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Preface

The increasing use of computer technology in many areas of economic, scientific,
and social life is resulting in large collections of digital data. The amount of data
which is created on and stored in computers is growing from day to day. Elec-
tronic database facilities are common everywhere and can now be considered a
standard technology. Beyond that arises the question: What is the next higher
quality that can be derived from these electronic data pools? The next logical step
would be the analysis of these data in order to derive useful information that is not
easily accessible to humans. Here data mining comes into play. By using such
technology it is possible to automatically derive new knowledge, new concepts, or
knowledge structures from these digital data. It is a young discipline but has al-
ready seen enormous knowledge growth.

Whereas the early work was done on numerical data, multimedia applications
now drive the need to develop data mining methods that can work on all kinds of
data, such as documents, images, and signals. The book is devoted to this re-
quirement.

It is written for students, experts from industry and medicine, and scientists
who want to get into the field of mining multimedia data. We describe the basic
concepts as well as various applications in order to inspire people to use data
mining technology in practice wherever it is applicable.

In the first part of the book we introduce some basic concepts: how information
pieces can be extracted from images and signals, and the way they have to be rep-
resented in the system.

In the second part of the book we introduce the basic concepts of data mining in
a fundamental way so that the reader gets a good understanding of these.

The third part of the book examines real applications of how these concepts
work on real data.

I would like to thank Prof. Atsushi Imiya from the Multimedia Technology Di-
vision at Chiba University, Japan for the time he spent on studying the manuscript
for this book and his valuable comments on improving it. For his inspiring discus-
sions on the topic of data mining of multimedia data and his constant interest in
the progress of this manuscript I would like to thank Prof. George Nagy from
Rensselaer Polytechnic Institute, Troy, USA.

October 2002 Petra Perner
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1 Introduction

We are continually confronted with new phenomena. Sometimes it takes us years
to build by hand a model that describes the observed phenomena and that allows
us to predict new events. But more often there is an urgent need for such a model
and the time to develop it is not given. These problems are known for example
from medicine where we want to know how to treat people with a certain disease
so that they can recover quickly. Years ago in 1993, we started out with data
mining for a medical problem called in-vitro fertilization therapy (IVF therapy).
We will take this problem as introductory example since it shows nicely how data
mining can be applied and demonstrates the results that we can obtain from the
data mining proced$eT97.

In-vitro fertilization therapy can help childless couples make their wish to have
a baby come true. However, the success rate was very low in 1993. Although this
therapy was already in use for more than ten years medical doctors had not been
able to develop a clear model about the function and effect of the therapy. The
main reason for that was seen in the complex interlocking of biological, clinical,
and medical facts. Therefore, doctors started out to built up a database where each
diagnostic parameter and clinical information of a patient was recorded. This data
base contained parameters from ultra sonic images such as the number and the
size of follicles recorded on certain days of the women menstruation’s cycle, clini-
cal data, and hormone data. We used this data base and analyzed them with deci-
sion tree induction. As result we obtained a decision tree showing useful decision
rules for the IVF-therapy, see Figure 1. This model contains rules such as for e.g.:

IF hormone E2 at the third cycle day <=67 AND number of follicle <=1|6,5
AND hormone E2 at the 12. cycle day <= 2620 THEN Diagnosis_0.

It described the diagnosis model in such a way that physicians could follow
suit. The learnt decision tree had two functions for the physicians:

1. Exploratory Function

The learnt rules helped the experts to better understand the effects of the ther-
apy. This is possible since the knowledge is made explicit for the expert by the
representation of the decision tree. He can understand the rules by tracing down
each path of the decision tree. The trust in this knowledge got higher when he
found among the whole set of rules a few rules that he had already built up in past.
This knowledge gave him new impulses to think about the effects of the IVF-

P. Perner: Data Mining on Multimedia Data, LNCS 2558, pp.]1-11, 2002.
[ Springer-Verlag Berlin Heidelberg 2002



2 1 Introduction

therapy as well as to acquire new necessary information about the patient in order
to improve the success rate of the therapy.

2. Prediction Function

After some experiments we came up with a good model for a sub-diagnosis
task of IVF-therapy. It is called diagnosis of over stimulation syndrome. Physi-
cians could use the learnt model in order to predict the development of an over
stimulation syndrome for new incoming patients.

The attentive reader would have noted that we could not revolutionize the
whole IVF-therapy. Our experiments at that time showed that the recent diagnostic
measurements are not enough to characterize the whole IVF process. Neverthe-
less, results were enough to stimulate new discussion and gave new impulses for
the therapy.

155 DS
E2ZT3

<=67 >67
74 DS 81DS
ATZT12 0]

<=16.5 >16.5
53 DS 21DS
E27T12 LHZT3

<=2620 >2620 <=2.69 >260
29DS 24 DS 15DS 6 DS
(0] E27T12 (1] E£27T3

<=3600 >3600 <=40 >40

(1] E22T6 (1] [0]

<=304.5 >304.5
13Ds 6 DS
E2ZT3

<=50 >50
4Ds 2DS
[0] [1]

Attributes Description
Hormone Estradiol measured at Day 3, 6, 9, and 12
E2Day_3,6,9,12 of the womans menstruation cycle
LHZ Day 3 Luteinisierndes Hormone at the cycle day 3

Fig. 1. Data and results of IVF therapy

The application we have described before follows the empirical cycle of theory
formation, see Figure 2. By collecting observations from our universe and ana-
lyzing these observations based on sound mathematical methods we can come up
with a theory that allows us to predict new events about the universe. That is not
only applicable to our introductory example it can be used for every application
that meets the criteria of the empirical cycle.
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Prediction

Theory

Analysis

Observations

Fig. 2. Empirical Cycle of Theory Formation

1.1 What Is Data Mining?

In our IVF example we discovered diagnosis knowledge from a set of data re-
corded from all patients based on Data Mining. By summarizing these data into a
set of rules our method helped human to find the general meaning of the single
data. Usually, humans built up such knowledge by experience over years. The task
gets much harder as more complex the problem is. The IVF example is described
by only 36 parameters. Sometimes there can be more than 100 parameters. This is
not anymore to overlook by humans. The innovative idea of data mining is that it
provides methods and systems that can automatically find these general meanings
based on large and complex, digital recorded data. The data mining systems usu-
ally do not care about the number of parameters. They can work with 10 or even
with several hundred parameters. However, our introductory example also showed
that it is not always possible to come up with generalizations even when data are
available. There must be generalization capability within the data. Otherwise, it
can be already useful to find patterns in the data and use them for exploration pur-
pose. This is a much weaker approach but useful for humans knowledge discovery
process.

For a formal definition of Data Mining we like to follow Gregory Piatesky-
Shapiro’s definition:

"Data Mining, which is also referred to as knowledge discovery in data bases,
means a process of nontrivial extraction of implicit, previously unknown and po-
tentially useful information (such as knowledge rules, constraints, regularities)
from data in databases.”

1.2 Some More Real-World Applications

Say you have generated a record in a database listing all car insurance policy
holders by age, sex, marital status and selected policy, for example, see Figure 3
and Figure 4. With Data Mining, you can use this database to generate knowledge
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telling you which market grouping buys which type of insurance policy. This
knowledge allows you to adjust your product portfolio in order to supply gaps in
demand or predict which product a new customer is most likely to opt for.

Sex Age Marital_Status |Children MAILPX Purchase

female 33|single 0 1 1
female 35|single 0 1 1
female 36|single 0 1 1
male 29|single 0 1 1
male 33|single 0 1 1
male 35|single 1 1 2
female 35|single 1 1 2
male 35|single 0 1 2
female 35|single 0 1 2
female 44| maried 1 1 2
male 46|maried 1 1 2
female 48|maried 0 1 2
male 50[maried 0 1 2
female 52[maried 0 1 2

Fig. 3. Exerpt of a customer data base

18 DS
MARITAL_ST

f =single
13 DS
CHILDREN

f =married
5DS

[ <=0 [ >0
11 DS 2DS
SEX [ 2]

f =female

5DS
2722 [

1]

Fig. 4. Resulting decision tree for customer profiling
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Or a criminal investigation office generates a data pool of criminal offences
containing information on the offender such as age, sex, behavior and relationship
between victim and offender. With Data Mining, these databases can be used to
establish offender profiles, which are useful in criminal investigations for nar-
rowing down lists of suspects.

Say a doctor has generated a database for a certain disease in which to store pa-
tients’ data along with clinical and laboratory values and details of the nature of
the disease. With Data Mining techniques, he can use this data collection to ac-
quire the knowledge necessary to describe the disease. This knowledge can then
be used to make prognoses for new patients or predict likely complications. Figure
5 illustrates this process for the prediction of the day of the infection after liver
transplantation.

Parameter x

——
— —"
— P2

Parameter

=
- —

P1

1.Day 2.Day X.Day Days

|

Data Mining Tool
Decison Master

|

Diagnosis Knowledge

| | | Day | | | 4-8. Days
| I T i frosesseeeenes

. |3l Transplantation MedlcaI.Treatment at the |nt.enS|ve-care center
Hospitel Depending on the result until day x

Patient Entry to the

Laboratory Test:

Blood Picture (Germs, Fungi, Anti-bodies)
Inflammation Parameters

Immunological Parameters

Leukocytes

Fig. 5. lllustration of the data and the data mining process for mining the knowledge for the
identification of the time of infection after liver transplantation



6 1 Introduction

1.3 Data Mining Methods — An Overview

1.3.1 Basic Problem Types

Data Mining methods can be distinguished into two main categories of data min-
ing problems:

1. Prediction and
2. Knowledge Discovery (see Figure 6).

While prediction is the strongest goal, knowledge discovery is the weaker ap-
proach and usually prior to prediction.

The over-stimulation syndrome recognition described in Section 1 belongs to
predictive data mining. In this example, we mined our data base for a set of rules
that describes the diagnosis knowledge. The doctors use this knowledge for the
prediction of the over-stimulation syndrome when a new patient comes in.

Data Mining Method

Prediction Knowledge Discovery
’_I_‘ [
I I I I
Classification Regression Deviation Clustering Association Visualization
Detection Rules

Fig. 6. Types of Data Mining Methods

For that kind of data mining, we need to know the classes or goals our system
should predict. In most cases we might know a-priori these goals. However, there
are other tasks were the goals are not known a-priori. In that case, we have to find
out the classes based on methods such as clustering before we can go into predic-
tive mining. Furthermore, the prediction methods can be distinguished into classi-
fication and regression while knowledge discovery can be distinguished into: de-
viation detection, clustering, mining associate rules, and visualization. To
categorize the actual problem into one of these problem types is the first necessary
step when dealing with Data Mining. Therefore, we will give a short introduction
to the different methods.

1.3.2 Prediction

1.3.2.1 Classification

Assume there is a set of observations from a particular domain. Among this set of
data there is a subset of data labelled by class 1 and another subset of data labelled
by class 2. Each data entry is described by some descriptive domain variables and
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the class label. We now want to find a mapping function that allows to separate
samples belonging to class 1 from those belonging to class 2. Furthermore, this
function should allow to predict the class membership of new formerly unseen
samples.

Such kind of problems belong to the problem type "classification". There can be
more than two classes but for simplicity we are only considering the two class
problem. The mapping function can be learnt by decision tree or rule induction
[WeK9(, neural networks[Rze98[ShTO03, statistical classification methods
[CADKROZ] or case-based reasoniflgrR0J. We will concentrate in this book

on symbolical learning methods such as decision tree and rule induction and case-
based reasoning.

1.3.2.2 Regression

Whereas classification determines the set membership of the samples, the answer
of regressiofRPD9g[ AtROQ] is numerical. Suppose we have a CCD sensor. We
give light of a certain luminous intensity to this sensor. Then this light is trans-
formed into a gray value by the sensor, according to a transformation function.
When we change the luminous intensity, we also change the gray value. That
means the variability of the output variable will be explained based on the vari-
ability of one or more input variables.

1.3.3 Knowlegde Discovery

1.3.3.1 Deviation Detection

Real-world observation are random events. The determination of a characteristic
values, such as the quality of an industrial part, the influence of a medical treat-
ment to a patient group or the detection of visual attentive regions in images can
be done based on statistical parameter tests. Methods for the estimation of un-
known parameters, test of hypothesis and the estimation of confidence intervals in
linear models can be found in Kogkoc02.

1.3.3.2 Cluster Analysis

A number of objects that are represented by a n-dimensional attribute vector
should be grouped into meaningful groups. Objects that get grouped into one
group should be as similar as possible. Objects from different groups should be as
dissimilar as possible. The basis for this operation is a concept of similarity that
allows us to measure the closeness of two data entries and to express the degree of
their closeness. In Chapter 3 Section 3.3.1-3.3.3 we will describe different simi-
larity measures.

Once groups have been found we can assign class labels to these groups and la-
bel each data entry in our data base according to its group membership with the
corresponding class label. Then we have a data base which can serve as basis for
classification.
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1.3.3.3 Visualization

The famous remark "A picture is worth more than a thousand words." especially
holds for the exploration of large data sets. Numbers are not easy to be overlooked
by humans. The summarization of these data into a proper graphical representation
may give humans a better insight into the d&t@P0]. For example, clusters are
usually numerical represented. The dendrogram (see Figure 11) illustrates these
groupings, and gives a human an understanding of the relations between the vari-
ous groups and subgroups. A large set of rules is easier to understand when
structured in a hierarchical fashion and graphically viewed such as in the form of a
decision tree.

1.3.3.4 Association Rules

To find out associations between different types of information which seem to
have no semantic dependence can give useful insights in for e.g. customer behav-
ior. Marketing manager have found that customer who buy oil will also by vegeta-
bles. Such information can help to arrange a supermarket so that customers feel
more attract to shop there.

To discover which HTML documents are retrieved in connection with other
HTML documents can give insight in the user profile of the website visitors.

We can identify lesioned structures in brain MR images. The existence of a le-
sioned area may suggest the existence of another leasioned structure having a dis-
tinct spatial relation to the other structure. To count the occurrences of such a pat-
tern may give hints for the diagnosis.

Methods on association rule mining can be found in Zhang EZfat02 and
Adamo[Ada0]. In [HGNOZ are described the application of these methods to
engineering data.

1.3.3.5 Segmentation

Suppose we have mined a marketing data base for user profiles. In the next step,
we want to set up a mailing action in order to advertise a certain product for which

it is highly likely that it attracts this user group. Therefore, we have to select all
addresses in our data base that meet the desired user profile. By using the learnt
rule as query to the data base we can segment our data base into customer that dc
not meet the user profile and into those that meet the user profile.

Or suppose we have mined a medical data base for patient profiles and want to
call in these patients for a specific medical test. Then, we have to select the names
and addresses of all patients from our data base that meet our patient profile.

The separation of a database into only those data that meet a given profile is called
segmentation.
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1.4 Data Mining Viewed from the Data Side

We have discussed data mining from the problem-type perspective. We can also
view Data Mining from the data-type dimension. Although, mining text or images
can be of the same problem type there have been developed over time special
fields such as text mininfvis0l], time series analysikSHS0(Q, image mining
[Per0], or web mining KMSS0Z[BIG02][ PeF02. The specific problem for this

type of data lies in the preparation of the data for the mining process and the rep-
resentation of these data.

Although the pixel of a 2D or 3D image are of numerical data type, it would not
be wise to take the whole image matrix itself for the mining process. Usually, the
original image might be distorted or corrupted by noise. By pre-processing the im-
age and extracting higher-level information from the image matrix the influence of
noise and distortions will be reduced as well as the number of information that
have to be handled. Beyond this, the extraction of higher level information allows
an understanding of the image content. The representation of an image can be
done on different levels that are described in Chapter 2 Section 2.7.1.

The categorization of text into similar groups or classification of text docu-
ments requires an understanding of the content of the documents. Therefore, the
document has to go through different processing steps depending on the form of
the available text. A printed document must be converted into a digital document
that requires digitalization of the document, recognition of the printed area and the
characters, grouping of the characters into words and sentences. A digital version
must be parsed into words and all unnecessary formatting instructions must be re-
moved. After all that we are still faced with the problem of the contextual word
sense or the semantic similarity between different word. An application for text
mining can be found in Visa et §/TVB02].

Types of Data

Time Series Images Video Text Sever Logs
WebDocuments

Sound 2D Images Handwrittings

Traffic Data 3D Images Documents

Life Monitoring

Medical Data

Time Series Image Mining Video Mining Text Mining WebMining

Analysis

Fig. 7. Overview of Data Mining Methods viewed from the Data Side

In time-series analysis the problem is to recognize events. That raises the question
what is an event. Usually, changes from normal status will be detected by regres-
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sion. However, a time series can also be converted into a symbolic curve descrip-
tion and this representation can be the basis for the mining pf&=e302.

The basis for web mining are the server logs or the web docuriiéetsieces-
sary information must be extracted from both data types by parsing these docu-
ments.

The final representation of multimedia data can be either of the type numerical
or symbolical attributes but more complex representations such as e.g. strings,
graphs, and relational structures are also possible.

1.5 Types of Data

An overview about types of data is given in Figure 8. Attributes can be of humeri-
cal or categorical data type.

Numerical variables are for example the temperature or the gray level of a pixel in
an image. This variable can have distinct gray levels ranging from 0 to 255.
Categorical data is one for which the measurement scale consists of a set of cate-
gories. For instance, the size of an object may be described as "small", "medium",
and "big". There are different types of categorical variables. Categorical variables
for which levels do not have a natural ordering are called nominal. Many categori-
cal variables do have ordered levels. Such variables are called ordinal. For in-
stance, the gray level may be expressed by categorical levels such as "black",
"gray”, and "white". It is clear that the levels "black" and "white" stay on the op-
posite ends of the gray level scale whereas the level "gray" lies in between of both
levels.

An interval variable is one that has numerical distances between any two levels of
the scale. In the measurement hierarchy, interval variables are highest, ordinal
variables are next, and nominal variables are lowest.

Only an attribute-based description might not be appropriate for multimedia appli-
cations. The global structure of a given object or a scene and the semantic infor-
mation of the parts of the objects or the scene and their relation might require an
attributed graph representation.

We define an attributed graph as follows:

Definition 1:

W ... set of attribute values
e.g.. W= {"dark_grey", "left_behind", "directly_behind", ...}
A ... set of all attributes
e.g.. A={shape, object area, spatial_relationship, ...}
b: A- W partial mapping, called attribute assignments
B ... set of all attribute assignments over A and W.
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A graph G = (N, p, q) consists of
N ... finite set of nodes
p: N - B mapping of attributes to nodes
g: E- B mapping of attributes to edges, where E = (NxNhd | is the
Identity relation in N.

The nodes are for example the objects and the edges are the spatial relation
between the objects. Each object has attributes which are associated to the
corresponding node within the graph.

Types of Data

numerical categorical string graph

interval ordinal nominal attributed graph

Fig. 8. Overview Types of Data

1.6 Conclusion

In this chapter we have explained what data mining is and we gave an overview
about the basic methods. The diversity of applications that we have described
should give you an idea where it can be reasonable to apply data mining methods
in order to get new insights into the application. It should inspire you to think
about using data mining techniques even for your application. Despite the basic
methods for data mining we have viewed the field from the data side. When it
comes to multimedia data such as images, video or audio more complex data
structures than attribute-value pair representations are often required such as e.g.
sequences or graphs. They require special algorithm for mining which will de-
scribe in Section 3.3.9 for graph clustering.
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Before going into our data mining experiment, we need to prepare the data in such
a way that they are suitable for the data mining process. The operations for data
preparation can be categorized as follows (see Fig. 9):

» Data cleaning

» Normalization

» Handling noisy, uncertain and untrustworthy information
» Missing value handling

* Transformation

» Data Coding

* Abstraction

Operations for Data Preparation

[ [ [ [ |
Standardization Noisy, Uncertain Missing Value Handling Transformation Abstraction
Untrustworthy Data Handling Coding

| Smooting ||Outlier Detection|

Fig. 9. Data Preparation Operations

2.1 Data Cleaning

Most data mining tools require the data in a format such as shown in table 1. It is a
simple table sheet where the first line describes the attribute names and the class
attribute and where the following lines contain the data entries describing the case
number and the attribute values for each attribute of a case. It is important to note
that the inputted data should follow the predefined names and types for the attrib-
utes. No subjective description of the person who collected the data should be in-
serted into the data base nor should other vocabulary be used than predefined in
advance. Otherwise, we would have to remove these information in a data clean-
ing step. Since data cleaning is a time-consuming process and often double work it
is better to set up the initial data base in such a way that it can immediately be

P. Perner: Data Mining on Multimedia Data, LNCS 2558, pp[13-22, 2002.
[ Springer-Verlag Berlin Heidelberg 2002
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used for data mining. Recent work on data ware hdddad0] take into consid-
eration this aspect.

Table 1. Common Data Table

Case F1 F 2 F k
C 1 Vil V12 Vik
C_2 v21 V22 V2k
C i Vil Vi2 vik

2.2 Handling Outlier

In almost all real world data, some can be found, which differ so much from the
others as to indicate some abnormal source of error not contemplated in the theo-
retical discussions. The introduction of which into the investigations can only
serve to perplex and mislead the inquirer.

Uni-variate outliers are to recognize by using boxplGar0q[ ZRC9§. Figure
10 shows the boxplots for the feature_1 of the iris dat@Fégt Each box repre-
sents the range of the feature values for one of the three classes. The median for
each data samples is indicated by the black center line, and the first and third
quartiles are the edges of the red area. The difference of the first and third quartile
is known as the interquartile range (IRQ). The black lines above and under the red
boxes represent the area within 1.5 times the inter-quartile range. Points at a
greater distance from the median than 1.5 times the IRQ are plotted individually.
These points represent potential outliers.

The problem gets much harder if multivariate outlier should be recognized.
Such kind of outlier can be detected by cluster analysis (see Chapter 3 for cluster
analysis). Based on a proper similarity measure the similarity of one sample to all
the other samples is calculated and then visualized in a dendrogram by the single
linkage method. Similar samples will form groups showing close relation to each
other while outliers will result in single links showing a clear distance to the other
groupings. A deeper insight to the handling of multi-variate outliers can be found
in [BaT84[And84].

2.3 Handling Noisy Data

Real measurements will usually be affected (corrupted) by noise. There are many
reasons for noisy data. It can be caused by the measurement device, the environ-
ment or by the person who collected the data. The data shown in Figure 11 are
data from the IVF therapy. It shows the hormone status of a woman from day
three until day fourteen of the woman’s menstruation cycle. Taking the real meas-
urements for learning the model will result in a prediction system with lower accu-
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racy than that learnt from the smoothed data. By calculating the sliding mean
value and using these data for learning we can improve the accuracy of the learnt
model.
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2.4 Missing Values Handling

There are many reasons for missing values in real world data bases:

1. The value might not be measured (neglect) or simply not inputted in the data
base.

2. There might be some objective reason that the value could not be measured.

3. This can be because a patient did not want us to measure this value or a person
did not want to answer the question in a questionnaire.

Now, we are faced with the problem: How to deal with missing values? The sim-
plest strategy would be to eliminate the data set. This is insufficient for small data
bases even if only one value in a data entry is missing. Therefore, it might be bet-
ter to insert a global constant for missing values. This would at least guarantee to
use the data set. However, this strategy does not reflect the real domain distribu-
tion of the attribute value. This can only be achieved by considering the statistical
properties of the samples. For the one-dimensional case, we can calculate the class
conditional distribution of the attribute values of an attribute. The mean value of
the class the sample belongs to can be inserted for the missing value. For the n-
dimensional case, we can search for similar data tuple and insert the feature value
of the most similar data tuple for the missing value. However, here we need to de-
fine a proper similarity measure in order to find close data entries. This problem
its not trivial (see Chapter Case-Based Reasoning).

2.5 Coding

A data mining tool or a data mining technique might require only numerical val-
ues regardless of whether the data type is numerical or symbolical. Then it is nec-
essary to code the categorical data. The simplest form of coding would be to as-
sign to each categorical value a distinct numerical value such that e.g. an attribute
"color" gets for the attribute values "green"=1, "blue"=2, and "red"=3. More so-
phisticated coding techniques can be taken from the coding theory.

2.6 Recognition of Correlated or Redundant Attributes

Selecting the right set of features for classification is one of the most important
problems in designing a good classifier. Very often we do not know a-priori what
the relevant features are for a particular classification task. One popular approach
to address this issue is to collect as many features as we can prior to the learning
and data-modeling phase. However, irrelevant or correlated features, if present,
may degrade the performance of the classifier. In addition, large feature spaces
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can sometimes result in overly complex classification models that may not be easy
to interpret.

In the emerging area of data mining applications, users of data mining tools are
faced with the problem of data sets that are comprised of large numbers of features
and instances. Such kinds of data sets are not easy to handle for mining. The min-
ing process can be made easier to perform by focussing on a subset of relevant
features while ignoring the other ones. This process is called feature subset selec-
tion (see Chapter 3.6). In the feature subset selection problem, a learning algo-
rithm is faced with the problem of selecting some subset of features upon which to
focus its attention.

2.7 Abstraction

2.7.1 Attribute Construction

Between the attributes A,,...A,..A,...,A, in the data table there might exist dif-
ferent relations depending from the domain. Instead of taking the basic attributes it
might be wise to explore these relations between the attributes based on domain
knowledge before the data mining experiment and construct new but more mean-
ingful attributesA _ =A A,. The result of the mining process will have higher ex-
planation capability than those using the basic attributes. Thereby the rélation
can be any logical or numerical function.

The initial data table of our IVF domain contained the attribizte i for eachi
of the n follicle. The construction of a new attribuean_follicle_size brought
more meaningful results.

2.7.2 Images

Suppose, we have a medical doctor who for example will make the lung of a pa-
tient visible by taking an X-ray. The resulting image enables him to inspect the
lung for irregular tissues. He will make the decision about malignant or benign
nodule based on some morphological features of the nodule that appeared in the
image. He has built up this knowledge over years in practice. A nodule will be
malignant if for e.g. the following rule is satisfigfl: the structure inside the nod-

ule isirregular and areas of calcifications appear and there are sharp margins

then the nodule is malignant. An automatic image interpretation based on such a
rule would only be possible after the image has passed through various processing
steps. The image must automatically be segmented into objects and background,
objects must be labelled and described by features, these features must be grouped
into symbolic representations until the final result can be obtained based on such a
rule as described above in an interpretation step. In opposition to that, to mine an
image data base containing only images and no image descriptions for such kind
of knowledge would require to extract automatically the necessary information
from the image. This is a contradiction. We do not know in advance our important



18 2 Data Preparation

features of a collection of images nor do we know the way they are represented in
the image.

Recently, we know low-level features such as blobs, regions, ribbons, lines, and
edges and we know how these features can be extracted from images, see Figure
12. However, features such as an "irregular structure inside the nodule" are not so
called low-level features. It is even not really clear the way this feature is repre-
sented in an image. Therefore, there does not exist an algorithm yet that can ex-
tract this feature.

On the base of low-level features we can calculate some high-level features but
it is not possible to obtain all such features in this way. Therefore, we should also
allow to input experts descriptions into an image data base. Besides that, we can
describe an image by statistical properties which might also be necessary infor-
mation.

On the base of this discussion we can identify different ways of representing
the content of an image that belongs to different abstraction levels. The higher the
chosen abstraction level is the more useful is the derived information with data
mining. We can describe an image

« Dby statistical properties that is the lowest abstraction level,

* by low-level features and their statistical properties such as regions, blobs, rib-
bons, edges and lines, which is the next higher abstraction level

« by high-level or symbolic features that can be obtained from low-level features,
and

< at least by experts symbolic description which is the highest abstraction level.

For the operations on images we like to refer the interested reader to special lit-
erature on image processing. For image preprocessing and segmentation see
[PeB99. The extraction of low-level features is describefiam9§. Texture de-
scription is described ifRa09(Q. Image Statistics are describedeB99. For an
example on motion analysis see Imiya et[BthF99. Examples for texture fea-
tures and statistical features that can be used to describe the image content will be
given in Chapter 4 based on two different applications.

2.7.3 Time Series

Time series analysis is often referred to in the literature as event recognition
[SrG99[FaF99. For that purpose regression is used. However, the analysis of
time series can also be concerned with interpretation such as scintigram analysis
or noise analysis of technical objects. In medical processes doctors usually have to
observe time series of several diagnostic parameters. Only the combination of
these events in the different time series and their relation to each other can predict
the occurrence of a disease or a dangerous status for patients. Such an analysis re-
guires a temporal abstraction of the time sqi%=97[ Sha99.
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Fig. 12. Different Types of Information that can be extracted from Images

Time series can be described by parameters from the frequency or time domain,
see Figure 13. We can use Fourier coefficients and the Ceptrum for the description
of the time series. In the time domain we can describe a time series by curve seg-
ments of an n-th order interpolation function such as e.g. lines and parabola. These
curve segments can be labeled by symbolic terms such as slope, peak, or valley

then we can symbolically interpret the line segment.

2.7.4 Web Data

There are different types of data: user entry data, server logs, web documents and

webmeta data.
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Fig. 13. Description of Time Series

The user usually inputs user data himself when requested to register at a web-
site or when he is answering a questionnaire on a website. These information are
stored into a data base which can be taken later on for data mining.

Web server logs are automatically generated by the server when a user is visit-
ing an URL at a site. In a server log are registered the IP address of the visitor, the
time when he is entering the website, the time duration he is visiting the requested
URL and the URL he is visiting. From these information can be generated the path
the user is going on this webs[tEMS99. Web server logs are important infor-
mation in order to discover the behavior of a user at the website. In the example
given in Figure 15 a typical server log file is shown. Table 2 shows the code for
the URL. In table 3 is shown the path the user is taking on this website. The user
has been visiting the website 4 times. A user session is considered to be closed
when the user is not taking a new action within 20 minutes. This is a rule of thumb
that might not always be true. Since in our example the time duration between the
first user access starting at 1: 54 and the second one at 2:24 is longer than 20 min-
utes we consider the first access and the second access as two sessions. However
it might be that the user was staying on this website for more than 20 minutes
since he is not entering the website by the main page.

The web documents contain information such as text, images, video or audio.
They have a structure that allows to recognize for e.g. the title of the page, the
author, keywords and the main body. The formatting instruction must be removed
in order to access the information that we want to mine on these sides. An exam-
ple of an HTML document is given in Figure 14. The relevant information on this
page is marked with grey color. Everything else is HTML code which is enclosed
into brackets <>. The title of a page can be identified by searching the page for the
code <title> to find the beginning of the title and for the code </title> to find the
end of the title. Images can be identified by searching the webpage for the file ex-
tension .gif, .jpg.

Web meta data give us the topology of a website. This information is normally
stored as a side-specific index table implemented as a directed graph.
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<htm >
<head>

<title>wel come to the honmepage of Petra Perner</title>
</ head>

<body bgcol or ="#ccffcc" text="black" background="../images/ RilntHgill"
I'i nk="#666699" >

<td wi dt h="20" valign="top"><ing hei ght="5" wi dth="20"

src="../i mages/ fiXNGI" ></ t d>

<td wi dth="423" valign="top">
<font face="Arial, Hel vetica, Geneva" size="4" col or ="#666699" >

Wel cone to the honepage of Petra Perner </ b><br></font></br></br>

<font face="Arial, Hel vetica, Geneva" size="3" co-
| or="#666699" >| ndustri al Conference Data M ning 24.7.-25.7.2001
</ font></br></br> </ br>

<font face="Arial, Hel vetica, Geneva" size="3" col or="bl ack">

In connection with MLDM20O1 there will be held an industrial confe-
rence on Data M ni ng. </ br></br>

Pl ease visit our website http://ww:. data-m ning-forumde for nore in-
formation. </ br></br>

Li st of Accepted Papers for MLDMis now available. |Infornmation on
M.DM2001 you can find on this site under the |ink M.DM2001</br> </br>

</font></td></tr></tabl e></div>
</ body>
</htnm >

Fig. 14. Excerpt from a HTML Document

hs2-210.handshake.de - - [01/Sep/1999:00:01:54 +0100] "GET /support/ HTTP/1.0" - -
"http://www.s1.defindex.html" "Mozilla/4.6 [en] (Win98; )"

Isis138.urz.uni-duesseldorf.de - - 01/Sep/1999:00:02:17 +0100] "GET /support/laserjet-support.html
HTTP/1.0" - - "http://www.s4.de/support/" "Mozilla/4.0 (compatible; MSIE 5.0;
Windows 98; QXW0330d)"

hs2-210.handshake.de - - [01/Sep/1999:00:02:20 +0100] "GET /support/esc.html HTTP/1.0" - -
"http://www.s1.de/support/" "Mozilla/4.6 [en] (Win98; I)"

pC19F2927.dip.t-dialin.net - - [01/Sep/1999:00:02:21 +0100] "GET /support/ HTTP/1.0" - -
"http://lwww.s1.de/" "MOZILLA/4.5[de]C-CCK-MCD QXWO03207 (WinNT;
1"

hs2-210.handshake.de - - [01/Sep/1999:00:02:22 +0100] "GET /service/notfound.html HTTP/1.0"|-
- "http://www.s1.de/support/esc.html”" "Mozilla/4.6 [en] (Win98; I)"

hs2-210.handshake.de - - [01/Sep/1999:00:03:11 +0100] "GET /service/supportpack/ in

dex_content.html HTTP/1.0" - - "http://www.s1.de/support/" "Mozilla/4.6 [er)]

(Win9s; 1)

hs2-210.handshake.de - - [01/Sep/1999:00:03:43 +0100] "GET /service/supportpack/kontakt.htm
HTTP/1.0" - - "http://lwww.s1.de/service/supportpack/index_content.html"
"Mozilla/4.6 [en] (Win98; I)"

cache-dm03.proxy.aol.com - - [01/Sep/1999:00:03:57 +0100] "GET /support/ HTTP/1.0" - -
"http://www.s1.de/" "Mozilla/4.0 (compatible; MSIE 5.0; AOL 4.0; Windows
98; DigExt)"

Fig. 15. Excerpt from a Server Lodfile
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Table 2. URL Address and Code for the Address

URL Address Code
www.sl.de/index.html
www.s1.de/suppott
www.s1.de/support/esc.html
www.sl.de/support/serviegot
found.html
www.sl.de/service/supportpack/inde
content.html
www.sl.de/service/supportpack/kontak
t.html

w|>

M olo

Table 3. User, Time and Path the User has taken on the Web-Site

User Name Time Path
USER 1 1:54 A
USER 1 2:20 -2:22 B> C
USER 1 3:11 B
USER 1 3:43 - 3:44 B F

2.8 Conclusions

Useful results can only be obtained by data mining when the data are carefully
prepared. Unnecessary data, noisy data or even correlated data highly affect the
result of the data mining experiment. Their influence should be avoided by ap-
plying proper data preparation techniques.

The raw data of a multimedia source such as images, video, or logfile data can-
not be used from scratch. Usually these data need to be transformed into a proper
abstraction level. For example from an object in an image features should be cal-
culated that describe the properties of the object. Each image will then have an
entry in the data table containing the features of the objects extracted from the im-
age. How the image should be represented is often domain-dependent and requires
a careful analysis of the domain. We will show on examples in the chapter 4 how
this can be done for different abstraction levels.
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3.1 Decision Tree Induction

3.1.1 Basic Principle

With decision tree induction we can automatically derive from a set of single ob-
servations a set of rules that generalizes these data (see Figure 16). The set of rules
is represented as decision tree. Decision trees recursively partitions the solutions
space based on the attribute splits into subspaces until the final solutions is
reached. The resulting hierarchical representation is very natural to human prob-
lem solving process. During the construction of the decision tree are selected from
the whole set of attributes only those attributes that are most relevant for the clas-
sification problem. Once the decision tree has been learnt and the developer is
satisfied with the quality of the learnt model. This model can be used in order to
predict the outcome for new samples.

This learning methods is also called supervised learning since samples in the
data collection have to be labelled by the class. Most decision tree induction algo-
rithm allow to use numerical attributes as well as categorical attributes. Therefore,
the resulting classifier can make the decision based on both types of attributes.

Class SepalLeng |SepalWi |PetalLen |PetalWi
Setosa sil 35 14 o2 %
150 DS
Setosa 49| 30) 14 02] DETALLEN
Setosa 47| 3,2 1,3] 0,2]
<=2.45 >2.45
Setosa 4,6 3,1 1,5] 0,2] .. 50 DS 100 DS
Decision Tree [Setosa ] PETALLEN
Setosa 5,0 3,6] 1,4] 0,2] .
Induction
Versicolor 7,0 32 47 14] <=4.9 >4.9
54 DS 46 DS
Versicolor 6,4 3.2 4,5] 15| PETALWI [Virginic]
Versicolor 6,9 3,1 4,9 15
<=1.65 >1.65
Versicolor 5,5 2,3 4,0} 1,3] 47 DS 7DS
[Versicol] [Virginic]
Attribute-Value Pair Representation Data Mining Result

Fig. 16. Basic Principle of Decision Tree Induction

P. Perner: Data Mining on Multimedia Data, LNCS 2558, pp[33-89, 2002.
[ Springer-Verlag Berlin Heidelberg 2002
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3.1.2 Terminology of Decision Tree

A decision tree is a directed a-cyclic graph consisting of edges and nodes, see Fig-
ure 17.

The node with no edges enter is called the root node. The root node contains all
class labels. Every node except the root node has exactly one entering edge. A
node having no successor is called a leaf or terminal node. All other nodes are
called internal nodes.

The nodes of the tree contain the decision rules such as

IF attribute A< value THEN D.

The decision rule is a functidrthat maps the attributé to D. The sample set is
splitted in each node into two subsets based on the cowxataafor the attribute.

This constant is called cut-point.

In case of a binary tree, the decision is either true or false. Geometrically, the test
describes a partition orthogonal to one of the coordinates of the decision space.

A terminal node should contain only samples of one class. If there are more
than one class in the sample set we say there is class overlap. An internal node
contains always more than one class in the assigned sample set.

A path in the tree is a sequence of edges figm), (v,,v), ..., (v.-,,v,) We say
the path is fronv,to v, and is of the length. There is a unique path from the root
to each node. The depth of a node a tree is the length of the path from the root
to v. The height of nodg in a tree is the length of a largest path froto a leaf.

The height of a tree is the height of its root. The level of a nade tree is the
height of the tree minus the depthvof

Root
] C). F(). D
. — —

I
LS | I | |

terminal
(class label)

Fig. 17. Representation of a Decision Tree

A binary tree is an ordered tree such that each successor of a node is distin-
guished either as a left son or a right son; no node has more than one left son nor
more than one right son. Otherwise it is a multivariate tree.

Let us now consider the decision tree learnt from Fisher’s Iris detaisesf.

This data set has three classes (1-Setosa, 2-Vericolor, 3-Virginica) with 50 obser-
vations for each class and four predictor variables (petal length, petal width, sepal
length and sepal width). The learnt tree is shown in Figure 18. It is a binary tree.

The average depth of the tree is 1+3+2=6/3=2. The root node contains the attribute
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petal_length. Along a path the rules are combined by the AND operator. Follow-
ing the two paths from the root node we obtain for e.g. two rules such as:

Rulel: IF petal_lenght<=2.45 THEN Setosa

Rule 2: IF petal_lenght<2.45 AND petal_lenght<4.9 THEN Virginicg.

In the later rule we can see that the attribute petal_length will be used two times
during the problem solving process. Each time it is used a different cut-point on
this attribute. This representation results from the binary tree building process
since only axis-parallel decision surfaces (see Figure 21) based on single cut-
points are created. However, it only means that the values for an attribute should
fall into the interval [2.45,4.9] for the desired decision rule.

.

150 DS
PETALLEN

( <=2.45
50 DS
[Setosa ]

( <=4.9 ( >4.9
| 54 DS | 46 DS
PETALWI [Virginic]

( <=1.65 ( >1.65
47 DS 7DS
[Versicol] [Virginic]

Fig. 18. Decision Tree learnt from Iris Data Set

>2.45
100 DS
PETALLEN

3.1.3 Subtasks and Design Criteria for Decision Tree Induction

The overall procedure of the decision tree building process is summarized in Fig-
ure 19. Decision trees recursively split the decision space into subspaces based on
the decision rules in the nodes until the final stopping criteria is reached or the re-
maining sample set does not suggest further splitting. For this recursive splitting
the tree building process must always pick among all attributes that attribute
which shows the best result on the attribute selection criteria for the remaining
sample set. Whereas for categorical attributes the partition of the attributes values
is given a-priori. The partition (also called attribute discretization) of the attribute
values for numerical attributes must be determined.
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do while tree termination criterion faild
do for all features

feature numerical?
yes no

splitting-procedure

feature selection procedure

split examples

built tree

Fig. 19. Overall Tree Induction Procedure

It can be done before or during the tree building process [DLS95]. We will con-
sider the case where the attribute discretization will be done during the tree build-
ing process. The discretization must be carried out before the attribute selection
process since the selected partition on the attribute values of a numerical attribute
highly influences the prediction power of that attribute.

After the attribute selection criteria was calculated for all attributes based on
the remaining sample set, the resulting values are evaluated and the attribute with
the best value for the attribute selection criteria is selected for further splitting of
the sample set. Then, the tree is extended by a two or more further nodes. To each
node is assigned the subset created by splitting on the attribute values and the tree
building process repeats.

Attribute splits can be done:

* univariate on numerically or ordinal ordered attributes X such as X <= a,

* multivariate on categorical or discretized numerical attributes suclilds X
or

» linear combination split on numerically attribut? axX <c-
I

The influence of the kind of attribute splits on the resulting decision surface for

two attributes is shown in Figure 21. The axis-parallel decision surface results in a
rule such as

| IF F324.9 THEN CLASS Virginica

while the linear decision surface results in a rule such as

‘ IF -3.272+0.3254*F3+F# 0 THEN CLASS Virginica.
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The later decision surface better discriminates between the two classes than the
axis-parallel one, see Figure 21. However, by looking at the rules we can see that
the explanation capability of the tree will decrease in case of the linear decision
surface.

3,0
2,5 y

2,0 Y ¢ Class Setosa
15 = m Class Verisicolor
1.0 ] Class Virginica
R
0,0 T T T

0,0 2,0 4,0 6,0 8,0
Attribute F3

Attribute F4

Fig. 20. Axis-Parallel and linear Attribute Splits Graphically Viewed in Decision Space
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Fig. 21. Demonstration of Recursively Splitting of Decision Space based on two Attributes
of the IRIS Data Set

The induced decision tree tends to overfit to the data. This is typically caused
due to noise in the attribute values and class information present in the training
set. The tree building process will produce subtrees that fit to this noise. This
causes an increased error rate when classifying unseen cases. Pruning the tree
which means replacing subtrees with leaves will help to avoid this problem.
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Now, we can summarize the main subtasks of decision tree induction as follow:

« attribute selection (Information GaifQuigg, X’-Statistic [Ker92, Gini-
Index [BFO84], Gain Rati§Qui8g, Distance measure-based selection crite-
ria [Man91],

e attribute discretization (Cut-PointQui8g, Chi-Merge [Kerb93, MLDP
[Fal93] , LVQ-based discretization, Histogram-based discretization, and Hy-
brid MethodqPeT98, and

e pruning (Cost-Complexity[BFO84, Reduced Error Reduction Pruning
[Qui8q, Confidence Interval MethodQui87], Minimal Error Pruning
[NiB81]).

Beyond that, decision tree induction algorithm can be distinguished in the way
they access the data and in non-incremental and incremental algorithms.

Some algorithms access the whole data set in the main memory of the com-
puter. This is insufficient if the data set is very large. Large data sets of millions of
data do not fit in the main memory of the computer. They must be assessed from
disk or other storage device so that all these data can be mined. Accessing the data
from external storage devices will cause long execution time. However, the user
likes to get results fast and even for exploration purposes he likes to carry out
quickly various experiments and compare them to each other. Therefore, special
algorithm have been developed that can work efficiently although using external
storage devices.

Incremental algorithm can update the tree according to the new data while non-
incremental algorithm go trough the whole tree building process again based on
the combined old data set and the new data.

Some standard algorithm are: CART, ID3, C4.5, C5.0, Fuzzy C4.5, OC1,
QUEST, CAL 5.

3.1.4 Attribute Selection Criteria

Formally, we can describe the attribute selection problem as followy betthe

full set of features, with cardinality, and letn be the number of samples in the
remaining sample sét Let the feature selection criterion function for the attribute
be represented b§(A,n). Without any loss of generality, let us consider a higher
value ofSto indicate a good attribu#® Formally, the problem of attribute selec-
tion is to find an attributé based on our sample subsethat maximizes our cri-
teriaSso that

S(A,n) =maxS(Z,n,) 1)

zov|z|=1

Numerous attribute selection criteria are known. We will start with the most used
criteria called information gain criteria.
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3.1.4.1 Information Gain Criteria and Gain Ratio

Following the theory of the Shannon chanfihi87, we consider the data set as

the source and measure the impurity of the received data when transmitted via the
channel. The transmission over the channel results in the partition of the data set
into subsets based on splits on the attribute valuafsthe attributeA. The aim
should be to transmit the signal with the least loss on information. This can be de-
scribed by the following criterion:

IF 1(A)=1(C)-1(C/J)=Max THEN Select Attribute— A

wherel(A) is the entropy of the sourd€(C) is the entropy of the receiver or the
expected entropy to generate the messag€,, ..., C_ andI(C/J) is the losing
entropy when branching on the attribute vallie§ attributeA.

For the calculation of this criterion we consider first the contingency table in
table 4 withm the number of classes,the number of attribute valuds n the
number of exampled, number of examples with the attribute valijeR the
number of examples belonging to cl&8s andx; the number of examples be-
longing to clas€, and having attribute valug.

Now, we can define the entropy of the class C by:

R. R
Log—L )
1 N N

(e

1(C) = -

J

M3

The entropy of the class given the feature values, is:

1(C/3) :Z% Ei—%ld% :%ih logL, - Zix, logx,  ®

The best feature is the one that achieves the lowest value of (2) or, equivalently,
the highest value of the "mutual informatidgC) - 1(C/J). The main drawback of
this measure is its sensitivity to the number of attribute values. In the extreme
case, a feature that takes N distinct values folNtlexamples achieves complete
discrimination between different classes, givitg/J)=0, even though the fea-
tures may consist of random noise and be useless for predicting the classes of fu-
ture examples. Therefore, QuinlpQui8y introducted a normalization by the en-
tropy of the attribute itself:
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G(A)=IAVIJ) with | (J) = _i %m % @)

Other normalization have been proposed by Coppersmith et. al [CHH99] and
Lopez de MontaraH.oM91]. Comparative studies have been done by White and
Lui [WhL94].

Table 4. Contingency Table for an Attribute

Class
Attribute valuée C1l C2 Cj Cm |SUM
Jl x11 | x12 x1j . | xIm] L1
J2 x21 | x22 X2j .. | x2m] L2
Ji xil Xi2 Xij Xim Li
Jn xnl | xn2 Xnj .. | xnm] Ln
SUM R1 R2 Rj Rm N

3.1.4.2 Gini Function

This measure takes into account the impurity of the class distribution. The Gini
function is defined as:

G=1- Z p’ (5)

The selection criteria is defined as:

IF Gini(A) =G(C)-G(C/A)=Maxt THENSelect Attribute A
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The Gini function for the class is:

G(C) =1- i%% 6)

The Gini function of the class given the feature values is defined as:
nL
—_ I
G(C/J)—Z—GN (J) (7)
1=

with
GU)=1-5 gl ®)
20

3.1.5 Discretization of Attribute Values

A numerical attribute may take any value on a continuous scale between its mini-
mal valuex, and its maximal valug,. Branching on all these distinct attribute val-
ues does not lead to any generalization and would make the tree very sensitive to
noise. Rather we should find meaningful partitions on the numerical values into
intervals. The intervals should abstract the data in such a way that they cover the
range of attribute values belonging to one class and that they separate them from
those belonging to other classes. Then, we can treat the attribute as a discrete vari-
able withk+ 1 intervals. This process is called discretization of attributes.

The points that split our attribute values into intervals are called cut-points. The
cut-pointsk lies always on the border between the distribution of two classes.

Discretization can be done before the decision tree building process or during
decision tree learning [DLS95]. Here we want to consider discretization during the
tree building process. We call them dynamic and local discretization methods.
They are dynamic since they work during the tree building process on the created
subsample sets and they are local since they work on the recursively created sub-
spaces. If we use the class label of each example we consider the method as su-
pervised discretization methods. If we do not use the class label of the samples we
call them unsupervised discretization methods. We can patrtition the attribute val-
ues into two (k=1) or more intervals>k). Therefore, we distinguish between bi-
nary and multi-interval discretization methods, see Figure 23 .

In Figure 22, we see the conditional histogram of the values of the attribute
petal_length of the IRIS data set. In the binary case (k=1), the attribute values



32 3 Methods for Data Mining

would be splitted at the cut-point 2.35 into an interval from 0 to 2.35 and a second
interval from 2.36 to 7. If we do multi-interval discretization, we will find another
cut-point at 4.8. That groups the values into 3 intervals (k=2): intervall_1 from O
to 2.35, interval_2 from 2.36 to 4.8, and interval_3 from 4.9 to 7.

We will also consider attribute discretization on categorical attributes. Many
attribute values of a categorical attribute will lead to a partition of the sample set
into many small subsample sets. This again will result into a quick stop of the tree
building process. To avoid this problem, it might be wise to combine attribute val-
ues into a more abstract attribute value. We will call this process attribute aggre-
gation. It is also possible to allow the user to combine attribute interactively dur-
ing the tree building process. We call this process manual abstraction of attribute
values, see Figure 23.

10 13 16 19 22

23

Petal length

Fig. 22. Histogram of Attribute Petal Length and Cut-Points

Attribute Discretization

Numerical Attributes Categorical Attributes
] ]
| | | |
Binary Multi-Interval Abstraction Automatic
(Cut-Point Determination) Discretization Manual based on Domain Aggregation
Knowledge

Fig. 23. Overview about Attribute Discretization

3.1.5.1 Binary Discretization
3.1.5.1.1 Binary Discretization Based on Entropy

Decision tree induction algorithm like ID3 and C4.5 use an entropy criteria for the
separation of attribute values into two intervals. On the attribute range be¢yeen
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andx__ is tested each possible cutpoinand the one that fullfils the following
condition is chosen as cutpoift

IF I(AT,;S)=Mint THEN Sdect T, for T

with Sthe subsample seA the attribute, and the cutpoint that separates the
samples into subs& andS.

I(A, T, S is the entropy for the separation of the sample set into the sgjbset
andsS,.

S

[(AT;S)= |(sl)+ S, I(S) )

1(S) = —Z pC,9)1d p(C,,9S) (10)

The calculation of the cut-point is usually a time consuming process since each
possible cut-point is tested against the selection criteria. Therefore, algorithms

have been proposed that speed up the calculation of the right cuf$=iBq.

3.1.5.1.2 Discretization Based on Inter- and Intra Class Variance

To find the threshold we can also do unsupervised discretization. Therefore, we
consider the problem as a clustering problem in a one-dimensional space. The ra-
tio between the inter-class variangéaf the two subsets, @ind S and the intra-

class variance $in S andS, is used as criteria for flndmg the threshold:

2

s =P(m,-m?+P(m-m’and s =Rs) +PRs (11)
The variances of the two groups are defined as:

SE Z(x m,)? (X)

with N the number of all samples ah¢k) the frequency of attribute value T
is the threshold that will be tentatively moved over all attribute values. The values
m,andm, are the mean values of the two groups that give us:

—and s = Z(X m,)? h( ) (12)

m=m,P, +mP, (13)

whereP, andP, are the probability for the values of the subset 1 and 2:
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T h(x X2 N(X.
=3 () gy p = & 100 »”
=X N 1=
The selection criteria is:
SZ
IF = = MAX! THEN Select J for T
S,

3.1.5.2 Multi-interval Discretization

Binary interval discretization will result in binary decision trees. This might not
always be the best way to model the problem. The resulting decision tree can be
very bushy and the explanation capability might not be good. The error rate might
increase since the approximation of the decision space based on the binary deci-
sions might not be advantageous and, therefore, leads to a higher approximation
error. Depending on the data it might be better to create decision trees having
more than two intervals for numerical attributes.

For multi-interval discretization we have to solve two problems:
1. Find multi intervals and
2. 2. Decide about the sufficient number of intervals.

The determination of the number of the intervals can be done static or dynamic.
In the later case the number of intervals will be automatically calculated during
the learning process whereas in the static case the number of intervals will be
given a-prior by the user prior to the learning process. Then, the discretization
process will calculate as much intervals as it reaches the predefined number re-
gardless if the class distribution in the intervals is sufficient or not. This results in
trees having always the same number of attribute partitions in each node. All algo-
rithm described above can be taken for this discretization process. The difference
between binary interval discretization is that this process does not stop after the
first cut-point has been determined the process repeat until the given number of
intervals is reachefPeT9§

During dynamic discretization process are automatically calculated the suffi-
cient number of intervals. The resulting decision tree will have different attribute
partitions in each node depending on the class distribution of the attribute. For this
process, we need a criterion that allows us to determine the optimal number of in-
tervals.
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3.1.5.2.1 Basic (Search Strategies) Algorithm

Generally, we have to test any possible combinations of cut-gointorder to

find the best cut-points. This would be computational expensive. Since we assume
that cut-points are always on the border of two distributionsgifen class, we

have a heuristic for our search strategy.

Discretization can be done bottom-up or top-down. In the bottom-up case, we
will start with a finite number of intervals. In the worst case, these intervals are
equivalent the original attribute values. They can also be selected by the user or
estimated based on the maximum of the second order probability distribution that
will give us a hint where the class borders are located. Starting from that the algo-
rithm merges intervals that do met the merging criteria until a stopping criteria is
reached.

In the top-down case, the algorithm first selects two intervals and recursively
refines these intervals until the stopping criteria is reached.

3.1.5.2.2 Determination of the Number of Intervals

In the simplest case the user will specify how many intervals should be calculated
for a numerical attribute. This procedure might become worse when there is no
evidence for the required number of intervals in the remaining data set. This will
result in bushy decision trees or will stop the tree building process sooner as pos-
sible. Much better would be to calculate the number of intervals from the data.

Fayyad and IraniFal93 developed a stopping criteria based on the minimum
description length principle. Based on this criteria the number of intervals is cal-
culated for the remaining data set during decision tree induction. This discretiza-
tion procedure is called MLD-based discretization.

Another criteria can use a cluster utility measure to determine the best suitable
number of interval§Per0qQ.

3.1.5.2.3 Cluster Utility Criteria

Based on the inter-class variance and the intra-class variance we can create a
cluster utility measure that allows us to determine the optimal number of intervals.
We assume that inter-class variance and intra-class variance are the inter-interval
variance and intra-interval variance.

Let sf,be the intra-class variance ar&?g be the inter-class variance. Then we
can define our utility criteria as follow:

n

U:levzm_ssk

» (15)

The number of intervals is chosen for minimdl.
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3.1.5.2.4 MLD Based Criteria

The MLD-based criteria was introduced by Fayyad and [f&ai93 Discretiza-
tion is done based on the gain ratio. The gain t&#ipT;S) (see Section) is tested
after each new interval against the MLD-criteria:

(N —1)+ O(AT;S)

I(AT:S) > log,
N N

(16)

whereN is the number of instances in the Seind
(AT;S) =log, (3 -2)-[k0(S) -k, 0 (S) ~k,I(S)] @7

One of the main problems with this discretization criteria is that it is relatively
expensive. It must be evaluatiel times for each attribute (with the number of
attribute values). Typically\ is very large. Therefore, it would be good to have
an algorithm which uses some assumption in order to reduce the computation
time.

3.1.5.2.5 LVQ-Based Discretization

Vector quantization is also related to the notion of discretizfRef98. for our
experiment. LVQ[Koh95 is a supervised learning algorithm. This method at-
tempts to define class regions in the input data space. Firstly, a number of code-
book vectord/ labeled by a class are placed into the input space. Usually several
codebook vectors are assigned to each class.

The learning algorithm is realized as follow: After an initialization of the neural
net, each learning sample is presented one or several times to the net. The input
vector X will be compared to all codebook vectasin order to find the closest
codebook vectoW.. The learning algorithm will try to optimize the similarity
between the codebook vectors and the learning samples by shifting the codebook
vectors in the direction of the input vector if the sample represents the same class
as the closest codebook vector. In case of the codebook vector and the input vector
having different classes the codebook vector gets shifted away from the input
vector, so that the similarity between these two decrease. All other code book
vectors remain unchanged. The following equations represent this idea:

for equal classed (t +1) =W/(t) +a(t) [[]X (t) —V\é(t)] (18)
for different classesW\, (t +1) =W.(t) —a(t) [[]X (t) —V\é(t)] (19)
For all other:W, (t +1) =W/(t) (20)
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This behavior of the algorithms we can employ for discretization. A potential cut
point might be in the middle of the learned codebook vectors of two different
classes. Figure 24 shows this method based on one attribute of the IRIS domain.
Since this algorithm tries to optimize the misclassification probability we expect
to get good results. However, the proper initialization of the codebook vectors and
the choice of learning rate(t) is a crucial problem.
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Fig. 24. Class Distribution of an Attribute and Codebook Vectors

3.1.5.2.6 Histogram Based Discretization

A histogram-based method has been suggested first by Wu et al. [WLS75]. They
used this method in an interactive way during top-down decision tree building. By
observing the histogram, the user selects the threshold which partitions the sample
set in groups containing only samples of one class. In PernefBe&b§ is de-
scribed an automatic histogram-based method for feature discretization.

The distributionp(al] a~C)P(C,) of one attributea according to classes, is cal-
culated. The curve of the distribution is approximated by a first order polynom and
the minimum square error method is used for calculating the coefficients:

E:Z(alxi +ao_Yi)2 (21)

Z %0 22)
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The cut points are selected by finding two maxima of different classes situated
next to each other.

We used this method in two ways: First, we used the histogram-based discretiza-
tion method as described before. Second, we used a combined discretization
method based on the distributipta] a/S)P(S) and the entropy-based minimiza-

tion criteria. We followed the corollary derived by Fayyad and If&ail93,

which says that the entropy-based discretization criteria for finding a binary parti-
tion for a continuous attribute will always partition the data on a boundary point in
the sequence of the examples ordered by the value of that attribute. A boundary
point partitions the examples in two sets, having different classes. Taking into ac-
count this fact, we determine potential boundary points by finding the peaks of the
distribution. If we found two peaks belonging to different classes, we used the en-
tropy-based minimization criteria in order to find the exact cut point between these
two classes by evaluation each boundary point K Riti K < P,, between this

two peaks.

10 L3 16 19 22|25 28 31 34 37 40 43 46 [49 52 55 58 61 64 67

235 48 Cut-Points
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Fig. 25. Examples sorted by attribute values for attribute A and labelled peaks

This method is not as time consuming like the other ones. We wanted to see if this
method can be an alternative to the methods described before and if we can find a
hybrid version which combines the advantages of the low computation time of the
histogram-based method with the entropy minimization heuristic in the context of
discretization.

3.1.5.2.7 Chi-Merge Discretization

The ChiMerge algorithm introduced by Kerber [Ker92] consists of an initializa-
tion step and a bottom-up merging process, where intervals are continuously
merged until a termination condition is met. Kerber used the ChiMerge method
static. In our study we apply ChiMerge dynamically to discretization. The poten-
tial cut-points are investigated by testing two adjacent intervals by tlirede-
pendence test. The statistical test values is:
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where m=2 (the intervals being compared), k - number of classesyunber of
examples in i-th interval and j-th class,-Rumber of examples in i-th interval

k m
R = Z A, ; C - number of examples in j-th clads; = 21 A; ; N — the total
=1 1=

k R [q:j
number of exampledN = Z C, ; E, -expected frequendy; = ———.

171 N
Firstly, all boundary points will used for cut-points. In the second step for each
pair of adjacent intervals one compute ftfevalue. The two adjacent intervals
with the low-est x2-value will merge together. This step is repeated continuously
until all x?-value exceeding a given threshold. The value for the threshold is de-
termined by selecting a desired significance level and then using a table or for-
mula to obtain thé”.

3.1.5.2.8 The Influence of Discretization Methods on the Resulting
Decision Tree

Figure 26-29 show decision trees learnt based on different discretization methods.
It shows that the kind of discretization method influences the attribute selection.
The attribute in the root node is the same for the decision tree based on Chi-Merge
discretization (see Figure 26) and LVQ-based discretization (see Figure 28). The
calculated intervals are rawly the same. Since the tree generation based on histo-
gram discretization requires always two cut-points and since in the remaining
sample set is no evidence for two cut-points the learning process stops after the
first level.

The two trees generated based on Chi-Merge discretization and on LVQ-based
discretization have also the same attribute in the root. The intervals are also
slightly differently selected by the two methods. The tree in Figure 28 is the most
bushy tree. However, the error rate (see Table 3.1.2) of this tree calculated based
on leave-one out (see Chapter) is not better than the error rate of the tree shown in
Figure 27. Since the decision is based on more attributes (see Figure 28) the ex-
perts might like this tree much more than the tree shown in Figure 29.
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Fig. 26. Decision Tree based on Chi-Merge Discretization (k=3)
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Fig. 27. Decision Tree based on Histogram based Discretization (k=3)
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Fig. 28. Decision Tree based on LVQ based Discretization



3.1 Decision Tree Induction 41

150 DS
PETALLEN

((>2.45 & <=4.9
54 DS
PETALWI

( >4.9
46 DS
??7? [Virginic]

( <=2.45
50 DS
[Setosa ]

( >1.65
7DS
??7? [Virginic]

f <=1.65
47 DS
[Versicol]

Fig. 29. Decision Tree based on MLD-Principle Discretization

Table5. Error Rate for Decision Trees based on different Discretization Methods

Descritization Method | Error Rate

Unpruned Tree Pruned Tree
Chi-Merge
Histogram based Discr.| 6 6
LVQ based Discr. 4 5.33
MLD-based Discr. 4 4

3.1.5.3 Discretization of Categorical or Symbolical Attributes

3.1.5.3.1 Manual Abstraction of Attribute Values

In opposition to numerical attributes, symbolical attributes may have a large num-
ber of attribute values. Branching on such an attribute causes a partition into small
sub sample sets that will often lead to a quick stop of the tree building process or
even to trees with low explanation capabilities. One way to avoid this problem is
the construction of meaningful abstractions on the attribute level at hand based on
a careful analysis of the attribute Ij§tBY96]. This has to be done in the prepara-

tion phase. The abstraction can only be done on the semantic level. Advantageous
is that the resulting interval can be named with a symbol that human can under-
stand.

3.1.5.3.2 Automatic Aggregation

However, it is also possible to do automatically abstraction on symbolical attribute
values during the tree building process based on the class-attribute interdepend-
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ence. Then the discretization process is done bottom-up starting from the initial
attribute intervals. The process stops until the criteria is reached.

3.1.6 Pruning

If the tree is allowed to grow up to its maximum size it is likely that it becomes
overfitted to the training data. Noise in the attribute values and class information
will amplify this problem. The tree building process will produce subtrees that fit
to noise. This unwarranted complexity causes an increased error rate when classi-
fying unseen cases. This problem can be avoided by pruning the tree. Pruning
means replacing subtrees by leaves based on some statistical criterion. This idea
is illustrated in Figure 30 and Figure 31 on the IRIS data set. The unpruned tree is
a large and bushy tree with an estimated error rate of 6.67%. Up to the second
level of the tree gets replaced subtrees by leaves. The resulting pruned tree is
smaller and the error rate becomes 4.67% calculated with cross validation.

Pruning methods can be categorized either in pre- or post-pruning methods. In
pre-pruning, the tree growing process is stopped according to a stopping criteria
before the tree reaches its maximal size. In contrast to that, in post-pruning, the
tree is first developed to its maximum size and afterwards, pruned back according
to a pruning procedure.
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([ <=165 B | >1.65 ( <=1.75 ( >1.75
47 DS l 7DS l 6 DS 40 DS
[Versicol] SEPALLENG PETALLEN [Virginic]
( <=5.95 [ >595 <=5.1 ( >5.1
3DS 4DS 4DS 2DS
??7? [Virginic] [Virginic] PETALWI [Virginic]

([ <=155 ( >155 B

2Ds 2DS
[Virginic] [Versicol]

Fig. 30. Unpruned Decision Tree for the IRIS Data Set
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Fig. 31. Pruned Tree for the IRIS Data Set based on Minimal Error Pruning

3.1.7 Overview

Post-Pruning methods can be mainly categorized into methods that uses an inde-
pendent pruning set and those that uses no separate pruning set, see Figure 32. The
later one can be further distinguished into methods that uses traditional statistical
measures, re-sampling methods like crossvalidation and bootstrapping, and code-
lenght motivated methods. Here we only want to consider cost-complexity prun-
ing and confidence interval pruning that belongs to the methods with separate
pruning set. An overview about all methods can be found in Kuy&ist9g.

’ Pruning Methods ‘
|

|
Uses Independent Pruning Set‘ ’ No Separate Pruning Set ‘

Resampling Methods | | Codelength Motivated Statistical Methods
Pruning Methods

Fig. 32. General Overview about Pruning Methods

3.1.8 Cost-Complexity Pruning

The cost-complexity pruning method was introduced by Breiman et al. [BFO84].
The main idea is to keep balance between the misclassification costs and the com-
plexity of the subtree (T) described by the number of leaves. Therefore, Breiman
created a cost-complexity criteria as follow:
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CP(T) = % +a [Leaves(T) (24)

with E(T) the number of misclassified samples of the sublréd(T) - number
of samples belonging to the subtiied eaves(T) - number of leaves of the subtree
T, and a free defined parameter, often called complexity parameter. The subtree
whose replacement causes the minimal costs is replace by a leaf:

IF a = M O MIN!'  Then Substitute_Subtree

N(T) [{Leaves(T) -1)

The algorithm tentatively replaces all subtrees by leaves if the calculated value
for a is minimal compared to the valuesof the other replacements. This results
in a sequence of tredg < T,<.. <T,<..<T, whereT, is the original tree and, is
the root. The trees are evaluated on an independent data set. Among this set of
tentatively trees is selected the smallest tree as final tree that minimizes the mis-
classifications on the independent data set. This is called the 0-SE (0-standard er-
ror) selection method. Other approaches use a relaxed version, called 1-SE
method, in which the smallest tree does not exé&etSE(E ). E . is the mini-
mal number of errors that yields an decision TendSE(E ) is the standard de-
viation of an empirical error estimated from the independent dat&=&, ) is

N - Emin)
N

with N the number of

calculated as follow:SE(E,;,) :\/Emin I

test samples.

3.1.9 Some General Remarks

In the former Sections, we have outlined methods for decision tree induction.
However, some general remarks should help the user better understand the results
and the behavior of decision tree induction. One main problem is the dependence
of the attribute selection on the order of the attributes. Always the attribute that
appears first in the data table will be chosen in case two attributes show both the
best possible values for the selection criteria. Whereas this may not influence the
accuracy of the resulting model the explanation capability might become worse. A
trained expert might not find the attribute he is usually using. Therefore, his trust
in the model will be effected. One way to come around this problem would be to
let the user select which one of the attributes the tree should use. However, than
the method acts in an interactive fashion and not automatically. In case of large
data bases is might be preferable to neglect this problem.

Likewise other learning techniques, decision tree induction strongly depends on
the sample distribution. If the class samples are not equally distributed the induc-
tion process might relay on the distribution of the largest class. Usually, users ig-
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nore this problem. They run the experiment although one class might dominate in
the sample set while others are only represented by a few examples. We have de-
monstated the influence of the class distribution in the sample set on the IRIS data
set (see Figures 33-35 and Table 3.1.3). It is to see that for the first two examples
the resulting decision tree is more or less the same for the top level of the trees as
the original tree but the upper levels have changed. If the class distribution gets
even worse the tree changes totally. However, the error rate calculated with leave-
one out stays in the range of the original tree.
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Fig. 33. Decision Tree for the IRIS Data Set Distribution_1
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Table 6. Error Rate for different Sample Sizes

Class Distribution Error Rate

No. | Setosa Versicolor| Virginic Unpruned Pruned
50 50 50 6.66 4.66

1 25 50 9 5.88 5.88

2 25 50 3 2.56 2.56

3 1 50 3 7.407 5.55

A categorical attribute witlm attribute values branches imosubset when the at-
tribute is used for splitting in a node. If the distribution of data is equal in the data
set then the entry data sewill result inn subsets of the size=n/n. It is clear as
larger amn is as smaller is the size of the subdetas a result of using categorical
attributes with many attribute values the decision tree building process will stop
very soon since in the remaining subsets will meet the stopping criteria very soon.

3.1.10 Summary

Decision tree induction is a powerful method for learning classification knowledge
from example. In contrast to rule induction decision trees present the resulting
knowledge in a hierarchical manner that suits to the human reasoning behavior.
Nonetheless, decision trees can be converted into a set of rules.

We have given a sound description of decision tree induction methods that can
learn binary and n-ary decision trees. We introduced the basis steps of decision
tree learning and describe the methods which have been developed for them. The
material is prepared in such a way that the reader can follow the developments and
their interrelationship. There is still room for new developments and we hope we
could inspire the reader to think about it.

3.2 Case-Based Reasoning

Decision trees are difficult to utilize in domains where generalized knowledge is
lacking. But often there is a need for a prediction system even though there is not
enough generalized knowledge. Such a system should a) solve problems using the
already stored knowledge and b) capture new knowledge making it immediately
available to solve the next problem. To accomplish these tasks case-based rea-
soning is useful. Case-based reasoning explicitly uses past cases from the domain
expert’s successful or failing experiences.

Therefore, case-based reasoning can be seen as a method for problem solving
as well as a method to capture new experiences and make them immediately
available for problem solving. It can be seen as a learning and knowledge discov-
ery approach since it can capture from new experiences some general knowledge
such as case classes, prototypes and some higher level concept.
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3.2.1 Background

Case-Based Reasoning is used when generalized knowledge is lacking. The

method works on a set of cases formerly processed and stored in a case base. A
new case is interpreted by searching for similar cases in the case base. Among this
set of similar cases the closest case with its associated result is selected and pre-
sented to the output.

To point out the differences between a CBR learning system and a symbolic
learning system, which represents a learned concept explicitly, e.g. by formulas,
rules or decision trees, we follow the notion of Wess efVaeG94: "A case-
based reasoning system describes a concept C implicitly by a pair (CB, sim). The
relationship between the case base CB and the measure sim used for classification
may be characterized by the equation:

Concept = Case Base + Measure of Similarity

This equation indicates in analogy to arithmetic that it is possible to represent a
given concept C in multiple ways, i.e. there exist many pairs Cs, &8), (CB,
sim,), ..., (CB,sim) for the same concept C. Furthermore, the equation gives a hint
how a case-based learner can improve its classification ability. There are three
possibilities to improve a case-based system. The system can
» store new cases in the case baBe
» change the measure of similardyn,
* or changeCB andsim.

During the learning phase a case-based system gets a sequence Xf, ¢gses
. X with X= ( x, class (x)) and builds a sequence of pafB,, sm,), (CB,,
sim), ..., (CB,, sim) with CB, 7 {X,, X,, ..., X}. The aim is to get in the limit a pair
(CB,, sim) that needs no further change, LB.O0m = n (CB, sim) = (CB,, sim,),
because it is a correct classifier for the target concept C."

3.2.2 The Case-Based Reasoning Process
The CBR process is comprised of six phases (see Figure 36):

» Current problem description

* Problem indexing

* Retrieval of similar cases

» Evaluation of candidate cases

» Modification of a selected case, if necessary

» Application to a current problem: human action.

The current problem is described by some keywords, attributes or any abstrac-
tion that allow to describe the basic properties of a case. Based on this description
indexing of case base is done. Among a set of similar cases retrieved from the case
base the closest case is evaluated as a candidate case. If necessary this case i
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modified so that it fits to the current problem. The problem solution associated to
the current case is applied to the current problem and the result is observed by the
user. If the user is not satisfied with the result or no similar case could be found in
the case base then the case base management process will start.

Prddem Case ) Falure’Success
Acti
besaipion [ ] secion [ P "M | Regisration

CaseBase

:

Incizing Case Bvduation

Case Retrievd

CaeBase

Fig. 36. Case-Based Reasoning Process

3.2.3 CBR Maintenance

CBR management will operate on new cases as well as on cases already stored in
case base.

If a new case has to be stored into the case base then it means there is no simi-
lar case in the case base. The system has recognized a gap in the case base. A ne\
case has to be inputted into the case base in order to close this gap. From the new
case a predetermined case description has to be extracted which should be for-
matted into the predefined case format.

Afterwards the case is stored into the case base. Selective case registration
means that no redundant cases will be stored into case base and similar cases will
be grouped together or generalized by a case that applies to a more wider range of
problems. Generalization and selective case registration ensure that the case base
will not grow to large and that the system can find similar cases fast.

It might also happen that too much cases will be retrieved during the CBR rea-
soning process. Therefore, it might be wise to rethink the case description or to
adapt the similarity measure. For the case description should be found more dis-
tinguishing attributes that allow to separate cases that do not apply to the current
problem. The weights in the similarity measure might be updated in order to re-
trieve only a small set of similar cases.



3.2 Case-Based Reasoning 49

CBR maintenance is a complex process and works over all knowledge contain-
ers (vocabulary, similarity, retrieval, case bd$dg95 of a CBR system. Conse-
qguently, there has been developed architectures and systems which support this
procesg§HeW9g[ CIRO].

Case Base
il !
Selective Case [ Case
Registration »|  Generalization
\ 4
Updated
Case Entering
New Case Case
Entering Formanon Refinement
Knowledge

Fig. 37. CBR Maintenance

3.2.4 Knowledge Containers in a CBR System

The notion of knowledge containers has been introduced by RidRies5. It

gives a helpful explanation model or view on CBR systems. A CBR system has
four knowledge containers which are the underlying vocabulary (or features), the
similarity measure, the solutions transformation, and the cases. The first three rep-
resent compiled knowledge since this knowledge is more stable. The cases are in-
terpreted knowledge. As a consequence, newly added cases can be used directly.
This enables a CBR system to deal with dynamic knowledge. In addition knowl-
edge can be shifted from one container to another container. For instance, in the
beginning a simple vocabulary, a rough similarity measure, and no knowledge on
solutions transformation are uspdltOl]. However, a large number of cases are
collected. Over time, the vocabulary can be refined and the similarity measure de-
fined in higher accordance with the underlying domain. In addition, it may be pos-
sible to reduce the number of cases because the improved knowledge within the
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other containers now enable the CBR system to better differentiate between the
available cases.

3.2.5 Design Consideration
The main problems concerned with the development of a CBR system are:

* What makes up a case?

* What is an appropriate similaritiy measure for the problem?

* How to organize a large number of cases for efficient retrieval?

* How to acquire and refine a new case for entry in the case base?

* How to generalize specific cases to a case that is applicable to a wide range of
situations?

3.2.6 Similarity

An important point in case-based reasoning is the determination of similarity be-
tween a case A and a case B. We need an evaluation function that gives us a
measure for similarity between two cases. This evaluation function reduces each
case to a numerical similarity measure.

3.2.6.1 Formalization of Similarity

The problem with similarity is that it has no meaning unless one specifies the kind
of similarity [Smi89. It seems advisable to require from a similarity measure the
reflexivity. An object is similar to itself. Symmetry should be another property of
similarity. However, Bayer et. §BHW92] show that these properties are not
bound to belong to similarity in colloquial use. Let us consider the statements "A
is similar to B" or "A is same as B". We notice that these statements are directed
and that the roles of A and B can not bound to be exchanged. People say: "A circle
is like an ellipse." but not "An ellipse is like a circle." or "The sun looks like the
father." but not "The father looks like to the sun.": Therefore, symmetry is not
necessarily a basic property of similarity. However, in the above examples it can
be useful to define the similarity relation symmetrical. The transitivity relation
must also not necessarily hold. Let us consider the block world: a red ball and a
red cube might be similar; a red cube and a blue square are similar; but a red ball
and a blue cube are dissimilar. However, a concrete similarity relation might be
transitive.

Smith distinguish into 5 different kinds of similarity:
¢ Overall similarity
e Similarity
¢ Identity
« Partial similarity and
« Partial identity.
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Overall similarity is a global relation that includes all other similarity relations.
All colloquial similarity statements are subsumed here.

Similarity and identity are relations that consider all properties of objects at
once, no single part will be unconsidered. A red ball and a blue ball are similar, a
red ball and a red car are dissimilar. The holistic relations similarity and identity
are different in the degree of similarity. Identity described objects that are not sig-
nificant different. All red ball of one production process are similar. Similarity
contains identity and is more general.

Partial similarity and partial identity compare the significant parts of objects.
One aspect or attribute can be marked. Partial similarity and partial identity are
different with respect to the degree of similarity. A red ball and a pink cube are
partial similar but a red ball and a red cube are partial identical.

The described similarity relations are in connection with many respects. Iden-
tity and similarity are unspecified relations between whole objects. Partial identity
and similarity are relations between single properties of objects. Identity and
similarity are equivalence relations that means they are reflexive, symmetrical,
and transitive. For partial identity and similarity does not hold these relations.
Form identity follows similarity and partial identity. From that follows partial
similarity and general similarity.

Similarity and identity are two concepts that depend from the actual context.

The context defines the essential attributes of the objects that are taken into
consideration when similarity is determined. An object "red ball" may be similar
to an object "red chair" because of the color red. However the object "ball" and
"chair" are dissimilar. These attributes are weather given a-priori or "salient" in
considered problem and need to make explicit by a knowledge engineering step.

3.2.6.2 Similarity Measures

The calculation of similarity between the attributes must be meaningful. It makes
no sense to compare two attributes that do not make a contribution to the consid-
ered similarity.

Since attributes can be numerical and categorical or a combination of both we
need to pay attention to this by the selection of the similarity measure. Not all
similarity measures can be used for categorical attributes or can deal at the same
time with numerical and categorical attributes. The variables should have the same
scale level.

Similarity measures for that kind of attributes will be described in Chapter 3.3.

3.2.6.3 Similarity Measures for Images

Images can be rotated, translated, different in scale, or may have different contrast
and energy but they might be considered as similar. In contrast to that, two images
may be dissimilar since the object in one image is rotated by 180 degree. The con-
cept of invariance in image interpretation is closely related to that of similarity. A
good similarity measure should take this into consideration.



52 3 Methods for Data Mining

The classical similarity measures don not allow this. Usually, the images or the
features have to be pre-processed in order to be adapted to the scale, orientation or
shift. This process is a further processing step which is expensive and needs some
a-priori information which are not always given. Filters such as matched filters,
linear filters, Fourier or Wavelet filters are especially useful for invariance under
translation and rotation which has also been shown by [MNSOQ]. There has been a
lot of work done to develop such filters for image interpretation in the past. The
best way to achieve scale invariance from an image is by means of invariant mo-
ments, which can also be invariant under rotation and other distortions. Some ad-
ditional invariance can be obtained by normalization (reduces the influence of en-
ergy).

Depending on the image representation (see Figure 38) we can divide similarity
measures into:

« pixel (Iconic)-matrix based similarity measures,

« feature-based similarity measures, (numerical or symbolical or mixed type)
and,

 structural similarity measures.

Since a CBR image interpretation system has also to take into account non-
image information such as about the environment or the objects etc, we need
similarity measures which can combine non-image and image information. A first
approach to this, we have shown in [Per99].

| Image Representation |
1
v v v v

Pixel(lconic)-Matrix Chain Code/String- Feature-Based Structural Similarit
Based Similarity Based Similarity Similarity ructural Similarity

| binary |[greylevel][ color | | numeric_| [ symbolic |

(18),(19),(13),(17),(21),(16) (13) : :
point set | | attributed spatial
2D/3D graph relation
(23)  (34),(22)

Fig. 38. Image Representations and Similarity Measure

Systematically studies on image similarity have be done by Zamperoni et. al
[ZaS99. He studied how pixel-matrix based similarity measures behave under dif-
ferent real world influences such as translation, noise (spikes, salt and pepper
noise), different contrast and so on. Image feature-based similarity measures have
been studied from a broader perspective by Santini and Jain [SaJ99]. That are the
only substantiate work we are aware of. Otherwise every new conference on pat-
tern recognition new similarity measures are proposed for specific purposes and
the different kinds of image representation but it is missing some methodological
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work. A similarity measure for the comparison of binary images are proposed by
Cortelazzo et al. [CDMZ96] and for gray-scale image by Wilson et al. [WBO97]
and Moghaddam et al. [MNP96]. A landmark-based similarity approach for the
comparison of shapes is proposed by van der Heiden and Vossepol [HeV96] and a
shape similarity based on structural features in Mehrotra [Meh93]. A structural
Similarity measure can be in Perner [Per98] and Bunke et al. [BuM94] .

We hope that we could point out that images are some special type of informa-
tion that needs special similarity measures and that a more methodological study
should be done on that type of information.

3.2.7 Case Description

In the former chapter we have seen that similarity is calculated over essential at-
tributes of a case. Only the most predictive attributes will guarantee us the exact
finding of the most similar cases. The attributes are summarized into the case de-
scription. The case description is weather given a-priori or needs to be acquired
during a knowledge acquisition process. We use repertory grid for knowledge ac-
quisition.

There are different opinions about the formal description of a case. Each system
utilize a different representation of a case. In multimedia application we usually
have to deal with different kind of information for one case. For example, in an
image interpretation system we have two main different types of information con-
cerned with image interpretation that are image-related information and non-
image related information. Image related information can be the 1D, 2D or 3D im-
ages of the desired application. Non-image related information can be information
about the image acquisition such as the type and parameters of the sensor, infor-
mation about the objects or the illumination of the scene. It depends on the type of
application what type of information should be taken into consideration for the
interpretation of the image. Therefore, we restrict ourselves to giving a definition
and explain the case description on a specific application given in Section 5.7 and
5.8.

Formal we like to understand a case as following:

Definition 5.1 A case F isa triple (P,E,L) with a problem description P, an ex-
planation of the solution E and a problem solutions L.

3.2.8 Organization of Case Base

Cases can be organized by a flat case base or by an hierarchical fashion, see Fig-
ure 39. In a flat organization, we have to calculate similarity between the problem
case and each case in the memory. It is clear that this will take time even if the
case base is very large. Systems with a flat case base organization usually run on a
parallel machine to perform retrieval in a reasonable time and do not allow the
case base to grow over a predefined limit. Maintenance is done by partitioning the
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case base into case clusters and by controlling the number and size of these clus-
ters[Per9§.

To speed up the retrieval process a more sophisticated organization of case base
is necessary. This organization should allow to separate the set of similar cases
from those cases not similar to the recent problem at the earliest stage of the re-
trieval process. Therefore, we need to find an relgiitmat allows us to order our
case base:

Definition A binary relation p on a set CB is called a partial order on CB if it is
reflexive, antisymmetric, and transitive. In this case, the @, pJis called a
partial ordered set or poset.

The relation can be chosen depending on the application. One common ap-
proach is to order the case base based on the similarity value. The set of case can
be reduced by the similarity measure to a set of similarity values. The retation
over these similarity values gives us a partial order over these cases.

The hierarchy consists of nodes and edges. Each node in this hierarchy contains
a set of cases that do not exceed a specified similarity value. The edges show the
similarity relation between the nodes. Nodes that are connected by an edge for
these nodes the similarity relation holds. The relation between two successor
nodes can be expressed as follows: Let z be a node and x and y two successor
nodes of z than x subsumes z and y subsumes z.

By tracing down the hierarchy, the space gets smaller and smaller until finally a
node will not have any successor. This node will contain a set of cases for which
the similarity relation holds. Among these cases is to find the closest case to the
query case. Although, we still have to carry out matching the number of matches

will have decreased through the hierarchical ordering.

The nodes can be represented by the prototypes of the set of cases assigned to
the node. When classifying a query through the hierarchy the query is only
matched with the prototype. Depending on the outcome of the matching process,
the query branches right or left of node. Such kind of hierarchy can be created by
hierarchical or conceptional clustering (see Sect. 3.4).

Another approach uses a feature-based description of a case which makes up an
n-dimensional query space. The query space is recursively partitioned into sub-
spaces containing similar cases. This partition is done based on a test on the at-
tribute values of an attribute. The test on the attribute branches the case base into a
left or right set of cases until a leaf node is reached. This leaf node still contains a
set of cases among which is to find the closest case. Such structures can be k-d

tree[WAD93] and decision trees (see section 3.2).

There are also set-membership based organizations known such as semantic
nets[GrA96] and object-oriented representati¢B$t9g.
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Organization of Case Base

I
[ I 1

Similarity-Value Attribute-Value Set-Membership
Based Ordering Based Ordering Based Ordering

Partitioning Hierarchical k-d Trees Decision Trees Semantic Nets Object-Oriented
Representations

l Hierarchical Clustering ‘ lConceptiona\ Clustering‘

Fig. 39. Organization of Casebase

3.2.9 Learning in a CBR System

CBR management is closely related to learning. It should improve the perform-
ance of the system.

Let x be a set of cases collected in a case baseT®B relation between each
case in case base can be expressed by the similaritydvaltie case base can be

n
partitioned into case classes suctCBs= UCi such that the intra case class

i=1
similarity is high and the inter case class similarity is low. Cardinality of Set of
Case or Case Class.....The set of cases in each class can be represented by a repre
sentative who generally describes the cluster. This representative can be the pro-
totype, the mediod, or an a-priori selected case. Whereas the prototype implies
that the representative is the mean of the cluster which can easily calculated from
numerical data. The mediod is the case whose sum of all distance to all other cases
in a cluster is minimal. The relation between the case classes can be expressed by
higher order constructs expressed e.g. as super classes that gives us a hierarchical
structure over the case base.
There are different learning strategies that can take place in a CBR system:

1. Learning takes place if a new case xi+1 has to be stored into case base such
that: CB.,, =CB, [ {)% . That means that the case base is incrementally up-

dated according to the new case.

2. It can be incrementally learnt the case classes and/or the prototypes represent-
ing the class.

3. The relationship between the different cases or case classes can be updated ac-
cording the new case classes. and

4. Learning of Similarity Measure.
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3.2.9.1 Learning of New Cases and Forgetting of Old Cases

Learning of new cases means just adding cases into the case base upon some noti-
fication. Closely related to case adding is case deletion or forgetting of cases
which have shown low utitility. This should control the size of the case base.
There are approaches that keep the size of case base constant and delete cases th
have not shown good utility within a time winddBIPO(. The failure rate is

used as utility criterion. Given a period of observation of N cases, if the CBR
component exhibits M failures in such a period, we define the failure rate as

f. =M / N . Other approaches try to estimate the “coverage” of each case in

memory and by using this estimate to guide the case memory revision process
[SMc9g.

The adaptability to the dynamic of the changing environment that requires to store
new cases in spite of the case base limit is addres§&liT®g. Based on intra

class similarity is decided whether a case is to remove or to store in a cluster.

3.2.9.2 Learning of Prototypes

Learning of prototypes have been describefdPrr99 for flat organization of case

base and for hierarchical representation of case bgd&ei@8§. The prototype or

the representative of a case class is the more general representation of a case class
A class of cases is a set of cases chairing similar properties. The set of cases do
not exceed a boundary for the an intra class dissimilarity. Cases that are on the
boundary of this hyperball having maximal dissimilarity value. A prototype can

be select a-priori by the domain user. This approach is preferable if the domain
expert knows for sure the properties of the prototype. The prototype can be calcu-
lated by averaging over all cases in a case class or the median of the cases is cho-
sen. If only a few cases are available in a class and subsequently new cases are
stored in the class then it is preferable to incrementally update the prototype ac-
cording to the new cases.

3.2.9.3 Learning of Higher Order Constructs

The ordering of the different case classes gives an understanding of how these
case classes are related to each other. For two case classes which are connected b
an edge similarity relation holds. Case classes that are located at a higher position
in the hierarchy apply to a wider range of problems than those located near the
leaves of the hierarchy. By learning how these case classes are related to each
other, higher order constructs are legFRarog.

3.2.9.4 Learning of Similarity

By introducing feature weights we can put special emphasis on some features for
the similarity calculation. It is possible to introduce local and global feature
weights. A feature weight for a specific attribute is called local feature weight. A
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feature weight that averages over all local feature weights for a case is called
global feature weight. This can improve the accuracy of the CBR system. By up-
dating these feature weights we can learn simil@fitAM97][BCS97.

3.2.10 Conclusions

Case-based reasoning can be used when generalized knowledge is lacking but a
sufficient number of formerly solved cases are available. A new problem is solved
by searching the case base for similar cases and applying the action of the closest
case to the new problem. The retrieval component of CBR puts it in the same line
with multimedia data bases techniques. More than that the CBR methodology also
includes the acquisition of new cases and learning about the knowledge contain-
ers. Therefore, it can be seen as an incremental learning and knowledge discovery
approach. This property makes it very suitable to apply CBR for many applica-
tions.

This chapter described the basis developments concerned with case-based rea-
soning. The theory and motives behind CBR techniques is described in depth in
Aamodt and PlazpAaP95]. An overview about recent CBR work can be found in
[Alt01]. We will describe in Chapter 4.1 how case-based reasoning can be used
for image segmentation.

3.3 Clustering

3.3.1 Introduction

A set of unordered observations, each represented by an n-dimensional feature
vector, will be partitioned into smaller, homogenous and practical useful classes
C,C,....,.C, such that in a well-defined sense similar observations are belonging to
the same class and dissimilar observations are belonging to different classes. This
definition implies that the resulting classes have a strong internal compactness and
a maximal external isolation. Graphically this means, that each cluster would be
represented by a spherical shape in the n-dimensional feature space. However, real
world cluster may not follow this model assumption. Therefore, up-to-date clus-
tering algorithm[GRS200] do not rely on this assumption rather they try to dis-
cover the real shape of the natural groupings.

Clustering Methods can be distinguished into overlapping, partitioned, unsharp
or hierarchical methods, see Figure 40.
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Clustering
(unsupervised classification)

| overlapping | | partitioned | | unsharp | | hierarchical |

| with utility function | |with distance functi0n| | agglomerative | | divisive |

Fig. 40. Overview about Clustering Methods

Furthermore we can distinguishing them into methods that optimize an utility
function and those that are using a distance function. These partitioning methods
assign to each observation one and only one class label. It is clear that this situa-
tion is an ideal situation and can not be assumed for all applications. Unsharp and
overlapping clustering methods allow to assign an observation to more than one
class. While unsharp clustering methods assign an observation with a membership
value i to them classes withj€1,2,..., m; f+/+..+ ...+ 1 =1), overlapping
clustering methods allow to assign an observation to one or more classes but do
not calculate a degree of membership.

The hierarchical clustering methods lead to a sequence of partitions, the so-
called hierarchy. The classes of this hierarchy are whether element unknown to
each other or they satisfy the inclusion relation.

For the description of the cluster quality we use the variance criteria:

v= 3 U L g (x; —%)*> 0 Min! @)
]Z |; i ij 3 .

with ¢ the membership functionX, the prototypes of th& classesg, the

weight of the variables, ang the variables. The membership functionis one
for all classes in case of crisp clustering. The variance should be at its minimum
when the clustering algorithm has achieved a good partition of the data.

Clustering can be done based on the observations or on the attributes. Whereas
the first approach gives us object classes the later one is very helpful in order to
discover redundant attributes or even attribute groups that can be summarized into
a more general attribute.

The basis for clustering is a data table containing lineswithservations and
rows for n attributes describing the value of the attributes for each observation.
Note in contrast to the data table 2.1 in Section 2 a class label must not be avail-
able.

3.3.2 General Comments

Before the calculation of the similarity between the numerous observations (or the
attributes) we should make sure that the following point are satisfied:
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The calculation of the similarity and the comparison between the observations and
their different attributes must be meaningful. It makes no sense to compare
attributes of observations which to not contribute to the expected meaning.

The homogeneity of the data matrix must be assumed. Attributes should have
equal scale level. Metrical attributes should have a similar variance. Attribute
weighting is only possible if the class structure will not be blurred.

Observations containing mixed data types such as numerical and categorical at-
tributes require special distance measure.

3.3.3 Distance Measures for Metrical Data

A distance d(x,y) between two vectors x and y is a function for which the follow-
ing identity and symmetry conditions must hold:

d(x,y)=0; d(x,y)=0then x=y (26)
d(x,y) =d(y,x) (27)

We call the distancéd(x,y) a metric if the triangle unequation holds:
d(x,y) =d(x,2) +d(zy) (28)

If we require the following condition instead of () than we dédy) an ultra
metric:

d(x, y) < maxd(x 2),d(z y} (29)

This metric play an important role for the hierarchical cluster analysis.
A well-know distance measure is the Minkowski metric:

3 . /p (30)
di(ip) = é‘xij _Xi‘j‘ O
= 0

the choice of the parametgr depends on the importance we give to the
differences in the summation.

If we chosep=2 than we give special emphasis to big differences in the obser-
vations. The measure is invariant to translations and orthogonal linear transforma-
tions (rotation and reflection). It is called Euclidean distance:

(31)

If we chosep=1 the measure gets unsensible to outlier since big and small dif-
ference are equally treated. This measure is also called the City-Block_Metric:



60 3 Methods for Data Mining

J (32)
d; = Z‘Xij _Xi‘j‘
J:
If we chosep= o0, we obtain the so called Max Norm:
— 33
d, = mja>4xij =X ‘ (33)

This measure is usefull if only the maximal distance between two variables among

a set of variables is of importance whereas the other distances do not contribute to
the overall similarity.

The disadvantange of the measures described above is that these measures require
the stastical independence of the attributes. Each attribute is considered to be
independent and isolated. A high correlation between attributes can be considered
as multiple measurement of an attribute. That means the measures described above
give this feature more weight as an uncorrelated attribute. The Mahalanobis dis-
tance :

2 /v _ o oe-l/, o
di’ - (Xi - Xi’)s (Xi - Xi') (34)
takes into account the covariance matrix of the attributes.

3.3.4 Using Numerical Distance Measures for Categorical Data

Although all these measures are designed for numerical data they can be used to
handle categorical features as well. Suppose we have an attribute color with green,
red, and blue as attribute values. Suppose we have an observation 1 with red color
and observation 2 also with red color than the two observations are identical.
Therefore, the distance gets zero. Suppose now, we have an observation 3 with
green color and we want to compare it to the observation 2 with red color. The
two attribute values are different therefore the distance gets the value one. If we
want to express the degree of dissimilarity than we have to assign levels of dis-
similarity to all the different combination between the attribute values.

If a0 A is an attribute and W] W is the set of all attribute values, which can be
assigned to a, then we can determine for each attribute a a mapping:

distancg: W, - [0,1] . (35)

The normalization to a real interval is not absolute necessary but advantageous for
the comparison of attribute assignments.
For example, let a be an attribute a = spatial_relationship and

W, = {behind_right, behind_left, infront_right, ...}.
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Then we could define:

distance (behind_right, behind_right) = 0
distance (behind_right, infront_right) = 0.25
distance (behind_right, behind_left ) =0.75.

Based on such distance measure for attributes, we can define different variants of
distance measure as mapping:

distance : B— R’
(R ... set of positive real numbers) in the following way:

distance(x,y) = 1/[x distance (x(a), y(a))
a(p

with D = domain (x)n domain(y).

3.3.5 Distance Measure for Nominal Data

For nominal attributes have been designed special distance coefficients. The basis
for the calculation of these distance coefficients is an contingency table, see table
3.3.1. The valué\,, in this table is the frequency of observation péij¥ that do

not share the property neither in the one observation nor in the other observation.
The valueN,, is the frequency of observation pairs where one observation has the
property the other does not have this property.

Table 7. Contigency table

Status Status of the Observation

of the Observation i 0 1
0 NDO NCIl
1 N’IO N1’l

Given that, we can define different distance coefficient for nominal data:
di =1-(Ny; + Ngg) /(N + Ngg +2(Ny, + Nyy) (36)

dii =1- N11 /( N11 + NlO + N01) (37)

Whereas the similarity is increased by the valublgénd the value of the non-
correspondencéN,, and N, gets double weightin the Rogers and Tanimoto
coefficient, is non-existence of a propefy, not considered in the Jaccard
coefficient.
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3.3.6 Contrast Rule

This measure has been developed by Tvef$Skg77. It describes the similarity
between a prototyp& and a new exampk@ as:

D] (38)

R CNE e I

with D, the features that are common to bathndB; E the features that belong to
A but not toB; andF, the features that belong #obut not toB.

3.3.7 Agglomerate Clustering Methods

The distance between each observation is calculated based on a proper distance
function. The values are stored in a separate distance matrix. The algorithm starts
with the minimal value of the distance in the distance matrix and combines the
two corresponding classes which are in the initial phase the two observations to a
new class. The distance of this new class to all remaining observations is calcu-
lated and the procedure repeats until all observations have been processed, see Al-
gorithm in Figure 41. The calculation of the distance between the new class and
all other classes is done based on the following formula:

ty = aldlk' +a|'dl’k’ + Bdn' + V|d|k' _dl’k’| (39)

The coefficients, 3, andy determine the way this fusion will be done, see ta-
ble 3.3.2. We can distinguish between: single linkage, complete linkage, average
linkage, simple linkage, median, centroid and Ward mefhdddc97. In table
3.3.2 are given the coefficients 3, andy for the single linkage, complete link-
age and the media method. In the single linkage method is the distance between
the classes defined as the minimal. This method is often used to recognize outlier
in the data. Complete linkage method creates homogeneous but less separable
clusters. Outliers stay unrecognized.

1. Find minimal value in the distance matrix
D=(d,), k, k'=1,2,...,.K k=K

2. Fusion of the two classes | und I” to new class k

3. Calculation of the distance of the new class k to all
other classes k™ (k'=l, k "=I") accordingtto

Fig. 41. Algorithm of Agglomerative Clustering Method
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Table 8. Parameters for the recursive formula ofdr selected agglomerative clustering
methods

Method a, a, B y
Single Linkage 1/2 1/2 0 -1/2
Complete Linkage 1/2 1/2 0 1/2
Median 1/2 1/2 -1/4 0

The result of the hierarchical cluster analysis can be graphically represented by a
dendrogram, see Figure 42. The similarity values created for each new class in-
duces a hierarchy over the classes. Along the y-axis in the dendrogram are shown
all observations. The x-axis shows the similarity value from 0 to 1. Two observa-
tions that are grouped together into a new class are linked together in the den-
drogram at the similarity value calculated for this new class.

The dendrogram shows us visually to which group an observation belongs to and
the similarity relation among different groups. If we cut the dendrogram in Figure
42 for classes at the similarity level 8 then the dendrogram decomposes into two
subgroups such as group{G=2,C 6, C Band group 2f(C 1,C 4,C b
Agglomerative clustering method have the disadvantage that once classes have
been fusioned than the process can not reversed. However, the dendrogram is a
suitable representation for a large number of observations. It allows us to explore
the similarity links between different observations and established groups. To-
gether with a domain expert can we draw useful conclusion for the application
from this representation.

Dendrogram for Classes
A2|A3|A4]|A5]|A6]|AT7]|A S8 [Class

5| 5| 1] 2| 2 5| 2|Class_1

Classes |
il 5| 1] 1] 1] 1] 5[Class 2 | |
1l 5| 1] 5] 1] 1] 1[Class 3 I
5 1 5 2 1 1 3|Class_4 ciass 2
5 1 1 1 5 1 4[Class 5 css s ‘
2 5 3 1 1 3 3|Class_6 e |

ﬂ Attributes

Dendrogram for Attributes

nnnnnnnn

Fig. 42. Data Table and Dendrogram of Classes and Attributes
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3.3.8 Partitioning Clustering

Partitioning clustering methods start with an initial partition of the observation and
optimize these partition according to an utility function or distance function. The
most popular algorithm is the k-means clustering algorithm, see Figure 43. The
objective is to find a partition that minimizes the variance criteria described in
Formula. If the membership functign takes different values for the clusters then
fuzzy clustering is realized. The distance between each sample and the prototypes
of the cluster is calculated and the sample is assigned to the cluster with the lowest
value for the distance measure. Afterwards the prototypes of the clusters where the
samples have been removed and the cluster where the sample has been inputted
are recalculated. This process repeats until the clusters are stable.

A difficult problem is the initial decision about the number of clusters and the
initial partition. Therefore, hierarchical clustering can be done in a pre-step in or-
der to give a clue about the number of clusters and their structure. To find the best
partition is an optimization problem. A practical way to do this is to repeat clus-
tering with different initial partitions and select the one which yields to the mini-
mal value for the variance criteria.

The k-means clustering algorithm is a modification of the minimal distance
clustering method. Whereas the prototypes are only calculated after all observa-
tions have been visited in the minimal distance clustering method, the prototypes
are recalculated immediately after an observation has been assigned to another
cluster in the c-means clustering method. This yields in the average to an reduc-
tion of iteration steps but makes the method sensitive to the order of the observa-
tions. However, the c-means clustering method does not provide empty clusters.

Prototype Calculation angeben

Select initial partition of the observations
Assign or compute for each partition the prototype
DO WHILE stopping criteria is not reached
FOR all observations i DO

Compute distance for observation i to all prototypes
Assign observation i to the cluster with minimal distance
Compute new prototype of old cluster and new cluster
END

17

END

Fig. 43. K-Means Algorithm

3.3.9 Graphs Clustering

We may remember the data types described in Chapter 1. Objects or even image
scenes might require a structural representation such as an attributed graph (see
Definition 1). This kind of representation requires special similarity measures that

can express differences in structure and in the attribute values assigned to the
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components of this structure. Beyond the definition of the similarity special graph
matching algorithm that can fast compute the similarity function are required. In
this chapter we will describe a similarity measure for graphs and how hierarchical
clustering can be done for that type of informafiBer9g.

3.3.10 Similarity Measure for Graphs

We may define our problem of similarity as a problem of finding structural iden-
tity or similarity between two structures. If we are looking for structural identity,
we need to determine isomorphism. That is a very strong requirement. We may
relax this requirement by demand partial isomorphism.

Based on partial isomorphism, we can introduce a partial order over the set of
graphs:

Definition 2:
Two graphs G= (N,,p,,q,) and G = (N,,p,,q,) are in the relation & G, iff there
exists a one-to-one mapping f; N N, with

(1) p(¥) = p(f(x)) for all xO N,

(2) q(x) = q(f(x), f(y)) for all x,yd N,, X 2y.

Is a graph Gincluded in another graph,@&en the number of nodes of graphi&
not higher than the number of nodes gf G

Now, consider an algorithm for determining the part isomorphism of two graphs.
This task can be solved with an algorithm based on [Sch89]. The main approach is
to find an overset of all possible correspondences f and then exclude non promising
cases. In the following, we assume that the number of nodesh@ greater than
the number of nodes of,G

A technical aid is to assign to each node n a temporary attribute list K(n) of all
attribute assignments of all the connected edges:

K(n)=(@0Og(h,m)=a, mN\{n}) (ridN).

The order of list elements has no meaning. Because all edges exist in a graph the
length of K(n) is equal to 24N}-1).

For demonstration purposes, consider the example in Figures 44-47. The result
would be:

K(X) = (bl, bl, br)
K(Y) = (br, br, bl).
In the worst case, the complexity of the algorithm is[ON([F).
In the next step, we assign to each node adlGhodes of Gthat could be as-
signed by a mapping That means we calculate the following sets:
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L(n) ={m OmON, p(n) = p(m), K(n) O K (m)}.

The inclusion K(n)d K(m) shows that in the list K(m) the list K(n) is included
without considering the order of the elements. Does the list K(n) multiple contains
an attribute assignment then the list K(m) also has to multiple contain this attribute
assignment.

For the example in Figure 44 and Figure 45 we get the following L-sets:

L(X) ={A}
L(Y)={B.}
L(2) ={C}
L(U)={D,B}.

We did not consider in this example the attribute assignments of the nodes.
Now, the construction of the mapping f is prepared and if there exists any
mapping then must hold the following condition:

fn)OL(n) (MON).

The first condition for the mapping f regarding the attribute assignments of nodes
holds because of the construction procedure of the L-sets. In case that one set L(n) is
empty, there is no partial isomorphism.

Also, if there are nonempty sets, in a third step is to check if the attribute
assignments of the edges match.

If there is no match, then the corresponding L-set should be reduced to:

for all nodes nof G,
for all nodes nof L(n,)
for all edges (nm) of G,
if for all nodes mof L(m,)

p(n,m,) # p,(n,m,)
then L(n) :=L(n) \ {n;}

If the L-set of node has been changed during this procedure, then the
examinations already carried out should be repeated. That means that this procedure
should be repeated until none of the L-sets has been changed.

If the result of this step 3 is an empty L-set, then there is also no partial
isomorphism. If all L-sets are nonempty, then some mappings f fotim N have
been determined. If each L-set contains exactly only one element, then there is only
one mapping. In a final step, all mappings should be excluded, which are not of the
one-to-one type.

For example, let us compare the representation of graph_1 and graph_2 in Fig-
ure 44 and Figure 45. In step 3, the L-set of pore_1 will not be reduced and we get
two solutions, shown in Figure 44 and Figure 45:
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N, f, f,
X A A
Y B, B,
z C C
U D B,

If we compare the representation of graph_1 and graph_3, a L-set of pore_1 also
contains two elements:

L) ={T, P}

However in step 3, the element T will be excluded if the attribute assignments of
the edges (U,Y) and (T,R) do not match when node U is examined.

If the L-set of a node has been changed during step 3 then the examinations
already carried out should be repeated. That means that step 3 is to repeat until there
is no change in any L-set.

This algorithm has a total complexity of the order O (IFN N, I’ * I M I°). O
M Orepresents the maximal number of elements in any L=Het < ON, O).

A

Fig. 44. Graph_1 Fig. 45. Graph_2 and Result
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Fig. 46. Second Result Fig. 47. Graph_3 and Result

Similarity between attributed graphs can be handled in many ways. We propose
the following way for the measure of closeness.
In the definition of part isomorphism we may relax the required correspondence of
attribute assignment of nodes and edges in that way that we introduce ranges of
tolerance:

Definition 3

Two graphs G= (N, p, ) and G=(N,, p, @) are in the relation &
G, iff there exists a one-to-one mapping f: ‘N N, and threshold's C
C, with

(1) distance(fx), p(f(x)) < C, for all xO N,

(2) distance(dx,y), a(f(x), f(y)) < C, for all x,yO N, x# Y.

There is another way to handle similarity is the way the L-sets are defined and
particularly the inclusion of K-lists:

Given C a real constant,@ N, and mO N,. K(n) O . K(m) is true iff for each
attribute assignment, of the list K(n) attribute assignmentdf K(m) exists, such

that distance(tb,) < C.

Each element of K(m) is to assign to different element in list K(n).

Obviously, it is possible to introduce a separate constant for each attribute.
Depending on the application, the inclusion of the K-lists may be sharpened by a
global threshold:

If it is possible to establish a correspondence g according to the requirements
mentioned above, then an additional condition should be fulfilled:
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> distance(x,yk C, (G, - threshold constant) .

xy) Og.

Then, for the L-set we get the following definition:
Definition 4
L(n) ={m _m O N, distance (gn), p(m) )< C, K(n)O.K(m) }.

In step 3 of the algorithm for the determination of one-to-one mapping, we should
also consider the defined distance function for the comparison of the attribute
assignments of the edges. This new calculation increases the total amount of effort,
but the complexity of the algorithm is not changed.

3.3.11 Hierarchical Clustering of Graphs

We have considered similarity based on partial isomorphism as an important relation
between the graphs. This gives us an order relation over these graphs. It allows us to
organize these graphs into a super graph that is a directed graph. The nodes of this
super graph contain a set of graphs for which the predefined threshold for the
similarity value hold and the edges show the part isomorphism relation between
these groups of similar graphs.

The super graph is defined as follow:

Definition 5
H is given, the set of all graphs.
A super graph is a Tupel IB = (N,E,p), with
(1) NOH set of nodes and
(2) E O N* set of edges.
This set should show the partial isomorphism in the set of nodes,
meaning it should be valid
x<yO (x,y)dE for all x,yd N.
(3) p: N - B mapping of cluster names to the super graph.
Because of the transitivity of part isomorphism, certain edges can be directly
derived from other edges and do not need to be separately stored. A relaxation of top
(2) in definition 5 can be reduced storage capacity.

L earning the Super Graph
From the set of graphs is learnt the super graph as following:
Input is:

Super graph IB = (N, E, p) and
graph xO H.
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Output is:
modified Super graph IB'= (N’ E| p)
withN'ONDO{x}, ECE,pOp’

At the beginning of the learning process or the process of construction of super
graph N can be an empty set.

The attribute assignment function p’ gives the values (p(x), (dd)) as an output.
This is an answer to the question: What is the name of the graph that is mirrored in
the graph x?

The inclusion

N'ONO {x}

says that the graph x may be isomorphic to one graph y contained in the database,
s0 x< y and also ¥ x hold. Then, no new node is created, which means the super
graph is not increased.

The algorithm for the construction of the modified super graph IB’ can also use
the circumstance that no graph is part isomorphic to another graph if it has more
nodes than the second one.

As a technical aid for the algorithm there are introduced a sét bbntains all
graphs of the database IB with exactly i nodes. The maximal number of nodes of the
graph contained in the database is k, then it is valid:

The graph which has to be included in the database has | nodis)( By the
comparison of the current graph with all in the database contained graphs, we can
make use of transitivity of part isomorphism for the reduction of the nodes that has
to be compared.

Algorithm

E':=E;
Z =N;
for all yO N,
if x<ythen [IB":= IB; return];
N:=N O {x};
for alliwithO<i<I;
forallyON\Z;
forallysxthen[Z:=Z\{u_u<y,uldz}
E"=E0{(y.))};
for alliwith I <i<k
forallyON\Z
ifx<ythen[Z:=Z \{u_y<u,uddZ};
E=ET { (xy)};
p:=p0O{(x (dd : unknown))};
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If we use the concept for the determination of similarity, then we can use the
algorithm of Section 3.3.5.1 without any changes. But we should notice that for each
group of graphs that is approximately isomorphic, the first occurred graph is stored
in the case base. Therefore, it is better to calculate of every instance and each new
instance of a group a prototype and store this one for each node of the super graph
in the database.

3.3.12 Conclusion

Clustering is also called unsupervised classification since the class labels are not
known a-priori. However, clustering allows only to find out similar groups based
on a sound similarity measure. The method does not make the knowledge about
the similarity explicit. The hierarchy shown in the dendrogram (see Figure 42)
tells us about the similarity relation among the different sub groups and super
groups but does not describe the knowledge that tells us what makes them similar.
The clustering algorithm described before are developed for numerical attrib-
ute-based representations. Recently, there is work going on to develop K-means
algorithm that can work on first-order representations and categorical attributes
[GRB99[Hua9g. Similarity measures for categorical data are givegiaroqQ].
For more information on similarity measures gBec74[UII96][DuJ . For clus-
tering and its application to pattern recognition [$¢2S93.

3.4 Conceptual Clustering

3.4.1 Introduction

Classical clustering methods only create clusters but do not explain why a cluster
has been established. Conceptual clustering methods built cluster and explain why
a set of objects confirm a cluster. Thus, conceptual clustering is a type of learning
by observations and it is a way of summarizing data in an understandable manner
[Fis87. In contrast to hierarchical clustering methods, conceptual clustering
methods built the classification hierarchy not only based on merging two groups.
The algorithmic properties are flexible enough in order to dynamically fit the hier-
archy to the data. This allows incremental incorporation of new instances into the
existing hierarchy and updating this hierarchy according to the new instance.
Known conceptual clustering algorithms are Clust@§iM&83], Cobweb[Fish87,
UNIMEM [Leb8Y, classif GLF89 and conceptual clustering of grafjRerog.

3.4.2 Concept Hierarchy and Concept Description

A concept hierarchy is a directed graph in which the root node represents the set
of all input instances and the terminal nodes represent individual instances. Inter-
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nal nodes stand for sets of instances attached to that nodes and represent a super
concept. The super concept can be represented by a generalized representation of
this set of instances such as the prototype, the mediod or a user selected instance.
Therefore a concept C, called a class, in the concept hierarchy is represented by an
abstract concept description and a list of pointers to each child con(@pt{C,,

C, ... C, .., CJ}, whereCis the child concept, called subclass of concept C.

2y e

3.4.3 Category Utility Function

Category utility can be viewed as a function of the similarity of the objects within
the same class (intra-class similarity) and the similarity of objects in different
classes (inter-class similarity). The goal should be to achieve high intra-class
similarity while low inter-class similarity. The category utility function can be
based on:

1. a probabilistic concefjFis87 or
2. a similarity based conceff®er9§.

The category utility function in COBWERB is defined based on the probabilistic
concept. The category utility function is defined as the increase in the expected
number of attribute values that can correctly guessed

PC)Y, > P(A =V, /C)’ (40)

given a partition{Cl,Cz,...,Cr} over the expected number of correct guesses

with no such knowledgezi Zj P(A =V, )? . This gives the following criteria:

CU = qup(ck)lz > PAA=VC)* -3 5 PAA=V) @

n

with n the number of categories in a partition. Averaging over the number of cate-
gories allows a comparison between different sized partitions.

The similarity-based utility approach requires a proper similarity measure for the
description (see Section 3.2.6 and Chapter 3.3 ). The variance of observations is
defined as:

S=§ +S, (42)
with S the inter-class variance afglthe intra-class variance. A good partition of
observations should minimize the intra-class variance while maximizing the inter-
class variance. Thus, the utility function should be:

UF :%\sb -S,/0 MAX! “43)
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with n the number of classes. The normalization to n allows to compare possible
clusterings of different number of classes. The representation of each cluster is the
prototype described weather by the attribute-based representation or by the graph-
based representation.

3.4.4 Algorithmic Properties

The algorithm incrementally incorporated objects into the classification tree where
each node is a (either probabilistic or prototypically) concept that represented an
object class. During the construction of the classification tree the observation gets
tentatively classified trough the existing classification tree. Thereby are tried dif-
ferent possibilities for placing an observation into the tree:

1. The object is placed into an existing class,

2. A new class is created,

3. Two existing classes are combined into a single class (see Figure 48), and
4. an existing node is splitted into two new classes (see Figure 49).

Depending on the value of the utility function for each of the four possibilities, the
observation gets placed into one of this four possible places.
The whole algorithm is shown in Figure 50.

Cr) ) QD P
—3 —>

@ @) (e O ®

Fig. 48. Node Merging Fig. 49. Node Splitting

3.4.5 Algorithm

After we have defined our evaluation function and the different learning levels, we
can describe our learning algorithm. We adapt the notion of Gennari et. al
[GLF89 for concept learning to our problem. If a new instance has to be entered
into the concept hierarchy the instance is tentatively placed into the hierarchy by
applying all the different learning operators described before. The operation that
gives us the highest evaluation score is chosen for incorporating the new instance
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(see Figure 51). The new instance is entered into the concept hierarchy and the hi-
erarchy is reorganized according to the selected learning operation.

Input: Concept HierarchyB
An unclassified instanc®
Output: Modified Concept HierarchyB”
Top-level call: set of instances (top-noGg,
Variables: A, B, C, and D are nodes in the hierarchy

K, L, M, and N are partition scores
Concept Hierarchy (NG)
If N is a terminal node Then Create-new-terminalsgNncorporate (NG)
Else For each child A of node N,
Compute the score for pladdmn A.
Compute the scores for all other action @ith
Let B be the node with the highest score Y.
Let D be the node with the second highest score.
Let N be the score for placing | in a new node C.
Let S be the score for merging B and D into one node|
Let | be the score for splitting D into it s children.
If Y is the best score Then Concept HierarchyGP(placeG in case class B).
Else If N is the best score Then Input a new node C
Else if S is the best score,
Then let O be merged (B, D, N)
Concept Hierarchy (NG)
Else if Z is the best score,
Then Split (B, N)
Concept Hierarchy (N3)
Operations over Concept Hierarchy
Variables: X, O, B, and D are nodes in the hierarchy.
G is the new instance
Incorporate (NG)
Update the prototype and the variance of class N
Create new terminals (Ng)
Create a new child W of node N.
Initialize prototype and variance
Merge (B, D, N)
Make O a new child of N
Remove B and D as children of N
Add the instances of P and R and all children of B and D to the node O
Compute prototype and variance from the instances of B and D
Split (B, N)
Divide Instances of Node B into two subsets according to evaluation criteria
Add children D and E to node N
Insert the two subsets of instances to the corresponding nodes D and E
Compute new prototype and variance for node D and E
Add children to node D if subgraph of children is similar to subgraph of
node D
Add children to node E if subgraph of children is similar to subgraph of nodg E

Fig. 50. Algorithm
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3.4.6 Conceptual Clustering of Graphs

3.4.6.1 Notion of a Case and Similarity Measure

The basis for the development of our system is a set of €&seG,, G, ...,G;,
..., Gy}, each case is a 3-Tup€| = (N, p, q ), which is a structural symbolic
representation of an image, and a similarity meag&®er98 for structural
representations. For the current image, an image graph is extracted by image
analysis. This structure is used for indexing. The interpretation of a current image
S is done by case comparison: Given an image(Ns, ps, 0s), find a cases,, in
the case baséB which is most similar to the current image. Output the Gse
and the stored solution.

For similarity determination between our image graphs, we chose part
isomorphism:

Definition 1

Two graphs G= (Ng,py,a) and G = (N,p2,0p) are in the relation & G, iff
there exists a one-to-one mapping {: N N, with

Q) R(X) = pA(f(x)) for all xO0 Ny

) 0u(x) = p(f(x), f(y)) for all X,y Ny, x #y.

Is a graph @included in another graph,@en the number of nodes of graph G
is not higher than the number of nodes gf @& order to handle the unsharp
attributes and distortion in a graph representation we relaxed the required
correspondence of attribute assignments of nodes and edges in such a way that we
introduced ranges of tolerances according to the semantic terms.

3.4.6.2 Evaluation Function

When several distinct partitions are generated over case base, a heuristic is used to
evaluate these partitions. This function evaluates the global quality of single parti-
tion and favors partitions that maximize potential for inferring information. In
doing this, it attempts to minimize within case class variances and to maximize
between case class variances. The employment of an evaluation function prevents
us for the problem of defining a threshold for class similarity and inter class simi-
larity from which the proper behavior of the learning algorithm depends. This
threshold is usually domain dependent and is not easy to define.

Given a partitioryCy, C,, ... , Cy}. The partition which maximizes the difference
between the between case class varignadsd the within case class variarsgdas

chosen as the right partition:

SCORE = 0 MAX! (44)

*2 *2
SB —

1
m
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The normalization tan (m-the number of partitions) is necessary to compare dif-
ferent partitions.

If Gy is the prototype of thith case class in the hierarchy at IeMeES the mean
graphof all cases in leve, andGz\,j is the variance of the graphs in the partijion
then follows for SCORE:

SCORE = %‘Z ple.-G)-3 PG| (45)

with p; the relative frequency of cases in the partifion

3.4.6.3 Prototype Learning

When learning a class of cases, cases where the evaluation measure holds are
grouped together. The first appeared case would be the representative of the class
of these cases and each new case is compared to this case. Obviously, the first ap-
peared case might not always be a good case. Therefore, it is better to compute a
prototype for the class of cases.

Definition 3

A GraphG, =(N,,p,.q,) is a prototype of a Class of Cases
C ={G.G,...G (N,.p g ) iff G,=Candifthereis a
one-to-one mapping pr - N, with

(1) pp(xi):%i p,(f(x)) forall x ON and

@) a5,y =1 3 (1 (x),F () forall %,y ON.

In the same manner, we can calculate the variance of the graphs in one case class.
The resulting prototype is not a case that happened in reality. Therefore, another
strategy for calculating a prototype can be to calculate the median of the case in a
case class.

3.4.6.4 An Example of a Learned Concept Hierarchy

The experiment was made on images from a non-destructive testing domain. The
system was given 40 images of one defect type having different subclasses, like
e.g. crack-like-defect-pressure-100 or crack-like-defect-presure-50. From images

were analyzed by the image analysis procedure described in Section 2 and the re-
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sulting Attributed graph were generated from the image by image analysis proce-
dure. These graphs were given to the system for learning.

The learning process is demonstrated in Figure 52 on four cases shown in Figure
51.

Case 1 is already contained in the case base and case two should be included in the
case base. The learning algorithm tests first, where in the hierarchy the case
should be incorporated. The scores of all three options in question show the same
results. In such a case, the algorithm favors inserting to an existing node. This
prevents us from building a hierarchy with many nodes including only one case.
Later the algorithm can split this node if necessary.

Giving case three to the new case base the algorithm favor to open a new node in-
stead of splitting two nodes.

The new case four is right inserted to the case class having the closest similarity
value, see table 1.

The system was given 40 cases for learning the case base. For evaluating the sys-
tem, we considered the grouping of the cases into the hierarchy and into the case
classes. Based on our domain knowledge we could recognize that meaningful
groupings were achieved by the learning algorithm.

Table9. Dissimilarity between Image Graphs

1 2 3 4
- 0.0253968 | 0.1120370] 0.1977518
- 0.10674603 0.2041005
- 0.1804232

AIWIN|F

Fig. 51. Image with graph used for initial learning process
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Insert Case 2

Insert to existing node

New Node

Refinement

SB=0 SB = 0,00018172 SB = 0,00018172
SW =0,00018172 SW=0 SW=0

SCORE =0,00018172

SCORE =0,00018172

SCORE =0,00018172

*Resulting Case Base

*k k%

Insert Case 3

Insert to existing node

New Node

Refinement

SB=0

SB = 0,0255671

SB = 0,0255671

SW =0,0156513

SW =0,0001211

SW=0

SCORE = 0,0156513

SCORE = 0,0254459

SCORE = 0,0254459

Resulting Case Base ****

Insert Case 4

Insert
node 2

Insert to existing
node 1

to  existing New Node

Refinement

SB = 0,0159367 SB = 0,0250232 SB = 0,0218856 SB =0,0204
SW =0,0120498 SW = 0,0008960 SW = 0,0000795 SW=0
SCORE =0,0038869 SCORE =0,024127 SCORE = 0,021805 SCORE = 0,0204

Resulting Case Base

Fig. 52. Demonstration of the Learning Process
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3.4.7 Conclusion

Conceptual clustering is a useful data mining technique. Conceptual clustering
methods built cluster and explain why a set of objects confirm a cluster. We have
shown how it can be used for clustering attribute-graphs and how the output does
look like. Conceptual clustering methods are used for e.g. to segment images or
for classifying satellite images.

3.5 Evaluation of the Model

Our model is learnt from a finite set of observations from the domain that repre-
sent only a cutout of the whole universe. Because of this restriction it arises the
guestion: How good is our learnt model?

We are interested in two descriptive properties:

1. Representation capability and
2. Generalization capability.

Representation capability describes how good the model fits to the data from those
it was learnt. While generalization capability describes the ability of the model to
generalize from these data so that it can predict the outcome for unknown samples.
Both criterion can be expressed by the error rate.

From statistics we know that we can only calculate an estimate for the error rate
because of the limited size of the sample set and the representation problem of the
problem domain based on the sample set. The goal is to calculated an error rate
which hopefully comes close to the true error rate. Different sampling strategies
have been developed to ensure a good estimate for the error rate. These sampling
strategies are:

» Test-and-train

* Random Sampling
» Crossvalidation

» Bootrapping.

3.5.1 Error Rate, Correctness, and Quality

The error ratd can be calculated by:
f.=N;/N (46)

with N, the number of false classified samples ahthe whole number of sam-
ples.
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More specific error rates can be obtained if we calculate the contingency table,
see Table 1. In the fields of the table are inputted the real class distribution within
the data set and the class distribution after the samples have been classified as well
as the marginal distributiory. The main diagonal is the number of correct classi-
fied samples. The last row shows the number of samples assigned to the class
shown in row 1 and the last line shows the real class distribution. From this table,
we can calculate parameters that describe the quality of the classifier.

Table 10. Contingency Table

Real Class Index

1 i m Sum
A 1 C, o
s- j G
signed
Class
m C
Index —g;— = =

The correctness p or accuracy that is number of correct classified samples ac-
cording to the number of samples:

(47)

This measure is the opposite to the error rate.

The classification qualitp, is the number of correct classified samples for one
classi to all samples of clagsand the classification quality, is the number of
correct classified samples of clast® the number of correct and false classified
samples into clads

C..
Pi = (48)
=1
_ G
Pi =
G

(49)
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These measures allows us to study the behavior of a classifier according to a par-
ticular class. The overall error rate of a classifier may look good but when looking
to the classification quality,pfor a particular class we may find it not acceptable.
Such applications are known for example from non-destructive testing where it is
important to detect a defect such as "crack" inside a component from a power
plant with high accuracy while a correct detection of a defect "pore" as a defect
but not as a defect “pore” is acceptable since it is better to replace the component
one time more often than having overlooked a defect such as “crack”.

3.5.2 Sensitivity and Specifity

A specific expression of these measures is the sensitivity and specificity. These
measure are used in medicine. For explanation purpose let us consider the problem
displayed in Figure 53.

Suppose we have to decide weather an object has a defect inside or not. For this
two class problem, the prediction system can make a decision about a presented
sample with a defect into true positive (TP) or false negative (FN). In case, we
present to the system a sample without a defect the decision can be either be true
negative (TN) or false positive (FP).

\4

‘ —P ‘ or TP+FN=100%
Prediction
System TP FN

—> > or ' TN+FP=100%

™ FP

Fig. 53. The four Cases of Diagnosis

Now, we can define the evaluation criterion called sensitivity and specifity. Let
TP denote true positive[N true negativeFP false positives an&N false nega-
tive answers, then SensitiviBN and SpecifictysP is:

_ TP
TP+FN (50)
p=_N (51)
TN +FP
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These two measures are a specific expression for a two classes problem Some-
times it can be better to require from the system a high sensitivity instead of a high
specifity. For a medical application such as the diagnosis of cancer that would
mean that the system can infer negative diagnosis "no cancer" with high probabil-
ity while the decision for positive diagnosis "cancer" needs some further revision.
However, a high accuracy in sorting out negative cases makes more sense under
human, economical and diagnostic viewpoint than vise-versa.

3.5.3 Test-and-Train

If a large enough and representative sample set is available the error rate can be
calculated based on the test-and-train strategy. Therefore, the data set is split up
into a design data set and a test data set. Test data set and design data set are dis
joint. The model is learnt based on the design data set. The test data set contains
only samples not having used for designing the model. If the model can predict
the outcome right for most of these samples than it shows good generalization ca-
pability.

If we apply the design data set to the model once again and measure the resulting
error rate than we have estimated a measure for the representation capability of the
model. This measure tells us how good the model fits to the design data set. Usu-
ally we will not care so much for good representation capability rather we are in-
terested how good the model can predict the correct outcome for unseen samples.

3.5.4 Random Sampling

To overcome this influence we can partition the data set into multiple training and
test sets. Based on that we can learn and evaluate multiple classifier. The resulting
error rate is then the average of all single error rates.

A much more accurate estimator is the mean error rate. Therefore, we randomly
select n-times from the sample set a test and training set and calculate the error
rate. The resulting error rate is the mean error rate of the n classifiers obtained
from the n test and train sets. The created n test set may not be disjunct from each
other due to the random sampling.

3.5.5 Cross Validation

This sampling strategy is computational expensive but sufficient for small sample

sets in order to accurate predict the error rate without bias. We can distinguish
between leave-one-out method and n-fold crossvalidation. k-fold technique in

which we subdivide the data into k roughly equal sized parts, then repeat the mod-
eling process k times, leaving one section out each time for validation purposes. If
k=1 then the method is called leave-one-out.
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3.5.6 Conclusion

We have described the commonly used methods and the measures for evaluating a
model. For information on bootstrapping we refer to EffBfr82]. Information
on Reciever-Operating Curve (ROC) analysis is described in Wtt7§.

3.6 Feature Subset Selection

3.6.1 Introduction

Selecting the right set of features for classification is one of the most important
problems in designing a good classifier. Very often we don’t know a-priori what
the relevant features are for a particular classification task. One popular approach
to address this issue is to collect as many features as we can prior to the learning
and data-modeling phase. However, irrelevant or correlated features, if present,
may degrade the performance of the classifier. In addition, large feature spaces
can sometimes result in overly complex classification models that may not be easy
to interpret.

In the emerging area of data mining applications, users of data mining tools are
faced with the problem of data sets that are comprised of large numbers of features
and instances. Such kinds of data sets are not easy to handle for mining. The min-
ing process can be made easier to perform by focussing on a subset of relevant
features while ignoring the other ones. In the feature subset selection problem, a
learning algorithm is faced with the problem of selecting some subset of features
upon which to focus its attention.

3.6.2 Feature Subset Selection Algorithms

Following Jain et al[JaZ97, we can describe feature subset selection as follow:
Let Y be the original set of features, with cardinatfityLet d represent the de-
sired number of features in the selected suKs&/ . Let the feature selection
criterion function for the seX be represented hi(X). Without any loss of gener-
ality, let us consider a higher value bto indicate a bettefeature subset. For-
mally, the problem of feature selection is to find a suk&ex such that X/d and

J(X) =maxJ(Z) . An exhaustive approach to this problem would require ex-
zoy,|z|=d

ning ail B Foossi
amining all o possibled-subsets of the feature sét

O
Feature selection algorithm differ in the search strategy, the feature selection crite-

ria, the way they add or delete an individual feature or a subset of features at each
round of feature selection and the overall model for feature selection.
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According to the quality criterifNaS93 for feature selection, the model for fea-
ture selection can be distinguished into the filter model and the wrapper model

[Cov77, [KoJ9].

3.6.2.1 The Wrapper and the Filter Model for Feature Subset Selection

The wrapper model (see Figure 54) attempts to identify the best feature subset for
use with a particular algorithm, while the filter approach (see Figure 55) attempts
to assess the merits of features from the data alone. The inclusion of the particular
classifier into the feature selection process makes the wrapper approach more
computationally expensive and the resulting feature subset will only be appropri-
ate for the used classifier while the filter approach is classifier independent. How-
ever, both models require a search strategy that should come close to optimal.
Various search strategies have been developed in order to reduce the computation
time.

Feature Subset Search

A
\ 4

Feature Subset . .
Feature Set » Evaluation Learning Algorithm

A
\ 4
Learning Algorithm

\ 4

Fig. 54. Wrapper Model

Feature Subset Selection
Algorithm

Feature Set Learning Algorithm

|

Fig. 55. Filter Model

There have been developed different filter approaches over time in traditional
pattern recognition and artificial intelligence. Two well-known algorithms that
have been developed within the artificial intelligence community are FOCUS
[AID94] and RELIEFKiR92]. The FOCUS algorithm starts with an empty fea-
ture set and carries out exhaustive search until it finds a minimal combination of
features. It works on binary, noise-free data. RELIEF algorithm assigns a rele-
vance weight to each feature, which is meant to denote the relevance of the feature
to the target concept. RELIEF samples instances randomly from the training set
and updated the relevance values based on the difference between the selected in-
stance and the two nearest instances of the same and opposite classes. Lui et al.
[LuS9q proposed a probabilistic approach to the search problem of the optimal
set of features based on the Las Vegas algorithm. Koller [ia&96 proposed
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an approach based on using cross-entropy to minimize the amount of predictive
information loss during feature elimination. It starts with the full feature set and
eliminates feature according to the selection criteria. It leads to suboptimal results.
Both approaches should be easy to implement and they are efficient in handling
large data sets.

An overview of feature subset selection algorithm from the pattern recognition
side is given in Jain et a]Jaz91. Beyond the exhaustive search, branch-and-
bound feature selection can be used to find the optimal subset of features much
more quickly than exhaustive search. One drawback is that the branch-and-bound
procedure requires the feature selection criteria to be monotone. A suboptimal
feature selection method that has been shown results that come close to optimal is
the SFFS algorithm.

Beyond that, some common learning algorithm have built in feature selection, for
example, C4.5. The feature selection in C4.5 may be viewed as a filter approach,
just as the CM algorithm and the SFFS algorithm. The CM algorithm selects fea-
tures according to their "obligation" to the class discrimination in the context of
other features. In opposition to that, the SFFS algorithm selects features according
to their statistical correlation between each feature and the class. Besides that, both
algorithms differ in the search strategy. While the SFFS algorithm is a traditional
technique used in pattern recognition, the CM algorith@ new algorithm devel-

oped by the data mining community.

3.6.3 Feature Selection Done by Decision Tree Induction

Determining the relative importance of a feature is one of the basic tasks during
decision tree generation. The most often used criteria for feature selection is in-
formation theoretic based such as the Shannon entropy médsuee data set. If

we subdivide a data set using values of an attribute as separators, we obtain a
number of subsets. For each of these subsets we can compute the information
valuel.. I, will be smaller than, and the differencd,) is a measure of how well

the attribute has discriminated between different classes. The attribute that maxi-
mizes this difference is selected.

The measure can also be viewed as a class separability measure. The main
drawback of the entropy measure is its sensitivity to the number of attributes val-
ues[WhL94]. Therefore C4.5 uses the gain ratio. However, this measure suffers
the drawback that it may choose attributes with very low information content
[LdMan9].

C4.5[Qui93 uses a univariate feature selection strategy. At each level of the
tree building process only one attribute, the attribute with the highest values for
the selection criteria, is picked out of the set of all attributes. Afterwards the sam-
ple set is split into sub-sample sets according to the values of this attribute and the
whole procedure is recursively repeated until only samples from one class are in
the remaining sample set or until the remaining sample set has no discrimination
power anymore and the tree building process stops.

As we can see feature selection is only done at the root node over the entire de-
cision space. After this level, the sample set is split into sub-samples and only the
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most important feature in the remaining sub-sample set is selected. Geometrically
it means that the search for good features is only done in orthogonal decision sub-
spaces, which might not represent the real distributions, beginning after the root
node. Thus, unlike statistical feature search strat¢gigde9Q this approach is not
driven by the evaluation measure for the combinatorial feature subset; it is only
driven by the best single feature. This might not lead to an optimal feature subset
in terms of classification accuracy.

Decision tree users and researchers have recognized the impact of applying a
full set of features to a decision tree building process versus applying only a judi-
ciously chosen subset. It is often the case that the latter produces decision trees
with lower classification errors, particularly when the subset has been chosen by a
domain expert. Our experiments were intended to evaluate the effect of using
multivariate feature selection methods as pre-selection steps to a decision tree
building process.
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Fig. 56. Similarity between Features

3.6.4 Feature Subset Selection Done by Clustering

The problem of feature subset selection involves finding a "good" set of features

under some objective function. We can consider our feature subset selection
problems as a problem of finding the set of features which are most dissimilar to

each other. Two Features having high similarity value are used in the same man-
ner for the target concept. They are redundant and can be removed from the fea-
ture set. It can be shown in practice that this assumption holds for most of the ap-
plications.
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To solve this task we need to select a proper similarity measure, calculate the
similarity between the features and visualize the similarity relation between the
features.

In Figure 56 we can see a dendrogram that visualize the similarity relation
among various features. The dendrogram was calculated from a feature set de-
scribing lung nodules in an x-ray imagieer0Q. We can see thaharacter of
Lung Pleura andWithin Lung Pleura are more or less used in the same manner
since they are very similar to each other with a value of 0.1. From the dendrogram
we can select a subsets of features by chosing value for the maximal similarity
between the features and collecting for each of the remaining groups of features in
the dendrogram a feature that should be inserted into the feature subset.

3.6.5 Contextual Merit Algorithm

The contextual merit (CM) algorithiHon9q employs a merit function based
upon weighted distances between examples which takes into account complete
feature correlation’s to the instance class. The motivation underlying this approach
was to weight features based upon heell they discriminate instances that are
close to each other in the Euclidean space and yet belong to different classes. By
focusing upon these nearest instantks context of other attributes is automati-
cally taken into account.

To compute contextual merit, the distaice between valueg, andz, taken
by featurek for examples ands is used as a basis. For symbolic features, the in-
ter-example distance is O i, =z, and 1 otherwise. For numerical features, the
inter-example distance is

, Wheret, is a threshold for featutde (usually 1/ 2 of the magnitude of range of

the feature ). The total distance betw?ﬁn N drk
e " s k=1
ming—=< 1 examples ands is with N, the total number of features and

L

rs—rs?

the contextual merit for a featufes M, Z -1ZSDC(r)W d’, whereN is

the total number of example&(r) is the set of examples not in the same class as
examples r, and 'wis a weight function chosen so that examples that are close

together are given greater influence in determining the merit of each feature. In

1
practice, it has been observed tlvqit = — if sis one of k nearest neighbdrs

rs

r, and O otherwise, provides robust behavior as a weight function. Additionally,
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using |ng|C(r)| as the value fok has also exhibited robust behavior. This ap-

proach to computing and ordering features by their merits has been observed to be

very robust, across a wide range of examples.

3.6.6 Floating Search Method

The feature subset selection algorithm described in the former chapter performs in
the first step a greedy search over all examples and it focuses afterwards on the

computation of thdog, |C(r)| nearest examples based upon an Euclidean space.

The first step is a very time-consuming process and the question arises if second
step of the algorithm, where the real merits are calculated, will lead to a near op-
timal solution.

Various other search strategies have been developed to find the subset of fea-
tures optimizing an adopted criterion. The well-known Sequential Forward Selec-
tion (SFS) and Sequential Backward Selection (SBS) are step-optimal only since
the best (the worst) feature is always added (discarded) in SFS and SBS, respec-
tively. This results in nested feature subsets without any chance to correct the de-
cision in later steps, causing the performance to be often far from optimal. The
idea behind the previous methods aimed at counteracting the nesting effect, can be
more efficiently implemented by considering conditional inclusion and exclusion
of features controlled by the value of the criterion itself. The Sequential Floating
Forward Selection (SFFS) procedure consists of applying after each forward step a
number of backward steps as long as the resulting subsets are better than the pre-
viously evaluated ones at that level. Consequently, there are no backward steps at
all if the performance cannot be improved. The description of the algorithm can be
found in[Pud94. Here, we want to compare the performance of the former algo-
rithm with the SFFS algorithm when the evaluation criterion is the Mahalanobis

distanced;: dj; =(x - X]-)S_l()g = X;), whereS™is the pooled sample covari-

ance matrix. The Mahalanobis distance incorporates the correlation between fea-
tures and standardizes each feature to zero mean and unit variance.

3.6.7 Conclusion

Describing a problem by as many features as we can does not necessarily result in
a classification model with the best classification accuracy. This problem is well
know as the curse of dimensionality. Rather than taking the whole feature set for
the construction of the model it is better to select from this feature set a relevant
subset of features before the construction of the model. This may lead to better
classification accuracy. Despite that a smaller feature set does not require so many
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costs for the assessment/calculation of the features which is important for image
interpretation taskfPer0(Q interpretation where computational costs for extracting
the features may be high and require special purpose hardware or for even engi-
neering taskfKoHO01].

However, feature subset selection may not lead to more compact models and
the prediction accuracy may not increase dramatically. It has been shown in
[Pern0Q that the SFFS algorithm performs slightly better than the CM algorithm.
Nevertheless, the algorithmic properties of the CM algorithm are better for han-
dling large databases.
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4.1 Controlling the Parameters of an Algorithm/Model by
Case-Based Reasoning

4.1.1 Modelling Concerns

Designing a heuristic model that simulates a tasks from the objective reality is a
tricky problem. As basis for the model design is required to define and to describe
the right cut-out of the domain space where the model should act in, see Figure 57.
Afterwards, the domain space should be described by a representative sample set
that allows us to calculate the model parameter and to evaluate the model.

Real world-environment

Task domain

Imaging Device
Observations 2D/3D Image Data

Model Experiment

Logical Check Model A
Construction
Model Development Refinement
Model Experiment
Logical Check Model B
Construction
And s0 on

Fig. 57. Model Development Process

The complexity of the problems makes it usually hard to completely define and
to describe the right cut-out of the objective reality. The acquisition of a sufficient
large enough and representative sample set takes often a long time and requires to
have any acquisition unit (sensors, computers) installed at the domain.

P. Perner: Data Mining on Multimedia Data, LNCS 2558, pp[9]-116, 2002.
[ Springer-Verlag Berlin Heidelberg 2002
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Example for these problems in character recognition are illustrated by Rice et al.
[RNN99]. In optical character recognition imaging defects (e.g., heavy print, light
print, or stray marks) can occur and influence the recognition results. Rice et al.
attempted to systematically overview the factors that influence the result of an op-
tical character recognition system, and how different systems respond to them.
However, it is not yet possible to observe all real-world influences, nor provide a
sufficiently large enough sample set for system development and testing. There-
fore, one model will not work over all realizations of the objective reality and a re-
finement of the model or an intelligent control of various models has to be done
during the lifetime of the systefPer99.

We will describe how case-based reasoning can be used to overcome the mod-
elling burden. We will describe it based on a task for image segmentation. How-
ever, the describe strategy can be used for any other problem where model pa-
rameters should be selected based on the actual situation to ensure good quality
output.

4.1.2 Case-Based Reasoning Unit

The case-based reasoning unit for image segmentation consists of a case base in
which formerly processed cases are stored. A case comprises image information,
non-image information (e.g., image acquisition parameters, object characteristics,
and so on), and image- segmentation parameters. The task is now to find the best
segmentation for the current image by looking in the case base for similar cases.
Similarity determination is based on both non-image information and image in-
formation. The evaluation unit will take the case with the highest similarity score
for further processing. If there are two or more cases with the same similarity
score, the case to appear first will be taken. After the closest case has been chosen,
the image-segmentation parameters associated with the selected case will be given
to the image -segmentation unit, and the current image will be segmented (see
Figure 58). It is assumed that images having similar image characteristics will
show similar good segmentation results when the same segmentation parameters
are applied to these images. The discussion that follows will assume the definition
of regions based on constant local image features to be used for segmentation, the
classification of regions into two object classes (brain and liquor), for labeling.

In the approach used for brain/liquor determination, the volume data of one pa-
tient (a sequence of a maximum of 30 CT-image slices) is given to the CBR im-
age-segmentation unit. The CT images are stored in DICOM-format. Each file
consists of a header and the image matrix. The header contains stored information
about the patient and the image acquisition. The images are processed, slice by
slice, before the brain/liquor volume ratio can be calculated. First, each image is
preprocessed in order to eliminate the non-interesting image details, like the skull
and the head shell, from the image. Afterwards, the non-image information is ex-
tracted from the image file header (see Section 4.1.4.1). From the image matrix
contained in the DICOM-file, the statistical features describing the image charac-
teristics are processed (see Section 4.1.4.2). This information, together with the
non-image information, is given to the unit that determines the similarity. The
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similarity between the non-image information and the image information of the
current case and the cases in case base is calculated (see Section 4.1.5). The clos-
est case is selected, and the segmentation parameters (see Section 4.1.6) are given
to the segmentation unit. The segmentation unit takes the parameters, adjusts the
segmentation algorithm and segments the image into brain and liquor areas. The
resulting liquor area is displayed on screen to the user by red coloring over the
area in the original image. This is done in order to give the user visual control of
the result.

These processing steps are done slice by slice. After each slice has been proc-
essed, the volume for brain and liquor is calculated. Finally, the brain/liquor vol-
ume ratio is computed and displayed to the user.

Ith Image Image Image
Clmoges |———=|Preprocessing Segmentation

Parameter

Similarity — Case Base
Determination |«

Evaluation

Insert New Case

Non-Image Information

Select Close Case

Fig. 58. Architecture of an Image Segmentation Unit based on Case-Based Reasoning

4.1.3 Management of the Case Base

The result of the segmentation process is observed by a user. He compares the
original image with the labeled image on display. If he detects deviations of the
marked areas in the segmented image from the object area in the original image
that should be labeled, than he will evaluate the result as incorrect, and case-base
management will start. This will also be done if no similar case is available in the
casebase. The evaluation procedure can also be done automatically [Zha97].

Once the user observes a bad result, he will tag the case as "bad case". The tag
describes the user's critique in more detail. For the brain/liquor application it is
necessary to know the following information for the modification phase: too much
or too little brain area, too much or too little liquor area, and a similarity value less
than a predefined value.
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In an off-line phase, the best segmentation parameters for the image are deter-
mined, and the attributes that are necessary for similarity determination are calcu-
lated from the image. Both the segmentation parameters and the attributes calcu-
lated from the image are stored in the case base as a new case. In addition to that,
the non-image information is extracted from the file header, and stored together
with the other information in the case base. During storage, case generalization
will be done to ensure that the case base will not become too large. Case Generali-
zation will be done by grouping the segmentation parameters into several clusters.
Each different combination of segmentation parameters will be a cluster.

The cluster name will be stored in the case together with the other information.
Generalization will be done over the values of the parameters describing a case.
The unit for modifying the segmentation is shown in Figure 60.

Segmented .
Input Image Image Ev_aluatlon yes
—» CBR »  (visual or —»%
automatic)
no
S-Par ameter
Case Attributes
J Selective J Off-llne'
CaseBase Case Registration Segmentation
and Processing of
ﬁ Image Characteristics
R Case
Generalization

Fig. 59. Case Base Management

4.1.4 Case Structure and Case Base

A case consists of non-image information, parameters describing the image char-
acteristics itself, and the solution (the segmentation parameters).
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Fig. 60. User Interface of the modification unit

4.1.4.1 Non-image Information

The non-image information necessary for this brain/liquor application will be de-
scribed below. For other applications, different, appropriate non-image informa-
tion will be contained in the case. For example, motion analysis [KuP99], involves
the use of the camera position, relative movement of the camera ambjtdet
category itself as non-image information. For brain/liquor determination in CT-
images, patient-specific parameters (like age and sex), slice thickness and number
of slices are required. This information is contained in the header of the CT image
file so that these parameters can be automatically accessed. Young patients have
smaller liquor areas than old patients. The images therefor show different image
characteristics. The anatomical structures (and therefore the image characteristics)
also differ between women and men.

The number of slices may vary from patient to patient because of this biological
diversity, and so may the starting position of the slices. Therefore, the numerical
values are mapped onto three intervals: bottom, middle and top slices. These in-
tervals correspond to the segments of the head of different image characteristics
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(see Figure 61). The intervals can easily be calculated by dividing the number of
slices by three. The remaining uncertainty in position can be ignored.

Fig. 61. CT Images showing the different segments of the head

4.1.4.2 Image Information

The kind of image information used to describe a case is closely related to the
kind of similarity measure used for similarity determination. There is a lot of work
going on at present in developing new measures for comparing grey-scale images
[ZSt95][wBO97] for various objectives like image retrieval and image evaluation.
Before a decision was made to employ a particular similarity measure for this
work, one of these new measures were evaluated against the measure already be-
ing used. The reason for choosing one particular similarity measure, as well as the
appropriate image informatido describe a case, will be briefly discussed below.
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4.1.5 Image Similarity Determination

4.1.5.1 Image Similarity Measure 1 (ISim_1)

The similarity measure developed by Zamperoni and Starovoitov [ZSt95] can take
the image matrix itself and calculate the similarity between two image matrices
(see Figure 62). The input to the algorithm is the two images that are being com-
pared. According to the specified distance function, the proximity matrix is cal-
culated for one pixel at positians in imageA to the pixel at the same position in
imageB, and to surrounding pixels within a predefined window. The same is done
for the pixel at positiom,s in imageB. Then, clustering is performed, based on
that matrix, in order to get the minimum distance between the compared pixels.
Afterwards, the average of the two values is calculated. This is repeated until all
the pixels of both images have been processed. From the average minimal pixel
distance, the final dissimilarity for the whole image is calculated. Use of an ap-
propriate window should make this measure invariant to scaling, rotation and
translation, depending on the window size.

For this kind of similarity determination, it is necessary to store the whole im-
age matrix as the image-information for each case. However, the similarity meas-
ure based on Zamperoni’s work has some drawbacks, which will be discussed in
Section 4.1.5.3.

Input: image A and image B
grey-level matrix

’ determination of the window size ‘

[Begin with first pixel: r=s=1 |
I
»| computation of proximity matrix dfa,Wg ) and d(ky,W, )

—>] based onf, = d.y,
search minimum: search minimum:
fp\ (a'B) = %i (avs ’WB) fpi (b'A) = dp\ (brs 'WA)

’fn=1/2 (@i @sWe ) + s (bis W, )) \_, sumS f(r,9

L r=r+1 | no l v
yes
«— S
no yes

D(AB) :ﬁ@
{

Output: D(A,B

Fig. 62. Flowchart for similarity calculation after Zamperoni et al.

s=s+1
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4.1.5.2 Image Similarity Measure 2 (ISIM_2)

A simpler approach is to calculate features from an image that will describe the
statistical properties of the image. These features are statistical measures of the
gray level, like mean, variance, skewness, kurtosis, variation coefficient, energy,
entropy, and centroid [DrS82] (see table 11). The similarity between two images is
calculated on the basis of these features.

Table 11. Statistical Measures for the description of the image

Feature Calculation Feature Calculation

Name Name

Mean g= Zg_H(g) Variance &zz(g_g)-mg)

P
g
Skewness 1 _ Curtosis 1 s
g, == (g-28)’H(g) 8, == (g-9'H(g)
é\x 8 5i 8
Entropy

Variation )
Coefficient vV=—

g
Centroid_x ZZAf(X’y) ZZAf(X’y Centroid_y 2 2 W (x,y) 2 2 (X, y)
Y ien @ Y ®

x oy Xy

gr=—Y H(g)log,[H(g)

First order N(g) . . -
histogramm H(g)= T g - is the intensity value
N(g) - is the number of pixels of intensity
value g in the image
S -is the overall number of pixels

4.1.5.3 Comparision of ISim_1 and I1Sim_2

Investigations were undertaken into the behaviour of the two similarity measures.
The similarities between the image slices of one patient are calculated, based first
on IM1 and further on IM2. Single-linkage method is then used to create a den-
drogram, which graphically shows the similarity relation between the slices.

The dendrogram (see Figure 64) based on IM2 shows two clusters: one for the
slices in the middle and at the top of the head, and one for the slices at the bottom
of the head. There is no clear cluster for the top and the middle slices. Neverthe-
less, the differences in the similarity values are big enough to make a distinction
between these slice¥he highest dissimilarity is recognized between the slices
from the bottom, which happens because of the high complexity of the image
structures in that sphere.

The dendrogram based on IM1 shows a finer graduation between the various
slices (see Figure 63). It can also distinguish better between the bottom, middle
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and top slices. However, slices from different patients are compared, it shows
some drawbacks, which are caused by rotation, scaling and translation. The in-
variant behavior of this measure is related to the window size. Compensating for
these effects requires a large window size, which on the other hand causes high
computation time (more than 3 minutes on a 4-node system based on Power PC
604 and a window size of 30x30 pixels). This makes this measure unsuitable for
the problem, at hand.
The similarity measure based on IM1 has limited invariance in the face of rotation,
scaling and translation. Therefore, it was decided to use the similarity measure
based on IM2. Moreover, in the case of IM1, it is necessary to store the whole im-
age matrix as a case and calculate the similarity over the entire image matrix. The
computational costs for the similarity calculation are very high, and so would be
the storage capacity. The lower sensitivity of IM2 to the different sectors of the
brain can be reduced by introducing the slice number as non-image information
discussed in Section 3.1.

##* HIERARCHICAL CLUSTER ANALYSIS # % %

Dendrogram using Single Linkage

Rescaled Distance Cluster Combine
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SRF1_16

Fig. 63. Dendrogram for image similarity based on IM1

For the similarity measure based on IM2, it is only necessary to calculate features
from the images before the cases can be stored in the case base. This calculation is
of low computational cost. Each image is described by statistical measures of the
gray level like: mean, variance, skewness, kurtosis, variation coefficient, energy,
entropy, and centroid. This information, together with the non-image information
and segmentation parameters, comprises a case.

4.1.6 Segmentation Algorithm and Segmentation Parameters
The gray level histogram is calculated from the original image. This histogram is

smoothed by some numerical functions and heuristic rules [OPR78][Lee86] to
find the cut points for the liquor and brain gray-level areas. The parameters of the
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function and rules are stored with the cases, and given to the segmentation unit if
the associated case is selected. The following steps are performed. The histogram
is smoothed by a numerical function. There are two parameters to select: the com-
plexity of the interpolation function and the interpolation width. Then the histo-

gram is segmented into intervals, such that each begins with a valley, contains a
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Fig. 64. Dendrogram for image similarity based on IM2

peak and ends with a valley. The peak-to-shoulder ratio of each interval is tested
first. An interval is merged with the neighbor sharing the higher of its two shoul-
ders if the ratio of peak height to the height of its higtherulder is greater than or
equal to some threshold. Finally, the number of the remaining intervals is com-
pared to a predefined number of intervals. If more than this have survived, the in-
tervals with the highest peaks are selected. The number of intervals depends on the
number of classes into which the image should be segmented. The thresholds are
calculated and then applied to the image.

4.1.7 Similarity Determination

4.1.7.1 Overall Similarity

Similarity comprises two parts: non-image similarity and image similarity. The fi-
nal similarity is calculated by:

Sm :%(SimN+Sim|):%(S(C,,b)+1—dist W) ®
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It was decided that non-image and image similarity should have equal influence
to the final similarity. Only when both similarities have a high value, will the final
similarity be high.

4.1.7.2 Similarity Measure for Non-image Information

Tversky’s similarity measure is used for the non-image information [Tve77]. The
similarity between a Ca$é and a new casepresented to the system is:

A
alA|+ADi[+ x[E| (53)
a=1,B3,x=05

S(C,,b) =

with A, the features that are common to béthand b; D, , the features that

belong toC, but not to b;M, , the features that belong to b but noGp.

4.1.7.3 Similarity Measure for Image Information

For the numerical data,

i min

-C

imin

dist .

1& Ca—Cini Csz-C
— iA imin iB (54)

_E,ZW‘C -C.__ C

is used, wherdC,, and Cg are theith feature values of image A and B, respec-

i max imin i max
tively. C
C
the ith feature withw, +w, +...+W, +...+ W, =1. For the first run,W, is
set to one. Further studies will deal with learning of feature weights.

iminiS the minimum value of théth numeric or symbolic feature.

imaxiS the maximum value of thigh feature, andwi is the weight attached to

4.1.8 Knowledge Acquisition Aspect

The case base has to be filled with a large enough set of cases. As described
above, the header of the DICOM-File containes the non-image information. This
information can be automatically extracted from the file and stored in the case
base. Likewise, the image information can be extracted from the image matrix
contained in the DICOM-file. The determination of the segmentation parameters
can be done automatically by a specific evaluation procedure or under the control
of a knowledge engineer. In our approach describ§der99 it is done under the
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control of an knowledge engineer. However, this task is efficiently supported by
the acquisition unit shown in Fig. 60 The histogram is smoothed and processed,
step by step, according to the implemented segmentation algorithm under the con-
trol of the knowledge The knowledge engineer can control each segmentation pa-
rameter and preview the segmentation results on screen. Once the best segmenta-
tion result has been reached, the chosen segmentation parameters are stored,
together with the other information in the case base.

4.1.9. Conclusion

In this chapter we have described how case-based reasoning can be used for con-
trolling the parameters of an algorithm or an model. We have described our ap-
proach based on a task for image segmentation. However the described methodol-
ogy is general enough to be used for other problems as well. The chapter should
give the reader an idea how such as system can be developed and what the advan-
tages are. It should inspire him to use this strategy for his problems. We believe
that case-based reasoning is a good strategy to come over the modeling burden
and that it can efficiently support all processes during the development and the
lifetime of a system.

4.2 Mining Images

4.2.1 Introduction

Most of the recent work on image mining is devoted to knowledge discovery, such
as clustering and mining association rules. They are dealing with the problem of
searching the regions of special visual attention or interesting patterns in a large
set of image, e.g. in CT and MRI image sets [MDH99], [EYDO0O] or in satellite
images [BuL00]. Usually experienced experts have discovered this information.
However, the amount of images, which is being created by modern sensors, makes
necessary the development of methods that can decide this task for the expert.
Therefore, standard primitive features that are able to describe the visual changes
in the image background are being extracted from the images and the significance
of these features is being tested by a sound statistical test [MDH99], [BuL0O].
Clustering is applied in order to explore the images seeking for similar groups of
spatial connected componeffaHO0( or similar groups of objec{&£YDO0(]. As-
sociation rules are used for finding significant pattern in the imd@1d<0Q].

The measurement of image features in these regions or patterns gives the basis
for pattern recognition and image classification. Computer-vision researches are
concerned to create proper models of objects and scenes, to obtain image features
and to develop decision rules that allow one to analyze and interpret the observed
images. Methods of image processing, segmentation, and feature measurements
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are successfully used for this purpose [KeP91], [SNS88], [Per98]. The mining
process is done bottom-up. As many numerical features as possible are extracted
from the images, in order to achieve the final goal - the classification of the ob-
jects[PZJ0O][FiBO1]. However, such a numerical approach usually does not allow
the user to understand the way in which the reasoning process has been done.

The second approach to pattern recognition and image classification is an ap-
proach based on the symbolical description of im§B&300] made by the expert
[Per0Q. This approach can present to the expert in the explicit form the way in
which the image has been interpreted. The experts having the domain knowledge
usually prefer the second approach.

We are describing our methodology for mining images. We usually start with a
knowledge acquisition phase to understand what the expert is looking for in the
images and then we are developing the proper feature extraction procedure which
gives the basis for the creation of the data base. Afterwards we can start with the
mining experiment.

4.2.2 Preparing the Experiment

The whole procedure for image mining is summarized in Figure 65. It is partially
based on our developed methodology for image-knowledge engin¢Bengy.

The process can be divided into five major steps: 1. Brain storming, 2. Interview-
ing Process 3. Collection of Image Descriptions into the Data Base, 4. Mining Ex-
periment, and 5. Review.

Brain storming is the process of understanding the problem domain and identi-
fying the important knowledge pieces on which the knowledge-engineering proc-
ess will focus.

For the interviewing process we used our developed methodology for image-
knowledge engineering described[Per94 in order to elicit the basic attributes
as well as their attribute values. Then the proper image processing and feature-
extraction algorithms are identified for the automatic extraction of the features and
their values.

Based on these results we then collected into the data base image readings done by
the expert and done by the automatic image analysis and feature-extraction tool.
The resulting data base is the basis for our mining experiment. The error rate of
the mining result was then determined based on sound statistical methods such as
cross validation. The error rate as well as the rules were then reviewed together
with the expert and depending on the quality of the results the mining process
stops or goes into a second trail, starting either at the top with eliciting new attrib-
utes or at a deeper level, e.g. with reading new images or incorporating new im-
age-analysis and feature-extraction procedures. The incorporation of new image-
analysis and feature-extraction procedures seems to be an interactive and iterative
process at the moment, since it is not possible to provide ad-hoc sufficient image-
analysis procedures for all image features and details appearing in the real world.
The mining procedure stops as soon as the expert is satisfied by the results.
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Fig. 65. Procedure of the Image Mining Process
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4.2.3 Image Mining Tool

Figure 66 shows a scheme of the tool for image mining. There are two parts in the
tool: the unit for image analysis, feature extraction, and storage of image descrip-
tions and the unit for data mining.

These two units communicate over a database of image descriptions, which is
created in the frame of the image-processing unit. This database is the basis for the
data-mining unit. The feature extraction unit has an open architecture so that new
image feature extraction procedure can be implemented and used for further image
mining applications.

An image from the image archive is selected by the expert and then it is dis-
played on a monitor. To perform image processing an expert communicates with a
computer. He determines whether the whole image or part of it have to be proc-
essed and outlines an area of interest (for example, a nodule region) with an over-
lay line. The expert can calculate some image features in the marked region (ob-
ject contour, square, diameter, shape, and some texture features) [Zam96]. The
expert evaluates or calculates image features and stores their values in a database
of image features. Each entry in the database presents features of the object of in-
terest. These features can be numerical (calculated on the image) and symbolical
(determined by the expert as a result of image reading by the expert). In the latter
case the expert evaluates object features according to the attribute list, which has
to be specified in advance for object description. Then he feeds these values into
the database.

When the expert has evaluated a sufficient number of images, the resulting da-
tabase can be used for the mining process. The stored database can easily be
loaded into the data mining tobkcision Master.

The Decision Master carries out a decision-tree induction according to the
methods described in Chapter 3.1. It allows one to learn a set of rules and basic
features necessary for decision-making in the specified task. The induction proc-
ess does not only act as a knowledge discovery process, it also works as a feature
selector, discovering a subset of features that is the most relevant to the problem
solution. The developed tool allows choosing different kinds of methods for fea-
ture selection, feature discretization, pruning of the decision tree and evaluation of
the error rate. It provides an entropy-based measure, a gini-index, gain-ratio and
chi square method for feature selection.

The Decision Master provides the following methods for feature discretization:
cut-point strategy, chi-merge discretization, MDLP-based discretization method
and Ivg-based method. These methods allow one to make discretization of the
feature values into two and more intervals during the process of decision-tree
building. Depending on the chosen method for attribute discretization, the result
will be a binary or n-ary tree, which will lead to more accurate and compact trees.

The Decision Master allows one to chose between cost-complexity pruning, er-
ror-reduction-based methods and pruning by confidence-interval prediction. The
tool also provides functions for outlier detections. To evaluate the obtained error
rate one can choose test-and-train and n-fold cross validation.

The user selects the preferred method for each step of the decision tree induc-
tion process. After that the induction experiment can start on the acquired data-
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base. A resulting decision tree will be displayed to the user. He/she can evaluate
the tree by checking the features in each node of the tree and comparing them with
his/her domain knowledge.

Once the diagnosis knowledge has been learnt, the rules are provided either in
txt-format for further use in an expert system or the expert can use the diagnosis
component of th®ecision Master for interactive work. It has a user-friendly in-
terface and is set up in such a way that non-computer specialists can handle it very
easily.

Image Description Tool Data Mining Tool
Decision_Master
Displa .
D] | mage | | Boerts
: ipti
Mark Analysis and Decision Diagnosis
Object/ Feature Data Base Tree Evaluation
; Extraction - Component
Details Storage Induction

Interface
File (dbf, oracle,
etc.)

Fig. 66. Architecture of the Image Mining Tool

4.2.4 The Application

We will describe the usage of the image mining tool based on the task of HEp-2
cell classification. HEp-2 cells are used for the identification of antinuclear auto-
antibodies (ANA). They allow the recognition of over 30 different nuclear and
cytoplasmic patterns which are given by upwards of 100 different autoantibodies.
The identification of these patterns has up to now been done manually by a human
inspecting the slides with the help of a microscope. The lacking automation of this
technique has resulted in the development of alternative techniques based on
chemical reactions, which have not the discrimination power of the ANA testing.
An automatic system would pave the way for a wider use of ANA testing.
Recently, the various HEp-2 cell images occurring in medical practice are being
collected into a data base at the university hospital of Leipzig. The images were
taken by a digital image-acquisition unit consisting of a microscope AXIOSKOP 2
from Carl Zeiss Jena, coupled with a color CCD camera Polariod DPC. The digit-
ized images were of 8-bit photometric resolution for each color channel with a per
pixel spatial resolution of 0.25m. Each image was stored as a color image on the
hard disk of the PC but is transformed into a gray-level image before used for
automatic image analysis.

The scope of our work was to mine these images for the proper classification
knowledge so that it can be used in medical practice for diagnosis or for teaching



4.2 Mining Images 107

novices. Besides that it should give us the basis for the development of automatic
image diagnosis system.

Our experiment was supported by an immunologist who is an expert in the field
and acts as a specialist to other laboratories in case of diagnostically complex
cases.

4.2.5 Brainstorming and Image Catalogue

First, we started with a brain storming process that helped us to understand the ex-
pert’'s domain and to identify the basic pieces of knowledge. We could identify
mainly four pieces of knowledge: 1. Hep-2 cell aflBStJ93, the expert, slide
preparation and a book describing the basic parts of a cell and their appearance.

Then the expert collected prototype images for each of the six classes appearing
most frequently in his daily practice. The expert wrote down a natural-language
description for each of these images. As a result we obtained an image catalogue
having a prototype image for each class and associated to each image is a natural-
language description of the expert (see Figure 67).

4.2.6 Interviewing Process

Based on these image descriptions we started our interviewing process. First, we
only tried to understand the meaning of the expert description in terms of image
features. We let him circle the interesting object in the image to understand the
meaning of the description. After having done this, we went into a structured in-
terviewing process asking for specific details such as: “Why do you think this ob-
ject is fine-speckled and the other one is not. Please describe the difference be-
tween these two.” It helped us to verify the expert description and to make the
object features more distinct.

Finally, we could extract from the natural-language description the basic vo-
cabulary (attributes and attribute values, see table 12) and associate the meaning to
each attribute.

In a last step we reviewed the chosen attributes and the attribute values with the
expert and found a common agreement on the chosen terms. The result was an at-
tribute list which is the basis for the description of object details in the images.
Furthermore, we identified from the whole set of feature descriptors our image-
analysis tool provides the set of a feature descriptors which might be useful for the
objective measurement of image features. In our cafewna that describing the

cells by their boundary and calculating the size and the contour of the cell might
be appropriate. The different descriptors of the nuclei of the cells might be suffi-
ciently described by the texture descriptor of our image-analysis tool.

4.2.7 Setting Up the Automatic Image Analysis and Feature Extraction
Procedure

After having understood what the expert is looking for in an image we have the
basis for the development of the image analysis and feature extraction procedure.
However, we still do not know what are the necessary features and what are the
classification rules. This has to be figured out by the following data mining proc-
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ess. We are now at the point where we can prepare the images for the mining pro-
cess. Based on the image analysis and feature extraction procedure we can extract
from the images a data table relevant for the data mining experiment.

Class
Fine Speckled

Image Description

Smooth and uniform fluorescence of the

nuclei
200 000 @ Nuclei sometimes dark
Chromosomes fluoresced weak up to |ex-
| | treme intensive
Fine dotted : Dense fine speckled fluorescence

(speckled) nucle
fluorescence

Background diffuse fluorescent

320 200

Homogeneous A uniform diffuse fluorescence of the entjre

Nuclear nucleus of interphase cells. The surrounding
cytoplasm is negative.

100 000

Centromere Nuclei weak uniform or fine granular, poor
distinction from background

500 000

Fig. 67. Image Catalogue and Expert‘'s Description

4.2.7.1 Image Analysis

The color image has been transformed into a gray level image. Histogram equali-
zation was done to eliminate the influence of the different staifffeB99.
Automatic thresholding has been performed by the algorithm of [Otis#g. The
algorithm can localize the cells with their cytoplasmatic structure very well, but
not the nuclear envelope itself. We then applied morphological filters like dilation
and erosion to the image in order to get a binary mask for cutting out the cells
from the image. Overlapping cells have not been considered for further analysis.
They are eliminated based on a simple heuristic. Each object with an area bigger
than 2 times the mean area was removed from the image. For each cell in the im-
age are calculated the ar@g, and the features described in the next Section.
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Note, the imagéd(x,y) considered for further calculation contains now only one
cell.

Table 12. Attribute List and Attribute Value Names

Interphase Cells 0 Undefined

1 Fine speckled

2 homogeneous

3 Coarse Speckled

4 Dense fine speckled Fluorescence
Nucleoli 0 Undefined

1 Dark area

2 fluorescence
Background 0 Undefined

1 Dark

2 Fluorescence
Chromosomes 0 Undefined

1 Fluorescence

2 Dark
Cytoplasm 0 Undefined

1 Speckled Fluorescence
Classes 100 000 Homogeneous

100 320 Homogeneous fine speckled

200 000 Nuclear

320 000 Fine speckled

320 200 Fine speckled nuclear

4.2.7.2 Feature Extraction

For the description of the properties of the object was chosen a texture feature de-
scriptor which is flexible enough to describe complex and very different textures.
The texture descriptor is based on random sets. It is also called the Boolean model
[Mat75. A deep description of the theory can be found in Stoyan E3tkeM87].

The Boolean model allows to model and simulate a huge variety of textures such
as for e.g. crystals, leaves, etc. The texture mddglobtained by taking various
realizations of compact random sets, implanting them in Poisson poiRtsaind

taking the supremum. The functional momé&p(B) of X, after Booleanization,
is calculated as:
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P(B O X°) =Q(B) = exp&Mes(X O E)) OBOk (55)

where K is the set of the compact random seRbf @ the density of the process

- O
and Mes(X [ X)is an average measure that characterizes the geometric prop-
erties of the remaining set of objects after dilation. Relation (1) is the fundamental
formula of the model. It completely characterizes the texture m&déB) does

not depend on the location & thus it is stationary. One can also provide that it is
ergodic thus we can peak out the measure for a specific portion of the space with-
out referring to the particular portion of the space.
Formula 1 provides us that texture model depends on two parameters:
+ on the densityd of the process and
— o
+ a measureMes(X [ B) that characterizes the objects. In the 1-dimensional

space it is the average length of the lines and in the 2-dimensional space is

_— m]
Mes(X [0 B) the average measure of the area and the perimeter of the

objects under the assumption of convex shapes.

We consider the 2-dimensional case and developed a proper texture descriptor.

Suppose now that we have a texture image with 8 bit gray levels. Then we can
consider the texture image as the superposition of various Boolean models each of
them takes a different gray level value on the scale from 0 to 255 for the objects
within the bitplane.

To reduce the dimensionality of the resulting feature vector the gray levels
ranging from 0 to 255 are now quantizied into 12 intertalsach imagd(x,y)
containing only a cell gets classified according to the gray levet giésses, with
t={0,1,2,..,12}. For each class a binary image is calculated containing the value
“1” for pixels with a gray level value falling into the gray level interval of class
and value “0” for all other pixels. The resulting bitpldtey,t) can now be con-
sidered as a realization of the Boolean model. The quantization of the gray level
into 12 intervals was done equally distant. We call the infaggt) in the fol-
lowing class image. Object labeling is done in the class images with the contour
following methodPeB99. Afterwards, features from the bit-plane and from these
objects are calculated.

The first one is the density of the class imagéiich is the number of pixels in
the class image labeled by “1” divided by the area of the cell. If all pixels of a cell
are labeled by “1” then the density is one. If no pixel in a cell is labeled than the
density is zero. From the objects in the class imagee calculated the area, a
simple shape factor, and the length of the contour. According to the model, not a
single feature of each object is taken for classification, but the mean and the vari-
ance of each feature is calculated over all the objects in the classtirfégelso
calculate the frequency of the object size in each class ima@ge list of features
and their calculation is shown in table 2.
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4.2.8 Collection of Image Descriptions into the Data Base

Now we could start to collect a data base of image descriptions based on these at-
tributes and attribute values the expert has specified as well as on feature meas-
urements calculated with the help of the image-analysis tool. For our experiment
we used a data set of 110 images. The data set contained 6 classes, each equally
distributed. For each class we had 20 images. The expert used the image-analysis
tool shown in Figure 66 and displayed one after another each image from our data
base. He watched the images on display and described the image content on the
basis of our attribute list and fed the attribute values into the data base. As result
we obtained a data base based on expert's image readings. Next the images were
processed by our automatic image analysis and feature extraction procedure. The
calculated values for the features were automatically recorded into the data base.
An excerpt of the data base containing expert's image readings and the automati-
cally calculated image features is shown in Figure 68.

Table 13. Features

Description Name Formula
Area of the single cell A
_Jfxyh=1and objectthenA = 1
Acell_ fley 4 cell cell
fxnN=0thenA =A
cell cell
Density in class image ¢ Dens_t D FoyH)=1then Denst=Denst+1/A
nst=:
fy,)=0then Denst=Denst
Number of objects Count_t n(t)
Mean area of objects in | Marea_t _ %
class image ¢ A()y=——) A®
n(t) =
Standard deviation of the | Staarea_t
area of the objects in class 1 ni) 2
: Sy =]— X (4,1 —-A®)
1mage ¢ I’l([) i=1
Mean shape factor for ob- | Form_t o 0] At .
jects in class image ¢ Fit)y=—1Y 10- AW yith u(t) contour
n(t) = u; (1)
being the length of the i-th object in class im-
age t.

The contour length of a single object is © =1+ \/5 - m with [ being the number of
contour pixels having odd chain coding numbers and m being the number of contour pixels
having even chain coding numbers.

Mean contour length of ob- | Mlength_t n(t)

jects in class image ¢ ulty=—- Z u,(t)
n(t) =

Standard deviation of the | Stalength_t n(t) —
contour length of objects in S(t) = Y (u; (1) — u(t))2
class image ¢ n(t) i=1 l
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Fig. 68. Exerpt of the Image Data base

4.2.9 The Image Mining Experiment

The collected data set was then given to the data-miningDiession-Master.

The decision-tree induction algorithm that showed the best results on this data set
is based on the entropy-criterion for the attribute selection, cut-point strategy for
the attribute discretizatioand minimal error-reduction pruning. We carried out
three experiments. First, we learnt a decision tree only based on the image reading
by the expert, then learnt a decision tree only based on the automatic calculated
images features, and finally, we learnt a decision tree based on a data base con-
taining both feature descriptions.

The resulting decision tree for the expert's reading is shown in Figure 69 and
the resulting decision tree for the expert’s reading together with the measured im-
age features is shown in Figure 70. We do not show the treéleefoneasured im-
age features, since the tree is too complex. The error rate was evaluated by leave-
one-out cross-validation.

Table 14. Error Rate the Expert and the Decision Tree

Method Error Rate
Expert 23.6 %
Decision Tree based on 16.6 %
Expert’s Reading

Decision Tree based on 25.0 %

calculated Image Features
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263 DS
INTERPHASE

1) [=__ o0

[ = 4 ) (= 3 ) [L= 2 ) = )
32DS 48 DS 47DS 93 DS 43DS
[320200 | I [320000 | I [100000 ] I CHROMOSOME [200000 | I
[ = o ) [= 2 ) = 1)
8 DS 70 DS 15 DS
[100000 ] I [100320 ] I [100000 ] I

Fig. 69. Decision Tree obtained from Expert's Image Reading

240 DS
STACONT_3

<=11.201 >11.201 <=24.4165) >24.4165
60 DS 30 DS 78 DS 27DS 3DS

DENS_4, STAAREA STAAREA 4 | 200000 ([ 500000]

<=11.151: >11.1513 <=0.0838 >0.0838) [ <=10.1775) >10.1775 <=16.3605 >16.3605

60 DS 12DS 12DS 9DS 21Ds 33DS 45DS
DENS 9] ([ 100320] |STAAREA_: [ 100320] ([ 200000} (STAAREA Z |[ 320000]
<=0.0085 >0.0085 <=1.1067 >1.1067 <=0.3008 >0.3008 <=2.8046 >2.8046
36 DS 24DS 6DS 6DS 45DS 3DS 21DS
[ 100000] DENS_2 [ 100320] ([ 100000] ([ 320200] ([ 100000 [ 100320] (STAAREA .

>0.00295 <=1.06105) >1.06105
12Ds 6DS 6DS
[ 200000} [ 320000 [ 320200

9DSs
[ 100000

Fig. 70. Decision Tree obtained from automatically calculated Features

4.2.10 Review

The performance of the human expert with an error rate of 23.6% was very poor
(see table 14 ). The expert was often not able to make a decision when he did not
see mitotic cells in the image. When the mitotic cells were absent in the image he
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could not decide the class. In that case he was not cooperative and did not read the
image features. This behavior leads to the conclusion that he has not a very well
built up understanding about the appearance of the image features nor does his de-
cision making strategy really relay on a complex image interpretation strategy.
The resulting decision tree based on the expert's reading shown in Figure 69 sup-
ports this observation. The decision-making strategy of the expert is only based on
two image features, the interphase_cells and the chromosomes. This tree has an er-
ror rate of 16,6 %. However, for the “not_decided” samples in our database this
tree could not be of any help since the expert did not read the image features in
that case.

The tree based on the calculated image features shows an error rate of 25%.
This performance is not as good as the performance of the expert, but the tree can
also make a decision for the “not_decided” samples. We believe that the descrip-
tion of the different patterns of the cells by a texture descriptor is the right way to
proceed. The Boolean model is flexible enough and we believe that by further de-
veloping this texture model for our HEp-2 cell problem we will find better dis-
criminating features which will lead to a better performance of the learnt tree.

Although the features calculated based on the Boolean model are of numerical
type, they also provide us with some explanation capability for the decision mak-
ing process. The sub tree shown on the right side of Figure 70 shows us for e.g.
that the most important featuredsns 0. That means if there exist some objects
in the class image 0 which refers to low gray level (0-21 increments) thass
500000 and partially theslass 200000 can be separated from all the other classes.
That means a small number of dark spots inside the cell reteass500000 and
class 200000. The discriminating feature betweelass 500000 and class 200000
is the standard deviation of the object contoul&ssimage 3. Small contours of
dark objects in class image_3 refer to class 200000, whereasrtimurs refer to
class 500000.

It is interesting to note that not the featufiee speckeld or fluorescent nucle-
oli are the most discriminating features. The classifier based on the calculated im-
age features takes other features and therefore leads to a new and deeper under-
standing of the problem.

4.2.11 Using the Discovered Knowledge

The achieved results helped experts to understand their decision-making strategy
better. It is evident now that the full spectrum of human visual reasoning is not
exhausted for this inspection task. Instead of developing a sophisticated reasoning
strategy by the physicians, the problem was given back to the developers and pro-
viders of the freeze cut HEp-2 cells. They implemented into the substrate special
cells, for e.g. the so-called mitosis. Although mitosis give higher confidence in the
decision, another problem still exists. These cells appear somewhere in the slides.
It can only be guaranteed by the producers that a certain percentage of mitosis ap-
pear in each slide. It is highly likely that under the microscope the special cells are
not visible since none of these cells lie in the chosen region of interest. Then the
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slide must be manually shifted under the microscope until a better region of inter-
est is found. Besides that each company has a different strategy how to set up their
substrate. A high percentage of mitosis in the substrate is a special feature for the
products of one company. Another company has another special feature. However
the real HEp-2 cells appear equally in the images.

Therefore our effort goes in two directions: 1. Setting up a more sophisticated
image catalogue for teaching physicians and 2. Further development of our texture
feature extractor. The image catalogue should explain in more details the different
features and feature values of the vocabulary so that the expert is more certain in
reading the image features although the mitosis is absent in the image. By doing
that it should help the experts to understand their inspection problem better and to
use a standard vocabulary with a clearly defined and commonly agreed meaning.
The further development of our texture feature extractor should lead to better dis-
tinguishing features so that the performance of the classifier is improved. Besides
that the explanation capability of the feature descriptor can be used for determin-
ing better symbolic features as the basis of the image catalogue.

The recent results were used to built a first approach of an automatic image analy-
sis and classification system for the classification of HEp-2 cell patterns. The im-
age analysis procedures and the procedures for the image descriptors of the image
features contained in the decision tree were combined into an algorithm. The rules
of the decision tree shown in Figure 70 was implemented into the program and
now the expert can use the system in his daily practice as decision support sys-
tem.

4.2.12 Lessons Learned

We have found out that our methodology of data mining allows a user to learn the
decision model and the relevant diagnostic features. A user can independently use
such a methodology of data mining in practice. He can easily perform different
experiments until he is satisfied with the result. By doing that he can explore his
application and find out the connection between different knowledge pieces.

However some problems should be taken into account for the future system de-
sign.

As we have already pointed out in a previous experiment [PBY96], an expert
tends to specify symbolical attributes with a large number of attribute values. For
e.g. in this experiment the expert specified for the attribute "margin” fifteen attrib-
ute values such as "non-sharp”, "sharp”, "non-smooth”, "smooth", and so on. A
large number of attribute values will result in small sub-sample sets soon after the
tree-building process started. It will result in a fast termination of the tree-building
process. This is also true for small sample sets that are usual for medicine. There-
fore, a careful analysis of the attribute list should be done after the physician has
specified it.

During the process of building the tree, the algorithm picks the attribute with
the best attribute-selection criteria. If two attributes have both the same value, the
one that appears first in the attribute list will be chosen. That might not always be
the attribute the expert would choose himself. To avoid this problem, we think that



116 4 Applications

in this case we should allow the expert to choose manually the attribute that he/she
prefers. We expect that this procedure will bring the resulting decision model
closer to the expert's ones.

The described method of image mining had been already established in prac-
tice. It runs at the University hospital in Leipzig and Halle and at the Veterinary
department of the University in Halle, where the method is used for analysis of
sheep follicle based on a texture descriptor, evaluation of imaging effects of ra-
diopaque materidior lymph-nodule analysis, mining knowledge foif therapy
transplantation medicine and for the diagnosis of breast carcinoma in MR images.
In all these tasks we did not have a well-trained expert. These were new tasks and
reliable decision knowledge has not been built up in practice yet. The physicians
did the experiments by themselves. They were very happy with the obtained re-
sults, since the learnt rules gave them deeper understanding of their problems and
helped to predict new cases. It helped the physicians to explore their data and in-
spired them to think about new improved ways of diagnosis.

4.2.13 Conclusions

There are a lot of applications around where images are involved and the number
of these applications will increase in future. Most of these applications require a
human expert in order to discover the interesting details in the images or in order
to interpret the images. It is a challenge for the future to develop methods and
systems that can effectively support a human by this task. These methods should
allow us to better understand the human visual reasoning.



5 Conclusion

In this book we have given an overview about data mining for multimedia data.
The book does not describe all aspects of data mining. We have focused on meth-
ods which are from our point of view most important for mining multimedia data.
These methods include decision-tree induction, case-based reasoning, clustering,
conceptual clustering and feature-subset selection. The applications we have de-
scribed in this book are one of the first image mining applications solved. The de-
scribed methodol ogy for image mining can be applied successfully to other appli-
cations as well. The data-mining tool Decision Master can be obtained from ibai
research (http://mwww.ibai-research.de/book _data mining). The material de-
scribed in this book can be used for a course on data mining on multimedia data.
Thefoilsfor the course will also be available on this webpage.

The field of multimedia-data mining is an emerging field and still at the beginning
of its development. There are till alot of open problems which have to be solved
in future. The main problem for image and video mining is how to extract the nec-
essary information which should be used for mining from the images. Besides that
new methods for structural data are required as well as methods which can com-
bine different data sources such asimage, audio and text or such asin e-commerce
where web data, logfile data and marketing data should be combined for the min-
ing process. In future we have to expect alot of new and exciting developments.
The Pattern Recognition Community is intensely engaged in these problems on
the theoretical part and has taken up the problem of mining images, texts, videos
and web documents, which already previously has lead to some substantial contri-
butions. The activities are coordinated by Technical Committee 17 Data Mining
and Machine Learning of the International Association of Pattern Recognition
(IAPR) (http://www.ibai-research.de/tc3). New developments will be presented
on biannual basis at the International Conference on Machine Learning and
Data Mining in Pattern Recognition MLDM (http://www.ibai-research.de
/evlink5) held in Leipzig which is one of the most important forums on that topic.
We hope we could inspire you by this book to deal with thisinteresting field.

P. Perner: Data Mining on Multimedia Data, LNCS 2558, p. 117, 2002.
[ Springer-Verlag Berlin Heidelberg 2002



Appendix

The IRIS Data Set

The iris data set is comprised of 3 classes. The data set contains 50 samples per
class. The three classes are different types of flowers such as Setosa (class 1), Ver-
sicolor (class 2), and Virginica (class 3). These classes are described by four va-
riables such as petal lenght and width, and sepal length and width.

The data set can be obtained from ftp.ics.uci.edu/pub/machine-learning-
databases.
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