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Cancer constantly evolves to evade the host immune system and resist differ-

ent treatments. As a consequence, we see a wide range of inter and intra-tumor

heterogeneity. In this PhD thesis, we present a collection of computational methods

that characterize this heterogeneity from diverse perspectives. First, we developed

computational frameworks for predicting functional re-wiring events in cancer and

imputing the functional effects of protein-protein interactions given genome-wide

transcriptomics and genetic perturbation data. Second, we developed a compu-

tational framework to characterize intra-tumor genetic heterogeneity in melanoma

from bulk sequencing data and study its effects on the host immune response and

patient survival independently of the overall mutation burden. Third, we analyzed

publicly available genome-wide copy number, expression and methylation data of

distinct cancer types and their normal tissues of origin to systematically uncover

factors driving the acquisition of cancer type-specific chromosomal aneuploidies.

Lastly, we developed a new computational tool: CODEFACS (COnfident Deconvo-

lution For All Cell Subsets) to dissect the cellular heterogeneity of each patient’s



tumor microenvironment (TME) from bulk RNA sequencing data, and LIRICS (LIg-

and Receptor Interactions between Cell Subsets): a supporting statistical framework

to discover clinically relevant cellular immune crosstalk. Taken together, the meth-

ods presented in this thesis offer a way to study tumor heterogeneity in large patient

cohorts using widely available bulk sequencing data and obtain new insights on tu-

mor progression.
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Chapter 1

Introduction

1.1 The problem of heterogeneity in cancer

Cancer is a heterogeneous disease. This heterogeneity is fueled by evolution

and eventually leads to resistance to chemo and targeted therapies [139]. Although

the recent success of immunotherapy has brought us closer to a cure, a large fraction

of patients still fail to receive durable clinical bene�t [216]. In order to stay one step

ahead in this evolutionary arms race, it has become clear that one needs to design

rational treatment combinations. Key to designing such combinations is our ability

to characterize the extent of tumor heterogeneity, both among and within patients,

and identify the underlying evolutionary mechanisms driving it.

Projects like The Cancer Genome Atlas [1], vastly improved our knowledge

on the extent of tumor heterogeneity among patients by doing a comprehensive

multi-"omic" pro�ling of thousands of patient tumors (inter-tumor heterogeneity).

This revealed novel tumor subtypes and their underlying driver mutations. With

recent advances in next generation sequencing technologies, it is now possible to

further sequence tumors at a single cell resolution, thereby allowing one to assess

the heterogeneity of tumors within patients (intra-tumor heterogeneity).

While single cell data ideally represents the state-of-the-art in terms of char-

acterizing tumor heterogeneity, in this thesis we predominantly focus on developing

1



computational methods to characterize tumor heterogeneity from bulk sequencing

data and demonstrate their clinical impact; something which is currently not pos-

sible using single cell technologies alone due to their limited scalability to large

cohorts.

1.2 Fantastic sources of tumor heterogeneity and ways to character-

ize them

There exist multiple sources of tumor heterogeneity. However, they can be

broadly categorized into the following three groups:

1.2.1 Genetic Heterogeneity

Cancer is, in essence, a genetic disease [237]. Errors in the DNA replication or

repair machinery result in accumulation of somatic mutations in cells, and in speci�c

contexts, these mutations can drive multiple clonal expansions [144]. This gives rise

to heterogeneous tumor cell populations. In addition, a vast majority of tumors have

chromosomal instability, which results in large-scale structural changes (such as the

gain or loss of entire chromosomes), that are often associated with poor clinical

outcomes[22, 226, 56]. In chapter 3, we show how computational methods can be

applied to characterize intra-tumor genetic heterogeneity from bulk sequencing data

and study its e�ects on the host immune response while controlling for di�erences

in overall mutation burden. In addition, in chapter 4, we investigate chromosome

arm imbalances across solid tumors from di�erent tissues of origin to uncover factors

2



explaining their observed tissue-speci�c heterogeneity.

1.2.2 Epigenetic Heterogeneity

Tumor cells can also exhibit phenotypic plasticity by dynamically modulating

gene expression via epigenetic mechanisms or cellular signalling events. This is

often said to lead to acquired resistance to many targeted therapies as opposed

to hardwired resistance that arises from genetic heterogeneity [139]. In chapter 2,

utilizing bulk transcriptomic data of breast cancer patients from the TCGA, we

explore how such dynamic changes in gene expression in cancer can potentially lead

to a "functional re-wiring" of genes. Such functional re-wiring could explain why

a vast majority genetic interactions are context speci�c, making the translation of

these interactions into clinically e�ective targeted therapies a challenge [11]. In

addition we also developed new mixed integer linear programming frameworks to

impute functional e�ects of protein-protein interactions from genetic perturbation

data, thereby bringing us one step closer to building accurate computational models

of cellular signaling [157].

1.2.3 Microenvironmental Heterogeneity

Tumor cells also constantly interact with other cell types in their micro-

environment in order to facilitate their growth and suppress the host immune re-

sponse. These interactions can further fuel tumor evolution and lead to their ob-

served genetic and epigenetic heterogeneity. It has become increasingly evident that

3



the interactions between cell types in the tumor microenvironemt play a critical

role in facilitating a response or resistance to treatment with the establishment of

immunotherapy as the third major arm of cancer treatment (besides surgery and

chemo therapies) [216]. In chapter 5, we develop a new computational method to

characterize the cellular heterogeneity of each patient's tumor microenvironment

from bulk transcriptomic data. Using our method one can aim to not only infer

the cellular abundance of each cell type in the tumor micro-environment but also

investigate their transcriptional states and infer clinically relevant cellular crosstalk.

Applying our method to the TCGA, we generate a large resource of deconvolved

transcriptomes of each patient's tumor tumor sample, thereby enabling the analysis

of the TCGA at a cell type speci�c resolution. In addition, we uncover a shared

repertoire of cell-cell interactions that speci�cally occur in the TME of mismatch-

repair-de�cient solid tumors and explain their universally high response rates to

immune checkpoint blockade treatment. These results point to speci�c T-cell co-

stimulating interactions that can enhance immunotherapy responses in tumors in-

dependent of tumor mutation burden levels. Finally, using machine learning, we

demonstrate how one can exploit the large deconvolved data resource we gener-

ated to identify key cell-cell interactions in the TME predicting patient responses

to immune checkpoint blockade therapy in melanoma.
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Chapter 2

Algorithms for context-speci�c functional annotation of genes and

the imputation of functional e�ects of protein-protein interactions

?? This work was done in collaboration with Dr. Sridhar Hannenhalli and Dr.

Roded Sharan and appears in PLoS Computational Biology [171] and Bioinformatics

[172]

2.1 Overview

Cellular functions are carried out by networks of interacting proteins [17].

In particular, empirical data suggest that proteins that participate in the same

biological process or a pathway tend to interact with one another, and more broadly,

tend to inhabit the same neighborhood in the protein interaction network (PIN).

This guilt-by-association principle has been successfully applied to predict protein

function, outperforming alternative methods that do not take the PIN into account

[5, 123, 138, 206, 207, 223].

Given that a gene's function is informed by its PIN neighborhood, it is plausi-

ble that a an organism may dynamically adapt its genes' functions across di�erent

contexts, such as developmental stages, tissues, diseases and evolution, by altering

the PIN structure. For example, during Drosophila development, a key regulatory

transcription factor fushi tarazu (FTZ) changes function from an ancestral homeotic
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gene (those that regulate development of speci�c body parts) to a pair-rule segmen-

tation gene (regulating initial formation of the segments in a developing embryo).

Notably, this functional switch involves changes in FTZ's interaction partners; while

in the ancestral species FTZ interacted with homeotic proteins, in drosophila it in-

teracts with protein involved in segmentation, and thus it got co-opted into segmen-

tation function [134]. Furthermore, many genetic interactions exhibit context speci-

�city [96]. Based on these premises, we describe a network di�usion-based algorithm

to predict how a gene's function might change due to shifts in its protein-protein

interaction neighborhood during malignant transformation. This approach uniquely

reveals several functions that are signi�cantly lost or gained in breast cancer and

modulate patient survival.

Furthermore, another aspect important for the characterization epigenetic tu-

mor heterogeneity is modeling how cells respond to di�erent genetic alterations or

environmental perturbations. Key to building such models is having well annotated

biological pathways representing how biological signals 
ow a�ect the activity of

di�erent proteins and transcription of genes. However, such annotations are sparse.

So we additionally developed an optimization framework to impute missing func-

tional annotations describing how biological signals are propagated over the joint

protein-protein interaction and regulatory network of a cell given transcriptional

data before and after genetic perturbations. This imputation problem was previ-

ously shown to be non-deterministic polynomial time (NP)-hard for general networks

[25]. In this work, we overcome the limitation of network coverage of previous meth-

ods by developing new mixed integer linear programming formulations and utilizing
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state-of-the-art SAT solvers. Overall, our imputation method outperforms previous

work by a considerable margin.

2.2 Methods

2.2.1 Inference of gain or loss of function via "guilt-by-association"

Let G(V; E) be the weighted un-directed network with V representing the set

of nodes and E the set of weighted interactions. Let W be the weighted adjacency

matrix corresponding to G and let D be the diagonal degree matrix (with diagonal

entries corresponding to the weighted degree of each node in the graph). For a bio-

logical function f (which represents any biological process or pathway in a publicly

available database), letA f be the set of genes annotated with that function. For a

RNA-seq samples, let Gs(Vs; Es) be the sample-speci�c sub-network ofG consist-

ing of all genes with an expression� 1 RPKM in that sample, let Ys be the prior

knowledge vector such thatYs;g = 1; 8g 2 A f \ Vs. The guilt-by-association principle

implies that the involvement of any geneg in a function f is likely to be in
uenced

by the involvement of the genes in its neighborhood (Figure 2.1). Additionally, the

involvement should be consistent with our prior knowledge of functional member-

ships. This can be mathematically modelled by the following di�usion equation:

Fs = (1 � � )(D � 1=2
s WsD � 1=2

s )Fs + �Y s (2.1)
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Here Fs is a vector of raw involvement scores of every gene inGs:� 2 (0; 1) is a

parameter that weighs the importance of prior knowledge in the model. Notice that

the adjacency matrix Ws is symmetrically normalized by the square root of the

product of node degrees. This step controls for biases that may arise from di�using

information through high degree nodes (hubs) in the network. As shown in previous

work, the raw scores are fairly robust for the choice of� , and we adopt the choice

� = 0:2 following [234]. Since the Eigenvalues ofD � 1=2
s WsD

� 1=2
s lie in [� 1; 1], it can

be shown thatI � (1 � � )D � 1=2
s WsD

� 1=2
s is positive de�nite and we get the following

solution:

Fs = � (I � (1 � � )D � 1=2
s WsD � 1=2

s )� 1Ys (2.2)

There are several ways to compute the above solution, the simplest being the iter-

ative matrix multiplication algorithm �rst proposed by Zhou [34]. To circumvent

the overhead costs of multiplying large matrices, we proceed by solving the system

using the conjugate gradient (CG) method. The above procedure assigns a raw

involvement score to each gene inGs for each di�used function. This raw score

however depends onjA f \ Vsj as well as the sample-speci�c PIN topology. To ap-

propriately calibrate it, we can estimate a signi�cance p-value for the score, in a

function-speci�c manner. This is done by comparing a gene's raw score against a

null distribution of scores generated by di�using random prior knowledge vectors

in Gs annotating jA f \ Vsj genes. Hence each null distribution is parameterized

by jA f \ Vsj which we call the seed size. Note that this technique requires us to
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run a large number of bootstrap instances on separately for each sample-speci�c

PIN (1157 samples in total analyzed in our study) for each function (1184 functions

evaluated in this study). To tackle such an enormous computational task, we follow

a memoization procedure in which for each sample, we pre-compute a smaller set

of null distributions from pre-determined seed sizes (40 to 500 with an increment of

10) and estimate p-values of di�used raw scores by simply comparing them to a null

distribution closest in seed size to the true null distribution for that sample. The

null distributions are based on 100 bootstrap samples. Finally, we say that a gene

is assigned a function f in a given sample if the p-value associated with its raw score

in that sample < 0:01.

Figure 2.1: The reference gene is depicted by black circle. The initial static global PIN
is projected onto normal and cancer samples based on gene expression, and each function
(red and green) are di�used through each PIN. In this case, the reference gene is assigned
green function in normal and red function in cancer, i.e., the gene gained red and lost the
green function in cancer.

Given a cohort of samples under two conditions (normal and breast cancer in

our application) and a gene-function pair (g; f ), we determine the number of sam-
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ples whereg was gained functionf by di�usion (see above). Having determined

this separately for normal and breast cancer samples, we perform a Fisher's exact

test to assess whether the gain off by g is signi�cantly enriched in either one of

the conditions. We say a gene g gains a functionf in cancer if the gain off by

g is signi�cantly enriched among cancer samples when compared to normal. The

enrichment p value is determined by Fisher exact test. Unless stated otherwise, we

use the default p-value signi�cance threshold of 0.05. We also estimated the False

Discovery Rate (FDR) for each pair ofg and f . The FDR criterion however yields

substantially fewer genes resulting in decreased power for various downstream anal-

yses. Therefore by default we used the p-value criterion, and provide the results

based on FDR criterion in the supplementary material of the publication. In ad-

dition to the signi�cance criteria, we also consider the e�ect size of the functional

gain or loss. Let� be the odds ratio derived from the Fisher contingency table. To

reduce chances of false discovery, we require the e�ect size to be large. Hence, for

downstream analyses we looked at a range of� from � = 2 to 10, and unless oth-

erwise mentioned, the default is highly stringent� = 10, while the results for other

values of� are provided in the supplementary material of the publication. Note that

if a gene is not expressed in a sample then it is not present in the sample-speci�c

PIN and therefore cannot be assigned a function. Thus ifg is un-annotated by a

function, biases may arise in the determination of its gain or loss via guilt by as-

sociation if there are signi�cant di�erences in the expression ofg in sample-speci�c

networks generated within a cohort or between two cohorts. To control for such a

bias, we take two �ltering measures. First, we check ifg is expressed signi�cantly
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more in samples corresponding to one condition relative to the other by building

a contingency table for expressed versus not expressed among normal and cancer

samples and performing a Fisher exact test. We excludeg if its p-value � 0.05.

Second, in estimating loss and gain forg relative to a function we only consider

samples whereg was expressed. This results in downstream analyses of 12599 genes

out of a total of 16562 from the original network. To quantify the degree of gain (or

loss) of a function in cancer relative to normal due to guilt by association, we only

consider the genes that are not annotated to have that function. This ensures that

our estimated change in functional activity is informed primarily by the changes

in PIN topology and not by the di�erential expression of the genes annotated to

perform a certain function. We De�ne

�( f; g ) =

8
>>>>>>>><

>>>>>>>>:

1 if g is un-annotated and gainsf with � � 10

� 1 if g is un-annotated and losesf with � � 0:1

0 otherwise

(2.3)

Let � f =
P

g �( f; g ) be the di�erence between the number of un-annotated genes

gaining and losingf . The higher the j� f j value, the greater the change in activity

of f between normal and cancer. The direction of change is determined by the sign:

\+" represents increase in activity from normal to cancer due to a greater number

of un-annotated genes potentially acquiring that function in cancer; we refer to

such a function ascancer-associated gained function. Likewise, \-" represents an
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overall decrease in functional activity due to a greater number of un-annotated

genes potentially losing that function in cancer; we refer to such a function as

cancer-associated lost function.

2.2.2 A mixed integer linear programming (ILP) framework for im-

putation of functional e�ects of protein-protein interactions

In this section we describe algorithms for inferring signs and direction of sig-

nal 
ow over the protein-protein/protein-DNA interaction network. The sign rep-

resents the functional e�ect on the target gene/protein carrying the signal along

the network. This depends on the type of the physical interaction being consid-

ered. For protein-DNA interactions (PDIs), a +/ � sign describes a regulatory

e�ect; for protein-protein interactions (such as phosphorylation/de-phosphorylation

interactions between kinases and phosphatases), it represents a functional activa-

tion/repression e�ect. Currently, such direction and sign information is available for

only a few well-studied pathways (see Figure 2.2 for an example), although a large

fraction (40-70%) of the PPIs are expected to admit such an annotation [213]. The

inference of such annotation information is a precondition to any logical model of

a system under study (see, e.g., [157]). We start by formally de�ning the problem

and sketching the previous approach of [97]. Then, we study three variants of the

original problem (each describing a signaling model) and develop novel integer linear

programming formulations to solve them to optimality on current networks. We as-

sume we are given a (potentially partially signed) physical interaction network along
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with a collection of cause-e�ect gene pairs, such as commonly obtained from knock-

out experiments. The Maximum sign assignment (MSA) problem is to assign signs

to the unsigned edges of the network in a way that best explains the given pairs.

We say that a cause-e�ect pair (s; t) with sign � st (+ encoding down-regulation oft

in response to the knockout ofs, � encoding up-regulation oft in response to the

knockout of s) is explainedor satis�ed by a sign assignment, if there exists a path

in the network from s to t whose aggregate sign (the product of the signs along its

edges) is� st . Formally, MSA is de�ned as follows:

Input. A partially signed networkG(V; E) and a set ofk cause-e�ect pairs(s1; t1); : : : ; (sk ; tk)

with signs � s1 t1 ; : : : ; � sk ;t k 2 f + ; �g

Goal. A sign assignment to the unsigned edges of the network such that a maximum

number of input pairs are satis�ed by the assignment.

Figure 2.2: Yeast signaling pathways from KEGG in one network depicting the organiza-
tion of di�erent types of physical interactions with their respective experimentally-derived
annotations of signal 
ow.
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This problem focuses on the A-path signaling model of [253]. [97] showed

that due to the nature of the model, any unsigned edge that lies on a cycle in

the network cannot be uniquely signed. They generalized this notion to any 2-

connected component (or block) by determining if these components arestrongly

signed. They then proposed an approach to reduce the input network to an acyclic

one by contracting all edges in these strongly signed components without a�ecting

the maximum number of pairs that could be satis�ed. In the reduced network,

every pair is connected by a unique path, facilitating the formulation of an ILP to

assign signs to the unsigned edges of this path such that the number of satis�ed

pairs is maximized. A key drawback of this approach is that reducing the network

to an acyclic one severely restricts the number of edges participating in the ILP

(coverage) and, hence, restricts the number of interactions that can be uniquely

signed. In subsequent paragraphs, we discuss three variants of MSA, each describing

a di�erent plausible signaling model, where edges lying on cycles may have unique

signs and, hence, may no longer be contracted.

The �rst variant we consider, A-shortest-path (ASP), considers a signaling

model where the length of a satisfying path is always assumed to be the shortest

possible. The shortest path assumption is motivated from the observation that

signaling pathways tend to be of short length [214]. For each edge (u; v) 2 E, let

xuv = 1 denote whether its sign is� (0 if +). Similarly, we re-write the signs

� st 2 f + ; �g as � st 2 f 0; 1g. Due to the nature of knockout experiments, there

are usually much fewer sources compared to targets. Hence, for each sources, we

construct a subnetworkGs(Vs; Es) such that each edge in this subnetwork lies along
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a shortest path froms to one of its targetst. This is done by applying a breadth-

�rst-search starting from each source and target [214]. Furthermore, we denote by

Ns(v) the set of neighbors ofv in Gs and by dsv the length of the shortest path from

s to v. Additionally, for each pair (s; v) in Gs, we de�ne auxiliary variablescsv; r sv

wherecsv = 0 implies that under the selected sign assignment there exists a shortest

path from s to v with aggregate signr sv, i.e., the node pair (s; v) is satis�ed under

the selected assignment. (Note, (s; s) is trivially assumed to be satis�ed). We also

de�ne E + ; E � which represent subsets of edges in the ILP with known prior positive

and negative signs respectively. Then the following ILP formulation can be used to

solve this variant of MSA:

max
P

st yst

s. t. 1 +
P

u2f N s (v)jdsv = dsu +1 g(csu � 1) � csv 8s; v 2 Vs n s

r sv = XOR( r su; xuv jcsv = 0) 8s; (u; v) 2 f Es : dsv = dsu + 1g

cst + yst � 1 8(s; t)

r ss = 0; css = 0; r st = � st 8(s; t)

xuv = 0 8(u; v) 2 E +

xuv = 1 8(u; v) 2 E �

yst ; xuv ; r sv; csv 2 f 0; 1g 8s; t; u; v

The XOR relation betweenr sv; r su and xuv is conditioned on the value ofcsv.
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That is, r sv = r su � xuv only if csv = 0.It is linearized as follows:

r sv � csv � 2 � xuv � r su

r sv � csv � xuv + r su

r sv + csv � xuv � r su

r sv + csv � r su � xuv

Let l denote a layer ofGs such that all nodes belonging to this layer have

dsv = l. Given a feasible solution to the ILP, ifyst = 1 we can show that there exists

a shortest path froms to t with aggregate sign� st . Indeed, if yst = 1 then cst = 0

by the third constraint. This implies that
P

u2 N s (t )jdst = dsu +1 (csu � 1) < 0. Thus,

if t is in layer l of Gs, there must exist a neighboru of t in layer l � 1 such that

csu = 0. Furthermore, if cst = 0, xut is bound by the XOR constraint to have a sign

whose product with r su is � st . Similarly, if csu = 0, there must be a neighborw in

layer l � 2 wherecsw = 0 and r sw � xwu � xut = � st . By carefully investigating the

constraints applicable to the subsequent layers ofGs (i.e., l � 3; : : : ; 0) we �nd that

there must exist a shortest path froms to t such that the product of signs along its

edges is� st . The �nal two constraints incorporate prior knowledge of signs in the

ILP.

The second variant we study, 'A-directed-shortest-path' (AdirSP), addition-

ally assumes each shortest path explaining a pair to be directed from the cause to

the e�ect. It is worth noting that one cannot adapt existing ILP solutions to the

orientation and sign assignment problems, as both rely on reducing the input graph
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into an acyclic one. This reduction does not work when simultaneously optimizing

both. Instead, we simply adapt the ASP formulation above to simultaneously �nd

sign and direction assignments to the network. Speci�cally, we consider a pair (s; t)

to be satis�ed by a sign and direction assignment over the network if a directed

shortest path froms to t in this assignment has aggregate sign� st . We call this vari-

ant of MSA the 'A-directed-shortest-path' (AdirSP). Let ouv = 1 denote whether

an edge (u; v) is directed from u to v (0 if from v to u) and let the 
ow variables

f s
uv indicate the existence of a 
ow fromu to v. The 
ow variables allow computing

pair reachability in a directed network. The new ILP is:
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max
P

st yst

s. t. ouv + ovu = 1 8(u; v) 2 E

f s
uv �

P
w2 N s (u)nv f s

wu 8s; (u; v) 2 f Es :

dsv = dsu + 1; dsu � 1g

f s
uv � ouv 8s; (u; v) 2 Es

as
uv = (1 � f s

uv ) OR csu 8s; (u; v) 2 f Es : dsv = dsu + 1g

1 +
P

u2 N s (v)jdsv = dsu +1 (as
uv � 1) � csv 8s; v 2 Vs n s

r sv = XOR( r su; xuv jcsv = 0; f s
uv = 1) 8s; (u; v) 2 f Es : dsv = dsu + 1g

cst + yst � 1 8(s; t)

r ss = 0; css = 0; r st = � st 8(s; t)

xuv = 0 8(u; v) 2 E +

xuv = 1 8(u; v) 2 E �

yst ; xuv ; ouv ; as
uv ; r sv; csv; f s

uv 2 f 0; 1g 8s; t; u; v

The �rst constraint ensures that each edge has a unique orientation. In some feasible

solution, if f s
uv = 1, then the second and third constraint ensure that a directed path

exists froms to v containing edge (u; v).

Note that the XOR relation that helps determine the sign of an edge now

additionally depends on the existence of a 
ow in that edge. The constraint is
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linearized as follows:

r sv � csv � 1 + f s
uv � 2 � xuv � r su

r sv � csv � 1 + f s
uv � xuv + r su

r sv + csv + 1 � f s
uv � xuv � r su

r sv + csv + 1 � f s
uv � r su � xuv

Another change from the previous formulation is the de�nition of auxiliary variables

as
uv for each edge participating the ILP. Their value depends on the 
ow in edge (u; v)

originating from s and oncsu. The OR relation between these variables is linearized

as follows.

as
uv � (1 � f s

uv ) + csu

as
uv � 1 � f s

uv

as
uv � csu

Given a feasible solution in whichyst = 1, we show that there exists a shortest path

oriented from s to t such that its aggregate sign is� st . Let t be in layer l of the

shortest path graphGs. If yst = 1, then by the seventh constraintcst = 0. It follows

that
P

u2 N s (t )jdst = dsu +1 (as
ut � 1) < 0 (by constraint 5), which implies that there exists

a neighboru in layer l � 1 whereas
ut = 0. This implies f s

ut = 1, csu = 0 (constraint

4) and � st must be the product of the signs given byxut and r su (constraint 6).

Additionally, csu = 0 implies there exists a neighborw in layer l � 2 whereas
wu = 0
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(constraint 5). This implies f s
wu = 1, csw = 0 and r sw � xwu � xut = � st . In this

manner after carefully investigating the constraints through subsequent layers ofGs

(i.e l � 3; l � 4; :::; 0) we can �nd a directed shortest path froms to t such that the

product of signs along its edges is� st . The last two constraints account for signs

that are already known.

The underlying assumption in both signaling models above is that a single path

is su�cient to force a prede�ned e�ect. However, due to the inherent stochasticity

in signaling, this might not always be the case [119]. Hence, we strengthen the pair

satisfaction assumption in the ASP model to require that a pair (s; t) is satis�ed if

all shortest paths connectings to t admit the same aggregate sign� st . We call this

variant 'All-shortest-paths' (AllSP) and solve for it using the following formulation:

max
P

st yst

s. t. csu � csv 8s; (u; v) 2 f Es : dsv = dsu + 1g

r sv = XOR( r su; xuv jcsv = 0) 8s; (u; v) 2 f Es : dsv = dsu + 1g

cst + yst � 1 8(s; t)

r ss = 0; css = 0; r st = � st 8(s; t)

xuv = 0 8(u; v) 2 E +

xuv = 1 8(u; v) 2 E �

yst ; xuv ; r sv; csv 2 f 0; 1g 8s; t; u; v

As above, lett belong to layerl of Gs. Given a feasible solution to this new formula-

tion, if yst = 1; cst must be 0 (from third constraint). Hence, for every neighboru of
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t that lies in layer l � 1 of Gs, csu = 0 (from 1st constraint). This in turn constrains

the sign assignment of the respective edges (i.er su � xut = � st , for all neighborsu in

layer l � 1). By carefully investigating the constraints through subsequent layers of

Gs (i.e l � 2; l � 3; :::; 0), it becomes apparent that for any nodev in Gs, all shortest

paths from s to v must admit the same aggregate sign (r sv). Hence, all shortest

paths from s to t must have an aggregate sign� st .

Notably, the models discussed above permit mathematically e�cient formula-

tions. Speci�cally, if p is the number of sources (p << k ), then each formulation

contains O(k + pjV j + jE j) variables andO(k + p(jV j + jE j)) constraints.

Each of the above models may admit multiple sign assignments with optimal

or near optimal scores. Hence, it is necessary to quantify the robustness of a sign

assignment to an edge. To this end, we solve each ILP repeatedlyn times; each

time adding a small Gaussian noise of mean 0 and variance 0.01 to the objective

function as shown below. This stochastic approach, motivated by [92], e�ectively

results in a random sampling of di�erent likely solutions that exist nearby in the

optimum solution space, thereby allowing us to assess the robustness of the sign on

each edge. The procedure is as follows:

1: procedure GetScores (ILP ,n)
2: scoresuv  0, 8(u; v) 2 E that are in ILP
3: for i = 1:n
4: set objective:

P
st (1 + � st )yst , where� st � N (0,0.01)

5: x �  solve(ILP )
6: scoresuv = scoresuv + x �

uv =n, 8(u; v) 2 E that are in ILP
7: return scores

An edge score close to 1 implies that the sign is negative with high con�dence,
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a score close to 0 implies a positive sign with high con�dence and a score close

to 0.5 implies that the sign on that edge cannot be uniquely determined (possibly

implicating the absence of an activation/repression e�ect). For e�ciency, we use

n = 10 throughout. Our conclusions do not change for larger values ofn.

2.3 Results

2.3.1 Guilt by association reveals functional heterogeneity in breast

cancer

Our overall strategy is to (1) project PIN onto each transcriptomic sample, (2)

di�use functions across the sample-speci�c PIN to estimate sample-speci�c function

of each gene, and (3) analyze functional changes across conditions. Starting from a

previously curated PIN [205], with 16,562 genes and 262,780 edges, we project the

PIN on each sample-speci�c transcriptome, by removing the nodes corresponding to

unexpressed or lowly expressed genes (RPKM < 1; see Methods), to obtain a sample-

speci�c PIN. This general approach to obtain a sample-speci�c network has been

used previously to obtain tissue-speci�c networks in human [19]. For each of the

1184 functional terms (1175 GO terms and 9 NetPath cancer-related pathways, see

Methods), in each of the 1157 sample-speci�c PINs (110 breast cancer samples and

1047 normal breast tissue samples from TCGA [1]), we di�use the function across

the network starting from known annotated (and expressed) genes to yield a raw

score for each node. Such sample-speci�c di�usion-based functional inference across

normal and cancer samples allows us to identify speci�c genes that signi�cantly gain

22



or lose a particular function in cancer samples, and to assess whether a function has

signi�cantly gained or lost genes performing the function in cancer.

After di�using each of the 1184 functional terms f across 110 normal and 1047

breast cancer samples, we assessed for each gene g whether the fraction of samples in

which g is deemed to have the function is signi�cantly di�erent between the normal

and tumor tissues based on a Fisher exact test; a greater fraction in cancer is referred

to as functional gain and the opposite as functional loss. In addition to statistical

signi�cance, we require that the ratio of the fractions of samples where the gene is

deemed to have the function in cancer versus normal� � (gain), or � 1
� (loss). The

default value used in the main results is� = 10 (our conclusions are robust for�

from 2 to 10). We denote by � f the di�erence between the number of genes deemed

to have gained function f and the number of genes deemed to have lost it. Positive

values of � f indicate net gain and negative values indicate net loss of that function

in cancer relative to normal. In total, 732 functions are predicted to undergo a net

loss in cancer and 417 are predicted to have a net gain. Table 1 lists the top 10

functions gained and lost. Note that for a function if a majority of genes annotated

to have that function are di�erentially expressed between normal and tumor tissues

then � f will simply re
ect this di�erential expression of the annotated genes and

not the e�ect of altered PIN. To ensure that our inference of functional loss and

gain is independent of di�erential expression of the genes annotated to have the

function, when calculating � f , we exclude the genes annotated with the function.

Consistently, as shown in Table 2.1, the functions inferred to have been lost or gained

based on � f exhibit modest log fold changes between normal and cancer in terms
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of average number of annotated genes expressed in each cohort, and therefore may

go undetected by standard di�erential expression analysis. Interestingly, overall,

we see a weak inverse correlation between �f and the log fold change based on

expressed annotated genes (Spearman correlation = -0.09). Thus our approach

uniquely reveals cancer-associated functions. For instance, we �nd mitotic spindle

organization to be lost in cancer consistent with previous reports associating spindle

misalignment with cancer [137]. Likewise, we �nd positive regulation of smooth

muscle cell proliferation to be gained in cancer, consistent with prior studies [44].
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Table 2.1: Top 10 gained (green) and lost (red) functions are shown, along with �f, �f
divided (normalized) by the number of genes annotated by the function, and the log fold
change, which is the log ratio of the average number of expressed genes annotated by f in
cancer and normal samples.

GO ID Description �f Normalized
�f

log fold
change

GO:0048661 positive regulation of smooth
muscle cell proliferation

893 15.13 -0.04

GO:0048010 vascular endothelial growth fac-
tor receptor signaling pathway

744 10.19 -0.01

GO:0051279 regulation of release of se-
questered calcium ion into
cytosol

740 13.21 -0.03

GO:1901983 regulation of protein acetylation 723 12.05 -0.04
GO:0000910 cytokinesis 527 6.84 -0.02
GO:0010676 positive regulation of cellular car-

bohydrate metabolic process
523 8.43 -0.05

GO:0051291 protein hetero oligomerization 508 5.90 -0.03
GO:0042552 myelination 394 6.67 -0.03
GO:2000756 regulation of peptidyl-lysine

acetylation
369 6.47 -0.03

GO:0016575 histone deacetylation 333 5.64 -0.01
GO:0006334 nucleosome assembly -310 -3.13 0.04
GO:0051148 negative regulation of muscle cell

di�erentiation
-127 -2.49 -0.06

GO:0007032 endosome organization -75 -1.27 -0.007
GO:0018022 peptidyl-lysine methylation -65 -0.91 0.002
GO:0007052 mitotic spindle organization -64 -1.054 0.005
GO:0019886 antigen processing and presenta-

tion of exogenous peptide antigen
via MHC class II

-56 -0.62 0.003

GO:0016236 macroautophagy -53 -0.71 -0.01
GO:2000117 negative regulation of cysteine-

type endopeptidase activity
-52 -0.61 0.005

GO:0051437 pos reg of ubiquitin-protein ligase
activity in regulation of mitotic
cell cycle transition

-51 -0.68 0.006

GO:0031145 anaphase-promoting complex-
dependent catabolic process

-43 -0.57 0.006

Our analysis above identi�es functions with net loss in cancer induced by PIN

changes. For such a functionf , if a geneg exhibits PIN-induced loss of function
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f , then it is likely that mutation-induced loss in activity of g may also be linked

to cancer. In other words, for lost functions (negative �f ) we might expect to see

more frequent mutations among the genes contributing to the functional loss. We

assessed for each function (irrespective of net loss or gain) if it exhibits an elevated

mutation frequency among its lost genes (Methods); we explicitly excluded the genes

annotated with the speci�c function. We �nd that a much greater fraction of lost

functions exhibit elevated mutation frequency among their lost genes compared to

gained functions used as a control (Fisher p-value = 0.008, odds ratio = 2.36; Table 2;

Methods). We repeated this analysis for all values of� from 2 to 10 and additionally

for � = 2 combined with FDR < 0.1 to ascertain loss/gain of a gene relative to a

function. In 9 of the 10 tests, the odds ratio> 1, with an average odds ratio of

1.51. As an alternative, we directly quanti�ed Spearman correlation between �f

and mean mutation rate of corresponding lost genes. Again, in 9 out of 10 cases,

consistent with our expectation, we found a weak but signi�cant (all p-values<

0.005) inverse correlation. Likewise, instead of mutations when we use deletion

CNV rates to quantify loss in activity (Methods), we �nd that compared to gained

functions, a larger fraction of lost functions exhibited an elevated deletion CNV

rate (Table 2.2). While the Fisher test p-value was marginal (0.09), the odds ratio

was 2.15. After repeating the tests as above for other values of� , in 8 of the 10

tests, the odds ratio> 1, with an average odds ratio of 1.59. As an alternative,

we directly quanti�ed Spearman correlation between �f and deletion CNV rate

of corresponding lost genes across all functions. In all 10 test cases, consistent

with our expectation, we found a weak but signi�cant (all p-values< 0.001) inverse
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correlation. These results suggest that a change in network neighborhood of a gene

may provide an alternative mechanism for functional loss, in addition to mutations

and deletion CNVs.

Table 2.2: The Fisher test contingency table showing the distribution of functions with
elevated mutation rates (columns 2 and 3) and deletion CNV rates (columns 4 and 5)
between lost and gained functions. Mut(f) = 1 denotes signi�cantly higher mutation
rates among the genes contributing to functional loss. CNV(f) = 1 has an analogous
interpretation for deletion CNV.

Mut(f) = 1 Mut(f) = 0 CNV(f) = 1 CNV(f) = 0
�f < 0 48 684 26 706
�f > 0 12 405 7 410

We further assessed whether functions that exhibit cancer-associated gain or

loss also exhibit a consistent association with patient survival. For instance, for a

function with net loss in cancer relative to normal tissues, we expect that among

cancer patients the lower the activity of the function, the worst the patient survival

(and the converse for gained functions). To test this association, for each function

we estimate its sample-speci�c activity as the number of genes inferred to be per-

forming that function based on di�usion scaled across all samples. We then estimate

the association between patient survival risk and our di�usion-based sample-speci�c

activity of each function using a Cox proportional hazard regression model adjusted

for di�erences in age, and strati�ed by sex and race. A signi�cant negative (re-

spectively, positive) regression coe�cient� corresponds to negative (respectively,

positive) association with risk. Of the 1149 functions (732 net loss and 417 net

gain), 137 exhibited signi�cant association with survival risk (p-value< 0.05). Of

these, 111 were negatively associated with risk, and interestingly, these were sig-

ni�cantly biased toward lost functions, consistent with our hypothesis (Table 2.3,
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columns 2 and 3; Fisher test p-value = 1.1E-3; odds ratio = 2.1). Only 26 of the

137 were positively associated with risk, but consistently, these were biased toward

gained functions (Table 2.3, columns 4 and 5; Fisher test p-value = 5.1E-5; odds

ratio = 5.7). As an alternative assessment, we found a signi�cant positive correla-

tion between � f and � (Spearman correlation = 0.29; p-value< 2.2 E-16). These

results suggest that di�usion-based inference of cancer-associated functional change

may also be associated with the severity of the tumor among cancer patients. We

repeated the above analyses for all values of� from 2 to 10 and additionally for � =

2 combined with FDR < 0.1 to ascertain loss/gain of a gene relative to a function.

29 of the 30 tests are consistent with the results above.

Table 2.3: Fisher test contingency table to test for association between functional
loss/gain with associations with patient survival; � indicates the association of tumor-
speci�c functional activity with survival risk.

�< 0 & p-value
� 0.05

p-value > 0.05 �> 0 & p-value
� 0.05

p-value > 0.05

�f < 0 87 639 6 639
�f > 0 24 373 20 373

Encouraged by the results above, we directly assessed the power of our di�usion-

based sample-speci�c activity pro�le of a function in predicting patient survival. To

this end, we selected the top 1% and bottom 1% (=24) most cancer-associated

functions (ordered by � f ), and for each function we estimated its di�usion-based

activity in each tumor sample, as de�ned above. Using the inferred activity levels of

these 24 functions as sample-speci�c features, we then computed the cross-validation

accuracy of patient survival prediction based on multivariate Cox regression. The

prediction accuracy was quanti�ed using the standard concordance or C-index met-
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ric [173]. We �nd that cross-validation C-index is 0.567. We further included the

9 cancer-related pathways from the NetPath database [109], namely, EGFR1, FSH,

IL-1, IL-4, IL-5, Leptin, RANKL, TNF-alpha, and TSH. This extended feature set

of 33 functions yielded a cross-validation C-index of 0.62. As a control, we assessed

whether the standard alternative approach to quantify sample-speci�c functional

activity, based simply on expressed annotated genes could be equally e�ective. For

candidate features, we assessed the median number of expressed annotated genes in

each sample and identi�ed 24 most di�erentially active functions based on the abso-

lute log ratio of the medians in cancer and normal samples. Adding the 9 NetPath

pathways to this list results in 33 features, as above. We then quanti�ed sample-

speci�c activity of these 33 features based on the number expressed annotated genes

scaled across all samples and estimated the concordance in an identical fashion to

our di�usion-based approach above. This yielded a C-index of 0.51, which is sig-

ni�cantly lower than 0.62 (p-value = 0.01). We repeated the above analyses for all

values of� from 2 to 10 and� = 2; FDR < 0.1 to ascertain loss/gain of a gene rela-

tive to a function. In all cases the di�usion-based C-index is higher than the control,

and signi�cantly so in 8 out of 10 cases. We further validated the survival predic-

tion accuracy of our di�usion-based functional activity pro�le in an independent

METABRIC breast cancer dataset [53]. We used the features derived from TCGA

dataset as above and used those to assess cross-validation prediction accuracy of

the di�usion-based and annotation-based methods in METABRIC. Again, we �nd

that C-index of the di�usion-based approach was 0.62 whereas the annotation-based

approach achieved an accuracy of 0.57 (di�erence p-value = 0.0004). These consis-
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tent results across datasets suggest that the di�usion-based approach to quantify

functional activity may provide additional information about the functional state of

a tumor, relevant to patient survival.

We further tested if our novel di�usion-based functional activity pro�le is

predictive of known clinical characteristics of breast tumors, specifcially, the can-

cer subtype (Basal, Her2, Luminal A, Luminal B, Normal), and its hormone re-

sponse status, Estrogen Receptor positive (ER+) and Progesterone Receptor pos-

itive (PR+). Based on clinical annotation of the METABRIC tumors, we trained

7 di�erent Support Vector Machine (SVM) models, one per clinical indicator, us-

ing randomly selected 50% of the samples to train and the other half to assess the

prediction accuracy, quanti�ed by ROC-AUC. We repeated the training and testing

2000 times to obtain mean and 95% con�dence interval. Note that while the training

and testing of the model is done on METABRIC, the cancer-associated functions

used as features were inferred from TCGA data independently. We compared the

performance of our di�usion-based functional activity pro�le with annotation-based

activity pro�les as above. Table 2.4 shows the AUC estimates of each model. We

found in all classi�cation tasks, the di�usion-based model can predict each clinical

indicator more accurately than the alternative annotation-based approach.
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Table 2.4: The following table displays the AUC estimates of the 7 independent classi�ers
trained with two di�erent feature sets (di�usion-based functional activity and annotation-
based functional activity) for each clinical indicator

Clinical Indicator AUC - Di�usion AUC { Annotation (Control)
Basal 0.91 (95% CI = 0.887-0.928) 0.88 (95% CI = 0.842-0.893)
Her2 0.77 (95% CI = 0.737-0.808) 0.72 (95% CI = 0.672-0.747)
Luminal A 0.79 (95% CI = 0.763-0.806) 0.76 (95% CI = 0.745-0.788)
Luminal B 0.78 (95% CI = 0.752-0.8) 0.75 (95% CI = 0.735-0.786)
Normal 0.72 (95% CI = 0.685-0.761) 0.69 (95% CI = 0.64 -0.724)
ER+ 0.93 (95% CI = 0.916 { 0.949) 0.87 (95% CI = 0.857-0.899)
PR+ 0.77 (95% CI = 0.742-0.784) 0.75 (95% CI = 0.731-0.774)

Next, using our di�usion-based activity pro�les of the 33 functions (24 GO

terms and 9 cancer-related NetPath pathways) used above, we clustered all METABRIC

samples using Nonnegative Matrix Factorization (NMF) [25], in an unsupervised

fashion, into 10 groups (Methods). Figure 2.3 panel A shows that the distribution

of the �ve known subtypes of breast cancer across the 10 clusters. Even though

the functional pro�le-based clustering are not associated with known subtypes, in-

terestingly, as seen in Figure 2.3 panel B, the di�usion-based unsupervised clusters

exhibit signi�cant inter-cluster di�erences in patient survival (Log rank p-value =

3.2E-3). In contrast, when we use annotation-based functional activity pro�les to

cluster the tumors following an identical procedure as above, the clusters did not

reveal a di�erence in survival across clusters (Log-rank p-value = 0.23). We �tted

a Cox proportional hazards model to the METABRIC survival data using cluster

membership as a feature while controlling for age, sex and race, as above. Cluster

memberships generated by di�usion-based functional activity pro�les show a signif-

icant association with survival risk (� = 0.04, p-value = 8.5E-3) whereas cluster

memberships generated by annotation-based pro�les had no signi�cant e�ect (� =
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0.01, p-value = 0.32). These results suggest that in addition to expression based

changes, PIN-induced functional changes of genes in breast tumors may also play a

functional role in cancer.

Figure 2.3: (A) Distribution of �ve known subtypes across 10 clusters inferred from
di�usion-based activity pro�les. (B) Kaplan-Meier survival curves of patients grouped in
the 10 clusters show signi�cant survival di�erences.

Figure 2.4 shows, for each of 7 subtypes, the log-fold change in average functional

activity of the 33 functions (24 GO processes and 9 Netpath pathways) in sam-

ples corresponding to the subtype versus the rest. The most notable changes are

increase in activity of ovulation cycle process (GO:0022602), Epidermal Growth

Factor Receptor signalling pathway (EGFR1), and Receptor Activator of Nuclear

factor Kappa-B Ligand signalling pathway (RANKL) in ER+ breast tumors. Pre-

vious experimental and clinical studies have shown that increased level of EGFR in

ER+ breast tumors leads to resistance to hormone therapy [153, 70] through hor-

mone independent activation of estrogen receptors [28]. As seen in Figure 2.4, the

EGFR1 signalling pathway has a 0.23 log fold higher average functional activity in

ER+ breast cancer patients ( 70% of which were recorded to have taken hormone
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