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CHAPTER 4

REVERSE ENGINEERING OF
MOLECULAR NETWORKS FROM A
COMMON COMBINATORIAL APPROACH
(BHASKAR DASGUPTA, PAOLA
VERA-LICONA, EDUARDO SONTAG)

4.1 INTRODUCTION

The understanding of molecular cell biology requires insight into the suc-
ture and dynamics of networks that are made up of thousands of iteracting
molecules of DNA, RNA, proteins, metabolites, and other componets. One
of the central goals of systems biology is the unraveling of the as ygoorly
characterized complex web of interactions among these componen This
work is made harder by the fact that new species and interactions i@ con-
tinuously discovered in experimental work, necessitating the deMepment of
adaptive and fast algorithms for network construction and updating. Thus,
the \reverse-engineering" of networks from data has emergedsaone of the
central concern of systems biology research.

A variety of reverse-engineering methods have been developedased on
tools from statistics, machine learning, and other mathematical donains. In
order to e ectively use these methods, it is essential to develop annderstand-
ing of the fundamental characteristics of these algorithms. With that in mind,
this chapter is dedicated to the reverse-engineering of biologicalystems.

(Reverse Engineering of Molecular Networks from a Common Co mbinatorial 1
Approach, draft). By Mourad Elloumi and Albert Y. Zomaya (eds.)
Copyright ¢ 2009 John Wiley & Sons, Inc.
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Speci cally, we focus our attention on a particular class of methodsfor
reverse-engineering, namely those that rely algorithmically upon tle so-called
\hitting-set" problem, which is a classical combinatorial and computer science
problem, Each of these methods utilizes a di erent algorithm in order to
obtain an exact or an approximate solution of the hitting set problem. We
will explore the ultimate impact that the alternative algorithms have o n the
inference of publishedin silico biological networks.

4.2 REVERSE ENGINEERING OF BIOLOGICAL NETWORKS

Systems biology aims at a systems-level understanding of biology,iewing
organisms as integrated and interacting networks of genes, pretns, and other
molecular species through biochemical reactions that result in paitular form
and function (phenotype). Under this \system" conceptualization, it is the
interactions among components that gives rise to emerging propées.

Systems-level ideas have been a recurrent theme in biology for s=al
decades, as exemplied by Cannon's work on homeostasis [9], Wienerls-
ological cybernetics [38], and Ludwig von Bertalan y's foundations d general
systems theory [37]. So what has brought systems biology to the niastream
of biological science research in recent years? The answer can lurfd in
large part in enabling technological advances, ranging from high-thoughput
biotechnology (gene expression arrays, mass spectrometersc.¢ to advances
in information technology, that have revolutionized the way that bio logical
knowledge is stored, retrieved and processed.

A systems approach to understanding biology can be described asatera-
tive process which includes: (1) data collection and integration of allavailable
information (ideally, regarding all the components and their relationships in
the organism of interest), (2) system modeling, (3) experimentaiton at a global
level, and (4) generation of new hypotheses (see Fig. 4.1).

The current chapter focuses on the system modeling aspects, dnspecif-
ically, on the top-down modeling approach broadly known as the biologal
\reverse-engineering”, which can be very broadly described as flows:

The biological reverse engineering problem is that of analying a given
system in order to identify, from biological data, the compo nents of the
system and their relationships.

In broad terms, there are two very dierent levels of representdion for
biological networks. They are described as follows.

(a) Network Topology Representations

Also known as \wiring diagrams" or \static graphs"”, these are coarse dia-
grams or maps that represent the connections (physical, chemitaor statisti-
cal) among the various molecular components of a network. At this lgel, no
detailed kinetic information is included. A network of molecular interactions
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Figure 4.1  lterative Process in Systems Biology.

can be viewed as a graph: cellular components are nodes in a netwodnd the
interactions (binding, activation, inhibition, etc.) between these components
are the edges that connect the nodes. A reconstruction of netark topology
allows one to understand properties that might remain hidden withou the
model or with a less relevant model.

These type of models can be enriched by adding information on nodesr
edges. Forinstance, “+'or " 'labels on edges may be used in order to indicate
positive or negative regulatory in uences. The existence of an edg might be
speci ed as being conditional on the object being studied (for instace a cell)
being in a speci c global state, or on a particular gene that regulate that
particular interaction being expressed above a given threshold. Tase latter
types of additional information, however, refer implicitly to notions of state
and temporal evolution, and thus lead naturally towards qualitative dynami-
cal models.

Di erent reverse-engineering methods for topology identi cation di er on
the types of graphs considered. For example, in the work in [5,11 327,29,
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31, 39, 40], edges represent statistical correlation between viables. In [12, 15,
17,20], edges represent causal relationships among nodes.

(b) Network Dynamical Models

Dynamical models represent the time-varying behavior of the dierent
molecular components in the network, and thus provide a more acaate rep-
resentation of biological function.

Models can be used to simulate the biological system under study. Dif
ferent choices of values for parameters correspond either to known system
characteristics or to environmental conditions. The comparison 6 simulated
dynamics with experimental measurements helps re ne the model d pro-
vide insight on qualitative properties of behavior, such as the identi cation
of steady states or limit cycles, multi-stable (e.g., switch-like) behavior, the
characterization of the role of various parts of the network in tems of sig-
nal processing (such as ampli ers, di erentiators and integrators, logic gates),
and the assessment of robustness to environmental changes @enetic pertur-
bations.

Examples of this type of inference include those leading to various fyes of
Boolean networks [3, 23{25] or systems of di erential equations [4, 18, 33], as
well as multi-state discrete models [22].

Depending upon the type of network analyzed, data availability and quality,
network size, and so forth, the di erent reverse engineering meiods o er
di erent advantages and disadvantages relative to each other. n Section 4.3.1,
we will explore some of the common approaches to their systematiosaluation
and comparison.

4.2.1 High-throughput Data for the Reverse Engineering of B iological
Systems

High-throughput experimental technologies can generally be caigorized, based
on their readouts, into the elds of genomics, transcriptomics, meabolomics,
and proteomics [2].

When developing reverse-engineering methods, it is important to uder-
stand the advantages and limitations of the various DNA, mRNA, metabolomic,
and proteomic approaches, their appropriate use, and the interpetation of the
information they provide. The current technologies for data colledion in these
elds are as follows:

Genomic technologies:  The main approaches utilized for genomic discov-
ery are: (1) whole genome sequencing, which entails the sequencing of
an entire genome without bias towards particular gene sequencesnd
(2) genotype analysis, which is focused instead on speci ¢ genes or par
ticular genomic locations. In turn, genotype analysis may consist of
the evaluation of the entire raw sequence of a particular gene or,lter-



REVERSE ENGINEERING OF BIOLOGICAL NETWORKS 5

natively, at a population level, the identi cation of Single Nucleotide
Polymorphisms (SNPs) located at discrete genomic locations. Revee-
engineering methods, like the one proposed in [30] often make use of
this type of data.

Transcriptomic technologies: Transcriptome analysis is based on the de-
tection and quanti cation of mRNA transcripts. The main advantag e
transcript pro ling provides, relative to genomic approaches, is the abil-
ity to capture the dynamic response of a biological system under dif
ferent conditions by measuring the expression pro le of thousand of
mMRNA transcripts. Transcriptomic data underlie a diversity of reverse
engineering methods. Typically, one compares wild-type data, which
represent a network's \normal" or default state to perturbation data,
which are obtained from mutants, gene knockouts (\gene silencin®, or
knock-downs (downregulation of expression through RNA interfeence
and other tools). Examples of reverse-engineering methods basen
this type of data are [15, 22, 32, 33, 39], to mention a few.

Metabolomic technologies: Metabolomics refers to the study of metabo-
lites { products or small molecule intermediates of biological processs
{ as they exist in a given cell, tissue, organ, or organism as a whole. Bi-
ological samples including cellular supernatants, blood, plasma, saliva
urine, and stool provide the source material, which is typically ana-
lyzed using nuclear magnetic resonance (NMR) spectroscopy or rsa
spectrometry (MS).

Proteomic and Protein activity technologies: Proteins are the ultimate
executors of cellular function, and thus are directly responsible fo a
biological phenotype. Proteomics is the study of the expression, odi -
cation and activity of proteins in order to better understand a biological
system.

4.2.2 Evaluation of the Performance of Reverse Engineering Methods

The reverse-engineering problem is by its very nature highly \ill-posé", in
the sense that solutions will be far from unique. This lack of uniquenss stems
from the many sources of uncertainty: measurement error, laclof knowledge
of all the molecular species that are involved in the behavior being arlgzed
(\hidden variables"), stochasticity of molecular processes, and s forth. In
that sense, reverse-engineering methods can at best provide pqoximate so-
lutions for the network that one wishes to reconstruct, making it very di cult
to evaluate their performance through a theoretical study. Indead, their per-
formance is usually assessed empirically, in the following two ways:

Experimental testing of predictions: after a model has been inferred,
the newly found interactions or predictions can be tested experimetally
for network topology and network dynamics inference, respectigly.
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Benchmarking testing: this type of performance evaluation consists on
measuring how "close" the method of our interest is from recoverig
a known network, referred to as the\gold standard”  for the problem.
In the case of dynamical models, one evaluates the ability of the mébd
of interest to reproduce observations that were not taken into acount in
the \training" phase involved in the construction of the model. On th e
another hand, for methods that only reconstruct the network topology
(wiring diagram), a varierty of standard metrics may be applied.

Metrics for Network Topology Benchmarking

Suppose that is the graph representing the network topology ofa chosen
\gold standard" network. Let ; be the graph representing the inferred net-
work topology. Each one of the interactions in ; can be classi ed into one of
the these four classes, when comparing to the gold standard:

(a) Correct interactions inferred (true positives, TP)

(b) Incorrect interactions inferred (false positives, FP)

(c) Correct non-interactions inferred (true negatives, TN)
(d) Incorrect non-interactions inferred (false negatives FN)

From this classi cation of the interactions, we compute the following met-
rics:

The Recall or True Positive Rate TPR= TPTP + FN)
The False Positive RateFPR = FP=(FP + TN).

The Accuracy ACC = (TP+ TN)=Totl whereTotl is the total number
of possible interactions in a network.

The Precision or Positive Predictive Value PPV = TPTP + FP).

As mentioned earlier, the reverse-engineering problem is undercstrained.
Every algorithm will have one or more free parameters that helps dect a
\best" possible prediction. Hence, a more objective evaluation of prfor-
mance has to somehow involve a range of parameter values. One w&y
evaluate performance across ranges of parameters is theceiver operating
characteristic (ROC)  method, based on the plot ofFPR vs. TPR values.
The resulting ROC plot depicts relative trade-o s between true positive pre-
dictions and false positive prediction across di erent parameter vdues (See
Fig. 4.2). A closely related approach is theRecall-Precision plot , obtained
by plotting TPR vs. PPV values.
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Figure 4.2 Receiver operating characteristic -ROC-space. De ned byFPR vs.
TPR values in a two dimensional coordinate system: a perfect r@rse engineering
method will ideally have score(FPR; TPR) = (0 ; 1) whereas the worst possible network
will have coordinates(FPR; TPR) = (1 ; 0) and scores below the identity line (diagonal)
indicate methods that perform no better than a random guess.
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4.3 CLASSICAL COMBINATORIAL ALGORITHMS: A CASE STUDY

We have briey discussed some basic aspects of reverse-enginagrof bio-
logical systems. Next, as a case of study, we focus our attentioon some
reverse-engineering algorithms that rely upon the solution of the s-called
\Hitting Set Problem". The Hitting Set Problem is a classical problem in

combinatorics and computer science. It is de ned as follows:

Problem 4.1 (HITTING SET Problem) Given a collection H of sub-
sets ofE = f1;:::;ng, nd the smallest setL E such thatL\ X 6 ; for
all X 2H.

The Hitting Set problem is NP-hard, as can be shown via transformaton
from its dual, the (Minimum) Set Cover problem [16].

We next introduce some reverse engineering methods based on théting
set approach.

Ideker et al. [17].

This paper introduces two methods to infer the topology of a geneegu-
latory network from gene expression measurements. The rst \retwork
inference" step consists of the estimation of a set of Boolean netwks
consistent with an observed set of steady-state gene expressipro les,
each generated from a di erent perturbation to the genetic network stud-
ied. Next, an \optimization step" involves the use of an entropy-based
approach to select an additional perturbation experiment in order to
perform a model selection from the set of predicted Boolean netwés.
In order to compute the sparsest network that interpolates the data,
Ideker et al. rely upon the \Minimum Set Cover" problem. An ap-
proximate solution for the Hitting Set problem is obtained by means of
a branch and bound technique [28]. Assessment is performedn Nu-
mero": the proposed method is evaluated on simulated networks with
varying number of genes and numbers of interactions per gene.

Jarrah et al. [15]

This paper introduces a method for the inference of the network opol-
ogy from gene expression data, from which one extracts state ansition
measurements of wild-type and perturbation data. The goal of ths
reverse-engineering algorithm is to output one or more most likely ne

proteins, etc), which we will refer to as variables. The state of a mtec-
ular species can represent its levels of activation. That is, each vable
X; takes values in the setX = f0;1;2;:::g and the interactions among
species indicate causal relationships among molecular species. Théan
ence algorithm takes as input one or more time courses of observanal
data. The output is a most likely network structure for the interac -
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The notion of consistency with observational data makes the assuaption

(t1;:::;th) at the next time step. A directed edgex; ! x; in the graph
of the network topology of this dynamical systemf indicates that the
value of x; under application of f depends on the value of;. Hence a

in Xp, if it is the network topology of a function f : X, ! X, that
reproduces the time course, that isf (sj) = sj+; for all i.

One possible drawback of reverse engineering approaches lies in taet
that they construct the \sparest" possible network consistent with the
given data. However, real biological networks are known to be nomin-
imal [36]. Although accurate measures of deviation from sparsity a&
di cult to estimate, nonetheless it seems reasonable to allow additioral
edges in the network in a \controlled" manner that is consistent with
the given data. As already commented in [17], it is possible to add re-
dundancies to the reverse engineering construction. The basic Hihg
set approach provides only a minimal set of connections, whereazal
biological networks are known to contain redundancies €.g., see [36]).
To account for this, one can modify the hitting set approach to addre-
dundancies systematically by allowing additional parameters to contol
the extra connections. Theoretically, in terms of the algorithm this cor-
responds to a standard generalization of the set-cover problenknown
as the set-multicover problem, which is well-studied in the literature,
and for which approximation algorithms are known [6].

The search for the topologies that interpolate the input data involves
directly the Hitting Set problem, which is solved analytically with the
use of a computational algebra tools.

The algorithms presented in [7, 20] also make use of Hitting Set algoititms, but
we will restrict our attention to the comparison of the two methods described
above.

4.3.1 Benchmarking RE Combinatorial-Based Methods

4.3.1.1 In Silico Gene Regulatory NetworksWe use data from two di erent
regulatory networks. These contain some features that are comon in real
regulatory networks, such as time delays and the need for a measement data
presented into discrete states (01;2;:::).

In Silico Network 1: Gene Regulatory Network with External P er-
turbations . Generated using the software package given in [26], the in-
teractions between genes in this regulatory network are phenonmmlogical,
and represent the net e ect of transcription, translation, and post-translation
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modi cations on the regulation of the genes in the network. The moctl is
implemented as a system of ODEs irCopasi [21].

This network, shown in Fig. 4.3, consists of 13 species: ten genes plthree
di erent environmental perturbations. The perturbations a ec t the transcrip-
tion rate of the gene on which they act directly (through inhibition or activa-
tion) and their e ect is propagated throughout the network by th e interactions
between the genes.

Gene Network With 10 Genes and 3 External Perturbations

Figure 4.3 Network 1: 10 genes and3 environmental perturbations. In this
network, the 3 environmental perturbations P1, P2 and P3 directly aect the
expression rate of genes G1, G2 and G5, respectively.

Network 2: Segment Polarity Genes Network in D. melanogaster
The network of segment polarity genes is responsible for patterndrmation
in the Drosophila melanogaster embryo. Albert and Othmer [1] proposed
and analyzed a Boolean model based on the binary ON/OFF represéation
of MRNA and protein levels of ve segment polarity genes. This modelwas
constructed based on the known topology and it was validated usingublished
gene and expression data. We generated time courses from this whal, from
which we will attempt to reverse-engineer the network in order to kenchmark
the performance of the reverse-engineering algorithms being elvmated.

The network of the segment polarity genes represents the last sp in the
hierarchical cascade of gene families initiating the segmented bodyf the fruit
y. The genes of this network include engrailed n), wingless (vg), hedgehog
(hh), patched (ptc), cubitus interruptus ( ci) and sloppy paired (slp), cod-
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ing for the corresponding proteins, which are represented by cal letters
(EN;WG;HH;PTC;Cl and SLP). Two additional proteins, resulting from
transformations of the protein CI, also play important roles: Cl may be
converted into a transcriptional activator, CIA, or may be cleaved to form a
transcriptional repressor CIR . The expression of the segment polarity genes
occurs in stripes that encircle the embryo. These key features ahese pat-
terns can be represented in one dimension by a line of 12 interconried cells,
grouped into 3 parasegment primordia, in which the genes are expssed every
fourth cell. In Albert and Othmer [1], parasegments are assumed tde iden-
tical, and thus only one parasegment of four cells is considered. Thefore,
in the model, the variables are the expression levels of the segmenblarity
genes and proteins (listed above) in each of the four cells, and thestwork can
be seen as a 15 4 = 60 node network. Using the wild-type pattern from [1],
we consider one wild-type time series of length 23.

| TP FP TN FN TPR FPR ACC PPV

Network1

Jarrah Exact Sol D7 12 34 113 10 5454 231 .7396 .2609
Jarrah Exact Sol Q5 9 49 98 13 4090 .3334 .6331 .1551
Jarrah Exat Sol 15 7 46 101 15 .3181 .313 .6390 .1320
Karp Greedy Approx R1 9 49 98 13  .4090 .666 .016 .084

Karp Greedy Approx R2 11 63 84 11 5 571 .020 115

Karp LP Approx. R1 7 46 101 15 .318 .687 .014 .064

Karp LP Approx. R2 9 59 88 13 409 .598 .018 .092

Network 2

Jarrah Exact Sol { { { { { { { {

Karp Greedy Approx R1 4 3321 91 124 031 .026 .923 .042
Karp Greedy Approx R2 15 3254 218 113 .117 .062 .908 .064
Karp LP Approx. R1 3 3279 93 125 .023 .026 .939 .031

Karp LP Approx. R2 9 3285 187 119 .070 054 .915 .045

Table 4.1  Comparison of RE methods

4.3.1.2 Results of Comparisonin this section we compare the results ob-
tained after running Jarrah et al.'s and Idekeret al.'s methods on each of the
above networks. Computations were made on Mac OS X, Process@GHz
Intel Core 2 Duo.

As we mentioned in Section 4.3, for Jarrahet al.'s method, the input data
must be discrete. Hence in order to apply this reverse-engineeringethod to
network 1 we discretize the input data, considering then di erent discretiza-
tions as our running parameter to test Jarrahet al.'s method in the ROC space.
We speci cally use three discretization methods: a graph-theordt based ap-
proached \D" (see [10]), as well as quantile \Q" (discretization method on
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Figure 4.4 Segment Polarity Genes Network on theD. melanogaster. This network
consists of the interaction of 60 molecular species: genes and proteins.
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which each variable state receives an equal number of data valueghd inter-
val \I" discretization (discretization method on which we select thr esholds for
the di erent discrete values).

For Ideker et al.'s method we have considered both Greedy and Linear Pro-
gramming approximations to the Hitting set problem as well as redundncy
values (how many extra edges one allows) dR =1 or 2.

We have displayed some our results on Table 4.1. We observe that for
network 1, Jarrah et. al.'s method obtains better results than Idekeret. al.'s
method when considering these values in the ROC space, although tiofare
very poorly. On the another hand, we observe that Idekeret. al.'s method
achieves a performance no better than random guessing on this tweork. In
contrast, for network 2, Jarrah et al.'s method could not obtain any results
after running their method for over 12 hours, but Ideker et al.'s method was
able to compute results for such network in less than 1 minute. Alsodeker
et al.'s method improved slightly its results when the redundancy number is
increased; this might indicate the shortcoming of inferring sparsemetworks
when they are of larger size containing redundancies.

4.3.2 Software Availability

The implementation of Jarrah et. al.'s algorithm [15] is available online through
the web interface provided athttp://polymath.vbi.vt.edu/polynome/ . The
implementation of Ideker et al.'s algorithm [17] is available online through the
web interface provided at http://sts.bioengr.uic.edu/causal/

4.4 CONCLUDING REMARKS

In this chapter, we rst provided a brief discussion of the biological reverse-
engineering problem, which is a central problem in systems biology. As
case study, we then focused on two methods that rely upon the $ation of
the \Hitting Set problem", but which dier in their approach to solve t his
problem, thus leading to di erent performance.

In terms of network inference power, we hypothesize that, for he smaller
network, the poor quality of the results when using Jarrah's apprach might
be ascribed to the type of data used: in [15] it is claimed that the metiod
performs better if perturbation data is added. The algorithm has the ability
of considering both wild-type and mutant data to infer the network, and
probably results would improve if using such additional data. In the case of
Ideker et. al.'s method, in both networks we think that it is possible that
the low quality of results could be due to lack of ability of using more than
one time series at a time, as well as the fact that the implementation bthe
method does not include self loops (self-loops are edges connectiagnode
to itself which may, for example, represent degradation terms in bichemical
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systems). We believe that this feature is fundamental for a good prformance
of the algorithm.

When comparing the computational e ciency of the approaches, e should
keep in mind that there will always be a di erence between exact soluions
and approximate solutions based upon greedy algorithms or linear mrgram-
ming relaxations. However, since the size of the networks was fairlgmall, it
is possible that the reason for which Jarrah's method did not nd a sdution
within a reasonable time might lie in encoding issues rather than intrinsic
computational complexity of the problem.
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