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Coding variants segregating in human populations are expected to be largely benign, 

with deleterious variation occurring principally at rare allele frequencies and limited to 

conserved genomic sites. The extent to which this deleterious variation burdens human 

genomes and the mechanisms by which these mutations exert their function, though, 

remains largely unexplored. To help address this gap, I have contributed towards the 

development of interactome-scale tools for interrogating missense variation in human 

disease as well as experimentally measured the impact of thousands of human 

missense variants on protein interactions and stability. The accumulation of these 

efforts have helped in characterizing molecular mechanisms of disease-associated 

mutations and have enabled new insights towards the extent to which functional 

variation segregates across different human populations.  

 To begin, the development of a massively parallel, site-directed mutagenesis 

platform for cloning DNA variants, named Clone-seq, is discussed. A study of the 

impact of 204 disease-associated mutations on protein interactions and stability is then 

detailed to demonstrate the utility of Clone-seq in genomic studies. Next, an extensive 

study of >2,000 missense mutations is presented in which widespread protein 

interaction perturbations by both rare and common human population variants is 



 

unveiled. Disruptive variants were found to be enriched within conserved sites in the 

genome and occurred at increasingly higher rates as allele frequency decreased. 

Evidence suggesting that disruptive variants persist primarily in less essential regions 

of the genome is then presented followed by a demonstration of how shared 

interaction perturbation profiles between population variants and disease-associated 

mutations can be applied to identify candidate disease-associated mutations from 

sequencing data. Lastly, the development of an integrated computational and 

experimental platform for prioritizing de novo missense mutations in developmental 

disorders is discussed. 

 While protein interaction perturbations represent only one of a multitude of 

ways in which DNA variants can alter cellular function, nonetheless, the genetic, 

protein interaction, and population-level insights presented here should represent an 

important step forward towards an improved understanding of the evolutionary forces 

that shape the human genome and protein function. 
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PREFACE 

 
In regards to the overall organization of this dissertation, Chapter 1 begins with a short 

introduction to basic population genetic concepts of random genetic drift and 

selection. These concepts are introduced to familiarize the reader with the basic 

rationale used by population geneticists to explain how explosive population growth in 

the human population can result in an influx of genetic variation and how it is that 

deleterious variation can still persist in human populations by random genetic drift 

despite purifying selection acting to purge such variation. Following this primer on 

genetic drift and selection, human interactome networks are then introduced to provide 

the reader with the necessary background to understand (1) how disease phenotypes 

can be interpreted as perturbations within protein interaction networks and (2) what 

experimental and computational tools are available for studying and constructing 

interactome networks. Lastly, two sections regarding recent, high profile literature on 

large-scale sequencing efforts are presented to familiarize the reader with how such 

sequencing studies are performed, what these studies reveal about functional variation 

in human genomes, and what the limitations of these studies are. 

In Chapter 2, my research efforts towards the construction of a large-scale site-

directed mutagenesis platform, Clone-seq, is discussed. A study of the impact of 204 

disease-associated mutations on protein stability and interactions using large-scale 

GFP and yeast two-hybrid assays, respectively, is also discussed. Chapter 3 follows 

with a large-scale effort to measure the impact of >2,000 missense variants on protein-

protein interactions and its implications towards human genomes. Particular focus is 



 

xvii 
 

paid on where disruptive variation propagates within human genomes and how shared 

interaction perturbation profiles between population variants and disease-associated 

mutations can be used to identify candidate disease-associated mutations. Chapter 4 

then discusses the development of an integrated experimental and computational 

platform for identifying and prioritizing functional variation in developmental disorder 

sequencing studies through the use of an interactome perturbation framework. Lastly, 

in Chapter 5, an overall summary of the entire thesis is presented, ending with an 

overall perspective on how studies such as those presented here will shape our 

understanding of the impact genetic variation on human health and protein function.
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CHAPTER 1 

AN INTRODUCTION TO POPULATION GENETICS AND SEMINAL FINDINGS 

IN LARGE-SCALE SEQUENCING STUDIES 

 

1.1 Genetic drift and fixation 

 
The frequency of an allele will change due to stochastic variation in the reproductive 

success of individuals in a species. If a spontaneous mutation has no measurable 

impact on an organism’s fitness, then the frequency of a particular allele across future 

generations should be entirely dictated by random genetic drift. We apply the Wright-

Fisher model to develop a working understanding of the fundamental mechanics by 

which an allele entirely subject to random genetic drift can still reach fixation or 

become lost. 

 

Figure 1.1-1 Wright-Fisher model for population 6  demonstrating random fluctuation of 

an allele  (black-filled circle) across a single generation. 

In a Wright-Fisher model, we assume a haploid population of fixed size in 

which a particular allele, , is initially present in half the population ( 3 in Figure 

1.1-1). Random mating is also assumed such that any individual in a Wright-Fisher 

population is equally likely to be the parent of an individual in the proceeding 

generation. The size of the population, 6, stays constant across generations, and 

the expected allele frequency  across each successive generation is shown below: 



 

2 
 

 | ⁄  (1.1-1) 
   

Hence, we expect the frequency of allele  to stay constant across successive 

generations; however, random mating introduces variation to this expectation. 

Consequently, over a large enough number of successive generations, allele  will 

always either become fixed in the population or become lost (Figure 1.1-2).  

 

Figure 1.1-2 In a Wright-Fisher population, random genetic drift can result in the loss of an 

allele ( 0  over time. Though not shown here, fixation of an allele ( 6  is equally likely. 

The Wright-Fisher model is therefore an excellent demonstration of the dynamic 

effects that random genetic drift has on the frequency of alleles across generations. 

Note, though, that not all mutations have a neutral impact on organism fitness. As 

such, we must also examine the extensive influence of selection on allele frequency. 

1.2 Selection and adaptation 

 
Adaptation to ever-changing environmental conditions requires a large and genetically 

diverse population in which a mutation-derived beneficial trait can either sweep 

through a population or, conversely, a mutation-derived deleterious trait can be readily 
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purged from a population. In diploid organisms, such heritable adaptations are 

propagated or diminished through sexual selection. As a simple demonstration of how 

selection can be modeled in context with random genetic drift, we first define the 

concept of absolute fitness as follows: 

 1 ∙  (1.2-1) 
   

where  is the number of individuals that carry allele  in generation  and  is a 

coefficient quantifying the fitness advantage/disadvantage that allele  confers upon 

individuals carrying this allele. Note that for a neutral allele, Equation 1.2-1 is 

essentially equivalent to Equation 1.1-1 in which random genetic drift is modeled.  

To quantify the relative fitness advantage/disadvantage of allele  in 

comparison to a competing allele at the same locus, , we define relative fitness as 

follows: 

 1  (1.2-2) 

   
where  is the selection coefficient for allele  over . In this regard, the selection 

coefficient  quantifies the relative advantage or disadvantage, if any, of carrying 

allele  instead of . More specifically, we discuss the value of the selection 

coefficient  with respect to three regimes: 

 0,
0,
0,

			 	 	 	 	 	 						
			 	 	 	 	 	 																				
			 	 	 	 	 	

 (1.2-3) 

   
As an example, we note that a mutation with 0.2 implies that individuals 

carrying allele  will grow in frequency by an average of 20% per generation. We can 

also model this projected growth by applying Equations 1.2-1 and 1.2-2 to the 
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following equation for calculating allele frequency as a function of time, : 

 
 (1.2-4) 

   
Applying Equation 1.2-1 and 1.2-2, detailed in Appendix A.2, yields the following: 

 
1

 (1.2-5) 

   
where  is the initial allele frequency at  and the selection coefficient is represented 

as  for convenience. We note that Equation 1.2-5 is logistic and hence the frequency 

of alleles subject only to selection, and not random genetic drift, will demonstrate 

logistic growth as shown in Figure 1.2-1 under varying selection coefficients. 

 

Figure 1.2-1 Variants exclusively experiencing positive selection experience logistic growth. 

For all three simulations, 1/100 indicating a de novo mutation under three decreasingly 

advantageous selection coefficients: 0.2, 0.1, 	0.05.  

To demonstrate how random genetic drift influences selection, consider the 

following scenario in which a newly arisen allele, 1 shown in black in Figure 1.2-
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2, is present in the preceding generation, , but fails to be transmitted to the proceeding 

generation, 1. 

 

Figure 1.2-2 A single black allele in generation  fails to be transmitted to generation . 

We can calculate the probability that no individual in generation 1 is parented by 

the individual carrying the black allele under a Wright-Fisher model assuming a 

haploid, constant population size. Under a scenario in which only random genetic drift 

acts, we note that the probability that allele  never reproduces is essentially a series of 

Bernoulli trials in which the probability of the black allele being selected is 1/6. 

Therefore, the probability that no individual in generation 1 is parented by the 

individual carrying the black allele is: 

 
Pr 	 	 	 	 	 	 1

1
1
6

0.335 

(1.2-6) 

   
Under this scenario, there is an approximately one in three chance that the newly 

arisen allele does not propagate to the next generation. Suppose, however, that allele  

confers a fitness advantage that increases the expected frequency of allele  by 20%, 

0.20, in proceeding generations. We incorporate the fitness advantage of allele  

as follows: 

 
Pr 	 	 	 	 	 	 1

1
 

1
1.20
6

0.262 

(1.2-7) 
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Note that even though we expect a 20% increase in the number of individuals carrying 

allele  in the next generation, allele  is still lost in roughly one out of every four 

occasions, which is very comparable to the probability calculated using random 

genetic drift, or 1.0, in Equation 1.2-6.  

On a related note, the opposite case in which a strongly disadvantageous allele 

with 0.2 applied to Equation 1.2-7 yields a probability that the allele is lost 

equal to 0.424, demonstrating that even a highly antagonistic allele, at least in this 

elementary example, still has a >50% chance of propagating to the next generation. 

Consequently, simple chance is far more likely to determine whether an allele, 

advantageous or detrimental, propagates to further generations, particularly when  is 

small. The effects of selection, though, become substantially more apparent across 

larger time scales, as opposed to examining a single generation. 

1.3 Behavior of selection over time and across different fitness regimes 

To demonstrate the contrasting influences of random genetic drift and selection over 

different time scales, we can scale the theoretical experiment presented in Figure 1.1-2 

from 6 to 1000 instead. Accordingly, we will examine an allele initially 

present in half the population such that 500 or 0.5. Because of the vastly 

increased population size, , we expect that fixation or loss of allele  will take a 

much longer period of time since variance is inversely proportional to sample size. As 

such, we will model this Wright-Fisher population example over an extended 

timeframe of 1500 generations and across different selection coefficients, , to 

examine the effect of selection across these varying conditions (Figure 1.3-1). 



 

7 
 

 

Figure 1.3-1 Impact of selection examined over relatively long time periods. While the allele 

under random genetic drift only (green, 0) approaches fixation, all other alleles under 

selection are either fixed or lost over much shorter timeframes. 

 The extended timeframe in Figure 1.3-1 clearly demonstrates the substantial 

influence selection has relative to random genetic drift. Even alleles under relatively 

weaker selection, 0.01, are fixed or lost in less than 400 generations in this 

example; however, it is important to remember the length of a human generation in 

such examples. Under a conservative estimate of 20 years per generation, 400 

generations equates to 8,000 years – an extensive time period for an allele to persist. It 

is also important to note that these selection dynamics are not readily apparent over 

shorter time frames. For instance, if we take the same experiment setup as in Figure 
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1.3-1 but instead frame it over 100 generations (or 2000 years if we again assume 20 

years per generation), we see that random genetic drift dominates the behavior of 

allele frequency for alleles not under strong selection (Figure 1.3-2). 

 

Figure 1.3-2 Impact of selection examined over short time periods. While alleles under 

strong selection 0.1  are quickly fixed or lost, alleles under weak selection 0.01  

behave comparably to alleles under random genetic drift 0  over short timeframes. 

 The key point from examining the experiments in Figure 1.3-1 and Figure 1.3-

2 is that weakly deleterious alleles can persist in populations for a long time period 

due to random genetic drift. Considering the recent, explosive growth of human 

populations dating roughly to the agricultural revolution, we expect an influx of 

relatively young genetic variation segregating at rare and low allele frequencies 

(Keinan and Clark, 2012). Some fraction of the new variation will be deleterious and 

should persist in populations as a result of random genetic drift.  
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All de novo variants, though, will start at an allele frequency of 1/  as 

opposed to 0.5  as shown in Figures 1.3-1 and 1.3-2. Hence, in addition to calculating 

the probability that a new allele is lost in a proceeding generation as demonstrated for 

Figure 1.2-2, we can also calculate the probability that an allele at initial frequency  

reaches fixation such that every individual in the population now carries allele . To do 

this, we first take note that Equation 1.2-7 is an exponential equation which can be 

approximated, assuming ≫ 1, as follows: 

 
Pr 	 	 	 	 	 	 1

1
 

 
(1.3-1) 

   
We therefore expect the fixation probability to follow an exponential distribution. The 

expected fixation probability, , is given below (the exact derivation of Equation 

1.3-2 requires applying a Taylor series expansion and solving a second order 

differential equation which is beyond the scope of this document and therefore not 

presented): 

 1
1

 (1.3-2) 

   
where  is the initial allele frequency,  is the selection coefficient, and  is the 

effective population size (see Appendix A.1 for more information regarding ).  

While the fixation probability, , derived here is specific to an idealized 

Wright-Fisher population, Equation 1.3-2 is nonetheless particularly telling when 

applied to a scenario very relevant to human populations. Specifically, we can ask 

what shape does the fixation probability take for de novo mutations in the population. 

Setting 1/ , the frequency of a newly emerged variant in a population, and 
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applying , which is applicable for Wright-Fisher populations, into Equation 

1.3-2 yields: 

 1
1

 (1.3-3) 

   
We find that the fixation probability, , for de novo variants depends only on 

the selection coefficient, , and the effective population size, . To gain a firmer 

understanding of how the selection coefficient, , impacts the probability of fixation, 

, we arbitrarily set 100 and then plot  with respect to  (Figure 1.3-3). 

 

Figure 1.3-3 Plot of Equation 1.3-3 demonstrating how the probability of fixation, , varies 

with respect to the selection coefficient, . Strongly deleterious, nearly neutral, and strongly 

advantageous regimes occur at ≪ , , and ≫ , respectively, and are 

demarcated by blue vertical lines. Plot is specific to de novo mutations which by definition 

occur at a frequency of 1/  and, when neutral, have a the probability of fixation, 

1/ . 
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Examining Figure 1.3-3, three distinct selection regimes emerge. 

1. Strongly Deleterious Regime ≪ 1/N : 

Probability of fixation decreases exponentially as the selection coefficient becomes 

increasingly negative. Note, though, that the even within this deleterious regime, 

the probability of fixation is nonzero. 

2. Nearly Neutral Regime 1/ 1/N : 

Selection is relatively weak in this regime, and therefore changes in allele 

frequency for mutations in this regime are heavily influenced by random genetic 

drift which has a probability of fixation 1/ . It is important to note, though, 

that the interval in which this nearly neutral regime dominates continuously 

narrows as the effective population size, represented here by , increases. Hence, 

the likelihood that a mutation is neutral decreases as population size increases. 

3. Strongly Advantageous Regime ≫ 1/N : 

Probability of fixation increases approximately linearly as the selection coefficient 

becomes increasingly positive. Nonetheless, a strongly advantageous allele with 

0.2 for 100 results in a fixation probability of 0.33, meaning that in 

two out of three cases, an advantageous de novo mutation with 0.2 is still lost. 

1.4 Concluding remarks on random genetic drift and selection 

Explosive population growth in humans has led to a rapid influx of rare variants which 

are expected to play a role in human disease and complex traits (Keinan and Clark, 

2012). To gain a basic insight as towards why we expect an influx of rare, deleterious 

variants when rapid population growth occurs, we introduced two fundamental 
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concepts in population genetics: random genetic drift and selection. Using the 

probability distributions presented in Equations 1.2-6 and 1.3-1, we demonstrated how 

even a de novo, strongly advantageous allele still had an ~26% chance of being lost in 

the next generation which was only an ~7% decrease in probability versus a strictly 

neutral allele. Consequently, random genetic drift is heavily influential on the lifecycle 

of a weakly deleterious allele, as observed in Figure 1.3-3, particularly over relatively 

short time frames as demonstrated in 1.3-2.  

Fitness is defined with respect to the reproduction success rate of an individual 

with a particular genetic composition. A functional allele that impacts fitness 

relatively minimally can propagate readily by random genetic drift. Fitness also varies 

with respect to a changing environment. A trait that is advantageous in one time 

period or geographic region may be deleterious under a contrasting time period or 

environment. Therefore, the selection coefficient value for a particular allele is not 

static but instead is dynamic. Moreover, while selection acts robustly to deplete 

deleterious alleles, the probability of deleterious alleles fixing is not zero (Figure 1.3-

3). Such alleles are therefore expected to be present in growing populations where 

selection has not had sufficient time to effectively purge deleterious de novo 

mutations. Identifying and characterizing such alleles can therefore be very 

informative towards understanding the impact that rare, recently emerged variation has 

on human health and traits. 

1.5 Human interactome networks and disease 

 
Disease-associated mutations are found to be enriched within non-synonymous 
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mutation categories, particularly among missense mutations (Figure 1.5-1) (Stenson et 

al., 2014) and are also reported to be enriched within coding regions of the human 

genome (Hindorff et al., 2009). This enrichment strongly implies that disease-

associated mutations frequently induce a local structural perturbation that specifically 

alters protein function, as opposed to elimination protein function entirely.  

 

Figure 1.5-1 Human disease-associated mutations categorized in HGMD by mutation type 

(accessed August 1, 2016). Note that missense mutations occupy 45% of all known disease-

associated mutations. 

The structural position of a mutated amino acid on a protein can provide 

crucial insight towards the potential impact of a missense mutation in disease. Using 

structurally-resolved protein-protein interaction networks, researchers found that 

disease-associated mutations are enriched upon interaction interfaces (Das et al., 

2014b; Wang et al., 2012), providing direct evidence that disease-associated mutations 

frequently function by disrupting specific protein interactions as opposed to 
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destabilizing protein folding all together. Indeed, a recent study explored the impact of 

2,332 disease-associated mutations on protein stability using a LUMIER assay (Sahni 

et al., 2015). In this assay, destabilized mutant proteins will bind more strongly to 

protein chaperones, including HSP90 and HSC70. Antibodies specific to particular 

chaperones are then used to pull down destabilized proteins in complex with specific 

chaperones (Taipale et al., 2012; Taipale et al., 2014). Using LUMIER, the authors 

found that 28% of disease-associated mutations bound to at least one tested chaperone. 

While the authors noted that limited assay sensitivity could suggest that a higher 

fraction of mutated proteins may be bound to chaperones, nonetheless, 72% of their 

tested alleles did not strongly destabilize protein folding (Sahni et al., 2015). 

Considering the enrichment of disease-associated mutations on protein interaction 

interfaces and the limited impact of disease mutations on protein stability, the authors 

argue that disease-associated mutations must function primarily through perturbations 

of specific protein interactions. 

 The effects of in-frame mutations on protein-protein interactions fall into three 

categories:  (i) non-disruptive, which leave all protein interactions intact; (ii) partially 

disruptive, which perturb only a subset of protein interactions; and (iii) null-like, 

which perturb all interaction partners (Figure 1.5-2). Mutations have been previously 

categorized according to this schematic using high-throughput protein-protein 

interaction assays (Das et al., 2014a; Sahni et al., 2015; Wei et al., 2014; Zhong et al., 

2009). While numerous assays for detecting protein-protein interactions are available, 

including PCA, MAPPIT, and LUMIER (Das et al., 2014a), yeast two-hybrid (Y2H) 

demonstrates a unique advantage in regards to detecting disrupted protein interactions; 
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over 16,000 human protein-protein interactions have been detected by Y2H using the 

Y8800 and Y8930 strains of Saccharomyces cerevisiae (Rolland et al., 2014; Rual et 

al., 2005; Venkatesan et al., 2009; Yu et al., 2011). Using this resource, researchers 

can directly compare the effect of missense mutations on protein interactions in 

comparison to retested wild-type interactions. In this manner, researchers have shown 

that disease-associated mutations primarily result in partially disruptive interaction 

perturbation profiles (Sahni et al., 2015; Wei et al., 2014; Zhong et al., 2009). 

 

Figure 1.5-2 Missense mutations can have three principle impacts on protein-protein 

interactions. Categorizing missense mutations in this manner can provide insight towards the 

molecular mechanisms of trait- and disease-associated mutations. 

 In addition to providing the largest reference database of known human 

protein-protein interactions, the sensitivity of Y2H is also comparable to that of other 

high-throughput techniques for detecting protein-protein interactions. Researchers 

demonstrated this by designing a Positive Reference Set (PRS) of 184 well-established 

protein-protein interactions that have been reported by multiple publications through 
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traditional lab techniques such as co-immunoprecipitation. A Random Reference Set 

(RRS) of 184 completely random proteins pairs, and therefore extremely unlikely to 

interact, were also included. The authors then compared the PRS and RRS interaction 

detection rates for Y2H in comparison to other methods including PCA and MAPPIT 

and found that each method tested had a PRS detection rate (true positive rate, TPR) 

of ~20% (Braun et al., 2009; Venkatesan et al., 2009). In contrast, while most methods 

had an RRS detection rate (false positive rate, FPR) of ≥ 5%, the RRS for Y2H was 

~1%. The low FPR of Y2H is largely attributed to screening for and removing known 

autoactivators which can trigger Y2H reporter activity independent of an interaction 

partner (Walhout and Vidal, 2001). Comparable methods for minimizing false positive 

rates in other high-throughput techniques have not been readily developed, though a 

new PCA construct using an infrared reporter protein has shown promise in low-

throughput applications (Tchekanda et al., 2014). 

 Perturbations to protein-protein interaction networks have been conceptualized 

as frameworks for interpreting complex traits and disease (Vidal et al., 2011; Zhong et 

al., 2009). In an interactome framework, disruptions in specific modules or to 

particular edges may manifest as specific organism phenotypes. Such frameworks 

have even been extended beyond straightforward two-dimensional representations of 

gene-encoded protein interactions to three-dimensional networks in which the 

interfaces between interaction interfaces are structurally-resolved (Das et al., 2014b; 

Meyer et al., 2018; Meyer et al., 2013; Wang et al., 2012).  



 

17 
 

 

Figure 1.5-3 Interpreting genotype-to-phenotype relationships through perturbations within a 

protein-protein interaction network. 

Network-based, structurally-resolved representations of interactome networks 

are particularly appealing because they also provide a framework from which to 

interpret non-Mendelian genotype-to-phenotype connections, particularly for cases of 

locus heterogeneity, in which any mutation in multiple different genes can result in the 

same disease phenotype, or gene pleiotropy, in which mutations in a single gene map 

to multiple clinically distinct disorders. Using a structurally resolved protein-protein 

interaction network, Wang and colleagues identified three disease-associated 

mutations on the protein WASP that occurred on two distinct interaction interfaces. 

Two mutations on the interaction interface between WASP and VASP resulted in X-

linked thrombocytopenia while a disease-associated mutation on a distinct interaction 

interfaces that mediated the WASP-CDC42 interaction resulted in X-linked 

neutropenia, a clinically distinct disease (Wang et al., 2012). Considering that rare 

variants have been found to be enriched on protein-protein interaction interfaces and 

have been demonstrated to result in unique interaction perturbation profiles (Khurana 

et al., 2013), protein-protein interaction networks represent a promising resource for 

identifying and characterizing function population variants. 

 Profiling interaction perturbations on a large scale, however, is resource-
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intensive and is unlikely to keep pace with current scales of variant discovery. As 

such, researchers have developed several genome-wide tools for identifying 

potentially deleterious human polymorphisms, including PolyPhen-2 (Adzhubei et al., 

2010), SIFT (Ng and Henikoff, 2003), and CADD (Kircher et al., 2014). While these 

tools have been expertly developed and rely on fundamental principles of protein 

conservation and evolution, these tools have performed poorly in clinical settings and 

seldom result in measurable phenotypes. Indeed, a recent study of 33 de novo 

missense variants in mice found that only 20% of mutations predicted to be deleterious 

by PolyPhen-2 resulted in discernible phenotypes in mice homozygous for the de novo 

mutations tested (Miosge et al., 2015). A more recent, substantially larger analysis in 

mice consisting of genotype and phenotype data for 116,330 ENU-induced mutations 

found that 17% of mutations scored as “probably damaging” by PolyPhen-2 resulted 

in a discernible phenotypes in mice (Wang et al., 2018). Hence, substantial progress is 

still needed before functional prediction algorithms alone can be used to reliably 

detect functional polymorphisms in sequencing data. 

1.6 Brief outline of recent high profile large-scale sequencing studies 

A long-standing goal of medical genetics is to identify genomic variants that 

contribute to human disease and complex traits. With this goal in mind, researchers 

developed the Common Disease – Common Variant hypothesis which proposes that 

relatively common genetic variants of considerably low penetrance (penetrance is the 

probability that the carrier of the variant will express the disease) are the major 

contributors to commonly occurring human disease (Schork et al., 2009). In support of 
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this hypothesis, numerous Genome-Wide Association Studies (GWAS) have been 

performed, uncovering hundreds of genetic variants associated with complex human 

disease and traits (Manolio et al., 2009). Unfortunately, most of the variants identified 

confer little risk for the associated trait or disease. For example, 18 genetic loci have 

been linked to Type 2 diabetes; however, the 18 loci only account for 6% of the 

proportion of heritability of Type 2 diabetes (Zeggini et al., 2008). Since GWAS-

identified loci often poorly explain phenotypic variance despite tens of thousands of 

individuals studied, researchers have proposed alternative explanations for connecting 

genetic loci to common disease. Specifically, the Rare Variant – Common Disease 

hypothesis in which rarer variants of larger effect sizes are proposed to account for 

much of the missing heritability unexplained by GWAS loci (Manolio et al., 2009). 

Hence, large-scale sequencing efforts of ever-expanding size, including the 1000 

Genomes Project (The 1000 Genomes Project Consortium, 2015), Exome Sequencing 

Project (ESP6500) (Fu et al., 2013; Tennessen et al., 2012), UK10K (The UK10K 

Consortium, 2015), and Exome Aggregation Consortium (ExAC) of 60,706 individual 

exomes (Lek et al., 2016), have been developed with the goal of identifying putatively 

functional genetic variation segregating at rare allele frequencies. A summary of these 

and related studies is provided in Table 1.6-1. 

 

 

 
 

Table 1.6-1 Summary of findings from recent high profile, large-scale sequencing studies 
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1.7 Widespread impact of population variants across global populations 

In principle, the rarest variant that can be identified in a single study is defined as 

having an allele count equal to one divided by the total number of alleles sequenced in 

the study, otherwise referred to as a singleton. Since humans are diploid, a singleton in 

a sequencing study of 1000 individuals will have an allele frequency of 1/2000 = 

0.05%. Hence, increasingly larger study sizes are needed to find rarer alleles, a 

challenging task. Rapidly improving next-generation sequencing platforms, though, 

have readily enabled whole-genome and whole-exome sequencing studies at the large 

scales needed to probe rare variants. The first major iteration towards this effort was 

referred to as the 1000 Genomes Project. Split across multiple phases, Phase I of the 

1000 Genomes Project aimed to provide a geographical and functional spectrum of 

allelic variation across 1,092 individuals, representing 14 different populations (The 

1000 Genomes Project Consortium, 2012). This effort generated 38 million unique 

SNPs and covered 98% of “accessible” (for reference, variants that reside within 

regions of the genome that are difficult to sequence, such as homopolymeric regions, 

are considered inaccessible) SNPs with minor allele frequency (MAF) > 1.0%, in 

addition to unprecedented coverage for rare alleles. 

 Despite uncovering 38 million unique SNPs, only a fraction of these are 

expected to be functionally relevant. In an effort to identify such variants, researchers 

focused on conserved genomic sites, defined as having a GERP (Cooper et al., 2005) 

score > 2.0, in which the GERP score is a metric that uses multiple sequence 

alignments to identify highly constrained genomic sites, and then examined the 

distribution of both synonymous and non-synonymous variants across the site 
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frequency spectrum (SFS). In this manner, the researchers were able to identify excess 

rare variants sufficiently deleterious such that they would never reach common alleles 

frequencies (MAF > 5.0%). Accordingly, the researchers estimated, on average, that 

every individual carries 153 to 320 deleterious coding variants in their genomes. In 

addition to these SFS-identified deleterious variants, the average genome also carries 

150 Loss-of-Function variants (e.g. stop-gain and splice-site mutations) as well as 20-

40 clinically relevant mutations, determined by their expected presence in the Human 

Gene Mutation Database, HGMD (Stenson et al., 2009). 

 Phase III of the 1000 Genomes Project (The 1000 Genomes Project 

Consortium, 2015) expanded their whole-genome study size from 1,092 individuals to 

2,504 individuals across 26 populations and uncovered a total of 88 million variants. 

The study further estimated that an average 4.1 to 5.0 million sequence differences are 

expected between two genomes and noted that African genomes harbor the greatest 

number of variant sites. This is in agreement with the Out of Africa hypothesis since 

more recently arisen populations such as Europeans have smaller and more recent 

founder populations which, in turn, lowers nucleotide diversity. Lastly, while the study 

notes that 64 million of the variants discovered were rare (MAF < 0.5%), the majority 

of variants per individual genome are actually common. Only 40,000 to 200,000 of the 

4.1 to 5 million variants per genome (1-4%) are actually rare. This is a subtle but 

important distinction. Databases including those for the 1000 Genomes Project, 

ESP6500, and ExAC consistently report the total number of unique variants found in 

any individual. Common variants (MAF > 5.0%) are therefore counted only once 

despite occurring in at least one out of every twenty genomes. In contrast, consider a 
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singleton which by definition can only occur in one individual. Each singleton is 

therefore guaranteed to increase the variant count in a database which is not true of 

common variants. As a result, every large-scale sequencing database will assert that 

rare variants dominate their studies. This is certainly true. However, despite an 

enrichment for rare variants in human genomes, it is worth reiterating that the vast 

majority of variants per individual genome, >96% for the 1000 Genomes Project, are 

not rare. This is a crucial distinction to keep in mind when surveying literature on 

sequencing projects since that means that even if a common variant has only a mildly 

deleterious effect, that effect will be widespread which cannot be said for rare variants. 

 Noting that disease-associated variants are enriched within coding regions of 

the genome (Hindorff et al., 2009) and capitalizing on the lowered expense of 

sequencing whole exomes as opposed to whole-genomes, sample sizes increased again 

for the ESP6500 publications. In Phase I of ESP6500, 2,440 individual exomes from 

European and African American (EA and AA, respectively) ancestries were sequenced 

and ~500,000 single nucleotide variants (SNVs) were uncovered, 86% of which were 

rare (MAF < 0.5%) (Tennessen et al., 2012). (See Appendix A.3 for a short discussion 

regarding the difference between the terms SNPs and SNVs) The authors further 

remark that explosive population growth in combination with weak purifying selection 

accounts for the excess of rare variation observed in their study. More importantly, the 

authors also report that out of an average of 13,595 SNVs per individual, 318 to 580 

(2.3-4.2%) SNVs are predicted to impact protein function. The authors arrive at this 

estimate in the same manner in which the authors from the Phase I iteration of the 

1000 Genomes Project performed their genome-wide estimate for deleterious 



 

24 
 

variation: specifically, the distribution of both synonymous and non-synonymous 

variants across the site frequency spectrum is examined to identify excess rare variants 

sufficiently deleterious that they would never reach common alleles frequencies. Note 

that this 318 to 580 figure reported in ESP6500 Phase I is markedly higher than the 

153 to 320 deleterious coding variants reported in the 1000 Genomes Project despite 

using the same method to identify deleterious variation (The 1000 Genomes Project 

Consortium, 2012). This suggests that increased sample size may account for the 

higher deleterious variant counts reported in ESP Phase I. 

 Purifying selection on ESP variants were also measured using seven functional 

prediction algorithms, including widely used tools such as PolyPhen-2 (Adzhubei et 

al., 2010) and SIFT (Ng and Henikoff, 2003). While each method attempts to find 

likely deleterious alleles at conserved genomic sites, individual predictions can vary 

widely between methods. Indeed, the authors report that 47% of nonsynonymous 

variants are predicted to be functional by at least one method while only 1% of 

nonsynonymous variants are predicted to be functional by all seven methods tested in 

their publication (Tennessen et al., 2012). Because of this limited agreement, the 

authors, perhaps arbitrarily, adopt a “majority rule” for assigning deleterious variation 

in which at least four out of the seven methods must agree that a variant is functional 

for the variant to be considered deleterious. While the majority rule indicates that 

16.9% of nonsynonymous SNVs are functional, no evidence is presented supporting 

the proposition that prediction methods yield more accurate results when combined 

with other prediction methods. Moreover, the authors never justify how the 16.9% of 

deleterious variants identified by their majority rule method differs with respect to the 
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2.3 to 4.2% of variants per genome proposed to alter protein function using their site 

frequency spectrum-deleterious approach. Presumably, the methods differ in that both 

common and rare variation can be scored as deleterious using functional prediction 

algorithms while the SFS-based method for identifying deleterious, medically-relevant 

variants is limited to rare variants. Considering, though, that functional prediction 

algorithms like PolyPhen-2 are heavily biased towards identifying rare variants as 

damaging, it is still uncertain why two different methods for classifying deleterious 

variation were used by the authors. 

 ESP6500 Phase II expanded their exome sequencing set to 6,515 individuals 

primarily of EA and AA ancestry, uncovering a total of >1 million SNVs (Fu et al., 

2013). To differentiate their study from their previous work beyond increased sample 

size (Tennessen et al., 2012), the authors instead focused on estimating the allele age 

for each of their sequenced SNVs with the specific goal of investigating how recent 

explosive population growth has yielded an excess of weakly deleterious SNVs 

segregating at rare allele frequencies. Notably, the authors report that 73% of all 

coding SNVs arose in the past 5,000 to 10,000 years, in concurrence with subsequent 

explosive human population growth. Similar to their previous work (Tennessen et al., 

2012), the authors again apply a “majority rule” to identify putatively functional SNVs 

that are deemed as potentially deleterious by at least four separate functional 

prediction algorithms and report that 86% of these putatively functional alleles arose 

within this same 5,000 to 10,000 year timeframe. In other words, the vast majority of 

mutation burden imposed on human genomes is due to deleterious SNVs that arose as 

a consequence of recent explosive population growth.  
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The authors also show proof in support of the Out of Africa hypothesis by 

performing simulations similar in theme to those presented for Figure 1.3-1 and 1.3-2 

(but executed with significantly more sophistication) to estimate the probability that de 

novo weakly deleterious SNVs at differing selection coefficients and arising at 

different times in the past, could still survive to this day. In comparison to neutral 

alleles, 0, the authors found that deleterious alleles with selection coefficients 0

0.1% survived at ~50% or more, depending on the magnitude of , of the rate at 

which neutral alleles survived over a 50,000 year time period. (For clarity, the authors 

are not stating that 50% of all deleterious alleles survive. Recall that under a Wright-

Fisher model, a de novo neutral allele at frequency 1/  has a fixation probability 

equal to 1/ . The authors are therefore stating that weakly deleterious alleles survive 

in the population at a rate comparable to the rate at which a de novo neutral allele 

would survive within relatively short time frame.) Extending beyond 50,000 years 

lowers the survival rate of deleterious alleles with 0.1% to nearly 0% such that 

most weakly deleterious SNVs are purged at time frames beyond 100,000 years. 

Similarly, the proportion of deleterious variants with an estimated age of 50,000 to 

100,000 years in disease-associated genes was enriched in EAs in comparison to AAs, 

in agreement with the Out of Africa model. 

Lastly, but importantly, the authors noted that a rare coding SNV was observed 

every 1 out of 52 and 1 out of 57 base pairs in EAs and AAs, respectively; however, 

the rate at which rare variation was found varied profoundly with respect to the 

disease-relevant KEGG pathways to which a gene belonged. In general, significantly 

younger alleles (and therefore higher rates of rare variation per base pair) were 
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observed in disease-relevant genes in comparison to genes from less essential 

pathways. This observation appears to agree with a previous report in which 202 

disease-relevant, drug-related genes were sequenced in 14,002 individuals (Nelson et 

al., 2012). In their study, Nelson and colleagues report that a rare variant (MAF < 

0.5%) occurs every 1 out of 17 base pairs in these essential genes and assert that the 

elevated rate of rare variation observed is a consequence of recent explosive 

population growth in humans. Similar to the ESP Phase I study (Tennessen et al., 

2012), Nelson and colleagues also report that ~20% of all mutations in their 202 drug-

related genes are expected to be deleterious using a variety of functional prediction 

algorithms.  

Realizing how valuable reference databases for human genetic variation are 

towards the medical and functional interpretation of variants, the Exome Aggregation 

Consortium (ExAC) was constructed as a resource composed of coding sequencing 

data from 14 exome sequencing cohorts (Lek et al., 2016). The combined resource 

represents over 10 million unique variants from 60,706 individuals, representing seven 

population groups. The unprecedented size of ExAC unveiled widespread mutational 

recurrence, resulting in an average of one variant per every eight coding bases. This 

unprecedented sequencing scale enabled Lek and colleagues to take an in-depth 

measure of the functional constraints acting on each gene by examining the fraction of 

missing variation within a gene compared to neutral expectation. Their basic notion 

was that decreasingly less sequencing variation should be observed across increasingly 

essential genes. 

Using Z-scores to quantify deviations in expected variant counts from 
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expectation, the authors found that missense variants and protein-truncating variants 

(PTVs) in particular were depleted with respect to neutral expectation while 

synonymous variants showed no such depletion. In agreement with conclusions from 

other large-scale sequencing studies (Fu et al., 2013; The 1000 Genomes Project 

Consortium, 2015; The UK10K Consortium, 2015), this depletion for nonsynonymous 

variation implies that, as a whole, purifying selection limits the prevalence of 

nonsynonymous variation in human genomes. Since PTVs are under stronger 

functional constraint than missense variants, and more likely to result in a deleterious 

loss-of-function (LoF) phenotype as a result, the authors then measured observed and 

expected PTV counts per gene and then grouped all analyzed genes into three 

categories: (1) presumed null genes, in which observed PTV counts were roughly 

equal to expected PTV counts; (2) recessive genes, in which observed PTV counts 

were less than 50% of expected PTV counts; and (3) haploinsufficient genes, in which 

observed PTV counts were 10% or less of expected PTV counts. The authors then 

optimized these metrics using an expectation-maximizing algorithm to construct their 

pLI metric, the probability that a gene is intolerant to loss-of-function variants. The 

authors found that pLI-categorized LoF-intolerant genes (pLI ≥ 0.9) overlapped with 

virtually all known haploinsufficient human disease genes and, at its most constrained, 

overlapped well with genes involved in fundamental biological processes, including 

those in the spliceosome, ribosome, and proteasome. Lastly, the authors reported that 

the near tenfold increase in size relative to ESP6500 allowed for more effective 

filtering of potential disease-associated mutations with implausibly high allele 

frequencies. To this end, the authors report that the average exome in ExAC contains 
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54 variants likely incorrectly listed as disease-associated in databases such as HGMD 

or ClinVar due to their high MAFs.  

Currently, ExAC serves as the largest reference database for human variation 

available, but as new whole-genome and whole-exome sequencing efforts come to 

completion, an even larger repository sequencing database known as gnomAD 

representing 123,136 exomes and 15,496 genomes is soon to supplant ExAC. 

1.8 Identifying genotype-to-phenotype associations via large-scale sequencing 

While the 1000 Genomes Project, ESP6500, and ExAC sequencing studies have 

effectively constructed reference panels for human genetic variation spanning global 

populations, population-specific sequencing efforts focused on genomes from Dutch 

(The Genome of the Netherlands Consortium, 2014), Icelandic (Gudbjartsson et al., 

2015), and UK populations (The UK10K Consortium, 2015) have also surfaced. These 

high profile studies have, unsurprisingly at this point, unveiled extensive rare coding 

variation specific to these population subgroups but, unlike their predecessor studies, 

also provide examples of rare variants linked to specific disease phenotypes. For 

example, a whole-genome sequencing study of 2,636 Icelanders was incorporated into 

a GWAS for early-onset atrial fibrillation on a subset of 1,294 individuals with 

hospital discharge diagnoses (Gudbjartsson et al., 2015). This study revealed a rare 

frameshift mutation (MAF = 0.64%) in the myosin light chain gene MYL4 which had 

an extremely convincing odds ratio = 110.3. This MYL4 frameshift mutation, 

c.234delC, was homozygous in eight individuals, all of which were diagnosed with 

early-onset atrial fibrillation. Similar connections were reported for rare mutations in 
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ABCB4 in association with liver diseases, highlighting the power of rare variant 

association tests performed in large population cohorts. 

Rare variant associations with common and complex disease were also 

reported in a larger study of ~10,000 individuals from the UK10K project (The 

UK10K Consortium, 2015). In an effort to explore the genetic components of 

quantitative traits, the UK10K study included phenotype data for 64 traits, including 

obesity, diabetes, and blood pressure. Single marker association tests were performed 

on a subset of 3,781 individuals with available whole-genome sequencing data. 27 

genetic loci associations with 31 traits were reported, only two of which, though, were 

found to be novel. The two loci in genes ADIPOQ and APOC3, which are involved in 

regulating glucose and triglyceride levels, respectively, occurred at relatively low 

frequencies but did not have large effect sizes. Similarly, the authors also identified 

three rare LoF variants in the lipoprotein gene APOB of varying effect size. As a 

whole, however, association statistics appeared underpowered towards detecting true 

signal. As a result, the authors found no evidence of low-frequency alleles with large 

effects upon traits. Moreover, no linked loci were reported when examining complex 

traits such as obesity, autism, or schizophrenia. 

Of the many large-scale sequencing studies performed in European 

populations, the Genomes of the Netherlands (GoNL) study particularly stands out 

since it was performed specifically on 250 family trios or quads. As such, the GoNL 

study allowed for functional characterization of de novo variants, which are 

spontaneous mutations found in offspring and therefore not transmitted to them by 

their parents. De novo mutations should not be confused with singletons. Both occur at 
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an allele frequency of one over the total number of alleles sequenced; however, 

singletons cannot be verified as spontaneous as opposed to inherited without 

sequencing the parents of the individual carrying the singleton as well.  

The GoNL authors report that in addition to a vast influx of previously 

undiscovered variants segregating at rare allele frequencies, offspring genomes on 

average carry 63 de novo mutations. Furthermore, the rate of de novo mutation 

occurrence is reported to increases by 2.5% per year of the father’s age. This is a 

particularly interesting result because de novo mutations are under no prior functional 

constraint and are therefore strong candidates for study in human disease, particular in 

family trios in which the child is afflicted with a disease while the parents or siblings 

are unaffected. While no disease phenotype data is presented in the GoNL study, the 

authors still report that the average individual carries 60 LoF variants, ~56 of which 

occur at common allele frequencies and therefore assumed to be benign. Similarly, 

484 missense variants are predicted to be damaging, of which 93% are common. 

In stark contrast to the GoNL study, a particularly high profile study on the 

impact of de novo variation in complex disease was performed using the Simons 

Simplex Collection (SSC) dataset (Iossifov et al., 2014). The SSC consists of whole-

genome sequencing data for ~2,500 families consisting of parent-offspring trios or 

quads with two unaffected parent, an ASD-afflicted proband and, for ~1900 sequenced 

families, an unaffected sibling (Fischbach and Lord, 2010). Due to this trio and quad 

design, de novo variants specific to ASD phenotypes can be identified.  

Iossifov and colleagues examined the distribution of de novo variants in ASD-

afflicted probands and unaffected siblings and found that nearly all proband de novo 
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coding variants occurred opposite wild-type alleles, suggesting that haploinsufficient 

gene are principally targeted (Iossifov et al., 2014). The authors also note that the de 

novo synonymous mutation rate was relatively equal between ASD probands and 

unaffected siblings at 0.34 and 0.33 mutations per child, respectively. In contrast, 

likely gene-damaging (LGD, e.g. nonsense and splice-site mutations) de novo 

mutations occurred at rate of 0.21 and 0.12 mutation per child in ASD probands and 

unaffected siblings, respectively. By subtracting this “ascertainment differential” 

between ASD probands and unaffected siblings (0.21 – 0.12) and dividing this 

differential by the mutations rate per child in ASD probands (0.09  0.21), the authors 

determined that 43% of proband LGD events contribute to ASD. Furthermore, the 

authors reported that only 13% of proband missense events contribute to ASD but the 

confidence interval was wide, so the authors focused their analysis on LGD mutations 

instead. 

By grouping genes targeted by LGD mutations in ASD probands in 

comparison to unaffected siblings, Iossifov and colleagues go on to report that genes 

involved in fundamental developmental pathways, including genes regulated by the 

FMRP transcription factor, are targeted by proband mutations. Moreover, ASD-

afflicted children with LGD mutations in FMRP-regulated genes had, as a whole, a 20 

point drop in their nonverbal IQ scores. Correspondence between age of parent and 

ASD risk was also reported. However, it is imperative to note that only 391 de novo 

LGD mutations in ASD probands were found. Consequently, in ~2100 ASD-afflicted 

probands, a de novo LGD mutation does not contribute to ASD diagnosis. Considering 

that 1500 de novo missense mutations were also identified, it stands to reason that a 
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substantial fraction of functional missense variation must be contributing to ASD 

outcomes. Identifying such functional variation, though, remains a significant 

challenge, especially considering that the authors do not report any results for 

missense mutations predicted to be damaging. 

1.9 Concluding remarks 

Common themes arise among the 1000 Genomes (The 1000 Genomes Project 

Consortium, 2012, 2015) and ESP6500 (Fu et al., 2013; Tennessen et al., 2012) 

manuscripts. Each gives evidence to widespread rare genetic variation as a result of 

recent, explosive population growth. Applying functional prediction algorithms to 

their datasets suggest that ~20% of segregating coding variants are potentially 

deleterious and that deleterious variation is enriched among rare variants, a result also 

found in the GoNL study (The Genome of the Netherlands Consortium, 2014) and 

Nelson and colleagues’ study in 202 drug-targeted genes (Nelson et al., 2012). More 

constrained, site frequency spectrum-based predictions, though, conclude that up 4.2% 

of nonsynonymous variants per individual genome may disrupt protein function, 

though no mechanisms or direct evidence of altered protein function is ever presented. 

Indeed, recent studies have suggested that the functional prediction methods used to 

assert widespread functional coding mutations rarely result in measureable 

phenotypes, at least in mice (Miosge et al., 2015; Wang et al., 2018). Nonetheless, the 

influx and enrichment of rare, widespread genetic variation invariably has an impact 

on human health and disease (Keinan and Clark, 2012). Pinpointing just how and 

which variants mechanistically impact human phenotypes at either an organism or 
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molecular level, though, has proven difficult. Interactome-based approaches, however, 

have proven resourceful towards dissecting different mechanisms of disease-

associated mutation and could prove equally insightful when searching for potentially 

functional population variants from ever-emerging sequencing data. 
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CHAPTER 2 
 

A MASSIVELY PARALLEL PIPELINE TO CLONE DNA VARIANTS AND 

EXAMINE MOLECULAR PHENOTYPES OF HUMAN DISEASE MUTATIONS 
 
 

2.1 Preface 

Chapter 2 was originally published as “Wei, X.*, Das, J.*, Fragoza, R.*, Liang, J.*, 

Bastos de Oliveira, F.M., Lee, H.R., Wang, X., Mort, M., Stenson, P.D., Cooper, 

D.N., Lipkin, S.M., Smolka, M.B., Yu, H.  A massively parallel pipeline to clone 

DNA variants and examine molecular phenotypes of human disease mutations. PLoS 

Genet 10, e1004819 (2014)” where * indicates co-first author. Per guidelines by the 

Field of Biochemistry, Molecular, and Cellular Biology, the manuscript has been 

amended to focus primarily on contributions made by Robert Fragoza but has retained 

the results of others for the purposes of clarity when reading the text. 

2.2 Abstract 

Understanding the functional relevance of DNA variants is essential for all exome and 

genome sequencing projects. However, current mutagenesis cloning protocols require 

Sanger sequencing, and thus are prohibitively costly and labor-intensive. We describe 

a massively-parallel site-directed mutagenesis approach, “Clone-seq”, leveraging next-

generation sequencing to rapidly and cost-effectively generate a large number of 

mutant alleles. Using Clone-seq, we further develop a comparative interactome-

scanning pipeline integrating high-throughput GFP, yeast two-hybrid (Y2H), and mass 

spectrometry assays to systematically evaluate the functional impact of mutations on 
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protein stability and interactions. We use this pipeline to show that disease mutations 

on protein-protein interaction interfaces are significantly more likely than those away 

from interfaces to disrupt corresponding interactions. We also find that mutation pairs 

with similar molecular phenotypes in terms of both protein stability and interactions 

are significantly more likely to cause the same disease than those with different 

molecular phenotypes, validating the in vivo biological relevance of our high-

throughput GFP and Y2H assays, and indicating that both assays can be used to 

determine candidate disease mutations in the future. The general scheme of our 

experimental pipeline can be readily expanded to other types of interactome-mapping 

methods to comprehensively evaluate the functional relevance of all DNA variants, 

including those in non-coding regions. 

2.3 Author Summary 

With rapid advances in sequencing technologies, tens of millions of DNA variants 

have now been discovered in the human population. However, there are currently no 

experimental methods available for examining the impact of DNA variants in a high-

throughput fashion. As a result, we have no functional data on the vast majority of 

these variants, which is a major roadblock to generating novel biological insights and 

developing new disease prevention therapeutic strategies. To address this issue, we 

have successfully developed the first massively-parallel site-directed mutagenesis 

approach, Clone-seq, to leverage the power of next-generation sequencing to generate 

a large number of mutant alleles in a fast and cost-effective manner. In conjunction 

with Clone-seq, we established a high-throughput comparative interactome-scanning 
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pipeline to experimentally elucidate the effect of variants on protein stability and 

interactions. Additionally, Clone-seq can be used to generate clones for all DNA 

variants, including those in non-coding regions. 

2.4 Introduction 

Owing to rapid advances in next-generation sequencing technologies, tens of 

thousands of disease-associated mutations (Stenson et al., 2009) and millions of single 

nucleotide polymorphisms (SNPs) (Fu et al., 2013; The 1000 Genomes Project 

Consortium, 2012) have been identified in the human population. With the large 

number of ongoing whole-exome and whole-genome sequencing projects (Fu et al., 

2013; The 1000 Genomes Project Consortium, 2012) hundreds of thousands of new 

SNPs are now being discovered every month. Hence, there is an urgent need to 

develop high-throughput methods to sift through this deluge of sequence data and 

rapidly determine the functional relevance of each variant. Here, we focus on coding 

variants, firstly because trait- and disease-associated SNPs are significantly over-

represented in nonsynonymous sites (Hindorff et al., 2009), and secondly because the 

vast majority of disease-associated mutations identified to date reside within coding 

regions (Stenson et al., 2009). We evaluate the functional impact of coding variants by 

examining their effects on corresponding protein-protein interactions, because most 

proteins carry out their functions by interacting with other proteins (Vidal et al., 2011). 

Recent studies have begun to use large-scale protein interaction networks to 

understand human diseases and their associated mutations (Vidal et al., 2011; Zhong 

et al., 2009). By integrating structural details with high-quality protein networks, we 
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created a 3D interactome network where the interface for each interaction has been 

structurally resolved (Wang et al., 2012). Using this 3D network, we demonstrated 

that in-frame disease mutations (missense mutations and in-frame insertions/deletions) 

are significantly enriched at the interaction interfaces of the corresponding proteins 

(Wang et al., 2012). Our results indicate that alteration of specific interactions is very 

important for the pathogenesis of many disease genes, highlighting the importance of 

3D structural models of protein interactions in understanding the functional relevance 

of coding variants. However, many important questions still remain unanswered – for 

example, what fraction of protein-protein interactions is altered by disease mutations 

to cause the corresponding disorders? Furthermore, do structural details of the 

interacting proteins, especially the position of the mutation relative to the interaction 

interface, affect the ability of a given disease mutation to alter a specific interaction? 

To address these questions, we decided to focus on proteins with known 

disease mutations that participate in interactions with available co-crystal structures in 

the Protein Data Bank (PDB) (Berman et al., 2000). To detect the alteration of the 

interactions by disease mutations, it is necessary to first detect the interactions of the 

wild-type proteins using an assay of choice. This turns out to be a major bottleneck 

because all high-throughput interaction-detection assays have very limited sensitivity 

(Braun et al., 2009; Yu et al., 2008). Our assay of choice is Y2H because there are 

over 16,000 human protein interactions detected by our version of Y2H that can serve 

as the reference interactome for comparison (Rolland et al., 2014; Rual et al., 2005; 

Venkatesan et al., 2009; Yu et al., 2011), the largest for any assay performed to date 

(Appendix B.1).  
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Figure 2.4-1 Schematic of our comparative interactome-scanning pipeline. Our pipeline 

begins with Clone-seq (a), a massively-parallel low-cost site-directed mutagenesis pipeline 

leveraging next-generation sequencing. This is followed by a high-throughput GFP assay (b) 

to determine protein stability, and a high-throughput Y2H assay (c), along with SILAC-based 

mass spectrometry (d) to determine the impact of DNA coding variants on protein 

interactions. 

In total, there are 217 interactions detected by our version of Y2H with available co-

crystal structures; 51 of these also have known missense disease mutations on 

corresponding proteins in the Human Gene Mutation Database (HGMD) (Stenson et 

al., 2009) and the corresponding interactions for the wild-type proteins can be detected 



 

43 
 

in our experiments with strong Y2H-positive phenotypes (Append B.2; Materials 

and Methods). Here, we focused on missense mutations because they are intrinsically 

more likely to generate interaction-specific disruptions (Zhong et al., 2009). We 

established a high-throughput comparative interactome-scanning pipeline to clone 

disease mutations and examine their molecular phenotypes (Figure 2-4.1). The 

methodologies established here can be readily applied to any non-synonymous variant 

in the coding region, including nonsense mutations. 

2.5 Results 

2.5.1 Clone-seq: A massively parallel site-directed mutagenesis pipeline using 

next-generation sequencing 

The first step of our pipeline is a massively parallel approach, termed Clone-seq, 

designed to leverage the power of next-generation sequencing to generate a large 

number of mutant alleles using site-directed mutagenesis in a rapid and cost-effective 

manner. Current protocols for site-directed mutagenesis require picking individual 

colonies and sequencing each colony using Sanger sequencing to identify the correct 

clone (Suzuki et al., 2005). This standard approach is both labor-intensive and 

expensive; therefore, it does not scale up to genome-wide surveys. In Clone-seq, we 

put one colony of each mutagenesis attempt into one pool (Figure 2.4-1a; in other 

words, each pool contains one and only one colony for each desired mutation) and 

combine multiple pools through multiplexing for one Illumina sequencing run (Salehi-

Ashtiani et al., 2008). Colonies for generating different mutations of the same gene 

can be put into the same pool, which can be easily distinguished computationally 
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when processing the sequencing results. This is true even for mutations occurring at 

the same site (Figure 2.5-1a). 

 

Figure 2.5-1 Identifying usable clones from Clone-seq. (a) Schematic illustrating criteria 

used to determine which of the clones generated by our Clone-seq pipeline are usable for 
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further assays – green ticks indicate usable clones, while red crosses indicate clones that 

cannot be used. (b) Variation of S across different mutagenesis attempts that either contain or 

do not contain the desired mutation as confirmed by Sanger sequencing. 

 

For the 51 selected interactions, we chose 27 disease-associated mutations of 

residues at the interface (“interface residue”), 100 mutations in the rest of the interface 

domain (“interface domain”) and 77 mutations away from the interface (“away from 

the interface”; Figure 2.5-2a,b). These interfaces were determined using solvent 

accessible surface area calculations as previously described (Das et al., 2014; Khurana 

et al., 2013) on 7,340 co-crystal structures (Materials and Methods). To set up our 

Clone-seq pipeline, we first started with 39 mutations from these 204 and picked 4 

colonies for each mutation. As a reference, we also pooled together all the wild-type 

alleles in our human ORFeome library to be sequenced together with the 4 pools of the 

mutagenesis colonies. In total, there were 40.1 million Illumina HiSeq 1×100 bp reads 

for our Clone-seq samples (Appendix B.3.1) for an average of >2,500× coverage on 

all desired mutation sites. Therefore, our Clone-seq pipeline has the capacity to 

generate >3,000 mutations in one full lane of a HiSeq run with 1×100 bp reads, 

drastically improving the throughput and decreasing overall sequencing costs by at 

least 10-fold (Appendix B.3.3). 
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Figure 2.5-2 Examples of disease mutations in different structural loci of protein-protein 

interactions and examples of our GFP assay results. (a) Crystal structure (PDB id: 3W4U) 

depicting a D100Y mutation (on Hbb) at an interface residue and a F104L mutation in the 

interface domain for the Hbb-Hbz interaction. (b) Crystal structure (PDB id: 1G3N) depicting 

a V31L mutation (on Cdkn2c) away from the Cdkn2c-Cdk6 interaction interface. (c) GFP 

assays that determine the stability of wild-type Rrm2b and the R41P and L317V mutations on 

Rrm2b that are at an interface residue and away from the interface for the Rrm2b-Rrm2b 

interaction; GFP assays that determine the stability of wild-type Hprt1 and the C206Y 

mutation on Hprt1 that is away from the interaction interface of Hprt-Hprt1. Empty vector 

was used as a negative control. 
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Figure 2.5-1a presents a schematic of the criteria we use to determine which 

clones contain the desired mutation and can be used for subsequent steps. For 

example, in pool 1, all reads (ignoring sequencing errors) confirm that genes I and II 

each contain the desired mutation – T116A and G298T, respectively. For gene III, we 

want to generate two separate clones with two separate mutations – IIIA41T and IIIC194T. 

Since half the reads contain T41 (instead of A41) and the other half contain T194 

(instead of C194), and we normalize DNA concentrations across all samples, we can 

infer that both mutant clones were generated successfully. In contrast, for gene IV, we 

see that while half the reads contain A511 (instead of G511), all the reads are wild-

type at C74. Thus, we infer that while the IVG511A clone is successfully generated, the 

IVC74Tclone is not. For gene V, although both mutant clones are successfully 

generated, half the reads contain an additional mutation, C436G. Since it is impossible 

to know which of the two clones for V contains this unwanted mutation, neither clone 

is usable. Similarly, we can determine mutant clones IT116A, IIIA41T, IIIC194T, IVC74T, 

IVG511A, VT53G, and VG272A as usable clones in pool n. Based on these criteria, we 

developed the S score calculation and used it to determine successful mutagenesis 

attempts (Materials and Methods). Out of 156 colonies for 39 mutations, 125 of 

them contain the desired mutations (S>0.8), an overall 80% PCR-mutagenesis success 

rate. In fact, we were able to pick correct clones for all 39 mutant alleles using only 

the first two pools in Clone-seq. All 78 clones from the first two pools, from which the 

correct ones were selected for use in subsequent steps, were also Sanger sequenced for 

verification. 55 Clone-seq positive results with S>0.8 were all confirmed and there is a 
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clear separation in the S scores between the successful and failed mutagenesis attempts 

(Figure 2.5-1b). 

One major advantage of our Clone-seq pipeline is that it allows us to carefully 

examine whether other unwanted mutations have been inadvertently introduced during 

PCR-mutagenesis in comparison with the corresponding wild-type alleles, since we 

obtain reads spanning the entire gene. We found that there are on average 4–5 

unwanted mutations introduced in each pool of 39 colonies. This corresponds to a 

0.013% PCR error rate (Materials and Methods), in agreement with previous 

studies (Vandenbroucke et al., 2011). The detection of unwanted mutations, especially 

those distant from the mutation of interest, is achieved in traditional site-directed 

mutagenesis pipelines by Sanger sequencing through the gene of interest. This is 

costly and labor-intensive, especially because multiple sequencing runs are needed for 

one long gene. However, since Clone-seq yields reads spanning the entire gene, we 

were able to determine which of the generated clones definitely do not have unwanted 

mutations in the full length of their sequences as illustrated in Figure 2.5-1a 

(Materials and Methods), and we pick only these clones for subsequent assays. 

To further test our Clone-seq pipeline, we applied it to generate clones for 113 

SNPs on 66 genes from the recently published Exome Sequencing Project dataset (Fu 

et al., 2013). Using the same approach as described above, we sequenced 4 colonies 

each for the 113 alleles of interest using one third of a 1×100 bp MiSeq run. We 

obtained 4.7 million reads for these 113 alleles. With a threshold of S>0.8, we were 

able to determine that 370 out of the 452 colonies (82%) contain the desired mutation, 

in perfect agreement with the PCR-mutagenesis success rate obtained earlier. We were 
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able to choose colonies that contain only the desired mutation for all 113 alleles. 

Because the whole MiSeq run produced 17.7 million reads and we only used 4.7 

million for generating the 113 mutant clones, the capacity of our Clone-seq pipeline 

using one full lane of a 1×100 bp HiSeq run is estimated to be >3,000, exactly the 

same as our previous assessment (Appendix B.3.1). 

Overall, our pipeline has been significantly optimized to make it very efficient. 

We established a web tool (http://www.yulab.org/Supp/MutPrimer) to design 

mutagenesis primers both individually and in batch. MutPrimer can design ∼1,000 

primers for ∼500 mutations in one batch in less than one second. All of the 2,068 

primers for the 1,034 mutations in this study were generated by MutPrimer. All 

mutagenesis PCRs are performed in batch using automatic 96-well procedures. Since 

single colony picking after bacterial transformation of mutagenesis PCR product is a 

rate-limiting step, we rigorously optimized this step and found that adding 10 µL 

mutagenesis PCR products to 100 µL competent cells and plating 50 µL transformed 

cells give the best transformation yield and well-separated single colonies. 

Furthermore, rather than individually streaking transformed cells onto agar plates one 

sample at a time, we were able to significantly increase throughput by spreading 

colonies using glass beads onto four sector agar plates which are partitioned into four 

non-contacting quadrants (Materials and Methods). In this manner, a 96-well plate of 

transformed bacteria can be plated out onto 24 four-sector agar plates in ∼15 minutes. 

Traditional site-directed mutagenesis pipelines require miniprepping each of the 

selected colonies and sequencing them separately by Sanger sequencing. To 

drastically improve the throughput of our Clone-seq pipeline, we pooled together the 
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bacteria stock of a single colony for each mutagenesis attempt to perform one single 

maxiprep, which makes the library construction step much more efficient and 

amenable to high-throughput. Furthermore, existing variant calling pipelines 

(McKenna et al., 2010) cannot be applied to our Clone-seq results because the 

expected allelic ratios built into these pipelines are a function of the ploidy of the 

organism. However, in our Clone-seq pipeline there is no concept of ploidy. We pool 

together many mutations for one gene in the same pool (e.g., 40 mutations for MLH1) 

and different genes often have different numbers of mutations. Our S score calculation 

and unwanted mutation detection pipeline was designed according to our pooling 

strategy (Materials and Methods). 

In total, we have used the novel Clone-seq pipeline successfully to generate 

1,034 (39+113+882) mutant clones without any additional unwanted mutations, 

confirming the scalability, accuracy, and throughput of our Clone-seq pipeline. 

2.5.2 A high-throughput GFP assay to determine the impact of mutations on 

protein stability 

For the 204 mutations on proteins with co-crystal structures, we first examined 

whether the mutant proteins can be stably expressed in human cells. To do this, we 

tagged every wild-type and mutant protein with GFP at the C-terminus using high-

throughput Gateway cloning (Figure 2.4-1b). The GFP constructs were transfected 

into HEK293T cells and fluorescence intensities were measured by a plate reader 

(Figure 2.5-2c; Materials and Methods). All fluorescence intensity readings were 

also confirmed manually under a microscope.  
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Figure 2.5-3 Effect of disease mutations on protein stability and protein-protein 

interactions. (a) Western blotting with anti-GFP antibody confirming the protein expression 

levels of wild-type Rrm2b, Actn2, Hprt1, Pnp, Tpk1, Gnmt, Gale, Fbp1, Klhl3, Tp53, Pnp, 

Smad4, and corresponding mutant alleles. β-tubulin and γ-tubulin were used as loading 

controls. Red denotes “interface residue” mutations, orange denotes “interface domain” 

mutations and blue denotes “away from the interface” mutations. (b) Likelihood of disruption 

of interactions by “interface residue”, “interface domain” and “away from the interface” 

mutations – overall and for stable mutants only; likelihood of a disease mutation disrupting a 

given interaction in the absence of structural information. Error bars indicate +SE. (N = 204 

mutations). 



 

52 
 

Compared with the corresponding wild-type proteins, the expression levels of 3 of the 

27 “interface residue” mutants, 8 of the 99 “interface domain” mutants and 6 of the 77 

“away from the interface” mutants are significantly diminished (Figure 2.5-

2c; Materials and Methods). To validate these findings, we also performed Western 

blotting for 8 random mutants that are stably expressed and 8 random mutants with 

significantly diminished expression levels (Figure 2.5-3a). Western blotting results 

confirm our GFP intensity readings. 

2.5.3 A high-throughput Y2H assay to determine the impact of mutations on 

protein interactions 

Next, we investigated whether these mutations could affect protein-protein 

interactions using Y2H (Figure 2.4-1c; Materials and Methods). We found that 21 

of the 27 (78%) “interface residue” mutations, 57 of the 100 (57%) “interface domain” 

mutations, and only 22 of the 77 (29%) “away from the interface” mutations disrupt 

the corresponding interactions, thereby demonstrating a clear difference (Figure 2.5-

3b; P = 3×10−6 between “interface residue” and “interface domain” and P = 8×10−10 

between “interface domain” and “away from the interface”) in terms of ability to 

interfere with protein-protein interactions between mutations at different structural loci 

within the same protein. Furthermore, comparing with the GFP results, we found that 

all destabilizing mutations were shown to disrupt the corresponding interactions in our 

Y2H experiments. By considering only the mutations that do not affect protein 

expression based on the GFP experiments, we found the same difference: 13 out of 18 

(72%) “interface residue” stable mutations, 42 out of 83 (51%) “interface domain” 
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stable mutations, and only 9 out of 52 (17%) “away from the interface” stable 

mutations disrupt the corresponding interactions (Figure 2.5-3b; P = 2×10−5 between 

“interface residue” and “interface domain” and P = 9×10−13 between “interface 

domain” and “away from the interface”). Since these interfaces are obtained from 

actual co-crystal structures, our results suggest that accurate structural information can 

help determine the functional impact of mutations on protein-protein interactions. 

Wild-type proteins corresponding to 113 of the 153 stably expressed mutant proteins 

also interact with other proteins as determined by our Y2H experiments (114 

interactions in total, termed “other interactions”); however, for these interactions, there 

are currently no co-crystal structures available in the PDB. Using these other 

interactions, we calculated the likelihood of a given mutation disrupting a specific 

interaction without any structural information to be 32% (Figure 2.5-3b). 

2.5.4 Relationships between measured molecular phenotypes and corresponding 

disease phenotypes 

We then analyzed whether the molecular phenotypes measured by our high-

throughput GFP and Y2H assays are correlated with corresponding disease 

phenotypes. We first examined how mutation pairs on the same gene affect protein 

stability and its relationship to their corresponding diseases. We find that pairs of 

mutations that are either both stable or both unstable cause the same disease in 68% 

and 70% of cases, respectively. However, pairs comprising one stable and one 

unstable mutation cause the same disease in only 30% of cases (P = 6×10−9 and 

8×10−10, respectively, Figure 2.5-4a). For example, we find that the mutations R727C 
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and L844F on the spindle checkpoint kinase Bub1b both cause the protein to become 

unstable and lose all its interactors.  

 

Figure 2.5-4 Relationships between molecular phenotypes and disease phenotypes. (a) 

Fraction of mutation pairs on the same gene that cause the same disease: for the same and 

different effects on protein stability. (b) Fraction of mutation pairs on the same gene that 

cause the same disease: for the same and different interaction disruption profiles. Error bars 

indicate +SE. (c) Crystal structure (PDB id: 1U7F) depicting the Y353S and R361C mutations 

(on Smad4) at interface residues for the Smad4-Smad3 interaction. (d) Y2H analysis of the 
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effects of Smad Y353S, R361, and N13S mutations on its interactions with Smad3, Lmo4, 

Rassf5, and Smad9. Western blotting with anti-GFP antibody confirming the protein 

expression levels of wild-type Smad4 and its 3 mutant alleles – Y353S, R361C and N13S. γ-

tubulin was used as a loading control. 

 

These mutations are both associated with the same disease, mosaic variegated 

aneuploidy, an autosomal recessive disorder that causes predominantly trisomies and 

monosomies of different chromosomes (Hanks et al., 2004; Suijkerbuijk et al., 2010). 

Since our GFP assay shows that these two mutations cause loss of protein product, our 

results are consistent with Matusuura et al.'s finding that a more than 50% decrease in 

Bub1b activity leads to abnormal mitotic spindle checkpoint function and mosaic 

variegated aneuploidy (Matsuura et al., 2006).  

We then examined whether mutation pairs on the same gene disrupt the same 

set or different sets of interactions (i.e., their interaction disruption profiles) and 

investigated whether their disruption profiles correlates with disease phenotypes. We 

found that mutation pairs with the exact same disruption profile are significantly more 

likely to cause the same disease than those with different profiles (70% and 61% 

respectively, P = 3×10−5, Figure 2.5-4b). For example, we found that two mutations on 

Smad4, R361C and Y353S, disrupt its interactions with Smad3 and Smad9 while 

leaving the interactions with Lmo4 and Rassf5 unaltered (Figure 2.5-4c). These two 

mutations both cause juvenile polyposis coli (Houlston et al., 1998; Roth et al., 1999), 

a disease is known to be caused by disruption of the core Smad/Bmp signaling 

pathways (Massagué, 2008). Our Y2H results clearly demonstrate that the R361C and 

Y353S mutations disrupt the Smad4-Smad3 and Smad4-Smad9 interactions (Figure 

2.5-4c) leading to disruption of core Smad signaling pathways. However, the mutation 
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N13S on Smad4 does not disrupt any of these interactions (Figure 2.5-4c) and is 

associated with a different disease, pulmonary arterial hypertension. Our results agree 

with Nasim et al.'s finding that the N13S mutation does not alter downstream Smad 

signaling (Nasim et al., 2011). Our findings provide support for the hypothesis that the 

N13S mutation either impacts pathways outside the core Smad signaling network or 

are pathogenic only when combined with other environmental and genetic 

factors (Machado, 2012). 

Overall, these results show that mutation pairs with similar molecular 

phenotypes in terms of both protein stability and interactions are significantly more 

likely to cause the same disease than those with different molecular phenotypes. This 

confirms that the molecular phenotypes measured by our high-throughput GFP and 

Y2H assays are biologically relevant in vivo. Furthermore, by comparing the molecular 

phenotypes, in particular the protein interaction disruption profiles, of 

mutations/variants to those of known disease mutations, potential candidate mutations 

for a variety of diseases can be identified. 

2.6 Discussion 

We have successfully developed the first massively parallel site-directed mutagenesis 

pipeline, Clone-seq, using next-generation sequencing. Our Clone-seq pipeline is 

entirely different from previously described random mutagenesis approaches (Araya et 

al., 2012; Fowler et al., 2010; Pitt and Ferré-D’Amaré, 2010; Starita et al., 2013). 

Clone-seq is used to generate a large number of specific mutant clones with desired 

mutations; each individual mutant clone has a separate stock and different clones can 
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therefore be used separately for completely different downstream assays. In random 

mutagenesis, a pool of sequences containing different mutations for one gene is 

generated using error-prone PCR or error-prone DNA synthesis. Therefore, it is not 

possible to separate one mutant sequence from another and the whole pool can only be 

used for the same assay(s) together. Furthermore, it is not possible to control which or 

how many mutations are generated on each DNA sequence. In fact, to improve 

coverage, most random mutagenesis pipelines generate on average two or more 

mutations on each DNA sequence (Fowler et al., 2010), which makes it impossible to 

distinguish the functional impact of each individual mutation on the same sequence. 

Site-directed mutagenesis and random mutagenesis are designed for different goals: if 

one wants to generate all possible mutations for a certain protein without the need to 

separate different clones, it would be more favorable to use random mutagenesis; 

whereas if one needs to have separate clones for each mutation, site-directed 

mutagenesis is required. As a result, the two approaches are complementary and not 

comparable. 

While there are highly efficient methods for random mutagenesis (Araya et al., 

2012; Fowler et al., 2010; Pitt and Ferré-D’Amaré, 2010; Starita et al., 2013), current 

protocols for site-directed mutagenesis are low-throughput and become prohibitively 

expensive if a large number of clones needs to be generated. Clone-seq directly 

addresses the necessity for a high-throughput site-directed mutagenesis pipeline. It is a 

robust, cost-effective and efficient method that can be used to generate a total of 

∼3,000 distinct mutant clones in one full lane of a 1×100 bp HiSeq run. Clone-seq is 

suitable both for generating mutations across many genes as well as a large number of 
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mutations on a few genes. The former situation is applicable when one wants to 

generate many mutations/variants from large-scale studies (e.g., whole-genome or 

whole-exome sequencing) since they typically identify mutations/variants on a large 

number of genes (Stransky et al., 2011; The Cancer Genome Atlas Network, 2012). 

The latter situation usually arises in a study focused on a single pathway with a few 

genes of interest (e.g., an alanine-scanning mutagenesis to determine functional sites 

on a gene of interest (Cunningham and Wells, 1989)). 

Integrating with Clone-seq, we also established a comprehensive comparative 

interactome-scanning pipeline, including high-throughput GFP, Y2H, and mass 

spectrometry assays, to systematically evaluate the impact of human disease mutations 

on protein stability and interactions. We examine each mutation individually, rather 

than looking at their combinatorial effects because these inherited germline disease 

mutations are extremely rare. Therefore, the probability of having even two of these in 

the same individual becomes infinitesimally small. Our results reveal that the overall 

likelihood of a given disease mutation disrupting a specific interaction is 32%. 

Accurate structural information of these interactions obtained from co-crystal 

structures greatly improves our understanding of the impact of disease mutations: 13 

out of 18 (72%) “interface residue” stable mutations, 42 out of 83 (51%) “interface 

domain” stable mutations, and only 9 out of 52 (17%) “away from the interface” stable 

mutations disrupt the corresponding interactions, unveiling a clear dependence of the 

molecular phenotypes of disease mutations on their structural loci. These estimates are 

not affected by the false negative rate of our Y2H assay as we only use those 

interactions for which we can detect the wild-type interaction with strong Y2H 
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phenotypes. Thus, any observed disruption is due to the mutation of interest and not an 

assay false negative. Furthermore, our Y2H pipeline has been shown to be of high 

quality and has an experimentally measured false positive rate of ∼5% or lower in 

different organisms (Arabidopsis Interactome Mapping Consortium, 2011; Das et al., 

2013; Venkatesan et al., 2009; Yu et al., 2008). In addition, the interactions used to 

understand the relationship between molecular phenotypes and structural loci of 

disease mutations are all supported by co-crystal structures, therefore these 

interactions are not assay false positives. We also find that the molecular phenotypes 

detected by our GFP and Y2H assays correlate with known disease phenotypes, 

confirming the in vivo biological significance of our measurements. 

Our comparative interactome-scanning pipeline described and validated here 

can be applied to experimentally determine in a high-throughput fashion the impact on 

protein stability and protein-protein interactions for thousands of DNA coding variants 

and disease mutations, which can directly lead to hypotheses of concrete molecular 

mechanisms for follow-up studies. Furthermore, the elucidation of molecular 

phenotypes of disease mutations is also vital for selecting actionable drug targets and 

ultimately for making therapeutic decisions. Finally, the general scheme of our 

pipeline can be readily expanded to other interactome-mapping methods, particularly 

other protein-protein (Braun et al., 2009), protein-DNA (Berger et al., 2006; Reece-

Hoyes et al., 2011), protein-RNA (Yakhnin et al., 2012), and protein-metabolite 

interaction assays (Bandyopadhyay et al., 2012), to comprehensively evaluate the 

functional relevance of all DNA variants, including those in non-coding regions. 
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2.7 Materials and Methods 

2.7.1 Selecting interactions with mutations on and away from the interface 

To calculate atomic-resolution interaction interfaces, we systematically examined a 

comprehensive list of 7,340 PDB co-crystal structures. To define the interface, we 

used a water molecule of diameter 1.4 Å as a probe and calculated the relative solvent 

accessible surface areas of the interacting pair as well as the individual proteins 

involved in the interaction. Residues whose relative accessibilities change by more 

than 1 Å2 are considered as potential interface residues, because amino acids at the 

interface reside on the surfaces of the corresponding proteins, but will tend to become 

buried in the co-crystal structure as the two proteins bind to each other (Franzosa and 

Xia, 2011). So, for these residues, there should be a significant decrease in accessible 

surface area when we compare the bound and unbound states of the protein chains. 

To identify interface domains, we required at least one of the following criteria to 

hold: 

1. 3did (Stein et al., 2011) or iPfam (Finn et al., 2005) have identified the domain 

pair as interacting and each of the interface domains contains at least one 

interface residue based on our calculations. 

2. The domain pair contains 5 or more interface residues for each protein 

according to our calculations. 

We then identified the subset of these interactions that contain at least one disease 

mutation and are amenable to our version of Y2H (Rolland et al., 2014; Rual et al., 
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2005; Venkatesan et al., 2009; Yu et al., 2008). Subsequently, we performed a 

pairwise retest of all these interactions and selected the ones that yield strong Y2H 

phenotypes, because subsequent steps involve detecting a significant decrease in these 

phenotypes. 

2.7.2 Primer design for site-directed mutagenesis 

Primers for site-directed mutagenesis were selected based on a customized version of 

the protocol accompanying the Stratagene QuikChange Site-Directed Mutagenesis Kit 

(200518). The following criteria are used: 

1. The primer should be of length 30–50 bp and should contain the mutation of 

interest in the center or one base away. 

2. The GC content of the primer should be ≥40% and the primer should start and 

end with a G or a C. 

3. The Tm for the primer should be ≥78°C. Tm was calculated using the following 

expression: 

 

where N is the primer length in bases, %GC is the percentage of G or C 

nucleotides in the primer, and %mismatch is the percentage of mismatched 

bases in the primer. Values for %GC and %mismatch are whole numbers. 

For cases where no primer satisfies all three criteria simultaneously, we relaxed 

criterion 2 to GC content ≥30%. We established a supplementary web tool 
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(http://www.yulab.org/Supp/MutPrimer) to design mutagenesis primers individually 

or in bulk. 

2.7.3 Construction of mutant alleles using high-throughput site-directed 

mutagenesis PCR 

All wild-type clones were obtained from the human ORFeome v8.1 collection (Yang 

et al., 2011). To generate mutant alleles, sequence-verified single-colony wild-type 

clones and their corresponding mutagenic primers were aliquoted into individual wells 

of 96-well PCR plates. Mutagenesis PCR was then performed as specified by the New 

England Biolabs (NEB) PCR protocol for Phusion polymerase (M0530L), noting that 

PCR was limited to 18 cycles. The samples were then digested by DpnI (NEB 

R0176L) according to the manufacturer's manual. After digestion, samples were 

transformed into competent E. coli. Since single colony picking after bacterial 

transformation of mutagenesis PCR product is a rate-limiting step, we rigorously 

optimized this step. First, we tried different volumes of competent cells for 

transformation and found that single colony yields peak when ∼100 µL of competent 

cells are used. It is also necessary to use ∼10 µL of mutagenesis PCR product: any 

lower volume of PCR product results in significantly reduced colony yields, while 

higher volumes of PCR product do not increase yield. Finally, colony picking was 

done using four-sector agar plates (VWR 25384-308) that are partitioned into four 

non-contacting quadrants with glass beads poured onto each plate quadrant. Each 

bead-filled quadrant was inoculated with ∼50 µL of transformed bacteria. This was 

then spread by lightly shaking the four-sector agar plate. Our optimized transformation 



 

63 
 

protocol results in a large number of well-separated single colonies that can be easily 

picked the next day. Upon recovery, single colonies from each quadrant were then 

picked and arrayed into 96-deepwell plates filled with 300 µL of antibiotic media. 

Four colonies per allele were picked for next-generation sequencing. 

2.7.4 DNA library preparation for Illumina sequencing 

DNA library preparation was performed using NEBNext DNA Library Prep Master 

Mix Set for Illumina (NEB E6040S) according to the manufacturer's manual. Briefly, 

5 µg of pooled plasmid DNA (∼100 µL, all samples were normalized to the same 

concentration) was sonicated to ∼200 bp fragments. The fragmented DNA was first 

mixed with NEBNext End Repair Enzyme for 30 mins at 20°C. Blunt-ended DNA 

was then incubated with Klenow Fragment for 30 mins at 37°C for dA-Tailing. 

Subsequently, NEBNext Adaptor was added to dA-Tailed DNA. Adaptor-ligated 

DNA (∼300 bp) was size-selected on a 2% agarose gel. Size-selected DNA was then 

mixed with one of the NEBNext Multiplex Oligos (NEB E7335S) and Universal PCR 

primers for PCR enrichment. At each step, DNA was purified using a QIAquick PCR 

purification kit (Qiagen 28104). Multiplexed DNA samples were combined and 

analyzed in one lane of a 1×100 bp run by Illumina HiSeq 2500. 

2.7.5 Identifying successful instances of site-directed mutagenesis based on next-

generation sequencing 

The mutant colonies were barcoded and pooled as shown in Figure 2.4-1a. The 

multiplexed colonies were then run on an Illumina sequencer (2 HiSeq runs and 1 
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MiSeq run) to give 1×100 bp reads. These reads were then de-multiplexed and 

mapped to the genes of interest using the BWA “aln” algorithm (Li and Durbin, 2009). 

For each allele, we identified all reads that mapped to the position of the mutation of 

interest (Rall) and those that actually contained the desired mutation (Rmut). We then 

calculated a normalized score (S) that quantifies the fraction of reads containing the 

desired mutation: 

 

where k is the number of different mutations for the same gene. 

For 39 mutations, we Sanger sequenced two mutant colonies per mutagenesis 

attempt to quantify the correlation between S and observation of the desired mutation. 

We found that all clones with S>0.44 are confirmed to be correct via Sanger 

sequencing with a clear separation between those that are correct and those that are not 

(Figure 2.5-1b). However, to further ensure that the clones we picked were correct, 

we require S>0.8 for a colony to be scored as containing the desired mutation. 

2.7.6 Identifying unwanted mutations 

One major advantage of our Clone-seq pipeline over traditional site-directed 

mutagenesis protocols using Sanger sequencing (Suzuki et al., 2005) is that we can 

now carefully examine whether there are other unwanted mutations inadvertently 

introduced during the PCR process, in comparison with the corresponding wild-type 

alleles. It is essential to use clones with no unwanted mutations for downstream 
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experiments, as the presence of these will make it impossible to determine whether the 

observed disruption is due to the desired or other undesirable mutation(s). 

We use samtools “mpileup” (Li et al., 2009) to obtain read counts for different 

alleles at each nucleotide for all the clones. We calculate the background sequencing 

error rate by calculating the average fraction of non-reference alleles across all 

nucleotides where we did not attempt to introduce a mutation. Any site that has a 

significantly higher fraction of non-reference alleles (using a P value cutoff of 0.2 

from a cumulative binomial test) is considered to have an unwanted mutation. A 

lenient P value cutoff (0.2 as opposed to the more traditionally used 0.05 or 0.01) 

implies more stringent filtering in this case because we want to eliminate type II errors 

i.e., we want to identify all unwanted mutations at the cost of discarding a few clones 

that actually do not have any unwanted mutations. 

We identified an average of 4–5 unwanted point mutations per pool. The 

overall per-base point mutation rate of Phusion polymerase was calculated to be 

∼10−4. NEB's advertised error rate for Phusion polymerase varies from 4.4–

9.5×10−7 per PCR cycle. Since we perform 18 PCR cycles, the expected overall error 

rate is ∼10−5. Our calculated mutation is within an order of magnitude of this 

advertised error rate. It is slightly higher than the advertised rate as we use stringent 

filtering criteria as described above. 

2.7.7 GFP Assay 

All wild-type and mutant clones were moved into the pcDNA-DEST47 vector with a 

C-terminal GFP tag using automated Gateway LR reactions in a 96-well format. After 
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bacterial transformation, minipreps were prepared on a Tecan Freedom Evo 200, and 

DNA concentrations were determined by OD 260/280 with a Tecan Infinite M1000 

plate reader in 96-well format. A 100 ng aliquot of each expression clone plasmid was 

used for transfection into HEK293T cells in 96-well plates using Lipofectamine 2000 

(Invitrogen 11668019) according to the manufacturer's instructions. At approximately 

48 hrs post-transfection, cells were processed with Tecan M1000. Fluorescence 

intensities were measured at 395 nm for excitation and 507 nm for emission, 

according to Invitrogen's manual. As negative controls, the fluorescence intensities 

corresponding to cells transfected with the empty vector were measured. The 

normalized fluorescence intensity was calculated as: 

 

where I corresponds to the measured intensity and Ibackground corresponds to the average 

intensity of the empty vector controls for each plate. All Inorm values greater than K are 

considered to correspond to stable protein expression. K corresponds to the range 

(maximum – minimum) of background fluorescence intensities of the empty vector 

controls for each plate. For this study, all fluorescence intensity readings were also 

confirmed manually under a microscope. All transfection and GFP experiments were 

repeated 3 times. 

2.7.8 Y2H Assay 

Y2H was performed as previously described (Wang et al., 2012). All wild-type/mutant 

clones were transferred by Gateway LR reactions into our Y2H pDEST-AD and 

pDEST-DB vectors. All DB-X and AD-Y plasmids were transformed individually into 
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the Y2H strains MATα Y8930 and MATa Y8800, respectively. Each of the DB-

X MATα transformants (wild-type and mutants) were then mated against 

corresponding AD-Y MATa transformants (wild-type and mutants) individually using 

automated 96-well procedures, including inoculation of AD-Y and DB-X yeast 

cultures, mating on YEPD media (incubated overnight at 30°C), and replica-plating 

onto selective Synthetic Complete media lacking leucine, tryptophan, and histidine, 

and supplemented with 1 mM of 3-amino-1,2,4-triazole (SC-Leu-Trp-His+3AT), SC-

Leu-His+3AT plates containing 1 mg/l cycloheximide (SC-Leu-His+3AT+CHX), SC-

Leu-Trp-Adenine (Ade) plates, and SC-Leu-Ade+CHX plates to test for CHX-

sensitive expression of the LYS2::GAL1-HIS3 and GAL2-ADE2 reporter genes. The 

plates containing cycloheximide select for cells that do not have the AD plasmid due 

to plasmid shuffling. Growth on these control plates thus identifies spontaneous auto-

activators (Walhout and Vidal, 2001). The plates were incubated overnight at 30°C 

and “replica-cleaned” the following day. Plates were then incubated for another three 

days, after which positive colonies were scored as those that grow on SC-Leu-Trp-

His+3AT and/or on SC-Leu-Trp-Ade, but not on SC-Leu-His+3AT+CHX or on SC-

Leu-Ade+CHX. Disruption of an interaction by a mutation was defined as at least 

50% reduction of growth consistently across both reporter genes, when compared to 

Y2H phenotypes of the corresponding wild-type allele as benchmarked by 2-fold 

serial dilution experiments. All Y2H experiments were repeated 3 times. 
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2.7.9 Construction of plasmids 

Wild-type MLH1, HSPA8, and BRIP1 entry clones are from the human ORFeome v8.1 

collection (Yang et al., 2011). Using Gateway LR reactions, wild-type MLH1, mutant 

MLH1 (I107R), and GFP were transferred into the pMSCV-N-FLAG-HA-PURO 

vector (Behrends et al., 2010); HSPA8 and BRIP1 were transferred into the pcDNA-

DEST40 vector that contains a C-terminal V5 tag (Invitrogen 12274-015). 

2.7.10 Cell culture, co-immunoprecipitation, and Western blotting 

HEK293T cells were maintained in complete DMEM medium supplemented with 

10% FBS. Cells were transfected with Lipofectamine 2000 (Invitrogen) at a 6∶1 

(µL/µg) ratio with DNA in 6-well plates and were harvested 24 hrs after transfection. 

Cells were gently washed three times in PBS and then resuspended using 200 µL 1% 

NP-40 lysis buffer [1% Nonidet P-40, 50 mM Tris-HCl pH 7.5, 150 mM NaCl, 1× 

EDTA-free Complete Protease Inhibitor tablet (Roche)] and kept on ice for 20 mins. 

Extracts were cleared by centrifugation for 10 mins at 13,000 rpm at 4°C. 15 µL 

EZview Red Anti-HA Affinity Gel (Sigma-Aldrich) and 100 µL protein lysate were 

used for each co-immunoprecipitation reaction. The samples were rotated gently at 

4°C for 2 hrs. HA beads were then washed three times with protein lysis buffer, 

treated with 6× protein sample buffer, and subjected to SDS-PAGE. Proteins were 

then transferred from the gel onto PVDF (Amersham) membranes. Anti-HA (Sigma 

H9658), anti-V5 (Invitrogen 46-0705), anti-β-tubulin (Promega G7121), and anti-GFP 

(Santa Cruz sc-9996) antibodies were used at 1∶3,000 dilutions for immunoblotting 

analysis. 
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CHAPTER 3 

EXTENSIVE PROTEIN INTERACTION PERTURBATIONS BY HUMAN 

POPULATION VARIANTS ACROSS RARE AND COMMON ALLELE 

FREQUENCIES 

 

3.1 Preface 

Chapter 3 will be submitted for publication as “Fragoza, R.*, Das, J.*, Wierbowski, 

S.D., Liang, J., Liang, S., Beltran, J.F., Rivera-Erick, C.A., Ye, K, Wang, T.-Y., Mort, 

M., Stenson, P.D., Cooper, D.N., Keinan, A., Clark, A.G., Yu, H. Extensive protein 

interaction perturbations by human population variants across rare and common allele 

frequencies.” where * indicates co-first author. The contents may be modified upon 

publication. 

3.2 Abstract 

Coding variants segregating in human populations are expected to be largely benign, 

with deleterious variation occurring principally at rare allele frequencies and limited to 

conserved genomic sites. The extent to which this deleterious variation burdens human 

genomes and the mechanisms by which these mutations exert their function, though, 

remains experimentally unexplored. To address this gap, we leveraged the ExAC 

database of 60,706 human exomes to investigate the functional impact 2,053 single 

nucleotide variants (SNVs) across 2,254 protein-protein interactions, functionally 

profiling 4,832 SNV-interaction pairs. Disruptive population variants occurred more 

prevalently at lower allele frequencies, were frequently depleted in essential genes, 
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and were strongly enriched at conserved genomic sites, underscoring the functional 

importance of the sites harboring disruptive variants. By incorporating these results 

with the site frequency spectrum determined from ExAC, we also find that 11.2% of 

missense variants per individual are expected to be disruptive. Moreover, we 

demonstrate how candidate disease-associated mutations can be identified through 

shared interaction perturbations between variants of interest and known disease 

mutations. In this manner, we expect our interactome perturbation study and its results 

to serve as an important template for providing contextual information for interpreting 

the molecular impact of coding variation on protein function. 

3.3 Introduction 

Recent explosive population growth has generated an excess of rare genetic variation 

segregating in human populations and very likely plays a role in the individual genetic 

burden of complex disease risk (Keinan and Clark, 2012). In agreement with this 

paradigm, large-scale whole-genome and whole-exome sequencing efforts have 

reported extensive genetic variation in human genomes segregating at very low and 

rare allele frequencies (Fu et al., 2013; Lek et al., 2016; Nelson et al., 2012; Tennessen 

et al., 2012; The 1000 Genomes Project Consortium, 2012; The UK10K Consortium, 

2015). This excess of rare and low frequency coding SNVs is also predicted to impact 

protein function (Tennessen et al., 2012; The 1000 Genomes Project Consortium, 

2012; The Genome of the Netherlands Consortium, 2014) in individual genomes; 

however, methods and metrics for estimating the functionality of coding SNVs vary 

widely, and there is no consensus measure on the number of functional variants per 
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genome (Henn et al., 2015). As such, a direct assessment of the functionality of coding 

SNVs in absence of a consensus metric could prove indispensable towards furthering 

our understanding of the impact that segregating genetic variation has on complex 

traits and human disease. 

Biological processes are likely regulated through intricate networks of protein and 

macromolecular interactions, as opposed to single proteins acting by themselves 

(Vidal, 2001; Vidal et al., 2011). Hence, towards an improved understanding of the 

functional impact of human population variants on protein function, we capitalized on 

the ExAC dataset of coding variants for 60,706 human exomes (Lek et al., 2016) to 

systematically evaluate the impact 2,053 missense SNVs across 2,254 protein-protein 

interactions. We find that disruptive SNVs are significantly enriched at interaction 

interfaces, occur more prevalently and perturb more interaction partners at decreasing 

allele frequencies, and seldom result in unstable protein expression. Importantly, 

disruptive SNVs are strongly enriched at ancestrally conserved sites in the genome, 

underscoring the functional importance of the disruptive variants uncovered by our 

assays. Moreover, we also determined that on average 11.2% of coding SNVs per 

individual genome are expected to impact protein interactions, a rate much higher than 

indicated by previous reports (Tennessen et al., 2012; The 1000 Genomes Project 

Consortium, 2012; The Genome of the Netherlands Consortium, 2014). Unexpectedly, 

while we do observe an enrichment of functional SNVs at rare allele frequencies in 

agreement with previous literature (Nelson et al., 2012; Tennessen et al., 2012; The 

1000 Genomes Project Consortium, 2012; The Genome of the Netherlands 

Consortium, 2014), we also find that 13.5% of common variants with minor allele 
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frequency (MAF) > 5.0% tested perturb protein interactions, signifying that many 

common variants are also functional (Gibson, 2011; Manolio et al., 2008). 

We note that while the elevated disruption rates at common allele frequencies 

reported here are higher than previous reports (Tennessen et al., 2012; The 1000 

Genomes Project Consortium, 2012; The Genome of the Netherlands Consortium, 

2014), this result does not imply that common variation grossly impacts organism 

fitness. Rather, we emphasize that the context and genetic background in which this 

disruptive variation occurs is crucial towards properly interpreting the impact that such 

variation may have on organism-level phenotypes. Indeed, we find that disruptive 

variants are depleted in essential and haploinsufficient genes, target proteins with 

lower betweenness centrality, and reach higher MAFs principally on lowly conserved 

sites in the genome, strongly suggesting that the potentially deleterious impact of 

disruptive SNVs is frequently mitigated at the gene and network level. Nevertheless, 

cellular and organism-level phenotypes all stem from macromolecular perturbations. 

Moreover, the genetic background of an individual and its influence on complex traits 

and disease is determined by the cumulative impact of functional variation, including 

disruptive SNVs (Chow, 2015). Hence, a refined understanding of the molecular-level 

impacts of disruptive SNVs is imperative towards advancing our understanding of the 

impact segregating coding variants impose on human health and disease. 

3.4 Results 

3.4.1 Generating a resource of 2,053 single nucleotide variant clones 

In an effort to investigate the impact of SNVs on protein-protein interactions, we 
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selected missense variants from three major databases: 1,712 variants from ExAC 

(Lek et al., 2016), 204 disease-associated mutations from HGMD (Stenson et al., 

2014), and 169 somatic mutations in cancer form COSMIC (Forbes et al., 2011). 

Notably, over half of variants found in ExAC are singletons. Consequently, to avoid 

oversampling rare population variants, we randomly selected alleles in ExAC across 

defined MAF bins ranging from singletons to very common alleles (Figure 3.4-1).  

We further required that corresponding genes for selected alleles were (1) present in 

the hORFeome (The MGC Project Team, 2009; Yang et al., 2011) and (2) were 

amenable to our version of the Y2H assay, which was used to generate the most 

comprehensive binary human interactome available (Rolland et al., 2014; Rual et al., 

2005; Venkatesan et al., 2009; Yu et al., 2011). We then generated single clones for all 

selected variants using Clone-seq, a massively parallel pipeline for large-scale, site-

directed mutagenesis (Wei et al., 2014). In this manner, we produced a resource of 

sequence-validated single-colony clones for 2,053 SNVs spanning 891 wild-type 

genes. 

3.4.2 Disruptive coding SNVs occur extensively across wide allele frequency 

ranges in human genomes 

Alterations to protein-protein interactions can have deleterious consequences to 

organism fitness (Schoenrock et al., 2017). Indeed, disease-associated mutations 

frequently function through perturbations to specific protein-protein interactions 

(Sahni et al., 2015; Wang et al., 2012; Zhong et al., 2009) and hence coding variation 

at interaction interfaces is predominantly rare (Khurana et al., 2013) and subject to 
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evolutionary constraint (Guharoy and Chakrabarti, 2005; Mintseris and Weng, 2005). 

 

Figure 3.4-1 A pipeline for surveying the impact of 2,053 SNVs on protein-protein 

interactions. (A) Phenotypic consequences of coding variants in human genotypes can be 

interpreted as products of protein-protein interaction perturbations in the interactome. (B) 

Over half of all unique missense variants in ExAC are singletons. To avoid oversampling very 

rare variants from ExAC, 1,712 ExAC variant were selected across a wide range of allele 

frequencies. 204 disease-associated mutations listed in HGMD and 169 cancer somatic 

mutations from COSMIC were also examined. (C) Pipeline for testing functional impact of 

2,053 SNVs on protein interactions and stability impact of 291 population variants by dual-

fluorescence screen. 
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In contrast, common variation is expected to be largely neutral and therefore unlikely 

to harbor extensive functional variation (Adzhubei et al., 2010; Gorlov et al., 2008; 

Maher et al., 2012). Nonetheless, there are notable exceptions, including APOE-

epsilon 4 (Corder et al., 1993; Deary et al., 2002; Strittmatter et al., 1993) and P12A 

polymorphism of PPARG (Florez et al., 2007; Robitaille et al., 2003). Indeed, the 

extent to which MAF indicates whether an allele is disruptive to protein interactions 

remains systematically unexplored. Hence, to systematically identify functionally 

relevant SNVs across rare to common allele frequencies, we performed yeast two-

hybrid (Y2H) experiments for 2,053 missense SNVs tested across 2,254 

corresponding protein interactions. In total, we identified 459 interaction-disrupting 

SNVs, including 309 disruptive ExAC variants, tested across 4,832 SNV-interaction 

pairs. 

 To validate the quality of our SNV-interaction network, we performed an 

orthogonal Protein Complementation Assay (PCA) (Das et al., 2014a) in human 293T 

cells to retest a representative subset of 401 disrupted and non-disrupted SNV-

interactions pairs from ExAC. SNV-disrupted interactions retested at a rate highly 

similar to a negative reference set of 92 randomly selected ORF pairs while non-

disrupted interactions retested at a rate statistically indistinguishable from a positive 

reference set of 92 well-established protein interactions (Braun et al., 2009; 

Venkatesan et al., 2009) (Figure 3.4-2A, Supplementary Figure C.1-2A). Taken 

together, our PCA retest demonstrates the reproducibility of our dataset and reinforces 

the high quality of our SNV-interaction network. 

Next, we partitioned all tested population variants into three overall allele 
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frequency bins spanning from rare (MAF ≤ 0.5%), intermediate (0.5% < MAF ≤ 

5.0%) to common ExAC alleles (MAF > 5%) and then calculated the fraction of 

variants that disrupted one or more protein interactions per MAF bin. We find that the 

fraction of disruptive variants decreased inversely with respect to allele frequency (P = 

0.0095 by chi-square test), which agrees with expectations (Keinan and Clark, 2012; 

Tennessen et al., 2012; The 1000 Genomes Project Consortium, 2012); however, this 

decrease was not precipitous. 13.5% of common variants with MAF > 5% were still 

disruptive while 20.0% of rare variants with MAF ≤ 0.5% were measured as 

disruptive, a less than twofold increase in disruption rate despite at least an order of 

magnitude difference in allele frequency (Figure 3.4-2B). Considering the 

pervasiveness of common variants across populations, this result implies that 

disruptive coding variants are segregating across numerous individuals. As such, we 

then applied these binned-MAF disruption rates and the site frequency spectrum for 

missense variants calculated from ExAC to determine the fraction of missense variants 

per individual genome (Appendix C.2.1; Materials and Methods). We found that out 

of an average of 13,595 missense variants per genome, 1,526 variants (11.2%) are 

expected to disrupt protein interactions, a figure notably higher than indicated by 

previous estimates (Figure 3.4-2C, Supplementary Tables C.3-1, C.3-2, and C.3-3), 

though the extent to which interaction disruptions result in cellular phenotypes, 

particularly for common variants, remains undetermined.  
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Figure 3.4-2 The frequency of observing a disruptive allele is inversely proportional to 

allele frequency. (A) Fraction of protein pairs recovered by PCA for disrupted and intact 

interactions in comparison to positive and random reference sets (PRS and RRS). P values by 

two-tailed Z-test. (B) Fraction of disruptive variants in ExAC (blue) across three overall allele 
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frequency ranges (i) < 0.5%, (ii) 0.5 - 5.0%, and (iii) > 5.0%. P value by chi-square test. 

Fraction of disruptive somatic mutations in COSMIC (purple) in known cancer-affiliated 

genes or other genes and fraction of disruptive germline disease-associated genes from 

HGMD (red) are also shown. P values by one-tailed Z-test. (C) Reported number of functional 

missense variants per individual genome varies extensively across different studies. (D) ExAC 

variants tested against ≥ 2 interactions further partitioned into three disruption categories. 

Distribution of (E) overall allele frequency, (F) Grantham scores, and (G) PolyPhen-2 scores 

across three disruption categories. Error bars in (A) and (B) indicate +SE of proportion. 

Thick black bars in (G) are the interquartile range, white dots display the median, and 

extended thin black lines represent 95% confidence intervals. P values in (E), (F), and (G) by 

one-tailed U-test. Significant P values in bold. 

 

Regardless, our results indicate that many variants show some measure of 

functionality at least at the molecular level. 

To add further context to our disruption rate analysis, we also examined the 

fraction of cancer somatic mutations that disrupt interactions and found that 36.5% of 

somatic mutations located in genes with established roles in cancer progression were 

disruptive (Figure 3.4-2B; Materials and Methods). Notably, this fraction decreased 

significantly to 21.2% for somatic mutations located in all other genes (P = 0.020 by 

one-tailed Z-test), a figure that well approximates the 20.0% disruption rate observed 

for rare (MAF ≤ 0.5%) ExAC alleles but is significantly reduced in comparison to 

somatic mutations in known cancer genes. In stark contrast, 55.4% of tested disease-

associated mutations were measured as disruptive (Figure 3.4-2B).  

Collectively, these trends in disruption rate suggest that somatic mutations in 

genes with no known associations to cancer oncogenesis behave effectively as rare 

variants. Genetic context in which a mutation occurs is therefore crucial. 

Consequently, disruption rates for somatic mutations skew closer towards disease-
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associated mutations if they occur in known cancer genes. 

Interaction-perturbing population variants are not equally disruptive. If we 

focus only on proteins with multiple interaction partners, the disruptiveness of a 

variant can be categorized by measuring the fraction of corresponding protein 

interactions disrupted by a particular allele. Accordingly, ExAC variants that leave all 

interactions intact were categorized as non-disruptive, variants that disrupt a subset of 

interaction partners were categorized as partially disruptive, and variants that disrupt 

all tested protein interactions were categorized as null-like (Figure 3.4-2D). Across 

these three categories, overall allele frequency for tested variants in ExAC decreased 

significantly from 0.20% for non-disruptive to 0.086% for partially-disruptive variants 

(P = 0.0079 by one-tailed U-test) then nominally to 0.024% for null-like alleles 

(Figure 3.4-2E). Markedly, though, null-like variants were significantly depleted at 

common allele frequencies (MAF > 5.0%) relative to intermediate and rare allele 

frequencies (MAF ≤ 5.0%), occurring at a 3.9% and 7.9% rate, respectively (P = 0.045 

by one-tailed Z-test; Supplementary Figure C.1-2A). As such, this twofold depletion 

at common allele frequencies may indicate that null-like variants are more likely to be 

deleterious and may undergo stronger negative selection than partially disruptive 

variants as a result. Segregating between both classes of disruptive variants through 

interaction perturbation assays may therefore provide valuable insight towards 

identifying phenotypically deleterious mutations. 

Highly dissimilar amino acid substitutions at conserved interaction sites should 

perturb protein interactions more frequently than relatively similar amino acid 

substitutions (Lockless and Ranganathan, 1999). Consequently, we expect that 
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Grantham score, a biochemical measure quantifying the dissimilarity between amino 

acid residues (Grantham, 1974), for non-disruptive variants to be lower than for 

disruptive variants, particularly so for null-like variants which disrupt all tested protein 

interactions. While we found that Grantham score for partially disruptive variants was 

significantly higher than for non-disruptive variants (Medians = 83 and 58, 

respectively; P = 0.0013 by one-tailed U-test), no significant difference in Grantham 

score was observed between partially disruptive and null-like variants (Figure 3.4-

2F). This result indicates that the contrasting interaction perturbation phenotypes 

observed between partially disruptive and null-like variants is not a consequence of 

more radical amino acid substitutions and that other selection or network-based 

properties may be driving these contrasting phenotypes instead. Indeed, conservation-

based functional prediction algorithms including PolyPhen-2 (Adzhubei et al., 2010) 

and MutPred2 (Pejaver et al., 2017) show significant increases in the likelihood that a 

variant is deleterious across non-disruptive, partially disruptive, and null-like 

disruption categories (Figure 3.4-2G, Supplementary Figure C.1-2B). Collectively, 

these results imply that population variants that disrupt multiple interaction partners 

are, as a whole, under stronger functional constraint and occur at rarer allele 

frequencies as a result. However, despite this elevated constraint on null-like variants, 

understanding the context in which this constraint is imposed is imperative. For 

instance, if a null-like variant mutates an interface residue of a hub protein with only a 

single interaction interface, the corresponding site may still be conserved, despite 

occurring on a protein not likely to be essential (Kim et al., 2006). This topic is 

explored further in later sections. 
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3.4.3 Missense variants seldom result in unstable protein expression 

Mutations can disrupt interactions through local perturbations to specific interaction 

interfaces or by destabilizing protein folding as a whole (Zhong et al., 2009). To 

distinguish between these two mechanisms of disruption, we developed a dual 

fluorescence-based screening assay to survey the impact of interaction-disruptive 

variants on protein folding. To set-up our dual fluorescent screen, a subset of wild-

type ORFs that are stably expressed when tagged with GFP and their corresponding 

ExAC variants were cloned into pDEST-DUAL, a GFP-tagged expression vector that 

co-expresses untagged mCherry (Methods). Wild-type and mutant ORFs were then 

transfected into 293T cells to test for mutation-induced changes in protein expression 

in human cells on 96-well plate scales (Fig 3.4-1C). GFP expression levels for 

transfected wild-type and mutant samples were then measured and normalized with 

respect to mCherry expression levels, reported as wild-type and mutant stability scores 

(Figure 3.4-3A), to determine the impact of 291 ExAC variants on protein folding.  

We next grouped mutant proteins into three categories of expression. 

Specifically, if the ratio between mutant and wild-type stability score falls below 0.5, 

indicating that the mutant protein is still expressed but at markedly reduced levels, we 

categorize the mutant protein as moderately stable. If, though, mutant protein 

expression drops below plate reader-detectable measures, as indicated by a mutant 

stability score < 0, we instead categorize the mutant protein as unstable.  
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Figure 3.4-3 Disruptive population variants seldom result in unstable protein expression. 

(A) DUAL-FLOU protein stability scores for 291 wild-type:variant pairs. (B) Western blots 

for representative wild-type:variant pairs across three stability categories detected using α-

GFP. α-GAPDH was used as a loading control. (C) Ratio of mutant to wild-type stability 

score corresponding to non-disruptive (n = 108), partially disruptive (n = 46), and null-like 

variants (n = 17). (D) Fraction of variants residing on essential genes (pLI ≥ 0.9) for stable (n 

= 209), moderately stable (n = 54), and unstable (n = 10) protein stability categories. (E) 

Distribution of interaction-disruptive ExAC variants across three stability categories. (F) 

Diagram of interactions disrupted by null-like AKR7A2_A142T variant. Stable expression of 

V5-tagged AKR7A2 was validated by Western blot using α-V5. α-γ-Tubulin was used as a 

loading control. (G) In vitro specific activities of purified recombinant AKR7A2 wild-type and 

A142T using succinic semialdehyde substrate. Fitted curves (dashed lines) are shown for 

wild-type and A142T. P value by one-tailed t-test. Error bars indicate ±SE of mean at eight 

different substrate concentrations. Error bars in (C) and (D) indicate +SE of 

proportion. P values in (C) and (D) by one-tailed U-test. Significant P-values in bold. 

Mutant proteins above both thresholds are scored as stable otherwise (Appendix 

C.2.1). We note that our stable, moderately stable, and unstable demarcations 

correspond well with western blot intensity (Figure 3.4-3B).  

Loss of protein expression is a strong molecular phenotype. Severe cell- and 

organism-level phenotypes can manifest from loss of protein expression, particularly if 
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the protein lost is essential. Hence, we used pLI (Lek et al., 2016) – a measure for how 

intolerant a gene is to loss-of-function (LoF-Intolerant) mutations – to investigate how 

often destabilizing protein variants occurred on essential genes across our three 

stability categories. Interestingly, we found that the fraction of variants on LoF-

Intolerant genes (pLI ≥ 0.9) decreased significantly from 27% to 13% for stable and 

moderately stable mutant proteins, respectively (P = 0.017 by one-tailed U-test; 

Figure 3.4-3D), while only one unstable singleton mutation, was found. This 

depletion for moderately stable and unstable mutations on essential genes strongly 

implies that destabilizing mutations largely persist in genomic regions with little 

influence on organism fitness.  

A destabilizing mutation in any other region would be more susceptible to 

negative selection and expected to occur at lower allele frequencies as result. In 

agreement, we observe that the overall allele frequency decreases from 4.2% for stable 

protein variants to 0.82% for moderately stable variants (P = 0.033 by one-tailed U-

test; Supplementary Figure C.1-3A) and nominally to 0.17% for unstable. 

To determine if protein stability corresponds with interaction-disruptive 

phenotypes, we compared the distribution of stability scores across tested alleles from 

non-disruptive, partially disruptive, and null-like categories. We found that the ratio of 

mutant to wild-type stability scores lowers significantly between non-disruptive and 

partially disruptive variants (P = 0.012 by one-tailed U-test) and between partially 

disruptive to null-like variants (P = 0.044 by one-tailed U-test; Figure 3.4-3C); 

however, despite this downward trend in stability score across interaction-disruptive 

categories, relatively few unstable variants were detected. Indeed, we found only 
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seven cases in which an interaction-disruptive variant resulted in unstable mutant 

protein expression (Figure 3.4-3E). As such, we conclude that disruptive population 

variants may be better explained by local structural perturbations that disrupt specific 

protein interactions as opposed to destabilizing protein stability as a whole. 

 Although protein-destabilizing mutations are depleted among essential genes, 

likely mitigating the impact an otherwise damaging variant would have on organism 

fitness, this depletion does not imply that variants on stably expressed non-essential 

genes are without functional impact. Nor must a population variant occur at rare allele 

frequency to be functionally consequential. To demonstrate this, we examined a null-

like amino acid mutation, A142T, on a non-essential gene, AKR7A2 (pLI = 0), that 

occurs at common allele frequencies, particularly in African populations in ExAC 

(MAFAfr = 9.3%) and does not impact protein expression (Figure 3.4-3F). AKR7A2 is 

an NADPH-dependent aldo1-keto reductase that catalyzes the reduction of succinic 

semialdehyde (SSA) to gamma-hydroxy butyrate (GHB), an important activity in the 

degradation pathway for the inhibitory neurotransmitter GABA (Lyon et al., 2007) 

(Supplementary Figure C.1-3B).  

To explore the potential enzymatic impact of AKR7A2_A142T, we purified 

recombinant wild-type and mutant AKR7A2 protein to test for changes in NADPH-

dependent turnover of SSA (Methods). Accordingly, we found that kcat/KM decreased 

from 1.8 107 min-1 ∙ M-1 for wild-type protein to 1.0 107 min-1 ∙ M-1 for 

AKR7A2_A142T (P = 0.035 by one-tailed t-test, Figure 3.4-3G). In addition to 

impacting SSA turnover, there is further in vitro evidence that the A142T variant of 

AKR7A2 impacts drug metabolism (Bains et al., 2010). While the high allele 
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frequency of this variant strongly implies that A142T has a minimal fitness impact in 

individuals, disease-associated mutations in the GABA degradation pathway to which 

AKR7A2 belongs indicate that AKR7A2_A142T could still be deleterious in certain 

genetic backgrounds. For example, missense mutations that impair ABAT and 

SSADH activity, enzymes immediately upstream of AKR7A2, can result in severe 

human neurological disorders (Akaboshi et al., 2003; Medina-Kauwe et al., 1998; 

Tsuji et al., 2010). Hence, we postulate that AKR7A2_A142T may indeed be 

deleterious in genetic backgrounds with lowered ABAT or SSADH activity, 

reinforcing that genetic background is a crucial component in determining whether 

disruptive variants can truly impact organism fitness. Similarly, our interactome 

perturbation study and its results will provide contextual information for many disease 

mutations, especially those with partial penetrance. 

3.4.4 Disruptive population variants are enriched on conserved protein sites 

Deleterious variants are more likely to be population-specific in comparison to neutral 

mutations since selection limits their capacity to spread across populations over time 

(Marth et al., 2011). As such, we explored how the fraction of disruptive variants 

changes across different populations sampled by ExAC. We found that disruptive 

variants are significantly less likely to be found across all ExAC populations in 

comparison to non-disruptive variants (P = 0.014 by one-tailed Z-test) and instead are 

enriched within a limited number of populations (1-3 populations: P = 0.036 by one-

tailed Z-test, Figure 3.4-4A). We note, though, that the fraction of variants that are 

disruptive does not vary significantly across any individual population 
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(Supplementary Figure C.1-4A). Negative selection takes time to remove disruptive 

variants from a population. As such disruptive variants that are older in age would be 

removed from a population while disruptive variants that are younger would persist 

likely as private variants or as variants limited to a few populations. Our results 

therefore indicate that disruptive variants may be a consequence of younger variants 

recently emerged in human genomes. 

The functional importance of a particular genomic site or protein residue can 

also be strongly inferred through sequence conservation with closely related ancestral 

DNA (Boffelli et al., 2003) or across multiple species (Asthana et al., 2007; Cooper et 

al., 2003; Margulies et al., 2003). Indeed, variants at sites in which the minor allele is 

ancestral are less likely to undergo purifying selection (Zhu et al., 2011), which may 

indicate that such sites may be less functionally relevant. In agreement, we observed a 

near two-fold increase in the fraction of disruptive variants at sites in which the 

ancestral allele matches the major allele as opposed to matching the tested minor allele 

(18.6% to 9.6%, respectively; P = 0.025 by one-tailed Z-test, Figure 3.4-4B). 

Moreover, while sites in which the major allele is ancestral are more conserved than 

sites in which the minor allele is ancestral (P = 0.016 by one-tailed U-test, 

Supplementary Figure C.1-4B), this difference intensified dramatically when we 

directly compared protein residues corresponding to disruptive alleles to those for non-

disruptive alleles (P = 3.0 10-10 by one-tailed U-test, Figure 3.4-4C). Sequence 

conservation across multiple species is a foundational metric for identifying functional 

variants (Asthana et al., 2007; Cooper et al., 2003; Margulies et al., 2003), and hence, 

this result strongly implies that disruptive variants are targeting evolutionarily 
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important genomic sites. 

Deleterious mutations that occur on conserved protein residues are likely to 

undergo purifying selection while mutations to non-conserved protein residues can 

persist more readily in absence of selective constraint (McDonald and Kreitman, 

1991). To search for evidence of purifying selection on disruptive alleles, we binned 

both disruptive and non-disruptive alleles by their corresponding Jensen-Shannon 

divergence (JSD) scores, an amino acid-based metric for conservation, and then 

compared the mean overall allele frequency of variants per JSD scoring bin 

(Methods). We found that while allele frequency for both disruptive and non-

disruptive variants was comparable at low JSD conservation scores, mean allele 

frequency for disruptive variants strongly decreased across increasing JSD cutoffs.  

In contrast, non-disruptive variants decreased only mildly (Figure 3.4-4D). A similar 

pattern was also observed using a genomic, as opposed to amino acid-based, measure 

for conservation, phyloP (Pollard et al., 2010) (Supplementary Figure C.1-4C).  

These corroborating results may suggest that allele frequency for variants at 

lowly conserved sites is principally governed by random genetic drift, regardless of 

whether the allele is disruptive or not. In contrast, negative selection acts more readily 

on disruptive alleles that occur at highly conserved sites, where deleterious mutations 

can strongly reduce organism fitness. These results further suggest that prioritizing 

disruptive rare variants at conserved sites, as opposed to rare variants at any sites, may 

yield higher resolution in identifying trait- or disease-associated mutations. 

Although enriched at conserved coding sites, disruptive variants are not strictly 

constrained to such regions. Therefore we investigated whether disruptive variants are 
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also enriched in genomic regions undergoing positive selection. We applied Fay and 

Wu’s H to measure positive selection genome-wide using Phase 3 data from the 1000 

Genomes Project (The 1000 Genomes Project Consortium, 2015) then examined 

where disruptive variants reside with respect to genomic regions undergoing 

significant positive selection (Methods). 
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Figure 3.4-4 Disruptive alleles occur predominately at conserved genomic sites. (A) 

Fraction of variants that occur in up to three populations, between 4-6 populations, or all 

seven populations in ExAC, partitioned into disruptive and non-disruptive categories. (B) 

Fraction of disruptive variants found at sites in which the major allele matches the ancestral 

chimp allele (purple, n = 1,464) and at sites in which the tested minor allele matches the 

ancestral chimp allele (yellow, n = 73). (C) Distribution of Jensen-Shannon Divergence 

scores for amino acid residues at sites corresponding to disruptive and non-disruptive alleles. 

Larger scores indicate a more conserved sites. (D) Relationship between conservation and 

overall allele frequency for disruptive and non-disruptive variants examined across increasing 

cutoff scores for JS divergence scores. Error bars indicate ±SE of mean. (E) Fraction of 

disruptive variants in genomic regions under positive selection indicated by a significant 

value for Fay and Wu’s H shown across four different population groups and across overall 

population. Error bars in (A), (B), and (E) indicate +SE of proportion. P values in (A), (B), 

and (E) by one-tailed Z-test. P values in (C) and (D) by one-tailed U-test. Significant P values 

in bold. * P < 0.05. 

 

Unexpectedly, we found that disruptive variants across 1000 Genomes 

population groups were enriched within regions undergoing significant positive 

selection across the overall population as well as within specific population subgroups 

(Figure 3.4-4E). Genomic regions under positive selection have played crucial roles 

in the evolution of human phenotypic traits (Vallender and Lahn, 2004). Enrichment 



 

96 
 

for disruptive variants within such regions may therefore be a reflection of the 

functional importance of genomic regions under positive selection. However, not all 

genomic regions under positive selection can be readily ascribed to known molecular 

functions. Under our interaction perturbation framework, we can potentially better 

understand how positive selection emerges at a molecular level. 

3.4.5 Disruptive variants are depleted among genes that strongly impact 

organism fitness 

Our data revealed that disruptive protein variants occur predominately on conserved 

residues (Figure 3.4-4C), reflecting the functional importance of disrupted protein 

sites and that the overall allele frequency of disruptive variants decreases across 

increasingly conserved sites (Figure 3.4-4D). This decreased occurrence at highly 

conserved sites implies that disruptive alleles occur less frequently in genes crucial for 

proper cell function and instead persist in coding regions less susceptible to purifying 

selection. In agreement, we found that disruptive alleles are strongly depleted within 

LoF-Intolerant genes (pLI ≥ 0.9) in comparison to other genes (9.5% and 19.2%, 

respectively; P = 7.2 10-5 by one-tailed Z-test, Figure 3.4-5A). Likewise, we also 

found that genes harboring disruptive alleles are significantly less likely to be 

haploinsufficient (Bartha et al., 2017; Bartha et al., 2015) in comparison to those with 

non-disruptive alleles (Medians = 0.14 and 0.20, respectively; P = 0.0018 by one-

tailed U-test, Figure 3.4-5B). Lastly, the fraction of disruptive variants that occur on 

disease-associated genes known to be autosomal dominant is significantly reduced in 

comparison to those on other genes (Online Mendelian Inheritance of Man OMIM; 
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Singh et al., 2014) (10.9% and 18.5%, respectively; P = 0.033 by one-tailed Z-test, 

Supplementary Figure C.1-5A). All three gene categories require only a single loss-

of-function mutation to exert a deleterious cellular effect and hence selection acts 

more readily on disruptive alleles that occur in these often essential genes.  

While essential genes are can be characterized by their intolerance to loss-of-

function mutations (Bartha et al., 2017; Lek et al., 2016; Wang et al., 2014), some 

gene classes, particularly oncogenes and proteins with autoinhibitory protein folds 

such as SNARE and WASP proteins (Pufall and Graves, 2002), can instead be 

classified by their susceptibility to deleterious gain-of-function mutations (Pufall and 

Graves, 2002; Singh et al.). Such mutations are perilous and should occur infrequently 

because they often result in constitutively active mutants with dominant deleterious 

phenotypes (Pufall and Graves, 2002; Singh et al.). Accordingly, we found that the 

fraction of disruptive alleles is significantly depleted within known oncogenes (Bozic 

et al., 2010; Singh et al., 2014) in comparison to other genes (14.5% and 19.3%, 

respectively; P = 0.011 by one-tailed Z-test, Supplementary Figure C.1-5B) and 

particularly so in gene-encoded proteins with autoinhibitory folds (Singh et al.; Singh 

et al., 2014) in comparison to other genes (3.2% and 18.6%, respectively; P = 8.8 10-

4 by one-tailed Z-test, Figure 3.4-5C). Despite a higher propensity for acquiring 

deleterious mutations, selection acts readily on deleterious mutations in such genes 

and hence disruptive mutations are strongly depleted within both gene categories.  

Disruptive mutations are depleted in essential, haploinsufficient genes and 

genes susceptible to deleterious gain-of-function mutations since selection can act 

readily to deplete deleterious alleles in both gene categories. Disruptive mutations may 
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therefore persist in genes less impactful to cell viability where selection acts less 

readily. Indeed we found that genes harboring disruptive variants corresponded with 

significantly lower selection coefficients than genes harboring non-disruptive variants 

(Medians = 0.011 and 0.019, respectively; P = 1.9 10-5 by one-tailed U-test, Figure 

3.4-5D). This result suggests that abundant interaction-disruptive alleles in human 

populations persist as a result of weaker purifying selection acting in non-essential 

regions of human genomes.  
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Figure 3.4-5 Disruptive variants are depleted among essential genes and genes prone to 

deleterious mutations. (A) Fraction of disruptive variants residing on essential genes (pLI ≥ 

0.9) or other genes (pLI < 0.9). (B) Probability of haploinsufficiency for genes corresponding 

to disruptive and non-disruptive alleles. (C) Fraction of disruptive variants residing on gene-

encoded proteins with autoinhibitory domains (n = 63) or other genes (n = 1,649). (D) 

Distribution of shet selection coefficients for genes corresponding to disruptive and non-

disruptive alleles. (E) Betweenness centrality values in human interactome for proteins 

harboring non-disruptive (n = 588), partially disruptive (n = 116), and null-like variants (n = 

54). (F) Protein degree in human interactome for proteins harboring non-disruptive (n = 

588), partially disruptive (n = 116), and null-like variants (n = 54). Error bars in (A) and (C) 

indicate +SE of proportion. P values in (A) and (C) by one-tailed Z-test. P values in (B), (D), 

(E) and (F) by one-tailed U-test. Significant P values in bold. 
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Many other potentially disruptive mutations may be present in more essential genes if 

other type of mutations, for example de novo, are examined; however, such variants 

are not characteristic of the ExAC variants sampled in this study. 

Topological properties of interactome networks can provide key insights 

towards the underlying properties of proteins comprising the network. Of particular 

interest are nodes with high betweenness centrality because such nodes control 

information flow within a network and correspond well with essential genes (Yu et al., 

2007). Therefore, we examined how disruptive variants vary with respect to 

betweenness centrality and found that null-like variants (Figure 3.4-2D) corresponded 

with proteins with significantly lower betweenness centrality in comparison to 

partially disruptive variants (P = 4.7 10-4 by one-tailed U-test) while no significant 

difference was observed between partially disruptive and non-disruptive alleles (P = 

0.37 by one-tailed U-test, Figure 3.4-5E). Moreover, proteins harboring null-like 

variants have a significantly lower network degree in comparison to proteins harboring 

partially disruptive variants (P = 0.021 by one-tailed U-test) while also showing no 

difference between partially disruptive and non-disruptive variants (P = 0.45 by one-

tailed U-test, Figure 3.4-5F). In principle, null-like mutations disrupt all 

corresponding protein interactions, nullifying the function of the mutated protein. As 

such, null-like variants largely accumulate on gene-encoded proteins with minimal 

influence on protein interaction network topology, reinforcing our finding that 

deleterious mutations propagate primarily in non-essential genes. While single 

mutations in less essential regions of human genomes may only marginally impact 

organism fitness, the accumulation of disruptive mutations across a genome does 
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influence the genetic background of an individual. As such, studying the impact of 

disruptive population variants may provide valuable insight towards how marginally 

impactful variants can influence an individual’s predisposing risk to disease.  

3.4.6 Structural information details contrasting mechanisms of protein 

interaction perturbations 

Residues located at the interface between two proteins are crucial towards inducing 

protein-protein interactions (Jones and Thornton, 1996). As such, disruptive 

population variants within our SNV-interaction network are expected to be enriched at 

protein interaction interfaces. In agreement, disruptive alleles were found to be 

substantially enriched at interaction interfaces in comparison to away from the 

interface (19.5% and 4.1%, respectively; P = 3.3 10-5 by one-tailed Z-test, Figure 

3.4-6A, Methods). However, the occurrence of an allele at an interaction interface is 

not in itself sufficient for inducing a disruption. Rather, at interaction interfaces, 

disruptive alleles were often the product of more dissimilar amino acid substitutions in 

comparison to non-disruptive variants (Median = 81 and 56, respectively; P = 6.8 10-

4 by one-tailed U-test, Supplementary Figure C.1-6A). Among interaction interface 

variants, we also found that disruptive alleles resulted from more significant changes 

in binding free energy than non-disruptive alleles (P = 0.0091 by one-tailed U-test, 

Figure 3.4-6B). Hence, our results affirm that dissimilar amino acid substitutions at 

interaction interfaces are strong precursors for protein interaction disruptions and 

should be prioritized when searching for disruptive variants. 
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Figure 3.4-6 Identifying candidate disease-associated mutations through shared interaction 

perturbation profiles. (A) Fraction of disruptive variants that occur on interaction interfaces 

in interface domains in comparison to away from interaction interfaces. (B) ΔΔG measured by 

MutaBind for disruptive and non-disruptive variants on interaction interfaces for interactions 

with available co-crystal structures in PDB. (C) Fraction of variants on interaction interfaces 

for interactions with available co-crystal structures in PDB or homology models for non-

disruptive (n = 267), partially disruptive (n = 54), or null-like variants (n = 31). (D) 

Schematic of mutated proteins with distinct or non-distinct interaction interfaces. (E) Fraction 
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of variants on distinct or non-distinct interaction interfaces for non-disruptive (distinct n = 

76; non-distinct n = 191), partially disruptive (distinct n = 11; non-distinct n = 43), and null-

like (distinct n = 7; non-distinct n = 24) variants. (F) Fraction of mutations pairs that lead to 

the same disease for germline mutations that share one or more disrupted interactions in 

common in comparison to pairs that do not disrupt interactions. (G) Schematic of interaction 

perturbation profiles for disease-associated mutation D32N and rare variants T152I and 

T149M. Stable expression of FLAG-tagged wild-type and mutant PSPH proteins were 

validated by Western blot using α-FLAG. α-γ-Tubulin was used as a loading control. A brief 

diagram of PSPH phosphatase activity is shown. (H) Enzymatic activity of purified 

recombinant wild-type and mutant PSPH using phosphoserine substrate was measured in 

vitro using a malachite green assay performed in triplicate. Mutant PSPH enzymatic activity 

is shown in proportion to wild-type activity. Error bars indicate +SE of mean. * P < 0.01. 

Error bars in (A), (C), (E), and (F) indicate +SE of proportion. P values in (A), (C), (E), and 

(F) by one-tailed Z-test. P value in (B) by one-tailed U-test. Significant P values in bold. 

 

Mutations on protein interaction interfaces tend to disrupt specific protein 

interactions while mutations to buried residues are more likely to impact protein 

stability (Das et al., 2014a; Wang et al., 2012; Zhong et al., 2009). Furthermore, 

partially disruptive disease-associated mutations have been reported to be strongly 

enriched on interaction interfaces in comparison to null-like disease-associated 

mutations (Sahni et al., 2015). To investigate whether partially disruptive and null-like 

population variants are distributed in a similar manner, we overlaid our tested variants 

onto their corresponding interaction interfaces using co-crystal structures (Berman et 

al., 2000) and homology models (Mosca et al., 2013). While partially disruptive 

variants were found to be enriched on interaction interfaces in comparison to non-

disruptive variants (P = 0.0076 by one-tailed U-test), unexpectedly, we also found that 

null-like variants were enriched on interaction interfaces relative to non-disruptive 

variants (P = 0.013 by one-tailed U-test; Figure 3.4-6C). This contrasting result 
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suggests that null-like variants located on interaction interfaces do not perturb their 

interaction partners by destabilizing protein folding. This result, though, should only 

occur if the harboring protein uses a single, shared interaction interface to interact with 

each of its multiple interaction partners. 

 To explore whether null-like variants located at interaction interfaces disrupt 

their multiple interaction partners through a shared interface, we partitioned tested 

proteins into two sets:  (1) proteins with distinct interaction interfaces in which not a 

single residue is shared between at least two different interaction interfaces and (2) 

proteins with non-distinct interaction interfaces in which a subset of residues are 

shared between all interaction interfaces or only a single interaction interface is 

available. Upon partitioning proteins in this manner, we found that sampled variants 

were equally likely to reside on distinct or non-distinct interaction interfaces for both 

non-disruptive and partially disruptive variants (Figure 3.4-6D). In stark contrast, 

though, null-like variants only resided on proteins with non-distinct interaction 

interfaces (P = 0.038 by one-tailed Z-test; Figure 3.4-6D). Hence, null-like population 

variants in our SNV-interaction network are mostly the consequence of a shared 

interaction interface disrupting each of the relatively limited number of interactions 

available to null-like variants (Figure 3.4-5F). 

Considering that null-like variants are also less likely to be essential (Figure 

3.4-5E), most disruptive mutations to proteins with multiple interaction partners will 

be partially disruptive (Figure 3.4-2D). Hence, the partially disruptive population 

variants identified in our results may actually have a larger influence on individual 

fitness and genetic background since partially disruptive variants are more likely to 
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occur on essential genes relative to null-like variants. Partially disruptive variants 

should therefore be carefully considered when searching for potential trait- or disease-

associated mutations. 

3.4.7 Variants with matching interaction disruption profiles have corresponding 

molecular phenotypes 

Ascertaining whether a disruptive mutation can impact fitness is a challenging task. 

Nonetheless, disruptions induced by disease-associated mutations are a powerful 

resource for such a task because the phenotypic impact of such mutations is known 

and the molecular impact of the disease-associated mutations – through protein 

interactions and functional assays – is measureable. Hence, we can overlay known 

disease-associated mutations onto the human interactome and qualitatively inspect 

where variant-induced disruptions overlap with disease mutations (Supplementary 

Figure C.1-6B). Cases of overlapping disrupted interactions between population 

variants and known disease-associated mutations are particularly interesting because 

such overlaps imply that an equally disruptive population variant on the same gene 

could also lead to the same disease phenotype. 

To better assess whether equally disruptive mutations can lead to the same 

phenotype, we examined all pairs of disease-associated mutations in our HGMD set of 

tested mutations that occur on the same gene. We then measured the fraction of 

mutation pairs that cause the same disease for cases in which mutation pairs either (1) 

shared one or more disrupted interactions in common or (2) neither mutation was 

disruptive. We found that pairs of disease-associated mutations that share one or more 
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disrupted interactions resulted in the same disease significantly more often than cases 

in which no disrupted interactions were found (P = 0.013 by one-tailed Z-test, Figure 

3.4-6F). This result indicates that shared interaction disruption profiles may be an 

informative approach towards identifying candidate disease-associated mutations.  

To demonstrate that shared disrupted interaction profiles between a population 

variant and disease-associated mutation are indeed informative, we identified two 

mutations with shared disruption profiles on the phosophoserine phosphatase, PSPH 

(Figure 3.4-6G):  (i) T152I, a rare variant (MAF = 0.10%) in ExAC and (ii) D32N, a 

disease-associated mutation reported to strongly decrease PSPH enzymatic activity in 

a compound heterozygous individual with phosphoserine phosphatase deficiency 

(Veiga-da-Cunha et al., 2003). An additional PSPH non-disruptive rare variant, 

T149M, was included as a control. Next, we purified recombinant wild-type, D32N, 

T152I, and T149M PSPH proteins and measured for changes phosphatase activity for 

mutant PSPH relative to wild-type using a malachite green assay. Our in vitro assays 

revealed that T152I reduced PSPH phosphatase activity to 59.2% ± 4.3% (P = 0.0010 

by one-tailed t-test), which nearly matched the D32N reduction in activity equal to 

60.0% ± 3.3% (P = 6.6 10-4 by one-tailed t-test). In contrast, T149M showed no 

significant change in enzymatic activity relative to wild-type (P = 0.19 by one-tailed t-

test, Figure 3.4-6H). These findings suggest that T152I could result in the same 

disease phenotype as D32N; however, individuals homozygous for T152I are not 

reported in ExAC, nor is clinical data available for this variant. 
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3.5 Discussion 

Disentangling the phenotypic impact of functional missense mutations from benign 

mutations has proved uniquely challenging (Cassa et al., 2013; Dorfman et al., 2010; 

Masica et al., 2015; Miosge et al., 2015; Wang et al., 2018). Conventions for 

determining which missense mutations are functional vary widely (Tennessen et al., 

2012; The 1000 Genomes Project Consortium, 2012; The Genome of the Netherlands 

Consortium, 2014), as do their genome-wide conclusions for the number of functional 

coding mutations per individual (Figure 3.4-2C). Therefore, in absence of a consensus 

metric for assessing the functional impact of missense mutations, we aimed to directly 

measure the impact of 1,712 missense population variants from ExAC tested across 

4,297 protein-variant interaction pairs. 

Towards this end, we identified 309 disruptive variants corresponding to 672 

disrupted protein interactions. In line with expectations, we found that disruptive 

variants occurred more frequently as allele frequency decreased, were enriched on 

interaction interface residues, and predominately targeted evolutionarily conserved 

protein residues. However, despite this very strong enrichment for disruptive variants 

at conserved coding sites (Figure 3.4-4C), which suggests sites harboring disruptive 

variants are functionally important, the potentially deleterious effect of disruptive 

variants appears to be mitigated at both the gene and interactome level. As such, we 

observed that disruptive alleles were significantly depleted in Loss of Function-

Intolerant genes, occurred on genes less likely to be haploinsufficient, and that null-

like variants targeted proteins with lower betweenness centrality and lower degree in 

the human interactome. 
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Less intuitively, we also found that partially disruptive and null-like variants 

occurred equally often on interaction interfaces, disruptive variants were enriched in 

genomic regions under positive selection, and that 10.2% of common variants (MAF > 

5%) were disruptive. Moreover, by combining our measured disruption rates with the 

site frequency spectrum calculated from ExAC, we determined that 11.2% of missense 

variants per individual genome are expected to be disruptive. Considering that 

interaction perturbations are just one way in which mutations can be disruptive, our 

genome-wide figure for the number of disruptive variants per individual represents 

only a lower-bound estimate. Genome-wide surveys for other types of mutations may 

reveal that functional variants, at least at the molecular-level, are even more 

widespread than suggested here. 

Although our results corresponded well with expected trends for conservation 

and allele frequency, we are in no manner implying that the disruptive population 

variants reported here strongly or even moderately reduce organism fitness. Essential 

genes, including those associated with autosomal-dominant disease (Supplementary 

Figure 6.1-5A) and known oncogenes (Supplementary Figure 6.1-5B), are too 

infrequently targeted by disruptive variants to suggest otherwise. Nonetheless, the 

cumulative impact of protein interaction perturbations help constitute the genetic 

background of an individual. Therefore, examining the molecular phenotypes of 

disruptive variants and the genetic context in which these variants occur is important 

in assessing an individual’s risk for a particular disease. For example, we identified a 

null-like variant, A142T, on the protein AKR7A2 that significantly reduces enzymatic 

activity relative to wild-type (Figure 3.4-3F) and segregates at common allele 
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frequencies (MAF = 6.4%). While evidence exists demonstrating that 

AKR7A2_A142T lowers drug metabolism (Bains et al., 2010), this variant alone 

likely has a minimal fitness impact. Disruptive mutations to enzymes in the same 

pathway as AKR7A2 co-occurring with A142T, though, could potentially compromise 

the neurotransmitter degradation pathway to which this protein belongs. Indeed, 

mutations to enzymes in this pathway, ABAT and SSADH, result in severe 

neurological disorders (Akaboshi et al., 2003; Medina-Kauwe et al., 1998; Tsuji et al., 

2010). Hence, we anticipate that the results of our interactome will provide contextual 

information for many disease-associated mutations, particularly for partial penetrant 

mutations in which only certain fraction of individuals carrying a mutation are 

afflicted with disease. 

Similar but more direct relationships between disruptive variants and disease 

can be found in our screen as well. For instance, we identified a population variant on 

PSPH, T152I (MAF = 0.10%), that reduces enzymatic activity to the same extent as a 

compound heterozygous mutation, D32N (Veiga-da-Cunha et al., 2003). Therefore, 

we postulate that T152I could potentially phenocopy D32N in a matching genetic 

background and elevate risk for phosphoserine phosphatase deficiency in other 

backgrounds. We further observed that pairs of disease-associated mutations that 

disrupt the same set of interactions result in the same disease significantly more often 

than non-disruptive pairs. In addition to T152I and D32N, multiple cases in which a 

population variant disrupted the same interactions as a disease-associated mutation 

were found. In this manner, matching disruption profiles can also be used to separate 

benign variants of unknown significance from those that are disease-associated. 
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 While our high-throughput interaction perturbation approach has allowed us to 

survey >2,000 SNVs, a computational functional prediction approach is absolutely 

vital towards achieving the genome-wide scales needed to maintain pace with rapidly 

proliferating sequencing efforts. Moreover, interaction perturbations are only a strict 

subset of the variety of ways in which mutations can impair protein function. 

Approaches assessing other modes of altering protein function, for example, loss of 

protein-DNA interactions or protein configuration changes, are needed to fully 

interpret the impact of coding variants. Indeed, all organism-phenotypes must stem 

from molecular-level perturbations to cellular activity. Therefore, the genetic, protein 

interaction, and population-level insights presented here could represent a pivotal step 

forward towards an improved understanding of the evolutionary forces that shape the 

human genome and protein function. 

3.6 Materials and Methods 

3.6.1 Selecting single nucleotide variants from ExAC, HGMD, and COSMIC 

databases 

Population variants encoding for missense mutations were selected from ExAC release 

1.0. Disease-associated missense mutations were obtained from HGMD public release 

version 2014. Cancer somatic missense mutations were selected from COSMIC 

version 75. For all three sets, we required that mutations reside on genes in either 

hORFeome v8.1 (Yang et al., 2011) or v5.1 (The MGC Project Team, 2009), 

corresponded with one or more Y2H-testable protein-protein interactions from [19-

22], and, for ExAC variants, achieved a PASS filter status. We mapped each RefSeq 
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transcript from ExAC to an appropriate ORF in our library by looking at the top blastx 

candidate with an e-value ≤ 0.001. We verified that this is a representative ORF for 

our mutation by performing EDNAFULL matrix pairwise alignment using EMBOSS 

Stretcher. Valid representative ORFs must be identical in the 31 amino acid window 

centered on the position of interest for mutagenesis.  Beyond local identity, ORFs are 

required to have more than 95% global identity, or be an exact subset of the transcript, 

spanning at least a third of the query transcript. 

To minimize gene bias, we selected an average of two variants per gene. Since 

over half of variants in ExAC are singletons, to avoid oversampling rare alleles, we 

selected between 200-400 variants across six mutually exclusive allele count bins of 1, 

<10, <100, <1,000, < 10,000, and >10,000 for a total of 1,712 ExAC alleles (Figure 

3.4-1B). 204 HGMD mutations were selected in accordance to criteria detailed in 

(Wei et al., 2014) but expanded to test across all amenable Y2H protein-protein 

interactions. 169 COSMIC mutations were also tested among 116 different genes with 

available hORFeome clones for testing across all amenable Y2H protein-protein 

interactions. Genes listed in Cancer Gene Census (v75) and listed as a known driver in 

IntOGen (2014.12) were designated as Known cancer genes. Genes not listed in 

Cancer Gene Census and not listed as a driver in IntOGen were designated as Other 

genes (Figure 3.4-2B). 

3.6.2 Large-scale cloning of SNVs through Clone-seq pipeline 

Single colony-derived mutant clones were constructed using a previously described 

methodology named Clone-seq (Wei et al., 2014), a high-throughput mutagenesis and 
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next-generation sequencing platform (Supplementary Figure C.1-1). In brief, wild-

type clones were picked from hORFeome clones and served as templates for site-

directed mutagenesis performed at 96-well scales using site-specific mutagenesis 

primers (Eurofins). To minimize sequencing artifacts, PCR was limited to 18 cycles 

using Phusion polymerase (NEB, M0530). PCR product was digested overnight with 

DpnI (NEB, R0176) then transformed into competent bacteria cells to isolate single 

colonies. Up to four colonies per individual mutagenesis reaction were then hand-

picked and arrayed into 96-well plates and incubated for 21 hrs at 37°C under constant 

vibration. After incubation, glycerol stocks were generated then clones were pooled 

into independent bacterial pools. An additional maxiprepped bacterial pool consisting 

of only wild-type DNA templates corresponding to each mutagenesis PCR reaction 

was also prepared. Maxiprepped clonal DNA from each bacterial pool were then 

combined through multiplexing (NEB, E7335) and sequenced in a single 1x75 single-

end Illumina NextSeq run. Properly mutated clones which differed from their 

sequenced wild-type templates only by the desired single base-pair mutation – and 

nowhere else – were then identified by next-generation sequencing analysis and 

recovered from their corresponding single colony glycerol stocks. 

3.6.3 Identifying successfully mutated clones and filtering clones with unwanted 

mutations 

After de-multiplexing, mapped reads corresponding to the generated pools (wildtype 

plus up to four mutant pools) were mapped to genes of interest using the BWA mem 

algorithm (bwa mem -a -t 12 <reference> <reads>). In order to detect 
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both the desired variant as wells as undesired off-target mutations, we first obtained 

the read counts for each allele (A, T, C, G, insertion, or deletion) for all positions in 

the clones. Using these read counts we calculated the score for a given position, pos, 

containing a mutation from the wildtype allele, WT, to a mutant allele, Mut, as 

follows: 

, , ,

,
 

where ,  is the observed fraction of reads at position pos matching 

allele Mut and ,  is the fraction of reads at position pos matching 

allele Mut that we would expect to see if it the mutation in question had indeed 

occurred. We define this fraction as: 

, 	
1

1 ∗ 1 ∗  

where  is the total number of mutants attempted on a particular ORF 

(i.e. the number of copies of the ORF included in the pool),  refers to the 

inherent sequencing error, and  is the total number of alleles. 

To explain further, assuming that all clones for a particular gene contribute a 

similar number of reads, we expect that if one of the clones for a gene contains a 

mutation to the Mut allele at position pos, we should see   fraction of 

the reads match the Mut allele. Due to sequencing errors, we expect the true fraction 

observed to deviate slightly from this base fraction. We first add a term for the fraction 

of Mut alleles that we expect to see as a result of sequencing errors in the other non-

mutant clones for the gene. Second, we subtract a term for sequencing errors in the 

mutant clone converting Mut allele to any of the 1  other alleles. We 
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define the sequencing error as the average fraction of non-WT bases observed in the 

ten closest positions that were not targeted for mutagenesis. 

 Based on comparisons to Sanger sequencing results, we set a threshold of 

, , 0.5 to call true mutations. In identifying successful instances 

of site-directed mutagenesis, we first checked for presence of the desired mutation 

using this score threshold. Using the scores for all other positions along the clone, we 

then screened each successful mutant for the presence of any other unwanted 

mutations that may have been introduced as PCR artifacts. Any clones containing 

unwanted mutations were removed, and the remaining clones were sorted using a 

combination of their desired mutation score, maximum undesired mutation score, 

sequencing coverage, and sequencing quality. 

3.6.4 Profiling disrupted protein-protein interactions by high-throughput Y2H 

Clone-seq identified mutant clones were transferred into Y2H vectors pDEST-AD and 

pDEST-DB by Gateway LR reactions then transformed into MATa Y8800 and MATα 

Y8930, 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 using automated 96-well procedures to 

inoculate AD-ORF and DB-ORF yeast cultures followed by mating on YEPD agar 

plates. All DB-ORF yeast cultures were also mated against MATa yeast transformed 

with empty pDEST-AD vector to screen for autoactivators. After overnight incubation 

at 30°C, yeast were replica-plated onto selective Synthetic Complete agar media 

lacking leucine and tryptophan (SC-Leu-Trp) to select for mated, diploid yeast then 
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incubated again overnight at 30°C. Diploid yeast were then replica-plated onto SC-

Leu-Trp agar plates also lacking histidine and supplemented with 1 mM of 3-amino-

1,2,4-triazole (SC-Leu-Trp-His+3AT) as well as SC-Leu-Trp agar plates lacking 

adenine (SC-Leu-Trp-Ade). After overnight incubation at 30°C, plates were replica-

cleaned and incubated again for three days at 30°C. 

 Disrupted protein-protein interactions were identified as follows:  (1) mutated 

protein reduces growth by at least 50% relative to wild-type interaction as 

benchmarked by twofold serial dilution experiments, (2) neither wild-type or mutant 

DB-ORFs are autoactivators, (3) reduced growth phenotype reproduces across three 

screens. A mutation was scored as disruptive if one or more corresponding protein-

protein interactions were disrupted and scored as non-disruptive otherwise. 

 

3.6.5 Assessing genome-wide functional mutation rates for coding variants 

The total number of missense variants in ExAC listed in Figure 3.4-1C was 

determined by summing the adjusted overall allele count found in the ExAC database 

for all variants annotated as missense_variant in at least one transcript. The number of 

functional mutations was calculated by multiplying the mean disruption rate per 

individual (Appendix C.2.1) by the total number of missense variants in ExAC.  

The total number of missense variants in the 1000 Genomes Consortium – 

Phase I, Genomes of the Netherlands, and Exome Sequencing Project – Phase I were 

obtained from (The 1000 Genomes Project Consortium, 2012), (The Genome of the 

Netherlands Consortium, 2014), and (Tennessen et al., 2012), respectively. 

Calculations for the number of functional missense mutations from each source are 
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annotated in Supplementary Tables C.3-1, C.3-2, and C.3-3. We note that the number 

of functional mutations by mutation type was not reported for ESP variants in 

(Tennessen et al., 2012). As such, functional nonsynonymous mutations, including 

nonsense variants, were instead reported for ESP – Phase I. We expect the percent 

range of functional missense variants for ESP, 5.5% and 10.0% (Supplementary 

Table C.3-3), to be small overestimates as a result. 

3.6.6 Orthogonal validation of disrupted and non-disrupted interactions by 

Protein Complementation Assay 

To validate that variant-disrupted protein-protein interactions are reproducible across a 

different assay, we systemically selected a subset of Y2H-tested interactions for retest 

by PCA. Bait ORFs in pDONR223 for disruptive and non-disruptive variants were 

transferred into F1 Venus fragments while prey ORFs for corresponding interaction 

partners were transferred into to F2 Venus fragments using Gateway LR reactions for 

a total of 408 ORF-interaction pairs comprising 401 gene-level interactions. Bait and 

prey ORF pairs were then randomly scrambled across 92 PRS and 92 RRS ORF pairs 

previously described in (Braun et al., 2009; Venkatesan et al., 2009) to minimize 

detection bias across different 96-well plates. 

 To perform PCA, HEK293T cells were seeded onto black 96-well flat-bottom 

dishes (Costar, 3603). HEK293T cells were maintained in complete DMEM medium 

supplemented with 10% FBS and incubated at 37°C under air with 5% CO2. Cells 

were grown to 60-70% confluency then co-transfected using 100 ng of bait vector plus 

100 ng of prey vector with 1.0 µL of 1 mg/mL PEI (Polysciences Inc, 23966) mixed 
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thoroughly with 20 µL OptiMEM (Gibco, 31985-062) per transfection. After 72 hrs 

incubation at 37°C, a Tecan M1000 plate reader was used to measure PCA 

fluorescence (excitation = 514 nm; excitation = 527 nm) for all samples. A manually-

adjusted gain was applied to ensure all measurements were performed within a linear 

range. Detection thresholds were selected such that ORF pairs resulting in a signal 

greater than the threshold were scored as “detected” while scores that fell below the 

threshold were “undetected.” The fraction of recovered pairs represents the proportion 

of ORF pairs that scored above a given threshold over the total set of ORF pairs tested 

per category. As a quality control measure, interaction pairs in which either a bait or 

prey ORF did not amplify by PCR using F1 Venus- or F2 Venus-specific primers, 

respectively, were removed from PCA detection rate calculations.  

3.6.7 Construction of vectors for dual-fluorescent screen and Western blot 

Gateway LR reactions were used to transfer ORFs into mammalian expression 

vectors. pDEST-DUAL vector for dual-fluorescence screen was constructed by 

inserting an mCherry cassette independently driven by a  minCMV promoter into 

pcDNA-DEST47 (Invitrogen, 12281-010), which features a C-terminal GFP tag. 

PSPH wild-type, D32N, T152I, and T149M were transferred into a pQXIP (ClonTech, 

631516) vector modified to include a Gateway cassette featuring a C-terminal 

3xFLAG. AKR7A2 wild-type and A142T were transferred into pcDNA-DEST40, 

which includes a V5 tag (Invitrogen, 12274-015). 

3.6.8 Dual-fluorescence assay to measure impact of variants on protein stability 

In order to screen for variants that destabilize protein expression, we first screened for 
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stably expressed GFP-tagged wild-type proteins. To do this, we transferred wild-type 

ORFs into pDEST-DUAL by Gateway LR reactions. HEK293T cells were then 

seeded onto black 96-well flat-bottom dishes (Costar, 3603) HEK293T cells were 

maintained in complete DMEM medium supplemented with 10% FBS. All cell 

incubation steps were performed at 37°C under air with 5% CO2. Cells were grown to 

60% confluency then co-transfected using 150 ng of sample DNA in pDEST-DUAL 

and 1.0 µL of 1 mg/mL PEI (Polysciences Inc, 23966) mixed thoroughly with 20 µL 

OptiMEM (Gibco, 31985-062). Four replicates of empty pDEST-DUAL and four 

replicates of empty pcDNA-DEST47 were also transfected per 96-well plate as 

positive controls for mCherry expression and negative controls for GFP expression, 

respectively. After 72 hrs incubation, stably expressed wild-type GFP-tagged proteins 

were identified using a Tecan M1000 plate reader. Samples that resulted in GFP and 

mCherry expression significantly above background were then validated by automated 

fluorescence microscopy using an ImageXpress system. In this manner, we identified 

202 wild-type genes corresponding to 291 ExAC variants. Single clones for ExAC 

variants were then transferred into pDEST-DUAL by Gateway LR reactions for 

further screening. 

 Wild-type and mutant ORF pairs in pDEST-DUAL were transfected into 293T 

in the same manner as described for our first wild-type screen, including the same 

eight pDEST-DUAL and pcDNA-DEST47 controls per plate. Mutant ORFs 

corresponding to a particular wild-type ORF were always partitioned onto the same 

plate. After 72 hrs incubation, GFP and mCherry fluorescence readings using a Tecan 

M1000 plate reader were measured for all samples and processed into stable, 
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moderately stable and unstable categories as described in Appendix C.2.2. Samples 

were also imaged automated fluorescence microscopy using an ImageXpress system. 

3.6.9 Cell culture for Western blotting 

HEK293T cells were maintained in complete DMEM medium supplemented with 

10% FBS and incubated at 37°C under air with 5% CO2. Cells were grown in 6-well 

dishes to 70-80% confluency then transfected using 2 μg of vector 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 min. Extracts 

were cleared by centrifugation for 10 mins at 13,000 rpm at 4 . 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), anti-GFP (SCBT, 9996) 

and anti-γ-Tubulin (Sigma, T5192) at 1:5000, 1:3000, 1:1000, and 1:3000 dilutions, 

respectively, were used for immunoblotting analysis. 

3.6.10 Protein purification of recombinant PSPH and AKR7A2 

Gene-specific primers were used to clone BamHI and XhoI restriction endonuclease 

digestion sites onto the 5’ and 3’ ends of ORFs for wild-type, D32N, T152I, and 

T149M clones of PSPH by PCR. PCR products as well as a pET28a-based, custom 
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modified pET-6xHis-SUMO expression vector were then digested overnight using 

BamHI (NEB, R3136) and Xho1 (NEB, R0146) restriction endonucleases. All 

digested products were cleaned up by gel extraction. PCR products were then ligated 

into cut pET-6xHis-SUMO vector by 10 μL T4 ligase (NEB, M0202) reactions using 

a 3:1 ratio of insert to template incubated for 30 min at RT. Ligated products were 

then transformed into competent cells and plated to isolate single colonies. Properly 

ligated colonies were validated by colony PCR. Colony PCR-validated pET-6xHis-

SUMO PSPH constructs were then transformed into Rosetta strain competent bacteria 

cells (Novagen, 71401-3). 

 To purify recombinant wild-type and mutant PSPH protein, single colonies of 

transformed Rosetta strain bacteria were inoculated overnight for use as starter 

cultures. Starter cultures were then used to inoculate 1.0 L LB media including 

kanamycin and chloramphenicol and grown 2-4 hrs at 37°C, shaking at 250 rpm until 

OD600 = 0.6. 200 μL of 1 M IPTG was then added to induce protein expression. 

Induced cultures were then incubated for 18 hrs at 18°C, shaking at 250 rpm. After 

incubation, cultures were then centrifuged at 4,000xg for 20 min at 4°C. Supernatant 

was discarded and pellet was resuspended in 35 mL Resuspension Buffer (500mM 

NaCL, 50mM Tris-base pH8.0) on ice. Note that, unless stated otherwise, all steps 

moving forward were performed on ice or at 4°C. Resuspended pellet was then 

sonicated to lyse cells and then centrifuged at 16,000xg for 45 min. Supernatant was 

then run through a column prewashed with Wash Buffer (20mM NaCl, 20mM Tris 

pH7.5) and loaded with Cobalt agarose beads (GoldBio, H-310) for purification of 6x 

His-tagged protein. Purified samples bound to Cobalt beads were then treated 
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overnight with lab-purified Ulp1 protease for SUMO tag cleavage. Afterwards, 

samples were again run through a column prewashed with Resuspension Buffer and 

eluted sample was collected. Lastly, purified protein samples were fractionated by 

FPLC and samples lacking detectable SUMO expression by Coomassie gel were used 

for experiments. 

Wild-type and mutant A142T were prepared in the same manner as PSPH 

except for the following changes: (1) AKR7A2 gene-specific primers were used for 

PCR, followed by EcoRI (NEB, R3101) and Xho1 (NEB, R0146) double digestion of 

PCR product and pET-6xHis-SUMO vector; (2) after induction with 200 μL of 1 M 

IPTG, cultures were incubated for 5 hrs at 37°C, shaking at 250 rpm. 

3.6.11 Phosphatase activity measurements for PSPH variants 

Wild-type and mutant PSPH activity were measured using a malachite green assay as 

follows:  Malachite Green Reagent Stock was prepared by combining 30 mL 

Malachite Green (Sigma, M9636) with 20 mL 4.2% ammonium molybdate (Sigma, 

277908) / 4M HCL and mixing for > 30 min. Malachite Green Reagent Stock was 

filtered through a 0.2 μm filter unit and stored at 4°C. Malachite Green Working 

Reagent was then prepared by adding Tween-20 to a final concentration of 0.01% in 

Malachite Green Reagent Stock. Using a 96-well plate (Costar, 3696), A620 for sodium 

phosphate in Malachite Green Working Reagent at concentrations of 10, 15, 20, 25, 

30, 35, and 40 μM at pH 7.4 was then measured using a Tecan M1000 plate reader to 

generate a standard curve. Next, 100 ng of purified recombinant PSPH protein was 

then added to 20 μL total of Assay Buffer (30 mM HEPES at pH 7.4, 1 mM EGTA, 1 
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mM MgCl2 and 100 μM phosphoserine) and mixed with 80 μL Malachite Green. 

Negative controls lacking recombinant protein or phosphoserine substrate were also 

included. After plate incubation at 37°C for 5 min, A620 was measured for all samples. 

Percent change in phosphatase activity for mutant PSPH was measured as the ratio of 

mean mutant PSPH activity to mean wild-type PSPH enzymatic activity over three 

replicates. 

3.6.12 Kinematic measurement of SSA turnover by AKR7A2 

Using a 96-well plate (Costar, 3696), A340 for NADPH (Cayman, 9000743) at 

concentrations of 2000, 1000, 500, 250, 125, 62.5, 31.3, 15.6, and 0 μM in 100 μM 

sodium phosphate buffer at pH 8.0 was then measured using a Tecan M1000 plate 

reader to generate a standard curve. To measure NADPH-dependent turnover of 

succinic semialdehyde (SSA) to γ-Hydroxybutyrate (GHB) for wild-type AKR7A2 

and mutant A142T AKR7A2, 3.0 μg of purified AKR7A2 protein was added to SSA 

aliquoted to individual wells in 96-well plate at concentrations of 0.50, 0.75, 1.0, 1.5, 

2.0, 2.5, 3.0, and 3.5 mM in 100 μM sodium phosphate buffer at pH 8.0. Reactions 

were started simultaneously by adding in NADPH at an initial concentration of 0.5 

mM and incubated at 37°C. Negative controls lacking recombinant protein, NADPH, 

or SSA were also included. OD320 measurements were taken every 60 seconds for a 

total of 15 minutes. AKR7A2 wild-type and A142T experiments were performed over 

three replicates. 

3.6.13 Enrichment of disruptive mutations on interaction interfaces 

We examined the loci of ExAC variant residues relative to protein-protein interaction 
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interfaces. "On interface" was defined as either at an interface residue or in the 

interface domain, while "away from interface" was defined as neither at an interface 

residue nor in the interface domain. Interface residues and domains were defined as 

previously described in IntASA (Das et al., 2014b) and Instruct (Meyer et al., 2013). 

Interface residues in context of non-disruptive, partially disruptive, and null-variants 

were acquired from the Interactome INSIDER (Meyer et al., 2018) database for 

structures annotated as PDB or I3D. Interface residues for interactions with available 

PDB co-crystal structures not annotated in Interactome INSIDER were determined as 

previously described in (Meyer et al., 2018). 

3.6.14 Metrics for evolutionary site conservation and ancestral alleles 

Ancestral alleles were parsed from dbSNP build 150. Only sites in which the ancestral 

allele matched the corresponding major or minor allele tested in our SNV-interaction 

network were used for calculations. Jensen-Shannon divergence (JSD) scores were 

obtained as previously described in (Meyer et al., 2018). To measure the average 

overall allele frequency across different JSD scores, cutoff scores of 0.2, 0.3, … , 1.0 

were applied and the overall allele frequencies per tested ExAC variant were averaged 

cumulatively across each cutoff score. phyloP scores were obtained using the Table 

Browser of the UCSC Genome Browser and inputting the hg19 coordinates for each 

tested variant.  

3.6.15 Signals of positive selection for disruptive alleles 

Fay and Wu’s H was applied genome-wide across 3 kb sliding windows using the 

1000 Genomes Phase 3 dataset (The 1000 Genomes Project Consortium, 2015). 
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Regions with a Fay and Wu’s H test statistic at or above the 95th percentile were 

considered significant and were calculated for the overall population as well as in 

AFR, EUR, EAS, and SAS populations individually. The number of disruptive 

variants that occur in regions with a significant Fay and Wu’s H test statistic were 

summed over all variants that occur in any region with a measurable Fay and Wu’s H 

statistic. 

3.6.16 Protein interaction network-based calculations of betweenness centrality 

and degree  

The human reference interactome was assembled as described in (Meyer et al., 2018). 

Using this assembled human interactome, betweenness centrality and degree for 

proteins corresponding to tested ExAC variants were calculated using the 

betweenness_centrality and degree functions of NetworkX. 

3.6.17 Curation of inheritance patterns and phenotypes for disease-associated 

genes 

Disease-associated genes with autosomal dominant inheritance patterns were obtained 

from (Singh et al., 2014) and cross validated against OMIM (accessed 10/31/2017). 

Genes exclusively annotated in (Singh et al., 2014) as autosomal dominant were 

compared against all other genes listed in (Singh et al., 2014). Disease phenotypes for 

mutations pairs that map back to the same or different disease were obtained from 

HGMD release version 2017. Mutation pairs were deemed to cause the same disease if 

strings for their corresponding disease phenotypes were equal or both have matching 

UMLS mappings. 
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CHAPTER 4 

AN INTERACTOME PERTURBATION FRAMEWORK PRIORITIZES 

DAMAGING MISSENSE MUTATIONS FOR DEVELOPMENTAL DISORDERS 

 

4.1 Preface 

Chapter 4 has been accepted for publication as “Chen, S.*, Fragoza, R.*, Klei, L., 

Liu, Y., Wang, J., Roeder, K., Devlin, B., Yu, H. An interactome perturbation 

framework prioritizes damaging missense mutations for developmental disorders. 

Nature Genetics” where * indicates co-first author. Per guidelines by the Field of 

Biochemistry, Molecular, and Cellular Biology, The manuscript has been amended to 

focus primarily on contributions made by Robert Fragoza but has retained the results 

of others for the purposes of clarity when reading the text. 

4.2 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 
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autism, providing complementary evidence that strengthens previously identified 

associations and enhances discovery of new ones. Importantly, by analyzing dnMis 

data from six disorders using the computational approach alone, we demonstrate that it 

offers a generalizable interactome-based framework for identifying and prioritizing 

missense mutations that contribute risk to human disease. 

4.3 Introduction 

Mutations disrupting the function of proteins are recognized as an important source of 

risk for developmental disorders (DDs), such as intellectual disability (Mefford et al., 

2012; Ropers, 2010), 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 (de Ligt et al., 

2013; de Ligt et al., 2012; De Rubeis et al., 2014; Deciphering Developmental 

Disorders, 2015, 2017; 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). 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; Kircher et al., 2014; Pollard et al., 2010), 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. 
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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 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 (Braun et al., 2009; Venkatesan et al., 2009; Yu et al., 2008). 

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 rate in ASD probands versus 
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unaffected siblings across various mutation types, from copy number variants (CNVs) 

(Levy et al., 2011; Sanders et al., 2011; Sanders et al., 2015), frameshift indels (Dong 

et al., 2014), to missense mutations (Iossifov et al., 2014; Iossifov et al., 2012; O'Roak 

et al., 2012; Sanders et al., 2012). While a number of risk de novo copy number (Levy 

et al., 2011; Pinto et al., 2010; Sanders et al., 2011; Sanders et al., 2015; Sebat et al., 

2007) and protein truncating (Dong et al., 2014; Iossifov et al., 2014; Iossifov et al., 

2012; O'Roak et al., 2012; Sanders et al., 2012) 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. 
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4.4 Results 

4.4.1 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 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 (Meyer et al., 2013; Wang et al., 2012) 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 4.4-1A), underscoring the 

functional significance of dnMis mutations on protein interaction interfaces. 

4.4.2 Proband dnMis mutations are more disruptive than sibling mutations 

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 
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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 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) (Materials 

and Methods). 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 4.4-1B; Materials and Methods). 

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 4.4-1B; Materials and 

Methods).  
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Figure 4.4-1 Workflow of our integrated experimental-computational interactome 

perturbation framework. (a) Enrichment distribution of dnMis mutations from SSC in 
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different locations of interacting proteins. 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 calculated using 

two-tail exact binomial test (*P < 0.05, Online Methods). Error bars indicate ± standard 

error. (b) Experimental (left) and computational (right) pipelines for assessing the functional 

impact of dnMis mutations on protein-protein interactions. 

To evaluate the performance of our computational prediction, 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 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 4.4-2A; Materials and Methods). 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 
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siblings (8.7%, P = 5.6×10-4, Figure 4.4-2B). Furthermore, the predicted disruptions 

alone showed significantly higher rate of disruption in probands than siblings (2.15 

fold, P = 0.013, Figure 4.4-2C). 

 

 

 

Figure 4.4-2 dnMis mutations are more disruptive in ASD probands than in siblings. 

Interaction disruption rates of dnMis mutations (a) tested experimentally, (b) by combining 

experimental results and predictions, and (c) predicted computationally. Probands and 
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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 (P = 5.6 10-4, FC = 2.34 [1.44–3.79, 95% CI], two-

tail negative binomial model). The trend persists in male and female subgroups: 23.1% 

disruption rate in male ASD probands versus 12.3% in male siblings (P = 8.8 10-3, FC = 

2.21 [1.15–4.25, 95% CI], one-tail negative binomial model); 37.3% disruption rate in female 

ASD probands versus 9.9% in female siblings (P = 3.5 10-3, FC = 3.50 [1.41–8.72, 95% 

CI]). Comparing disruption rates between males and females revealed a higher rate, although 

not quite significant, in females than males in ASD probands (P = 0.12, FC = 1.71 [0.71–

4.09, 95% CI], one-tail negative binomial model), whereas similar rates were observed in 

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

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. Results using only the Y2H data or predictions are provided 

in Appendix D.1. 

The female protective effect postulates that females require a larger genetic 

burden before being diagnosed with ASD (Chang et al., 2015; De Rubeis et al., 2014). 

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 
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siblings is 1.08-fold and does not approach significance (P = 0.42, Figure 4.4-2B).  

4.4.3 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 (Feldman et al., 2008; Goh et al., 2007). 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 (Jonsson 

and Bates, 2006; Xu and Li, 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 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 4.4-3A), 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, 

Figure 4.4-3A).  
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Figure 4.4-3 Disruptive proband dnMis mutations exhibit characteristic network and 

haploinsufficiency properties. (a) Degree and (b) betweenness distributions 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 
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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: 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). 

Proteins with dnPTVs were excluded from all above 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). 

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 4.4-3A).  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, Figure 4.4-

3A). 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 4.4-

3B).  

To further assess whether disruptive dnMis mutations tend to be on essential 
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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 and -0.41 0.05, FC = 0.90, respectively; 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 

significantly smaller shortest path length to each other than that of 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 4.4-3C). 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, Figure 4.4-3C), underscoring the 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 
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how disruptive missense mutations alter local community structure and how 

information flow through multiple mutations could work together to rewire the whole 

network that can lead to autism or other disease-associated phenotypes. 

4.4.4 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 had a 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 4.4-3D). 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, Figure 4.4-3D). Reinforcing these findings, we also found that genes with 

interaction-disrupting dnMis mutations in probands are, as a whole, 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, Figure 4.4-3E). 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, Figure 4.4-3E). 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).  
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4.4.5 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 overlaps with ASD-associated genes for 

interaction-disrupting dnMis mutations were 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 dnPTVs in 

ASD individuals (Iossifov et al., 2012; Neale et al., 2012a; O'Roak et al., 2012; 

Sanders et al., 2012). Here we assessed the network distance within the human 

interactome between genes harboring 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 
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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 4.4-1; Materials and Methods). 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. 

 Proband Sibling 

 Dis 
(101) 

Non-Dis 
(319) P-

value 

Dis 
(63) 

Non-Dis 
(220) P-

value  Mean s.e.m Mean s.e.m Mean s.e.m Mean s.e.m 

FMRP 
(794) 

2.61 0.04 2.85 0.03 1.5e-6 2.76 0.05 2.77 0.03 0.57 

CHM 
(408) 

2.55 0.04 2.79 0.03 1.3e-6 2.70 0.05 2.72 0.03 0.44 

EMB 
(1,865) 

2.65 0.04 2.88 0.03 2.9e-6 2.79 0.05 2.81 0.03 0.45 

PSD 
(1,395) 

2.61 0.04 2.84 0.03 2.4e-6 2.76 0.05 2.77 0.03 0.47 

SFARI 
(881) 

2.69 0.04 2.92 0.03 1.8e-6 2.83 0.05 2.85 0.03 0.52 

SFARI 
hq 

(141) 

2.62 0.04 2.86 0.03 1.1e-6 2.77 0.05 2.77 0.03 0.58 

DN65 
(65) 

2.70 0.04 2.94 0.03 1.0e-6 2.85 0.05 2.86 0.03 0.52 

 

Table 4.4-1 Distance of proteins with interaction-disrupting (Dis) and non-disrupting (Non-

Dis) dnMis mutations to seven classes in a protein interactome network background. 

Number of proteins in each class is indicated in parentheses. Proteins with dnPTVs in 

probands and siblings were excluded from the analyses. P-values were calculated using one-

tail U-test (P < 0.05 in bold). 
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4.4.6 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, our computational approach predicted that a 

proband mutation p.Pro375Leu on RARA is disruptive, while an unaffected sibling 

mutation, p.Arg83His, is not (Figure 4.4-4A and Figure 4.4-4B). 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 4.4-4C; Materials and Methods). 

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 is the rate-limiting enzyme of 

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).  
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Figure 4.4-4 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) Co-

immunoprecipitation confirming RARA p.Pro375Leu disruption and RARA p.Arg83His non-

disruption of RARA-RXRB interaction in HEK 293T cells. See Supplementary Fig. 10 for 

uncropped gel images. (d) Co-crystal structure of TRIO-RAC1 displaying the structural 

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

dnMis mutations across the interaction interface. 
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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-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 

that disrupts its interaction with the GTPase RAC1 (Figure 4.4-4D). Of note, two 

neurodevelopmental disorder dnMis mutations (Deciphering Developmental 

Disorders, 2017; Pengelly et al., 2016) 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 interface residues, p.Asn39Ser, p.Tyr64Asp, 

and p.Pro73Leu, which all result in mild to severe intellectual disability (Reijnders et 

al., 2017) (Figure 4.4-4D). 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 
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uncover shared molecular pathways between related DDs. 

4.4.7 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 4.4-5), 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 (P = 8.7 10-

4, Enrichment = 1.61 [1.22-2.06, 95% CI]), which agrees with previous findings that 

schizophrenia has a much weaker de novo signal than other DDs (Purcell et al., 2014).  
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Figure 4.4-5 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). 

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 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 4.4-5). 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 
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generalizable framework to identify risk dnMis mutations in human disease.   

4.5 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 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 
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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 and found 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. Taken together, we demonstrate that our computational prediction 

approach can serve as an effective and robust method to identify disease-contributing 

missense mutations.  

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 (Das and Yu, 2012; Rolland et al., 2014). 

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 found that the topological difference between interaction-
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disrupting and non-disrupting dnMis mutations in probands becomes more significant 

as the interactome coverage increases. 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. 

4.6 Materials and Methods 

4.6.1 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”. 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 



 

157 
 

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 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 of 113,449 residues on interaction interface, 69,870 residues on other 

domains, and 194,102 residues outside domains. The probabilities for a mutation to 

fall in these regions then 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 on 

interface, 59 on other domains, and 124 outside domains, revealing that dnMis 

mutations in ASD probands are significantly enriched on protein interaction interface 

(P = 2.9×10-3, Enrichment = 1.27 [1.09–1.46, 95% CI]) while occur on other domains 

with expected rate (P = 0.55, Enrichment = 1.08 [0.84–1.35, 95% CI]) and are 

depleted from regions outside domains (P = 1.1×10-3, Enrichment = 0.81 [0.70–0.93, 

95% CI]). In contrast, the observed 186 dnMis mutations in unaffected siblings occur 
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on all three regions with expected rates: 70/186 fall on interface (37.6% versus 

expected rate of 36.5%, P = 0.76, Enrichment = 1.03 [0.84–1.23, 95% CI]), 32/186 

fall on other domains (17.2% versus 15.9%, P = 0.62, Enrichment = 1.08 [0.76–1.47, 

95% CI]), and 84/186 fall outside domains (45.2% versus 47.6%, P = 0.51, 

Enrichment = 0.95 [0.79–1.10, 95% CI]). 

4.6.2 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 
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99 from unaffected siblings. 

4.6.3 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, yeasts were 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 are 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 are 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 
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experiments. While on average each of the 151 mutations was tested 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 

4.4-2A). 

4.6.4 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 to 

the protein 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 
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sufficient signal towards whether a mutation is damaging or not, mutations that 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. 

4.6.5 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 if D was 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.  

4.6.6 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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4.6.7 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 1ug 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 min. 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 min. 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.  

4.6.8 Evaluation of the distance between gene sets in the interactome network 

We evaluated the distance between two gene sets using the method previously 
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published by Neale et al. (Neale et al., 2012b):in an interactome background, the 

distance between two gene sets (  and ) is the average distance of each gene  in  

to , where the distance of a specific gene  in  to is the average distance of gene 

 to each gene  in . Let  and  be the number of genes in  and ,  

,
1

,  

where , ∑ , . 

Then consider  and  as two nodes in the interactome network, the distance 

between these two nodes [ , ] here is defined as the minimum number of 

intermediate nodes that connect	  and  in the shortest path. 
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CHAPTER 5 

SUMMARY AND FUTURE DIRECTIONS 

 

5.1 Per-chapter summary 

This dissertation has presented several interactome-based approaches towards 

interrogating the function of missense disease-associated mutations (Chapter 2), 

population variants (Chapter 3), and de novo mutations (Chapter 4). To frame these 

efforts within the context of human population genetics, Chapter 1 began by 

familiarizing the reader with fundamental concepts regarding random genetic drift and 

selection. While genetic drift and selection are sophisticated and extensive topics, 

straightforward derivations and simulations of Wright-Fisher populations reveal that 

random genetic drift can dominate the allele frequency behavior of weakly deleterious, 

de novo mutations, particularly within shorter time frames. Consequently, weakly 

deleterious alleles are expected to be widespread in human populations, particularly 

those under rapid population growth. 

 Following this brief primer on population genetics, a short review of human 

interactome networks and disease was presented. Using a protein interaction 

framework, genotype-to-phenotype connections can instead be interpreted as specific 

perturbations to edges in protein-protein interaction networks. Structurally-resolved 

interactome networks have increased the resolution of these approaches and an 

example of gene pleiotropy in the gene WASP, in which mutations to distinct 

interaction interfaces of WASP result in clinically distinct diseases, was presented. 

Considering the limited success of functional prediction algorithms, such as PolyPhen-
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2, in generating discernible phenotypes in mice, systematic profiling of protein 

interaction perturbations by Y2H may represent an alternative and more informative 

approach towards characterizing functional coding variation in human genomes. 

 Chapter 1 ended with an extensive discussion focused principally on seven 

high profile, whole-genome and whole-exome sequencing efforts across different 

populations (summarized in Table 1.6-1). In brief, the 1000 Genomes Project, 

ESP6500, and ExAC sequencing efforts have all unveiled pervasive rare variation 

segregating across human populations as a result of recent explosive population 

growth. The Phase I iterations of the 1000 Genomes Project and ESP6500 go on to 

estimate that up to 2.3% of rare coding variants in human genomes are expected to 

impact protein function. The UK10K and Icelandic genome sequencing efforts go 

further by actually performing GWAS for the rare coding variation revealed in their 

studies. Outside of a handful of strong associations, though, little evidence in support 

of low-frequency alleles with large effects on traits was found. Lastly, efforts to 

characterize de novo variants across a single population and in an ASD cohort were 

detailed by the GoNL and SSC sequencing efforts, respectively. Both efforts 

demonstrated that the rate of de novo mutation occurrence depends directly on the 

parents’ age while the ASD effort showed that 43% of proband likely-gene-damaging 

mutations contribute to ASD diagnoses in comparison to only 13% for missense 

probands. 

 In Chapter 2, Clone-seq, a novel method for cloning DNA coding variants on a 

massively parallel scale, was described. Clone-seq was then used to generate and 

study the impact of 204 disease-associated mutations on protein interactions and 
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stability. A Y2H approach revealed that disease-associated mutations on protein-

protein interaction interfaces disrupted corresponding interactions in 78% of cases 

while this disruption rate dropped to 29% when mutations occurred away from 

interaction interfaces. Moreover, mutation pairs on the same gene that disrupted the 

same set of interactions were more likely to map back to the same disease in 

comparison to when different interaction partners were disrupted. Similarly, mutation 

pairs in which both mutant proteins were either stably expressed or both were unstable 

were also more likely to map back to the same disease in comparison to cases in which 

one mutation was stable and the other was not.  

Lastly, a case study of two SMAD4 mutations on the interaction interface with 

SMAD3 as well as a third SMAD4 mutation away from the interaction interface was 

presented. Accordingly, Y2H revealed that the two equally disruptive mutations on the 

interaction interface resulted in the same disease, juvenile polyposis coli, while the 

non-disruptive SMAD4 mutation away from the interaction interface resulted in a 

clinically distinct disease, pulmonary arterial hypertension. This SMAD4 example was 

particularly compelling because it begged the question of whether a rare population 

variant that disrupts the same set of interactions as a known disease-associated 

mutation could result in the same disease phenotype – a topic further explored in 

Chapter 3. 

 Chapter 3 applied Clone-seq to a study of >2,000 missense SNVs consisting 

predominantly of population variants from ExAC but also of disease-associated 

mutations from HGMD and cancer somatic mutations from COSMIC. A total of 309 

disruptive variants from ExAC were identified and their disruption rate was found to 
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vary inversely with respect to allele frequency. When the site frequency spectrum 

from ExAC was combined with these measured disruption rates, 11.2% of missense 

variants per individual genome were calculated to be disruptive, significantly higher 

than the 2.3% figure presented by the ESP6500 Phase I study. Moreover, disruptive 

variants were seldom the consequence of unstable protein folding, implying that most 

missense variants result in local structural perturbations that disrupt specific protein 

interactions as opposed to destabilizing protein stability as a whole. Disruptive 

variants were also found to be enriched on conserved genomic sites, more likely to be 

population-specific, and enriched within genomic regions under positive selection. 

 Despite an unexpectedly high fraction of disruptive alleles found, the impact of 

these disruptive mutations appears to be readily mitigated at gene and protein 

interaction network levels. As a result, disruptive variants were found to be heavily 

depleted in essential genes, including oncogenes and haploinsufficient genes. 

Moreover, null-like variants, which disrupt all tested interaction partners, had 

significantly lower betweenness centrality values, further indicating that disruptive 

variants principally target non-essential genes. Lastly, by comparing the interaction 

perturbation profiles of disruptive population variants with those of disease-associated 

mutations, a candidate disease-associated variant, T152I, on the enzyme PSPH was 

identified. A malachite green assay then revealed that PSPH T152I reduced enzymatic 

activity to an equal extent as that of PSPH D32N, suggesting that the rare variant 

T152I may phenocopy the disease mutation D32N in a compound heterozygous 

background. 

 Finally, in Chapter 4 interactome-scale protein structural data was combined 
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with deleteriousness scores from PolyPhen-2 to construct a computational pipeline for 

prioritizing de novo missense mutations that contribute to disease phenotypes. The 

study took advantage of whole-genome sequencing data for >2,500 families with an 

ASD-afflicted child and unaffected parents and siblings. dnMis mutations in probands 

were found to be enriched on interaction interfaces in comparison to dnMis mutations 

in unafflicted siblings, suggesting that proband mutations frequently result in protein 

interaction perturbations. Accordingly, a Y2H study of 151 cloned dnMis mutations 

across 667 mutation-interaction pairs unveiled that ASD proband mutations were 

significantly more likely to be disruptive.  

To achieve interactome scales, a two-tiered prediction approach was then 

developed in which dnMis mutations that (1) occurred on high confidence interaction 

interface residues and (2) were predicted to be “probably damaging” by PolyPhen-2 

were scored as interaction-disruptive while dnMis mutations that failed to meet either 

criteria were scored as interaction non-disruptive. Impressively, this two-tiered 

prediction approach achieved ~80% accuracy when tested against our subset of 667 

Y2H-scored mutation-interaction pairs. Moreover, this computational approach 

identified a proband dnMis mutation on the gene-encoded protein, RARA, predicted to 

occur on an interaction interface residue with RXRB. An RARA dnMis mutation on 

an unaffected sibling, in contrast, occurred away from any interaction interface 

residues and was therefore predicted to be non-disruptive. Both Y2H and co-IP 

confirmed that the proband dnMis mutation disrupted the RARA-RXRB interaction 

while the unaffected sibling dnMis mutation left this interaction intact, in agreement 

with our predictions. 
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5.2 Future directions 

The turn of the century was marked by the completion of the human genome project. 

The project was celebrated as a pivotal step towards a personal genomics revolution. 

Nearly a decade later, a thousand genomes were fully sequenced. Only three to four 

years after that, a thousand genomes turned into ~10,000 exomes as part of the 

UK10K project followed shortly by >60,000 exomes as part of ExAC. A beta version 

of a database named gnomAD is now available consisting of >120,000 fully 

sequenced exomes as well as whole-genome sequencing data for an additional 20,000 

individuals. The sequencing revolution is in full effect and the era of personal 

genomics has already entered advanced phases. Sequencing genomes is no longer a 

road block. Rather, the rate-limiting step is properly interpreting this deluge of 

sequencing data. The interactome-based studies presented in this thesis are an 

important step towards proper interpretation of genomic variation. By understanding 

the biophysical and evolutionary properties of interaction-disruptive variants in 

comparison to non-disruptive variants, better predictors for functional, disease-

relevant variation can be achieved. This is a crucial development since ultimately a 

disease-relevant functional prediction algorithm is needed to keep pace with the scale 

of variant discovery. Continuing high-throughput experimental studies focused not 

just on coding variation, but on widespread non-coding variation as well, will serve as 

indispensible resources towards our constant pursuit of a compete understanding of 

functional, medically-actionable variants segregating across human populations. 
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APPENDIX A 

 

SUPPORTING INFORMATION FOR CHAPTER 1 

 

A.1 Assumptions in Wright Fisher Model and Effective Population Sizes 

Real-world populations are far from ideal and therefore complicate population genetic 

calculations. Consequently, an ideally behaving population is assumed in the Wright-

Fisher model in which each generation is discrete. An individual in one generation is 

therefore not found in any other generation and a proceeding generation completely 

replaces its preceding generation. Constant population size, , is not required but for 

convenience, constant population size is always assumed in calculations in this thesis. 

In a Wright-Fisher Model subject only to random genetic drift, parents from a 

preceding generation are chosen by random sampling with replacement and can 

therefore be modeled by a binomial distribution. Order of individuals does not matter, 

and the allele count, assuming random genetic drift, is constant per generation. 

 Any population that is assumed to behave ideally is referred to as an effective 

population with effective population size, . For the purposes of this thesis, any 

references to an effective population assume that the population follows the Wright-

Fisher assumptions described here, though numerous other definitions for effective 

population size exist. 

A.2 Deriving Equation 1.2-8 for logistic growth 

To derive Equation 1.2-5 in the text, we begin by substituting Equation 1.2-1 into 1.2-
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4 as shown and solve for the expected frequency of allele  at 1: 

 
1  (A.2-1) 

   
This resulting equation is then rewritten as follows, noting that the allele count  

divided by  is equal to allele frequency : 

 
∙

1

1  

 
∙

∙ 1
 

(A.2-2) 

   
We now substitute Equation 1.2-2 into A.2-2 which yields the following: 

 1 ∙
1 ∙ 1

 (A.2-3) 

   
where the label  is used for convenience. The expected change of frequency between 

a generation is then calculated as follows: 

 ∆ 1  
 

1 ∙
1 ∙ 1

 

 
∙ 1
1

 

 
∆ ∙ 1 , 	 ≪ 1 

 

(A.2-4) 

where the last step in the derivation holds the value of the selection coefficient  is 

very small. We recognize that the differential equation shown in the last step of A.2-4 

is known as a logistic equation with a known solution provided below: 
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 1

1 1 1
 (A.2-5) 

   
Equation A.2-5 rewritten then matches Equation 1.2-8, shown below: 

 
1

 (5.2-8) 

   

A.3 Comment on the use of SNPs vs SNVs 

Briefly, the difference between a single nucleotide polymorphism, SNP, and single 

nucleotide variant, SNV, is often semantic and depends largely on the literature in 

which the term is used. While a SNV has no restriction on the type of point mutation 

that it can describe, including population variants, somatic mutations, and disease-

associated mutations, the term SNP is typically reserved for studies exclusively 

regarding single nucleotide population variants. Consequently, the term SNV is used 

in Chapter 3 since three classes of variants (disease-associated, population, and 

somatic) are discussed. For simplicity consider the terms SNPs and SNVs 

interchangeable throughout Chapter 1. 
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APPENDIX B 

SUPPORTING INFORMATION FOR CHAPTER 2 

 

B.1 Supplementary Figures for Chapter 2 

 

Supplementary Figure B.1-1 Number of high-quality binary protein-interactions is highest 

for yeast two-hybrid (Y2H) with 16,000 interactions available using our version of Y2H. 

 

Supplementary Figure B.1-2 Schematic of steps used to select mutations and interactions 

for our comparative interactome scanning pipeline 
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B.2 Supplementary Text 

B.2.1 Probability of obtaining the desired clone 

If the probability of successfully obtaining the desired clone with a single colony is p, 

assuming independence between the colonies, the chance of not obtaining even one 

desired clone after picking n colonies is 1 . Thus, the probability of obtaining at 

least one correct clone for one mutagenesis attempt is: 

1 1  
 
Based on our HiSeq results, we can estimate p using the average fraction of desired 

clones obtained. Since we sequenced four colonies for each of the 39 desired clones, 

we have a total of 156 samples. Out of the 156 samples, 125 contain the desired 

mutations. Thus, p = 125/156 = 0.8. Substituting appropriate values, we calculate the 

probability of obtaining at least one correct clone for one mutagenesis attempt after 

picking 4 colonies, P(4) = 0.998.  

In our pipeline, even colonies for generating different mutations of the same 

gene can be put into the same pool, which can be easily distinguished computationally 

when processing the sequencing results. Confusion only arises upon pooling colonies 

for generating the same mutation with identical surrounding sequences in the same 

gene or between different genes. In this situation, we can only identify the correct 

clones if all of these mutations in the same pool are correct. However, out of 50,491 

missense disease mutations in HGMD and 395,780 coding SNPs in dbSNP, only 340 

(~0.08%) will cause such confusion in Clone-seq. The probability of obtaining the 

desired clones for k instances of the same mutation with identical surrounding 



 

181 
 

sequences in the same gene or between different genes is given by: 

, 1 1  

Thus, even if we were to have 3 undistinguishable mutations with identical 

surrounding sequences (i.e., k = 3), after picking 4 colonies for each mutagenesis 

attempt, we would still have a 94% chance to have at least one pool out of the four 

where all three mutations are correct, rendering the whole Clone-seq pipeline 

successful. 

B.2.2 Scalability of Clone-seq 

The primary determinant of the scalability of our Clone-seq pipeline is the read 

coverage for alleles that we generate using our high-throughput mutagenesis PCR 

protocol. The average coverage of reads for each of the 39 alleles in our Clone-seq 

results is > 2,500×. For our Cloneseq results, we only used ~40 million reads out of a 

total of ~125 million reads in a single lane of a 1×100 bp HiSeq run. So, if we use all 

125 million reads for the 4 colonies, we can sequence 39×(125/40) alleles with > 

2,500× coverage. However, to determine S to a least count of 1%, we only need 100× 

coverage. Since the separation between a successful mutagenesis attempt with the 

lowest S and an unsuccessful mutagenesis attempt with the highest S is 0.28, 100× 

coverage makes this separation > 25 times our least count. We further increase this 

separation to > 60 times our least count by requiring S > 0.8 for a mutagenesis attempt 

to be considered successful. 100× coverage is also sufficient for a conservative variant 

calling pipeline to identify additional mutations with high confidence. Thus, we can 

generate 39×(125/40)×(2,500/100) = 3,047 mutant alleles with a single lane of a 
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1×100 bp HiSeq run using the Clone-seq pipeline. 

B.2.3 Costs of Sanger sequencing vs. Clone-seq 

Table B.2-1 Cost comparison for Sanger vs Clone-seq. Internal Cornell pricing applied. 
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APPENDIX C 

SUPPORTING INFORMATION FOR CHAPTER 3 

 

C.1 Supplementary Figures for Chapter 3 

 

 

Supplementary Figure C.1-1 Clone-seq pipeline for generating 2,053 SNVs from 931 wild-

type ORFs. 



 

184 

 

Supplementary Figure C.1-2 Null-like variants are depleted at common allele frequencies 

and are often predicted to be deleterious. (A) Fraction of protein pairs recovered by PCA 

across increasingly stringent PCA scoring thresholds. SE of proportion is demarcated by 

shading. (B) Fraction of null-like variants that occur at minor allele frequency > 5.0% in 

comparison to those with minor allele frequency < 5.0%. Error bars indicate +SE of 

proportion. P value by one-tailed Z-test. (C) Distribution of MutPred2 scores across three 

disruption categories. Thick black bars are the interquartile range, white dots display the 

median, and extended thin black lines represent 95% confidence intervals. P values by one-

tailed U-test. Significant P values in bold. 
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Supplementary Figure C.1-3 Variants that destabilize protein expression occur at rare allele 

frequencies. (A) Distribution of overall allele frequencies for variants categorized as stable (n 

= 224), moderately stable (n = 57), and unstable (n = 10). P values by one-tailed U-test. 

Significant P values in bold. (B) γ-hydroxybutyrate metabolism pathways involving AKR7A2, 

ABAT, and SSADH in bold. Image is adapted from (Lyon et al., 2007). 
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Supplementary Figure C.1-4 Disruptive alleles are not biased across specific ExAC 

populations. (A) Fraction of disruptive variants across overall and individual ExAC 

populations. Error bars indicate +SE of proportion. P value by chi-square test. (B) 

Distribution of Jensen-Shannon Divergence scores for amino acid residues at sites in which 

the major allele equals the ancestral allele in comparison to sites in which the minor allele 

equals the ancestral allele. Larger scores indicate a more conserved site. P value by one-

tailed U-test. (C) Relationship between conservation and overall allele frequency for 

disruptive and non-disruptive variants is examined across increasing phyloP cutoff scores. 

Error bars indicate ±SE of mean. P values by one-tailed Z-test. * P < 0.05. 
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Supplementary Figure C.1-5 Disruptive variants are depleted among autosomal dominant 

disease-associated genes and known oncogenes. (A) Fraction of disruptive variants on 

disease-associated genes with autosomal dominant inheritance pattern (n = 92) or other 

genes (n = 1,620). (B) Fraction of disruptive variants on oncogenes (n = 455) or other genes 

(n = 1,257). Error bars indicate +SE of proportion. P values by one-tailed Z-test. 



 

188 

 

Supplementary Figure C.1-6 Candidate disease-associated mutations can be identified 

through shared interaction perturbation profiles. (A) Distribution of Grantham scores for 

disruptive and non-disruptive variants on interaction interfaces for interactions with available 

co-crystal structures in PDB. P value by one-tailed U-test. (B) Protein-protein interaction 

network disruption by population variants in the context of human disease. Nodes represent a 

protein and edges represent Y2H-tested interactions. Interactions disrupted by a population 

variant are shown in orange. Node size is proportional to number of disease-associated 

mutations documented in HGMD and ClinVar per corresponding protein.  
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Supplementary Figure C.1-7 Uncropped Western blots for stable, moderately stable, and 

unstable GFP expression examples in Figure 3B. (A) Westerns for wild-type and 

corresponding mutant proteins detected by α-GFP. (B) α-GAPDH controls for westerns for 

wild-type and corresponding mutant proteins detected in A using stripped membrane. (C) 

Upper: Westerns for wild-type and corresponding mutant proteins detected by α-GFP. Lower: 
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α-GAPDH controls for western in upper using a stripped membrane. (D) Upper: Westerns for 

wild-type and corresponding mutant protein detected by α-GFP. Lower: α-GAPDH controls 

for western in upper. Membrane was not stripped. (E) Upper: Westerns for wild-type and 

corresponding mutant proteins detected by α-GFP. Lower: α-GAPDH controls for western in 

upper using a stripped membrane. In (A)-(E), stable, partially stable, and unstable mutations 

are labeled in blue, cyan, and gray, respectively. Partially stable mutations for population 

variants not listed in ExAC are shown in purple. Such mutations were not used in any 

analysis. Bands corresponding to α-GFP and α-GAPDH examples used in Figure 3B are 

encased in green and orange boxes, respectively. * indicates 50 kDa marker. 

 

 

Supplementary Figure C.1-8 Uncropped Western blots for AKR7A2 and PSPH mutant 

proteins. (A) Westerns for wild-type and A142T variant of AKR7A2 detected by α-V5. α-γ-

Tubulin control ran on an unstripped membrane. (B) Westerns for wild-type and mutant PSPH 

proteins detected by α-FLAG. α-γ-Tubulin control ran on an unstripped membrane. In (A) and 

(B), black boxes indicate where figures where cropped for Western blots in Figures 3G and 

6G, respectively. * indicates 50 kDa marker. 
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C.2 Supplementary Text for Chapter 3 

C.2.1 Calculating the fraction of disruptive missense variants on a per-

individual basis 

We note that allele counts in ExAC correspond predominantly to alleles with MAF > 

10%. Therefore the fraction of disruptive alleles that are common will have the 

greatest influence on the average number of interaction-disruptive variants per 

individuals. As such, we recalculated the disruption rates shown in Figure 3.4-2B for 

four MAF bins, listed in the table below, rather than three bins to increase the 

sensitivity of our calculation to common variants while still retaining robust across 

total allele counts. 

 

MAF bins  <0.1%  0.1‐1.0%  1‐10%  >10%  Sum 

Disruptive alleles  179  71  36  23  309 

Total alleles   883  390  217  222  1712 

Disruption rate  20.3%  18.2%  16.6%  10.4%  18.0% 

 
Supplementary Table C.2-1 Disruption rate for tested ExAC alleles recalculated across four 

MAF bins. 

 
Next, we calculated the site frequency spectrum for ExAC alleles annotated as 

missense_variant in at least one transcript by summing the adjusted overall allele 

counts (listed as AC_adj in the ExAC database) per MAF bin and dividing each bin 

count by the total adjusted overall allele count across all bins as shown in the formula 

below: 

	
∑ 	

	 

where  represents the four MAF bins examined and  represents the fraction of 
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missense variants per individual expected to be in MAF bin . Applying this equation to 

all four MAF bins yields the following per-individual proportions: 

 

MAF bins  <0.1%  0.1‐1.0%  1‐10%  >10% 

Mean proportion of missense SNVs    0.0173  0.0254  0.0793  0.8780 

Adjusted disruption rate  0.00350  0.00462  0.0132  0.0910 

 
Supplementary Table C.2-2 Mean proportion of missense variants per individual across four 

MAF bins.  

 

As noted earlier, most variants per individual genome, 87.8%, are very common 

(MAF > 10%). The Adjusted disruption rate per MAF bin listed in Supplementary 

Table C.2-2 was obtained by multiplying the Mean proportion of missense SNVs by 

the Disruption rate listed in Supplementary Table C.2-1. Summing the Adjusted 

disruption rate across all MAF bins yields a mean disruption rate per individual = 

11.2% ± 1.3%, where the error is calculated by the delta method. 

C.2.2 Categorizing stable, moderately stable and unstable mutant proteins 

Plate reader raw data from each 96-well plate consists of two fluorescence readings 

corresponding to GFP and mCherry expression in each well for proteins expressed in 

pDEST-DUAL vector. Wildtype/mutant groups are segregated to be on the same plate 

so they can be processed together. Each plate is allocated eight wells for background 

controls:  four wells transfected with empty pDEST-DUAL vector such that only 

mCherry expression is expected, used as a GFP baseline, and four wells transfected 

with empty pcDNA-DEST47 vector where no expression is expected, used as 

mCherry baseline. All expression values are normalized as a z-score representing the 

number of standard deviations away from the mean background expression.  
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Supplementary Figure C.2-1 Representative plate reader scores. All fluorescence readings are 

represented as a z-score away from the controls in that plate’s 12th column. A12-D12 serve as 

GFP background using empty pDEST-DUAL vector, E12-H12 serve as mCherry background 

using empty pcDNA-DEST47 vector. 

 
Next, we apply basic quality control filters. A fluorescence reading is considered 

significant if the P value associated with its z-score on the background normal 

distribution is less than 0.05. We only perform analysis on experiments with 

significant wildtype expression for both GFP and mCherry channels. Further, we filter 

out any mutants that do not present significant mCherry expression.  

We calculate wildtype activation and fold change to determine whether a 

mutant well is under-expressing GFP relative to its corresponding wildtype. Wildtype 

activation is the ratio between the GFP z-score and the mCherry z-score in the 
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wildtype well for that ORF and is reported as “wildtype stability score” in Figure 3.4-

3A. Similarly, mutant activation is the ratio between the GFP z-score and mCherry z-

score in the mutant well for an ORF and is reported as “mutant stability score” in 

Figure 3.4-3A. We then calculated fold change as the ratio of mutant activation over 

wildtype activation, reported throughout the text as the “stability score ratio.” 

 
 

 
 
As an added quality control step, experiments with WT Activation less than 1.0 are 

removed. All other experiments are then classified into three groups: stable if the fold 

change is above 0.5, moderately stable if the fold change is between 0.5 and 0.0, and 

unstable if the fold change is less than 0.0. 
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APPENDIX D 

SUPPORTING INFORMATION FOR CHAPTER 4 

 

D.1 Supplementary Figures for Chapter 4 
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Supplementary Figure D.1-1 Analyses of interaction-disrupting (Dis) and non-disrupting 

(Non-Dis) dnMis mutations measured experimentally (blue) or computationally (purple). 
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(a-b) Degree and (c-d) betweenness distributions of proteins with Dis or Non-Dis dnMis 

mutations in ASD probands and unaffected siblings. Non-EG: non-essential gene-encoded 

proteins. P-values were calculated using two-tail U-test (P < 0.05 in bold). (e-f) Average 

shortest path length distributions of proteins with Dis or Non-Dis dnMis mutations in ASD 

probands and unaffected siblings. P-values were calculated using two-tail U-test (P < 0.05 in 

bold). (g-h) Haploinsufficiency and (i-j) pLI of genes that harbor Dis or Non-Dis dnMis 

mutations in ASD probands and unaffected siblings. P-values were calculated using two-tail 

U-test (P < 0.05 in bold). (k-l) Contingency tables for the counts of genes harboring Dis or 

Non-Dis dnMis mutations in SFARI database. P-values were calculated using one-tail 

Fisher’s exact test (P < 0.05 in bold, OR: Odds Ratio). (m-n) Distance of proteins with Dis or 

Non-Dis dnMis mutations to seven classes in a protein interactome network background. 

Number of proteins in each class is indicated in parentheses. P-values were calculated using 

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

 


