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ABSTRACT

Biological systems are complex in many dimensions as entti@ssportation and
communication networks all function simultaneously. Obitity to intervene within both
healthy and diseased systems is tied directly to our aliditynderstand and model core
functionality. The progress in increasingly accurate dmatdugh high-throughput mea-
surement technologies has provided a deluge of data fromhwinre may attempt to infer a

representation of the true genetic regulatory system.

A gene regulatory network model, if accurate enough, manalis to perform hy-
pothesis testing in the form of computational experime@fgyreat importance to modeling
accuracy is the acknowledgment of biological contexts withe models — i.e. recogniz-
ing the heterogeneous nature of the true biological systadrttze data it generates. This
marriage of engineering, mathematics and computer scigiicasystems biology creates a
cycle of progress between computer simulation and lab expatation, rapidly translating

interventions and treatments for patients from the bentchededside.

This dissertation will first discuss the landscape for mimggihe biological system,
explore the identification of targets for intervention in Bzan network models of biologi-
cal interactions, and explore context specificity both iwgeaphical depictions of models
embodying context-specific genomic regulation and in nawellysis approaches designed
to reveal embedded contextual information. Overall, tresetitation will explore a spec-
trum of biological modeling with a goal towards therapeutitervention, with both formal
and informal notions of biological context, in such a wayttwédl enable future work to

have an even greater impact in terms of direct patient bemefin individualized level.
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CHAPTER 1

INTRODUCTION

Biological systems are complex in many dimensions as enttssportation and commu-
nication networks all function simultaneously. Our alilib intervene within both healthy
and diseased systems is tied directly to our ability to ustded and model core function-
alities. The progress in increasingly accurate and thdrdugh-throughput measurement
technologies (e.g. DNA microarray) has provided a delugdaté from which we may
attempt to infer a representation of the true underlyindesys Such a representation (or
model), if accurate enough, may allow us to perform hypashtesting in the form of

computational experiments, including intervention andtod studies.
1.1 Gene Regulatory Networks

Gene regulatory network models of biological systems aaplgcal structures describing
the interactions of genes and/or gene products governedramscription of messenger
RNA. Many different models of gene regulation have been stlidvith ultra-specific or-
dinary differential equation models on one end of the specto the coarse Boolean model
on the other end. With increasing interest in other biolabemntities, including proteins,
cellular components, biological processes, and even dthgse same models have also
been applied to more general biological interaction nekaoin our work we first spend
time with a classic model for biological systems, namelyBlo®lean network. The work
then evolves towards newer models for gene regulation asiddgical interaction — models

which specifically incorporate the idea of biological coste

Modeling

There is no shortage of models to choose from for approximgdkie behavior of biological
systems. Depending on whether one wishes to simply simbé&tavior, make predictions

and/or provide a framework for analysis, an appropriateehodist be used. When model-

1



ing biological systems one is faced with a choice as to howpoasent the steady behavior
inherent in a system. Whether that steady behavior takesthedf a phenotype, a disease
state, a subtype of disease, or a regulatory process rabpstturbation, we must have a
way to represent these biological contexts accurately iveeo learn from it and/or use it
to make novel predictions or inferences. We explore thes&eh with the end goal of be-
ing able to design interventions to shift us to desirabladgddehavior states. This journey
begins within the Boolean network model, whose steady statectors have been show
to adequately represent phenotypes of disease. The anmythis framework, while elu-
cidating, reveals a modeling decision: do we take an exjstiodeling framework, such
as the Boolean formalism or perhaps Bayesian networks, modet ®iological system
and then attempt to extrapolate contextual understanddrgfb we instead work within a
modeling framework explicitly designed to represent hijidal contexts? The answer, of

course, is “it depends”, as we find tremendous insight froth Bales in this dissertation.

Intervention

Before venturing into new context-based models with the evad gf designing interven-
tions, we first explore the classic Boolean network model. fbhedation for our work on
intervention analyses has been laid gradually over thefdastlecades. Stuart Kauffman
was the first to apply the Boolean Network model to biologigatems, as he showed that
despite the inherent simplicity, the framework was suffiti® model many complex dy-
namics [1]. Later, work by Andy Wuensche made special egpilon of the steady states
of Boolean network dynamics, known as attractors, and was tabtorrelate them with
biological phenotype [2]. More recently the stochasticeesion to Boolean networks,
namely Probabilistic Boolean Networks (PBNs), was propose8hmulevichet al,; the
addition of uncertainty and switching behavior to the Bonle@del made this framework
even more suitable for biological system modeling [3]. TEBNFramework was utilized

for studies on external system control [4, 5], as well asistidn intervention to avoid
2



undesirable states[6, 7]. With this motivation we contigapproaches for identifying key
variables likely to function well as intervention targetsfias single variables, second as

multiple variable cohorts.

Context

Reserving formal discussion for later, the idea of a biolah@ontext is the idea that the
behavior of a particular biological system alters underaffiect of stimuli—-perhaps from a
desirable steady state of health to an undesirable steatydtdisease. Interest in mod-
eling this behavior has been steadily increasing with owleustanding of the biological
system and with the advances in high-throughput measutdaswmology. Initial attempts
at modeling this behavior naturally started with existingdals; the switch-like behavior
of the PBNs mentioned above as well as the basins of attraictiBnolean networks can
be interpreted with contextual implications. However tlesice to make contextual in-
terpretations based on biological modeling is not limitedliscrete dynamics. Work by
Segal [8] used existing knowledge sources as well as clogtés find sets of genes that
are either functionally co-related or expressed, which lead to the idea of a context.
Using another model, Bayesian networks[9], Grzegorazlyklproposed a way to learn
non-homogeneous Bayesian networks that can represenplawtnditions[10], which
fits with the idea of context as well. Other recent works shotgrest in identifying pat-
terns specific to certain biological contexts [11, 12], ilatienships between sets of genes
and biological/clinical characterization of data sampleks 14], and in identifying context-
specific activity of known biological networks [15, 16, 18]1 As these context-specific
models stabilize in the coming years, we will be able to Idaom our previous path of
intervention studies on classical models and design neemiention strategies to take ad-
vantage of this new perspective of context specificity. hils motivation we contribute
both graphical depictions of a context-specific matherahtiodel for genomic regulation

as well as analysis approaches detailing how to identifyi@ant behavior in the system.
3



1.2 Problem Definition

This section formulates the problems of modeling, intetieenand context in gene regu-

latory networks. We attempt to answer the following quesio

e “Can we identify targets for intervention to change or presdsiological steady

states (i.e. contexts) within the classic framework of Banlaetworks?”

e “Can we extend the idea of a gene regulatory network to exiglioiodel context

specificity?”

e “Can we provide an analysis approach for context-modelirigzoixs such that we

can identify biologically meaningful content?”

Challenges

To answer the above questions we must overcome the folloghiatienges:

1. Navigate the exponential state space of the Boolean nietwodel

a) We must design measures and analysis methodologies wduehl the key
variables in a Boolean network through analysis of the basfrattraction.
Oft neglected in favor of topological or attractor-only §s#s, the potentially

immense basins of attraction can reveal additional insight

b) Because the size of the basin of attraction field quicklyobezs too large to
process in full, we must design further measures and asatysthodologies

designed to work despite partial information concerniregdasins of attraction.
2. Create graphical depictions of models for contextual ggeaoegulation

a) Significant work has been put into a powerful mathematioadiel for contex-

tual genomic regulation, however the results are not in agtviorm and thus
4



cannot benefit from network-based approaches. We must fuctafiway to

represent the idea of a biological context graphically.

b) Once a graphical depiction of a contextual model is efstiaddl, we must ensure
the analysis capability of the model and refine or extend ¢peesentation as

necessary.
3. Design methods for extracting biologically meaningfohtextual information

a) With a graphical depiction of a model for contextual germoragulation, we
must define a methodology to stratify the important infoipracontained in

the representation.

b) Due to the widespread availability of curated biologikabwledge, we must
define a methodology to incorporate this plethora of ada#iansight into our

models to further elucidate contextual information.
1.3 Overview of Work

Presented here is a brief outline of the tasks focused onnatitis dissertation to address

the challenges and solve the problem questions.

1. Identify targets for intervention in Boolean netwarkxploit the logical nature of the
Boolean network states to reduce complexity and form mireshizpresentations of
attractor basins. Define measures to identify key variabbes minimized represen-
tations. Demonstrate how key variables have significawortinfluence and may
function well as targets for intervention. Extend methodglto larger networks for
which complete knowledge of the basins of attraction is russgble. Demonstrate
methodology on synthetic networks. Apply methodology toedlastudied biological

network.



2. Create graphical depictions of models for contextual gemoragulation Extend
existing mathematical model for contextual genomic retiuteinto a graphical rep-
resentation. Apply the model to real networks based on thghughput biological
data. Check capabilities against related approaches. Reithexéend the model as

needed to ensure feasibility of analysis.

3. Provide an analysis approach for context-modeling netwtwkdentify biologically
meaningful contentDesign an analysis approach for new graphical depictidns o
models of contextual genomic regulation. Identify biotmdly meaningful contex-
tual information. Validate findings applied to real netwsbased on high-throughput

biological data. Compare findings to related approaches.
1.4 Outline of Dissertation

This dissertation is divided into four main content chaptas well as several supplement-
ing appendices. The first question of identifying targetsifitervention in Boolean net-
works is contained within Chapter 2 and Chapter 3, as well asréfferenced appendices.
Within Chapter 2, the methodology section refers to the miation of our representations
of basins of attraction and describes new single variabkesomes for small networks. The
results section details application of the methodologyat@ous biological systems, includ-
ing human aging, the yeast cell cycle, melanoma, leukemid ralated work in artificial
intelligence planning. Within Chapter 3, the methodologgtie® details the extension of
the ideas in the previous chapter to a multivalued intergartarget called a template. It
goes on to define intervention templates formally and givalgarithm for their discovery,
measures to quantify the top performing templates, andegtgdor a simulation experi-
ment to validate their robustness. The results sectionlsi¢he results and implications of
the template simulation experiment and demonstratescgpiolh of the contribution on a

large T-LGL Leukemia network.



The second and third questions are each addressed withichamters. Chap-
ter 4 describes our initial work extending the mathematisatlel of contextual genomic
regulation into a graphical depiction. It first covers thguisite background information
regarding the model, followed by a detailed descriptiorhefrnethodology for creating the
network. In the results section we apply our work to a biatagdata set for cancer and

compare our approach and findings with related techniques.

Chapter 5 again answers the second and third questions, thuthginext genera-
tion of our work in Chapter 4. While the first graphical depiatif the contextual model
for genomic regulation resulted in significant findings, #malysis approach was com-
plex. Building upon the work established in Chapter 4, Chapext&nds to a new graph-
based model designed to model contextual behavior, spabifsubtypes of disease. The
methodology section details the technical approach wheer¢sults section demonstrates

our application to two cancer networks.

Chapter 6 summarizes the results and concludes the dissertadbwever supple-

mentary information referenced in the chapters is incluslighlin the appendices.
1.5 Individual Contributions of Dissertation

As with all research, the work in this dissertation was dmlative. To clarify and delin-
eate the individual contributions of the author, the folilegvlist of individual contributions
is given for convenience. The works are described as a wioofacilitate understand-
ing, however this reference identifies exactly which aspetthe works presented are the

contributions of the author.

¢ New method for identifying targets for intervention by arrhg Boolean network

basins of attraction (Chapter 2)



¢ New method for identifying multi-variable targets for intention in large Boolean

networks requiring a sampled view of intractable state apéChapter 3)

¢ New graphical depiction of a mathematical model for contakgenomic regulation

(Chapter 4)

e New ad hocanalysis approach for the graphical depiction of contdxg@gmomic

regulation to identify biologically meaningful contexuskers (Chapter 4)

e New graphical depiction of a context-based model: a contd)xgene set interaction
network, specifically STEP Il and STEP IV of the approachaaning Bayesian

network learning and identifying condition specificity (@her 5)

¢ New knowledge-based annotation and validation approackdntextual gene set

interaction networks to reveal contextual information ewhdied within (Chapter 5)



CHAPTER 2

IDENTIFYING TARGETS FOR INTERVENTION BY ANALYZING BASINS OF
ATTRACTION

A grand challenge in the modeling of biological systems &sitlentification of key vari-
ables which can act as targets for intervention. Booleanar&sware among the simplest
of models, yet they have been shown to adequately model nfahg complex dynamics

of biological systems.

In this chapter we explore a novel analysis approach bas#teddoolean network
model for biological systems (see Appendix A for a formalatggion of Boolean net-
works). With their discretization of variable behavior@N/OFF or 1/0 values, Boolean
networks are a coarse model, yet their usefulness as manelarfous systems, especially

biological systems, has been well established.

Our work shows that logic minimization (i.e. classical aitalesign) of the collec-
tions of states in Boolean network basins of attraction revieay players in the network.
Furthermore, we demonstrate that the key players identiyethis method are often ex-
cellent targets for intervention given a network modelingi@ogical system. More im-
portantly, we show that the key players identified are noaagmt from the attractor states
alone, from existing Boolean network measures, or from atbermon network measure-
ments. We demonstrate these claims by applying our methadatell-studied yeast cell
cycle network, to a WNT5A network for melanoma computatignptedicted from gene

expression data, and to a model for human aging.

With our modeling groundwork laid at the Boolean end of thecspen, we will
have a useful motivation and reference point for the moreptextechniques and models

described in later chapters.



2.1 Motivation

The very nature of medicine is to know when and how to inteevienorder to shift the
steady behavior of a system to a more desirable state[1€4llydsuch interventions would
be as minimally damaging as possible; however we know thpetaally with diseases such
as cancer, interventions like chemotherapy are anythingnimimal. In the path towards
personalized medicine and individualized treatments withimal collateral damage, de-
signing and studying interventions that take advantageipsgstems-level understanding
and available data is and will remain of paramount impotams working with compu-
tational models allows us to perform tests, execute sinangat and make predictions in

inexpensive ways that require no human subjects[20].

Biological systems are complex in many dimensions as entligssportation and
communication networks all function simultaneously[2kdpite its simplicity, the Boolean
network model has proven to be quite viable at approximatertain aspects of biological
processes[19]. For example, it has been used to simulaye#st cell cycle [21], which we
looked at closely in our work [22]. It has also been used tatate the expression pattern
of segment polarity genes Drosophila melanogastd3], as well as the vocal commu-
nication system of the songbird brain [24, 25]. Since Kaaifra seminal work[1] there
have been countless variations and extensions of the useaé@onetworks for mod-
eling biological systems, and various inference procesliteee been proposed for them

[26, 27, 28].

Yet despite the great progress that has been made in Booleaorkenodeling of
biological systems, much of the analysis has been focusestvork topology, or on the
attractor states themselves. Often neglected, howewstharexponentially sized basins of
attraction. We wish to determine what can be elucidated timse parts of the state space

in terms of identifying targets for intervention.
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2.2 Related Work

Within the world ofin silico modeling and intervention studies, significant groundwork
has been laid. Boolean networks allow modeling at the mosplgied extreme of the
spectrum due to their coarse discretization of values toddlaand their simplified, rule-
based update mechanism, yet have still been shown to aéégoetdel complex behaviors
seen in the biological system, as previously mentioned. ppehdix A we give formal
descriptions of Boolean networks, the basin of attractiold fieey generate, as well as
pertinent algorithms. Over thirty years after Kauffmarésmsnal work [1], Shmuleviclet
al.[29] pioneered work on a stochastic extension to the modkdprobabilistic Boolean
networks (PBNs), which share the rule-based nature of Boaleamorks but also handle
uncertainty well. Within this extended framework of PBNsjdsés were performed by
Dattaet al]4, 5], which focused on external system control; studie$hiet al]6] and

Choudharyet al[7] explored intervention in PBNs to avoid undesirable state

One major challenge in using Boolean networks is the expaalegrowth of the
basin of attraction field with the linear growth of the numbgvariables, prompting others
to work in the Boolean framework itself to achieve some kinthgrovement. The reader
is referred to Appendix A for formal descriptions of basifiatbraction, also called the state
space or state transition diagram. The approach of Richarg8d) attempted to shrink
the size of the state space through the careful removal ozéim nodes” and network leaf
nodes. The smaller state space then lent itself more retadie discovery of attractors and
basins by sampling methods. Dubraeaal [31] explored properties of random Boolean
networks, particularly their robustness in the face of togiwal changes and the removal
of “redundant vertices”, thus shrinking the state space. |&\&iffective in shrinking the

state space and removing extraneous nodes, neither of ietb@ds is looking for key

11



players in a system or possible intervention targets; ihldath methods have the chance

of eliminating such variables.

Willadsen and Wiles [32] reduce Boolean network state spgcerd&ating what
they callschemasUsing a ternary representation with ones, zeros and willdcgimilar to
the don’t-cares of logic minimization, they are able to teean abstract representation of
Boolean network basins of attraction, which they use to gfyamiynamics and robustness.
These schemas provide the authors with a convenient waypoésenting groups of re-
lated, neighboring states as they compute a state spacgtmeba metric callesitructural
coherency While powerful in exploring relationships between statacgpstructure and
robustness in random Boolean networks of up to a couple daagables, the approach is

not intended to identify standout variables that can fuomcts intervention targets.

In an attempt to achieve certain analysis goals, 8aal{33] as well as Schlattest
al.[34] convert their Boolean models of biological systems imgpergraphs, which gener-
alize graphs with edges connecting sets of vertices ingtbprt pairs or singletons, thus
lending themselves to representing Boolean functions. Baplers use analysis techniques
to identify important pathways, network motifs and feedblops. The work of Schlatter
et alalso mentions the discovery of relevant hubs in the netwBtkggleset al[35] con-
vert to a different graphical structure, namely Petri ndtsmaking this conversion, they
use the logic minimization technique we employ, albeit infeecent way. While each of
these methods achieves some kind of improvement on what wesem with a classical
Boolean network, like PBNs, each is forced to add to the Booleandlism and translate

to another framework where analysis can be performed.

Maji [36] does not use a Boolean network but nonetheless woittsthe notion
of state transition using a related discrete model: fuztlylee automata. His work uses

multi-valued logic and presents a new way of identifyingaattor basins; however it does
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not focus on the identification of intervention targets ie gystem. Maet al[37] also
employ the notion of a state transition space without theatliuse of a Boolean network.
Using their regression model they strive to classify coneatdes (genes in their case) as
they decompose state space trajectories. Their methodgveowis dependent on time-
course data, and furthermore its primary focus is at thevgmtHevel and not the variable

level.

Wuensche [2] and others also have studied the basins ottadtran traditional
Boolean network models of genomic regulation, specificélérelationship of their struc-
tures to the stability of attractors (cell types) in the fadeperturbations. Despite the
usefulness of basins of attraction in biological modelitiggy are often neglected in fa-
vor of the attractor states when it comes to analysis duedio ttansient nature and size
complexity. Despite the neglect concerning the basinstad@ton themselves, as they are
collections of states leading into corresponding attractice. phenotype, careful analysis
of these basins could reveal interesting biological charatics that determine cell fate.
Furthermore, such analysis would not require the tramsiatf the Boolean network into
any other type of model; In this section we describe a newyaigapproach to using the
Boolean network model in identifying biological targets fiotervention through the basins

of attraction.
2.3 Background

A Boolean networkB(V,f) is made of a set of binary nod¥s and a set of function§
where the binary value of each variable at tifhe- 1) is determined by the status of other
variables at timét) by means of its personal Boolean update function. The wirfrigrec-
tion input variables to output variables creates a “wiringgdam”, or network topology,
and the progression of each variable’s value as Boolean efdiattions are applied cre-
ates the state transition dynamics of the network. Theseezies together allow Boolean

networks to be used as discrete dynamical models of thedaalbsystem.
13



Formal definitions and formulas governing the Boolean net@malism, as well
as the algorithm for enumerating its state transition dyingnare given in full in Appendix

A.
2.4 Methodology

Our approach employs a logic minimization algorithm to &lthe Boolean states com-
prising Boolean network basins of attraction to minimal esgntations, and it is from
these minimizations that we identify single-variable m&ntion targets. We first describe
logic minimization and how it relates to the Boolean netwarknialism. Next we intro-
duce measures for small networks to identify single vaeiabiervention targets from the
results of the logic minimization; we demonstrate the uisefss of these measures on 5-
variable and 8-variable random networks. Once our measurgésnalysis approach are
established, in the Results section we make applicationveralestudies, including human
aging, the yeast cell cycle, a melanoma cancer study, adelabrk involving artificial

intelligence planning, and on a large leukemia network.

Logic Minimization

Logic minimization (or reduction) is a classic problem frdigital circuit design employed
to reduce the number of actual logic gates needed to implemgiven function [38].
With careful logic minimization one can reduce the numbegafes required and thus
include more functionality on a single chip. Minimizatiatentifies variables which have
no influence on the outcome of a function and marks them apptefy as adon't-care

As a simple example, we take the Boolean functigha B) V (—-AAB) (2 signals, 4 gates).
Since the role oA changes whil® remainsON with the same output, it is clear to see that

the only influencing variable iB, which can be given with just that signal itself (O gates).

In this study, we employ the Espresso tool [39], which is aiséia logic minimizer

designed to efficiently reduce logic complexity even fog&aproblems. We supply as
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Figure 2.1: Five-Variable Example Boolean Network and Stasmsitions: On the left is
the network topology and Boolean function inputs for eachalde. On the right are the
32 states comprising the state transition diagram pargtidnto two attractor basins.

input the set of states in a particular basin of attractprithe complete state space is
comprised entirely of all basins (i.4.J;B; = 9)); this input comprises th®N-cover(or
truth table) in disjunctive normal form (DNF) for a Booleamfition whose output i©N
for the states oB; ({xi, VX, V---VXi, } — ON) and whose output i©FF for the states of
S\ Bi. Espresso analyzes this cover and returns a minimal (thnaghecessarily unique)
DNF set comprised of one or more terms, denoleé {t,,ti,,--- ,tiy}, whereN < M.
Theset; have some variables set @N (denoted 1), some set ©FF (denoted 0), and
some set adon’t-care (denoted “-"). The presence of these don’t-care variablesome

terms is what allows the reduction.

To demonstrate logic reduction on an example related to etinodology, consider
a 5-variable Boolean network (Figure 2.1, left). We exhae$tienumerate its state space
following Algorithm A.1, which partitions the state spaoéd two basins of attraction, each
leading to cyclic attractors of length 2 (Figure 2.1, righithe larger basin (basin 1) is made
up of 24 of the 32 states and the smaller basin (basin 2) centhe remaining 8 states.
Logic minimization reduces the 24- and 8-state basins tg ®@aind 1 term(s), respectively
(Figure 2.2). In Figure 2.2, the dashes in the reduced teemresent don’t-cares, and the

bits in the bit strings represent the states of the five viagin the orden;, g2, g3, 94, Js.
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( 00000 10000 ) ----0
00010 10010 --1--

00100 10100

00101 10101

)
00110 10110 00001 o1
00111 10111 00011

01000 11000 01001
01010 11010 01011
01100 11100 10001
01101 11101 10011
01110 11110 11001
\\91111 1111%‘) \11011)

Figure 2.2: Example Boolean Network Basin State Minimizagtio®n the left are two
boxes containing each state in the two basins shown on theafdrig. 2.1. On the right
are the terms produced from applying logic minimizationdotebasin. The larger basin is
reduced to two terms with one value each (OR relationshiywdsen the variables) and the
smaller basin is reduced to one term with two variables sBifAelationship between the
variables).

Inspection of reduced terms immediately identifies the ingee ofgs andgs. To
demonstrate their utility as targets for intervention, \suane that one of our two attractors
is some kind of undesirable state (e.g. the presence of 8)rand that the other attractor is
some kind of desirable state (e.g. the absence of tumors)k, Tihwe are in an undesirable
basin of attraction we would be interested in the minimainéntion needed to “jump” to

the desirable one. The variables identified by our methoe gs/precisely those targets.

To see this, let us fit our previous hypothetical wighas a tumor suppressor gene
andgs as an oncogene, and let basin 1 be the desirable, healtldy stede and basin 2
be undesirable. Take the first of the two terms in basif4:--0]. What this tells us
is that if we take any state in either basin and neggté.e. suppress the oncogene), we
will end up in a state somewhere in basin 1, which will therdlea to the corresponding
desirable steady state attractor. A similar trigger is tbunth the second termf--1--]
(i.e. activating the tumor suppressor gene). The térr0-1] tells us that to jump from
anywhere to the undesirable basin 2 we need to negat@d activateys simultaneously

(i.e. inhibit the tumor suppressor gene and activate thegeme). While intuitive, this be-
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havior could not be found by simple topological inspectimnbhy studying either attractors
themselves. For example, ignoring self-regulation, thewariables with the highest num-
ber of incident edges in the original Boolean network@randgs. We have reported on
gs’'s importance in the network through our method, and thisnse® be corroborated by
its large degree. However our method has revealed thewelatiimportance of1, which

is given the same ranking gs by topological considerations. So while topological inspe
tion may lead is in the right direction, it may also lead usast Regarding the attractor
states themselves, we first cannot know in advance whattiaetatrs will look like. If an
attractor analysis depended on point attractors, or Igregea@ttractors with many states,
it could never count on seeing those types of attractorsygiree. In the case of our toy
example, the two attractors are givenfs= ([00000], [01000]) andA, = ([00001],
[01001]). We may be able to notice the abnormal behaviagothough it is actually not
significant, and we may be able to recognigeas a differentiator, though it would be diffi-
cult to draw such a conclusion based on attractor stateg aloke topological inspection,
attractor state analysis may reveal some items of inter@st fime to time, but it may also

be misleading.

Single Variable Interventions for Small Networks

After applying logic minimization to a set of Boolean funct®one is left with a minimal
DNF representation comprised of a set of terms containires operos, and don’t-cares.
We have shown how to identify important variables in a veralmxample, but a more
formalized method is needed to identify key variables argbitde targets for intervention

from the minimized terms in larger problems.

Popularity, Term Power and Variable Power

To this end we introduce three simple measures. The firstnseasure how frequently a

variablev is required to bé®N or OFF across different terms, callé&pularity (p), and is
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defined below, whererepresents the number of timeis set inT; andy represents the total
number of terms if;. Next, we define terms which are powerful due to the combnmedto
effect of their few set variables (e.g. if a five-variablentelnas one variable set and four
listed as don't-cares, that one set variable controls #d@nfigurations covered by the
don’t-care variables (half of the state space)). This teroulds be more powerful than
a term with two variables set and three don’t-cares, whickeoonly 8 configurations
(one-fourth of the state space€llerm Power(Pr) is defined below, whera is the number
of variables set in a termt)(andb is the number of variables irt)( Given the notion
of term power, one can also consider variables which presige powerful terms to be
potentially important and powerful intervention targedariable Power(R/) is defined
below as the average term power over the terms in whishexplicitly configured, where
n is the number of terms whekeis set,y is the total number of terms ifj, andv is the

variable in question.

p(v) =X/, (2.1)
Pr(t)=1—a/bh, (2.2)
R/(v) = _ipr(tiﬂ(v is set intj),n > 1, (otherwise0), (2.3)

Related Measures

There are various network centrality measures often useétimork studies, particularly
concerning biological networks, to identify important iednles. We have already touched
on the degree of a node, but we also consider, for compatisemetwork centrality mea-
sures ofbetweennesgentroid value andeccentricity High betweenness indicates that a
variable is crucial in maintaining connections betweereptlariables. The centroid value
for a variable provides a weighted centrality index. A higleentricity measure indicates
that all other nodes are in proximity. Full definitions as Mad biological explanations
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(a) Network Topology (b) Basin of Attraction Field

Figure 2.3: 8-Variable Random Boolean Network: On the left aethe network topology
and Boolean function inputs; on the right we see the statesitran diagram partitioned
into two attractor basins of sizes 160 and 96, respectively.

can be found in Appendix C, as well as in the supplementarynmétion of Scardonet
al.[40], but in short, network nodes with the most extreme valioe these measures can

be correlated with biologically significant nodes, poss#len intervention targets.

For the Boolean network formalism, there are also variapkeific measures known
as Influenceand Sensitivityfor a variablex;, denotedr(x;) ands(x;), respectively. The
reader is referred to Shmulevieh al[29] for formal definitions and Appendix C for fur-
ther discussion. In short, in biological Boolean networkasiables with high influence
have the potential to regulate the dynamics of the netwarl, so they are of interest to
this study. Sensitivity represents the degree to which ebkr is affected by other vari-
ables, and so of the most interest are variables with theekighfluence and the lowest
sensitivity. Since our measur@sandR, are specific to each basin, this presents an unfair
advantage over the network-generalityr¢%) ands(x;). Thus, we extend the measures
shown in Shmuleviclet al. [29] to be specific to a particular basin of attraction by rpani
ulating the joint probability distribution of the state spawhile Shmuleviclet alassign a
uniform probability to all states, we simply assign a zerolgability to any state not in the

basin and assign a uniform probability to states within.
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Example Application

In order to demonstrate the use of our single variable measamd also to reinforce our
claim regarding the utility of our methodology over otheraseres, we offer larger ex-
ample random network. We create the 8-variable network shawig. 2.3(a) in which
we assign one, two or three random inputs to random Booleactifuns for a balance
of simplicity and dynamic behavior. This network was sintethusing Algorithm A.1
and resulted in two basins of attraction, shown in Fig. 32.3(Basin 1 included 160
states converging on a cyclic attractor of length tw01011101] and [11011100]), and
Basin 2 included the remaining 96 states, which convergecdhothar cyclic attractor of
length two [00011100] and[11011101]). After applying logic reduction, the 160 states
in Basin 1 were reduced to a set of three terms, and the 96 sth®asin 2 were re-

duced to a set of four termsT; = {[0---—- 00] VvV [1----- 10] vV [1---—-- 011}, To =

After analysis with the measures defined in the previous@eatve find, based on
high p andR;, g1, g7 andgs to be of interest. Because eachgaf g; andgg are explicitly
configured in each of three terms for the larger basin and it ®04 terms in the smaller
basin, their scores fqg andR, are each identical and overshadow the remaining variables.
These results can be seen in Table 2.1. In this example, wa abaerve that simply
identifying vertices in the graph with high degree does rextessarily reveal important
variables. With self-loops removed to prevent inflation efcee counts, the variables with
the highest degree age with six incident edges angh with four. From our analysisy;
is one of the most important variables. However the variabte the highest degreep,
has been shown to have no influence at all in our analysis. Wieendtwork centrality
measures of betweenness, centroid value, eccentricithade degree are calculated for
this toy network (Appendix C), we find thgg is frequently reported with high scores, just
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Table 2.1: 8-Variable Example Network Metrics and MinindZ&erms: In this table we
observe several measures across the eight variables. Tiosvreolored boxes represent
the minimized terms from which the first measures are caledldn those green indicates
1, red indicates 0, and yellow indicates a don’'t-care vallige first measures shown are
popularity and variable power, and the later measures #ueite and sensitivity. While
influence and sensitivity reportegd, they sometimes missed or incorrectly reported others,
such asys, g7 andgsg.

Basin 1 (Larger) | Basin 2 (Smaller)

Variables p(v) Py(v) p) Py rx:) s(x;)
81 1.00 | 0.63 0.75]1 0.71 | 1.75 | 1.75
82 0.00 | 0.00 0.00 | 0.00 1 1
83 0.00 | 0.00 0.00 | 0.00 0 0
g4 0.00 | 0.00 0.00] 0.00| 15 0
8s 0.00 | 0.00 0.00 | 0.00 1 0.5
86 0.00 | 0.00 0.00 | 0.00 0 0
87 1.00 | 0.63 0.75] 0.71 0 1.25
8s 1.00 | 0.63 0.75] 0.71 1 1.75

like our approach.r(x;), in fact, identifiesg;, g7 andgs as important, which match our
three best. However, several of the measures, incluslixg, incorrectly dismisgy7, and
many measures also elevate which is shown mathematically to have no real intervention
capabilities. Other network centrality and topology measwand results are also discussed

for this network in Appendix C.

Thus for networks of a size manageable enough to exhauséneimerate the states
space with Algorithm A.1, popularity and variable power ¢tenused to identify key vari-
ables which make excellent candidate intervention target#\ppendix B we perform a
simulation based experiment to identify the best singléalde measures between popu-
larity, power, and those referenced in Appendix C. We fourad gopularity, power, and
their combination in the form of an harmonic mean, are caestl/ the top performing
single variable measures. As we will see in the coming sectarger networks present

some problems for these measures and require a differerelg&td approach.
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The contributed analysis approach for identifying targ@tentervention in Boolean
network models has many opportunities for insight and esgptbe combinatoric nature of
the state space of Boolean networks while adapting to theg. drirst, logic minimiza-
tion is used to eliminate unimportant variables and formimai representations including
don’t-care values, which are promptly exploited by the oboted measures. We identify
variables overlooked or incorrectly reported by topolagjimeasures, centrality measures,
or attractor state analysis. Additionally we are able tmeisde this standout behavior with
specific values and specific attractor basins, telling ugusbtwhat to intervene upon, but

precisely how and precisely where.
2.5 Results

In this section we summarize the results of applying ourymmlapproach on a variety
of networks, from a hand-made model for the systems bioldgggong, to a hand-made
gene regulatory network for the yeast cell cycle, to a cormpanally-predicted gene reg-
ulatory network for a WNT5A melanoma network. We also sumpsatine validation and

usefulness of our findings in our related study which usese@feh techniques to design

intervention plans.

Application to Systems Biology of Human Aging

The systems biology of human aging is a complex, quantédgtiwcess. Many theories
regarding senescence involve the roles of cellular compsnsuch as mitochondria and
lysosomes, as well the transportation and accumulatioamdws entities. In recent years,
work by Furber[41] has amalgamated the research of manyipemhbiogerontologists
into a large chart illustrating many of the leading theoneshuman aging. The chart is
organized into cellular components and describes manigcatdr processes qualitatively,
along with their input and output entities. The chart is shawFigure 2.4. Using this net-
work we construct and simulate a Boolean network and apphgmail networks analysis

approach to the basins of attraction.
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Figure 2.4: Chart of Human Aging: Original Image Copyrigh2010 John D. Furber. All
rights reserved. Used by permission.

23



Processes

Figure 2.5: Boolean Network for Aging: On the left we have aeled) for the shapes
of the nodes in the connected network, with circles for lgatal entities, hexagons for
cellular components, and diamonds for biological procesBeolean function input values
are represented by the edge endpoint shapes, with arroshejicsenting logical 1 and
inhibition marks representing logical 0. The actual fuocs are shown in Table 2.2.

Network Construction

For this study we chose to mainly model the mitochondria gisddome cellular com-
ponents along with a few involved entities in the cytoplasmd aucleus. First the afore-
mentioned sections of the chart were examined for essestigties and their involved
processes, each of which constituted a variable in the Boaletwork representation. For
our study we ended up with 18 variables. The 18-variable Booteetwork can be seen in

Fig. 2.5.

Once variables were formed, Boolean functions had to be ™éeted from infor-
mation encoded in the chart. A Boolean conversion of the ategmtesentation, which
describes events at several different levels of granylatita qualitative level, is difficult
since entities and processes must be distilled down to vergliied interpretations. To
simplify interpretation, a Boolean state of 1,0N, was designated as “present”, “healthy”,
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Table 2.2: Abbreviations and Functions for Aging Networlatélthat/, vV and— represent
logical AND, OR and NOT, respectively.

Full Name Short “Good” Function
apoptosis apop 0 —mtdnaV (—=lymemA lipo)
lysosome membrane ly mem 1 —ros
lon protease lonp 1 ndna
mito. proteins mt prot 1 Iy —ros
mito. dna mt dna 1 (mt prot imm) Vv —ros
inner mito. membrane imm 1 —ros
mitochondria mito 1 mt dn& imm
lipofuscin lipofuscin 0 ros\ (junk v ions)
metal ions ions 0 —cell antiox
reactive oxygen species ros 0 mt meth202 A ions)
mito. metabolism mt met 1 mito
nucleus dna ndna 1 ndna rep-ros
cellular antioxidants cell antx 1 ndnadiet antx
hydrogen peroxide h202 0 (ras(cell antxV diet antx))
dietary antioxidants diet antx 1 self regulated
junk junk 0 rosA (—lyso v —mito)
nucleus dna repair ndna rep 1 —ros
lysosome lyso 1 lymeny —lipofuscin

“functioning”, “intact”, etc., while a Boolean state of 0, @FF, was designated as “ab-
sent”, “damaged”, etc. It should be noted tidtl does not always correspond to “good”
and OFF to “bad”; there are many undesirable entities and procesbesh are “good”
when they ar@®OFF and vice versa. Whether an entity, process or component iiatdks
or not depends on the context of the study. For example, apispts a necessary process
to maintain healthy cells. However, in this particular @iapoptosis is taken to mean the
premature death of a damaged cell unable to repair itselfsaiit is considered undesirable
in this model’'s context. Based on these designations, Bodlgaions were determined
for the state of each variable, with some assumptions madbdaeffects of combinatorial
inputs (in this study up to three inputs per variable) whendhart's descriptions did not
give enough direct information. The functions assignedsamvn in Table 2.2, along with

which state of the variable is desirable.
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Network and State Space Properties

The encoding of the Boolean network was then processed in MMBT[42], producing the
state transition matrix for all 262,144 states, leadinghte¢ attractors—one point attractor
(fed by a basin with 131,072 states), a cycle of 9 statesr{lsze 114,176), and a cycle of
3 states (basin size 16,896). Each attractor was scored badeow many of its variables
were found to be in a desirable state. In this way, a “degréealth” was assigned to each

attractor.

The first and largest attractor had the singleton (poinaetitr) with a basin size
of 131,072 states. The attractor was interesting in thatsthge of every variable was
undesirable; thus, this attractor could represent thetweaie of aging, namely death. Un-
fortunately it is less interesting to study such an attnaatothere is not much intervention
to do at that point. The third attractor was a cycle of thre¢est, fed by the smallest basin
of size 16,896, which represented a stable cycle of somewhdéred health. The second
attractor was a cycle of nine states, fed by a basin of sizel¥®4which, like the third
attractor, represented a stable cycle of relative healtiik&the third attractor, the “good”
states in this one were better and the “bad” states were m@tchsT hus we took this attrac-
tor to represent a cycle of relative health and one the mastad#e to be in. We were able
to minimize the 131,072 states of the first basin to just onglsiterm. We minimized the
16,896 states of the third basin to just 12 terms, and we nieidinthe 114,176 states of
the first basin to just 12 terms also. For the minimized basimgtraction we calculate our
small network measures of variable popularity and poweetah variable. These values
and the attractor state classifications can be seen in Tebl©ther network centrality and

topology measures and results are discussed for this netwéppendix C.
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Table 2.3: Three Attractors with Small Network MeasuresHoman Aging: Good and
Bad columns are given for visual reference to the attracttest(since 0/1 values differ).

Singleton Cycle (3) Cycle (9)

Variables | Good p(v) Py(v) pv) Py p(v) Py
apop | © ] 1
ly mem 1 I
lon p 1 II I
mtprot | 1  []o.50] 0.60 | |]
mt dna 1 I
imm 1 | 0.61
mito 1 || }o.67] 0.61]] 0.33] 0.76
lipofuscin| 0 I I III
ions 0 ([ []o.50] 0.60 | | ]] 0.33] 0.74
ros 0 i 0.61 0.33] 0.79
mtmet | 1 [o.83] 0.62 | ]
n dna 1 I I
cellantx | 1
h202 0
dietantx | 1
junk 0
ndnarep| 1
lyso 1

Top Targets for Human Aging

For the singleton attractor basin the measures are trilnaeshere is only one term in
the reduction. What we find, however, is that dietary antiarid control the fate of this
basin. If they are in an undesirable state (i.e. absent), nioematter the influence of the
other variables, we will end up in the “bad” attractor. Thihhvior is clearly extreme.
While critical to any person, not taking one’s dietary anitlats certainly has a more
subtle response in real life. This behavior can likely belatted to the fact that dietary
antioxidants are represented by the only root node (i.enpotifunction) in the Boolean
network, which gives it much control and heavy influence dwer other variables. We
note one must always consider the coarseness of the Booledel,raad in this case, the

multiple levels of abstraction inherent to a general modéhe perpetual event of aging.
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Moving on to the 3-cycle attractor, we find more stable resulb addition to the
dietary antioxidants we find two other popular variablesnely the inner mitochondrial
membrane (IMM) and the damaging reactive oxygen specieSjR@ this case it is the
popularity which reveals our standouts as all variableb atity popularity have roughly the
same power. Biologically, the identification of these twoiahles is perfectly reasonable,
especially that of ROS. ROS clearly plays a central role enttipology, but the impor-
tance of the health of the inner mitochondrial membranevsaked by our method; its

importance is not so evident given the attractor statestantbpology.

The 9-cycle attractor seems to be quite similar to the 3egyekcept more robust
due to the size of its basin. The main difference is the iresgdamportance of the mito-
chondrial metabolism, whose popularity is elevated abd®& R\ot to be forgotten, how-
ever, ROS sees a slightly elevated power metric, which isgméo make it stand out from
the others and be included among the most important. Thesioei of the mitochondrial
metabolism into this upper echelon of variables is biolaliycappropriate given its role in

the production of ROS.

Summary

We have demonstrated the utility of our analysis approaca network size approaching
the limits of exhaustively enumerable state spaces andlfkewy variables with relevant bi-
ological significance. Demonstrated also is the dominahabier of control nodes, which
can sometimes mask the behavior of lesser variables we maydvested in. This lesson
led to one of the motivations to remove the control nodes@ffth GL Leukemia network
discussed later if3.5. We have extended this work by applying the results gfdhalysis

to a related study on Artificial Intelligence Planning, dietlater in this results section.
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Figure 2.6: Yeast Network and Key Basin of Attraction

Application to the Study of the Yeast Cell Cycle

As another proof of concept on a gene regulatory network wiexp our methodology
to a well-studied Boolean network model of the yeast cell€y2ll] and show that key

variables described in the manuscript are identified by ppr@ach.

Network and State Space Properties

In their paper, Liet almanually construct a Boolean network modeling the yeastyele
using 11 of the most important genes out of the approxima&ety known to play a role
in the process. This network is simulated and results inrsbasins of attraction, one of
which is by far the largest and was studied exclusively ingager. The network and this
basin are shown in Fig. 2.6. In the large basin of attractidmich included 1,764 states
and covers 86.1% of the state spaceetalwere able to trace the trajectory of the yeast
cell cycle from one of the fringe, or “Garden of Eden” [2],tetdown to the eventual point
attractor state. The Boolean network adapted froretlal along with the state transition

diagram it yields is shown in Fig. 2.6.
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Top Targets for Yeast Cell Cycle

After applying logic minimization to the 1,764 states of tagge basin we are left with a
sum of 39 product terms. An abstraction of these terms caed®is Fig. 2.7. The and

R/ measures were calculated for each of the eleven genes ietilvenk, with our measures
revealing the popular variables to include Clb5,6, Clb1,8,the most powerful variable to
be CIn3. Since the CIb5 gene (part of the Clb5,6 variable) isritestas being responsible
for driving the cell into the S phase (in which the DNA is syedized and chromosomes are
replicated), it seems reasonable to find it strongly reprteskin the minimized basin. If
the role of Clb5 were not known beforehand, analysis of thenbaghe manner described
could identify it as important (and in tHeN state) even though it ©FF in the eventual
attractor state. The Clb2 gene (part of the Clb1,2 variabls)ated as being responsible
for the transition in and out of the M phase (in which chronmses are separated and the
cell is divided into two). Thus, like Clb5,6, it is not surgng to find it among the most
frequently specified variables in the basin representiegctil cycle. The most powerful
variable, cyclin CIn3, was described in the paper as thedriggmmitting the cell to the
division process. Despite its importance, we find it onlylexy configured in 2 of the
39 terms in the reduced basin (once @FF and once folON), which ranks it lowest in
the p measure. However, because these two terms are the mostfploWwdn3’'s R, score

is quickly elevated.

When traditional network centrality measures of betweesinesntroid value, ec-
centricity and node degree are calculated for this yeastarkt(see Appendix C), we find
that Clb1,2 and CIb5,6 are frequently reported with high ssopest like we find using
our approach. This is also the case when influence[29] isilzabd based on the Boolean
network properties underlying the topology. However, thatrality measures also report
variables such as ClIb1,2, SBF and MBF, which are shown matheatigtby our method to
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Genes 39 reduced terms across columns pv) |Py(v)
CIn3 0.05 0.82
MBF 0.31 0.63
SBF 0.38 0.65

CIn1,2 0.28 0.56

Cdh1l 0.36 0.62
Swi5 0.21 0.55
Cdc20 0.46 0.62
Clb5,6 0.54 0.62
Sicl 0.46 0.62
Clb1,2 0.49 0.62

Mcm1 0.49 0.60

Figure 2.7: Yeast Network Terms and Small Network Measur&sross the central
columns we see the 39 minimized terms vertically for the Tiatdes, with yellow mean-
ing a don’t-care value.

have little intervention power whatsoever. Furthermdrese measures give little consider-
ation to other key variables, including CIn3 and Mcm1, which@&pproach mathematically

shows to have some intervention capabilities.

Summary

In summary, our single variable approaches report the kaghlas described by Let al.
and missed by traditional measures, and avoids reportingemeatically weak variables

reported strongly by traditional measures.

Application to WNT5A Network for Melanoma

After applying our approach to hand-made networks, we apptynethodology to a well-
studied WNT5A network computationally predicted from a melaa data set [43, 44, 45].
In our previous work [45], the original data set was narrowledn to the ten most crit-
ical variables; these were selected out of 587 total on tlseslud their strong interactive
connectivity and either their known or likely roles in WNT5Aien induction of an inva-
sive phenotype in melanoma cells, or their close predictlationship with these genes.
For each of the ten variables, we were able to identify theehmost ideal predictors out
of the remaining nine. Using this connectivity and a binamamgization of the original

data set, the best binary logic functions were inferred &mhetarget minimizing the Bayes
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S100B

Figure 2.8: Melanoma Network

error[46, 47]. From these functions, the Boolean networkstate space was enumerated,
and attractor states identified (See Fig. 2.8 and Fig. 2199.réader is referred to the cited

publications for detailed information on the data and catiagy.

Network and State Space

This network is unique among all studied in this chapter at thcontains only one basin of
attraction leading to an attractor cycle of four statessTiesents a rare and interesting sit-
uation, namely, that our analysis approaches no longeyaBplcause logic minimization
of the complete state space will minimize into a trivial tdagy (all variables are don't-
cares), our popularity measures cannot be calculated.egs®n for this situation is likely
the small size and generalization of the WNT5A system praVimethe network (and men-
tioned in our previous work[45]). However there is still simsight to be gathered by our

approaches.

Leading into the four state cyclic attractor are four basibteees, comprised of
714, 278, 28 and 4 states, respectively and shown in Fig. IRve consider these basin
subtrees as though they were individual and separate basrtan see if any key variables

govern access to the attractor in one subtree over the offt@ssconcept naturally extends
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Figure 2.9: Melanoma Basin of Attraction Field: Just left ehter we see the diamond-
shaped four-state cyclic attractor. The top node in thiseclias the smallest basin subtree
of just four states (including the attractor state). Clodevio the next attractor state is
the largest subtree with 714 states occupying the entihe sige of the figure. Next is the
278-state subtree along the bottom and left of the figureallyithe final attractor state
roots the 28-state basin subtree extending upward.

to actually separate basins, and in that way this invesbigatill lend further insight into

established results.

Top Targets for WNT5A Network

For the largest basin subtree, the popularity measureiidehPIR as the top scorer, and
since it is known that “cytoplasmic localization of PIR magpresent a characteristic of
WNT5A network for melanoma progression”[48], we are not sisgal to see PIR atop
the largest basin subtree. For the second largest basiresulour popularity measure
reports PIR and also RET-1 as the top scoring variables, dutitio as significant stand-
out behavior as the first basin. The third and fourth basing loaly 28 and 4 states,

respectively, and thus their results do not reveal any card-out variables.
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When compared to the network centrality measures, as wetiflaence and sen-
sitivity [29], PIR and WNT5A were the top ranked standouts.wdger, some measures
dismissed RET-1 by including it among the mid to lower scowagables, despite influ-
ence potential discovered by the popularity measure. WHikedables in such a small,
carefully selected set will bear some significance, our @ggn simply reveals those with

true intervention potential given the network dynamics.

Summary

In a rare situation where a small network results in a singlgrbof attraction, we have
observed a couple interesting trends despite the inherability to apply our full method-

ology. By isolating basin subtrees we are able to see that where are enough terms
to work with, the popularity measure successfully iderdifiefluential variables, some of

which are looked over by centrality measures.

Related Study: Artificial Intelligence (Al) Planning

In our recent work [49] using the previously discussed agimgjyeast networks, we formu-
lated intervention plans designed to trigger moves betweerteady states of our systems.
The work was an extension of an earlier study [50], and bexatigur unique approach we
were able to identify basin-specific intervention stragegiith theA0* search algorithm.
These intervention strategies were found to improve upaor pd planning and search
techniques based on dynamic programming, produce bia@bgimeaningful results, and
furthermore these results aligned with the identified weation targets from the small

network approach of the previous sections.

Al Planning in the Aging Network

Regarding the aging network, in investigating intervenptans designed to move between
all pairings of basins, we are able to create interventianpivhich simulate treatments as
well as natural aging and deterioration. In our previoudg{b1], one characteristic of the
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“unhealthy” basin was that every one of the states had thehtarfor dietary antioxidants
in the zero state. This fact was capitalized upon in all eglahtervention plans, which
quickly complemented dietary antioxidants to get in/outhaf basin. Our previous study
[51] showed that the importance and role of dietary antiamid was elevated by certain
network topology characteristics, and its importance wasfioned and utilized in the
formulation of intervention plans as well. To get to and frtm “average health” basin,
which had the smallest share of the complete state spadépadtinterventions needed to
be devised. After dietary antioxidants, reactive oxygestggs (ROS) was the variable next
recognized as a critical intervention target as it was usad the unhealthy to the average
basin and from the average basin to the healthy basin. ROgShwhad maximal variable
popularity scores and high power scores, was used in saddrcomplemented forms to
make those specific adjustments needed to get to and fronvéhage health basin. The
selection of these two key variables is quite relevant Ilgiglally, as they are found to be
at cross purposes within the cell. As ROS are damaging aeelurtities which accumulate
with age and deterioration, dietary antioxidants work tatredize their effects. Thus, it
is quite biologically relevant to see these two variablesdus various combinations to

intervene both as treatment and as aging effects.

Al Planning in the Yeast Network

The same approaches were applied to the yeast network gndeserventions to get to
the principle basin containing the entire cell cycle. Liketlhe aging network, our high-
scoring variables were featured prominently in the plaspgeially with those involving
the largest basins, but we also saw the criticality of lesgguful variables in navigating
interventions from the smallest (rarest) basins. Thusirttezvention targets identified by
our logic reduction methods were validated by our Al plagnapproaches; furthermore

the roles of intervention targets with lower values of papiy and power were revealed
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by the planning results to be the key players in navigatingnaller, more precise basins

of attraction.

Regarding the yeast network, with over 86 percent of the yagbtycle network
state space covered by Basin 1, planning for interventiomismtetwork was less a question
of healthy vs. unhealthy, as it was with the aging network,rbare a question of normal
v. abnormal. As [21] show that the entire cell cycle can bentbwithin Basin 1, we
aim to find out how to get to and from Basin 1 in our interventid¢ang. The variables
selected include SBF, MBF, MCM1, CInl,2, and Swi5. In the previstudy [51], SBF
and MBF were found to be variables with high power in Basin 1. échstheir selection
is quite warranted. Furthermore, the selection of MCM1 majesat sense as MCM1 has
relatively high popularity scores in Basin 1. However, thkesion of CInl,2 and Swi5
are slightly more puzzling as they had low scores reportedarsame study. We do see a
trend in the selection of low-scoring variables for intariien plans involving rare basins
(i.e. Basins 4-7, which combined total just over one percéth@total state space). This
is because these low-scoring variables are what end upaggpaBasins of such small
sizes; they are the difference makers. In one case, nantelyw@ming on Basin 1 to get
to Basin 7, no solution was able to be found, even with the udevefcoring variables.
For the converse case, from Basin 7 to Basin 1, we see the use tbvirscoring Swi5
variable, as Basin 7 is only one single state, to make therdiifee to Basin 1. Finally, we
see the widespread use of the high-scoring variables feniantion plans to and from the
larger basins as those variables define the biggest diffesan state space trends between

Basins.
2.6 Chapter Summary

Our work thus far has clearly established a usefulness ityzing basins of attraction

in identifying intervention targets. Our use of logic mineaation significantly reduces
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the representation of basins of attraction, and the prapaseasures stratify the terms,

revealing the key players in the system and how to manipthet®.

Our smaller networks, both hand-made and inferred, havaged clearly identi-
fied intervention targets that are not always evident iraattr states themselves, in the net-
work topology, or even from various existing measures, lgofiph-theoretic and Boolean-
network-specific. Perhaps the most important aspect ofew@ated intervention targets is
the fact that they are both basin- and value-specific; inrotloeds, we providing not just a
target, but how exactly to intervene (value) and also a cmewhich the intervention is

appropriate (basin).

In our toy networks with 5 and 8 variables, we demonstrateddkas behind the
measures, exactly what information they can extract, antesdear distinctions from re-
lated measures. In making application to the handmade nletwmodeling some of the
systems biology behind human aging, we were able to idebitfpgically meaningful in-
tervention targets as well as determine for which desiretesy steady states (i.e. disease,
health, etc.) they are most effective. Our work on the systbrlogy of human aging
also showed the applicability of this approach to modelscafes approaching the limits
of exhaustive state space enumeration. The analysis ofeast gell cycle network also
demonstrated that our methodology can identify key vaesbi the system. We were able
to systematically identify three important variables ddxx specifically by the original
study and propose others for further study. Our applicatiothe WNT5A network for
melanoma demonstrated the applicability of our approagiome hand-created networks
to networks inferred from biological data; furthermore ¢angets identified for interven-
tion had been previously validated by laboratory studieimalfy, the application of our
small network approaches to Al planning showed how this @ggr can assist existing

intervention planning strategies.
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With small network sizes, however, it is likely that many iahtes will either be
important in some way (known beforehand) or may even repteme amalgamation of
multiple entities. Thus, intervention targets revealed/ha true, but they may also be
obvious depending on the study. This, along with the fadttthasingle variable measures
begin to fail in larger networks requiring a sampled statcepmotivates us to expand our
approach towards larger networks with dozens of variabidsw@ore, allowing us to include
variables which are less well known and that may not be olsviotervention targets. In
Chapter 3 we introduce a multiple variable intervention eéapproach to supersede the
small network popularity and power measures, thus makirsgipte the identification of

powerful intervention targets despite sampled state space
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CHAPTER 3

TEMPLATE-BASED INTERVENTION IN BOOLEAN NETWORK MODELS OF
BIOLOGICAL SYSTEMS

The identification of key variables which can act as targatgtervention remains a grand
challenge in the modeling of biological systems. In the pmas chapter we utilized a
logic minimization approach to identify quality single \arle targets for intervention from
the state space of a Boolean network. However, as the numbariables in a network
increases, the more likely it is that a successful intereaendtrategy will require multiple
variables. Thus, for larger networks, such an approachyisimed in order to identify more
complex intervention strategies while working within thenited view of the network’s
state space. Specifically we address three primary chalefog the large network arena:
the first challenge is how to consider many subsets of varsakihe second is to design clear
methods and measures to identify the best targets for gnéon in a systematic way, and

the third is to work with an intractable state space throwghping.

We introduce a multiple variable intervention target ahlie template and show
through simulation studies of random networks that thesplates are able to identify top
intervention targets in increasingly large Boolean netwoWe first show that, when other
methods show drastic loss in performance, template metsiools no significant perfor-
mance loss between fully explored and partially sampled &uoolstate spaces. We also
show that, when other methods show a complete inability calyce viable intervention
targets in sampled Boolean state spaces, template methatsaimaignificantly consistent
success rates even as state space sizes increase expigneittidgarger networks. Finally
we show the utility of the template approach on a real world|Baw network modeling

T-LGL leukemia. Overall, these results demonstrate howptata based approaches now
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effectively take over for our previous single variable aygmhes and produce quality inter-

vention targets in larger networks requiring sampled sipsees.
3.1 Motivation

The very nature of medicine is to know when and how to inteevienorder to shift the
steady behavior of a system to a more desirable state[1€4llydsuch interventions would
be as minimally damaging as possible; however we know thpeaally with diseases such
as cancer, interventions like chemotherapy are anythibhgnimimal. In the path towards
personalized medicine and individualized treatments withimal collateral damage, de-
signing and studying interventions that take advantageipsgstems-level understanding
and available data is and will remain of paramount impoams working with compu-
tational models allows us to perform tests, execute sinagt and make predictions in

inexpensive ways that require no human subjects[20].

In our recent work [22], detailed in the previous chapter,engloyed a logic re-
duction algorithm to reduce the Boolean states comprisiad#sins of attraction to min-
imal representations, and from those minimizations wetitied high quality intervention
targets comprised of single variables. These approachesimeéncomplete on their own
for one key reason. With small network sizes (less than 2@s)dt is likely that many
variables will either be important in some way (known befaned) or may even represent
an amalgamation of multiple entities. Thus, interventiammgeéts revealed may be true, but
they may also be obvious depending on the study. This meswvaitir work to expand our
approach to larger networks with dozens of variables anepadiowing us to include vari-
ables which are less well known and that may not be obvioesvahtion targets. Thus, for
larger networks, a new approach is required beyond ourquewvork in order to identify
coherent, multivalued intervention targets while workimgyith the limited view of the net-

work’s state space. In this chapter we introduce the tempfdased approach to supersede
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the small network popularity and power measures, thus mygkaissible the identification

of key players from sampled state spaces.
3.2 Related Work

In §2.2, we cover some key contributions to the application oflBaw networks to mod-
eling biological systems. These summarized works alsderéteour work in this chapter,
as we seek to extend our previous approach to larger networksnultiple variable inter-

vention targets.

Over thirty years after Kauffman’s seminal work [1], Shnuidd et al[29] pio-
neered work on a stochastic extension to the model calldabpibstic Boolean networks
(PBNs), which share the rule-based nature of Boolean netwmrkslso handle uncer-
tainty well. Within this extended framework of PBNs, studiesre performed by Dattet
al.[4, 5], which focused on external system control; studiefalet al[6] and Choudhary

et al[7] explored intervention in PBNs to avoid undesirable ftate

Work by Bryceet al[50] progressed along the idea of connecting biologicarint
vention design to Al planning problems, expanding on wodkfDattaet al[4, 5]. These
intervention plans can be perceived as multiple variablestioning as an intervention
strategy, which is a parallel goal with our work in this cleptOur previous work [49]
formally mapped the biological intervention planning deoh to a finite horizon partially
observable Markov decision process (POMDP), using refiols Chapter 2 as inputs for
developing intervention plans. While this formulation gexted high quality sequentially
administered intervention plans, it takes as input a seanéiles upon which to intervene,

and is not designed to elucidate the intervention targetsifielves.
3.3 Background

This chapter is an extension of the methods and resultsiiessan Chapter 2, especially

regarding logic minimization and the single variable imetion target measures of pop-
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ularity and power. It is also based upon the Boolean netwainéwork and associated

algorithms presented in Appendix A.

For a reasonable number of variables, enumerating'atates in the state transi-
tion diagram is not an issue. By starting at each state andiiagothe network forward,
each attractor and its basin can be enumerated. Exhaustiveegation is the best possi-
ble situation for logic minimization because with more statmore common values can
be identified and summarized in the reduction. In contrasigerwthe number of vari-
ables grows large and requires a partial enumeration adatadly a sampling approach,
this greatly hinders the reduction step and results in manyaiming terms with fewer
don't-cares. Enumerating the full state transition diagrans in time exponential in,

specificallyO(2"), due to computing the next state for each of tAstates.

We found in the previous chapter that, for networks of a sizamageable enough
to exhaustively enumerate the states space, popularityanmble power can be used to
identify key variables which make excellent candidaterwgation targets. As described in
Appendix B, we have performed a simulation experiment totifiethe best single vari-
able measures between popularity, power, and related mesadescribed in our previous
work[22]. We found in a simulation study over thousands efd@m networks with be-
tween 7 and 16 variables, that popularity, power, and thamtination in the form of an
harmonic mean showed the most statistically significarfedihces in intervention suc-
cess rates of all 14 methods compared. Included in the casopanere Boolean network

measures as well as graph theoretic measures.

Unfortunately, however, larger networks present somelpros for these measures
and require a different approach. The problems in largevors manifest because pop-
ularity and power depend heavily upon the reducibility af thasin of attraction field. In

larger networks, where we are forced to explore the basinti@dcion field by sampling,
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the reducibility of the state space is greatly hindered amdsmgle variable measures are

rendered unusable.

In this chapter we contribute a multiple variable intervemtarget called a template
and show how, even in large networks with sampled state sptuw they are still able to
identify powerful targets for intervention. Thus we willesthe template approach effec-
tively taking over for the former single variable measurespecially in larger networks.
Finally we contribute an example templates application TeL&L leukemia network and

analyze the implications of our approach on this real watkhsirio.
3.4 Methodology

As the number of variables in a biological interaction netvncreases, the more likely
it is that a successful intervention will require multiplariables. In fact, in our work in
Al planning[49], we found that a planned sequence of intetieas was an effective way
to transition to a desired steady state. Our previous measafr popularity and power
are capable of identifying multiple high value interventitargets separately in smaller
networks. In this section, we will introduce interventi@miplates to take into account the
multivariate effects of gene regulation and propose anagubr to address larger networks.
We will be faced with several challenges such as: 1) how tcsiden many subsets of
variables in each basin of attraction, 2) to design cleahoud and measures to identify
the best template based intervention targets in a systemvai, and 3) to work with an
intractable state space through sampling to cope with targgvorks. We end by outlining

a robust simulation study designed to illustrate achievenmethese three areas.
Template Based Intervention Targets
Let the termtemplatendicate a subset of variables (ordering not important)specific 0/1

(OFF /ON) configuration. Let the terrk-templaterefer to a template witk variables; call

the maximum value ok being considere&. Thus, forn variables there exisyis ; 2%(})
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templates, wherk = 2 implies doublesk = 3 implies triples, etc. This follows fronfy)
ways of selecting unique sets of variables fromtotal, X binary value combinations for

each of those sets, amdvalues ofk.

Since a template is a subsetrohetwork variables assigned to a specific Boolean
configuration, each template wikivariables covers2 X other states. The smallest extreme
is a template withk = 1, or a 1-template, which is a single variable assigne®Roor
OFF. The largest extreme would be a template viith n — i.e. a single state in the state
space. Such a template would cover no additional statesldwai provide any further
insights, and would be trivial to count. In practideis typically small, in the range 1-5
depending om. Because there al(é")(ﬂ) templates for ever¥, counting (and studying)
quickly becomes intractable. However this is not typicaliyissue when seeking to identify
intervention targets in biological networks since the diffiy of intervening increases with

the number of variables required in the actual intervention

Our combinational analysis involves counting the occurecof each template re-
maining in the minimized DNF termdl) of the original basins of attractionBy), and is
described in Algorithm 3.1. The algorithm executes with atime exponential om and

the size of the templates.

1 foreachBasin B : B do

2 fork=1:K do

3 foreach Templatetemplate ; for j = 1 :2¢(}) do
4 foreach Termt, : T; do

5 if Templateemplatg ; is found int; then
6 increment countémplatg ;) for k

Algorithm 3.1: Template Analysis in Attractor Basins
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Template-Based Scores for Intervention Target Selection

With the vast number of templates we require ways to idermtifgs most likely to make
the best intervention targets. After counting the occureeof all templates in all basins,
we begin by analyzing the most frequently counted templaggsotential top intervention
targets. Since logic minimization can greatly reduce th@asentation of the attractor
basins (and thus the overall template counts), we provigEansl measure to identify top

templates with frequencies diminished by the logic mingtian step.

Template Frequency (F)The most frequently counted templates in a particular
basin are the first place to look for templates likely to make intervention targets. By
examining the set of term§ (reduced states with some don’t-care variables) of a basin
Bj, we can, for each of thg=1: (2¥)(}}) templates, count how many times that template

appears in the terms a@f. Formally,

Fj i is the final count of occurrencest@mplatg  in the set of term§;j (correspond-
ing to basinB;). The maximum value oF; is 21—k wherek is the number of variables
in the template, though in practice the valueFpf is much lower, especially when state
spaces are exhaustively enumerated and then greatly eeydegic minimization. We

can rank templates Wy ; to find top template candidates.

Template Basin Distribution Percentage ([Just because latemplate is the most
frequently counted template in a particular basin does poessarily mean that it is the
most significant. Sometimes, especially when logic minatian is able to significantly
reduce the number of states in a basin to a much smaller setroétthe frequencies of
important templates will be diminished due to the introdwtbf many don’t-care values.
Thus we need a way to identify these high-value templategsitgetheir lower frequencies
of occurrence. To do this we consider the distribution of dipalar template across all

basins, or in other words, the affinity of a template to a palér basin. Since templates
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can and often do appear in terms of multiple basins, we witidate the ratio of occurrence

in each basin and of the total number of occurrences. Foymall

Fji

= — 0 (3.1)
Yme1Fim

Dj,i

wherelL is the total number of basing,is the template number, amds the basin
number. Like frequency, for each basin, we can rank the tat@pby this ratio to find top

template candidates.

These template measures provide two ways to identify a swlbsemplates war-
ranting further investigation. By analyzing templates amtre highest values d¥;; we
will identify variables occurring together in a particulaasin most often. By analyzing
templates among the highest valuedgf we will identify variables that may not be the
most frequent, but retain the most affiliation with a pataciasin even after logic mini-

mization.

Intervention Targets

For each basin of attraction, full or partial, we can comphébest intervention targets us-
ing the following eleven methods. The first three methodspris®e the best of the previous
small network measures, namely, popularity, power, anid tiz@monic mean (abbreviated
POP, POW, and HPP). The next four are the top templates of $iZ2 3 and 4 computed
according toD (abbreviated K1TBDP, K2TBDP, K3TBDP, KATBDP). The final four are
the top templates of sizes 1, 2, 3 and 4 computed accordifg(&bbreviated K1IFREQ,
K2FREQ, K3FREQ, K4FREQ). For the simulation study describtet ia this section, we
compare the single best template identified by each of tHeseremethods. For our ap-
plication to T-LGL leukemia, we examine the sets of top teaigs identified by KIFREQ,
K2FREQ and K3FREQ.
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lllustration

To illustrate the concept simply, let us consider for nowuhesducedstate space of the 5-
variable example network shown in Fig. 2.1. The states filugrdiagram are collected and
listed in Fig. 2.2 (left). We will count a few specific tempatvisually from the complete
set (on the left), but later on in practice we will count teatpk from the set reduced by
logic minimization (on the right). We can quickly see frone tiiramatic reduction (Fig. 2.2
(right)) thatgs andgs are the key players in the network and that they display estitrg
behavior between the two basins. As such let us examine ellydl2-templates involving
g3 andgs and observe their frequency and template basin distribytaiterns. We begin

with k = 1, and follow its discussion with = 2.

We will first consider the four 1-templates involvirgg andgs and look for any
disproportionate patterns among the two basins. By inspedf the states of basin 1
we can quickly see that each of the 16 occurrencegef 1 and ofgs = 0 are counted
there, and that these are the only 1-templates with a maximait of 16 in either basin.
These counts are contrasted in basin 2 where we find the llaeraorgs = 0 andgs =1
(opposite configuration) counted the maximum of 8 timescgsithere are only 8 states in
the basin). With no logic reduction in this example, thEsealues produce proportional

values that elevatg; = 1 andgs = 0 for basin 1 and)zs = 0 andgs = 1 for basin 2.

Next we consider the 2-templates involviggandgs. Basin 2 counts just one 2-
template the maximum of 8 times — precisely the template m@ngaafter logic reduction:
g3 = 0 andgs = 1. Basin 1 counts 15 of the 40 total 2-templates 8 times, 12 ahtb
times, 12 of them 4 times, and 1 of them zero times, but cownts exclusively. Of the 15
templates counted 8 times in basin 1, the 3 templategsfandgs dissimilar to basin 2 are

found among them.
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With the increased value &fwe observe more dramatic template basin distributions
and now reveal a template with complete affinity for Basin 2jcliwe did not see for
k= 1. We now find all eight 2-template occurrenceggt= 1 andgs = 0 simultaneously
exclusively in Basin 2 (100%), and this is corroborated bydigec minimization of Basin 2
which left us one single term with the same variables remgim the same values we now
find. Thus we observe that the templates with the higkeahd/orD values correspond
to the variables shown to exhibit the most network influencélic minimization. Since
single variable measures based on the results of logic naatman produced good targets
in our previous work, we are motivated to further investigtite intervention viability of

templates given their correlation with logic minimizaticgsults.

Sampling Large State Spaces

As the size of the network grows, i.e.> 20, exhaustive enumeration of the state space
(size 2") quickly becomes intractable and a sampling approach isnex} In this approach
we randomly and uniformly sample a number of initial stagtstates from the state space
range[1 : 2"]. From each starting state the network is then run forwarde@obrresponding
attractor, collecting any states visited along tit@sientpath. Attractors are noted and all
corresponding states are collected into a partial basthitémfrom these partial basins that
we identify our intervention targets. This approach willrsimes miss attractors with very
small basins leading to them, but it certainly finds the latgmes, and for a large number
of samples, gives us a significant set of member states tgzmale can also approximate
the percentage of the total state space occupied by eaah lbased on the percentage
of total samples associated with it. It should be carefutiyed that when sampling, the
identified partial basins are themselves proper subsetseo€dmplete basins. In other
words, the sampling approach creates no incorrect assigsroEbasin states to attractors.

With exhaustive enumeration, we complete the state spauteration and acquire all states
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in each basin. Thus both sampling and exhaustive enume@twide correct basin states,

just with sampling being an incomplete picture and exhaedieing a complete picture.

Evaluating Intervention Success

Abstractly, an intervention should shift the steady betwawf a system to a different (usu-
ally more desirable) state. In the context of the Boolean agtormalism, this is rep-
resented by shifting the steady behavior of the systemesemted by an attractor state or
cycle, into a different basin of attraction. A successfiéiention needs only to shift the
state from a starting attractor state into any state in tlstnbaf the goal attractor, as the
network dynamics will naturally bring the state to the attoa itself. With the top inter-
vention targets determined for each basin, we attemptat¢ions to each basin as a goal
destination, starting from attractor states from eachidetsasin, recording each attempt

as a success or failure.

Across many Boolean networks we will find a range of the numlfeattoactor
basins, from one or two to dozens, and within those basitgcatr cycles of various
periods, from 1 to 5 to 100 or more. In estimating intervemsoiccess we should not let
abnormally large attractor cycles bias the results by pliagitoo many of the intervention
starting states. For example, if we have a network with atgtractor in one basin and an
attractor cycle of 50 states in the second basin, our intgive success estimates would be
based on an unfair distribution of starting states. In pcacif an attractor cycle is longer
than ten states, we randomly sample ten attractor statéisaobasin upon which to apply

candidate interventions. If it is less than ten, we use thikm a

In our simulation study (described next), we must compagepirformance of top
intervention methods across various network sizes anddsstthe methods themselves.

As we will be comparing pairs of success proportions for petelent interventions, which
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qualify as Bernoulli trials under the binomial model, we wile a two-proportion Z-test

with the null hypothesis of having equal success propaos{z].

Simulation Study

Our two main challenges with the template approach involedgomance as we transi-
tion from fully enumerated state spaces to sampled stateespand also performance as
we increase the size of the networks. To address these ceneerdesign a simulation
study over hundreds of randomly generated Boolean netwoitkénwwhich we compare

performance of the former single variable measures andaiwaemplate based approach.

In-silico Network Models

In order to test interventions over an adequate range ofarktsizes, we create multiple
random networks with 10, 12, 18, 20, 25 and 40 variables dach,total of 200 networks.
In each network we randomly generate Boolean update rulesafcin variable, thus also
creating random network connectivity. In order to creatddgically inspired networks,
we adopt the per-variable connectivity distribution frortbért et al[23] used originally

for a Drosophila melanogastaretwork, shown in Table 3.1.

Once network connectivity and rules are determined, thenkmsattraction fields
must be generated in full or in part. For the network of sizel®and 18, we use half the
networks for exhaustive enumeration of the basins of d@itna@and for the other half of
networks we enumerated partial basins through samplingn&works of size 20,25 and
40, only sampled state spaces were used.

Table 3.1: Connectivity Distribution for Random Network: hettable we see the proba-
bility of being assigned various numbers of inputs to the Banlfunctions.

Number of Inputs 1 2 3 4 5 6 7
Probability 101 .233 .267 .183 .083 .083 .050
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Performing Interventions

An intervention is defined as a modification to an attractatesbf a source basin attempting
to reach any state in a goal basin. For the simulation studgov®ot attempt interventions
where the goal and source basins are the same, since thesedikely to succeed

and would inflate our results. Likewise we do not attemptrirgations to goal basins
estimated to occupy less than 15% of the total state spau® staching these very rare
basins is the most difficult and has little biological releva. Our 200 original random
networks, through their various numbers of attractor lsasind attractor cycle lengths,
produced 4,223 individual intervention attempts, eachiegseparately with all eleven

methods.
3.5 Results

Next we present the results of the simulation study desgiilbéhe methods section, which
reveals the ability of template-based interventions tormaém performance between ex-
haustive and sampled state spaces and also in increasargly landom networks with
sampled state spaces. We then provide a demonstration apgireach on a real world

network modeling T-LGL leukemia, originally hand-creatgddomain experts.

Simulation Study for Template Methods

In order to demonstrate the robustness of template-basedémtions we present the re-
sults of the simulation study described in the Methods eactiThe study addresses two
main questions: 1) What effect does the change to sampled &oaktwork state spaces
have on the performance of template-based interventios2 fWhat effect does increas-
ing network size have on the performance of template-bastedventions? To address
these questions we analyze hundreds of randomly generatddaonetworks for which

we compare performance of single variable measures anatlaions of the new template

based approach.
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Figure 3.1: Success Rates Between Exhaustive and SampledSpates: For three net-
work sizes we see proportions of successful interventionssa single variable and tem-
plate based approaches. The first three sets of bars in eadiyate are the single variable
measures of popularity, power, and their harmonic mean.|&tter eight are the two tem-
plate approaches dd andF across four template sizes. P-values reflecting proportion
differences can be found in Table 3.2.

The Effect of Sampling on Template Interventions

To address the challenge of whether or not template basedages remain robust as we
transition from a fully enumerated state space to a sampled \we compare the perfor-
mance of each measure between full and sampled versiong 40thl2 and 18 variable
networks. Since these networks are small enough to exkialysénumerate the full state
space, the comparison will provide a full assessment of anfppmnance degradation due to
sampling. For each network size we compare the proportibsisazessful interventions of
each type between exhaustive and sampled networks. Inteyme that show a significant
change in proportion between exhaustive and sampled states will be noted. Success
rates can be seen in Fig. 3.1, (with significance values iteTal) for which we note the

following observations:

In the networks with 10 variables, nine of eleven methodsveltba decrease in
performance in from exhaustive to sampled, with six of thbesng statistically signifi-
cant changes. Interestingly, two of the eleven methods sti@am increase in performance,

52



Table 3.2: P-Values for Two-Proportion Z-Tests: In the ¢alvk see the p-values for two-
proportion Z-tests across eleven intervention targetsdxet exhaustively enumerated (E)
and sampled (S) networks with 10, 12 and 18 variables. Falpeg below ther = 0.05
significance level we reject the null hypothesis and corelat there exists a statistically
significant difference in success proportions between thawstive and the sampled state
space cases. These differences can be inspected visukglly. i8.1

10E/10S 12E/12S 18E/18S

POP 0.0920 0.4619  0.0000

POW 0.0013 0.0003 0.0000

HPP 0.0000 0.2030  0.0000
K1TBDP 0.0000 0.0000  0.0000
K2TDBP 0.0007  0.4421  0.0000
K3TDBP 0.0002 0.4391  0.0000
KATBDP 0.5424 0.1385 0.0000
K1IFREQ 0.2197 0.0002 0.2038
K2FREQ 0.0004 0.0000 0.3964
KSFREQ 0.2015 0.0000 0.0192
K4AFREQ 0.0062 0.0014 0.2310

with one of those being statistically significant at the Cafj#ha level; both of those cases
involved frequency based templates. While showing decsemsperformance between
exhaustive and sampling with each template size, tempkde istribution percentage
templates registered among the highest success propodigrall, indicating that they

might be a suitable replacement for single variable metihodghaustive cases if the com-

putational cost of templates can be afforded.

In the networks with 12 variables, all four template sizasffequency based tem-
plates showed an increase in performance in the sampled, caile all four differences
in proportions being statistically significant. All sevetiher methods showed visible de-
creases in performance, with two of them being considemddsstally significant. Again,
template basin distribution percentage templates had gritenbest performances in the

exhaustive cases.
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In the networks with 18 variables we see the clear resistahéequency based
template approaches to the side effects of sampled statespd/ith one statistically sig-
nificant increase in performance and no significant decsgdsejuency based templates
overwhelmingly dominate performance in sampled casesevdiilother methods drasti-

cally decrease.

It is very interesting to observe any increase in perforredmetween a fully enu-
merated space and a sampled space. In our case the causebehttwior is because, in the
sampled condition, the intervention targets are computath &2 larger amount of terms.
This is due to the fact that the logic minimization abilityhgyhest when every state is
known beforehand and it is hindered greatly by not knowihasin states ahead of time.
Only the templates (especially the larger ones) benefit tlossituation — single variable
measures like popularity and power suffer when therdewerdon’t-cares in the terms,
and some template measures suffer when theréoarenanydon’t-cares (i.e. exhaustive
case). Thus, while drastic logic minimization on exhausstate spaces allows popularity
and power to quickly reveal decent targets, a less effeltigie minimization leaving many
more terms behind after reduction benefits the templateoapfprby providing more infor-
mation from which to identify the best templates while stliminating the least important

variables. In some cases, this benefit outweighs the behefiiutl logic minimization.

While we expected to avoid recording, for template approscignificant success
proportion decreases for sampled network state spacespwanty failed to detect that
trend altogether in frequency based templates, but in masgscdetected significant in-
creases. We also began to see the template basin distnipgioentage templates as most
ideally suited to smaller networks in exhaustive cased)gges as a more thorough alterna-
tive to the former single variable measures. From thesewateonclude that frequency

based template methods are much more robust in sampledsptates than their single
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variable counterparts. The next step is to observe if tieisdrcontinues with increasing

network size.

The Effect of Increasing Network Size on Template Interiars

Satisfied that template measures remain robust in netwathssampled state spaces, we
now investigate larger random networks. It is expecteddahgtmeasure or technique will
decrease in performance as the size and/or complexity afdtveork increases. However,
with the knowledge that the single variable measures faiigetely with sampled state
spaces even for small networks, we need to be assured thalbaterperformance remains
robust. We generate further random networks with 20, 25 @ndbdiables, which produce
state space sizes 0f% 225 and 2°. We sample these enormous state spaces with about
1% or less coverage in initial states and estimate the ietgion success of the top scoring
intervention targets from our eleven methods (3 classiglsivariable, 4 sizes dD tem-
plates and 4 sizes &f templates). For the 40-variable network we do not include-di
templates for computational considerations of the sinatin Fig. 3.2 (a) we show the
performance of template basin distributidd) (based templates at template sizes of 1-4,
and the single variable measures of variable popularityRR@ariable power (POW), and
the harmonic mean of the two measures (HPP). In Fig. 3.2 (l3hee the performance
of frequency F) based templates of sizes 1-4 against the same single learmadihods.
Both sub-figures show performance over networks of size 1018220, 25 and 40, all
with sampled basins of attraction. Error bars shown refleetd5% binomial confidence

intervals.

In Fig. 3.2 (a) we observe that template basin distributiercentage templates
do not consistently show significant differences in sucpesportions with POP, POW or
HPP. We do note that K3TDBP and K4TBDP do show significant perémrce over POP,

POW and/or HPP in all networks up to 25 variables, but thenaificantly outperformed
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by their frequency based counterparts in Fig. 3.2 (b). In Bi¢ (b) we observe that the
only time a frequency based template does not show a sigmifiiéierence in proportion
is in the 10 variable network for the template with only oneialale (the most extreme
case), though in practice we would not apply template arsatyssuch small networks. A
complete separation of 95% confidence intervals surelcatds a significant separation
in success proportions[53], but to further reinforce thelservations and to reveal any
significant differences in proportions not obvious from fidence intervals, we computed
two proportion Z-tests for independence for each pair ofho@s$ for each networks size.
These pairwise matrices of p-values revealed even stramgetusions than the graphs in
Fig. 3.2, further confirming the statistically significarnfferences beyond what is obvious
by visual inspection of the error bars. As they do not reveglaitical trends not visible

in Fig. 3.2, we omit these lengthy p-value matrices from thjgort.

Summary of Simulation Study

Over all network sizes, it is clear that frequency based tatep not only maintain perfor-
mance between exhaustive and sampled networks, but alsid@dnsistent success rates
with increasing network sizes despite the exponentialasiph of state space sizes. We
were also interested to observe that in some cases thetathieducibility of sampled state
spaces actually contributed additional information todbmputation of the larger template
targets—in some cases actually improving their performameampled networks over their
performance in maximally reduced state spaces. Templaie bétribution percentage
based templates are sometimes useful in smaller netwankisai@e the most effective in
smaller, exhaustive networks as a more thorough altemdithe simpler, single variable

measures of POP, POW and HPP, albeit at an increased compataist.
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Figure 3.2: Success Rates fdrandF Templates: In (a) we see the proportions of success-
ful intervention attempts foD-based templates of four sizes across six different network
sizes. In (b) we see the same fobased templates. Both figures include the performance
of the single variable approaches for comparison. Whileased templates perform rea-
sonably well in the smallest network sizes, it is clear thdtased templates show consistent
and significant performance across all network sizes. Nhated-variable templates are not
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Application to T-LGL Leukemia Network

In our previous work [22] we identified useful interventi@rdets using the single variable
measures in real world networks for melanoma, the yeastygelé, and for human aging.
Because we saw in our simulation study that no significant méavmation is revealed by
template approaches in exhaustive state spaces, we dopigtaap template approaches
to those previously explored networks here. Instead, lsecafithe robustness of the tem-
plates approach for large networks with sampled state spage make application to a
43-variable network for large granular lymphocytic (T-LiGkeukemia where the single

variable measures have no usefulness.

Zhanget al[54] have methodically constructed a model of the blood eaiiccell
large granular lymphocyte (T-LGL) leukemia from hundretiéterature sources. The orig-
inal study, as well as others based on variations of thielaggwork[55], have searched
for therapeutic targets and have even validated some expetally. However these pre-
dictions required expert-level topological reduction amahplification of the network in
various ways. But because of the validated findings, this otwakes an ideal situation
in which to apply our approach, which is purely computati@ral requires no expert-level
knowledge of the disease system. If our results on the lalggs simplified network are
reasonable, our approach will be shown useful and appéaatlarge networks for which

we may not have expert-level knowledge and/or the abilitpystematically simplify.

Network Construction

The original network [54] created from the literature caméa 128 nodes and 287 edges,
but was simplified by the authors through software and maajaktments to 60 nodes and
142 regulatory edges. After collaborating with a princigighor from [54], we performed
further reductions on the network according to techniq@ssdbed in related work involv-

ing this same network [56, 55]. The goal of further reductiaas to remove nodes which
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Table 3.3: Summary of Four Attractor Basins for the 43-Vdadleukemia Network: We
observe the attractor length, numbers of states identiéiad, the estimated state space
coverage for each basin. Attractor type classificatioreddatare described in the text.

Basin Number 1 2 3 4
50,000 Sampled +  Attractor Period p) 4 1 1 4
93,618 Transient = Number of States 58713 57359 17099 10441
143,618 Total States Estimated % Coverage 40.88 39.94 1191 7.27

Attractor Type Healthy T-LGL T-LGL Healthy

mask the dynamic behavior of the network variables (i.e.otherarching influence of the
apoptosis node as well as control nodes); since steadyastatysis will be performed over
many randomly generated states, control variables areet#ssary since variables they
control will be forced to take on different values throughaam starting state assignment.
After the simplifications described in Appendix D.1, we obtthe 43-variable version

shown in Fig. D.1. A list of the Boolean functions is also giveppendix D.

Network and State Space Properties

With 50,000 randomly and uniformly sampled initial statée partial basin of attraction
field was enumerated, resulting in five basins of attracfiou, of which comprise greater
than 99% of the state space (estimated), and will thus beothesfof the analysis. These
four basins are summarized in Table 3.3. In other samplimg up to seven attractors
were identified, but these additional two, when discovenasie estimated to occupy thou-
sandths, if not tens of thousandths of one percent of the spaice, and would be discarded
for analysis along with the fifth basin. Due to the massive sizthe full state space {2,
over 8 trillion states), 50,000 initial sampled states wagsen first due to it being large
enough to proportionally reveal all major basins and, sédcbacause choosing more sam-
ples, such as 100,000 or 200,000 would only marginally exeehe coverage of the full

State space.
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We have categorized the four basins to either Healthy (oemal apoptosis func-
tion) or T-LGL (i.e. cancer state) based on the values obaekey variables in the steady
attractor states/cycles. In the original 60-variable mekwthe presence of control nodes,
including one for apoptosis, simplified classification dfattor states. Since the apopto-
sis node was wired to nearly every other node for purposelkeobtiginal study[54], its
behavior dominated the dynamics of the entire network. &ime have stripped the net-
work of the apoptosis node, as well as other control nodesnus interpret the attractor
states based on other criteria. These criteria involveiggBcthe series of input regulatory
nodes controlling the former apoptosis node. Nodes foundeintical steady states across
all four attractors were not considered, but several viegmamely FasT, Fas, Ceramide,
and FLIP, were used in their boolean functions to effecyividtermine whether or not an
apoptosis node would have been active or inactive in thacttr. Full attractor states are
given in Appendix D materials. In [55], extreme simplifi@ats (down to just six nodes)
to the same original network resulted in two very simple aasilg classifiable basins of
attraction. Here we have four attractor basins, with twesifeed as healthy and two as
T-LGL. Among the two in each category one exhibited strongesre consistent behav-
ior. Specifically, Basin 1, as the largest basin in the spaes, slassified as healthy but
had oscillatory values for DISC and FLIP, direct influencasapoptosis. Basin 4, on the
other hand, had consistent behavior for both DISC and FLBpitkethe cyclic nature of
the attractor. Thus, due to the small size of Basin 4 and its pehavior even with a cyclic
attractor, it is considered the healthiest attractor. Bonglimentary reasons, Basin 2 is the
larger and thus more general T-LGL attractor, and B3 is thdlemaore precise T-LGL
attractor. A total of eleven attractor states were idemtifeecycle of 4 states in Basins 1 and
4, and singleton attractor states in Basins 2, 3 and 5, thex [afttvhich was not considered

as a goal state.
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Templates Analysis

Next we identify key variables frork-templates fok = 1,2 and 3. The 43 network vari-
ables give 86 1-templates, 3,612 2-templates, and 98, #2ghlates to count across the
minimized terms in our four basins. We stop wkh= 3 sincek = 4 provides nearly two
million 4-templates to count, but only across less thanQ@D{erms. Future work intends
to parallelize and split up the computational burden of thgugntial counting algorithm
and offer conditions under which we can test the efficacy ohtiog orders of magnitude

more templates across relatively few terms.

After countingk-templates fok = 1,2 and 3 we estimated the intervention success
rate for the 50 most frequent templates (highest value&ifgrin each size and for each
basin. Full listings of these templates can be found in ApgpeD, but a listing of inter-
esting templates is found here in Table 3.4. To estimate eessaate, we apply each top
template intervention to all eleven attractor states acatisbasins in the T-LGL network
and compute the distribution of basins reached. If a teragdatises a significant number
of these attractor states to jump to (or remain in) a desiasthbsuch a template is of great
interest. In general we expect an attractor state to reno@ist to perturbation but expect
the larger templates to have the best chance at changingeheysstate of the system.
Since Basins 1 and 4 each contain a 4-cycle of attractor stagesxpect at least 4 of the
11 destination states (36%) to remain in those basins (diletexpectation of robustness
mentioned). Likewise the remaining basins each have aesattjactor state each and we
expect 1 of the 11 destination states (9%) to remain in thasm¥. Of the top 50 templates
for eachk and each basin, we indeed saw these expected distributigguabstates very
frequently. Numbers above and beyond these expectatiamantaloser inspection, which

we provide for the most interesting templates listed in &abl.
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Table 3.4: Notable Leukemia Network Templates: Listed Wwedme a selection of inter-
esting templates from the analysis of the Leukemia netwd&@kmplete lists of the top
frequency templates for each basin and each template sizgedaund in Appendix D.

Basin RANK Variables Values Fj; SUCCESS

Ceramide 0
1 18 PDGFR
S1P

1
0
PDGFR 0
0
1

22936 0.73

2 27 S1P 28057 1.00

TBET

Ceramide 0
3 1 PDGFR 1 14404 1.00
1

S1P
4 6 TBET 0 6404 0.73

*Remaining 27% of interventions lead Basin 4 (also healthy).

While the simulation study was clear that intervening witlemplate of high fre-
guency was sufficient to best comparable methods, beforgncamy we provide a com-
parison demonstrating that more successful templateseamel fpowerless templates are
found among the most frequently counted. To do this we coenputcess rates for 3-
templates in three categories: the 1000 most frequent, @@fom, and the 1000 least
frequent templates. These rates are shown in Table 3.5 amkpacted, we see with sta-
tistical confidence that the top 1000 most frequent templhtae higher proportions of
success than the other groups.

Top Templates for Healthy and T-LGL Attractors

We discuss two templates with high success rates leadingdtihy attractor states fol-
lowed by two templates with high rates of leading to T-LGLts$a Lastly we observe the

single template which best differentiates the healthy ahT states.

The first healthy intervention template of interest is for iBals where we find a

3-template (Ceramide, PDGFR and S1P gé1/0, respectively) with a high frequency and
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Table 3.5: Frequent Templates are More Successful tharr®thisted below are interven-
tion success counts, Z-scores and p-values for two-prioparttests between the top 1000
most frequent 3-templates and 1000 random templates ofdléast frequent templates.
With eleven intervention starting states over 1000 teneglaéach number of successes is
out of 11000 intervention attempts. In each case we find, stdkistical confidence, that
the top frequency template group provides a higher propoudi successful interventions
than the other groups.

Top 1000 Random 1000 Z-Score p-value

Basin 1 4493 4293 2.753 0.00298
Basin 2 3838 1783 31.767 0.00000
Basin 3 2534 1073 26.605 0.00000
Basin 4 4520 3378 16.050 0.00000

Top 1000 Bottom 1000 Z-Score p-value
Basin 1 4493 1979 37.196 0.00000
Basin 2 3838 8 67.986 0.00000
Basin 3 2534 1000 28.166 0.00000
Basin 4 4520 2315 32.124 0.00000

the ability to guide 73% of intervention attempts into Basirdrifact, the 27% remaining
attempts not leading to Basin 1 lead to Basin 4, which is theratteactor classified as
“healthy”. Thus, this template completely avoids the T-L@asins. S1P is known to be 1
(ON) in a T-LGL state[57], and so it is biologically consisteatfind it set to 0 OFF) in

the template.

The second healthy intervention template of interest isdlon Basin 4—the small-
est classified basin considered in this study. In it we findvagutul 1-template, TBET 0,
which transitions 73% of intervention attempts to this vemall basin covering only about
7% of the total state space. TBET is known to be 1 in T-LGL[5d]as a healthy basin this
setting is biologically consistent. Due to the small sizéha&f basin, none of the top 2- or
3-templates were able to improve on this rate, and any thatired it included TBET 0 as
part of the template. Any time a single variable can exerhsubigh degree of influence

on a network it is noteworthy.
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The first T-LGL “intervention” template is found in Basin 2. Wéis may seem
contradictory to describe an “intervention” which leadsatdisease state, we nonetheless
consider the power in the variable combination, perhapstagger to avoid. In Basin 2
we quickly find the standout behavior of the 3-template PD@EAR/TBET, which is set
0/0/1, respectively. This template had a 100% intervention ssgcate, guiding network
dynamics to Basin 2 upon every application. As in the previeasplate, we again see

TBET, however this time it is set 1, which is biologically castent with the T-LGL state.

For Basin 3, which is also classified as a T-LGL attractor, wd another very
powerful template, namely Ceramide, PDGFR and S1P Aet10 respectively. Not only
does this template have a 100% intervention success rateabh of its variable settings
is known to be biologically consistent[57, 58, 59]. As th&aator state for Basin 3 is
classified to be the stronger of the two T-LGL basins, and agmBais estimated to occupy
only about 12% of the total state space, such a powerful &@plith perfect biological

consistency is significant indeed.

Perhaps most interesting is the observation that this pismin Basin 3 and the
3-template for Basin 1 share the same three variables, wighgoing to 100% healthy
attractors and the other going 100% to a T-LGL attractor. {Emeplates have the same
settings for Ceramide and PDGFR but differ in the setting fid?,Svhich is the biologically
consistent setting across both basins. This reveals thde @eramide and PDFGR do not
have biologically meaningful settings in Basin 1, for Basire 3 they still open the path,
in terms of network dynamics, for the biologically consigtbehavior of S1P to accurately
and powerfully shift the network between healthy and T-L@kaectors. Thus we conclude
that, for this network, S1P is the key differentiator betwédealthy and T-LGL steady

states, assisted by the combinatorial power of Ceramide BGHR.
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Our work with the Leukemia network has produced some notitings. First,
we note that while all single variable measures were unalpedduce helpful intervention
targets because of the 43 network variables, the templatedoapproaches did produce
single and multi-variable intervention targets with obsdle separation in per-basin fre-
guencies and in intervention success rates. Second, wevetidbat identifying the best
template can benefit greatly from expert assignment of tembaf attraction to biological

contexts (e.g. health v. disease).

Finally, we saw that the biological significance of the résdepends quite heavily
on network rules. Basin 2 produced some biologically unetqubadvice (i.e. S1P set to
0) within the templates, while the large, healthy Basin 1 dad the smaller T-LGL Basin
3 contained templates with immense power and great bi@bgignificance. This dis-
crepancy can be attributed to many causes, including a metwore focused on modeling
the disease state (relatively rare) v. the healthy stateshahay be acceptable depending
on the application. In our case, we saw two variables fixed/&en healthy and T-LGL
interventions while the biologically consistent settirfgtee third variable, enabled by the

combinatorial power of the first two, was able to dictate retfate.

Thus, while templates are capable of revealing novel bioldgnsights, they may
also reveal or confirm sensitivities in the network rule systthat may or may not be
desirable for a particular biological model. In the end, péate based analysis reveals the
most powerful triggers for altering network dynamics inestted attractor basins strictly
based upon the given Boolean rules. In our look into the T-L&lkémia network, our
templates were realized, and in most cases biologicalhfosied, on a network with over

8 trillion states in the basin of attraction field based sangpbnly 50,000 initial states.
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3.6 Chapter Summary

Our work in Chapter 2 and in this chapter has clearly estaddishusefulness in analyz-
ing basins of attraction in identifying intervention targeOur use of logic minimization

reduces the representation of basins of attraction, antethplate measures stratify the
terms, revealing not only the key players in the system tsd hbw to manipulate them.
Perhaps the most important aspect of our revealed inteovetatrgets is the fact that they
are both basin- and value-specific; in other words, we progidot just targets, but how
exactly to intervene (value) and also a context in which titervention is appropriate

(basin).

With small network sizes (less than 20), it is likely that masariables will either
be important in some way (known beforehand) or may even septean amalgamation of
multiple entities. Thus, intervention targets revealed/ba true, but they may also be
obvious depending on the study. This, along with the fadttth@single variable measures
fail in larger networks requiring a sampled state spacejvaietd our work to expand our
approach for larger networks with dozens of variables andepallowing us to include
variables which are less well known and that may not be olsviotervention targets. By
introducing the template counting approach to superseglsrttall network popularity and
power measures, we have made possible the identificatioovegnbul intervention targets

despite sampled state spaces.

We first demonstrated the maintained success proportiofnegpiency based tem-
plate interventions between exhaustively enumerated amgled state spaces. Convinced
that key information was preserved by the measures despiipleng, we next showed the
consistent success proportions across networks of inogeaies as other methods fell
away in performance. These investigations into robustoesginced us that the template

approach was sure to provide the critical information ndedgarding intervention targets.
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We have also demonstrated the efficacy of the approach ogea [BLGL Leukemia
network crafted by domain experts. We note that when alllsingriable measures were
unable to produce helpful intervention targets, the teteddased approaches did produce
single and multi-variable intervention targets with higitervention success rates. In the
end, the template based analysis revealed the most powegfyers for altering network
dynamics into desired attractor basins, and these resalts rgalized, and in many cases
biologically corroborated, on a network with over 8 tritigtates in the basin of attraction

field based sampling only 50,000 initial states.

Despite progress in sampling large state spaces, we willyawe limited by the
exponential growth of the state space with the number olsées. Fortunately as network
sizes race into intractability, so too does the reliabidifysuch networks, which is a direct
influence on the quality of our results. In the end, our messuiill always reveal the true
triggers of network dynamics based on the given rules ofyiseesn. Thus, while they are
capable of revealing novel biological insights, they mapakveal or confirm sensitivities
in the network rule system that may or may not be desirablefparticular biological
model. Since there are quality handmade networks with sitethe dozens of variables,
such as our T-LGL Leukemia network, a Drosophila networkrfralbert et al[23], and
others, our leap to the 40-50 variable size level is sigmtficaVith improvements to algo-
rithm implementation and with the incorporation of paridiation, we plan to improve the
large networks approach in terms of speed and network spabddy, ideally towards the

75-100 variable mark.

Frequently in Chapter 2 and in this chapter we classify Booteswork attractors
as phenotypes or contexts and the basins of attraction gatb@ays to those phenotypes.
This classic perspective on Boolean networks lends itsdlftax@ards intervention design,
but it is undoubtedly restricted in what it can model. While basins of attraction can

be taken to represent some idea of a biological context itaicesituations, perhaps in
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addition to the contribution of our new methodology, thiskvalso reveals some key limi-
tations concerning these classic models. Specificallyjitteresting to make context-based
interpretations using the Boolean model (or other modelg)if bur goal is to really model
systems specific to some biological context, it would bedpett work within a framework
designed to explicitly model context-specificity, rathean attempt interpretations on more
general models. To this end we strive to use our progressiiéine Boolean framework

as a springboard towards a new context-based perspectirelofical systems modeling.
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CHAPTER 4

CONTEXT SPECIFICITY IN MODELING BIOLOGICAL INTERACTIONS

Motivated by the progress in identifying targets for intmtion through novel analysis
techniques for the classic Boolean framework, but at the dameerecognizing some in-

herent limitations, we strive to create a new framework fthenground-up — one designed
to more accurately model the contextual behavior of theogichl system. Based upon
such a model, future methods for identifying interventiargets will be more effective and

helpful.
4.1 Motivation

Of great importance to modeling accuracy is the model's askedgment of biological
contexts within the data — i.e. recognizing the heterogeseature of the true biological
system and the data it generates. One may consider the tohtehliological system to be
any steady state we find ourselves in (e.g. a phenotype);raece@ample of this may be
a diseased state versus a healthy state. Any samples takerhfe context of health will
reflect the results of healthy interactions and homeostagige the samples taken from
the diseased context will reflect the proliferation of uniddse interactions. The problem
surfaces when we realize that many of our models, for inst&ayesian networks, assume
that the data we observe has one underlying distributioit,Gaussian or otherwise. This
biases any network inference we perform to disregard theralaseparations of biologi-
cal context and incorrectly treat the data as homogeneoasy Mther computational and
mathematical techniques have been developed to infer malguatterns of biological and
translational interactions from gene expression data. Astmof such methods are depen-
dent on simple correlation of changes in the expressioir, skasitivity and specificity are

limited by the highly heterogeneous nature of tumor expoegsatterns.
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Current efforts are asking different questions than asketienprevious decade.
Rather than taking a high-level approach to investigateesyatic differences in healthy
versus diseased samples, researchers are now askingogaestjarding subtypes of dis-
ease. Resources such as the International Genomics ConssgiO biospecimin repos-
itory (http://www.intgen.org/expo/), which as of this wng contains over 16,000 cancer
biosamples, allow the kind of data researchers need totigeds the similarities and dif-
ferences across different cancer subtypes. The availabfliexpO and resources like it
demands the creation of mathematical models which takeartount the context-specific

behavior of the true biological system.

Motivated by these demands and the limitations of other@aagres, we first detail
background work on a mathematical model for contextual geacegulation and a method
to identify cellular context motifs from biological datahib will provide the framework for
us to describe our specific contributions: a new graphiqalesentation of the contextual
genomic regulation model calleda@ntext-specific gene regulatory netwodnd a new
analysis methodology based upon this graphical repres@mt&Ve show the results of our
work on the Target Now data set and conclude the section vditcaission of related work

and future directions.
4.2 Related Work

For the reasons discussed, identifying patterns speciertain biological contexts is gain-
ing more interest [11, 12]. One of the early approaches tatifyjecontext-specific patterns
is searching for the co-regulated sets of genes and showingetationships between the
gene sets and the biological/clinical characterizatiorawhples [13, 14]. However, these
approaches still require the knowledge of the context totifiepatterns when such knowl-
edge is often incomplete. In terms of the data sets thensele can think otontexts
as intelligent groupings of subsets of variables with ais¢ed subsets of samples. When

considering a grouping of a subset of data samples with asobthe variables, bicluster-
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ing [60] is an approach that immediately comes to mind. Whiddubtering is effective at
identifying significant groupings of samples and variaphegst methods lack the ability to
group similar biclusters and give overlapping results.a&Bpogress was made with Segal
et al.'s module networks [8], which used existing knowledge searas well as clustering
to find gene sets that are either functionally correlatedxpressed in a similar way in
each set, and then identified their specificity to the giverdadmns of samples. However,
these approaches do not find gene sets that show co-regulatder certain conditions,
neither do they provide information on the relevance betwgene sets. Grzegorczgk
al.proposed a method to learn a non-homogeneous Bayesian kEt@jdhat can represent
multiple different conditions, but the complexity of the deb limited the scalability of its
application to eleven biological entities (e.g., geneghatmost. In our work we strive to

overcome some of these limitations.
4.3 Background

In this section we first describe the mathematical model dot&xtual genomic regulation
originated by Doughertgt al[61] from which we base our work. Following this overview
we briefly describe related algorithmic work and termingidgpm Kim and Sen [62, 63,
64] relevant to the contributions outlined in this disstota

Mathematical Model for Contextual Genomic Regulation

The framework used here defines context-specific relatipasts a functional mapping of
sets of regulatory (driver) elements to the activities eftbgulated (driven) elements con-
stituting the system. It is important to select a mathemahtivodel for a cell’s regulatory
activity that actively adjusts to differing internal andesnal environmental factors. Rather
than models which infer connections between single gendsetaveen genes and pheno-
types, we wish to select a model which can find subsets of ssnytere it is possible to
attribute the states of all the members of a set of contragkatkes to a single gene, or to a

small set of regulatory genes which have expression priegdtat could be the source of
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control. For the cellular domain, this has been pioneerethbymathematical model for

contextual genomic regulation [61, 62].

Formally, this model assumes there arsets,G;, Gy, ..., Gy, of driver genes and
m corresponding set§, S, ..., Sy, of driven genes. For each set of driven geBgghere
is a corresponding s&j of driver genes regulating their behavi@,, Gy, ..., G, are not
necessarily disjoint, neither af®,S,, ..., Sy, necessarily disjoint; thus some driver gene
may regulate more than one driven set, and some driven gepdengegulated by more
than one driver gene set. Under a set of common condifip(samples), the driver genes,

driven genes and their samples form a unit known esraext motif

Two parameters are essential to the definition of the coméxenomic regulation
model, namelgonditioningandcrosstalk These parameters are defined formally in related
papers [61, 62, 63, 64], but in general, conditioning depesrdthe extent that contextual
effects diminish the influence of the driver on the drivene@eand crosstalk depends on
the extent that contextual effects outside of the drivetisa@e the driven genes. The paper
by Doughertyet al[61] discusses further considerations of the model, inoly@rediction

accuracy and error representation.

Identifying Context Motifs

As described, a context motif is a set of genes, one or morénwhAunction as drivers and
the others as driven genes, which exhibit consistent trgpigmal behavior across a subset
of samples. We use the two statistics — conditioning andstatis— to identify context

motifs in gene expression data.

Kim and Sen describe an algorithi@ellular Context Miningto identify context
motifs, where context motifs have significantly low conaliting and crosstalk values across
the associated samples[62, 64]. One major step in cellol@egt mining isin-silico con-

ditioning, a step designed to be similar to a biologist malaipng the status of a gene or
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(a) Context Motif Model (b) Context Motif Inference
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Figure 4.1: Modeling and Inference of Context Motifs: a) Dutpithe context motif model
with crosstalk and conditioning parameters. b) Providehamatic for the cellular context
mining algorithm. Figure®)lna Sen[64]. Used with permission.

conditioning cells in an experiment with techniques inahgdectopic expression or gene
silencing. Within-silico conditioning, the conditioning and the observations arepeo-
formed manually as the data is collected, but rather coniputly after the data has been
collected, hence the name. In the work described in thistehage only consider a single
gene driver at a time for conditioning, although the modielved for more. Figure 4.1 dis-
plays context motif modeling and inference of context nsdbif interrogating each gene as

a possible driver.
4.4 Methodology

While cellular context mining is indeed successful at praglgicoherent context motifs, it
was lacking in interpretability due to the reporting of itiéad context motifs in either a
list, tree or tabular format. In a recent work, Kien al[65] present a graphical depiction
of up to two context motifs for a small cancer network. To exghesystematize, and to ad-
dress shortcomings in visualization and interpretatiomgeveloped the formalized graph-
ical representation of the results of cellular context mgncalled context-specific gene
regulatory networks, as well as an intuitive analysis apphabased on the new graphical
depiction.
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Context-Specific Gene Regulatory Networks

Our recent study [63] asserts that the context-specific gegndatory networks produced
by cellular context mining exhibit biological advantagdésent in related techniques. We
first note that driveg; in the context motifC; might be driven by a; in another context
motif Ci. The chaining of such regulatory relationshiggs— gj, in addition to implicit
driver-driven relationshipgi — g € §, produces an interesting graphical structure as shown
in Fig. 4.2, representing relationships between contexiifeaoWe call this a context-
specific gene regulatory network because each regulatatjoreshipgi — g € S is specific

to corresponding subset of sampl@&s,

Originally described by Kim et al[65], a context-specific gene regulatory network
differs from other representations not in its graphicalatire, but by the fact that context
motifs connected to one another in a network differ in themple composition. Formally,

a context-specific gene regulatory netwetks a pairH = (V,E), whereV is a set of gene-
representing vertices arielis a set of edges oriented from genes designated as drivers to
genes designated as driven; thtiss a directed graph structure, though not necessarily
acyclic, since a driven gene in one context motif may be aediiiv another. Again, note
that each edge* is specific to only its corresponding subset of sampleswhereg*

referstogi —> g€ S.

Identifying Context Motif Clusters

While replete with contextual information, the context-gfie gene regulatory network
alone is not readily interpretable. The large number ofeximnotifs will likely have some
topological areas of interest, such as dense subgraphsmgoareents. In order to make

any meaningful discoveries, however, the context-spegdite regulatory network must

1Kim et al[65] describe the general idea of chaining context motif$ strow preliminary graphs of one
and two context motifs including only one expression leved gene per graph. Our work formalizes and
extends this concept and also contributes the analysi®agpipr
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Context Motif C;

Context Motif C;

Figure 4.2: Chaining Context Motifs to Form a Context-speciéogregulatory network:
The chaining together of context motifs forms the contgéesfic gene regulatory network.
Analysis of the context-specific gene regulatory netwolksgiveal context motif clusters.
Figure©lna Sen[64]. Used with permission.

be segregated into not just topologically interesting congmts, but rathebiologically
meaningfulcomponents. We call these components or subgraphtext motif clusters
and denote a context motif clust€rto be a set ofn context motifsC,,Cyp,--- ,Cn. TO
obtain the best context motif clusters, we contribute thieMiong ad hocapproaches: In
general one first considers any topological clues: an aisabfghe weakly connected or
strongly connected (if present) components in the netwopblbgy is a natural place to
begin segregating into subnetworks. Within these compisnéme regulatory control in-
herent in the driver-driven relationships is useful in itiiging separation points between
portions of weak or strong components. Additionally, esgren values lend insight; be-
cause each variable in a context-specific gene regulatdwonle built from a quantized
data set is present in each level of quantization (e.g. upraetnodes for a ternary gene
variable found to be up- or down-regulated or no change),aamequickly identify por-
tions of the network exhibiting similar expression behaviour example following these
approaches is described in our preliminary results seétiothe Target Now data set. In

general, context motif clusteridentification steps ineldide following separation criteria:
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Weakly Connected Components (topological)

Strongly Connected Components (topological)

Large Subgraphs Separated by Few Edges (topological)

Subgraphs Differing in Expression Value Consensus (biokd)i

Subgraphs Differing in Disease Subtype Enrichment (bickiy

Sample Association to Context Motif Clusters

Depending on the data set under study it is possible to ca@ngarhple association for
context motif clusters. Using the Sample Association S¢age 4.1) one can identify
the subset of samples featured most prominently among thedied context motifs in a
particular context motif cluster. Additionally, if furthesample category information is
available, further enrichment scores of particular categas also possible through the
Yates corrected Chi square test for significance[63]. As trgdt Now data set (s€d.5)
has readily annotated samples each associated with aytartissue type, both of these

calculations are reported in the results of our analysis®fTarget Now data.

Formally, the sample association score was developed §6@3tociate a sampde

with a context motif cluste€ consisting oim context motifsCy,Cy, - - - ,Cy, With the score:

ki/N seC,
SASs,C) = rlf. ), Wherefi(s) = (4.1)
1 otherwise,

wherek; is the number of samples within context mda@if and N is the total number of
samples in the gene expression data. Thus, the sample wttgainsan all context motifs
of the context motif cluster would have the least score aedstimple not present in any
would have the perfect score of 1. Samples with scores less@lb are associated to the
corresponding context motif cluster and are used for comgue tumor type distributions

across all context motif clusters.
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Bayesian Network Analysis for Comparison

The Bayesian network model is a popular tool for modeling gegelatory networks and
thus serves as a good point of comparison for new graph-masttbds such as ours. Here,
we used a hybrid algorithm of hierarchical clustering andeorrestriction (H-CORE)[66]
and sparse candidate (SC)[67] to learn genome-wide Bayestaork structures from a
dataset. To compensate for the inadequate amount of obiseata, we applied a k-fold

bootstrapping in learning gene regulatory networks withd3n network learning.

We builtK subset®,D,,...,Dk by randomly selectingk — 1)/k proportion (for
example, 90% itk = 10) of samples with replacement frothn We applied the hybrid
algorithm of H-CORE and SC to learn a Bayesian network strud¢t#feom eachD;, and
built K Bayesian network structures. The likelihood of an edge> g; to be in the final
network Hgy was evaluated as given in Eq. 4.2. The fiklgly only included the edges
having likelihoodL larger than 0.5.

i g Pr(H | D)

K
> Pr(Hg| Dy)
k=1

45 Results

L(gi —9j) = (4.2)

We applied our methodology to the Target Now data set, whichudes gene expres-
sion profiles of 146 patients with refractory cancer, anerfirgd a context-specific gene
regulatory network using the Cellular Context Mining alglonit Amalgamation of iden-
tified cellular context motifs yielded a context-based retwstructure. Biological an-
notation according to sample composition of context mdtisters as well as literature
verification of gene-disease relevance was performed. @dyshows that not only do
context-specific gene regulatory networks report veriéalaind possibly novel) relation-

ships between genes, but moreover, the overall networktateican be formed into bi-
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ologically meaningful and readily annotated context molifsters.This is unique among
network learning techniques, which we illustrate with a pamson to Bayesian network

approaches.

Target Now Data Set

In applying our method we used the gene expression profiteedfarget Now (TN) studly.
TN study aims to determine if patients with refractory capaedo did not benefit from the
standard types of treatment, could derive benefit from theweith a drug not normally
used for their particular form of cancer. The therapeutiagply is one that has activity
against a gene target that is found to be altered in thatratisancer. The cancer patients
contributing to the TN study all have late stage cancer. E&tge cancer is very frequently
de-differentiated, having lost a great deal of the spemdlifunctions present in the tissue
from which it arose. Due to this biological simplificationtbie system, those genes whose
abundance is found to be altered from the normal tissue gfroeind whose change of
abundance is found in other refractory cancers (of the sgpeedr of different types) may
be representatives of changes that are necessary to sapgpenticular molecular subtype

of cancer.

The TN dataset, which consists of 17,085 unique probes €Agid11521 Human
1A Microarray G4110A) from 146 patients with different typef refractory cancer, was
used to learn context-specific gene regulatory networkse&oh tumor type, its (normal)
tissue of origin was used as a baseline and the ratio of therttomts tissue of origin was
computed and the ratio value was ternarized using a statishodel [68]. The dataset
was then pre-filtered based on transcription activity ofnegene across the samples to
be reduced to only 4,000 probes. The Target Now dataset sadfigitibution of the 146

samples between different cancer tumor types is listed lmeTé 1.

2http://www.caristargetnow.com/
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Table 4.1: Target Now Sample Distribution: Numbers of sas@ssociated with differ-
ent cancer tumor types are shown in the tallimgle Sample Typeéppendix, Cartilage,
Chondrosarcoma, Eccrine Adenocarcinoma, Glioma, Ga#&ion, Lymphoma, Momo-
cytes, Prostate, Uterus, Rhabdomyosarcoma, Synovial Geth®a, Skeletal Muscle, Tes-
ticular

Pancreas 20 Colon 7 Brain 4 Cervical 3 Esophagus 2
Ovarian 19 Kidney 6 Lung 4 Gallbladder 3 Skin 2
Melanoma 18 Salivary 6 Adipose 3 Rectal 3 TCell 2

Breast 16 Adrenal 5 Bladder 3 Stomach 3 Thyroid 2

Context Motif Clusters in Target Now Data

Running the context mining algorithm with a strict statiatisignificance threshold resulted
in 205 context motifs with p-value: 0.0005. Using these context motifs, the method de-
scribed to create context-specific gene regulatory netsvgidded a directed graph with
1,790 vertices (genes) and 9,566 edges (regulatory ne$dtips), as shown in Fig. 4.3. This
graph had an interesting property of being systematicadigrhented into four separate
context motif clusters, which were identified by locating theakly connected components
in the graph. These context motif clusters provide a usgipit@ach to interpreting the con-
text motifs found by context mining. The context motif clasttypically display significant
overlaps among their subsets of samples. This is due to exnmpker-connections among

drivers that result from particular commonly shared caliyrocesses.

When investigating the four separate context motif clustess noticed the two
largest context motif clusters consisted of densely caeaeparts loosely bound to one
another. Seeking to further characterize the data on the basery dense connectivity,
we investigated the connections within the two largestednotif clusters. In Fig. 4.3,
bottom right, we segregated the first large cluster into edntnotif clusters C and G.
Context motif cluster G is easily separable as all its genesnaither under- nor over-

expressed (unlike C), and only one edge exists between thiextonotif clusters C and G
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Context Cluster B Ovarian 4 Colon Melanoma
Gall bladder 3 lleum Eccrine Adenocarcinoma

Context Cluster F Breast 2 Monocytes Prostate

Context Cluster D

Pancreas 6

Colon 3 Context Cluster A
Salivary Gland 2 Ovarian 10

Blad 2 Breast 7
Ovarian 2 Lung 3

Bregst N2 Colon

Brain é\/ﬁ Pancreas

Lymphoma Eccrine Adenocarcinoma
Stomach Rectal

Melanoma

Rectal

Synovial Cell Sarcoma
Y Context Cluster C

Pancreas 6 Chondrosarcoma
Salivary Gland 2  Melanoma

Context Cluster G
Pancreas 6 Blad Gastric
Melanoma 6 Breast Lymphoma
Ovarian 3  Brain Stomach
Eﬂzzigma 2 Salivary Gland 2 Colon  Skin
Adipose Adipose 2 Cartilage Thyroid
Adrenal 2 Synovial Cell Sarcoma

Context Cluster E

Figure 4.3: Annotated Context Motif Clusters in a Context-ffiegene regulatory net-
work: Each context motif cluster (abbreviated “Context Gdu§tis annotated with the
corresponding set of samples and highlights significamtijceed tumor types in red. See
Table 4.1 for cancer tumor sample distribution in the datalsethe graph itself, red ver-
tices represent over-expressed genes, green under-sgyesd gray neither under- nor
over-expressed. Edges are oriented from driver geneg (l@rmgjces) to driven genes (small
vertices).

(C drives a gene also driven by G). These characteristicgroed us that C and G should
be analyzed as separate context motif clusters. The wealecton may have been rooted
in tissue of origin similarity, as between them they accdantwo-thirds of the pancreatic
samples in the data with six members in each. Next, we segkgae top large cluster
in Fig. 4.3 into context motif clusters A, B and F. All driveo-driver edges between A
and B are oriented from A to B, implying a hierarchical regotgtrelationship from A to
B. Also, like C and G, their connection in the graph is expldibg the fact that both A

and B represent significant numbers of both breast and ovanmmaor types. Context motif
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clusters B and F share four edges, two involve genes driveibgrs in both B and F. The
two remaining edges are both directed from F to drivers in Biceting again a possible

hierarchical regulatory relationship between the two.

On the basis of density of connection and directionality aftcol, we resolved
the four original context motif clusters into seven biolaly separable ones. Each of
these seven context motif clusters are visible in Fig. 4@ laawve the associated tumor
types next to them. Enriched tumor types are highlightectthand the numbers next to
all tumor types correspond to the number of samples dishgd as significant by the

scoring function (Eq. 4.1). See Table 4.1 for details of taladet sample composition.

Tumor Type Enrichment

Recall that for the Sample Association Score of Eq. 4.1, a Eampich occurs in all
context motifs of the context motif cluster would have thealiest score, and a sample
which is not present in any of the context motifs will have axmaal score of 1. TN
samples with scores less than 0.5 were thus associatedrtodlresponding context motif
clusters. Using only the selected samples, sample diftritgiand tumor type enrichments
were calculated across all context motif clusters as desdrnext. Fig. 4.3 depicts the

tumor types having non-zero sample counts correspondiagdb context motif cluster.

After sample association to specific context motif clusteesch cluster was sub-
jected to a statistical test for enrichment of specific typegimors. The Yates corrected
chi square test for significance was applied (since some atswere less than 5) to each
tumor type-context motif cluster pair. Some of the significeesults are summarized in

Table 4.2.

Context Motif Clusters Identify Disease-Pertinent Genes

Fig. 4.3 highlights (in red) the tumor types considered tcehdched within the corre-

sponding context motif cluster. Intriguingly, context nfiatiuster A showed significant
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Table 4.2: Context Motif Cluster Tumor Enrichment: Chi-squameichment test p-values
of tumor types in different context motif clusters are shaowthe table.

Context Motif Cluster A Context Motif Cluster B Context Motif ClestC
Tumor Type p-value Tumor Type p-value Tumor Type p-value

Ovarian 2.30E-05 Gallbladder 1.60E-04 Pancreas 8.20E-05
Breast 0.0057
Lung 0.0120

tumor enrichment of ovarian cancer, breast cancer and langes. A literature survey
shows that breast cancer drugs are being used in the treatfrieng cancer [69], because

of the vital role of estrogen in lung development, and subsatly the cancer pathway.

Conventional approaches such as clustering and Bayesiannkdaarning provide
some ability to observe sample enrichment, but they do saalyswhat do not exploit the
association of particular expression behaviors in sultgete samples to the fullest extent.
Since clustering and Bayesian network learning implicidguame that the observed data
is from a single distribution, their results are always @it approximations relative to
results that assume the observed data to have come fronusaiiterent distributions and

evaluate them in appropriate isolation.

We compared our method to some conventional clusteringigtigus, such as hier-
archical clustering and k-means clustering, using thelaiity metrics of correlation and
Euclidean distance, using Cluster version 3.0 [70], to gsarpples with similar gene ex-
pression profiles. We were able to verify that in cases wheiendar number of context
motif clusters (six or seven) were identified by conventlamathods, the conventional
clusters display significant overlap (ranging from 40% t&®@verlap) with context motif
clusters in terms of samples (and thus tumor type enrichmé®wnventional clustering
algorithms do not, however, provide a quantitative evatumatvith which to isolate vital

gene markers or describe gene activity for the subtypessetde described by the sample
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subset. The context motif cluster approach has a distin@rdadge of extracting relevant

genes pertaining to the particular disease type.

Some examples of known gene interactions and relationgbipkseases within
context motif clusters were verified through a literaturevey. Context motif cluster A
involved breast cancer, ovarian cancer and lung canceringheled genes such as TN-
FRSF1A, which is known to promote breast cancer [71]; CD74allgexpressed in ovar-
ian and lung cancers, is being considered as a target foipMuNyeloma treatment ther-
apy [72]; HLA-DM, when its expression is combined with th&HLLA-DR, is considered
to influence breast tumor progression and patient outcoie [Jontext motif cluster C,
related to pancreatic cancer, contained GP2, a proteinfijadlg expressed in pancreatic

acinar cells and considered as a diagnostic marker in agiim4).

Comparison to Bayesian Network Analysis

Context motif clusters (A~ G) were compared tédgn, which is the result from the
Bayesian network analysiddgny was composed of many subgrapli¢s), which were
connected components, and the 32 larg&gis were chosen for comparison. The degree
of overlap was evaluated for each pair (context motif clydtlec) using the geometric
mean of common gene ratios for the context motif cluster hedHgc. After considering
the empirical distribution of the degree of overlap, a pathva degree of overlap larger
than 0.162 was determined to share a significant amount a&fsg€ero figure out the dif-
ference between two results, enrichment analyses for Gat@dgy (GO)[75] terms were

conducted for every context motif cluster and evidgy: using GoMiner [76].

Fig. 4.4 compares context-specific gene regulatory netandkBayesian network
analysis. The comparison revealedHg&:s with a significant number of shared genes with
at least one context motif cluster (SharedHec 1, Hec 2, Hee 3, Hee7, Hee 16 Hee 17,

HCC,191 HCC,261 HCC,301 HCC,32)- WhenHccsin Shared were subject to GO term enrichment
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analysis, most of sudHccs did not have any enriched GO term (8 of 10). On the contrary,
otherHccs with no significantly shared genes (NonShared) were oftercteed with GO
terms (19 of 22). The reason can be as follows: Bayesian nkte@aming assumes that the
observed data is from a single distribution, and attempt@pture information consistent
across all samples in the observed data. On the contrardysenaf context-specific gene
regulatory networks captures information consistent bissts of samples. If aficc shares

a significant amount of genes with a context motif cluster méans that a significant
portion of information in theHcc is consistent only in some subset of samples. This is
against the viewpoint of Bayesian network learning, becdhedHcc was built with a
bias toward the process of capturing information consiskenoss all samples. For this
reason, the shared genes inHgt may have inconsistent information with those unshared
genes in thédcc, eventually making it hard for thElcc to have enriched GO terms. The
conventional Bayesian network learning is therefore notgmaum choice for identifying

context-specific information from some subset of samples.

This comparison and the tumor enrichment studies of comexif clusters in pre-
vious sections shows that the context-specific gene regylaetwork has a novel ability
to represent context-specific information from subset ofigas while conventional ap-
proaches assuming the entire sample set to be from a sirggtddtion have a harder time

recognizing this kind of behavior.
4.6 Chapter Summary

Our work presents a formal approach to generate contexff rlasters, i.e. disease-
pertinent (cancer tumor type in case of TN dataset) gendategy networks, using our
novel analysis methodology applied to the context-spegéite regulatory networks. Our
study asserts that these gene regulatory networks exhdbitgical advantages absent in
related techniques. The mapping of inter- and intra-cdangéelges results in a graph of

context motif clusters which is found to have interestingparties, such as specific can-
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Figure 4.4: Bayesian Network Analysis of TN Data: The leftiéakhows the degree of
overlap for each pair of context motif clusterssAG and a subgraptHcc 1 ~ Hece 32)

from Bayesian network analysis. A shaded cell in the tableessmts the pair with a
significant level of shared genes. A shaded context motgtetuorHcc has at least one
enriched GO term while non-shaded ones have no enriched @3.teThe right graph
shows the portion oficcs with enriched GO terms fdficcs with a significant number of
shared genesshared) andHccs with no significant number of shared gensiiShared).

cer tumor type enrichment (used for context motif clustaraation) and occurrence of
genes relevant to the annotated diseases. Comparison aipitisach with conventional
clustering algorithms demonstrated its advantage fovaglkegene subset identification.
When compared with Bayesian network analysis, we noted théxbmotif clusters can

capture regulatory relationships specific to subsets opssswhile conventional Bayesian

network learning rarely captures meaningful context-gjpeiaformation.

While our work on this topic has concluded, the results haneadly laid the ground
work for related research. Based on our preliminary work ¢énescontext motifandcon-
text motif clustehave been formalized. Tho®ntext motif clusterBom our manuscript[63]
have now evolved into the general tecontexthanks to work by Ramesdt al[77] and by
Sen[64]; Work by Ramesét al. replaced the originaad hocanalysis approach with sys-

tematic graph clustering, comparing the results of Markogtering with two variants of
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spectral clustering. Work by Seat al. has simplified context-specific gene regulatory net-
works with novel pruning techniques, and has advanced tbancorporate multi-source

data as well as multivariate drivers[64].

Alongside these works, our work on developing contextuakgeet interaction net-
works (detailed in the coming chapter) also uses the workisfahapter as a branching off
point towards improved interpretation capabilities angastpatient benefit. Based on clus-
tered context-specific gene regulatory networks and adiigsemaining interpretability
limitations, we reduce the quantity of reported interagsiavith annotation-based sum-
marization of gene sets and reveal which network comporaetgeneral and which are

context-specific.
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CHAPTER 5

CONTEXTUAL GENE SET INTERACTION NETWORKS

As mentioned, researchers are now asking specific questgasding subtypes of dis-
ease. Resources such as the International Genomics ConssexpO biospecimin repos-
itory (http://www.intgen.org/expo/), which as of this ¢mg contains over 16,000 cancer
biosamples, allow the kind of data researchers need totigaés the similarities and dif-
ferences across different cancer subtypes. The availabiliexpO and resources like it

demands the representation of the context-specific behalvibe true biological system.

We have developed methods to learn and annotate contenifisggene regula-
tory networks based on a contextual genomic regulation mé@e 63, 77]. While the
model[63] defined in the previous chapter provides an isterg and useful context-specific
gene regulatory network and concordant context motif ehsstits weakness is in inter-
pretability. Because of its inherent usefulness, howeverarg motivated to utilize it as the
basis for a more readily interpretable network model. Adisue describe our contribution

of learning contextual gene set interaction networks aedtifl/ing context specificity.
5.1 Motivation

Identifying similarities and differences in the molecutamnstitutions of various types of

cancer is one of the key challenges in cancer research. Tgeaemces of a cancer de-
pend on complex molecular interactions, including geneiledgry networks and gene-
environment interactions. This complexity makes it chadieg to decipher the molecular
origin of the cancer. In recent years, many studies reponietthods to uncover heteroge-
neous depictions of complex cancers, which are often cassgbinto different subtypes.

The challenge is to identify diverse molecular contextdimita cancer and to relate them

to different subtypes so that we can recommend contextifgpgeatment to patients.
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In this study, we describe a method to discern molecularact®ns specific to
certain molecular contexts. The method first identifies segenes of which each gene set
shares coherent transcriptional patterns across a suissanples, termedontextual gene
set Unlike conventional approaches to building modular gensgtworks, our focus is to
identify cancer-generic and subtype-specific interastioetween contextual gene sets by
quantifying the effect of the samples from each subtype ercéiiculated strength of inter-
actions observed. Two cancer data sets were analyzed torstipg validity of identifying
condition-specificity. The results revealed that netwasknponents specific to different
types of cancer are related to different biological funesidrom cancer-generic network
components. We also found results that are consistent wathqus studies, as well as new

hypotheses on the biological mechanisms specific to cestainer types.

The analysis on the contextual gene sets and charactenzstnetworks of inter-
action composed of these sets discovered distinct furadtatifierences underlying various
types of cancer. The results show that our method succhsséwkeals many subtype-
specific regions in the identified maps of biological corgexthich well represent biolog-

ical functions that can be connected to specific subtypes.
5.2 Related Work

Many computational and mathematical techniques have beeraped to infer molecular
patterns of biological and translational interest fromeyerpression data profiled from hu-
man tumors. As most of these methodologies are highly deggtimeh simple correlation of
changes in mMRNA abundance as the primary measure of rela®dhey are intrinsically
limited in their sensitivity and specificity by the highlyteeogeneous, idiosyncratic nature
of tumor gene expression patterns. Early expectations thatehe molecular pathology
of tumors arising from a particular tissue of origin wouldshstriking similarities due to
very common sets of oncogenic molecular processes acoguntieach such tumor type’s

initiation and progression. The finding that samples of ttsriaken at different points in
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the course of an individual’s disease were more similar thedher than to any other tu-
mor in the study was therefore quite surprising and stands rageworthy finding from
early expression profiling studies [78]. One tumor typeoaic myelogenous leukemia
(CML), has been found to have a large number of genes behaviagery homogeneous
fashion [79], however this kind of behavior has been the pitae rather than the rule. The
relative homogeneity of CML is probably in line with the exfen that a cancer type
would exhibit high homogeneity if there was a high similaiit the process of oncogene-
sis. In the case of CML, it is true that the means of transfoionas simple and constant.
As the biochemical mechanisms of tumor growth and surviagskhbeen subjected to ever
more detailed analysis, it has now become clear that for tnosbr types there is substan-
tial variation in how tumors use available normal and atlezellular functions to achieve

relentless growth and disproportionate survival.

In recent studies, the identification of genomic patteriag #ne specific to certain
biological contexts is gaining more interest as the hetmedy in biological data becomes
better embracedBiological contextf interest can derive from subtypes of diseases or
different clinical outcomes within the same subtype, sushesponses to therapy. One
of the early approaches to identify context-specific patténvolved searching for the co-
regulated sets of genes and depicting the relationshipgeketthe gene sets and the bio-
logical or clinical characterization of samples. Gasch &isg&n [13] used a modified fuzzy
k-means clustering method to find gene sets and showed dmreketween those gene
sets and the experimental conditions that determined hastyells respond to environ-
mental changes. Segal et al. [14] used existing knowledgeces as well as clustering
techniques to find gene sets that are either functionallsetaied or coherently expressed

in each set, then determined their specificity to partictylpes of tumors.

More recently, new strategies to identify context spedifiof biological interac-

tions are being proposed, as it is being widely acceptedibédgical interactions are co-
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ordinated in systematic ways but distinctively so, depegdin biological contexts. These
approaches are often based on network models represeitgingibal interactions. Iden-
tifying context specificity in biological interactions caaveal environmental conditions
under which the activities of components of biological natvs vary, and this can make
significant contribution to reinforcing confidence in theéwerk as well as to improving
the understanding of more exact mechanisms of transangitmr translational regulations.
Several studies have shown that it is possible to identifitexd-specific activity in known
biological networks [15, 16, 17, 18]. In these studies, dgatal networks were built from
existing prior knowledge, and context-specific gene exguo@sor protein expression data
was used to annotate biological interactions’ context i§ipg®s. While this approach is
useful for understanding the context specificity in alreelogracterized networks, its utility
is limited by the scope of the network. Because context-fipegiis identified on top of
networks from prior knowledge, it cannot make findings edio novel interactions. Be-
cause of such limitation, a more desirable approach is talsameously identify biological
interaction networks and their context specificity fromhiiproughput data. Grzegorczyk
et al. [80] proposed a method to learn a non-homogeneous Bayestwork that can
represent multiple different conditions, by using a migtanodel that can unify networks
of different conditions. This approach of using mixture ralsdcan be ideal in situations
where enough amount of samples and computing resourcevailabée. However, the
scalability of its application is significantly limited irr@actice due to the complexity of the
model. Indeed, their study only show the results from neltworf up to 11 genes. Another
possible approach is applying conventional network lesymhethods to subtype-specific
samples and comparing the results. However, this appreagiires many samples for each
condition to achieve reliable results, and comparing nef@models from different condi-
tions can be arguable especially when different amount wioées were available across

conditions.
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5.3 Background

In this study, we use a method to learn contextual gene sgtirtion networks that can rep-
resent maps of functional modules in target biologicalayst, and identify condition/subtype-
specificity on the inferred networks. Our method takes tweehapproaches; the first is
using context-specific gene sets as the nodes of networklisthensecond is measuring
condition-specificity with a formulation based on the Bagasietwork model. Using gene
sets instead of individual genes as nodes in networks carnfisantly increase the scal-
ability of the application. However, using conventionahgeclusters that show similar
expression across all samples will make it difficult to idigntontext specificity of in-
teractions in networks, as such gene clusters will have lyjntt®¢ same value across the
samples. In our approach, we use contextual gene sets thatsatilar expression under
certain subset of samples, where such subsets of sampléteatitied as potential bio-
logical contexts by using the method for context-specificageic regulations [81, 82, 77].
Contextual gene sets have specific expression values only $abset of samples where
they have statistically significant coherency, which heétpslentify networks and relevant
condition-specificity. Another key aspect of our approachsging the conventional homo-
geneous Bayesian network model to learn networks and to meeasadition-specificity.
Using homogeneous network models requires significantly mputational cost than
using non-homogeneous mixture models. However, the honeages model does not rep-
resent any condition specificity by itself. To overcome thistation, we designed a for-
mulation to quantify the effect of the samples from diffdrennditions/subtypes on the
formation of networks to measure the degree and the statisignificance of condition
specificity. (The brief results of a simulation study wilsalbe given to show the validity

of identifying condition-specificity.)
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5.4 Methodology

Learning contextual gene set interaction networks andiiyarg condition specificity in-
volves several steps of data transformation, as illusdratd=ig. 5.1. It consists of four
major stepk (STEP |) identifying contextual gene sets as basic funetimmodules, (STEP
Il) summarizing contextual gene sets to transform the daggeoes to the data of contex-
tual gene sets, (STEP lll) learning contextual gene setant®n networks where each
interaction represents dependency in expression (speaifiession status of a gene set
depends on the expression status of the other gene set)dmetwe contextual gene sets,
and (STEP V) identifying condition specificity of each irdetion. For the first step of
identifying contextual gene sets, we define a contextuat gehas a set of genes that show
consistent expression pattern under a biological coniexta subset of samples. This is
based on the assumption that once a biological context\ashi steady state, genes in-
volved in the process show consistent transcriptionaépagtunder the biological context.
Identifying contextual gene sets first requires the idaraifon of samples where biolog-
ical contexts are involved, and we use tentext miningalgorithm[81, 77] to find such
contextual conditions, where a contextual condition isk@sstiof samples where groups of
closely related coherent expression patterns are foundletJgach contextual condition,
sets of genes with similar over-expression or under-espasare identified as contextual

gene sets (STEP I in Fig. 5.1).

To infer networks of contextual gene sets, each contexteia get is represented
as a single variable/node. This requires the original gempeession matrix to be trans-
formed to a gene set expression matrix, where the value ohtextual gene set for a
sample is a representative value of all genes in the corstbgane set. Expression values

of genes in a contextual gene set for a sample are summadzgther UP or DOWN if

Lwhile the entire approach was a collaborative process, thefappersonal contributions of the disser-
tation author were to STEP Ill, STEP IV and to the validatiod annotation work thereafter.
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the majority of the genes are over-expressed or under-sspde and NOCHANGE value
is given otherwise (STEP II). We are going to focus on the sa$statistically significant
up-regulation or down-regulation, and most results froim $kudy are from the cases of up

or down-regulations.

A contextual gene set interaction network is learned froensiimmarized contex-
tual gene set expression data, by evaluating the likelirafodependency between each
pair of contextual gene sets given all samples and buildiognaection if the dependency
likelihood is larger than a given threshold (STEP Ill). Iriece of interaction networks
from the summarized data has a few advantages over traalitqproach where all genes
are used. Since the number of variables (nodes) is signifycemaller in this approach as
all the genes in contextual gene set are aggregated to & siaghble, the method suffers

less in both computational complexity and statisticalneation accuracy.

A resultant interaction between two contextual gene sgtesents that there is a
probabilistic dependency in their summarized expressiGesie sets with dependency are
expressed in coordinated manners, where the expressiois stfaa gene set depends on
the expression status of the other gene set. However, tbet &f the dependency from
the samples can be different for diverse conditions, as thaeyimply different activities
of biological functions. Based on this idea, we identify ciod-specific regions in the
built network by measuring the effect from the samples oheamdition on the likelihood
of dependency. To measure the effect of a condition on a dipey, we evaluated the
likelihood of the dependency without the samples of the d¢mand computed its dif-
ference with the original likelihood obtained using all éalle samples (STEP IV). If the
original likelihood is significantly higher than the likebod without the samples from the
condition, it means that the samples under the conditior heade significant contribution
to the dependency. This implies that the dependency exaitdyrdue to the samples from

the condition, thus it is declared as a condition-speciffzetielency.
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Figure 5.1: Schematic Overview of Learning Contextual Geeel&eraction Networks
and Identifying Condition Specificity: From the gene expi@ssnatrix, contextual gene
sets are identified through tlo®ntext miningorocess. The expression values of genes in
each contextual gene set for each sample are summarizedriatonajor representative
value, and a contextual gene set expression matrix is kgt @sult. Multiple Bayesian
networks are learned from this matrix and their consensugank (undirected dependency
likelihood matrix) is built while ignoring the direction @onnections. For each condition,
a subset of data is built by discarding the samples of theitondrom the original data
and a new dependency likelihood matrix is built from it. ittthependency likelihood of the
interaction betweef®; andGj from all samples is significantly larger than the dependency

likelihood from a data without a conditiorslaiI the interactis specific to the condition 1.




STEP I: Identifying Contextual Gene Sets

We define a contextual gene set as a set of genes that showteohgxpression pattern
under a biological context. This is based on the assumpltiahdnce a biological con-
text reaches a steady state, genes involved in the processcsimsistent patterns under
the biological context. It requires the identification obsats of samples, which are rep-
resentations of biological contexts. We use tioatext miningalgorithm [81, 77] to find
contextual conditions based on these samples, where axtaaiteondition is a subset of
samples that have groups of closely related coherent esipregatterns (such patterns are
calledcontext motifsn the algorithm). In the process of context-mining, two sistency
statisticsconditioning(d) andcrosstalk(n) are used to find context motifs, and a permuta-
tion test is applied to check their statistical significaniceour study,d = 0.1, n = 0.3 and
the significancé < 0.05 (Benjamini and Hochberg corrected) were used. With thehgra
ical representation of context-motifs, the Markov clugMCL) algorithm [83] is used to
cluster closely related context motifs into biological taxts. Then flation parameter was
set to 2 in our study, as suggested by the developer of MCL. Pesemtative set of sam-
ples from each identified context is determined as a cordégtindition using the sample
association score (SAS, Eg. 4.1), and we used SAX5 in our study. For each contex-
tual condition, consistency statistidésandn were used again to find contextual gene sets
that include genes with consistent over-expression ormuexjgression. The sante= 0.1,

n = 0.3 andP < 0.05 were used in this step.

STEP II: Summarizing Contextual Gene Sets

To infer networks of contextual gene sets, each contexerat get needs to be represented
as a single variable as most network models assume each salsiiagle random vari-
able. For each sampkg, the expression values af genes in a contextual gene $&tis

summarized to a single representative vaBye whereGjy is UP if more tharr % of the
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genes inG; are over-expressed with statistical significance of a rggametricP lower
than a given threshold (vice versa for the case of DOWN). Qtisey; G is given a value

of NOCHANGE. In this studyy = 50% and & threshold 0.05 were used.

STEP IlII: Learning Contextual Gene Set Interaction Networks

A contextual gene set interaction network is built fr&, which is the set of all samples,
after the expression summarization of the original geneesgion matriXD by computing
the likelihood of dependendy; = Pr(G; «+ Gj|Su) (= dji) between each pair of contextual
gene set& andG;j. Gj <+ Gj is a connection between two contextual gene GgandG;

in any direction. We used the Bayesian network model to ifietiie dependency between
contextual gene sets, and the BANJO softwavas used to learn Bayesian networks. From
Rindependent runs of BANJO withy, dij was computed as a frequency of the undirected

connectiorG;j <+ Gj as follows:

R F(BN,Gj < Gj
dij:Zk_l ( NI; < J), (5.1)

whereBN is a Bayesian network structure frokth run of BANJO, andF is a
function that returns 1 iBN¢ hasG; «++ Gj, or 0 otherwise. The direction of connections
in the Bayesian networks was ignored as we consider eithectdin of a connection to
represent the same existence of dependency between twextaitgene sets. Mj is
larger than a given threshottj, we declared that a dependency exists betwgemndG;.

In our study, we useB = 1,024 anddg = 0.5.

STEP IV: Identifying Context-Specific Network Components

Our approach to identify the specificity of a dependencyticaiahip to a condition is mea-
suring the effect by the samples of a condition on the lilaith of the dependency. When

St is a set of samples of a conditid, the amount of effecy by Sy, on a dependency

2http://www.cs.duke.edu/ amink/software/banjo/
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relationshipG; <+ Gj is defined by the relative ratio of the dependency likelihaatth Sy

to the likelihood withS, — Sr,. More specificallyy can be defined as follows:

dij
V(Gi ¢ Gj;Su,S) = 1, (5.2)

ij

o

Wheredgk =Pr(Gj < Gj|Sy —Sr,). One characteristic ofis thaty(G; <+ Gj; Sy, St )
is proportional to AIG; «+ Gj|Sr,) (Proof given in Appendix E), which is a conventional

measure for the relevance Gf <+ G; to the typely.

The benefit of this characteristic is thatan be used instead of the conventional
measure RG; < Gj|Sy,), especially when the direct measurement of@r—+ Gj|Sr, )
can be unreliable due to the limited number of samples foh eandition, which is the

case of many biological applications.

To measure the statistical significancey0; <+ G;; Sy, St,), a permutation test is
done by using, instead ofSr,, which is built by randomly selectingr, | samples from
Su. If H out of M permutations gave greater than or equal tgG; « Gj; Sy, Sy, ), the
statistical significanc® of y(G; <+ Gj; Sy, Sr,) is H/M. Wheny(G; <+ Gj;Sy,Sr,) is
larger than a given thresholg and itsP is lower than a thresholds; <+ Gj is declared
to be specific to the conditiof. In our study, we limitedV to 100 for each significance
test ofy due to the computational cost of repeating Bayesian netveanilng many times
for each permutationyy = 2, which indicates two-fold or higher increase of depenglenc
relationship by adding the sample of the conditignandP = 0.05 were used as threshold

values.

Annotation of Gene Sets

GATHER [84] was used to identify GO terms that are associtiezhch contextual gene

set with statistical significance, where the terms from mmwali@ function and biological

97



process categories were consider@d= 0.01 was used as a significance threshold. For
annotating specific regions in a contextual gene set inieranetwork, we computed the
overlap of genes (all, over-expressed, or under-exprgssadegion with the pathway gene
sets in MSigDB [85], and evaluated its statistical signifioa with a hypergeometrie.
After the false discovery rate (FDR) correctionRovalues using Benjamini and Hochberg'’s

method, FDR-corrected = 0.01 was used as a significance threshold.
5.5 Results

We first provide an example of identifying condition spedjiof interactions in biological
networks by way of application to a Boolean model of a chotesteegulatory pathway.
Next we describe the advantages of contextual gene setshmveomparable biclustering
approach. Following, two cancer data sets were used asapgpis to show the benefit of
identifying condition/subtype-specificity, 1) a refragt@ancer gene expression data with
113 cancer patient samples of 32 different tissue typesdiid]2) The Cancer Genome At-
las (TCGA) glioblastoma multiforme (GBM) gene expressiorad&ach resultant contex-
tual gene set interaction network shows both cancer-geaed subtype-specific interac-
tions. We found that the identified cancer-generic and saggpecific sub-networks have
different functional roles. Besides the comparison of figmal annotations, we also re-
lated the identified subtype-specific interactions to sufopp evidence from other knowl-
edge sources. These results show that our approach tofydeatidition specificity in
learned networks can provide novel information about lgmlal functions specific to the

given conditions.

Example of Identifying Condition Specificity

One key component of our approach is identifying the coodisipecificity of interactions
in biological networks. To show the applicability of our rhed of identifying condition
specificity, we conducted a simulation experiment as an pi@nwe used a Boolean net-

work model of the cholesterol regulatory pathway [86] to gfate synthetic data sets of
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two different conditions. The cholesterol regulatory pedly describes the synthesis of
cholesterol from acetyl CoA. This process can be prohibitedrings such as statins, and
the Boolean network model also includes the statins and gslagory path. From the
Boolean network model of the cholesterol regulatory pathiay synthetic data sets were
generated with/without statins perturbation, where is¢aierturbed data sets were gener-
ated by setting the state of statins to the value 1, and thasfaee data were generated by
setting the state of statins to the value 0. For each casedlofwithout statins perturbation,
100 samples were generated. The specificity to the statimgrpation and its statistical
significance were evaluated for each regulatory relatipnsbm the cholesterol pathway
model, by using the method for identifying condition-siednteractions described in the
Methodology section. The same parameter values were uskssasbed in the Methodol-
ogy section except for the number of permutations, as 1,e8@ytations were used in this
simulation example. Fig. E.1 in Appendix E illustrates awark diagram of the choles-
terol regulatory pathway, and its statins perturbatioeefir regulations were highlighted
with red color. From the figure, the inhibitive regulatiomrin statins to HMG-CoA re-
ductase and its downstream regulations from HMG-CoA redediaMevalonic acid were
identified as statins-perturbation-specific regulatiorth statistical significanc® < 0.05.
All other regulatory relationships did not pass the sigatifice threshol® = 0.05 (regula-
tions represented with black connections), thus were ndaded to be statins perturbation-
specific. This simulation example shows that the proposetiadesuccessfully identifies
the regulatory path from statins to its downstream elemevtiech is affected by the con-

dition of statins existence.

Advantage of Contextual Gene Sets over Biclusters

We showed that the identification of condition-specificttyhiological networks can be
possible by the proposed method. However, applying thahodeto gene-level networks

is computationally challenging due to their sizes, thussaigring a set of genes as a func-
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tional module in the target network is a viable approach. \&eduthe context mining
method to find contextual gene sets as such functional medumpared to the ap-
proach of context mining, conventional methods to clusésreg cannot identify gene sets
that show coherent expression across a subset of sampiethuafinal networks of gene
sets will have only generic interactions across all samplgkout any condition/subtype-
specific interaction. Biclustering can be an alternativeragagh to find gene sets that show
coherent expression under certain subset of samples, setaearches combinations of
a subset of genes and a subset of samples, where the genesistilawv patterns in the
corresponding subset of samples. However, most biclagtenethods lack the ability to
group similar biclusters and often give significantly oe@ping results. We compared our
context mining based method and the Iterative SignatureiBieting Algorithm (ISA) [87]
to see the overlap between their identified gene sets. Fremethactory cancer data de-
tailed in the coming section, 339 contextual gene sets wiergified by our context mining
based method, and the same number of biclusters were iddnti§ing ISA. The context
mining based method gave significantly lower overlap betwgene sets than ISA (Fig.
5.2), thus using gene sets from the context mining basedadetfil have less chance of
inferring undesirable generic interactions between singene sets. This was confirmed
by learning a gene set interaction network and identifyiague-type specificity from the
refractory cancer data, with gene sets from both methodsmFfhe gene set interaction
network with the ISA gene sets, no interaction was deterchinée tissue-specific (result
is not shown), while 87 tissue-specific interactions weeatdied with the contextual gene

sets, which will be described in the later sections.

Contextual Gene Set Interaction Network from the Refractoryc€a@ene Expression

Data

For the case of analyzing the Target Now refractory cancéa f&], gene expression

data of 21,073 probes (from Agilent-011521 Human 1A MicragprG4110A) and 113
100



o
=]

o
S

150

Gene set ID
Gene set ID

n n
a1 [=]
S =]

(&)
(=3
S

1
0.9
0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1
0

50 100 150 200 250 300 50 100 150 200 250 300
Gene set ID Gene set ID

(A) (B)

Figure 5.2: Jaccard similarity heat maps of 339 gene sats tino different methods: (A)
Context Mining Based Method, (B) ISA.

patient samples (32 different types of refractory cancemewsed in this study. For each
type, its normal tissue of origin was used as a baseline amdatiio of the cancer to its

tissue of origin was computed. The ratio value was then te@@ using the 2-fold change

threshold, to three discrete values of UP, DOWN and NOCHANGHe. distribution of the

113 samples among different cancer tumor types is listedlnter4. 1.

Contextual Gene Set Interaction Network of Refractory Candtr Tissue Type

Specificity

We identified contextual gene sets and a network of the gesersen the gene expres-
sion data of refractory cancer. From the gene expressian 880 contextual gene sets
were identified as functional modules. The gene expressaba \Was summarized to an
assortment of 339 contextual gene sets as shown in Fig. EAppendix E. By learn-
ing Bayesian networks from the summarized expression datependency likelihood;

(= dji) was evaluated for each pair of contextual gene GgtandG;, where 0< djj < 1.

A contextual gene set interaction network of 285 interaxgtiand 278 contextual gene sets

was constructed by connecting gene sets with dependemiynbkd larger than 0.5, which
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Table 5.1: Refractory Cancer Specific Tissue Type Interastidiime number of specific
interactions for each tissue type from the refractory canlega. Tissue types with no
specific interaction were not shown.

Tissue type Specific interactions
Stomach 11
Pancreas 10

Melanoma, Adrenal 9
Ovary 8
Gall Bladder 7
Kidney 6

Breast, Brain, Testicular 4

Adipose tissue 3

Esophagus, Salivary Gland, Skin,
Chondrosarcoma, Smooth muscle from uterus
Colon, T cell lymphoma, Glioma 1

implies that they are more “likely” to exist. For each of 28%eractions in the contextual
gene set interaction network, its specificity to each of 38ue types was evaluated and
88 interactions (31%) were identified to be tissue specifite Mumber of specific inter-
actions for each tissue type is summarized in Table 5.1. Bi§.shows the contextual
gene set interaction network and tissue type specificity) sontextual gene sets as nodes
and interactions as edges. Edges have different stylescdmd dased on their tissue type
specificity. In this network, tissue-specific interacti@me associated with 19 tissue types
and the other 13 tissue types did not have significant effedhe interactions. We also
highlighted sub-networks enriched with interactions oft@ia tissue types by dotted el-
lipses. This result represents that the samples of diffé¢igsue types have different effect

on the dependency between contextual gene sets.

Discrepancy in Biological Functions Between Cancer-GenericTassue-Centric

Contextual Gene Sets

Each contextual gene set was annotated with Gene Ontoldgy[§8] terms of biological
functions and pathways to further elucidate the meaninigehetwork. GATHER [84] was
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Figure 5.3: Annotated Contextual Refractory Cancer NetwoHhe fefractory cancer con-
textual gene set interaction network annotated with thatifled tissue type specificity is
shown. Only 278 contextual gene sets with at least one ittiereare shown. The contex-
tual gene sets under-expressed across their corresparaditextual conditions are colored
with green and over-expressed contextual gene sets amedaoidth red.
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used to find associated annotations with statistical scamfie, witiP = 0.01 as a threshold
of significance. To validate the discrepancy in functionabming between cancer-generic
interactions and tissue-specific interactions, the aasatiGO terms were compared be-
tween contextual gene sets with different types of int@sast From the contextual gene
set interaction network in Fig. 5.3, contextual gene setl amly interactions specific to a
tissue typelx were declared a§-centric contextual gene sets. Similarly, contextual gene
sets with only cancer-generic interactions were declasszhacer-generic contextual gene
sets. Representing the set of GO terms associatedTwitentric contextual gene sets as
Annot(Ty), we compared the union &nnot(Ty) from all tissue types to the GO terms
associated with cancer-generic contextual gene setsot(Cancej. The number of all
tissue-centric contextual gene sets were 51 Witk Annot(Ty)| = 169, while 175 con-
textual gene sets were cancer generic Withnot(Cancej| = 413 (the rest 52 gene sets
with mixed tissue type interactions were not consideretliimpgrocess)Jr, Annot(Ti) and
Annot(Cancef have 93 common GO terms. Table 5.2 lists the most frequentea@st
associated with either only cancer-generic contextuad ges or only tissue-centric con-
textual gene sets. Many GO terms associated with cancerigerontextual gene sets are
basic biological mechanisms and well-known biologicaldions related to general cancer,
such as signal transduction, cell cycle and RNA processiagti$sue-specific functions, a
few tissue-specific network regions will be discussed iraill@t the later subsection with

their functional annotations.

Cancer-Generic Network Region

The region (A) in Fig. 5.3 is one example of a cancer-gen@ggon. As this region in-
cludes many interactions that are not specific to certasuéisgypes, the expressions of the
contextual gene sets within this region shows correlatenoss all tissue type samples.

This region is mainly related to immune systems, as the 1Q stasstically significant an-
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Table 5.2: Significant GO Terms for Refractory Cancer Data Sigmificantly associated

GO terms to only cancer-generic or tissue-centric contéxjene sets. The frequency
indicates the number of contextual gene sets associatedhtcorresponding GO term.
Only 20 most frequent terms are shown for each case.

GO terms relevant only to cancer-generic contextual gerse set\ GO terms relevant only to tissue-centric contextual gere set

GO term Frequency\ GO term Frequency
G0:0007166: cell surface receptor signal transduction 11| GO:0006163: purine nucleotide metabolism 2
G0:0007049: cell cycle 9 G0:0006164: purine nucleotide biosynthesis 2
G0:0006396: RNA processing 7 G0:0006629: lipid metabolism 2
G0:0008283: cell proliferation 7 G0:0009150: purine ribonucleotide metabolism 2
G0:0016070: RNA metabolism 7 G0:0009152: purine ribonucleotide biosynthesis 2
G0:0043207: response to external biotic stimulus 7 | GO:0009259: ribonucleotide metabolism 2
G0:0000375: RNA splicing, via transesterification 6 G0:0009260: ribonucleotide biosynthesis 2
G0:0000377: RNA splicing, via transesterification 6 G0:0044255: cellular lipid metabolism 2
G0:0000398: nuclear mRNA splicing, via spliceosome 6 | GO:0046148: pigment biosynthesis 2
G0:0006397: mRNA processing 6 G0:0000904: cellular morphogenesis 1
G0:0006959: humoral immune response 6 | GO:0006099: tricarboxylic acid cycle 1
G0:0008380: RNA splicing 6 G0:0006119: oxidative phosphorylation 1
G0:0009613: response to pest, pathogen or parasite 6| GO:0006144: purine base metabolism 1
G0:0016071: mRNA metabolism 6 G0:0006188 : IMP biosynthesis 1
G0:0030333: antigen processing 6 G0:0006189: 'de novo’ IMP biosynthesis 1
G0:0000067: DNA replication and chromosome cycle 5 | GO:0006510: ATP-dependent proteolysis 1
G0:0000075: cell cycle checkpoint 5 G0:0006554: lysine catabolism 1
G0:0006950: response to stress 5 | GO:0006570: tyrosine metabolism 1
G0:0016064: humoral defense mechanism 5 | GO:0006582: melanin metabolism 1
G0:0000279: M phase 4 G0:0006583: melanin biosynthesis from tyrosine 1

notations are listed in Table 5.3. This can imply abnormaviy in immune mechanisms

for the patients corresponding to the contextual condition

Tissue-Specific Regions

The regions (B) — (E) in Fig. 5.3 are the examples of networkoregwhere many tissue-
specific interactions exist. For each region, the expragsatterns of contextual gene sets
show strong correlation for the corresponding tissue typedes (see Supplementary Fig.

E.3 (B-E)).

The melanoma-specific region (B) in Fig. 5.3 showed associatith apoptosis.
The five under-expressed contextual gene sets were reteddthormality in pigmentation,
cell death signaling pathways and apoptosis. Individuatedual gene sets show further

details in tissue-specific functional abnormalities. Bamaple, G122 andGyo3in the region
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Table 5.3: Significant Annotations for Contextual Gene S&tg 10 most significant an-
notations for 12 contextual gene sets of region (A), Fig. 5.3

MSigDB annotation (Source) P
Graft versus host disease (KEGG) 5.39E-08
Type | diabetes mellitus (KEGG) 9.56E-08
Natural killer cell mediated cytotoxicity (KEGG) 1.08E-07
Generation of second messenger molecules (REACTOME) 1.Z4E-0
Allograft rejection (KEGG) 1.69E-07
Viral myocarditis (KEGG) 9.33E-07
Translocation of ZAP70 to immunological synapse (REACTOME)58E-06
Signaling in immune system (REACTOME) 3.97E-06
Leishmania infection (KEGG) 4.64E-06
Autoimmune thyroid disease (KEGG) 6.20E-06

(B) are related to the metabolism of nicotinamide and nieotilde adenine dinucleotide
(NAD ™) metabolism. Through these metabolisms, the coenzyme @antpNAD" ac-
cepts or donates electrons in redox reactions [89] that gilgtyificant roles in releasing
energy from nutrients by generating ATPs. This possibleabal activity of energy gen-
eration can be related to the fact that melanoma (and alsr ctincers) is intensively
positive in positron emission tomography (PET) scans dubkd intense demand for en-
ergy, where tumors have up-regulated receptors that tafdecose and subsequently have
high levels of glycolysis. One over-expressed contextaakgset in this region was related
to GTP binding P = 1.71E — 5) and guanyl nucleotide bindin® & 1.37E —5), and this

is supported by a report of the expression of small GTP-bopgrotein genes of the RAS

family in melanoma [90].

For the pancreas-specific region (C) in Fig. 5.3, the overesqedG,9g was as-
sociated with post-translational modification, such agjuitination. Ring finger proteins
RNF11(7 out of 16 pancreas sampldg3,= 0.001) andRNF139(9 out of 16 pancreas
samplesP = 0.0085) are over-expressed for several pancreas sampesd(Fig. 5.4),

and there is a report that the ubiquitin-editing enzyi2® downregulatetNF-«B signal-
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Figure 5.4: View ofRNF11landRNF139Expressions Across Refractory Cancer Samples:
Gene expression data were transformed tg tagos compared to expressions from normal
tissue samples.

ing in the presence dRNF11[91]. While the over-expresse@19s was related to post-
translational modification with ubiquitination, the geneghe two under-expressed con-
textual gene sets3199 and G,10) were related to maintaining cell structures, which can

facilitate cell motility and invasion.

The ovary-specific region (D) in Fig. 5.3 includes six comte gene sets under-
expressed in most of the ovarian samples, where they weoeiatsd with ovary-specific
functional annotations such as reproduction and pregndruyg can be related to the loss
of normal ovarian function from the ovarian cancer patieBesides the ovary-specific an-
notations, they are also related to {Brrestin pathway and the caspase mediated cleav-
age of cytoskeletal proteins. Arrestins can block G preteediated signaling, and redirect
signaling to alternative G protein-independent pathw&egarding this annotation, there
is a report that caspase mediated cleavage of cytosketgtalphays a positive role in the

morphological changes of apoptosis [92].

Contextual Gene Set Interaction Network from the GBM Data of TCGA

From the TCGA-GBM gene expression data, 202 samples with foowk subtypes (54

Classical, 58 Mesenchymal, 33 Neural and 57 Proneural [98[ewsed in this study.

107



The expression of 17,814 genes in the GBM samples were cedveriz-scores using 10
normal samples as a reference. The standardized expresfi@s were quantized to three

levels of UP, DOWN and NOCHANGE by using one standard devia®a threshold.

Contextual Gene Set Interaction Network with Phenotyped®Bgre Specificity

We also identified a contextual gene set interaction netdvork the gene expression data
of TCGA GBM. From 202 GBM patient samples with four subtypes (Sitzed, Mesenchy-
mal, Neural and Proneural) reported by Verhaak et al. [9B§, @ntextual gene sets were
identified. The gene expression data was summarized forifbe@ntextual gene sets as
shown in Fig. E.4 in Appendix E. Based on this summarized ctnétgene set expression
data, a contextual gene set interaction network (with 28&actions and 247 contextual
gene sets with at least one interaction) was built with theesenethods and parameters
applied to the case of the refractory cancer data analysise&ch interaction, its speci-
ficity to each of four subtypes was evaluated and 77 inteyast(26%) were declared to
be subtype specific. In addition to the four subtypes of GBMcHijeities to the mutations
of selected gene€GFR NF1, PDGFRA PIK3CA PIK3R1andTP53, the methylation
of MGMT, and age: 40 were also evaluated. The number of specific interactionsdch
subtype and condition is given in Table 5.4. Fig. 5.4 shovesdbntextual gene set in-
teraction network with identified phenotype/genotype dpmi#ty. Regions enriched with
interactions of certain subtypes were highlighted withtelbtellipses. Among the tested

genetic mutations, onlgGFRmutation showed associated interactions.

Functional Difference Between GBM-Generic and Subtype-@e@mntextual Gene Sets

Each contextual gene set was annotated with GO terms ofdiallofunctions and path-
ways, and significantly associated GO terms were comparetthéocontextual gene sets
that have different types of interactions. From the GBM cxinia gene set interaction net-

work in Fig. 5.4, the annotations of subtypecentric contextual gene sets were compared
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Table 5.4: Specific GBM Subtype and Sample Condition Intevasti The number of
specific interactions for each GBM subtype and sample camdi\mong the investigated
conditions, conditions with no specific interaction are stodwn.

Subtype/Condition  Number of specific interactions

Classical 24

Mesenchymal 20
Neural 8

Proneural 24
EGFRmutation 2
MGMT methylation 1
Age < 40 7

Table 5.5: GBM Subtype-Centric Contextual Gene Sets: The nuoflgubtype-centric
contextual gene sets and associated annotation termsvare gi

Tk Tk-centric gene sets |Annot(Tx)|  |Annot(Tx) N Annot(GBM)| (Overlap %)
Classical 6 4 0 (0 %)
Mesenchymal 8 34 6 (17.6 %)
Neural 4 4 4 (100 %)
Proneural 14 35 31 (88.6 %)

to the annotations of GBM-generic contextual gene setseTabllists the number of each
subtype-centric contextual gene sets with their assatiateotation terms. From Table
5.5, all four (100 %) GO terms associated with Neural-cermointextual gene sets and 31
out of 35 (88.6 %) GO terms associated with Proneural-centmtextual gene sets were
also associated with GBM-generic contextual gene sets.caBimismply the closeness of the
abnormalities in Neural and Proneural subtypes to GBM-geadnormalities. Compared
to the cases of Neural and Proneural subtypes, none or fdve @© terms from Classical
(none out of four, 0 %) and Mesenchymal (6 out of 34, 17.6 %jyqds were overlapping
with the GO terms associated with GBM-generic contextuakgsets, which can imply
these two subtypes are more differentiated forms of GBM thauar&l and Proneural sub-
types. These findings of Classical and Mesenchymal subtygieg Imore differentiated

GBM are consistent with the results of a previous GBM study.[93]
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Comparison of Contextual Gene Sets with Other Gene SignattiteBM Subtypes

We compared the genes in subtype-centric contextual gerensth the GBM subtype
signature genes reported by Verhaak et al. [93]. Table &t6 the number of over/under-
expressed genes for each subtype, from two methods. Subgypec contextual gene sets
have completely different list of genes compared to the gegreatures reported by Verhaak
et al., as there was no overlap across all subtypes. Thidisant difference is due to the
different approaches of identifying genes from two methddse GBM subtype signature
genes by Verhaak et al. were identified in two steps — theyusstl a consensus clustering
to group the patient samples into four stable clusters, taewl differentially over-expressed
genes in each subtype were identified using the combinatisigificance analysis of mi-
croarrays (SAM), receiver operating characteristic (RO@}jhuds and ClaNC, a nearest
centroid-based classifier [93]. In contrast, contextualegeets were identified with more
focus on biological processes rather than differentialgressed signatures of subtypes.
Genes in each contextual gene set are grouped as they shigticstiiinteractions amongst
them based on their expression levels, and each subtypeeceontextual gene set has
its interactions strongly associated with a specific subatyffhus, subtype-specific contex-
tual gene sets represent genes whose interactions arglgtemsociated with biological
processes underlying certain specific subtypes, rathargliae signatures for certain sub-
types. In addition, as some genes may function in multidferdint biological processes, a
gene may belong to multiple contextual gene sets, and taisather discrepancy between

contextual gene sets and subtype gene signatures.

The identified contextual gene sets were also compared teethudt of Gene Set
Enrichment Analysis (GSEA) on MSigDB [85], which is a methtdidentify differen-
tially expressed gene sets for each condition, based on lpnmwledge. For GSEA, the
standardized gene expression data was used without qaigonizGSEA analysis was done
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by comparing “samples of one subtype versus the rest of tiglsa” for each subtype,
to identify subtype-specific gene sets. Out of 2,101 gereafetanonical pathway gene
sets and GO gene sets of biological process and moleculatidarfrom MSigDB, 2,067
gene sets (98.4 %) with up to 500 genes were tested using G&EAnNing GSEA for
each gene set, 1,000 permutations were applied. From th#, rBsvalues were FDR-
corrected using Benjamini and Hochberg’s method, and FDRectadP = 0.05 was used
for statistical significance. Table 5.7 lists the numberdeinitified gene sets by using two
methods, where GBM-generic or each subtype-centric geseasetshown for contextual
gene sets, and subtype-specific gene sets are shown for @aEAMethod could identify
GBM-generic contextual gene sets as well as multi-type ctumd gene sets, which show
interactions with other contextual gene sets across nheilsipbtypes of GBM. Such types
of gene sets cannot be identified using conventional GSEAchmiiorks in a supervised
manner based on the given subtype information. Anothenfgqithat GSEA returns very
biased number of gene sets between subtypes, where the dgs®ad subtype dominates
the number of findings. A possible hypothesis of GSEA rehgriiased results for Mes-
enchymal is that Mesenchymal is a most differentiated fofr@BM (physiologically or
genotypically) [93] and many genes are differentially e@gsed in Mesenchymal compared
to other subtypes. Compared to GSEA, our method gives lessdi@sults to a specific
subtype, and this is because subtype-centric contextued gets are identified based on
subtype-specific interactions. As subtype-specific irttgoas are focused on consistent
interactions instead of consistent expression levely, dhe relatively free from the bias of

consistent differential expression in each subtype.

GBM-Generic Network Region

The network region (A) in Fig. 5.4 is one example of a GBM-genezgion with 12 con-
textual gene sets in it. The heat map (Fig. E.5 (A) in Apperif)of the contextual gene

sets show that their expressions are closely correlatesga@ll patient samples, making
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Table 5.6: Comparison of GBM Subtype-Centric Contextual Gerie &&d GBM Sub-
type Signature Genes: The table lists the number of overesgpd genes (UP) and under-
expressed genes (DOWN)

Gene set Classical Mesenchymal Neural Proneural

UP DOWN| UP DOWN| UP DOWN| UP DOWN

Subtype-centric contextual gene 3$€809 8 27 537 | 362 215 | 612 796
Verhaak et al. 162 0 216 0 129 0 178 0

Overlap 0 0 0 0

Table 5.7: Comparison of Contextual Gene Sets and MSigDB Getwel&entified with
GSEA: The number of gene sets are listed. For the contexarad gets, GBM-generic or
each subtype-centric contextual gene sets are shdtulti-type indicates gene sets with
various subtype-specific interactions.

Contextual gene set 144 6 8 4 14 71
GSEA N/A 1 245 6 3 N/A

the interactions among these contextual gene sets to be GBIgFg. From the associated
annotations of the over-expressed contextual gene sefeindorresponding contextual
conditions, this network region was mainly related to tlghtijunction and the intercel-
lular adhesion, which occur in epithelia and brain endadhehlso by considering other
annotations such as epithelial cell differentiation andphogenesis of an epithelium, this
network component can represent active epithelia cortg&irutn GBM, which can im-
ply active blood vessel construction. For the MSigDB antiote of the under-expressed
contextual gene set, the presence of a transcriptionaks@motif was statistically signif-
icant, which matches annotations for vitamin D recepbDR Considering the function of
vitamin D killing GBM cells [94], a possible hypothesis is thhe loss of vitamin D sus-
ceptibility in GBM patients can be related to the low actestiof genes targeted MDR,

while the main cause of such low activities remains for fartstudies.
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GBM Subtype-Specific Regions

The regions (B) — (G) in Fig. 5.4 show the examples of subtyyesiéic regions for four
subtypes of GBM. In each example, the expression patterngriéxtual gene sets show
strong correlation for the corresponding subtype sames Fig. 5.6 (A) and (B), and

Fig. E.5).

The Classial-specific region (B) in Fig. 5.4 includes six catual gene sets, where
one is over-expressed and five of them are under-expressestddiassical samples. From
the MSigDB analysis, one of the significant annotationsteeldo the over-expressed con-
textual gene set is a transcriptional start site motif thatalmes annotation for a member
of ETSoncogene familyELK1, which implies genes targeted by this oncogene are over-
expressed and the oncogdbieK1 is enabling many of its downstream genes. The genes
in the under-expressed contextual gene sets were relatahtal nervous system devel-
opment P = 2.58E — 4). Another transcriptional start site motif was also rethtwhich
matches annotation for the androgen recept8r These can imply the abnormalities in
neural system development and in the susceptibility of GBMrtdrogen. The Classical-
specific region (C) reveals the presenc@leflycover-expression, which directly regulates

a number of genes associated with the classical phenotygesignature includingGFR

For the Mesenchymal-specific region (D) in Fig. 5.4, five eegpressed contex-
tual gene sets for Mesenchymal samples are related to gédicsuinteractions (integrin
cell surface interaction$? = 7.3E — 5) and several signaling pathways related to cancer.
We could see up-regulation of Collagen I, IV ECM compone@©®I1A2up-regulation
in 33 out of 58 Mesenchymal sampleB,= 1.22E — 15; COL4A5 up-regulation in 10
Mesenchymal sample®, = 0.1069) that signify increased ECM production. TGF beta
receptor Il is also up-regulated (46 out of 58 Mesenchymaipdes,P < 8.12E — 21),

which is associated with epithelial-mesenchymal tramsi{EMT). Jak-STAT signaling
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Figure 5.6: Selected Context-Specific Regions from GBM Netw@rkloser look on se-
lected condition-specific regions from the GBM contextualeeet interaction network is
shown here. (A) Heat maps of the Mesenchymal-specific re@®rwith a brief summary
of its relatedness to Mesenchymal features. (B) Heat mapseoNeural-specific region
(E), where this region can represent a cell cycle progradsyop27 phosphorylation. (C)
MGMT methylation-specific region (J), whesGMT methylation is related to the repair
of damaged DNA in the process of cell cycle.
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pathway was related, to® & 1.84E — 4), with PIK3CD andJAK2 up-regulation. Genes
involved in integrin cell surface interaction€QL1A2 ITGA1l RAP1B COL4A5and
APBB1IB were also included and these can lead/t&dPK signaling. The other 10 con-
textual gene sets under-expressed in many Mesenchymalesamglude down-regulated
Catenins CTNNA2down-regulation in 18 of 58 Mesenchymal samples: 1.8% — 4),
where Catenins are often associated with inhibiting EMT SElgeene sets are also related to
microtubule cytoskeleton organization and biogend3is (E — 5). Besides, we could ob-
serve the down-regulation of tubulin§BB8down-regulation in 30 of 58 Mesenchymal
samplesP = 2.17E — 5; TUBGCP6down-regulation in 23 of 58 Mesenchymal samples,
P = 2.95E — 3) andNEK1 (25 of 58 Mesenchymal sampld3= 4E — 3) andNEK11(16

of 58 Mesenchymal sampldB= 0.263), which are components of proliferation, and it can
imply that the proliferation activity is low in Mesenchyn@lls since their high migratory
behavior. A brief summary and a heat map of gene expressighssaegion is shown in
Fig. 5.6 (A), and the findings mentioned above can imply acEBMT, abnormalities in
maintaining cell structures, and low proliferative adgiyiwhich well fit the characteristics

of the Mesenchymal subtype.

The Neural-specific region (E) in Fig. 5.4 can represent #ikecgcle progression
by p27 phosphorylation. The over-expressgdincludes p27 (12 of 33 Neural samples,
P = 0.159) andRBX1(16 of 33 Neural samples$? = 5.51E — 5), where p27 can block
progression of cell cycle. However, F box protein binds vatiosphorylated p27 with the
involvement ofRBX1, causes p27 degradation and cell cycle progression. Aicgiyd
the three under-expressed contextual gene sets weredrétatiephosphorylationP(=

2.45E — 3). A summary and a heat map of this region is also shown in3=&y(B).

The Proneural-specific region (F) in Fig. 5.4 includes aaquressed contextual

gene sets that are related to cell cycle, and under-expressgextual gene sets related
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to homeostatic processes. The Proneural-specific regipal§@ shows active cell cycle

processes, and degraded immune responses.

Other Genotype/Phenotype-Specific Regions

In addition to the four subtypes of GBM, other condition-gpednteractions were also
identified. Among genetic mutations, onfBGFR mutation has associated interactions in
regions (H) and (I). The condition of ages40 is associated with regions (K), (L) and
(M). An interesting result is the region (J) associated whith methylation oMGMT (Fig.
5.6 (C)). Inthe region (J), the two over-expressed contégeere sets, which are connected
with aMGMT methylation-specific interaction, were related to cellleyespecially DNA
replication and checkpoint (DNA dependent DNA replicatrath P = 7.84E — 10, mitotic
cell cycle withP = 3.47E — 9 and mitotic M-M/G1 phases witF = 1.59E — 7). This
specificity of MGMT methylation to the DNA replication and checkpoint in celtleyis
evident, by considering th&dlGMT is involved in the process of repairing damaged DNA
during the replication process. The expressiotM@MT could have been disturbed by
methylation and eventually lost its function in the cell leycheckpoint. The review by

Casorelli et al. [95] also covers the role of t&SMT repair protein in cancer.
5.6 Chapter Summary

High heterogeneity in cancer has been evident since eadiyest, and approaches to reveal
such heterogeneity embedded in genomic profiling data angisf promising results. In
this work, we used a method to measure the effect from expresamples of certain
conditions on the components in contextual gene set irtteranetworks for identifying
condition-specificity. In addition to the simulation exjmeent, two cancer data sets were
analyzed to support the validity of identifying conditispecificity, which are the refrac-
tory cancer data with 32 tissue types and TCGA GBM data with $oiatypes. Contextual
gene set interaction networks were built with tissue/phgrelgenotype-specificities. The

resultant contextual gene set interaction networks widtgjgities showed different inter-
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action patterns across conditions, and they provided n@ethgses as well as consistency
with previous studies. Bayesian network learning was useklisnwork to more correctly
estimate the likelihood of dependency, but simpler meassueh as correlation or mutual
information can be also used for the same formulation. Tingincanalysis will follow this
study for condition-specific interactions and related estual gene sets to further analyze

biological mechanisms of condition specificity in cancer.

Thus we have extended the context-specific gene regulativyork idea with a
new graph-based representation of contextual genomicniation and also contribute a

novel, knowledge-based analysis approach to extract tméextual information.
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CHAPTER 6

CONCLUSION

In this work we have visited a spectrum of biological modghmth a goal towards thera-
peutic intervention, with both formal and informal notioomisbiological context. In doing
so we have extended the utility of the Boolean network modeinélized a graphical de-
piction of a model for contextual genomic regulation, anovpted an analysis framework
for said graphical depiction. In addition to providing a eching off point for various
extensions, we have built upon the context-specific genglaggy network towards the
elucidating contextual gene set interaction network, @lith a knowledge-based annota-

tion and validation approach to reveal embedded contexit@imation.

In accomplishing these tasks we have answered our threéepratatement ques-

tions.

Question 1Can we identify targets for intervention to change or preserglogical
steady states (i.e. contexts) within the classic framew®iBoolean networks? We have
demonstrated a novel approach to analyzing the Boolean netvasins of attraction to
discover targets for intervention, as well as a samplingetaxtension to larger networks

with inexhaustible state spaces.

Question 2Can we extend the idea of a gene regulatory network to exglrobdel
context specificity? We have formalized the graphical demoof a model for contextual
genomic regulation, called a context-specific gene regnjatetwork, and extended this
idea into the more powerful contextual gene set interactetworks. Both of these explic-

itly model the context-specific information embedded withiological data.

Question 3Can we provide an analysis approach for context-modelingorés

such that we can identify biologically meaningful conteRt® both context-specific gene
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regulatory networks and contextual gene set interactidwar&s we have provided in-
depth analysis approaches to reveal biologically meanlrgitent embedded within the

contextual data.

In accomplishing these tasks we have also overcome thegstatsel challenges: 1)
navigate the exponential state space of the Boolean netwodiel2) create graphical de-
pictions of models for contextual genomic regulation, apde®sign methods for extracting

biologically meaningful contextual information.
6.1 Key Contributions
Here the key individual contributions of the dissertatioa summarized.

Contribution 1

New method for identifying targets for intervention by analyzing Boolean network
basins of attraction: Our work clearly established a usefulness in analyzingnsasf
attraction in identifying targets for intervention, andraise of logic minimization sig-
nificantly reduced the representation of basins of atwactand the proposed measures
stratified the terms, revealing both the key players in trstesy and how to manipulate

them.

Our smaller networks, both hand-made and inferred, havagqed clearly identi-
fied intervention targets that are not always evident iraattr states themselves, in the net-
work topology, or even from various existing measures, lgo#iph-theoretic and Boolean-
network-specific. In making application to the handmadevogi modeling some of the
systems biology behind human aging, we were able to idebidlogically meaningful
intervention targets as well as determine for which dessyexiem steady states (i.e. dis-
ease, health, etc.) they are most effective. The analysiseofeast cell cycle network also
demonstrated that our methodology can identify key vaesbi the system. We were able
to systematically identify three important variables dis specifically by the original
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study and propose others for further study. Our applicatiothe WNT5A network for

melanoma demonstrated the applicability of our approagio: hand-created networks
to networks inferred from biological data; furthermore ¢angets identified for interven-
tion had been previously validated by laboratory studieimalfy, the application of our

small network approaches to Al planning showed how this @ggr can assist existing
intervention planning strategies. Perhaps the most irapbespect of our revealed inter-
vention targets is the fact that they are both basin- andevgpecific; in other words, we
providing not just a target, but how exactly to intervendueaand also a context in which

the intervention is appropriate (basin).

Contribution 2

New method for identifying multi-variable targets for inte rvention in large Boolean
networks requiring a sampled view of intractable state spaes: By introducing the tem-
plate counting approach to supersede the small networkg@ayand power measures, we
have made possible the identification of key players fronstmpled state spaces of larger
networks through our template analysis. We demonstratedadibustness of templates as
intervention targets through a simulation study compgshousands of trial interventions
over various random networks. In these simulations we fabatitemplates maintain per-
formance in sampled state spaces and in increasingly latgerks. We also demonstrated
the application of the template-based approach on a mugérlarLGL Leukemia network
crafted by domain experts. We note that when all single ségimneasures were unable to
produce helpful intervention targets, the template bappdoaches did produce single and
multi-variable intervention targets with high estimatedcess rates. We also observed that
identifying the best template can benefit greatly from eiplassification of the basins of
attraction since the best template may not always be the dhelve highest score. In the
end, the template based analysis revealed the most powegfyers for altering network

dynamics into desired attractor basins, and these resals galized, and in certain cases
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biologically reinforced, on a network with over 8 trilliortages in the basin of attraction

field based sampling only 50,000 initial states.

Contribution 3

New graphical depiction of a mathematical model for contextial genomic regulation:
While cellular context mining is indeed successful at pradgicoherent context motifs,
it was lacking in interpretability due to the reporting oéittified context motifs in either
a list, tree or tabular format. To expand, systematize, aratitiress shortcomings in vi-
sualization and interpretation, we developed the forredligraphical representation of the
results of cellular context mining called context-spe@gne regulatory networks, building
off a mathematical framework which recognizes the idea ofdgiical contexts, where we
chain together of context motifs to form a graphical depictof the mathematical model.
This graphical depiction models not only genes in variedresgion states, but also per-
context-motif sample information, and thus provides Feground for context-based anal-
ysis. Formally, a context-specific gene regulatory netwdik a pairH = (V,E), whereV

is a set of gene-representing vertices &rid a set of edges oriented from genes designated
as drivers to genes designated as driven; thus a directed graph structure, though not
necessarily acyclic, since a driven gene in one contextfmwy be a driver in another.
Again, note that each edge in our representation is speaifinly its corresponding subset

of samples.

Contribution 4

New ad hoc analysis approach for the graphical depiction of contextuagenomic reg-
ulation to identify biologically meaningful context clusters: Our work presents a step-
by-step approach to generate context motif clusters, isade-pertinent gene regulatory
networks, using our novel analysis methodology appliedhéodontext-specific gene reg-

ulatory networks. To obtain the best context motif clusters contribute the following
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ad hocapproaches: In general one first considers any topologigascan analysis of the
weakly connected or strongly connected (if present) coraptmin the network topology
is a natural place to begin segregating into subnetworkgikMihese components, the reg-
ulatory control inherent in the driver-driven relationshis useful in identifying separation
points between portions of weak or strong components. Auditly, expression values
lend insight; because each variable in a context-specifie gggulatory network built from
a quantized data set is present in each level of quantizéign up to three nodes for a
ternary gene variable found to be up- or down-regulated ochange), one can quickly
identify portions of the network exhibiting similar expsgsn behavior. In general, context

motif cluster identification steps include the followingoaeation criteria:

Weakly Connected Components (topological)

Strongly Connected Components (topological)

Large Subgraphs Separated by Few Edges (topological)

Subgraphs Differing in Expression Value Consensus (biokd)i

Subgraphs Differing in Disease Subtype Enrichment (bicky

Our study shows how these gene regulatory networks exhddddical advantages
absent in related techniques. We demonstrate the utilithefapproach on a refractory
cancer data set, the mapping of inter- and intra-contex¢®flgy which results in a graph
of context motif clusters which is found to have interestprgperties, such as specific
cancer tumor type enrichment (used for context motif clugtenotation) and occurrence
of genes relevant to the annotated diseases. Comparisas apftroach with conventional
clustering algorithms demonstrated its advantage fovaglkegene subset identification.
When compared with Bayesian network analysis, we noted thaexbmotif clusters can

123



capture regulatory relationships specific to subsets opgsswhile conventional Bayesian

network learning rarely captures meaningful context-geaformation.

In the end this work provided a branching-off point not ondy bur extensions in

Contributions 5 and 6, but for other work by Sen[64] and Ranmi&gh[

Contribution 5

New graphical depiction of a context-based model: a contextil gene set interaction
network, specifically STEP Il and STEP IV of the approach concernng Bayesian
network learning and identifying condition specificity: The usefulness of the context-
specific gene regulatory network despite its interpretadificulties motivated out next
step in context-specific approaches, in which we detaileddamulation and preliminary
results of contextual gene set interaction networks. The get interaction networks re-
duce the dimensionality of our results by creating sumnragigene sets and providing a
simpler network structure whose edges are identified wetctintext responsible for their
presence. Like context-specific gene regulatory netwahescontextual gene set interac-
tion networks are replete with sample information, but n@wenthe newfound simplicity
provided by gene sets. Combined, these two features enabiedbrporation of existing

biological knowledge to provide rich, contextual annaas.

Learning contextual gene set interaction networks andiig@rg condition speci-
ficity involves several steps of data transformation, asitlted in Fig. 5.1. It consists of
four major steps: (STEP I) identifying contextual gene setdasic functional modules,
(STEP Il) summarizing contextual gene sets to transforndtta of genes to the data of
contextual gene sets, (STEP Ill) learning contextual genenseraction networks where
each interaction represents dependency in expressioafispxpression status of a gene
set depends on the expression status of the other gene se€ebetwo contextual gene

sets, and (STEP IV) identifying condition specificity of Banteraction. For the first step
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of identifying contextual gene sets, we define a contexteakgset as a set of genes that
show consistent expression pattern under a biologicalestnte. a subset of samples.
While the entire approach was a collaborative process, tbeifsppersonal contributions
of the dissertation author were to STEP Ill, STEP IV and tovll@ation and annotation

work thereatfter.

(Step I11) A contextual gene set interaction network is et from the summarized
contextual gene set expression data, by evaluating thihlikeel of dependency between
each pair of contextual gene sets given all samples andbgitdconnection if the depen-
dency likelihood is larger than a given threshold. Infeeen€interaction networks from
the summarized data has a few advantages over traditiopabagh where all genes are
used. Since the number of variables (nodes) is significantigller in this approach as all
the genes in contextual gene set are aggregated to a simglblgathe method suffers less

in both computational complexity and statistical estimatccuracy.

(Step 1V) A resultant interaction between two contextualgeets represents that
there is a probabilistic dependency in their summarizedesgions. Gene sets with de-
pendency are expressed in coordinated manners, whereghession status of a gene set
depends on the expression status of the other gene set. Eiowsy effect of the depen-
dency from the samples can be different for diverse conultias they can imply different
activities of biological functions. Based on this idea, wentify condition-specific regions
in the built network by measuring the effect from the samplesach condition on the like-
lihood of dependency. To measure the effect of a conditioa dapendency, we evaluated
the likelihood of the dependency without the samples of thredidion and computed its
difference with the original likelihood obtained using allailable samples. If the original
likelihood is significantly higher than the likelihood wdht the samples from the condi-

tion, it means that the samples under the condition have rsigaéicant contribution to
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the dependency. This implies that the dependency existslyndue to the samples from

the condition, thus it is declared as a condition-speciffgedelency.

Contribution 6

New knowledge-based annotation and validation approach focontextual gene set
interaction networks to reveal contextual information embedded within:  We also
contributed a knowledge-based analysis approach on tleseontextual gene set inter-
action networks incorporating Gene Ontology as well asyaghinformation. Using this
approach we have achieved valuable analysis results ontw{farget Now data set and
with a glioblastoma data set from TCGA, and we have demomestratlvantages over the

related biclustering method.

GATHER [84] was used to identify GO terms that are associtt@@ch contextual
gene set with statistical significance, where the terms frastecular function and biolog-
ical process categories were consider@d= 0.01 was used as a significance threshold.
For annotating specific regions in a contextual gene satactien network, we computed
the overlap of genes (all, over-expressed, or under-esedgsn a region with the pathway
gene sets in MSigDB [85], and its statistical significance waaluated with a hypergeo-
metricP. After the false discovery rate (FDR) correctionffalues using Benjamini and

Hochberg’'s method, FDR-correct€d= 0.01 was used as a significance threshold.
6.2 Future Directions

Future work based off of this dissertation will proceed i twain directions.

First, the Boolean network progress of Chapter 2 must be egtefadt even larger
networks and must be adapted for parallel computing salstior efficiency. Despite
progress in sampling large state spaces, we will alwaysriteli by the exponential growth
of the state space with the number of variables. Fortunaelpetwork sizes race into

intractability, so too does the reliability of such netwsriwhich is a direct influence on the
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guality of our results. Since there are quality handmadeords with sizes into the dozens
of variables, such as our T-LGL Leukemia network, a Droslaphétwork from Albertet
al.[23], and others, our leap to this size level is significanithWnprovements to algorithm
implementation and with the incorporation of paralleliaat we plan to improve the large
networks approach in terms of speed and network size capalleally towards the 100
variable mark. Additionally, tools for biologists must breated to make our advancements

accessible to a wide audience.

Second, regarding the contextual gene set interactionankswthorough analysis
will follow our study for condition-specific interactionsd for related contextual gene sets
to further analyze biological mechanisms of condition #p®ty in cancer. As biologists’
analysis needs are further understood in correlation vatitextual information available
for use, systematic analysis software will be designed &dblenthe use of our approaches

by other biological researchers themselves.
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2Ina Sen and Michael P. Verdicchio contributed equally te thidrk as first authors.
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2. Verdicchio, M. P, Kim, S. (2011). “Identifying Targewrfintervention by Analyzing
Basins of Attraction.”Pacific Symposium on Biocomputjrig, Jan 7 2011, Hawaii.

Invited oral and poster presentation of accepted paper.

3. Alterovitz, G., Verdicchio, M.P., Cavalcanti, S., Wang,,N\Ramoni, M3 (2011).
“Reverse Engineering and Synthesis of Biomolecular SysteRecific Symposium

on Biocomputingl16, Jan 3 2011, Hawaii. Tutorial presentation with G. Altétz.

4. Verdicchio, M., Kim, S. (2009). “Boolean Network Modelstdtiman Aging.” In-
vited oral and poster presentations at Rexky ‘09 Bioinformatics ConferencBe-

cember 10-12, Aspen, Colorado.

5. Bidaye, D., Dzifcak, J., Stracuzzi, D., Chimera, R., VerdiocM. P., Kim, S., Lan-
gley, P. “An Interactive Environment for Visualizing, Impreting, and Revising Bi-
ological Process Models.” Poster presentatioRBECOMB 2009 Conferenc&lay

17-21, Tucson, Arizona.

6. Verdicchio, M., Zhang, X., Baral, C., Kim, S. (2008). “Learg Causal Relation-
ships Between Genes from Steady State Data: Algorithms, I8iion and Applica-
tion.” Invited oral and poster presentations at Recky '08 Bioinformatics Confer-

ence December 4-7, Aspen, Colorado.

7. Zhang, X., Verdicchio, M., Baral, C., Kim, S. (2008). “Learg Causal Relation-
ships Between Genes from Steady State Data: Algorithms, ISiioa and Appli-
cation.” Poster presentation at tA608 Translational Genomics Research Institute

(TGen) Scientific RetregPhoenix, Arizona.

8. Verdicchio, M., Kim, S. (2006). “Graphical Representatad Gene Regulatory Net-

works.” Poster presentation at tiir@llton Undergraduate Research Initiative Un-

3Deceased
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dergraduate Research Symposjufempe, Arizona. (Earlier versions presented at

similar symposia, November, April, 2005)

Works in Progress

e Verdicchio, M. P. “Parallel Processing Tools for AnalyziBgsins of Attraction with

Application to Large Networks.” (Expected Submission R&IL3).

e Jung, S., Verdicchio, M. P., Bittner, M., Kim, S. “Review Pap&ontext-Specific
Gene Regulatory Networks.” (Expected Submission Fall 2013)
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Despite its simplicity, the Boolean network model has proehe quite viable at
approximating certain aspects of biological processes.ekample, it has been used to
simulate the yeast cell cycle [21], which we looked at clpselour work [22]. It has
also been used to simulate the expression pattern of segrokanity genes irbrosophila
melanogastef23], as well as the vocal communication system of the saddimain [24,
25]. Since Kauffman’s seminal work[1] there have been desstvariations and extensions
of the use of Boolean networks for modeling biological systeand various inference

procedures have been proposed for them [26, 27, 28].
A.1 Formal Description

A Boolean networkB(V,f) is made of a set of binary nod&= {x1,X,--- ,Xn}, and a
set of functiond = {fy, fp,---, fy}. The binary value of variablg €V at time(t+1) is
determined by other variables i), Xj, i), s X (i) at time(t) by means of a Boolean func-
tion f; € f. That is, there ark variables assigned tg, and the mappingy : {1,--- ,n} —
{1,---,n},k=1,--- k determines the “wiring” of variablg. Thusk; is called thecon-
nectivityof x;, which is to say the number of inputs to its particular Boolgarction. The
values of the variables at tinfje+ 1) are always a function of the values of theespective

input variables at timé. Formally,

Xi(t+1) = fi(Xj,0) (), Xy (1), -, Xy ) (1) (A.1)

State Transition Diagram

The state of a Boolean network at tirneefers to the state vector for all variablest) =
(x1(t),x2(t),...,Xn(t)), where a specific state can be expressed asdimensional binary
vector(z,2y, ...,zy), wherez € {0,1},1 <i <n, or in a more compact form asz- - - z.
The state space of the network{ig,1}" = {00---0,00---1,...,11---1}, whose size is'2

Letting x(t) take on the value of each of the possiblestates and obtaining the next states
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X(t+ 1) gives a set of 2one-step transitions that completely characterize theuhycs of
the system. Let this set of all states be cal®duch thatS= {x1,X2,---,Xn}, and let
the set of all transitions between the stateSok calledE. The state transition diagram
G(S,E) for a Boolean networB(V, f) with n nodes is a directed graph wheg= |E|= 2".
Each of the verticeg € Srepresents one possible configuratiorxgfxo, ..., x, and each
of the directed edges represents one of the one-step toassiietween two states as we

synchronously apply Boolean functions to all variables.

We adhere to the traditional, synchronous update scheméodtgorigins in re-
lating to biological cell types[1], and because its detaism is exploited by our analysis
approach. Some correctly claim that real biological systeim not “march in step” and
that asynchronous update mechanisms are more appro@tgteHowever, synchronous
networks are able to compute and to reduce complexity b#ttar asynchronous non-

deterministic ones and that synchronicity is still relati@tiving systems[97].

Attractors and Basins

Wuensche [2] and others have studied the basins of attraictiBoolean network models
of genomic regulation, specifically the relationship ofitlsgructures to the stability of at-
tractors (cell types) in the face of perturbations. Howglecause of the transient nature
and size complexity of basins of attraction, they are ofteglected in analysis in favor of
the attractor states. As a basin of attraction is a collaabibstates leading into a corre-
sponding attractor, i.e. phenotype, careful analysis es¢hbasins could reveal interesting

biological characteristics that determine cell fate, aroair recent study addressed[22].

In the absence of interventions or perturbations, beggqmrany initial state, re-
peated application of transition functions will bring thetwork to a finite set of states and
cycle among them forever in fixed sequence. This set of sta@sown as arattractor,

denotedA;. An attractor with just one state is called a singleton attrand an attractor
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with more than one state is called a cyclic attractor. Booleatworks may have any-
where from one cyclic attractor comprised dfs2ates to 2 point attractors, although most
commonly a network will have just a handful of singleton ooskcycle attractors. The
complete set of states from which a network will eventuatigahA; is known as thdasin

of attractionfor A;, denotedB;. Formally, the states of basB, are precisely those that,
givenw < 2" applications of Boolean functions to an evolving state, epdnuattractor

A: B = {x| fW(x) € A},i,w < 2". The basins of attraction correspond precisely to the
weakly connected componemthe state transition diagram (i.e. a subgraph such that
every pair of verticesi andv is connected by a directed path franto v and an undirected
path fromv to u), and the attractors correspond precisely tosiinengly connected compo-
nentsof the state transition diagram (i.e. a subgraph such treyeair of verticess and

vis connected by a directed path franio v and also fronv to u).

An individual basirB; and its attractoA; can be described in terms of the collection
of states comprising themdy C B; C S= {x1,X2,--- ,Xon}. Let the size of each attractor
|Ail| = pi, wherep; is the period, or length of the attractor cycle. An attraetgh p=1is
called a point, or singleton attractor, and an attractohwit- 1 is called a cyclic attractor
(with cycle length equal t@). If x; is a state ird;, we can describe the next state of a point

attractor a; (t + 1) = x;(t), and the behavior of a cyclic attractoraé + p) = x;(t).

All attractors are subsets of their basins (i&.C B;,V;), all basins (and concor-
dantly all attractors also) are mutually exclusive (iB¥\Bj = 0,V;j), and the complete
state space is comprised entirely of all basins (.§B; = S). For referencing specific
basins and attractors, the set of all basins is derBted{B;,By,--- ,B_.} = S, and the set

of all corresponding attractors is denoted= {A;,A,--- AL} CS1<L <2
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A.2 Tools and Algorithms for Modeling and Simulating

In our studies we use our own software in conjunction with BNPBN Toolbox [42],
as well as DDLab[98], for Boolean network simulation and pssing. While implemen-
tation details differ, the underlying fundamentals are $hene between tools. One must
store the topology of the Boolean network, which is contaiwétin the functiond). For
eachV, one must also maintain the truth table of values for eachbomation of its input
variables. The elementary operation in simulation stugi®sextStatewhich updates all

variables based on the current values in the network.

The operation of the algorithms described was initiallyegivboy Kauffman [1] over
forty years ago and is formalized here with a consistenttiwota The correctness of the
algorithms is evident by the simplicity of ti¢extStateperation and by the definitions of
attractors and attractor basins given in the previousaeclirivial proofs by contradiction
would assert that any incorrectly assigned basin or atirastates along a transient path
from any state towards an attractor could not be producechéyextStateoperation,

which synchronously updates all variables based on theieotivalues.

Exhaustive Enumeration of Attractors and Basins

For a reasonable number of variables, enumerating"at&es in the state transition di-
agram is not an issue. By starting at each state and evolvengdtwork forward, each
attractor and its basin can be enumerated, as shown in &lgoA.1. Exhaustive enumer-
ation is the best possible situation for logic minimizatidinis is because with more states,
more common values can be identified and summarized in thugtied. This algorithm’s
run time is exponential in, and specifically i©(2"). This is due to the outer loop running
once for each of the™states, while the inner loop executes at mdstihes across all

instances of the outer loop.
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1

3

10

11

12

13

2 foreach State s : Slo

14 end

Input: B(V,f)
Output: G(SE)
S=[1:2",k=1;

while s is previously unseeto
s.attractorID < k;
E.addEdgés, NextStatés));
s+« NextStatés);
end
switch s.attractor|D do
case+# k: old attractor found, update path, break;
case= k: new attractor founds = k+ 1, break;

endsw

Algorithm A.1: Exhaustive Enumeration of Attractor Basins
Sampling of Attractors and Basins

Unfortunately, as values @fpass 20+ variables, exhaustive enumeration of the state spa

(size 2") quickly becomes intractable and a sampling approach isnexd} In this approach

we simply replace line 1 of Algorithm A.1 with a vector of statuniformly sampled from

the spacel : 2". For the sake of reference this adapted algorithm is shownAfgorithm

A.2.

This approach will sometimes miss attractors with \@nall basins leading to them,

but it certainly finds the largest ones, and for a large nurobsamples, gives us a signifi-

cant set of member states to analyze. Additionally we camadproximate the percentage

of the total state space occupied by each basin based on ttenfege of total samples
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associated with it. Since the worst case of this algorithimai&ing exactly 2 samples, it
is in fact a special case of Algorithm A.1 and thus the run tcoeplexity is the same,

namely,0(2").

Input: B(V,f), numSamples
Output: G(SE)
1S=0,k=1;
2 for i=1 to numSampledo
3 Let x be a discrete uniform random variable with value from theyeaji, 2"];
4 S=Su{x};
5 end
6 foreach State s : Qlo

7 while s is previously unseeio

8 s.attractorID «+ k;

9 E.addEdgés, NextStatés));
10 s+« NextStatés);

11 end

12 switch s.attractoriD do

13 case+# k: old attractor found, update path, break;
14 ;

15 case= k: new attractor foundk = k+ 1, break;

16 ;

17 endsw

18 end

Algorithm A.2: Exhaustive Enumeration of Attractor Basins
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Template Counting Algorithm

The template counting algorithm from Ch. 3 is reproduced fa@ra discussion of run time

complexity.

1 foreachBasin B : B do

2 fork=1:K do

3 foreach Templatetemplate ; for j = 1:2¢(}) do
4 foreach Termt, : T; do

5 if Templateemplate; ; is found int; then
6 increment countémplate ;) for k

Algorithm A.3: Template Analysis in Attractor Basins, reproduced from Aididpon

3.1
Step 1 of this algorithm is a simple partitioning of the tatalations, and is thus

given a constant overhead. Step 2 of this algorithm is governed by the vakie Step

3 executes once for each unique template, namél@ﬁptimes. Step 4 executes once for
each term, where the number of terms is at m8gi.2. no logic minimization at all), but
according to Table 3.3 (and observation in the simulatiadystn Chapter 3) is typically a
fraction of 2' proportional to the sampling coverage, we will assign“i}/é}_. Steps 5 and

6 are a constant time operation, and so we assign acgofiecause all steps are nested,

our run time is a product:

n 2"
K 2K =
C1*x K% *(K)*(C2>*Cg

It is known that the binomial coefficier(f)) is bounded above bynxe/k)¥[99].

Thus,
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nx e\ K 2"
Cp K % 2K (—) < ) xe
]_* * % K *<CZ)* 3

Because we have a product, we can remove all constants, namejy c3, ande.

Thus, withO notation,

O(K %2 (n/K )" 5 2")

In practice K will be a small number, and certainly much less thafror the sake

of formality, let K be bounded by a constamt, and not dependent upan We can then

simplify:
O(K 2€x (n/K) 2" <

O(cx 2% (nfc)®x2M) <

O(2°% 2").
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APPENDIX B

ROBUSTNESS OF SINGLE VARIABLE MEASURES
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We claim that our small network measures of popularity anggradentify targets
for intervention in biological interaction networks moeelin the Boolean network frame-
work. Furthermore we claim that the targets identified byroaasures are better than those
that can be identified by related approaches for identifkeg network nodes, including
two measures specific to Boolean networks. To justify thigrclae present the following

simulation experiment.
B.1 Problem Statement and Hypothesis

Are the popularity and power measures (Egs. 2.1, 2.3) supernido related network
measures for finding targets for intervention? We hypothesize that the popularity and
power measures will lead to desired intervention outcomiéls avgreater rate of success

than other methods and design the following experimentdithes prediction.
B.2 Experiment

Abstractly, an intervention should shift the steady betwasf a system to a different (usu-
ally more desirable) state. In the context of the Boolean agtvormalism, this is rep-
resented by shifting the steady behavior of the systemesemted by an attractor state or
cycle, into a different basin of attraction. A successfiémention needs only to shift the
state from the starting attractor state into any state irb#sen of the goal attractor, as the
network dynamics will naturally bring the state to the aitoaitself. Thus, we define a suc-
cessful intervention as a single-variable modificationriatractor state which generates

a state in the goal attractor basin.

Restrictions and Omitted Interventions

We make a few restrictions on our experiment to ensure a faliook on the results. First,
attractor states are extremely stable and difficult to boedlof with only a single variable
perturbation. Nonetheless we restrict interventions ® single variable to induce a chal-

lenge and to simplify the experiment. Second, a “self-waation” where the source and
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goal basins of attraction are the same could be consideretmtenance” intervention if
the basin is a desirable one; however this is a special casesgtand the robustness of
attractor states will generate higher intervention succates, inflating the overall perfor-
mance. Thus we do not include interventions were the sourdgeal basins are the same,
which also means that we discard networks with only oneatrdbasin. Third, our arti-
ficial intelligence planning work[49] showed that reachthg smallest, rarest basins often
requires a series of interventions. Attempting these vetaiions with a single variable
perturbation would unfairly bring scores down, so we omtiéientions with a goal basin

occupying less than 15% of the total state space.

Types of Interventions Performed

To create a simple comparison across a variety of approaslegserform a single-variable
perturbation upon the top variable candidate from each anea§ more than one variable
shares the top rank for a particular measure, we choose éetthem randomly. If the
measure includes a way to provide a value for the pertunbati@ use the given value,
otherwise we choose a value at random to be shared acrosseasyira requiring one; in
this way if more than one measure wishes to perturb the sanablabut does not specify
a value, they will all perturb the variable with the same @nd/alue so that no one method

is advantaged within a particular instance.

We offer 14 methods for selecting an intervention target@mnparison, with some
of those being combinations of related measures. Theseongetre listed in Table B.1
and are described here. First we offer our popularity andgpaneasures (Egs. 2.1, 2.3).
Empirical observations have shown us that sometimes theviadable can be identified
by a collaboration between related measures. For exangpieatiablex have the highest
popularity score (but a low power score), and let varigblave a high power score (but

a low popularity score). Another variabfemay not score higher in popularity or power
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thanx ory, but it may have somewhat high values for both. In this casda#itmonic mean
of popularity and power may revealto be the top variable overory; thus we include
the harmonic mean of popularity and power as the third waylémtify an intervention
target. These three measures are unique in that they haeeificpalue for each variable
to be used in the intervention. This value used is based ofrefjeency ofON values in

the reduced sum-of-product terms for the particular bakattoaction; if the frequency is

greater than or equal to 0.5, a value of 1 is used, else, a vélles used.

The next six methods for identifying an intervention targed¢ variations of the
influence and sensitivity measures (Describegdr and in Appendix C), which are de-
signed specifically for Boolean networks[3]. We use influgrsamsitivity, and their har-
monic mean to identify the best target for intervention.|éwing, we use our basin-specific
versions of influence and sensitivity (and their harmoniameo offer a basin-specific ad-

vantage akin to our popularity and power measures.

The remaining methods are related to the original netwopbltmgy and are de-
scribed in detail in Appendix C. First, we use the node withhiuyhest degree, including
both inbound and outbound edges, but not double-countingdib-regulation. Next, we
use the nodes with the top centroid value, eccentricityevaind betweenness centrality
value. We also include an intervention using a randomly ehdarget for comparison

purposes.
B.3 Methodology of the Experiment

We use Algorithm B.1 to automate our experiments, repeatifg three different small
network sizes. Each network is randomly generated usinbgitiegically inspired connec-
tivity probability distribution given in Table 3.1. Rathdran intervening upon randomly
selected states, we intervene only upon attractor statas.ig because we expect to find

the system in a steady state, so it is the logical subset t#sstgppon which to intervene.
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While some basins have a singleton attractor state, mangdhave cyclic attractors with
many states. To maximize the efficiency of the simulationywieattempt an intervention
from every attractor state in every basin in the state spgaeedry other basin of significant

size. This will allow us to attempt many interventions focle@aandom network generated.
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Input : Number of Variablesn; Number of Networksnets
1 for i =1:netsdo
2 Generate Random Boolean Netwd@h (V,f) with n variables;
3 Enumerate Basin of Attraction Field(S E);
4 if Less than Two Attractor Basinisen Discard Network, Continue;
5 ;
6 Compute all measures to identify intervention targets;

7 foreach Basin B € B as the SOURCHo

8 foreach Attractor States; € A; € Bj do

9 foreachBasin B # B;j as the GOAldo

10 if Bj occupies< 15% ofB then Discard Intervention, Continue;
11 ;

12 foreach Intervention Target Methodo
13 Select one top intervention target;
14 Select or generate value for target;

15 Apply intervention tog; to produce new statg;

16 Identify DEST INAT IONbasinBy such thaky € Ax € B;
17 if Bj == By then
18 Record Success;

19 else

20 Record Failure;

Algorithm B.1: Algorithm for Small Network Measures Comparison: Notation
from the algorithm is defined in Appendix A. Theontinuestatement indicates
skipping the remainder of the specified loop’s current tteraand continuing the

same loop at the next iteration.
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We apply Algorithm B.1 with the following input parameters= {7, 8, 9, 10, 11,
12, 13, 14, 15, 1B, andnets= 400 for each network size. Due to the varying numbers of
attractor basins as well as the varying lengths of attragtoles, these input combinations

resulted in 95,870 attempted interventions.
B.4 Results of Experiment

Overall we observed the dominance of the popularity and poneasures (along with
their harmonic mean) in identifying targets for interventiover other strategies, which
is shown in Table B.1 and in Fig. B.1. The requested intervastiwere increasingly
difficult with network size due to their restriction to a slaegvariable. The benefits of
counting easy “self-interventions” (i.e. staying in thengabasin) were not included, and
the detriments of attempting interventions to very rarerisasere also omitted to get a fair
idea of performance. The influence measure showed the Hestibe after the popularity

and power measures, and the topological measures perfqooeky.

On the smaller networks, our measures dominate with a gesdtaf separation
in performance. As the network size increases, howevempdh®rmance of the various
methods begins to converge. This is the primary motivatamolr introduction of tem-
plate based approaches. We note that besides our methed®odhean-network-specific
measure of influence (and it's basin-specific counterpaopm the best on average of

the related measures.

Sensitivity is a measure such that variables with low sifitgittan maintain their
states better than others with higher sensitivity[29]. ldegr this attribute does not imply
the potential for regulatory control like the influence m@gasdoes. Thus itis not surprising
to see influence dominate the sensitivity measure. It has$ead that a variable with a low
sensitivity but a high influence would make the best intetiegrtargets[29]; however while

our results certainly shown an improvement over sengit@ibne by the harmonic mean
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of influence and (low) sensitivity, the combination of theotwas not able to outperform
influence alone in either the whole-network or basin-spedéises. Of the topological
measures, only node degree and betweenness passed, ayeavkeaperformance of a
random intervention target. Centroid and eccentricityefditompletely, oftentimes being

outperformed by a random intervention.

Intervention success counts and numbers of trials weretossdculate confidence
intervals according to the Binomial test, since our intetiers qualified as Bernoulli trials.
While we can visually see separation in the figure and elewaterhge and individual per-
formances, the confidence intervals of our small networksuess did indeed overlap with
some of the best scoring related measures. But, while topalogneasures can certainly
lend insight at the top level of networks, the underlying pterities of the Boolean model
are clearly better elucidated by measures designed spdigifior the Boolean model. Of
those, the robustness of the popularity and power measucksarly demonstrated, despite
their inability to statistically separate in the given kridVe hypothesize that if the inter-
ventions were to begin from random states and not just froracibr states that we would
gain the separation needed for a statistical significarmeetier our motivation to move to

larger networks and introduce template based approachdsnsethis point moot.
B.5 Conclusions

We believe the dominating success of popularity and powesones is due to the inherent
inclusion of a specific value to use in the intervention, dmat both target variables and
their values are specific to the goal basin. In each intelmeistance, both the target and
the value were chosen from the popularity and power measpesfic to the goal basin.
These advantages absent in other methods clearly resnlted higher performance. It is
also not surprising to see the influence measures appeaxigmthe performance after
our measures for two reasons. First, like our measuresaitisasure designed in and thus

taking advantage of the Boolean network model. Second, thi@{specific influence we
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Table B.1: Single Variable Network Measures Compared: We shwe/n the ability of the
single variable measures of popularity and power to idgimiervention targets missed by
other related measures. In this table we report averagessi@stimates for intervening
with a single variable chosen by a variety of methods and tt@mnbinations. Random
networks with between 7 and 16 variables were generatedharsd thetworks with be-
tween 2 and 7 basins of attraction were intervened upon.dlyvere observed popularity,
power, and their harmonic mean as supplying the most efeatiervention targets. Af-
ter these, the Boolean-network-specific measures of infaiand sensitivity performed
best, especially their basin-specific versions inventethis study. Thus we conclude that
popularity, power and the harmonic mean of popularity anslgggroduce the best single
variable intervention targets.

Variables: 7 8 9 10 11 12 13 14 15 16 AVG
Popularity 0.2970.325 0.296 0.302 0.292 0.292 0.289 0.318 0.312 0.314 0.304
Power 0.315 0.311 0.289 0.281 0.286 0.294 0.277 0.314 0.320 0.314 0.300
H(p(v),Py(v)) 0.295 0.317 0.288 0.299 0.291 0.293 0.281 0.314 0.314 0.314 0.301
Influence 0.266 0.281 0.278 0.285 0.280 0.276 0.292 0.299 0.307 0.314 0.288
Sensitivity 0.250 0.265 0.265 0.250 0.245 0.275 0.249 0.268 0.275 0.276 0.262
H (Infl., Sens. ) 0.272 0.276 0.273 0.287 0.272 0.277 0.284 0.274 0.304 0.310 0.283
Basin Influence 0.280 0.273 0.276 0.283 0.278 0.277 0.291 0.298 0.307 0.314 0.288

Basin Sensitivity 0.251 0.272 0.257 0.249 0.241 0.272 0.246 0.271 0.279 0.272 0.261
H(B. Infl., B. Sens.) |0.260 0.278 0.273 0.285 0.269 0.279 0.284 0.273 0.299 0.303 0.280

Degree 0.262 0.267 0.270 0.250 0.269 0.283 0.263 0.285 0.297 0.306 0.275
Centroid 0.234 0.244 0.262/0.230 0.233 0.262 0.242 0.252 0.253 0.298 0.251
Eccentricity 0.235 0.246 0.255 0.221 0.239 0.273 0.237 0.256 0.256 0.293 0.251
Betweenness 0.258 0.274 0.269 0.253 0.276 0.283 0.273 0.285 0.289 0.309 0.277
Random 0.254 0.264 0.255 0.237 0.247 0.280 0.252 0.254 0.277 0.304 0.262

designed to add a degree of fairness demonstrated a bepéiitliat modification. The
topological measures without either basin or value spdgifiaturally performed the most

poorly.

Despite a lack of complete separation of confidence intenaut based on the
consistent top performance of the popularity and power oreasacross various network
sizes and over thousands of interventions, we fail to rgechypothesis and conclude that
the popularity and power measures lead to desired inteorenutcomes with a greater
rate of success than other topological, centrality-based even Boolean network specific

methods.
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Figure B.1: Small Network Robustness Experiment Results: Wergee a graphical repre-
sentation of Table B.1. We observe the dominance of popylaotver, and their harmonic
mean over other related measures..
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APPENDIX C

OTHER NETWORK CENTRALITY AND TOPOLOGICAL MEASURES
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Other network measures, including topological ones asagdlbrmalized centrality
concepts, can certainly help identify key players in a nekwdNe found, however, for
each network we looked at, that these measures added no sightimto the reporting of
key players and potential intervention targets. There wesiay instances of overlaps in
reporting, however many times variables with no matherabgiontrol in the network were
elevated by these measures, and many times influentialblesiavere left out by these
measures. Thus we report findings for some of the networksisrappendix, rather than

Ch. 2, to document and discuss these values, their usefidndgbeir limitations.
C.1 Influence and Sensitivity

We have seen the ability of popularityp)(and variable powerR,) (Egq. 2.1, Eq. 2.3)

to identify variables with great combinatorial control owbe state space of a Boolean
network. We have further demonstrated how those variabkstified are often known to
be suitable targets for intervention. In demonstrating & have compared andR, to
influence and sensitivityr (x;) ands(x;)), as well as network centrality measures, and here

we discuss some differences in these measures.

While r(x) and s(x;) are based on Boolean functiong,and R, are based on
Boolean states. Influence[29] is computed by variable paiis matrix and summed by
rows and columns to getx) ands(x ), wherep andR, are independent measurements on
variables and do not depend on pair$x ) ands(x;) are general measures, whereand
R, are specific to each basin of attraction. To level the fieldamhparison, we created a
basin-specific version af(x;) ands(x;) (rk(x) ands(x;) for basink), but they were not

able to offer any new insight thatx;) ands(x;) were not already able to.

There are additional advantages owe) ands(x;). p andR, are not only basin-
specific, but they are also value-specific. While we can adaphffuence matrix to be

basin-specific, it still cannot be made value-specific. Thath p andR,, because of the
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minimized terms, we not only know where to intervene, butim@&y how to do so. These
values, or how we should intervene, can be and often arereliffehan the values in the
attractor state (if we're lucky enough to not have a cyclicaator where values toggle),
and furthermore the same target may be viable for more tharbasin, but with different
values. This kind of information is not available with an ughce matrix or the derived

measures(X;) ands(x;).

Furthermore,p and R, allow us to find the minimal effective intervention. Any
computational aid to intervention studies will always benfan-reviewed in the end, so it
need not give one definitive answer. We can say with mathealatertainty that setting
certain variables together will force a basin (and thusaettr) to be selected. With a
set of minimized terms we can find the smallest intervent{bighestPr) using the most
effective targets (higlp and/orR,) which are suitable for intervention with current medical

abilities (human evaluation of mathematical possib#itie
C.2 Network Topology and Centrality Measures

Several common network topology measures exist and caalrkesy players in networks.
While they report some of our key players, they miss certaircal ones and also report
others shown (mathematically) to have no intervention rbrmiapabilities. While useful
in identifying important variables topologically speagirnthey may be misleading when
searching for suitable intervention targets. For the lgwial context, Scardoret al[40]
detail these measures in the supplementary informatiolneaf manuscript, and we repro-

duce and summarize parts of it here.
Degree
The degree allows an immediate evaluation of the regula&lgvance of the node. For

instance, in signaling networks, proteins with very higgrée are interacting with several

other signaling proteins, thus suggesting a central régylaole, that is they are likely
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to be regulatory "hubs”. For instance, signaling proteinsagled by oncogenes, such
as HRAS, SRC or TP53, are hubs. Depending on the nature of theirprthe degree

could indicate a central role in amplification (kinasesygedsification and turnover (small
GTPases), signaling module assembly (docking proteires)e ggxpression (transcription

factors), etc. Signaling networks have typically a scaéefarchitecture.

Betweenness

The S.-P. Betweenness of a node in a biological network, &iante a protein-signaling
network, can indicate the relevance of a protein as funatipicapable of holding together
communicating proteins. The higher the value the higherdleyvance of the protein as an
organizing regulatory molecule. The S.-P. Betweenness ob&ip effectively indicates
the capability of a protein to bring in communication digtproteins. In signaling mod-
ules, proteins with high S.-P. Betweenness are likely ctdcianaintain functionally and

coherence of signaling mechanisms.

Centroid

The centrality value of a node in a biological network, fostamce a protein-signaling
network, can be interpreted as the probability of a proteibe functionally capable of
organizing discrete protein clusters or modules. Thuspgepr with high centroid value,
compared to the average centroid value of the network, wippdssibly involved in coordi-
nating the activity of other highly connected proteinspgéther devoted to the regulation
of a specific cell activity (for instance, cell adhesion, g@xpression, proliferation etc.).
Accordingly, a signaling network with a very high averagatceid value is more likely
organizing functional units or modules, whereas a siggatetwork with very low average
centroid value will behave more likely as an open clusterrotgins connecting different
regulatory modules. It can be useful to compare the cenwalige to other algorithms de-

tecting dense regions in a graph, indicating protein classeich as, for instance, MCODE.
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Eccentricity

The eccentricity of a node in a biological network, for imgta a protein-signaling network,
can be interpreted as the easiness of a protein to be fualifioeached by all other proteins
in the network. Thus, a protein with high eccentricity, careal to the average eccentricity
of the network, will be more easily influenced by the activafyother proteins (the protein
is subject to a more stringent or complex regulation) oryeosely could easily influence
several other proteins. In contrast, a low eccentricityppared to the average eccentricity
of the network, could indicate a marginal functional roléhaugh this should be also

evaluated with other parameters and contextualized todgtweank annotations).
C.3 Topology and Centrality Measures for Four Networks

Here we present measures for the 8-variable random netafarkg with the networks for
Aging, Yeast and Melanoma from Chapter 2. In the values, asugéed in Chapter 2,
we observe some overlap in the reporting of our key variabléswvever we also notice
three disadvantages: first, some irrelevant variableslavated; second, some important
variables are not elevated; third, for the network sizesntepgl it is difficult to establish a

cutoff point as to which variables display standout behaversus those which do not.

Table C.1: Centrality Measures for the 8-Variable Random Netwiscussed ir32.4.

Variable Betweenness Centroid Eccentricity Degree

g8 20 -1 0.50 4
g2 18 1 0.33 6
93 12 -4 0.33 3
gl 6 1 0.33 5
g4 0 -4 0.25 3
g7 0 4 0.25 3
g5 0 -6 0.25 3
g6 0 -6 0.25 2
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Table C.2: Centrality Measures for the Human Aging Networkussed irg2.5.

Variable Betweenness Centroid Eccentricity Degree

ros 158.95 8 0.50 12
h202 25.95 -12 0.33 4
lipofuscin 23.89 -8 0.33 5
ndna 23.78 -10 0.33 4
mt dna 21.86 -9 0.33 5
junk 15.75 -10 0.33 4
mt prot 14.67 -11 0.33 3
ions 13.60 -10 0.33 3
cell antx 13.33 -10 0.25 4
ly mem 10.83 -12 0.33 3
mito 6.83 -10 0.25 4
imm 3.69 -12 0.33 3
mt met 3.69 -14 0.33 2
apop 3.67 -11 0.25 3
lyso 2.00 -12 0.25 3
lonp 1.50 -13 0.25 2
ndna rep 0.00 -13 0.33 2
diet antx 0.00 -13 0.25 3

Table C.3: Centrality Measures for the Yeast Cell Cycle Netwaskussed irg2.5.

Variable Betweenness Centroid Eccentricity Degree

Clb1,2 28.58 2 0.50 13
Clb5,6 9.17 -2 0.50 8
SBF 8.92 -5 0.50 4
MBF 8.67 -6 0.33 4
Sicl 6.83 -4 0.33 8
Cdhl 4.08 -5 0.33 6
Cdc20 3.67 -3 0.33 8
Cin1,2 3.50 -5 0.33 4
CIn3 1.33 -6 0.33 3
Swib 0.75 -5 0.33 5
Mcml 0.50 -6 0.33 6
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Table C.4: Centrality Measures for the Wnt5a Melanoma Netwatussed irg2.5.

Variable Betweenness Centroid Eccentricity Degree

PIR 11.94 0 0.50 9
WNTS5A 11.24 0 0.50 9
MLANA 9.11 -1 0.50 5

SNCA 4.90 -2 0.50 5
MMP3 4.29 -2 0.33 5
S100B 3.70 -2 0.50 7
STC2 2.90 -4 0.33 5
RET1 2.33 -3 0.33 6
PHO-C 1.92 -4 0.33 4
HADHB 1.67 -4 0.33 5
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APPENDIX D

T-LGL LEUKEMIA NETWORK
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This appendix provides additional information for the TALGeukemia network

described in Chapter 33.5.
D.1 Network Simplification

The original network [54] created from the literature coméal 128 nodes and 287 edges,
but was simplified by software and manual adjustments to @s@nd 142 regulatory
edges. In order to comply with current algorithmic implerta¢ions we were required to
further reduce this network to have less than 53 variablés;was due to a dependency
on storing information in a double-precision 64-bit vat@bnly capable of storing un-
signed integers up to°2— 1. Our future work includes updating the software arounsd thi

limitation, which is entirely possible with the use of vdii@a precision integers.

After collaborating with Dr. Rka Albert, a principle author from [54], we per-
formed the following reductions on the network accordingechniques described in re-
lated work involving this network [56, 55]. The goal of thedtetion is twofold. First,
we wish to remove nodes which mask the dynamic behavior ofd¢tvork variables (i.e.
the overarching influence of Apoptosis as well as root nqdese steady-state analysis
will be performed over many randomly generated states rabwariables are not neces-
sary since variables they control will be forced to take dfedent values through random
starting state assignment. Second we wish to reduce thefdize network to less than 53
nodes in order to work with the current algorithm impleméotss. After the simplifica-

tions described below we obtain the 43-variable versionvsha Fig. D.1.
1. Delete all references to Apoptosis. Since it can turn wding cell it dominates the
Boolean logic and focuses the study on the stationary statas tiving cell.

2. Delete all root nodes: Stimuli, IL15, PDGF, CD45, TAX, Stulh2 and P2. P2 be-

comes root after deleting Stimuli2.; These control nodesrgm as the dominant
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Figure D.1: 43-Variable T-LGL Leukemia Network after sinfightions.

variables upon network analysis. Removing them revealstwBitHER variables

are powerful and may be targets for intervention.

3. Delete node A20. A20 has only one input edge and one oudigat f®orming a closed
loop from NFKB to A20 to TRADD and back to NFKB. Replace A20 in thderfor
TRADD with the same value of NFKB because the rule for A20 is A20FKB.

4. Delete node CTLA4. CTLA4 has only one input and one outpueedyl forms a
simple loop with TCR.

5. Delete TCR. After deleting CTLA4, and Stimuli, TCR has no irgput
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6. Delete GPCR and SMAD. The chain goes from S1P, to GPCR, to SMAIPNG.
GPCR and SMAD have one input and one output, so connect S1R®, Iifeplacing
SMAD in the rule.

7. Delete MEK, which has only 1 input and 1 output. Connect RA8dly to ERK
instead of through MEK.

8. Delete P27. Delete it from the rule in Proliferation asiwetoliferation already has

input from STAT3, which is P27’s parent.

9. Delete RANTES. Delete it from the rule in JAK as well. JAKe#dy has input from
NFKB, which is RANTES's parent.

10. Delete SPHK1. Connect PDGFR directly to S1P1 creatingexdioop instead of
one interrupted by SPHK1.

D.2 Boolean Rules
Boolean rules after simplification are shown in Table D.4.
D.3 Attractors
Identified attractors are shown in Table D.4.
D.4 Top Templates Results

With reference t@¢3 and§3.5, here we summarize the top thirty most frequent intergan
templates from each template size from each of the four masmb in the network. To
estimate a success rate, we apply each top template intenvémall eleven attractor states
across all basins in the T-LGL network and compute the @istion of basins reached. If
a template causes a significant number of these attractes stajump to (or remain in) a
desired basin, such a template is of great interest. In gemgr expect an attractor state
to remain robust to perturbation but expect the larger tateplto have the best chance

at changing the steady state of the system. Since Basins 1 aadhcontain a 4-cycle
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of attractor states, we expect at least 4 of the 11 destmatiates (36%) to remain in
those basins (due to the expectation of robustness medjiorgkewise the remaining
basins each have a single attractor state each and we expktitel 11 destination states
(9%) to remain in these basins. Of the top 50 templates fon &aand each basin, we
indeed saw these expected distributions of goal statesfuegquently. Numbers above
and beyond these expectations warrant closer inspectioichwve provide for the most
interesting templates listed in Table 3.4. Templatesdigtelable 3.4 and discussedj8.5

are highlighted with horizontal rule lines:

Basin 1, 3-Templates, Rank 18, Table D.4

Basin 2, 3-Templates, Rank 27, Table D.4

Basin 3, 3-Templates, Rank 1, Table D.4

Basin 4, 1-Templates, Rank 6, Table D.4
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Table D.1: Boolean Rules for T-LGL Leukemia Network: Afterwetk simplification
from Zhanget al[54] based on techniques from Saadatpeual[56, 55], the following
update rules were formed. The first column represents thiestebe of the listed variables
and the second column refers to the current state of theble(&. A, Vv and— represent
logical AND, OR and NOT, respectively.

Variable Boolean Function
BID (Caspases GZMB) A — (BclxL v MCL1)
BclxL (NFKB v STAT3) A = (BID v GZMB V DISC)
CREB (ERKA IFNG)
Caspase ((((TRADDy GZMB) A BID) A = IAP) v DISC)
Ceramide Fas — S1P
Cytoskeletorsignaling FYN

DISC (FasTA ((FasA IL2) v Ceramidev (FasA — FLIP)))

ERK (RAS A PI3K)

FLIP (NFKB Vv (CREBA IFNG)) A = DISC

FYN IL2RB

Fas (FasTA FasL)A — SFas

FasL (STAT3V NFKB V NFAT Vv ERK)

FasT NFKB

GAP (RASV (PDGFRA GAP))A = IL2
GRB2 (IL2RBV ZAP70)

GZMB ((CREBA IFNG) v TBET)

IAP NFKB A = BID

IFNG (IL2 A IFNGT) A - S1P
IFNGT (TBET Vv STAT3V NFAT)

IL2 (NFKB Vv STAT3V NFAT) A - TBET
IL2RA (IL2 A IL2RAT) A = IL2RA
IL2RAT (IL2 A (STAT3V NFKB))

IL2RB IL2RBT A IL2
IL2RBT (ERK A TBET)
JAK (IL2RA V IL2RB V IFNG) A = SOCS
LCK IL2RB A - ZAP70
MCL1 MCL1 = (IL2ZRB A STAT3A NFKB A PI3K) A — DISC
NFAT PI3K
NFKB ((TPL2V PI3K) Vv (FLIP A TRADD A IAP))
PDGFR S1P
PI3K (PDGFRYV RAS)
PLCG1 (GRB2v PDGFR)
Proliferation STAT3
RAS (GRB2v PLCG1)A — GAP
S1P PDGFR\ — Ceramide
SFas FasTh S1P
SOCS JAKA = IL2
STAT3 JAK
TBET (JAKV TBET)
TNF 174 NFKB
TPL2 PISKA TNF
TRADD TNF A = (IAP v NFKB)

ZAP70 LCKA - FYN




Table D.2: Attractor States for T-LGL Leukemia Network: Tioar basins are classified as
either Normal (i.e. healthy, normal apoptosis functionJdrGL (i.e. cancer state) based
on the values of certain key variables in the steady attrat&ies/cycles, as described in
§3.5.

Variable \ Basin 1 \ Basin 4 \ Basin2\ Basin 3

BID
BclxL
CREB
Caspase
Ceramide
Cytoskeletonsignaling
DISC
ERK
FLIP
FYN
Fas
FasL
FasT
GAP
GRB2
GZMB
IAP
IFNG
IFNGT
IL2
IL2RA
IL2RAT
IL2RB
IL2RBT
JAK
LCK
MCL1
NFAT
NFKB
PDGFR
PI3K
PLCG1
Proliferation
RAS
S1P
SFas
SOCS
STAT3
TBET
TNF
TPL2
TRADD
ZAP70
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Table D.3: Top 30 1-Templates for Leukemia Network Basin 1

RANK  Variable

MCL1
FasL
TBET
IFNGT
BclIxL
Ceramide
TRADD
IFNG
IL2RA
Fas
ZAP70
IL2RB
CREB
PLCG1
LCK
SOCS
NFKB
ERK
TPL2
DISC
PI3K
IL2RBT
GAP
GZMB
IAP
IL2
GRB2
SFas
BID
PDGFR

Value
0

1
1
1
0

o or COoOrooOrooor 9L o0Qoo O oo o

1

FREQ SUCCESS

37204
35721
35405
34977
34861
34861
34840
34792
33928
33697
33070
32936
32750
31966
31537
31438
31197
30968
30842
30814
30798
30794
30120
29936
29855
20322
29180
29023
28779
28268

0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.55
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.55
0.55
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.45
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Bl
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.55
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.55
0.55
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.45

B2
0.09
0.09
0.18
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.18
0.09
0.09
0.09
0.09
0.09
0.09
0.18
0.09
0.09
0.09
0.09
0.09
0.18
0.09
0.09
0.00

B3
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09

B4 BS5

0.36 0.09
0.36 0.09
0.36 0.00
0.36 0.09
0.36 0.09
0.36 0.09
0.36 0.09
0.36 0.09
0.36 0.09
0.18 0.09
0.36 0.09
0.36 0.09
0.36 0.09
0.36 0.00
0.36 0.09
0.36 0.09
0.36 0.09
0.36 0.09
0.18 0.09
0.18 0.09
0.36 0.00
0.36 0.09
0.36 0.09
0.36 0.09
0.36 0.09
0.36 0.09
0.36 0.00
0.36 0.09
0.36 0.09
0.45 0.00



Table D.4: Top 30 1-Templates for Leukemia Network Basin 2

RANK

Variable
S1P
PDGFR
SFas
MCL1
FasL
TRADD
BclIxL
IFNGT
ZAP70
IL2RB
IL2RA
CREB
IL2RBT
SOCS
TBET
LCK
NFKB
GAP
ERK
TPL2
Fas
IFNG
IAP
GZMB
PLCG1
FLIP
IL2
GRB2
BID
DISC

Value

0
0
0
0
1
0
0
1
0
0
0
0
0
0
1
0
1
0
0
0
0
0
0
1
1
0
0
1
0
0

FREQ
46989
40833
37512
36675
35071
34577
33922
33405
33168
32959
32580
31818
31236
31202
31043
30996
30689
30321
30080
29021
28701
28414
27628
27597
27306
27280
27011
26652
26610
26371

SUCCESS
0.45
0.45
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.18
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.18
0.09
0.09
0.18
0.09
0.09
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Bl
0.27
0.27
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.55
0.55
0.36
0.36
0.36
0.36
0.18
0.36
0.36
0.36
0.55

B2
0.45
0.45
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.18
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.18
0.09
0.09
0.18
0.09
0.09

B3
0.00
0.00
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09

B4
0.18
0.18
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.18
0.18
0.36
0.36
0.36
0.36
0.55
0.36
0.36
0.36
0.18

B5
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.00
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.00
0.09
0.09
0.00
0.09
0.09



Table D.5: Top 30 1-Templates for Leukemia Network Basin 3
RANK Variable Value FREQ SUCCESS Bl B2 B3 B4 B5

1 Ceramide 0 14404 0.09 0.36 0.09 0.09 0.36 0.09
2 PDGFR 1 14404 0.09 045 0.00 0.09 0.45 0.00
3 S1P 1 14404 0.45 0.27 0.00 045 0.27 0.00
4 IFNG 0 11323 0.09 0.36 0.09 0.09 0.36 0.09

5 PLCG1 1 11278 0.09 0.36 0.18 0.09 0.36 0.00
6 PI3K 1 11256 0.09 0.36 0.18 0.09 0.36 0.00

7 MCL1 0 11018 0.09 0.36 0.09 0.09 0.36 0.09

8 FasL 1 10664 0.09 0.36 0.09 0.09 0.36 0.09
9 TRADD 0 10376 0.09 0.36 0.09 0.09 0.36 0.09

10 BcelxL 0 10289 0.09 0.36 0.09 0.09 0.36 0.09

11 IFNGT 1 10043 0.09 0.36 0.09 0.09 0.36 0.09
12 IL2RA 0 9994 0.09 0.36 0.09 0.09 0.36 0.09

13 DISC 0 9927 0.09 0.55 0.09 0.09 0.18 0.09
14 NFKB 1 9911 0.09 0.36 0.09 0.09 0.36 0.09

15 Fas 0 9867 0.09 055 0.09 0.09 0.18 0.09
16 ZAP70 0 9785 0.09 0.36 0.09 0.09 0.36 0.09
17 IL2RB 0 9748 0.09 0.36 0.09 0.09 0.36 0.09

18 CREB 0 9733 0.09 0.36 0.09 0.09 0.36 0.09
19 TBET 1 9389 0.09 0.36 0.18 0.09 0.36 0.00
20 SOCS 0 9286 0.09 0.36 0.09 0.09 0.36 0.09
21 LCK 0 9270 0.09 0.36 0.09 0.09 0.36 0.09

22 IL2RBT 0 9187 0.09 0.36 0.09 0.09 0.36 0.09
23 ERK 0 8662 0.09 0.36 0.09 0.09 0.36 0.09
24 IAP 0 8640 0.09 0.36 0.09 0.09 0.36 0.09
25 GRB2 1 8483 0.09 0.36 0.18 0.09 0.36 0.00
26 GAP 0 8439 0.09 0.36 0.09 0.09 0.36 0.09
27 TPL2 0 8436 0.09 055 0.09 0.09 0.18 0.09
28 GZMB 1 8355 0.09 0.36 0.09 0.09 0.36 0.09
29 BID 0 8341 0.09 0.36 0.09 0.09 0.36 0.09
30 NFAT 1 8244 0.09 0.36 0.18 0.09 0.36 0.00
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Table D.6: Top 30 1-Templates for Leukemia Network Basin 4

RANK Variable Value FREQ SUCCESS Bl B2 B3 B4 B5
1 NFKB 1 7260 0.36 0.36 0.09 0.09 0.36 0.09
2 FasL 1 6735 0.36 0.36 0.09 0.09 0.36 0.09
3 MCL1 0 6594 0.36 0.36 0.09 0.09 0.36 0.09
4 PI3K 1 6428 0.36 0.36 0.18 0.09 0.36 0.00
5 TRADD 0 6417 0.36 0.36 0.09 0.09 0.36 0.09
6 TBET 0 6404 0.73 0.00 0.00 0.09 0.73 0.18
7 IL2RBT 0 6342 0.36 0.36 0.09 0.09 0.36 0.09
8 JAK 0 6318 0.36 0.36 0.09 0.09 0.36 0.09
9 FasT 1 6212 0.36 0.36 0.09 0.09 0.36 0.09
10 IL2RB 0 6091 0.36 0.36 0.09 0.09 0.36 0.09
11 BclxL 0 5955 0.36 0.36 0.09 0.09 0.36 0.09
12 IFNG 0 5941 0.36 0.36 0.09 0.09 0.36 0.09
13 ZAP70 0 5928 0.36 0.36 0.09 0.09 0.36 0.09
14 TNF 1 5925 0.36 0.36 0.09 0.09 0.36 0.09
15 CREB 0 5888 0.36 036 0.09 0.09 0.36 0.09
16 PLCG1 1 5845 0.36 0.36 0.18 0.09 0.36 0.00
17 SOCS 0 5758 0.36 0.36 0.09 0.09 0.36 0.09
18 STAT3 0 5756 0.36 0.36 0.09 0.09 0.36 0.09
19 IL2ZRA 0 5737 0.36 036 0.09 0.09 0.36 0.09
20 LCK 0 5720 0.36 0.36 0.09 0.09 0.36 0.09
21 Ceramide 0 5622 0.36 0.36 0.09 0.09 0.36 0.09
22 GAP 0 5474 0.36 0.36 0.09 0.09 0.36 0.09
23 IFNGT 1 5397 0.36 0.36 0.09 0.09 0.36 0.09
24 IL2 1 5356 0.55 0.18 0.09 0.09 0.55 0.09
25 NFAT 1 5253 0.36 0.36 0.18 0.09 0.36 0.00
26 GZMB 0 5101 0.36 036 0.09 0.09 0.36 0.09
27 SFas 0 4965 0.36 0.36 0.09 0.09 0.36 0.09
28 PDGFR 1 4898 0.45 045 0.00 0.09 045 0.00
29 Proliferation 0 4849 0.36 0.36 0.09 0.09 0.36 0.09
30 BID 0 4840 0.36 0.36 0.09 0.09 0.36 0.09
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Table D.7: Top 30 2-Templates for Leukemia Network Basin 1

Variables Values
FasL MCLL 1 O
BclxL MCL1L O O
IFNG MCLL O O
Ceramide MCL1 O O
IFNGT MCL1 1 0
MCL1 TBET 0 1
MCL1 TRADD 0 O
FasL IFNGT 1 1
IL2RA MCL1 0 O
FasL TRADD 1 O
FasL TBET 1 1
Ceramide FasL 0 1
Fas MCL1L O O
FasL IFNG 1 0
IFNGT TBET 1 1
Ceramide IFNG 0 O
BclIxL FasL 0 1
IFNG IFNGT 0 1
MCL1 ZAP70 0 O
BclIxL IFNG 0O O
IL2RB MCL1 0O O
IFNGT TRADD 1 O
TBET TRADD 1 O
Ceramide TRADD 0 O
Ceramide TBET 0 1
FasL IL2RA 1 O
IFNG TBET 0 1
Ceramide IFNGT 0 1
CREB MCLL 0 O
IFNG TRADD 0 O

FREQ SUCCESS

29352
28755
28511

28485

28412
28410
28348

28311
27759

27617

27444
27420
27402
27354
27268
27028

26988

26865

26861

26845

26696

26678

26619

26591

26568
26532
26530

26512
26439
26428
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0.36
0.36
0.36

0.36

0.36
0.36
0.36

0.36
0.36

0.36

0.36
0.36
0.55
0.36
0.36
0.36

0.36

0.36

0.36

0.36

0.36

0.36

0.36

0.36

0.36
0.36
0.36

0.36
0.36
0.36

Bl

B2

B3

B4

BS

0.36 0.09 0.09 0.36 0.09
0.09 0.09

0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.55
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36

0.09
0.09
0.09
0.18
0.09
0.09
0.09
0.09
0.18
0.09
0.09
0.09
0.18
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.18
0.09
0.18
0.09
0.18
0.09
0.09
0.09

0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09

0.36

0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.18
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36

0.09
0.09
0.09
0.09
0.00
0.09
0.09
0.09
0.09
0.00
0.09
0.09
0.09
0.00
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.00
0.09
0.00
0.09
0.00
0.09
0.09
0.09



Table D.8: Top 30 2-Templates for Leukemia Network Basin 2

Variables
PDGFR S1P
S1P SFas
MCL1 S1P
FasL S1P
S1P TRADD
PDGFR SFas
BclxL S1P
MCL1 PDGFR
IFNGT S1P
S1P ZAP70
IL2RB S1P
IL2RA S1P
FasL PDGFR
MCL1 SFas
CREB S1P
PDGFR TRADD
IL2RBT S1P
S1P SOCS
S1P TBET
LCK S1P
BclxL PDGFR
NFKB S1P
FasL SFas
IFNGT PDGFR
GAP S1P
ERK S1P
PDGFR ZAP70
IL2ZRB  PDGFR
SFas TRADD
FasL MCL1

Values

0
0

FPoOoOo0Oor LPOOOL,00 00 ROP0 OO 00

0

o

CoOO0000O0 000 R 0000 P0 000 00

FREQ SUCCESS

40833
37512
36675
35071
34577
34475
33922
33606
33405
33168
32959
32580
31990
31931
31818
31488
31236
31202
31043
30996
30821
30689
30382
30344
30321
30080
30062
29864
29762
29544
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0.91
0.45
0.45
0.45
0.45
0.45
0.45
0.45
0.45
0.45
0.45
0.45
0.45
0.09
0.45
0.45
0.45
0.45
0.55
0.45
0.45
0.45
0.09
0.45
0.45
0.45
0.45
0.45
0.09
0.09

Bl
0.00
0.27
0.27
0.27
0.27
0.27
0.27
0.27
0.27
0.27
0.27
0.27
0.27
0.36
0.27
0.27
0.27
0.27
0.27
0.27
0.27
0.27
0.36
0.27
0.27
0.27
0.27
0.27
0.36
0.36

B2
0.91
0.45
0.45
0.45
0.45
0.45
0.45
0.45
0.45
0.45
0.45
0.45
0.45
0.09
0.45
0.45
0.45
0.45
0.55
0.45
0.45
0.45
0.09
0.45
0.45
0.45
0.45
0.45
0.09
0.09

B3
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.09
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.09
0.00
0.00
0.00
0.00
0.00
0.09
0.09

B4
0.00
0.18
0.18
0.18
0.18
0.18
0.18
0.18
0.18
0.18
0.18
0.18
0.18
0.36
0.18
0.18
0.18
0.18
0.18
0.18
0.18
0.18
0.36
0.18
0.18
0.18
0.18
0.18
0.36
0.36

BS
0.09
0.09

0.09
0.09

0.09
0.09

0.09

0.09

0.09
0.09

0.09

0.09
0.09
0.09
0.09

0.09

0.09
0.09

0.00

0.09

0.09

0.09
0.09

0.09
0.09

0.09
0.09

0.09
0.09

0.09



Table D.9: Top 30 2-Templates for Leukemia Network Basin 3
FREQ SUCCESS

Variables
Ceramide PDGFR
Ceramide S1P

PDGFR S1P
Ceramide IFNG
IFNG PDGFR
IFNG S1P
Ceramide PLCG1
PDGFR PLCG1
PLCG1 S1P
Ceramide PI3K
PDGFR PI3K
PI3K S1P
Ceramide MCL1
MCL1 PDGFR
MCL1 S1P
Ceramide FasL
FasL PDGFR
FasL S1P
Ceramide TRADD
PDGFR TRADD
S1P TRADD
BclxL Ceramide
BclxL PDGFR
BclxL S1P
Ceramide IFNGT
IFNGT PDGFR
IFNGT S1P
Ceramide IL2RA
IL2RA PDGFR
IL2RA S1P

Values

0

OOOI—‘I—\OOOOI—‘I—‘OHHOOOoHl—‘OHHOOOOHO

PRrorPRrPPOOOOoORrpRpr  PPORPPRrRRLAPPOR L.

14404
14404
14404
11323
11323
11323
11278
11278
11278
11256
11256
11256
11018
11018
11018
10664
10664
10664
10376
10376
10376
10289
10289
10289
10043
10043
10043
9994
9994
9994
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0.45
0.45
0.64
0.09
0.09
0.45
0.09
0.09
0.45
0.09
0.09
0.45
0.09
0.09
0.45
0.09
0.09
0.45
0.09
0.09
0.45
0.09
0.09
0.45
0.09
0.09
0.45
0.09
0.09
0.45

Bl
0.27
0.27
0.18
0.36
0.45
0.27
0.36
0.45
0.27
0.36
0.55
0.27
0.36
0.45
0.27
0.36
0.45
0.27
0.36
0.45
0.27
0.36
0.45
0.27
0.36
0.45
0.27
0.36
0.45
0.27

B2
0.00
0.00
0.00
0.09
0.00
0.00
0.18
0.00
0.00
0.18
0.00
0.00
0.09
0.00
0.00
0.09
0.00
0.00
0.09
0.00
0.00
0.09
0.00
0.00
0.09
0.00
0.00
0.09
0.00
0.00

B3
0.45
0.45
0.64
0.09
0.09
0.45
0.09
0.09
0.45
0.09
0.09
0.45
0.09
0.09
0.45
0.09
0.09
0.45
0.09
0.09
0.45
0.09
0.09
0.45
0.09
0.09
0.45
0.09
0.09
0.45

B4
0.27
0.27
0.18
0.36
0.45
0.27
0.36
0.45
0.27
0.36
0.36
0.27
0.36
0.45
0.27
0.36
0.45
0.27
0.36
0.45
0.27
0.36
0.45
0.27
0.36
0.45
0.27
0.36
0.45
0.27

B5
0.00
0.00
0.00
0.09
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.09
0.00
0.00
0.09
0.00
0.00
0.09
0.00
0.00
0.09
0.00
0.00
0.09
0.00
0.00
0.09
0.00
0.00
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Table D.10: Top 30 2-Templates for Leukemia Network Basin 4

Variables
FasL NFKB
MCL1 NFKB
NFKB  TRADD
NFKB PI3K

IL2ZRBT NFKB
FasT NFKB
FasL MCL1
FasL TRADD
MCL1 TRADD
NFKB SOCS
FasL FasT
FasL IL2RBT
BclIxL NFKB
IL2RB NFKB
FasL PI3K

IL2ZRBT MCL1
JAK TBET
NFKB ZAP70
NFKB TNF
FasT TNF
NFKB TBET
CREB NFKB
MCL1 PI3K
IFNG NFKB
NFKB PLCG1
FasL SOCS
FasL TNF
JAK NFKB

IL2ZRBT TRADD
FasT TRADD

Values

I—‘ool—\l_\HOOOHI—\HHOOI—\OOHHHOHHHOHHOH

OOHHOI—"_‘HHOH'_‘OOOHHHOHOOOOHH'_‘OHl—‘

FREQ SUCCESS

6105
5885
5766
5653
5625

5618
5617
5509
5463

5454

5391

5367
5336
5333

5326
5307
5306
5282
5258

5247
5230
5221
5201
5179
5168

5155

5149
5144
5143
5139
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0.36
0.36
0.36
0.36
0.36

0.36
0.36
0.36
0.36

0.36

0.36

0.36
0.36
0.36

0.36
0.36
0.73
0.36
0.36

0.36
0.73
0.36
0.36
0.36
0.36

0.36

0.36
0.36
0.36
0.36

Bl
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.00
0.36
0.36
0.36
0.00
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36

B2
0.09
0.09
0.09
0.18
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.18
0.09
0.00
0.09
0.09
0.09
0.00
0.09
0.18
0.09
0.18
0.09
0.09
0.09
0.09

B3
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09

B4
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.73
0.36
0.36
0.36
0.73
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36

BS
0.09
0.09
0.09
0.00
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.00
0.09
0.18
0.09
0.09
0.09
0.18
0.09
0.00
0.09
0.00
0.09
0.09
0.09
0.09

0.36 0.09 0.09 0.36 0.09



Table D.11: Top 30 3-Templates for Leukemia Network Basin 1

RANK Variables Values FREQ SUCCESS Bl B2 B3 B4 BS

1 FasL IFNGT MCL1 1 1 0 24553 0.36 036 0.09 009 036 0.09
2 FasL MCL1 TRADD 1 0 0O 23890 0.36 0.36 0.09 0.09 0.36 0.09
3 FasL IFNG MCL1 1 0 0 23812 0.36 036 0.09 009 0.36 0.09
4 Ceramide FasL MCL1 0 1 0 23772 0.36 0.36 0.09 009 0.36 0.09
5 BelxL FasL MCL1 0 1 0 23607 0.36 036 009 0.09 0.36 0.09
6 Ceramide IFNG MCL1 0 0 0 23494 0.36 036 009 0.09 036 0.09
7 FasL MCL1 TBET 1 0 1 23484 0.36 036 0.18 0.09 0.36 0.00
8 BclxL IFNG MCL1 0 0 0 23482 0.36 036 009 0.09 036 0.09
9 IFNGT MCL1 TBET 1 0 1 23257 0.36 0.36 0.18 0.09 0.36 0.00
10 IFNG IFNGT MCL1 0 1 0 23234 0.36 036 0.09 0.09 0.36 0.09
11 FasL IL2RA MCL1 1 0 0 23113 0.36 0.36 0.09 0.09 0.36 0.09
12 FasL IFNGT TBET 1 1 1 23044 0.36 0.36 0.18 0.09 0.36 0.00
13 FasL IFNGT TRADD 1 1 0 23018 0.36 036 0.09 009 036 0.09
14 BcelxL Ceramide MCL1 0 0 0 22998 0.36 036 009 0.09 0.36 0.09
15 FasL IFNG IFNGT 1 0 1 22970 0.36 036 009 0.09 036 0.09
16 IFNG IL2RA MCL1 0 0 0 22950 0.36 036 009 0.09 036 0.09
17 BcelxL IFNGT MCL1 0 1 0 22937 0.36 036 009 0.09 036 0.09
18 Ceramide PDGFR S1P 0 1 0 22936 0.73 0.73 0.00 0.00 0.27 0.00
19 Fas FasL MCL1 0 1 0 22860 0.55 055 0.09 0.09 0.18 0.09
20 Ceramide FasL IFNGT 0 1 1 22851 0.36 036 009 0.09 036 0.09
21 Ceramide MCL1 TRADD O O O 22838 0.36 036 009 0.09 0.36 0.09
22 IFNG MCL1 TRADD 0 0 0 22825 0.36 036 009 0.09 036 0.09
23 Ceramide IFNGT MCL1 0 1 0 22820 0.36 0.36 0.09 0.09 0.36 0.09
24 BcelxL MCL1 TRADD 0 O O 22809 0.36 036 0.09 0.09 0.36 0.09
25 IFNGT MCL1 TRADD 1 0 0 22784 0.36 036 0.09 0.09 036 0.09
26 BcelxL MCL1 TBET 0O 0 1 22735 0.36 0.36 0.18 0.09 0.36 0.00
27 IFNG MCL1 TBET 0 0 1 22684 0.36 0.36 0.18 0.09 0.36 0.00
28 BcelxL IL2RA MCL1 0 0 0 22651 0.36 036 0.09 009 0.36 0.09
29 Ceramide MCL1 TBET 0 0 1 22631 0.36 0.36 0.18 0.09 0.36 0.00
30 Ceramide FasL IFNG 0 1 0 22599 0.36 036 009 0.09 036 0.09
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Table D.12: Top 30 3-Templates for Leukemia Network Basin 2

RANK Variables Values FREQ SUCCESS Bl B2 B3 B4 B5

1 PDGFR S1P SFas 0 O 0 34475 0.91 0.00 091 0.00 0.00 0.09
2 MCL1 PDGFR S1P 0 O O 33606 0.91 0.00 091 0.00 0.00 0.09

3 FasL PDGFR S1P 1 0 O 31990 0.91 0.00 091 0.00 0.00 0.09
4 MCL1 S1P SFas 0 0 0 31931 0.45 0.27 045 0.00 0.18 0.09
5 PDGFR S1P TRADD 0 O O 31488 0.91 0.00 091 000 0.00 0.09

6 BclxL PDGFR S1P 0 O O 30821 0.91 0.00 091 0.00 0.00 0.09

7 MCL1 PDGFR SFas 0 0 0 30409 0.45 0.27 045 0.00 0.18 0.09
8 FasL S1P SFas 1 0 O 30382 0.45 0.27 045 000 0.18 0.09
9 IFNGT  PDGFR S1P 1 0 0 30344 0.91 0.00 091 0.00 0.00 0.09
10 PDGFR S1P ZAP70 0 O O 30062 0.91 0.00 091 0.00 0.00 0.09
11 IL2RB PDGFR S1P 0 0 0 29864 0.91 0.00 091 0.00 0.00 0.09
12 S1P SFas TRADD 0 0 O 29762 0.45 0.27 045 0.00 0.18 0.09
13 FasL MCL1 S1P 1 0 0 29544 0.45 0.27 045 000 0.18 0.09

14 IL2ZRA  PDGFR S1P 0 0 0 29501 0.91 0.00 091 0.00 0.00 0.09

15 BclxL S1P SFas 0 0 0 29136 0.45 0.27 045 0.00 0.18 0.09
16 MCL1 S1P TRADD O 0 O 28953 0.45 0.27 045 0.00 0.18 0.09

17 FasL PDGFR SFas 1 0 0 28859 0.45 0.27 045 000 0.18 0.09
18 CREB PDGFR S1P 0 O 0 28723 0.91 0.00 091 0.00 0.00 0.09
19 IFNGT S1P SFas 1 0 0 28720 0.45 0.27 045 0.00 0.18 0.09
20 BclxL MCL1 S1P 0 0 0 28564 0.45 0.27 045 0.00 0.18 0.09

21 S1P SFas ZAP70 0 O O 28382 0.45 0.27 045 000 0.18 0.09
22 PDGFR SFas TRADD 0 0 0 28250 0.45 0.27 045 0.00 0.18 0.09
23 IL2RB S1P SFas 0 0 0 28227 0.45 0.27 045 0.00 0.18 0.09
24 IL2RBT PDGFR S1P 0 0 0 28104 0.91 0.00 091 0.00 0.00 0.09
25 FasL S1P TRADD 1 0 0 28090 0.45 0.27 045 0.00 0.18 0.09

26 PDGFR S1P SOCS 0O 0 0 28072 0.91 0.00 091 0.00 0.00 0.09
27 PDGFR S1P TBET 0 0 1 28057 1.00 0.00 100 0.00 0.00 0.00
28 FasL MCL1 PDGFR 1 0 0 28007 0.45 0.27 045 000 0.18 0.09
29 LCK PDGFR S1P 0 0 0 27944 0.91 0.00 091 000 0.00 0.09
30 IL2RA S1P SFas 0 0 0 27889 0.45 0.27 045 0.00 0.18 0.09
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Table D.13: Top 30 3-Templates for Leukemia Network Basin 3

RANK Variables Values FREQ SUCCESS Bl B2 B3 B4 BS
1 Ceramide PDGFR S1P 0 1 1 14404 1.00 0.00 0.00 100 0.00 0.00
2 Ceramide IFNG PDGFR 0 0 1 11323 0.45 0.27 000 045 0.27 0.00
3 Ceramide IFNG S1P 0O 0 1 11323 0.45 0.27 000 0.45 0.27 0.00
4 IFNG PDGFR S1P 0 1 1 11323 0.64 0.18 0.00 0.64 0.18 0.00
5 Ceramide PDGFR PLCG1I 0 1 1 11278 0.45 0.27 000 045 0.27 0.00
6 Ceramide PLCG1 S1P 0 1 1 11278 0.45 0.27 0.00 045 0.27 0.00
7 PDGFR PLCG1 S1P 1 1 1 11278 0.64 0.18 0.00 0.64 0.18 0.00
8 Ceramide PDGFR PI3K 0 1 1 11256 0.45 036 000 045 0.18 0.00
9 Ceramide PI3K S1P 0 1 1 11256 0.45 0.27 000 045 0.27 0.00
10 PDGFR PI3K S1P 1 1 1 11256 0.64 0.18 0.00 0.64 0.18 0.00
11 Ceramide MCL1 PDGFR 0 0 1 11018 0.45 0.27 000 045 0.27 0.00
12 Ceramide MCL1 S1P 0 0 1 11018 0.45 0.27 000 0.45 0.27 0.00
13 MCL1 PDGFR S1P 0 1 1 11018 0.64 0.18 0.00 0.64 0.18 0.00
14 Ceramide FasL PDGFR 0 1 1 10664 0.45 0.27 0.00 045 0.27 0.00
15 Ceramide FasL S1P 0 1 1 10664 0.45 0.27 0.00 045 0.27 0.00
16 FasL PDGFR S1P 1 1 1 10664 0.64 0.18 0.00 0.64 0.18 0.00
17 Ceramide PDGFR TRADD 0 1 0 10376 0.45 0.27 0.00 045 0.27 0.00
18 Ceramide S1P TRADD 0 1 0 10376 0.45 0.27 000 045 0.27 0.00
19 PDGFR S1P TRADD 1 1 O 10376 0.64 0.18 0.00 0.64 0.18 0.00
20 BclxL Ceramide PDGFR 0 0 1 10289 0.45 0.27 0.00 045 0.27 0.00
21 BcelxL Ceramide S1P 0O 0 1 10289 0.45 0.27 0.00 045 0.27 0.00
22 BclxL PDGFR S1P 0 1 1 10289 0.64 0.18 0.00 0.64 0.18 0.00
23 Ceramide IFNGT PDGFR 0 1 1 10043 0.45 0.27 0.00 045 0.27 0.00
24 Ceramide IFNGT S1P 0 1 1 10043 0.45 0.27 000 045 0.27 0.00
25 IFNGT PDGFR S1P 1 1 1 10043 0.64 0.18 0.00 0.64 0.18 0.00
26 Ceramide IL2ZRA PDGFR 0 0 1 9994 0.45 0.27 0.00 045 0.27 0.00
27 Ceramide IL2RA S1P 0 0 1 9994 0.45 0.27 0.00 045 0.27 0.00
28 IL2RA PDGFR S1P 0 1 1 9994 0.64 0.18 0.00 0.64 0.18 0.00
29 Ceramide DISC PDGFR 0 0 1 9927 0.45 0.27 000 045 0.27 0.00
30 Ceramide DISC S1P 0 0 1 9927 0.45 0.45 000 045 0.09 0.00
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Table D.14: Top 30 3-Templates for Leukemia Network Basin 4

FasL
FasL
MCL1
FasL
FasL
FasL
FasL
FasL
FasT
MCL1
IL2RBT
FasL
FasT
FasL
MCL1
NFKB
FasL
IL2RBT
FasL
NFKB
FasL
FasT
FasL
BclxL
IL2RBT
FasL
FasT
IL2RB
NFKB
FasL

Variables

MCL1
NFKB
NFKB
FasT
IL2RBT
NFKB
MCL1
NFKB
NFKB
NFKB
MCL1
FasT
NFKB
NFKB
NFKB
SOCS
FasT
NFKB
IL2RBT
PI3K
MCL1
TNF
IL2RB
FasL
NFKB
NFKB
MCL1
MCL1
TNF
SOCs

NFKB
TRADD
TRADD
NFKB
NFKB
SOCS
TRADD
PI3K
TNF
SOCS
NFKB
TNF
TRADD
TNF
PI3K
TRADD
TRADD
TRADD
MCL1
TRADD
SOCS
TRADD
NFKB
NFKB
SOCS
ZAP70
NFKB
NFKB
TRADD
TRADD

[E=N

rPCPrRroORr L PrO PRk Corrr P Or

Values

POPopprprroprgrProlRF  oFPrr  Prrroo.Fro

o

OFPhoorrogPoCPgorFrroPorrogr, .Qor

0

FREQ SUCCESS

5203
5147
5051
5031
4954
4938
4920
4904
4869
4852
4848
4823
4779
4764
4725
4720
4718
4712
4691
4683
4682
4677
4658
4638
4632
4621
4619
4612
4612
4600
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0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36

B1
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36

B2
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.18
0.09
0.09
0.09
0.09
0.09
0.09
0.18
0.09
0.09
0.09
0.09
0.18
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09

B3
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09

B4
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36
0.36

B5
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.00
0.09
0.09
0.09
0.09
0.09
0.09
0.00
0.09
0.09
0.09
0.09
0.00
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09



APPENDIX E

CONTEXTUAL GENE SET INTERACTION SUPPLEMENTS
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This appendix provides additional information for the Caitii@l Gene Set Interac-

tion Network Chapter (Ch. 5).
E.1 Proof of Theorem

Below is the proof referenced lib.4.

Theorem 1. OnceSy, is given,y(G;j + Gj; Sy, St,) is proportional toPr(G; < Gj|S,).

Proof. With the Bayes’ theorem,

Pr(Gi < Gj|Su)

Y(Gi <+ Gj;Su,Sy) = PI{Gi © Gj/u — Sn) (E.1)
_ Pr(Sy|Gi > Gj) Pr(Gi <> Gj) " Pr(Su —St,)
Pr(Su) Pr(Sy — S, |Gi ¢+ Gj) Pr(Gj «» Gj)
(E.2)
B Pr(Su|Gi < Gj) Pr(Sy — St) E3
TP(S -G oG PiS) (£3)
By assuming independence in observing each sample @ven Gj,
P —
V(G & GSu.S1) = PSSy 61 Gy x o S8 (E.4)
With the Bayes’ theorem,
Pr(Sy|Gi <+ Gj) Pr(Gj «» Gj)
PrGi < Gj|St,) = k E.5
( J| k) Pr(STk> ( )
Thus,
G~ S G
Pr(STk|G| < G]) = Pr(GI—<—>GJ) X Pr(G| < G]|STk) (E6)
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From Equations (E.4) and (E.6),

Pr(STk) Pr<SU _ STk)

_ 1 Pr(SU _ STk) Pr(STk) . ]
=BG 5 G)) X PISy) x Pr(Gi + Gj|Sy,) (E.8)
By assuming a uniform prior for PG; «» Gj), m is a constant. And once
St is given, P&y ;f(TSkj )Pr(STk) is also a constant. Thus, the equation (E.8) can be written as
follows:
Y(Gi <> G;Su, Sg) =C x Pr(G; > Gj|Syy), (E.9)
whereC is a constant. Therefore,
Y(Gi <+ G; Sy, Sy, ) OPr(Gj <+ Gj|Sr,) (E.10)

E.2 Cholesterol Figure

Here is the figure related to the example of identifying ctiadispecificity on the choles-

terol network.
E.3 Refractory Cancer Figures
Here are figures relating to the results for the Refractory Eadata.
E.4 GBM Figures

Here are figures relating to the results for the GBM TCGA data.
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Figure E.1: Boolean Network Model for the Cholesterol RegujaRathway: A network
diagram of the Boolean network model for the cholesterol legguy pathway is given.
All incoming connections into a node constitute AND logiccegt cholesterol that has
OR logic. A connection ending with a bar indicates NOT loditie cholesterol synthesis
pathway is shown from the precursor Acetyl-CoA to the finaldua cholesterol. There
is a feedback from cholesterol BREBRPSCAR Statins inhibits HMG-CoA reductase, and
regulates the synthesis of cholesterol. After evaluatiegspecificity of each regulation to
the statins perturbation, statins perturbation-spea@fitilations were colored with red.
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Figure E.2: The summarized gene set expression data ottafyacancer patients from
§5.5. There are 339 contextual gene sets for 113 cancer pssigmples of 32 tissue types.
The expressions of genes in each contextual gene set wermaaizad to one of three
discrete values UP (red), DOWN (green), and NOCHANGE (black).
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Figure E.3: Regional Heat Maps from the Refractory Cancer Camaéxene Set Inter-
action Network: Fron$5.5, the heat maps of cancer-generic region (A) and tisse@fgp
regions (B) - (E) from the refractory cancer contextual gegtargeraction network. (A)
Cancer-generic. (B) Melanoma. (C) Pancreas. (D) Ovary. (E)dBré&ae numbers are IDs
of contextual gene sets. The corresponding contextualitonaf each contextual gene
set is marked with black color above the heat map. Over-espe is colored with red and
under-expression is colored with green.
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Figure E.4: The Summarized Gene Set Expression Data of GBMpearfrom TCGA:
From §5.5, we show the summarized gene set expression data of GBMIlesrnom
TCGA. There are 316 contextual gene sets for 202 GBM patienplesnof four sub-
types. The expressions of genes in each contextual geneesetseammarized to one of
three discrete values UP (red), DOWN (green), and NOCHANG&CK)!
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Figure E.5: Heat Maps from the GBM Contextual Gene Set Intemadtietwork: The
heat maps of GBM-generic region (A) and GBM subtype-specifitores (B) (G) from
the TCGA-GBM contextual gene set interaction network. (A) GBbheric. (B) and (C)
Classical. (D) Mesenchymal. (E) Neural. (F) and (G) Proneufide corresponding
contextual condition of each contextual gene set is mark#diMack color above the heat
map. Over-expression is colored with red and under-exjoness colored with green.
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APPENDIX F

BAYESIAN NETWORKS
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F.1 Introduction

Bayesian networks are a popular graphical model used in tiledical domain due to
their ability to encode uncertainty through probabilitees] because the conditional inde-
pendence relationships encoded in the topologies are ofieful in modeling biological
interactions. Generally they are a probabilistic grapgmoadel comprised of a graph with
a node (vertex) for each variable, directed edges (creatindirected cycles) encoding
dependence relationships between the nodes, and, for edeh conditional probability
tables. These conditional probability tables give the @alof the nodes conditioned on the
values of their respective parents (input nodes). Formallet of random variables with
respect to a directed, acyclic graph (DAG) is called a Bayesetwork if and only if it
satisfies the Markov Property, which states that each Jarialzonditionally independent

of its non-descendent variables given the values of itspasgiables.

The recent popularity of Bayesian networks can be attribitdddea Pearl’s semi-
nal text [100], and Neapolitan’s text [9] provides a comgleterview of learning Bayesian
networks from data. Nir Friedmagt alintroduced the use of Bayesian networks to the
biomedical domain [101] and since then they have been rapitpted in various applica-
tion approaches, for example as a comparison to probablsblean networks as models
for genomic regulation [29]. Bayesian networks have araetitre to use as models for bi-
ological interactions due to their handling of uncertaiautygl the ability to infer the network
structures from given data. Structure inference alone sa#lenging problem as the num-
ber of possible structures in a Bayesian network is supesrexqtial based on the number
of variables. However heuristic search approaches sudmatased annealing[102] allow
searching the space of structures to learn a suitable gteuctVhile this is attractive, the

nature of the biological data itself presents several ehgks.
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One of the major limitations is the small-sample nature o$tiological data sets.
Since oftentimes the samples in our biological data setsesept actual patients suffer-
ing from a particular disease, there is an obvious hindramdecreasing their numbers.
Nonetheless, structure inference for Bayesian networksrsubecause conditional inde-
pendence relationships must be inferred for sometimes#mais of variables across some-
times as few as one or two dozen samples when the ideal rat@riables and samples is
inverted. This issue is addressed many times by reducinguhmder of variables included
in the interaction network through various pre-processirgghodologies, for example ex-
cluding variables lacking statistically significant folthanges across available samples.
Another limitation, and perhaps the one with further-reagltonsequences is the main as-
sumption of Bayesian networks, namely that all data is saafpten the same underlying
distribution. This is simply not the case of the inheren#ydrogeneous biological system.
Over the past decade we have indeed seen significant resieeping the assumption
of homogeneous data and learning Bayesian networks — wefiderdre obvious, global
and consistent interactions. But with the increasing isterecomparing not healthy ver-
sus cancerous, for example, but rather comparing acrogsusasubtypes of cancer, we
need a model that acknowledges the true homogeneity in tlaerarder to identify the

distinguishing interactions.
F.2 Bayesian Structure Learning

Learning a Bayesian network involves inferring both thedtrtal topology and the param-
eters of each conditional probability distribution. Degerg on the size and the intended
usage of the learned network, one may be interested in fepjust the structure, which is

common in bioinformatics research.

Methods to infer a structure or topology from the data can twadily grouped
into three categories: 1) methods which search the spacessilje models using some

kind of scoring function (search-and-score), 2) methodglwlestimate whether or not
198



conditional independence relationships between vasdiddd (constraint-based), and 3)

methods which are a mixture of the first two (hybrid).

Scoring Functions

Search-and-score approaches use a variety of scores ®tjuelglegree to which the pro-
posed topology fits the data. The scoring functions fall imto categories: Bayesian and
information-theoretic. The organization in this sectisfased on a recent technical report

by Carvalho[103].

Under the Bayesian category there are several functionshwavaluate the pos-
terior probability of the structure given the data based @mes prior probability. In the
search, the best network is the one that maximizes this paspeobability. The first is the
Bayesian Dirichle{BD), from Heckermaret alin 1995. It assumes multinomial samples,
a Dirichlet distribution for parameters, independent paters and parameter modularity.
While the BD score is not so useful in practice, a few speciadsas it are. The K2 scor-
ing function, proposed before BD by Cooper and Herskovitz @21i8 actually a particular
case of BD, simplifying the pseudo-count hyperparameteckelenanet alalso in 1995
address the problem of hyperparameter specification byngd@disumptions regarding like-
lihood equivalence and structure possibility, leadindielikelihood equivalence Bayesian
Dirichlet (BDe) scoring function, however like BD it has practical diffites. However,
a special case of BDe (actually proposed by Buntine in 1991¢daékelihood equiva-
lence Bayesian Dirichlet with uniform joint distributiqiBDeu), which depends on only
one parameter and is much more useful in practice, as it ¢ineesame score to equivalent

structures.

Under the information theory category, scoring functions laased on the com-
pression that can be achieved over the data with an optindg icmluced by the Bayesian

network. These codes are based on Shannon entropy and thed8hsource coding the-
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orem which states that as the number of independent andadiyndistributed variables
tends to infinity, no data compression is possible beyontbtiaé Shannon entropy without
loss of information. The first score in this category is acbeeby taking the logarithm of
the likelihood of the data given the network, appropriatjied thelog-likelihood (LL).
However this score tends to over fit. Thenimum description lengttMDL), from Lam
and Bacchus in 1994 and Suzuki in 1993, is based on LL and pr&fapler solutions (i.e.
Occam’s Razor). Thékaike Information Criterion(AIC) (Akaike 1974) andBayesian
Information Criterion (BIC) (based on Schwarz Information Criterion, Schwarz 1978),
generalize the MDL scoring function. And recently, a scgrianction based on mutual

information, callednutual information testtMIT) was proposed by deCampos in 2006.

Search-and-Score

The following overview is organized according to Tsamaogdiat al[104]. Using one of
the scoring functions above, a search-and-score methocdhseger the space of possible
structures, which is super exponential in the number ofdes. A basic search method
is greedy hill climbing which traverses the search space by a sequence of edgeatlsmov
additions, and reversals, but can easily become trappedbicebmaximum. To alleviate
this symptom of greedy search, the search method can be atepneith random restarts,
simulated annealing, or TABU lists. To address the complef{ithe search spac&reedy
Bayesian Pattern SeardfGBPS, Acid and de Campos 2003) transforms the traditional
search space to the equivalence class of partially diresatgdic graphs (PDAGS), which
summarize statistically indistinguishable structu@eeedy equivalent sear¢GES, Meek
1997 and Chickering 2002) is quite similar to GBPS, but withghaperty of being guar-
anteed to identify in the sample limit the most probable agrosi Bayesian network.
Besides reducing the state space using PDAGSs, another walgtess the complexity is
the K2 algorithm (Cooper and Herskovitz 1992), which combines greedy hithblng

with the K2 metric and requires total variable ordering. Thgarse Candidate Algorithm
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from Friedmanret alin 1999 estimates a maximum number of candidate parent riaedes
fore beginning the greedy search. T@ptimal ReinsertiorfOR) algorithm takes a unique
approach, starting from an initial structure and severggtding edges subject to con-
straints. There are other algorithms for sure but this lishmarizes many of the main

ones.

Constraint-Based

The following overview is also organized according to Tsedimset al[104]. Generally
speaking constraint-based approaches use tests for iomadliindependence to infer the
final graph. The best example of this category is arguablyP@eAlgorithm(Named for
Peter Spirtes and Clark Glymour, from their 2000 text with é&els), which itself is an
evolution from the original SGS algorithm from 1990. PC w&awith a complete, undi-
rected graph and uses conditional independence testgatviedy remove edges, then it
orients those edge3hree Phase Dependency Analydi®DA) from Chenget alin 2002

introduces an information theoretic metric in the conditibindependence tests.

Hybrid Algorithms

The final category contains algorithms that combine apgresdrom both search-and-
score and constraint-based. T@GB Algorithmfrom Singhet alin 1993 uses SGS to get
a variable ordering then applies K2 to give the edges doectiThe PC+GBPS (from
Spirtes and Meek, 1995) uses PC to create a pattern useditthee8BPS algorithm. The
Essential Graph SearcfEGS) from Dash and Druzdzel, 1999) repeatedly calls PC with
random orders for nodes and various thresholds, an8étief Networks Discovery using
Cut-set TechniquedBENEDICT, Acid and de Campos, 2001) uskseparation and cut-
sets to define a scoring metric. Lastly, Tsamardigtas introduceMax-Min Hill Climbing
(MMHC)[104], which first reconstructs a skeleton and therigrens a greedy hill climbing

search to orient the edges.
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Other algorithms not in these categories exist, includikagrealgorithms, but none
of them are able to scale to realistic numbers of parentsrablas—usually at most one or

two dozen variables.

Application to Contextual Gene Set Interaction Networks

Bayesian network learning plays a key role in our contexteakgset interaction networks
in Chapter 4 of the dissertation. We first apply Bayesian nétlearning 1000+ times on
our gene set data across all samples, seeding the searehspas to return as many
diverse, high-scoring network structures as possible. ddges of these networks are
counted, rendering a frequency and concordant likelihdodependence between gene
sets. Following the procedure outlined in the chapter, vetesyatically excise subsets of
samples from the gene set data and run 1000+ instances ofidapeswork learning again
on the data without the specific samples of interest (usgaligesponding to some disease
subtype), and again calculate the likelihood of dependbrtseen gene sets by means of
the edge frequencies. The ratio between the likelihood®gttge in the full data and the
data without the sample group in question represents timeajanteraction likelihood by
including those samples (i.e. a measure contribution biydhmple group). In order to
evaluate the significance of the edge frequency found by vergsubgroups of samples
we also follow a permutation approach, removing random $augmoups of the same size

and performing Bayesian network learning on these pernuitidta sets.

Parallel Bayesian network learning with a greedy hill clinggsimulated annealing
approach allows us to identify many high-scoring netwonkaiad the super exponential-
sized space of possible structures for our edge frequenaytsavhile avoiding local max-
ima with simulated annealing and random restarts. The Bagdsamework was chosen
for identifying frequency counts because the next step [f¢amiffects on the edges of a

contextual gene set interaction network) was also donedbasea probabilistic graphi-
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cal model, and so the two tied together well. However, siheedirectionality of edges
is not used in our calculations, other network learning apphes could be substituted in
for the Bayesian learning, such as mutual-information-thaggproaches or other correla-

tion/association approaches.
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