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Preface

Systems biology takes a holistic view on biology and aims at elucidating design
principles of whole biological systems rather than characterizing individual
molecules or single events. It is generally believed that systems biology will
transform biology from a descriptive to a predictive science, making it possible
to understand, explain, and eventually engineer complex biological systems. In
the past decades, we witnessed burgeoning development of various fields that
mutually complement each other and together define the scope and methods
of systems biology. This young and rapidly growing consortium of disciplines
defies all attempts at rigid definition of its purpose and boundaries while
continuing to evolve and develop new experimental tools and theoretical paradigms.
Perhaps, the most definitive characteristic feature of systems biology is that
it is a fundamentally interdisciplinary science that became a point of fusion
of the traditional experimental biology with physics, chemistry, mathematics,
computer science, and engineering. Inevitable cross-talk of distinct cultures, often
a tumultuous and never an easy process, brought about the emergence of a new
culture of modern quantitative biology.

The most recent advances and new developments in systems biology were
presented and actively discussed at the 11th International Conference on Systems
Biology which took place on 10-16 October, 2010 in Edinburgh. This meeting
marked the tenth anniversary of the increasingly popular series of conferences
initiated by Hiroaki Kitano in 2000 in Tokyo. The meeting in Edinburgh attracted
the largest yet attendee number, which is sure to continue growing in the years
to come. Reflecting the highly diverse interdisciplinary nature of systems biology,
the scientific programme of the Conference featured eight plenary and 16 parallel
sessions aiming at the fair representation of various contributing fields. As has
become the tradition over the decade of ICSB conferences, particular attention
was given to the developments in genomics, proteomics, metabolomics as well as
mathematical modeling and computational tools. Special sessions were dedicated
to the recent advances in neurobiology, biological rhythms and circadian clocks,
and biological noise and cellular decision making. Strong emphasis was also given
to the practical applications of systems biology in medicine, biotechnology, and
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pharmaceutical industry. Following the trend of the previous meetings, ICSB 2010
witnessed continuously increasing coalescence of experimental and theoretical
approaches that resulted in exciting, truly systems research projects presented at
the Conference.

The present collection of articles has emerged from the contributions provided
by the speakers of ICSB 2010 as well as by other leaders of systems biology who
could not attend the meeting. As the biological systems themselves, this volume
is the result of self-organization. Since each contributor chose the topic of their
chapter independently from the others, the scope of this volume is a faithful and
unbiased replica of the entire breadth and diversity of systems biology. At the same
time, individual contributions naturally grouped together revealing the particularly
exigent research directions that presently attract the most attention. These emergent
clusters defined the sections of the present volume. Thus, traditionally strong interest
remains focused on the identification, analysis, and modeling of networks that
represent causative, correlative, and other relationships between various biological
entities. Contributions by B. Andrews, J. Saez-Rodrigues, D. Armstrong, and
their colleagues consider the use of the proteome-wide datasets as well as the
development of high-throughput techniques for their acquisition. Chapters by
B. Kholodenko and W. Kolch, E. Feliu, S. Schnell and their co-workers are devoted
to the analysis and modeling of intracellular signaling networks. H. Kaltenbach and
J. Stelling discuss in more abstract terms the theoretical aspects of modularity that
is characteristic of biological networks.

Much interest is presently devoted to the understanding of cellular decision
making, such as response and adaption to the environmental perturbations, cel-
lular differentiation, and programmed cell death. Given the importance of these
fundamental biological processes for the treatment of cancer and stem-cell-based
regenerative technologies, to name just a few applications, this interest is well
justified. Section 2 starts with a provocative discussion feature by D. Bray who
posits that biological organisms, as simple as unicellular bacteria, carry acquired
throughout the evolution information on optimal environmental conditions. The
contributions by A. Levchenko, J. Fisher, D. Lutter, and others focus on cellular
differentiation and apoptosis. Together they suggest that systems biology is finally
getting into the position to tackle these exciting and exceptionally complex prob-
lems.

Section 3 considers spatial and temporal aspects of intracellular dynamics.
Thus, D. Vavylonis and colleagues and A. Carlsson discuss systems properties
of actin cytoskeleton, while M. Enculescu and M. Falke review modeling of
morphodynamic phenotypes and dynamic regimes of cellular locomotion. More
technically oriented contributions that present novel computational algorithms,
software tools and theoretical methods are grouped into Sect. 4. Here E. Balsa-
Canto, I. Sbalzarini, and their colleagues discuss global optimization and parameter
identification in stochastic reaction networks. M. Blinov and I. Moraru present
the rule-based modeling approaches that allow building larger models of complex
reaction networks.
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To conclude the volume, Sect. 5 discusses a broad spectrum of systems biology
applications in medicine, biotechnology, and pharmaceutical industry. Discussion
features by R. Phair, L. Kupfer, N. Benson, and their colleagues present the views
from inside the industry on the advantages and pitfalls associated with the use
of systems biology in drug design and development. Other contributors showcase
practical applications of systems methods to the analysis of patient data and typical
problems arising in biotechnology of microorganisms and livestock.

Finally, the Editors would like to express their sincere gratitude to Mrs. Fiona
Clark who provided invaluable administrative support without which the effort of
assembling this volume would be impossible.

Andrew B. Goryachev
Igor I. Goryanin
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Chapter 1
Modular Analysis of Biological Networks

Hans-Michael Kaltenbach and Jorg Stelling

Abstract The analysis of complex biological networks has traditionally relied
on decomposition into smaller, semi-autonomous units such as individual signal-
ing pathways. With the increased scope of systems biology (models), rational
approaches to modularization have become an important topic. With increasing
acceptance of de facto modularity in biology, widely different definitions of
what constitutes a module have sparked controversies. Here, we therefore review
prominent classes of modular approaches based on formal network representa-
tions. Despite some promising research directions, several important theoretical
challenges remain open on the way to formal, function-centered modular decom-
positions for dynamic biological networks.

1 Introduction

With the advent of high-throughput experimental techniques such as micro-arrays
or mass-spectrometry, the complexity of biological networks became increasingly
evident. Concomitantly, the search for “network design principles” became both
feasible and necessary. The necessity stems from our inability to grasp and
to meaningfully analyze networks of even moderate complexity without formal
methods — based on mathematical modeling — and without some sort of “divide-
and-conquer” approach to the analysis [18]. Note that the second aspect holds for
formal and informal network analysis alike. While, despite inherent nonlinearities,
the dynamics of small systems with a few state variables can sometimes still
be successfully characterized, analyzing medium- and large-scale systems with
potentially hundreds of states poses new challenges. As an example, a current model
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Table 1.1 Overview of module definitions according to main characteristics and application areas

Definition Module Function Network
Class of approaches based on  overlaps prediction applications
Community detection ~ Structure ~ No Guilt-by-association  Protein—protein interaction
Metabolic pathways ~ Function  Yes Steady-state Metabolic
Network motifs Structure  Yes Dynamics Transcriptional, signaling
Retroactivity Function  No Dynamics General
Monotone systems Function  No Dynamics General

of the ErbB signaling pathway was taken that already comprises about 500 state
variables [5]. Clearly, classical methods for the analysis of nonlinear systems such
as phase-plane analysis will only work in the rarest of cases for such models.

Conceptual divisions of complex networks in biology are standard practice for
many experimental or theoretical studies. This is consistent with a modular view
on biological systems; they are constituted by semi-autonomous functional units
performing specific functions. Much of the reasoning about biological entities
(e.g., protein complexes) and functions (e.g., distinct signaling pathways) follows
this notion. However, it was only recognized relatively recently that — similar to
engineered systems — modularity could be a key to the quantitative understanding
of large-scale networks [14,22,25].

Modularity has several potential implications for the systems analysis of biolog-
ical networks:

e The decomposition of complex networks into manageable units, and their
subsequent assembly, can allow us to comprehend large-scale systems.

e Corresponding modular concepts for mathematical modeling and formal analysis
facilitate theoretical investigations in systems biology, for instance, in terms of
parameter estimation.

* The large repertoire of available engineering methods and insights could lead
to the identification of operating principles that are common to biological and
engineering systems [7, 38].

Over the past years, we have seen the accumulation of general evidence
for modularity in different areas of biology, ranging from molecular interaction
networks inside cells to the structure of evolutionary processes [43]. Many specific
aspects of the existence and implications of modularity in biology, however, are
controversial [1,27,44]. These controversies are often rooted in different operational
definitions of modules.

Here, we therefore review several promising approaches that were proposed to
address the question of how to define and find suitable subsystems (or modules)
that would allow a modular analysis of complex cellular networks. The overview
of main concepts shown in Table 1.1 illustrates that the approaches differ in several
dimensions such as the basis of the definition, and the scope of predictions and
network applications.
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As it is beyond the scope of this review to cover all module concepts that have
been proposed, we focus on those approaches that start from a formal definition
and operate on a formal representation — a mathematical model — of a cellular
network. Moreover, we assume that it is the ultimate goal of modular approaches
to achieve unique network decompositions that are based on function and that
yield predictions on the system’s dynamic behavior. Our discussion of existing
methods will be guided by this principle. After introducing the formal basis for the
types of mathematical models considered, we will present the module identification
methods summarized in Table 1.1, and conclude with selected applications in system
identification and analysis.

2 Models of Biochemical Networks

A biochemical network consists of a set of compounds or species whose connections
and interactions can be captured by graph theory. Each species is then represented
by a vertex or node in a graph, and a (directed or undirected) edge is drawn between
species to denote an interaction.

One such representation is a protein—protein interaction (PPI) network (see [32]
for a brief review of PPI network construction). Here, a representation by an
undirected graph G = (V, E) with vertex set V' and edge set E is fairly straight-
forward. Each vertex v € V represents a protein, and an undirected edge e =
{vi,v2} € E is drawn between a pair of proteins if experimental data suggests
that these proteins interact. A small example is given in Fig. 1.1a. Several PPI
datasets for the same organism can be combined into ever-larger sets of interactions,
and PPI graphs often contain thousands of protein vertices. PPI graphs provide

a b R 2A+B—C+D °©

A2 1.C A
> 1N
B 1 1D

/\
AL \/
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Fig. 1.1 (a) Graphical representation of a PPI network. Vertices in gray and black denote two
potential modules with better intra- then inter-connectivity. (b) Representation of reaction 24 +
B — C + D as a hypergraph (fop) and equivalent bipartite graph (bottom). Circle: species vertex,
diamond: reaction vertex. (¢) Signed interaction graph. Pointed arrow edge: positive, t-shaped edge:
negative influence of one vertex on another vertex
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a picture of all protein interactions: edges represent possible interactions, but
dependencies between interactions or dependencies on experimental conditions are
not represented.

Biochemical reaction networks admit a representation by a directed hypergraph
or an equivalent directed bipartite graph. In the former, each vertex represents a
species, and a directed edge is drawn from one set of species to another set of species
if there is a biochemical reaction transforming the first into the latter set. In the
bipartite representation, each reaction is additionally represented by a vertex and
an edge is drawn from a species to a reaction vertex if that species is a substrate
of the reaction. Conversely, an edge is drawn from a reaction to a species if the
species is a product. Typically, edges in both representations are labeled with the
stoichiometries of the species in the corresponding reaction, providing information
in addition to the topology. An example is given in Fig. 1.1b, where the reaction
2A + B — C + D is given in both representations.

Given a biochemical reaction network, the dynamics can be captured by a system
of nonlinear ordinary differential equations (ODEs). For this, let Sy, ..., S, denote
the chemical compounds or species and let r be the number of reactions in the
reaction network. A reaction R; is given by:

Rj ZXn:a,’,jSi - Xn:bi,jsia

i=1 i=1

where a; ; is the molecularity of species S; as a substrate in this reaction, b; ; is the
molecularity of S; as a product, and N; ; = b; ; — a; ; is the stoichiometry of the
species in the reaction. Together, these stoichiometries form the n X r stoichiometric
matrix N, with one row per species and one column per reaction.

Let x; = x;(¢) be the concentration of species S; at time ¢, called the states of the
system and combined into the vector x = (x1,...,x,)7. Denote further by v; (x, p)
the rate of reaction R; as a function of the species concentrations and a vector of
parameters p. These rates form the vector v(x, p) = (vi(x, p),...,v.(x, p))T and
they are often called the fluxes of the system for a particular (x, p). The dynamics
of the network is then given by the set of n nonlinear ODEs as follows:

dx
Pl N -v(x, p). (1.1)
While the stoichiometry (given by N) of a system of biochemical reactions is
usually well characterized, crucial details of the rate law governing the change
of a reaction rate as a function of the species concentrations (given by v;(-)) are
often unknown. In particular, parameter values such as kinetic rate constants are
notoriously difficult to get. Also, the algebraic form of the rate laws is often difficult
to establish, especially in metabolic networks where several substrates and enzymes
might simultaneously contribute to a reaction rate.
To take into consideration the (potential) dynamics of a network, the species—
species interaction graph or influence graph can be constructed. This graph is



1 Modular Analysis of Biological Networks 7

directed and signed; it has one vertex per species and a directed positive (negative)
edge is drawn from S; to S;, if S; has a positive (negative) influence on the
concentration of ;. The edge signs can either be established experimentally, as for
network motifs (Sect. 5.1) or by the sign structure of the Jacobian matrix N -(dv/dx),
as for monotone systems (Sect. 5.2). Figure 1.1c exemplifies an influence graph of
six species. Thus, for the same biochemical network, different representations — with
different levels of granularity — are possible, and it is to be expected that the choice
of representation will influence the eventual modularization results.

3 Graphs and Community Detection

Once a graph for a network is constructed, its topology and in particular its
connectivities can be analyzed using graph-based algorithms. This type of analysis
requires only the graph itself. It uses neither the stoichiometric information provided
by a reaction network, nor the dynamic or steady-state information provided by the
ODE system of such a network.

One popular type of analysis aims at describing the overall organization of a
graph in terms of topological statistics, such as the distribution of path lengths
between vertices, and in particular the distribution of vertex degrees. The degree
of a vertex v is the number of vertices w € V such that {v,w} € E, that is, the
number of its incident edges; vertices with high degree are sometimes called hubs.
Graphs can be categorized by their vertex degree distribution. Of particular interest
are scale-free graphs, in which the degrees follow a power—law distribution such
that the probability of having degree d is proportional to d” [21]. Other approaches
try to derive a more precise picture of the overall graph by extending the concept
of the degree to so-called graphlets, which are essentially subgraphs of a given size.
For each vertex, the number of graphlets it participates in is counted, and a graphlet
distribution is computed. Comparisons between graphs can then be based on these
distributions [29].

Densely connected subgraphs — sets of vertices that have more connection among
each other than to the rest of the graph — are of particular interest in the topology
of a graph. An example is given in Fig. 1.1a, where the shaded vertices belong to
two potential modules. While various ways of defining “more densely connected”
precisely were proposed, many algorithms to find the modules rely on methods from
community detection [11]. Some of these algorithms try to find a minimal set of
edges such that by removing these edges, the graph decomposes into a number of
disjoint components, which are then identified as the modules. Other approaches use
explicit or implicit measures for similarity of vertices and try to optimally cluster
vertices into modules, such that members of a module are more similar to each other
than to nonmodule vertices.

In the case of PPI networks, modules are usually identified with a particular
biological function, with the reasoning that interacting proteins typically either
stem from a protein complex or are otherwise simultaneously involved in the
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same biological process. One way of finding a module’s biological function is
to analyze the gene ontology (GO) [6] terms associated with its proteins. If an
enrichment of GO terms is found for a particular module, it is associated with
the corresponding biological function. This annotation can then be transferred to
proteins in the module that are not yet annotated with a function. While this method
works reliably for detecting protein complexes in terms of modules, assigning a
function to a larger module is often not straight-forward and various extensions
for improving the biological relevance have been suggested [9, 27]. However, co-
expression patterns of proteins and co-memberships are rarely correctly reflected in
modules. In particular, not correcting for known protein complexes can introduce a
severe bias in connectivities and complicates the analysis [44].

Metabolic network models contain additional information about stoichiometries
of reactions and potentially kinetics of reaction rates, and several methods for
topological modularization have also been proposed for these networks. While
more densely connected subgraphs might not admit a straightforward biological
interpretation, some methods rely on similar ideas to identify subgraphs that have
only few connections to the remaining network and can potentially be identified
with pathways of the network [13].

Several methods have also been proposed to decompose a metabolic network into
hierarchies of modules. One attempt uses extensive simulations to cluster trajecto-
ries of (groups of) species by similarity and then iteratively assigns compounds and
modules into other modules, until all modules are hierarchically nested [10].

While metabolic networks are usually described as hyper- or bipartite graphs,
many decomposition methods work on a derived species—species influence graph
instead. This causes particular problems, as different species-reaction schemes can
lead to the same species influence description, which might lead to artifacts [24].
Note that many of the above approaches may suffer from the same problem because
the underlying network model (usually, a simple graph) might not be appropriate to
capture the network structure and its implicit constraints on network function.

4 Stoichiometric Network Analysis and Metabolic Pathways

Stoichiometric network analysis (SNA) operates on the stoichiometric matrix N and
additionally incorporates other physico-chemical constraints on system behavior,
such as reversibilities and capacities of reactions. It is thus based on a more
detailed system model using hypergraphs that accounts for the coupling of educts
and products in each reaction [19]. Moreover, the definition of pathways employs
a functional criterion: each pathway has to define a feasible steady-state flux
distribution in the network. Hence, any modular decomposition in SNA is limited to
steady-state regimes, but it allows for function predictions in those regimes [39].
Extreme pathways (EPs) and elementary flux modes (EMs) are formally defined
pathways that provide a functional decomposition of a network based on its
stoichiometry. Briefly, each such pathway fulfills three criteria: (1) it allows for a



1 Modular Analysis of Biological Networks 9

a """""""" R 2 R1 R2 R3 R4
Aext _§&>A B R4 ; r Bext l l l l
i § No|l "1 -1 0 +—A
Lo R3_ 0 1 1 -1 -8B
b
EM i EM2 EM3

Fig. 1.2 (a) Example network with two internal metabolites (4, B) and two external metabolites
(A%, BY), respectively, that is captured by the stoichiometric matrix N. Arrows denote reaction
directions. (b) Decomposition of the network into three EMs EM1-3 where black/gray arrows
indicate active/inactive reactions, respectively

steady-state flux distribution, (2) the fluxes are feasible, that is, no reaction direc-
tionality is violated, and (3) the pathways are minimal in the sense that a pathway
cannot be represented by a combination of other pathways [39]. The small example
network shown in Fig. 1.2 illustrates the principles of pathway analysis by EMs.
Note that the EMs define functional regimes, not mutually exclusive subunits of the
network; linear combinations of the EMs describe the entire space of valid steady-
state flux distributions. However, the number of pathways — and their overlaps —
explodes combinatorially with network size [20]. Hence, while incorporating a clear
functional definition, it is a subsequent task to identify nonoverlapping modules
from metabolic pathways. It is still a largely open question how to achieve such a
decomposition and simple approaches such as (bi-)clustering of large pathways sets
for realistic metabolic networks face substantial computational challenges.

Promising stoichiometry-based modularizations, however, have been proposed
using the kernel matrix (an orthonormal basis of the right null-space of N). The
concept presented by Poolman et al. [28] relies on the computation of reaction
correlation coefficients, from which a distance matrix for reactions can be con-
structed. It is an extension of enzyme sub-sets, that is, fluxes in the network that
are always fixed to a constant ratio, implying that they are 100% correlated [26].
Hierarchical clustering based on thus defined reaction distances is computationally
feasible, and it yielded hierarchically nested modules in genome-scale metabolic
networks. In contrast to those modules obtained from topology alone (Sect. 3),
they incorporate functional criteria — but they are also less accessible to (biological)
interpretation [28].

An alternative approach for module identification in metabolic networks starts
from (predicted or experimentally determined) flux distributions in a network. Top—
down partitioning of the metabolite interaction graph, where reaction edges are
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weighted by their fluxes, yields the desired modules. The link to formal pathways
is made by projecting potential partitions onto EMs to identify the most likely
functional modules [47]. Thus, the approach combines modules in a functional
regime with generally valid pathways. However, these predictions are restricted to
operation of the network in steady-state. Also, theoretically derived criteria for the
partition of functions in metabolic networks beyond pathways are still lacking; both
concepts above rely on a heuristic step in identifying functional modules.

S Modules in Dynamic Networks: Definition by Behavior

In principle, topological analysis of community structures and hierarchies as well as
stoichiometric analysis of subnetworks leading to steady state can also be performed
on fully dynamic networks given by (1.1). For an analysis of the dynamics of a larger
network, however, it seems mandatory that modules have a prescribed or easily
identified input—output description and therefore a clearly identified dynamics [1].
Two main approaches in this direction exist, namely, those focusing on local features
of subnetworks, and others that attempt a global network decomposition based on
well-defined behavior.

5.1 Local Structure: Network Motifs

One of the earliest attempts to capture dynamics of subnetworks identified several
network motifs in models of transcriptional regulation [2]. A network motif in this
sense is a small subnetwork that performs a particular dynamic function. Larger
networks can then be analyzed by finding all contained network motifs and studying
their relation.

An example of a network motif is the inconsistent feedforward mechanism,
which was recognized as a subsystem able to generate pulses or to accelerate
responses. Other examples include consistent feedforward schemes and densely
overlapping regulons [2]. In [33], network motifs were identified in an E. coli
network and a first attempt was made to use motifs in wiring diagrams to elucidate
the structure of the overall network. Some motifs embedded in a larger context
are given in Fig. 1.1c. Vertices A, B, C form an inconsistent feedforward motif.
However, vertices A, C, D also give a consistent feedforward motif, sharing the
edge A — C with the A, B, C motif. Both motifs are further embedded in larger
feedforward motifs, ultimately ending in vertex F.

Note that, in principle, most network motifs do not have the same qualitative
dynamics for all possible assignments of parameter values and for all possible
realizations in terms of subgraphs. The bi-fan motif, for example, was found to
exhibit various dynamics depending on its exact configuration [16]. However, in
most cases, motifs found in real biological contexts show a unique dynamic function
that can also be experimentally observed [2].



1 Modular Analysis of Biological Networks 11

Originally developed for networks of transcriptional regulation, network motifs
are also of particular interest for signaling networks, where they might be associated
with clearly defined steps in the processing of an external signal. In contrast
to regulatory motifs, these are often based on feedback rather than feedforward
mechanisms. Important examples of subnetworks are reviewed in [40] and [41].
These include several response mechanisms that determine, for instance, how
rapidly a system responds to a stimulus, as well as several feedback mechanism.
It is long known in control engineering that the existence of certain subsystems is
a necessary condition for particular dynamics: negative feedback, for example, is
needed to generate oscillatory signals and positive feedback can be associated with
an irreversible switch, that is, a bistable system. However, the potential reaction
mechanisms implementing such subsystems are numerous and they are not easy to
identify in a sufficiently complex network.

One unresolved problem associated with network motifs is prompted by their
embedding in a larger context. On the one hand, motifs with specific local function
do not necessarily have this same function when interconnected with a larger
network that systematically feeds the motif’s output back to its input. On the other
hand, motifs in a larger context often overlap, such that sets of vertices and edges
are part of more than one motif; an example of this was already given in Fig. 1.1c.
Similar to the metabolic pathway-based module definitions, therefore, clear-cut
criteria for module demarcation are still missing.

5.2 Global Decomposition: Monotone Systems

While network motifs present a bottom—up approach to finding dynamic modules
in a given network, decomposing a network into modules by a top—down approach
can also yield insight into the network’s dynamics.

One recently proposed way to arrive at a decomposition of (1.1) into modules
exploits the theory of monotone systems [15], extended to systems with inputs and
outputs [34]. Such input—output systems extend (1.1) by a set of input functions u
that allow an influence of the system by external signals, and an output function
y : R" — R™ that maps the state of the system to m numbers, which can in turn
be fed into the input of another (sub)system. A system is monotone with respect to
three partial orders (all denoted by <), defined on the inputs u, the outputs y, and
the solutions ¢ (¢; x¢, u) of the ODE system (1.1) with initial conditions x( and input
u(t), if the following monotonicity condition

u(t) < ux(1), x1 < xa = ¢t ur, x1) < d(t;u2, x2), y1 < y2

holds for all times ¢ > 0, all inputs ug; 3 (-), and all initial conditions x{; »3.
Monotonicity of a system allows statements on existence and stability of steady
states. It guarantees that the system responds “well-behaved” in the presence of
perturbations. Moreover, important special cases of monotonicity (for a certain class
of partial orders) can be established from the topology of the bipartite network
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Fig. 1.3 Example of retroactivity: Protein X is the output of module M, and also forms a complex
with a promoter in module M,. With [p] 4+ [X - p] = const., this changes the input-output
characteristic of M. Adapted from [42]

graph alone, under very mild assumptions on the class of admitted reaction rate
laws. Feedback configurations of monotone systems have also been successfully
investigated; see [34] for details on monotone systems.

While most models of biological networks are not monotone, some are near-
monotone in the sense that only a few edges in the graph need to be deleted to
render them monotone. Algorithms for identifying such sets of edges have been
proposed [8, 37] and they open the route to a decomposition of large systems into
modules of monotone subsystems. The fact that these modules are also independent
of particular assumptions on rate laws or kinetic parameters makes this approach
particularly appealing.

5.3 Retroactivity

Another approach for decomposition of a larger network is to minimize the
“retroactivity” between modules. Consider any module M, that is downstream of
another module M;: there are connections from M, to M, but not from M, back
to M,. Even in such a cascade configuration, with no apparent feedbacks between
the modules, the downstream module might influence the dynamic properties of the
upstream module. An example is given in Fig. 1.3, where an input u(¢) to module
M, generates a protein species X, whose concentration is the input to module M,.
In M, the protein acts as a transcription factor that forms a complex X - p with
a promoter p; importantly, the overall promoter concentration [p](z) + [X - p](¢)
stays constant. The input—output behavior of M| is then changed by the presence of
M, as the stoichiometric interaction of X with p also changes the trajectory [X](¢).
To quantitatively describe this influence, the concept of retroactivity was proposed
together with an investigation of potential insulation mechanisms [42].

In terms of modular approaches, this concept can be exploited by using methods
from community detection that simultaneously minimize the retroactivity between
modules [31]. In principle, such modules could then be analyzed separately and only
the respective upstream modules need to be taken into consideration for describing
the dynamics of interconnected modules. By itself, retroactivity, however, does not
provide a definition of modules, but minimization of retroactivity could be part of
the objective in finding modular structures in biological networks.
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5.4 Interfaces

Similar considerations apply to the topic of interfaces. Consider any two modules
M, and M,. Their interface is given by the quantities that need to be exchanged
between them. For example, a particular reaction might be assigned to module M,
and one of its substrates to module M,. Then, the substrate’s concentration needs to
be exchanged between the modules as must the reaction rate (which is a quantity of
M, but needed by M, to update the substrate concentration).

The problem of interfaces has some analogies to control and electrical engi-
neering. In electronics, components used to design larger circuits have well-defined
interfaces that prescribe the information carrier (electrons) as well as input/output
impedances and the physical layout of contact wire. Biological networks on the
other hand do not have a common information carrier, so a proper definition of
interfaces is complicated by the fact that a concentration of some species X cannot
be connected to a module that needs a reaction flux as input. While this is not
a problem in analysis, it poses considerable problems designing novel biological
circuits in synthetic biology [23].

The problem of impedances is in fact the starting point for studying the problem
of retroactivity in biological systems. While it can be used to define modules in
the first place, it might also be explicitly taken into account in the definition of the
interfaces. For example, instead of connecting modules directly, the interface can be
defined by pools of the interfacing species, which requires modules to be connected
exclusively via these pools [23]. For signaling networks, this would also allow
tuning the description detail by, for instance, having a pool of ATP and assigning
either a dynamics to it or considering it constant. Modules of the network would
then automatically benefit from either choice.

In control engineering, block-diagrams are an essential tool for describing
larger systems as interconnected smaller systems with prescribed function. Here,
single-input single-output (SISO) systems are well understood, even for nonlinear
dynamics. However, analysis gets more involved the more inputs and outputs
the systems have. Similar arguments hold for analyzing interconnected biological
network modules. Thus, one objective of any top—down decomposition method
should also be to minimize the module interfaces.

6 Applications: Modular Systems Identification and Analysis

Work on modular analysis of biological networks has often concentrated on
identifying and characterizing the (types of) modules found in natural systems.
However, at least in the two areas described below, modular analysis approaches
have shown direct benefits for analyzing the system functions.



14 H.-M. Kaltenbach and J. Stelling
6.1 Control Systems

Decomposition of a given system into blocks with particular function is a standard
practice for designing systems in control engineering. However, translating these
techniques to biological systems is far from easy. For one, engineering systems are
by default designed to provide a certain function irrespective of the system they
are integrated into, for example, by providing insulation to avoid retroactivity. In
addition, many well-established results from engineering such as the internal model
principle [12] are in theory also applicable to biological models, but they require
subtle but nontrivial extensions. Nevertheless, examples of successful application
of control engineering methods exist, the most prominent one probably being the
analysis of the chemotaxis system in E. coli [22,46]. Starting from fundamental
concepts in engineering, the perfect adaptation observed in the chemotaxis system
could be shown to require an integral feedback loop, which was then identified
in the reaction network. Here, an implicit modularization of the system helped in
understanding the design principles of the whole system.

Other examples include the successful extension of the internal model principle
to biological signaling pathways, in which plant (the controlled system) and
controller cannot reasonably be separated, and a main feature is the detection of
a signal [35]. A first review of attempts to bring control theoretic concepts into
biological systems analysis is given in [36], including the internal model principle,
monotone systems, and retroactivity.

6.2 Modular Response Analysis

Another example of modular analysis using concepts from control engineering
is the development of metabolic control analysis (MCA) and, more recently, its
application to the modular analysis of signaling pathways. MCA was originally
developed to study enzymatic reactions and to analyze the control of fluxes in
metabolic networks [45]. In essence, it is a sensitivity analysis of the reaction
rates with respect to parameters and species concentrations. MCA derives much
of its power from the fact that the underlying network puts additional con-
straints on the sensitivities. Those constraints do not occur for general physical
or engineering systems and they lead to, for example, the celebrated summation
theorems [30].

While originally designed to analyze control of fluxes in steady-state, MCA has
been adapted to be applicable to more transient system behaviors as they occur in
signaling networks. Here, efforts to apply MCA techniques by so-called modular
response analysis [3,4, 17] are of particular interest. In one application, responses
of modules with respect to perturbations are exploited to identify connections in
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an unknown network. Furthermore, systems of different modules of organization
— combined models of metabolism, regulation, and signaling — can be analyzed
by MCA methods because connections from one module to the next are often not
stoichiometric, that is, by mass flow, but purely at the level of flux regulation. For
example, while the concentration of an enzyme might be changed by a regulatory
network, it only acts as a modifier for metabolic reactions, and the metabolic
network has no direct influence on the enzyme concentration. This would be an
extreme example of insulation where the two systems do not have retroactivity.

7 Conclusions and Perspectives

With constantly increasing size and scope of models for biological networks,
computational systems biology faces new challenges to provide adequate methods
for analysis of such networks. For now, methods based on divide-and-conquer
strategies seem imperative. In this paper, we focused on networks that admit a
formal representation and presented several decomposition approaches that lead to
modules with rationally defined properties.

Methods based on topology alone work reasonably well for PPI networks, but
the input—output dynamics needs to be taken into consideration when modular-
izing metabolic or signaling networks with inherent dynamics. Then, methods
that simultaneously provide modules with specific “well-behaved” input—output
dynamics and minimal interfaces between these modules are of particular interest.
In engineering, modules or subsystems with specific dynamic behavior are manifold
and commonly used. For biological networks, however, the task is mostly analysis
rather than synthesis, which often precludes an unique decomposition into modules.
In particular, small subnetworks with specific properties, such as network motifs or
extreme modes, often overlap, which complicates the analysis.

In order to be able to analyze larger biochemical reaction networks, such as
metabolic or signaling networks, new and improved methods are needed. While
there are several examples of a successful analysis using standard tools from control
engineering, differences between the analysis of engineered and biological systems
are often subtle, yet important. For example, there is no clear cut between the plant
and the controller in a biological system, and parts of a network might be used by
several response mechanisms. Further, both the structure and the specific parameter
values of biochemical reaction network models are often incomplete and uncertain.
Therefore, any modularization method needs to be robust with respect to small
perturbations in the network structure or parameters.
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Chapter 2
Modeling Signaling Networks Using
High-throughput Phospho-proteomics

Camille Terfve and Julio Saez-Rodriguez

Abstract Cellular communication and information processing is performed by
complex, dynamic, and context specific signaling networks. Mathematical modeling
is a very useful tool to make sense of this complexity. Building a model relies on two
main ingredients: data and an adequate model formalism. In the case of signaling
networks, we build mainly upon data at the proteome level, in particular about
the phosphorylation of proteins. In this chapter we review recent developments
in both data acquisition and computational analysis. We describe two approaches,
antibody based technologies and mass spectrometry (MS), along with their main
features and limitations. We then go on to describe some model formalisms that have
been applied to such high-throughput phospho-proteomics data sets. We consider a
variety of formalisms from clustering and data mining approaches to differential
equation-based mechanistic models, rule-based, and logic based models, and on
through Bayesian network inference and linear regressions.

1 Introduction

Whatever their nature, identity, and environment, cells are continuously exposed
to signals, whether reflecting their internal state, or emerging from growth factors,
neighboring cells or the extracellular matrix. All these signals need to be received,
interpreted and possibly transmitted or propagated, in an integrated manner so
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as to produce the appropriate response. This information processing is performed
through the use of highly dynamic and context specific networks assembled
from a multitude of signaling molecules [32]. Given their fundamental role in
cellular function and intercellular coordination, deregulation of signaling networks
is often involved in the development of diseases [3, 27]. Furthermore, although
development of resistance to drugs can happen through accumulation of mutations,
it seems that another underlying mechanism can be the rewiring and adaptation
of the signaling network. Combinatorial genetic perturbations in yeast suggest that
signaling networks are extremely adaptive to such perturbations [32]. Studying
signaling networks as a whole, in physiological and disease contexts, is therefore
essential to understand how cells function and respond to their environment and
how this process is deregulated in diseases, to potentially provide new venues for
therapies.

Understanding how the elements that make up signaling systems are organized
and function together to allow the cell to respond to a perturbation is a challenge.
This is only the beginning that is to be investigated [28]. Therefore, it has been
argued that mathematical modeling is necessary to make sense of the sheer amount
of elements that enter into play [1, 13,28, 32,40]. A key point when modeling is
to be aware of the assumptions made in building the model (level of detail, scope,
etc.), and to interpret the model outputs correctly [5, 65]. Indeed, there are many
ways to model biochemical and in particular signaling networks, and the choice of
a particular formalism depends on the system under investigation, the data at hand,
and the question to be answered.

Ideally, one builds a model based on good quality data of the system under
study; in the case of signal transduction data is at the proteome level, since proteins
are the ultimate agents of cellular activity. Events occurring at the transcriptional
levels can however also be included in models of signaling systems (see [34]
for a review on cellular regulatory networks encompassing regulation at different
levels). Proteomics is the field of biology that studies the expression, modification,
conformation, and activity of proteins in a system [2, 30]. This is challenging
for many reasons, mainly because screening of the entire proteome (as can be
done for the genome or transcriptome) is impractical with current technology and
because the proteome cannot be defined using a list of proteins. Indeed, the wide
varieties of post-translational modifications (PTMs) and their combinations lead
to a combinatorial explosion of the number of states that need to be assessed. To
add to the complexity of this picture, protein abundance in a single cell population
frequently spans more than 6 orders of magnitude [2], which is broader than
the dynamic range of any routine proteomics technology currently available. In
addition, limited information can be inferred from investigations at the mRNA level
since transcripts levels are poorly correlated with protein abundance [23, 73]. An
ideal technology to probe the proteome of human cells in a signaling framework
would have to be able to measure accurately the concentrations of more than
30,000 different proteins and their splice variants, each possibly subject to a
variety of post-translational modifications (e.g., an estimated 100,000 sites for
phosphorylation alone) and should be able to measure all this in a time-dependent,
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cell and compartment specific manner, under various conditions such as genomic
background and stimulations by drugs [62]. Although no single platform is currently
capable of such an achievement, some progress has been made with regards to
capabilities of medium to high-throughput proteomics technologies, which we will
discuss further in this chapter. In particular, we will discuss advances in antibody
based and mass spectrometry (MS) based proteomics workflow that have allowed
and will allow informative modeling of signaling networks.

Signal propagation involves changes at three levels: regulated PTMs, protein—
protein interactions (often owing to PTMs), and changes in the expression level
of proteins. These three levels are coordinated through dynamic regulation which
is often spatially segregated [10]. Amongst these three levels, we focus on PTMs
because they are the most immediate events, often trigger the other events and can
thus often be used as a proxy for those other events. However, depending on the time
scale of the process studied, it is possible that expression and degradation events
would play an important role in the dynamics of the system. One should therefore
be cautious and, if possible, also be able to measure the abundance of proteins.

Over 200 types of PTMs have been reported and that number is still growing
[23]. In particular, phosphorylation and associated players (kinases, phosphatases,
and phospho-binding domain containing proteins) play a very important role in
signaling since this PTM can control the formation of multiprotein complexes, the
dynamic localization of proteins, as well as their stability and enzymatic activity,
and about 30% of proteins are phosphorylated at any one time [13]. This points to
the importance of phosphorylation in the context of signaling, and combined with
the availability of assays to measure phosphorylation of proteins on a large scale,
this makes phospho-proteomics a common focus when looking at signaling.

The phosphorylation state of a protein reflects the result of the action of
kinase/phosphatase reaction pairs. In some cases, e.g., phosphorylation of the
activation loop of some protein kinases, this is correlated with the activity status
of the protein. However, this is not true in the general case, and care should be taken
when interpreting phosphorylation status [13]. Relatively recent data suggests that
most in vivo phosphorylation sites have not even been detected yet [54]. In addition,
although we can now sequence a full genome, signaling data are necessarily
incomplete [20] because characterizing a “full” signaling network would necessitate
to either characterize the full state of the cell (including contextual information and
state of modification/interactivity of every agent) or to be able to delineate where
the signaling network starts and ends.

PTMs not only have individual roles but can also function in combinations
to precisely regulate molecular interactions, protein activity and stability, in a
context specific manner [29]. Therefore, interpreting phosphorylation in a signaling
context is likely to prove very challenging, and prioritizing functionally important
phosphorylation sites for experimental investigation is going to be crucial [67], as
will be the identification of kinases involved in particular modifications [13].

This chapter is outlined as follows: in the first part, we will discuss available
experimental platforms and explain their particular features and limitations. In the
second section, we will briefly discuss methods for building signaling networks that
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have been applied to high-throughput phospho-proteomics data sets. This section
is not exhaustive neither in terms of application examples nor in terms of specific
methodologies, but it rather aims at describing modeling frameworks that have been
applied to phospho-proteomics data by showing a couple of examples, and discuss
the advantages and disadvantages of each method. Most of the methods presented
have been applied in many other contexts (often prior to signaling networks), in
particular to the much more mature field of modeling of gene regulatory networks
[4,31,44].

2 Phospho-proteomics Data Collection

Data collection methods for medium-/high-throughput proteomics can be roughly
divided into two categories: those that do not make any assumption about the
sample composition (e.g., shotgun MS), and those that measure a predetermined
set of proteins (e.g., affinity based approaches) [2, 62]. Affinity based technologies
most commonly make use of antibodies, and those methods will be the subject
of the first part of this section. The second part of this section will examine the
principles of common shotgun MS and will take a closer look at targeted MS as a
potential alternative to antibody based approaches to generate large data sets for the
development of systems biology models. The choice of a method to use ultimately
depends on the material and expertise available, and the number of experiments
that can be performed often results from a balance between the time and cost per
experiment.

2.1 Antibody-based Methods

All antibody based methods build upon the same principle: the interaction of a target
protein with an antibody, an interaction that should happen with both high-affinity
and selectivity. Therefore, all of these methods suffer from the same limitation:
the data is only as good as the antibodies are, and investigators are therefore
limited by the availability of high-quality antibodies [2]. However, new multiplexing
technologies offer the ability to analyze hundreds to thousands of samples a day,
thereby allowing assays on multiple time points, and across multiple conditions
of interest (which is not yet possible with MS due to the labor intensive process
of analyzing more than a few conditions), although the total number of signals
measured rarely exceeds a few dozens [3, 75] (see Fig. 2.1 for an overview of
multiplexing capacities of the methods examined in this chapter). Such data sets
usually need to be normalized and quality controlled (e.g., assessing reproducibility,
detecting outliers, etc.). There are a number of computational tools to do so and to
connect processed data to modeling tools. This is however outside the scope of this
chapter.
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Fig. 2.1 Overview of multiplexing capacities of data collection methods. This figure displays
approximations for the ranges of numbers of samples and proteins that can be interrogated using
various phospho-proteomics platforms. These numbers are not intended as absolute statements on
the capabilities of these methods and in particular they may change slightly depending on the actual
protocol used, experimental setting and proteins targeted. This figure is inspired from [2]

The combination of fluorescently labeled antibody recognition and single cell
measurement capacity of fluorescence activated cell sorting (FACS) [59] seems to be
a promising technology due to its single cell nature. Another promising technology
is the microwestern array developed by Ciaccio et al. [11], which in addition to an-
tibody based recognition provides an extra separation step by electrophoresis. Other
technologies, which we will not discuss in this chapter, such as high-throughput
microscopy [24] associated with immunofluorescence, and mass cytometry [68],
are being developed and could potentially be applied to the generation of high-
throughput phospho-proteomics data sets adapted for modeling. To date, most
commonly used antibody-based technologies are protein arrays, reverse-phase
protein arrays, and the bead based xMAP technology from Luminex [62].

2.1.1 Intracellular Multicolor Flow Cytometry

Intracellular multicolor flow cytometry allows the simultaneous measurement of
multiple phosphorylated proteins and phospholipids in large populations of cells,
on a single cell basis [59]. The principle is simple, the cells are fixed and incubated
with fluorescently labeled antibodies, and then are subjected to FACS which quanti-
tatively measures the targets’ expression or modification level. The main limitation
of this technology is the availability of suitable reagents, i.e., antibodies compatible



24 C. Terfve and J. Saez-Rodriguez

with flow cytometry. Furthermore, this technology only allows a relatively small
number of proteins to be examined simultaneously (up to a dozen). The ability to
barcode cell populations before protein labeling potentially allows this technology
to be applied to the processing of multiple samples/conditions in parallel [38].

2.1.2 Microwestern Arrays

Microwestern arrays build upon the well established western blot technology, which
enables quantitative and sensitive analysis of protein abundance and modification
after electrophoretic separation, while a high-throughput capacity is achieved by
applying the protocol to microarrayed cell lysates. The main advantage of adding
the electrophoretic separation step to the workflow is that it allows for a reduction in
sample complexity, whereas the antibody detection step results in signal amplitude
proportional to the abundance of immobilized protein. The signal localized at a
physical position on the membrane can be related to molecular size standards, so
the antibody cross reactivity problem associated with most other technologies can be
controlled to some extent [11]. This method showed, in the proof of principle study,
a linear relationship between antigen concentration and signal intensity over from
2 to 3 orders of magnitude [11]. The main advantages of this method over classical
protein arrays are an increased specificity owing to the electrophoretic separation
step, low sample requirements (compared to technologies such as xXMAP) and the
wide availability of reagents since antibodies developed for the classical western
blot should be applicable to this method.

2.1.3 Array and Bead-based Methods

All other methods described here (reverse phase arrays, protein arrays, and xXMAP
technology) rely on the same principles and in particular are composed of three main
ingredients: (1) an identification system which is required for multiplexing (i.e.,
a physical support with unique identity, whether a location on a 2D arrangement
or unique physical properties of beads in suspension), (2) a capture system (to
immobilize the protein(s) of interest, whether directly on the support as in reverse
phase arrays or through interaction with antibodies as in protein arrays), and (3)
a detection system (to produce a signal that is ideally linearly proportional to
the amount of captured target protein, typically fluorescent-labeled detection or
enzymatic-labeled detection such as a biotinylated secondary antibody bound by
a streptavidin-linked peroxydase) [2].

In protein microarrays, the captured antibody is covalently bound to a slide in
an ordered manner, and the slide is incubated with the sample. For detection, either
the sample itself is chemically labeled with a fluorophore, or it is detected by a
labeled secondary antibody (sandwich assay). This technology can measure up to
hundreds of proteins but the number of samples is somewhat limited. Direct labeling
allows for the simultaneous measurement of multiple analytes and only requires one
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high-quality antibody per target protein, but due to uneven labeling of all proteins
and chemical alterations this method can be rich in false positive and display a
high-background. Sandwich assays on the other hand provides a more accurate and
specific detection, but require two high-quality antibodies [75]. This is not a trivial
problem for microarrays as, contrary to antibodies for western blots that detect
denatured proteins, antibodies for such array technologies must be able to recognize
the substrate in native state but immobilized on a slide, which can impose steric
constraints on the interactions.

Reverse phase arrays are similar in principle but in this case the lysate itself is
spotted on the support and therefore multiple lysates (dozens to hundreds) can be
processed on a single slide. One can then either incubate the entire slide with one
antibody or create physical compartments within which distinct primary antibodies
can be used. A labeled secondary antibody then binds the captured antibody. This
technology only requires one specific antibody for detection of each protein but it
is therefore highly dependent on the selectivity of this antibody, and this added to
the presence of all cellular proteins bound to a slide is bringing up issues of cross
reactivity that have been reported to cause substantial noise [2,11,75]. Therefore, the
accuracy of reverse phase arrays tends to be lower than that of protein microarrays,
specifically when sandwich assays are used [58].

The xMAP technology is conceptually similar to protein microarrays except that
rather than being localized on particular spots on a support, specific antibodies are
associated with microspheres in suspension that are internally dyed to generate
different spectral signatures. This technique theoretically supports the analysis of
up to 100analytes per well, since the beads can be multiplexed and incubated
with a single sample. For detection, a mixture of biotinylated antibodies is added,
and a fluorescently labeled molecule binds the detection antibody. Quantification
is obtained by a flow cytometer based instrument capable of reading the beads’
spectral signature and the fluorescence intensity simultaneously. Having beads in
suspension rather than planar microarrays allow for faster reaction kinetics and high-
surface to volume ratio, and consequently better washes and homogeneous chemical
reactions resulting in an increase in the signal to noise ratio [2,71]. A disadvantage
of this approach compared to protein arrays is that it requires considerably more
cell material and the cost of detection is approximately 30 times higher per protein
detected [11].

2.2 Mass Spectrometry

MS is an analytical technique that determines the mass to charge ratio of charged
analytes, thereby providing a means to identify chemical compounds. Applied to
proteomics, it allows systematic protein identification and quantification (provided
that an appropriate protocol is used) from complex samples using a combination of
liquid chromatography separation of peptides generated by digestion, followed by
their analysis by tandem MS (a protocol called shotgun LC-MS/MS) [23].
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2.2.1 Shotgun MS/MS

A classical shotgun MS workflow proceeds as follows: the protein samples are
digested with trypsin and the lysate is fractionated by reversed-phase liquid
chromatography, which is used to separate the complex mixture of peptides on
the basis of their hydrophobicity. Other types of chromatography such as strong
cation exchange are also commonly used, where the peptides are separated based
on their charge. The peptides in fractions eluting from the chromatography columns
are then vaporized and ionized, typically by subjecting the solution to an electric
potential, which causes the formation of a spray and the desolvation and ionization
of the peptides (a technique called electrospray ionization) [23]. In the MS stage,
the mass to charge ratio of all ions is determined, then the first mass analyzer
selects ions for collison induced dissociation, where neutral gas molecules are used
to fragment the peptide. The resulting fragment ions are measured in the second
mass analyzer of the tandem MS [10,23]. The precursor ion intensities measured at
the MS stage can be used for peptide quantification, and the MS/MS fragment ion
information can be used to identify the peptide through its sequence, by comparing
the experimental MS/MS fragmentation pattern to theoretical counterparts derived
from a database of sequences from in silico digested proteins. Subsequent protein
identification can be obtained through a database search [23]. For a review about
how to obtain and interpret sequence information from tandem MS experiments, we
refer the interested reader to reference [66].

2.2.2 Data Processing Challenges

The problem of assigning sequences to MS spectra is not a trivial one, and each
identification should be carefully assessed for its statistical significance [8]. Most
of the algorithms performing this task report one or more peptide spectrum match
(PSM) scores that reflect the quality of the match between the experimental and
computed theoretical peptide spectrum. Statistics associated with these scores are
typically obtained by searching the data against a target/decoy database, i.e., in
addition to search through real sequences, the search is also performed against a
randomized, shuffled, or reversed database. This gives an approximation of the FDR
(expected proportion of false assignments among a selected set of predictions) by
counting the number of matches in the target (presumably mainly true positives),
and decoy (presumably mainly false positives) databases that satisfy a score criteria.
Some algorithms supplement this information by implementing methods to improve
the discrimination between correct and incorrect PSMs, for example, by building
classifiers that also make use of other features reported by the search algorithm,
such as charge state, difference in score to the second best hit, etc., which are often
used by experts to manually validate the PSMs [8].

After having identified the peptide present in the sample with a certain level of
confidence, another problem arises before the data can be readily interpreted: the
protein assignment problem, i.e., identifying the protein composition of the sample
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from which the peptide sequences result [52]. Indeed, the same peptide sequence
can match multiple different proteins, making both identification and quantification
challenging. This problem can be partially alleviated when the sample complexity
is further reduced prior to digestion and LC-MS/MS using techniques such as 2D
gels, which can provide additional information such as molecular weight and the
isoelectric point of the protein. The issue is particularly challenging in the case
of higher eukaryote organisms since these organisms present a certain degree of
sequence redundancy [52].

Distinguishing between different proteins of similar sequence is of course
increasingly difficult when the sequence coverage decreases (i.e., the fraction of the
protein sequence that is covered by identified peptides). Unfortunately, the sequence
coverage observed in shotgun MS proteomics experiments is typically quite low.
Several factors contribute to this, such as, the size of the proteins to be identified,
enzymatic digestion constraints, and the detection mass range of the instrument.
Furthermore, some unexpected PTMs can lower the chances of a peptide being
observed, and low abundance or poorly ionizing peptides are also less likely to be
selected for MS/MS sequencing [52]. For more information about this topic, we
refer the reader to the following review [52].

2.2.3 Quantitative MS

Regarding the quantification of proteins using MS, two main approaches can
be applied: differential isotope labeling and label free quantification. Differential
isotope labeling builds on the hypothesis that when measuring two analytes of
identical chemical composition but different stable isotope composition, their
relative signal intensity represents their relative abundance in the sample. There
are two main ways to do this: in vitro labeling or in vivo incorporation of isotope-
labeled amino acids through metabolic labeling (stable isotope labeling with amino
acids in cell culture, SILAC). For in vitro labeling, the two samples are prepared
separately and the protein or peptide solutions are individually labeled with heavy
or light version of tagging reagents. The recently introduced iTRAQ technology
allows peptide labeling with isobaric tags, as the name indicates, keeps the mass of
differentially labeled precursors constant, i.e., appearing as a single peak in the MS1
spectrum. Quantification occurs in the MS/MS spectrum by comparing peak areas
of sample-specific reporter ions [23, 58]. Compared to isotope labeling techniques
which only allow up to typically three samples to be compared simultaneously, the
iTRAQ labeling protocol can compare up to eight samples in a single LC-MS/MS
run. A very similar idea is implemented in the Tandem Mass Tags protocol [70].
SILAC is an in vivo labeling method where different populations of cells are grown
in presence of media containing light or heavy isotope versions of lysine or arginine
most commonly [23], although other amino acids have been used (e.g., leucine [55]),
and labeling of living animals such as rats with N15 has also been reported [22].
Since the labeling occurs very early on in the protocol, this method avoids many
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of the errors and biases than can be introduced in the sample processing. However,
this method is limited to cells or organisms that can be metabolically labeled, i.e.,
typically cell cultures and not primary samples [23], and it is quite a complex
and time consuming protocol, which limits its implementation to laboratories with
significant infrastructure [13].

Label free quantification by peptide precursor ion intensities is based on the
alignment of high-mass accuracy MS1 (i.e., precursor ions) spectra obtained from
separate LC-MS/MS experiments. Peptides are identified and aligned based on their
specific retention time and mass to charge ratio. The relative abundance changes
are calculated from the aligned spectra on the basis of the signal intensities of
extracted ion chromatograms. Another label free method, spectral count, relies on
the assumption that the rate at which a precursor ion is selected for fragmentation is
correlated to its abundance. The spectral counts from peptides mapping to the same
protein are then averaged into a protein abundance index. This method depends
on the quality of the MS/MS peptide identification and protein assignment, and
although it works relatively well for abundant proteins, it is often problematic for
small and low abundance proteins [23]. In general, label free techniques provide a
less accurate quantification than stable isotope label methods [58].

2.2.4 MS for PTMs

Because the addition of a PTM to a protein causes a defined mass change,
MS can measure and localize modifications with a single amino acid resolution.
However, PTM analysis poses specific challenges beyond those described above:
modified peptides are often present at low amounts, can lead to more complicated
MS/MS spectra and increase the database search space [10]. Therefore, it is
usually necessary to enrich the sample for the modification of interest in order
to increase the dynamic range and sensitivity. Depending on the PTM, this can
be done by derivatization of the PTMs and chemical solid phase capture, or
more commonly, for phosphorylation using metal affinity chromatography, titanium
dioxide chromatography, or antibodies specific for a modification [23]. Ideally,
one would hope to obtain all modified peptides and only those but in practice all
modified peptides will be enriched to a certain degree with respect to the starting
mixture, with an enrichment factor that can range from only several folds for some
modifications to over a hundred fold for phosphorylations [10].

When looking at PTMs, two different tasks are performed: the identification of
the peptide bearing the PTM, and the unambiguous localization of the PTM-bearing
amino acid on this peptide [10]. Neither of these tasks is trivial, and although in
principle any PTM can be detected provided that it leads to a modification in the
mass of the peptide, in practice a full mapping of the PTMs of a protein requires
full sequence coverage (i.e., detection of all the peptides of the protein). This is not
straightforward as typically only a subset of the peptides generated by proteolytic
digestion of a protein are detected, unless optimization strategies are used.
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2.2.5 Limitations of the Shotgun MS/MS Approach

Although shotgun MS/MS approaches offer a coverage of the proteome that no
other technology can currently approach (i.e., about 7,000 proteins can be quantified
in an experiment) [10], the technology also shows several limitations. A first
limitation is that this depth of analysis typically comes at a high cost in terms
of time of experiment (i.e., experimental time typically in days), which limits the
ability to interrogate multiple conditions/samples. For this reason, classical shotgun
proteomics workflows are better qualified as “high-content” than “high-throughput”
experiments. Other fundamental limitations are extreme redundancy and under
sampling associated with the method, which result in a saturation effect, i.e., the
number of proteins currently identified by shotgun MS is well below the complete
proteome [41, 56]. Indeed, since ions are selected at random for fragmentation and
MS/MS analysis, the most highly expressed proteins are identified multiple times at
the cost of proteins expressed at low level, which dramatically limits the dynamic
range of shotgun MS approaches [41]. A typical shotgun MS experiment offers a
dynamic range of detection of 3—4 orders of magnitude, whereas it is estimated that
the concentration of proteins can vary up to 10 orders of magnitude in human body
fluids [23]. Furthermore, owing to the high-redundancy and extreme complexity of
the sample, the full spectrum of peptides present is largely under sampled, which
in turn means that repeated analyzes of the same or similar biological samples can
show distressingly little overlap of identified proteins [41] since each experiment
will sample only a subset of the proteins and not necessarily the same subset in
each repeat [56]. To some extent, these problems can be overcome by extensive
fractionation and multiple enrichment steps, but this requires an additional non-
negligible amount of both experimental and computational work [56].

2.2.6 Targeted MS/MS

One way around the limitations of shotgun MS is to adopt a strategy where the
mass spectrometer is tuned to analyze specific proteotypic peptides, i.e., peptides
that are observable by MS and uniquely identify a target protein. This approach,
termed target-driven MS, starts from a list of proteins of interest and carefully selects
target peptides for their high propensity to be identified by MS and to uniquely
identify a protein or protein isoform of interest. These proteotypic peptides can be
identified experimentally (by searching through repositories of observed proteins)
or computationally (by predicting them, if the protein has not been previously
observed). This type of workflow is called selected/multiple reaction monitoring
(S/MRM) and is typically carried out in triple quadrupole type mass spectrometers
[41]. The specific proteotypic peptides will be selected in the first quadrupole, then
fragmented by collision induced dissociation in the second quadrupole and a second
mass filter in the third quadrupole allows for the filtering of the corresponding
fragment ions. The identification and quantification of proteotypic peptides is based
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on the mass to charge ratios of the precursor and fragment ions pair, which are
referred to as “transitions” and are highly specific for a particular peptide [41].
Single reaction monitoring refers to the case where one transition is observed
for each peptide, whereas in multiple reaction monitoring, multiple transitions are
monitored [41]. In combination with isotope labeling, this technology allows for
very accurate, sensitive, and reproducible quantification of the proteotypic peptides
that are analyzed. If one can provide the approximate retention time information,
then the time of detection of specific transitions can be restricted, therefore allowing
for detection of multiple peptides per measurement, a technology referred to as
scheduled selected reaction monitoring [41].

Applied to a study of selected proteins in the yeast Saccharomyces cere-
visiae [56], this technology has been shown to be able to detect and accurately
quantify yeast proteins expressed over the full range of cell abundance, from
less than 50 copies per cell to over a million copies per cell, without additional
fractionation or enrichment steps. This study also demonstrated the capacity of
this workflow to comprehensively monitor more than a hundred proteins in a
1'h MS run, which then opens new possibilities for investigating a system under
different conditions and replicates. A bottleneck of this workflow, however, is
the validation of the SRM transitions that constitute the final mass spectrometric
assay in the particular mass spectrometer used for the experiment [56]. Therefore,
although targeted MS offers the most sensitive MS detection capabilities to date
[23], and unprecedented sample multiplexing capabilities, setting up, optimizing,
and validating an assay is relatively time consuming [23, 56]. The accurate mass
tag strategy, which is based on the definition (using tandem MS) of peptides whose
masses are characteristic of a protein and which can then be detected and quantified
by a single MS, can also be used to perform higher throughput targeted MS analyzes
[64]. However, this technique suffers from the same drawbacks in terms of time to
set up the assay.

3 Computational Analysis of Large Scale
Phospho-proteomics Data Sets

Having overcome or mitigated all the challenges mentioned above to collected a
good quality high-throughput data set, one faces the challenge of interpreting it,
which is not a straightforward task and is practically impossible based on inspection
and intuition alone. However, mathematical analysis can provide invaluable help in
extracting information, that is, not readily apparent. Various approaches to do so are
available, and some of them will be described in this section.

We will start by describing applications of methods derived from machine
learning and statistics (such as supervised and unsupervised learning, enrichment
analysis, etc.). These methods are mainly used for hypothesis generation (i.e.,
providing leads for areas of further investigation), and usually generate limited
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explanatory or mechanistic insights, but they are relatively straightforward to apply
to large and noisy data sets. These methods are also generally unbiased (i.e.,
hypothesis free) and in this sense are a good starting point in an analysis because
they provide a good first overview of the data [43], and do not rely on extensive
a priori expert knowledge which might not even be available for the system under
investigation.

Another set of approaches that is frequently applied in the same context as the
above, is the mapping of data (e.g., differential expression/modification, phenotypic
data, etc.) to known or derived “pathway maps.” All of these approaches are very
familiar to the field of functional genomics and in that sense these methods are
quite mature and well known. These types of analyzes have recently been applied
quite extensively to investigate large scale phospho-proteomics MS experiments in
various settings, which is what we will discuss in the first part of this section. We
will refer to these methods as “descriptive” approaches.

Although the methods mentioned above have the potential to generate useful
hypotheses, they do not address a fundamental functional characteristic of signaling
systems, which is the ability to process information (input) and produce a response
(output). To study this process, we need to generate more detailed and hopefully
more realistic models of what happens in the cell when a signal is processed. Such
models include, but are not limited to, partial least square regression, ordinary and
partial differential equations (ODE/PDE), Bayesian networks, rule-based, and logic-
based models. We will refer to these formalisms as “predictive approaches”. These
models are predictive in the sense that given a set of conditions that was not present
in the data used to build the model, they should be able to predict the behavior of the
system. These methods usually generate explanatory and mechanistic hypotheses
(although the actual mechanisms are described with broadly variable levels of
details and therefore so are the insights generated, so care should be taken when
interpreting them). There are many ways to look at and classify different types
of modeling approaches, and all of them are somewhat artificial. The distinction
that we make between “descriptive” and “predictive” models is only made for
organizational purposes and is not intended as an absolute or universal classification
(Fig. 2.2).

3.1 “Descriptive” Approaches

In this section, we will describe some “data-driven” approaches to signaling
networks that have been applied to MS and affinity based large scale phospho-
proteomics data sets, and briefly mention some of the insights that have been
extracted from these analyzes. Whereas affinity-based data sets are now extensively
used to generate complex quantitative models, MS proteomics data sets are mainly
still at the stage where descriptive investigations are a necessary first step to make
sense of the wealth of information that is generated.
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Fig. 2.2 Model formalisms that have been applied to signaling networks. Although there are
many ways to look at and classify these methods, we chose to distinguish between “descriptive”
and “predictive” approaches, on the basis that the latter allow prediction of a system’s response
given a set of conditions and data on predictor variables. Within these categories, we further
distinguish between methods that rely on or produce a network (i.e., a graph composed of nodes
and edges), and methods that do not. In the group of predictive network-based approaches we
can further distinguish between approaches that do not necessarily rely on previous knowledge
about the system’s connectivity (reverse engineering), and methods that rely on some sort of
previous knowledge. The latter group can be further divided into 4 categories depending on
their discrete/continuous nature and on their causal/biochemical character. Causal approaches only
seek to determine relationships between species (such as protein A activates protein B) whereas
biochemical approaches include some degree of mechanistic description of the reactions at play.
PLSR = partial least square regression, MLR = multiple linear regression, PCA = principal
component analysis, SVD = singular value decomposition, MIMO = multiple inputs multiple
outputs models, ODE = ordinary differential equations, PDE = partial differential equations,
cFL = constrained fuzzy logic, PINs = protein interaction networks, and PSNs = protein
signaling networks

3.1.1 Global Investigations of the Phospho-proteome

In view of the highly complex task of making sense of high-throughput phospho-
proteomics data in a signaling context, several tools have been developed specifi-
cally for this type of data, such as PTMscout [50], NetworKIN [40] or the PHOSIDA
[21] database, amongst others. PTMscout is a web-based interface for viewing,
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manipulating, and analyzing high-throughput PTM data. Analysis capabilities focus
on hypothesis generation through subset selection and enrichment analysis based on
annotations (such as GO, Pfam, local sequence features, etc.) or user-defined criteria
on dynamic profiles [50]. This tool also provides help in the assignment of peptides
to proteins by providing orthogonal information such as annotations and mRNA
expression when available.

NetworKIN [40] is an algorithm for prediction of kinases from experimen-
tally determined phosphorylation sites, that integrates sequence specificity with
contextual information extracted from resources such as interaction and pathway
databases, literature mining, mRNA expression studies, etc. The improved accuracy
of this prediction algorithm compared to non-contextual versions indicates that
effects such as subcellular compartmentalization, anchoring proteins, temporal, and
cell specific expression, etc., play a crucial role in determining kinase-substrate
specificity. This in turn points again to the fact that signaling is a highly context
specific concept, and that a network level understanding of kinase activity is likely
to be necessary even when it comes to understanding single molecular events.

PHOSIDA [21] is a phosphorylation site database for large scale and high con-
fidence quantitative phospho-proteomics experiments that allows the retrieval and
analysis of such data, and includes information on evolutionary conservation as well
as a phosphorylation site predictor. Other databases, such as the manually curated
phosphorylation site database PhosphoSite [26], offer additional information such
as association with diseases and sequence logos. The databases mentioned above
include some type of analysis tools, but there are also other data repositories that
can be valuable resources for proteomics investigations, such as the PRIDE [72]
and Phospho.ELM [15] databases.

An interesting perspective on the global function and investigation of phospho-
signaling was recently provided by Bodenmiller [6]. In this study, 97 kinases and
27 phosphatases in yeast were systematically knocked out or inhibited, followed
by phosphopeptide enrichment and label free LC-MS/MS identification of more
than 1,000 phosphopeptides showing a significant change in abundance compared
to a wild type situation. Analysis of the direct versus indirect effects of these
deletions led to the observation that not a single kinase showed exclusively direct
effects. Furthermore, analysis of growth speed and morphological features of each
deletion strain revealed that the phenotype strength was not necessarily reflected in
the magnitude of the effect on the phospho-proteome. Together, these observations
reinforce the view that signaling has to be very flexible and redundant to allow the
cell to respond to a changing environment, and point to the fact that modulating any
branch of a network might not be possible without system-wide adaptations.

3.1.2 Analysis of Pathway Utilization Downstream of Receptors
The study performed by Olsen [54] set the stage for MS analysis of signaling

by pointing both at the complexity of the problem and the sparseness of our
knowledge of the involvement of phosphorylation in signaling. Using a strategy
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combining phosphopeptide enrichment, high-accuracy identification by LC-
MS/MS and SILAC, they were able to quantify dynamic changes in phospho-
peptides levels at 6,600 sites on 2,244 proteins upon stimulation of HeLa cells
with EGF for different times (from O to 20 min). In addition to this, this study also
includes some spatial information since nuclear and cytosolic fractions of each
condition were obtained and analyzed. Using a cutoff of a minimal 2-fold change
upon stimulation, the authors determined the sites that were dynamically regulated
and performed fuzzy c-means clustering (where each point belongs to clusters
with a certain degree, depending on its distance to the centroids of the clusters) to
identify groups of sites with similar dynamic profiles. The main conclusions of this
study included the observation that most in vivo occurring phosphorylation sites
had probably not been detected before, and that groups of phosphosites from the
clustering analysis do contain functionally related members.

Another important result of this analysis was obtained by looking at phosphosites
which map to the same protein. Indeed, the authors observed that 77% of proteins
that had a regulated phosphopeptide also had at least one other site whose regulation
profile was different (either unchanging or belonging to a different cluster of the
above analysis). This underscores the fact that when looking at the degree of
phosphorylation of proteins we should always measure site specific events if we
want to obtain accurate and functionally relevant information. This also points to the
complexity of interpreting phosphorylation data since it seems that phosphorylation
can serve different functions at different sites in the same protein. Finally, Olsen
et al. [54] noted that only a subset of the proteins found to be dynamically regulated
by EGF signaling were known to be involved in growth-factor signaling, which
points to potential gaps in our knowledge of even well-studied pathways.

A similar system was investigated by Huang et al. [27] with different goals and
methods, with the objective of determining differences in the signaling downstream
of a truncated extracellular mutant of the EGF receptor (EGFRVIIIL, frequently found
in glioblastoma multiforme), compared to the wild type EGFR, and depending
on the level of expression of the mutant receptor. The workflow of this analysis
was as follows: transduced U87MG glioblastoma cell lines expressing differential
levels of EGFRVIII were isolated by FACS, peptides from these cell lines were then
isolated, stable isotope labeled and mixed. Next, tyrosine phosphorylated peptides
were immunoprecipitated and further enriched by IMAC, and finally analyzed by
LC-MS/MS. Quantitative phosphorylation profiles were generated for 99 sites on 69
proteins, which were mapped to canonical EGFR signaling cascades. This indicated
that signaling downstream of EGFRVIII and wild type EGFR favour different routes,
and this is also dependent on the level of expression of EGFRVIII, e.g., cells that
highly overexpress EGFRVIII preferentially use the PI3K pathway over the MAPK
and STAT3 pathways. Using a self-organizing map, the authors also identified
phosphotyrosine sites with similar profiles, which led to the identification of a
cluster of sites that significantly increased as a function of EGFRVIII expression.
Examination of the members of this cluster led to the hypothesis that the EGFRvIII
receptor was constitutively activating the cMet pathway. Finally, quantification of
the phosphorylation sites on the receptor itself pointed to differences in regulation
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between wild type and truncated receptors. Altogether these observations indicate
that although phosphorylation of the EGFRVIII might not be qualitatively different
from the wild type situation, quantitative differences at each individual site might
have functional implications reflected in different utilization of downstream path-
ways and therefore different biological responses [27]. This in turn means that a
quantitatively accurate model of this system is likely to prove very useful.

The paper by Krueger et al. [37] aimed at determining the tyrosine phospho-
proteome of the insulin signaling pathway by stimulating SILAC labeled differen-
tiated brown adipocytes with insulin for various times, then immunoprecipitating
phosphotyrosine containing peptides and analyzing them by LC-MS/MS. Thirty
three proteins were identified to be significantly regulated, which was confirmed
by western blot. By looking at the dynamic profiles and fold activation of the
proteins in this candidate list, they were able to generate hypotheses for new
insulin induced candidate effectors and to link them with branches of the insulin
pathway.

Matsuoka et al. [45] also used MS to investigate phosphorylation events down-
stream of a cellular signal, this time concentrating on the landscape of the DNA
damage response (DDR) mediated by the ATM and ATR kinases. Briefly, they
mixed and immunoprecipitated peptides from two SILAC labeled populations of
HEK 293T cells, one having been exposed to ionizing radiations, using antibodies
to phospho-SQ or phospho-TQ (ATM and ATR recognise Ser—Gln and Thr—GlIn
motifs). The samples were then subjected to LC-MS/MS and 905 phosphorylation
sites on 700 proteins were shown to display a more than four fold increase following
DNA damage by ionizing radiation. This list of proteins was then examined
manually, and mined for enriched GO annotations and functional modules using
the softwares from Ingenuity. This showed an enrichment for proteins involved in
nucleic acid metabolism, and revealed many clusters of proteins previously known
to be interacting, but not necessarily known to be involved in the DDR. A subset
of the proteins in this list, that were not previously know to be involved in the
DDR, was also examined for functional involvement in this response using siRNAs.
Although the approach applied here cannot formally distinguish between direct
targets of ATM and ATR kinases and targets of kinases with similar specificity, all
identified phospho-sites are likely to be regulated by the DDR, and their belonging
to a large number of interconnected functional modules suggests an impact of the
DDR on cellular physiology that is far broader than expected [45].

More recently, phospho-proteomics was again used to generate qualitative
hypotheses using pathway enrichment, this time with the objective to investigate
signaling events downstream of the mutant protein NPM-ALK, which is common
in positive anaplastic large cell lymphomas [76]. GP293 cells were transfected with
either NPM-ALK or a NPM-ALK mutant with decreased tyrosine kinase activity
(used as a negative control), the phosphopeptides were then purified and subjected
to LC-MS/MS. This led to the identification of 506 phosphoproteins present only
in NPM-ALK expressing cells, from which a pathway enrichment analysis was
performed (using a Fisher exact r-test). The samples were also hybridized to
antibody arrays and differential phosphorylation was used as a basis for pathway
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enrichment. Both methods resulted in a substantially overlapping list of enriched
pathways, from which the authors chose to focus on the TNF/Fas/TRAIL pathway,
performing various validations of the involvement of this pathway (comparison with
a list of previously generated potential binding partners of NPM-ALK, western
blot quantification of three proteins in this pathway, and siRNA knock down of
two of those, combined with a viability assay of the knock down of TRAP1 upon
drug treatments). This study again underlines the ability of MS data to generate
qualitative hypothesis regarding signal transduction.

3.1.3 Analysis of Reciprocal Signaling in Cell-Cell Communication

The approach adopted by Jorgensen et al. [33] is slightly different and addresses a
fundamental biological fact, that is, signaling usually happens within the context
of tissues and often involves multiple populations of cells. This is particularly
important when the signaling is initiated by cell-cell contact, as in the case of
the ephrin—EphR interaction. In such cases, the signaling typically involves the
reciprocal exchange of distinct information between the interacting cells, leading
to mutually coordinated alterations in their respective behaviors. Therefore, stim-
ulating such systems with soluble versions of the ligands is an artificial setting
that might provide only limited understanding (e.g., signaling between EphR
and ephrin expressing cells might be influenced by interactions with adhesion
molecules).

Therefore, in this study, EphB2 and ephrin-B1 expressing populations of
HEK?293 cells were SILAC labeled and co-cultured for 10 min, then lysed and mixed
with non-stimulated EphB2 expressing cells as a reference, before phosphotyrosine
peptide isolation and LC-MS analysis. This led to the identification of 442 sites
on 304 proteins that significantly decreased or increased in abundance upon
stimulation, in one or both cell types, revealing common and cell specific modes of
regulation. The authors then turned to a siRNA screen in which monitoring of the
cell sorting response when mixing the two cell populations (when mixed, EphB2,
and ephrin-B1 expressing cell populations form distinct colonies with well defined
boundaries) allowed them to propose a list of proteins involved in this phenotypic
response. Using the NetworKIN [40] and NetPhorest [46] tools, a network was
constructed based on the prediction of kinases, phosphatases, and phospho-binding
modules for each phosphotyrosine that was found to be modulated upon cell—cell
contact. These predictions were then pruned based on criteria from the MS and
siRNA analyses, and other information such as protein interactions. The obtained
network was then represented in a cell-population specific way using the modulation
of phosphotyrosine sites determined by the MS analysis. Finally, the MS experiment
was repeated using a variant of ephrin-B1 that lacked the cytoplasmic tail, thereby
impairing its ability to relay the signal inside the ephrin-B1 expressing cells, but not
its ability to interact with EphB2. A significantly different response was observed
in the EphB2 expressing cells in this case compared to when the full ephrin-B1 was
used, thereby confirming that there is a bidirectional signaling process at play in the
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system. This study not only demonstrates the power of MS to investigate complex
signaling systems, but also points to the limitations of the in vitro systems in which
we commonly conduct our investigations.

3.2  “Predictive” Approaches

In this section, we will describe more detailed and predictive approaches to
modeling of signaling networks that have been applied to proteomics data sets,
mostly acquired using affinity based technologies. By “predictive” we mean that
these models are often capable of computing the expected state or evolution of the
system when under particular conditions (e.g., when applying an inhibitor against
one of the species in the model). We will start with simple (linear) regression
based models that can predict some variables based on linear combinations of other
measurements. We will then briefly touch on other correlation based methods. This
will be followed by the presentation of ordinary differential equations (ODEs) as
a natural way to describe processes where species of interest are changing as a
function of time in a quantifiable manner [5]. Then, in light of the extraordinary
combinatorial complexity that often arises in signaling systems, we will discuss
alternative methods to model detailed signaling networks, such as logic-based
and rule-based approaches. Finally, we will discuss the role of previous expert
knowledge in the inference process and briefly present Bayesian networks as a
strong statistical approach to deal with this.

3.2.1 Input/Output Regression Based Approaches

Two linear regression based approaches will be described here, partial least squares
regression (PLSR) and multiple linear regression (MLR). In PLSR, the data are
separated into a set of inputs and a set of outputs, which are then reduced to their
principal components and a linear solution is identified that relates the inputs to the
outputs. PLSR can be used to determine which inputs display the biggest correlation
with outputs for example, and it can also be used to predict the outputs from inputs
measured in new experiments. MLR is similar to PLSR but the linear solution is
computed directly between the measured variables, without dimensional reduction,
which makes its results easier to interpret [2]. However, both models suffer from
the same limitation: being linear models, they cannot capture coupled effects and
nonlinear phenomena such as saturation, switch like effects, etc. [51].

MLR can and has been used to reconstruct network topology from experimental
data, for example, in the study by Alexopoulos et al. [3]. In this paper, primary
hepatocytes and HepG2 liver cancer cells were exposed to multiple conditions
made of combinations of one of 7 growth factors or cytokines, in the presence or
absence of 7 small molecule kinase inhibitors. The level or state of modification
of 17 intracellular proteins and 50 secreted peptides were measured using a
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sandwich immune assay with the xXMAP platform. MLR was then performed to
relate signals to cytokine secretion, and to relate cues and inhibitors to signals.
The regression weights were then used to draw connections between ligands and
readouts which allowed the comparison of immediate-early signaling downstream
of 7 transmembrane receptors in normal and transformed hepatocytes [3]. Edges
selected based on greatest differential regression weights between hepatocytes
and HepG2 cells were selected for further experimental investigation. From this
analysis, the authors were able to conclude that the magnitude of responses to
stimulations (whether reflected in the intracellular signals or in cytokines secretion)
were vastly different between the two cell types and that even when both cell
types are responding to the same ligand, the extent to which specific downstream
pathways are activated is very different.

In the work by Gaudet et al. [20], PLSR was used to extract information from
a vast compendium of data acquired from multiple assays such as kinase activity,
quantitative immunoblotting, and antibody microarrays. Briefly, HT-29 cells were
treated with TNFw, in combination with EGF or insulin, and 19 protein signals
were measured over 24 h, along with 4 different measurements of apoptotic response
measured by flow cytometry. PLSR is then used to relate signaling data to apoptotic
responses. The authors showed that the model derived from the full compendium
and a set of metrics derived from the time course data performed extremely well
when assessed by leave one out cross validation and independent validation on a new
data set. The authors also showed that models built on single protein measurements
were poorly predictive, and more surprisingly that models built on measurements
of multiple signals from single types of assays were also inferior. Furthermore,
models built from the raw measurements only performed poorly on the validation
data set, whereas models built only from the derived metrics capturing the time
dependent profiles of the signals performed as well as the full model. This points
to the fact that time-dependent information is crucial to the predictive power of the
model. Finally, they showed that models based on data obtained with cells exposed
to multiple combinations of cytokines are less sensitive to experimental noise. In the
related study by Janes et al. [29], the contribution of single proteins to the apoptotic
response was investigated, and the proteins JNK1, MK2, and ERK were found to
provide the most information for prediction of the apoptosis status, based on the
average information contained in their derived metrics. The authors also noted that
prediction efficiency was maximal with 4-5 signals, and that a model derived from
signals measured only in the first 4 h after stimulation (before the onset of apoptosis)
were already sufficient to predict the apoptotic signature.

3.2.2 Network Inference

Many methods to build models of signaling networks rely to some extent on
previous knowledge about the system under investigation (e.g., a fully detailed
mechanistic description of the process at hand in mechanistic models, or a simple
description of the logic interactions involved in logic-based models). Building such
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models involves a literature (or database) search which is not only usually heavy
in terms of workload, but it is also error prone because many molecular events are
context specific and the context of an interaction is not necessarily reported. This
also biases investigations towards well studied systems. Some formalisms however
allow the reconstruction of signaling networks entirely from data, without relying
on any type of mechanistic knowledge.

The regression based methods presented above require only very limited prior
knowledge, i.e., determining which variables are dependent and which ones are
assumed to be explanatory. These methods do not rely on any graph (network)
structure, but only predict some variables based on their statistical dependency
with others. Interestingly, in the context of the DREAM initiative (www.the-dream-
project.org) when confronted with the challenge of predicting unseen measurements
of proteins and/or cytokines for combinations of stimuli and inhibitors of a signaling
pathway (based on measurements of the same players under different combinations
of the same stimuli/inhibitors), methods that performed the best used a statistical
approach that did not rely explicitly on an underlying signaling network [57].
Duvenaud et al. [16] also reported that functional causal models that predict the
effects of actions on the system (as conditional density models) without relying
on any graph tend to perform well or better than methods for learning conditional
density models based on graphs. There are many other correlation based methods
that can be applied to signaling networks, and many of those have been developed
for gene regulatory networks (see the following for reviews [4, 44]). One should
be aware, however, when interpreting such analyzes that a correlation does not
necessarily mean a causal link, and that correlations can encompass both direct and
indirect interactions.

In Ciaccio et al. [11], for example, the algorithm ARACNe [42], which was
originally developed for microarray expression profiles, is applied to the analysis
of a data set on 91 phosphosites on 67 proteins at 6 time points after stimulation
with 5 EGF concentrations, obtained using microwestern arrays. The algorithm
uses information theoric approaches to prune indirect interactions inferred by co-
expression methods. In Santos et al. [63], an approach called modular response
analysis [36] is used to determine the MAPK network architecture in the context
of NGF and EGF stimulation. This method is a sensitivity analysis based process
relying on measuring network responses to successive small perturbations (here
implemented by RNAI), at steady state conditions. Network connections are inferred
by computing local response coefficients, which estimate the sensitivity of one
module of the network to perturbation of another module, in isolation of the total
network [63]. Although in this analysis the system studied is much smaller than
those interrogated using high-throughput proteomics, similar approaches could be
used to study larger systems.

In the work by Nelander et al. [51], a methodology is proposed to derive network
models from time courses of evolution of molecular species upon perturbations.
This works builds upon the type of models called multiple inputs multiple outputs
(MIMO) models where the time dependent evolution of activities of the system’s
components (outputs) are described by differential equations as nonlinear functions
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(transfer functions) of themselves and a vector of perturbations (inputs). Within
the nonlinear transfer function the dependencies between elements of the system
are described as linear combinations of the components. The coefficients of these
linear dependencies can be interpreted as strength of interactions between the nodes,
assuming that they reflect underlying causal relationships between the components,
thereby making it possible to derive a node—edge representation of the inferred
system (where an edge is present when this strength of interaction is above a certain
level) [51]. This representation (as any purely data-driven) has the disadvantage that
the nodes in the model are the perturbed and observed molecular species only, which
might not be identifiable as single molecular species, and it ignores any unperturbed
and unobserved species that might be involved in the connectivity structure of these
nodes [51].

3.2.3 Bayesian Network Inference

Bayesian networks have the natural ability to accommodate previous knowledge to
a chosen extent. Depending on the level of information that one wants to put in the
prior of the models (see below), one can make the inference process entirely inde-
pendent of any prior knowledge (flat prior) or bias the inference towards models that
are casted “more likely” based on a priori expert knowledge. A Bayesian network
consists of a directed acyclic graph with vertices representing the molecular species
to be modeled as random variables, edges describing conditional independencies
between those variables, and parameters describing the conditional distributions
implied by the graph (e.g., when the states are discrete, this typically takes the
form of a probability for a target node to take each of its possible states given all
possible combinations of states of its parents nodes). The graph structure implies
that each variable is conditionally independent of all non-children nodes given its
immediate parent nodes [49]. Bayesian network inference aims at making inferences
regarding the structure of the graph using Bayes’ theorem, which states that the
posterior probability of a graph (probability of a graph given the data) is given up
to proportionality (i.e., ignoring a normalizing constant when comparing structures
obtained from the same set of data and distributional assumptions) by the product
of the marginal likelihood (probability of the data given the graph) and the prior
distribution over directed acyclic graphs (i.e., how likely is each individual graph
structure) [49]. Using certain distributional assumptions, the posterior probability of
graphs can be computed up to proportionality, which is enough to compare graphs
in a search procedure, in order to find a graph structure that is optimal under the
statistical model at hand.

Given their solid basis in statistics, Bayesian networks are naturally able to
handle stochastic aspects of biological processes and noisy measurements [31].
However, this comes at a high cost in terms of data requirements. Such an
approach is, however, ideal when the data at hand is cell specific and therefore
each measurement includes data about a whole population of cells at the single cell
level, as is the case in the study by Sachs et al. [S9] where intracellular multicolor
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flow cytometry is used. In this paper, Bayesian network inference is used to
investigate signaling networks of human primary naive CD4+ T cells, downstream
of CD3, CD28, and LFA-1 activation, based on measurements of 11 phosphorylated
proteins and phospholipids [59]. Similarly in [11] Bayesian networks are used to
model the dependencies between 67 proteins (measured by microwestern arrays
at 6 time points) after stimulation with EGF at 5 different concentrations. In this
case, in order to have enough samples for each measurement, each time point
and concentration of the stimulus is used as an independent sample, yielding 20
samples per measurement. One of the strength of Bayesian networks in this context
is that, using carefully chosen prior distributions on graphs, it is possible to include
information on network features such as particular edges, types of edges, degree
distribution, and sparsity. In practice this means that not every possible graph is
considered equally plausible, and that we can bias the search towards graphs that
we consider a priori more likely [49]. This in turn has the advantage of constraining
the space of possible graphs to search, which makes the inference process more
efficient, while maintaining the Bayesian networks’ natural ability to deal with noise
and stochasticity. The expert knowledge involved in specifying those priors can be
as detailed as specifying a particular edge to be very likely or as vague as specifying
that ligands should generally interact with receptors and not effectors [49].

When interpreting Bayesian networks it is important to be aware that many
Bayesian networks can represent the same statements of conditional independence,
i.e., the inference process can be unable to distinguish among a series of graph with
the same undirected graph but in which some edges might have different directions
[44]. However, perturbing the states of measured molecules with molecular inter-
ventions can help resolving this problem by providing information on the causal
relationships between nodes [59]. Furthermore, a limitation of Bayesian networks is
that they are constrained to be acyclic, which means that feedback loops for example
cannot be uncovered. However this limitation can be overcome by using dynamic
Bayesian networks [59].

3.2.4 Reaction-based Models

All of the models described above infer a topology as statistical dependencies
between variables, not mechanistic links. If some mechanistic knowledge about
the topology of the system is available, then other methods can be applied that
incorporate this information. An extreme case compared to network inference
is the application of ODE/PDE models where detailed knowledge about the the
biochemistry (reactions) of the system is written down as a set of differential
equations.

Biochemical (also called physicochemical [1]) models describe the temporal
evolution of individual biomolecular species as functions of their rates of production
and consumption in terms of mass action kinetics, which is an empirical law ex-
pressing the rates of reactions as proportional to the concentrations of their reactants
[1]. In the simplest case one uses ODEs, and spatial heterogeneity (i.e., changes



42 C. Terfve and J. Saez-Rodriguez

in the location of species) is represented by compartmentalization, where each
compartment is assumed to be perfectly well mixed (i.e., instantaneous transport
inside a compartment, leading to homogeneous concentrations of all species across
the whole compartment). Partial differential equations (PDEs) arise when the spatial
dimension is explicitly modeled, i.e., spatial gradients are now included in the
representation. Building an ODE/PDE model involves three main steps, often
applied in an iterative way: model development (write down biological knowledge
in terms of rate of change equations), parameter estimation (determining the values
of unknown parameters), and model validation (comparing model predictions to
independent experimental data) [5].

When designing the models, two critical decisions need to be made: what is
the scope of the model and at which level of detail will the system be described
[9]. Defining the scope involves determining how much of the system needs to be
modeled in order to achieve the goal of the modeling process, and deciding on the
level of detail involves choosing a level of representation of the molecular species
and complexes (i.e., do we want to represent all modifications and interactions
explicitly). The latter point is especially challenging because biological species
are often capable of assembling into multi-component complexes, undergoing
multiple PTMs, and segregating into various sub-cellular compartments and locally
concentrated areas, and we often do not know how to interpret these events in terms
of signals. This latter problem is referred to as “combinatorial complexity” and
is what quickly makes ODE and PDE models untractable [7, 12, 17, 18]. Another
common problem with ODE/PDE models is parameter estimation, which involves
determining the range of parameter values over which the model closely reproduces
the experimental data [1]. Problems arise in this process when the model reproduces
the experimental behavior equally well over a large range of parameter values,
therefore making those parameters unidentifiable.

Some common simplifying assumptions are made to overcome the problem
of combinatorial complexity, such as ignoring intermediate states of assembly
when they are fast, or lumping together biochemical forms that are thought to be
equivalent. However, these remain assumptions, and just as any other assumption
made in building the model (e.g., well mixed compartments, etc.) it is very important
to be aware that the equations obtained are only valid given all of the assumptions
made, and so each assumption and the implications thereof should be discussed, in
light of explicitly stated design goals [1,5]. It is also important to note that ODE and
PDE models are deterministic continuum approximations of what happens in the
system [9]. When limited number of molecules are involved in a process (e.g., small
compartments or slow reactions), then stochastic effects may become important
and a deterministic approximation might not be able to accurately represent the
evolution of the system [1].

Despite these complications, ODE and PDE models can be used to generate
valuable insights into biological questions. In Birtwistle and Kholodenko [5], for
example, the authors describe how simple and more complex ODE and PDE
models can be used to gain insights into the role of endocytosis in signaling. In
the paper by Chen et al. [9], for example, a detailed model of ERK and Akt
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regulation by two ErbB ligands and four ErbB receptors during the immediate-
early phase of ligand stimulated cell signaling is built, parameterized, and analyzed.
This model includes 28 proteins, but accounting for protein—protein interactions,
PTMs, and compartmentalization generated an additional 471 species, requiring 499
differential equations, 201 unique reaction rates, and 28 non-zero initial conditions.
This leads to a complex parameter optimization problem, despite some parameters
being measured or extracted from the literature. Other parameters were estimated
from the data by minimizing the difference between experimental and simulated
data [9].

This model was found to be unidentifiable, with some parameters being quite
constrained across similarly performing models (in terms of fit to data), and some
parameters spanning the entire range of values allowed in the search. However, the
authors were still able to perform a sensitivity analysis of the partially calibrated
models (i.e., an investigation of which parameters have the largest influence over a
chosen observable, when varied), as well as a dose responsiveness analysis, and to
extract useful predictions from those analyzes. For example, they showed that the
calibrated v, for the PP2A compartment targeting pPRAF and pMEK was markedly
different from the compartment targeting pAkt, which led them to hypothesize that
dephosphorylation of Raf, MEK, and Akt occurs at different rates, and that this
presumably involves different PP2A-containing complexes. The sensitivity analysis
also yielded valuable insights, such as which parameters have the biggest influence
on EGF- or HRG-stimulated pERK across multiple partially calibrated models, and
the observation that parameter sensitivity critically depends on the observable that
is chosen [9]. This shows that, provided that care is taken in interpreting the results
of an analysis, and that parameter uncertainty is considered in this process, even
partially calibrated models can provide valuable insights.

3.2.5 Rule-based Models

A formalism that naturally describes the mechanisms of signaling systems despite
their associated combinatorial complexity is the principle of rule-based model.
A rule-based description of a system allows a rich variety of knowledge about this
system to be expressed in a single formalism (see [25] for a review) [31]. Briefly,
the system is described as a set of agents which have labeled sites that can each have
an internal state, typically used to denote PTM status. The agents are acted on by
rules, which provide descriptions on how they interact, with common interactions
consisting of binding/unbinding of agents, modification of the state of a site, and
deletion/creation of an agent. The left hand side of a rule specifies a condition
that applies on a pattern of agents and their site values, whereas the right hand
side specifies actions on agents mentioned on the left. Only the information that is
triggering the accomplishment of the rule needs to be specified on the condition side
of the statement [14].

Simulation of a rule-based model can be performed by the repeated process
of matching the facts (patterns of states of agents) against the condition part of
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the rules and carrying out the action part of the rules where the condition part is
satisfied [31]. A control strategy is used to determine the order in which the rules
are applied, which typically takes the form of a rule-based version of Gillepsie’s
algorithm [14, 31, 65]. Popular languages to write and simulate such models are
Kappa [14], and BioNetGen [17] which is extended in the software NFsim [65].
Differential equations can be also derived from the rules; if all possible species
are described the number of states increases exponentially due to the combinatorial
explosion, but methods exist to simplify them at least to some degree [7,12, 18].

3.2.6 Logic-based Models

Whether as reactions or rules, building a biochemical model requires a lot of
mechanistic information about the system, and the resulting models are difficult
to simulate. This limits their applicability to relatively small and well studied
systems. However, data generated by high-throughput methods typically provide
wide scope information which leads to the need for formalisms capable of handling
big networks for which only limited mechanistic knowledge is available. A suitable
formalism to model large networks for which some mechanistic knowledge is avail-
able are logic-based models, that include dependencies between components, while
ignoring the molecular details [31, 47, 74]. In logic-based models dependencies
between nodes are specified in terms of gates, which are associated with truth tables
that describe output states for all possible combinations of input states [47]. If two
proteins A and B have a positive effect on the activation of a third one C, the
corresponding gate can be either an OR (either A OR B activates C) or AND (only
A AND B together activate C).

The simplest type of logic model is a Boolean model, in which each state
is either on or off (1 or 0). Following the pioneering work by Kauffman [35],
Boolean logic models have been used extensively to model genetic regulatory and
signaling networks [31, 47, 74]. This formalism allows one to compute the state
of activity of each node of a graph given different inputs or initial states. Cause—
effect relationships in biological pathways can often be found in the literature, and
in databases such as reactome (http://www.reactome.org) or panther (http://www.
pantherdb.org). However, these resources rarely include specific gates, nor cell-type
specific information. This problem can be overcome by using signaling data to train
a Boolean model from a generic prior knowledge network derived from the literature
or databases [61]. By pruning the network, one obtains models with a much higher
predictive power, that are specific to the data (and thus cell-type) they have been
trained to. Thus, by leveraging prior knowledge and dedicated signaling data, one
can model relatively large networks with relatively sparse data, and because one
includes intermediates (not just perturbed or observed variables), the mechanistic
insight is higher than in purely data driven models. Thanks to their simplicity, these
models can easily accommodate ~100 nodes and be trained to phospho-proteomics
sets of ~1000 data points [61].
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A main limitation of the boolean logic approach is that all species are considered
either on or off, and the model is therefore not able to account for intermediate
levels of activation. Fortunately, several logic-based extensions provide a means
to do so, such as multi-state discrete models and fuzzy logic [47]. In multi-state
discrete models, additional levels between O and 1 are specified, whereas in fuzzy
logic a set of user-defined functions are used to transform discrete logic conditions
into relationships between continuous inputs and outputs. An extension of the
approach from [61] was recently proposed that allows the training to data of a
fuzzy logic model obtained from previous knowledge [48]. The approach is termed
“constrained fuzzy-logic” because the set of relationships between model species
is limited, thereby making it possible to train both the topology of the network and
the particular quantitative relationship involve at each gate, and allows to model
features not captured by Boolean logic [48]. However, this ability comes together
with an increase in complexity that renders the approach more difficult to apply to
large networks (above a few dozen species) [48].

Both of the approaches described above compute a steady state of the logic
model. However, logic-based models can integrate the notion of time, with various
degrees of detail. To compute a trajectory of the system, the status of nodes
are updated (as functions of the sate of their input nodes) at each (time) step
according to two main updating schemes: synchronous, where all nodes are updated
simultaneously with a new state depending on the state of each node’s inputs at the
previous time step, and asynchronous, where nodes are updated in random order
with a new state depending on the state of some input nodes at the previous and
some at the current time step [47]. Mixed asynchronous schemes allow some nodes
to be updated before others, making it possible to model separate time scales. Logic
models can also be converted into ODEs, making both species and time continuous,
albeit at the cost of increased complexity [47].

Finally, logic-models can be extended to incorporate probabilistic interactions,
thereby incorporating uncertainty in biological knowledge and/or stochasticity of
the system [47]. Logic-based models can also be implemented in a Bayesian
framework (see [19] and [39] for more information).

4 Summary

Modeling is an invaluable tool to make sense of large and/or complex systems from
a functional perspective. Signal processing involves regulations on the proteome
at three highly regulated and coordinated levels: regulated post translational mod-
ifications (PTMs), protein—protein interactions, and changes in expression levels.
The PTM level is what we focus on here because it is the most immediate one
and often triggers changes at the other levels, and in particular we concentrate on
phosphorylation as a major regulator of protein function and activity. Many proteins
are modified at many sites in a highly dynamic and context dependent manner, and
combinations of modifications can have various functional consequences that we
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are only beginning to unravel. Therefore, interpreting PTM data from a signaling
perspective is still a significant challenge, and investigations in this area are likely
to benefit from modeling approaches.

A modeling process requires a data set and an appropriate modeling framework.
Tables 2.1 and 2.2 summarize the main features of particular applications of mod-
eling pipelines that have been mentioned throughout this chapter. Antibody based
approaches allow the quantitative measurement of protein or protein modification
levels using technologies such as protein arrays, reverse phase arrays, XMAP,
intracellular multicolor flow cytometry, and microwestern arrays. All of these
platforms have different limitations in terms of samples and targets multiplexing,
signal to noise ratios, and dynamic range. However, they are all based on the
recognition of a target by a specific antibody and therefore all suffer from the same
limitation: the availability and quality of antibodies. The ability of these methods
to be applied to many samples in parallel is a significant asset because it allows
for multiple perturbation experiments that inform the network inference process.
Compared to MS approaches, antibody based technologies offer limited protein
coverage but are more easily scalable to large number of samples [2, 62], and in
general require a smaller amount of sample [11].

In contrast, the classical mass spectrometry workflow (shotgun MS) is a non-
biased approach (i.e., it is not aimed at particular proteins) that allows the detection
of many more proteins in a single experiment. The unit that is identified in
LC-MS/MS workflows is a peptide, and peptide mapping to proteins is a non-
trivial problem, especially in higher eukaryote organisms where a high level of
sequence redundancy can be expected, thus the importance of rigorous statistical
approaches for assessing protein identification. Shotgun MS is inherently biased
towards peptides that are highly abundant and easy to detect, and selection of
peptides for MS/MS is a random process that undermines the reproducibility of
shotgun LC-MS/MS approaches. Shotgun MS is somewhat limited with regards
to the number of samples that can be processed. Targeted MS is likely overcome
some of these limitations, since this technology has the ability to be highly
quantitative and reproducible, with an unprecedented dynamic range and the ability
to investigate many conditions. However, this method requires a long time for
workflow optimization, which means that a significant workload investment has to
be done before being able to collect data. With the advances in instrumentation
and the emergence of targeted proteomics workflows, MS now has the potential to
represent a viable and a more powerful, fully quantitative alternative to antibody
based methods. Therefore we expect MS to play a crucial role in the field of
modeling of signal transduction networks in the future, provided that modeling
frameworks are adapted to the particular features of such data sets.

Whatever the method used, it is important to systematically document and report
the pipeline that is used from the data collection to modeling (e.g., normalization
in the case of antibody based methods, peptide identification, protein inference,
and quantification in the case of MS). Ideally, both the raw and processed data
should be available alongside detailed methods for any reinvestigation or even
reinterpretation of results. This is particularly challenging in the case of MS since
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reporting raw data involves finding an appropriate way to store thousands of spectra
(and accompanying LC retention times, and metadata) for each experiment [53]. The
workflow from experiments to models can encompass multiple steps and a number
of tools are available to develop data processing pipelines while maintaining the
consistency of the workflow and keeping data provenance [60, 62], allowing con-
nection with multiple modeling methods. Equally important is the development of
and compliancy to standards for capturing, representing, annotating, and reporting
the data and models. This should facilitate effective quality assessment, promote
transparency, and enhance accessibility [69].

“Descriptive” modeling approaches mainly rely on methods from statistics and
machine learning, and include for example differential expression analysis usually
followed by clustering or mapping onto known networks. “Predictive” models
are capable of providing estimates of the behavior of a system under a set of
conditions that were not used to build the model. A very simple way to do
so is using regression approaches such as PLSR, which links linearly correlated
variables but do not provide mechanistic information, and can only capture linear
phenomena. More detailed models can be built that include mechanistic and/or
causal relationships between elements of the system that can be represented by a
graph (“wiring diagram”), such as differential equations, logic-based, rule-based, or
Bayesian network models. Models built upon proteomics shotgun MS data sets that
have been reported so far generally belong to the descriptive category. In addition
to context specific knowledge, large scale phospho-proteomics analysis by MS have
generated valuable insights into the dynamics and characteristics of phosphorylation
networks in signaling, which are opening new avenues for investigation.

Affinity based approaches on the other hand have produced data that have
allowed extensive modeling of various (mainly well studied) systems. Although
biochemical descriptions based on differential equations can provide a detailed
and accurate description of signal transduction, they suffer from limitations when
handling large systems, in particular due to the combinatorial complexity arising
from signaling systems. Coarse graining of the system and simplifying assumptions
provide ways around this but ODE/PDE models are still limited to systems of a
couple of dozens of nodes. Rule-based models handle the combinatorial complexity
by defining sets of rules that apply on biomolecular patterns without having to
account for the full context of those patterns. This has the advantage of representing
mechanistic knowledge (and assumptions) in an intuitive and explicit way, and
allowing heterogeneous types of information to be incorporated into the model.
However, rule-based models can only be applied to well studied systems because
they rely entirely on an accumulated knowledge.

Methods that represent the system with lower level of details can provide
alternatives to model bigger, not-so-well-known systems. Logic-based approaches
for example represent only logical relationships between nodes in a network, and
are therefore conceptually simple, computationally cheap, and causally correct
[74]. Boolean logic models are limited to on/off representations of systems, but
extensions such as fuzzy logic overcome this problem, albeit at the cost of
increased complexity and therefore limitations in the size of the system that can be
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interrogated. Finally, Bayesian networks provide a strongly statistically grounded
alternative to infer signaling networks when little information about the system is
available (although various levels of previous knowledge can be incorporated in the
inference process). Bayesian networks can handle noise and stochasticity in the data
in a natural way, but require rich data sets, which has limited their application so far
to relatively small systems.

Whatever the biological question, it is very important to ask oneself the following
questions before building a model: what is the scope and level of detail that I can
and should model in order to (1) account for the limitations of my dataset and (2)
reach the goal of my analysis. An adequate solution relies on choosing a formalism
with the right level of detail to answer our question, and which yields the most
interpretable results for the problem under investigation [47]. When interpreting the
results of a model, it is also very important to be aware that a model is only as true
as its assumptions, and that every methodology has limitations inherent to the way
that they build, represent, and simulate the system.
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Chapter 3

An Integrated Bayesian Framework

for Identifying Phosphorylation Networks
in Stimulated Cells

Tapesh Santra, Boris Kholodenko, and Walter Kolch

Abstract One of the primary mechanisms of signal transduction in cells is protein
phosphorylation. Upon ligand stimulation a series of phosphorylation events take
place which eventually lead to transcription. Different sets of phosphorylation
events take place due to different stimulating ligands in different types of cells.
Knowledge of these phosphorylation events is essential to understand the underlying
signaling mechanisms. We have developed a Bayesian framework to infer phos-
phorylation networks from time series measurements of phosphosite concentrations
upon ligand stimulation. To increase the prediction accuracy we integrated different
types of data, e.g., amino acid sequence data, genomic context data (gene fusion,
gene neighborhood, and phylogentic profiles), primary experimental evidence
(physical protein interactions and gene coexpression), manually curated pathway
databases, and automatic literature mining with time series data in our inference
framework. We compared our results with data available from public databases and
report a high level of prediction accuracy.

1 Introduction

There have been several attempts to reverse engineer the phosphorylation networks
of cellular signaling pathways in recent years. These studies can be categorized
in two main classes. Some of these studies used high throughput quantitative data
such as mass spectrometry data, flow-cytometry data, RNAi screening data, etc.,
to establish causal relationship among kinase-substrate pairs [1-6] and some used
non quantitative data such as protein sequence data and cellular context data to

T. Santra (P<)) « B. Kholodenko ¢ W. Kolch

Systems Biology Ireland, Conway Institute, University College Dublin (UCD),
Belfield, Dublin 4, Ireland

e-mail: tapesh.santra@ucd.ie; boris.kholodenko@ucd.ie; walter.kolch@ucd.ie

LI Goryanin and A.B. Goryachev (eds.), Advances in Systems Biology, 59
Advances in Experimental Medicine and Biology 736,
DOI 10.1007/978-1-4419-7210-1_3, © Springer Science+Business Media, LLC 2012



60 T. Santra et al.

determine probable phosphorylation patterns [7-10]. The studies which predict
phosphorylation networks from quantitative data use a range of statistical methods
such as least square regression, Bayesian network, dynamic Bayesian network,
etc. Least square based methods such as [1] are suitable for models of small
number of proteins, usually 20-50. On the other hand, Bayesian models such as
[2,3,5, 6] require many repetitions of high throughput experiments under different
experimental conditions. Usually high throughput experiments are repeated 2—5
times which may not be sufficient for a reliable inference when using the Bayes
net methods. Hence, efficient implementations of these powerful tools require
rigorous and often expensive biological experiments. Some other techniques such
as probabilistic boolean networks [11] and clustering methods [12] have been used
for network inference from quantitative data with different levels of success.

The network inference methods that use non quantitative data have some
fundamental differences from the other methods. For example, these methods alone
are not sufficient to determine whether a particular interaction takes place in a cell
under certain experimental condition. Another limitation of these methods is that
they do not differentiate between different phosphorylated states of the kinases
themselves when predicting phosphorylation networks. Such information may be
important for understanding the signaling mechanism under investigation. However,
given the limitations these methods also reported reasonable prediction accuracy [7].

In this study we developed a Bayesian framework which integrates both quan-
titative and non quantitative data to infer phosphorylation network. We integrated
protein sequence data and cellular context data with mass spectrometry data in a
naive Bayes model to infer phosphorylation interactions that take place under certain
experimental conditions. We used our method on the Olsen et al. [13] data in an
effort to understand the phosphorylation interactions which occur when a Hela cell
is stimulated by Epidermal Growth Factor (EGF). We analyzed the performance of
our algorithm by benchmarking our results against curated data.

2 Algorithm

Let us assume that we have a set of kinase phosphopeptides and a set of
substrate phosphopeptides which are denoted by K = {K; : /[ = 1... k} and
S = {S; : i = 1... s}, respectively. Phosphopeptides are small phosphorylated
fragments of proteins. Each phosphopeptide represents a phosphorylation state
of the corresponding protein. In this study our objective is to identify which
phosphorylation state of what kinase phosphorylates which substrates at what
sites under certain experimental condition. From here on, we shall call K
and S as kinases and substrates instead of phosphopeptides of kinases and
substrates for convenience. Since, some kinases can phosphorylate each other
K NS # 0. We denote a phosphorylation event by —, e.g., the phosphorylation
of substrate S; by kinase K; is denoted by K; — S;. Our objective is to find a
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partition ¥ =X, :/ =1...x,X; C S on the set of substrates S such that K; —
S;VS; € X;. We used three different types of data to achieve the above objective, i.e.,
protein sequence data, cellular context data, and temporal measurement data which
represents the concentrations of the phospho-peptides at different instants of time.

Sequence data is used in the form of motifs corresponding to the phosphorylation
sites. Each motif consists of 15 amino acids, the phosphorylation site itself and
seven amino acids to its left and right. The set of motifs is denoted by M = {M; :
i=1...5s}, where M; = (oyj : j = 1...15). Here, o;; represents the jth amino
acid of the 7th motif.

Contextual data is represented in the form of context network. In a context
network two proteins are connected by an edge if a range of different types of data
such as genomic context data (gene fusion, gene neighborhood, and phylogenetic
profiles), primary experimental evidence (physical protein interactions and gene
coexpression), manual and automatic literature, and database curation data indicate
a probable interaction between them. It should be noted that an edge in a context
based protein interaction network does not mean a physical interaction between two
proteins. Instead, it suggests that the proteins are contextually close to each other.
A probabilistic measure is associated with each edge which reflects confidence of
interaction. This type of network data is available from STRING database [14]
which we shall discuss in detail in the implementation section. The contextual
proximity of a kinase K; and a substrate S; is denoted by &;.

The temporal measurements of kinase and substrate phospho-peptides are given
by K;(¢) and S;(¢). We implemented a time lag correlation model in our method.
For each kinase substrate pair K; and S; a cross correlation Cj;(7) between K;(t)
and S; (¢) is calculated using the following formula:

ST Kt —1)Si(1)
VI Kt = DR — ) X1y $i(0Si (1)

Ci(r) = ; (3.1

T is the time lag at which the cross correlation Cii(7) is calculated, I%l(t) =
K’(%IK’“) and S; (t) = %&3,(0 Here, K;(t) and S;(¢) are sample means and
ok, and oy, are the standard deviation of K;(f) and S;(¢), respectively. The time
lag at which maximum correlation occurs between K;(¢) and S;(¢) is denoted by

T, de, T = argmax(Cj;(7)). The maximum value of Cj(7) is denoted by
C™ = Cu(r;™). We transform Cj;(7) using Fisher transform [15] as shown
below:
1\ 1+ In(Cy(7))
Zit)=(=-) ———=. 32
i) (2) 1= In(Ci(0)) 2

Hence, Z;! = Z;(z;™). We used Z* values instead of C;™ in our model
because under certain assumptions Z;(t) is shown to be normally distributed [15].
This particular feature of Fisher transform is convenient for further calculations.
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The properties of Fisher transform and the assumptions under which the transformed
values are normally distributed will be discussed in the Subsect. 2.3. Based on
the above notations the posterior probability of K; — S; given motif M;,
contextual proximity &;; and time lag correlation data 7™ and Z** can be given as
follows:

P (Kl — S,‘lM,',Sh', _L,Zrinax’ erlpax)

_ P(M;, i, 0™, Z;}™ | K) — S;) P(K; — S;)
ZK;EK,S,-ES P(M;, e, 1], 27| K — Si)P(K; — S’

(3.3)

If the prior P(K; — S;) is equal for all K; € K and S; € S then (3.3) can be
rewritten as below.

P (K — Si|M;, e, 7™, Z) o« P(M;, 31, T, ZP|K; — ;). (3.4)

The right hand side of (3.4) can be easily calculated under certain assumptions.
We assume that the phosphorylation motifs, the contextual proximity of the
proteins and the temporal measurements of phospho-peptide concentrations are
independent of each other. Due to the strong independence assumption our model
can be classified as a Naive Bayes model. The strong independence assumption
may be over simplification of biological reality. However, earlier studies sug-
gested that Naive Bayes models are quite robust against such oversimplifying
and often erroneous assumptions and oftentimes outperform more sophisticated
models [16]. Under the above independence assumption (3.4) can be rewritten as
follows:

P(K; — SiIM;, e, T, Z7™) o« P(M;|K; — S;) x P(eii| Kj — Si)
x P(ZI g (K s S,). (3.5)

The calculations of the three probability measures on the right hand side of (3.5)
are described in details in the following subsections.

2.1 Calculating P(M; |K; — S;)

As stated before, a motif consists of 15 amino acids, M; = (o : j = 1...15),
which represent a small protein fragment surrounding a phosphorylation site. There
are 20 possible amino acids. Let us denote the set of amino acids by &/ = {4y :
k =1...20}. We assume that each ;; is an independent random variable the values
of which are drawn from the set of amino acids . with multinomial distributions,
i.e., @; ~ Multinomial(7;). Here, 7, = {mjx : k = 1...20} is the set of
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multinomial parameters. Let us consider that the multinomial parameters 7 ;; have
Dirichlet priors, i.e., wjx ~ D(Ax : k = 0...20), where Ay : k = 1...20 are
hyper parameters and Ay = Ziozl Ak. Let us denote the multinomial parameters of
the amino acids found in a set of motifs A; = {M, i = 1...Ny } which are

targets of kinase K; by ;. The posterior of n_ﬁ can be given by:

P (n—JﬂKl - Si) =Pp (JT—J?lA[) = DA +Nj1[,/\2+Nj2[...120
+ Nji, Ao + Np). (3.6)

In (3.6), Nji; is the number of times the kth amino acid is observed at
the jth position in the motifs of A;. Given the above posterior, the probability
P(M;|K; — S;) can be calculated as follows:

P(M;|K; — Si) =P(ai1, a2, ... aj15| K — S;)

15

= l_[ P(Oéij|K1 — S,')

j=1

= 11_5[ / P (a,;i|7t_j?) P (N_jﬂKz - Si) dmji
j=1

15
=[] EGjulki — )

=1

A+ Nkt
= . 3.7
l_[ Ao+ N ©7

Initially A;s are the training sets for motif data which can be found in publicly avail-
able databases such as HPRD [17], Phosida [18], Phosphosite [19], PhosphoELM
[20], etc. We shall discuss about these databases in the implementation section. As
the algorithm progresses the newly classified motifs are also included in A;. The
above model can be summarized as follows:

M; ={a;:j=1...15

;i ~ Mult(7;7)

T ={m ik =1...20}

71~ DOy ik =0...20) (3.8)

The values of Ay are fixedat A, = 1;Vk =1...20.



64 T. Santra et al.

Some of the assumptions of the above model might be over simplistic. For
example, the assumption that o;;’s are independent is an oversimplification. More
sophisticated models, such as Hidden Markov Models [21-23] take the interde-
pendencies among consecutive amino acids into account when modeling consensus
phosphorylation motifs. However, we find that our simplistic approach performs
at least as well as the more sophisticated models especially when applied in
conjunction with other features.

2.2 Calculating P(e;|K; — S;)

&;; represents the proximity between K; and S; in a context based protein interaction
network. A context based protein interaction network is a probabilistic network
where nodes represent proteins and edges represent protein—protein interactions
(here an interaction does not necessarily mean physical interaction). Each edge
has a probability score which represents the confidence of interaction between
corresponding proteins. The probability scores are calculated from a range of data
such as gene neighborhood, gene fusion, co-occurrence, homology, co-expression,
experimental evidence, knowledge base, and text mining [14]. Let us denote a
context based protein interaction network by ¢ = (V, E, P(E)) where V is the set
of vertices, E is the set of undirected edges, P(E) is a probability measure on the set
of edges, P : E — {0, 1}. We opt to use this probability measure to determine the
contextual proximity between a kinase and a substrate. Such information have been
used before by Linding et al. [7] in order to infer kinase substrate specificity. In cases
where a phosphorylation site contains consensus motifs which can be recognized by
multiple kinases Linding et al. [7] chose those kinases which are directly connected
to the substrate in the context network. In most cases this approach may suffice
to identify kinase substrate specificity efficiently. However, in general, the method
of preferring directly connected kinase-substrate pairs over indirectly connected
ones have some conceptual ambiguity. The ambiguity of the above method is
demonstrated in the following example.

Consider a probabilistic context network Wthh con51sts of two kinases K 1, Kz,
a substrate S| and a protein p which connects K> with S 1 as shown in Fig. 3.1. The
edges and their probability scores are defined as é = (Kl, 1) é = (Kz D). é3 =
(p, Sl) P(é1) = 0.75, P(é2) = 0.9, P(é2) = 0.9. In this network, K, is directly
connected to S; and K, is indirectly connected to S\. But, the probability of
interaction between K, and S|, P(ey) = P(éz) x P(é3) = 0.81 is higher than
the probability of 1nteract10n between K 1 and S 1, P(e11) = 0.75. Hence, in this
particular case, choosing K, over K, as a potential kinase of S5 may not be correct.

Due to the above difficulty we define ¢; using a concept called “two-point
reliability” which is well studied in communication theory [24]. Reliability of
communication between two nodes in a probabilistic network is defined as the
probability of existence of a connecting path between the nodes [24]. Following
this notion, in a probabilistic context network a measure of proximity between
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&

P(é5)= 0.9

Flg 3.1 Toy context network consisting of two kinses K I K>, one substrate S; and a protein
P.K | interacts with S 1 with probablhty P(é)) = 0.75, K2 interacts with P with probability
P(é3) = 0.9 and P interacts with $; with probability P(é¢3) = 0.9. Here, P(é,) X P(¢é3) > P(é1)

two proteins can be defined as the probability of existence of a connecting path
between them. For example, the proximity &, between the kinase K; and substrate
S; can be measured as the probability that a path exists between K; and S; in the
context network ¢. Calculating the proximity measure is a NP-hard problem and
there are several potential solutions proposed over the years [24-26]. We shall use
some of the concept developed in these earlier studies. Given a context network
¢ = (V,E, P(E)) and two of its vertices v;, v; € V, let us denote the set of paths
that connects v;,v; by & = {@{; :k =1...N,} where N, = |Z;]. Using
inclusion—exclusion theory the probability that a path exists between v; and v; is
given in the following equation [24].

P( N ) ZP =S P(PEPL) 4+~ I)NP‘IP(P/_’IF/"Z yfp).
k#l
(3.9)

In (3.9), P (U]]:’i | 9{1‘ ) is the probability that a path exists between v; and v; in

the context network ¢, i.e., P(e;) = P (Ugi 19{]‘. ) The terms of the right hand
side of (3.9) can be calculated as follows:

[T Pew)

ekEI’/il;-
pP(zt2l) = ] P [] P
ekEI’/ilj‘- eIEL/’/I-[j

P (9;9;...3Z;Vp)

[] P [] Pe--- [] Plew,) (3.10)

P! 72 Np
(316/,1 ezE.]U eNpe'@ij
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In (3.10), ei is an edge, i.e., ex € E and P(ey) is its probability score. However,
the proximity measure shown in (3.9) can also be calculated using a simple recursive
formula. Given a set of paths &; = {c@ff :k =1...N,}, between v; and v;
the probability measure shown in (3.9) can be calculated in the following manner.
The probability that a path exists between v; and v; is the probability of traversing
at least one path in &7;. Hence,

Pley) =P (7)) + (1= P (2;)) P (7])
+ (1= P () + (1= P(2) P(Z))) P(Z)+-- (B

The right hand side of (3.11) can be interpreted as follows: P(f@l;}) is the
probability of traversing 2}, (1 — P(2})) P(}) is the probability of traversing
P(c@g) and not P(‘@ili)’ 1 - P(@i}) + (1 - P(ﬁ;))P(@;))P(@;) is the
probability of traversing P(@;) but not P(‘@zjli) and P(ﬁ;), and so on. A recursive
representation of (3.11) is given below.

Pey) ' = Pey)* + (1= P(ep)")  P(ZLT") where P(e)) = 0. (3.12)

P (¢j) is calculated from (3.12) by replacing k + 1 by N,, ie., P(g;) = P(SU)N”.

The proximity measure P(g;) between a kinase K; and substrate S; can be
calculated using (3.12) given a context network which contains both. In this case, the
context network is an undirected graph whose edge probabilities are calculated from
contextual data and are independent of the assumption of direct post translational
modification events, i.e., P(g;|K; — S;) = P(gj;). Hence, P(e;|K; — S;) can
directly be calculated from databases such as STRING [14].

2.3 Calculating P(Z™, ;"™ |K; — S;)

As defined before, Z;;(7) is the Fisher transformation of the correlation coefficient
Cii(t). Fisher [15] showed that Z is normally distributed if K;(¢) and S;(z)
are normal independent variables. Using extreme value theory, the cumulative
distribution function of the extremum (in this case maximum) of a set of independent
normal variables can be given as follows [27]:

i-H

< = — —_ —
P(Z <z exp( exp ( > )) (3.13)
In (3.13), p is the location parameter and o is the scale parameter. Z;(t) are
normally distributed but not independent. However, Leadbetter et al. [28] (Chapters
4-6) showed that (3.13) holds fairly generally even under many dependency
conditions. Hence, the probability density function of Z** can be given as follows:
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max max max 1 Z — H tT;ax
P (Zi(t™) (™), o (7™)) :O_(tlmax) eXp <_ o (Tfnalx) ))
i li

X exp (— exp (—%)) . (3.14)
li

In (3.14), pu(7;™**) and o (7;'**) are location and scale parameters, and are dependent
on 7. The dependence of the distribution parameters on 7;/** arises from
the biological mechanism of phosphorylation. If a substrate is phosphorylated
by a kinase then the maximum phosphorylation of the substrate occurs almost
instantaneously (within ~5 min) after the maximum phosphorylation of the kinase
(e.g., see [29]). Hence, it can be assumed that the maximum correlation between
K;(t) and S;(¢) occurs at a time lag no greater than ~5min if K; — S; holds
true, i.e., 77 < 5if K; — ;. Hence, given 7;/* < 5, the location parameter
corresponds to high values of Cj;(7). However we have no prior information about
the distribution of Z and parameter w(7;*) when 7;** > 5. In this case,
we assume that the location parameter has a flat distribution. To reflect the above
assumptions we define the conditional density of (7;’*) as follows:

P(u (™) of™, Ky — S;) =N(my,, 0,)
where m,, =1.5,0, = 1if ;™ <5

my =0,0, =3if 7 >5 (3.15)

In (3.15), the m,, = 1.5|7;/ < 5 since it corresponds to C;"* ~ 0.9. m, = 0,

0, = 3|7 represents a flat distribution over all possible values. We fix the scale

parameter at o (77**) = 1. Under the above model the conditional density function

of Z;' can be calculated and given 7;/™* as shown in the following equation:

P(Z™ ™, K — S))

- / P (ZF™ | (f™) Pu(@™) [, Ky — S)d (u (™))
:/ : ! exp _w
\/EZnogm) o (™) o (.L.lrinax)

max maxy __ 2
X exXp <— exXp <——Z O_I(LT;;Z:;) )>> exp — (.(M(Tli Zc)rﬁ m#) )dﬂ(l’;}lax)_

(3.16)

We have demonstrated the conditional density function P(Z*|t;/™, K; — §;) in
Fig. 3.2.



68 T. Santra et al.

0.35 . T T . .
-==-PEZ | '¥<5,K > S)

0.3r
——P@E" | M55, K - S)

0.25¢+

0.05¢

915 -10 -5 0 5 10 15

Fig. 3.2 The conditional probability density P(Z]*|t™*, K; — S;) is shown for 7,/ < 5 and
T > 5 in this figure. P(Z™ 7™ < 5, K; — S;) has a sharp peak at Z* = 1.5, whereas
P(Z™ g™ > 5, K; — S;) has a flat distribution over a large range of values

7,/%* can only have discrete values since in biological experiments time series
max

data is measured at discrete time interval. Hence, the conditional density of t;
can be given as follows:

XK} > S; ~ Mult(¢y)

b = {du:1=0.. T

- ,
¢[ ~ D(V(), V],...VT,V) (317)
In (3.17), ¢; are multinomial parameters, and v; : ¢+ = 0,...,7T are Dirichlet

parameters where U = ZLO v;. We fix the values of v, = 1V¢ = 1...T. Though
it is known that given K; — S;, 7;/* is usually < 5min the little information is
available a priori about the parameter values of the multinomial. Hence we adopt an
online update technique to calculate these parameter values. Given a set of substrates
S = {S, K — S‘i}, the posterior ofal) can be given by P(51)|S) = D(v; +
Nfl[ :t=0...T,9 + N!). Here Nfl[ is the number of substrates whose temporal
concentration correlates maximally with that of kinase K; at t = ¢, and NI[ is the
total number of substrates which are phosphorylated by K;. The posterior of 7™
can now easily be calculated using the following formula.

P (g =1]S) = P (g™ = 1]Ki — $))
- / PG = t]¢) P(ulKi — S))ds

[ P GulKs > Sy = VTN 3.18
—/¢r1 (¢tlll_)l)¢tl—m (3.18)
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Since, in this case, we do not have a reference database, we start with Nr[, = 0 and
NTI =0, and update the parameters using (3.18) as we sample from the overall distri-
bution. Finally, given (3.18) and (3.16) the conditional density P(Z*, 1| K; —
S;) can be calculated using the following equation:

P(Z;?aX,T;PaX|K[ — S,) = P(er}laxh;;lax’ K] — S,‘)P(‘L’;lnax|K[ — S,) (319)

2.4 The Log Likelihood Function

Given the posterior of K; — S; the log likelihood can be defined by the following
equation:

Z=log| [] P& — Si|Mi eu 2™ ™)
K;€K.S; €S

= Y log(P(Ki — Si|M; ep Z™, 1)) (3.20)
K;€K,S;eS

Finally an optimization algorithm can be used to maximize the log likelihood
shown in (3.20). For our implementation we used a MCMC based sampling scheme
to find optimal assignment of K, S; pairs.

2.5 Pseudo Code for the Above Algorithm

The mathematical equations described above can be put together in a clustering
algorithm to identify kinase substrate interactions from quantitative data. The
pseudocode of the algorithm we have implemented is shown below.

A < 1;Vk =0...20
v« L;)Ve=1...T

o (tg‘a") <~ 1
Calculate Njy from motif databases
Ny < Ofort=1...T

Calculate P (gj;) from STRING database using (3.12)
Ak +Ni
Ao+N;

TCjkl <

,E/ﬂl(—O
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end if
end if
end for
d(Z) < | & -4
end while

3 Implementation of Our Algorithm to Analyze
Phosphoproteomic Data

We implemented our algorithm on phosphoproteomic data to infer phosphorylation
networks. We used time resolved mass spectrometry data from [13], phosphory-
lation site and sequence motif data from HPRD [17], Phosida [18], Phosphosite
[19], PhosphoELM [20] databases, and probabilistic interaction network data from
STRING database [14]. The main problem in using multitude of data from different
databases is ID conflict among them. For example, [13] uses IPI numbers as
protein IDs, STRING database uses protein names and Swissprot identifiers as
protein IDs, PHOSIDA uses gene names, and IPI numbers as protein IDs, etc.
Although there are some ID mapping services available (e.g., IPI database mapping
tools [30]) these softwares usually do not produce a one to one mapping for any
two ID types. Hence, we used five different types of data to uniquely identify
the proteins among different databases. We used IPI numbers, Swissprot IDs,
gene names, protein aliases, and protein sequences to establish an unique identity
for each protein among different databases. For any two types of IDs we first
established a map by two way validation which was then refined by using protein
sequence similarity. This was carried out for every pair of IDs that we came
across in these databases. Once protein identities were established and all necessary
data were collected, we implemented our algorithm to establish pairwise kinase
substrate specifications from the data. The time resolved mass spectrometry data
[13] consists of relative concentrations of phosphopeptides measured over a period
of 20 min, after EGF stimulation of Hela cells. The phosphopeptides are fragments
of both kinases and substrate proteins. For the set of kinases we used only those
for which mass spectrometry data is available in [13] dataset. Based on motif
and STRING data we filtered out all the non-kinase phosphopeptides which are
likely to be phosphorylated by kinases not observed in [13]’s experiment. This
is done because our algorithm can not deal with hidden variable (unobserved
kinases) at its current stage of development. We implemented both the MCMC
method as shown in Sect. 2.5 and simulated annealing method on the filtered
datasets for sampling plausible networks. For simulated annealing we sampled from
(P(M;||K; — S;) x Pes||Ki — Si) x P(z, Zm|K; — ;)" where T is
the temperature parameter. The temperature is reduced after every 200 iterations
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using a geometric annealing function 7 = 7 x0.95. We find that the best results can
be obtained by collecting a large number of samples (we took 50 samples for our
study) after convergence of the MCMC algorithm and taking those kinase substrate
pairs which occur in at least, e.g., 10 of the samples.

3.1 Results

In the dataset of [13] the phosphopeptide concentrations were measured after
stimulating Hela cells with EGF. Hence, application of our algorithm on this data
enables us to detect the phosphorylation events that take place immediately after
EGF stimulation to Hela cells. The best way to verify our results is to validate
each phosphorylation event individually in vivo. But such experiment is out of the
context of this study. There are, however, limited data on in-vivo kinase substrate
specification, e.g., Phosphosite [19]. But these datasets cover a small fraction
of human proteome and there are very little overlap between them and [13]’s
dataset. The database that covers the largest set of phosphorylation interactions is
NetworKIN [7]. Only a62% of filtered phosphorylation sites from [13]’s dataset is
documented in [7]. Approximately 72% of the phosphosites in the filtered datasets
are documented in three databases put together, i.e., NetworKIN [7], RegPhos [31],
and Phosphosite [19]. Some of these databases provide online prediction of putative
kinases for new phosphorylation sites, e.g., NetworKIN [7] and NetPhosK [32]. The
phosphosites which are not included in the above databases are fed into the online
prediction services and results are collected. Among these phosphosites we selected
only those for which at least one putative kinase is predicted by the online prediction
services. This covers a total of ~88% of the filtered phosphosites.

Due to unavailability of gold standard data sets and low overlap between [13]’s
data and any individual database, we benchmarked our results with those of the
databases and online prediction services mentioned above. For benchmarking we
chose five well studied kinases, e.g. EGFR, MAPK3, MAPK14, GSK3f, and
Rock2. The result of benchmarking is shown in Fig. 3.3.

The results shown in Fig. 3.3 suggest that there is a high level of similarity
among the predictions made by our algorithm and other publicly available prediction
services and databases. This only shows that the performance of our algorithm
is comparable to those of the others. However, how accurate is our algorithm in
detecting in-vivo phosphorylation events can not be determined this way. This is
because there are no experimental proof for a large number of predictions made by
our algorithm or the other publicly available prediction services.

We also tried to construct a signaling pathway from our predicted interactions.
The main difficulty in constructing a pathway using our algorithm on quantitative
data is that most data sets do not contain all phosphosites of a particular pathway.
Additionally, a pathway is made of multiple different types of interactions such as
phosphorylation, complex formation, ubiquitination, etc. Our algorithm can infer
only phosphorylation interactions and this leads to inconsistency in different parts
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mentioned in the main text

% 100, where S, is the set of interactions predicted by our algorithm, Sy is the set

of a pathway. For example, in EGFR pathway, EGF receptors form complexes
with Shc and Grb2 which then forms complex with Sosl before phosphorylating
Ras-GDP. This entire series of events can not be inferred using our methodology.
Different types of quantitative datasets are needed to infer all different types of
interactions in a pathway. Hence, in this paper we constructed a partial picture of
the EGFR/MEK/ERK pathway using only those phosphosites present in the dataset
of [13]. A cartoon of the inferred pathway is shown in Fig. 3.4. In Fig. 3.4, the
black arrows indicate interactions which are predicted using our algorithm and are
detected in other studies such as [7, 18, 19,32]. The red arrows are phosphorylation
interactions which are predicted in only our study. The gray arrows indicate
interactions which are not detected in our study mainly due to absence of the related
phosphosites in the [13]’s database. For example, Rafl phosphorylates MEK in
Ser218 and Ser222 site but these phosphosites are not measured in [13]’s dataset. We
included these phosphorylations into our diagram in order to maintain consistency
of the pathway. The green arrows in the diagram represent translocation of proteins.
The interactions which are indicated to take place in the cytoplasm are inferred from
the concentration measurements of the cytoplasmic fraction of the corresponding
phosphosites and the interactions which are indicated to take place in the nucleus
are inferred from the concentration measurements of the nuclear fractions of the
corresponding phosphosites. It is not, however, clear whether the phosphorylation
events which are inferred from the nuclear fractions of the phosphosites take place
in the nucleus or they take place in the cytoplasm and then the phosphorylated
proteins are translocated to the nucleus. The same is true for the interactions which
are inferred from the cytoplasmic fractions of the phosphosite concentrations.

Despite the partial nature of the inferred pathway our algorithm has several
advantages over currently available pathway inference techniques. The advantages
and disadvantages of our algorithm over other pathway inference techniques are
discussed in the following section.
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Fig. 3.4 Partial EGFR/MEK/ERK pathway inferred by our algorithm. In this pathway we have
shown interactions between some of the kinases which are present in [13]’s data. We have also
included some well knows proteins such as Shcl, Grb2, and p53. The partial nature of the pathway
arises from inclompleteness of the data

4 Advantages and Disadvantages of Our Algorithm

Many of the currently available algorithms for inferring phosphorylation networks
use non quantitative data, e.g., [7] and [32]. Given a substrate, these algorithms
efficiently predict the probable kinases which phosphorylate its phosphorylation
sites. But if a particular phosphosite has more than one probable kinases, the
above algorithms fall short of determining which of the probable kinases phospho-
rylate it under certain experimental condition. Though [7] developed an efficient
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methodology to discriminate among probable kinases based on contextual data, the
story might be very different in some cases when quantitative data is taken into
account. Another important problem of most network inference techniques is that
they do not differentiate among the different phosphorylation states of the kinases
themselves when inferring probable substrates. Our algorithm can deal with these
problems efficiently. On the other hand some of the algorithms which explicitly
use quantitative data such as static Bayesian network inference [5] rely on directed
acyclic network architecture and are inefficient in detecting feedback loops. Our
algorithm is based on clustering technique and do not have this limitation. Some of
the advantages of our algorithm is discussed below with demonstrating examples.

4.1 Advantages

4.1.1 Inter Kinase Specificity

When a phosphosite has more than one probable kinases, it is often difficult to
detect which kinase phosphorylates it under certain experimental condition. We
call this phenomena inter kinase specificity. An example of inter kinase specificity
we encountered in [13]’s data is as follows. When Hela cells are stimulated by
EGF, Dcpl protein is found phosphorylated at Ser 315 site. The amino acid
sequence surrounding this phosphosite is PTYTIPLS(p)PVLSPTL which contains
the consensus motifs for both GSK3B (S-X-X-X-S) and ERK (P-X-(S/T)-P). But
which of these kinases phosphorylates Dcpl at Ser 215 is not clear. Based on
contextual data the NetworKIN algorithm [7] predicts that GSK3B has a higher
probability of phosphorylating Dcpl at Ser 215 compared to ERK. But our algo-
rithm finds that ERK has a higher probability of phosphorylating Dcpl compared
to GSK3B mainly due to relatively high correlation between their concentrations
(see Fig. 3.5) under the experimental setup of [13]. It should also be noted that the
high correlation between the concentrations of Dcp1(S315) phosphosite occurs with
that of ERK2(T201) phosphosite and not any other phosphorylated form of ERK.
This reveals another important feature of our algorithm, i.e., intra kinase specificity
detection. A more well known example of intra kinase specificity detected by our
algorithm is as follows.

4.1.2 Intra Kinase Specificity

It is well known that EGFR phosphorylates itself upon EGF stimulation [33].
But the detailed mechanism of this autophosphorylation in not clear, i.e., which
phosphorylated state of EGFR phosphorylates itself at what site is unclear.
From [13]’s data our algorithm predicts that upon EGF stimulation EGFR,
when phosphorylated at Y1110, Y1138, and Y1197 phosphorylates itself at
Y1172. However, when EGFR is phosphorylated at S695 or T693 it can not
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Fig. 3.5 Interkinase specificity. The gray arrows indicate probable interactions. The black arrows
indicate predicted interaction

phosphorylate itself at Y1172. We have demonstrated the temporal profiles of the
phosphorylation sites mentioned above and the predicted interactions in Fig. 3.6.
The intra kinase specificity of EGFR may be important since it is found that EGFR
autophosphorylates itself at different sites when stimulated by different EGF like
growth factors such as EGF and betacellulin [34].

4.1.3 Feedback Interactions

Feedback interactions have important roles in the dynamic behavior of signaling
pathways. Our algorithm is based on a clustering framework and not specifically
designed to detect feedback regulations. However, it detects some of the feedback
interactions as byproducts. For example, the auto phosphorylation of EGFR and
few feedback regulations from ERK to Raf and ERK to EGFR are detected
(see Fig. 3.4).
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Fig. 3.6 Intrakinase specificity. The gray arrows indicate possible interaction and the black arrows
indicate predicted interactions

4.2 Disadvantages

There are, however, several disadvantages of our algorithm. The most important
disadvantage is its inability to deal with hidden variables, in this case, kinases
which are not measured in a particular experimental set up. For example many of
the phosphosites of MEK are not measured in [13]’s dataset which leads to both
incomplete and false predictions. Accommodating such unobserved variables in our
algorithm will provide a more complete picture and enhance the accuracy of the
predictions.

Another problem of our algorithm is its inability to deal with inhibitory phospho-
rylations. For example, the inhibitory phosphorylation site Y527 of SRC is measure
in [13]’s experiment but our algorithm is unable to predict the SRC substrates due
to low correlation between the kinase and the substrate phosphosite concentrations.
Though this problem may appear to be easier to deal with a systematic formulation
for such cases is yet to be incorporated in our algorithm.

Finally, our algorithm is based on a clustering framework and not on any network
inference framework. Many important features of a signaling pathways such as
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feedback interactions, competitive phosphorylation, etc., can only be thought of
as byproducts of our algorithm since it is not specifically designed to detect these
properties and hence might introduces errors in prediction.

5 Conclusion

Recent high throughput proteomic experiments generated a wealth of data. How to
make biologically interpretable inference from these data using mathematical and
statistical techniques is a major challenge. We undertook the problem of network
inference from high throughput proteomic data. Such data usually come in limited
number of repetitions which limits the applicability of most well known statistical
network inference methods such as Bayesian Network inference, etc. Hence, ours
is an effort to make new statistical tools to make useful prediction from such
data. We used a Naive Bayes based clustering framework to determine pairwise
relationship between the kinases and their substrates. Our results suggest that our
method is at the very least comparable to other methodologies developed for the
same purpose. Additionally, it offers some new capabilities such as detection of
inter kinase specificity and intra kinase specificity. These type of information may
reveal more detailed picture of signaling mechanisms than what is already known.
However, the Naive Bayes architecture of our algorithm may be too simplistic and
can be improved by using more sophisticated models which takes into account the
interrelationship between different types of features. Additionally, our algorithm
can deal only with time resolved mass spectrometry data. Recent high throughput
proteomic data comes in many flavors. For example, inhibitory mass spectrometry
data, imaging data, etc. We are currently engaged in developing more accurate
methods for different types of high throughput data and planning to use these
algorithms on data being generated in our lab.
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Chapter 4
Signaling Cascades: Consequences of Varying
Substrate and Phosphatase Levels

Elisenda Feliu, Michael Knudsen, and Carsten Wiuf

Abstract We study signaling cascades with an arbitrary number of layers of
one-site phosphorylation cycles. Such cascades are abundant in nature and inte-
grated parts of many pathways. Based on the Michaelis—Menten model of enzyme
kinetics and the law of mass-action, we derive explicit analytic expressions for
how the steady state concentrations and the total amounts of substrates, kinase,
and phosphatates depend on each other. In particular, we use these to study how
the responses (the activated substrates) vary as a function of the available amounts
of substrates, kinase, and phosphatases. Our results provide insight into how the
cascade response is affected by crosstalk and external regulation.

1 Introduction

Reverse phosphorylation of proteins is one of the principal mechanisms by which
signals are transmitted in living cells. Signaling pathways typically contain a
cascade of phosphorylation cycles involving kinases and phosphatases, where the
activated (in general, the phosphorylated) protein in one layer acts as the kinase
in the next layer. The levels of substrate, phosphatase or stimulus in these cycles
might be regulated externally by other proteins. Many disease-related proteins are
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part of signaling pathways, for example, the tumor suppressor proteins BRCA1 and
p53 exist in many phosphoforms and the PTEN protein is a phosphatase. Cascade
malfunctioning might therefore be a cause of disease (e.g., [1,2]). It is a goal of this
work to understand how a signaling cascade adjusts to changes in the amount of
initial stimulus or the amount of phosphatase and substrate in specific layers.

The biological relevance of this signaling mechanism is well-established theo-
retically [3—7]. Properties of general signaling cascades, such as ultrasensitivity and
signal amplification, might be elucidated from the study of signaling cascades with
an arbitrary number of layers n, where each layer is a one-site phosphorylation
cycle. Such cascades are part of many pathways [8, page 342], [9, 10] and have
been investigated mathematically: n =1, e.g., [11,12],n =1, 2, e.g., [5,13,14], and
arbitrary n, e.g., [3,7, 15, 16]. In much previous work, a cascade is modeled as a
system of independent layers, thereby ignoring the effect of kinase sequestration.
This was pointed out in [7]. This simplification further implies that one cannot
study how activation of one layer effects the concentration levels in the layers of
the upstream. To study this it is crucial to consider connected layers.

Here, we give an analysis of a cascade with n connected layers. We provide ana-
lytic expressions for how species concentrations and total amounts of substrates and
phosphatases are related. Specifically, we use Michaelis—Menten’s classical model
of an enzyme reaction which includes the formation of intermediate complexes (thus
accounting for sequestration). Based on mass-action kinetics we derive a system of
differential equations and compute the steady states using an iterative procedure to
eliminate variables. This approach makes it possible to derive exact relationships
between concentrations and total amounts at steady state and to study aspects of the
system in detail without relying on simulation or numerical evaluations. Our work
is an extension of the work in [17], where we gave a detailed mathematical analysis
of this cascade at steady state.

The outline of the paper is provided in the following manner. In Sect. 2 we
describe the system. In Sect. 3 we give the main mathematical results that we derive
about the system. Non-mathematically inclined readers might skip this section. In
Sect. 4 we study how species concentrations at steady state vary as a function of the
overall substrate and phosphatase levels. We take this further in Sect. 5, where we
study stimulus—response and signal amplification. Finally, in Sect. 6, the question
of how the maximal response relates to the number of layers as well as the levels of
phosphatase or substrate is addressed.

2 One-Site Linear Signaling Cascades

We consider signaling cascades with n layers and a one-site phosphorylation cycle
at each layer (Fig. 4.1). The species in each cycle are the unmodified substrate Sio,
the modified substrate S il , the phosphatase F;, the kinase S il_l , and the intermediate
(enzyme—substrate) complexes Yl-O and Yil fori =1,...,n.Thatis, in each layer the
kinase is the phosphorylated substrate of the previous layer. The kinase of the first
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Fig. 4.1 One-site cascade of length n. The enzyme mechanism follows the classical Michaelis—
Menten model. In the first layer, the substrate S is the kinase E is the first cycle

layer is not a substrate in any other layer and we denote itby £ = SO1 (corresponding
to a Oth layer). The modified substrate S;' of the ith layer is called the response of
the ith layer; in particular the response of the nth layer is called the final response
or simply the response of the cascade.

The system is specified by the set of chemical reactions (Fig. 4.1). The enzyme
mechanism follows the classical model of Michaelis and Menten, in which an
enzyme—substrate complex is formed reversibly, while its dissociation into product
and enzyme is irreversible. Further, the phosphate donor, typically ATP, is assumed
in abundance and embedded into the rate constants. This reaction set-up has
frequently been used to study signaling cascades, see e.g., [5,7, 14, 18-20].

2.1 Steady States

Assuming mass-action kinetics, the differential equations describing the dynamical
system over time ¢ are given by:

s} = By + )Yy + Y+ b — @)y Py +aj F)S] (4.1

4

SY =00V + ey —alsPsL, 4.2)
Y2 = - + )Y +alSPs) (4.3)
E = 0+ )0 - alSUE s
Fo= (b + )Y =4 S} @)
Y! =a'F,5! — (b + ¢y} (4.6)
fori = 1...,n and where we put Y., | = S?., = 0. It follows from Equations

(4.5) and (4.6) that F; + Y,-l = 0. Similarly, from (4.4) and (4.3) fori = 1 we have
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that E + f’lo = 0. This implies that the values F; + Y1 and £ + Y0 are independent
of time. Similarly, S,.O +SH+ Yi0 +Y!'+ Y? i 18 also constant. Hence the system
has the following conservation laws:

Fi=F+Y', E=E+Y), Si=8'+8' +v +v/+7v%, @7

fori =1,...,n,and Y .1 = 0. The quantities E, F;, and S; are called the total
amounts of enzymes and substrates or just the total amounts.

The steady states of the cascade are found by setting the right hand side of
(4.1)~(4.6) to zero. The conservation laws imply that the equations corresponding to
S 0 E F = 0 are redundant. Therefore, given total amounts E,F;,S;, the steady
states of the system are the concentrations that fulfill the conservation laws (4.7)
(linear equations) together with Sil, Yl-o, f’il = 0 (quadratic equations).

These equations provide a system of polynomial equations with 5n + 1 equations
and variables which, because of the quadratic equations, may have many solutions.
However, we are only interested in biologically relevant solutions for which all
concentrations at steady state are positive or zero. This suggests the following def-
inition: A Biologically Meaningful Steady State (BMSS) is a steady state for which
all total amounts are positive and all species concentrations are positive or zero.

In [17], we prove that the cascade has precisely one BMSS for any choice of
kinetic rate constants. Further, we show that the BMSS concentrations are in fact
positive (i.e., non-zero) and hence each concentration at steady state is strictly
smaller than a corresponding total amount, e.g., E < E. By abuse of language,
we often say “the steady state”, while meaning the BMSS. Likewise, we say, e.g.,
“the kinase E fulfills...” when in fact we mean “the concentration of the kinase £
fulfills...”.

Having set the notation, we can formalize the scope of this work: we seek to study
how the BMSS (in particular the response S ) changes when the total amounts E,
S; or F; change, and how a change in one layer effects the responses in other layers.

2.2 Concentrations at Steady State

Using (4.1)—(4.6) together with the conservation laws the following relations apply
at steady state,

_F; 8 F;S} o_ ViFiS] o MF;S}
T48ST T T 1+ &SE T T 14sS T T (1+68HS)
4.8)

fori = 1,...,n, with constants §; = a!/(b! + 1), yi = (¢} /c?)8;, and A; =
yi(b? +¢?)/a?. The constant §; is the inverse of the Michaelis-Menten constant for
F;, y; is the catalytic efficiency ci1 8; of F; divided by the dissociation constant c? of
Sil_ 1> and A; is the relative catalytic efficiency in layer 7, that is, the quotient of the
catalytic efficiency of F; by that of S},
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Fig. 4.2 Splitting the cascade at the i th layer

Equation (4.8) is essential: It provides simple relationships between different
concentrations at steady state. The values Yl-o, Yil, and F; depend only on the rate
constants in the ith layer and are increasing in F; and Sil. The value S iO , however,
depends on the steady state values of the modified substrates in the ith and (i — 1)th
layers, providing a link between the two layers.

2.3 Splitting the Cascade

Consider the cascade obtained from the first i layers Its connection to the last n — i
layers is through the intermediate complex Y? ' | accounting for the conversion of
S to S} 11 Vvia the kinase SLIFYS | is known then the steady state concentrations
in the first i layers satisfy tl the - steady state equations of a cascade of length i with
total amounts E, Fy,..., F;, Sy.....Si—j,and S; = Y% | = SP+ S} + Y + v/l
Thus, the intermediate complex Y° 41 influences the layers upstream of layer i 4 1
by reducing the total amount of substrate available at layer i. This effect is known
as sequestration.

Similarly for the cascade consisting of the last n — i layers. If S} is known

(fixed), then the steady state concentrations in the layers i + 1,...,n satisfy the
steady state equations of a cascade of length n —i with total amounts F idlseees Fa,
S,_H, ..., S, and total amount of kinase S;. !

This spht is illustrated in Fig. 4.2. The results presented in the following sections
rely on splitting the cascade in this way.

3 Relationships Between Response Concentrations

In this section we provide an iterative expression for the ith response S/ in terms
of the final response S!. Some consequences of this result are discussed in the
forthcoming sections.
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3.1 The Last Layer

If the expressions in (4.8) are substituted for Y2, Y, SO in the conservation law

n’-n?

Sy =82+ S!+ Y02+ Y, weobtain S!_, as an (increasing) function of S,

. i A F,S]
1 —fn—l(Sn) d (S )
withd; (x,y) = (S;i —y)—x—F: (8 +y)x +8:(Si —y)x=8x>, 1 <i <n.If S}
is positive, then S!_, is positive provided d,,(S,., 0) is positive. This is the case only
if S! € [0,a,), where a, is the only positive root of d,(x,0). Therefore, F,, S,
and the rate constants of layer n restrict S at steady state, S, < «,, independently
of the parameters in the other layers.

If Sn1 is close to o, the denominator of f,_; is close to zero and hence S;_l is
large. Since the amount of substrate in layer n — 1 is bounded by S,—;, S!_, cannot
be arbitrarily large. Thus, upstream layers limit the possible values of S further.

3.2 Intermediate Layers Response

In (4.8), S,.l 1 gives Yio+l. This observation allows us iteratively to calculate all
responses S; ! as functions of S!. Specifically, consider the i th layer of the cascade.
For every Y i < S, the steady state values of the species in the first i layers are
found by solving the steady state equations for the cascade consmtmg of the layers
from 1 to i with the total amount of substrate in layer i being S; — +1 Therefore,
we obtain

AiF; S}

St = &i(S}, )_—
1 +1 d(Sl, ’+1)

(4.9)

with g, (S, n+1 = fu—1(S)}), since ¥, +1 = 0. The response S, can be found
in terms of S| by repeated application of (4.9). Positivity of S 1_1 imposes an upper
bound B;_; to Snl, which is smaller than the upper bound 8; imposed by S il. Indeed,
when Sn1 is close to B;, S/ is large and then d; becomes negative.

We have outlined the following result, which is proven in [17, Prop. 2.31].

Result 1 (Response relationships) Fori = 0,...,n — 1, the BMSS value of S}
satisfies S} = f;(S}), where f; is an increasing function of S\ defined on an
interval [0, B;). Furthermore,

Bi < Bix1and B; < Bn—1 = o, fori <n—1. B; depends onfj,Ej, j=i+1
only.

e Let a; be the positive root of d; (x, 0) which depends on F;andS;. Then S,.1 < o
for any BMSS.
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This result is important and shows how each additional layer further constrains
the maximal value of S!. Also, the response S/ is bounded by «;, which depends
exclusively on the rate constants and total amounts of layer i. This upper bound is
obtained by ignoring sequestration, i.e., assuming YioJrl =0.

Result 1 provides an iterative procedure for calculating response relationships.
All terms that appear in the function f; are mathematically simple (polynomials) and
hence f; is a rational function. Such functions are easy to manipulate, for example,
using programs like Mathematica™.

3.3 Total Amount of Kinase E

Using Result 1 we obtain the increasing relations E = S} = fo(S}) and Y =

nFLAS)
1481 /1(S})

on the stimulus E and hence

. The latter we denote Y’ 10 = fly (Snl). These functions do not dependent

E=r(S,)=/fo(S,)+ A" (S)

gives E as an increasing function of S!. The function f; is defined for S! < By and
tends to infinity as S tends to fy. The function f," is defined for S! < B;. Since
Bo < Bi, the function r is increasing and defined for S! € [0, By). It tends to infinity
when S tends to fo.

As a consequence, for positive E, there is a unique value of S satisfying the
relation £ = r(S)). This is the BMSS value of S!. All other concentrations can be
derived from this using (4.8) and the functions g;. Further, the upper bound 3, of S
is only obtained if E is very large. We introduce a distinctive symbol for this upper
bound, or the maximal response of the cascade: g, := fy. Writing r as a quotient
of polynomials, o, is simply the first positive root of the denominator.

4 Regulation Through Substrate and Phosphatase Variation

In the previous section we found Si1 in terms of S!. This relation provides means
to explore how noise and regulation at intermediate layers (e.g., crosstalk [14])
propagate upstream and downstream in the cascade and effects the responses.

The following result is from [17, Th. 2.32, Th. 2.33] and illustrated in Fig. 4.3a.

Result 2 (Variation in the total amount of substrate) Consider a cascade with n
layers and fix all total amounts but S; for some layer i. Then an increase of S,
causes:

* The BMSS values of the response S} and the intermediate complexes Y jQ and le
increase downstream of layer i, that is, for layers j =1,...,n.
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Fig. 4.3 Variation of S} when the total amounts of phosphatase or substrate are varied. Fixed
parameters: af = bf =cf =1, Fx =3,E=3,8S.=7

e The BMSS value of the response S}- increases upstream of layer i if
j =1,...,1 — 1 has the same parity as i and decreases otherwise.

Thus an increase in the total amount of substrate in one intermediate layer propa-
gates downstream as an increase in the concentrations of the modified substrates.
This corresponds to increasing the initial kinase or stimulus S/ in the smaller
cascade consisting of the layers below the one undergoing variation. However,
these layers have fixed total amounts and the modified substrates downstream are
therefore bounded by their respective ¢; (Result 1).

Also, an increase in the total amount of substrate in an intermediate layer prop-
agates upstream in an alternating fashion. If S} is increased, so is the sequestered
substrate ¥,” and hence the total amount at layer i — 1, S;— — Y, decreases. In
turn, this causes S} | to decrease. In turn, this causes ¥,” | to decrease and hence
Si—» — Y, toincrease and so S}, increases. This effect is strongly dependent on
the intermediate complexes and cannot be demonstrated in a model without these.

Similarly, Result 1 provides insight into how the response varies when the total
amount of phosphatase is changed (see Appendix A for a proof).

Result 3 (Variation in total amount of phosphatase) Consider a cascade with n
layers and fix all total amounts but F; for some layer i. If the total amount of
phosphatase at layer i, F;, is increased then:

* The BMSS value of the response S} decreases downstream of layer i, that is, for
j=1i,...,n

e The BMSS value of the response S} increases upstream of layer i if
Jj =1,....i — 1 has the same parity as i and decreases otherwise.

Result 3 is illustrated in Fig. 4.3b. As expected, an increase of phosphatase
at layer i causes the amount of phosphorylated substrate at layer i to decrease
and likewise all downstream responses to decrease too. In particular, the final
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response decreases. Thus, controlling the level of phosphatase at any layer serves
as a regulator of the response level. Upstream of layer i — 1 the response
increase/decrease in an alternating way, using the same argument as above.

S Stimulus-Response Curves

The relationship between stimulus and response has been studied extensively,
e.g.,[7,11,14,16,21]. Much attention has been devoted to whether a system exhibits
ultrasensitivity, that is, whether it reacts to input in a switch-like mode [18, 22].

The plot of S (the final response) against E (the stimulus) is usually called the
stimulus—response curve. We showed in Sect. 3 that the stimulus and the response
are related by an increasing function

E=r(S,)

defined on an interval [0, 0,,). Thus, the inverse of r is the stimulus-response curve.

When the stimulus E is arbitrarily large the final response S! saturates at its
maximal value o0,,. The stimulus required to achieve a certain percentage of the
maximal response can be determined from the explicit expression of the inverse
stimulus—response curve. Let E s be the value of E required to obtain M % of the
maximal response, that is, Ey = r(Ma, /100). For instance, 90% of the maximal
response is obtained with Egy = r(0.90,). This provides means to compute
measures of sensitivity and switch behavior of biological systems: the response
coefficient (also called cooperativity index) R = Eoo /EIO [5], the switch value
Eo — E 1o [18], and the Hill coefficient ny = log(81)/ log(E s/ E10) [23].

The maximal response o; of S/ is easily derived from the maximal response o,
using 0; = fi(0,). Now consider the response in any layer normalized with its
maximal response, that is, the normalized, or relative, response is between 0 and 1.
We provide conditions for which the normalized response increases when moving
down the layers in a cascade for a fixed stimulus E, Fig. 4.4a. In other words, the
normalized stimulus—response curves are shifted to the left as we move down the
layers. This is known as signal amplification.

Result 4 (Signal amplification) If 1 > §.S; — (8 + ;) Fi, then the level of kinase
E required to achieve M % of the maximal response at layer i is always smaller
than the amount of kinase required to achieve M % of maximal response at layer
i—1

Thus, if the level of phosphatase is in excess relatively to the substrate in all
layers, then for any given amount of stimulus, the last layer will always have a
higher relative response than the intermediate responses, and the response in the
first layer will always have the lowest relative response.
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Fig. 4.4 Stimulus-response curves in semi-log scale, log(F)_versus S!. Fixed parameters: af =
b: =(;:: =1,F1=5F,=4F;=55,=8,5§,=9,5;=10

6 Maximal Response

The maximal response is restricted by the total amount S, in the last layer and
further by any additional layer, as described in Result 1. The reduction of the
maximal response is exemplified in Fig. 4.4b for three cascades with one, two, and
three layers. The maximal response of the single-layer cascade is 3.58, but after
adding one (respectively two) additional layer(s) on top of it, the maximal response
drops to 2.23 (respectively 1.83), which is much lower than the upper bound set
by the total amount (fixed to 10). The decline of the maximal response is caused
by substrate sequestration: In layers above the last layer, substrates are trapped in
intermediate complexes and therefore not able to participate as kinases driving the
cascade of modifications that ultimately results in phosphorylation of S.

How the maximal response changes with changing total amounts of phosphatase
and substrate can be quantified. It is stated below and illustrated in Fig. 4.5 (a proof
can be found in Appendix A).

Result 5 (Maximal response) Consider a cascade of length n.

o [If the total amount of phosphatase at layer i, F;, increases then the maximal
response o, decreases.

e If the total amount of substrate at layer i, S;, increases then the maximal
response o, increases.

Interestingly, an increase in the level of phosphatase at any layer cannot be
compensated fully by an increase in the stimulus. Only locally, for low responses,
such a loss could be overcome.
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Fig. 4.5 Variation of the maximal response when Ss an_d F; are increase_d. S5, F; are increased
from 0.5 to 10. Fixed parameters: af = b} =cf =1;Fx =3;E =3;Sx =7

7 Discussion

We have provided a theoretical discussion of linear cascades with arbitrary number
of layers of one-site phosphorylation cycles. In particular, we have focused on
intrinsic properties of the cascade, that is, properties that do not rely on specific
reaction rate constants. Such studies may be useful for testing new hypotheses,
since experimental data is difficult to obtain and rate constants are hard to estimate
[24,25].

Many cascades are regulated externally, but the effect of such regulation is
generally unclear. Our study sheds light on how the steady state changes as a
consequence of changing levels of phosphatases and substrates. If a level increases
at some layer in the cascade, then all responses downstream decrease (phosphatase)
or increase (substrate). Thus, regulation at each layer of the final response is
possible. Further, the maximal response (obtained when stimulus is very large)
follows the same pattern. An increase in the phosphatase level at some layer causes
the maximal response to decrease. This loss cannot be compensated for by an
increase in the stimulus.

Upstream of the modified layer variations in the responses follow an alternating
behavior: If the response at some layer above the modified layer increases, the
response in the next layer decreases, and so forth. This behavior is counterintuitive:
The response of one layer is the kinase of the next layer, and we might expect the
same qualitative change in each layer. However, the result relies strongly on the
formation of intermediate complexes and thus relates to (hidden) sequestration. It
is therefore important, that intermediate complexes are modeled explicitly as in our
approach.

Under some conditions, signal amplification also occurs in the cascade in the
sense that the relative response increases down through the cascade. Thus, in a long
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cascade the final response can come up faster than in a short cascade. However,
this gain in signal amplification has to be contrasted to a reduction of the maximal
response with increasing cascade length. Consequently, the cascade length is a
compromise between when and how high the final response should be.

A deeper study is required to understand to what extend this balance between
gain and lost is beneficial for the cell. It may depend on the specific levels of
phosphatase and substrate as well as on the reaction rate constants. Although the
results presented here are qualitatively independent of the rate constants, their effect
is crucial in determining the magnitude of a change.
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Appendix
Proofs

The proofs follow very closely the proofs for Results 1 and 2 which can be found in
our previous paper [17].

Proof of Result 3. In the sequel, we assume that all total amounts but F; are fixed.
Consider a cascade of length n and fix a value of S. Define

Vifi Sil

—g,( )=m‘

(4.10)

Using (4.10) and (4.9), we see that for j > i, S +1 are independent of F;. Then,

by (4.10), Y,.0 is an increasing function of Fi, and S0 is Sll_ | by (4.9) (there might be
singularities). For j > i —2, S ! Y; 0 are increasing in S'! i1 ; +2 (with expressions

not involving F;). We conclude that they are increasing in F; for fixed S It
follows that the steady state value of S,} must decrease if F; is increased. Indeed,
wehave E = E + Y0 with E, Y, 0 | increasing both in S, !'and F ;. Since the functions
fiveous fu—1 are 1ndependent of F and increasing in S !, the concentrations S ! for

j =1,...,n decrease in F;.

As shown in [17], the BMSS of a cascade of length n satisfies S| = ¥ (S ), with
¥ an increasing continuous function defined over the non-negative real numbers.
Hence, if we consider now the split of the cascade at layer i — 1, the steady state
value of S| is given by a decreasing continuous function of Y, S | = f(¥?) :=
V(S — Y, 0) obtained by considering the first i — 1 layers of the cascade with
total amounts E, Fy,..., Fi—1, S1,...,8;—, and S;_; — Y0 The function f is
independent of 7,-.
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Let now /(F;) denote the value of ¥ ;41 at steady state, corresponding to the total

amount F;. By (4.9), and writing S ! as a function of YlO using (4.10), we have that
SL, =g:x°, H_1) =g (Y’ h(F )). If we write

0 yo0
gz(YOs Y+1) = M,
(Y7 Y0 )

then p(y.2) = Aiy(E —y), and pa(y.2) = (& + v)y* —vi(1/8 + Fi + & +
(S —2)y + yiE(S; —z) with & = yi F F;/8;. Computing the partial derivative of
this function with respect to YO ', and F;, we see that g; is decreasing in F; and
increasing in YIO+ ,- Since h is decreasing in F;, it follows that g (YD, h(F;)) is
decreasing in F; for any fixed Yo

The steady state value of the pair (YO 1) for a fixed F;, must satisfy both
equalities S}, = f(¥,") = Z; (Y. h(F))). 'Since £ is independent of F; and g;
decreases in F;, we have that YO increases in F while §;_ 1 | decreases.

It follows that Ylo_ decreases too. If for j <i —1, Y] 1ncreases, then the total

amount of layer j —1, § ji—1—Y JQ decreases and thus S}_l decreases. On the contrary,

ifY jQ decreases, then the same arguments shows that S}_l increases completing the
proof. O

Proof of Result 5. Let 0,,(F;) denote the maximal response of S} corresponding to
the total amount of phosphatase F;. Similarly, denote by j (F;) the upper bounds
of Result 1. Note that d; is decreasing in f Since S decreases in F;, o, (f,-,l) <
0, (F; 2)if F; il > F,; i 2. The question is whether they can be equal or not.

Fix S! = 0, := 0,(Fi2). Let 5,(S)) = p1 o £,/ (S}) be defined as the positive
root of the polynomial d; (x, £,¥ (S,)). The maximal response 0, = f is given by
the positive value of S! for which f(S!) = p,(S}). Thus, we have

104, Fi2) = py(0n. Fi2), (4.11)

where we add the reference to the total amount of phosphatase. As noted in the
preceding proof, if o, is fixed and F; is increased, then f; is an increasing function.
Similarly, f,' (0,, F;) is increasing too, and since p;(Y}) is decreasing in Yy, the
function p, is decreasing in F;. Note that since d; decreases in F, the argument
applies even if i = 1.

It follows that if F;  satisfies equality (4.11), then the equality cannot be satisfied
by F; 1 # F, and the first part of the result follows.

The same reasoning applies to the maximal response following variation on the
total amount S; at some layeri. By Result 2, Snl increases if S; increases, and thus,
using the corresponding notation, we have 0,,(S;1) < 0,(S;,) if S;1 < S;». It
is easy to see that we can proceed as above to rule out equality. One just have to
observe that if E,- increases, then, for fixed Sn1 = 0,, both fl,ﬁl are decreasing
functions. O
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Chapter 5

Heterogeneous Biological Network Visualization
System: Case Study in Context of Medical
Image Data

Erno Lindfors, Jussi Mattila, Peddinti V. Gopalacharyulu, Antti Pesonen,
Jyrki Lotjonen, and Matej Oresic

Abstract We have developed a system called megNet for integrating and
visualizing heterogeneous biological data in order to enable modeling biological
phenomena using a systems approach. Herein we describe megNet, including
a recently developed user interface for visualizing biological networks in three
dimensions and a web user interface for taking input parameters from the user,
and an in-house text mining system that utilizes an existing knowledge base. We
demonstrate the software with a case study in which we integrate lipidomics data
acquired in-house with interaction data from external databases, and then find
novel interactions that could possibly explain our previous associations between
biological data and medical images. The flexibility of megNet assures that the tool
can be applied in diverse applications, from target discovery in medical applications
to metabolic engineering in industrial biotechnology.
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DAG 1,2-Diacyl-sn-glycerol

DIP Database of interacting proteins
EMBL European molecular biology laboratory
EMPath Enriched molecular path detection

GEO Gene expression omnibus
GO Gene ontology

JDBC Java data base connectivity
JVM Java virtual machine

LysoPC Lysophosphocholine
LysoPE Lysophosphatidylethanolamine

MINT Molecular interaction database
MR Magnetic resonance

NML Sammon’s non-linear mapping
OAT Ontology aided text mining
PC Phosphatidylcholine

PE Phosphatidylethanolamine
SIF Simple identifier format

SM Sphingomyelin

SOAP Simple object access protocol
TAG Triacylglycerol

TEAFS Topological enrichment analysis for functional subnetworks

TransFac  Database of transcription factors
TransPath  Database of signal transduction pathways
UMLS Unified medical language system

XML eXtensible markup language

1 Introduction

We have earlier introduced a software system megNet for integrating and visualizing
heterogeneous biological data, with the aim to address the needs of systems biology,
integrate data from many sources into a single platform, and model it as holistic
biological networks [1, 2]. At the methodological level, this system has addressed
the need of evolving ontologies in biology by allowing the user to define a desired
biological context by assigning weights to the edges, and map the internal distances
of nodes into two dimensions. The prototype of the software is currently installed in
our facility at VIT Technical Research Centre of Finland and it has being used by
VTT’s researchers.

We have recently made several improvements to megNet. Specifically, we have
developed two new interfaces in order to improve the usability: a desktop application
for visualizing networks in three dimensions and a web application for taking input
parameters from the user. This enables several new use cases, for example, text
mining from our databases that can be further included in network construction.
This application is integrated with Cytoscape [3], a popular biological network
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visualization tool. Also, we have developed a text mining system called ontology
aided text (OAT) mining system [4] which creates ontologies for biological entities
by utilizing an existing knowledge base. The content of this system is represented as
an ontological database, and it is integrated as part of our database repository, and
its ontological relationships can be visualized in megNet’s networks. In parallel, we
have recently developed advanced medical image techniques [5] and computational
methods to integrate this data with biological data [6].

Herein we describe a conceptual framework and technical architecture that
reflects the current status of megNet (Sect. 2). Then we show illustrative examples
demonstrating how the biological data from our previous case study [6] can be
visualized in megNet, and how they help us find novel associations with the medical
image data (Sect. 3). In the end, we discuss the significance of megNet and its future
challenges (Sect. 4).

2 Materials and Methods

2.1 Conceptual Framework of megNet

The conceptual framework of megNet is shown in Fig. 5.1. The primary aim of
megNet development has been data integration; there is a huge amount of het-
erogeneous biological data available across diverse databases. This data comprises
mainly publicly available data as well as commercial data repositories. We model
this data as biological networks in which nodes are either low level molecular
entities (e.g., proteins and metabolites) or more complex biological entities and
concepts (e.g., diseases and biological processes), and edges are relationships
between them (e.g., protein—protein interactions, metabolic reactions, signal trans-
ductions, and ontological relationships). We can also extract relationships from
OAT [4] for biological entities based on their occurrences as subjects, predicates,
or objects in sentences extracted from biological articles.

We can enrich contextual information in the network model, for example, by
incorporating gene expression or metabolic profiles that will be manifested as bars
inside nodes or as co-expression edges. In the practical examples of this chapter, the
context is medical images but more broadly the methods are applicable to any other
biological context.

We can access the integrated database repository to construct a complex network
of several interaction types following the network presentation model. We can
restrict the network to a biological context, for example, including only entities that
are involved in a specific biological process. Once the network is constructed, we
can browse it to find novel interactions, for example, between different biological
processes via multiple interaction types. It is becoming increasingly evident that this
kind of cross-talk can lead to new testable hypotheses [7-9].
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Fig. 5.1 Conceptual framework of megNet

In the end, we can map the network into two dimensions to easily visualize
the proximities or similarities among the biological entities in a specific biological
context. Also, we can export the network to other advanced computational tools for
contextual analysis.

2.2 Technical Architecture

megNet is technically implemented as an architecture as shown in Fig. 5.2. Its main
components are database end, middle tier, input client, and network client.

The middle tier includes business logic processing, for example, network
construction and text mining. It is implemented in Java programming level by using
Java virtual machine (JVM) v.1.6.16 (Oracle, Inc.) and we have been running it on
a JBoss application server (JBoss, Inc.), but in general it can be run on any J2EE
application server. It uses Tamino Java application programming interface (API)
and Oracle Java data base connectivity (JDBC) thin drivers to communicate with
the databases, and simple object access protocol (SOAP) messages to communicate
with the network and input clients.

megNet has two main user interfaces: input client and network client. The input
client is implemented as a web application. It takes all input parameters from the
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Fig. 5.2 megNet’s architecture and features

user for business logic. It is implemented by using Google Web Toolkit (http://code.
google.com/intl/fi/webtoolkit/). We have tested that it works in most common web
browsers (e.g., Internet Explorer 8.0.6, Mozilla Firefox 3.5.15).

The network client is a desktop application. Its main task is to visualize networks
and mapping results. It is a stand-alone Windows (Microsoft) application developed
in C# 2.0 by using Microsoft. NET Framework Version 2.0. The three-dimensional
visualization is implemented by using Microsoft’s DirectX 9.0c platform, which al-
lows hardware acceleration of the three-dimensional scenes. In addition, Cytoscape
[3] can be used as an alternative visualization for megNet’s network client.


http://code.google.com/intl/fi/webtoolkit/
http://code.google.com/intl/fi/webtoolkit/
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2.3 Databases

megNet’s database end comprises all databases to be integrated. The content of
these databases is presented in Fig. 5.3. They are physically stored in two databases:

Oracle and Tamino.
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The Oracle database runs on an Oracle 10g database server (Oracle, Inc.) in
which data are stored as relational tables. It comprises the following database:

e Gene expression profiles that are obtained from a public gene expression
repository called gene expression omnibus (GEO) [10].

The Tamino database runs on an eXtensible markup language (XML) data manage-
ment system Tamino XML server (Software AG) in which data are stored in XML
format. It comprises the following databases:

e Metabolic pathway databases: Kyoto encyclopedia of genes and genomes
(KEGG) [11] and genome-scale yeast metabolic models [12, 13].

* Protein—protein interaction databases: Biological general repository for interac-
tion datasets (BioGrid) [14], database of interacting proteins (DIP) [15], MINT
[16], biomolecular interaction network database (BIND) [17].

e Transcriptional regulatory database: database of transcription factors (Trans-
Fac) [18].

e Signal transduction database: database of signal transduction pathways
(TransPath) [19].

¢ Compound databases: PubChem [20] and KEGG compounds [11].

¢ Ontological databases: gene ontology (GO) [21] and OAT [4].

e Sequence databases: universal protein resource (UniProt) [22] and European
molecular biology laboratory (EMBL) [23].

In addition, we have developed a database called “maps” in Tamino. This database
is based on a premise that in each interaction and pathway database proteins are
identified by a unique protein identifier called UniProt identifier [22] and each
experiment in the gene expression database is identified by a unique experiment
identifier. This database comprises XML documents in such a way that in every
document, an experiment or protein identifier is mapped to its metadata (e.g.,
experiment description and protein name). This enables retrieving effectively data
across multiple databases; first we retrieve experiment or protein identifiers for given
metadata, and then we use experiment identifiers to retrieve more specific data on
the experiments (e.g., experiment description, samples taken in the experiment), or
UniProt identifiers [22] to retrieve interactions and reactions in which the proteins
are involved. This database can easily be extended to include similar mappings also
for other types of entity (e.g., for genes and compounds).

Figure 5.3 describes how the “maps” database is populated. The experiment
“maps” are populated by retrieving experiment identifiers and metadata from the
gene expression database. Also, these documents comprise unified medical lan-
guage system (UMLS) annotations [24] that are incorporated by using GENOTEXT
[25], which finds annotations for a part of experiment. We can manually incorporate
UMLS annotations for the rest of experiments. The protein “maps” are populated by
retrieving first UniProt identifiers and most of the metadata from UniProt [22]. Then,
the metadata is augmented by retrieving pathway information from the pathway
databases and GenlInfo identifiers from the BIND database [17].
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Fig. 5.4 Overall user interface of input client. It comprises four panels in which the user can give
input parameters: database and species selection panel (top-left), keyword search panel (top-right),
panel for uploading user’s data, and panel for finalizing network construction (downright)

2.4 Features

In this section, we describe the basic features of megNet. Figure 5.2 describes how
megNet’s components interact with each other and with the user when implementing
these features.

24.1 Text Mining

The purpose of text mining is to help the user find most relevant data from the
massive amount of data that we have in megNet’s databases; this works like Google
in a biological jungle. In the beginning, the user has some biological concept(s)
in mind (e.g., diabetes). She types this concept in the “keyword search” tab of
megNet’s input client (top-right corner of Fig. 5.4). Then the middle tier accesses
the GEO database [10] to retrieve all gene expression datasets of which description
contains the given keyword, and the “maps” database to retrieve all proteins that are
annotated with the given keyword. After that, the input client displays the retrieved
gene expression datasets and proteins, as illustrated in Fig. 5.4. Then the user can
browse the results in order to assess their relevance.
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The gene expression datasets can be of two types: single channel [26] or dual
channel [27] microarrays. The single channel datasets contain log2 ratios between
case and control intensities (e.g., healthy and disease). The dual channel datasets
contain separate values for case and control intensities, so for these datasets we
calculate the log2 ratios by normalizing the case and control intensities. More
precisely, for each case sample, we calculate the log2 ratio of intensity versus the
average intensity of control samples from the same dataset. This enables the user to
use both single and dual channel datasets in identical fashion. From these datasets
the user can create sample groups for the correlation calculation and network
construction. In case of single channel dataset, she has to separately select case
and control samples.

2.4.2 Correlation Calculation

The purpose of correlation calculation is to find strongly associated genes or other
biological entities in a specific context. As described in the “text mining” section,
the user can create sample groups from text mining results. She can select some
of these groups for correlation calculation. Also, she sets a cut-off for correlation
co-efficient meaning that all correlations of which absolute value is less than this
cut-off value will be ignored. Then the middle tier accesses the GEO database [10]
to retrieve gene expression data for the selected samples. Based on this data, the
middle tier first filters out genes that do not have enough variation between case
and control samples by using student’s ¢-test [28]. Then it calculates correlations
between the case samples for remaining genes. In the end, a list of the remaining
gene pairs along with their correlations is displayed in megNet’s input client.

2.4.3 Network Construction

The user can choose from which databases she wants to retrieve data in the “choose
databases” tab of megNet’s input client (top-left corner of Fig. 5.4). In this tab, all
megNet’s databases are listed. Also, in this tab the user can choose in which species
the network will be constructed. After that there are four basic use cases that the
user can use to construct networks. Next we will briefly describe each of them.

e The user can construct a network by giving directly a name or identifier of
biological entities (e.g., endothelial lipase) in the “more parameters” tab of
megNet’s input client (down-right corner of Fig. 5.4). In this case, the middle tier
retrieves all interactions in which the given biological entities participate from
the selected databases. Also, in this tab she can select metabolic pathways. In
this case, the middle tier constructs a network that contains the given metabolic
pathways combined with interactions from other selected databases. Also, in this
tab, the user can give a depth for the network construction. This means how many
nearest neighbors will be retrieved for the given biological entities or pathways.
The default depth is one.
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e The user can construct a network from the text mining results. In the same
way as in the correlation calculation, she can select sample groups for network
construction. Then the genes that are in the selected samples will be enriched in
the network based on their expression in the sample groups. In megNet’s network
client, they are visualized as bars inside a gene node so that one bar corresponds
to one sample group. Also the user can restrict the network construction with
proteins from the text mining results. She can select proteins from the text mining
results. After that, the selected proteins are added in the “more parameters” tab
of megNet’s input client (down-right corner of Fig. 5.4).

e The user can construct a network after performing correlation calculation. After
the correlation calculation, the user has a list of most correlated gene pairs. From
this list, she can optionally select which pairs she want to include in the network
construction. Then the middle tier constructs a network creating co-expression
edges for the selected gene pairs and retrieving interactions from other selected
databases.

* The user can upload his or her data to the network construction in the “upload
data” tab of megNet’s input client (down-left corner of Fig. 5.4). This supports
two different types of data: gene expression data for enzymes describing how
strongly their encoding genes are expressed in given conditions and concen-
tration data for lipid molecular species that are mapped to their generic lipid
names on a specific metabolic pathway by using the biochemical knowledge of
the side chain length and saturation, as described in [29]. Enzymes are enriched
with uploaded gene expression data; in megNet’s network client, one bar inside
a protein node corresponds to expression of its encoding genes in a specific
condition. Compounds are enriched with uploaded lipidomics data; in megNet’s
network client, one bar inside a compound node corresponds to a concentration
of one lipid molecular species.

The user can use these use cases in overlapping manner, which is actually quite
common case. For example, she can first make a text mining search and select
sample groups for network construction. Then she can calculate correlations
between some samples and select some of gene pairs for network construction. Then
she can upload his or her data for network construction. Also, she can give more
input parameters, for example, she may want to restrict the network construction to
a specific metabolic pathway.

2.4.4 Network Visualization

The output of network construction is presented in such formats that the network
can be exported to megNet’s network client or to Cytoscape [3] for visualization.
The megNet network is presented in an XML document for which we have defined
an XML schema. Briefly, this schema comprises a node element for each node
containing its unique identifier and metadata, and an edge element for each edge
containing its identifier, metadata, and the identifiers of connected nodes. The
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Cytoscape network is presented in simple identifier format (SIF). Briefly, this format
is a flat file format in which one row corresponds to one edge; it comprises identifiers
of connected nodes and interaction types. Also, there are separate flat files for edge
and node attributes (e.g., colors and shapes). In megNet’s input client, these outputs
are presented in text boxes, so that the XML document for megNet’s network client
is in one text box, the SIF format for Cytoscape is in another text box, and each
attribute type for Cytoscape is in a separate text box. In order to visualize the
network in Cytoscape or in megNet’s network client, the user should copy-paste
these outputs to text files. And then in megNet’s network client she should import
the XML document. Or in Cytoscape first import the SIF format, and then import
each edge and node type separately.

The idea is that the user can visualize networks in Cytoscape and megNet’s
network client in a complementary manner; in some aspects, megNet’s network
client outweighs Cytoscape and vice versa. Most obviously, in megNet’s network
client, we use third dimension for some features which enables elegant visualization,
whereas Cytoscape is a large open source community effort which enables contin-
uously growing amount of new features augmented with many useful plugins. One
very useful feature that the third dimension brings to the network client is that it is
possible to visualize bars inside nodes. As described in the “Network construction”
section, the user can enrich gene expression data to genes and enzymes, and
lipidomics data to compounds. This data is manifested as bars inside gene, protein,
and compound nodes as illustrated in Fig. 5.5.
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2.4.5 Context-Based Mapping

The purpose of the context based mapping is to enable investigating how the
biological entities are related to each other in a specific biological context. We
have implemented three different mapping methods: Sammon’s non-linear mapping
(NLM) [30], curvilinear component analysis (CCA) [31], and curvilinear distance
analysis (CDA) [32]. We have described these methods in detail in our previous
publication [2]. Briefly, the idea is that we non-linearly map the internal distances of
nodes into two dimensions. All of these methods try to minimize iteratively discrep-
ancy between the original high-dimensional distance space and two-dimensional
mapping space. In NLM, the mapping is calculated based on a steepest gradient
descent, whereas in CCA and CDA it is based on a stochastic gradient descent. In
the network client, the user can assign weights to the edges in an appropriate way.
For example, if she is interested in a specific biological process, she can assign
low weights to edges that are close to the corresponding GO concept node [21].
Then the middle tier initializes the mapping by calculating the internal distances
of nodes based on the assigned weights, and returns an initialized mapping as
two-dimensional coordinates along with the mapping discrepancy to the network
client. The network client visualizes the initialized mapping in the user interface.
After that the user can send an iteration request to the middle tier, and then the
middle tier iterates the mapping, and sends new mapping coordinates along with the
discrepancy to the network client. The user can keep iterating the mapping as long
as she feels that the mapping discrepancy is small enough.

3 Results

In this section, we show how megNet can be used to make novel findings by studying
biological networks in context of medical image data from Lamin A/C mutation
patients. In Sect. 3.1, we describe the biological and medical image data that we
use in this case study. In Sect. 3.2, we show two examples that demonstrate how we
can find associations between biological network and medical images via multilevel
cross-talk. In Sect. 3.3, we perform a context based mapping to show how biological
entities are related to each other in context of medical images.

3.1 Biological and Medical Image Data for Lamin
A/C Case Study

We have previously derived magnetic resonance (MR) image parameters from
Lamin A/C mutation patients [5]. In a follow-up study, we performed lipidomics
analysis in the same patient, and developed a statistical model to find associations
between the lipidomics profiles and medical image parameters [6]. In order to study
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how these associations are manifested in biological networks, in this chapter we use
megNet to construct biological networks in context of the lipidomics profiles.

More specifically, we first mapped lipid molecular species to their generic lipid
names on glycerophospho-, glycero-, and sphingolipid metabolic pathways from
KEGG [11]. Exact mappings are presented in Tables 5.1-5.3. Then we uploaded
this data into megNet’s input client, and chose all other databases in which these
pathways are involved (OAT [4], BioGrid [14], MINT [16], DIP [15], GO [21],
and EMBL [23]) for network construction in human. As a result, we thus obtained
a network in which these pathways are integrated with interactions from these
databases (Fig. 5.6). In this network, there are bars inside compound nodes, so
that one bar represents fold change between concentrations of Lamin A/C mutation
carriers and their non-mutated controls in one lipid molecular species.

3.2  Multilevel Cross-talk Examples

We can see from Fig. 5.6 that interestingly between many metabolic reactions there
is quite dense cross-talk via many interaction levels. An interesting cross-talk exam-
ple is visualized in Fig. 5.7. In this figure, arachidonate 12-lipoxygenase interacts
with two isoforms of phospholipase A2 [33]. One of these isoforms catalyzes a
metabolic reaction in which 7-acyl-sn-glycero-3-phosphocholine is a product, and
the other isoform catalyzes a reaction in which phosphatidylethanolamine (PE)
is a substrate. Many lysophosphocholine lipid molecular species (LysoPCs) are
mapped to the former lipid, and many phosphatidylethanolamine lipid molecular
species (PEs) to the latter one. In our previous case study [6], PEs were correlated
quite strongly with image parameters, whereas there was a LysoPC in which the
correlation was not so obvious. Perhaps the arachidonate 12-lipoxygenase has some
role in these correlations, for example, it may via signaling regulate activities of
the phospholipases. And interestingly there is some evidence that lipoxygenases
have important roles in cardiovascular diseases [34].

Another interesting cross-talk example is visualized in Fig. 5.8. This figure
comprises glycerolipid metabolism in which two isoforms of endothelial lipase
break down /,2-diacyl-sn-glycerol (DAG) and triacylglycerol (TAG) into free fatty
acids. Both of these lipases are involved in cholesterol transport and homeostasis
biological processes. This is interesting since in our previous case study [6]
triglyceride lipid molecular species (TGs) were associated with increased end-
diastolic wall thickness. This may be a sign that cholesterol metabolism is associated
with the increased end-diastolic wall thickness via the TG. Also, interestingly
according to the OAT text mining system [4], the endothelial lipases are associated
with diabetes prevention [35] and maintenance of cell homoeostasis [36] in type
1 diabetes mouse models. This may be a sign that the end-diastolic wall thickness
prevents type 1 diabetes and it may have an important role in the maintenance of
cell homeostasis in diabetes development.
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Table 5.1 Mapping lipid molecular species (the second column) to generic lipids (the first

column) on glycerophospholipid metabolic pathway

C00157 Phosphatidylcholine

C00350 Phosphatidylethanolamine

PC(34:5), PC(36:6), PC(38:7), PC(36:5),
PC(28:0), PC(40:8),

PC(30:1), PC(36:7), PC(36:7),
PC(42:9), PC(32:2) (sodiated),
PC(32:2), PC(38:6) (sodiated),
PC(38:6), PC(36:5), PC(38:8),
PC(40:7), PC(36:4),
PC(36:4)(sodiated), PC(34:3),
PC(sodiated), PC(38:6)(sodiated),
PC(38:6), PC(40:7),

PC(36:6), PC(40:6), PC(36:4),
PC(38:7), PC(38:5), PC(40:8),
PC(34:3), PC(32:1), PC(32:1)
(sodiated), PC(36:3), PC(40:5),
PC(34:2), PC(34:3), PC(36:5),
PC(38:5), PC(40:8), PC(36:3),
PC(36:3) (sodiated), PC(38:7),
PC(40:6), PC(42:9), PC(40:5),
PC(38:4) (sodiated), PC(38:4),
PC(40:8), PC(30:1), PC(42:8),
PC(32:3), PC(38:3) (sodiated),
PC(38:3), PC(38:4) (sodiated),
PC(38:4), PC(34:3), PC(36:4),
GPCho(32:0), PC(34:1),
PC(36:2), PC(36:2) (sodiated),
PC(38:6), PC(40:5), PC(40:7),
PC(34:3), PC(38:3) (sodiated),
PC(38:3), PC(38:6) (sodiated),
PC(38:6), PC(34:2) (sodiated),
PC(34:2), PC(40:7), PC(32:0),
PC(36:1), PC(34:2), PC(38:2)
(sodiated), PC(38:2), PC(40:4),
PC(32:0), PC(34:2),
PC(34:2)(sodiated), PC(36:0),
PC(38:0), PC(34:0)

PE(34:1), PE(34:0), PE(34:0),
PE(36:0), PE(36:1), PE(36:2),
PE(36:3), PE(36:3), PE(36:3),
PE(36:4), PE(36:4), PE(38:0),
PE(38:0), PE(38:1), PE(38:2),
PE(38:3), PE(38:3), PE(38:4),
PE(40:1), PE(40:2), PE(40:3),
PE(40:4), PE(40:5), PE(40:6),
PE(42:1), PE(42:8), PE(42:9),
PE(44:10), PE(46:5), PE(44:11),
PE(44:5), PE(44:7), PE(48:10),
PE(48:8), PE(48:9), PE(48:9)

(continued)
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Table 5.1 (continued)

C00641 1,2-Diacylglycerol

C04230 1-Acyl-sn-glycero-3-phosphocholine

C04233 2-Acyl-sn-glycero-3-phosphocholine

C04438 1-Acyl-sn-glycero-3-phosphoethanolamine

C05973 2-Acyl-sn-glycero-3-phosphoethanolamine

DAG(34:6), DAG(36:2),
DAG(36:7), DAG(40:8)

LysoPC(20:5), LysoPC(16:1),
LysoPC(22:6), LysoPC(16:1),
LysoPC(20:4), LysoPC(18:2),
LysoPC(18:2) (sodiated),
LysoPC(22:6), LysoPC(20:4),
LysoPC(18:2), LysoPC(18:2) (sodiated),
LysoPC(18:3),
LysoPC(16:0), LysoPC(20:3),
LysoPC(16:0), LysoPC(16:0) (sodiated),
LysoPC(18:1),
LysoPC(18:1) (sodiated),
LysoPC(20:3), LysoPC(18:1),
LysoPC(20:4) LysoPC(18:1),
LysoPC(18:0), LysoPC(18:0) (sodiated),
LysoPC(18:0) (sodiated),
LysoPC(18:0), LysoPC(20:1),
LysoPC(18:0)

LysoPC(20:5), LysoPC(16:1),
LysoPC(22:6), LysoPC(16:1),
LysoPC(20:4), LysoPC(18:2),
LysoPC(18:2) (sodiated),
LysoPC(22:6), LysoPC(20:4),
LysoPC(18:2), LysoPC(18:2) (sodiated),
LysoPC(18:3),
LysoPC(16:0), LysoPC(20:3),
LysoPC(16:0), LysoPC(16:0) (sodiated),
LysoPC(18:1),
LysoPC(18:1) (sodiated),
LysoPC(20:3), LysoPC(18:1),
LysoPC(20:4) LysoPC(18:1),
LysoPC(18:0), LysoPC(18:0) (sodiated),
LysoPC(18:0) (sodiated),
LysoPC(18:0), LysoPC(20:1),
LysoPC(18:0)
LysoPE(18:0), LysoPE(18:2),
LysoPE(20:1), LysoPE(22:0),
LysoPE(22:3), LysoPE(22:3)
LysoPE(18:0), LysoPE(18:2),
LysoPE(20:1), LysoPE(22:0),
LysoPE(22:3), LysoPE(22:3)
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molecular species (the second
column) to generic lipids (the
first column) on glycerolipid
metabolic pathway
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C00641 1,2-Diacylglycerol

C00422 Triacylglycerol

DAG(34:6), DAG(36:2),
DAG(36:7), DAG(40:8)

TAG(33:0), TAG(33:0),
TAG(36:0), TAG(38:0),
TAG(40:0), TAG(44:0),
TAG(44:1), TAG(44:2),
TAG(46:0), TAG(46:1),
TAG(46:2), TAG(47:0),
TAG(47:1), TAG(47:2),
TAG(48:0), TAG(48:1),
TAG(48:1), TAG(48:2),
TAG(48:3), TAG(48:4),
TAG(48:4), TAG(48:4),
TAG(48:5), TAG(48:5),
TAG(49:0), TAG(49: 1),
TAG(49:2), TAG(49:3),
TAG(49:4), TAG(49:7),
TAG(49:9), TAG(50:0),
TAG(50:1), TAG(50:2)
TAG(50:3), TAG(50:3),
TAG(50:4), TAG(50:5),
TAG(50:9), TAG(51:1),
TAG(51:2), TAG(51:2),
TAG(51:3) TAG(51:4),
TAG(52:0), TAG(52:1),
TAG(52:2), TAG(52:3),
TAG(52:4), TAG(52:5),
TAG(52:5), TAG(52:6),
TAG(52:6), TAG(52:7),
TAG(53:10), TAG(53:2),
TAG(53:3), TAG(53:4),
TAG(53:4), TAG(53:5),
TAG(53:5), TAG(53:6),
TAG(53:6), TAG(53:7),
TAG(53:8), TAG(54:1),
TAG(54:2), TAG(54:3),
TAG(54:3), TAG(54:4),
TAG(54:4), TAG(54:5),
TAG(54:5), TAG(54:5),
TAG(54:6), TAG(54:6),
TAG(54:7), TAG(54:7),
TAG(54:8), TAG(54:8),
TAG(54:8), TAG(55:3),
TAG(55:4), TAG(55:5),
TAG(55:6), TAG(56:10),

(continued)
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Table 5.2 (continued) TAG(56:2), TAG(56:2),

TAG(56:3), TAG(56:3),
TAG(56:4), TAG(56:4),
TAG(56:4), TAG(56:5),
TAG(56:5), TAG(56:5),
TAG(56:6), TAG(56:6),
TAG(56:6), TAG(56:6),
TAG(56:7), TAG(56:7),
TAG(56:8), TAG(56:8),
TAG(56:9), TAG(57:10),
TAG(57:11), TAG(57:8),
TAG(58:10) TAG(58:13),
TAG(58:3), TAG(58:5),
TAG(58:5), TAG(58:5),
TAG(58:6), TAG(58:6),
TAG(58:8), TAG(58:8),
TAG(58:9), TAG(59:12),
TAG(60:10), TAG(60:11)

3.3 Context Based Mapping Example

In the previous section, we made a tentative observation that cholesterol metabolism
may explain why TGs are associated with increased end-diastolic wall thickness. In
order to gain our understanding of the role of cholesterol metabolism in this context,
we performed a mapping in context of cholesterol metabolism. More specifically,
we assigned low weights (=0.01) to the incident edges of the biological processes
in which the phospholipases were involved in the previous section; cholesterol
homeostasis (GO:0042632), reserve cholesterol transport (GO:0043691), positive
regulation of cholesterol transport (GO:0032376), and we assigned one as weight
to the other edges. Then we performed the CDA mapping [32] using 100 iterations.
In the mapping results, we took a zoom from the neighborhood of TG (Fig. 5.9).
We can see that for example an ethanolamine kinase 1 and a receptor signaling
biological process are in this figure. Maybe this is a sign that there are some
receptor signaling cascades that stimulate the TG to participate in cholesterol
metabolism and in turn associate it with the increased end-diastolic wall thickness.
Also, interestingly these entities are close to a neuron differentiation biological
process, so the stimulating signaling could be neurological. Another interesting
observation is that the regulation of macrophage activation is quite close to the TG.
Interestingly there has been discussion that macrophages may play critical role in
the pathogenesis of type 1 diabetes [37]. Maybe this is related to the observation in
the previous section stating that the end-diastolic wall thickness might prevent type
1 diabetes.
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Table 5.3 Mapping lipid
molecular species (the second
column) to generic lipids (the
first column) on sphingolipid
metabolic pathway
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C00195 N -Acylsphingosine

C00550 Sphingomyelin

Cer(d18:1/22:0),
Cer(d18:1/22:1),
Cer(d18:1/23:0),
Cer(d18:1/24:1)

SM(d18:1/14:0),
SM(d18:1/16:1) (sodiated),
SM(d18:1/16:1),
SM(d18:1/16:1),
SM(d18:1/15:0),
SM(d18:1/17:1),
SM(d18:1/16:0),
SM(d18:1/16:0) (sodiated),
SM(d18:1/18:1) (sodiated),
SM(d18:1/18:1),
SM(d18:0/16:0),
SM(d18:1/18:2),
SM(d18:1/16:0),
SM(d18:1/18:0) (sodiated),
SM(d18:1/18:0),
SM(d18:0/22:5),
SM(d18:0/18:0),
SM(d18:1/18:4),
SM(d18:1/18:0),
SM(d18:1/24:4),
SM(d18:1/18:0),
SM(d18:1/22:5).
SM(d18:1/23:1).
SM(d18:1/21:0),
SM(d18:1/21:0) (sodiated),
SM(d18:1/11:0),
SM(d18:1/22:1),
SM(d18:1/23:3),
SM(d18:1/24:1),
SM(d18:1/24:2),
SM(d18:1/22:0),
SM(d18:1/22:0) (sodiated),
SM(d18:1/21:0),
SM(d18:1/23:1),
SM(d18:1/24:0)
SM(d18:1/25:1),
SM(d18:1/23:0),
SM(d18:1/23:1)




5 Heterogeneous Biological Network Visualization System... 113

Fig. 5.6 Lipid molecular species metabolic pathway network integrated with other types of
interactions. The dark edges represent metabolic pathways. The light edges represent other types
of interactions that make cross-talk between metabolic reactions

4 Discussion

In this chapter, we described our system for integrating and visualizing heteroge-
neous biological data reflecting to its current status. We showed its practical utility
in the context of medical images. We first integrated lipidomics data from our
laboratory into a biological network constructed from many data sources, including
relationships from our own text mining system. From this network, we showed
two interesting examples in which cross-talk via multi-level interaction types could
explain associations between lipidomics and medical image data. Also, we showed
a context based mapping example in which we studied how biological entities are
related to each other in medical context leading to interesting observations. We
believe these examples show that our system has potentiality for making novel
medical findings in biological network level, though it is good to keep in mind that
the findings made in this chapter are very preliminary and they naturally require
more validation.

In parallel, we have developed a fingerprint analysis tool [5] that finds statistical
differences between two patients groups (e.g., disease versus healthy) in MR image
and biological measurements (i.e., gene expression or metabolic profiles). Currently
this tool is implemented as a separate web application, so it is not directly integrated
with megNet. However, the user can handle data in integrative manner, since some
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Fig. 5.7 Cross-talk between metabolic reactions. The dark lines represent metabolic connection
between metabolites and enzymes. The light lines represent protein—protein interactions. In
brackets there are unique identifiers of biological entities; KEGG compound identifiers [11] for
metabolites, and UniProt identifiers [22] and EC (Enzyme Commission) numbers (http://www.
chem.qmul.ac.uk/iubmb/enzyme/) for proteins

gene expression profiles and images are annotated with common identifiers called
unified medical language system (UMLS) annotations [24]. Also, she can integrate
non-annotated data in a heuristic way by using the keyword search in megNet’s
input client. Also, in the future we may enhance the integration, for example, by
creating hyperlinks between megNet’s input client and the fingerprint analysis tool.

In addition, megNet is scalable and may incorporate new databases. For example,
we have incorporated metabolic profiles from our laboratory into databases, and we
have large clinical phenotype data repositories, for example, from cardiovascular
diseases, diabetes, and nutritional intervention studies. Our plan is to create a model
that enables using this data as part of megNet.

At the moment, megNet is not publicly available, since Tamino’s and Oracle’s
database licenses that we have do not allow unlimited number of users. However,
we are considering making parts of megNet publicly available. For example,
network construction and mapping methods from megNet’s middle tier could be
implemented as an open source Cytoscape plugin, so they would be freely available
for the systems biology community.
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Fig. 5.8 Cross-talk between endothelial lipases. The light edges are metabolic reactions that the
endothelial lipases catalyze. The dark edges are OAT text mining associations and GO biological
process relationships. The light edges are GO biological relationships [21] and OAT text mining
associations [4]. In brackets there are unique identifiers of biological entities; GO terms for GO
concepts [21], KEGG compound identifiers [11] for metabolites, and UniProt identifiers [22] and
EC numbers (http://www.chem.qmul.ac.uk/iubmb/enzyme/) for proteins

The researchers have used megNet as part of practical biological applications.
As a drug target discovery example, megNet was used to construct an integrated
metabolic, protein—protein interaction and signal transduction network in non-obese
diabetic mouse [38]. Then, the enriched molecular path detection method (EMPath)
was used to detect type 1 diabetes specific paths in this network. The results were
very interesting in terms of medical biology; ether phospholipid biosynthesis was
down-regulated in pre-state of type 1 diabetes, which was consistent with recent
findings in clinical level. As an industrial biotechnology example, megNet was
applied in a case study in which dynamical topology of modules was studied
in an integrated yeast network [39]. MegNet was first applied to construct an
integrated metabolic, protein—protein interaction and transcriptional regulatory
network in yeast. Then, the topological enrichment analysis of function subnetworks
(TEAFS) method was used to rank modules of the integrated network based on
their topological measures under time course of a gene expression dataset from
oxidative stress. The modules related to the biosynthesis of toxic lipids were found
to be modulated during this time course. These results were further validated by
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Fig. 5.9 Mapping results in context of cholesterol metabolism. A zoom from the neighborhood of
triacylglycerol

metabolomic analysis by showing that the toxic lipids were accumulated during the
time course. These examples indicate that megNet has potential to be used in diverse
types of biological applications.
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Chapter 6
Evolution of the Cognitive Proteome:
From Static to Dynamic Network Models

J. Douglas Armstrong and Oksana Sorokina

Abstract Integrative analysis of the neuronal synapse proteome has uncovered an
evolutionarily conserved signalling complex that underpins the cognitive capabil-
ities of the brain. Highly dynamic, cell type specific and intricately regulated, the
synaptic proteome presents many challenges to systems biology approaches, yet this
is likely to be the best route to unlock a new generation of neuroscience research and
CNS drug development that society so urgently demands. Most systems biology
approaches today have focussed on exploiting protein—protein interaction data to
their fullest extent within static interaction models. These have revealed structure—
function relationships within the protein network, uncovered new candidate genes
for genetic studies and drug research and development and finally provided a means
to study the evolution of the system. The rapid maturation of medium and high-
throughput biochemical technologies means that dissecting the synapse proteome’s
dynamic complexity is fast becoming a reality. Here we look at these new challenges
and explore rule-based modelling as a basis for a new generation of synaptic models.

1 Introduction

Brains vary widely in their complexity from the simplest of organisms having a
few hundreds or thousands of interconnected cells to the massively complex human
brain with an estimated 10'> neurons with some 10'> connections between them
[30]. Systems analysis of brains requires researchers to consider the biology at
many different levels from molecular signalling complexes through to the networks
of neuronal connections both within the brain and beyond with external sensory

J.D. Armstrong (P<)) » O. Sorokina
School of Informatics, University of Edinburgh, Edinburgh, UK
e-mail: douglas.armstrong@ed.ac.uk; oksana.sorokina@ed.ac.uk

LI Goryanin and A.B. Goryachev (eds.), Advances in Systems Biology, 119
Advances in Experimental Medicine and Biology 736,
DOI 10.1007/978-1-4419-7210-1_6, © Springer Science+Business Media, LLC 2012



120 J.D. Armstrong and O. Sorokina

Behaviour

Brain

‘Synapse

Molecular

Fig. 6.1 Multiple levels of complexity in the nervous system. Systems biology has to handle
multiple levels (left) of spatio-temporal complexity in the nervous system from molecular to
behaviour. While we focus on the molecular events at the post-synaptic density, we must always
bear in mind the other molecular signalling events pre-synaptically in the adjoining neurons and
elsewhere in the cell (right). Right panel image: “synaptic junction” is reproduced with kind
permission of Gary Carlson at gcarlson.com

and motor systems. Ultimately, a systems level approach needs to consider the
phenotype, or behaviour, of the animal, which in many cases occurs within a social
context (Fig. 6.1).

Although all these levels of organisation have a major role in brain function, it is
the molecular level at which there is the closest correlation to health. Both genetic
evidence and pharmacological basis of existing treatments provide strong evidence
for a general molecular basis for almost all human neurological disorders (although
environmental factors are also extremely important). However, the vast majority of
human brain disorders are very complex and the genetic association data points to
multiple molecular targets and pathways in most disorders [20]. This is backed up by
evidence that many of the most effective CNS drugs are actually fairly promiscuous
in their target specificity [3]. The scale of this problem cannot be underestimated:
take for example neurodegenerative diseases [54]. These disorders are seriously
disabling, chronic conditions that devastate individuals, their families and have
become an ever increasing burden on all societies. Combined neurological disorders
have accounted for the largest single cost of healthcare budgets in the developed
world for many years. When combined with secondary care costs, the burden to
the EU alone soared to an astronomical €160 billion in 2008 and is estimated in
excess of $600 billion globally per year. For many neurodegenerative diseases, the
molecular complexity is a problem but it is often regarded as manageable with small
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numbers of important, interacting proteins implicated in the disease mechanism
[34]. However for psychiatric disorders, which affect a significant proportion of the
population at some point during their lives, the molecular complexity is much higher
and gaining statistically significant genetic associations has required the largest of
studies [39]. Better understanding of the molecular mechanisms underpinning these
diseases is vital for the development of new treatments that are so urgently needed.

This presents a huge challenge to modern drug discovery, which is aimed at
the identification of validated targets upon which drug screening and design can
be based. How can we resolve disease mechanisms in such complex diseases?
Moreover, the very cell type we often need to target is in itself complex. Neurons
feature many connected compartments, each with their own proteome and often
also with their own translational machinery. Molecular systems biology approaches
provide the route, by which these diverse molecular targets and pathways can be
resolved into complex models [24]. Those models firstly capture the biology and can
then be used to make predictions that can help inform disease research, diagnoses
and onwards to drug discovery. Ultimately, we need to integrate molecular systems
models at neuronal synapses with cellular level models [47], through networks and
into brain function and disorder. Here we discuss progress towards the molecular
models of neuronal synapses with consideration of their evolutionary history, their
link to cognition in healthy individuals and their role in disease. Critically, we
examine where current models and methodologies have taken us, what we have
learned, what their limitations are and finally present a new modelling framework
that may help resolve some of the important issues with current methods.

2 Models of the Synaptic Proteome

Models of the synaptic proteome have largely been developed from proteomic
analysis of neural tissue with a focus on either the pre-synaptic machinery [7,37]
or the post-synaptic density (PSD) [10, 28]. These studies have used a variety of
fractionation or immunoprecipitation-based approaches to isolate protein complexes
from brain tissue samples that are enriched for either pre- or post-synaptic proteins
or alternatively proteins closely linked with one or more key molecular baits.
Large-scale fractionation experiments are generally based on separating out the
synapses (synaptosomes) using careful centrifugation in a density gradient. This
approach has been particularly useful in obtaining a holistic view of what proteins
are found at the synapse with successful studies in both rodent [10,28] and human
[2] brain samples. Pleasingly, the total number of proteins reported by these studies
appears to be slowing. Initially there was very little overlap between these studies
(approximately 35% reported by a comparison analysis performed by Collins et al.
[10]). While the number has increased dramatically in recent studies (mostly due
to increased sensitivity in mass spectrometry approaches), the overlap between
parallel studies has started to increase significantly. When combined and taking
into consideration the convergence of overlap, there is already evidence for some
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3,000 proteins at the synapse with a probable total in the vicinity of 4,000 or
so [6,10,41,51,52]. While these studies are based on mass spectroscopy-based
evidence from peptide fragments, the signatures obtained are mapped onto gene
models and so the numbers found in existing studies do not reflect any additional
complexity that may be provided by alternative transcripts.

While the purification and cell specificity are quite crude and there are clearly
technical issues with trying to identify low abundance proteins, these studies do
provide a useful initial parts list. Connecting these lists together to form the first
networks can be performed using a variety of approaches. In early modelling studies
[43], the quality of the pioneering yeast-2-hybrid interaction studies was felt to be
questionable and so literature-based approaches were adopted that used initial high-
throughput text mining to identify candidate publications that described protein—
protein interaction studies. These initial hits were then manually curated to ensure
the biochemistry evidence was robust and that the gene synonyms did indeed refer to
proteins of interest. In more recent studies [16], on-line protein—protein interaction
databases were more heavily used, but they still retained the manual curation step,
although more as a validation exercise. While the bulk of interactions in on-line
databases are now of high quality, there remain a small number of examples where
the evidence for interactions is very indirect, often based on co-expression of mRNA
that has leaked into the protein—protein interaction datasets.

Increasingly, high-throughput protein—protein interaction screening technologies
are getting more repeatable. Modern approaches feature extra, more accurate
controls to help minimize false-positives [42] and there are now related assays
in place that work much better with proteins that are, for example, membrane
associated [29]. As a result high-throughput screens are rapidly becoming more
comprehensive in their coverage, and use of these data to construct interaction
models is much more routine. An important advance is the improvement in data
provenance where it is now much easier to check exactly which sequence was used
to generate the interaction data point compared to the manual and often frustrating
process of digging through interactions in the literature where the quality of the
materials and methods section varies widely [22].

While synaptosome level proteomics provides us with a useful global framework
for developing synapse-signalling models, the majority of studies focus in on
specific identified complexes, which can be purified in a number of ways. The
most commonly used approach exploits naturally occurring antigens in the complex.
Proteins are carefully extracted from brain tissue samples (it should be recognized
that extracting membrane-associated protein complexes is a very specialist area) and
then complexes are pulled down using antibodies attached to beads or columns. The
samples are then washed and then finally the complex eluted for analysis. Affinity
to synthetic peptides has also been used extensively to purify NMDA/glutamate
receptors [28]. The principle here is that the C-terminal hexapeptide of the NR2B
(Grin2B) subunit of the NMDA receptor is the key part of the protein that interacts
with its major scaffolding protein PSD-95. Thus, the hexapeptide can be used to
pull down PSD-95 and its interactors. Pioneered in the rodent brain, it as now
also been applied to Drosophila brain tissues providing the first direct evolutionary
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comparison of the synaptic proteome [15]. Finally, there is a clear move towards
the use of transgenically inserted antigens that can function as highly effective
affinity tags. These are often combined with expression level markers and can be
inserted as synthetic, over expression constructs or alternatively inserted into the
endogenous gene, thus, retaining (as closely as possibly) the natural spatiotemporal
control of expression. The system (known as tap-tag) in mice has been used to
dissect protein complexes associated with PSD-95 in the brain [16] and provided
a useful counterpoint to the hexapeptide studies [28]. In Drosophila, the approach
taken to date has been (rather typically for the field) more stochastic with the use
of a randomly inserting mobile protein-traps that splice into the mRNA transcript
both expression markers (GFP variants) as well as high-affinity epitope tags (e.g.
STREP and Flag). Many proteins have been tagged this manner with expression
in various tissues covered [27,44], including a specific screen for brain expression
patterns [32].

As mentioned above, comparable proteomic techniques have now been applied
to brains of multiple species, providing a window on the evolutionary origins of
synapses. There are two basic methods for evolutionary comparison, computational
and proteomic. Both approaches were employed by Emes et al. [15] who used
the rodent (mouse) post-synaptic density as a base for comparative bioinformatics.
This computational approach suggested that all vertebrate genomes had more or
less the full complement of genes to support a similar synaptic proteome whereas
invertebrate genomes could only account for roughly 50% of the molecular diversity.
They hypothesized that the synaptic complexity in the smaller invertebrate brain
was simpler. Further, some 20-25% of the complement of proteins required had
orthologues in unicellular organisms (that have no nervous systems), suggesting
neuronal signalling complexes evolved from cell surface receptors found in primi-
tive unicellular ancestors. Down lineages with nervous systems, gene duplication
would appear to account the increased molecular complexity and this is biased
towards the receptor and scaffold proteins, which show the largest increase in
numbers. The null hypothesis for the invertebrate brain is that their synapses are
actually equally complex but use a different complement of proteins that would,
therefore, be missed by an entirely one-sided bioinformatics approach. Emes et al.
[15] then tested this hypothesis by performing proteomics analysis in an invertebrate
brain (Drosophila) and confirmed that the synaptic complexity was indeed reduced
(by around 50%) in comparison with the mouse studies.

The reduced molecular diversity observed in the smaller invertebrate brain in
comparison with the larger vertebrate brain with increased molecular complexity is
an appealing story. However, as is often the case, it is much more complex when
one examines the evidence in more detail. Core to the complex (at least in rodents)
is the interaction between the NMDA receptor and the four membrane associated
guanylate kinase (MAGUK) proteins. Invertebrates have a single orthologue for
these four proteins and this can be presented a typical example of where gene family
expansion accounts for much of the increased molecular diversity observed in the
rodent synapse relative to the fly (i.e. 4x complexity in the mammal). Yet looking
at the gene models for these proteins, one finds that the single Drosophila gene
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(Dlg) is understood to give rise to at least 15 known polypeptides [25]. Combined,
the four mammalian genes account for up to 26 potential transcripts substantially
reducing the gap in complexity when one converts the gene models into potential
proteins [26]. The potential for next generation sequencing to dissect gene models is
particularly exciting and in a few years we can expect a much clearer picture about
the structure and spatiotemporal expression of splice variants in the brain [21].

Current datasets from proteomics studies do not routinely provide clear in-
dications of exactly which of the potential protein variants are present in any
specific sample. These data will become more readily available as the proteomic
technologies advance. Thus, neither the current models of the PSD nor the wet-
lab approaches capture this issue satisfactorily at present. We need to develop both
to fully understand what the real molecular differences are between these vastly
different brains.

3 Capturing Dynamic Complexity

The brain and its underpinning neuronal and molecular structures are highly
dynamic (plastic) in nature and this feature is vital to its function — the site where
information is processed, dissected and stored away for the purpose of modulating
the behaviour of the animal. Computational neuroscience, which looks at modelling
neuronal processes at the cellular level has a long and distinguished history
and is now well-established as a strong complementary partner to experimental
neuroscience methods [8]. At this level, the dynamics of information flow and
modulation are modelled carefully, compared to physiological recordings and used
to generate new hypotheses and inform experimental studies as well as a framework
for capturing domain understanding [14]. However, little of this has, to date,
extended much below the cellular compartment level with models of receptor
effects on ion conductance, etc. largely dissociated from the underlying molecular
machinery [19].

One thing we certainly do know about molecular complexes at the synapse
is that they are not static. Therefore, an obvious question emerges — what is the
point in producing static models of an inherently dynamic structure? Obviously, it
has actually already proven itself as a useful framework for inferring the function
of less well-annotated genes (guilt by association) and in proposing new targets
for biological analysis [17]. However, it is clear that to gain a more realistic
understanding of how the synapse proteome works and how its dynamics are
involved in cognitive processes (and disorders), at some point one must consider
its dynamics, how it interacts with the rest of the cellular environment and how
information flow (activity) affects its structure and subsequent responses.

What dynamics do we actually have to consider? Perhaps the simplest dynamic
consideration is that most current proteomic methods provide an average peptide
list gathered from many different cell types. In any single cell (or synapse), we
expect that only a subset of the possible molecules is present. It has already been
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shown that the expression of many molecules, typically of more recent evolutionary
origin and most closely related to receptor specificity, shows the highest variability
of expression with brain region [15]. Knowles-Barley et al. [32] also demonstrated
that in certain cases proteins that can be found in synaptic proteomes and are known
to interact biochemically in other tissues are not actually co-expressed in neurons.

Through increasing sensitivity in mass spec machines, the availability of better,
high-resolution co-localized expression data and combined with mRNA expression
information from identified neurons, we are rapidly approaching the time when
we can start to dissect the global protein interaction framework by cell types. The
potential for new insights through integration of proteomics with differential mRNA
expression was demonstrated in mechanistic models of Alzheimer’s that combined
both [40]. Clearly these are important differences and the presence/absence of
molecules in different neurons will have large impacts on the functional pathways
each synapse can support. Binary presence or absence can actually be handled
in the static networks but this does not capture the whole story. The relative
abundance of these proteins is not binary rather on a wide spectrum and with new
quantitative proteomics tools rapidly developing, the first datasets are starting to
emerge. The combined use of several methods, namely, the electron microscopy
with quantitative immunoblotting [5], quantitative MS [6] and green fluorescent
protein (GFP)-based quantitative fluorescence calibration [50] uncovered quanti-
tative information on the stoichiometric ratio of the main proteins that comprise the
PSD [48].

Beyond quantitative proteomics, there are also complex regulatory mechanisms
at play that are currently not well-served by existing protein interaction model
approaches. Important examples include phosphodynamics, which regulates protein
activity, protein binding and potentially cleavage sites within the complex as a
whole. Local translation and RNA binding proteins are located at the synapse
[36,53] and can induce novel protein production at the synapse independently of the
nucleus. Finally, there is of course the pattern of synapse—nucleus communication,
with synapse level events known to regulate nucleus level transcription (and one
would assume splicing) [9].

In the early days of protein interaction modelling in neuroscience, it was fairly
obvious that these limiting factors would emerge but there were simply too few data
to constrain models with too few practical methods to test any model generated in a
realistic timeframe. Some notable exceptions do exist with high-quality dynamic
models of some signalling pathways that are used widely by biological cells
(not neuronal specific) and where extensive data and validation are more feasible
(e.g. MAP kinase pathway models [31, 45]). However, with rapidly maturing
technologies enabling data capture at all these levels (SILAC, Y2H, Y3H, etc.)
[46,56,57], in the imminent future, we clearly need to move towards a modelling
framework that is fit for purpose. We need to balance flexibility and descriptive
power with combinatorial complexity, especially since in the first instance many
parameters will need to be estimated or sampled. In fact, given the scale of the
problem, models may be able to highlight the most important parameters for initial
wet-lab measurement or validation.
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4 Rule-based Modelling

With these challenges in mind, we surveyed a range of modelling frameworks
used in system biology. The correct balance of computational tractability with
increased descriptive power for our purposes appears to be well-met by a relatively
recent modelling approach known as rule-based modelling (in this instance the
kappa framework) [11, 12, 23, 33]. This provides a relatively simple syntax to
describe protein interactions and their properties and dependencies. Each model
component can be formalized as an agent, with binding sites (binding domains
and motifs), which in turn are subjected to modifications/states (phosphorylation,
ubiquitination, etc.) [33]. Each protein—protein interaction can be formalized as a
rule, which includes only the information that is relevant for the given interaction
(particular domain in particular state) and omits all the irrelevant information (other
domains and states) (Fig. 6.2). In other words, it can capture not only the binary
interaction logic but also the new parameters we need to include such as binding site
data, affinities, effect of post-translational modification (e.g. phosphorylation state),
competitive binding and protein concentrations. Notably, the design of these rule-
based approaches acknowledges computational complexity and allows for generic
rules to be defined that encompass a class of interactions rather than forcing every
one to be treated (and computationally optimized) independently.

In the past five years, several methodologies for rule-based modelling have
been developed: StochSim, MCell, Smoldyn and ChemCell, BioNetGen (BNGL)
and kappa language [1, 11, 18,23, 38]. Each language implements its own specific
spectrum of features based on practically the same principles. The rule-based
approach was successfully implemented in the set of receptor signalling models,
each designed with different rule-based techniques. This includes Tar-receptor—
mediated hemotaxis, FceRI- and TCR (T-cell receptor)-mediated responses in
immunoreactivity, GPCR (G-protein coupled receptors)-signalling and many others
[4,23,35,55]. The main advantage of all rule-based techniques is that the calculation
efficiency does not depend upon the size of the network implied by the set of
rules. That makes possible simulating the formation of the multi-subunit signalling
complex simultaneously with the receptor-mediated phosphorylation dynamics.

Most previous examples of rule-based models were applied to dynamic mod-
elling of specific signalling cascades. However, kappa formalism was used already
for theoretical analysis of “liquidity” of the protein agglomerate at equilibrium
[13]. Following this approach, we took the first steps towards quantitative model
development by examining the steady states that are reachable by the system rather
than on the detailed dynamics of transition processes. The analysis of the topological
properties of final complex is, therefore, a natural and step-wise extension of the
topology analysis of original PPI network models but which now considers protein
abundance and interaction affinities.

The modelling framework is still inherently graph based (Fig. 6.3) and, therefore,
we can use pre-existing interaction data and visualization methods to jump-start the
activity. With the addition of known or estimated parameters, rule-based systems
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Fig. 6.2 Rule examples with different levels of contextualization. Depending on reaction knowl-
edge and modelling purpose, the binding could be modelled as unconditional (a) or depending
on specific conditions (b and ¢). Rule A: PSD95(NH2), PSD95(NH2) — PSD95(NH2!0)PSD95
(NH2!0). This is the most basic type of the rule, used most often in the model. Two molecules
of PSD95 make a dimer irrespective of the states of any other domains of PSD95. Therefore, this
rule covers all the possibilities, including the more specific cases B and C. Rule B: PSD95(NH2,
PDZ1!.), PSD95(NH2, PDZ2!_)— PSD95(NH2!0, PDZ!_), PSD95 (NH2!0, PDZ2!.). This rule
adds constrains: PSD95 molecules have to be bound through their PDZ1/PDZ2 domains to bind
each other. !_ means that the identity of the binding partner is not specified. Rule C: PSD95(NH2,
PDZ1!0), NR2(c!0), PSD95(NH2, PDZ2!1), NOS(PDZ!1) — PSD95(NH2!2, PDZ!0), NR2(c!0),
PSD95(NH2!2, PDZ2!1), NOS(PDZ!1). This example contains the most specific constrains: only
those molecules of PSD95 can bind each other that are already bound through their PDZ1/PDZ2
domains to C-terminus of NR2 receptor molecule and PDZ domain of NOS

can then be simulated using either deterministic (ODE) or, more often, stochastic
methods. That approach allows us to test parameter ranges and the effects these have
on models that can be supported. We can also extend this and perform sensitivity
analysis on individual parameters to measure how influential each is on the global
network architecture.
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Fig. 6.3 Panel a shows a typical static PPI network model where each molecular species is
represented a single time and is fully connected with its interaction partners. This specific example
is a simplified interaction network containing the core molecules of the NMDA receptor in the post-
synaptic density. Panel b shows the result of a rule-based model simulation of the same network
in Panel a. In this example, the PDZ-domain containing scaffold proteins are black, the receptor
molecules are in white and all other molecule types are in grey
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5 A Kappa Model of the Post-synaptic Density

As a proof of concept, we recently engineered a kappa model of a core set of
proteins from the PSD (Fig. 6.3, for details, see [49]). In summary, we selected
54 key proteins isolated in a range of proteomic studies of the PSD and for
which we have at least a general understanding of the role they are likely to
play in synaptic mechanics. These include key classes of molecule from the cell
membrane receptors through scaffolding proteins, in particular, the MAGUKs,
GTPases, kinases, phosphatases and structural proteins.

The 54 proteins in the model would require ~150 reversible rules (e.g. Fig. 6.2)
to describe their interactions with a total of ~300 parameters that require definition.
However, taking into account that although functionally different, proteins of PSD
are generally enriched with several classes of domain, which comprise comple-
mentary interaction pairs, the multiple interactions within PSD could be divided
into subclasses according to this feature. Rule decontextualisation, then, allows us
to generalize the interaction logic, so that we can define a single parameter for
entire subclass of domain interactions within the complex, such as the common
interactions between PDZ domains of the MAGUKSs and the C-terminal domains
of the NMDA receptor 2b subunit. Therefore, the number of parameters could
be substantially reduced (to 84 rate constants in the case of our model). The
model comprises association and dissociation rules for 54 agents (domain—domain
interactions), drawn from the literature.

‘DLG_GKAP'DLG(GK), GKAP(GKBD) —DLG(GK1!1),
GKAP(GKBD!1) @k20 (6.1)
‘DLG_GKAP_diss'DLG(GK!1), GKAP(GKBD!1) —DLG(GK),
GKAP(GKBD)@k_20 (6.2)

The example rule above, in kappa syntax rules, describes the reactions for
association (6.1) and dissociation (6.2) for members of MAGUKS/DLG family of
proteins with their interactor GKAP. Here, the association and dissociation happen
via GK (guanylate kinase) and GKBD (guanylate kinase binding domain) domains,
where the rate of forward reaction is k20 and the rate of backward reaction is
k_20. In accordance with above, the pair of constants k20/k_20 could be substituted
not only for all 4 PSD-95 family members but also for other model agents that
carry GK domain. Therefore, list of rules formulated for specific subclasses of
domain—domain interactions could be easily applied to any other protein—protein
interaction network, which is based on the same principle domain association. The
rule could include more or less context, depending on our knowledge of protein—
protein interaction and type of the model (Fig. 6.3).

Stochastic simulation then gives an indication of the capacity of the model PSD
to generate complexes of different size and composition when system attains the
steady state (Fig. 6.3). The stability of these complexes is directly influenced by
the parameter values, e.g. by dissociation constant (K4), and we can examine these
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effects. The numerical analysis of the relative steady state distribution of protein
complexes and their sizes allows comparison of the molecular structure of the PSD
model under different perturbations. Importantly, we can vary protein stoichiometry
and obtain different compositions of protein agglomerations. For example, we can
now easily simulate a knockout phenotype for each model element and look how
this affects the structure and the size of the protein complexes in the equilibrium.
The example of PSD95 mutant presented in [49] shows that changing the initial
concentration of PSD95 from 300 copies to O significantly reduces the size of
the average complex (from 300 molecules to 80) in the relative steady state and
decreases the number of protein types in the average complex from 40 to 15. This
kind of analysis gives new insights for future linking of physiological phenomena
to underlying molecular restructuring mechanisms.

For any first model of this sort, we actually have access to very few laboratory
verified parameters. Therefore, we can provide biologically relevant constraints to
the model and use quasi-random sampling methods to pinpoint parameter values
that tend to satisfy these constrains. We can further use sensitivity testing to rank
order the influence each parameter has over the global architecture. For this first
PSD model, we looked for parameter sets that produced diverse complexes with
molecular weight ranges tending towards the known size of the rodent post-synaptic
density [48].

The first (proof of concept) model does not include protein/domain cooperatively
effects and only minimally touches upon the dynamic signalling connected with
post-translational modifications. However, it has enough predictable power for
interrogating the effects of different perturbations, such as change of protein
concentration (mutants) and domain availability and affinity (introducing of splice
variants and drugs), on the structural properties of the system.

6 Conclusions

“Each generation imagines itself to be more intelligent that the one that went before
it, and wiser than the one that comes after it.” George Orwell.

In some respects, this captures the nature of the research we are faced with.
As our understanding of the synaptic proteome grows, we require more complex
methods to faithfully reproduce the biology within. We are clearly entering a
step-change both in terms of biochemical analysis and model complexity for the
synaptic proteome. We do not claim that the rule-based modelling approach we
described here will be the ideal solution, rather that it is an evolutionary step and
allows us to address the next generation of research questions as new technological
developments permit. Specifically it balances the paucity of biochemical detail with
the need to capture some dynamic information in larger, more complex interaction
networks. We have already found it to be useful for simulating the stoichiometry
in the complex in both natural and in mutated states, data that is already starting to
become available from more quantitative proteomic studies. Further, it provides a
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set of tools that allow us to extend into the analysis of interaction logic covering
post-translational modifications including phosphodynamics, ubiquitination and
competitive binding. In other words, as our understanding of the evolution of the
molecular complex that underpins cognition is growing, the modelling frameworks
we need to explore and describe these complexes also have to evolve.
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Chapter 7
Molecular Systems Biology of Sicl in Yeast Cell
Cycle Regulation Through Multiscale Modeling

Matteo Barberis

Abstract Cell cycle control is highly regulated to guarantee the precise timing of
events essential for cell growth, i.e., DNA replication onset and cell division. Failure
of this control plays a role in cancer and molecules called cyclin-dependent kinase
(Cdk) inhibitors (Ckis) exploit a critical function in cell cycle timing. Here we
present a multiscale modeling where experimental and computational studies have
been employed to investigate structure, function and temporal dynamics of the Cki
Sicl that regulates cell cycle progression in Saccharomyces cerevisiae. Structural
analyses reveal molecular details of the interaction between Sicl and Cdk/cyclin
complexes, and biochemical investigation reveals Sicl function in analogy to its
human counterpart p27%iP!| whose deregulation leads to failure in timing of kinase
activation and, therefore, to cancer. Following these findings, a bottom-up systems
biology approach has been developed to characterize modular networks addressing
Sicl regulatory function. Through complementary experimentation and modeling,
we suggest a mechanism that underlies Sicl function in controlling temporal waves
of cyclins to ensure correct timing of the phase-specific Cdk activities.
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IDP: Intrinsically disordered protein
FRET: Forster resonance energy transfer
FLIM: Fluorescence lifetime imaging microscopy

1 Timing in Cell Cycle Regulation

Cell cycle regulation is governed by sequential activation of a family of serine—
threonine cyclin-dependent kinases (Cdks), whose activities rise and fall are being
controlled by a complex regulatory network. Since timely regulation of Cdk/cyclin
complexes is critical for proper completion of cell cycle phases, multiple signals
have to be integrated to control their activity. Besides cyclin accumulation, local-
ization, and phosphorylation/dephosphorylation [1, 2], Cdk regulation is mediated
by cyclin-dependent kinase inhibitors (Ckis), which ensure the correct timing of
its activation in different cell cycle phases [3]. Cki inhibitors have been proposed to
define thresholds for Cdk/cyclin activity by setting levels that Cdk/cyclin complexes
must exceed to become active [4]. Accordingly, cell cycle progression or arrest
would depend on relative concentration of inhibitors and cyclins: a decrease
in Cdk/cyclin components or an increase in inhibitor levels would prevent the
accumulation of inhibitor-free Cdk/cyclin complexes, therefore inhibiting cell cycle
progression. The Cki p27XiP! of the Kip/Cip family is a key protein establishing
the threshold that Cdk/cyclin complexes must overcome in order to progress into
S phase in mammalian cells [4, 5]. The amount of p27XP! is rate limiting for cell
cycle progression and alters the balance between proliferation or arrest. In fact, its
misregulation is found in various cancer types [6—11] due to an abnormal activation
of Cdk/cyclin inhibited by p27XP!. Reduction of p27XiP! activity increases the
proliferation rate in tumor cells [12], and desensitizes cells to antimitogenic signals,
thus preventing their apoptosis [13]. Yet, the molecular context in which Cki
inhibitors activate and regulate cell cycle progression is not fully understood. More
specifically, it is of relevant interest to investigate the molecular mechanisms that
lead to deregulation of Ckis like p27XP! — and therefore to the failure in precise
timing of kinase activation — in several tumors including breast, colon, prostate,
lung, esophageal, and gastric cancers [8,9, 14].

1.1 Failure of Cki Control and Cancer Development

p27%P! functions throughout all cell cycle phases by interacting with different
Cdk/cyclin complexes. It has a crucial role at the G1/S transition by interacting
with and inhibiting Cdk2/cyclin E and Cdk2/cyclin A activities, thus blocking
cell cycle progression. High protein levels lead to cell cycle arrest in G1 phase
[15, 16], whereas cell cycle re-enter requires p27XP! downregulation, resulting in
Cdk activation [17]. p27%P! binds also to Cdk4,6/cyclin D, being both a Cdk4
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inhibitor and a non-inhibitor depending on the growth state of the cell [18]. In
early G1 phase, p27%"P! promotes assembly and nuclear import of Cdk4,6/cyclin D,
increasing cyclin D stability, without inhibiting Cdk4 activity [19,20]. This ternary
complex functions as a reservoir for p27%iP!, which through Cdk4/cyclin D binding
is displaced from its principal target, Cdk2/cyclin E.

p27%Pl is a dosage-dependent tumor suppressor genes whose functional loss
leads to tumor development, being its reduced dosage contributing to cancer
susceptibility. Mice lacking one copy of CDKNIB the gene encoding for p27XiP!,
display increased tumor frequency [21] and p27X®! — /— mice display a further
increase in tumor rate developing tumors in multiple tissues, including adenomas
and adenocarcinomas of the intestine and the lung, granulosa cell tumors of the
ovary and uterine tumors [21]. The dosage effect might be functioning in human
tumors as well, where loss or decrease of p27XiP! expression is frequently observed
in human cancer and correlates with poor patient survival. The first human cases
reported to have abnormally low amounts of nuclear p27%iP! were associated with
increased tumor aggressiveness and a relatively poor clinical outcome for breast and
colon cancer [22]. Moreover, the correlation of cytoplasmic localization of p27XiP!
with high tumor grade and poor prognosis has been reported [23, 24]. It has been
now recognized that p27XP! deregulation can be a prognostic indicator for a variety
of tumors [7-9, 14].

1.2 Sicl, the Cki Regulating Cell Cycle Timing
in Budding Yeast

The budding yeast cell cycle is driven by periodic changes in kinase activities,
regulated by different cyclin subunits that associate with the Cdkl kinase in
successive waves: Clnl, CIn2, and CIn3 in G1 phase; CIb5 and Clb6 in S phase;
Clbl, CIb2, CIb3, and CIb4 in G2/M phase [25, 26]. Despite their redundancy,
cyclins are expressed at a different timing and appear sequentially in specific cell
cycle phases, resulting in a significant divergence of function [27-29]. Besides
accumulation and degradation, specific Ckis contribute to the regulation of cyclins:
Farl inhibits Cdk1/Cln complexes [30,31] and Sicl inhibits Cdk1/Clb complexes
[32, 33]. The logic of a Cki/cyclin threshold that drives phase-specific events has
been proposed in basic models of cell cycle progression in budding yeast, for the
entrance into S phase by activating waves of cyclins that set the timing for mitosis
onset and cell division [34, 35].

Sicl and Cdk1/Clb complexes that drive S and M phases are locked in mortal
combat over control of the cell cycle: Sicl inactivates Cdk1/Clb complexes and
promotes Clb degradation, whereas Cdk1/Clbs antagonize Sicl transcription and
promote Sicl degradation [36, 37]. Sicl is synthesized at the end of mitosis
[38—40] and persists throughout G1 phase preventing the precocious DNA synthesis
by inhibiting Cdk1/Clb5,6 activity [33,41]. Sicl is largely degraded at the onset
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of S phase [33,42,43] with a switch-like mechanism via multisite phosphorylation
[44] mediated by Cdk1/Clnl1,2 [45-48], thus relieving Cdk1/Clb5,6 inhibition and
allowing cells to enter into S phase. Moreover, all Cdk1/Clb complexes can maintain
Sicl proteolysis during S and G2 phases until anaphase [26]. As cells exit mitosis,
Cdk1/CIb2 activity declines and Sicl is produced. Similarly to p27¥iP! which
stably associate with Cdk4/cyclin D1 to assemble them into active complexes, Sicl
has been shown to promote nuclear import of Cdk1/Clb5, since cytoplasmic Clb5
accumulation is observed upon inactivation of SICI gene [49].

Sicl is not an essential gene but it plays an essential role in setting the correct
timing of DNA replication onset by maintaining a temporal window free from
Cdk1/Clb activity, critical requirement for origin licensing. In a sic/A mutant,
DNA replication initiates prematurely from fewer origins, S phase is extended
and sister chromatids are inefficiently separated during anaphase [50]. In addition,
chromosome combing showed that the distance between replicons is 1.5 times
longer in sicl A cells compared to wild type [S1]. As a consequence, chromosomes
break and rearrange at a high frequency, and cells exhibit a 100-fold increase in
minichromosome loss and gross chromosomal rearrangements compared to wild
type [50, 52]. The precocious Cdk1/Clb5,6 activation causes severe genome insta-
bility through its inhibitory effect on pre-RC formation in late G1 phase Similarly,
p27XiPl_deficient cells activate the G2/M checkpoint and show an increased number
of chromatid breaks, leading to chromosomal instability, a hallmark of cancers with
poor prognosis [53]. Thus, by inhibiting any residual Cdk1/Clb activity in G1 phase,
Sicl promotes efficient origin licensing, probably also activating dormant origins
[54]. As it has been underlined for p27XP!, the molecular mechanism by which
Sicl regulates the Cdk1/CIb activities is not fully understood.

2 Cell Cycle Regulation and Computational Modeling

To understand biological processes, biomolecules are generally investigated in
the framework of molecular networks [55] and molecular systems biology is the
integrative discipline that aims to explain properties of biological systems in terms
of their molecular components and interactions [56, 57]. The structure of these
networks can vary over time and space generating network dynamics [58] and
modularity permits to dissect complex biological networks in small modules and
provides functional and mechanistic insights [59]. Molecules contributing to a
particular phenotype are usually connected to each other to form functional modules
[60, 61] and have similar biological functions, as suggested from the dynamically
organized modularity in the budding yeast interactome network [62, 63]. Although
some modules, such as stable protein complexes, are constantly present in various
cellular conditions, other modules are dynamically assembled and disassembled.
Cell cycle-dependent protein complexes undergo this temporal dynamics during
different phases of the cell cycle [64]. In mammalian cells, their formation has been
addressed by non-linear differential equations [65], qualitative modeling [66], or
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hybrid approaches that combine continuous differential equations and discrete
Boolean networks [67]. Detailed models focused on the G1/S transition have been
reported, with particular focus on Ckis regulating timing of cell cycle progression
[68-74]. Cell cycle regulators are conserved between eukaryotes and mathematical
models have also been developed for budding yeast by using systems of ordinary
differential equations (ODEs) [65, 75-78], logical [79-81], stochastic [78, 82—84],
or numerical [85] modeling. Networks focused on the exit from mitosis are available
[86-90] and detailed analyses of the G1/S transition highlight the specific role of the
Cki Sicl in regulating the timing of DNA replication onset [91,92].

These models capture essential molecular events occurring during temporal
dynamics of cell cycle progression. In this way, components of modular cell cycle
networks and their interactions can be identified following an iterative process, in
which molecular investigation and mathematical modeling account for the system
behavior. This approach has been pursued in our laboratories following a bottom-
up systems biology, starting from constitutive parts of a network by formulating
their interactions, the kinetic equations, and then predicting the system behavior
[93]. Multiscale modeling integrating structural analyses, biochemical investigation,
and protein dynamics into non-linear and stochastic modeling has been employed
to address regulatory functional modules centered around the Cki Sicl. Models
have been tested for internal consistency by computational analyses and external
consistency by experimental validation [84,92,94-97]. Despite the well-recognized
role of Sicl in regulating cell cycle progression, there is a controversy about the
specific phases where this Cki functions. Sicl is largely degraded at the G1/S
transition to permit DNA synthesis [33,42,43]; however, SICI transcription [38,40]
and Sicl levels [98,99] are observed throughout the entire cell cycle, and recent data
claim that Sicl contributes to cell cycle robustness [100]. Here we summarize how
literature evidence are reconciled through a molecular systems biology approach
suggesting a role of Sicl in regulating the timing of cyclin waves.

3 Structural Modeling of the Sic1-Cdk1/Clb Interaction

Comprehension of the interactions between molecules involved in biological sys-
tems is crucial to predict their behavior by a systems biology approach. A full
understanding of how molecules interact comes only from three-dimensional (3D)
structures, as they provide atomic details about binding. Although a huge number
of interactions is known, precise molecular details are available for few of them due
to limitations in studying large protein complexes, for which obtaining sufficient
purified material for X-ray studies can be difficult. In fact, assembly of two or
more macromolecules in complex requires precise control and timing in the cell,
and this is not easy to reproduce in a laboratory setting [101]. For both human
and budding yeast, there is a large gap between the number of complexes detected
in yeast two-hybrid [102-106] or affinity purification [107, 108] assays and the
number for which experimental 3D structures are available. Therefore, methods to
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predict atomic details for interacting proteins have been developed. The structures
of interacting proteins can be modeled computationally if structures have been
previously determined for homologous proteins. There are many interactions for
which structural data are available [109, 110] and homology modeling is used to
test whether interactions between homologous proteins can be modeled on the basis
of an interaction of known structure [111-114]. The accuracy of models built by
homology depends on the degree of sequence identity between target and template
sequences. When sequence similarity is high, i.e., greater than 25-30% of sequence
identity, proteins are likely to interact in the same way [110].

Despite efforts from different groups, attempts to crystallize Sicl have failed.
To investigate molecular interactions between the Cki Sicl and Cdk1/Clb com-
plex, we therefore employed a protein—protein complex for which coordinate
data are available to model interactions between their analogous in budding
yeast. We assessed whether potential homologous sequences fit onto a previ-
ously determined structure of a complex. Sicl is a functional homologue of
the Cki Ruml in fission yeast [115] and a potential functional homologue of
mammalian Ckis of the Kip/Cip family [116], thus local properties at the in-
teraction surface with Cdk/cyclin could be conserved. Conventional homology
modeling is not applicable to Sicl due to its very low sequence similarity to
p27XiPl: however, secondary structure predictions of kinase inhibitory domains
(KIDs) of Sicl (C-terminal, amino acids 215-284) [117] and p27%P! (N-terminal,
amino acids 25-93) [118] suggest a similarity in this region as compared with
the secondary structure deduced from the X-ray structure of p27XPI-KID [118]
(Fig. 7.1a). Sequence alignment of p27XiP! and Sicl KIDs highlighted a long
a-helix predicted in Sicl (amino acids 226-248) which shares a similar am-
phiphilic profile with the corresponding a-helix of p27XP! (amino acids 38-60)
[94]. Besides the conserved a-helix, other common secondary structure elements
were not catch. However, prediction of Sicl-KID secondary structure with PHD,
which provides about 70% accuracy [121-123], reveals two B-sheets and a short
a-helix in addition to the long amphiphilic a-helix (Fig. 7.1b) [119]. These elements
are indeed present in p27XPI_KID structure, suggesting that KIDs of p27XP! and
Sicl might fold in a similar manner.

On this basis, Sicl-KID was built by homology modeling by using p27Xirl-
KID as a template, abridged from X-ray structure of the p27XiP!/Cdk2/cyclin

Fig. 7.1 (continued) (amino acids 25-93) and Sic1-KID (amino acids 215-284) are shown (H, a-
helix; E, B-sheet; c, coil). Residues involved in binding to either Cdk2 or cyclin A are underlined.
Residues predicted to be in an a-helix within the Cdk2/cyclin A-interacting region are shown
as white-on-black characters. Secondary structures deduced from X-ray structure of p27XiPl-
KID and expected for Sicl-KID are shown below the alignments. Reproduced with permission
from Barberis et al. (2005) Biochem J 387(Pt 3):639-647. (© the Biochemical Society [94]. (b)
Secondary structure predictions of p27%iP! and Sicl computed by PHD [119]. a-Helix, B-sheet,
and coil are shown in black, gray, and light gray, respectively. The criteria for determining the
secondary structure is the reliability index reported in the Y -axis (range 0-9): amino acids with a
value > 5 are predicted with a confidence of 82% [123]. KIDs of p27X®! and Sicl are indicated
with a double arrow
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A ternary complex (PDB entry 1JSU), and the amphiphilic a-helix of p27Xi!
was mutated in silico to generate the predicted a-helix of Sicl. The Sicl-KID
model was then docked onto Cdk2/cyclin A, refined by steps of conjugate gradients
energy minimization [94] by using the GROMOS force field [120], and molecular
interactions have been analyzed. Five amino acids within the amphiphilic a-helix
of p27XiPI_KID and Sic1-KID establish hydrophobic contacts with Cdk2/cyclin A
[94, 118]. Interestingly, amino acid Leu41 of p27XiPl.KID, part of the LF motif
that recognizes cyclin A [118], is conserved in Sicl (Ile229), suggesting that both
Ckis share structural elements in the Cdk/cyclin-interacting region [94]. To build
a yeast Sic1/Cdk/Clb complex by homology, Cdkl kinase and CIb5 cyclin have
been considered due to their functional homology to Cdk2 and cyclin A in driving
entrance into S phase. The high sequence similarity of yeast and mammalian
Cdks (77%) and cyclins (51%) allowed us to build a model of Cdk1/CIb5 by
using Cdk2/cyclin A as a template and then to dock the Sicl-KID model. The
Sic1/Cdk1/CIbS complex was geometrically optimized by conjugate gradients
energy minimization and molecular dynamics by using the consistent valence force
field [124]. The interface between Sic1-KID, Cdk1, and CIb5 is characterized by
steric and electronic contacts that allow the formation of a stable complex, as
judged from hydrophobic contact analysis. The contacts between the LF domain
of p27XiPL_KID and cyclin A are conserved between an LV domain of Sic1-KID
and CIb5 (Fig. 7.2 Table 7.1) [95, 119], in agreement with the fact that p27XiP! and
CIb5 interact in vivo [125]. The interactions between the amphiphilic a-helix of
p27XiPLKID and Cdk2/cyclin A are also observed between the Sic1-KID a-helix
and Cdkl1/CIb5 (Fig. 7.3) [95, 118, 119]. Here, amino acid Arg233 of Sicl-KID,
although not hydrophobic, is threaded within CIb5 structure, making use of the
alkyl moiety to effect specific hydrophobic interactions. Finally, amino acid Leu276
of Sic1-KID is located in a hydrophobic pocket of Cdk1 and have steric features to
displace the ATP molecule bound and inhibit the kinase activity as it has been shown
for the amino acid Tyr88 of p27XiP1_.KID on Cdk2 (Fig. 7.2 Table 7.1) [95,119]. The
analyses indicate that, despite a low sequence similarity, KIDs of Sicl and p27Xi!
are structurally related and suggest that recruitment of a Cki on a hydrophobic
pocket of a cyclin might be a conserved mechanism to realize Cdk/cyclin inhibition
[125,126].

4 Sicl is a Functional Homologue to the Cki p27¥iP!

The structural findings underlie the role of kinase inhibitory domains (KIDs) in
the regulation of Cdk/cyclin activity. The 3D structure of p27XP!-KID revealed
that it is extended over the surface of Cdk2/cyclin A by forming hydrophobic
contacts with regions on both cyclin and kinase [118, 127]. Moreover, isothermal
titration calorimetry (ITC) [128] to determine thermodynamic parameters of p27XiP!
binding to Cdk2/cyclin A and surface plasmon resonance (SPR) [129] to analyze
kinetics of p27%iP! association/dissociation with/from Cdk2/cyclin A indicated that
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Fig. 7.2 (a) Interface contacts between the amino acid Leu of the p27¥P!-KID LFG domain
or Sicl-KID and the corresponding Cdk/cyclin complexes. (b) Interface contacts between the
amino acid Phe of the p27%iP!-KID LFG domain or Sic1-KID and the corresponding Cdk/cyclin
complexes. (c) Interface contacts between Tyr88 of p27XiP!-KID or Leu62 of Sicl-KID and
the corresponding Cdk/cyclin complexes. Structural analysis was carried out using the InsightIl
software package (Biosym) and interactions evaluated within a range of 5 A are shown (p27XP!-
KID, red; Cdk2/cyclin A, green; Sic1-KID, blue; Cdk1/CIbS5, yellow) [119]
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Table 7.1 Summary of the interface contacts between (1) p27%P1-KID and Cdk2/cyclin A and (2)
Sic1-KID and Cdk1/CIbS5. Interactions between LF domain of p27XiP1-.KID (Leu32, Phe33) or LV
domain of Sic1-KID (Leu224, Val225) and the cyclins and as well as interactions between Ckis and
Cdks have been evaluated within a range of 5 A (top) or 7 A (bottom) [119]. A high conservation
in amino acid type is observed between Ckis, cyclins, and Cdks: bold, essential contacts; italic,
stabilizing interactions; other amino acids, other interactions

p27XiPl_KID/cyclin A Sic1-KID/CIb5 p27XiPl KID/Cdk2  Sicl-KID/Cdk1
Leu32 Phe33 Leu224 Val225 Tyr88 Leu276
Met210 Met210 Met197 Lys33 Lys40
1le213 Ile213 Leu200 11200 Ala3l Ala38
Leu214 Leu214 1le201 1le201 Phe80 Phe88
Trp217 Trp204 Leu204 Glu81 Glu89
Arg250 Arg250 Leu240 Phe82 Phe90
Leu253 Leu253 Gin241 GIn241 Leu83 Leu91
GIn254 GIn254 Leul34 Leul43
Leu218 Gly251 Leu205 Asn238

Thr282 Lys252 Thr269 Lys239

Asp283 Asp270

Thr285 Thr285 Ala272 Ala272

p27XiP! tightly binds Cdk2/cyclin A (nanomolar) via a sequential mechanism. In
fact, it occupies a conserved hydrophobic pocket for substrate recruitment on cyclin
A [119, 130], then it binds to the N-terminal lobe of Cdk2 flattening it out and
disrupting the active site, finally inserting itself into the ATP binding pocket and
blocking ATP binding to Cdk2 [131]. The relevance of KID is highlighted by
analysis of knock-in mice with a p27XP! variant that lacks the Cdk inhibitory
function, p27XiP! (CK—), which revealed that p27%iP! (CK—/CK~—) displayed tumor
development as the p27%"P! null (—/—) mice and a range of hyperplasia and neo-
plasia suggesting that p27XiP! (CK—), which localizes in the cytoplasm, functions
as an oncogenic protein [132]. Therefore, addressing the molecular mechanism that
Cki develops to inhibit Cdk/cyclin activity is undoubtedly challenging to understand
how the timing of cell cycle regulation is accomplished.

To test the hypothesis that Sicl-KID is able to interact productively with
Cdk/cyclin complexes, as predicted by structural analysis [94, 119], interactions
of Sicl with mammalian Cdk2 and cyclin A (alone or in complex) purified from
baculovirus have been tested by SPR. Sicl protein was covalently coupled to a
carboxymethylated dextran surface by using amine-coupling chemistry [133] and
association/dissociation of Sicl was determined by fluxing several concentrations
of Cdk2, cyclin A, and Cdk2/cyclin A. The analysis indicated that the affinity of
Sic1 for Cdk2 was very low (dissociation equilibrium constant, Kp = 107>), while
binding of Sicl to cyclin A and to Cdk2/cyclin A was favorable [95]. In particular,
a strong interaction was observed between Sicl and Cdk2/cyclin A (Kp = 1077)
compared to Sicl and cyclin A (Kp = 107°). These findings suggest that Sicl
realize its inhibitory function by interacting first with the cyclin and then extending
on the surface of the Cdk/cyclin complex to reach and inhibit the binding site on
the kinase [95]. Consistently, Sicl was shown to strongly inhibit both yeast and
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Fig. 7.3 (a) Interface contacts between the amphiphilic a-helix of p27¥iP1-KID (amino acids 38—
60) and Cdk2/cyclin A. (b) Interface contacts between the amphiphilic a-helix of Sic1-KID (amino
acids 226-248) and Cdk1/CIb5. Structural analysis was carried out using the InsightIl software
package (Biosym) and interactions within a range of 7 A (aand b) or 5 A (c) are shown (p27Xirl.
KID, red; Cdk2/cyclin A, green; Sicl1-KID, blue; Cdk1/CIb5, yellow) [119]

mammalian Cdk/cyclin activities by a similar double-step inhibitory mechanism
[95,96]. The physiological relevance of these results has been addressed by showing
that both Sicl and the mammalian Cki p27X®! rescued the phenotype of a sicl A
strain [95]. Altogether, these findings indicate that Sicl is functionally related to
p27%P1 employing a conserved mechanism of inhibition on Cdk/cyclin activity.
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¢ p27Kipl-KID/cyclin A Sicl-KID/Clb5 p27Kipl1-KID/Cdk2 Sicl-KID/Cdk]1
Leudl Leud5 Cys49 11e229  Arg233 Met237 Ser56  Trp60 1le244 1le248
Leu255 Leu255 Phe229 Asp68  Asp68 Leu39
GIn290 Leu242 Leu242 Val69 Asp75  Asp7S
Arg293 Arg293 Leu243 [le70  Ile70 1le76
His296 Ala272 Val79 Val77
Leu297 Asp277 Asp277 Val87
Asn280
Ala281
Met283

Phe284 Phe284

Fig. 7.3 (continued)

5 Cki Phosphorylation: Hallmark of Cell Cycle Timing

Despite p27XPI-KID reveals secondary structure elements that tightly insinuate
within Cdk2/cyclin A architecture, in particular the nascent amphiphilic a-helix
[131, 134], secondary structure and disorder prediction indicate that the Cki is
mainly disordered [135]. Heat-resistant assay, hydrodynamic analysis, proteolysis,
ITC, circular dichroism (CD) and NMR spectroscopy showed that p27%iP! is
largely disordered [135-139]. In particular, the latter revealed that portions of
the isolated p27XP! sequence show secondary structure in solution [138]. Thus,
p27%iP! belongs to the intrinsically disordered proteins (IDPs). Many proteins that
play important cellular functions, i.e., regulation of cell division, transcription and
translation, phosphorylation, signal transduction [140, 141], are characterized by
sequence domains lacking secondary or tertiary structure and, thus, classified as
IDPs. Furthermore, 79% of human cancer-associated proteins have been classified
as IDPs [142]. Considering that IDP sequences are generally exposed to the
solvent, a large number of sites are accessible for post-translational modification,
which regulate function, localization, and stability. p27%iP! is mainly regulated by
phosphorylation directed by various signal transduction pathways, which controls
timing of Cdk/cyclin activity by weakening the Cki inhibitory activity [143—
145]. Moreover, tumorigenesis associated to p27XP! has been described due to
its phosphorylationinduced cytoplasmic localization [146—150]. Therefore, disorder
and flexibility of p27XiP! enable structural fluctuations and phosphorylation events
that regulate its turnover at the G1/S transition during cell cycle control.
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5.1 Regulation of Sicl Activity by Phosphorylation

As aforementioned, despite efforts from different groups, attempts to crystallize
Sicl have failed. However, Sicl has been shown to be a disordered protein both in
its free state and when bound to Cdc4 [151], which acts as ubiquitin—protein ligase
directing ubiquitination of the phosphorylated Sicl [45,46]. The complex showed
a mixture of different conformations shifting around in a dynamic equilibrium,
and each of the six phosphate groups on Sicl needed for its recognition from
the proteasome have been found to occupy the single Cdc4 pocket, one after
the other [151]. Further analyses highlighted that although Sicl is disordered
when bound to Cdc4, it maintains a compact structure that keeps the phosphate
groups close together to form an electrostatic field that glues Sicl to Cdc4
[152]. Complementary biophysical methods have also been applied to the study
the isolated Sicl in solution. Sequence analysis, gel filtration, CD, electrospray-
ionization mass spectrometry (ESI-MS), and limited proteolysis showed that Sicl
is mainly disordered with an intrinsic propensity for ordered structure in its
C-terminal region in correspondence of the kinase inhibitory domain (KID) [153].
Sicl can, therefore, be classified as an IDP like p27XP!. Recently, studies of
limited proteolysis, CD, NMR, and nano-ESI-MS analysis showed a modular
organization for Sicl being its C-terminal region is relatively more compact than the
N-terminal one, with the boundary of the C-terminal lying close to the amino acid
Trp186, suggesting that it is possible to recognize structural domains in an IDP
[154, 155]. Moreover, Fourier-transform infrared (FT-IR) spectroscopy and ion-
mobility (IM) measurements revealed that the isolated Sicl-KID retains dynamic
helical structure and populates collapsed states of different compactness [156].

As shown for p27XiP!, post-translational modification via phosphorylation can
play a role modulating Sicl conformational transitions [157]. Several signaling
pathways promote Sicl phosphorylation regulating its stability, thus timing of the
G1/S transition. Activation of the Hogl pathway due to high osmolarity results in a
cell cycle arrest in G1 by phosphorylation and, thus, stabilization of Sicl [158,159].
Moreover, inhibition of the TOR pathway by rapamycin leads to phosphorylation
and stabilization of Sicl, as shown for p27%P! [160], which accumulates into
the nucleus both in glucose and ethanol-grown cells [161]. In addition, other
kinases are involved in Sicl phosphorylation: Pho85 is required for the prompt
degradation of Sicl [162] and Ime2 is necessary but not sufficient to promote
Sicl destruction during sporulation [163]. An important regulator of cell cycle
progression is CK2, a ubiquitous, highly pleiotropic and constitutively active serine—
threonine kinase conserved in all eukaryotes [164], which phosphorylates both Sicl
and p27%P! [99,165,166]. Moreover, Sicl accumulation is observed following CK2
inactivation, inhibiting the Cdk1/CIb5 complex, therefore effectively blocking the
G1/S transition [167].
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Fig. 7.4 Schematic representation of Cdkl1/CIb5 activation regulating the G1/S transition in
budding yeast. Sicl binds to Cdk1/Clb5,6 (32) and triggers the complex into the nucleus (47),
where it is degraded after Cdk1/Cln1,2-mediated phosphorylation (38, 41). Modified from Barberis
et al. (2007) PLoS Comput Biol 3(4):e:64 [92]

5.2 Sicl Phosphorylation by CK2: Mechanism
of S Phase Timing

Ckis carry out the inhibitory function by formation of ternary complexes with
their target cyclin and kinase. The temporal dynamic of assembly and disassembly
of these complexes during cell cycle progression determines at which time and
in which cellular compartment regulatory phosphorylation events take place. As
aforementioned, subcellular localization of Cki and other cell cycle proteins is
recognized to be a major factor that regulates cell cycle transitions, since altered
localization of Ckis is linked to cancer aggressiveness. Nevertheless, for reasons of
simplicity, models of cell cycle regulation do not generally consider this aspect. The
need to incorporate this fundamental regulatory feature stimulated us to generate a
computational model considering the localization of p27¥P! and kinase complexes
involved in the regulation of the G1/S transition in mouse fibroblasts [74], following
the mechanism of Cdk/cyclin inhibition by p27XiP! and phosphorylated p27XiP!
[168]. The model recapitulates events from growth factor stimulation to S phase
onset following phosphorylation states associated to activation or deactivation of
p27%iP! and kinase complexes in nucleus or cytoplasm [74].

In parallel to the mammalian network, we developed a detailed mathematical
model of the GI/S transition in budding yeast [92], taking into account the
nucleo/cytoplasmic localization of key players and the carbon source regulation
of Sicl to promote nuclear import of the Cdk1/Clb5 complex [49]. As for the
G1/S network in mouse fibroblasts, the model was implemented by a set of 34
ODEs, 32 species and 67 kinetic parameters [169] describing the temporal change
in concentration of key players and as well as phosphorylation states of Sicl and
kinase complexes regulating entrance into S phase (Fig. 7.4) [49]. CK2-mediated
phosphorylation on amino acid Ser201 of Sicl has been recognized to alter timing
of the G1/S transition by affecting Sicl affinity for Cdk1/CIb5 [95, 99, 166, 167],
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and mutations that impair (Ser201/Ala) or mimic (Ser201/Glu) phosphorylation
by CK2 affect the coordination between cell growth and cell cycle progression
in vivo [99, 119]. However, analyses of the mutants did not reveal appreciable
effects on the conformation of isolated Sicl [153], as observed instead for p27XiP!
[165]. These contradictory data motivated to investigate the physiological role
of Sicl phosphorylation by CK2 not in the isolated form but when bound to
Cdk1/Clb5,6. Many proteins lack rigid 3D structure, existing as dynamic ensem-
bles of inter-converting conformations and acquiring an ordered structure when
binding to specific intracellular partners [170] or by functional regulation via post-
translational modifications, as shown for p27%iP! [135]. Therefore, more detailed
structural information is needed to interpret the effect of this phosphorylation on
the interaction between Sicl and Cdk1/CIb5,6. In addition, difficulty to estimate in
vivo phosphorylation kinetics encouraged us to estimate realistic values to include
as kinetic constants in the mathematical model of the G1/S transition. Real-time
measurement by SPR using immobilized Sicl showed that it interacts with catalytic
(o) and regulatory (B) subunits of CK2, being the strength of the binding in the same
range as compared to the CK2p /p27¥"P! interaction [95, 165].

Moreover, Sicl was phosphorylated by the CK2 with an apparent Ky =
460 nM, value comparable to the Ky for the CK2-mediated phosphorylation of
p27XiP! (467 nM) [165]. In order to test the hypothesis that Ser201 phosphorylation
on Sicl could be relevant for interaction with Cdk/cyclin complexes, a model
peptide encompassing amino acids 192-216 of Sicl was synthesized either as
such or with Ser201 replaced by phosphoserine. Both peptides were covalently
coupled to carboxymethylated dextran surfaces by using amine-coupling chemistry
and binding with mammalian Cdk2/cyclin A was examined. Interestingly, Sicl
peptide encompassing Ser201 was bound more strongly to Cdk2/cyclin A in its
phosphorylated than in its nonphosphorylated form [95]. Consistently, Sicl fully
phosphorylated on Ser201 by CK2 was shown a stronger inhibitor of both yeast
and mammalian Cdk/cyclin activities than the unphosphorylated protein, suggesting
a possible regulatory role of CK2 phosphorylation on Sicl activity. The very
high negative charge density of the Sicl phosphor-acceptor site prompted us to
investigate whether basic patches might be present on the surface of Cdk1/Clb5
in positions compatible with a direct interaction. Homology modeling techniques
assume that proteins interact using two relatively large interfaces, however, it is
well-established that many interactions, particularly those of lower affinity, are
mediated by one domain binding to a small stretch of polypeptide in another
protein, i.e., small sequences characteristic of a consensus phosphorylation site.
These interaction are difficult to detect and study computationally or experimentally
because they often involve unstructured parts of the polypeptide chain that become
ordered only on binding [170]. Therefore, restrained molecular dynamics have
been carried out to dock a 23-amino acid-long Sicl region comprising the CK2
consensus sequence QES?*'EDEED (amino acids 192-214) of the modeled Sic1-
KID on Cdk1/CIb5 (Fig. 7.5a), and interactions with Cdk1/Clb5 were investigated
by energy minimization [95, 119]. Analysis of the surface electrostatic potential of
Cdk1/Clb5 allowed localization of clusters of highly positively charged residues
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Sic1-KID

Fig. 7.5 (a) Sicl-KID 3D model was docked on Cdk1/CIb5 by using the p27%P!/Cdk2/cyclin A
X-ray structure as a template and optimized using energy minimization (Sicl-KID, red; Cdkl,
green; CIb5, blue). (b) Interface contacts between the CK2 consensus site on Sicl and Cdkl.
Structural analysis was carried out using the InsightIl software package (Biosym) and interactions
within a range of 5 A are shown (Sic1-KID: backbone — yellow, amino acidic lateral chains — red;
Cdk1: backbone — green, amino acidic lateral chains — blue). Reproduced with permission from
Barberis et al. (2005) Biochem Biophys Res Commun 336(4):1040-1048 [95,119]

on Cdkl, which have proper electrostatic characteristics to interact productively
with the negatively charged CK2 consensus sequence centered on Sicl (Fig. 7.5b)
[95,119].

Biochemical and structural analyses suggest that CK2 may play a role in
the regulation of Sicl activity by phosphorylation of amino acid Ser201. The
phosphorylation could induce long-term rear-rangements of the 3D structure of
Sic1-KID, as reported in the literature [171, 172], remodeling Cdk1 surface and
altering the interaction with Cdk1/CIbS, ultimately affecting the G1/S transition
and, thus, entrance into S phase. To investigate dynamic consequences of change
in the affinity of Sicl for Cdk1/CIb5 for the timing of S phase onset, different
kinetic constant values for this binding have been tested in the mathematical model
of the G1/S transition in different nutritional setups. Considering that binding
between two proteins can be affected by cellular growth conditions and that protein
phosphorylation alters binding to another protein [171], we assumed that a poor
carbon source (i.e., ethanol) is associated with a low level of phosphorylation,
whereas a rich carbon source (i.e., glucose) to a high level of phosphorylation,
and kinetic parameters have been chosen to obtain simulated dynamics close to
the one measured experimentally [92]. To assess the effect of changing growth
conditions from glucose to ethanol media, input parameters such as growth rate
and initial levels of network key players have been altered. However, to obtain
a good fitting between experimental and computational dynamics, the affinity
observed for unphosphorylated Sicl to Cdk1/CIb5 has been introduced in the
simulated ethanol condition (i.e., reduction by two orders of magnitude compared to
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Fig. 7.6 Model of DNA replication onset. Increased Sicl affinity to Cdk1/CIb5, which mimics
CK2-mediated phosphorylation on Ser201 of Sicl, leads to a delay in the entrance into S phase
due to abolishment of the kinase activity and to a larger accumulation of Cdk1/CIb5. When Sicl is
degraded, a huge amount of Cdk1/Clb5 is promptly available to activate DNA synthesis

the simulated glucose dynamics) [92, 95]. Taken together, biochemical, structural,
and computational analyses generated the prediction, to be tested experimentally,
that Sicl might have a lower binding affinity for Cdk1-CIb5,6 in ethanol-grown
cells compared with the one in glucose-grown ones, and that phosphorylation in
rich medium is dependent on CK2. Interestingly, evidence that this can be true
can be surmised from a recent study on the ck/ Ack2 A temperature-sensitive (ts)
double mutant [167]. This mutant grows normally at 25°C (functional CK2), Sicl
level is low, and Cdk1-CIb5 activity is high (due to low Sicl). Contrarily, at 37°C
the mutant, and thus CK2, is inactive, Sicl level is high, and Cdk1-CIb5 activity
is abolished (due to high Sicl), even if comparable levels of CIbS are observed.
This situation suggests that the condition at 37°C could be comparable to growth
in ethanol medium, where high Sicl levels observed experimentally [49] might
be due to decrease in CK2 kinase activity on Sicl. This scenario implies that the
phosphorylated state of Sicl could influence its localization and, therefore, timing
in which the S phase onset is accomplished, ensuring that no premature origin
licensing takes place by strongly inhibiting Cdk1/CIb5. Licensed origins could be
then activated on schedule by providing higher Cdk activity to start DNA replication
after Sicl proteolysis (Fig. 7.6).
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6 Sicl Regulates Timing of Cdk1/Clb Activities

Both in budding yeast and in higher eukaryotes, genomic instability occurs when
the G1/S transition is deregulated and cells enter into S phase prematurely. This
acquired mutability is critical since a majority of genes mutated in human cancers
influence the G1/S transition [173]. The initiation of DNA replication in budding
yeast is regulated by an irreversible switch in which Sicl is degraded at the S
phase onset [33]. The activation on schedule of Cdk1/CIb5,6 and of other waves of
Cdk1/Clb activity, i.e., Cdk1/Clb3,4 and Cdk1/CIb1,2, from S to M phases is strictly
related on disappearance of Sicl [34,35]. The precocious activation of Cdk1/ClbS5,6
observed in a sic/A mutant initiates prematurely DNA replication from fewer
origins, phenomena called sparse origin firing [50], and severe genome instability
and chromosome rearrangements occurs [50, 52]. However, the mechanism by
which control of cell cycle timing is lost is not clear.

To investigate genomic instability in budding yeast, we studied balance between
Sicl and Cdk1/Clb5,6 in activating replication origins at the entrance into S phase
[92,96], and considered Sicl both a stoichiometric inhibitor of Cdk1/Clb complexes
[33,94] and a promoter of Cdk1/Clb5,6 entry into the nucleus [92], as shown exper-
imentally [49]. We described origins activation with a stochastic model considering
the rate of firing dependent on nuclear Cdk1/CIb5,6 availability and observed an
early firing of replication origins in a sic/A mutant compared to the wild type
due to a precocious activation of Cdk1/CIb5 [92, 96], as experimentally observed
[50]. This suggests that appearance and disappearance of Sicl regulates replication
origins by controlling the timing of Cdk1/CIb5,6 activity. Whether the role of Sicl as
a timer of cell cycle transitions is realized mainly through inhibition of Cdk1/Clb5,6
activity or via direct binding to or regulating other kinase activities or components
of the DNA replication machinery is still not fully understood. Thus, to investigate
whether Sicl may function as a timer in coordinating the staggering behavior
of phase-specific Cdk1/Clb complexes during cell cycle progression, a combined
computational and experimental approach has again been employed. Interactions of
Sicl with one or more Cdk1/Clb complexes have been drown with CellDesigner
[174] and implemented by a set of 11 ODEs describing the dynamic behavior of
Cdk1/Clb complexes in time (Fig. 7.7) [97], and the characteristic pattern know as
waves of cyclins [25, 175, 176] investigated. This modular network is small enough
for an accurate mathematical modeling. In fact, when a sufficient small network is
considered and kinetic parameters are available, or when parameters are unknown
but components ad reactions are known, kinetic models have been successfully
used to predict signaling properties [177]. Computational analysis revealed that
temporal coordination of CIb cyclins appearance, and their oscillation-like behavior,
is observed only when Sicl binds to all Cdk1/Clb complexes [97]. Accordingly,
associations of Sicl with all Clb cyclins have been detected in high throughput
genome-wide screenings for complexes [47, 125, 178—184]. Therefore, models have
been tested for internal consistency by computational analyses, i.e., sensitivity
analysis, and for external consistency by experimental validation via protein—protein



7 Molecular Systems Biology of Sicl in Yeast Cell Cycle Regulation 153

=3

Cdk1/CIb3 4

[m]

Cib3 4

(n]

(=)
=]\ = | =]

i| cokcibss || coacmas || caxicmz

mml
& £ -

Cib56 ]

a6 ye8,

=
E‘I

Cak1/Cib3s i

(=|==)|

i| cdeicibss || Cdkicibis cakcm2 |

"4 .

u]

—

o

&

&
[—

o]

2

-

—

Cdk1/CIb1,2
Lih T Cdk1/CIb1 2/5ic1

Fig. 7.7 Schematic model of Cdk1/Clb regulation. After production of Cdk1/Clb5,6 (rel), Sicl
binds forming the Cdk1/CIb5,6/Sicl complex (re2). Sicl is degraded primarily by Cdk1/Clnl,2
(not shown) and by Cdk1/Clb activities (re4) and CIb5,6 is degraded in both Cdk1/Clb5,6 (re3)
and Cdk1/Clb5,6/Sicl (re5) complexes. Cdk1/Clb5,6 activates Cdk1/Clb3,4, in addition to its
basal production (re6), and Sicl binds to Cdk1/Clb3,4 forming the Cdk1/CIb3,4/Sicl complex
(re7). Sicl is degraded by Cdk1/Clb activities (rel10) and Clb3,4 is degraded in both Cdk1/Clb3,4
(re8) and Cdk1/Clb3,4/Sicl (re9) complexes. Cdk1/Clb3,4 activates Cdk1/Clbl,2 together with
Cdk1/CIb5,6, in addition to its basal production (rell). Sicl binds to Cdk1/Clbl,2 forming the
Cdk1/CIb1,2/Sicl complex (rel2). Sicl is degraded by Cdkl/Clb activities (rel4) and Clbl,2
is degraded in both Cdkl1/Clbl,2 (rel3) and Cdk1/Clb1,2/Sicl (rel5) complexes. Cdk1/Clbl,2
activates itself by a positive feedback loop (rell) [97]

interaction techniques. Global sensitivity analysis with a Monte Carlo approach has
been employed to investigate whether kinetic parameter values influence time delay
between Clb cyclins. Random sampling with 10,000 kinetic parameter sets has been
carried out by varying them between 0.1 and 10-fold of their initial values. By
comparing networks where Sicl binds to one or more Cdk1/Clb complexes, any
change of parameters affects the delay of Clb appearance only when Sicl binds to
all kinase complexes [97].
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Considering that regulation of time delays between Clb cyclins is apparently
triggered by interaction of Sicl with all Cdk1/Clb complexes, binding of Sicl
with all CIb cyclins has been, therefore, investigated experimentally. Interactions
with CIb2 and Clb5 are well-established, but association to Clb3 (180-182) and
CIb4 (183) has been shown only in high throughput genome-wide screenings
for complexes and never validated independently. In vitro analyses, yeast two-
hybrid and GST pull-down, revealed interactions between Sicl and all Clb cyclins
[97]. Moreover, Forster resonance energy transfer (FRET) via fluorescence lifetime
imaging microscopy (FLIM) has been employed to investigate Sic1/ClIb interactions
in living yeast cells. By using this powerful technique that detects close co-
localization of fluorescent proteins and provides high spatial and temporal resolution
(nanoseconds), occurrence of FRET was measured by monitoring the change in
Sicl lifetime in the presence and absence of Clb cyclins [185, 186]. Association of
Sic1 to each CIb cyclins subtype has been observed and different FRET efficiencies
were measured [187]. These findings, together with the fact that Sicl is a substrate
of Clb3-associated kinase activity, as shown for both Clb5 and CIb2 [45, 46, 188],
support the hypothesis that Sicl interacts with all Cdk1/Clb complexes throughout
cell cycle progression. However, despite their homology [189, 190], distinct Clb
cyclins might target Sicl preferentially to enable its function [187].

The above results and the fact that Sicl levels are observed throughout the cell
cycle [98, 99] inspired to follow Sicl and Clb cyclins levels in G1-synchronized
yeast cells by elutriation, to demonstrate that Sicl does not interact only with C1b5,6
at the G1/S transition and with CIbl,2 regulating mitotic exit [33, 39, 191] but
also with CIb3,4 during the temporal window in which its levels should decrease.
Temporal dynamics of wild type cells showed the characteristic periodicity of Clb
cyclins levels, with their on schedule appearance and disappearance one after the
other, and the coexistence of Sicl and all ClIb cyclins including Clb3,4 overall cell
cycle progression [97]. However, an interesting result has been shown perturbing the
structure of the mathematical model by testing Cdk1/Clb regulation in the absence
of Sicl, mimicking a sic/A mutant. In this scenario, computational simulations
predicted an abolishment of Clb cyclins waves with their levels reaching a different
plateau over the simulation time. Strikingly, the prediction finds its validation in
elutriated sicl A cells, which completely loose timing and regulated periodicity of
CIb cyclins appearance although proceeding into the replicative state, revealing
that both Clb3 and CIb2 arise at the beginning of G1 phase as observed for
CIb5S with levels that progressively increase to reach a different plateau [97].
This result agrees with the fact that a sic/ A strain accumulates CIb5 in early G1
phase generating high Cdk1/Clb5,6 activity, therefore promoting precocious DNA
replication [50]. Consequently, an uncontrolled temporal pattern of Clb cyclins
may lead to cells that segregate not completely replicated chromosomes, resulting
in extensive chromosome loss [52]. Altogether, these findings suggest that Sicl,
through a feed-forward regulation, triggers waves of Clb cyclins and timing of their
appearance, therefore controlling Clb-associated kinase activities. Moreover, the
hypothesis that heterodimer formation of various Sic1/Clb pairs can differ according
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to the abundance of a certain Clb cyclin [192, 193] is likely to be relevant for their
localization and temporal window of activity.

Further computational and experimental analyses that we performed have shown
that waves of Clb2, Clb3, and CIb5 levels can be still observed, although temporally
delayed, after constitutive expression of a non-degradable form of Sicl (SICI-
OP) [92, 97], as recently envisioned [100]. These data suggest that stable Sicl
transiently blocks Cdk1/Clb activation, but that ultimately the total level of these
complexes increases above the Sicl level. This is due to the fact that oscillations in
Sicl level are enough to trigger the feed-forward loop necessary for the switching
of Cdk1/CIb complexes between states of high and low concentrations [194].
Computational simulations abolishing virtually the degradation of Sicl by any of the
Cdk1/Clbs (Fig. 7.7, reaction rates 4, 10, and 14) reproduce the scenarios in which
cells carrying SICI-OP are lethal in the absence of either CLB2, CLB3, or CLBS5
genes [100], showing a lethal phenotype of Sicl over-expression in backgrounds
with single deleted Clb cyclins — compared to the viable phenotype associated to
strains with the sole deletion of each Clb subtype — due to a not proper timing
of accumulation of the remaining ones (Fig. 7.8). This results clearly reflects the
specific activity that Clb cyclins play at various cell cycle stages [192, 195] and
indeed indicates that our computational predictions are valid, supporting a role of
Sicl in the regulation of Cdk1/Clb complexes.

7 Conclusions and Outlook

The aim of systems biology is to obtain a quantitative description of cellular func-
tions to elucidate complex human diseases such as cancer. Due to the complexity
of human cells, model systems, e.g., budding yeast, are used for medical research.
In this organism, complete understanding of cell cycle regulation is not trivial and
many detailed molecular mechanism are still unknown.

The observation that cells replicating their chromosomes from a sub-optimal
number of origins are karyotypically unstable is important to understand tumori-
genesis, in agreement with the fact that G1/S regulators are mutated in cancer
[173]. The modular bottom-up systems biology approach here presented has been
useful to investigate the role of cell cycle players whose deregulation leads to
abnormal replication dynamics. We have employed a multiscale modeling to
elucidate a mechanism by which the Cki Sicl controls Cdkl/Clb activities in
budding yeast by integrating results derived from structural, biochemical, cell
biological, and computational studies. Biochemical studies and molecular dynamics
simulations helped us to decipher the role of Sicl intrinsic structure in molecular
recognition, and computational modeling predicted physiological properties related
to Sicl function, which have been successfully validated experimentally. Thus, our
approach can be valuable for determining the specific mechanism of Cdkl1/Clb
regulation. A more complete description of Sicl role at the G1/S transition will
not only require to resolve the molecular details of Sicl/Clb interactions in living
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Fig. 7.8 Over-expression of SICI-OP leads to lethality in backgrounds with deletion of each Clb
cyclins subtype. Simulations of Clb cyclins wave formation in a wild type background without (a)
or with SICI-OP (b) are shown at different timing (wild type, 60 min; SICI-OP, 500 min). Single
deletions in each Clb cyclins subtype without (clb5, 6 A, C; clb3,4 A, E; clbl, 2 A, G) or with SIC1-
OP (clb5,6A, D; clb3,4A, F; clbl, 2 A, H) are also shown. Protein levels are marked in different
colors (CIb5,6, black; Clb3.4, dotted black; Clbl,2, gray)
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cells but also the extension to the transcriptional regulation of the phase-specific Clb
cyclins, currently under investigation. Moreover, a stochastic model that addresses
Sicl transcription and the resulting noise on Sic1/Clb5 balance at the G1/S transition
has been developed [84]. Computational simulation revealed that an increased
amount of SIC/ mRNA leads to an amplified dispersion of Sicl protein levels,
suggesting that both Sicl protein and mRNA levels are critical to set the timing
of Sicl downregulation and, therefore, S phase onset [84].

At the molecular level, considering that Clb cyclins have a high sequence
similarity, structural studies could be pursued to investigate whether stabilizing
residues predicted are conserved in all Sicl/Clb interactions. However, interaction
details have to be necessarily considered within the cellular context, where Clb
cyclins are expressed at different times during cell cycle progression, at variable
protein levels and in different cellular compartments [192, 193]. Computational
and experimental results have to take into account that an in vitro interaction
might have no in vivo meaning. Therefore, strength in the affinity of protein—
protein interactions is functionally relevant for a physiological cellular response. For
example, FLIM-FRET technique provides insights into binding affinities, however
accurate values are difficult to obtain experimentally and to be predicted theoreti-
cally. The development of systems to measure kinetic parameters for protein—protein
interactions is certainly a critical challenge in systems biology, to combine structural
details, affinity data, and computational network analyses. Structures can also give
information on the order of events in a network, by indicating for example which
interactions cannot occur simultaneously due to a common binding interface, e.g.,
the binding of Sicl to the phase-specific C