
 

IDENTIFYING AND INTERPRETING DISEASE MUTATIONS IN THE 

HUMAN PROTEIN INTERACTOME 

 

 

 

 

 

 

 

A Dissertation 

Presented to the Faculty of the Graduate School 

of Cornell University 

In Partial Fulfillment of the Requirements for the Degree of 

Doctor of Philosophy 

 

 

 

 

 

 

by 

Siwei Chen 

May 2020



 

 

 

 

 

 

 

 

 

 

 

 

 

© 2020 Siwei Chen 

ALL RIGHTS RESERVED



 

 

IDENTIFYING AND INTERPRETING DISEASE MUTATIONS IN THE 

HUMAN PROTEIN INTERACTOME 

 

Siwei Chen, Ph. D. 

Cornell University 2020 

 

Since the rise of the omics era, ever-improving sequencing technologies have 

drastically expanded the horizons of genomics, leading to the discovery of tens 

of millions of DNA variants across human populations and the identification of 

tens of thousands of disease-associated mutations. Nonetheless, the majority of 

these variants remained functionally uncharacterized and thus far, the genomic 

revolution has seldom translated into biological and therapeutic applications. 

It has become increasingly clear that the functional complexity of living systems 

results from multiple molecular layers beyond the genome and that, integration 

of multiple omics data (such as genomics, transcriptomics, and 

proteomics/interactomics) holds the promise to unlock novel and actionable 

insights into health and disease. 

 

In this dissertation, I present several integrative omics frameworks to aid in the 

identification and interpretation of human disease mutations. In Chapter 2, I 

describe a cloud-based online platform that automates large-scale variant 

prioritization, offering a centralized workflow with high-level customization 

and a comprehensive collection of bioinformatics tools and omics data libraries. 



 

In Chapter 3, I present an experimental-computational integrated, interactome 

perturbation framework that for the first time, prioritizes functional missense 

mutations for human disease on a proteomic scale. In Chapters 4 and 5, I built 

upon the interactome perturbation framework with multiple modalities of 

omics data to further accelerate the discovery of potential causative changes in 

disease, and/or the actionable targets, that can be finally translated into rational 

design of new therapeutic strategies.  

 

In sum, the theme is two-fold: from the myriad number of DNA variants, (1) to 

identify which ones contributed to the disease and (2) to interpret how they 

have contributed. 
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CHAPTER 1 

An Introduction to the Omics Era 
 

1.1 The rise of omics fields: genomics, transcriptomics, and proteomics 

Suffixing “-omics” to a molecular term indicates a comprehensive assessment 

of a complete set of biological molecules. The first omics discipline to appear 

was “genomics”, the study of organisms’ whole genomes. As opposed to 

“genetics” that focused on individual genes, genomics aims at characterizing 

the full set of genes of an organism and their inter-relationships during the 

organism’s development. The word genomics was coined by geneticist Tom 

Roderick in 1986, during an international meeting on mapping the entire 

human genome.  

 

In 2001, the Human Genome Project completed sequencing the first entire 

human genome (Lander et al., 2001), taken more than 15 years. Over the past 

decades, the invention and wide adoption of next-generation sequencing (NGS) 

technology has drastically expanded the horizons of genomics, in the form of 

both population and disease-specific genetic studies. Up to 2019, the Genome 

Aggregation Database (gnomAD) (Karczewski, 2020), an international effort 

seeking to aggregate and harmonize whole-exome/genome sequencing 

(WES/WGS) data of entire populations, has released >120,000 exome sequences 

and >15,000 genome sequences from unrelated individuals across seven 

populations. Research efforts of genome scale to decipher sequence variations 
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in human health and disease, such as the International Cancer Genome 

Consortium (ICGC), The Cancer Genome Atlas (TCGA), the Psychiatric 

Genomics Consortium (PGC), the Human Gene Mutation Database (HGMD) 

(Stenson et al., 2003), and the ClinVar (Landrum et al., 2014), are well underway. 

 

Downstream of genomics, studies of the products of the genome, namely RNAs 

and proteins, constitute two other major layers of the omics field: 

transcriptomics and proteomics. Transcriptomics examines RNA levels 

genome-wide, both qualitatively (which genes are expressed) and 

quantitatively (how much of each gene is expressed). Proteomics characterizes 

proteome-wide protein/peptide abundance, modification, and interaction. 

Comparing to genomics, these two layers appear to be more complicated; while 

an organism’s genome is relatively constant, its transcriptome and proteome 

vary from cell to cell and from time to time. These variations are thought to 

underlie a wide range of biochemical and developmental diversities among 

different cell and tissue types, and may play a significant role in the difference 

between health and disease. Practically, when a disease-associated variant or 

gene is nominated, these omics layers would serve to identify the downstream 

molecular changes (e.g., in gene regulation, and/or in protein interaction and 

signaling) that contribute to the disease. 

 

Evidently, while each type of omics data provides useful markers of 

disease/developmental processes, integration of multiple omics allows 

researchers to investigate complex mechanisms across molecular layers. Studies 
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on multi-omics data, especially transcriptomics and proteomics, represent the 

field of “functional genomics”, which focuses on the dynamic aspects such as 

gene transcription, translation, and protein–protein interaction, as opposed to 

the static aspects of the genomic information such as DNA sequence or 

structure. Functional genomics has been growing in popularity, holding the 

promise to unlock novel and actionable biological insights into health and 

disease. 

 

1.2 A newer layer of omics: the 3D interactomics 

With the rise of the omics era, considerable progress has been made in quest to 

understand the relationships between genomic variation and human health. 

Genotype-phenotype associations, as aggregated in ClinVar, contained >86,000 

mutations in >6,500 human genes known to be associated with one or more 

of >8,000 human diseases/disorders. Nonetheless, a corresponding expansion 

in the mechanistic understanding of disease pathogenesis has been much 

slower. The difficulty is primarily attributed to the complex genotype-to-

phenotype relationships (Wang et al., 2012): (i) the same gene can be associated 

with multiple phenotypes (gene pleiotropy), and (ii) the same phenotype can 

be caused by mutations in any one of many genes (locus heterogeneity). It has 

become increasingly clear that the “one gene-one enzyme” paradigm, 

pioneered by Beadle and Tatum (Beadle and Tatum, 1941), cannot fully explain 

the complex phenotypes of living systems. Such recognition has led the concept 

of systems understanding of biology, or “systems biology” that originated more 

than half a century ago, to re-emerge in the early 2000s (Vidal, 2009). The 
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organizational view of the cell has accordingly changed from being “a bag of 

enzymes” to a network of macromolecular interactions (such as interactions 

among proteins, i.e., protein–protein interactions, and interactions between 

proteins and other molecules), the full complement of which constitutes the 

“interactome” network (Robinson et al., 2007; Vidal et al., 2011). Most 

commonly, interactome refers to the set of all pairwise, physical protein–protein 

interactions of a particular organism. 

 

Over the 2000s, significant efforts have been taken towards generating 

proteome-scale interactome maps, from the model organisms S. cerevisiae, C. 

elegans, and D. melanogaster (Ito et al., 2000; Uetz et al., 2000; Walhout et al., 2000; 

Ito et al., 2001; Giot et al., 2003; Reboul et al., 2003; Li et al., 2004), to human 

(Colland et al., 2004; Rual et al., 2005; Stelzl et al., 2005; Venkatesan et al., 2009). 

The study of interactome, or “interactomics”, started to generate new insights 

into how network inter-connectivity determines cellular functions and/or 

affects disease status, on a genomic scale (Sahni et al., 2015). Meanwhile, 

technological advances in high-throughput interaction mapping strategies (Yu 

et al., 2011; Arabidopsis Interactome Mapping, 2011; Rolland et al., 2014), in 

addition to literature curation of small-scale studies (Das and Yu, 2012), 

continued to expand the scale of known interactomes. As of today, >64,000 

experimentally-resolved binary protein-protein interactions, involving >13,000 

proteins, have been carefully compiled to represent the high-quality human 

interactome (Das and Yu, 2012).  
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While knowledge of which proteins interact with each other provides valuable 

information, a full understanding of how proteins interact comes only from 

three-dimensional (3D) structures (Aloy and Russell, 2006), given proteins are 

not simply graph-theoretical nodes as modeled in network science. The 3D 

atomic details allow more rational design of experiments, e.g., to disrupt a 

specific interaction and thereby, to test more specific hypotheses (Aloy and 

Russell, 2006). In the study of human disease, structural analysis of disease-

associated mutations has revealed that mutations tend to localize to protein 

interaction interfaces and that, mutations on the same protein but different 

interfaces can cause clinically distinct diseases by disrupting interactions with 

different partners (Wang et al., 2012). The 3D layer of the interactome thereafter, 

has proceeded to accelerate understanding of the complex genotype-to-

phenotype relationships, including pleiotropy and locus heterogeneity (Wang 

et al., 2012; Wei et al., 2014; Sahni et al., 2015). 

 

Despite the success, the 3D reconstruction of interactomes has been hard work. 

Atomic-level structures of interacting proteins can only be determined through 

X-ray crystallography, NMR, and cryo-EM experiments, which limited the pace 

of generating interaction interfaces on large scales (the first X-ray structures 

took decades (Muirhead and Perutz, 1963)). The situation was alleviated by the 

emergence of homology modeling (Sali and Blundell, 1993), a class of 

computational approaches that use protein-protein interactions for which 

structures are experimentally revolved to model interacting structures between 

their homologues. While it made it possible to characterize interaction 
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interfaces at scale, it is far from sufficient to match the omics-level of current 

interactomes; structural templates for modeling are only available for <5% of 

known interactions (Meyer et al., 2018) . Until very recently, application of new 

advances in coevolution- and docking-based feature construction (Hopf et al., 

2014; Hwang et al., 2014), together with sequence-based biophysical and 

structural features into a unified machine-learning framework, eventually 

gained the first success in constructing proteome-wide, 3D structural 

interactomes (Meyer et al., 2018). This initiative opened the possibility to bridge 

the large gap between genomic-scale data sets and structural proteomic 

analyses. Addition of the new 3D layer of interactomics has started to offer 

unique views in the discovery of disease-associated mutations/genes and the 

underlying etiologies of disease (Chen et al., 2018; Meyer et al., 2018).  

 

1.3 Concluding remarks  

• A key characteristic of the omics era is the application of genome-wide 

approaches to describe gene (and protein) functions and interactions, 

generally involving high-throughput methods rather than a more 

traditional “gene-by-gene” methodology. 

• Integration of multiple omics data (such as genomics, transcriptomics, and 

proteomics) allows investigation of complex mechanisms across 

molecular layers, which is especially useful in identifying potential 

causative changes in disease, or the actionable targets, that can be then 

tested in further molecular studies. 
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• A systems biology view of the complex genotype-to-phenotype 

relationships reinforces that the functional diversity of a cell results from 

multiple layers beyond the genome and that, the interactions between 

proteins and other macromolecules in the interactome contain crucial 

clues to elucidating the path from genotype to phenotype. 

 

 

• Complementing the interactome with 3D structural information, with 

ever-increasing completeness and quality, will ultimately produce a 

more comprehensive whole-cell framework at atomic-level detail, in 

which specific ideas of systems and/or disease biology can be readily 

tested and applied to relevant biological problems. 
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CHAPTER 2 

GeMSTONE: Orchestrated Prioritization of Human Germline Mutations in 
the Cloud 

 

2.1 ABSTRACT 

Integrative analysis of whole-genome/exome-sequencing data has been 

challenging, especially for the non-programming research community, as it 

requires simultaneously managing a large number of computational tools. Even 

computational biologists find it unexpectedly difficult to reproduce results 

from others or optimize their strategies in an end-to-end workflow. We 

introduce Germline Mutation Scoring Tool fOr Next-generation sEquencing 

data (GeMSTONE), a cloud-based variant prioritization tool with high-level 

customization and a comprehensive collection of bioinformatics tools and data 

libraries (http://gemstone.yulab.org/). GeMSTONE generates and readily 

accepts a shareable “recipe” file for each run to either replicate previous results 

or analyze new data with identical parameters, and provides a centralized 

workflow for prioritizing germline mutations in human disease within a 

streamlined workflow rather than a pool of program executions. 

 

2.2 INTRODUCTION 

Next-generation sequencing (NGS) has significantly reduced the cost of 

obtaining genomic data for increasingly large sample sizes (Metzker, 2010), 

facilitating discovery of causal genes and mutation candidates for various 
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disorders (Boycott et al., 2013) and providing sizable genetic variant datasets 

(Nekrutenko and Taylor, 2012). As a result, the process of filtering, annotating, 

and prioritizing variants from large-scale studies has grown in complexity and 

computational burden. It has become increasingly difficult to organize, 

maintain, and standardize the variant analysis workflows, increasing the time 

and monetary investment for less computationally oriented biologists and labs. 

Some integrative frameworks (Goecks et al., 2010; Reich et al., 2006; Halbritter 

et al., 2011; Lushbough et al., 2010) have been developed to enhance the 

reproducibility and accessibility of NGS studies. This same initiative inspired 

the framework for GeMSTONE: recording all analysis metadata for 

reproducible computational experiments, specifically focusing on germline 

mutation prioritization in human disease.  

 

Although other platforms bring together different bioinformatics tools and 

allow users to schedule their analyses online, none of them are built with an 

emphasis on streamlined single-run scheduling and automatic fetching of the 

necessary supplementary public data. Platforms like Galaxy (Goecks et al., 

2010), for instance, allow the user to combine many different tools from an 

impressive catalog, but require the user to reformat their data depending on the 

particular input format of the database or tool that they want to add to their 

analysis. A major design goal in the development of GeMSTONE is the ability 

to maximize customization for studies in a streamlined workflow rather than a 

pool of program executions. Within the GeMSTONE interface, databases 

required by the user-selected tools are pre-loaded, and the user-input data will 
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be automatically reformatted to fit query requirements. Therefore, adding an 

extra layer of analysis to any workflow requires minimal effort.  

 

There is a large research community focusing on genetic variation study 

relating to human disease (Farlow et al., 2016; Esteban-Jurado et al., 2015; Bailey 

et al., 2017; Bellido et al., 2016; Mackay et al., 2014; Medeiros et al., 2016; Cox et 

al., 2017; Radovica-Spalvina et al., 2015; Mackay et al., 2015; Einarsdottir et al., 

2015; Wright et al., 2015). This community often performs their analysis in-

house rather than using any of the currently available tools for variant analysis. 

GeMSTONE facilitates the process of integrating and assessing evidence for 

causal inferences while automating the whole workflow in a reproducible way. 

Through its design GeMSTONE fills a significant gap in the online analysis 

landscape. For the same amount of work, users can customize their workflows 

to either perform a standard set of analyses to process many samples, or to 

explore different combinations of tools and parameters to achieve the best result. 

GeMSTONE provides centralized workflows: embedding key features of 

variant prioritization for DNA sequencing data, focused on but not limited to 

germline mutations, with a collection of current bioinformatics tools and data 

libraries in a highly-customizable and reproducible manner. In short, we 

created GeMSTONE to organize, schedule, document, and reproduce our 

variant analysis workflows from a single interface. 

 

We show that the GeMSTONE workflow is consistent with consensus 

guidelines for interpreting sequence variants in human disease (MacArthur et 
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al., 2014; Richards et al., 2015). A demo study is fully described and explained 

as it is designed, scheduled and analyzed through the chained GeMSTONE 

functionalities (http://gemstone.yulab.org/manual.html); we also 

demonstrate its feasibility and efficiency in a proof-of-concept case by 

recapitulating results of a published variant analysis (Esteban-Jurado et al., 

2015). 

 

2.3 METHODS 

GeMSTONE serves as an online variant prioritization framework that leverages 

7 popular bioinformatics suites [VT (Tan et al., 2015), VCFtools (Danecek et al., 

2011), BCFtools (Li et al., 2009), SnpEff (Cingolani et al., 2012), GEMINI (Paila 

et al., 2013), dbNSFP (Liu et al., 2011), and PLINK/SEQ (2014)] in connection to 

46 meta-information and prediction resources (Figure 2.1) to provide a smooth, 

customizable workflow for variant analysis.  

 

Users of the GeMSTONE web portal can customize their analyses of genomic 

data from Variant Call Format (VCF) files by using tools from a range of 

different classes (Figure 2.1). These include 1) variant normalization for unified 

representation of genetic variants using VT, 2) variant/genotype quality filters 

on matrices encoded in the VCF file such as QUAL (Phred-scaled quality score), 

GQ (genotype quality), DP (read depth) and filter status using VCFtools, 3) 

variant type filters on variant consequence and transcript biotype based on 

SnpEff annotations, 4) common variant filter on allele frequency in the general 

population [ExAC (Consortium, 2015), 1000 Genomes (Genomes Project et al., 
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2012), ESP6500 (Fu et al., 2013), and TAGC (Carmi et al., 2014)], 5) variant 

function filters on predicted damaging effects [18 methods (e.g., Polyphen-2 

(Adzhubei et al., 2010), SIFT (Pollard et al., 2010), CADD (Kircher et al., 2014)) 

complied in dbNSFP, Rosetta ddG (Rohl et al., 2004)] and protein domains 

[Pfam (Finn et al., 2014)], and 6) comprehensive annotations (and filters) on 

gene and gene product attributes [Gene Ontology (Ashburner et al., 2000)], 

biological pathways [KEGG (Kanehisa et al., 2014), BioCarta (Nishimura, 2004), 

and Reactome (Fabregat et al., 2016) complied in MSigDB], human disease 

association [HGMD (Stenson et al., 2014), ClinVar (Landrum et al., 2016), OMIM 

(Amberger et al., 2015)] and mouse model knockout phenotypes [MGI (Blake et 

al., 2017)], gene-based scores on accumulated mutational damage [GDI (Itan et 

al., 2015)] and genic intolerance [RVIS (Petrovski et al., 2015)], gene expression 

[GTEx (Consortium, 2013), HPA (Uhlen et al., 2010)], protein-protein 

interaction network [IntAct (Hermjakob et al., 2004), BioGRID (Chatr-

Aryamontri et al., 2015), and ConcesusPathDB (Kamburov et al., 2009) complied 

in dbNSFP, and HINT (Das and Yu, 2012)], and 7) pathway enrichment analysis 

using a fisher exact test. Users may also choose to include supplementary files, 

such as a pedigree (PED) file for co-segregation analysis, a list of genes for 

personalized annotation, or a second VCF file with a control cohort for genetic 

association tests [BURDEN (PLINK/SEQ, 2014), Calpha (Neale et al., 2011), vt 

(Price et al., 2010), and SKAT (Wu et al., 2011) implemented in PLINK/SEQ]. 

All these options come together to provide a holistic filtering, annotation, and 

prioritization pipeline (Figure 2.1).  
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The customized pipeline is then scheduled for processing on a protected server, 

alleviating the user’s burden to update software, parse data libraries, store large 

derivative files, and dedicate processing time. The average turnaround time is 

about 11 minutes for a 1MB VCF input file containing ~13,800 variants under 

default settings, of which querying up to 18 in silico predictions takes a static 8-

minute searching through a 76GB dbNSFP database on all chromosomes. 

Although the processing time will vary depending on the choice of options and 

the number of concurrent users, GeMSTONE in general can handle a single 

~500M VCF input per run within one day. Once the job is finished, the user can 

log into the GeMSTONE portal to interact with the completed workflow by 

selectively downloading step-by-step snapshots of their workflow, interactively 

visualizing their variant statistics, and downloading their recipe (JSON) file, 

which can be uploaded or shared to replicate or modify the same workflow. 

 

An essential design to reinforce GeMSTONE’s reproducibility function and to 

ensure the sustainability of our web tool is our rigorous versioning system. We 

keep in our system static versions of all the external resources where all the tools 

and datasets that we use for GeMSTONE are loaded onto our server so that it 

does not go to any external program or server when running. Thus we are able 

to ensure backwards-compatibility as we add updated versions of software or 

new tools. GeMSTONE records the versions of each tool and database used in 

a job in the recipe file and if users submit a recipe whose workflow uses older 

software or datasets, they will be prompted on the fly asking whether they want 

to use the legacy version or the latest version of the resources. GeMSTONE also 
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records the versions in a human-readable summary file for easy access and 

reference. 

	
One important function for germline mutation prioritization in human disease 

is GeMSTONE’s co-segregation analysis, which provides six common 

inheritance models (autosomal dominant, autosomal recessive, recessive 

compound heterozygous (via GEMINI (Paila et al., 2013)), X-linked dominant, 

X-linked recessive, Y-linked dominant) based on the user-defined pedigree 

structure in PED file. GeMSTONE screens sample genotypes (using BCFtools 

(Li et al., 2009)) in each family and seeks for variants that are co-segregating 

with disease status under selected mode of inheritance. Additionally, a 

recurrence filter constrains the degree to which co-segregation events are 

allowed across multiple families and the prevalence of the variants in sporadic 

samples. We found this option to be seldom implemented by previous web 

tools yet often recommended by ACMG and AMP (Richards et al., 2015). The 

benefits of this analysis are many-fold: 1) increasing segregation data in families 

or 2) high mutation frequency affecting multiple sporadic cases suggests 

stronger evidence for pathogenicity; 3) whereas a upper limit of such recurrence 

can help eliminate potential false positives in large samples. This process of 

user-driven development by which GeMSTONE morphs to the community’s 

needs is the key behind GeMSTONE’s ability to grow as a knowledge bank with 

a robust and updated set of functionalities. Small but necessary prioritizing 

steps like these, now explicitly documented in the GeMSTONE summary and 

recipe files, can become an active component of study replication. 
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Another supporting evidence for disease association comes from in silico 

predictions of variant functional effects. Predictions from different algorithms 

are considered as a single piece of evidence in sequence interpretation in part 

due to the underlying similarities in the basis in these software suites (Richards 

et al., 2015; MacArthur et al., 2014). GeMSTONE’s variant functional prediction 

step allows the user to choose up to 19 different in silico predictors with 

customizable thresholds. More dedicatedly, a ‘global deleteriousness filter’ 

allows users to set a threshold on the number of selected predictors needed for 

a variant to pass the filter. This set of filters is useful in that it allows users to 

adjust the stringency of each algorithm while balancing and investigating any 

inconsistency among different predictions. The availability of these filters and 

annotations also provide an environment in which users can choose predictive 

metrics solely based on their relative merit rather than the programming 

investment that it would take to install, query, and customize them for a study. 

 

Most options within the GeMSTONE workflow can serve dual purposes, acting 

as either filters or annotations. For the ‘global deleteriousness filter’ mentioned 

above, the count of deleterious predictions and their individual scores will be 

annotated next to each variant, providing information that can be used for 

variant prioritization without being part of any filter. We also provide the 

option to combine information across libraries, for example, we allow for 

known disease gene annotation on candidates to be supplemented with their 

interaction partners as reported in other databases, asking whether those 
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interactors were previously implicated in the disease of interest. This 

distribution and coverage of tools (Figure 2.1) have never been collected and 

connected in a centralized workflow before. 

 

By maintaining an updated set of bioinformatics tools for variant analysis, 

GeMSTONE decreases the barrier to entry for less computationally oriented 

research groups and establishes a central bioinformatics hub for researchers 

who study sequence variants implicated in severe familial diseases as well as 

rare, large-effect risk variants in complex disease. The options offered by the 

web interface also serve as a way for users to explore and learn about new tools 

and data sources while providing developers with an overview of the current 

variant analysis landscape to fill any gaps in the current tool-space. New tools 

can be easily added to GeMSTONE and presented to the community through 

the web interface, removing platform-specific barriers.  

 

2.4 RESULTS 

As an example of a GeMSTONE use case, we replicated a published analysis of 

rare pathogenic variants in new predisposition genes for familial colorectal 

cancer (CRC) (Esteban-Jurado et al., 2015). A side-by-side demonstration of the 

study’s workflow and GeMSTONE’s reimplementation using the same dataset 

and prioritization criteria is shown in Figure 2.2. The original analyses were 

conducted in two sequences of prioritization, progressively looking for 

predisposing mutations with stronger evidence for causality to CRC as they 

underwent increasingly stringent criteria (lower allele frequency in general 
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populations; rarer presence among the affected samples; more deleterious 

molecular impact by in silico predictions; more interesting biological functions 

of the genes and their protein product, e.g. domains and interactions) (Esteban-

Jurado et al., 2015). While formerly requiring in-house scripting for co-

segregation analysis, in silico analysis, and a series of gene function annotations 

querying and parsing several databases, the entirety of each sequence of 

prioritization pipeline can be performed with a single run through our 

interactive, lightweight web form using GeMSTONE.  

 

Perhaps the most convenient feature within GeMSTONE is its recipe file 

generator. The recipe file from any given run can be shared and readily 

uploaded to our site to modify any part of the filtering and annotation pipeline 

for more stringent prioritization in a follow-up run. Once uploaded, the recipe 

file (JSON) will populate the web form dynamically, giving the user the ability 

to modify the run using the same interface that created it. In our CRC case, we 

lowered the upper-bound of allele frequency filter from 0.5% to 0.1% [in 1000 

Genomes (Genomes Project et al., 2012) and ESP6500 (Fu et al., 2013)] and 

recurrence filter from 9 to 4, requiring variants to be present in ≤4 individuals 

in our data set. Next, we increased the lower-bound of deleteriousness filter 

from 4 to 5 without changing the user-defined deleterious thresholds of any 

single predictor [PhyloP (Pollard et al., 2010) score >0.85, SIFT (Kumar et al., 

2009) score <0.05, PolyPhen-2 (Adzhubei et al., 2010) score >0.85, GERP++ 

(Davydov et al., 2010) score >2, Mutation Taster (Schwarz et al., 2010) score >0.5, 

LRT (Chun and Fay, 2009) score >0.9]. Finally, we added variant and gene 
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annotations with interesting gene function, interactions, and locations in 

protein domains. This workflow leverages a variety of public databases, 

including Gene Ontology (Ashburner et al., 2000), KEGG (Kanehisa et al., 2014), 

Reactome (Fabregat et al., 2016), HINT (Das and Yu, 2012), Pfam (Finn et al., 

2014), and HGMD (Stenson et al., 2014), as well as a complementary list of 

cancer terms collected by the authors. This modified workflow was 

automatically recorded in a JSON recipe file and packaged with corresponding 

results and intermediate output files. Through the above two automated runs, 

GeMSTONE recapitulated every step of the original prioritization workflow. 27 

out of 28 candidate variants were identified (the missing variant was filtered 

out due to slightly higher allele frequency in a sub-population database from 

1000 Genomes), as well as all hereditary CRC and CRC GWAS variants 

(Esteban-Jurado et al., 2015) (Figure 2.2). 

 

2.5 DISCUSSION 

GeMSTONE provides a code-free portal for variant filtering, annotation, and 

prioritization, which not only helps standardize genetic variation analyses but 

also offers the means to replicate and share computational protocols easily. 

From a user’s perspective, GeMSTONE is a reliable one-stop shop for variant 

analysis where they can find a collection of tools spanning a broad range of 

applications through an intuitive, unified user interface subsuming all general-

purpose workflows from comparable toolkits (Figure 2.3). 
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Although currently most of other variant prioritization tools accept VCF and 

pedigree files as inputs and can perform routine filtering on quality control and 

variant consequence (Figure 2.3a), GeMSTONE stands out as a more powerful 

tool by including annotations at the variant, gene, pathway, and network level 

(Figure 2.3b) and co-segregation analysis using different inheritance models for 

potential germline mutation prioritization (Figure 2.3c). We consider certain 

features in GeMSTONE to be “more powerful” in the aspect of 

comprehensiveness or/and flexibility: GeMSTONE often provides more 

comprehensive options for filtering and annotation linking to external 

resources than others and most of the GeMSTONE options flexibly allow for 

annotation or filtering, or both.  

 

A keystone of GeMSTONE is the recipe file (Figure 2.3d), which records all 

workflow parameters in a single file that can be shared and uploaded onto the 

site to reproduce a previous run. The recipe file can be used to 1) replicate 

results by rerunning the same workflow on the same dataset, 2) process new 

data with a known workflow or 3) modify parameters in a known workflow to 

evaluate study design. This approach has the potential to bring more 

transparency and openness to the bioinformatics community by enhancing the 

reproducibility of large-scale genomic studies. 

 

GeMSTONE allows for accessible, collaborative, replicable, and holistic analysis 

of genetic variants. First, it seamlessly knits together filters and annotations 

through different tools with either stringent, study-specific parameters or 
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general best-practice settings. Second, it eliminates the time and space burdens 

associated with modern variant analysis tools, saving users dozens of gigabytes 

of potential disk space per run for the same workflow on a medium-sized 

dataset. Third, it significantly lowers the barrier to entry for traditional 

biologists by eliminating the installation and scripting sinkholes that may 

dissuade researchers from pursuing large-scale analysis or trying new tools. 

Fourth, it provides a readable, shareable log—both programmatic and human—

to allow other researchers to understand and replicate study results given the 

same starting data. Finally, GeMSTONE encourages the growth of the genomics 

research community by maintaining and updating a bank of best-practice 

bioinformatics methods and tools. We expect our GeMSTONE will greatly aid 

in automating the (re)analysis of genome-wide genetic variation data and 

enhance the reproducibility of large-scale genomic studies. 

 

2.6 FIGURE AND TABLE LEGENDS 

Figure 2.1 GeMSTONE pipeline overview 

The schematic represents the GeMSTONE’s central analysis pipeline. The 

fundamental backbone filter cascade can be seen in blue, prioritizing rare and 

putatively damaging variants, as well as genes of high sequencing quality. 

Different libraries are grouped in orange, participating in annotation or filtering 

steps throughout the workflow as indicated.  

 

Figure 2.2 Recapitulation of a published CRC study 
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As a proof-of-concept case study, GeMSTONE 1) recapitulated every step in the 

original Colorectal-Cancer prioritization workflow1, 2) rescuing 27 out of 28 

candidate variants from the ~30,000 variants in the raw whole exome 

sequencing dataset, and 3) hitting all hereditary CRC and CRC GWAS variants.  

 

Figure 2.3 Heatmap comparison of GeMSTONE and other variant prioritization 

tools. This heatmap compares with other tools that have similar objectives on 

the aspects of (a) raw data inputs and prioritization, (b) knowledge-based 

annotation from external data resources and libraries, (c) inheritance models for 

co-segregation analysis, and (d) strategy of reproducibility. Each row represents 

a different tool, while each column represents a specific feature. Dark blue 

indicates that a tool has similar capacity for a specific function while light blue 

indicates that a tool has a similar feature but with less powerful functionality 

than GeMSTONE (see Discussion).  

 

  

26



 

 

 

2.7 REFERENCES 

Adzhubei, I.A., Schmidt, S., Peshkin, L., Ramensky, V.E., Gerasimova, A., 
Bork, P., Kondrashov, A.S., and Sunyaev, S.R. (2010). A method and server for 
predicting damaging missense mutations. Nat Methods 7, 248-249. 

Amberger, J.S., Bocchini, C.A., Schiettecatte, F., Scott, A.F., and Hamosh, A. 
(2015). OMIM.org: Online Mendelian Inheritance in Man (OMIM(R)), an 
online catalog of human genes and genetic disorders. Nucleic Acids Res 43, 
D789-798. 

Ashburner, M., Ball, C.A., Blake, J.A., Botstein, D., Butler, H., Cherry, J.M., 
Davis, A.P., Dolinski, K., Dwight, S.S., Eppig, J.T., et al. (2000). Gene ontology: 
tool for the unification of biology. The Gene Ontology Consortium. Nat Genet 
25, 25-29. 

Bailey, J.N., Patterson, C., de Nijs, L., Duron, R.M., Nguyen, V.H., Tanaka, M., 
Medina, M.T., Jara-Prado, A., Martinez-Juarez, I.E., Ochoa, A., et al. (2017). 
EFHC1 variants in juvenile myoclonic epilepsy: reanalysis according to 
NHGRI and ACMG guidelines for assigning disease causality. Genet Med 19, 
144-156. 

Bellido, F., Pineda, M., Aiza, G., Valdes-Mas, R., Navarro, M., Puente, D.A., 
Pons, T., Gonzalez, S., Iglesias, S., Darder, E., et al. (2016). POLE and POLD1 
mutations in 529 kindred with familial colorectal cancer and/or polyposis: 
review of reported cases and recommendations for genetic testing and 
surveillance. Genet Med 18, 325-332. 

Blake, J.A., Eppig, J.T., Kadin, J.A., Richardson, J.E., Smith, C.L., Bult, C.J., and 
the Mouse Genome Database, G. (2017). Mouse Genome Database (MGD)-
2017: community knowledge resource for the laboratory mouse. Nucleic Acids 
Res 45, D723-D729. 

27



 

 

 

Boycott, K.M., Vanstone, M.R., Bulman, D.E., and MacKenzie, A.E. (2013). 
Rare-disease genetics in the era of next-generation sequencing: discovery to 
translation. Nat Rev Genet 14, 681-691. 

Carmi, S., Hui, K.Y., Kochav, E., Liu, X., Xue, J., Grady, F., Guha, S., 
Upadhyay, K., Ben-Avraham, D., Mukherjee, S., et al. (2014). Sequencing an 
Ashkenazi reference panel supports population-targeted personal genomics 
and illuminates Jewish and European origins. Nat Commun 5, 4835. 

Chatr-Aryamontri, A., Breitkreutz, B.J., Oughtred, R., Boucher, L., Heinicke, S., 
Chen, D., Stark, C., Breitkreutz, A., Kolas, N., O'Donnell, L., et al. (2015). The 
BioGRID interaction database: 2015 update. Nucleic Acids Res 43, D470-478. 

Chun, S., and Fay, J.C. (2009). Identification of deleterious mutations within 
three human genomes. Genome Res 19, 1553-1561. 

Cingolani, P., Platts, A., Wang le, L., Coon, M., Nguyen, T., Wang, L., Land, 
S.J., Lu, X., and Ruden, D.M. (2012). A program for annotating and predicting 
the effects of single nucleotide polymorphisms, SnpEff: SNPs in the genome of 
Drosophila melanogaster strain w1118; iso-2; iso-3. Fly (Austin) 6, 80-92. 

Consortium, E.A. (2015). Analysis of protein-coding genetic variation in 60,706 
humans. 

Consortium, G.T. (2013). The Genotype-Tissue Expression (GTEx) project. Nat 
Genet 45, 580-585. 

Cox, S.N., Pesce, F., El-Sayed Moustafa, J.S., Sallustio, F., Serino, G., Kkoufou, 
C., Giampetruzzi, A., Ancona, N., Falchi, M., Schena, F.P., et al. (2017). 
Multiple rare genetic variants co-segregating with familial IgA nephropathy 
all act within a single immune-related network. J Intern Med 281, 189-205. 

28



 

 

 

Danecek, P., Auton, A., Abecasis, G., Albers, C.A., Banks, E., DePristo, M.A., 
Handsaker, R.E., Lunter, G., Marth, G.T., Sherry, S.T., et al. (2011). The variant 
call format and VCFtools. Bioinformatics 27, 2156-2158. 

Das, J., and Yu, H. (2012). HINT: High-quality protein interactomes and their 
applications in understanding human disease. BMC Syst Biol 6, 92. 

Davydov, E.V., Goode, D.L., Sirota, M., Cooper, G.M., Sidow, A., and 
Batzoglou, S. (2010). Identifying a high fraction of the human genome to be 
under selective constraint using GERP++. PLoS Comput Biol 6, e1001025. 

Einarsdottir, E., Svensson, I., Darki, F., Peyrard-Janvid, M., Lindvall, J.M., 
Ameur, A., Jacobsson, C., Klingberg, T., Kere, J., and Matsson, H. (2015). 
Mutation in CEP63 co-segregating with developmental dyslexia in a Swedish 
family. Hum Genet 134, 1239-1248. 

Esteban-Jurado, C., Vila-Casadesus, M., Garre, P., Lozano, J.J., Pristoupilova, 
A., Beltran, S., Munoz, J., Ocana, T., Balaguer, F., Lopez-Ceron, M., et al. (2015). 
Whole-exome sequencing identifies rare pathogenic variants in new 
predisposition genes for familial colorectal cancer. Genet Med 17, 131-142. 

Fabregat, A., Sidiropoulos, K., Garapati, P., Gillespie, M., Hausmann, K., Haw, 
R., Jassal, B., Jupe, S., Korninger, F., McKay, S., et al. (2016). The Reactome 
pathway Knowledgebase. Nucleic Acids Res 44, D481-487. 

Farlow, J.L., Robak, L.A., Hetrick, K., Bowling, K., Boerwinkle, E., Coban-
Akdemir, Z.H., Gambin, T., Gibbs, R.A., Gu, S., Jain, P., et al. (2016). Whole-
Exome Sequencing in Familial Parkinson Disease. JAMA Neurol 73, 68-75. 

Finn, R.D., Bateman, A., Clements, J., Coggill, P., Eberhardt, R.Y., Eddy, S.R., 
Heger, A., Hetherington, K., Holm, L., Mistry, J., et al. (2014). Pfam: the protein 
families database. Nucleic Acids Res 42, D222-230. 

29



 

 

 

Fu, W., O'Connor, T.D., Jun, G., Kang, H.M., Abecasis, G., Leal, S.M., Gabriel, 
S., Rieder, M.J., Altshuler, D., Shendure, J., et al. (2013). Analysis of 6,515 
exomes reveals the recent origin of most human protein-coding variants. 
Nature 493, 216-220. 

Genomes Project, C., Abecasis, G.R., Auton, A., Brooks, L.D., DePristo, M.A., 
Durbin, R.M., Handsaker, R.E., Kang, H.M., Marth, G.T., and McVean, G.A. 
(2012). An integrated map of genetic variation from 1,092 human genomes. 
Nature 491, 56-65. 

Goecks, J., Nekrutenko, A., Taylor, J., and Galaxy, T. (2010). Galaxy: a 
comprehensive approach for supporting accessible, reproducible, and 
transparent computational research in the life sciences. Genome Biol 11, R86. 

Halbritter, F., Vaidya, H.J., and Tomlinson, S.R. (2011). GeneProf: analysis of 
high-throughput sequencing experiments. Nat Methods 9, 7-8. 

Hermjakob, H., Montecchi-Palazzi, L., Lewington, C., Mudali, S., Kerrien, S., 
Orchard, S., Vingron, M., Roechert, B., Roepstorff, P., Valencia, A., et al. (2004). 
IntAct: an open source molecular interaction database. Nucleic Acids Res 32, 
D452-455. 

Itan, Y., Shang, L., Boisson, B., Patin, E., Bolze, A., Moncada-Velez, M., Scott, 
E., Ciancanelli, M.J., Lafaille, F.G., Markle, J.G., et al. (2015). The human gene 
damage index as a gene-level approach to prioritizing exome variants. Proc 
Natl Acad Sci U S A 112, 13615-13620. 

Kamburov, A., Wierling, C., Lehrach, H., and Herwig, R. (2009). 
ConsensusPathDB--a database for integrating human functional interaction 
networks. Nucleic Acids Res 37, D623-628. 

30



 

 

 

Kanehisa, M., Goto, S., Sato, Y., Kawashima, M., Furumichi, M., and Tanabe, 
M. (2014). Data, information, knowledge and principle: back to metabolism in 
KEGG. Nucleic Acids Res 42, D199-205. 

Kircher, M., Witten, D.M., Jain, P., O'Roak, B.J., Cooper, G.M., and Shendure, J. 
(2014). A general framework for estimating the relative pathogenicity of 
human genetic variants. Nat Genet 46, 310-315. 

Kumar, P., Henikoff, S., and Ng, P.C. (2009). Predicting the effects of coding 
non-synonymous variants on protein function using the SIFT algorithm. Nat 
Protoc 4, 1073-1081. 

Landrum, M.J., Lee, J.M., Benson, M., Brown, G., Chao, C., Chitipiralla, S., Gu, 
B., Hart, J., Hoffman, D., Hoover, J., et al. (2016). ClinVar: public archive of 
interpretations of clinically relevant variants. Nucleic Acids Res 44, D862-868. 

Li, H., Handsaker, B., Wysoker, A., Fennell, T., Ruan, J., Homer, N., Marth, G., 
Abecasis, G., Durbin, R., and Genome Project Data Processing, S. (2009). The 
Sequence Alignment/Map format and SAMtools. Bioinformatics 25, 2078-
2079. 

Liu, X., Jian, X., and Boerwinkle, E. (2011). dbNSFP: a lightweight database of 
human nonsynonymous SNPs and their functional predictions. Hum Mutat 
32, 894-899. 

Lushbough, C., Bergman, M.K., Lawrence, C.J., Jennewein, D., and Brendel, V. 
(2010). BioExtract server--an integrated workflow-enabling system to access 
and analyze heterogeneous, distributed biomolecular data. IEEE/ACM Trans 
Comput Biol Bioinform 7, 12-24. 

MacArthur, D.G., Manolio, T.A., Dimmock, D.P., Rehm, H.L., Shendure, J., 
Abecasis, G.R., Adams, D.R., Altman, R.B., Antonarakis, S.E., Ashley, E.A., et 

31



 

 

 

al. (2014). Guidelines for investigating causality of sequence variants in human 
disease. Nature 508, 469-476. 

Mackay, D.S., Bennett, T.M., Culican, S.M., and Shiels, A. (2014). Exome 
sequencing identifies novel and recurrent mutations in GJA8 and CRYGD 
associated with inherited cataract. Hum Genomics 8, 19. 

Mackay, D.S., Bennett, T.M., and Shiels, A. (2015). Exome Sequencing 
Identifies a Missense Variant in EFEMP1 Co-Segregating in a Family with 
Autosomal Dominant Primary Open-Angle Glaucoma. PLoS One 10, 
e0132529. 

Medeiros, A.M., Alves, A.C., and Bourbon, M. (2016). Mutational analysis of a 
cohort with clinical diagnosis of familial hypercholesterolemia: considerations 
for genetic diagnosis improvement. Genet Med 18, 316-324. 

Metzker, M.L. (2010). Sequencing technologies - the next generation. Nat Rev 
Genet 11, 31-46. 

Neale, B.M., Rivas, M.A., Voight, B.F., Altshuler, D., Devlin, B., Orho-
Melander, M., Kathiresan, S., Purcell, S.M., Roeder, K., and Daly, M.J. (2011). 
Testing for an unusual distribution of rare variants. PLoS Genet 7, e1001322. 

Nekrutenko, A., and Taylor, J. (2012). Next-generation sequencing data 
interpretation: enhancing reproducibility and accessibility. Nat Rev Genet 13, 
667-672. 

Nishimura, D. (2004). BioCarta. Biotech Software & Internet Report 2, 117-120. 

Paila, U., Chapman, B.A., Kirchner, R., and Quinlan, A.R. (2013). GEMINI: 
integrative exploration of genetic variation and genome annotations. PLoS 
Comput Biol 9, e1003153. 

32



 

 

 

Petrovski, S., Gussow, A.B., Wang, Q., Halvorsen, M., Han, Y., Weir, W.H., 
Allen, A.S., and Goldstein, D.B. (2015). The Intolerance of Regulatory 
Sequence to Genetic Variation Predicts Gene Dosage Sensitivity. PLoS Genet 
11, e1005492. 

PLINK/SEQ (2014). PLINK/SEQ. 

Pollard, K.S., Hubisz, M.J., Rosenbloom, K.R., and Siepel, A. (2010). Detection 
of nonneutral substitution rates on mammalian phylogenies. Genome Res 20, 
110-121. 

Price, A.L., Kryukov, G.V., de Bakker, P.I., Purcell, S.M., Staples, J., Wei, L.J., 
and Sunyaev, S.R. (2010). Pooled association tests for rare variants in exon-
resequencing studies. Am J Hum Genet 86, 832-838. 

Radovica-Spalvina, I., Latkovskis, G., Silamikelis, I., Fridmanis, D., Elbere, I., 
Ventins, K., Ozola, G., Erglis, A., and Klovins, J. (2015). Next-generation-
sequencing-based identification of familial hypercholesterolemia-related 
mutations in subjects with increased LDL-C levels in a latvian population. 
BMC Med Genet 16, 86. 

Reich, M., Liefeld, T., Gould, J., Lerner, J., Tamayo, P., and Mesirov, J.P. (2006). 
GenePattern 2.0. Nat Genet 38, 500-501. 

Richards, S., Aziz, N., Bale, S., Bick, D., Das, S., Gastier-Foster, J., Grody, 
W.W., Hegde, M., Lyon, E., Spector, E., et al. (2015). Standards and guidelines 
for the interpretation of sequence variants: a joint consensus recommendation 
of the American College of Medical Genetics and Genomics and the 
Association for Molecular Pathology. Genet Med 17, 405-424. 

Rohl, C.A., Strauss, C.E., Misura, K.M., and Baker, D. (2004). Protein structure 
prediction using Rosetta. Methods Enzymol 383, 66-93. 

33



 

 

 

Schwarz, J.M., Rodelsperger, C., Schuelke, M., and Seelow, D. (2010). 
MutationTaster evaluates disease-causing potential of sequence alterations. 
Nat Methods 7, 575-576. 

Stenson, P.D., Mort, M., Ball, E.V., Shaw, K., Phillips, A., and Cooper, D.N. 
(2014). The Human Gene Mutation Database: building a comprehensive 
mutation repository for clinical and molecular genetics, diagnostic testing and 
personalized genomic medicine. Hum Genet 133, 1-9. 

Tan, A., Abecasis, G.R., and Kang, H.M. (2015). Unified representation of 
genetic variants. Bioinformatics 31, 2202-2204. 

Uhlen, M., Oksvold, P., Fagerberg, L., Lundberg, E., Jonasson, K., Forsberg, 
M., Zwahlen, M., Kampf, C., Wester, K., Hober, S., et al. (2010). Towards a 
knowledge-based Human Protein Atlas. Nat Biotechnol 28, 1248-1250. 

Wright, C.F., Fitzgerald, T.W., Jones, W.D., Clayton, S., McRae, J.F., van 
Kogelenberg, M., King, D.A., Ambridge, K., Barrett, D.M., Bayzetinova, T., et 
al. (2015). Genetic diagnosis of developmental disorders in the DDD study: a 
scalable analysis of genome-wide research data. Lancet 385, 1305-1314. 

Wu, M.C., Lee, S., Cai, T., Li, Y., Boehnke, M., and Lin, X. (2011). Rare-variant 
association testing for sequencing data with the sequence kernel association 
test. Am J Hum Genet 89, 82-93. 
 

  

34



Variant Annotations

VCF File
(Cases)

Pedigree
File

VCF File
(Control)

Variant Normalization

Variant Quality Filter

Control Filter

Variant Consequence Filter

Genes of
Interest

Co-Segregation Filter

Common Variants Filter

Recurrence Filter

Filtered
Variants

Filtered
Genes

Functional Predictions

Conservation Scores

Gene Function

Gene Expression

dbNSFP

HGMD 

OMIM 

ClinVar 

PLINK/SEQ 

Rosetta ddG

GDI

RVIS

Protein DomainPfam

VT

VCFtools

VCFtools

SnpEff

BCFtools, GEMINI

Pathway Analysis

Protein-protein Interaction

Gene Annotations

GTEx HPA 

MSigDB 

HINT dbNSFP

ExAC

ESP

1000 Genomes

TAGC

MSigDB 

Variant StatisticsResultsRecipe.js
Input
Files

> > >

MGI

Figure 2.1

35



Heterozygous variants
Good coverage (≥10)

Allelic frequency (≤0.5%)
Shared in the same family

Present <10 out of 43 sequenced patients
Frameshift, canonical splice site, nonsense, missense

 

Quality Control Filter (Read Depth ≥10)

Co-segregation Filter (Dominant Inheritance)

Common Variant Filter (AF ≤0.5%)

Recurrence Filter (upperbound = 9)

1000 Genomes, ESP

Variant Consequence Filter

Deleterious by ≥4 in silico prediction tools (missense only)

PhyloP (score >0.85), SIFT (score <0.05),
 PolyPhen (score >0.85), GERP (score >2), 

Mutation Taster (score >0.5), LRT (score >0.9)

Functional Predictions

Conservation Scores

SIFT, PPH2, LRT, MT

GERP++, Phylop

Functional or bibliographical terms from our list
Gene Annotations

Pathway Analysis

GO, KEGG,
BioCarta, Reactome, 

User’s gene list

Not present in 
gremlin external exome data set VCF File (Control)

Allelic frequency 0-0.1%
Deleterious by ≥5 in silico prediction tools 
Present ≤4 out of 43 sequenced patients

 

Common Variant Filter (AF ≤0.1%) 1000 Genomes, ESP

         Deleteriousness Filter 
 (deleterious predictions count ≥4 
      with user defined cutoffs)

Deleteriousness Filter  (≥5)

Recurrence Filter (upperbound = 4)

Prioritize variants that fulfilled previous criteria, 
with interesting gene function interactions,

 and located in protein domains
 

Gene Annotations

Pathway Analysis

Protein Domain

GO, KEGG, BioCarta, Reactome,
User’s gene list, Proten-proten interaction 
(IntAct, BioGRID, ConsensusPathDB, HINT), 

Disease gene (HGMD, Clinvar, OMIM),
 Gene expression (GTEx, HPA), GDI, RVIS

Variants in hereditary CRC 
     and CRC GWAS hits 
            10 variants

28 Candidate variants

GeMSTONE
 10/10 hits

          GeMSTONE
26/28 Candidate variants

VCF File (43 cases) 
Pedigree File (14 families + 15 sporadic samples) 

Original Filter Cascade GeMSTONE Pipeline

Figure 2.2

36



Web Interface / Cloud Computation

Multi-Sample VCF File Input 

Filters Against Control VCF File

Pedigree File Input

Co-segregation Analysis

Customizable Genes-of-Interest

Supports GRCh38 / hg38

Variant Quality Control

Genotype Quality Control
INDEL
Pseudo-geneNon-Coding 

G
eM

STO
N

E

BierApp

Exom
iser

Exom
eW

alker

w
KG

G
Seq

SVA

Annotate-it

VarioW
atch

SeqAnt

SNV

R
aw

 D
ata Input and Prioritization

Ingenuity

G
alaxy

Figure 2.3

37



G
eM

STO
N

E

BierApp

Exom
iser

Exom
eW

alker

w
KG

G
Seq

SVA

Annotate-it

VarioW
atch

SeqAnt

Protein Domain 
Ethnicity-Specific Allele Frequency 

Cross-Sample/Family Recurrence 

Variant Functional Prediction 

Variant Conservation 

Deleteriousness Prediction 

Protein Stability Prediction

Disease-Gene Annotation

Genic Intolerance 

Protein Interaction Pathway Analysis
Pathway Enrichment 

Gene Association Tests

Interactive Variant Visualization

Tissue-Level Gene Expression 
Know

ledge-based Annotation and Prioritization

Ingenuity

G
alaxy

Figure 2.3 (continued)

38



G
eM

STO
N

E

BierApp

Exom
iser

Exom
eW

alker

w
KG

G
Seq

SVA

Annotate-it

VarioW
atch

SeqAnt

Dominant Pseudo-Autosomal Region Control

Recessive Homozygous

Recessive Compound Heterozygous 

X-linked Dominant

X-linked Recessive

Y-Linked

Inheritance M
odels

Ingenuity

Sharable Programmatic Recipe

Previous Workflow Replication

Previous Workflow Modification

R
eplicability

G
alaxy

Figure 2.3 (continued)

39



 

 

CHAPTER 3 

An interactome perturbation framework prioritizes damaging missense 
mutations for developmental disorders 

 

3.1 ABSTRACT 

Identifying disease-associated missense mutations remains a challenge, 

especially in large-scale sequencing studies. Here we establish an 

experimentally and computationally integrated approach to investigate the 

functional impact of missense mutations in the context of the human 

interactome network and test our approach by analyzing ~2,000 de novo 

missense (dnMis) mutations found in autism subjects and their unaffected 

siblings. Interaction-disrupting dnMis mutations are more common in autism 

probands, these mutations principally affect hub proteins, and they disrupt a 

significantly higher fraction of hub interactions than in unaffected siblings. 

Additionally, they tend to disrupt interactions involving genes previously 

implicated in autism, providing complementary evidence that strengthens 

previously identified associations and enhances discovery of new ones. 

Importantly, by analyzing dnMis data from six disorders, we demonstrate that 

our interactome perturbation approach offers a generalizable framework for 

identifying and prioritizing missense mutations that contribute risk to human 

disease. 
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3.2 INTRODUCTION 

Mutations disrupting the function of proteins are recognized as an important 

source of risk for developmental disorders (DDs), such as intellectual 

disability(Ropers, 2010; Mefford et al., 2012), autism spectrum disorder 

(ASD)(Devlin and Scherer, 2012), and congenital heart defects(Bruneau, 2008). 

Whole-exome sequencing (WES) has produced a boon of findings linking de 

novo mutations to risk for DDs(Deciphering Developmental Disorders Study, 

2017; de Ligt et al., 2012; De Rubeis et al., 2014; Epi et al., 2013; Euro et al., 2014; 

Fromer et al., 2014; Gilissen et al., 2014; Iossifov et al., 2014; Iossifov et al., 2012; 

O'Roak et al., 2012; Rauch et al., 2012; Sanders et al., 2012; Zaidi et al., 2013; 

Deciphering Developmental Disorders Study, 2015; de Ligt et al., 2013). Not all 

mutations are simple to interpret as causing a loss of gene function. Missense 

mutations are especially difficult; although there are bioinformatics tools to 

predict the level of damage(Adzhubei et al., 2010; Pollard et al., 2010; Kircher et 

al., 2014), these annotators are far from perfect. This is a critical deficiency 

because the majority of coding mutations are missense. Here we show that one 

key feature in evaluating the disruptiveness of mutations is whether they fall in 

known or predicted protein-protein interaction interfaces and their likelihood 

to disrupt these interactions. 

 

Large-scale studies of known disease-associated mutations have already 

reported a strong association with binding interfaces of protein 

interactions(Sahni et al., 2015; Wei et al., 2014). The major bottleneck for wide 

application of this feature is limited knowledge about the set of interactions and 
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the binding interfaces of all interactions. To experimentally evaluate the impact 

of mutations on protein interactions, we establish a high-throughput 

mutagenesis and interactome-scanning pipeline for generating site-specific 

mutant clones and testing corresponding mutant protein interactions. Such a 

pipeline, however, cannot evaluate the impact of missense mutations on many 

interactions, because high-throughput interaction assays are limited in their 

coverage(Yu et al., 2008; Braun et al., 2009; Venkatesan et al., 2009). For this 

reason, we also explore a computational approach for systematically examining 

the functional impact of missense mutations on protein interactions. This 

approach builds on our newly-established full-interactome interface 

predictions(Meyer et al., 2018) to computationally predict the impact of all 

missense mutations on all associated interactions. Here we apply our 

experimental and computational approaches in tandem, which can be applied 

to any WES study. 

 

To evaluate the effectiveness of our integrated experimental-computational 

approach, we focus on 2,821 de novo missense (dnMis) mutations identified from 

WES of ~2,500 families from the Simons Simplex Collection (SSC)(Sanders et al., 

2015). The SSC targets the study of ASD through a cohort of parent-offspring 

trios or quads with two unaffected parents, an ASD proband and, for most 

families, an unaffected sibling(Fischbach and Lord, 2010). Previous analyses of 

the SSC data have reported significantly higher de novo mutation rates in ASD 

probands versus unaffected siblings across various mutation types, from copy 

number variants (CNVs)(Levy et al., 2011; Sanders et al., 2011; Sanders et al., 

42



 

 

2015), frameshift indels(Dong et al., 2014), to missense mutations(Iossifov et al., 

2012; Iossifov et al., 2014; O'Roak et al., 2012; Sanders et al., 2012). While a 

number of risk de novo copy number(Sebat et al., 2007; Pinto et al., 2010; Sanders 

et al., 2011; Levy et al., 2011; Sanders et al., 2015) and protein truncating(Iossifov 

et al., 2012; Iossifov et al., 2014; O'Roak et al., 2012; Sanders et al., 2012; Dong et 

al., 2014) variants have been identified, exactly which dnMis mutations play a 

role and to what extent are open questions. We applied our integrated 

framework to evaluate the effect of 1,733 dnMis mutations within a protein 

interactome framework aiming to identify potentially disease-contributing 

dnMis mutations. Though there are many ways by which a missense mutation 

can impact a protein’s function, such as by destabilizing protein folding, we 

evaluate the disruptiveness of a mutation within our framework exclusively on 

its capacity to disrupt protein interactions, measured experimentally or through 

prediction. We further compare the network properties of proteins impacted by 

interaction-disrupting and non-disrupting dnMis mutations, using unaffected 

siblings as negative controls throughout. While our analyses focus on dnMis 

mutations in ASD, the integrated experimental-computational approach 

provides a generalizable framework for investigating the impact of missense 

mutations uncovered by WES for human diseases.  

 

3.3 RESULTS 

3.3.1 Proband dnMis mutations are enriched on interaction interfaces 

We previously reported that inherited in-frame disease-associated mutations 

are significantly enriched on protein interaction interfaces and demonstrated 
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that alteration of specific protein interactions is crucial in the pathogenesis of 

many disease-associated genes(Wang et al., 2012). To explore the relationship 

between non-inherited dnMis mutations and autism, we used a structurally-

resolved 3D human interactome network(Wang et al., 2012; Meyer et al., 2013) 

to examine where dnMis mutations reside with respect to interaction interfaces. 

We found that in probands, dnMis mutations are significantly enriched on 

interaction interfaces: while interaction interfaces cover 30.1% of the proteins 

harboring these mutations, 38.2% of the mutations fall in interaction interfaces 

(1.27 fold, P = 2.9×10-3 by two-tail exact binomial test). In contrast, dnMis 

mutations in siblings fall in interaction interfaces on corresponding proteins at 

an expected rate (observed 37.6% versus expected 36.5%, 1.03 fold, P = 0.76). 

Thus, disruption of specific interactions could contribute to ASD etiology for 

dnMis mutations in probands (Figure 3.1a), underscoring the functional 

significance of dnMis mutations on protein interaction interfaces. 

 

3.3.2 Proband dnMis mutations have elevated disruption rates 

We next explored the impact of dnMis mutations on protein interactions by 

intersecting all 2,821 dnMis mutations with 59,073 human protein interactions 

from a comprehensive set of high-quality physical interactions compiled from 

eight widely-used interaction databases(Das and Yu, 2012), including 

BioGRID(Chatr-Aryamontri et al., 2015), MINT(Stelzl et al., 2005), 

iRefWeb(Turner et al., 2010), DIP(Salwinski et al., 2004), IntAct(Hermjakob et 

al., 2004), HPRD(Keshava Prasad et al., 2009), MIPS(Mewes et al., 2011), and the 

PDB(Berman et al., 2000). Of these mutations, 1,733 are on proteins with at least 
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one known interaction within the current human interactome dataset. To 

experimentally assess the impact of a subset of these mutations, 208 individual 

clones were generated carrying dnMis mutations – corresponding to 109 in 

probands and 99 in siblings, respectively – using Clone-seq, a massively parallel 

site-directed mutagenesis pipeline(Wei et al., 2014). Protein interactions 

amenable to yeast two-hybrid (Y2H) were then tested, yielding 667 total protein 

interactions corresponding to 151 of our cloned dnMis mutations (Figure 3.1b). 

 

To explore the remaining dnMis mutations and interactions untested by Y2H, 

we applied a two-tiered computational approach that first predicts whether a 

particular residue is an interface residue using Interactome INSIDER(Meyer et 

al., 2018), a unified machine-learning framework comprising the first full-

interactome map of human interaction interfaces. To determine whether a 

particular mutation is deleterious, we used PolyPhen-2 (PPH2)(Adzhubei et al., 

2010) predictions: if a particular residue is predicted to be an interface residue 

and its mutation is scored as “probably damaging” by PPH2, that mutation was 

predicted as interaction-disrupting; if a mutation is unlikely to occur at an 

interface residue and is scored as “benign” by PPH2, it was predicted as 

interaction non-disrupting (Figure 3.11b).  

 

To evaluate the performance of our computational predictions, we applied this 

two-tiered prediction approach to our 667 experimentally tested protein 

interactions and obtained an accuracy of 80.8% (sensitivity: 65.0%, specificity: 

82.5%). Additionally, when our approach was applied to a previously 
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published, independent dataset of 204 disease-associated mutations and their 

impact on protein-protein interactions(Wei et al., 2014), we obtained a similar 

prediction performance (accuracy: 77.4%, sensitivity: 81.0%, specificity: 75.0%). 

 

We then analyzed the distribution of disrupted interactions across ASD 

probands and unaffected siblings. Examining our experimental data revealed 

that 74/361 (20.5%) tested interactions were disrupted in probands. In contrast, 

only 21 out of 208 (10.1%) interactions were disrupted in unaffected siblings. 

Modeling the count of disruptions per subject with a negative binomial model, 

using case status as the predictor, yielded a 2.54-fold higher rate of disruptions 

in probands (P = 0.012, Figure 3.2a). This sharp contrast in interaction 

disruption rate suggests that disruption of the interactome network by dnMis 

mutations contributes to autism etiology in probands. Combining the 

experimental data with predictions for all remaining dnMis mutations and 

interactions, there was again a significant, 2.34-fold higher disruption rate for 

probands (22.8%) versus unaffected siblings (8.7%, P = 5.6×10-4, Figure 3.2b). 

Furthermore, the predicted disruptions alone showed significantly higher rate 

of disruption in probands than siblings (2.15 fold, P = 0.013, Figure 3.2c). These 

observations suggest that dnMis mutations in ASD probands are of higher 

functional consequence than those in unaffected siblings. Therefore, 

interaction-disrupting mutations identified by our integrated experimental-

computational framework could serve as a viable approach for identifying 

candidate risk variants, which may go undetected by other methodologies. 

Hereinafter, we shall present results using the combined data.  

46



 

 

 

The female protective effect postulates that females require a larger genetic 

burden before being diagnosed with ASD(De Rubeis et al., 2014; Chang et al., 

2015). Accordingly, we anticipate dnMis mutations in female probands to be 

more disruptive than those in male probands, although the 6.5:1 male:female 

ratio of probands could obscure true differences by limiting power. Indeed, we 

observed a higher disruption rate in females than in males among ASD 

probands, fold = 1.71, but the difference is not quite significant (P = 0.12). In 

contrast, the disruption rate in female versus male siblings is 1.08-fold and does 

not approach significance (P = 0.42, Figure 3.2b).  

 

3.3.3 Disruptive dnMis mutations in probands principally impact network 

hubs 

Previous research has shown that genes harboring known disease-associated 

mutations differ strongly in their network properties in comparison to non-

disease-associated genes(Goh et al., 2007; Feldman et al., 2008). Early studies 

reported that disease-associated genes often encode for protein hubs that 

mediate a greater number of protein interactions than their non-disease-

associated counterparts as a whole(Xu and Li, 2006; Jonsson and Bates, 2006). 

However, researchers later argued that the observed hub-disease gene 

correlation might be entirely driven by a handful of hub-encoding essential 

genes classified within the disease-associated gene class(Goh et al., 2007). Here 

we investigated whether proteins harboring disruptive dnMis mutations in 
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ASD probands exhibit distinguishable network properties in the human 

interactome.  

 

We first compared the degree of all proteins harboring interaction-disrupting 

dnMis mutations to those harboring non-disrupting dnMis mutations. We 

found that in ASD probands, proteins with interaction-disrupting dnMis 

mutations on average have a significantly higher degree than proteins with 

non-disrupting dnMis mutations (mean±s.e.m: 18.4±2.8 versus 9.3±1.0, fold 

change [FC] = 1.98, P = 2.0×10-6 by two-tail U-test, Figure 3.3a), whereas no 

significant difference was observed in unaffected siblings (mean±s.e.m: 7.9±1.0 

versus 11.4±1.3, FC = 0.69, P = 0.60). This suggests that interaction-disrupting 

dnMis mutations in ASD probands preferentially impact hub proteins, which 

play a central role in maintaining the integrity of the human interactome(Albert 

et al., 2000). Importantly, when we excluded essential human genes(Chen et al., 

2017) from our analysis, the correlation between interaction-disrupting dnMis 

mutations and protein hubs persisted (mean±s.e.m: 17.6±2.9 versus 9.2±1.0, FC 

= 1.91, P = 7.2×10-6, Figure 3.3a). Similarly, no such correlation in unaffected 

siblings was observed (mean±s.e.m: 8.0±1.0 versus 11.0±1.3, FC = 0.73, P = 

0.50). Likewise, when we analyzed betweenness, another measure of network 

centrality based on shortest paths, proteins harboring interaction-disrupting 

dnMis mutations have a significantly higher betweenness value than proteins 

harboring non-disrupting dnMis mutations, regardless of whether essential 

genes were included (Figure 3.3b).  
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To further assess whether disruptive dnMis mutations tend to be on essential 

genes, we analyzed gene essentiality measured by Wang et al. using CRISPR 

gene knockout screens(Wang et al., 2015). Using this CRISPR score, we 

observed no significant difference in essentiality between genes with 

interaction-disrupting and non-disrupting dnMis mutations for probands 

(mean±s.e.m: -0.43 ±0.08 versus -0.33±0.04, FC = 1.30, P = 0.28 by two-tail U-

test) or for unaffected siblings (mean±s.e.m: -0.37±0.09 versus -0.41±0.05, FC = 

0.90, P = 0.39). This confirms that disruptive dnMis mutations have no tendency 

to be on essential genes while preferentially affecting topologically central 

positions in the interactome network.  

 

We then investigated whether proteins with dnMis mutations tend to form 

inter-connected modules within the interactome network. We found that in 

ASD probands, proteins with interaction-disrupting dnMis mutations on 

average have a significantly smaller shortest path length to each other than 

proteins harboring non-disrupting dnMis mutations (mean±s.e.m: 3.48±0.04 

versus 3.94±0.03, FC = 0.88, P = 3.9×10-18 by two-tail U-test, Figure 3.3c). This 

result indicates that proteins with disruptive dnMis mutations in probands tend 

to be closely connected to each other in the network and may therefore function 

as modules with specific roles in ASD etiology. In contrast, no such trend was 

observed for proteins with disruptive dnMis mutations in unaffected siblings 

(mean±s.e.m: 3.77±0.05 versus 3.79±0.03, FC = 0.99, P = 0.96), underscoring the 
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functional significance of modules derived from interaction-disrupting dnMis 

mutations in ASD probands. 

 

Overall, our analyses indicate that network topology should be considered 

when interpreting the impact of dnMis mutations. In this manner, we can 

investigate how disruptive missense mutations alter local community structure 

and how information flow through multiple mutations work together to rewire 

the whole network that can lead to autism or other disease-associated 

phenotypes. 

 

3.3.4 Disruptive dnMis mutations in probands target haploinsufficient genes 

Disruptive dnMis mutations typically occur only on one copy of the gene. To 

affect risk, they should occur more frequently on haploinsufficient genes, where 

a single copy of the wild-type gene is insufficient to carry out its normal 

function. In probands, genes harboring interaction-disrupting dnMis mutations 

have a significantly higher probability of being haploinsufficient(Huang et al., 

2010) than genes harboring non-disrupting dnMis mutations (mean±s.e.m: 

0.42±0.03 versus 0.33±0.02, FC = 1.27, P = 1.6×10-3 by two-tail U-test, Figure 

3.3d). In contrast, no significant difference was observed in unaffected siblings 

(mean±s.e.m: 0.39±0.04 versus 0.34±0.02, FC = 1.15, P = 0.27). Reinforcing these 

findings, we also found that genes with interaction-disrupting dnMis mutations 

in probands are less tolerant to genetic variation, as indicated by their higher 

average pLI(Lek et al., 2016) scores in comparison to genes with non-disrupting 

dnMis mutations (mean±s.e.m: 0.52±0.04 versus 0.43±0.02, FC = 1.21, P = 0.02, 
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Figure 3.3e). No such contrast was found in unaffected siblings (mean±s.e.m: 

0.44±0.06 versus 0.44±0.03, FC = 1.00, P = 0.57). Collectively, these results 

demonstrate that interaction-disrupting dnMis mutations in ASD probands 

tend to affect haploinsufficient genes, for which heterozygous variations are not 

tolerated, and they may therefore contribute to ASD outcomes through dosage 

effect(Ronemus et al., 2014).  

 

3.3.5 Disruptive dnMis mutations in probands cluster closely to known ASD 

genes 

To evaluate whether interaction-disrupting dnMis mutations are associated 

with ASD risk, we first investigated whether such mutations are enriched in 

previously reported ASD-associated genes. Using a curated list of 881 genes 

implicated in ASD in the SFARI database(Basu et al., 2009), we observed a 

significant enrichment in probands for genes with interaction-disrupting dnMis 

mutations compared to genes with non-disrupting dnMis mutations (21/109 

versus 32/342, OR = 2.3, P = 5.7×10-3 by one-tail Fisher’s exact test). In contrast, 

no significant enrichment was observed in unaffected siblings (6/68 versus 

17/241, OR = 1.3, P = 0.39). Thus, characterizing interaction perturbation 

captures new evidence to establish associations of genes with ASD. 

 

Previous studies have reported functional clustering in genes with de novo 

protein truncating variants (dnPTVs) in ASD individuals(Sanders et al., 2012; 

O'Roak et al., 2012; Iossifov et al., 2012; Neale et al., 2012). Here we assessed the 

network distance within the human interactome between genes harboring 
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interaction-disrupting dnMis mutations (excluding genes with dnPTVs) and 

seven classes of known ASD-associated genes. These genes include: (1) FMRP 

target genes, with transcripts bound by the fragile X mental retardation protein 

(FMRP); (2) genes encoding chromatin modifiers (CHM); (3) genes expressed 

preferentially in embryos (EMB); (4) genes encoding postsynaptic density 

proteins (PSD); (5) 881 genes in the SFARI database; (6) a high-quality SFARI 

subset (SFARI-hq, 141 genes scored as syndromic, high confidence, or strong 

candidate(Basu et al., 2009)); and (7) the latest set of 65 ASD genes discovered 

by de novo mutations (DN65)(Sanders et al., 2015). We found that in probands, 

proteins harboring interaction-disrupting dnMis mutations are significantly 

closer to proteins from all seven classes in comparison to proteins with non-

disrupting dnMis mutations (Table 3.1). In contrast, no significant differences 

were observed among unaffected siblings in any category. These findings 

demonstrate that disruptive dnMis mutations identified by our study are 

indeed closely related to known ASD genes and functional classes and that they 

may contribute to ASD etiology by disrupting common pathways shared with 

dnPTVs. 

 

3.3.6 Identification of candidate ASD genes and mutations  

Towards the identification of new candidate ASD-associated genes, we 

examined mutations on the protein RARA. RARA binds with RXRB to form the 

retinoic acid (RA) receptor complex. When bound to RA, the retinoic acid 

receptor can then bind RA receptor elements (RAREs) to co-activate 

transcription of downstream genes. In agreement with our Y2H experiments, 
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our computational approach predicted that a proband mutation p.Pro375Leu 

on RARA (NP_000955.1) is disruptive, while an unaffected sibling mutation, 

p.Arg83His, is not (Figure 3.4a and Figure 3.4b). We note that PPH2 predicts 

both mutations to be probably damaging and cannot distinguish the two. We 

further confirmed by co-immunoprecipitation in human cells that the proband 

mutation p.Pro375Leu disrupts the RARA-RXRB interaction while the sibling 

mutation p.Arg83His does not (Figure 3.4c).  

 

While there is insufficient evidence to directly link mutations on RARA to ASD, 

there is compelling evidence that mutated RARA does induce ASD risk by 

affecting RA signaling. Specifically, we would expect the p.Pro375Leu mutation 

to diminish RA signaling by disrupting its binding to RXRB. Notably, one of the 

most common genetic risk factors for ASD is maternal duplication of 15q11-q13 

and isodicentric chromosome 15(Schanen, 2006), both of which increase 

transcription of UBE3A, among other genes. It has recently been shown that 

UBE3A negatively regulates ALDH1A proteins(Xu et al., 2017), which act as 

rate-limiting enzymes in RA synthesis. Increased dosage of UBE3A diminishes 

RA synthesis and RA signaling, altering neuronal development and features 

such as homeostatic synaptic plasticity(Xu et al., 2017). Moreover, in mice, ASD-

like phenotypes are induced by over-expression of UBE3A or by an ALDH1A 

antagonist, while the wild-type phenotype can be rescued by RA 

supplementation(Xu et al., 2017). Thus, together with published results 

regarding the role of UBE3A in RA signaling and autism risk(Xu et al., 2017), 

our results implicate RARA as an ASD-associated gene, and our experimentally-

53



 

 

validated interaction-disrupting prediction for RARA p.Pro375Leu 

demonstrates how our methodology can be used to identify functional dnMis 

mutations. 

The occurrence of a predicted disruptive mutation near other closely related 

disease-associated dnMis mutations across interacting proteins can lend strong 

evidence towards the postulated functionality and shared phenotypic impact of 

the mutation in question. In this regard, our computational approach predicted 

an ASD proband mutation, p.Lys1431Met, on the guanine nucleotide exchange 

factor TRIO (NP_651960.2) that disrupts its interaction with the GTPase RAC1 

(Figure 3.4d). Of note, two neurodevelopmental disorder dnMis 

mutations(Pengelly et al., 2016; Deciphering Developmental Disorders Study, 

2015) on TRIO, p.Arg1428Gln and p.Pro1461Leu, occur in structural proximity 

to the ASD proband interface mutation, p.Lys1431Met, as do three dnMis 

mutations on RAC1 (NP_008839.2) interface residues, p.Asn39Ser, p.Tyr64Asp, 

and p.Pro73Leu, which all result in mild to severe intellectual 

disability(Reijnders et al., 2017) (Figure 3.4d). Moreover, p.Lys1431Met has been 

recently reported to functionally inhibit synaptic function in human cell lines 

and statistically postulated to reside within a hotspot for ASD-related de novo 

mutations in the GEF1 domain of TRIO(Sadybekov et al., 2017). As sequencing 

data from DD studies becomes more readily available, we anticipate the use of 

predicted interaction-disrupting mutations to uncover shared molecular 

pathways between related DDs. 
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3.3.7 An excess of dnMis mutations in DDs occur on interaction interfaces  

To demonstrate the generalizability of our interactome perturbation approach 

towards studying the impact of missense mutations in human disease, we 

investigated how ~10,000 dnMis mutations previously detected in DDs 

correspond with protein interaction interfaces. The mutation data comprises a 

collection of 4,565 dnMis mutations from the Deciphering Developmental 

Disorders project and five lists of dnMis mutations curated from studies of 

autism, congenital heart disease, intellectual disability, schizophrenia, and 

epilepsy (denovo-db v.1.5)(Turner et al., 2017). We found that in all six datasets, 

dnMis mutations occur significantly more frequently on protein interaction 

interfaces than expected (Figure 3.5), indicating that dnMis mutations in DDs 

can contribute to disease risk by impacting protein interactions. In particular, 

the strongest signal was observed in intellectual disability: 23.5% of the dnMis 

mutations occurred on interaction interfaces, resulting in an enrichment of 2.09 

(1.77–2.44, 95% CI) in comparison to the fraction of interface residues on 

corresponding proteins (11.2%, P = 1.4×10-14 by two-tail exact binomial test). In 

contrast, dnMis mutations in schizophrenia had the weakest significance 

(Enrichment = 1.61 [1.22-2.06, 95% CI], P = 8.7×10-4), which agrees with previous 

findings that schizophrenia has a much weaker de novo signal than other 

DDs(Purcell et al., 2014).  

 

Geisheker et al. recently reported 40 dnMis hotspots implicated in 

neurodevelopmental disorder pathogenesis(Geisheker et al., 2017). When we 

examined the 31 corresponding hotspots within the interactome network, we 
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found that they occur on protein interaction interfaces at a very high rate of 48.4% 

(Enrichment = 4.03 [2.51–5.58, 95% CI], P = 6.9×10-7, Figure 3.5). This suggests 

that interactome perturbations play an important role in the pathogenesis 

linked with these recurrent events. Taken together, these findings reinforce that 

our integrated experimental-computational interactome perturbation approach 

offers a scalable and generalizable framework to identify risk dnMis mutations 

in human disease.  

 

3.4 DISCUSSION 

Here we demonstrated that dnMis mutations can contribute to ASD risk by 

disrupting protein-protein interactions and that our interactome perturbation 

framework offers a novel and effective way to identify ASD risk dnMis 

mutations. Because only a small fraction of dnMis mutations found in ASD 

subjects are believed to be functional(Iossifov et al., 2014), this framework helps 

overcome a significant challenge in identifying risk dnMis mutations. Our 

analyses focused on dnMis mutations from the SSC families because the 

information on unaffected siblings in the dataset provides robust negative 

controls. Our results demonstrated that interaction-disrupting dnMis 

mutations in ASD probands preferentially impact proteins that have many 

interaction partners in the interactome network (i.e., hubs) and disrupt these 

interactions at a significantly higher rate than those in unaffected siblings. Our 

results also lend evidence to previously reported ASD-associated genes and 

pathways by showing that interaction-disrupting dnMis mutations are closely 

clustered to proteins in ASD-associated functional classes in the interactome 
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network. Thus, characterizing interactome perturbation provides additional 

and potentially orthogonal information to strengthen previously identified 

genetic associations and helps discover new genes that contribute to ASD risk. 

 

Integration of computational predictions with experimental data imbued far 

more meaning onto missense mutations found in ASD probands and their 

siblings. Thus the prediction model alone can enhance researchers’ ability to 

prioritize damaging missense mutations and can be applied across a wide range 

of human disease studies. We emphasize that the strength of this prediction 

model is rooted in its integration of PPH2 scores and Interactome INSIDER 

interface predictions. To demonstrate this, we repeated all analyses using PPH2 

and Interactome INSIDER separately. The results show that neither method 

individually is sufficient to reproduce most signals towards identifying disease-

contributing dnMis mutations in ASD. This confirms that our two-tiered 

predictor, which evaluates the disruptiveness of a variant on protein 

interactions, greatly improves the effectiveness of predicting functional 

missense mutations. We also note that our predictor is robust at different PPH2 

score cutoffs. Taken together, we demonstrate that our computational 

prediction approach can serve as an effective and robust method to identify 

disease-contributing missense mutations.  

 

Stronger associations between ASD proband mutations and clinical data can be 

established by filtering out ASD dnMis mutations that are also identified as 

population variants in the Exome Aggregation Consortium (ExAC)(Lek et al., 
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2016) since these variants represent standing variations in the population and 

are less likely to be deleterious as a result(Robinson et al., 2016). Adopting this 

same principle, we found that dnMis mutations in DDs are significantly more 

enriched on interaction interfaces when mutations coinciding with ExAC are 

filtered out in comparison to the non-filtered set. Importantly, our results show 

that the characteristic network and haploinsufficiency properties of disruptive 

proband dnMis mutations are not unique to ASD but are shared features across 

different DDs, indicating that our interactome perturbation framework is 

generalizable to prioritize dnMis mutations across a wide range of DDs. 

 

Our analyses indicate that network properties are important in interpreting the 

functional impact of dnMis mutations and their relevance towards disease 

etiology. However, we recognize that the human interactome with which these 

analyses are performed is currently incomplete. As a result, certain classes of 

protein interactions, for example interactions mediated by membrane-bound 

proteins, may be under-represented in the current interactome, limiting 

potential insights from such proteins. Moreover, literature-derived segments of 

the human interactome are subject to sampling bias present in small-scale 

studies(Rolland et al.; Das and Yu, 2012). Therefore, we re-examined the 

network topology analyses across a chronologically-ordered series of unbiased 

high-throughput (HT)-derived human interactomes. We show that not only are 

our results robust across all HT-derived interactomes, more importantly, we 

also demonstrate that the topological differences between interaction-

disrupting and non-disrupting dnMis mutations in probands becomes more 
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significant as the interactome coverage increases. Moreover, we show that all 

our results remain the same when we expanded our disruptiveness predictions 

to include all dnMis mutations in the current human interactome. Taken 

together, we fully expect that as increasingly more human protein-protein 

interactions and mutations are uncovered, our interactome perturbation 

framework can be applied to these new interactions and mutations to identify 

new or currently under-characterized disease-associated mutations and genes. 

 

As large-scale WES studies continue to produce mutation data at ever-

increasing scales, our interaction-disruption prediction approach can greatly 

extend the reach of interactome perturbation studies for investigating complex 

genotype-phenotype relationships and improving our understanding of how 

genetic variation affects disease risk through the alteration of topological and 

community structures of networks. 

 

3.5 FIGURE AND TABLE LEGENDS 

Figure 3.1 Workflow of our integrated experimental-computational 

interactome perturbation framework. (a) Distribution of de novo missense 

(dnMis) mutations from SSC across different protein locations. Enrichment was 

calculated by the ratio of the observed fraction of dnMis mutations that occur 

on interaction interfaces over the fraction of interface residues on 

corresponding proteins (expected fraction). P-values were calculated using 

two-tail exact binomial test (*P < 0.05). Error bars indicate ± standard error. (b) 
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Experimental (left) and computational (right) pipelines for assessing the 

functional impact of dnMis mutations on protein-protein interactions.  

 

Figure 3.2 dnMis mutations are more disruptive in ASD probands than in 

unaffected siblings. Interaction disruption rates of dnMis mutations (a) tested 

experimentally, (b) by combining experimental results and predictions, and (c) 

predicted computationally. Probands and unaffected siblings are divided by 

sex. The count of disruptions per subject was modeled with a negative binomial 

model (P < 0.05 in bold). Combined: 1,080 out of 4,275 measured interactions 

were disrupted in ASD probands (25.3%) and 322 out of 2,973 were disrupted 

in unaffected siblings (10.8%). The interaction disruption rate is significantly 

higher in ASD probands than that in unaffected siblings (FC = 2.34 [1.44–3.79, 

95% CI], P = 5.6×10-4 by two-tail negative binomial test). The trend persists in 

male and female subgroups: 23.1% disruption rate in male probands versus 12.3% 

in male siblings (FC = 2.21 [1.15–4.25, 95% CI], P = 8.8×10-3 by one-tail negative 

binomial test); 37.3% disruption rate in female probands versus 9.9% in female 

siblings (FC = 3.50 [1.41–8.72, 95% CI], P = 3.5×10-3). Comparing disruption rates 

between males and females revealed a higher rate, although not quite 

significant, in females than males in ASD probands (FC = 1.71 [0.71–4.09, 95% 

CI], P = 0.12 by one-tail negative binomial test), whereas similar rates were 

observed in female and male siblings (FC = 1.08 [0.52–2.22, 95% CI], P = 0.42).  

 

Figure 3.3 Disruptive proband dnMis mutations exhibit characteristic network 

and haploinsufficiency properties. (a) Degree and (b) betweenness distributions 
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of proteins with interaction-disrupting (Dis, n = 109 in probands and n = 68 in 

siblings) or non-disrupting (Non-Dis, n = 342 in probands and n = 241 in siblings) 

dnMis mutations across all proteins and across non-essential gene-encoded 

proteins (Non-EG) in ASD probands (Dis: n = 106; Non-Dis: n = 338) and 

unaffected siblings (Dis: n = 66; Non-Dis: n = 238). (c) Average shortest path 

length distributions of proteins with dnMis mutations (in probands, Dis: n = 

109, Non-Dis: n = 342; in siblings, Dis: n = 68, Non-Dis: n = 241). (d) 

Haploinsufficiency and (e) pLI distributions of genes with dnMis mutations. 

Genes with available haploinsufficiency or pLI scores were included in 

corresponding analyses (haploinsufficiency: in probands, Dis: n = 95, Non-Dis: 

n = 304; in siblings, Dis: n = 63, Non-Dis: n = 217; pLI: in probands, Dis: n = 106, 

Non-Dis: n = 338; in siblings, Dis: n = 63, Non-Dis: n = 237). Genes carrying de 

novo protein truncating variants (dnPTVs) in SSC data were excluded from all 

analyses. Violin plots: thick black bar, interquartile range; white dot, median; 

whiskers, upper and lower limits; points, outliers; while the width of each 

‘violin’ is proportional to element abundance. P-values were calculated using 

two-tail U-test (P < 0.05 in bold). 

 

Figure 3.4 Identification of candidate ASD-associated genes and mutations 

through our interactome perturbation framework. (a) Computational 

prediction of the effects of RARA p.Pro375Leu and RARA p.Arg83His on the 

RARA-RXRB interaction. A homology model highlighting the RARA 

p.Pro375Leu interface mutation is shown. (b) RARA p.Pro375Leu disruption 

and RARA p.Arg83His non-disruption of RARA-RXRB interaction by Y2H. (c) 
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Co-immunoprecipitation confirming RARA p.Pro375Leu disruption and 

RARA p.Arg83His non-disruption of RARA-RXRB interaction in HEK 293T 

cells. (d) Co-crystal structure of TRIO-RAC1 (PDB ID: 2NZ8) displaying the 

structural locations of proband ASD (red) and intellectual disability and/or 

microcephaly (orange) dnMis mutations across the interaction interfaces. 

 

Figure 3.5 dnMis mutations are enriched on protein interaction interfaces in 

developmental disorders. Enrichment was calculated by the ratio of the 

observed fraction of dnMis mutations that occur on interaction interfaces over 

the fraction of interface residues on corresponding proteins (expected fraction). 

Error bars indicate ± standard error. P-values were calculated using two-tail 

exact binomial test. DDD (Deciphering Developmental Disorders project, n = 

2,914 dnMis mutations): Enrichment = 1.90 (1.76-2.04, 95% CI); ASD (autism 

spectrum disorder, n = 1,512): Enrichment = 1.80 (1.61–2.00, 95% CI); CHD 

(congenital heart disease, n = 759): Enrichment = 1.44 (1.21–1.70, 95% CI); ID 

(intellectual disability, n = 498): Enrichment = 2.09 (1.77–2.44, 95% CI); SCZ 

(schizophrenia, n = 312): Enrichment = 1.61 (1.22-2.06, 95% CI); EPL (epilepsy, 

n = 181): Enrichment = 1.88 (1.36–2.48, 95% CI); Hotspots (n = 31): Enrichment 

= 4.03 (2.51–5.58, 95% CI). 
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Distance of genes with interaction-disrupting and non-disrupting dnMis mutations to seven classes of known ASD-associated 
genes in a protein interactome network background

Proband Sibling

Dis (109) Non-Dis 
(342)

P value Dis (68) Non-Dis 
(241)

P value

Mean Mean Mean s.d. Mean

FMRP (794) 2.61 2.85 1.5 × 10−6 2.77 2.77 0.57

CHM (408) 2.55 2.79 1.3 × 10−6 2.70 2.72 0.44

EMB (1,865) 2.65 2.88 2.9 × 10−6 2.79 2.81 0.45

PSD (1,395) 2.61 2.84 2.4 × 10−6 2.76 2.77 0.47

SFARI (881) 2.69 2.92 1.8 × 10−6 2.83 2.85 0.52

SFARI hq (141) 2.62 2.86 1.1 × 10−6 2.77 2.77 0.58

DN65 (65) 2.70

s.d.

0.38
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0.37

0.38
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0.39 2.94
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0.37 2.86

s.d.
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0.48
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0.48 0.52

The number of genes in each class is indicated in parentheses. Genes carrying dnPTVs in SSC data were excluded from the analyses. P values were calculated using a one-tailed U-test (P <  0.05 in bold). 
Dis, interaction-disrupting; Non-Dis, non-disrupting. FMRP, fragile X mental retardation protein target genes; CHM, genes encoding chromatin modifiers; EMB, genes expressed preferentially in embryos; 
PSD, genes encoding postsynaptic density proteins; SFARI, 881 genes in the SFARI database; SFARI hq, a high-quality SFARI subset (141 genes scored as syndromic, high confidence or strong candidate); 
DN65, the latest set of 65 ASD genes discovered by de novo mutations.

Table 3.1
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CHAPTER 4 

Missense mutations disrupting protein-protein interactions affect risk for 
autism through gene co-expression and protein networks in neuronal cell 

types 

 

4.1 ABSTRACT 

Despite their commonness in humans, determining which de novo missense 

(dnMis) mutations affect phenotypes and how remains a challenge. Extending 

earlier work on autism spectrum disorder (ASD), we show that dnMis 

mutations that disrupt protein-protein interactions (PPIs) are enriched in ASD 

individuals, often affecting hub proteins and disrupting hub interactions. Genes 

encoding disrupted complementary interactors tend to be ASD genes and a PPI 

network built from these proteins is enriched for ASD proteins. Consistent with 

other studies, genes identified by disrupted PPI are expressed early in 

development and in excitatory and inhibitory neuronal lineages. Using inferred 

gene co-expression for three neuronal cell types – excitatory, inhibitory, and 

neural progenitor –we implicate several hundred genes in risk (FDR ≤ 0.05), 

~60% novel, with characteristics of reported ASD genes. Across cell types, these 

genes affect neuronal morphogenesis and neuronal communication,  while 

neural progenitor cells show strong enrichment for development of the limbic 

system. 
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4.2 INTRODUCTION 

Whole exome sequencing studies of subjects diagnosed with autism spectrum 

disorder (ASD), their unaffected siblings, and their parents demonstrate 

significantly elevated rates of recurrent de novo mutations in certain genes in 

ASD subjects(De Rubeis et al., 2014; Iossifov et al., 2014; Sanders et al., 2015; 

Ruzzo et al., 2019). For some genes, recurrence across ASD subjects is far more 

than expected by chance and is evidence for association with ASD. The evidence, 

however, largely comes from protein truncating variants (PTVs) as opposed to 

de novo missense mutations (dnMis). These results are intuitive, PTVs, on 

average, should be more damaging. Yet, dnMis mutations are more common. 

Within the 6,430 ASD cases recently sequenced by the Autism Sequencing 

Consortium(Satterstrom et al., 2020) (ASC), the ASC called 7,131 de novo 

variants in protein-coding exons, of which 4,403 are missense (61.7%) and 972 

are PTV (13.6%). For the ASC study, only the most damaging class of dnMis 

variants – as judged by a composite score involving evolutionary conservation 

and likelihood an amino acid substitution is damaging(Samocha et al., 2017) – 

shows strong signal for enrichment in ASD subjects. These missense variants 

are rare.  

 

Using an earlier version of the ASC data, with roughly half as many mutations, 

we previously documented that rare dnMis variants that disrupt protein-

protein interactions (PPI) are also enriched in ASD subjects(Chen et al., 2018). 

Furthermore, these mutations tend to affect proteins with many interactions, 

so-called hub genes, and their interactors tend to be ASD genes(Chen et al., 

80



 

 

2018). Using the newly-released and larger ASC data set, we confirm these 

observations and take them in several new directions: (1) By defining a set of 

genes encoding these disrupted protein interactors in ASD subjects and another 

for their siblings, we evaluate their expression patterns in developing brain 

from fetal to early postnatal development and within general cell types of brain 

tissue. Relative to the set defined by siblings, these analyses show that genes 

encoding disrupted protein interactions in ASC subjects tend to be expressed at 

higher levels and earlier in development and have the highest level of 

expression in neuronal lineages of both excitatory and inhibitory neurons. (2) 

Because these mutations tend to disrupt interactions involving hub proteins in 

ASC subjects, we build a disrupted protein network using their disrupted 

interactions to define PPI network edges and a complementary non-disrupted 

network. By contrast to the non-disrupted network, the disrupted network 

shows significant enrichment for ASD proteins and this tends to increase with 

greater number of interactions per protein. The latter observation can be used 

to implicate additional genes and sub-networks in risk for ASD. (3) Based on 

these results, we integrate hub information, gene expression for three neuronal 

cell types, and genetic association information using DAWN(Liu et al., 2014; Liu 

et al., 2015) (Detecting Association With Networks) to implicate new genes in 

risk for ASD. DAWN identified 421, 413, and 281 significant genes (FDR ≤ 0.05) 

as candidate ASD genes for excitatory, inhibitory, and neural progenitor cells, 

~60% of them are novel, and all sets show hallmarks of bonafide ASD genes. 

These sets point to neuronal morphogenesis and neuronal communication as 

critical for ASD risk, while for the neural progenitor cells, its DAWN set also 
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shows strong enrichment for development of the limbic system. And, (4) we 

investigate these DAWN gene sets for whether their expression occurs across 

excitatory, inhibitory, and neural progenitor cells and which are unique to a 

particular cell type. This analysis reveals that the shared genes are enriched for 

previously-identified genes highlighted by the recent ASC study(Satterstrom et 

al., 2020), whereas genes whose expression is unique to a cell type tend to be 

enriched in genes implicated in ASD by other types of data. They also tend to 

function in a wide variety of roles in neuronal communication.  

 

4.3 RESULTS 

4.3.1 Disruption of protein interaction helps identify important de novo 

missense mutations in ASD probands  

We previously reported that disruption of protein interactions can contribute to 

ASD(Chen et al., 2018) and, by utilizing our first full-proteome interface 

mapping(Meyer et al., 2018), we developed a computational approach to 

predict whether de novo missense mutations (dnMis) disrupt protein-protein 

interaction (PPI)(Chen et al., 2018). In brief, this approach predicts whether a 

particular residue is an interface residue using Interactome INSIDER; then, if a 

dnMis mutation falls in a predicted interface residue and is scored as “probably 

damaging” by Polyphen2, that mutation was scored as interaction-disrupting. 

Here, to study the functional relevance of dnMis mutations and their disrupted 

interactions in ASD etiology, we applied our predictive approach to 6,542 

dnMis mutations reported by a recent whole-exome sequencing (WES) study 

from the Autism Sequencing Consortium(Satterstrom et al., 2020) (Figure 4.1a), 
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identifying 123 unique dnMis mutations predicted to disrupt the interaction of 

the encoded protein and at least one interacting partner in ASD probands and 

26 unique mutations in siblings .  

 

To evaluate the impact of interaction disruption on ASD risk, we measured the 

differential rate of disrupted PPI by dnMis mutations among ASD probands 

versus unaffected siblings.  Of the 2,364 probands who carry dnMis mutations 

in genes encoding proteins known to interact – the interactome network – 524 

interactions are likely disrupted (0.22), as compared to 94 carried by 737 siblings  

(0.13). The rate of disruptions per subject is 1.74-fold higher in probands (P =1.2 

×10-8 by a one-tailed Z-test, Figure 4.1b) and recapitulates our previous finding 

that dnMis mutations create risk for ASD, in part, by disrupting PPI. Rates of 

disrupted PPI per mutation are more similar in ASD probands (524/123 = 4.3) 

and siblings (94/26 = 3.6), 1.18 fold, when compared to rates of disruptive 

mutations (123/2922=0.042 and 26/900=0.029, yielding 1.46 fold.) Thus, 

predictions of which dnMis disrupt interactions could serve as another effective 

approach to identifying damaging dnMis variants carried by ASD probands.  

 

In their work, the Autism Sequencing Consortium(Satterstrom et al., 2020) (ASC) 

used a composite metric called MPC(Samocha et al., 2017) (combining Missense 

badness, PolyPhen-2, and Constraint) to separate damaging from benign dnMis 

mutations. Specifically, for the ASC analyses, only missense variants with 

MPC≥1 were considered sufficiently damaging to be entered into their TADA 

analyses. Thus, we investigated whether our prediction of disruptions of the 
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PPI provided novel information beyond that provided by MPC. The two 

assessments are likely to be somewhat independent because, out of 123 genes 

in which dnMis mutations are predicted to disruption PPI, only 58.5% (72/123) 

had MPC≥1. Considering interaction binding sites for these 123 and their 

unique interaction partners, there are 526 sites and 20.9% of them have MPC≥1 

(110/526),  with a substantial fraction in the rarer and more highly 

deleteriousness category (MPC≥2, Figure 4.1c). Next, we fit a logit model to 

evaluate the added impact of prediction of disrupted PPI beyond MPC status. 

For an outcome, we chose whether or not a gene was designated as involved in 

ASD risk, as determined by its presence in the list of SFARI genes curated for 

that purpose(Basu et al., 2009). We fit two variables to this outcome, whether a 

dnMis mutation falling in a gene had a high MPC score (MPC≥1, yes/no) and 

whether the mutation disrupted a PPI involving that gene (yes/no). Because 

the SFARI list tends to include ASC-identified ASD genes, among others, the 

predictive value of mutations with MPC≥1 is of little interest, only whether the 

PPI predictions add predictive value. They do, a dnMis mutation that is 

predicted to disrupt a PPI is 1.87 times more likely to occur in a SFARI gene 

even after accounting for MPC score (z=2.48, P = 0.013). We further wondered 

if the PPI partners of genes carrying disrupting dnMis mutations were also 

more likely to be SFARI genes. They were, whether MPC was taken into account 

(odds ratio = 1.71, z=3.01, P = 2.0×10-3) or not (odds ratio = 2.23, z=4.81, P = 

1.5×10-6).  
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These results suggest that our interaction-disruption approach could rescue 

disruptive dnMis mutations that were not recognized as damaging by MPC. 

For example, we predicted a proband dnMis mutation ADAP1 p.G144R (with 

a low MPC score of 1.1) to be disruptive to its interaction with KIF13B, with a 

very high interface probability score of 1.0 based on co-crystal structure analysis 

of ADAP1-KIF13B (Figure 4.1c). The ADAP1-KIF13B interaction is known to 

function in regulating neuronal polarity formation and axon specification(Tong 

et al., 2010; Stricker and Reiser, 2014), defects of which have been linked to ASD 

etiology(Li et al., 2013; Takano et al., 2019). It is possible that the ADAP1 

p.G144R mutation contributes to ASD in the proband by disrupting ADAP1-

KIF13B interaction, although the genetic evidence is still insufficient regarding 

this pair of genes. 

 

4.3.2 Transcriptome analyses of disrupted interactions implicate specific 

times and cell types in ASD 

We next sought to characterize the potential functional relevance of disrupting 

interactions in the context of human neurodevelopment across developmental 

stages and cell types. To do so, we examined expression patterns of the genes 

for which dnMis mutations disrupted PPI and their interaction partners, 

dubbed “disrupted-interaction genes,” versus genes for which dnMis 

mutations did not interrupt PPI. Here we leveraged BrainSpan(Kang et al., 

2011), a brain transcriptome database that provides bulk-tissue RNA-seq data 

from postmortem human brains across 26 brain regions and 16 periods of 

development from fetal to early postnatal. We also generated cell-type-specific 
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(CTS) transcriptomes for seven cell types by deconvolving these BrainSpan 

bulk-tissue data using the MIND(Wang et al., 2020) (Multi-measure INdividual 

Deconvolution) algorithm. 

 

Disrupted-interaction genes are more highly expressed across brain 

development compared to non-disrupted interaction genes (P = 3.2×10-11 by a 

two-tailed U-test, Figure 4.2a). The contrast is more pronounced during earlier 

developmental stages, reflecting the reported prenatal expression bias of ASD 

risk genes(Satterstrom et al., 2020; Willsey et al., 2013). To further quantify this 

pattern, we applied a t-statistic that assesses the relative prenatal versus 

postnatal gene expression in developing brain (developed by the recent ASC 

study(Satterstrom et al., 2020)). As expected, we observed a significant shift of 

disrupted-interaction genes towards prenatal expression bias (smaller t-statistic 

than the non-disrupted interaction genes, P = 2.6×10-5 by a two-tailed U-test, 

Figure 4.2b). Moreover, the BrainVar study(Werling et al., 2019) recently 

categorized genes based on their expression trajectories into “falling” 

(decreasing expression with age), “rising” (increasing expression with age), and 

“flat.” Consistent with the t-statistic results, disrupted-interaction genes were 

more likely to have a falling expression trajectory (P = 2.0×10-4 by a two-tailed 

Fisher’s exact test, Figure 4.2c). Of note, when we repeated all of these analyses 

for data from unaffected siblings, no significant test statistics were observed 

(Figure 4.2d-f), reinforcing the functional significance of disrupted-interaction 

genes we identified in ASD probands. 
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Another dimension we pursed to characterize interaction disruptions was at the 

cell type level. This dimension can be particularly informative, given the vast 

cellular and functional diversity of neuronal and non-neuronal cell populations 

in brain tissue. Using MIND(Wang et al., 2020), we estimated subject-level CTS 

gene expression from the BrainSpan bulk data (Figure 4.2g) for seven cell types: 

neuronal progenitor cell (NPC), excitatory neuron (ExN), inhibitory neuron 

(InN), microglia, astrocyte (Astro), oligodendrocyte (Oligo), and endothelial 

(Endo) cells. Comparing CTS expression of disrupted versus non-disrupted 

interaction genes, as identified by analysis of ASD probands, we found that 

disrupted-interaction genes were expressed at a higher level across most cell 

types, in comparison to non-disrupted interaction genes; when the same 

analysis is applied to genes carrying dnMis mutations found in unaffected 

siblings, this difference disappears  (Figure 4.2h, two-tailed U-test, Bonferroni 

correction for seven tests). It is also evident that the neuronal cell types – NPC, 

ExN, and InN – showed more significant differences than any of the non-

neuronal cell types, suggesting that the neuronal lineage could be more 

vulnerable than other cell types to interaction disruptions. 

 

4.3.3 A disrupted ASD network identifies novel ASD-associated proteins and 

protein interactions 

A unique advantage of predicting which mutations disrupt PPI resides in its 

ability to link different dnMis mutations together by connecting these disrupted 

interactions. Towards this end, we created a “disrupted ASD network,” using 

the 507 disrupted interactions identified in ASD probands as PPI network edges 
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(Figure 4.3a). Similarly, a non-disrupted network was created using 18,407 non-

disrupted interactions (Figure 4.3a). Using these networks, we interrogated 

how 1,008 previously implicated ASD proteins were distributed. We define 

these “ASD proteins” as follows: 980 proteins were encoded by genes found in 

a curated ASD gene list in the SFARI database(Basu et al., 2009) (20191031 

release) and the remainder were encoded by new genes recently implicated in 

risk for ASD(Satterstrom et al., 2020). Overall, there was a 1.8-fold enrichment 

of ASD proteins in the disrupted versus the non-disrupted network (65/526 

versus 514/7346, P = 5.4×10-6 by a two-tailed Z-test). Interestingly, when we 

ranked the network proteins by their number of interactions or degree (low to 

high), we found an increasing enrichment at the higher degree (3.0, 3.7, 3.9-fold 

enrichment from the first to third quartile, respectively, Figure 4.3b). This 

suggests that ASD proteins tend to act as hubs in our disrupted network. For 

this reason, we prioritized 34 hub proteins from the disrupted network, cutting 

at the highest degree quartile (≥5), as our candidate ASD proteins. 

 

Of the 34 hub proteins, 15 fall in the set of 1,008 “ASD proteins” and the 

remaining 19 hub proteins do not. Of these 19 hub proteins, 13 were directedly 

connected to proteins falling in the 1,008 ASD protein list and 7 of these 13 are 

encoded by genes that are extremely intolerant of loss-of-function mutations 

(pLI(Lek et al., 2016) ≥0.9, Figure 4.3c). DDX5 topped the list as having the 

highest network degree, with a dnMis mutation DDX5 p.D255H disrupting 20 

interactions. The majority of the disrupted interactors (17/20), as well as DDX5 

itself, possess RNA binding activity and they are largely involved in mRNA 
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splicing and transport (Figure 4.3d). In particular, DDX5 and its interactor 

hnRNPA0 (heterogeneous nuclear ribonucleoprotein A0; gene hnRNPA0) are 

part of the FMRP-kinesin transport RNP granule(Kanai et al., 2004), which 

travels along neuron dendrites and regulates the localized translation of 

mRNAs, some of which encode ASD proteins(Darnell et al., 2011) (Figure 4.3d). 

Additionally, besides hnRNPA0, three other hnRNPs are also among the DDX5 

p.D255H disrupted interactors, including a previously implicated ASD protein 

hnRNPH2(Basu et al., 2009). Moreover, three interactors – RNA-binding 

proteins hnRNPK, DHX15, and RBM4 – act as connectors linking DDX5 to 

another hub protein PABPC1 (p.K138E) in the disrupted network (Figure 4.3d). 

Interestingly, PABPC1 is also a component of FMRP-associated RNP 

complex(Villace et al., 2004). Previous experiments have suggested an indirect 

RNA-mediated interaction between DDX5 and PABPC1(Geissler et al., 2013) 

and in vivo experiments have further shown that knockout mice with DDX5 and 

PABPC1 disassociated from polyribosomes displayed ASD-relevant 

behaviors(Berg et al., 2015). Collectively, together with published evidence, our 

disrupted ASD network nominates DDX5 and PABPC1 as novel ASD proteins. 

 

4.3.4 Integrating hub, CTS, and genetic information to implicate new genes 

in ASD risk 

The ASC’s recent analyses of the same WES data have implicated 102 ASD 

genes that bear an excess of putatively damaging mutations(Satterstrom et al., 

2020). The evidence for genetic association of each gene was quantified by a 

TADA score, a Bayesian association testing metric that, in a recent instantiation, 
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incorporated pLI score for PTV (protein-truncating variant) and MPC score for 

missense variant(Satterstrom et al., 2020; He et al., 2013). Ours as well as others’ 

transcriptome analyses(Willsey et al., 2013; Parikshak et al., 2013) have 

suggested that functional interpretation of ASD genes requires knowledge not 

only of the genetic changes on these genes but also of the neurodevelopmental 

context in which these changes function. Thus, towards enhancing the set of 

genes implicated in ASD and their interpretation, we integrated our new hub 

and CTS information with TADA into a unified framework DAWN(Liu et al., 

2014; Liu et al., 2015) (Detecting Association With Networks) to implicate new 

genes for ASD in a CTS context. 

 

Our DAWN framework casts the ensemble data as a hidden Markov random 

field, in which the graph structure is determined by CTS gene co-expression, 

and it combines these interrelationships with node-specific observations, 

namely hub identity and TADA score, to detect correlated genes that reinforce 

ASD association signal. We chose the three neuronal cell types (NPC, ExN, and 

InN) as the relevant CTS context based on our previous finding that the 

neuronal lineage had the highest susceptibility to interaction disruptions 

(Figure 4.2h); the ASC reached similar conclusions in their recent 

work(Satterstrom et al., 2020). We further confirmed and expanded on this by 

analyzing CTS expression and co-expression of hubs and TADA genes. 

Comparing CTS expression of disrupted versus non-disrupted hub genes 

revealed significantly higher expression of disrupted hubs in all three neuronal 

cell types, but in none of the others (NPC: P = 6.2×10-3, ExN: P = 1.7×10-4 , InN: 
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P =5.6×10-4; Figure 4.4a). In ExN and InN, moreover, disrupted hub and TADA 

genes were found closely connected to each other via CTS co-expression 

(significantly denser than expected; ExN: P = 1.0×10-5 , InN: P =5.0×10-5; Figure 

4.4b). These results reinforce that neuronal cell types, especially ExN and InN, 

are likely to be the major cell types preferentially affected in ASD. In this regard, 

we performed three separate DAWN analyses for ExN, InN, and NPC, by fitting 

in the corresponding CTS co-expression network (Figure 4.4c).  

	
With an FDR ≤ 0.05, we identified 421, 413, and 281 significant genes as 

candidate CTS ASD genes for Exn, InN, and NPC, respectively (denoted as 

ExN/InN/NPC-DAWN or together as CTS-DAWN genes). Compared to other 

non-significant genes, as expected, CTS-DAWN genes are significantly 

enriched for previously implicated ASD genes (Figure 4.4c), lending support to 

the validity of our CTS-DAWN framework. While recapitulating previous 

results, our framework implicated a substantial number of novel ASD genes. In 

each cell type,  ~60% of CTS-DAWN genes are novel (not in previous TADA or 

SFARI gene list).  

	
To validate the CTS-DAWN genes and evaluate their functional significance, 

we performed a set of analyses for features known to be indicative of ASD genes, 

although using only the novel CTS-DAWN genes. First, we interrogated 

whether disruption to these genes is likely to have a severe impact on 

evolutionary fitness. Using the pLI metric, we found that CTS-DAWN genes, 

on average, have a significantly higher pLI score than other genes (Figure 4.4d). 

This reflects a strong selection against mutations on CTS-DAWN genes such 
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that a single disruptive mutation could be enough to render a phenotypic effect 

(“haploinsufficient”). Next, we wondered if such mutations had detectable 

effects on ASD-relevant phenotypes. To test this, we collected and compared 

several ASD diagnostic features between probands carrying mutations in these 

genes versus probands carrying mutations in genes not in DAWN or 

SFARI/TADA genes. We found that probands who carry a mutation on novel 

DAWN genes, be it a PTV or a missense mutation, exhibited reduced 

intelligence (low IQ score, Figure 4.4e), impaired social ability (high social 

responsiveness scale, Figure 4.4f), and delayed age of walking (Figure 4.4g). In 

sum, these analyses show that the CTS-DAWN genes share key features of 

SFARI/TADA ASD genes, namely they are loss-of-function intolerant and they 

influence key ASD-associated phenotypes.  

	
We next sought clues for the biological processes CTS-DAWN genes affect. 

Gene Ontology (GO) enrichment analyses identified predominant signals from 

processes of neuronal morphogenesis (e.g., axonogenesis, neuron projection 

morphogenesis) and neuronal communication (synaptic 

transmission/signaling, synapse organization) over the three cell types (Figure 

4.4h). These processes are inter-related and have been implicated in ASD and 

associated syndromes(Gilbert and Man, 2017; Guang et al., 2018; Zoghbi and 

Bear, 2012; Bagni and Zukin, 2019). NPC-DAWN genes showed a pronounced 

enrichment for “limbic system development” (Figure 4.4h), which is intriguing 

because the limbic system is critical for emotion, behavior, memory, and 

learning(Rajmohan and Mohandas, 2007) and abnormalities of the limbic 
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system have been frequently associated with ASD(Blatt, 2012), especially in the 

hippocampus and the amygdala. Moreover, it is interesting that this enrichment 

was only seen in NPC-DAWN genes, suggesting a very early developmental 

vulnerability for the limbic system. 

	
4.3.5 CTS co-expression drives the discovery of novel CTS-DAWN genes 

To dissect how CTS information has contributed to CTS-DAWN discoveries, we 

compared the results across the three CTS-DAWN analyses. This produced four 

subsets of particular interest: three sets of genes that were unique to each of the 

three cell types (CTS-unique, abbreviated as “CTSu”), and one set of genes that 

were shared by all three cell types ("All3”; Figure 4.5a). Comparing these four 

sets of genes with previous TADA genes, we found, strikingly, minimum 

overlapping between the three sets of CTSu genes and TADA, whereas over 

half of the All3 genes overlapped with TADA (Figure 4.5b). This sharp contrast 

can be attributed to and explained by the architecture of our CTS-DAWN 

framework. As the TADA score was an invariant input to all three CTS-DAWN 

analyses, genes with very high TADA scores were likely to be picked by all 

three. On the other hand, genes with relatively low TADA scores had to borrow 

strength from CTS gene co-expression. Technically, from the view of DAWN, a 

low-TADA-score gene (e.g., a new CTSu gene) will be promoted if it has a 

strong co-expression correlation with one or more high-TADA-score genes. 

Thus, we reason that the discovery of new, non-TADA CTSu genes was largely 

driven by their high co-expression correlations with TADA (or high-TADA-

score) genes. Interestingly, when we repeated the comparison using an 
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independent set of ASD genes (SFARI excluding TADA), we found good 

overlap in CTSu genes, with an even higher percentage than that of All3 genes 

(Figure 4.5c). This suggests that while not recognized by TADA, many CTSu 

genes are identified by other independent studies. Together, we emphasize the 

value and validity of incorporating CTS co-expression information in 

discovering novel ASD genes, which may be undetected by other 

methodologies using genetic association scores alone. 

	
To provide more biological meaning for new CTSu genes, we built on a recent 

ASC analysis(Satterstrom et al., 2020), which classified TADA genes into two 

functional classes: 58 “gene expression regulation (GER)” genes and 24 

“neuronal communication (NC)” genes. We next identified, for each CTSu gene, 

what specific TADA genes were co-expressed with it. We then assessed, for 

each CTSu gene, its tendency to function as a GER or NC by comparing the ratio 

of its numbers of co-expressed GER versus NC  genes to the expected ratio 

(Figure 4.5d). Our analyses identified similar proportions of GER- and NC-

enriched genes (43% and 57%, respectively), although the NC axis yielded 

stronger statistical signals (Figure 4.5d).  

	
Along the NC-enriched axis, six ExN-CTSu (AGAP2, SYNJ1, MAP2, MYO16, 

JAKMIP1, FBLN1) and four InN-CTSu (RAB3GAP1, NDRG3, SCAMP2, RIMBP2) 

genes appeared significant after correction for multiple testing (Figure 4.5d). 

Remarkably, the top genes AGAP2 (in ExN) and RAB3GAP1 (in InN) showed 

exclusive NC co-expression (9/9 and 7/7, respectively), and they were 

connected to each other through three common NC-TADA genes, thereby 
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forming a local NC sub-network (Figure 4.5e). The network was further 

condensed by an interaction-disruption event that linked one of the NC-TADA 

genes NGL1 (with a dnMis mutation p.R156Q) to an additional CTS-DAWN 

gene NTNG1 (Figure 4.5e). This clustering of different association signals from 

genetic association scores and their transcriptomic/interactomic 

interrelationships reinforces a convergence of CTS risk genes in NC. Mapping 

this network of genes onto neuronal structures, we found, intriguingly, they 

cover many essential components of an NC circuit (Figure 4.5f). The genes affect 

action potential initiation and propagation (e.g., genes encoding voltage-gated 

ion channels: SCNA2, KCNQ3, and KCNMA1); neurotransmitter release/recycle 

at the pre-synapse (e.g., genes promoting neurotransmitter secretion(Sudhof, 

2004; Li and Chin, 2003) and restoration(Hirunsatit et al., 2009) [RAB3GAP1, 

STXBP1, and SLC6A1]); neurotransmitter receptor binding at the post-synapse, 

from ionotropic receptors (e.g., glutamate receptors encoded by GRIA2 

[NMDAR] and GRIN2B [AMPAR] and GABAA receptor encoded by GABRB2); 

ionotropic/metabotropic receptor-mediated intracellular signaling (e.g., 

SYNGAP1 in NMDAR-RAS(Rumbaugh et al., 2006); AGAP2 in mGluR-

PI3K(Guhan and Lu, 2004)); and postsynaptic density (PSD) that connects 

membrane receptors to the actin cytoskeleton(Ruzzo et al., 2019) (e.g., the Shank 

family(Monteiro and Feng, 2017): SHANK2/3; the ankyrin family(Smith and 

Penzes, 2018): ANK2). Furthermore, the protein interaction between the 

presynaptic NTNG1 and the postsynaptic NGL1 forms a trans-synaptic bridge 

that mediates initial contact between early neuronal synapses(Song et al., 2013; 

Matsukawa et al., 2014), which lays the foundation for NC. Collectively, we 
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suggest that NC is likely to be a converging point for many of our CTS risk 

genes to function and that alteration of their gene expression and/or protein 

structure could have a neurodevelopmental and neuropsychiatric impact. 

 

 

4.4 DISCUSSION 

Our results show that mutations in ASD subjects alter nucleotides encoding 

protein-interaction interfaces more than expected by chance, often disrupting 

interfaces for multiple proteins, and the proteins involved in these disrupted 

interactions are more likely to be encoded by previously implicated ASD genes. 

Both the proteins encoded by the genes hit with dnMis mutations and their 

complementary interactor proteins show this enrichment. These observations 

pave the way for a rich set of analyses involving gene sets identified by 

disrupted PPI, their gene expression during fetal to early postnatal 

development and within general cell types of brain tissue to determine how 

they relate to risk for ASD. PPI networks also hold key information in this 

regard, and guilt-by-association(Altshuler et al., 2000) in all these settings can 

implicate additional genes/proteins in risk for ASD.  

 

This wide spectrum of analyses and results provides the following insights into 

ASD genetics and neurobiology: Genes encoding disrupted protein interactions 

in ASD subjects tend to be expressed earlier in development and in neuronal 

lineages of both excitatory and inhibitory neurons, in agreement with an earlier 

ASC study(Satterstrom et al., 2020). A PPI network built using dnMis mutations 

96



 

 

disrupting hub protein interactions in ASD subjects shows significant 

enrichment for ASD proteins. By integrating hub information, gene expression 

for three neuronal cell types – excitatory, inhibitory, and neural progenitor cells 

– and genetic association information using DAWN(Liu et al., 2014; Liu et al., 

2015), we implicate three substantial sets of genes in risk for ASD (FDR ≤ 0.05), 

one for each cell type. Roughly 60% of the genes in all three sets have not been 

implicated in ASD previously; yet, all sets and novel genes therein have 

characteristics of genuine ASD genes(Satterstrom et al., 2020; De Rubeis et al., 

2014; Iossifov et al., 2014; Sanders et al., 2015). Gene set analyses show all three 

sets are enriched for functions underlying neuronal morphogenesis and 

neuronal communication. Enrichment for these broad functions is a common 

finding for ASD genetics(Satterstrom et al., 2020; De Rubeis et al., 2014; 

Ebrahimi-Fakhari and Sahin, 2015; Gilbert and Man, 2017). Gene set analysis of 

DAWN genes from neural progenitor cells, however, also highlights strong 

enrichment for development of the limbic system. 

 

Our analyses indicate that CTS gene co-expression and PPI networks can 

provide valuable insight into neurobiology relevant for ASD and they can 

implicate additional genes in risk for ASD. We recognize, however, that the 

guilt-by-association principle such analyses rely on is imperfect(Gillis and 

Pavlidis, 2012), as is the human interactome on which protein interactions and 

PPI networks are derived. The fact that implicated DAWN ASD genes have the 

hallmarks of validated ASD genes is strong evidence many of the genes in these 
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sets are real. The fact that they are enriched for neuronal functions previously 

implied in ASD is further evidence for their validity.  

 

Sample size for whole-exome studies of various diseases and disorders is 

constantly increasing. In most settings, however, missense mutations contribute 

only modestly to gene discovery and to the biology underlying the 

disorder(Satterstrom et al., 2020). Ideally, as sample size increases, so does our 

understanding of which missense variants seriously damage protein function 

and increase risk for disorders. Here we show that dnMis mutations that 

disrupt protein interactions are one dimension by which such variants affect 

risk for ASD. In our previous work on far smaller samples, we showed this is a 

general phenomenon across many disorders(Chen et al., 2018). The importance 

of protein interactions and missense variation that disrupts them goes far 

beyond gene discovery, as we show here. Disruptive missense variants shed 

light on genotype-phenotype relationships and gene sub-networks affecting 

risk. For ASD, we believe such sub-networks have the potential to identify key 

circuits involved in risk. 

	

4.5 FIGURE AND TABLE LEGENDS 

Figure 4.1 Disruption of protein interaction helps identify important de novo 

missense (dnMis) mutations in ASD probands. a, Data source of dnMis 

mutations and a schematic diagram showing the proteome-wide mapping of 

dnMis mutations onto protein-protein interaction interfaces for predicting 

interaction disruption. b, Interaction disruptions are more common in ASD 
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probands than in unaffected siblings. c, Interaction disruption predictions 

rescue disruptive dnMis mutations that were not recognized as damaging by 

MPC. Left: a Venn diagram showing the logical relations between genes 

affected by disruptive dnMis mutations predicted by interaction disruption 

(red) and by MPC (solid blue: MPC≥2; dashed blue: MPC≥1). Right: a co-crystal 

structure of ADAP1-KIF13B (PDB ID: 3MDB) displaying the interface location 

of an ASD proband dnMis mutation ADAP1 G144R. 

 

Figure 4.2. Transcriptome analyses of disrupted interactions implicate specific 

times and cell types in ASD. a-c, Disrupted-intearction genes identified in ASD 

probands (a) are highly expressed in brain, (b) exhibit prenatinal expression 

bias, and (c) tend to have a falling expression trajectory. d-f, Disrupted-

intearction genes found in unaffected siblings do not present the above features. 

g, MIND algorithm to estimate subject-level CTS expression from BrainSpan 

bulk RNA-seq data. h, Disrupted-interaction genes are most highly expressed 

in neuronal cell types. The heatmap shows the negative log10(P-value) for 

comparing expression levels of disrupted versus non-disrupted interaction 

genes in seven cell types. Cell types that are significant after Bonferroni 

correction are noted with their negative log10(P-value) written in white. 

 

Figure 4.3 A disrupted ASD network identifies novel ASD-associated proteins 

and protein interactions. a, Construction of disrupted and non-disrupted 

networks. b, The disrupted network is enriched for previously implicated ASD 

proteins. Enrichment was assessed at four levels (from left to right): All proteins, 
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proteins with a network degree higher than the first, the second, and the third 

quartile of corresponding network degree distributions. c, Prioritizing 

disrupted hubs based on their degrees and connections to previously 

implicated ASD proteins. A network view of the 34 fourth-quartile hubs in the 

disrupted network is shown on the left (only hub genes are labeled). Numbers 

shown in the parenthesis indicate network degrees of hubs in the disrupted 

ASD network. d, Prioritized proteins DDX5 and PABPC1 may function in the 

transport and localized translation of mRNAs encoding ASD proteins. Upper: 

a sub-network comprising proteins connected to DDX5 and PABPC1 in the 

disrupted network (red denotes previously implicated ASD protein). Lower: a 

schematic diagram illustrating the proposed roles of DDX5, PABPC1, and their 

interactors.  

 

Figure 4.4 Integrating hub, CTS, and genetic information to implicate new genes 

in ASD risk. a,b, Disrupted hubs are highly (a) expressed and (b) co-expressed 

with ASD genes in neuronal cell types. Cell types that are significant after 

Bonferroni correction are noted with their P-values. c, A unified framework 

DAWN integrating CTS co-expression, hub, and TADA to identify ASD genes 

in a CTS context. Three CTS-DAWN analyses were performed for three 

neuronal cell types: ExN, InN, and NPC. d, ExN-DAWN genes are highly loss-

of-function intolerant. e-g, ASD probands carrying a de novo protein-truncating 

or missense variant on ExN-DAWN genes exhibit severe ASD symptoms, with 

(e) reduced intelligence, (f) impaired social ability, and (g) delayed age of 

walking. In (d-g), previously implicated ASD genes (SFARI & TADA) were 
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excluded from analysis for evaluating novel ExN-DAWN genes. h, CTS-DAWN 

genes are enriched in neurodevelopmental processes. The top 10 enriched GO 

terms of each cell type are shown (FDR≤0.05, ranked by fold-enrichment). 

 

Figure 4.5 CTS co-expression drives the discovery of novel CTS-DAWN genes. 

a, CTS-DAWN identifies genes that are unique to a particular cell type. b, 

Overlaps between CTS-DAWN genes and TADA genes. c, Overlaps between 

CTS-DAWN genes and SFARI genes. TADA genes were excluded from the 

analyis. d, CTSu-DAWN genes tend to be co-expressed with TADA genes 

involved in neuronal communication. Upper: A schematic diagram illustrating 

the co-expression analysis of CTSu-DAWN genes and TADA genes. Lower: A 

volcano plot showing the degree to which each CTSu-DAWN gene is GER-

enriched (left 𝑥 -axis) or NC-enriched (right 𝑥 -axis), against corresponding 

statistical significance on 𝑦-axis (negative log10(P-value)). Horizontal dashed 

lines indicate the threshold for significance after Bonferroni correction; names 

of genes that passed the correction are shown. e, A condensed NC sub-network 

formed by inter-connected CTSu-DAWN genes and TADA genes. A co-crystal 

structure of NGL1-NTNG1 (PDB ID: 3ZYJ) displaying the interface location of 

an ASD proband dnMis mutation NGL1 p.R156Q is shown below. f, A 

schematic diagram showing the distribution and function of NC sub-network 

genes on neuron structures. The 16 NC sub-network genes function in a range 

of components of an NC circuit: (1) SCN2A, (2) KCNQ3, and (3) KCNMA1 

encode voltage-gated ion channels; (4) RAB3GAP1 and (5) STXBP1 assist 

neurotransmitter exocytosis while (6) SLC6A1 promotes restoration; (7) GRIA2 
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and (8) GRIN2B encode glutamate receptors and (9) GABRB2 encodes a GABAA 

receptor; in receptor-mediated pathways, (10) SYNGAP1 supresses NMDAR-

RAS signaling and (11) AGAP2 transmits signals from mGlu receptor to PI3K; 

in postsynaptic density (PSD), (12) SHANK2, (13) SHANK3, and (14) ANK2 

connect membrane receptors to the actin cytoskeleton; (15-16) the NTNG1-

NGL1 interaction forms a trans-synaptic bridge. 
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Figure 4.2 (continued)

g

ExN

InN
Microglia

Astro

Oligo

Endo

Signature matrix

Reference transcriptome data Bulk expression for multiple 
regions per subject

Pre-estimate cell type 
fractions MIND estimates CTS expression per subject

S1C

M1C

OFC
MFC

DFC
VFC IPC

V1C

ITC

STC

A1C

AMY HIP

STR

CBC
MD

1

1
n

T

Subject

...

...

...

... ...

...

1 p...

Ex
pr

es
si

on

1 p... 1 p... 1 p...1 p... 1 p... 1 p...

... ...... ......... ...

CTS gene expression of disrupted vs non-disrupted 

NPC ExN InN Microglia Astro Oligo Endo

Cell type

Proband

Sibling

12.6 7.6 6.8 6.0 4.7 5.7

Neuronal Glial

CTS gene expression of disrupted vs non-disrupted interactions

0

2

4

6

8

10

-lo
g1

0(
p-

va
lu

e)

h

112



a

Disrupted 
interaction

Non-disrupted 
interaction

Disrupted 
edge

Non-disrupted 
edge

Disrupted 
network

Non-disrupted 
networkb

All ≥1st ≥2nd ≥3rd
0.0

0.1

0.2

0.3

0.4

0.5

0.6

Fr
ac

tio
n 

of
 p

re
vi

ou
sl

y 
im

pl
ic

at
ed

AS
D

 p
ro

te
in

s

Disrupted network
Non-disrupted network

Quartile of network degree 

1.8-fold
5.4×10-6

3.0-fold
3.8×10-9

3.7-fold
1.8×10-10

3.9-fold
6.4×10-9

Figure 4.3

113



Figure 4.3 (continued)
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Figure 4.4 (continued)
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Figure 4.4 (continued)

h

421 ExN-DAWN genes

0.0
Enrichment

regulation of ion transport

regulation of membrane potential

regulation of cell morphogenesis
involved in differentiation

synapse organization

anterograde trans-synaptic signaling

chemical synaptic transmission

regulation of trans-synaptic signaling

modulation of chemical synaptic transmission

histone modification

covalent chromatin modification

1.0 2.0 3.0

413 InN-DAWN genes

0.0
Enrichment

regulation of trans-synaptic signaling

modulation of chemical synaptic transmission

regulation of ion transmembrane transport

cell projection morphogenesis

neuron projection morphogenesis

regulation of membrane potential

axon development

cell morphogenesis involved in neuron differentiation

axonogenesis

synapse organization

1.0 2.0 3.0

0.0
Enrichment

nervous system process

regulation of trans-synaptic signaling

modulation of chemical synaptic transmission

cognition

regulation of membrane potential

behavior

learning or memory

regulation of ion transmembrane transport

synapse organization

limbic system development

1.0 2.0 3.0 4.0 5.0

281 NPC-DAWN genes
117



a

0.0

0.1

0.2

0.3

0.4

0.5

0.6

Fr
ac

tio
n 

of
 T

AD
A 

ge
ne

s

0.00

0.05

0.10

0.15

0.20

0.25

0.30

Fr
ac

tio
n 

of
 S

FA
R

I g
en

es
ex

cl
ud

in
g 

TA
D

A

0/139 0/138
5/82

90/162
b c

ExN InN NPC All3
CTSu genes

ExN InN NPC All3
CTSu genes

4.0×10-3

162

139

98

138

82

22 15

ExN-
CTSu

InN-
CTSu

NPC-CTSu

All3

CTS-DAWN genes

Figure 4.5

118



Figure 4.5 (continued)

Enrichment

RAB3GAP1

AGAP2

TADA genes ExN-CTSu gene
ExN co-expression

InN-CTSu gene
InN co-expression

NPC-CTSu gene
NPC co-expression

n1 = no. of co-expressed GER genes
n2 = no. of co-expressed NC genes 

n1:n2 > 58:24 
GER-enriched

n1:n2 < 58:24
NC-enriched

1.5 1.0 1.5 2.0 2.5 3.0 3.5
0

1

2

3

4

5

-lo
g1

0(
p-

va
lu

e)

58 GER

24 NC

FBLN1

SYNJ1

MAP2

MYO16
JAKMIP1

NDRG3RIMBP2
SCAMP2

d

119



Figure 4.5 (continued)
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Figure 4.5 (continued)
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CHAPTER 5 

A full-proteome, interaction-specific characterization of mutational hotspots 
across human cancers 

 

5.1 ABSTRACT 

Rapid accumulation of cancer genomic data has led to the identification of an 

increasing number of mutational hotspots with uncharacterized significance. 

Here we present a biologically-informed computational framework that 

characterizes the functional relevance of all 1,107 published mutational 

hotspots identified in ~25,000 tumor samples across 41 cancer types in the 

context of a human 3D interactome network, in which the interface of each 

interaction is mapped at residue resolution. Hotspots reside in network hub 

proteins and are enriched on protein interaction interfaces, suggesting that 

alteration of specific protein-protein interactions is critical for the oncogenicity 

of many hotspot mutations. Our framework enables, for the first time, 

systematic identification of specific protein interactions affected by hotspot 

mutations at the full proteome scale. Furthermore, by constructing a hotspot-

affected network that connects all hotspot-affected interactions throughout the 

whole human interactome, we uncover genome-wide relationships among 

hotspots and implicate novel cancer proteins that do not harbor hotspot 

mutations themselves. Moreover, applying our network-based framework to 

specific cancer types identifies clinically significant hotspots that can be used 

for prognosis and therapy targets. Overall, we demonstrate that our framework 
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bridges the gap between the statistical significance of mutational hotspots and 

their biological and clinical significance in human cancers. 

 

5.2 INTRODUCTION 

Through DNA sequencing of tumor mutations, precision oncology has enabled 

the identification of cancer drivers, therapy targets and prognostic mutations 

that can guide individualized therapies for many cancer patients. For example, 

what was once defined as melanoma is now delineated as BRAF-positive or 

BRAF-negative melanoma, a meaningful distinction with respect to therapy 

with BRAF and MEK pathway inhibitors. Similarly, whether a tumor has 

deficient DNA mismatch repair defines whether the patient is eligible for 

immune checkpoint inhibitor monoclonal antibody therapy. Precision medicine 

now has become part of mainstream oncology and in 2019, >80% of oncology 

drugs in development are personalized medicines(Coalition, 2019). However, 

an important current limitation to precision medicine is the overwhelming 

number of total somatic mutations that accumulate during tumorigenesis and 

progression. A significant challenge is distinguishing bona fide driver 

mutations that promote tumor growth from passenger mutations that are 

neutral and have no mechanistic impact. To date, international efforts in cancer 

genomics have provided whole-exome sequencing for tens of thousands of 

human cancers(Cancer Genome Atlas Research et al., 2013; International Cancer 

Genome et al., 2010; Forbes et al., 2008). Subsequent computational analyses 

have identified cancer driver genes in which mutations occur more frequently 

than expected(Futreal et al., 2004; Ding et al., 2008; Stransky et al., 2011; 
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Chapman et al., 2011; Wang et al., 2011; Morin et al., 2011; Lawrence et al., 2013). 

Yet not all mutations on driver genes are driver mutations. This is usually 

interpreted as the driver-passenger paradigm, where the few recurrent 

mutations are viewed as drivers while most mutations, especially rare ones, are 

passengers that do not involve in oncogenesis(Stratton et al., 2009; Porta-Pardo 

et al., 2017). In this regard, statistical models were developed to detect 

mutational hotspots (highly recurrently mutated residues across tumor samples) 

as candidate drivers. Such candidate list was quickly populated by over 1,000 

hotspots(Chang et al., 2016; Chang et al., 2018), but only a small number of them 

have well-defined functional consequences. It was recently reported that some 

hotspot mutations are in fact passengers that arose from the preference of 

APOBEC3A, a cytidine deaminase, for DNA stem-loops(Buisson et al., 2019). 

Thus, given the increasing number of cancer hotspots with uncertain 

significance, there is an urgent need to characterize their functional relevance 

towards translating the wealth of genomic data into biological and clinical 

insights.  

 

Although it is now possible to systematically test certain mutations by 

experiments(Ipe et al., 2017), genome-wide prioritization of candidate driver 

mutations still involves bioinformatics tools that predict the impact of 

mutations on protein function at the individual protein level(Adzhubei et al., 

2010; Pollard et al., 2010; Kircher et al., 2014). However, not all mutations are 

simple to interpret as causing a gross loss of protein. Many cancer mutations 

exert their oncogenic effects through altering specific aspects of protein activity 
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and give cancer cells a selective advantage. One promising route to decipher 

this complexity is from the view that the cell is a network of interacting 

biomolecules where proteins carry out diverse functions by interacting with 

other proteins. We have previously demonstrated that one key feature in 

understanding the functional impact of mutations is whether they fall in the 

binding interfaces that mediate interactions with other proteins and critically, 

which specific interactions they mediate(Wang et al., 2012; Chen et al., 2018). 

While studies of known disease mutations have already reported a strong 

association with protein interaction interfaces(Sahni et al., 2015; Wei et al., 2014), 

application of this feature has been largely limited by low coverage of structural 

information on interacting proteins; co-crystal structures and homology models 

together cover merely ~6% of all known human interactions(Meyer et al., 2018).  

In this study, we leverage our newly-established, the first human full-proteome 

3D interactome with residue-resolution interface predictions (Interactome 

INSIDER(Meyer et al., 2018)) to systematically identify protein-protein 

interactions that are affected by mutational hotspots, which constitutes a 

proteome-wide functional characterization of candidate driver mutations in 

cancer (Figure 5.1a). Interactome INSIDER is a unified machine-learning 

framework that predicts partner-specific interaction interfaces for the entire 

experimentally determined human interactome, taking full advantage of all 

available 3D structural information for proteins and their interactions. By 

mapping mutational hotspots within this 3D interactome network, we analyze 

their impact not only at the individual protein level, as traditionally has been 

done, but extend beyond and interrogate their network properties to evaluate 
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their oncogenic potential by how they may affect protein interactions. A unique 

advantage of our approach lies in its capacity to dissect specific interactions 

each hotspot affects while leaving others unchanged. Furthermore, instead of 

analyzing each hotspot individually as is commonly done in cancer driver 

mutation prediction(Carter et al., 2009; Li et al., 2010; Shihab et al., 2013; Mao et 

al., 2013), we connect the effects of all hotspots to construct a hotspot-affected 

interactome network at the full proteome scale. Such network has not been 

possible to construct in any previous studies since interactome-based 

approaches suffered from either low coverage (i.e., focusing on only 

interactions with cocrystal structures)(Engin et al., 2015; Engin et al., 2016; 

Porta-Pardo et al., 2015; Rodrigues et al., 2019) or low resolution (i.e., examining 

(sub-)network properties at the protein level, not the residue level)(Guda et al., 

2009; Chen et al., 2016; Li et al., 2016; Zhang and Zhang, 2017). We show utilities 

of our innovative hotspot-affected interactome network in uncovering novel 

relationships among different hotspots, generating hypotheses of how hotspot 

mutations function at the molecular level, and identifying novel oncogenic 

proteins that do not harbor hotspot mutations themselves. By further 

complementing the hotspot-affected interactome network with tissue-specific 

transcriptomes, we prioritize clinically significant hotspots for cancer prognosis 

and drug development. Together, we offer a biologically-informed framework 

that characterizes the functional relevance of mutational hotspots and nominate 

new cancer proteins across human cancers, with interaction-specific resolution 

at the full proteome scale. 
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5.3 RESULTS 

5.3.1 Many hotspot mutations function through affecting specific protein-

protein interactions 

We previously reported that inherited in-frame disease mutations are enriched 

on protein interaction interfaces and that alteration of specific protein 

interactions is critical in the pathogenesis of many disease genes(Wang et al., 

2012). To explore where somatic hotspots reside with respect to protein 

interfaces, we mapped 1,107 hotspots detected from ~25,000 tumors onto the 

human interactome (a comprehensive set of 59,073 high-quality physical 

interactions compiled in HINT(Das and Yu, 2012) from eight widely used 

interaction databases(Chatr-Aryamontri et al., 2015; Stelzl et al., 2005; Turner et 

al., 2010; Salwinski et al., 2004; Hermjakob et al., 2004; Keshava Prasad et al., 

2009; Mewes et al., 2011; Berman et al., 2000)), in which the interface of each 

interaction is mapped at residue resolution using Interactome INSIDER(Meyer 

et al., 2018). We found that these hotspots are highly enriched on protein 

interfaces: while interaction interfaces cover 11.0% of the proteins harboring 

these hotspots, 30.8% of the hotspots fall in interaction interfaces (2.8-fold, P = 

5.0×10-62 by a two-tailed exact binomial test, Figure 5.1b). In comparison, when 

we examined the distribution of ~40,000 non-recurrent somatic variants 

(presumed to be predominantly passengers) on the same sets of proteins that 

harbor hotspots, no enrichment was observed (11.0%, 1.0-fold, P = 0.78). This 

sharp contrast indicates that many hotspot mutations exert their functional 

effects by affecting specific protein-protein interactions, and that mutation 
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locating on an interaction interface is an important feature that can be used to 

identify driver mutations. 

 

Leveraging the partner-specific information in our 3D interactome network, we 

then investigated which and how many interactions are affected by each 

hotspot. Modeling the count of interactions per hotspot with a negative 

binomial model yielded a significantly higher number of interactions affected 

by hotspots than non-recurrent variants on the same set of proteins (means: 7.0 

versus 1.3, 5.2-fold, P = 5.5×10-18, Figure 5.1c), suggesting that hotspot mutations 

preferentially affect “hub interfaces” that involve in a large number of 

interactions. We further examined the topological positions of these hotspot-

affected interactions in the interactome network. Using edge betweenness, 

where a higher betweenness value indicates more information follow through 

the corresponding interaction, we found that hotpot-affected interactions on 

average, have a significantly higher betweenness than those affected by non-

recurrent variants (medians: 7.2×10-5 versus 4.4×10-5, 1.6-fold, P = 1.1×10-9 by a 

two-tailed U-test, Figure 5.1d). Overall, hotspot mutations tend to affect key 

proteins (high degree) and interactions (high betweenness) that are of great 

importance topologically for the whole interactome network.  

 

5.3.2 Hotspot-affected interactions help infer molecular mechanisms of 

oncogenic hotspots  

To assess the oncogenic potential of the hotspots on protein interaction 

interfaces and the corresponding interactions they affect, we first examined 
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how they link to previously identified cancer genes. Intersecting genes 

harboring interface hotspots with a list of cancer genes curated in Cancer Gene 

Census(Sondka et al., 2018), we found strikingly, ~80% (79/96) of them are 

known cancer genes. This gave a 6.8-fold increased odds comparing to that of 

genes harboring non-interface hotspots (82/202, P = 3.7×10-12 by a one-tailed 

Fisher’s exact test, Figure 5.2a). We next examined the interaction partners and 

the interaction pairs affected by interface hotspots (see schematics in Figure 

5.2b). There was again significant enrichment for both hotspot-affected 

interactors and interactions, comparing to the unaffected ones (interactor: 

190/1444 versus 150/1795, OR=1.7, P = 5.5×10-6; interaction: 285/2043 versus 

309/3736, OR=1.8, P = 1.5×10-11; Figure 5.2b). Overall, these results point to the 

association of hotspot-affected interaction pairs – involving not only proteins 

harboring the hotspots but also their affected interaction partners that do not 

harbor hotspots – with cancer. 

 

To further investigate the functional relevance of hotspot-affected interactions 

in cancer, we performed gene set enrichment analysis asking in what biological 

processes the pairs of proteins affected by hotspots are functioning together, 

using unaffected protein pairs as the counterpart. We found that hotspot-

affected interactions are frequently involved in processes that have been tightly 

linked to cancer (e.g., regulation of transcription, intracellular signal 

transduction, cell proliferation/death; Figure 5.2c) and are strongly enriched in 

curated sets of cancer-associated pathways (Figure 5.2d). Consequently, 

alteration of these interactions may be critical for the oncogenicity of hotspot 
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mutations on corresponding interfaces. For example, RAF1 is a 

serine/threonine kinase with an established role in activating the oncogenic 

RAS-RAF-MEK/ERK pathway(Wellbrock et al., 2004), and its kinase activity 

can be inhibited by 14-3-3 proteins(Dumaz and Marais, 2003) (Figure 5.2e). 

RAF1 S257L is a hotspot mutation that accounts for 25 and 13% RAF1 

substitutions in bowel and lung cancers, respectively. Our framework predicted 

this hotpot as an interface residue mediating RAF1’s interaction with 14-3-3 

proteins. We would then propose RAF1 S257 mutations disrupt RAF1-[14-3-3] 

interaction, deprive kinase inhibition of RAF1, and thereby potentiate RAS-

RAF-MEK/ERK signaling to fuel cancer development. This hypothesis is 

supported by independent experiments which observed that mutant RAF1S257L 

lost 14-3-3 binding(Light et al., 2002) and was able to induce anchorage-

independent cell growth(Imielinski et al., 2014). Therefore, RAF1 S257 

mutations are likely to cause oncogenesis through a “gain of cellular function” 

via a “loss of molecular inhibition” mechanism. This example helps 

demonstrate how identification of specific protein interactions affected by a 

hotpot can generate mechanistic hypothesis about its oncogenicity.  

 

Recurrence of multiple hotspots affecting the same interaction can lend strong 

evidence to the oncogenic potential of the interaction and shared molecular 

basis of the hotspots. For instance, we found the most highly recurrent SMAD4 

hotspots R361, D537, G386, and D351 all fall in the trimer interface with SMAD3 

and three (R361, G386, D351) are significantly clustered in 3D space (P = 2.0×10-

4 using a bootstrapping method by mutation3D(Meyer et al., 2016), Figure 5.2f). 
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We experimentally tested the functional impact of these hotspot mutations and 

the results showed that all mutations disrupted SMAD4-SMAD3 interaction 

(Figure 5.2g). Importantly, these mutations still retained SMAD4's interaction 

with EWSR1 whose interfaces are unlikely to involve these residues by our 

interface predictions (Figure 5.2g). Thus, the SMAD4 hotspot mutations are 

likely to function by disrupting specific interaction with SMAD3 rather than 

causing a loss of the whole protein. We additionally tested a non-recurrent 

variant on SMAD4-SMAD3 interface (H541Y; Figure 5.2f) and we found it 

disrupted neither of the tested interactions (Figure 5.2g). This suggests that 

while passenger mutations may still randomly occur on the interfaces, they are 

much less likely to cause perturbations to protein interactions. Therefore, our 

framework that identifies interactions affected by mutational hotspots is an 

effective way to dissect functional consequences and molecular mechanisms of 

candidate driver mutations in cancer.  

 

5.3.3 The proteome-scale hotspot-affected interactome network helps 

identify novel cancer proteins without hotspot mutations 

Given the functional significance and oncogenic potential of hotspot-affected 

interactions, we constructed a “hotspot-affected interactome network” by 

connecting all 2,083 interactions affected by hotspots at the whole proteome 

scale (Figure 5.3a). As a control, the remaining 3,736 unaffected interactions of 

proteins harboring hotspots were built into another network, referred to as the 

hotspot-unaffected network (Figure 5.3a). We first examined how known 

cancer-associated proteins distribute between and within these two networks. 
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Overall there was a 1.2-fold enrichment for cancer proteins in the hotspot-

affected network versus the unaffected network (210/1471 versus 307/2617, P 

= 0.01 by a one-tailed Z-test). Interestingly, with an increasing network degree 

(number of interactions associated with a protein), the enrichment became 

increasingly stronger (Figure 5.3b) , suggesting that cancer proteins tend to act 

as hubs in the hotspot-affected network.  

 

We prioritized 123 hubs (degree≥4) from the hotspot-affected network as 

candidate cancer proteins (Figure 5.3c). As expected, topping the list are well-

known cancer proteins such as epidermal growth factor receptors (EGFR, 

ERBB2), tumor protein p53, and SMAD family of signal transduction proteins. 

An important feature of our network-based approach, rather than single-

protein level functional predictions, is its ability to discover proteins that do not 

harbor any hotspots themselves, but are frequently targeted by hotspot-affected 

interactions. While these proteins may go unrecognized by other 

methodologies due to the lack of recurrent mutations, we interpret them as 

crucial nodes that connect many different hotspots and may serve as a 

convergence point for their oncogenic effects and thus are candidate therapy 

targets. Among such hubs, GRB2 ranked as the top novel candidate which links 

to nine proteins harboring hotspots (“hotspot-interactors”; Figure 5.3d). GRB2 

acts as an adapter protein between cell surface receptors and intracellular signal 

transducers. Correspondingly, we found four GRB2 hotspot-interactors are 

receptor tyrosine kinases (RTKs: EGFR, ERBB2, FGFR2, MET) and two are 

downstream effectors (PTPN11, p85) in pathways largely involved in human 
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cancers (Figure 5.3d). Consequently, GRB2 appears as the pivot for these 

proteins harboring hotspots to launch oncogenic signaling cascades. Although 

no genetic alteration on GRB2 has been identified oncogenic, our network-

based approach implicates GRB2 as a cancer-associated protein that empowers 

the oncogenicity of many hotspot mutations on its interacting proteins. 

Meanwhile, the hub role of GRB2 makes it an attractive target for cancer 

therapeutics; antagonists of GRB2 activity(Dharmawardana et al., 2006) can 

potentially benefit groups of patients who carry mutations affecting 

interactions with GRB2.  

 

Besides acting as a convergence point, a hub could alternatively mediate diverse 

oncogenic activities when affected by different hotspots. Signal transducer and 

activator of transcription (STAT) 1, the second ranked candidate in our network, 

represents one such instance. As a signal transducer, STAT1 can mediate TGF-

β signaling by directly interacting with TGF-β receptors(Tian et al., 2018)(Figure 

5.3e). As an activator of transcription, STAT1 regulates a number of genes, 

either in a form of homo/heterodimer best known in the response to 

interferons (IFNs)(Ho and Ivashkiv, 2006), or by cooperating with other 

proteins such as TP53 and EGFR in p53/EGF-induced apoptotic 

pathways(Forys et al., 2014; McDermott et al., 2005; Youlyouz-Marfak et al., 

2008; Ali et al., 2018) (Figure 5.3e). Interestingly, while serving as components 

of different pathways, these interactions all point to STAT1’s function in 

promoting cell death. For instance, STAT1 works cooperatively with tumor 

suppressor p53 to induce apoptosis(Forys et al., 2014; McDermott et al., 2005; 
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Youlyouz-Marfak et al., 2008) (Figure 5.3e) while performs oppositely with 

STAT3 – a known oncoprotein – where STAT1 up/downregulating pro/anti-

apoptotic genes is suppressed by STAT3(Ho and Ivashkiv, 2006) (Figure 5.3e). 

Therefore, our results support a tumor suppressor role for STAT1 and we 

implicate specific hotspot-affected interactions that may underlie its tumor-

suppressive function. Moreover, we would predict genetic alterations that 

cause a loss or reduction of STAT1 to have oncogenic effects. While no STAT1 

truncating mutations have been tested directly, STAT1 knockout mice have 

been shown to spontaneously develop mammary carcinomas(Chan et al., 2012). 

Together, we expect that as more mutations are uncovered and studied, more 

nodes and edges will be added to our hotspot-affected network, providing 

complementary evidence that strengthens previously identified associations 

and enhances the discovery of new ones. 

 

5.3.4 Cancer-type-specific hotspots affect different interactions in different 

cancers 

In Mendelian disorders, it has been shown that mutations on the same protein 

can cause distinct diseases through altering different protein interactions(Wang 

et al., 2012; Sahni et al., 2015). To explore the association of hotspots and 

hotspot-affected interactions with different cancers, we analyzed the subset of 

hotspots detected from individual cancer types(Chang et al., 2016). In total, 719 

unique cancer type-specific hotspots were identified, of which ~30% occurred 

in more than one cancer type (“multi-cancer hotspots”; Figure 5.4a). We first 

examined how these hotspots distributed in the interactome network and found 
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that multi-cancer hotspots, comparing to single-cancer hotspots, tend to affect 

more central positions (degree medians: 35 versus 22.5, fold-change (FC) = 1.6, 

P = 5.8×10-9 by a one-tailed U-test, Figure 5.4b). We next determined multi-

cancer interactions, as those affected by either one or more multi-cancer 

hotspots or multiple single-cancer hotspots of different cancers. In line with the 

centrality of multi-cancer hotspots, we found multi-cancer interactions also 

tend to occupy central positions within the interactome network, as indicated 

by their high edge betweenness compared to that of single-cancer interactions 

(medians: 7.5×10-5 versus 5.9×10-5, FC = 1.3, P = 3.1×10-7, Figure 5.4c). These 

findings suggest that the multi-cancer roles of hotspots and hotspot-affected 

interactions may arise from their network centrality, which allows them to 

function through a wide range of downstream targets. 

 

We then asked whether hotspots targeting different interaction partners tend to 

be involved in different cancers. By comparing the number of cancer types 

shared by hotspots on the same protein, we found a significantly greater 

number of common cancer types shared by hotspots affecting the same 

interactions than those affecting different interactions (1.6-fold, P = 3.7×10-4 by 

a negative binomial model, Figure 5.4d). The result indicates that hotspots 

affecting different interactions, while on the same protein, are likely to involve 

in different cancers. This reinforces our notion that alteration of specific protein 

interactions is critical for the oncogenicity of hotspot mutations. Therefore, 

linking specific interactions to hotspots of specific cancer types – that is, 

constructing a cancer-type-specific, hotspot-affected network – would further 
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delineate functional hotspots and interactions and better understand their 

molecular mechanisms in specific cancers.  

 

5.3.5 Cancer-type-specific hotspot-affected interactome networks prioritize 

hotspots for prognosis and drug development 

Many interactions may not happen across all tissues, and consequently, for a 

particular type of cancer, a hotspot-affected interaction is only meaningful if 

that interaction happens in the corresponding tissue. Since tissue specificity is 

largely driven by the epigenetic landscape across tissues(Haigis et al., 2019), we 

surveyed the expression patterns of genes encoding hotspot-affected 

interacting proteins, using RNA-seq data from matched tumor-adjacent normal 

tissues. We observed that genes encoding hotspot-affected interaction pairs, on 

average, have a significantly higher expression correlation than genes encoding 

hotspot-unaffected pairs (medians: 0.27 versus 0.23, FC = 1.2, P = 1.6×10-6 by a 

one-tailed U-test, Figure 5.5a). This agrees well with our expectation that the 

pairs of proteins affected by hotspots are functionally associated with each 

other. We then incorporated the tissue-specific gene coexpression to construct 

cancer-type-specific, hotspot-affected interactome networks for all cancer types 

where data are available. Specifically, for each cancer type, we only include 

hotspot-affected interactions where both interacting partners are co-expressed 

in the corresponding tissue (Figure 5.5b).  

 

To evaluate the utility of our cancer-type-specific hotspot-affected interactome 

networks, we investigated whether the network-prioritized hotspots are 
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associated with patients’ clinical outcomes. In each of the seven cancer types 

that had sufficient network and expression data, we compared the progression-

free survival between patients carrying hotspot mutations, grouped by whether 

the hotspot is prioritized by our network or not. Kaplan-Meier estimates 

revealed shorter survival time in patients carrying network-prioritized hotspot 

mutations than patients carrying other hotspot mutations, across all cancer 

types (Figure 5.5c). We then employed Cox regression to assess the prognostic 

potential of network-prioritized hotspot, controlling for clinical covariates 

including patient age, gender, tumor stage, and subtype. The model yielded 

significant associations between network-prioritized hotspots and poor 

survival outcomes for patients (hazard ratio (HR) > 1.0 and P < 0.05, in 5/7 

cancer types; Figure 5.5c). Thus, hotspots prioritized by our networks could 

serve as prognostic biomarkers that can be used for progression prediction and 

therapy selection for induvial patients.  

 

To further evaluate the utility of our network-prioritized hotspots in targeted 

therapy, we surveyed a list of 287 genetic biomarkers that are targeted by 

known cancer drugs (curated in My Cancer Genome: mycancergenome.org). 

We found a significant enrichment of our prioritized hotspots as known drug 

targets compared to other hotspots (35/149 versus 76/622, OR = 2.2, P = 6.0×10-

4 by a one-tailed U-test, Figure 5.5d). This reinforces the functional significance 

of our prioritized hotspots in cancer progression, and thereby these hotspots 

may provide a valuable list of “yet-to-be-drugged” candidates for new drug 

development. Among them, β-catenin emerged attractive as it harbors a 

137



 

 

number of prioritized hotspots (D32, G34, I35, H36, K292, K335, W383, N387). 

Interestingly, these hotspots were predicted to affect two distinct interfaces 

involved in different pathways yet they appeared to function interactively in 

controlling the level of β-catenin (Figure 5.5e). Therefore, targeting β-catenin 

could be a promising therapeutic strategy for patients with mutations on these 

hotspots. In fact, although currently no β-catenin-targeted therapies are being 

used for treatment, β-catenin status serves as an inclusion eligibility criteria in 

several clinical trials (NCT02013154, NCT02724579, NCT02066220). These 

findings suggest that our prioritization would have valid and immediate 

clinical implications. Collectively, we demonstrate that our framework of 

focusing on hotspot-affected interactions and networks provides an effective 

way to prioritize for biological and clinical studies of functional and potentially 

druggable hotspots. 

 

Since high recurrence has been regarded as a hallmark of cancer-driving 

mutations, it is natural for researchers and clinicians to prioritize hotspots by 

their degree of recurrence. To examine the value of our network-based 

prioritization in providing new independent information, we divided the 

hotspots into two groups by their statistical ranking (upper 50% and lower 50%) 

and repeated all analyses separately within each group. Intriguingly, we found 

all results remained the same for both upper- and lower-ranked hotspots. This 

clearly shows that our network-based prioritization can provide orthogonal 

information in addition to recurrence to better guide functional studies and 

clinical interpretations. In fact, recurrence by itself is not informative enough to 
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distinguish clinically relevant hotspots. Collectively, we suggest that one key 

feature to inform the functional relevance of cancer hotspots is whether they fall 

in protein interfaces that mediate important interactions. We present a scalable 

and reliable framework that identifies specific protein-protein interactions 

affected by hotspots at the full-proteome scale and yields mechanistic and 

clinical insights towards how a hotspot mutation may contribute to 

tumorigenesis. 

 

5.4 DISCUSSION 

Cancer driver mutations are frequently nominated based on their recurrence 

rate in different cancers. However, because there are many additional factors 

that affect mutation rates(Buisson et al., 2019; Seton-Rogers, 2019), not all 

hotspot mutations are cancer drivers. Here we demonstrated that many cancer 

hotspot mutations function through affecting specific protein-protein 

interactions and that our full-proteome, interaction-specific 3D interactome 

network framework can effectively identify functional hotspots and hotspot-

affected interactions. Because experimental examination of hotspots is limited 

in scale and current bioinformatics tools hardly interpret oncogenicity, our 

framework makes significant contributions in systematically prioritizing and 

mechanistically characterizing hotspots in human cancers. Our results revealed 

that hotspots and hotspot-affected interactions preferentially occupy central 

positions in the interactome network and frequently target previously known 

cancer proteins and pathways. While we suggested that identifying specific 

individual interactions affected by a hotspot can already help understand its 
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oncogenicity, additional functional associations were uncovered when we 

connected individual hotspot-affected interactions together into a network. 

This hotspot-affected network led to the discovery of novel cancer proteins 

which themselves do not harbor hotspots but serve as important nodes for 

hotspots on their interaction partners to function. Therefore, although our 

analyses started with ~1,000 published hotspots, our framework expanded the 

scope of existing datasets and can be readily applied as more cancer mutations 

are identified. Finally, we showed clinical utilities of applying our framework 

in specific cancer types towards improving prognosis and therapy targets.  

 

One unique strength of our framework resides in its full-proteome scale 

prediction of interfaces for interactions with no cocrystal structures or 

homology models available. While we emphasize the scalability of our 

framework, we ensure the reliability of our findings by repeating all analyses 

using only protein interfaces resolved from cocrystal structures and homology 

models. All results agreed well with those calculated from full interface data 

yet had reduced statistical significance due to limited sample size. These results 

not only confirm the validity of our findings in this study, but also underscore 

the effectiveness of our full-proteome framework in characterizing mutational 

hotspots. Moreover, we recognize that the current human interactome may be 

subject to sampling bias from small-scale studies(Das and Yu, 2012; Rolland et 

al., 2014), where certain proteins (e.g., TP53) may have been studied intensively 

against a great number of interactors. To address this issue, we re-examined the 

network properties of hotspots and hotspot-affected interactions using only 
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high-throughput-derived human interactions(Das and Yu, 2012), and our 

results on network centralities remain unchanged, further confirming the 

importance of using network properties to interpret the functional significance 

of hotspots in cancer.  

 

Taken together, our innovative network-based framework provides an effective 

way to identify candidate driver hotspots, and to dissect the molecular 

mechanisms underlying their oncogenicity. Our findings would help 

researchers and clinicians nominate hotspots that can serve as biomarkers for 

cancer prognosis in individual patients, personalized treatment, and 

development of new therapeutics. 

 

5.5 FIGURE AND TABLE LEGENDS 

Figure 5.1 Proteome-wide structural analysis of mutational hotspots on 

proteins. a, Data resource of mutational hotspots and workflow of our full-

proteome interaction-specific characterization framework. b, Distribution of 

hotspots and non-recurrent variants on proteins with regard to protein 

interaction interfaces. Enrichment was calculated as the ratio of the observed 

fraction of hotspots/variants that occur on interaction interfaces over the 

fraction of interface residues on corresponding proteins (expected fraction). P 

values were calculated using a two-tailed exact binomial test. The error bars 

indicate standard error. c, Average number of protein interactions affected by 

hotspots and non-recurrent variants. The number of affected interactions per 

hotspot/variant was modeled with a negative binomial. d, Average edge 
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betweenness of interactions affected by hotspots and non-recurrent variants. 

Edge betweenness of an interaction was calculated as the sum of the fraction of 

all-pairs shortest paths that pass through that interaction in the interactome 

network. P values were calculated using a two-tailed U-test. 

 

Figure 5.2 Oncogenic potential of interface hotspots and hotspot-affected 

interactions. a, Association of genes harboring interface and non-interface 

hotspots with previously known cancer genes. P values were calculated using 

a one-tailed Fisher’s exact test. b, Association of hotspot-affected interaction 

partners and interaction pairs with known cancer genes. P values were 

calculated using a one-tailed Fisher’s exact test comparing the fraction of 

hotspot-affected interaction partners/pairs that are known cancer genes over 

that of hotspot-unaffected interaction partners/pairs. An interaction pair was 

counted when both the gene carrying hotspot and its interaction partner are 

known cancer genes. c,d, Gene set enrichment analysis of hotspot-affected 

interactions. For each (c) Gene Ontology (GO) or (d) KEGG pathway gene set, 

enrichment was calculated by comparing the fraction of hotspot-affected 

interaction pairs that occur in the gene set over that of hotspot-unaffected 

interaction pairs. An interaction pair was counted when both the gene carrying 

hotspot and its interaction partner are in the gene set. P values were calculated 

using a one-tailed Fisher’s exact test. The red vertical line indicates statistical 

significance threshold after Bonferroni correction for 5,917 GO terms and 186 

KEGG pathways, respectively. e, Implication of hotspot-affected interaction 

RAF1 S257 – [14-3-3] in oncogenic RAS-RAF-MEK/ERK pathway. A cocrystal 
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structure of RAF1-YWHAZ (PDB ID: 4IHL) highlighting the RAF1 S257 

interface hotspot is shown. f, Cocrystal structure of SMAD4-SMAD3 trimer 

(PDB ID: 1U7F) highlighting four SMAD4 interface hotspots (red) and one non-

recurrent variant (grey). Number in parentheses indicates the recurrence of 

corresponding hotspot across ~25,000 tumor samples. g, Effects of SMAD4 

hotspot- and non-recurrent mutations on SMAD4 interactions tested by yeast 

two-hybrid (Y2H) assay. Hotspot mutations (red) disrupted SMAD4-SMAD3 

interaction while left SAMD4-EWSR1 interaction intact. The non-recurrent 

variant (grey) disrupted neither SMAD4-SMAD3 nor SMAD4-EWSR1 

interaction. 

 

Figure 5.3 Identification of novel cancer proteins using our hotspot-affected 

network. a, Schematic illustration of constructing hotspot-affected and hotspot-

unaffected networks. b, Association of proteins in the hotspot-affected and 

hotspot-unaffected networks with previously known cancer proteins. The error 

bars indicate standard error. c, A network view of hub proteins prioritized by 

our hotspot-affected network. Proteins that harbor hotspots are shown in 

orange and proteins with no hotspots are shown in purple. Listed proteins are 

ranked first by whether the protein is a known cancer protein (indicated by 

asterisk) and then by their degree in the hotspot-affected network (shown in 

parentheses). d,e, Implication of the top-ranked hub proteins (d) GRB2 and (e) 

STAT1 in oncogenesis.  
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Figure 5.4 Association of cancer type-specific hotspots with specific protein 

interactions. a, Categorization of pan-cancer versus cancer type-specific 

hotspots and multi-cancer versus single-cancer hotspots. b, Degree 

distributions of proteins harboring multi-cancer and single-cancer hotspots. 

Degree values are transformed by log2 for presentation purposes. P values were 

calculated using a one-tailed U-test. c, Edge betweenness distributions of multi-

cancer and single-cancer interactions. P values were calculated using a one-

tailed U-test. d, Average number of cancer types shared between hotspots on 

the same interface and between hotspots on different interfaces. The number of 

shared cancer types between each pair of hotspots was modeled with a negative 

binomial. 

 

Figure 5.5 Construction of cancer type-specific hotspot-affected networks and 

their clinical utilities. a, Tissue-specific coexpression levels of genes encoding 

hotspot-affected and -unaffected interaction pairs in corresponding cancer 

types. P values were calculated using a one-tailed U-test. b, Schematic 

illustration of constructing a cancer type-specific hotspot-affected network. For 

a particular type of cancer, cancer type-specific hotspot-affected interactions 

were first determined, and for each interaction pair, gene coexpression 

coefficient was calculated from matched tumor-adjacent normal tissue; pairs 

with an absolute Pearson correlation coefficient > 0.5 were selected for 

constructing the ultimate network. c, Association of our network-prioritized 

hotspots with patients’ survival. Survival probabilities were estimated using 

Kaplan-Meier method for patients carrying network-prioritized hotspots and 
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patients carrying other hotspots. Hazard ratio (HR) and P values were 

calculated using a Cox regression model using network-prioritized hotspot as 

the predictor and controlling for clinical covariates including patient age, 

gender, tumor stage, and subtype. BRCA: breast invasive carcinoma (𝑛	= 60 for 

network-prioritized, 𝑛	= 398 for other); ESCA: esophageal carcinoma (𝑛	= 44, 

52); HNSC: head and neck squamous cell carcinoma (𝑛	= 76, 186); LIHC: liver 

hepatocellular carcinoma (𝑛	= 38, 25); LUSC: lung squamous cell carcinoma (𝑛	= 

42, 64); READ: rectum adenocarcinoma ( 𝑛	 = 47, 67); STAD: stomach 

adenocarcinoma ( 𝑛	 = 88, 124). d, Association of our network-prioritized 

hotspots with known cancer drug targets. P values were calculated using a one-

tailed U-test. e, Implication of β-catenin as a drug target for patients carrying β-

catenin hotspots. Cocrystal structures of β-catenin – APC (PDB ID: 1TH1) and 

β-catenin – BTRC (PDB ID: 1P22), and a homology model of β-catenin – CDH1 

(template PDB ID: 1I7W), highlighting β-catenin interface hotspots are shown. 
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Figure 5.2 (continued)
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Figure 5.3 (continued)
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Figure 5.3 (continued)
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Figure 5.4 (continued)
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Figure 5.5
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c (continued)
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Figure 5.5 (continued)
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APPENDIX A 

Supplementary Information for Chapter 3 
 

A.1 Cloning of 208 dnMis mutations using our massively-parallel Clone-seq 

pipeline 

Single colony-derived mutant clones were constructed using a high-throughput 

mutagenesis and next-generation sequencing pipeline called Clone-seq(Wei et 

al., 2014). Wild-type clones were picked from hORFeome v8.1(Yang et al., 2011) 

to serve as templates for site-directed mutagenesis (Eurofins). Mutagenesis was 

performed at 96-well scales using site-specific mutagenesis primers and full-

length human ORF templates. PCR product was digested overnight using DpnI 

(NEB) without a ligation step to maximize throughput then transformed 

directly into competent cells to isolate single colonies. Four colonies per 

mutagenesis reaction were then hand-picked and arrayed into 96-well plates. 

After 21 hrs incubation at 37°C, glycerol stocks were generated then clones were 

pooled into four respective bacterial pools. Maxiprepped DNAs from each of 

the four pools were then combined through multiplexing (NEBNext) then 

sequenced in a single 1x100 single-end Illumina HiSeq run. Properly mutated 

clones were then identified by next-generation sequencing analysis and 

recovered from single-colony glycerol stocks. In total, we generated individual 

clones for 208 dnMis mutations comprising 109 from ASD probands and 99 

from unaffected siblings. 
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A.2 Experimental examination of 667 protein-protein interactions using our 

high-throughput yeast two-hybrid (Y2H) assay 

To perform Y2H, pDEST-AD and pDEST-DB plasmid vectors corresponding to 

the GAL4 activating domain (AD) and DNA-binding (DB) domain, respectively, 

were used. Full-length Clone-seq identified mutant clones were transferred into 

Y2H-amenable pDEST-DB and pDEST-AD vectors by Gateway LR reactions 

then transformed into MATα Y8930 and MATa Y8800, respectively. All DB-ORF 

MATα transformants, including wild-type ORFs, were then mated against 

corresponding wild-type (WT) and mutant AD-ORF MATa transformants in a 

pairwise orientation on YEPD agar plates. After mating, yeast was replica-

plated onto selective SC-Leu-Trp-His+ 1 mM of 3-amino-1,2,4-triazole (3AT) as 

well as SC-Leu-Trp-Adenine plates. Interactions were scored after 3 days of 

incubation and 5 days of incubation for SC-Leu-Trp+3AT and SC-Leu-Trp-Ade 

plates, respectively. To screen out autoactivating DB-ORFs, all DB-ORF MATα 

transformants were also mated pairwise against empty pDEST-AD MATa 

transformants and scored for growth on SC-Leu-Trp+3AT and SC-Leu-Trp-Ade 

plates. DB-ORFs that trigger reporter activity under this setup were removed 

from further experiments. We finally examined 667 interactions, of which the 

WT proteins could be detected with strong Y2H-positive phenotypes in our 

experiments, for 151 out of the 208 total dnMis mutations that we have 

successfully generated. The other 57 dnMis mutations corresponded to proteins 

with no testable interaction partners by Y2H; therefore, they were excluded 

from Y2H experiments. While on average each of the 151 mutations was tested 
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against 4-5 interaction partners, two proband mutations (Q8TBB1 p.Glu295Lys 

and Q8TD31 p.Trp337Arg) had >40 interaction partners tested and 

disrupted >30 of their corresponding interactions. Thus, we excluded these two 

outliers when comparing the disruption rates of dnMis mutations in ASD 

probands and unaffected siblings (Figure 3.2a). 

 

A.3 Computational prediction for protein-protein interaction disruption  

For the remaining 1,582 dnMis mutations, we assessed their probabilities to 

disrupt an interaction based on whether they are likely to be on protein 

interaction interfaces and whether they tend to have damaging functional 

effects on the protein. We first applied an ensemble machine learning algorithm 

to predict interface residues (Interactome INSIDER). For each of these dnMis 

mutations, on each of its interactions with an interaction-specific partner, we 

considered a mutation to be an interaction interface residue for this specific 

interaction if it has a probability score of very high, high or medium in 

Interactome INSIDER prediction. We next evaluated its deleteriousness using 

PolyPhen-2 (PPH2). If a mutation predicted as an interface residue also has a 

“probably damaging” PPH2 score (Interface+ and PPH2+), we considered this 

mutation to disrupt the interaction. On the other hand, we called a mutation 

non-disrupting if it was predicted to be unlikely an interaction interface residue 

(probability below “medium” by Interactome INSIDER) and to be “benign” to 

the protein by PPH2 (Interface- and PPH2-). Considering that using individual 

measurements (PPH2 alone or Interactome INSIDER alone) does not provide 

sufficient signal towards whether a mutation is damaging or not, mutations that 
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only meet one of these two criteria (Interface+ and PPH2-; Interface- and PPH2+) 

were excluded from the analyses. Importantly, when we included all the 

Interface+PPH2- and Interface-PPH2+ mutations as non-disrupting to our 

analyses, we found that all our results remain the same. 

 

A.4 Modeling the number of disrupted interactions as a function of case-

control status 

Some missense mutations fail to disrupt any interactions, D = 0 disruptions. 

Other mutations, however, can disrupt D = 1, 2, …, I interactions. To account 

for the dispersion in D, and to determine whether D is stochastically greater for 

missense mutations found in ASD probands versus unaffected siblings, we 

modeled D as a negative binomial distribution and fit it to case-control status. 

We also evaluated other models for goodness-of-fit, specifically Poisson and 

zero-inflated versions of Poisson and negative binomial. After accounting for 

degrees of freedom, none of these models fit the data as well as the negative 

binomial by the Akaike information criterion.  

 

A.5 Construction of plasmids for Western blot and co-immunoprecipitation 

Wild-type RARA and RXRB entry clones were obtained from the hORFeome 

v8.1(Yang et al., 2011) collection. Gateway LR reactions were used to transfer 

bait RARA wild-type, p.Pro375Leu, and p.Arg83His into a pQXIP (ClonTech, 

631516) vector modified to include a Gateway cassette featuring a C-terminal 

3×FLAG. Prey RXRB was transferred into pcDNA-DEST40 which includes a V5 

tag (Invitrogen, 12274-015) also using Gateway LR reactions. 
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A.6 Cell culture, co-immunoprecipitation, and Western blotting 

HEK 293T cells were maintained in complete DMEM medium supplemented 

with 10% FBS. Cells were grown in 6-well dishes to 70-80% confluency then 

transfected using 1 µg bait construct and 1 µg prey construct with 10 µL of 

1mg/mL PEI (Polysciences Inc, 23966) mixed thoroughly with 150 µL OptiMEM 

(Gibco, 31985-062). After 24 hrs incubation, cells were gently washed three 

times in 1x PBS and then resuspended in 200 µL cell lysis buffer (10 mM Tris-Cl 

pH 8.0, 137mM NaCl, 1% Triton X-100, 10% glycerol, 2 mM EDTA, and 1x 

EDTA-free Complete Protease Inhibitor tablet [Roche)] and incubated on ice for 

30 mins. Extracts were cleared by centrifugation for 10 mins at 13,000 rpm at 

4℃. For co- immunoprecipitation, 100 µL cell lysate per sample were incubated 

with 5 μL EZ view Red Anti-FLAG M2 Affinity Gel (Sigma, F2426) for 2 hrs at 

4°C under gentle rotation. After incubation, bound proteins were washed three 

times in cell lysis buffer then eluted in 50 μL elution buffer (10 mM Tris-Cl pH 

8.0, 1% SDS) at 65°C for 10 mins. Cell lysates and co-immunoprecipitated 

samples were then treated in 6x SDS protein loading buffer (10% SDS, 1 M Tris-

Cl pH 6.8, 50% glycerol, 10% β-mercaptoethanol, 0.03% Bromophenol blue) and 

subjected to SDS-PAGE. Proteins were then transferred from gels onto PVDF 

(Amersham) membranes. Anti-FLAG (Sigma, F1804), anti-V5 (Invitrogen, 

R960-25), and anti-γ-Tubulin (Sigma, T5192) at 1:5000, 1:3000, and 1:3000 

dilutions, respectively, were used for immunoblotting analysis.  
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A.7 Evaluation of the distance between gene sets in the interactome network 

We evaluated the distance between two gene sets using the method previously 

published by Neale et al.(Neale et al., 2012): in an interactome background, the 

distance between two gene sets (𝐿! and 𝐿") is the average distance of each gene 

𝑖 in 𝐿!  to 𝐿" , where the distance of a specific gene 𝑖 in 𝐿!  to 𝐿" is the average 

distance of gene 𝑖 to each gene 𝑗 in 𝐿". Let 𝑛! and 𝑛" be the number of genes in 

𝐿! and 𝐿",  

𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒(𝐿!, 𝐿") =
1
𝑛!
9𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒(𝑖, 𝐿")

#
 

where 𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒(𝑖, 𝐿") =
!
$!
∑ 𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒(𝑖, 𝑗)% . 

 

Then consider 𝑖 and 𝑗 as two nodes in the interactome network, the distance 

between these two nodes 𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒(𝑖, 𝑗) here is defined as the minimum number 

of intermediate nodes that connect	𝑖 and 𝑗 in the shortest path.  

	
A. 8 Topological distance between proteins with dnMis mutations to proteins 

from known ASD-associated classes  

Topological distance analyses revealed that in ASD probands proteins 

harboring interaction-disrupting dnMis mutations are significantly closer to 

proteins from seven ASD-associated classes in comparison to proteins with 

non-disrupting dnMis mutations (Table 1). We consider these observed 

differences in topological distance, though small in magnitude, as meaningful 

indicators of their functions in relation to known ASD genes and pathways. The 

human protein interactome overall is densely connected, where over 90% of the 

171



 

 

proteins are within the largest connected component of the network. As such, 

the distance between two protein sets averaged across all possible protein pairs 

between these two sets could appear small.  

	
In our analyses, we note crucially that unaffected siblings serve as a strong 

negative control. In ASD probands, we observed ~0.25 average difference in 

topological distance between the “Dis” category and “Non-Dis” category across 

all seven gene classes, with P-values at the level of 10-6 (Table 1). In contrast, the 

average difference observed in unaffected siblings is only ~0.01, over an order 

of magnitude smaller that the difference observed in ASD probands and does 

not approach statistical significance. Thus the significant differences in 

topological distance between “Dis” and “Non-Dis” in ASD probands strongly 

imply that proteins with interaction-disrupting dnMis mutations are more 

likely to share common functions with known ASD-associated proteins.  

 

A.9 Ranking computational prediction candidates for experimental 

validation 

Our computational prediction approach identified a total of 81 interaction-

disrupting dnMis mutations in ASD probands. To prioritize candidates for 

experimental validation, we ranked candidate mutations by their Interactome 

INSIDER prediction scores and their PPH2 scores. 17 mutations with 

Interactome INSIDER prediction score = 1.0 and PPH2 score = 1.0 were 

identified. We excluded genes that are loss-of-function tolerant (pLI ≤ 0.10) and 

further partitioned the remaining 11 genes by their probabilities of being 
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haploinsufficient (pHI). For experimental validation, we need to have the clone 

for the gene available in our hORFeome v8.1 clone library. Upon applying these 

rankings, proband RARA p.Pro375Leu mutation emerged as the top 

experimentally testable candidate. 

Gene Uniprot Mutation Interactome 
INSIDER PPH2 Proband pHI hORFeome 

v8.1 
RARA P10276 p.Pro375Leu 1.0 1.0 14108.p1 0.973 yes 

SFPQ P23246 p.Tyr470Cys 1.0 1.0 11193.p1 0.901 yes 

PRKCA P17252 p.Pro514Leu 1.0 1.0 12465.p1 0.827 yes 

PSMC5 P62195 p.Arg258Trp 1.0 1.0 11768.p1 0.597 yes 

DPYSL2 Q16555 p.Arg496Cys 1.0 1.0 11566.p1 0.456 yes 

KCND3 Q9UK17 p.Arg86Pro 1.0 1.0 14020.p1 0.303 yes 

KCND3 Q9UK17 p.Asp85Val 1.0 1.0 14020.p1 0.303 yes 

GPS1 Q13098 p.Arg456Gln 1.0 1.0 13629.p1 0.226 yes 

RAN P62826 p.Thr93Ile 1.0 1.0 12437.p1 na yes 

ABL1 P00519 p.Thr117Met 1.0 1.0 14373.p1 0.995 no 

TRIO O75962 p.Lys1431Met 1.0 1.0 13621.p1 0.712 no 

MBD2 Q9UBB5 p.Arg380Cys 1.0 1.0 12910.p1 0.474 no 

 

We note that no literature evidence was used in our rankings. In fact, RARA has 

never been directly implicated in ASD in the literature. Moreover, an unaffected 

sibling was found to have a dnMis mutation, p.Arg83His, on RARA. RARA 

p.Arg83His was computationally predicted to occur away from the interaction 

interface. Since this mutation is found in a healthy sibling unaffected with ASD 

on the same gene as the proband mutation, RARA p.Arg83His served as a 

convincing negative control in our validation experiments for our 

computational predictions. 
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A.10 Enrichment of dnMis mutations that are identified as population 

variants on protein interaction interfaces 

Although de novo mutations were specifically identified in parent-offspring 

trios, we recognize that a fraction of such spontaneously arising mutations 

coincide with variants segregating within human populations. As such, we 

examined whether dnMis mutations in developmental disorders (DDs) that 

were found independently in the Exome Aggregation Consortium (ExAC) are 

also enriched on protein interaction interfaces in the human interactome. We 

found that while the enrichment pattern persisted for this subset of DD dnMis 

mutations as we previously observed in Figure 5, the extent of this enrichment 

weakened. In fact, when we directly compared the fraction of interface residues 

between ExAC-present and ExAC-absent DD dnMis mutations, we found that 

mutations absent from ExAC occur more frequently on interaction interfaces 

than ExAC-present ones (P = 5.9×10-3 by one-tail Z-test). This result is expected 

since ExAC serves as a proxy for standing variation in the human population 

and thus mutations absent from this reference panel are more likely to be 

deleterious. We further note that the ExAC-present dnMis mutations distribute 

principally across very low allele frequencies, which likely restricts any 

potential relationship between topological properties and population allele 

frequency for dnMis mutations. 
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A.11 Characteristic network and haploinsufficiency properties of genes with 

interaction-disrupting dnMis mutations in developmental disorders (DDs) 

To reinforce that our interactome perturbation framework is scalable and 

generalizable to prioritize missense mutations in human diseases, we applied 

our interaction-disruption predictor on ~7,500 dnMis mutations previously 

identified across a wide range of DDs within the human interactome. We 

repeated our topology and haploinsufficiency analyses, and we found that the 

newly predicted interaction-disrupting dnMis mutations in DDs exhibit similar 

network and haploinsufficiency properties to those in ASD probands; 

interaction-disrupting dnMis mutations tend to impact hub proteins in the 

interactome network, and they occur more frequently on haploinsufficient 

genes in comparison to non-disrupting dnMis mutations. These results show 

that these characteristic network and haploinsufficiency properties are not 

unique to ASD but are shared features across different DDs. To further confirm 

that such features are truly disease-associated, we examined these same 

network and haploinsufficiency properties for dnMis mutations that are 

reported as pathogenic in ClinVar (downloaded on November 27, 2017). Indeed, 

we found that genes with potentially disease-contributing dnMis mutations 

tend to encode hub proteins in the human interactome and are more likely to 

be haploinsufficient in comparison to genes without known pathogenic dnMis 

mutations. In contrast, no differential patterns were observed when we 

compared genes corresponding to dnMis mutations in DDs to genes 

corresponding to dnMis mutations in unaffected siblings. These results 

underscore that the characteristic network and haploinsufficiency properties 
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reported for ASD and DDs are specific to disease-associated dnMis mutations. 

Thus, our findings that interaction-disrupting dnMis mutations exhibit similar 

features to disease-associated dnMis mutations indicate their functional 

significance in disease etiology. Therefore, our interactome perturbation 

framework offers an effective and generalizable way to identify potential 

disease-associated dnMis mutations. 

 

A.12 Curation of high-throughput (HT)-derived human interactomes 

The current HT-derived human interactome consisting of 47,044 interactions 

was constructed through manual curation of 48 publications as listed below. 

PubMed Year Number of interactions PubMed Year Number of 
interactions 

12421765 2002 144 20936779 2010 807 

12614612 2003 116 21078624 2011 151 

12805554 2003 222 21163940 2011 334 

15231747 2004 498 21182203 2011 141 

15232106 2004 135 21900206 2011 3,213 

15231748 2004 1,030 21516116 2011 1,255 

14667819 2004 126 21044950 2011 710 

15383276 2004 273 21988832 2011 4,084 

15761153 2005 580 22493164 2012 239 

16169070 2005 4,241 22558309 2012 122 

15604093 2005 462 22365833 2012 737 

16189514 2005 3,393 22626734 2012 147 

16273093 2006 160 22939624 2012 400 

16713569 2006 904 23455924 2013 547 

17043677 2007 294 23275563 2013 152 

17474147 2007 962 23414517 2013 701 

18624398 2008 268 25036637 2014 1,579 

18654987 2008 122 24722188 2014 505 
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19060904 2009 264 25416956 2014 15,181 

19953087 2009 155 24728074 2014 201 

19549727 2009 815 24705354 2014 233 

19690564 2009 365 25640309 2015 673 

19167335 2009 185 25814554 2015 694 

20211142 2010 737 27107012 2016 716 

 

	
A.13 Expanding interaction disruption predictions for all dnMis mutations 

To show that our computational approach can be readily applied to all dnMis 

mutations in the human interactome, we repeated all our analyses to include 

dnMis mutations that meet only one of the Interactome INSIDER and PPH2 

criteria as non-disrupting. In other words, we consider mutations that are on 

the interface with a “probably damaging” PPH2 score (Interface+PPH2+) as 

interaction-disrupting, and all other mutations (Interface+PPH2-, Interface-

PPH2+, Interface-PPH2-) as non-disrupting. We found that all our results 

remained the same. These results indicate that the predicted interaction-

disrupting dnMis mutations exhibit highly distinguishable properties from all 

other dnMis mutations that are uniquely associated with ASD probands. 

Therefore, our computational approach can serve as an effective way towards 

identifying potential disease-contributing missense mutations. 

	
A.14 Enrichment of dnMis mutations on interaction interfaces 

The set of 412 proteins with dnMis mutations and containing at least one 

interaction interface and one known domain was included for calculating 

dnMis mutation distribution. The sequences were divided into three regions: 

“in interaction interface”, “in other domain” and “outside domains”. 
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Interaction interfaces were determined by our previously developed human 

structural interaction network (hSIN(Wang et al., 2012), comprising 4,222 

structurally resolved interactions between 2,816 proteins). Other domains were 

referred to protein domains (obtained from Pfam(Finn et al., 2016) database) 

that exclude interacting interfaces in hSIN. The rest of residues then were 

categorized as “outside domains”. If the locations of mutations were not 

influenced by the domain architecture of the protein, then their relative lengths 

should determine the frequency of mutations in these three regions. The 

fraction of mutations expected by chance in each region was calculated by 

adding the total sequence length of each region in all proteins, and dividing it 

by the length of all proteins combined; call the probability of falling in an 

interaction interface p. The number of observed mutations in each region over 

all proteins was also computed; call the number falling in the interaction 

interfaces S, and let N be the total number of dnMis missense mutations. An 

exact binomial test was then computed from p, S, and N. Confidence intervals 

(CIs) are based on 95% CI for an exact binomial, then transformed to the risk 

ratio (Enrichment) using the expectation in the denominator and the 

lower/upper bound in the numerator. 

 

In ASD probands, the total length of 248 proteins is 377,421, which compromises 

113,449 residues on interaction interfaces, 69,870 residues on other domains, 

and 194,102 residues outside domains. The probabilities for a mutation to fall 

in these regions were computed to be 30.1%, 18.5%, and 51.4%, respectively. 

The observed distribution of the 296 dnMis mutations on these proteins was 113 
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on interaction interfaces, 59 on other domains, and 124 outside domains, 

revealing that dnMis mutations in ASD probands are significantly enriched on 

protein interaction interfaces (Enrichment = 1.27 [1.09–1.46, 95% CI], P = 2.9×10-

3) while occur on other domains with expected rate (Enrichment = 1.08 [0.84–

1.35, 95% CI], P = 0.55) and are depleted from regions outside domains 

(Enrichment = 0.81 [0.70–0.93, 95% CI], P = 1.1×10-3). In contrast, the observed 

186 dnMis mutations in unaffected siblings occur on all three regions with 

expected rates: 70/186 fall on interaction interfaces (37.6% versus expected 

36.5%, Enrichment = 1.03 [0.84–1.23, 95% CI], P = 0.76), 32/186 fall on other 

domains (17.2% versus expected 15.9%, Enrichment = 1.08 [0.76–1.47, 95% CI], 

P = 0.62), and 84/186 fall outside domains (45.2% versus expected 47.6%, 

Enrichment = 0.95 [0.79–1.10, 95% CI], P = 0.51). 
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APPENDIX B 

Supplementary Information for Chapter 4 
 

B.1 Interaction disruption prediction 

A comprehensive set of high-quality physical interactions compiled in 

HINT(Das and Yu, 2012) from eight widely used interaction databases 

(including BioGRID(Chatr-Aryamontri et al., 2015), MINT(Stelzl et al., 2005), 

iRefWeb(Turner et al., 2010), DIP(Salwinski et al., 2004), IntAct(Hermjakob et 

al., 2004), HPRD(Keshava Prasad et al., 2009), MIPS(Mewes et al., 2011), and the 

PDB(Berman et al., 2000)) provides a structurally resolved 3D human 

interactome network.  We evaluated the impact of dnMis mutations on protein 

interactions by intersecting 6,542 dnMis mutations uncovered in a recent WES 

study from the ASC(Satterstrom et al., 2020) with 64,399 human protein 

interactions obtained from HINT. In total, we found 3,822 dnMis mutations – 

2,922 in ASD probands and 900 in unaffected siblings – are on proteins with at 

least one known interaction within the current human interactome data set, 

affecting 2,364 probands and 737 siblings. 

 

We employed a two-tiered predive model we developed previously(Chen et al., 

2018) to assess the probability a missense mutation disrupts a protein 

interaction. For each dnMis mutation, the model evaluates (1) whether it is 

likely to be on protein interaction interfaces and (2) whether it tends to have 

damaging functional effects on the protein. For (1), we applied an ensemble 

machine-learning algorithm (Interactome INSIDER(Meyer et al., 2018), 
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comprising the first full-proteome map of human interaction interfaces) to 

predict interface residues. For each mutation, on each of its interactions with an 

interaction-specific partner, we considered a mutation to be an interaction 

interface residue for this specific interaction if it has a probability score ≥“High” 

in Interactome INSIDER prediction. Next for (2), we evaluated its 

deleteriousness using PolyPhen-2(Adzhubei et al., 2010) (PPH2). If a mutation 

predicted as an interface residue also has a “probably damaging” PPH2 score, 

we considered this mutation to disrupt the interaction. Using our interaction 

disruption predictive model, we identified 123 unique dnMis mutations that 

disrupt a total of 524 mutation-PPI pairs in ASD probands and 26 unique 

mutations disrupting 94 PPI pairs in siblings. These predicted disruptions 

involve 526 unique genes in probands. Of note, compared to our previous study, 

we tightened the tier (1) criterion from an interface score ≥“ Medium” (yielding 

388 candidates) to ≥“High” (yielding 149 candidates). 

 

B.2 Published ASD gene lists  

We compiled a total of 1,008 “previously implicated ASD genes” from two 

resources: (1) 102 TADA genes identified in our recent WES 

analysis(Satterstrom et al., 2020) that carry a significant excess of disruptive 

mutations in ASD subjects; (2) 980 SFARI genes curated in the SFARI database 

(20191031 release, https://gene-archive.sfari.org/database/gene-scoring/). In 

all relevant ASD gene enrichment analyses, the combined gene list was used, 

except in Fig. 4a and Fig. 5c, in which the TADA genes were excluded. 
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B.3 Gene expression datasets 

We analyzed the gene expression data from the BrainSpan atlas of developing 

human brain(Kang et al., 2011). The BrainSpan dataset contains 607 bulk RNA-

seq samples collected from 26 brain regions of 41 human subjects. We focused 

on the fetal and infant samples with age between 8 post-conception weeks (pcw) 

and one year, which includes 351 samples collected from 24 subjects. The 

majority of these subjects (16 of 24) are before 22 pcw. In the deconvolution 

analysis, we used a fetal scRNA-seq dataset(Nowakowski et al., 2017) that 

includes 4,261 human brain cells as a reference. 

 

B.4 Cell type deconvolution and cell-type-specific (CTS) gene expression 

estimation 

For cell-type deconvolution, we used a single-cell RNA-seq dataset of 

developmental human brain(Nowakowski et al., 2017) and aggregated cells into 

seven major types using SC3(Kiselev et al., 2017): neuronal progenitor cell 

(NPC), excitatory neuron (ExN), inhibitory neuron (InN), microglia, astrocyte 

(Astro), oligodendrocyte (Oligo), and endothelial (Endo) cells. We selected the 

top 50 marker genes for each cell type with SC3 and then constructed a 

signature matrix by averaging the expression of marker genes across cells of the 

same type. We then used MIND(Wang et al., 2020) (Multi-measure INividual 

Deconvolution) to estimate subject-level CTS gene expression by deconvolving 

the BrainSpan data. As a first step, MIND estimated cell-type fractions using 

non-negative least squares with the pre-generated signature matrix derived 

from single cell RNA-seq(Nowakowski et al., 2017).  MIND borrows 
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information from expression data across multiple measures, i.e., multiple brain 

regions per subject, and relies on empirical Bayes estimation to estimate CTS 

expression for each subject. It employs a computationally efficient EM 

algorithm to deconvolve all genes in the genome.  

 

B.5 CTS DAWN (Detecting Association With Networks) analysis 

We conducted DAWN(Liu et al., 2015) analysis for each neuronal cell type to 

integrate information of interaction disruption, CTS expression, and TADA 

score for autism risk. The analysis consists of two components: partial 

neighborhood selection to build CTS co-expression network based on MIND 

estimated subject-level CTS expression, and a hidden Markov random field 

model to combine the estimated network with TADA score and disrupted hub 

identity as a covariate. With an FDR threshold of 0.05, we claimed CTS-DAWN 

genes significantly associated with autism risk.  

 

B.6 Gene ontology (GO) enrichment analysis 

We performed GO enrichment analyses for CTS-DAWN genes directly on the 

GO home website (http://geneontology.org/, powered by PATHER(Mi et al., 

2019)). In each test of a particular cell type, we customized the reference gene 

list to have a 5:1 match on the corresponding number of CTS-DAWN genes, 

using the optmatch(Hansen and Klopfer, 2006) R package. 
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B.7 CTSu-TADA gene co-expression analysis 

We analyzed the gene co-expression between CTSu genes and two classes of 

TADA genes – 58 GER- and 24 NC-TADA genes (GER: gene expression 

regulation, NC: neuronal communication, as pre-defined in our recent 

study(Satterstrom et al., 2020)). A pair of CTSu-TADA genes was considered 

co-expressed if their expression has an absolute Pearson correlation coefficient 

≥0.8 in the corresponding cell type. For each CTSu gene, the ratio of co-

expressed GER- and NC-TADA genes expected at random is 58:24. We 

categorized a particular CTSu gene to be GER/NC-enriched if it has a 

higher/lower GER:NC co-expression ratio than 58:24. We evaluated the 

enrichment using an exact binomial test and corrected for multiple testing using 

Bonferroni. In the correction, we only considered CTSu genes that have at least 

five co-expressed TADA genes, because when the number of co-expressed 

TADA genes is too small, a significance test is not meaningful: for the null 

hypothesis 𝐵𝑖𝑛𝑜𝑚𝑖𝑎𝑙 ( 𝑥 , 58/(58+24)), the one-sided P-value for one co-

expressed TADA gene to be GER and 𝑥-1 TADA genes to be NC can reach ≤0.05 

only when 𝑥 ≥ 5. Finally, 59 ExN-, 68 InN-, and 1 NCP-CTSu genes were kept 

for Bonferroni correction, yielding the corrected P-values at 2.8×10-5, 2.8×10-5, 

and 0.05, respectively. 
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APPENDIX C 

Supplementary Information for Chapter 5 

 

C.1 Enrichment of hotspots and non-recurrent variants on protein interfaces 

For each hotspot or non-recurrent variant, with each of its interaction partners, 

we considered it to be on the interface for this specific interaction if it has a 

probability score of high or very high in Interactome INSIDER prediction. 

Suppose the locations of hotspots are not influenced by the interface 

architecture of the protein, then their relative length should determine the 

frequency of hotspots on interfaces. The fraction of hotspots expected by chance 

on interfaces was calculated by adding the total sequence length of interface 

residues in all proteins harboring hotspots, and dividing it by the length of all 

proteins combined; let the probability of falling in an interaction interface be 𝑝. 

Let the number of observed hotspots falling in the interfaces be 𝑆, and let 𝑁 be 

the total number of hotspots. An exact binomial test was then computed 

from 𝑝, 𝑆 and 𝑁. CIs were based on the 95% CI for an exact binomial, and then 

transformed to the risk ratio (enrichment) using the expectation in the 

denominator and the lower/upper bound in the numerator. 

	
The set of 251 proteins harboring hotspots and containing at least one interface 

residue was included in the interface enrichment calculations. The total length 

of 251 proteins is 202,578 and the total number of interface residues on these 

proteins is 22,372, then the probability for a hotspot or non-recurrent variant to 

fall in interfaces was computed to be 11.0%. Of the 966 hotspots observed on 
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these proteins 298 fell in interfaces (30.8%), yielding a significant enrichment of 

2.8 fold (2.5-3.1 95% CI, P = 5.0 × 10−62). In contrast, the 28,657 non-recurrent 

variants occurred on interfaces of these proteins with the expected rate 

(3,149/28,657 = 11.0%, enrichment = 1.0 [0.96-1.03 95% CI], P = 0.78).  

 

C.2 Modeling the number of interactions as a function of hotspot status 

Some hotspots can affect 𝑀 = 1, 2, …, 𝐼 interactions while others do not affect 

any interactions, 𝑀 = 0. To account for the dispersion in 𝑀, and to determine 

whether 𝑀is stochastically greater for hotspot than non-recurrent variant, we 

modeled 𝑀 as a negative binomial distribution and fit it to hotspot status (“1” 

for hotspot and “0” for non-recurrent variant). 

 

C.3 Computing edge betweenness 

We computed edge betweenness for protein interaction pairs (edges) in the 

interactome network using algorithm from Ulrik Brandes(Brandes, 2001, 2008) 

(built in Python module NetworkX): betweenness of an edge 𝑒 is the sum of the 

fraction of all-pairs shortest paths that pass through 𝑒: 

 

𝑏𝑒𝑡𝑤𝑒𝑒𝑛𝑛𝑒𝑠𝑠(𝑒) = 9
𝜎(𝑠, 𝑡|𝑒)
𝜎(𝑠, 𝑡)

&,(∈*

 

 

where 𝑉  is the set of nodes, 𝜎(𝑠, 𝑡)  is the number of shortest (𝑠, 𝑡) -paths, 

and 𝜎(𝑠, 𝑡|𝑒) is the number of those paths passing through edge 𝑒. 
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C.4 Gene set enrichment analysis 

Enrichment of 2,043 hotspot-affected interaction pairs over 3,736 hotspot-

unaffected interaction pairs was tested for 15,917 Gene Ontology (GO) and 186 

KEGG pathway gene sets (obtained from MSigDB(Subramanian et al., 2005)). 

An interaction pair was counted when both the gene carrying hotspot and its 

interaction partner are in the gene set under examination. Statistical significance 

threshold was corrected by Bonferroni. 

 

C.5 Experimental examination of SMAD4 hotspot mutations using yeast two-

hybrid (Y2H) assay 

To perform Y2H, pDEST-AD and pDEST-DB plasmid vectors corresponding to 

the GAL4-activating domain (AD) and DNA-binding (DB) domain, 

respectively, were used. Full-length Clone-seq-identified mutant clones were 

transferred into Y2H-amenable pDEST-DB and pDEST-AD vectors by Gateway 

LR reactions and then transformed into MATα Y8930 and MATα Y8800, 

respectively. All DB-ORF MATα transformants, including wild-type ORFs, 

were then mated against corresponding wild-type and mutant AD-

ORF MATα transformants in a pairwise orientation on YEPD agar plates. After 

mating, yeast was replica-plated onto selective SC–Leu–Trp–His+1 mM of 3-

amino-1,2,4-triazole (3AT) as well as SC–Leu–Trp–Adenine plates. Interactions 

were scored after three days of incubation and five days of incubation for SC–

Leu–Trp+3AT and SC–Leu–Trp–Ade plates, respectively. To screen out 

autoactivating DB-ORFs, all DB-ORF MATα transformants were also mated 
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pairwise against empty pDEST-AD MATα transformants and scored for 

growth on SC–Leu–Trp+3AT and SC–Leu–Trp–Ade plates. DB-ORFs that 

trigger reporter activity under this setup were removed from further 

experiments.  

 

C.6 Comparing the number of common cancer types shared between hotspots 

To test whether hotspots affecting same/different interactions tend to associate 

with same/different cancer types, we performed pairwise comparison between 

cancer types linked to hotspots on the same protein. We examined on 26 

proteins, 97 pairs of hotspots on the same protein interaction interfaces (i.e., 

affecting the same set of interactions) and 198 pairs of hotspots on different 

interfaces (i.e., affecting non-overlapping sets of interactions). The number of 

cancer types shared by a pair of hotspots was modeled by a negative binomial 

distribution, using whether the pair of hotspots are on the same interface as 

predictor (“1” for same interface and “0” for different interface). 

 

C.7 Tissue-specific coexpression analysis 

RNA-seq data of tumor-adjacent normal tissues were obtained from Genomic 

Data Commons (GDC) Data Portal. Ten cancer types (bowel, breast, esophagus, 

head and neck, kidney, liver, lung, prostate, stomach, and thyroid) with at least 

40 normal tissue samples were considered for coexpression analysis. For each 

cancer type, we calculated coexpression coefficients of genes encoding hotspot-

affected and -unaffected interaction pairs across corresponding normal tissue 

samples. Excluding homodimers, we compared the average absolute Pearson 
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correlation coefficients of 2,414 hotspot-affected and 3,970 hotspot-unaffected 

interaction pairs. Tissue-specific coexpression networks were constructed using 

gene pairs with an absolute Pearson correlation coefficient >0.5. 

 

C.8 Survival analysis 

We compared the progression-free survival between patients carrying our 

network-prioritized hotspots and patients carrying other hotspots. Survival 

curves were generated using Kaplan-Meier estimation. Statistical association 

between network-prioritized hotspot and patient survival outcome was 

evaluated using a Cox regression model, controlling for clinical covariates 

including patient age, gender, tumor stage, and subtype. Patient clinical data 

was obtained from TCGA Pan-Cancer Clinical Data Resource (CDR)(Liu et al., 

2018), and cancer types that have at least 50 patients with available clinical 

information were considered for survival analysis. 
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