
Accepted Manuscript

Enabling Precision Medicine through Integrative Network Models

Victoria Yao, Aaron K. Wong, Olga G. Troyanskaya

PII: S0022-2836(18)30744-7
DOI: doi:10.1016/j.jmb.2018.07.004
Reference: YJMBI 65811

To appear in: Journal of Molecular Biology

Received date: 1 April 2018
Revised date: 15 June 2018
Accepted date: 3 July 2018

Please cite this article as: Victoria Yao, Aaron K. Wong, Olga G. Troyanskaya , Enabling
Precision Medicine through Integrative Network Models. Yjmbi (2018), doi:10.1016/
j.jmb.2018.07.004

This is a PDF file of an unedited manuscript that has been accepted for publication. As
a service to our customers we are providing this early version of the manuscript. The
manuscript will undergo copyediting, typesetting, and review of the resulting proof before
it is published in its final form. Please note that during the production process errors may
be discovered which could affect the content, and all legal disclaimers that apply to the
journal pertain.

https://doi.org/10.1016/j.jmb.2018.07.004
https://doi.org/10.1016/j.jmb.2018.07.004
https://doi.org/10.1016/j.jmb.2018.07.004


AC
CEP

TE
D M

AN
USC

RIP
T

 

 

 

 

 

 

Enabling precision medicine through integrative network models  

 

Victoria Yao1, Aaron K. Wong3, and Olga G. Troyanskaya1, 2, 3* 

  

1 Department of Computer Science, Princeton University 
2 Lewis-Sigler Institute for Integrative Genomics, Princeton University 
3 Center for Computational Biology, Flatiron Institute, Simons Foundation  

* To whom correspondence should be addressed. Tel: (609) 258-1749; Fax: (609) 258-1771; Email: 
ogt@cs.princeton.edu 

 

Abstract 

 

A key challenge in precision medicine lies in understanding molecular-level underpinnings of 

complex human disease. Biological networks in multicellular organisms can generate 

hypotheses about disease genes, pathways, and their behavior in disease-related tissues. 

Diverse functional genomic data, including expression, protein-protein interaction, and relevant 

sequence and literature information can be utilized to build integrative networks that provide 

both genome-wide coverage as well as contextual specificity and accuracy. By carefully 

extracting the relevant signal in thousands of heterogeneous functional genomics experiments 

through integrative analysis, these networks model how genes work together in specific 

contexts to carry out cellular processes, thereby contributing to a molecular level understanding 

of complex human disease and paving the way towards better therapy and drug treatment. 

Here, we discuss current methods to build context-specific integrative networks, focusing on 

tissue-specific networks. We highlight applications of these networks in predicting tissue-specific 

molecular response, identifying candidate disease genes, and increasing power by amplifying 

the disease signal in quantitative genetics data. Altogether, these exciting developments enable 

biomedical scientists to characterize disease from pathophysiology to cellular system, and, 

finally, to specific gene alterations — making significant strides toward the goal of precision 

medicine. 

 

Networks as models of human biology 

 

To realize the promise of precision medicine, we must elucidate the immense molecular 

complexity that forms the foundation of disease. Most human diseases are polygenic, perhaps 

even ‘omnigenic’ [1]. While decades of targeted disease research and the rise of large-scale 

quantitative genetics studies such as genome-wide association studies (GWAS) have been 

valuable in identifying genes and genetic variants that may be linked to a wide range of 
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diseases and phenotypes, it is increasingly clear that there is a “missing heritability” problem 

(i.e., even as the sample sizes in these studies continue to grow, only a small proportion of 

estimated heritability appears to be explained by the identified variants) [2,3].  

 

Understanding complex disease at the molecular level requires us to model specific molecular-

level changes that lead to disease. These changes can happen through a variety of 

mechanisms, for example, regulatory abnormalities, modifications to protein interactions, or 

effects on signaling cascades. Modern genome-scale experimental techniques enable us to 

monitor and probe these molecular events by providing a wealth of data along multiple axes of 

cellular activity. Diverse high-throughput data vary in relevance depending on the biological 

process under study (e.g., a specific tissue, disease, or pathway), as both experimental 

technologies and perturbations capture different biological signal with varying degrees of 

success. Thus, integrative analysis of these data is paramount because (1) many 

diseases/tissues of interest are interrogated by multiple datasets, (2) each dataset holds a 

complex mixture of signals relevant not only to the biological question or disease under study, 

but also to many other biological events (e.g., cancer datasets have very strong immune 

signals, kidney disease data have strong inflammation signals), (3) individual datasets are 

noisy, necessitating the identification of strong, recurring signals in relevant datasets.  

 

A powerful set of approaches has emerged for integrating diverse data into functional maps of 

human cellular biology. These network approaches use a variety of machine learning and 

statistical algorithms to integrate very large collections of noisy and heterogeneous human 

‘omics’ data into functional maps, or networks [4–6]. Intuitively, an edge between two genes in 

these functional maps typically represents the probability that the genes are, directly or 

indirectly, participating in the same biological process or pathway (e.g., innate immune 

response, microtubule polymerization, axonogenesis). The genome-wide gene networks that 

result from integration of these data allow biologists to generate specific, experimentally testable 

hypotheses and provide a systems-level view of biological processes.  

 

Biological network models have typically represented general views of organismal biology, not 

resolved to specific tissues or cell types. However, tissue and cellular context is critical for 

interpreting the behavior of genes and pathways, as gene function and interactions can vary 

greatly between tissues and cell types, and dysregulation of tissue- and cell-lineage-specific 

processes underlies many diseases. For example, selective neuronal vulnerability is a key 

characteristic of neurodegenerative diseases such as Parkinson’s Disease, and the neuronal 

subtypes as well as affected brain regions tend to be strong determinants of their corresponding 

clinical phenotypes [7]. In Parkinson’s Disease, the dopaminergic neurons in the substantia 

nigra pars compacta area of the brain are particularly susceptible to cell death, while highly 

similar dopaminergic neurons in the nearby ventral tegmental area are much less vulnerable. 

Thus, to fully capture the underlying biological processes relevant for a disease like Parkinson’s 

Disease, brain-region-specific networks are necessary.  
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Below, we discuss approaches to construct tissue- and cell-type-specific networks from 

integrations of large collections of public functional genomic data, and how such networks can 

be applied to study the molecular basis of human disease (Figure 1). We begin with a 

discussion of methods that integrate heterogeneous data into networks and further technical 

innovations that effectively “summarize” these data into context-specific maps of the biological 

landscape of specific tissues and cell types. We then examine applications of these networks to 

the study of disease. Finally, we argue for the importance of making these networks and 

accompanying methods accessible to the wider community through user-friendly interactive 

public systems that are maintained over time.  

 

Building tissue- and cell-type-specific functional networks  

          

Methods that construct tissue-specific networks have historically been limited by the availability 

of experimental data for specific tissues and cell types, especially in humans. These direct 

approaches typically assemble available tissue-specific expression data into gene correlation 

networks [8–11] or overlay those expression data on global (non-tissue-specific) protein-protein 

interaction networks [12–14]. More sophisticated methods to construct context-specific 

regulatory networks by integrating (as opposed to simple overlaying) context-specific (e.g., 

tissue- or cell-type specific) expression data with a non-context-specific network have also been 

recently developed [15]. These approaches, while valuable, are applicable only to tissues and 

cell types which can be readily assayed [16] and depend almost entirely on the quality of the 

available tissue- or cell-type-specific data. For example, in cancer, where The Cancer Genome 

Atlas (TCGA) and other initiatives have amassed large, high quality collections of diverse, 

genome-scale data to characterize specific cancer types, there has been significant progress in 

the development of network models, and they have yielded invaluable insights into the cancer 

landscape [17–21]. However, for the vast majority of normal human tissues, direct experimental 

assay remains infeasible (especially of living, and not postmortem, tissue), requiring 

computational methods that can infer tissue-specific interactions from large heterogeneous data 

compendia. 

 

To address this challenge, recent work by Greene et al. introduced a method that can 

simultaneously extract tissue or cell-type functional signals from large and diverse genomic data 

collections, including for tissues and cell types for which no tissue-specific experimental data 

exist. This approach generated genome-scale functional maps of 144 human tissues and cell-

types by integrating a collection of data sets covering thousands of experiments from more than 

14,000 distinct publications. Using a Bayesian integration technique, each data set was 

automatically assessed for its relevance to each of the tissue- and cell-lineage-specific 

functional contexts (Figure 1A, 1B). With this approach, networks could be constructed for 

tissues with little or no directly assayed high-throughput data by automatically up-weighting data 

sets from related tissues and prioritizing these tissue-relevant signals over other data. For 

example, the method constructed a network for the dentate gyrus (a brain tissue with limited 
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data) by extracting relevant signals from other (larger or related) tissues and cell types in the 

nervous system [4]. The resulting functional maps provided a detailed portrait of protein function 

and interactions in specific human tissues and cell lineages ranging in function (e.g., from B 

lymphocytes to the renal glomerulus) and in scale (e.g., from the substantia nigra to the whole 

brain).  

 

These tissue-specific networks can be used to generate specific, testable hypotheses about 

gene functions, interactions, and disease association (Figure 1C), which can then be 

experimentally validated. In contrast with general networks, which assume that the function of 

genes remains constant across tissues, these tissue-specific maps answer targeted, tissue-

specific biological questions. For example, Greene et. al hypothesized that the cell-lineage-

specific interactions of the gene IL1B in the blood vessel network (the tissue where it has a key 

role in inflammation) could accurately predict perturbation responses to IL-1β stimulation. To 

test this hypothesis, they profiled the gene expression of aortic smooth muscle cells with IL-1β 

stimulation and examined the genes whose expression was upregulated. Specifically, the top 

genes connected to IL1B in the blood vessel network responded to IL-1β stimulation in blood 

vessel cells; importantly, the blood vessel network was far more predictive of this response than 

a general, non-tissue-specific network or than networks from unrelated tissues. 

Predicting disease-associated genes with integrative networks 

 

The multifactorial nature of most human diseases renders them difficult to study. Targeted 

studies have provided a useful foundation - in many diseases, some of the key genes and 

disease mechanisms are well-studied. Large-scale quantitative genetics studies have provided 

further clues as to which genetic variants may affect disease risk. Yet together, these studies 

are still only able to explain at best a modest fraction of predicted genetic variance [2].  

 

Molecular interaction networks provide effective summaries of cellular processes and thus 

represent powerful tools for investigating disease genes in a way that is complementary to 

experimental and quantitative genetic studies. Intuitively, network-based approaches for 

disease-associated gene prediction analyze network patterns that are associated with genes 

known to be involved in a specific disease (e.g., autism [22–25], cancer [26–28]) and then 

identify additional candidate genes based on shared interaction patterns. These candidate 

genes serve as hypotheses of disease association which can then be experimentally tested. 

The power of such approaches is in the data-driven nature of these predictions, which 

minimizes biases toward well-studied genes and processes.  

 

Most biological/biomedical research is concentrated on genes and processes that already have 

some evidence of association with high impact outcomes (e.g., disease). Thus, genes that are 

already well-studied continue to be studied even more, creating strong biases toward existing 
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knowledge (known as literature bias, see [29]). Network-based disease prediction can mitigate 

literature bias by enabling researchers to find candidate genes which are not well-represented in 

current literature but exhibit strong support for pathogenic involvement in genomic data. 

Additionally, the genome-wide ranking enables additional downstream functional interpretations 

for key dysregulated processes that would otherwise be intractable given only a handful of 

previously studied disease-associated genes. 

 

These approaches initially used physical interaction networks (PPI) [30–32]. PPI networks have 

the advantage of representing direct physical interactions, but also the limitation of relatively 

sparse coverage, especially in the context of tissue-specific networks. This can be addressed 

with tissue-specific functional networks [4] as described above. Another challenge for these 

approaches is that for many complex human diseases, only a limited number of disease-

associated genes are well-studied. To address this challenge, the general idea of predicting 

candidate disease-associated genes based on network interaction patterns similar to those of 

known disease-related genes has recently been extended to use an evidence-weighted 

machine learning approach [4,22]. Specifically, in addition to using only high confidence (e.g., 

experimentally verified) disease genes as training examples/gold standard for the machine 

learning classifier, genes with weak association (e.g., based on text mining) are also 

considered. The various gold standard gene sets are weighted according to their respective 

levels of confidence (e.g., experimentally verified genes receive much more weight than text-

mining based associations) which the classifier takes into account during training. This 

approach was successfully used to predict hundreds of likely autism-associated genes using a 

brain-specific functional network [22].  

 

Re-prioritizing quantitative genetic studies results with network models 

 

Researchers have long recognized the need and power of distilling disease complexity by 

examining known disease genes and results from quantitative genetics studies in the context of 

biological networks. Nevertheless, it is becoming increasingly clear that the importance of 

considering molecular networks in interpreting the genetics of human disease may still have 

been underestimated. A recent study underscored this point: Yang et al. addressed the problem 

of “missing heritability” in quantitative genetics studies by considering all common variants 

together (including those with effect sizes far below significance) and demonstrated that this 

explains most of the estimated heritability [33]. This study and others have given rise to theories 

such as the omnigenic hypothesis [1]: genes can affect each other through their tightly 

interconnected networks, and as such, genes that have little direct bearing on a particular 

disease may, in aggregate, affect core disease pathways and influence disease risk. Thus, 

while quantitative genetics studies such as GWAS are valuable in providing unbiased glimpses 

into the genetic basis of disease, to fully realize their promise and identify core disease-

associated genes, it is crucial to develop methods that analyze the results of these studies in 

the context of relevant biological networks. 
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One such method is network-wide association study (NetWAS) [4], which integrates tissue-

specific networks with the results from standard GWAS as a means to reprioritize every gene in 

the genome for potential disease association. The method is premised on the idea that the top 

GWAS associations are enriched for disease-relevant genes, even if they fall below statistical 

significance. NetWAS constructs a support vector machine (SVM) where the classifier features 

are edges from a tissue-specific network, and labeled examples are drawn from the GWAS 

result (Figure 2). Briefly, nominally significant genes (e.g., p-value < 0.01) from the GWAS are 

positive examples and random genes above the significance threshold negative examples in the 

SVM classification. The result is a genome-wide re-ranking of genes driven by their network 

similarity – in a relevant tissue – to the top GWAS associated genes. The power of the NetWAS 

approach is derived from the fact that it is discovery driven; only genes from the GWAS itself are 

used as training input, as opposed to genes from the potentially biased (and often sparse) prior 

disease knowledge. By fusing the biological models captured by the tissue-specific networks 

with the disease signal inherent in quantitative genetics studies, NetWAS has been successfully 

applied to generate hypotheses related to the molecular basis of a range of diseases, including 

obesity, type 2 diabetes, and systemic lupus erythematosus [4]. 

 

Other network approaches include methods based on PPI networks and prior disease 

knowledge [34–41]. These methods rank candidate genes from a genomic interval by their 

connectivity to known causal genes in protein-protein interaction networks. These approaches 

can be helpful in analyzing GWAS studies results, but their performance is highly dependent on 

the coverage and relevance of available protein-protein interactions and known disease gene 

associations. In general, when choosing an approach for generating candidate disease genes, 

scientists must balance the need for an accurate method (and well-conducted evaluations of 

predictions) with the challenge of avoiding serious biases toward well-studied disease genes 

and pathways.  

 

Network-based functional interpretation of genes and gene sets 

Networks are not only essential for the identification of candidate disease genes and pathways, 

but also for the functional interpretation of dysregulated processes [28,42]. By leveraging 

integrated networks that effectively summarize the functional landscape of a relevant context to 

study the corresponding disease, researchers can identify core disease pathways or processes 

on which a number of genetic variants converge. For example, in autism, likely disease-

associated genes in some of the most common copy number variant regions appear connected 

to core autism genes by affecting cognition, brain development, and axonogenesis. 

Furthermore, a network-based view of disease-associated genes (both known and strongly 

predicted candidates) provides hypotheses of precisely how these genes are associated with 

the disease and assigns functional roles for previously uncharacterized candidate genes. For 
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example, in the aforementioned autism study, by analyzing the functional connectivity of top 

autism-associated gene predictions in the brain-specific network, autism-associated brain-

specific functional modules can be identified. One of the top candidates, DIP2C, was previously 

uncharacterized (Figure 3) but functionally localized to the module representing Rho and insulin-

like growth factor receptor pathways. Thus, network-based analyses can guide follow-up 

experiments on DIP2C to characterize its role in the cellular dysregulation in autism. 

Integrated, tissue-specific networks can also be used to study the higher level topology of 

relationships between diseases, an important question both for differential diagnosis and 

treatment development. Greene et al. created data-driven maps quantifying the molecular 

relationships between diseases in the context of the tissue-specific functional networks. For 

example, using the substantia nigra network to chart out a disease map for Parkinson’s disease 

highlighted both documented disease associations (e.g., basal ganglion disease, lysosomal 

storage disease) and more subtle connections (e.g., inherited metabolic disorder, thyroid 

cancer). This type of inter-disease association analysis provides an additional perspective on 

disease genetics and the crosstalk between their underlying pathways, which could ultimately 

lead to new insights into the molecular characterization of diseases. 

Making networks accessible to biomedical researchers through dynamic, 

interactive interfaces 

 

Many of the integrated networks and associated analyses are available publicly through high-

quality web interfaces, enabling broad access by biomedical researchers (Table 1). These 

resources are critical in making computational methods accessible to bench biologists, 

empowering them to generate testable hypotheses from data-driven, integrative analyses.  

Many feature dynamic, interactive visualizations, encouraging data exploration even for users 

without specific computational expertise. Additionally, many resources enable researchers to 

apply integrated network analyses (e.g., GWAS reprioritization) to their own data [4]. These 

applications typically perform the analyses using server-side resources and, importantly, do not 

require users to install specialized software. By showcasing user-friendly interfaces and 

enabling access to sophisticated analyses, these integrated network resources can complement 

the tools of modern biologists to interpret and guide experiments. 

 

Future Directions 

 

Here, we have primarily discussed approaches to leverage integrated networks for studying the 

genetic basis of disease. However, lifestyle and environmental factors (e.g., diet, exercise, sleep 

deprivation) also heavily contribute to the multifactorial nature of most complex human 

diseases. Unfortunately, the molecular level effects of these non-genetic factors and potential 
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gene-by-environment interaction effects are difficult to systematically probe and measure. The 

sheer amount of potential variation and confounding factors severely hampers the power of 

large-scale analysis efforts such as environment-wide association studies [43,44]. Nevertheless, 

similar to the discovery that tissue-specific networks are powerful “signal filters” that can 

accentuate the signal captured in known disease gene associations and quantitative genetics 

studies, an important future research direction will be the effective development and application 

of integrative network methods for the study of environmental effects underlying disease 

development. 

 

One line of research that can not only help uncover environmental effects on disease, but also 

further advance studies characterizing the genetic basis of disease, is the development of 

methods that can tightly integrate the precision and power of model organism studies with 

human data. A key methodological and conceptual challenge here is how to effectively fuse 

model organism studies with human disease information under a single framework, rather than 

making discoveries separately (e.g., genetic screens in model organisms, GWAS studies in 

humans) and using the other purely for verification. Network-based methods have already been 

shown to be highly beneficial for cross-organism gene annotation transfer by considering not 

only sequence similarity, but also conservation of biological function between orthologs [45,46]. 

They demonstrate dramatic improvement in predicting gene-pathway membership and highlight 

the synergistic advantage of cross-organism analyses. Developing further cross-organism 

network-based approaches is thus also likely to benefit the study of human disease. 

 

As high-throughput omics technologies continue to improve and large-scale data collection 

becomes more prevalent, new opportunities and challenges in network-based analyses are also 

emerging. An important future direction will be fueled by the increase in higher resolution 

longitudinal data — the development of dynamic network models to not simply model particular 

biological contexts (e.g., brain, intestine, kidney), but how these contexts change over time 

(e.g., the development of the brain, age-associated degenerative disorders), in reaction to 

stimuli (e.g., molecular effects of traumatic brain injury), and potentially, crosstalk between 

contexts (e.g., the gut-brain connection and how it is affected by circadian rhythm). In addition, 

epigenetic factors, positioned at the interface between the environment and the genome, also 

have a profound impact on disease risk both within and across generations [47–50]. This 

realization, together with the development of innovative experimental methods, have brought 

forth several large scale efforts to catalog the epigenome, including ENCODE [51], Roadmap 

[52], FANTOM [53], and BLUEPRINT [54], and these data have fueled significant progress in 

predicting the functional effects of noncoding variation using sophisticated computational 

methods [55–57]. These advances in elucidating the impact of genetic variation on epigenetic 

factors are the first steps toward unraveling the complex interplay between the genome, 

epigenome, and environment, especially in the context of disease. Important next steps include 

better understanding the effects of environment on epigenetic variation, of epigenetic variation 

on gene expression, and of epistatic interactions. By modeling this interplay from a systems 
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perspective in a manner that incorporates genetic variation, researchers could capture individual 

differences in their network representations, thus addressing an underlying assumption of all 

current network-based approaches – that single networks (even context-specific ones) are 

identical across individuals. In the long run, such approaches will be critical in integrating 

molecular-level models with whole-organism physiology, and eventually are likely to become an 

integrated part of not only biomedical research, but also the development and application of 

precision medicine diagnoses and treatments.  

 

Figure 1. Tissue-specific functional interaction networks. Tissue-specific networks are 

constructed by integrating A) hierarchy-aware tissue-specific knowledge and a large human 

data compendium using a tissue-specific regularized Bayesian integration method that B) 

identifies and weights datasets based on their tissue-relevant signal. These integrative networks 

are used for downstream C) tissue-specific disease analyses. More specifically, to construct the 

tissue-specific functional interaction standard (A), gene pairs are considered positive examples 

when they both participate in the same process (i.e., process co-membership) and are 

expressed in the tissue of interest. Negative examples include gene pairs that either do not 

participate in the same process or are expressed in other tissues (see Methods in [4] for more 

details). The tissue-specific regularized Bayesian integration method can then use this gold 

standard to mine the signal from a large data compendium to construct tissue-specific networks 

(B). As effective summaries of tissue-specific biology, the network can then be used as a 

representation of tissue-specific biology to help generate hypotheses relevant for human 

disease. For example, the network itself can be used as input to downstream machine learning 

methods to predict disease genes or reprioritize quantitative genetics data (see Figure 2). The 

network itself can also provide functional interpretations for any gene sets of interest (see Figure 

3). 

 

Figure 2. Genome-wide candidate disease gene prediction using tissue-specific 

networks. Based on the shared network connectivity patterns of disease-associated genes, two 

approaches to disease gene prediction are: A) using an evidence-weighted machine learning 

approach that considers known disease genes with varying levels of confidence as positive 

examples and unrelated genes as negatives to rank all genes in the genome based on disease 

association; B) using nominally significant genes in a GWAS study as positive examples and 

non-significant genes as negatives to re-prioritize all genes in the genome. By using a tissue-

specific network synthesized from a large collection of heterogeneous data to drive the 

prioritization of candidate disease genes, the problem of literature bias (where focus is 

concentrated on genes that have been previously characterized in a relevant disease context) is 

somewhat ameliorated.  

 

Figure 3. Functional interpretations of disease genes using tissue-specific networks. 

Autism-associated functional modules identified by clustering of predicted autism-associated 

genes in a brain-specific functional network. The functional role of a previously uncharacterized 
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gene can be hypothesized based on localization into the Rho and insulin-like growth factor 

receptor pathway module. 

 

Box 1. Integrative network concepts 

 

Table 1. Public resources of integrated networks. 
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BOX1 

Term Definition 

Machine learning The application of methods that learn patterns from data, usually 

with the goal of modelling the underlying structure and/or to make 

coherent predictions on new data. 

Supervised machine 

learning 

Machine learning tasks that are given a “gold standard,” which 

include examples of desired outputs given input data, and the 

objective of the method is to model this “training” data and make 

predictions for any new input data. 

Bayesian integration Machine learning approaches that combine multiple sources of 

evidence (e.g., datasets) and make probabilistic predictions, for 

example, the likelihood that two genes are participating in the same 

pathway. 

Integrative network A network that is constructed through the synthesis of 
heterogeneous data types.  

Functional network An integrative network where the nodes are genes, and edge 

weights correspond to the posterior probability of a “functional 

relationship” (i.e., whether the genes perform similar functions, for 

example, participating in the same pathway or mediating the same 

interaction). These functional maps effectively summarize 

collections of genomic data in a biologically meaningful way. 

Tissue-specific network A functional network where edge weights represent the posterior 

probability of a tissue-specific functional relationship between a 

gene pair, thus representing how pathways and processes work in 

a particular tissue. 

Support vector machine 

(SVM) 

A supervised machine learning method that projects input data into 

a high-dimensional space and identifies the hyperplane that best 

separates input data points based on the gold standard provided. 

Given a new data point, the model can then classify it accordingly. 

NetWAS (Network-

guided GWAS analysis) 

A supervised machine learning method that integrates the noisy 

disease signal in GWAS (as represented by genes with nominally 

significant p-values) together with the tissue biology signal in tissue-

specific functional networks to reprioritize genes potentially 

associated with the disease/trait of interest. 
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Noise Variation in the data that is spurious to the phenomenon actually 

being measured, in contrast to “signal” (i.e., the “true” underlying 

pattern in the data due to the phenomena being studied). For 

example, these variations could be a result of measurement errors 

introduced when capturing the data; they could also be due to 

general stochastic variation. One of the primary goals of machine 

learning is to separate signal from noise. 
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Table 1. Public resources of integrated networks. 

 

  Type Network analyses 

HumanBase 
[4] 

hb.flatironinstitute.org 144 integrated human 
tissue networks 

NetWAS for re-prioritizing 
GWAS data 

 
Candidate disease gene 

prediction 
 

Multi-gene query 

STRING 
[35] 

string-db.org Multi-organism  
networks 

Multi-gene query 

FunCoup 
[36] 

funcoup.sbc.su.se Multi-organism networks Multi-gene query 

IMP [37] imp.princeton.edu Multi-organism networks Custom function prediction 
analysis 

 
Multi-gene query 

GeneMania 
[38] 

genemania.org Multi-organism networks Multi-gene query 
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Highlights 

 

 Integrative networks can be constructed by carefully extracting the relevant 
signal in thousands of heterogeneous functional genomics  

 These networks model how genes work together in specific contexts to carry 
out cellular processes 

 Tissue-specific networks can generate hypotheses about disease genes, 
pathways, and their behavior in disease-related tissues 

 Applications of these networks include predicting tissue-specific molecular 
response, identifying candidate disease genes, and increasing power by 
amplifying the disease signal in quantitative genetics data. 
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