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Abstract 
The era of widely applicable sequencing and genomic technologies led to the 

generation of many large-scale datasets exploring genomes, transcriptomes, or 

epigenomes of tumors. Availability of a wide range of datasets necessitated the 

development of new computational analysis approaches to generate novel insights from 

these datasets and improve our understanding of tumor development and progression.  

This work focuses on a variety of graph-based approaches to evaluate their use 

in cancer genomics. We first focused on a graph-based semi-supervised learning 

approach called label propagation as a method to generate signaling networks from a 

gene set of interest. A distance metric based on the concept of maximal common 

subgraph was then established to quantify the degree of similarity observed across 

different networks. These two approaches were then combined to examine two separate 

cancer genomics datasets. Our first application focused on genes frequently altered 

across patients to build signaling networks that represent genes and pathways that are 

transcriptionally altered as a result of these mutations. These networks revealed the 

range of molecular events affected by each mutation and conserved changes observed 

across networks highlighted the critical signaling pathways tumors dysregulate through 

distinct alterations. The other area of focus for label propagation was the analysis of a set 

of melanoma samples resistant to BRAF inhibitors. Evaluation of networks of individual 
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resistant samples revealed signaling changes shared across samples that have similar 

resistance mechanisms or originated from the same patient. Finally, drug response 

profiles of a large set of drugs were examined across cell lines belonging to eighteen 

different tumor types, by building bipartite graphs representing sensitivity patterns of 

drugs. These bipartite graphs were used to generate drug similarity graphs that revealed 

shared response profiles of drugs targeting distinct processes, which provided 

opportunities to refine the annotations of drug targets. Degree distributions of bipartite 

graphs also revealed drugs connected to exceptional responder cell lines, whose unique 

genomic profiles nominated potential markers of drug response. Collectively, the 

studies discussed here emphasize a variety of use cases for graph-based approaches in 

cancer genomics.  
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1. Introduction  
1.1 New advances in cancer genomics 

Recent advances in sequencing and related technologies have revolutionized the 

cancer research field, as it became more accessible to perform high-throughput 

experiments on tumor samples, ranging from sequencing their genomes and obtaining 

gene expression measures both at the population and single cell level to interrogating 

their genomic architectures.  

The Cancer Genome Atlas (TCGA) is one of the major projects that originated 

from this new direction. Many researchers across numerous institutes have come 

together to obtain patient samples belonging to a variety of tumor types and generated 

high-throughput datasets from these samples that offer insight into their genomes 

revealing mutations and copy number alterations, their transcriptomes to focus on gene 

expression changes, and their epigenome to identify changes in methylation patterns. 

The first study resulting from this effort focused on glioblastoma, revealing the genomic 

and transcriptomic alterations observed in 206 glioblastomas and connecting them to 

signaling events that are perturbed in this cancer type [1]. Following this, more studies 

were released by TCGA network, providing a novel perspective to improve our 

understanding of a range of tumor types including ovarian carcinoma [2], colorectal 

cancer [3], and acute myeloid leukemia [4]. Over the years, the project expanded into a 
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compendium of samples across many different tumor types and currently, it contains 

more than 33000 cases across 29 major primary sites.  

Individual studies focusing on a single tumor type offer researchers a starting 

point to perform their own analyses of these rich datasets, gaining novel insight into 

tumor biology. However, having access to studies across a wide range of tumor types 

resulted in a unique opportunity, where analyses combining different tumor types can 

reveal patterns that are conserved across tumor types or biological events that are 

unique to a specific tumor type. The Pan-Cancer Initiative therefore was formed by 

TCGA network to study 12 different tumor types, which are glioblastoma, acute myeloid 

leukemia, head and neck squamous carcinoma, lung adenocarcinoma, lung squamous 

carcinoma, breast carcinoma, kidney renal clear-cell carcinoma, ovarian carcinoma, 

bladder carcinoma, colon adenocarcinoma, rectal adenocarcinoma and endometrial 

carcinoma [5]. An integrative analysis approach was developed to use mutation, copy 

number alteration, gene expression, DNA methylation, microRNA, reverse phase 

protein array (RPPA), and clinical data belonging to each tumor type to reveal emerging 

commonalities and unique profiles of tumors. This effort has eventually led to the 

development of the Pan-Cancer Atlas and its accompanying flagship studies that focus 

on how cell-of-origin affects genomes, transcriptomes, or proteomes of tumors [6], 

oncogenic processes that drive tumorigenesis [7], and the scope of signaling pathways 

that are frequently dysregulated in tumors [8]. Overall, these efforts spearheaded by 



 

3 

TCGA Network provided an unprecedented look into the genomes, transcriptomes, 

epigenomes, and proteomes of a wide range of tumor types, providing cancer 

researchers with a wealth of datasets that can be used to study tumor biology in greater 

detail and use this knowledge to design more effective anti-cancer therapies.  

TCGA has mostly focused on providing many samples across a large set of 

tissues, however sequencing approaches can also be used to trade depth for breath and 

study an individual tumor type in great detail, especially in the context of 

understanding tumor heterogeneity. One of the main observations of large-scale 

sequencing efforts is the prevalence of tumor heterogeneity, that is observed both across 

patients with the same tumor type and within patients where tumors metastasize to 

multiple sites. Therefore, quantifying the differences between tumors belonging to the 

same tissue type or same patient and understanding the processes that govern how 

tumors evolve or how therapeutic strategies alter these processes became another major 

focus of a new generation of cancer studies [9]. Tissue-of-origin of a tumor contributes 

significantly to heterogeneity observed across different tumors, however even within 

tumors originating from the same tissue, there can be considerable differences that have 

significant effects on therapy options or survival rates. For instance, breast cancer is 

known to have different subtypes and a study with a major impact identified a core set 

of genes whose expression patterns can be used to stratify into different subtypes [10]. 

This and related stratification efforts improved management of breast cancer as patients 
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can be matched to the most effective treatment based on their subtype. Different 

subtypes observed within a tumor types therefore adds an additional layer of 

complexity and heterogeneity. Intratumor heterogeneity is another source of 

heterogeneity and it is a critical phenomenon to consider, as it can have significant 

impacts on how patients respond to different therapy regimens [11]. A variety of studies 

have been conducted to investigate the prevalence of intratumor heterogeneity, 

document different patterns observed in different tumor types, or generate hypotheses 

on different mechanisms leading to intratumor heterogeneity [12][13][14][15]. These 

studies typically sequence multiple distinct tumor sites from a single patient, across 

multiple patients to examine the magnitude of differences observed between the sites 

obtained from a single patient, focusing especially on alterations that are common to all 

sites or observed in a limited set of sites. These multi-region sequencing datasets can 

also be used to build phylogenetic trees revealing the sequence of genomic alterations 

that occurred in these tumors and provide insight into their evolutionary trajectories 

[16]. It is also worth noting that mutation datasets are not the only data source to study 

tumor heterogeneity and evolution as recent studies are also starting to explore the 

heterogeneity of the epigenome [17], and the differences and similarities observed 

between evolutionary trajectories that are built based on mutation data or methylation 

data [18].  
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To complement studies focusing on patient samples, large-scale sequencing 

studies have also been performed on cell line models as these models are one of the 

major resources used to perform pre-clinical studies. One of the biggest efforts focusing 

on cell lines is the Cancer Cell Line Encyclopedia, which provides extensive information 

on hundreds of cell lines with access to mutation, copy number alteration, gene 

expression, and methylation datasets [19]. The COSMIC project and its cell line panels is 

another resource for genomic information on cell lines [20]. Cataloguing of hundreds of 

cell line models along with extensive information on their genomes and transcriptomes 

offers us additional opportunities to ask questions that would not be feasible with 

patient samples alone. Cell line models are excellent resources for performing 

experimental perturbations and having access to corresponding high-throughput 

sequencing datasets can help us connect the results of these experiments to genomic or 

transcriptomic events. For instance, efforts like Project DRIVE [21] and Dependency Map 

[22] perform large scale RNAi screens to understand how loss of individual genes affect 

different cell lines. NIH’s LINCS program generates gene expression signatures that 

represents perturbations caused by overexpression or knockdown of genes, and drug 

treatments [23][24]. An integrative analysis can then be performed to study patterns 

observed in these experimental datasets in relation to genomes, transcriptomes, or 

epigenomes of the cell lines. Approaches like these highlight the value of continuing 
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detailed characterization of cell lines to reveal details of molecular events that contribute 

to tumor development and progression.  

Even with vast amount of data offering us glimpses into the genomic structures 

of cell lines and patient samples, we still have many unanswered questions related to 

tumor biology. Genome sequencing datasets can reveal mutations or copy number 

alterations that are observed across tumor types, but they do not immediately reveal 

molecular events that are affected by these alterations or functional contributions of 

these alterations. Methylation datasets can highlight regions that undergo significant 

hyper or hypomethylation, but follow-up studies are required to understand their 

implications and effects on gene expression patterns. Therefore, the next step in cancer 

research following many large-scale sequencing studies is developing and improving 

methods to analyze them in a manner that would go beyond these initial observations 

and reveal novel insight into molecular mechanisms governing tumor progression and 

development [25]. 

1.2 Computational approaches in cancer genomics 

After obtaining high-throughput datasets for a variety of tumors, the focus has 

shifted to understanding the biological implications of mutations, copy number 

alterations, and changes in gene expression or methylation and how they are 

contributing to tumor evolution. This has led to development of a variety of 
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computational approaches to analyze the large amount of data in a meaningful fashion 

and connect these observations to hypotheses.  

Some of these approaches focus on annotating the sequences of genomes, with 

tools built to identify genomic variants, predict functional effects or significance of these 

variants, and assign them into biological pathways [26]. For instance, algorithms like 

MuSIC [27] and MutSig [28] focus on differentiating functional variants from passenger 

mutations, revealing which alterations are more likely to have functional consequences. 

Mutual exclusivity-based algorithms are powerful tools to identify which genes have 

roles in similar processes based on the assumption that alterations affecting the same 

pathway will most likely occur in a mutually exclusive fashion in a population. A 

variety of tools, such as Dendrix [29], Mutex [30], and DISCOVER [31], have been 

developed to identify genomic alterations that are mutually exclusive to generate sets of 

genes with related functional roles. HotNet2 approaches identifying functional 

connections between genomic alterations from a different perspective, by making use of 

protein-protein interaction networks to integrate knowledge on known interactions 

between altered genes and as a result, they generate subnetworks enriched with 

frequently altered genes with related functions that reveal pathways affected by these 

alterations  [32].  

Complementing approaches that focus on genome sequences, many other 

algorithms have been developed to analyze gene expression datasets. One of the 
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popular approaches is to focus on changes in gene expression patterns that are observed 

across different phenotypes and annotating the functional roles of sets of genes with 

dysregulated expression. Gene expression studies can provide information on 

expression levels of tens of thousands of genes, but typically only a small subset of these 

genes will be strongly associated with a phenotype. Creating gene expression signatures 

to generate a summary set of these genes is a broadly used method, when one is 

interested in identifying those genes whose expressions are significantly different when 

two groups are compared. The variety of studies that employed gene expression 

signatures include identifying gene or genomic alteration specific expression changes 

[33][34], predicting prognosis or recurrence of disease [35][36][37], or predicting 

response to drug treatments [38]. However, the molecular events that are represented by 

these signatures are not immediately clear. The signature will be a list of genes, with 

sizes ranging from tens to hundreds, and we typically need to perform follow-up 

analysis to understand the biological roles of these genes and if any specific biological 

process is dominantly present in it. One of the most popular solutions to this problem is 

over-representation or enrichment analysis, where the aim is to identify whether the 

participants of a given biological process or a signaling pathway is enriched within a 

gene expression signature. The main idea behind this approach is to map each gene in 

the list to its corresponding annotations or functional terms and then identify specific 

annotations that are frequently observed within the whole list, revealing the biological 
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processes that are enriched with the assumption that these enriched terms represent the 

underlying biology of the signature. Currently, there are a variety of tools developed 

based on this idea, where any given gene set can be interrogated to identify the enriched 

signaling pathways, functional annotations, or GO terms [39][40][41]. Despite being 

simple and intuitive, this approach has some drawbacks. First, listing all enriched 

annotations typically generates a long list of annotations, which makes it harder to 

interpret the results. Additionally, genes in a given list are treated independently during 

this analysis - which is almost certainly an incorrect assumption about how these genes 

would behave in a typical cell. The interactions between the genes are a critical resource 

for understanding these gene sets but over-representation analysis ignores these 

interactions by annotating genes individually. 

To overcome these shortcomings, researchers have shifted focus to “gene set 

enrichment” analysis. This approach depends on curation of reference sets that 

represent our current knowledge of biological pathways and functional relationships.  

Genes that are known to interact with each other, known to belong to the same pathway 

or known to be associated with the same phenotype are grouped together to form 

reference gene sets. Then, the full gene expression dataset is sorted based on differential 

expression levels when two phenotypes are compared and this sorted list is analyzed to 

identify reference sets that are enriched at the top or bottom of it, revealing gene sets 

where the elements of the set are collectively up or down regulated in one group [42]. 



 

10 

Although it is a major improvement from overrepresentation approaches, gene set 

enrichment-based tools are not perfect. One drawback is the lack of interaction topology. 

While building reference sets, genes belonging to a given pathway are all bundled 

together into a single set, ignoring all the connectivity between the elements of the gene 

set, which is a simplification of biological mechanisms as we lose information on 

functional relationships between the participating genes. The results yield information 

on which molecular events are dysregulated between the two phenotypes but do not 

provide information on how the elements that contribute to this event functionally relate 

to one another. Additionally, both over-representation and gene set enrichment 

approaches lack information on the cross-talk between different gene sets that are 

dysregulated as they only provide a list of enriched processes, making it harder to gain a 

unified understanding of the biology represented by these discrete molecular events. 

The connectivity within a given gene set, and crosstalk between different sets, 

offers valuable information because molecular events in a cell occur through an 

interconnected web of interactions. A more informative approach for studying genomic 

and transcriptomic datasets would be to create a network-level view to go beyond the 

list of differentially expressed genes or enriched annotations. This means that we would 

require an approach that can go from a gene list level to a network structure that 

connects these genes. One of the approaches to solve this problem is mapping the gene 

set to an interaction network to connect them with each other, following the network’s 
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topology. This network can simply be composed of protein-protein interactions - like 

Genes2Networks [43] - or a combination of multiple resources of pairwise interactions, 

such as protein-protein, metabolic or genetic interactions as seen in ConsensusPathDB 

[44]. While performing this mapping, these tools also try to extract additional genes 

from these networks, if they are on the shortest path connecting the elements of a query 

set.  This is useful in identifying missing elements that connect these genes together and 

expanding the network in a meaningful way by introducing functionally related 

neighboring genes. However, focusing on the shortest paths has a limited scope and 

does not fully explore all connections offered by the network - an interesting path 

between two genes does not necessarily mean the shortest one. 

There are alternative ways of traversing a given network to identify the 

neighborhood of a set of query nodes, rather than connecting them simply through 

shortest paths and one such alternative is label propagation. Label propagation 

algorithms start with a given set of seed genes and diffuse through the network based 

on its specific topology to identify additional genes that are in the neighborhood of the 

seed genes, connecting them together [45][46]. This diffusive property enables the 

algorithm to fully exploit the topological information offered by a given network and to 

discover a variety of paths that can connect a given gene set. This can create a more 

comprehensive representation of the starting gene set compared to linking direct 

neighbors or connecting them only through shortest paths. 
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There are certain types of biological problems that are frequently being solved by 

label propagation algorithms [47]. Gene or protein function prediction is one of the fields 

that has seen many different applications of label propagation algorithms [48]. 

GeneMANIA for instance, is one of the well-known applications of label propagation for 

gene function prediction [49]. These approaches use genes annotated with a specific 

function as labeled nodes and propagate through an interaction network to identify 

other genes that interact with or in the neighborhood of these labeled nodes, based on 

the argument that functionally related genes will be in the vicinity of each other in an 

interaction network. A similar idea is employed to predict or prioritize candidate disease 

genes [50][51]. In this instance, genes that are known to be associated with a particular 

disease will form the labeled nodes and traversing the network starting from those 

nodes will help us identify nodes related to them, which in turn will imply connections 

between those genes and the disease. These various applications of label propagation 

algorithms highlight its potential in discovering biologically meaningful interactions 

and proposes it as a flexible method to explore a variety of biological phenomenon in 

more detail.  

The remaining chapters will detail how we used label propagation and 

additional graph-based algorithms to analyze cancer genomics datasets ranging from 

genomic and transcriptomic datasets of patient samples to drug screening of cancer cell 

lines. Chapter 2 will introduce our implementation of a label propagation-based analysis 
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workflow, along with its optimization and characterization with test datasets. Chapter 3 

will highlight two different applications of this approach, first focusing on mutations 

frequently observed in patient populations and then analyzing signaling changes 

observed in tumor samples resistant to BRAF inhibitors. Chapter 4 discusses our 

analysis of a large-scale drug screening dataset to investigate relationships between cell 

lines and drug response profiles. Finally, Chapter 5 summarizes key points and 

proposes future considerations.  
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2. Label propagation-based approach generates 
signaling networks from gene sets 

Portions of the work described in this chapter are reprinted with permission from [52]. 

Label propagation is a valuable approach for placing a set of query genes into the 

bigger picture represented by signaling or interaction networks by identifying 

additional genes that are interacting with them. In addition to its use to solve problems 

such as disease gene prioritization and gene function prediction, we argue that label 

propagation algorithms are also useful for understanding and expanding gene sets. The 

gene set in question can be used to form the labeled node set and an interaction network 

can be explored with propagation starting from these labeled nodes, which will identify 

additional genes that are interacting with the query gene set and pathways that these 

genes belong to. Following a similar assumption like gene function prediction and 

disease gene prioritization approaches described above, we can then argue that these 

additional genes are identified through their functional connections to the elements of 

the query gene set. Discovery of these additional related genes and placement of the 

combined set into a signaling pathway context in turn will help us understand the 

biological implications of a given signature and reveal the set of molecular events that 

are represented by the signature, along with the cross-talk between these signaling 

events. One caveat is that the way label propagation algorithm is defined is not 

immediately applicable to be used in this application. The next sections will first 
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introduce a description of the label propagation algorithm, followed by the way we 

implemented a label propagation-based workflow to overcome this limitation and 

examples on how we used this workflow to convert gene sets into subnetworks 

composed of signaling events represented by the gene set.  

2.1 Defining label propagation-based workflow 

A semi-supervised learning approach can be used when one wants to classify 

unlabeled data and also has access to labeled data representing each class, and therefore 

it is possible to perform training using both labeled and unlabeled data. One of the 

approaches to perform graph-based semi-supervised learning was developed by Zhu et 

al. [45]. In this instance of graph-based semi-supervised learning, one of the required 

inputs is a graph G, which in total has n nodes and e edges. These n nodes are composed 

of two groups: there are u unlabeled nodes and l labeled nodes - each with its own label 

value yi. Labeled nodes can further be divided into the classes that represent the known 

groups and these different classes will receive different values of yi. This set of labeled 

nodes is the second required input of this algorithm. The edge set e is represented with a 

symmetric, non-negative weight matrix W, where wij is nonzero if there is an edge 

between nodes i and j. Finally, we define a function f. For labeled nodes, this function 

has the value of their labels yi. The solution to the learning problem then becomes 

calculating the value of this function f for each unlabeled node, based on the amount of 

information they receive from labeled nodes. These values can then be used to classify 
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unlabeled nodes into the distinct classes represented by labeled nodes. This is typically 

achieved by picking a threshold value for f and separating unlabeled nodes into classes 

by comparing their f value with the threshold. If these classes are equiprobable, the 

threshold value can be picked to be equally distant to the label values. However, prior 

information can also be integrated into this step, if we have estimates on desirable 

proportions for different classes. The following iterative algorithm can be used to 

compute values of f for unlabeled nodes: 

  Set  

  Randomly initialize  

  For  and  

    

As an example, let’s assume we have a classification problem where there are 

two different categories in the labeled set: class Positive, where corresponding label 

value is yi = 1, and class Negative, where corresponding label value is yi = -1. At the 

beginning, unlabeled nodes are initialized to 0. At each iteration, the algorithm updates 

each unlabeled node’s f(xj) value with the weighted average of the neighboring nodes’ f 

values, and this is repeated for t iterations. During these iterative steps, labeled nodes 

preserve their initial labels. At the end, each unlabeled node will have a real-valued f(xj) 
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that is in between -1 and 1. The most straightforward way of classifying these nodes into 

two groups is to pick a threshold value and we picked 0 in this instance as it is the 

average of labels assigned to labeled nodes. Unlabeled nodes with f(xj) values greater 

than 0 will be assigned to class Positive and the ones smaller than 0 will be put into class 

Negative. Figure 1 shows these steps in a small example network, displaying how 

diffusion of information through the network leads to the classification of unlabeled 

nodes.  
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Figure 1: A step-by-step description of label propagation. Purple nodes 
represent one of the labeled classes (Positive) and green nodes represent the second class 
(Negative). Blue nodes represent unlabeled nodes. At t=0, class Positive is initialized to 
1, class Negative to -1, and unlabeled nodes to 0. Values shown in red represent current 
value of f at each step of iteration. After first step of iteration, information represented 

with labeled nodes start diffusing into the network and propagating their labels to 
unlabeled nodes. Some of the unlabeled nodes have now updated colors, if we were to 
classify them at the end of this step with their current f values. However, there are still 
unclassified labeled nodes. At the next step of iteration, all unlabeled nodes can now be 
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classified into one of the two groups based on their latest f values, and these 
classifications are represented with the updated colors.  

This describes a typical application of label propagation algorithm, as defined by 

Zhu e al. [45]. In our context, the graph will be a biological network, where nodes 

represent genes and edges represent interactions or functional relationships between 

them. To identify the set of labeled nodes, we will use a gene set of interest. This gene set 

of interest typically represents genes grouped together based on their concerted 

connection to a biological phenomenon, such as a set of genes jointly predicting 

prognosis or a set of genes with highly correlated expression changes. This means that 

they will all belong to the same class when we form the labeled node set. As a result, we 

only have one class of labeled nodes, in contrast to a more typical application of label 

propagation where there are at least two distinct classes represented by labeled nodes. 

Typically, the information represented with labeled nodes belonging to different classes 

diffuse through the network simultaneously and at the end of the iterative process, each 

unlabeled node receives information that is in proportion to its connectivity and 

proximity to the labeled nodes from different classes. As a result, the network can be 

divided into distinct neighborhoods belonging to different classes based on final f values 

and a threshold that takes into account values assigned to labeled nodes. However, 

when there is only one class, we cannot approach the interpretation of resulting f values 

as a classification step. We can alternatively interpret this as defining the collective 

neighborhood of the set of labeled nodes and differentiating the unlabeled nodes into 
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two groups based on whether they are part of this neighborhood or not, which results in 

identifying a small subnetwork that extracts this neighborhood from the complete 

graph. Then, a possible way of interpreting f values is picking a threshold and assigning 

nodes with f values greater than that as part of this neighborhood. However, a 

consequence of this approach is that the result will depend on the value of this threshold 

and picking different values will lead to drastically different neighborhoods, which 

makes it challenging to define a robust result.  

For this reason, we decided to approach this step differently: rather than picking 

an arbitrary threshold value and comparing each unlabeled node’s value against it, we 

will assess whether an unlabeled node’s f value is significantly higher than a value that 

would be obtained by chance alone. As a result, we will be identifying unlabeled nodes 

which receive a significant amount of diffusion from labeled nodes, implying strong 

connectivity to the elements of labeled node set. To achieve this, we first need to 

generate a null model and first step for this is generating a set of random networks. We 

used a network randomization algorithm based on the idea of “edge switching” (Figure 

2) [53]. First, a pair of edges A – B and C – D are selected randomly. Then, edges between 

these pairs are removed and new edges between A – D and C – B are introduced. 

Importantly, multiple edges are not allowed between two nodes so if these new edges 

already exist in the network, this step is not performed, and a different pair of edges is 

randomly selected. Performing this step for many iterations creates a randomized 



 

21 

network from the starting network, while preserving its degree distribution. After 

creating a set of random networks, the label propagation algorithm was run with the 

exact same settings as the original network, where each of these random networks 

serves as the input graph G. p-values for each individual unlabeled node’s f value were 

then computed by comparing the values obtained with the random networks with the 

value obtained with the original network. Then, these p-values can be used to determine 

which unlabeled nodes have significantly high f values. Benjamini-Hochberg correction 

[54] was applied to offer a more conservative control on false discovery rate.  

 

Figure 2: Edge switching algorithm is used to randomize networks. Two pairs 
of nodes are randomly selected, and their partners are switched to replace them with 

two new and random interactions. This step is repeated many times, across the edges of 
the network in the end to obtain a random network preserving the original network’s 

degree distribution.  

As mentioned above, one of the required inputs is a graph G, which is a 

biological network in our analysis. There are a variety of biological network database 

and resources we can use to define this graph, each with a different focus [55]. Networks 
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that focus on pairwise interactions between proteins that are obtained via high-

throughput experiments, such as yeast two-hybrid, would be useful if one is interested 

in high coverage of potential interactions. However, these networks can have high rates 

of false positive interactions and an interaction observed between two proteins in an in 

vitro experiment does not always translate to a functional relationship observed in a cell. 

Alternatively, pathway-based networks curated manually from the literature can be 

used, if the focus is more on functional interactions between proteins in the context of 

known signaling and regulatory pathways. We are more interested in the latter - we 

would like to connect genes to pathways that they are part of rather than simply seeing 

if there are interactions between them. Additionally, by placing the genes into their 

respective positions in signaling pathways, we are gaining information about the 

pathways that are represented by these genes. For these reasons, we decided to use the 

Pathway Interaction Database (PID) [56] as the input graph G. PID is a manually curated 

database of human signaling and regulatory pathways. Molecular events are organized 

into pathways by editors based on literature and field experts then review these 

pathways for accuracy, generating a network that represents a collection of known 

signaling pathways. To obtain PID pathway data, we used Pathway Commons (PC) 

database [57]. 

To summarize, our implementation of label propagation, whose key points are 

summarized in a schematic shown in Figure 3, is as follows. The label propagation 
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algorithm requires two inputs: a weight matrix representing a graph and a set of labeled 

nodes. PID data was converted into a binary, symmetric weight matrix W for the first 

input, as this is an undirected network and PID annotations did not assign weight to 

edges. If there is a functional interaction between two genes i and j, the entries wij and wji 

are assigned 1. If there is no interaction between i and j, they are assigned 0. A set of 

genes of interest, such as a gene expression signature, was used to obtain the set of 

labeled nodes. In PID, every gene is represented with a unique node and elements of 

gene set of interest were mapped to their respective nodes to generate the set of labeled 

nodes. To initialize f function’s values, labeled nodes were assigned 1 and unlabeled 

nodes were assigned 0. The iterative algorithm was then run t times, which was a value 

specified by the user. Following this, edge switching algorithm was used to generate 

1000 random networks. The label propagation algorithm was then run on each of these 

random networks individually, with the remaining parameters staying exactly the same. 

Finally, p-values based on these label propagation runs were calculated to identify the 

nodes that have f values significantly higher than what would be expected by chance 

alone. The significance threshold at this step can be adjusted, based on how stringent 

one wants results to be. The result of this workflow is the subnetwork that is composed 

of these significant nodes and labeled nodes, and the interactions connecting them to 

each other.  
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Figure 3: A schematic summarizing the label propagation-based workflow. The 
analysis starts with identifying a set of differentially expressed genes (or more broadly, 
any gene set of interest) and obtaining a network of known biological interactions. After 

mapping elements of the gene set to the corresponding nodes in the network, label 
propagation is run starting from these labeled nodes. The resulting subnetwork consists 
of interactions connecting the elements of the gene set to additional functionally related 

genes, revealing signaling events represented by the gene set. 

2.2 Optimizing the workflow 

2.2.1 Parameter selection: number of iterations 

Label propagation algorithm requires two user defined inputs, however there are 

also additional parameters that need to be pre-defined, such as number of iterations, 

number of randomized networks generated, or significance threshold. Within these, 

number of iterations parameter, t, is one of the most critical determinants in the results 

returned by propagation as this parameter will dictate how far into the network 

diffusive process travels. We sought to determine a value that will result in a high 

discovery rate and can be effectively used across many different cases to maintain 
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consistency across different runs of the algorithm. This will ensure that comparisons 

performed between different networks are not confounded by a difference in iteration 

number.  

To run tests for determining optimal value of number of iterations parameter, we 

selected a list of pathways that are represented in the PID network and identified the 

genes participating in these pathways. From each pathway, a subset of participant genes 

was sampled without replacement to generate the set of labeled nodes. Additionally, 

various sampling sizes were used at this step with each pathway, resulting in labeled 

node sets containing 10, 20, 35 or 50 genes and multiple sets were randomly sampled for 

each of these sizes. Different starting pathways and different sizes of initial seed gene 

sets were used to ensure that the value is not optimized based on a single pathway or 

starting gene set size value, but rather that it reflects a reasonable value that will 

perform well across a range of settings. After generating these sets of seed genes, label 

propagation algorithm was run as detailed above. Number of iterations parameter was 

changed each time, and total range of values used were t = 5, 10, 15, 20, and 25. At the 

end of an individual run, recovery rate of genes belonging to the pathway of interest 

were computed. “In-pathway” recovery ratio corresponds to the ratio of number of 

significant genes that belong to the pathway of interest over the total number of genes 

that form the pathway, excluding the genes that are part of the seed set. This number 

represents how many additional genes that are part of the starting pathway we’ve been 
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able to identify as significant through propagation. We would like to use a parameter set 

that will return high values for this ratio because our main goal with this diffusive 

process is to be able to identify the missing elements of a pathway that is sparsely 

represented with the seed gene set. “Out-pathway” recovery rate is the ratio of number 

of remaining significant genes that are not part of the pathway of interest to the total 

number of genes in the complete network that are not part of the pathway of interest. 

This number represents additional neighboring genes that are identified to be 

significant, which belong to different pathways. These in-pathway and out-pathway 

ratios were computed at the end of every individual run, across a range of significance 

thresholds. Then, average values were obtained for each different value of the number of 

iterations parameter by computing the mean of in-pathway and out-pathway ratios 

obtained with a given t value across all different pathways and starting gene set sizes. 

As it can be seen in Figure 4, t = 5 and t = 10 were the best performers in maximizing in-

pathway recovery ratio, with t = 10 returning slightly higher in-pathway ratios under 

some conditions. As a result, in all runs of label propagation described below, we used 

t=10 as the value of the number of iterations parameter. 
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Figure 4: The result of tests performed to identify optimal values for number 
of iterations parameter. Each line represents average in-pathway and out-pathway 

ratios computed across significance thresholds for each different value of the number of 
iterations parameter. Color-key for corresponding number of iteration values is shown 

in the lower-right corner. 

2.2.1 Robustness of results: network perturbation 

 A second round of analysis focused on understanding the robustness of this 

approach with respect to perturbations in the network structure. Specifically, we sought 

to determine how dependent the results are on the particular topology of the input 

network. In a large network like PID, changing the connectivity of a very small 

percentage of edges would only lead to minor differences in the complete topology of 

the network. For instance, the PID network has 33,494 edges, and changing the 

connectivity of 0.1% of this network, by rewiring only 34 edges, is not a substantial 
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difference in its overall structure. This implies that if we run label propagation on this 

minimally perturbed network, we would expect to see results that are substantially 

similar to the results obtained with the unperturbed network. Failure to observe this 

correspondence would suggest that the subnetwork resulting from label propagation is 

not robust to small perturbations and this would decrease our confidence in the validity 

of this subnetwork representing a statistically significant neighborhood [58].  

To test this idea, we created a set of networks where a percentage of the PID 

network’s edges were rewired to simulate a perturbed network. To create networks with 

different levels of perturbation, edge switching algorithm was used with a slight 

variation [53]. Normally, the number of switching steps performed is a multiple of the 

total number of edges to ensure the edges are properly mixed and connections are fully 

randomized. However, in this case, a limited number of switches were performed to 

ensure that only a subset of edges’ connectivity changes, resulting in a network where 

only a portion of the network is different from the original one. We wanted to perform 

tests across a range of networks with increasing perturbation levels, so the number of 

switches performed was adjusted accordingly to achieve the desired level of 

perturbation to the overall topology of the network. At the end, the percentage of 

rewired edges were 0.1%, 0.5%, 1.5%, 2.5%, 5%, 10%, 25%, and 50% of the total number 

of edges in the PID network and at each of these levels, multiple perturbed networks 

were created. To generate a set of labeled nodes for this analysis, a pathway from PID 
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was sampled without replacement to generate multiple different sets of seed genes. 

These labeled nodes and perturbed networks were then used as inputs to the label 

propagation algorithm, generating an individual subnetwork for each combination of 

labeled node set and perturbed network. In-pathway and out-pathway recovery rates 

were computed as described in the section above, to define the relationship between the 

recovery rates of resulting subnetworks and level of perturbation of starting network. 

Results obtained with networks with the same perturbation level were averaged to 

obtain an individual curve for each perturbation level.  

Figure 5 shows the resulting in-pathway and out-pathway recovery rates. The 

networks with very small perturbation – 0.1% and 0.5% – have curves that are almost 

the same as the original network, with 1.5% and 2.5% following very closely. This 

implies that introducing small perturbations to the network did not lead to the complete 

loss of performance in identifying in-pathway genes. After that point, increasing 

perturbations to the network leads to decreased rate of identifying genes belonging to 

the pathway of interest as the network becomes more and more divergent from the 

original network and connectivity in the neighborhood of seed gene sets starts to change 

more dramatically. Overall, these results show that subnetworks generated through 

label propagation are communities that are robust to small perturbations to the network 

structure, implying that these significant neighborhoods are not spurious subsamplings 

of the complete network.  
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Figure 5: The result of tests performed to measure the effects of network 
structure on label propagation performance. Each line represents average in-pathway 
and out-pathway ratios computed across significance thresholds, based on the results 

obtained with networks with varying levels of perturbation. Color-key for 
corresponding perturbation percentages is shown in the lower-right corner. 

2.3 Testing the workflow 

After establishing the workflow and selecting relevant parameters, we 

performed tests under different conditions to assess if this approach can successfully 

connect a given gene set to the relevant biological pathways that it represents and 

generate a more comprehensive view of the molecular state that is sparsely represented 

by the gene set. The following sections will detail these examples. 
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2.3.1 Gene set of DNA damage pathways 

The first test case will focus on a set of genes selected from a known set of 

pathways, in order to test if the algorithm is capable of identifying multiple distinct 

pathways when the seed gene set contains genes representing a mixture of pathways. To 

form this set, we picked four individual pathways that have roles in DNA damage 

response and repair – namely “Fanconi anemia pathway” [59], “ATR signaling 

pathway” [60], “ATM pathway” [60] and “p53 pathway” [61]. Five genes were 

randomly selected from each pathway to create a gene set of DNA damage pathways 

containing 20 genes. Then, label propagation was run with established parameters to 

create a subnetwork of interactions rooted in these 20 genes. The resulting subnetwork is 

shown in Figure 6. In this network, seed genes are color coded based on the pathways to 

which they belong along with the edges that are identified to be parts of these pathways. 

As can be seen, when starting with a gene set containing elements from multiple 

different pathways, the algorithm can recover parts of each individual pathway. A gene 

expression signature obtained from a high-throughput dataset will typically contain 

components of numerous pathways, therefore it is important to see that the algorithm is 

capable of diffusing to additional participants of multiple distinct pathways 

simultaneously. Looking at the remaining genes and pathways in this subnetwork 

reveals additional interesting biological connections. In addition to the four pathways 

making up the seed gene set, the network in Figure 6 contains “BARD1 signaling 
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events” pathway, which is also known to have a role in DNA damage response [62]. 

This means that the algorithm not only recovers missing parts of separate pathways 

represented by the seed gene set but also links these pathways to additional related 

pathways with which they interact, enabling a more holistic visualization of the 

molecular mechanisms that are sparsely represented by the starting gene set. 

 

Figure 6: The network representing a gene set of DNA damage pathways. A set 
of genes were randomly selected from four different pathways and seed genes are color-

coded based on the pathways to which they belong. Edges belonging to different 
signaling events are color-coded and corresponding pathway names are listed on the 

lower right. Cytoscape [63] was used to generate this and all remaining network views. 
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2.3.2 Gene expression signature of breast cancer recurrence 

Gene set in the previous test was randomly selected from a group of pathways 

and every pathway had equal number of representatives but in actual applications of 

this workflow, the participants of the seed gene set will be dictated by the biological 

phenomenon that one aims to summarize through a signature and it will be a mixture of 

pathways, with uneven number of genes belonging to each. To test the performance of 

the workflow in recapitulating signaling pathways that are represented by a gene 

expression signature with this make-up, we used a signature that predicts recurrence in 

breast cancer patients following treatment with the selective estrogen receptor 

modulator (SERM) tamoxifen [35]. This “recurrence signature” contains 36 genes, 10 of 

which are found in the complete PID network. These 10 genes formed the seed gene set 

to run the label propagation algorithm with established parameters, and the resulting 

network can be seen in Figure 7. The edges in this network are color-coded based on the 

pathways that they participate in, to represent the variety of pathways identified 

through this diffusive process and highlight the signaling events each seed gene 

participates in.  
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Figure 7: The network representing the recurrence signature. Genes from the 
recurrence signature are shown in yellow. Edges belonging to different signaling events 

are color-coded and corresponding pathway names are listed on the upper left. 

Table 1 provides a more detailed look into the functional roles of these genes 

based on the annotations provided by Chanrion et al. (listed in the middle column) and 

the corresponding signaling pathways we identified through label propagation. As it 

can be seen from this table, there is a substantial agreement between these two columns. 

For instance, 5 out of these 10 genes have roles in mitosis and cell cycle, and they all are 

represented here as parts of pathways that have well-established roles in mitotic 
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machinery or cell cycle regulation, such as “Aurora A / B signaling” [64][65], “FOXM1 

transcription factor network” [66] and “PLK1 signaling events” [67]. RRM2 and TK1 are 

annotated to have roles in DNA repair and replication, respectively, and they lead the 

propagation to “E2F transcription factor network”, which is known to have roles in both 

of these processes [68]. RRAGA, the only gene in the set annotated to have a role in 

signaling, is part of “mTOR signaling pathway”. All these findings highlight that the 

label propagation-based approach was successful in linking these genes to biological 

pathways that are in line with their functional annotations and in discovering 

meaningful functional connections between these ten genes by localizing them to the 

pathways that they participate in. As a result, we can go from a list of genes with broad 

functional roles to a network that positions each gene into a relevant signaling pathway, 

creating a more informative result that help us better understand each gene’s 

contribution to recurrence of breast cancer.  

Table 1: Genes in the recurrence signature and the corresponding PID 
pathways. The first column lists genes that are both part of the signature and the PID 

network. The second column lists annotations of their broad functional roles, 
determined by [35]. The third column lists pathways to which each gene belongs in the 

network, as represented in Figure 7. 

Gene Functional Role Pathway in PID 

GJA1 Cell growth, 

apoptosis, 

adhesion 

AP-1 transcription factor network, N-cadherin signaling 

events 
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RRM2 DNA repair E2F transcription factor network 

TK1 DNA replication E2F transcription factor network, Validated targets of 

C-MYC transcriptional activation 

MMP1 Invasion AP-1 transcription factor network, Syndecan-1 

mediated signaling events 

AURKB Mitosis, cell cycle Aurora A/B/C signaling, FOXM1 transcription factor 

network 

CCNB2 Mitosis, cell cycle FOXM1 transcription factor network, Validated 

transcriptional targets of deltaNp63 isoforms 

CDK1 Mitosis, cell cycle AP-1 transcription factor network, E2F transcription 

factor network, FOXM1 transcription factor network, 

PLK1 signaling events, p73 transcription factor network 

PRC1 Mitosis, cell cycle PLK1 signaling events 

TPX2 Mitosis, cell cycle Aurora A signaling, PLK1 signaling events 

RRAGA Signaling mTOR signaling pathway 

 

2.3.3 Gene expression signature of glucocorticoid resistance 

These two examples have helped us establish that the label propagation-based 

workflow can fulfill our expectations in connecting a given set of genes to additional 

functionally related genes and to signaling pathways that they participate in. We now 
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highlight how the expanded network view generated by this workflow offers additional 

insight into the biology summarized by a gene signature that may not be captured when 

solely focusing on the gene set itself. We used a previously published gene signature, 

which represents correlates of resistance to glucocorticoid induced apoptosis in acute 

lymphoblastic leukemia (ALL) [69]. The gene expression signature consists of 157 probe 

sets. Identifying the unique genes represented by these probes and mapping them to the 

complete PID network resulted in 38 genes, which were then used as the seed genes. The 

network obtained by running label propagation with established parameters is shown in 

Figure 8. Using the Connectivity Map (CMAP) [70] and Gene Set Enrichment Analysis 

(GSEA) [42], the authors suggested that the PI3K/Akt/mTOR signaling axis has a role in 

this resistance. Replicating the original study’s findings, this network contains genes and 

interactions belonging to “mTOR signaling pathway” and “Class I PI3K signaling events 

mediated by Akt”. The network, however, also contains additional genes that belong to 

other signaling pathways not highlighted by the original study, and a more detailed 

look into these pathways revealed that they likely represent additional biologically 

meaningful connections. For example, “TCR signaling” is one of these additional 

pathways, and studies by Jamieson et al. [71] and Ko et al. [72] revealed a role for T-cell 

receptor signaling in preventing glucocorticoid induced apoptosis. “Validated targets of 

C-MYC transcriptional activation” and “Validated targets of C-MYC transcriptional 

repression” are two additional pathways identified in this network, and multiple studies 
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have defined a link between the suppression of MYC expression and glucocorticoid 

induced apoptosis, validating the crosstalk between these pathways [73][74][75]. 

Additionally, a study by Da Costa et al. proposed treatment with the BET bromodomain 

inhibitor JQ1, an inhibitor of MYC transcription, as a way to sensitize ALL cells to 

dexamethasone treatment [76], providing further support to the connection between 

MYC signaling and glucocorticoid resistance. Thus, this network reveals additional, 

functionally relevant elements of the gene signature that are not otherwise apparent. 

 

Figure 8: The network representing the glucocorticoid resistance signature. 
Genes from the resistance signature are shown in yellow. Edges belonging to different 

signaling events are color-coded and corresponding pathway names are listed on the 
upper right. 
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Based on the three cases shown in Figures 6, 7, and 8, we can conclude that the 

workflow is effective in converting a gene set to a signaling network composed of 

interactions corresponding to their functional roles and generating an expanded look 

into the molecular events represented by the gene set by identifying additional genes 

that are functionally related to the starting set. 

2.4 Defining a distance metric 

After extracting the significant subnetwork at the end of a label propagation step, 

the resulting network can be analyzed on its own to study the set of genes and signaling 

events that are part of this network. However, there will also be cases where one might 

be interested in analyzing multiple networks simultaneously to explore the relationships 

between them. For instance, one can create individual networks based on signatures 

representing two different phenotypes and be interested in unraveling signaling events 

shared across the two, which in turn can lead to discoveries about how these two 

phenotypes are converging on similar signaling processes. In order to base comparisons 

between multiple networks on a well-defined quantitative measure rather than 

arbitrarily searching for shared genes or pathways, we adapted a distance metric that is 

based on the concept of a maximal common subgraph [77]. This metric, described 

visually in Figure 9, relies on identifying the maximal common subgraph of two given 

graphs. When searching for common isomorphic subgraphs between two graphs, we 

constrained the search space to the nodes sharing the same label. We imposed this 
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constraint because of the nature of biological networks and information represented by 

node labels. A biological network’s topology represents our knowledge of how genes 

interact with each other. However, it is not the only source of information in these 

networks - the labels of nodes are an additional source of information as they represent 

the genes in a non-redundant fashion. Therefore, when comparing biological networks 

to identify similarities, it would be misleading to ignore node labels and base the 

similarity search solely on the connectivity of edges. This might lead to identification of 

subgraphs with exactly same connectivity but containing different genes and from a 

signaling perspective, this would represent functionally different subnetworks. 

Therefore, we instead search for the nodes that are connected in the same manner and 

that also have the same labels, to make sure that isomorphic subgraphs we identify 

represents biologically meaningful common subnetworks. Additionally, this reduced 

search space makes this computation more tractable as normally subgraph isomorphism 

is an NP-complete problem [78]. Using this constrained search space, we search for a 

graph GMCS, where both graphs G1 and G2 have a subgraph isomorphic to GMCS. Of all 

possible subgraphs that satisfy this criterion, the one with the biggest node size will be 

the “maximal common subgraph”. Following identification of this subgraph, the 

distance between two graphs can be computed based on the following formula: 
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Figure 9: Maximal common subgraph-based distance metric. Two graphs are 
shown to visualize the search space and highlight the corresponding maximal common 

subgraph. 

To test the performance of this distance metric and to assess how well it performs 

in quantitatively reflecting shared signaling events, we ran a set of tests with pathways 

found in the PID network. We randomly selected five genes from three separate 

pathways and combined them to form a seed gene set. “Noncanonical Wnt signaling 

pathway”, “E2F transcription factor network” and “Regulation of nuclear SMAD2/3 

signaling” were the three pathways initially selected for this step. Two separate seed 

gene sets were created by randomly selecting genes from these three pathways. With 

each individual set, label propagation was run with established parameters and then, 

the distance between these two networks were computed based on the metric described 
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above. This test compares two presumably similar networks, both containing genes 

belonging to the same three pathways and therefore providing a range of expected 

distance values that represent similar networks. Following this, we ran additional tests 

with the aim of creating networks with decreasing levels of similarity to the initial 

network in order to test if these would correspond to increasing distance values. We 

generated three sets of seed genes where one of the original three pathways was 

replaced with another pathway. For instance, in one case “E2F transcription factor 

network” was replaced with “p53 pathway”. Additionally, we generated three sets of 

seed genes where two of the original three pathways were replaced. This time, for 

instance, “Noncanonical Wnt signaling pathway” was accompanied with “AP-1 

transcription factor network” and “ATR signaling pathway”. Finally, to simulate a case 

with completely different networks, we created two sets of seed genes where the three 

pathways were completely different from the original three. The distance values 

obtained when these networks were compared to the first network are shown in Table 2. 

As can be seen, the distance values are increasing with decreasing level of overlap in the 

initial set of sampled pathways. The smallest distance is observed when the same set of 

pathways are used to obtain seed genes. This is followed by cases where two out of three 

networks stay the same and then by cases where only one out of three networks stay the 

same. As anticipated, the highest distance values correspond to the cases where seed 

genes were obtained from completely different pathways. This supports the idea that in 
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the cases where we would not expect similarity, the distance metric returns values in 

agreement with those expectations. Therefore, we relied on this metric to define the 

levels of similarity observed across different networks when we were searching for 

overlapping signaling events shared across networks. 

Table 2: MCS-based distance values obtained across a variety of network 
comparisons. First two columns list the names of the pathways that contribute to the 
networks created for these tests. Bold pathway names in the second column represent 
the pathways that are also part of the “starting set 1” shown in first column. The third 

column represents the value of distance metric when a given network listed in the 
second column is compared to the network obtained with starting set 1 seed gene set. 

Starting Set 1 Starting Set 2 MCS Distance 

Noncanonical 

Wnt signaling 

pathway & 

E2F 

transcription 

factor 

network & 

Regulation of 

nuclear 

SMAD2/3 

signaling 

Noncanonical Wnt signaling pathway & E2F 

transcription factor network & Regulation of 

nuclear SMAD2/3 signaling (2) 

0.34 

Noncanonical Wnt signaling pathway & E2F 

transcription factor network & AP-1 transcription 

factor network 

0.59 

Noncanonical Wnt signaling pathway & Regulation 

of nuclear SMAD2/3 signaling & p53 pathway 
0.63 

E2F transcription factor network & Regulation of 

nuclear SMAD2/3 signaling & IL6-mediated 

signaling events 

0.69 
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Noncanonical Wnt signaling pathway & AP-1 

transcription factor network & ATR signaling 

pathway 

0.77 

Regulation of nuclear SMAD2/3 signaling & p73 

transcription factor network & CXCR3-mediated 

signaling events 

0.79 

E2F transcription factor network & PLK1 signaling 

events & p53 pathway 
0.89 

CXCR3-mediated signaling events & ATR signaling 

pathway & p73 transcription factor network 
0.92 

AP-1 transcription factor network & PLK1 signaling 

events & ATM pathway 
0.96 
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3. Applications of label propagation-based workflow  
Portions of the work described in this chapter are reprinted with permission from [52]. 

After finalizing the details of the analysis workflow and identifying the optimal 

parameters, we decided to apply it two different biological problems to investigate how 

this approach can help us improve our understanding of tumor biology. The first section 

will focus on the way we used label propagation to create networks of downstream 

signaling changes induced by mutations observed across different tumor types, 

highlighting new insights into the molecular events perturbed by different genomic 

alterations. The second section will explore similarities and differences between 

signaling networks of resistant tumors, evaluating the connection to resistance 

mechanisms.   

3.1 A study of signaling networks associated with genes 
frequently mutated in cancer 

Thanks to large scale sequencing efforts like TCGA project, we have the 

opportunity to take an in-depth look into the genomes of a wide variety of tumor types. 

Studies that focus on analyzing the breadth of genomic alterations observed across 

tumors revealed that the landscape of mutations in different tumor types is variable 

[79][80]. Certain genes, like PIK3CA and TP53, are mutated at a high frequency across a 

number of different tumor types, whereas there are other genes whose mutations are 

only observed in a single tumor type. Additionally, different tumors select for distinct 
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sets of mutations to support their genesis and progression, leading to unique mutational 

profiles for each tumor type.  

Identification of lists of genes that are frequently mutated is typically followed 

by approaches to define molecular events that are affected by these mutations. One of 

the common ways of approaching this is connecting the mutated genes to other genes 

that are immediately downstream of the mutation or to the major canonical pathway the 

mutant gene takes part in. Most TCGA studies contains pathway figures like this to 

highlight the signaling events that are dysregulated in these tumors [3][2]. The 

shortcoming of this approach is that it provides a narrow view into the signaling 

network of a cell, highlighting only a subset of pathways that would be affected by the 

alterations. Additionally, not all these genes have well-characterized roles that connect 

them to well-known oncogenic signaling events and as a result, we cannot improve our 

understanding of the effects of these particular genes through this approach. An 

alternative way would be an analysis that focuses on uncovering a more comprehensive 

list of molecular events perturbed by a genomic alteration, through which we can gain 

additional insight into how these mutations contribute to tumor development and 

progression. For genes that are well-annotated, like EGFR, KRAS, or PIK3CA, these 

alternative approaches can provide insight into the broader impact of an alteration, 

revealing non-canonical signaling events affected by an alteration in this gene. For the 

remaining ones whose contributions to tumorigenesis are currently not completely 
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discovered, we can use the resulting knowledge to generate hypotheses on the signaling 

events that they perturb and how they affect tumor progression. Furthermore, this 

broader look will allow us to perform comparisons across different mutations, revealing 

overlapping signaling changes that different tumor types frequently exploit through 

distinct genomic alterations.  

Label propagation-based workflow described above is well-suited to achieve 

these goals and provide us the opportunity to explore the signaling changes that occur 

as a result of a genomic alteration. Starting from a set of genes that are dysregulated in 

the presence of a mutation, we can use label propagation to create a network that reveals 

the molecular events that are part of this gene set, which will in turn highlight the scope 

of signaling changes induced by a given mutation. To explore this idea, we decided to 

take a closer look into the sets of frequently mutated genes across a range of tumor 

types. We picked three different tumor types that have at least ten different genes 

frequently mutated in the TCGA sample set - urothelial bladder carcinoma, lung 

adenocarcinoma, and endometrial carcinoma. The following sections focus on the 

analysis of mutations observed in these tumor types with the label propagation 

approach and how we used pairwise distances between networks to highlight signaling 

events tumors converge on through genomic alterations in distinct genes. 
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3.1.1 Networks of mutations observed in bladder carcinoma 

Genes frequently altered in bladder carcinoma patients affect crucial cellular 

processes, such as kinase signaling, histone modifications or cell cycle progression and 

for some of these genes, such as CDKN1A and RXRA, bladder cancer is the first tissue 

type within TCGA studies where they have been observed as significantly mutated [81]. 

With analysis detailed below, we explored how some of these unique alterations 

contribute to the dysregulation of key signaling events.  We started with curating a list 

of genes that are mutated in approximately at least 10% of bladder carcinoma patients 

enrolled in TCGA study, based on the sets of genes that are shown to have significant 

and frequent mutations in bladder cancer by TumorPortal [80], the study by Kandoth et 

al. [79], and TCGA study [81] (Table 3).  

Table 3: List of genes included in bladder carcinoma analysis and their 
mutation frequency in the TCGA population 

Gene Name Mutation Frequency 

ARID1A 26 % 

KDM6A 24 % 

PIK3CA 20 % 

EP300 16 % 

CDKN1A 14 % 

RB1 13 % 
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ERCC2 12 % 

ERBB3 11 % 

FBXW7 10 % 

RXRA 9 % 

 

As the first step of the analysis, we generated a gene expression signature that 

reflects genes whose transcriptional state is altered when it is mutated, for each gene in 

the list. For this step, mutation datasets were used to stratify patients into mutant and 

wild-type groups, where samples that have any mutation in that given gene were put 

into the mutant group and the remaining samples were put into the wild-type group. 

Then, gene expression profiles of these two groups were compared to identify genes that 

were differentially expressed, via Bayesian approximate kernel regression (BAKR) 

model [82][83], generating a gene expression signature of the transcriptional state 

induced by a given mutation. These signatures then formed the labeled node set and we 

ran label propagation starting from these genes with the established parameters. After 

running label propagation with each signature individually, we obtained a set of 

networks revealing the underlying biology represented by the differentially expressed 

gene signatures and the downstream effects of selected mutations. We were especially 

interested in the relationships between these networks and how they could reveal 

common signaling events that are affected by distinct genomic changes. To explore these 
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trends in a quantitative manner, we used the distance metric described in Figure 9 to 

compute the distances between every pair of networks. Through this, we generated a 

pairwise distance matrix that described the relationships between different mutations. 

To reveal the patterns of similarity, we performed hierarchical clustering on this matrix 

and the resulting heatmap is shown in Figure 10. 

 

Figure 10: Hierarchical clustering of the pairwise distance matrix of networks 
associated with genes frequently mutated in bladder carcinoma. Color code is shown 

in the upper left corner, where red corresponds to smaller distance values and blue 
corresponds to higher distance values. 

One pattern that this heatmap emphasizes is the fact that within the context of 

signaling pathways that were analyzed, the majority of mutations do not share 
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substantial similarities with other mutations. This implies that distinct genomic 

alterations have distinct downstream consequences that affect separate parts of the 

molecular machinery. The rare cases where we do observe similarity then become more 

intriguing as these cases have the potential to reveal downstream signaling events that 

are dysregulated through more than one mutational mechanism. The most similar pair 

in bladder carcinoma set is formed by the networks of FBXW7 and CDKN1A. This 

similarity cannot simply be explained by a high co-occurrence of FBXW7 and CDKN1A 

mutations as the frequency of patients with mutations in both genes is only 1.5%. 

Additionally, a follow-up analysis where samples mutant in FBXW7 (or CKDN1A) were 

excluded from the dataset when stratifying based on CDKN1A (or FBXW7) mutation 

status was performed and the observed similarity was retained in this comparison, 

emphasizing the presence of shared signaling events that cannot be explained by 

confounding co-occurring mutations. A detailed look into the maximal common 

subgraph of CDKN1A and FBXW7 networks revealed a set of genes that have roles in 

regulating cell cycle progression and proliferation. Figure 11 shows the relevant portion 

of the subgraph, especially highlighting three genes: CEBPA, CEBPB, and CEBPD. These 

genes, belonging to the CCAAT/enhancer-binding protein family, are shown to have 

roles in cell cycle regulation across different tissue types [84][85]. CEBPA especially has 

been linked to interactions with CDKN1A [86] and inhibition of CDK2 and CDK4 [87]. 

We looked further into these two genes to see if there is any overlap between their 
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functional roles that could explain this observed similarity and why both of their 

networks contain genes related to regulation of cell cycle. FBXW7 encodes for an F-box 

family member protein, which has roles in substrate recognition of SCF ubiquitin ligases 

[88]. This ubiquitin ligase has important roles in contributing to cell homeostasis by 

regulating the proteolysis machinery, and one important target recognized by FBXW7 is 

Cyclin E [88][89]. The CDK2 – Cyclin E complex has important roles in regulating cell 

cycle progression [89] and loss of FBXW7 activity is expected to lead to the 

dysregulation of the intricate Cyclin E balance, which in turn will contribute to 

dysregulation of cell cycle. The other gene in this pairing, CDKN1A, encodes for the 

cyclin dependent kinase (CDK) inhibitor p21 [90]. p21 is a critical regulator of cell cycle 

through its inhibitory activities on CDK-cyclin complexes, including CDK2 – Cyclin E 

complex [90][91]. These established roles of FBXW7 and CDKN1A show that the 

regulation of CDK2 – Cyclin E complex activity and in turn, regulation of cell cycle is a 

molecular event that both genes’ functional roles converge on. The pathway view of 

genes frequently altered in bladder carcinoma generated by TCGA [81] coheres with this 

observation, as both CDKN1A and FBXW7 are listed as negative regulators of CCNE1 

and cell cycle progression.  
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Figure 11: A part of the maximal common subgraph of FBXW7- and CDKN1A-
associated networks. The three genes with roles in cell cycle regulation are highlighted 

in yellow. 

Through this analysis, we observed that majority of frequently altered genes in 

bladder carcinoma patients led to minimally overlapping signaling changes, 

emphasizing the variety of signaling events that are dysregulated during tumor 

development and progression. On the other hand, the convergence observed 

downstream of CDKN1A and FBXW7 networks serves as an example of how the label 

propagation-based workflow can reveal biologically meaningful connections between 

different gene expression signatures. It also highlights the importance of tight regulation 

of cell cycle progression and multitude of ways tumors have evolved to disrupt this 

machinery. 
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3.1.2 Networks of mutations observed in lung adenocarcinoma 

Lung adenocarcinoma is an aggressive disease with high rates of somatic 

mutations, where a multitude of genes are significantly mutated across the patient 

population [92]. Some of these genes are well-known and druggable drivers, such as 

EGFR, whereas we don’t have a clear understanding of how others, such as TSHZ3 and 

NAV3, contribute to lung adenocarcinoma progression. To study the perturbations to 

signaling pathways downstream of these mutations and the signaling events distinct 

mutations converge on, we applied the workflow detailed in the above section to lung 

adenocarcinoma dataset. Genes selected for analysis based on previous analyses 

[80][79][92] were mutated in at least 7% of patients in TCGA study (Table 4). For each 

gene in this list, a gene expression signature, followed by a network of downstream 

signaling changes was created by following the label propagation-based workflow as 

described above.  

Table 4: List of genes included in lung adenocarcinoma analysis and their 
mutation frequency in the TCGA population 

Gene Name Mutation Frequency 

KRAS 33 % 

NAV3 20 % 

KEAP1 17 % 

STK11 17 % 
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EGFR 14 % 

TLR4 13 % 

TSHZ3 12 % 

NF1 11 % 

SETBP1 11 % 

SETD2 9 % 

MGA 8 % 

ARID1A 7 % 

 

Studying these individual networks on their own can provide insight into the 

range of dysregulated signaling events when a particular gene is mutated. One example 

is provided below in Figure 12, focusing on the network obtained based on EGFR 

mutations signature. Some of the interesting signaling events found in this network are 

highlighted in Figure 12, such as “Internalization of ErbB1” and “Regulation of Ras 

family activation”. These pathways would be within the list of signaling events expected 

to be affected by perturbations to EGFR, as Ras activation and MAPK signaling is one of 

the major canonical events that is observed downstream of EGFR mutations [93]. More 

interestingly, TERT is part of the gene expression signature and “Regulation of 

Telomerase” is one of the major contributors to EGFR-associated network (Figure 12). 

Telomerase regulation is not a pathway one would immediately connect to the 
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downstream of EGFR, even though we know that some of the signaling events with a 

role in telomerase regulation, such as MAPK signaling, PI3K signaling, JAK-STAT 

signaling, are downstream of EGFR [94]. Additionally, recent studies are building 

connections between regulation of TERT promoter and EGFR signaling [95]. Therefore, 

by examining the resulting network in detail, we’ve been able to identify additional 

molecular events affected by a genomic alteration that we might not have discovered if 

we were solely focusing on the immediate downstream of a mutation. This expanded 

view also offers us the opportunity to focus on novel directions in annotating the effects 

of a mutation or explore the cross-talk between these different molecular events.  

 

Figure 12: The network associated with EGFR mutations in lung 
adenocarcinoma. Genes from the signature are shown in yellow. Edges belonging to 
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different signaling events are color-coded and corresponding pathway names are listed 
on the lower left. 

Following generation of individual networks, pairwise distances between each 

pair of networks were also computed to create the pairwise distance matrix of lung 

adenocarcinoma and to study the relationships between different networks. The 

heatmap obtained after performing hierarchical clustering on this matrix is shown in 

Figure 13. 

 

Figure 13: Hierarchical clustering of the pairwise distance matrix of networks 
associated with genes frequently mutated in lung adenocarcinoma. Color code is 

shown in the upper left corner, where red corresponds to smaller distance values and 
blue corresponds to higher distance values. 
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A closer look into this heatmap reveals some patterns that are in line with our 

current understanding of the given genes and others that offer additional insight into 

the functional roles of these mutations. One case that is a prime example for the former 

is the similarity between networks of KRAS and NF1, two genes whose mutations occur 

mutually exclusive in lung adenocarcinoma patients [92]. NF1 encodes for a GTPase-

activating protein (GAP) that facilitates the inactivation of Ras proteins [96]. As a result, 

loss of function mutations in NF1 lead to the loss of an inactivation mechanism of Ras 

proteins, leading to constitutively active MAPK signaling. Activating mutations in KRAS 

gene also leads to an active MAPK signaling axis [92]. Therefore, the signaling changes 

induced by active MAPK signaling would be in the downstream of both NF1 and KRAS 

mutations and this would be in line with the observed similarities between the two 

networks. Another pair that can similarly be expected to have shared signaling changes 

is KRAS and MGA pairing. MGA encodes for a transcription factor that is a MAX 

interacting protein [97] and loss of function mutations in MGA are proposed as a 

mechanism for activating MYC signaling [92]. Similarly, there are multiple studies that 

place KRAS in the upstream of MYC signaling [98][99]. Taken together, perturbations in 

MYC activity caused by mutations in MGA or KRAS are likely to contribute to the 

shared signaling changes observed between these two networks. These two pairings 

provide further support to our idea that studying the relationships between these 

individual networks reveals functional connections between the corresponding genes 
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and how their mutations can exert shared effects on signaling events, especially 

highlighting the range of ways a cell can dysregulate a given pathway. 

Combining the information gained from individual networks and convergent 

signaling patterns across multiple networks, we can generate hypotheses on roles of 

these mutations and how they contribute to tumor development and progression. One 

such example is provided by TSHZ3-associated network. TSHZ3 encodes for a zinc 

finger transcription factor and has roles in smooth muscle differentiation [100]. 

However, its role in lung cancer is unclear. To study the possible signaling events 

TSHZ3 might be perturbing in cancer, we examined its network generated via label 

propagation. Some of the molecular events found in this network are highlighted in 

Figure 14A, such as “Direct p53 effectors”, “Notch signaling pathway”, and “Regulation 

of retinoblastoma protein”. We then looked into the pairwise distance matrix to see if 

any network shares overlapping signaling events with THSZ3-associated network and 

SETD2-associated network was the one with the smallest distance to TSHZ3-associated 

network. Therefore, maximal common subgraph of these two networks was further 

explored to see the molecular events that TSHZ3 and SETD2 mutations converge on 

(Figure 14B). “Direct p53 effectors” is one of the major contributors to this subgraph, 

along with “Urokinase-type plasminogen activator (uPA) and uPAR-mediated 

signaling”. Interestingly, plasminogen activator inhibitor-1 (PAI-1), which is the 

inhibitor of urokinase-type plasminogen activator (uPA), is a known target of p53 
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[101][102] and studies show a cross-talk between p53 and plasminogen activator 

signaling [103][104]. Additionally, a study by Xie et al. revealed a relationship between 

SETD2 and p53 [105], in which SETD2 can contribute to the regulation of p53 signaling 

by enhancing its transcriptional activities. Presence of p53 and its related signaling in the 

network, along with a functional connection between SETD2 and p53 activity, can lead 

us to the hypothesis that TSHZ3 also has roles in regulating p53 and its downstream 

signaling. Further corroborating this hypothesis, a recent study discovered a connection 

between TSHZ3 and p53, where TSHZ3 is identified as an inhibitor of p53 activity in 

lung cancer cell lines [106]. Overall, these observations propose a role for both TSHZ3 

and SETD2 in regulating p53’s transcriptional activity and highlight the cross-talk with 

p53 signaling and plasminogen activator pathways as critical signaling changes that 

occur downstream of their mutations. This also serves as an example on how focusing 

on the signaling networks and their similarity patterns can reveal underappreciated 

functional roles of frequently altered genes and highlights a way to use this approach to 

generate hypotheses on genes that are not well-annotated.  
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Figure 14: Networks associated with TSHZ3 mutations in lung 
adenocarcinoma. A) This represents the complete network obtained with TSHZ3 
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signature, where nodes in yellow correspond to the genes in the signature. Edges 
belonging to different signaling events are color-coded and corresponding pathway 
names are listed on the upper left. B) This network represents the maximal common 

subgraph of TSHZ3- and SETD2-associated networks. Edges belonging to two signaling 
events listed in the network are highlighted in corresponding colors. 

3.1.3 Networks of mutations observed in endometrial carcinoma 

High frequency of mutations in PTEN and PIK3CA genes implicate PI3-kinase 

signaling pathway as one of the major drivers of endometrial carcinoma. Additional 

frequently altered genes have the potential to contribute to dysregulation of this 

pathway or alternatively perturb other signaling events. To investigate different 

signaling events contributing to endometrial carcinoma and to further annotate 

mutations with lesser functions, such as NAV3, ZFHX3, ARHGAP35, we applied the 

label propagation-based workflow to endometrial carcinoma dataset. Similar to bladder 

carcinoma and lung adenocarcinoma datasets, we selected a list of genes that are 

mutated in at least 10% of endometrial carcinoma patients in the TCGA study 

[107][80][79] (Table 5). Same analysis workflow detailed above was used to create 

individual networks of signaling changes for each gene given in this list. 

Table 5: List of genes included in endometrial carcinoma analysis and their 
mutation frequency in the TCGA population  

Gene Name Mutation Frequency 

PTEN 65 % 

PIK3CA 53 % 

ARID1A 33 % 
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CTNNB1 30 % 

KRAS 21 % 

CTCF 18 % 

ZFHX3 18 % 

FBXW7 15 % 

ARHGAP35 15 % 

FGFR2 13 % 

NAV3 10 % 

 

One of the intriguing genes in endometrial carcinoma’s frequently altered list is 

ARHGAP35. This gene, which encodes for a Rho GTPase-activating protein [108], is 

altered in 15% of the TCGA population and in a pan-cancer study, endometrial 

carcinoma was identified to be the only one where frequency of ARHGAP35 mutations 

reached significance [80]. However, there is not a clear consensus on this gene’s role in 

cancer [109][108]. Therefore, we examined ARHGAP35-associated network and 

represented signaling pathways to generate hypotheses on its functional contribution to 

cancer (Figure 15). “Regulation of RhoA activity”, “Regulation of RAC1 activity”, and 

“Regulation of CDC42 activity” are some of the pathways that contribute to this 

network. RhoA, RAC1, and CDC42 are all Rho GTPases [110] and one might expect their 

activities to be dysregulated when a Rho GTPase-activating protein is mutated. More 



 

64 

interestingly, EGF is part of the gene expression signature associated with ARHGAP35 

and “Internalization of ErbB1”, “ErbB1 downstream signaling” are additional signaling 

events that are part of ARHGAP35-associated network. These signaling events can point 

us in the direction of EGFR related signaling and endocytosis pathways, especially 

considering that Rho GTPases have previously shown to have roles in regulation of 

EGFR endocytosis [111][112]. Connecting these together can lead to the hypothesis that 

ARHGAP35 mutations may lead to changes in Rho GTPase activity and their roles in 

regulation of endocytosis, providing us a new direction to pursue to better annotate this 

gene’s contributions to tumorigenesis.  

 

Figure 15: The network associated with ARHGAP35 mutations in endometrial 
carcinoma. Genes from the signature are shown in yellow. Edges belonging to different 

signaling events are color-coded and corresponding pathway names are listed on the 
upper left. 
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Following the study of individual networks, pairwise distances between these 

networks were computed and the resulting heatmap when this distance matrix was 

clustered is shown in Figure 16. Loss-of-function mutations in PTEN and gain-of-

function mutations in PIK3CA are both expected to lead to the activation of PI3-kinase 

signaling pathway [113]. In our analysis, we observed some overlap between these two 

networks, in line with this expectation. However, there were also signaling events that 

are uniquely observed downstream of PTEN and PIK3CA mutations. Studies that looked 

into the roles of these mutations in detail have highlighted the potential nonoverlapping 

roles these two genes have in development and progression of endometrial carcinoma 

and molecular events – apart from PI3K pathway activation – that occur downstream of 

PTEN mutations [114][113]. These events not shared between PTEN and PIK3CA 

networks are therefore representative of nonredundant roles of these genes. 

Additionally, there are several other pairs of genes with higher levels of similarity, such 

as networks associated with ARID1A and NAV3, ARID1A and CTCF, or PIK3CA and 

CTCF. Future work on these pairings have the potential to uncover unexpected 

connections between their downstream effects and novel insight into their contributions 

to endometrial carcinoma. 
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Figure 16: Hierarchical clustering of the pairwise distance matrix of networks 
associated with genes frequently mutated in endometrial carcinoma. Color code is 

shown in the upper left corner, where red corresponds to smaller distance values and 
blue corresponds to higher distance values. 

3.1.3.1 Identifying druggable vulnerabilities common to mutations with similar 
networks 

When a cell is adapting to the presence of a mutation, it leads to changes in the 

signaling network which can be captured by the networks we created based on 

dysregulated gene expression patterns. One potentially actionable consequence of this 

rewiring is changes in the drug response profile. Perturbations to the homeostasis of the 

signaling architecture can lead to the emergence of new vulnerabilities by rendering the 
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tumor sensitive to a certain class of drugs that exploits these molecular changes. These 

effects can also lead to changes in the opposite direction, where a mutation results in 

changes that confer resistance. This proposes an intricate connection between genomic 

alterations and drug response. Bearing this phenomenon in mind, we can hypothesize 

that distinct mutations leading to similar changes in the signaling network of a given 

tumor type have the potential to lead to similar changes in drug response profiles. 

Through pairwise similarity matrices, we were able to identify networks with high-level 

similarity across three different tissue types and we can use them to explore a possible 

connection between shared signaling changes and drug response. Our endometrial 

carcinoma analysis offered especially interesting results as it returned numerous pairs of 

networks with similarity, where most of the corresponding genes in these pairs - such as 

CTCF, NAV3, and ZFHX3 - are not typically implicated to be associated with drug 

response. This prompted us to take a further look into the pairs identified in endometrial 

carcinoma analysis above to see if they reveal potential druggable vulnerabilities of 

tumors harboring specific mutations.  

To test this idea, we turned our attention to Genomics of Drug Sensitivity in 

Cancer (GDSC) dataset [115]. GDSC dataset offers sensitivity profiles of 1001 cell lines to 

265 drugs, where each drug was tested across a range of concentrations to create a dose 

response curve in each cell line and these curves were then used to calculate IC50 values 

of each drug. For each given drug, we can use its maximum screening concentration as a 
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decision boundary to separate cell lines into two classes: cell lines with IC50 values 

greater than maximum screening concentration of a given drug were deemed non-

responsive, as even the highest drug doses did not lead to a discernible loss of viability, 

and cell lines with an IC50 value smaller than this value were categorized into responsive 

class. We used this dataset to examine whether mutations with shared signaling changes 

found in endometrial carcinoma dataset (as detailed in Figure 16) can be used to identify 

combinatorial markers of drug response. We first identified nine cell lines that were 

categorized as derived from uterine corpus endometrial carcinoma by GDSC. Based on 

the sequencing information available on GDSC cell lines and for each pair of genes with 

similar networks, we stratified these cell lines into two groups: the ones that have 

mutations in either gene in the pair formed the mutant group and the ones that do not 

have any mutations in both genes formed the wild-type group. Our aim was to search 

for pairs of mutations whose presence led to a separation from the wild-type group in 

drug response pattern and categorization of mutant cell lines into the opposite response 

class compared to the wild-type cell lines, which can imply that the signaling pathways 

perturbed commonly by both mutations are linked to the molecular events contributing 

to the drug response and can nominate the combination of these genes as candidates for 

markers of differential drug response profile. For instance, for a given gene pair A and 

B, this means searching for drugs where maximum screening concentration categorizes 

all cell lines with mutations in A or B into responder class and all wild-type cell lines 
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into non-responder class (or vice versa). To identify these drugs, we analyzed the 

stratification of mutant and wild-type groups with respect to the boundary defined by 

the maximum screening concentration. For each gene pairing, we computed the ratio of 

mutant and wild-type groups in responder and non-responder classes and based on 

these ratios, we identified drugs whose boundaries lead to the categorization of all 

mutant cell lines into one class and all wild-type cell lines into the other class, leading to 

the complete separation of mutant and wild-type groups into non-overlapping 

responder and non-responder categories. 

Results obtained with the available drugs and selected list of pairs of genes 

revealed a potentially interesting pattern of response to microtubule inhibitors when 

endometrial cancer cell lines were stratified based on mutations in CTCF and ZFHX3. 

There were four drugs where only the mutant cell lines were in the responders class and 

all wild-type lines were in non-responder class, satisfying our search criterion of a 

maximum screening concentration based boundary categorizing the mutant and wild-

type groups into the opposing classes. These drugs were vinorelbine, epothilone B, 

vinblastine, and OSU-03012. Interestingly, first three of these four drugs all target 

microtubules. Stratification of the cell lines based on their mutation status and the 

corresponding separation of response can be seen in Figure 17. There is one more 

microtubule inhibitor in this drug panel - docetaxel - and as can be seen in Figure 17, 

only one of the mutant lines fall into the non-responder category in the case of docetaxel 
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and the rest of the cell lines behave similarly to the patterns observed with the other 

three microtubule inhibitors. Even though the sample sizes for the two groups were 

small, the consistency across drugs targeting the same molecular event makes this 

pattern stand out. CTCF encodes for an architectural protein that regulates 3D structure 

of the chromatin by creating topological domains and through this, CTCF regulates 

transcriptional activities of the cell [116]. ZFHX3 encodes for a transcription factor [117], 

and sequence variants of this gene have been implicated to have an association with 

atrial fibrillation [118]. Even though ZFHX3 is frequently mutated in endometrial 

carcinoma patients, there is not a clear understanding of the functional implications of 

these mutations in the context of endometrial cancer. This analysis nominates a potential 

actionable connection between mutations in ZFHX3 and CTCF, signaling events 

perturbed by both mutations, and regulation of microtubule dynamics. Additionally, 

this trend exemplifies a different approach for identifying potential genomic markers of 

drug response, especially applicable to cases where more than one marker trends with 

patterns of sensitivity. In certain cases, combinations of genomic alterations correlate 

with drug response profile instead of a single event, however searching through all 

possible combinations of alterations is computationally challenging. Based on the 

assumption that certain druggable vulnerabilities are linked to specific changes in the 

signaling network of a cell, we can focus on pairs of genes whose mutations induce 

similar signaling changes and look for drug response patterns correlating with these 
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convergent pathways, exploring a unique space of combinations of genomic markers. 

Overall, this underscores the potential of linking dysregulated signaling events shared 

across distinct genomic alterations to find druggable vulnerabilities of tumors. 

 

Figure 17: Response profiles of UCEC cell lines to microtubule inhibitors. Each 
graph depicts IC50 values of a microtubule inhibitor, whose name is listed at the top of 

the graph, measured across a set of endometrial carcinoma cell lines. Black circles 
represent cell lines that have mutations in either CTCF or ZFHX3 whereas blue circles 

represent cell lines that are wild-type for both. Red lines represent the maximum 
screening concentration of each drug. 

3.1.4 Discussion 

Mutations in genes that are critical in maintaining cellular homeostasis are one of 

the main events that contribute to tumor development and progression. Understanding 

the functional contributions of genes to the overall signaling network helps us discover 

the molecular events that are perturbed when they are mutated and how these 

perturbations contribute to tumorigenesis. For instance, extensive work on the molecular 
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events downstream of receptors like ErbB family paved the way to improve our 

understanding of how mutations in these genes are used by tumors to ensure survival 

[119]. Additionally, discovering functional relationships and cross-talks between 

different genes reveals multitude of ways tumors use to perturb the same signaling 

events, like how mutations in numerous different genes can lead to the activation of 

MAPK signaling [120]. These are especially valuable findings as redundant ways of 

achieving same signaling changes have the potential to affect outcomes of therapeutic 

interventions [121]. 

These critical insights gained from individually studying effects of mutations 

have motivated us to perform the analysis workflow described above on a variety of 

genes frequently mutated across different tumor types, in order to gain a perspective on 

the range of changes observed across different tumors. We were especially interested in 

approaching this problem from a signaling network-based point of view, rather than 

simply focusing on lists of differentially expressed genes. Genes which display 

dysregulated expression in the presence of a mutation offer us a snippet of the signaling 

changes that occur when a cell is adapting to a particular mutation. The label 

propagation-based methodology described above expands this limited look into a more 

cohesive and expansive network, highlighting individual signaling or regulatory events 

that these genes take part in. This in turn can be used to study the range of molecular 
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events associated with a particular mutation, revealing both known and novel 

downstream effects that are induced by the alteration.  

These network views obtained with label propagation gave us the opportunity to 

study the variety of pathways that are affected by different mutations. Examining the 

network associated with EGFR mutations in lung adenocarcinoma nominated additional 

pathways of interest, such as regulation of telomerase, that are perturbed downstream of 

EGFR mutations in addition to canonical EGFR signaling events like MAPK signaling. 

ARHGAP35-associated network helped us generate hypotheses on the roles of this gene 

in endometrial carcinoma, that potentially include dysregulation of activities of Rho 

GTPases and EGFR signaling regulation through endocytosis. We can additionally 

follow up on hypotheses generated based on these individual networks with 

experimental validation studies, to characterize the functional contributions of signaling 

events observed in these networks.  

Studying pairs of networks and their similarities revealed the signaling events 

tumor cells converge on through mutations in distinct, and sometimes seemingly 

unrelated genes. By computing a distance metric that focuses on shared signaling 

events, we were able to discover pairs of genes whose mutations lead to the 

dysregulation of overlapping molecular events. For instance, the similarity observed 

between CDKN1A and FBXW7-associated networks proposed the idea that cell cycle 

dysregulation in bladder carcinoma can be achieved by directly inactivating a CDK 
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inhibitor or alternatively, by inactivating a regulatory element. Additional key insight 

gained through this approach includes identifying potential roles for genes whose 

mechanistic connections to tumorigenesis are unclear, such as TSHZ3. Along with 

SETD2’s previously suggested role in regulating p53’s transcriptional activity [105], the 

contribution of p53 and its downstream signaling events, such as plasminogen activator 

signaling, to the maximal common subgraph of TSHZ3 and SETD2-associated networks 

offers further support to the hypothesis that TSHZ3’s role in lung adenocarcinoma 

include regulation of p53 activity [106]. On the other hand, the PTEN and PIK3CA-

associated networks generated through our analysis of endometrial carcinoma datasets 

highlight the underappreciated divergence in signaling changes that may occur as a 

result of these mutations. In most cases, effects of mutations in these genes are linked to 

the activation of PI3-kinase pathway. In line with the growing evidence that these 

mutations might have distinct roles apart from PI3-kinase pathway activation [114], our 

analysis points to additional, non-overlapping signaling changes that are induced by 

these mutations and highlights the importance of investigating the broader signaling 

changes that can happen downstream of a mutation, instead of only focusing on major 

signaling events. Overall, comparing and contrasting of dysregulated signaling 

networks of different mutations offered us a unique look into the intricate molecular 

changes tumors rely on to survive, emphasizing the range of known and unexpected 

connections present across mutations. 
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Lastly, we showed how these patterns of similarity can be used to search for 

novel therapeutic connections. Similarities reflected in molecular states induced by two 

different mutations also have the potential to be linked to similar drug response 

patterns. This means that we can use genes with similar downstream signaling changes 

to define a new search space that stratifies samples based on the combination of these 

genes rather than simply stratifying based on individual genes. This type of stratification 

scheme has the potential to uncover unique relationships between a set of genomic 

markers and drug response that could otherwise be missed by traditional “one 

mutation/one drug” correlation analyses. For instance, by stratifying endometrial 

carcinoma cell lines based on mutations in both CTCF and ZFHX3, we observed a 

pattern of differential response to microtubule inhibitors, and this pattern would not 

have been apparent if we stratified cell lines based on individual mutations. Therefore, 

this detailed look into the dysregulated state of signaling networks has the potential to 

inform discoveries of unique markers of drug sensitivity.  

Overall, the main takeaway from these analyses is the importance of 

investigating the broader impacts of a genomic alteration on the cellular homeostasis. 

Sequencing genomes of a variety of tumors revealed that there are many distinct genes 

that are altered across the patient population [79][80]. From a therapeutic standpoint, 

this observation makes designing therapies challenging if we need to target these 

distinct alterations individually. However, once we start looking further into these 
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alterations and examining the molecular events they contribute to or dysregulate, we 

can see that these alterations are not as disparate as they initially seem. The approach 

detailed above and other related studies reveal that these different genomic events are 

converging on a smaller number of critical cellular processes, where these large number 

of distinct alterations are mapping to a limited set of signaling pathways [122][32][123]. 

As a result, the focus can shift from a long list of altered genes to a smaller list of 

molecular events, becoming a more manageable set of events to study in detail and 

target. Therefore, the current critical step in analysis of high-throughput cancer datasets 

is placing these alterations into the relevant cellular context, revealing the pathways 

affected by each alteration, and designing therapeutic strategies accordingly, which is 

why the main aim of these analyses have been improving our understanding of the 

connection between genomic alteration and signaling network of a given cell. 

3.2 A study of signaling networks associated with drug-resistant 
tumors 

Therapeutic resistance limits the long-term activity of many anticancer agents, 

including targeted therapies. Resistance can be driven by diverse mechanisms, including 

“gatekeeper” mutations in the drug’s target that prevent drug binding and other 

alterations that cause either reactivation of the targeted biochemical pathway or 

activation of alternative compensatory survival pathways [124]. 

To address this challenge, genomics driven approaches have been proposed by 

several groups [125]. The central idea behind these approaches is to biopsy resistant 
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tumors, then use genomic and transcriptomic methods (e.g., next generation DNA/RNA 

sequencing) to reveal the particular genomic alterations driving resistance. This 

information can then in principle be used to rationally design therapy regimens that 

overcome resistance. While still early, the results of using this approach in both 

preclinical and clinical settings have been mixed. On one hand, some studies have 

demonstrated success in designing effective secondary therapies targeting specific 

mechanisms of resistance, especially when resistance is driven by gatekeeper mutations 

like those frequently found in BCR-ABL, EGFR, and ALK [126][127][128][129]. On the 

other hand, studies in other cancer settings have demonstrated that effectively reversing 

established resistance with secondary therapies can often be challenging, suggesting that 

upfront therapies that preemptively anticipate resistance mechanisms may be preferable 

[130][131][132][133]. 

These observations call into question the generalizability of using genomic and 

transcriptomic markers to prioritize therapy options to reverse resistance. In particular, 

two problems may confound this approach. First, it is unclear whether genomic and 

transcriptomic data will be sufficient to reliably identify the functional resistance 

mechanism(s) at play in diverse tumors. Recent sequencing studies have demonstrated 

the existence of multiple potential resistance mechanisms co-existing within individual 

tumor biopsy samples, suggesting the possibility that some may be functioning as 

resistance drivers while others are merely passengers or remnants of genomic events 
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that occurred in previous stages of tumor progression [134]. Separately, recent studies 

combining sequencing and drug screening in cell lines derived from resistant tumors 

suggest that functional drivers of resistance are sometimes not identifiable from 

sequencing data alone, a finding that is consistent with the observation that in many 

resistant tumors, candidate resistance alterations are not identified [135][136][130]. 

The second challenge that may confound efforts to define combination therapies 

for resistant tumors based on genomic data is intratumor heterogeneity. Previous 

studies have suggested that tumor samples from different sites within a single patient 

can be drastically different from one another in terms of their genomic architectures [12]. 

This genomic heterogeneity implies that resistance may arise simultaneously from 

multiple different tumor cell clones within a single patient, potentially through different 

mechanisms [130][134]. As such, resistance mechanisms identified through genomic 

analysis of a single biopsy might not be observed in other resistant sites within the same 

patient, and therefore therapy regimens designed based on that information might not 

be effective against all resistant sites. Given that sampling all potential resistant tumor 

sites within a patient through multiple solid tissue biopsies or deep characterization of 

circulating tumor DNA is currently a technical challenge, and that higher order 

combination therapies may have substantial toxicities, it is clear that the extent of 

intratumor heterogeneity observed within a single patient will be an important 

determinant of the success of personalized therapy designs. 
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With these concerns in mind, we became interested in examining the level of 

heterogeneity of resistant tumors, both across and within patients, especially to examine 

how genomic alterations affect molecular events and perturb cellular homeostasis. We 

aim to perform an analysis on each individual resistant tumor separately to get an 

understanding of dysregulated molecular events observed in each, using the label 

propagation-based workflow described above. Then, analyzing these results across 

samples can reveal the patterns of heterogeneity or molecular events shared across 

samples, both across tumors with different resistance mechanisms and within multiple 

sites from a single patient.  

While there are many different algorithms that can use high-throughput genomic 

and transcriptomic data to gain a better understanding of tumor biology [26][137], none 

are particularly well-suited to the unique challenge posed by diverse collections of 

individual resistant tumors. These various algorithms typically gain power from 

working at a population level, drawing inferences from a set of tumor samples obtained 

from a population of individuals. However, for studying resistance and heterogeneity 

across samples, it is necessary to perform analyses that can work with a single sample, a 

prerequisite that prevents the use of the aforementioned algorithms for these 

applications.  Newer approaches, including PARADIGM [138] and Pathifier [139], can 

identify dysregulated pathways at a single sample level, but they are not suitable for 

exploring the interactions between these pathways in a network view. Thus, our label-
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propagation based approach is suited to circumvent these challenges and offers us the 

opportunity to examine signaling network level changes that contribute to resistance in 

each individual sample.  

Another advantage of the label propagation-based approach is the scope of 

analysis it allows us to perform. We are not solely interested in the changes that are 

happening at the genome level, such as mutations and small insertions or deletions. 

Focusing only on these events creates an isolated view – we know which genes are 

affected by the genomic events, but we do not get an insight into the downstream 

changes to the signaling network happening as a result of these changes. As an 

alternative, connecting genes to pathways and performing analyses at the level of 

pathways promises to be a more powerful approach in understanding the biology of 

tumors [25]. This approach would be based on the hypothesis that common resistance 

pathways may be activated by diverse, mutational or non-mutational mechanisms, 

suggesting that strategies to overcome resistance should prioritize the pathways through 

which resistance functions rather than the specific alterations driving those pathways, 

which may vary from patient-to-patient and tumor-to-tumor. 

Therefore, we are interested in exploring how label propagation-based workflow 

can be used to study signaling network-level changes occurring in resistant tumors, 

relative to their matched parental counterparts on a single sample basis. We can then use 

resulting networks along with the genomic alterations that are putatively driving 
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resistance in these tumors to examine correspondence between the two and investigate 

the level of similarities and differences both across and within patients, drawing insights 

that may have important implications for the design of therapeutic strategies to 

overcome resistance. 

3.2.1 Defining networks associated with tumors resistant to BRAF 
inhibition 

The sections below will focus on how Hugo et al.’s work on melanoma samples 

resistant to MAPK inhibition is used to analyze the signaling networks of resistant 

tumors [134]. This dataset is composed of melanoma patients who were treated either 

with single BRAF inhibitors or a combination of BRAF and MEK inhibitors. Patient 

samples were obtained at baseline state of the tumor and after tumors have progressed 

into a resistant state following treatment, typically sampling multiple resistant sites from 

a single patient. These samples were then used to perform whole genome sequencing 

and RNA-sequencing to obtain information about their genomes and transcriptomes, 

which can then be linked to genomic and non-genomic putative drivers of resistance. In 

our analysis, we focused on patients treated with BRAF inhibitors only, to focus on the 

effects of single drug treatment. Additionally, there are more samples solely treated with 

single BRAF inhibitor, which would allow us to look across a broader set of patients. 

This subset is composed of thirty resistant samples obtained from thirteen individual 

patients, along with a matched pretreatment sample of each individual patient. Most 
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patients are represented with one-to-three separate sites and only one patient’s dataset 

contains eight different sites. 

As the first step of the analysis, each individual resistant sample was compared 

with its matching baseline sample to identify genes that have dysregulated expression 

patterns between these two states. Log-fold change of expression between resistant state 

and baseline state was computed and sorted based on the absolute value of fold change. 

Then, genes with absolute log-fold change greater than 1 and that are within the top 5% 

of the sorted list were used to create the gene set of interest. This set of genes was used 

as the set of labeled nodes to run label propagation algorithm with established 

parameters as described above and these steps were performed for each resistant sample 

individually. At the end, we generated a unique subnetwork for each resistant sample, 

representing the signaling events that are connected to these dysregulated genes and 

revealing an insight into the transcriptional changes that occur in resistant samples. 

Examining these networks individually reveals the variety of molecular events that are 

transcriptionally dysregulated in resistant tumors. Studying these signaling pathways 

can help us generate hypotheses on how each different site evolved resistant to BRAF 

inhibition. Additionally, cross-referencing this information with genomic sequencing 

data can help us bridge the gap between genomic alterations and their functional 

consequences, allowing us to link putative resistance drivers to functional perturbations 

to the signaling network.  



 

83 

As an example of a typical result we obtain at the end of this analysis, Figure 18 

shows the network associated with Pt10-DP3 resistant sample, where some of the 

interesting signaling events are highlighted in different colors. This sample was 

annotated to have putative alterations that lead to MAPK pathway reactivation, PI3K 

pathway activation, MET upregulation and LEF1 downregulation [134]. In this network, 

we do observe the presence of signaling events that could be perturbed as a result of 

these alterations. For instance, BRAF, HRAS, and SOS1 are part of the starting gene set 

and “Regulation of Ras family activation” is one of the pathways found in this network. 

These support the idea that this sample might have reactivated MAPK signaling 

following BRAF inhibition, which is a very common mechanism of resistance. We also 

observed pathways such as “Class I PI3K signaling events”, “mTOR signaling 

pathway”, and “Signaling events mediated by Hepatocyte Growth Factor Receptor (c-

Met)” as part of this network, which provide functional links to putative drivers that 

result in activation PI3K signaling and upregulation of MET. Interestingly, “Integrins in 

angiogenesis” is another signaling event contributing to this network and cross-talk 

between MET and integrins in relation to cell survival and drug resistance has 

previously been established [140][141]. Finally, Hugo et al. inspect the relationship 

between LEF1 downregulation and β-catenin signaling and a number of genes and 

interactions belonging to related pathways can be also seen in this network, in line with 

known functional interactions of LEF1 with β-catenin signaling [142][143]. Overall, by 
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investigating these individual networks, we can examine how putative genomic and 

non-genomic resistance mechanisms affect the signaling network, identifying the 

relevant molecular events and cross-talk between them. This can help us further 

understand different processes that contribute to the emergence of resistance.   

 

Figure 18: The network associated with Pt10-DP3 resistant sample. Genes part 
of the labeled node set are shown in yellow. Edges belonging to different signaling 

events are color-coded and corresponding pathway names are listed on the upper right. 
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3.2.2 Across-patients analysis of networks associated with drug-
resistant tumors 

Generating thirty different networks across thirteen different patients gave us the 

opportunity to study relationships between these networks, revealing the molecular 

events that are conserved across tumor sites and patients, and heterogeneity observed at 

the signaling network level. To investigate these patterns quantitatively, we computed 

the distances between every pair of networks, based on the maximal common subgraph 

distance metric described above, creating a 30-by-30 pairwise distance matrix revealing 

the varying levels of similarity observed across these samples. 

We can look at this pairwise distance matrix from different perspectives to gain 

an understanding of the different properties of this dataset. Initially, we were interested 

in studying how genomic and transcriptomic changes with the potential to drive 

resistance relate to the patterns of similarity we observe across samples. To achieve this, 

we first needed to determine the possible resistance drivers observed in each sample. As 

seen in Figure 19, five different mechanisms of resistance that are discussed by Hugo et 

al. were annotated across samples: MAPK pathway reactivation, PI3K pathway 

activation, MET upregulation, LEF1 downregulation, and YAP signature enrichment. 

The first two events are well-known mechanisms of resistance against BRAF inhibition 

[144] and the remaining three are defined by Hugo et al. as additional putative resistance 

drivers [134]. Genomic events, such as amplifications or point mutations, and 

transcriptomic changes, such as overexpression, resulting in gain of function changes in 
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BRAF, NRAS, KRAS and MAP2K1 are annotated as contributors to MAPK pathway 

reactivation. Downregulation of NF1 is also in this category. Gain of function events in 

PIK3CA, PIK3R2 and AKT1 along with loss of function events in PTEN are annotated as 

contributors to PI3K pathway activation. Gain of function events in MET, loss of 

function events in LEF1, and enrichment of YAP signature are the remaining categories 

of potential drivers. In this mapping, only changes in the direction that is known to lead 

to resistance are considered. For instance, gain of function events in LEF1 or loss of 

function events in MET are not included in Figure 19 as only loss of function of LEF1 

and gain of function of MET have the potential to drive resistance. Overall, this mapping 

shows us the compendium of potential mechanisms of resistance observed in each 

sample, revealing that majority of samples contain alterations in multiple putative 

resistance pathways. Additionally, MAPK pathway reactivation is the pathway that is 

most commonly altered, where twenty one out of thirty samples show at least one 

alteration that can turn MAPK signaling on. This underscores the importance of this 

pathway in melanoma biology and highlights the variety of mechanisms tumors can use 

to reactivate a signaling event targeted by a therapy. 
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Figure 19: Putative drivers of resistance found in melanoma patients. This 
matrix represents alterations observed in each sample that have the potential to drive 
resistance. Columns represent individual samples and rows represent different genes 

with alterations. A red cell corresponds to the presence of a gain of function alteration in 
that sample, a blue cell corresponds to a loss of function alteration, and a white cell 

corresponds to a lack of resistance driver alteration. Purple cells along YAP row 
corresponds to the YAP signature enrichment. Color-coded annotation on the left 

represents the grouping of alterations into their corresponding pathways. The ordering 
of pathways in this color-code from top to bottom is MAPK (light blue), PI3K (navy), 

MET (red), LEF1 (yellow), and YAP (green). 

Before delving further into the relationship between resistance mechanisms and 

similarity patterns, we generated a heatmap of the distance matrix to get an overview of 

the level of similarity found between the networks. As is evident in Figure 20, the matrix 

is dominated more by pairs of networks with higher distances, implying a heterogenous 

distribution of signaling events that are dysregulated across these resistant samples. 

Nevertheless, the presence of pairs with higher similarity means that there still are 
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specific signaling events that are conserved across a subset of samples and identifying 

these samples along with the shared signaling pathways has the potential to reveal 

molecular events that are driving this connection. We also identified the most similar 

and the most different networks to examine the patterns associated with these extremes. 

The most similar pair of networks in the pairwise distance matrix is Pt17-DP1 and Pt17-

DP2 (Figure 20). Interestingly, these two are the only samples obtained from Pt17 and 

their putative resistance mechanisms affect the same four pathways (Figure 19). 

Therefore, shared patient identity and resistance mechanisms could explain why these 

two are the most similar in the whole panel. In contrast, the most different pair of 

networks is seen between Pt10-DP1 and Pt20-DP1. Pt10-DP1 is annotated to only have 

MAPK reactivation and Pt20-DP1 is annotated to only have MET upregulation, therefore 

there is no overlap within the resistance drivers we annotated. Furthermore, these two 

samples are obtained from two different patients and these factors might contribute to 

this high dissimilarity. Finally, we computed the average distance of each network to 

every other network, to identify the network that is the most dissimilar to other samples. 

That sample is Pt20-DP1, the only sample in the panel from Pt20. This sample is also the 

only one where the only annotated putative resistance mechanism is MET upregulation. 

As discussed above, the majority of samples reactivate MAPK signaling and presence of 

multiple putative resistance drivers are also more common than single events. 

Therefore, solely relying on MET upregulation might have perturbed the signaling 
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network of this sample differently than the other samples with differing combinations of 

pathways and might contribute to this sample having a network different from the rest 

of the networks.  

 

Figure 20: Hierarchical clustering of the pairwise distance matrix of networks 
associated with resistant samples. Color code is shown in the upper left corner, where 

red corresponds to smaller distance values and blue corresponds to higher distance 
values. 

The heatmap in Figure 20 can give us an insight into some of the higher-order 

patterns or outliers, however it is hard to investigate the relationships between 

resistance drivers and individual networks based on this view.  To create an alternative 

look that integrates similarity information represented with the pairwise distance matrix 
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with the potential drivers of resistance, we created a graphical view where each sample 

is represented with a node and edges connecting them are weighted based on the 

distance values, where the width of the edge increases with increasing similarity. Figure 

21 represents this graph, where nodes are color-coded based on the combination of 

potential drivers of resistance that are observed in each sample. To present a clearer 

view and exclude connections between heterogeneous samples, edges are filtered based 

on their distance value – only the edges with a distance value smaller than the average 

of the complete pairwise distance matrix are shown in this graph. With this graph, we 

can see the varying degrees of distances observed between these thirty samples. Some 

samples, such as Pt10-DP5 and Pt20-DP1, are connected to only one or two others 

whereas other samples, such as Pt10-DP8 and Pt8-DP3, share some level of similarity 

with a lot of different samples.   
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Figure 21: A graph representing each resistant sample and their pairwise 
distances. Each node corresponds to an individual resistant sample and they are color-

coded based on the annotated resistance mechanisms. Color-key showing representative 
color of each resistance pathway is shown in the upper-left corner. Edges are weighted 
based on distance values, where smaller distances correspond to increased edge width.  

Even after filtering the matrix to focus on smaller-than-average distance values, it 

is hard to study patterns to link samples with similar resistance mechanisms to each 

other or to understand how this relates to pairwise distances between samples from 
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Figure 21. To obtain a more sparse view that can help us gain a better understanding, we 

generated a minimum spanning tree (MST) of the complete pairwise distance matrix 

using Kruskal’s algorithm [145]. Minimum spanning tree can be seen as a summary of a 

given graph, where all nodes are represented, and they are connected to each other 

without any cycles and with the set of edges that corresponds to the minimum possible 

total edge weight. Kruskal’s algorithm [145] achieves this by building a tree that starts 

from the pairing with the smallest edge weight and continues to introduce edges in 

increasing weight order and avoiding the introduction of cycles to this tree structure. 

The resulting MST is shown in Figure 22 and similar to Figure 21, this tree shows nodes 

with color codes based on the potential resistance mechanisms observed in the samples. 

This time, however, edges are color-coded too, and they represent the combination of 

potential resistance mechanism(s) shared between a pair of samples connected by a 

given edge. This MST structure is a more concise look at the distance matrix compared 

to Figure 21. For each sample, it highlights the sample(s) that it is most similar to, which 

in turn helps us see the patterns of similarity found in this matrix – especially in relation 

to the drivers of resistance – more clearly. Interestingly, the majority of edges reflect at 

least one potential mechanism of resistance common to both samples. This might imply 

that these alterations driving resistance are affecting similar molecular events across 

tumor sites and patients. As a result, these shared molecular events are a part of both 
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samples’ networks and presence of these overlapping events across both networks 

contribute to a bigger MCS and increased similarity.  

 

Figure 22: The minimum spanning tree of the pairwise distance matrix of 
resistant samples. Each node corresponds to an individual resistant sample and they are 

color-coded based on the annotated resistance mechanisms. Color-key showing 
representative color of each resistance pathway is shown in the lower-left corner. Edges 
are weighted based on distance values, where smaller distances correspond to increased 
edge width. Color code of edges represents shared resistance mechanisms between the 

two nodes, by mixing the colors corresponding to pathway(s) shared between two nodes 
connected to the edge. Dashed gray edges correspond to the cases where there is no 

shared resistance mechanism between the two samples. 

In this analysis, we annotated resistance driven by five different pathways and 

yet, Pt2-DP1 and Pt3-DP1 do not have any changes in these pathways that could be 

listed as a putative resistance driver. This implies that even with five different pathways, 

we have not been able to account for all potential resistance drivers and this in turn 

could mean that some of the similarities we observed in MST in Figure 22 can also be 
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driven by these unexplored putative drivers, especially with cases where there is not a 

shared mechanism along an edge. For instance, Pt3-DP2 and Pt5-DP2 do not share an 

annotated resistance mechanism. Therefore, we turned our attention to their MCS to 

examine the pathways common to both networks and to see if any of them could be a 

potential resistance driver. The MCS can be seen in Figure 23, where genes that are part 

of the gene signature of both samples are shown in yellow. JUN is one such gene that is 

differentially expressed in both samples and signaling events related to it, such as “AP-1 

transcription factor network”, are part of this MCS. Supporting the importance of this 

pathway, there are several studies that discuss the roles of AP-1 transcription factor 

family and especially JUN in malignant melanoma [146][147]. Additionally, multiple 

studies revealed that dysregulation of c-Jun activity can contribute to resistance to BRAF 

inhibition in melanoma [148][149][150], suggesting an important role for JUN in Pt3-DP2 

and Pt5-DP2. Taken together, we can see that even though these two samples do not 

share any of the resistance driving alterations that we annotated, our approach that 

focuses on the broader spectrum of changes affecting the signaling network of 

individual samples has revealed a biologically meaningful connection between the two. 

This connection was then linked to an alternative resistance mechanism apart from the 

ones we described, implying that we have not been able to integrate all possible 

resistance driver alterations into our annotations. This also highlights the challenge of 

generating an exhaustive list of alterations that can drive resistance to a given therapy, 
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given that five different categories reflecting major signaling events was not successful 

in fully annotating all samples in the panel leading to cases like Pt2-DP1 and Pt3-DP1.  

 

Figure 23: The maximal common subgraph of Pt3-DP2 and Pt5-DP2-associated 
networks. Yellow nodes represent genes that are differentially expressed in both 

samples. Edges belonging to two signaling events listed in the lower-left are highlighted 
in the corresponding color. 

In summary, individual networks associated with each resistant sample were 

used to integrate the resistance driver alterations with the similarities observed between 

these samples. Even though these drivers have the potential to induce signaling changes 

shared across samples that can be revealed by links between samples with overlapping 

alterations, the difficulty of identifying all possible resistance mechanisms makes it 

challenging to fully annotate each sample and each relationship between samples. This 
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underscores the importance of going beyond individual genomic events when studying 

relationships between different samples and the unique perspective offered by our 

analysis that approaches this problem from a signaling network point of view as lack of 

shared annotations did not prevent us from identifying functional biological connections 

and overlapping signaling changes between samples.  

3.2.3 Within-patients analysis of networks associated with drug-
resistant tumors 

After analyzing the distance matrix in relation to the drivers of resistance across 

patients, we then focused on analyzing the patterns within-patient. To study this aspect, 

we shifted our focus to the patients from which multiple samples are available. This 

subset corresponds to twenty-six samples obtained from nine patients. One common 

way of comparing multiple samples from a single patient is focusing on their genomic 

alterations [12]. This analysis can result in constructing evolutionary trees or 

differentiating between the changes that are observed across all samples and the ones 

that are found only in a subset of samples. Following a similar idea, we asked if there are 

resistance drivers that are found in all samples from a given patient, as these 

vulnerabilities can be linked to potential therapies that have a higher chance of being 

effective. To study these patterns, we created individual minimum spanning trees for 

each patient, which are shown in Figure 24. Nodes and edges are color-coded similar to 

Figure 22. Investigating shared mechanisms represented along the edges reveals that 

majority of these patients contain at least one potential resistance mechanism that is 



 

97 

observed across all the samples from that patient, even though the set of alterations 

found in each sample can be quite different from one another.  

 

Figure 24: Minimum spanning trees of individual patients. Complete pairwise 
distance matrix is divided into submatrices based on patient identity and each 

individual submatrix was used to create an individual minimum spanning tree. Each 
node corresponds to an individual resistant sample and they are color-coded based on 
the annotated resistance mechanisms. Color-key showing representative color of each 
resistance pathway is shown in the upper-right corner. Edges are weighted based on 
distance values, where smaller distances correspond to increased edge width. Color 
code of edges represents shared resistance mechanisms between the two nodes, by 

mixing the colors corresponding to pathway(s) shared between two nodes connected to 
the edge. Dashed gray edges correspond to the cases where there is no shared resistance 

mechanism between the two samples. 

In some cases, multiple samples from the same patient share the exact set of 

alterations. For instance, both samples from Pt5 have alterations that results in MAPK 

pathway reactivation and both samples from Pt17 contain the same four putative 

drivers. On the other hand, in some cases there is an alteration that is common to all 
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samples, but the exact combination of alterations is different in different samples. For 

instance, all three samples from Pt8 show downregulation of LEF1 but two of them are 

annotated to have additional potential drivers. Both samples from Pt15 show 

enrichment of YAP signature but they also have non-overlapping alterations in PI3K 

and MAPK pathways. Pt10 is an interesting case with the highest number of different 

samples and all of these sites contain an alteration that can reactivate MAPK signaling, 

even though most of them also have additional alterations affecting different pathways. 

Looking into Pt10’s MST in Figure 24 shows that samples with similar sets of alterations 

are connected to each other and therefore are more similar to each other compared to the 

remaining samples from Pt10. Pt10-DP3, Pt10-DP8, and Pt10-DP9 have alterations 

affecting the same four pathways and they are neighboring each other in the MST. Pt10-

DP2 and Pt10-DP4 also have the same set of alterations and they are closest to each 

other. This observation might provide additional support to the hypothesis that these 

individual genomic or transcriptomic alterations are affecting similar pathways across 

samples and these overlapping signaling changes are contributing to the similarities we 

observe through our analysis. Additionally, by looking at all samples from an individual 

patient, we can nominate certain alterations as the early events in the tumor’s 

evolutionary path – such as LEF1 downregulation in Pt8 – and hypothesize that the 

others have accumulated when individual samples were evolving to survive in separate 

sites with different environmental constraints. 
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Pt2 and Pt3 trees do not have edges with shared mechanisms due to the lack of 

annotated mechanisms in Pt2-DP1 and Pt3-DP1. However, in the previous section, we 

have seen that it is possible for connections between samples be driven by overlapping 

signaling changes whose functional roles in resistance have not been included in Hugo 

et al.’s annotations. Therefore, we examined the signaling events shared between 

samples of Pt2 and Pt3 to explore the possibility of additional molecular changes that are 

conserved across the samples originating from the same patient (Figure 25). Figure 25A 

shows the MCS of Pt2-DP1 and Pt2-DP2-associated networks. One of the patterns we 

noticed in this subnetwork is the presence of many genes with roles in cell cycle 

regulation. CDK2 and CDKN1A are differentially expressed in both samples and 

additional genes identified through label propagation include CDK4, RB1, CEBPB, 

CCNE1, and CCNG1, all of which have critical roles in ensuring proper regulation of cell 

cycle [151]. Dysregulation of cell cycle homeostasis is a strategy employed by many 

tumor types to ensure continued proliferation [152], however we can also establish more 

specific links between these particular group of genes and how they contribute to 

progression of melanoma or to drug resistance phenotypes [153]. For instance, a study 

by Jalili et al. explores the connection between MAPK signaling and CDKN1A in 

melanoma [154] and another study by Azimi et al. nominated CDK2 targeting as a 

potential mechanism to overcome resistance to BRAF and Hsp90 inhibitors [155]. CDK4 

inhibition is also proposed as a way to treat BRAF inhibitor resistant melanoma 
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[156][157]. Taken together, we can argue that transcriptional changes leading to cell 

cycle dysregulation is a critical molecular event contributing to the resistance phenotype 

of both samples from Pt2.  

 

 

Figure 25: Common signaling events observed in Pt2 and Pt3 samples. A) The 
maximal common subgraph of Pt2-DP1 and Pt2-DP2-associated networks is shown. 
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Yellow nodes represent genes that are differentially expressed in both samples. Edges 
belonging to the signaling event listed in the upper-left are highlighted in the 

corresponding color. B) The subnetwork shared across Pt3-DP1, Pt3-DP2, and Pt3-DP3 is 
shown. Yellow nodes represent genes that are differentially expressed in all three 

samples. Edges belonging to two signaling events listed in the upper-right are 
highlighted in corresponding colors. 

Figure 25B represents the subnetwork that is common to all three samples 

obtained from Pt3. Similar to Pt2, there are some differentially expressed genes that are 

common to all samples. One of the molecular events found in this network is 

“Urokinase-type plasminogen activator (uPA) and uPAR-mediated signaling”, which 

can lead to apoptosis in melanoma cells [158] and has connections with p53 signaling 

[103]. Another shared differentially expressed gene CTGF is found to be important in 

metastatic melanoma biology [159][160]. Additionally, TGF-β signaling is shown to 

contribute to resistance to BRAF inhibition by leading to upregulation of EGFR and 

PDGFRB [161]. Like Pt2, Pt3 samples converge on a set of molecular events with critical 

roles in cellular homeostasis and with the potential to contribute to their resistance 

phenotypes. Even though the set of resistance drivers we initially annotated did not lead 

to alterations conserved across Pt2 and Pt3 samples, we can identify a core set of genes 

and molecular events that are dysregulated across these multiple sites by looking at the 

broader signaling changes observed in these samples’ networks. Similar to the across-

patients analysis detailed in the above section, within-patients analysis provides further 

evidence for the importance of integrative analysis approaches that examine 
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downstream effects of genomic and transcriptomic alterations rather than solely 

focusing on alterations themselves.  

3.2.4 Discussion 

Emergence of resistance is one of the major challenges against designing 

anticancer therapies with long term efficacy [162]. Development of drugs that can 

effectively inhibit oncogenic processes offers new therapy opportunities, however 

clinical work with these drugs revealed that initial effective response is typically 

followed by relapse, driven by intrinsic and acquired resistance to therapy [162]. 

Understanding how tumors evolve under therapeutic stress and the molecular processes 

that contribute to emergence of resistance is therefore critical for designing novel and 

effective treatment regimens.  

There have been extensive studies identifying mechanisms that contribute to 

resistance, especially in the context of some of the major oncogenic drivers such as EGFR 

[163] and BRAF [164], and some of these have led to the development of combination 

therapies that aim to overcome or in some cases prevent the emergence of resistance 

[131][132]. However, ongoing work has revealed that there can be many different 

molecular events contributing to emergence of resistance, which makes it challenging to 

generate an exhaustive list of pathways that can drive resistance or design therapies that 

can target all of these various resistance drivers. This necessitates a new perspective for 

studying resistance, as identifying molecular events that are shared across different 
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mechanisms could present a more efficacious targeting point than focusing on 

individual drivers [82].  

Label propagation-based approach described above is suitable for examining the 

possibility of overlapping signaling changes observed across different resistant samples 

as it can be used to generate networks representing signaling pathways dysregulated in 

resistant samples compared to pretreatment transcriptional state. Therefore, we used 

label propagation to define networks associated with molecular changes identified in 

thirty different individual sites resistant to BRAF inhibition obtained from thirteen 

different patients [134]. Individual networks offered insight into the scope of signaling 

events that are transcriptionally dysregulated in these resistant samples, which can be 

connected to hypotheses on the mechanisms governing the emergence of resistance.   

Availability of multiple sites obtained across numerous patients enabled us to 

perform analyses across different tumor sites and patients and explore the relationship 

between changes in their signaling networks and putative resistance drivers. When we 

computed pairwise distances between networks associated with individual samples, we 

saw that pairs who are dissimilar are more common than similar pairs. However, when 

we approached this dataset from a different perspective by creating a minimum 

spanning tree, we observed that similar pairs typically shared putative resistance 

drivers. This implies that alterations in certain signaling pathways are conserved across 

different samples and their connection to shared resistance driver alterations might also 
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imply that these are important contributors to the development of resistance. On the 

other hand, we also observed similar pairs without overlapping annotations of 

resistance mechanisms. One of such cases was observed between Pt3-DP2 and Pt5-DP2, 

where Pt3-DP2 is annotated to have YAP signature enrichment and Pt5-DP2’s only 

annotated driver is reactivation of MAPK signaling. Interestingly, when we analyzed 

their MCS in more detail, we observed shared transcriptional alterations and signaling 

events that relate to c-Jun and AP-1 transcription factor network, which is suggested to 

be a potential mechanism driving resistance to BRAF inhibition [148]. This implies that 

the annotations Hugo et al. generated are not an exhaustive list of all known resistance 

drivers and a detailed look into these signaling networks can reveal presence of 

additional pathways with roles in resistance to BRAF inhibition.  

This observation further complicates the study of resistance, especially if we base 

our stratification of different samples based on their resistance driving alterations. 

Sequencing genomes of these resistant samples can reveal druggable alterations that can 

be exploited to combat resistance and relying solely on these genomic events is one way 

of determining which patients would be suitable for which treatment regimen. 

However, some of these genomic events will be converging on the same signaling events 

[165] and a more effective strategy would be to perform a more integrative approach to 

identify these common convergence points and stratify patients based on that. For 

instance, a study by Hofree et al. has shown that integrating mutation information with a 
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network structure can be used to identify tumors with distinct alterations affecting 

similar pathways, which can then be used to stratify patients into subtypes predictive of 

therapy response or survival [122]. Additionally, a study by Singleton et al. showed that 

diverse pathways that can derive resistance to BRAF inhibition converge on activation of 

MYC signaling, revealing druggable vulnerabilities that can be exploited irrespective of 

resistance mechanism [82]. These observations show that convergence points 

downstream of different genomic alterations and resistance mechanisms exist and 

underscore the importance of identifying these common nodes, which can lead to novel 

opportunities for designing therapies that target these shared events. As illustrated in 

this section, the distance metric described in this work and identification of MCS of pairs 

of networks offer one possible way of systematically searching for these overlapping 

signaling events across a range of phenotypes.  

Multiple samples obtained from the same individual enabled us to also analyze 

this dataset to examine within-patient similarities and differences. We focused on 

examining convergent patterns across the samples from a single patient, related to both 

resistance driver alterations and signaling pathways. We observed that majority of 

patients share at least one putative resistance driver across all samples, and in certain 

cases, there is perfect overlap. This might imply a strong connection between 

evolutionary processes that drive tumorigenesis in a particular patient and the specific 

alteration that is conserved across tumor sites and help us differentiate between the 
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potential roles of different alterations. Studies that focus on building phylogenetic trees 

of individual patients’ tumor sites often reveal two groups of mutations, which can be 

referred to as trunk and branch mutations [12][11]. Trunk mutations are found across all 

samples from a patient and some of them can act as founder events in tumorigenesis. 

Branch mutations on the other hand, are found only in a subset of sites and differences 

between these mutations contribute greatly to intratumor heterogeneity. Looking across 

annotated resistance drivers in this dataset can help us hypothesize on which events are 

found in the trunk of this patient’s evolutionary tree and which events are on the 

branches. For instance, all eight samples from Pt10 has an alteration that can reactivate 

MAPK signaling, underscoring the importance of this pathway in emergence of 

resistance and we can propose that the additional alterations are branch events that are 

restricted to different sites. However, we cannot fully capture the evolutionary path 

leading to the acquisition of these additional alterations because we do not have access 

to information on the sites of biopsies performed to obtain these samples. Pt10-DP2 and 

Pt10-DP4 have the same set of alterations, which could be either because they are from 

the same tumor site or they separately evolved to acquire similar alterations. Having 

more detailed information on biopsy sites can further improve our interpretation of this 

dataset and provide another layer of annotations for us to consider when we are 

analyzing the similarity and differences between these sites. Overall studying 

intratumor patterns has led to observations that are in line with many other intratumor-
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focused studies, where genomic or transcriptional alterations common to all samples are 

accompanied by more heterogenous alterations specific to a subset of samples.  

Trunk mutations are not necessarily the only source of common phenotype 

observed across samples from a single patient. When we examined the shared events 

between networks from same patients, we observed that certain transcriptional changes 

are conserved, and they contribute to overlapping alterations to the signaling network of 

different sites. In Pt2 samples, we observed coordinated transcriptional dysregulation of 

cell cycle regulators, even though these two samples did not share an annotated 

resistance driver mechanism. Similarly, across three samples from Pt3, dysregulations in 

urokinase-type plasminogen activator and TGF-β signaling were shared, further 

supporting the observation that going beyond a limited set of annotations can help us 

better define the level of similarity observed across different samples and identify the 

relevant overlapping changes.   

Observations in this section and in the field emphasize [166] that even though the 

first glance into genomes and transcriptomes of tumors reveals a heterogenous picture, 

detailed and integrative analyses of these samples have the potential to reveal genomic 

and transcriptomic events that are shared across the samples. Therefore, pursuing new 

perspectives in analyses of these high-throughput datasets, such as the one we explored 

via label propagation, have the potential to offer significant contributions to our 

understanding of convergent processes observed throughout cancer genomes. 
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4. Examining drug response profiles of cancer cell lines 
Fully characterizing the molecular events that govern the response to anticancer 

therapies is another major area of focus in cancer research, as this is a key prerequisite to 

determining which set of patients will respond best to a given drug. Similar to projects 

like TCGA, there are multiple efforts that focus on characterizing response of a large set 

of cell lines to a variety of drugs, providing researchers with the resources to better 

understand drug response. Again, the challenge is developing methods to effectively 

analyze these large-scale datasets to make new discoveries about the relationships 

between cancer cells and anticancer therapies. This chapter will focus on analyzing a 

large-scale drug screening dataset to study patterns of drug response, which will help 

improve our understanding of mechanism of action of drugs, define genomic markers of 

response, and determine sets of cell lines that have the best response to a given drug.  

4.1 Methods for analyzing large-scale drug screening datasets  

Understanding the biological mechanisms behind efficient drug response is one 

of the major open questions in cancer research. With the help of genomic studies, 

researchers have been able to identify more and more proteins that are critical for 

tumorigenesis and have the potential to be druggable [167][168], and extensive research 

has been performed to develop novel ways of targeting them [168]. However, designing 

effective therapies is typically more complicated than simply developing a small 

molecule against a given protein, as cross-talk between targeted oncogenic process and 
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other cellular processes or  redundant signaling events compensating for processes 

inhibited by the drug can prevent effective drug response [169][170][121]. This increases 

the importance of performing further research to fully understand how a given drug 

works and biological roles of its target(s), which can then be used to elucidate the 

molecular events that occur following the drug treatment and understand the ways a 

cell can circumvent its death-inducing effects.  

One way of approaching this problem would be performing focused experiments 

with a limited set of drugs studied in a specific context, to fully reveal the mechanism of 

action of these drugs [171][172][173][174]. Alternatively, large-scale drug screening 

approaches can also offer intriguing insight into the relationships between drug 

treatments and cellular response by simultaneously profiling tens or hundreds of drugs. 

One of the earlier works in this area was the drug screening panel that was part of The 

Caner Cell Line Encyclopedia (CCLE), where 947 cell lines were screened with 24 

anticancer drugs [19]. Even with a limited number of drugs, this study has revealed 

interesting connections between genomes, transcriptomes, or lineages of cell lines and 

drug response. Following this, several other studies were performed with larger sets of 

drugs. For instance, the first version of the Cancer Therapeutics Response Portal (CTRP) 

focused on 242 cell lines that were part of CCLE panel and screened them with 354 small 

molecules [175] and the second version expanded this set to 860 cell lines and 481 

compounds [176]. A more recent study, Genomics of Drug Sensitivity in Cancer (GDSC), 
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has focused on a separate panel of 1001 cell lines and measured their response to 265 

small molecules [115]. These studies have focused on single drug responses and their 

effects on a broad set of cell lines. Complementing these, a recent effort led by the NCI 

provides a resource for combinatorial studies by screening pairwise combinations of 104 

anticancer drugs in 60 cell lines [177].  

CTRP and GDSC became the major resources in studying drug response across 

cell lines and genomic backgrounds. One of the typical ways of analyzing these types of 

large-scale drug screening datasets is to build statistical models that can predict whether 

a cell line will respond to a drug or identify markers that correlate with drug response, 

such as logic models that were used to analyze GDSC dataset [115] and enrichment-

based analyses that look for genomic or cellular features enriched in sensitive or 

resistant cell lines [175]. A DREAM challenge on drug sensitivity prediction surveyed 44 

different algorithms that have been developed by the community to predict drug 

response based on cell lines’ genomes, transcriptomes, proteomes, and epigenomes 

[178][179]. One study further expands the search for these markers by defining activity 

scores of transcription factors to identify drug response markers based on transcription 

factor activity levels [180] and some studies took a more integrative approach by 

combining drug response patterns, genomics of cell lines, and protein-protein 

interaction networks to predict drug response [181][182]. The main aim of these types of 

analyses is to identify genomic or transcriptomic markers of response based on the 
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trends observed in cell lines that respond to a given therapy in comparison to the ones 

that are resistant to it and use that information to predict response of new cell lines.  

In addition to methods that focus on predicting drug response and identifying 

markers of response, large-scale drug datasets can also be used to improve our 

understanding of drug mechanism of action [183][184]. For instance, Seashore-Ludlow et 

al. used CTRP v2 dataset to perform clustering of drug responses that would yield 

“sensitivity hotspots” [176]. Focusing on these small clusters that contain drugs with 

similar response profiles revealed that they typically contain small molecules targeting 

same proteins, such as BRAF inhibitors clustering together. Interestingly, there were 

some clusters that were enriched for a particular target along with small molecules 

targeting unrelated proteins. These types of clusters are key to improving our 

understanding of drug targets and mechanism of action, as we can now hypothesize that 

this particular small molecule may be targeting the protein that is enriched within that 

cluster. A similar study was performed by Uitdehaag et al., where 66 cell lines were 

screened with 122 drugs and resulting response profiles were clustered to study the 

emerging patterns of response [185]. Similarly, they also found examples where drugs 

targeting different processes were part of the same cluster and they used this 

information to redefine the targets of these drugs. Both studies highlight the utility of 

drug screens in improving our understanding of mechanistic details of drug response 

and how we can use them to redefine our annotations of drug targets.  
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The studies mentioned above provided great insight into markers of drug 

response and mechanism of action of drugs and one common theme among them is that 

the analysis is typically performed at pan-cancer level. In most of these studies, cell lines 

across many different tissue types are compiled into one group and analyzed as a whole. 

However, we know that histological context is an important determinant of drug 

response. One prime example of this is the BRAF inhibitor vemurafenib. This drug 

shows great efficacy in BRAF mutant melanoma patients [186], in contrast to colon 

cancer patients, where BRAF inhibition is not as effective due to redundant EGFR 

signaling [187][188] revealing that inherent differences between tissue type influence 

drug response. Therefore, analyzing these large-scale drug screening datasets with a 

tissue-specific focus has the potential to reveal additional insight and relationships 

between cell lines and drugs, that would otherwise be not apparent when looked from a 

pan-cancer perspective. This then motivated us to approach the drug screening dataset 

from a tissue-specific perspective, where we aimed to analyze each different tissue’s 

response profiles individually to search for unique markers of drug response, improve 

our definitions of drug targets, and identify drugs that are tissue selective. Additionally, 

we were interested in examining how graph-based approaches can be integrated into the 

analysis of drug screening datasets, as most previous studies rely on regression or 

clustering-based approaches. Representing the dataset in a graph form can also provide 
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a more accessible way of visualizing and exploring the patterns observed in these 

datasets.  

4.2 Tissue focused analyses of drug response profiles 

We focused on the GDSC dataset for this analysis, as it is the more recent dataset 

and has more cell lines [115]. The full panel contains 1001 cell lines and we divided the 

cell lines into tissue types they represent based on corresponding TCGA annotations 

provided by Iorio et al. Different tissue types have different number of cell lines present 

in the panel and we focused on eighteen different tissues with at least ten different cell 

lines belonging to a given tissue. These eighteen tissues and their corresponding TCGA 

annotations are as follows: acute lymphoblastic leukemia (ALL), lymphoid neoplasm 

diffuse large B-cell lymphoma (DLBC), acute myeloid leukemia (LAML), chronic 

myelogenous leukemia (LCML), multiple myeloma (MM), bladder urothelial carcinoma 

(BLCA), breast invasive carcinoma (BRCA), colon and rectum adenocarcinoma (COAD), 

esophageal carcinoma (ESCA), glioblastoma multiforme (GBM), head and neck 

squamous cell carcinoma (HNSC), kidney renal clear cell carcinoma (KIRC), lung 

adenocarcinoma (LUAD), lung squamous cell carcinoma (LUSC), pancreatic 

adenocarcinoma (PAAD), small cell lung cancer (SCLC), skin cutaneous melanoma 

(SKCM), and stomach adenocarcinoma (STAD). The first five tumor types represent 

liquid tumors and the remaining thirteen types are solid tumors.  
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After grouping cell lines based on tissue-of-origin into individual submatrices, 

we then stratified cell lines within each tissue type into sensitive and resistant groups 

based on their IC50 values. This is done for each drug separately, based on an individual 

IC50 threshold. When in vitro studies are performed with individual drugs to assess their 

efficacy, 1μM is the most widely used threshold to determine whether a cell line is 

resistant or sensitive to a given drug [189][190] as doses higher than this could lead to 

off-target effects or could become too toxic to be used in in vivo studies or clinic [191]. 

Additionally, a study comparing the consistency of drug profiles of CTRP and GDSC 

datasets suggests that 1μM can be used as a cut-off that leads to stratification of cell lines 

into resistant and sensitive categories that is consistent across the two drug datasets 

[192]. Therefore, for drugs whose maximum screening concentration was greater than 

1μM, we used 1μM as the threshold for stratification into sensitive and resistant cell 

lines, to ensure that sensitive cell lines have IC50 values that are in an experimentally and 

clinically relevant range. In cases where maximum screening concentration was smaller 

than 1μM, we used the values determined by GDSC as the threshold for stratification 

[115]. In the end, these threshold values were used to convert each tissue’s IC50 

submatrix into a binary matrix. IC50 values smaller than the threshold, which correspond 

to sensitive cell lines, were assigned 1 and values larger than the threshold, which 

correspond to resistant cell lines, were assigned 0. Occasionally there are missing entries 
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in these submatrices where a given cell line’s IC50 value for a particular drug was not 

computed due to technical challenges and those entries are represented with NA. 

First thing we can examine following these steps is the response rate of each drug 

across tissues and search for patterns of tissue specific response. We computed the ratio 

of resistant cell lines to the number of cell lines screened with the drug within each 

tissue type, for each given drug. Resulting values are summarized in the heatmap 

shown in Figure 26. From this, we can see that this matrix is skewed more towards 

resistance, as there are many drugs that have high resistant ratios across all eighteen 

tissues.  

 

Figure 26: Ratio of resistant cell lines across tissues. This heatmap summarizes 
the ratio of cell lines resistant to a given drug, where the ratios are computed separately 



 

116 

for each tissue. Each row corresponds to a different drug and each column corresponds 
to a different tissue. Color code is shown in the upper left corner, where red corresponds 

to high sensitivity ratio and blue corresponds to high resistance ratio.  

However, there are also drugs that have high sensitivity rate across all eighteen 

tissues, though the number of drugs in this category is limited. Drugs in this group are 

mostly general cytotoxic drugs that target major cellular processes, such as DNA 

replication or microtubule homeostasis, (Figure 27A) and this nonspecific targeting may 

contribute to this pattern.  Targeted agents selectively inhibit the activity of a specific 

target and absence of this particular target typically results in non-responsiveness. In 

contrast, cytotoxic agents show a broader range of activity across different tumor types, 

both in vitro [176] and in clinic [193], because they affect processes every cell relies on, 

such as DNA replication. It is worth noting that there are some targeted agents in this 

list, such as dual PI3K/mTOR inhibitors GSK2126458 and BEZ235, emphasizing the 

potency of these drugs. Interestingly, BEZ235 is shown to also inhibit PI3K-related 

kinases ATM and DNA-PKcs, which are proteins with critical roles in double strand 

break repair [194]. Additionally, BEZ235 is shown to be an effective radiosensitizer 

across different tumor types, such as glioblastoma [195], breast [196], and prostate 

cancer [197], by interfering with repair of DNA damage induced by ionizing radiation. 

This effect on DNA damage response therefore, could contribute to the broader efficacy 

of BEZ235.  
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Examining the varying patterns across different tissues, we identified a set of 

drugs where there is a difference in response rates between liquid and solid tumors. 

Figure 27B lists these drugs, along with their resistance ratios across the tissues, where 

all or most liquid tumor cell lines are sensitive to these drugs whereas majority of solid 

tumor cell lines are resistant. CTRP dataset analysis also made a similar observation, in 

which they observed greater sensitivities associated with liquid tumors [175][176], 

underscoring the distinction between these tumor types. There are well-established 

differences between liquid and solid tumors, such as the cell types they originate from 

or frequently observed genomic alterations driving their oncogenesis [198], and these 

inherent differences could be contributing to the observed variability in drug response. 

Overall, these observations highlight the importance of characterizing the discrepancies 

in drug response profiles between liquid and solid tumors in order to identify drugs that 

will show effective response in each group.  
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Figure 27: Examples of drugs with specific response patterns. Ratio of cell lines 
resistant to a drug are shown across tissues. Color code is shown in the upper left 

corner, where red corresponds to high sensitivity ratio and blue corresponds to high 
resistance ratio. A) Drugs that have high sensitivity rate across tissues are highlighted in 



 

119 

this heatmap. B) Drugs that have high sensitivity rate in blood cancers but have high 
resistant rate in solid tumors are highlighted in this heatmap. 

We can further investigate this matrix of response rates to match drugs to the 

tissue types they work most effectively in to develop tissue-selective therapy regimens 

and identify tissues that acts as outliers in drug response. When we cluster this response 

matrix to study the hierarchy of tissues similarities, we first see a major branching 

separating liquid tumors from solid tumors (Figure 28A), which is in line with our 

previous observation. Within the solid tumors grouping, we observed that SCLC is the 

outgroup, where its response patterns show differences compared to the rest of solid 

tumors. More detailed look into the response profiles of individual drugs revealed a set 

of drugs where SCLC cell lines behave differently than the other solid tumor cell lines 

(Figure 28B). For instance, a set of drugs are not effective in SCLC cell lines even though 

the remaining solid tumors have a high rate of sensitive cell lines. Converse is also true 

for another group of drugs, where SCLC cell lines show the best response rate. For 

instance, within solid tumors SCLC has the highest response rate to Navitoclax. A study 

analyzing CTRP panel also made a similar observation, where SCLC cell lines had the 

highest response compared to other solid tumor types [190]. The replication of this 

observation in two different large-scale drug datasets underscores the importance of this 

unique drug response. A more interesting observation from Figure 28B is the presence of 

three different HDAC inhibitors, where SCLC cell lines are more responsive to these 

drugs compared to the most of other solid tumors. This pattern consistent across 
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multiple drugs targeting the same process led us to search for a potential biological 

connection that could explain this response. Small cell lung cancers are characterized by 

loss of TP53 and RB1, and they typically lack alterations in common druggable targets 

but inactivating mutations in NOTCH family was observed in 25% of patients [199]. This 

study also nominates Notch as a tumor suppressor and regulator of neuroendocrine 

differentiation in SCLC patients. A study by Kao et al. showed that HDAC1 is part of a 

corepressor complex regulating the transcription at Notch-activated sites [200]. 

Additionally multiple studies, one of which focuses on small cell lung cancer, have 

shown that HDAC inhibitors can lead to the activation of Notch signaling and 

suppression of tumor growth [201][202][203]. Another HDAC inhibitor Trichostatin A, 

which is not part of the GDSC panel, is also shown to be effective against SCLC [204]. 

Taken together, we can hypothesize that the high response rate to HDAC inhibitors 

observed in these SCLC cell lines could be due to the activation of Notch signaling, 

driven by displacement of HDACs from the corepressor complex. Identifying viable 

therapeutic opportunities is critical for SCLC as currently there are not many effective 

therapy regimens and lack of actionable drivers makes it challenging to use some of the 

clinically approved targeted therapies [199]. Therefore, HDAC inhibitors or other drugs 

highlighted in Figure 28B can be further explored to define new and effective therapies 

against SCLC.  
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Figure 28: Select drugs show different behavior in SCLC cell lines. A) Ratio of 
resistant cell lines matrix is clustered. Color code is shown in the upper left corner, 
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where red corresponds to high sensitivity ratio and blue corresponds to high resistance 
ratio. B) Drugs that behave differently in SCLC cell lines compared to other solid tumors 

are highlighted in this heatmap.  

Focusing on individual tissue types by dividing the cell line panel into tissue-

based groups offered us a new perspective for exploring the relationships between 

histological context and drug response. Ratio of resistance cells across tissue types 

revealed the patterns of selectivity inherent to different drugs, that range from resistant 

across all to effective in one tissue. This underscores the contribution of histological 

context to the efficacy of treatment regimens and the importance of identifying these 

relationships systematically to improve our knowledge on sets of drugs that will be 

effective in each tissue to better design therapies.  

4.3 Drug similarity graphs refine drug-target annotations 

After examining patterns of response rate across tissues, we next wanted to take 

a closer look into the drug response patterns within each tissue type, especially to 

explore the relationships between different drugs. In the section above, we detailed how 

we generated binary response matrices that represent sensitive cell lines with 1, resistant 

cell lines with 0, and cell lines not screened with a particular drug NA. To be able to 

visualize these matrices more clearly, we converted them into bipartite graphs where 

these matrices corresponded to the adjacency matrix of the graph. The nodes of this 

bipartite graph are cell lines and drugs, and there is an edge between a drug and a cell 

line if the cell line is sensitive to the given drug. This bipartite graph offers a clearer look 
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into the patterns that are found in the response matrix, making it easy to identify the list 

of cell lines responding to a given drug or the set of drugs a given cell line responds to. 

One of the questions that we are interested in answering with this dataset is the 

relationship between response patterns of different drugs and if an overlap between 

sensitive cell lines of different drugs is only observed when these drugs targets similar 

processes. To better examine these relationships, we generated a follow-up graph based 

on drug-cell line patterns found in the bipartite graphs. By using the adjacency matrix of 

a tissue, we can focus on each individual drug and identify drug(s) that show the same 

response pattern within the set of cell lines that were screened by both drugs. Through 

this step, we can identify sets of drugs where the same set of cell lines are sensitive to 

them and introduce an edge between these drugs to create a new graph of drug 

similarities. A schematic describing these steps is shown in Figure 29. This new graph 

provides us the opportunity to identify groups of drugs that show the same pattern of 

selectivity when it comes to the difference between sensitive and resistant cell lines, 

which might imply a connection between these drugs, their targets, and the properties of 

sensitive or resistant lines.  
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Figure 29: A schematic describing generation of bipartite response and drug 
similarity graphs. A binary response matrix is generated by stratifying cell lines into 
sensitive (1) and resistant (0) categories, based on each drug’s response patterns. This 

matrix is then used to generate a bipartite response graph, where an edge is introduced 
between a cell line and a drug only if that line is sensitive to the drug. Topology of this 

graph is used to generate a drug similarity graph, where an edge is introduced between 
drugs that are connected to the exact same set of cell lines in the bipartite response 

graph.  

We followed this scheme to generate drug similarity graphs for all eighteen 

tissues we listed above. An example graph can be seen in Figure 30A, that is based on 

the response patterns observed in acute myeloid leukemia cell lines. In this graph, each 

drug is shown with a white node and each drug is connected to other drug(s) that shares 

a set of sensitive cell lines. To offer an additional layer of annotation, pathways targeted 

by these drugs are introduced to the graph represented with red nodes and this 

provides us insight into the targets of drugs that are part of the same community within 

this graph. To identify and extract direct interactors of each drug node in this drug 
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similarity graph systematically, we used breadth-first search [205], an algorithm that is 

tailored to traverse a graph starting from a selected node to identify all reachable nodes 

from it along with their distances to the starting node. By starting from an individual 

drug node and limiting the distance the algorithm explores, we can identify the 

neighborhood that represents the drugs that the starting drug node shares a response 

profile with, along with the pathways that these drugs target, which in turn reveals 

individual communities of shared response. Focusing especially on the range of 

pathways that are found in each individual community, we can start differentiating 

between the communities that are composed of drugs targeting similar processes and 

the ones that contain outlier pathways, which can be further explored to understand the 

biological mechanisms contributing to shared response between drugs targeting 

different processes. Figure 30B highlights one of such communities, composed of three 

different drugs with shared response profiles. These drugs are saracatinib, WH-4-023, 

and crizotinib. Saracatinib targets SRC and ABL1, WH-4-023 targets SRC and LCK, 

crizotinib targets ALK, MET and ROS1. Certain cellular processes, such as MAPK or 

PI3K signaling, are found downstream of these genes [206][206], implying that their 

inhibition could lead to perturbations in these shared events. Therefore, this 

neighborhood can represent an example for cases where drugs targeting similar 

processes show similar response profiles.   
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Figure 30: The drug similarity graph of LAML cell lines. A) This graph shows 
drugs (white nodes) with shared response patterns connected to each other. Red nodes 
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represent pathways targeted by these drugs.  B and C) A focused view of a 
neighborhood represents a subset of drugs with shared response patterns. 

We then examined the remaining neighborhoods found in this graph to see if 

there are cases where drugs targeting distinct pathways are grouped together. One such 

example is shown in Figure 30C, where two drugs targeting mitosis, and specifically 

PLK1, are connected to A-443654, which targets Akt. A connection between these two 

targets are not immediately clear, raising the possibility that a more detailed look into 

the effects of these drugs can reveal shared targets. A study by Liu et al. nominates one 

such target as they observe mitotic arrest and disorganized spindle formation following 

treatment with A-443654 [207]. PLK1 inhibitors also cause similar effects, where mitotic 

arrest and defects in proper spindle formation lead to apoptosis as PLK1 plays a critical 

role in establishment of spindle structures [208]. These studies can explain why LAML 

cell lines are showing similar responses to these three drugs, as one would expect that 

cell lines sensitive to the perturbation of mitotic spindle formation would be responsive 

to both PLK1 inhibitors and other drugs that can dysregulate spindle structures. Overall, 

observations shown in Figure 30 represent the value of investigating these similarity 

patterns, highlighting how communities composed of unexpected drug connections can 

be used to improve our understanding of the mechanistic details of drug response.  

We followed up LAML analysis with additional tissues, to investigate their 

response patterns and search for additional outlier connections. Figure 31A shows the 

graph obtained with multiple myeloma cell lines, revealing the variety of drugs with 



 

128 

shared response patterns. Similar to the approach above, we ran breadth-first search 

from the drug nodes to identify their neighborhoods composed of drugs with the same 

response patterns and their target pathways, creating individual communities of shared 

response. Figure 31 highlights some of the interesting pairings that were identified 

through this search. Aurora kinase inhibitor GSK1070916 and bromodomain inhibitor I-

BET-762 show shared response pattern in MM cell lines (Figure 31B). One of the main 

established targets of bromodomain inhibitors is MYC [209]. However, additional work 

with bromodomain inhibitors highlight that MYC is not the only protein whose 

transcription is impacted by these drugs. A study by You et al. revealed that knockdown 

of bromodomain protein BRD4 leads to downregulation of Aurora B levels, along with 

mitotic catastrophe that is typically observed when Aurora B levels are dysregulated 

[210]. Additionally, Sahni et al. observed a similar response in triple-negative breast 

cancer cell lines, where bromodomain inhibitors led to reduced binding of Brd4 to 

promoters of Aurora kinases A and B, which led to the downregulation of their 

expression [211]. When they used Aurora kinase inhibitors, they observed response 

patterns phenocopying the trends observed with bromodomain inhibitors and this led 

the authors to conclude that targets beyond MYC, such as dysregulation of Aurora 

kinase expression, contributes to response to bromodomain inhibitors in triple-negative 

breast cancer. Based on the connection we observed in our multiple myeloma analysis, 

we can hypothesize that a similar mechanism of dysregulation of Aurora kinases might 
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be contributing to bromodomain inhibitor response in multiple myeloma cell lines and 

this can explain why the subset of cell lines that are responsive to disruption of mitotic 

machinery through Aurora kinase inhibition are also responsive to I-BET-762. Another 

interesting connection in multiple myeloma graph is observed between (5Z)-7-

Oxozeaenol and etoposide (Figure 31C), which are TAK1 and topoisomerase inhibitors, 

respectively. TAK1, encoded by MAP3K7, can be activated by a variety of stimuli and 

contributes to a range of cellular processes, including activation of NF-κB [212]. 

Etoposide induces DNA damage by hindering the activity of topoisomerase [213]. 

Previous studies have hinted at the cross-talk between the activities of these two drugs, 

as there are multiple studies that show how TAK1 suppression, either through RNAi or 

its inhibitors, can sensitize cancer cells to topoisomerase inhibitors [214][215][216]. A 

variety of mechanisms contribute to the efficacy of drug combinations, exemplified by 

the cases observed between drugs targeting related or cross-talking pathways, drugs 

targeting different parts of the same pathway, or drugs enhancing localization or 

metabolism of other drugs [217]. Detailed studies focusing on this interaction between 

TAK1 suppression and topoisomerase inhibition can then reveal the nature of this 

cooperation and elucidate the signaling pathways that contribute to it.  
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Figure 31: The drug similarity graph of MM cell lines. A) This graph shows 
drugs (white nodes) with shared response patterns connected to each other. Red nodes 

represent pathways targeted by these drugs. B and C) A focused view of a 
neighborhood represents a subset of drugs with shared response patterns. 

Going across drug similarity graphs of individual tissues and generating lists of 

communities of shared response via breadth-first search resulted in identification of 
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additional groupings with outlier target connections, some of which are listed in Table 6. 

The relationships listed in this table can be further studied to detail the molecular events 

contributing to the shared response pattern, improving our understanding of 

downstream effects of these drugs, and helping us refine their target annotations.  

 

Table 6: Additional drug communities with shared response profiles observed 
across tissues. This table provides a list of more drugs that are part of drug similarity 

graphs of different tissues. The first column lists the corresponding tissue type the 
similarity was identified in. The second column lists the drugs with shared response 
patterns. The third column lists genes and pathways that are targeted by these drugs. 

Tissue Drug Target Gene & Pathway 

ESCA GSK1070916 

NPK76-II-72-1 

PIK-93 

Aurora kinase (Mitosis) 

PLK3 (Mitosis) 

PI4K, PI3Kγ (PI3K/mTOR signaling) 

KIRC Gefitinib 

Bosutinib 

EGFR (EGFR signaling) 

SRC, ABL, TEC (ABL signaling) 

LUSC JQ12 

BMS-754807 

Tipifarnib 

HDAC (Histone acetylation) 

IGF1R (IGFR signaling) 

Farnesyl-transferase (Other) 

LUSC AT-7519 

ZSTK474 

OSI-027 

CDK1/2/4/6/9 (Cell cycle) 

PI3K (PI3K/mTOR signaling) 

mTORC1/2 (PI3K/mTOR signaling) 
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PAAD CAY10603 

PHA-793887 

HDAC6 (Histone acetylation) 

CDK2/5/7 (Cell cycle) 

STAD Doxorubicin 

Luminespib 

DNA intercalating (DNA replication) 

HSP90 (Other) 

 

Overall, stratifying the cell line panel into tissue-focused submatrices enabled us 

to generate bipartite graphs summarizing the response profiles of drugs across tissues. 

By identifying drugs with shared response profiles, we generated hypotheses on 

mechanism of action of these drugs, improving our understanding of the molecular 

events that are perturbed in response to the treatment. 

4.4 Exceptional responder cell lines reveal genomics markers of 
response 

Further analysis of the bipartite graphs generated was performed to offer new 

hypotheses on genomic markers of drug response. When we looked into the degree 

distribution of individual drugs in each tissue’s graphs, we observed some drugs with 

high degrees representing the cases where a variety of cell lines are responding to the 

given drug. Interestingly, there are also drugs with a degree of one, indicating that 

within all available cell lines in a given tissue type that is screened with this drug, only 

one of them is responding to it. For some drugs, such as the ones that target particular 

oncogenic dependencies, distributions like this where vast majority of cell lines are not 

responding would be expected [192] as only a limited subset of the cell lines might be 
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critically dependent on this target. To take a more systematic look into the range of 

drugs that display this behavior and study their properties, we identified drugs with 

degree of one in each tissue’s bipartite graph and created a follow-up graph that 

connects each drug to the cell line that is sensitive to it. One example for this can be seen 

in Figure 32 that shows the network based on breast cancer cell lines’ drug response 

patterns. From this example, we can see that there are some one-to-one pairings, where a 

cell line is the sole responder of a single drug. Additionally, there are also examples 

where one cell line is the sole responder of a number of drugs, as can be seen with DU-

4475, which is connected to 12 different drugs in this network.  
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Figure 32: Exceptional responders observed in bipartite response graph of 
BRCA. This graph represents the cell lines (white nodes) that are sole responders of the 

drugs (red nodes) that they are connected to. 
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A single cell line being the sole responder of a set of drugs might imply a 

connection between the cell line’s unique genomic or transcriptomic properties and the 

target(s) of the drugs. For instance, if a cell line within a panel is the only one containing 

the relevant target of a drug, we would expect that cell line to be the only responder to 

the given drug. This seems to be the case with DU-4475 and the drugs that it is sensitive 

to. Table 7 lists the twelve drugs shown in Figure 32 along with their target genes and 

pathways. One pattern that immediately caught our attention was the enrichment of 

drugs targeting ERK MAPK signaling pathway in this list (p = 5.3 x 10-9, Fisher’s exact 

test). When we examined genomic alterations found in this cell line, we observed that 

DU-4475 was the only breast cancer cell line in the panel with a BRAF V600E mutation, 

which could lead to active MAPK signaling and explain the unique response to ERK 

MAPK signaling inhibitors. This case can serve as an example for the type of 

observations we can make by analyzing these exceptional responder patterns in more 

detail. By looking at what separates the responder cell line from non-responders, we can 

identify marker(s) that explains this unique pattern, which can in turn lead to 

hypotheses on connecting these marker(s) to drug response.  
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Table 7: List of drugs where DU-4475 is the sole responder. This table lists the 
drugs that is connected to DU-4475 as shown in Figure 32, along with the annotated 

target genes and signaling pathways. 

Drug Target Gene Target Pathway 

AZ628 BRAF ERK MAPK signaling 

TAE684 ALK RTK signaling 

AS605240 PI3Kgamma PI3K signaling 

VX-11e ERK ERK MAPK signaling 

BHG712 EPHB4 RTK signaling 

CX-5461 RNA Polymerase I Other 

CI-1040 MEK1, MEK2 ERK MAPK signaling 

SB590885 BRAF ERK MAPK signaling 

PLX4720 BRAF ERK MAPK signaling 

Dabrafenib BRAF ERK MAPK signaling 

Selumetinib MEK1, MEK2 ERK MAPK signaling 

RDEA119 MEK1, MEK2 ERK MAPK signaling 

 

These observations are not limited to breast cancer cell lines. Going across the 

tissues analyzed revealed additional drug-cell line connections with the potential to 

provide insight into molecular events contributing to drug response. Figure 33 shows 

the set of drugs and the corresponding exceptional responder cell lines observed in 
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melanoma cell lines. Similar to breast cancer, most of these connections are one-to-one, 

with occasional cases connecting one cell line to multiple drugs. One particularly 

interesting observation within this set is the farnesyl-transferase inhibitor FTI-277. 

Farnesyl-transferase inhibitors have previously been a focus of therapeutic opportunities 

targeting Ras proteins, as post-translational farnesylation of Ras contributes to its 

membrane localization [218][219]. Multiple farnesyl-transferase inhibitors have been 

developed over the years. However, further work characterizing their efficacy lead to 

the observation that these drugs were more effective against HRAS but not as much 

against KRAS or NRAS [220], which can be explained by alternative modification of 

KRAS and NRAS with geranylgeranylation, that contributes to their maintained 

membrane localization [221]. When we annotated genomic changes observed in MEL-

JUSO, which is the sole responder of FTI-277 within melanoma cell lines, we realized 

that this line is the only melanoma line in the panel with an activating mutation in 

HRAS. Therefore, similar to the breast cancer example, an alteration unique to the 

responding cell line and linked to the drug’s mechanism of action can be used to explain 

this exceptional drug response. Another interesting response pattern is observed with 

MZ2-MLE and Akt inhibitor MK-2206. When we investigated the genomic alterations 

unique to this cell line, a frameshift insertion in INPP4A caught our attention. This gene 

encodes for a inositol-3,4-bisphosphate 4-phosphatase, that converts 

phosphatidylinositol 3,4-bisphosphate (PI(3,4)P2) to phosphatidylinositol 3-phosphate 
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(PI(3)P) [222]. Akt is generally thought to be activated by binding to PIP3 generated by 

PI3K, however emerging evidence suggests that PI(3,4)P2 can also contribute to Akt 

activation [222][223]. Multiple studies detail how binding to PI(3,4)P2 can lead to active 

Akt signaling [224][225], which implies that activity of INPP4A can have roles in 

regulating Akt activity by modulating the levels of PI(3,4)P2. Based on these 

observations, we can hypothesize that INPP4A mutation observed in this melanoma cell 

line can contribute to the activation of Akt signaling, which can explain the unique 

sensitivity to an Akt inhibitor. This also serves as an example for how rare mutations can 

still hold valuable information in identifying relevant markers of drug response. 

Typically, mutations in PIK3CA or PTEN are thought as major contributors to active 

PI3K/Akt signaling, however examining the roles of other players in this pathway can 

also reveal intriguing information on drug response and identify additional modifiers of 

response.  
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Figure 33: Exceptional responders observed in bipartite response graph of 
SKCM. This graph represents the cell lines (white nodes) that are the sole responders of 

the drugs (red nodes) that they are connected to. 
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These observations across cell lines and tissues offer a new way of examining the 

relationships between drug response and genomic or transcriptomic alterations. Strong 

responders confined to a single cell line can be coupled to unique alterations observed in 

that cell line, potentially implicating the particular alteration in contributing to this 

unique response. This possibility can further be explored across the tissues we’ve 

analyzed by identifying exceptional responders and their unique alterations. Table 8 

offers additional examples of such cases, that lists an exceptional responder cell line 

along with the genomic alterations unique to it and drug(s) that it is sensitive to. In line 

with the observations discussed above, this list contains examples where alterations in a 

drug target is unique to the exceptional responder cell line. For instance, DLBC cell line 

SU-DHL-8 is the sole responder of QS11, which is shown to inhibit ARFGAP1 [226] and 

this is the only DLBC cell line with an amplification in the region containing ARFGAP1. 

Other pairings listed below can be used as a starting point to further explore these 

relationships and search for markers of response, especially for drugs with vague targets 

such as piperlongumine. 
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Table 8: Additional exceptional responder cell lines observed across tissues.  
This table provides a list of cell lines (the third column) that are observed to be the sole 

responder of the given drug(s). The first column lists the tissue type each cell line 
represents. The second column lists the drugs along with the genes that they target. The 
fourth column lists some of the genomic alterations observed in each cell line, that are 

unique to the particular cell line.  

Tissue Drug (Drug Target) Cell line Unique Alterations 

ALL VNLG/124 (HDAC),  

KU-55933 (ATM), PLX4720 (BRAF) 

ATN-1 Amplifications in TERT, 

FGFR3, MECOM, MYCN, 

XPO1 

ALL Ruxolitinib (JAK1/2) DND-41 Mutations in ARPA3, 

COL1A1, MAP2K4, 

NCOR2, ROBO2 

DLBC QS11 (ARFGAP1) SU-DHL-8 Amplification in 

ARFGAP1 

DLBC Crizotinib (ALK, MET),  

Alectinib (ALK) 

SCC-3 Mutation in NCOR2 

DLBC Piperlongumine (induces ROS) CRO-AP2 Mutations in MACF1, 

RAD21 

LAML GW441756 (NTRK1) OCI-AML5 Mutations in NF1, SOS1 

BLCA GSK429286A (ROCK1/2),  

Y-39983 (ROCK) 

SW1710 Mutation in ANK3 
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COAD CX-5461 (RNA polymerase I) RKO Mutations in ABL2, 

ACACA 

GBM IOX2 (EGLN1) SF295 Mutation in NCOR2 

HNSC AS605240 (PI3Kgamma), 

Amuvatinib (KIT, PDGFRA, FLT3) 

BICR22 Mutations in ARFGAP3, 

PTPN11 

HNSC OSU-03012 (PDPK1) HSC-3 Mutation in RASA2 

LUAD Quizartinib (FLT3) NCI-H1563 Mutation in PLCB1 

LUAD Wee1 Inhibitor (WEE1, CHEK1) SK-LU-1 Mutations in BCLAF1, 

BPTF, KDM6A, POLR2B 

SCLC Linsitinib (IGF1R),  

Enzastaurin (PKCbeta) 

COLO-668 Mutation and 

amplification in FLT3 

SCLC PAC-1 (Procaspase-3) COR-L88 Mutations in NFE2L2, 

PCDH18 

 

In summary, performing analysis at a tissue-specific level provided us with the 

opportunity to identify exceptional responders to a variety of drugs. Examining the 

unique properties of these exceptional responder cell lines in turn offers new insight into 

the molecular events governing this outlier phenotype and potential genomic markers of 

response.  
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4.5 Discussion  

Recent efforts in cancer research have led to the development of many different 

small molecules that can effectively target variety of oncogenic processes [227]. These 

offered novel opportunities in our effort to combat cancer compared to conventional 

chemotherapeutic agents. Yet, there are many areas that have not been fully elucidated 

that prevents us from designing efficacious therapies, including histological context and 

its effect on drug response, intrinsic resistance that leads to the failure of therapy, 

acquired resistance that leads to relapse, and gaps in our understanding of mechanistic 

details of drug response. Therefore, additional studies that approach these problems will 

improve our understanding of this intricate connection between tumor biology and drug 

response.  

Tissue of origin of a tumor is a critical determinant of the variety of therapies that 

are available and how a tumor is going to respond to a given therapy [228]. At baseline, 

different cell types maintain their homeostasis through different signaling processes and 

when tumors develop from these different cell types, they have access to different 

molecular events to hijack to ensure their survival. As a result, same oncogenic driver 

targeted by same drug could lead to different responses in different tissues, partially 

driven by differences in signaling networks of these tissues. For instance, BRAF is 

commonly mutated across different tumor types, including melanoma, thyroid, and 

colon adenocarcinoma. There are multiple drugs that are effective against constitutively 
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active BRAF mutants, however efficacy of these drugs varies significantly based on 

tissue type due to the signaling differences inherent to these tissues, such as EGFR 

signaling’s role in colon adenocarcinoma [186][187][188]. This underscores the 

importance of identifying optimal drug-tissue type pairings when designing new 

therapies. To systematically explore differences in drug response across different tissues, 

we divided the GDSC dataset into eighteen different tissue-specific submatrices. 

Examining overall response ratio of each drug across tissues revealed sets of drugs with 

different patterns, such as the ones where all tissues were mostly sensitive or mostly 

resistant, drugs that show selectivity towards blood cancers, and drugs that are effective 

against a specific tissue type. By studying more selective patterns, we can improve our 

understanding of these particular drugs based on the molecular events that govern this 

tissue specific response. Additionally, we can identify the optimal tissue types to focus 

on for each drug.  

Fully elucidating the mechanism of action of a drug or the cellular processes that 

are affected upon treatment is critical as they can help us better stratify cohorts that can 

be targeted with a given drug or determine mechanisms of intrinsic and acquired 

resistance. Open questions related to this include identification of specific kinases that 

are affected by a kinase inhibitor [174], or identifying isoform specificity of a drug, such 

as selectivity of Aurora kinase inhibitors towards AURKA, AURKB, AURKC or PI3K 

inhibitors towards PI3Kα, β, γ, or δ [185]. Additionally, comparing drug similarities 
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across cell lines can redefine targets of a given drug or identify additional cellular 

processes targeted by it [176]. Following these observations, we decided to ask a similar 

question and investigate if studying drug response patterns across cell lines within a 

tissue can reveal unexpected connections between drugs that can then be used to 

improve their annotations. We have observed certain outlier patterns that can be 

supported with existing literature, such as Akt inhibitor A-443654’s similarity to PLK1 

inhibitors and its effects on mitotic machinery [207]. We have also identified unexpected 

patterns in multiple myeloma, that suggest Aurora kinases as important targets of BRD4 

inhibition and that nominate a cross-talk between topoisomerase and TAK1 inhibition. 

Additional similar drug communities with outlier connections are also listed in Table 6, 

providing a resource for follow-up studies that can characterize these drugs and their 

relationships. Investigating connections generated in this analysis will lead to new 

hypotheses on mechanism of action of these drugs and improve our annotations of these 

anticancer therapies. One caveat of this analysis however, is its stringency level. When 

comparing a pair of drugs, we searched for exact matches with respect to the 

stratification of sensitive and resistant cell lines that are screened by both drugs, which is 

a very strict requirement of similarity. This work can be expanded by defining a new 

scoring metric that penalizes mismatches between the response profiles of two drugs. 

This way we can generate a continuous score distribution and examine not only perfect 
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matches, but also near perfect similarities that can still hold valuable information in 

identifying overlapping functional roles of different drugs.  

Identifying genomic markers of response can lead to significant differences in 

determining a drug’s efficacy. For instance, when EGFR inhibitors erlotinib and gefitinib 

were initially developed, clinical trials were performed without taking EGFR status into 

account and results showed only a modest improvement [228]. However, with follow-

up trials where stratification based on EGFR mutation status was performed, the results 

revealed a stark improvement in survival rates and EGFR mutation status as a strong 

predictor of response  [229][230][231]. This and many other studies in targeted therapy 

field have underscored the undeniable importance of identification of relevant markers 

of effective response that can be used to stratify patients into treatment groups. Tissue-

specific analysis we performed offered us a unique perspective for searching for markers 

of response. We observed that there are certain drugs where only a single cell line from a 

given tissue is sensitive to it. Detailed examinations of these exceptional responders 

revealed that these unique responses can be driven by the presence of an alteration 

unique to the sole responder, which would render a cell line sensitive. For instance, a 

breast cancer line, which was the sole responder of a set of drugs that target ERK MAPK 

signaling, is the only breast cancer line that harbors a BRAF V600E mutation that can 

activate MAPK signaling. Following this observation, we looked across other 

exceptional responders, with the idea that alterations unique to these cell lines can lead 
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to hypotheses on drugs’ targets and potential markers of response. In melanoma, we 

observed an HRAS mutant line responding to a farnesyl-transferase inhibitor and an 

INPP4A mutant line responding to an Akt inhibitor. These observations provided 

further support to the idea that we can identify biologically meaningful connections 

between drugs and genomic events through this approach. Therefore, we nominated a 

list of drugs and their exceptional responder cell lines (Table 8) for further studies to 

identify the relationships between the unique alterations observed in these cell lines and 

drugs. Initially, we focused on genomic alterations, such as point mutations and copy 

number alterations, however it is possible that some of these relationships are driven by 

transcriptional changes. Therefore, we can further expand this analysis to look for 

transcriptional signatures or pathway activity scores [232] that can explain the unique 

response pattern.  

In this section, we mainly focused on generating hypotheses that could improve 

our understanding of the relationship between tumor biology and drug response. Future 

experimental studies can be performed to follow-up on these observations. Successful 

validations of these hypotheses could in turn lead to defining new roles for or refining 

the existing targets of a drug and establishing markers of effective response.  
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5. Conclusion 
5.1 Summary 

Some of the major contributions to cancer research field in recent years have been 

driven by large-scale datasets exploring different facets of tumor biology and 

computational methods developed to analyze them to extract biological insights from 

these datasets. In this work, we explored the utility of graph-based approaches in cancer 

genomics by applying and adapting a variety of graph-based algorithms to study 

different biological concepts, such as mutations frequently observed in cancer patients, 

signaling networks of tumors resistant to targeted therapies, and drug response patterns 

of cell lines.  

Label propagation, a graph-based semi-supervised learning approach, is an 

algorithm that can be used to identify functionally related neighbors of a starting set of 

genes, based on the connectivity constraints generated by a network of known 

interactions. Changes in implementation of label propagation described in Chapter 2 

enabled us to use it to generate a subnetwork of signaling pathways from a gene 

signature. Gene signatures are a sparse representation of signaling events that are 

affected by the biological phenomenon of interest in a coordinated manner and we 

showed that label propagation can be used to fill in the missing links and identify 

additional genes that are part of these pathways to create a subnetwork that is an 

expanded representation of molecular events summarized with the signature.  
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After establishing the label-propagation based workflow, we used this idea to 

investigate two different biological phenomena. First, we focused on genes that are 

frequently altered across patient populations in order to improve our understanding of 

molecular changes that occur when a gene is mutated. By generating subnetworks for 

individual mutations based on genes differentially expressed in the presence of a 

mutation, we examined the range of signaling pathways that are dysregulated as a 

result, which led to hypotheses on different mutations’ contributions to tumorigenesis. 

Additionally, by computing distances between individual networks, we identified pairs 

of mutations whose downstream effects converge on similar signaling processes, 

highlighting tumors’ ability to use distinct mechanisms to dysregulate critical molecular 

events.  

Second application of label propagation focused on understanding the 

similarities and differences between a set of drug-resistant tumor samples. Generating 

separate networks for each individual resistant site revealed the variety of signaling 

events that are transcriptionally altered in resistant samples compared to the pre-

treatment state, offering us insight into the molecular events that contribute to the 

emergence of resistance. Computing distances between these different networks and 

cross-referencing the distance matrix with annotations of putative resistance drivers 

nominated a connection between these alterations and signaling events shared between 

networks, pointing to the possibility that the resistance drivers are perturbing similar 
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signaling events across different resistant tumor sites. However, we also observed 

overlapping signaling changes between samples with non-overlapping sets of resistance 

drivers, implying that annotating samples based on a finite list of alterations cannot fully 

explain the similarities observed across different samples. Additionally, our 

observations showed that even with five different pathways, we have not been able to 

cover all potential mechanisms of resistance, which underscores the challenge of 

generating an exhaustive list of resistance drivers to use them as markers for stratifying 

patients into clinically actionable groups and highlights the importance of developing 

alternative methods for characterizing similarities across tumor sites and integrative 

approaches for stratifying them. 

Finally, we analyzed a large-scale drug screening dataset from a tissue-specific 

perspective. Computing ratio of responsiveness of each drug across eighteen different 

tissues revealed the selectivity pattern of these drugs, which can be used as a roadmap 

for determining optimal drug-tissue pairings. Bipartite graphs that connect cell lines 

with the drugs that they are sensitive to were used to identify drugs that exhibit the 

same response pattern, which was then used to build drug similarity graphs. These 

graphs were useful for generating hypotheses on refining the annotations of mechanism 

of actions of drugs, as they revealed connections between drugs that target distinct 

cellular processes. Bipartite graphs also revealed cell lines that are sole responders of a 
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given drug, providing a new opportunity for nominating genomic markers of response 

based on the alterations that are unique to these exceptional responders.  

Taken together, we showed how graph-based ideas can be integrated into cancer 

genomics research, both by emphasizing the importance of studying connections 

between gene sets and cellular processes and by offering a different perspective in 

exploring the relationships and patterns between different phenomenon. 

5.2 Future considerations  

One of the themes emerging from this work is that the level at which an analysis 

is performed reveals different perspectives on the level of heterogeneity observed in 

tumors. If we only focus on genomic alterations, we see high variability across patients, 

with different combinations of mutations and copy number alterations found in each 

individual patient [79]. This significantly increases the complexity of tumor genomes 

and makes it more challenging to fully elucidate the biological implications of different 

alterations, such as differentiating between driver and passenger alterations. This in turn 

makes it harder to design therapies that will effectively target driver alterations across 

the population. However, a closer look into these alterations offers a different 

perspective as we start to identify similar sets of pathways affected by these alterations 

[32] and common biological themes around these genes that relate to the hallmarks of 

cancer [123]. As a result, we can start refining this long list of alterations and generate a 

smaller list of pathways that are commonly dysregulated in cancer.  
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A common way of approaching this problem is using genomic profiles or 

expression datasets to infer the pathway(s) that a given mutation is a part of, based on 

indirect associations such as coordinated gene expression changes or based on pathway 

annotations representing our current knowledge. These approaches have provided 

valuable insight [233], however one caveat is that they might not be able to fully 

characterize the complete range of regulatory mechanisms or novel interaction partners. 

Transcriptional changes observed through gene expression datasets can represent a 

cell’s overall response to a given perturbation, but it does not fully reflect additional 

regulatory mechanisms, such as post-translational modifications or changes in 

localization or structure. Focusing on signaling pathway annotations based on literature 

reveals changes to the interactions that have been previously identified but they can lead 

to an incomplete picture if a gene is acting through a novel interaction that has not been 

characterized before. Therefore, new approaches that can complement these studies will 

offer novel insight into these unexplored areas and lead to a more coherent 

understanding of the molecular processes tumors dysregulate to ensure their survival.  

In line with these observations, a recent initiative is offering a different and a 

more direct approach for improving our interpretation of cancer genomes and the 

functional roles of genomic alterations. The Cancer Cell Map Initiative (CCMI) aims to 

develop integrative experimental and computational approaches to better characterize 

roles of different mutations in tumor development [166]. First step to achieve this is 
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identifying protein network of each mutation by experimentally identifying and 

characterizing its interaction partners in cell line models. Performing this across many 

genes that are mutated in a given cancer type and integrating their individual 

interaction networks will result in a functional interaction map of this tumor type, 

revealing genes and signaling events that are affected by or interact with genomic 

alterations observed in this tumor.  

These empirical maps and their exploration of protein-protein interactions 

dysregulated in cancer can then be used as the groundwork for further studies that 

reveal the biological implications of these alterations, especially in the context of 

tumorigenesis. For instance, interactions observed downstream of different mutations 

can be used to establish cross-talk between distinct genomic events. Alternatively, 

interaction maps identified in different cell lines, corresponding to different tumor 

subtypes or tissue types, can be compared to delineate the differences in connectivity, 

which can help us establish subtype or tissue specific effects of these mutations. An 

especially impactful use of these results would be the integration of observations from 

these studies with patient datasets to interpret the functional consequences of genomic 

alterations observed in a given patient and connect them to effective therapy options. 

Mutations observed in an individual patient’s genome can be overlaid on the interaction 

map to identify the critical signaling events dysregulated in this sample, which can then 

be cross-referenced with drugs targeting these processes to prioritize relevant therapy 
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opportunities. Ideally, knowledge we can gain with these integrative computational and 

experimental approaches will lead to advances in the ways we design anticancer 

therapies, potentially paving the way to personalized therapy options that is optimized 

to combat the unique disease profile of individual patients.  
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