggcttgcggcgcatcatccggcac

Clearly, despite the good overall rate of similarity (21 of 30 bases), this is not
spotted by BLAST. This is due to the default BLAST word size of 4, while the
blocks of similarity in the example are at most of length 3 (as in the blocks
1—2—-3and5 -6 — 7).

42.4.2 Expectation Value

Expectation is another parameter that has an important bearing on what BLAST
does and does not report. Value 10 is the default for this parameter. With this value,
BLAST does not search thoroughly. If increased, it will search longer at the cost of
increasing the search time, with no guarantee of finding anything even when it is
present.

42.5 Conclusion

We have shown that the problem of comparing two sequences can be reduced to the
simpler problem of looking for two digits in a vector of integer numbers. This then
led to the design of a simple deterministic algorithm that can find all sequences
similar to a given query sequence given a specified rate of similarity. This is not
always possible with BLAST as it is based on stochastic search and it also relies
heavily on a number of parameters, the setting of which is hard to get right. Its
default parameters can be shown to be problematic, particularly when a new
reference sequence is used. We can safely say that DSS is more robust and more
reliable than BLAST. However, BLAST is faster for many reasons, including the
fact that it is based on a nondeterministic algorithm (nondeterminism is often
synonymous with high speed). DSS exists currently as a prototype written in
Matlab, with about five dozen lines of code. A conversion into C++ is in progress
and it is expected that the resulting implementation will run much faster.
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Chapter 43

Taxonomic Parsing of Bacteriophages Using
Core Genes and In Silico Proteome-Based CGUG
and Applications to Small Bacterial Genomes

Padmanabhan Mahadevan and Donald Seto

Abstract A combined genomics and in situ proteomics approach can be used to
determine and classify the relatedness of organisms. The common set of proteins
shared within a group of genomes is encoded by the “core” set of genes, which is
increasingly recognized as a metric for parsing viral and bacterial species. These can
be described by the concept of a “pan-genome”, which consists of this “core” set and
a “dispensable” set, i.e., genes found in one or more but not all organisms in the
grouping. “CoreGenesUniqueGenes” (CGUG) is a web-based tool that determines
this core set of proteins in a set of genomes as well as parses the dispensable set of
unique proteins in a pair of viral or small bacterial genomes. This proteome-based
methodology is validated using bacteriophages, aiding the reevaluation of current
classifications of bacteriophages. The utility of CGUG in the analysis of small
bacterial genomes and the annotation of hypothetical proteins is also presented.

Keywords Bacterial genomes - CGUG - Core genes - Genomics - Pan-genome -
Proteomics approach - Web-based tool

43.1 Introduction

The continuing and predicted explosion of whole genome data is staggering, with de
novo determinations of genomes from previously unsequenced genomes as well as
multiple determinations of related genomes, e.g., multiple Escherichia coli genomes.
If this can be pictured as a “tsunami” to place visually the enormity of the data flow
and to understand the immense amount of data that need to be mined (and given a
relatively sparse array of software tools to do so), then the parallel and earlier capture
of bacteriophage and small bacterial whole genome data may be described as a
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“seiche,” both in terms of the smaller sizes of the genomes they represent and the
apparent smaller “stage” upon which they play. Nonetheless, bacteriophages are
long-studied and remain valuable for their contributions to basic biology knowledge.

“CoreGenesUniqueGenes” (CGUQG) is a user-friendly web-based tool that per-
forms “on-the-fly” protein protein analyses in order to determine the “core” set of
proteins of a set of small genomes. It is a redevelopment of an existing tool,
CoreGenes [1], and is an enhancement based on suggestions from the wet-bench
bacteriophage research community. CGUG has been validated in two different
functions, as will be presented in this report. First is in the annotating and compar-
ing of small bacterial genomes, ca. 2 Mb and less. The second is in reexamining the
complex and long-standing relationships of bacteriophages. The latter is very
important, given the extensive genetic and biochemical studies in the past. Inte-
grating genomics and in silico proteomics with that data gives another dimension to
the value of genome determinations and databases.

The International Committee on the Taxonomy of Viruses (ICTV) is an organi-
zation of researchers in a particular field that considers the classification of viruses
in their field [2], for example, the bacteriophages. A current classification system
accepted by the ICTV is based on a hierarchical system that groups viruses by the
characteristics that they share. These characteristics reflect the technologies and
methodologies that were available at the time, and may be limited by the same.
Specifically, in the case of bacteriophages, in the past and currently, these metrics
include morphology, genome size, host range, proteins (immunochemistry), and the
physical characteristics of the genome, e.g., whether the genome is linear, circular,
or supercoiled [3]. In response to the newly available genome and the resulting
proteome data, researchers are now considering these data in the scheme of viral
relationships and classifications.

As an example of this, a proteome-based approach has been used recently to
reexamine and suggest a reclassification of bacteriophages by computationally
building a proteome tree based on BLASTP analyses [4]. The disadvantage of
this approach is that there was no readily accessible tool that performs this analysis
and generates the proteome tree for inspection and analysis. Ideally, a web-based
tool that performs the BLASTP analyses and produces easily interpretable output
would be very useful to wet-bench biologists. CoreGenes is a tool that was
developed earlier and is used currently to determine the “core” or common set of
proteins in a set of genomes. CGUG is an upgrade and a modification that incorpo-
rates suggestions from several members of the ICTV who were interested in using
the software for their research. Core sets of genes have been used to reconstruct
ancestral genomes [5], organismal phylogenies [6], and organism classifications
[7]. It can be and has been applied to the bacteriophage studies [7].

43.2 CoreGenesUniqueGenes Algorithm

CGUG is implemented in the Java programming language, using a combination of
servlets and HTML. The algorithm is based on the GeneOrder algorithm to determine
gene order and synteny [8]. The algorithm accepts between two and five genome
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accession numbers. These genomes are then retrieved from GenBank, and the protein
sequences are parsed and extracted from the GenBank files. One genome is desig-
nated as the reference genome, and the rest are the query genomes. If only two
genome accession numbers are entered, all against all protein similarity analyses are
performed for each protein of the query genome against the reference genome using
WUBLASTP from the WUBLAST package. The results from the protein similarity
analyses are parsed according to a previously specified threshold BLASTP score
(default = ““75”). If the scores from the protein alignments are equal to or greater
than the threshold score, the protein pairs are stored and a table of proteins common
to the two genomes (that is, “core” proteins) is created as the output.

In the case of more than two genomes, a consensus genome is created from the
results of the similarity analysis between the reference genome and the first query
genome. This consensus genome becomes the new reference genome. Protein
similarity analyses are performed with the second query genome against this new
reference genome using WUBLASTP. The algorithm proceeds in an iterative
manner, analyzing the subsequent query genomes against the newly created refer-
ence genomes. The final output is a set of “core” proteins between a set of up to five
small genomes in the form of a table. The unique proteins to a pair of genomes are
also presented in tabular format below the “core” protein table. CGUG is available
at http://binf.gmu.edu:8080/CoreGenes3.0 and can also be accessed at http://binf.
gmu.edu/geneorder.html.

At the request of wet-bench bacteriophage researchers, a homolog count function
has also been implemented. This is displayed as the sum of proteins in each column
of the table. In addition, in recognition that some genomes may be newly sequenced
and desired to be analyzed before submission into public databases, custom data
can also be entered for CGUG analysis using the “custom data” interface.

The groups analyzed to demonstrate the function of reconfirming and verifying
existing (ICTV) genera are the T7-like bacteriophages (Escherichia phage T7,
Yersinia phage @A1122, Yersinia Berlin, Escherichia phage T3, Yersinia phage
¢YeO3-12, Escherichia phage K1F, Vibrio phage VP4, and Pseudomonas phage
gh-1). Based solely on the GC content and length, it may be difficult to gain
meaningful information about the bacteriophages in order to classify them. But
an analysis of their proteomes using CGUG yields more informative results. All
CGUG analyses are performed at the default threshold setting of “75.”

43.3 Results and Discussion

43.3.1 Bacteriophage Genomes Application: Verification
of Existing Genus of the Podoviridae

Bacteriophages are notoriously difficult to classify because of their genome vari-
ations due to horizontal transfers [9]. Recently, several researchers, who are
members of the ICTV, have used CoreGenes to reanalyze and reclassify


http://binf.gmu.edu:8080/CoreGenes3.0
http://binf.gmu.edu/geneorder.html
http://binf.gmu.edu/geneorder.html

382 P. Mahadevan and D. Seto

bacteriophages using proteome data [7]. Their previous experiences in applying
CoreGenes to earlier work gave insights as to what additional features were needed;
these have been incorporated into CGUG and integrated into the later portions
of their analyses of these genomes. The bacteriophage families examined to date
include the Podoviridae and the Myoviridae [10]. To illustrate the usefulness
of CGUG, the T7 genus reanalysis data from a recent collaborator [7] are
presented here to emphasize the utility of this approach in the reclassification of
the bacteriophages.

The T7-like phages constitute a genus of the Podoviridae family. Using a
homologous protein cutoff of 40%, CGUG analysis reveals that the members of
the T7-like phages all share greater than 40% homologous proteins with bacterio-
phage T7. This cutoff is used because it has been used previously to produce clear
relationships between bacteriophage genera of the Podoviridae [7]. This shared
protein analysis reconfirms and verifies the existing ICTV classification of these
phages as belonging to the T7-like phage genus.

43.3.2 CGUG Analysis and Reclassification of T7, P22,
and Lambda Bacteriophages

The tailed bacteriophages T7 and P22 are currently and traditionally classified as
belonging to the Podoviridae family due to a shared presence of short tails [3].
However, P22 and lambda are more related to each other than to T7, based on the
CGUG in silico proteomics analysis. Therefore, P22 should be moved to and
classified in the Siphoviridae to which lambda belongs. CGUG analysis reveals
that T7 and P22 share only two proteins. T7 and lambda also share only two
proteins. The percent identities of these shared proteins are very low, ranging
from 14 to 20%. In contrast, P22 and lambda share 19 proteins, several of which
show high percent identities (>80%).

Thus, these results show that P22 is more related to lambda than to T7, given the
genome and the proteome data. The whole genome percent identity between T7 and
P22 is 47.5%, while the identity between T7 and lambda is approximately 46%.
This nucleotide level does not provide meaningful information about the related-
ness of these genomes. Similarly, the percent GC content of these genomes
(between 48 and 50%) is also not informative. The CGUG analysis looks at the in
silico proteome, and the relatedness of the T7, P22, and lambda phages can be
assessed more meaningfully using this information.

43.3.3 Application to Niche Specific Bacterial Strains

The transcriptomes of two closely related strains of Burkholderia cenocepacia
were recently mapped by high-throughput sequencing [11]. B. cenocepacia strain
AU1054 is an opportunistic pathogen found in cystic fibrosis patients, while the
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B. cenocepacia strain HI2424 is a soil-dwelling organism. Despite the fact that
these two organisms live in very different environments, they share 99.8% nucleo-
tide identity in their conserved genes. Even in such highly related bacterial strains,
there are cases of hypothetical proteins in one strain that are not annotated with a
function that is related to annotated proteins in the other strain. One example is the
case of the 3-carboxy muconate cyclase-like protein found in AU1054, while the
counterpart protein is annotated as hypothetical in HI2424. These two proteins
share only 12.1% identity to each other. However, their lengths are not very
dissimilar, and analyses using PFAM (http://pfam.sanger.ac.uk) show that the
hypothetical protein appears to contain a “3-carboxy-cis,cis-muconate lactonizing
enzyme” domain. Therefore, it is possible that the hypothetical protein shares a
function similar to that of the annotated protein in AU1054.

In contrast, there is a case where the hypothetical protein is in AU1054, while the
counterpart annotated protein is in HI2424. This annotated protein is an amidohy-
drolase. The percent identity between these proteins is 19.7%, and their lengths are
similar as well at 319 amino acids for the amidohydrolase and 281 amino acids for
the hypothetical protein. Functional prediction of this hypothetical protein using the
SVMProt server [12] indicates that it belongs to the iron-binding protein family,
with a probability of correct classification of 78.4%. Indeed, several enzymes in the
amidohydrolase superfamily bind metal ions [13]. The catalytic activity of one
amidohydrolase, cytosine deaminase, is highest with iron [14]. Analysis using the
Phyre fold recognition server [15] indicates that the hypothetical protein apparently
belongs to the “N-terminal nucleophile aminohydrolases”. However, it must be
noted that the E values from Phyre and the percent precision are not significant.
Nevertheless, this taken together with the fact that CGUG puts these two proteins
together suggests that the hypothetical protein may indeed be an amidohydrolase.
Further wet-bench experiments are needed to confirm this prediction.

43.4 Conclusions

Whole genome and in silico proteome analysis tools are necessary to obtain
meaningful information about organisms when the nucleotide data are not espe-
cially informative. CGUG is a user-friendly tool that is especially suited to wet-
bench biologists with little interests in compiling code or deconstructing software in
order to analyze proteomes from small genomes such as those from viruses,
chloroplasts, and mitochondria, as well as small bacterial genomes. The utility of
CGUG is illustrated in the verification of current classifications of bacteriophages
and in the proposal of new classifications based on CGUG and other data. The
current ICTV classification of the T7-like phages is verified using the whole
proteome CGUG analysis.

Currently, the T7 and P22 phages are classified in the Podoviridae, while lambda
phage is classified in the Siphoviridae. The in silico proteome analysis by CGUG
shows that P22 is more related to lambda than to T7. That is, P22 and lambda share
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more proteins with each other than they both do with T7. This means that P22
should be classified in the Siphoviridae like lambda. In this case, proteome analysis
is more meaningful than the shared morphological similarity between T7 and P22.

The usefulness of CGUG in annotating hypothetical proteins is illustrated in the
case of the two closely related niche-specific Burkholderia bacteria. The assign-
ment of putative functions to these hypothetical proteins will provide a starting
point to help wet-bench scientists confirm these predictions in the lab.

The web-based nature of CGUG makes it accessible and useful to wet-bench-
based biologists. The “on-the-fly” nature of the tool avoids the limitations of
precomputed data and allows the retrieval of the genomes directly from GenBank.
The ability to enter custom data further enhances the tool immensely. These types
of software tools allow biologists to take full advantage of the expanding genome
sequence databases.
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Chapter 44
Analysis of Gene Translation Using
a Communications Theory Approach

Mohammad Al Bataineh, Lun Huang, Maria Alonso, Nick Menhart,
and Guillermo E. Atkin

Abstract Rapid advances in both genomic data acquisition and computational
technology have encouraged the development and use of advanced engineering
methods in the field of bioinformatics and computational genomics. Processes
in molecular biology can be modeled through the use of these methods. Such
processes include identification and annotation of all the functional elements in
the genome, including genes and regulatory sequences, which are a fundamental
challenge in genomics and computational biology. Since regulatory elements are
often short and variable, their identification and discovery using computational
algorithms is difficult. However, significant advances have been made in the
computational methods for modeling and detection of DNA regulatory elements.
This paper proposes a novel use of techniques and principles from communications
engineering, coding, and information theory for modeling, identification, and anal-
ysis of genomic regulatory elements and biological sequences. The methods pro-
posed are not only able to identify regulatory elements (REs) at their exact locations,
but can also “interestingly” distinguish coding from non-coding regions. Therefore,
the proposed methods can be utilized to identify genes in the mRNA sequence.

Keywords Communications engineering - Gene expression - Regulatory elements
- Translation

44.1 Introduction

Communications and information theory has been proved to provide powerful tools
for the analysis of genomic regulatory elements and biological sequences [1 5]. An
up-to-date summary of current research can be found in [6]. The genetic
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information of an organism is stored in the DNA, which can be seen as a digital
signal of the quaternary alphabet of nucleotides X = {A,C,G,T}. An important
field of interest is gene expression, the process during which this information stored
in the DNA is transformed into proteins. Gene expression codes for the expression
of specific proteins that carry out and regulate such processes. Gene expression
takes place in two steps: transcription and translation.

This paper is organized as follows. Section 44.2 describes our previous model
for the process of translation in gene expression which is compared to work done in
[5]. Section 44.3 presents four new other models for the process of translation with
simulation results shown in Sect. 44.4. Finally, conclusions are drawn in Sect. 44.5.

44.2 Previous Model

The process of translation in prokaryotes is triggered by detecting an RE known as
the Shine-Dalgarno (SD) sequence. Physically, this detection works by homology
mediated binding of the RE to the last 13 bases of the 16S rRNA in the ribosome
[7]. In our work [1] and [2], we have modified this detection/recognition system
introduced in [5] by designing a one-dimensional variable-length codebook and
a metric. The codebook uses a variable codeword length of N between 2 and
13 using the Watson Crick complement of the last 13 bases of the 16S rRNA
molecule. Hence, we obtain (13 N + 1) codewords; C; = [s1,82,...,Sun 1];
i€[l,13—N+1], where s = [s1,5,...,513] = [UAAGGAGGUGAUC] stands
for the complemented sequence of the last 13 bases. A sliding window of size N
applies to the received noisy mRNA sequence to select subsequences of length N
and to match them with the codewords in the codebook (see Table 44.1). The
codeword that results in a minimum weighted free energy exponential metric
between doublets (pair of bases) is selected as the correct codeword, and the metric
value is saved. Biologically, the ribosome achieves this by means of the comple-
mentary principle. The energies involved in the rRNA mRNA interaction tell the
ribosome when a signal is detected and, thus, when the start of the process of
translation should take place. In our model, a modified version of the method of free
energy doublets presented in [7] is adopted to calculate the energy function (see
44.1). This function represents a free energy distance metric in kcal/mol instead of

Table 44.1 16S rRNA Cl Codeword

codebook C, UAAGG
C, AAGGA
Cs AGGAG
Cy GGAGG
Cs AGGUG
C, GGUGA
Cg GUGAU

Co UGAUC
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Table 44.2 Energy doublets Pairs of bases energy

AA 09 GA 23
AU 09 GU 2.1
UA 1.1 CA 1.8
uu 0.9 CU 1.7
AG 23 GG 29
AC 1.8 GC 34
UG 2.1 CG 34
uc 1.7 CC 29

minimum distance (see Tables 44.2) [5]. Our algorithm assigns weights to the
doublets such that the total energy of the codeword increases with a match and
decreases with a mismatch. Therefore, the total energy gets more emphasized or
de-emphasized when consecutive matches or mismatches occur. The energy func-
tion has the following form:

N
E; = ZWnEnéna (44.1)
n=1

where J;means a match (§; = 1) or a mismatch (5; = 0) and wyis the weight
applied to the doublet in the kth position. The weights are given by

(44.2)

_fp,ta’, if match,
Wn = max{w, | — ("' —4a°),0}, if mismatch,

where, g and ¢ are the numbers of consecutive matches or mismatches and p is an
offset variable updated as follows:

Pn 15 if o, = L
0, =140, i ~ ifo, =0and p, | <a, (44.3)
max{w, | — (a”*' —a"),0}, otherwise,

Where, a is a constant that will control the exponential growth of the weighting
function. The offset variable p updated at each step according to (44.3) is intro-
duced for the purpose of keeping track of the growing trend that happens when a
consecutive number of matches occurs followed by a mismatch. When a mismatch
occurs, we increment the number of mismatches that is initialized to zero by one,
reset the number of matches back to zero, calculate the current weighting factor,
and finally reevaluate the offset variable to be used in the next alignment. Without
the use of this offset variable, we will have several peaks when we come into a good
match of the codeword in that particular alignment.

For larger values of a, the exponential will grow faster as the number of
consecutive matches increases (hence increasing the likelihood that the right
sequence is enhanced), making the algorithm more sensible to the correlation in
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Fig. 44.1 Detection of translation signals

the sequence. Not only does this algorithm allow controlling the resolution of
detection (by the choice of the parameter a), but also allows the identification of
the exact position of the best match of the Shine Dalgarno signal in the genes
under study.

For the analysis, sequences of the complete genome of the prokaryotic bacteria
E. coli strains MG1655 and O157:H7 were obtained from the National Center for
Biotechnology Information. Our proposed exponentially weighting algorithm was
not only able to detect the translational signals (Shine Dalgarno, start codon, and
stop codon) but also resulted in a much better resolution than the results obtained
when using the codebook alone (without weighting). Fig. 44.1 shows the compari-
s