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Author Summary
Cancer is now increasingly studied from the perspective of dysregulated pathways, rather
than as a disease resulting from mutations of individual genes. A pathway-centric view
acknowledges the heterogeneity between genomic profiles from different cancer patients
while assuming that the mutated genes are likely to belong to the same pathway and cause
similar disease phenotypes. Indeed, network-centric approaches have proven to be helpful
for finding genotypic causes of diseases, classifying disease subtypes, and identifying drug
targets. In this review, we discuss how networks can be used to help understand patientto-patient variations and how one can leverage this variability to elucidate interactions
between cancer drivers.
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Introduction
Biological networks provide a natural representation of complex biological systems and thus
have been used in a variety of applications, from gene function prediction to identifying disease
genes. In particular, complex diseases such as cancer can be better understood from the perspective of dysregulated pathways, rather than as a disease resulting from alterations of individual genes. One of the most popular types of biological networks used in disease studies is a
gene interaction network. In a gene interaction network, genes are represented as nodes, and
edges connect pairs of genes that are physically interacting or functionally related. Physical
interaction networks can be constructed based on physical interactions, such as protein-protein
interactions, protein-DNA interactions, and phosphorylation [1–3]. Functional interaction
networks connect genes with similar or related functions and are typically inferred from multiple sources, including physical interactions, co-expression, Gene Ontology (GO) terms, etc.
[4,5]. Other types of networks that are also considered in disease studies are patient similarity
networks [6–8], disease-phenotype networks [9–13], and drug target networks [14].
Interaction networks can be generic or condition-dependent. Generic networks, such as
protein-protein interaction networks, summarize existing knowledge of the system that is typically not state or tissue-specific. Such static interaction maps between genes provide a scaffold
for disease studies. Combined with additional disease related features, they can guide the
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identification of genes and pathways affected by a disease. For example, gene expression data
have been shown to be useful for identifying network markers of a disease in the form of connected subnetworks that have significantly differential gene expression in two disease phenotypes [15–20]. Importantly, it has been demonstrated that such network markers can lead to a
more robust disease classification relative to classification based on individual genes [15]. Subsequently, many different algorithms have been developed to identify gene modules that are
either differentially expressed between different disease states or show similar expression patterns. Network-based algorithms have also been used to explain expression Quantitative Trait
Loci (eQTL) relationships and infer causal pathways through which genetic alterations affect
gene expression changes [21,22].
One of the critical and challenging problems in disease studies is the identification and explanation of genotype-phenotype relationships. In cancer datasets, the relationships between genetic
alterations and phenotypes are typically not one-to-one. Different genetic aberrations in different
cancer patients can lead to the same disease phenotype, which makes it difficult to uncover genotype-phenotype relationships. One explanation of the heterogeneity between cancer cases is that
different genetic alterations can dysregulate the same pathways, resulting in similar disease phenotypes. A network-centric view of diseases helps overcome the challenges posed by the complex
genotype-phenotype relationships and facilitates finding genotypic causes of diseases [15,20,21].
It is worth noting that in addition to intertumor heterogeneity, variability between cells within
individual tumors has been observed. Such intratumor heterogeneity has typically been studied
using different approaches such as phylogeny-based methods.
Another challenge in cancer studies relates to differentiating cancer-driving mutations from
passenger mutations. It is generally assumed that while somatic cancer cells typically contain
many genomic aberrations, only a few of them are driver mutations, i.e., mutations that provide a growth advantage for tumor cells and thus are causal with respect to cancer progression.
In contrast, the mutations that do not confer growth advantages are referred to as passenger
mutations. For example, linkage disequilibrium accompanying some types of genomic aberrations, such as copy number variations, results in many passenger mutations. In addition, cancer
cell divisions accumulate random mutations—most of them passengers. A faulty gene in the
DNA repair mechanism or environmental factors such as UVC exposure can result in both
passenger and driver mutations. Identification of drivers among such mutations is fundamental to cancer studies. While a high mutation rate in cancer samples is an indicator of possible
driver activity, information on mutation rates alone does not suffice to correctly identify all
cancer drivers. It is believed that there are many cancer driving mutations that occur at relatively low frequency, making it difficult to distinguish them from background noise. By placing
the mutated genes in the context of other genes and identifying closely connected clusters of
mutated genes in interaction networks, network approaches have been used to find defective
gene modules in complex diseases such as cancer, autism, and autoimmune diseases [23–27].
Several large-scale, cancer-related datasets, such as the data generated by TCGA (The Cancer Genome Atlas, http://cancergenome.nih.gov) and ICGC (International Cancer Genome
Consortium, https://icgc.org), are currently available. These publicly available datasets offer
comprehensive genomic profiles, including gene expression, somatic mutations, copy number
variations, and DNA methylation, for an unprecedented number of patients. Integration of
such datasets together with interaction networks can offer great opportunities to advance our
understanding of the cause of diseases, classification of disease subtypes, and identifying drug
targets [15–22].
In this review, we outline the basic strategies of network-based approaches in the analysis of
cancer datasets, mostly focusing on methods that deal with intertumor heterogeneity. In the
first few sections, we discuss how gene interactions can be used to overcome difficulties due to
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cancer heterogeneity and find cancer driving genes (Network Propagation to Uncover Cancer
Driving Pathways and Heterogeneity of Cancer and Personalized Networks). The mutual
exclusivity relationships that emerge because of such heterogeneity and the methods utilizing
such relationships are reviewed in Taking Advantage of Cancer Heterogeneity: Utilizing
Mutual Exclusivity of Genomic Alterations. In the following sections, we discuss other types of
disease-related networks, such as patient similarity networks (Patient Similarity Networks) and
disease phenotype networks (Disease Similarity Networks).

Network Propagation to Uncover Cancer Driving Pathways
A single mutation in a gene is often enough to perturb an entire pathway. Furthermore, a relatively small number of pathways are affected in cancers [23,28–30]. Driver genes (i.e., genes
harboring driver mutations) are therefore expected to be sparsely located in a gene network
when an individual patient is considered, but the driver genes influence genes in its neighborhood. Methods utilizing information propagation are particularly well suited for such settings
since they facilitate detecting commonly influenced groups of genes. Variations of the information propagation technique include heat diffusion, network smoothing, random walk, and circuit flow algorithms. These approaches have been used in many applications, such as disease
gene prioritization [31,32], gene function prediction [33–35], gene-disease association [36],
and finding network centrality [37,38].
Network propagation techniques have been used in several different applications. One
application is to uncover causal paths linking perturbed causal genes to other affected genes
[39–43]. In general, the approach tests whether a genetic perturbation in a particular locus (or
a drug effect on a particular protein) is likely to affect expression of a specific gene or genes of
interest. In addition, finding most probable causal paths allows for uncovering which other
genes are likely to participate in propagating this information.
Another application is to combine information on a large set of patients to identify frequently (or differentially) mutated subnetworks that are likely to be driver pathways. One
approach to solve this problem is the propagation technique, in which the “influence” of each
mutation disseminates through an interaction network, leading to the identification of a consistently perturbed group of genes (Fig 1A). HotNet, and its improved variant HotNet2, is a
popular method in this class. It has been applied in the analyses of various cancer datasets to
identify significantly mutated pathways in cancer [23,44]. HotNet accounts for local network
topology and computes an influence network using a diffusion process from the source of heat
(genetic alterations) within the network. Hofree et al. [45] adopted a network smoothing technique, which was previously used to infer disease association [32], for subtype stratification of
patients in TCGA datasets. In their approach, the information on mutated genes for each sample was first propagated in the network (the network smoothing step). Then, non-negative
matrix factorization, an unsupervised learning technique, was applied on the network with the
smoothed mutation profiles to cluster cancer patients.
One of the challenges in designing and interpreting information propagation algorithms is
related to the nonuniform distribution of node degrees in interaction networks. The existence
of hubs in the network reduces distances between genes, implying that simple distance-based
algorithms may not be sufficient to identify driver gene modules. Additional information, such
as gene expression or genetic alterations [21], can be used to overcome the effects of shortcuts
introduced by hubs and to limit the spreading of the influence signal into unrelated regions of
the network [22,39].
One of the key insights contributed by network-centric approaches has been the extension
of the concept of cancer drivers from individual genes to mutated pathways. Indeed, gene and
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Fig 1. Illustrations of how gene networks can be used in cancer data analysis. A) Information
propagation approach: the information about mutated genes (in red) is propagated to their neighborhood
through interactions, helping to identify significantly affected subnetworks. The level of redness of a node
indicates how likely the gene is affected. B) Module Cover approach finds the minimum cost subnetworks so
that each patient is covered by at least k mutated genes. The edges in the gene interaction network (blue
edges) may be weighted based on interaction confidence or mutual exclusivity. For example, the patients
covered by gene C and D are mutually exclusive. There is an edge between a gene and a patient if the gene
is mutated in the patient (black edges). The figure shows an example where two modules are selected,
covering each patient at least three times (k = 3). The green nodes are selected genes, and the thick edges
indicate the selected interactions or gene-patient relationships.
doi:10.1371/journal.pcbi.1004747.g001

gene products do not act in isolation, and the effect of a perturbation in a gene propagates
through the interaction network, affecting the functions of other genes in its vicinity. By simulating the perturbation process in an interaction network, information propagation techniques
are powerful tools that can recover true signals coming from different sources and even correct
missing and uncertain information in incomplete interaction networks.

Heterogeneity of Cancer and Personalized Networks
In complex diseases such as cancer, different cancer types can have different genetic causes,
despite their phenotypic similarity in disease manifestation. This makes the development of
methods that move towards finding personalized disease subnetworks a necessity. Such methods can lead to novel drug targets by capturing similarities and differences between patient
subgroups.
Several approaches to capture the trade-off between individual differences and common
principles build on the “set cover” problem, an optimization approach also known as the “hitting set” problem [46–50]. The basic formulation of the problem starts with assigning a normal
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or altered status to every gene for each patient. Such alterations might, depending on datasets,
reflect a mutation, differential expression, differential methylation, etc. In a set cover formulation, a gene covers (or hits) the patients in which it has the altered status. Potential driver genes
are selected to cover all patients while minimizing the number of selected genes. This allows
different sets of altered genes to be chosen for different patients while preferentially choosing
genes with higher alteration rates, helping to balance similarities and differences between
patients. Note, however, that it is generally assumed that multiple mutated driver genes are
required for cancer progression. Also, in the case in which alteration refers to differential gene
expression, each cancer case will have many differentially expressed genes because of indirect
impact. This leads to the multi-set cover problem, in which each patient is required to be covered not just by one but by multiple altered genes.
The original set cover definition does not account for relationships between covering elements (altered genes). Genes are connected via an interaction network, with interactions possibly weighted by their confidence or strength. Additional relationships between genes can also
be implied by mutual exclusivity of mutations (which will be discussed in Taking Advantage of
Cancer Heterogeneity: Utilizing Mutual Exclusivity of Genomic Alterations). To select gene
modules that are representative of dysregulated pathways, network variations of set cover algorithms apply a set cover technique in the context of a gene interaction network so that the algorithms preferentially select genes connected in the network and find one or more gene modules
covering patients. For example, DEGAS algorithm selects a connected subnetwork of genes
covering patients multiple times so that the size of the selected subnetwork is minimized, aiming to identify a putative dysregulated pathway [51]. The algorithm finds one dysregulated
pathway covering all patients (allowing a few outliers). However, this approach may not be
optimal when there are different sets of pathways dysregulated in different patients. Acknowledging the possibility of multiple dysregulated pathways, the Module Cover algorithm (Fig 1B)
finds multiple connected subnetworks (gene modules) that collectively cover all patients while
minimizing the total cost of selected gene modules. The application of Module Cover to glioblastoma and ovarian cancer datasets revealed that different patient groups might be characterized by different combinations of dysregulated modules, which suggested that the selected
modules could be used for subtype classification.
Module cover and heat diffusion-based algorithms share the common goal of finding dysregulated subnetworks. While the subnetworks obtained by both algorithms included frequently
mutated driver genes, they differ in their treatment of rarely mutated putative drivers. Module
Cover attempts to ensure that the selected pathways cover all patients so that driver genes covering only a small subset of patients are still captured. On the other hand, utilizing information
flow can uncover some rarely mutated drivers, based on evidence that they might influence the
same dysregulated genes. The methods also differ in which type of network is most suitable to
use. Information propagation methods, when combined with physical interaction networks,
can predict genes that mediate the flow of information. On the other hand, densely connected
functional networks are natural in the context of Module Cover, which is designed to look for
dysregulated gene modules that are functionally related.
Steiner trees are another classical graph-theoretical concept that is often utilized to find relationships between mutated genes. As with the Set Cover problem, several variations of the
problem have been considered. The basic formulation of the Steiner tree problem is as follows:
given a set of altered genes, interconnect them by a tree with the minimum cost using network
edges and Steiner nodes (additional genes connecting the given altered genes). The prize-collecting Steiner tree (PCST) algorithm has been previously applied to find response networks
[52–55], in which genes known to be associated with diseases are prizes and Steiner nodes are
selected to collect the prizes with a minimum cost. Gitter et al. extended the PCST algorithm to
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obtain personalized Steiner trees for patients [56]. In personalized PCSTs, each sample can
have a different PCST, but there is a penalty associated with differences between the personalized trees to maintain their similarity. This allows for finding trees that are optimal for individual patients but similar to each other. Gitter et al. reported that in an application to the basallike TCGA breast cancer subtype, their method identified canonical pathways that significantly
overlap with those uncovered by HotNet but also produce patient-specific pathways for different patients [56].
Both the Module Cover and personalized PCST algorithms find dysregulated subnetworks
while considering cancer heterogeneity by approaching the problem from different angles. The
former collects information from different patients simultaneously, aiming to discover gene
modules while allowing individual patients to be covered by different gene modules. The personalized PCST algorithm, on the other hand, looks for a personalized network for each patient
individually and uses information from other patients to bias the cost function and capture
similarity between patients.

Taking Advantage of Cancer Heterogeneity: Utilizing Mutual
Exclusivity of Genomic Alterations
While cancer heterogeneity among patients makes uncovering genetic causes challenging, the
principle that different genetic alterations lead to similar disease phenotypes might also be utilized to find previously unknown interactions between genes. It was often observed that mutations in cancer driver genes appear in mutually exclusive sets of cancer patients. One explanation
for mutual exclusivity is that only one such mutation in a pathway is sufficient for cancer progression. A proposed alternative explanation is that mutually exclusive pairs may have a relationship of synthetic lethality or sickness, in which mutations in each gene separately promote cell
growth but simultaneous mutation in both genes is lethal or detrimental. Note, however, that a
synthetic lethal partner of a cancer driver does not necessarily have to be a cancer driver itself.
Algorithms that predict synthetic lethality or sickness from mutational data typically infer mutual
exclusivity patterns using additional information about gene expression patterns, effects on disease manifestation, and/or information from shRNA experiments in cancer cell lines [57,58].
Genes with mutually exclusive mutation patterns are often functionally related. This observation led the mutual exclusivity principle to be used as a tool to find cancer driver modules.
Several computational methods have been developed to detect mutually exclusive gene sets
[47,50,59–66]. For example, Ciriello et al. proposed MEMo (Mutual Exclusivity Modules), an
approach that uses a permutation test to estimate the significance of mutual exclusivity and
combines the results with known interactions, such as PPI, to find modules that are fully connected and show mutually exclusive mutational patterns [59,60]. Later they extended this idea
by utilizing human signaling pathways to find groups of altered genes that are mutually exclusive and have a common downstream event [61].
Based on the assumption that mutual exclusivity can predict novel functional relationships,
several approaches do not restrict the search space to gene pairs with known interactions but
instead look for gene modules using only mutual exclusivity information of genomic aberrations [50,62–66]. Some methods were extended to detect multiple mutually exclusive groups of
genes [67,68] or to refine mutual exclusivity models to account for temporal dynamics [69].
The algorithms in these types of approaches need to consider exponentially many combinations of genes, and rapidly increasing computation time is often a concern. Therefore, they typically focus on a limited number of candidate genes and modules of small sizes.
Given the utility of mutual exclusivity principle for uncovering important relationships
between cancer drivers, one can also leverage datasets from multiple cancer types for integrated
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analysis. The TCGA Pan-Cancer initiative compiled datasets from multiple tumor types, aiming to identify the similarities and differences among them and to uncover cancer driving
genes that are rarely mutated and may not be recognized in the small number of samples of
individual cancer types [70]. For mutual exclusivity analysis in multiple cancer types, Kim et al.
utilized TCGA Pan-Cancer datasets and introduced permutation test methods to differentiate
mutual exclusivity within, across, and between cancer types [47]. They defined the “within”
cancer type mutual exclusivity to occur when mutual exclusivity is observed for a given cancer
type. Two genes are mutually exclusive “across” multiple types if combined signal is more significant than within type exclusivity in individual cancer types. Finally, the “between” type
mutual exclusivity occurs when two genes are mutated in two disjoint sets of tissue types exclusively. Such scenario can occur when we deal with tissue type-specific drivers. Kim et al. found
that while not all mutually exclusive gene pairs are functionally related, functionally interacting
pairs are enriched with the across type mutual exclusivity relative to the between types mutually exclusivity [47]. These findings suggest that mutual exclusivity across multiple cancer
types might facilitate the identification of cancer driver pathways dysregulated in multiple cancer types. Kim et al. incorporated the across type mutual exclusivity scores into the Module
Cover algorithm (Fig 1B) and used the algorithm to identify common driver modules in PanCancer datasets.
In another approach to analyze mutual exclusivity in the context of Pan-cancer data, Park
et al. asked if some gene pairs are mutually exclusive in a specific cancer type more often. They
found that some highly mutated gene pairs may have tissue type bias in mutual exclusivity patterns, which can be attributed to type specific interactions for the tissue type [71].

Patient Similarity Networks
Modeling disease heterogeneity can also naturally start from the perspective of phenotypic similarity of individuals. Organisms or individuals whose phenotypes are determined by genomic
elements can be represented as nodes and connected by edges if they have similar phenotypes.
For example, Roque et al. [6] constructed a patient network based on the similarity of patients’
disease ontology, which was automatically extracted from their electronic records by using text
mining approaches. Extracted phenotype information from psychiatric patient medical records
was mapped to disease codes in the International Classification of Diseases ontology (ICD10),
which contains codes for diseases, signs and symptoms, complaints, social circumstances, etc.
Thus, each patient was represented as a vector using weighted significance of ICD10 occurrences. Afterwards, patient-patient similarity was defined by the cosine of the angle between
every pair of patient vectors. Using a threshold of similarity scores, they obtained a network of
approximately 1,500 patients that could be naturally clustered into subnetworks. They examined the features of these subnetworks and found that Schizophrenia and alcohol/drug usage
were important features of several subnetworks.
Such a simple phenotype-based clustering approach provides valuable information but still
has some shortcomings. For example, while the above-mentioned study found that several subnetworks have schizophrenia as one of their underlying features, it is not clear if the different
subnetworks correspond to subtypes of schizophrenia or if phenotypic features unrelated to
the disease define the subnetworks. In modeling heterogeneity of complex diseases, it is critical
to find the causal relationships of disease phenotypes rather than simply clustering the phenotypes of patients. In the context of cancer, the cause is typically a tumor genotype, but other factors such as epigenetics, age, environment, etc., should also be considered when data permits.
The first approach to use a patient network to infer genotype–phenotype relationships was
proposed by Cho and Przytycka [7]. By combining a patient similarity network and a topic
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Fig 2. Other types of biological networks. A) Topic model utilizing a patient similarity network. The network guides to find disease subtypes and their
features (in the figure, the mutations in genes g1 and g2 are selected features for Subtype 1, while Subtype 2 has mutations in g4 and g5). Patients can be
represented as mixtures of multiple subtypes. B) Disease network. A disease network can be constructed based on shared disease genes or the similarity of
disease phenotypes. For example, the disease network on the right has an edge between two diseases if they share the same disease genes or phenotype
features.
doi:10.1371/journal.pcbi.1004747.g002

modeling approach, originally designed to discover hidden semantic structures in large document collections (see [72] for a general introduction and [73–77] for biological applications),
they developed and applied a probabilistic algorithm to analyze TCGA glioblastoma multiforme (GBM) data [78,79]. Specifically, the basic idea of a topic model is to identify topics so
that each document is represented as a mixture of these topics. In a topic model for disease
studies, patients are considered as documents, while putative causal features (mutations, copy
number variations, etc.) of the patients represent the words describing the documents. In addition, gene expression was used to define phenotypic similarity between patients in the patient
network. A topic model algorithm can then be applied to identify disease subtypes (corresponding to topics), and individual patients are modeled as a mixture of subtypes that best
explain the patient similarity network. A patient similarity network is used to guide model construction so that phenotypically similar patients are assigned similar subtype mixtures (Fig
2A). In their analysis, the model inferred from the TCGA GBM data suggested that the previously proposed classification of GBM into four distinct subtypes [78] may be better explained
with the classification into three basic subtypes (Proneural, Mesenchymal, and Classical) by
representing the Neural subtype as a mixture of the Proneural and Mesenchymal subtypes [7].
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The model also succeeded in identifying the underlying features that explain the subtypes. In
summary, this approach makes it possible to uncover genomic aberrations that explain similarities and differences in patients’ phenotypes, identifying subtypes as well as dependencies
between aberrations. Interestingly, the classification into three subtypes was also confirmed by
applying iCLuster (an integrative clustering method based on a Gaussian latent variable
model) [80]. It is worth noting that the technique used in this study is general and can be used
to connect differently defined phenotype similarities, such as cancer stages or survival time,
with a different set of putative causes, including changes in transcription factor binding site,
methylation, DNA topology, and environmental factors. As opposed to two-step approaches
that cluster patients and then find the underlying features, the topic model method constructs
the subtypes models simultaneously with the subtype assignment and has the advantage of
allowing each patient to be assigned a mixture of subtypes.
So far we have discussed using patient networks in which patient similarity scores are computed based on the combination of their phenotypic similarity features. An alternative
approach was recently proposed by Wang et al., in which they constructed patient similarity
networks independently for three different data types (mRNA expression, DNA methylation,
and microRNA expression), then fused them into one similarity network [8]. More specifically,
the Euclidean distances between every pair of patients were first calculated, and a scaled exponential similarity kernel was used to define patient–patient similarity matrices for each data
type. In the network-fusion step, a nonlinear method based on message-passing theory that
iteratively updated each network was used. Through this process, edges whose similarities are
high in one or more networks are added to others, but edges whose similarities are low disappear. After some iterations, the process converged to a single similarity network. For five different cancers from TCGA, this similarity network fusion (SNF) method outperformed single
data type analysis in identifying cancer subtypes and predicting survival time.
The two methods of utilizing patient similarity described above have their unique advantages. The topic model-based method can be thought of as a subtype-centric approach, as it
allows probabilistic disease subtypes to be defined based on the frequencies of putative causal
features while representing each patient as a mixture of these subtypes. On the other hand, the
network fusion algorithm is a more patient-centric approach, which allows, for each patient,
other individuals that are most similar to the patient in question to be identified and therefore
enabling the information from neighboring patients to be transferred.

Disease Similarity Networks
Disease similarity networks are a natural extension of patient similarity networks. Rather than
considering individual patients, diseases are considered as nodes and edges are created based
on similarities between the diseases. Considering diseases in the context of other related diseases can offer insights for better understanding their genotypic causes and further provide a
way for repurposing existing drugs in similar diseases.
Similarity in disease networks may be measured based on various factors, such as shared
disease genes [11,36,81], disease symptoms [82], and/or mRNA expression [9]. For example,
Goh et al. [81] constructed a human disease network by first creating a bipartite graph based
on disease–gene associations and then connecting diseases if they share the same disease genes
(Fig 2B). Alternatively, disease phenotype similarity networks may be constructed based on
phenotype similarities obtained from text mining [82].
Disease networks are often used in conjunction with a gene interaction network to improve
the quality of disease-gene associations or to better predict disease similarities [12,13]. Menche
et al. devised a metric to predict the similarity between diseases based on the degree of

PLOS Computational Biology | DOI:10.1371/journal.pcbi.1004747 March 10, 2016

9 / 15

separation of disease gene modules in a gene interaction network [11]. They found that, in
comparison to well-separated diseases, diseases with overlapping gene modules are significantly more similar in their expression patterns, symptoms, and have significant comorbidity.
Suthram et al. obtained functional gene modules for diseases and used mRNA expression data
to determine the status of the gene modules, creating a disease similarity map [9].
Overall, disease similarity networks are helpful for uncovering relationships between diseases, which in turn can shed light on finding common genetic causes among similar diseases.
Another benefit of considering similarities and differences of diseases is that a large-scale disease interaction map can provide valuable guide for drug repositioning and help predict their
side effects.

Conclusions and a Look Ahead
Cancer heterogeneity poses a significant challenge for analyzing and interpreting cancer
patient data. Cancer is now commonly understood as a disease of pathways rather than a result
of defects in individual genes. Therefore, network-based approaches can be employed to find
explanations for how different mutations result in similar disease phenotypes. Gene interaction
networks have been used to identify defective pathways, classify subtypes based on subnetworks, and predict treatment and survival outcomes. In addition to gene networks, patient similarity networks are gaining importance and can offer different perspectives for understanding
cancer.
Currently, networks used in cancer studies are typically static, and network topology
remains fixed during the analysis while changes associated with diseases may be mapped as
changes in properties of the nodes or edges of such network. However, interactions between
biological entities may differ at multiple levels, depending on spatial and/or temporal conditions [83]. Recently, there have been some efforts towards modeling and analyzing dynamic
interactions in the context of multiple time points [84,85] or tissue types [86].
Dynamic network analysis can help in deciphering fundamental mechanisms of diseases,
such as increasing disease susceptibility with age. As a step in this direction, Faisal and Milenkovic exploited network dynamics to study age progression [85]. By combining a protein-protein interaction network with aging-related gene expression data, they obtained age-specific
networks and analyzed global and local changes in network topology at different ages. They
observed a number of proteins with changes in local network structures that are predictive of
genes related to aging.
In cancer data analysis, utilization of network dynamics is still limited. Obtaining interactions in different tissue types and putting them together can advance therapeutics by predicting
the effects of chemotherapy in specific tissues. For example, Greene et al. [86] used a support
vector machine classifier, trained with tissue-specific networks, to re-evaluate significant genes
from a genome-wide association study (GWAS). They showed that modeling complex diseases
in humans using tissue-specific networks provided several insights into disease genetics and
crosstalk, opening avenues for the discovery of molecular disease associations.
One of the most widely acknowledged problems with currently available gene networks is
their noisiness. Physical interaction networks obtained from large-scale experiments are not
only noisy but also incomplete. Relative to physical interaction networks, functional interaction
networks are more complete but may lose specific information about directly interacting pairs
because these networks integrate many different functional relationships together. Studies that
focus more on mechanistic aspects of signal propagation may benefit from leveraging physical
interaction networks, but they need to be aware of the limitations that these networks currently
have. In contrast, analyses that focus on identification of broadly related groups of genes
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typically utilize functional networks, which cover a wide spectrum of interactions between
molecules.
One of the main advantages of network-based approaches is their capability to uncover cancer-related associations, including genotype-phenotype relationships, despite the heterogeneity
of the disease. Such large-scale associations can suggest potential treatment options and can
generate testable hypothesizes, but at present, they can rarely provide full explanations of
observed relationships. Indeed, current interaction networks not only lack context dependency
but also cannot usually provide accurate mechanistic interpretations. It is anticipated, however,
that as the coverage and information encoded in these networks improves, the predictive and
explanatory power of network-based cancer analysis will increase accordingly.

References
1.

Rual JF, Venkatesan K, Hao T, Hirozane-Kishikawa T, Dricot A, Li N, et al. Towards a proteome-scale
map of the human protein-protein interaction network. Nature. 2005; 437(7062):1173–8. doi: 10.1038/
nature04209 PMID: 16189514.

2.

Stelzl U, Worm U, Lalowski M, Haenig C, Brembeck FH, Goehler H, et al. A human protein-protein interaction network: a resource for annotating the proteome. Cell. 2005; 122(6):957–68. doi: 10.1016/j.cell.
2005.08.029 PMID: 16169070.

3.

Das J, Yu H. HINT: High-quality protein interactomes and their applications in understanding human
disease. BMC Syst Biol. 2012; 6:92. doi: 10.1186/1752-0509-6-92 PMID: 22846459; PubMed Central
PMCID: PMC3483187.

4.

Lee I, Blom UM, Wang PI, Shim JE, Marcotte EM. Prioritizing candidate disease genes by networkbased boosting of genome-wide association data. Genome research. 2011; 21(7):1109–21. doi: 10.
1101/gr.118992.110 PMID: 21536720; PubMed Central PMCID: PMC3129253.

5.

Snel B, Lehmann G, Bork P, Huynen MA. STRING: a web-server to retrieve and display the repeatedly
occurring neighbourhood of a gene. Nucleic acids research. 2000; 28(18):3442–4. PMID: 10982861;
PubMed Central PMCID: PMC110752.

6.

Roque FS, Jensen PB, Schmock H, Dalgaard M, Andreatta M, Hansen T, et al. Using electronic patient
records to discover disease correlations and stratify patient cohorts. PLoS Comput Biol. 2011; 7(8):
e1002141. doi: 10.1371/journal.pcbi.1002141 PMID: 21901084; PubMed Central PMCID:
PMC3161904.

7.

Cho DY, Przytycka TM. Dissecting cancer heterogeneity with a probabilistic genotype-phenotype
model. Nucleic acids research. 2013; 41(17):8011–20. doi: 10.1093/nar/gkt577 PMID: 23821670;
PubMed Central PMCID: PMC3783162.

8.

Wang B, Mezlini AM, Demir F, Fiume M, Tu Z, Brudno M, et al. Similarity network fusion for aggregating
data types on a genomic scale. Nature methods. 2014; 11(3):333–7. doi: 10.1038/nmeth.2810 PMID:
24464287.

9.

Suthram S, Dudley JT, Chiang AP, Chen R, Hastie TJ, Butte AJ. Network-based elucidation of human
disease similarities reveals common functional modules enriched for pluripotent drug targets. PLoS
Comput Biol. 2010; 6(2):e1000662. Epub 2010/02/09. doi: 10.1371/journal.pcbi.1000662 PMID:
20140234; PubMed Central PMCID: PMC2816673.

10.

Barabasi AL, Gulbahce N, Loscalzo J. Network medicine: a network-based approach to human disease. Nat Rev Genet. 2011; 12(1):56–68. doi: 10.1038/nrg2918 PMID: 21164525; PubMed Central
PMCID: PMC3140052.

11.

Menche J, Sharma A, Kitsak M, Ghiassian SD, Vidal M, Loscalzo J, et al. Disease networks. Uncovering disease-disease relationships through the incomplete interactome. Science. 2015; 347
(6224):1257601. doi: 10.1126/science.1257601 PMID: 25700523; PubMed Central PMCID:
PMC4435741.

12.

Wu X, Jiang R, Zhang MQ, Li S. Network-based global inference of human disease genes. Molecular
systems biology. 2008; 4:189. PMID: 18463613. doi: 10.1038/msb.2008.27

13.

Xie M, Xu Y, Zhang Y, Hwang T, Kuang R. Network-based Phenome-Genome Association Prediction
by Bi-Random Walk. PLoS ONE. 2015; 10(5):e0125138. Epub 2015/05/02. doi: 10.1371/journal.pone.
0125138 PMID: 25933025; PubMed Central PMCID: PMC4416812.

14.

Yildirim MA, Goh KI, Cusick ME, Barabasi AL, Vidal M. Drug-target network. Nature biotechnology.
2007; 25(10):1119–26. doi: 10.1038/nbt1338 PMID: 17921997.

15.

Chuang HY, Lee E, Liu YT, Lee D, Ideker T. Network-based classification of breast cancer metastasis.
Molecular systems biology. 2007; 3:140. PMID: 17940530.

PLOS Computational Biology | DOI:10.1371/journal.pcbi.1004747 March 10, 2016

11 / 15

16.

Muller FJ, Laurent LC, Kostka D, Ulitsky I, Williams R, Lu C, et al. Regulatory networks define phenotypic classes of human stem cell lines. Nature. 2008; 455(7211):401–5. Epub 2008/08/30. doi: 10.
1038/nature07213 PMID: 18724358; PubMed Central PMCID: PMC2637443.

17.

Mani KM, Lefebvre C, Wang K, Lim WK, Basso K, Dalla-Favera R, et al. A systems biology approach to
prediction of oncogenes and molecular perturbation targets in B-cell lymphomas. Molecular systems
biology. 2008; 4:169. Epub 2008/02/16. doi: 10.1038/msb.2008.2 PMID: 18277385; PubMed Central
PMCID: PMC2267731.

18.

Xue H, Xian B, Dong D, Xia K, Zhu S, Zhang Z, et al. A modular network model of aging. Molecular systems biology. 2007; 3:147. Epub 2007/12/07. doi: 10.1038/msb4100189 PMID: 18059442; PubMed
Central PMCID: PMC2174624.

19.

Xia K, Xue H, Dong D, Zhu S, Wang J, Zhang Q, et al. Identification of the proliferation/differentiation
switch in the cellular network of multicellular organisms. PLoS Comput Biol. 2006; 2(11):e145. Epub
2006/12/15. doi: 06-PLCB-RA-0178R2 [pii] doi: 10.1371/journal.pcbi.0020145 PMID: 17166053;
PubMed Central PMCID: PMC1664705.

20.

Patel VN, Gokulrangan G, Chowdhury SA, Chen Y, Sloan AE, Koyuturk M, et al. Network signatures of
survival in glioblastoma multiforme. PLoS Comput Biol. 2013; 9(9):e1003237. doi: 10.1371/journal.
pcbi.1003237 PMID: 24068912; PubMed Central PMCID: PMC3777929.

21.

Kim YA, Wuchty S, Przytycka TM. Simultaneous Identification of Causal Genes and Dys-Regulated
Pathways in Complex Diseases. In: Berger B editor. Research in Computational Molecular Biology
(RECOMB). Springer-Verlag Berlin Heidelberg, 2010.

22.

Wilentzik R, Gat-Viks I. A statistical framework for revealing signaling pathways perturbed by DNA variants. Nucleic acids research. 2015; 43(11):e74. doi: 10.1093/nar/gkv203 PMID: 25765646; PubMed
Central PMCID: PMC4477643.

23.

Vandin F, Upfal E, Raphael BJ. Algorithms for detecting significantly mutated pathways in cancer. J
Comput Biol. 2011; 18(3):507–22. Epub 2011/03/10. doi: 10.1089/cmb.2010.0265 PMID: 21385051.

24.

Gilman SR, Iossifov I, Levy D, Ronemus M, Wigler M, Vitkup D. Rare de novo variants associated with
autism implicate a large functional network of genes involved in formation and function of synapses.
Neuron. 2011; 70(5):898–907. Epub 2011/06/11. doi: S0896-6273(11)00439-9 [pii] doi: 10.1016/j.
neuron.2011.05.021 PMID: 21658583.

25.

Levy D, Ronemus M, Yamrom B, Lee YH, Leotta A, Kendall J, et al. Rare de novo and transmitted
copy-number variation in autistic spectrum disorders. Neuron. 2011; 70(5):886–97. Epub 2011/06/11.
doi: S0896-6273(11)00396-5 [pii] doi: 10.1016/j.neuron.2011.05.015 PMID: 21658582.

26.

Rossin EJ, Lage K, Raychaudhuri S, Xavier RJ, Tatar D, Benita Y, et al. Proteins encoded in genomic
regions associated with immune-mediated disease physically interact and suggest underlying biology.
PLoS Genet. 2011; 7(1):e1001273. Epub 2011/01/21. doi: 10.1371/journal.pgen.1001273 PMID:
21249183; PubMed Central PMCID: PMC3020935.

27.

Cerami E, Demir E, Schultz N, Taylor BS, Sander C. Automated network analysis identifies core pathways in glioblastoma. PLoS ONE. 2010; 5(2):e8918. doi: 10.1371/journal.pone.0008918 PMID:
20169195; PubMed Central PMCID: PMC2820542.

28.

Hahn WC, Weinberg RA. Modelling the molecular circuitry of cancer. Nat Rev Cancer. 2002; 2(5):331–
41. doi: 10.1038/nrc795 PMID: 12044009.

29.

Vogelstein B, Kinzler KW. Cancer genes and the pathways they control. Nat Med. 2004; 10(8):789–99.
doi: 10.1038/nm1087 PMID: 15286780.

30.

Vogelstein B, Papadopoulos N, Velculescu VE, Zhou S, Diaz LA Jr., Kinzler KW. Cancer genome landscapes. Science. 2013; 339(6127):1546–58. doi: 10.1126/science.1235122 PMID: 23539594; PubMed
Central PMCID: PMC3749880.

31.

Kohler S, Bauer S, Horn D, Robinson PN. Walking the interactome for prioritization of candidate disease genes. Am J Hum Genet. 2008; 82(4):949–58. PMID: 18371930. doi: 10.1016/j.ajhg.2008.02.013

32.

Vanunu O, Magger O, Ruppin E, Shlomi T, Sharan R. Associating genes and protein complexes with
disease via network propagation. PLoS Comput Biol. 2010; 6(1):e1000641. Epub 2010/01/22. doi: 10.
1371/journal.pcbi.1000641 PMID: 20090828; PubMed Central PMCID: PMC2797085.

33.

Nabieva E, Jim K, Agarwal A, Chazelle B, Singh M. Whole-proteome prediction of protein function via
graph-theoretic analysis of interaction maps. Bioinformatics. 2005; 21 Suppl 1:i302–10. PMID:
15961472.

34.

Stojmirovic A, Yu YK. Information flow in interaction networks. J Comput Biol. 2007; 14(8):1115–43.
PMID: 17985991.

35.

Cho H, Berger B, Peng J. Diffusion Component Analysis: Unraveling Functional Topology in Biological
Networks. In: Przytycka T, editor. Research in Computational Molecular Biology (RECOMB). Springer
International Publishing Switzerland, 2015.

PLOS Computational Biology | DOI:10.1371/journal.pcbi.1004747 March 10, 2016

12 / 15

36.

Hamaneh MB, Yu YK. Relating diseases by integrating gene associations and information flow through
protein interaction network. PLoS ONE. 2014; 9(10):e110936. doi: 10.1371/journal.pone.0110936
PMID: 25360770; PubMed Central PMCID: PMC4216010.

37.

Zotenko E, Mestre J, O'Leary DP, Przytycka TM. Why do hubs in the yeast protein interaction network
tend to be essential: reexamining the connection between the network topology and essentiality. PLoS
Comput Biol. 2008; 4(8):e1000140. PMID: 18670624. doi: 10.1371/journal.pcbi.1000140

38.

Newman M. A measure of betweenness centrality based on random walks. Social Networks. 2005 27
(1):39–54.

39.

Kim YA, Wuchty S, Przytycka TM. Identifying causal genes and dysregulated pathways in complex diseases. PLoS Comput Biol. 2011; 7(3):e1001095. doi: 10.1371/journal.pcbi.1001095 PMID: 21390271;
PubMed Central PMCID: PMC3048384.

40.

Tu Z, Wang L, Arbeitman MN, Chen T, Sun F. An integrative approach for causal gene identification
and gene regulatory pathway inference. Bioinformatics. 2006; 22(14):e489–96. PMID: 16873511.

41.

Suthram S, Beyer A, Karp RM, Eldar Y, Ideker T. eQED: an efficient method for interpreting eQTL associations using protein networks. Mol Syst Biol. 2008; 4:162. PMID: 18319721. doi: 10.1038/msb.2008.4

42.

Kim YA, Przytycki JH, Wuchty S, Przytycka TM. Modeling information flow in biological networks. Phys
Biol. 2011; 8(3):035012. Epub 2011/05/17. doi: 10.1088/1478-3975/8/3/035012 PMID: 21572171;
PubMed Central PMCID: PMC3148109.

43.

Yeger-Lotem E, Riva L, Su LJ, Gitler AD, Cashikar AG, King OD, et al. Bridging high-throughput genetic
and transcriptional data reveals cellular responses to alpha-synuclein toxicity. Nature genetics. 2009;
41(3):316–23. PMID: 19234470. doi: 10.1038/ng.337

44.

Leiserson MD, Vandin F, Wu HT, Dobson JR, Eldridge JV, Thomas JL, et al. Pan-cancer network analysis identifies combinations of rare somatic mutations across pathways and protein complexes. Nature
genetics. 2015; 47(2):106–14. Epub 2014/12/17. doi: 10.1038/ng.3168 PMID: 25501392; PubMed
Central PMCID: PMC4444046.

45.

Hofree M, Shen JP, Carter H, Gross A, Ideker T. Network-based stratification of tumor mutations.
Nature methods. 2013; 10(11):1108–15. Epub 2013/09/17. doi: 10.1038/nmeth.2651 PMID: 24037242;
PubMed Central PMCID: PMC3866081.

46.

Kim YA, Salari R, Wuchty S, Przytycka TM. Module cover—a new approach to genotype-phenotype
studies. Pacific Symposium on Biocomputing Pacific Symposium on Biocomputing. 2013:135–46.
Epub 2013/02/21. PMID: 23424119; PubMed Central PMCID: PMC3595055.

47.

Kim YA, Cho DY, Dao P, Przytycka TM. MEMCover: integrated analysis of mutual exclusivity and functional network reveals dysregulated pathways across multiple cancer types. Bioinformatics. 2015; 31
(12):i284–i292. Epub 2015/06/15. doi: 10.1093/bioinformatics/btv247 PMID: 26072494; PubMed Central PMCID: PMC4481701.

48.

Ulitsky I, Karp R, Shamir R. Detecting Disease-Specific Dysregulated Pathways Via Analysis of Clinical
Expression Profiles. In: Vingrom M, Wong L, editors. Research in Computational Molecular Biology
(RECOMB); Springer-Verlag Berlin Heidelberg, 2008.

49.

Chowdhury SA, Koyuturk M. Identification of coordinately dysregulated subnetworks in complex phenotypes. Pacific Symposium on Biocomputing. 2010:133–44. Epub 2009/11/13. doi:
9789814295291_0016 [pii]. PMID: 19908366.

50.

Lu S, Lu KN, Cheng S, Ma X, Nystrom N, Lu X. Identifying driver genomic alterations in cancers by
searching minimum-weight, mutually exclusive sets. PLoS Comput Biol. 2015; 11(8):e1004257. doi:
10.1371/journal.pcbi.1004257 PMID: 26317392

51.

Ulitsky I, Krishnamurthy A, Karp RM, Shamir R. DEGAS: de novo discovery of dysregulated pathways
in human diseases. PLoS ONE. 2010; 5(10):e13367. doi: 10.1371/journal.pone.0013367 PMID:
20976054; PubMed Central PMCID: PMC2957424.

52.

Bailly-Bechet M, Borgs C, Braunstein A, Chayes J, Dagkessamanskaia A, Francois JM, et al. Finding
undetected protein associations in cell signaling by belief propagation. Proc Natl Acad Sci U S A. 2011;
108(2):882–7. Epub 2010/12/29. doi: 1004751108 [pii] doi: 10.1073/pnas.1004751108 PMID:
21187432; PubMed Central PMCID: PMC3021011.

53.

Tuncbag N, McCallum S, Huang SS, Fraenkel E. SteinerNet: a web server for integrating 'omic' data to
discover hidden components of response pathways. Nucleic acids research. 2012; 40(Web Server
issue):W505–9. Epub 2012/05/29. doi: gks445 [pii] doi: 10.1093/nar/gks445 PMID: 22638579; PubMed
Central PMCID: PMC3394335.

54.

Huang SS, Fraenkel E. Integrating proteomic, transcriptional, and interactome data reveals hidden
components of signaling and regulatory networks. Science signaling. 2009; 2(81):ra40. doi: 10.1126/
scisignal.2000350 PMID: 19638617; PubMed Central PMCID: PMC2889494.

PLOS Computational Biology | DOI:10.1371/journal.pcbi.1004747 March 10, 2016

13 / 15

55.

Nurcan Tuncbag AB, Pagnani Andrea, Huang Shao-Shan Carol, Chayes Jennifer, Borgs Christian,
Zecchina Riccardo, Fraenkel Ernest editors.Simultaneous reconstruction of multiple signaling pathways via the prize-collecting Steiner forest problem. In: Chor E, editor. Research in Computational
Molecular Biology (RECOMB); Springer-Verlag Berlin Heidelberg, 2012.

56.

Gitter A, Braunstein A, Pagnani A, Baldassi C, Borgs C, Chayes J, et al. Sharing information to reconstruct patient-specific pathways in heterogeneous diseases. Pacific Symposium on Biocomputing.
2014:39–50. PMID: 24297532; PubMed Central PMCID: PMC3910098.

57.

Szczurek E, Misra N, Vingron M. Synthetic sickness or lethality points at candidate combination therapy
targets in glioblastoma. Int J Cancer. 2013; 133(9):2123–32. doi: 10.1002/ijc.28235 PMID: 23629686.

58.

Jerby-Arnon L, Pfetzer N, Waldman YY, McGarry L, James D, Shanks E, et al. Predicting cancer-specific vulnerability via data-driven detection of synthetic lethality. Cell. 2014; 158(5):1199–209. doi: 10.
1016/j.cell.2014.07.027 PMID: 25171417.

59.

Ciriello G, Cerami E, Aksoy BA, Sander C, Schultz N. Using MEMo to discover mutual exclusivity modules in cancer. Current protocols in bioinformatics / editoral board, Baxevanis Andreas D [et al]. 2013;
Chapter 8:Unit 8 17. Epub 2013/03/19. doi: 10.1002/0471250953.bi0817s41 PMID: 23504936.

60.

Ciriello G, Cerami E, Sander C, Schultz N. Mutual exclusivity analysis identifies oncogenic network
modules. Genome research. 2012; 22(2):398–406. Epub 2011/09/13. doi: 10.1101/gr.125567.111
PMID: 21908773; PubMed Central PMCID: PMC3266046.

61.

Babur O, Gonen M, Aksoy BA, Schultz N, Ciriello G, Sander C, et al. Systematic identification of cancer
driving signaling pathways based on mutual exclusivity of genomic alterations. Genome biology. 2015;
16:45. Epub 2015/04/19. doi: 10.1186/s13059-015-0612-6 PMID: 25887147; PubMed Central PMCID:
PMC4381444.

62.

Miller CA, Settle SH, Sulman EP, Aldape KD, Milosavljevic A. Discovering functional modules by identifying recurrent and mutually exclusive mutational patterns in tumors. BMC Med Genomics. 2011; 4:34.
doi: 10.1186/1755-8794-4-34 PMID: 21489305; PubMed Central PMCID: PMC3102606.

63.

Vandin F, Upfal E, Raphael BJ. De novo discovery of mutated driver pathways in cancer. Genome
research. 2012; 22(2):375–85. Epub 2011/06/10. doi: gr.120477.111 [pii] doi: 10.1101/gr.120477.111
PMID: 21653252; PubMed Central PMCID: PMC3266044.

64.

Zhao J, Zhang S, Wu LY, Zhang XS. Efficient methods for identifying mutated driver pathways in cancer. Bioinformatics. 2012; 28(22):2940–7. doi: 10.1093/bioinformatics/bts564 PMID: 22982574.

65.

Leiserson MD, Wu HT, Vandin F, Raphael BJ. CoMEt: a statistical approach to identify combinations of
mutually exclusive alterations in cancer. Genome biology. 2015; 16:160. doi: 10.1186/s13059-0150700-7 PMID: 26253137; PubMed Central PMCID: PMC4531541.

66.

Szczurek E, Beerenwinkel N. Modeling mutual exclusivity of cancer mutations. PLoS Comput Biol.
2014; 10(3):e1003503. Epub 2014/03/29. doi: 10.1371/journal.pcbi.1003503 PMID: 24675718;
PubMed Central PMCID: PMC3967923.

67.

Leiserson MD, Blokh D, Sharan R, Raphael BJ. Simultaneous identification of multiple driver pathways
in cancer. PLoS Comput Biol. 2013; 9(5):e1003054. doi: 10.1371/journal.pcbi.1003054 PMID:
23717195; PubMed Central PMCID: PMC3662702.

68.

Zhang J, Wu LY, Zhang XS, Zhang S. Discovery of co-occurring driver pathways in cancer. BMC bioinformatics. 2014; 15:271. doi: 10.1186/1471-2105-15-271 PMID: 25106096; PubMed Central PMCID:
PMC4133618.

69.

Constantinescu S, Szczurek E, Mohammadi P, Rahnenfuhrer J, Beerenwinkel N. TiMEx: a waiting time
model for mutually exclusive cancer alterations. Bioinformatics. 2015. doi: 10.1093/bioinformatics/
btv400 PMID: 26163509.

70.

Cancer Genome Atlas Research Network, Weinstein JN, Collisson EA, Mills GB, Shaw KR, Ozenberger BA, et al. The Cancer Genome Atlas Pan-Cancer analysis project. Nature genetics. 2013; 45
(10):1113–20. doi: 10.1038/ng.2764 PMID: 24071849; PubMed Central PMCID: PMC3919969.

71.

Park S, Lehner B. Cancer type-dependent genetic interactions between cancer driver alterations indicate plasticity of epistasis across cell types. Molecular systems biology. 2015; 11(7):824. doi: 10.
15252/msb.20156102 PMID: 26227665.

72.

Blei DM. Probabilistic Topic Models. Commun Acm. 2012; 55(4):77–84. PMID:
CCC:000302915000026.

73.

La Rosa M, Fiannaca A, Rizzo R, Urso A. Probabilistic topic modeling for the analysis and classification
of genomic sequences. BMC bioinformatics. 2015; 16 Suppl 6:S2. doi: 10.1186/1471-2105-16-S6-S2
PMID: 25916734; PubMed Central PMCID: PMC4416183.

74.

Konietzny SG, Dietz L, McHardy AC. Inferring functional modules of protein families with probabilistic
topic models. BMC bioinformatics. 2011; 12:141. doi: 10.1186/1471-2105-12-141 PMID: 21554720;
PubMed Central PMCID: PMC3098182.

PLOS Computational Biology | DOI:10.1371/journal.pcbi.1004747 March 10, 2016

14 / 15

75.

Falush D, Stephens M, Pritchard JK. Inference of population structure using multilocus genotype data:
linked loci and correlated allele frequencies. Genetics. 2003; 164(4):1567–87. PMID: 12930761;
PubMed Central PMCID: PMC1462648.

76.

Pritchard JK, Stephens M, Donnelly P. Inference of population structure using multilocus genotype
data. Genetics. 2000; 155(2):945–59. PMID: 10835412; PubMed Central PMCID: PMC1461096.

77.

Liu B, Liu L, Tsykin A, Goodall GJ, Green JE, Zhu M, et al. Identifying functional miRNA-mRNA regulatory modules with correspondence latent dirichlet allocation. Bioinformatics. 2010; 26(24):3105–11.
doi: 10.1093/bioinformatics/btq576 PMID: 20956247; PubMed Central PMCID: PMC2995118.

78.

Verhaak RG, Hoadley KA, Purdom E, Wang V, Qi Y, Wilkerson MD, et al. Integrated genomic analysis
identifies clinically relevant subtypes of glioblastoma characterized by abnormalities in PDGFRA,
IDH1, EGFR, and NF1. Cancer Cell. 2010; 17(1):98–110. doi: 10.1016/j.ccr.2009.12.020 PMID:
20129251; PubMed Central PMCID: PMC2818769.

79.

Cancer Genome Atlas Research Network. Comprehensive genomic characterization defines human
glioblastoma genes and core pathways. Nature. 2008; 455(7216):1061–8. doi: 10.1038/nature07385
PMID: 18772890; PubMed Central PMCID: PMC2671642.

80.

Shen R, Mo Q, Schultz N, Seshan VE, Olshen AB, Huse J, et al. Integrative subtype discovery in glioblastoma using iCluster. PLoS ONE. 2012; 7(4):e35236. doi: 10.1371/journal.pone.0035236 PMID:
22539962; PubMed Central PMCID: PMC3335101.

81.

Goh KI, Cusick ME, Valle D, Childs B, Vidal M, Barabasi AL. The human disease network. Proc Natl
Acad Sci U S A. 2007; 104(21):8685–90. doi: 10.1073/pnas.0701361104 PMID: 17502601; PubMed
Central PMCID: PMC1885563.

82.

van Driel MA, Bruggeman J, Vriend G, Brunner HG, Leunissen JA. A text-mining analysis of the human
phenome. Eur J Hum Genet. 2006; 14(5):535–42. doi: 10.1038/sj.ejhg.5201585 PMID: 16493445.

83.

Przytycka TM, Singh M, Slonim DK. Toward the dynamic interactome: it's about time. Brief Bioinform.
2010; 11(1):15–29. doi: 10.1093/bib/bbp057 PMID: 20061351; PubMed Central PMCID:
PMC2810115.

84.

Chu LH, Lee E, Bader JS, Popel AS. Angiogenesis interactome and time course microarray data reveal
the distinct activation patterns in endothelial cells. PLoS ONE. 2014; 9(10):e110871. doi: 10.1371/
journal.pone.0110871 PMID: 25329517; PubMed Central PMCID: PMC4199761.

85.

Faisal FE, Milenkovic T. Dynamic networks reveal key players in aging. Bioinformatics. 2014; 30
(12):1721–9. Epub 2014/02/21. doi: 10.1093/bioinformatics/btu089 PMID: 24554629.

86.

Greene CS, Krishnan A, Wong AK, Ricciotti E, Zelaya RA, Himmelstein DS, et al. Understanding multicellular function and disease with human tissue-specific networks. Nature genetics. 2015; 47(6):569–
76. Epub 2015/04/29. doi: 10.1038/ng.3259 PMID: 25915600.

PLOS Computational Biology | DOI:10.1371/journal.pcbi.1004747 March 10, 2016

15 / 15

