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A majority of protein function is mediated through direct binary or complex interactions 

with other proteins. Therefore, systematic efforts to characterize these protein 

interaction networks and to structurally resolve their interaction interfaces have 

provided powerful tools to comprehensively study protein function at a molecular level. 

For instance, disease mutations are enriched along protein interaction interfaces and 

network level impacts of disease mutations can elucidate mechanisms of disease in 

terms of specific interactions affected. The contents of this dissertation describe a range 

of research efforts I’ve led or contributed to aimed at broadening the scope of a 

networks-based approach to human health and disease centered around protein 

interaction molecular phenotypes. These efforts begin with a systematic effort to 

provide the resources necessary to functionally characterize rice proteins at high-

throughput and direct applications to map the rice protein-protein interactome. The 

experimental approaches and computational analyses described here can be extended 

beyond rice and could provide the bases for molecular network characterization in any 

species. From there, I describe my contributions to validate a mutation library 
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containing plasmid clones for over 2,000 human population and disease variants. This 

resource was leveraged to comprehensively measure impacts these variants on protein 

interaction networks to directly quantify and contextualize the extent of disruptive 

variants and their relationship with the human genetic background, disease, and overall 

fitness. Finally, I extend existing machine learning frameworks to predict protein 

interaction interfaces by applying protein-protein docking to construct full 3D models 

for these viral-host interactions between SARS-CoV-2 and human proteins. I 

subsequently perform mutational scanning and binding affinity calculations to predict 

impacts of molecular perturbations within these interactions. In doing so I explore the 

utility of structural interactome modelling to investigate the implications of recent 

evolutionary history, genetic population diversity, and potential drug repurposing on 

viral-host pathology through the lens of protein interactions. Cumulatively, these efforts 

have expanded the pace at which systematic molecular profiling of protein interaction 

networks can be conducted both experimentally and computationally in the Yu lab and 

the broader scientific community. 
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CHAPTER 1: 

INTRODUCTIONS AND THE VALUE OF PROFILING MOLECULE 

PHENOTYPES EXPERIMENTALLY AND COMPUTAITONALLY 
 

Context and Personal Contributions 

In an earlier review article published in Current Opinion in Systems Biology1, I make 

the argument that experimental characterizations of and ability to computationally 

predict precise molecular phenotypes associated with specific genetic perturbations are 

critical to inform hypothesis driven research and mechanistic insights surrounding 

human health and disease. This perspective is fundamental to a wide range of research 

related to protein-protein interaction networks that has been pursued by me and my 

colleagues in the Yu lab throughput the duration of my PhD. A restructured and slightly 

abridged version of this review is provided here to serve as a broadly centralizing focus 

for the chapters to come. In order these chapters explore the importance of studying 

molecular phenotypes by: 1) advancing the methodologies available for high-

throughput characterization of protein-protein interaction networks by yeast two-hybrid 

(Y2H) systems (availability of these networks being a prerequisite for extensive 

molecular profiling), 2) providing bioinformatic support for experimental efforts to 

systematically map and quantify the molecular perturbations of human population and 

disease variants on their protein interactions, and 3) applying computational methods to 

predict protein-protein interaction interfaces (including construction of full 3D models) 

in the context of the recent SARS-CoV-2 pandemic to facilitate mechanistically-

informed hypotheses surrounding recent evolution of the virus, potential impacts of 

genetic variation on viral-host interactions linked to divergent patient outcomes, and 
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drug repurposing around the idea of disrupting specific molecular network linked 

through chemical perturbation. Some sections of this argument were originally co-

authored with contributions from Robert Fragoza and Siqi (Charles) Liang. The content 

of this argument has not been updated to account for any advances in the field between 

its original 2018 publication and it’s reformatting here. Some sections may be outdated. 

 

Introduction 

Ever-improving next-generation sequencing technologies have led to the ongoing 

discovery of tens of millions of DNA variants across diverse human populations2 and 

have enabled the identification of tens of thousands of disease-associated mutations3,4. 

Nonetheless, a vast majority of these variants remain uncharacterized and a 

corresponding understanding of how these unannotated variants may contribute to 

human disease and traits has yet to materialize5. Missense variants are of particular 

interest to researchers since known disease- and trait-associated mutations have been 

shown to be enriched in coding regions6. Proper interpretation of the functional impact 

of missense mutations, which dominate exome sequencing datasets, remains a pivotal 

challenge. Overcoming this challenge will require new tools and approaches that better 

leverage large-scale sequencing data and that take advantage of newly emerging sources 

of experimentally assessed functional variant data. We believe operating from a 

mechanistic perspective aimed at experimentally profiling or computationally 

predicting the context of a variant’s molecular impact will be critical for this task. 

 Functional prediction algorithms have provided a boon towards the 

identification and prioritization of disease-associated mutations. Although early 
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approaches to disease association specifically prioritized rare variants, tools such as 

SIFT7-9, PolyPhen-29,10, CADD11, and PROVEAN12-14 have provided systematic 

methods for predicting the impact of missense variants. These approaches share a 

central approach that utilizes principles of population genetics and conservation both 

within humans and across species as a means of approximating the fitness cost of 

specific variants. Cumulatively, these methods have been widely used in prior 

identification of disease-associated mutations15-20. However, while these methods 

continue to persist as invaluable tools for prioritizing coding mutations in disease, 

annotations from these tools alone do not provide insight into the underlying molecular 

mechanisms of causal variants. Indeed, no method to-date can effectively identify true 

risk missense variants for human disease21,22. 

 Mutations can perturb cellular activity in multiple ways. In particular, disease-

associated missense mutations often function by disrupting protein-protein 

interactions23-25, destabilizing protein folding23,24, or altering transcription factor 

activity26,27. Understanding the molecular mechanisms through which disease-

associated mutations function is imperative for developing clinical strategies to treat 

their corresponding phenotypes and for drug target assessment28,29. In spite of this 

importance, only a single widely used variant annotation algorithm for coding variants, 

MutPred230, currently evaluates the possible mechanisms by which mutations are scored 

as deleterious may function. This information is critical for developing targeted 

hypotheses and clinical strategies to target causal mutations. Indeed, despite their 

widespread use, current algorithms often perform poorly in clinical settings and seldom 

result in measurable phenotypes; roughly 20% validation rates with poor consistency 
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between algorithms31-34. More precise predictions for deleterious variants and better 

insights to their corresponding molecular mechanisms may be achieved through 

improved structural databases to detail where missense mutations physically occur with 

respect to protein interface residues35,36. 

 A guiding principle of precision medicine is to accurately measure clinical and 

molecular attributes of individual patients so as to tailor personalized therapies based 

on the outcomes of these measurements37. Considering millions of DNA variants 

segregating in human genomes, and the extraordinary level of allelic heterogeneity 

found in disease, success of the precision medicine effort hinges not only on the ability 

to detect disease-causing mutations, but also to understand and properly assess the 

functional consequences of these mutations. A major challenge, therefore, is to radically 

accelerate the pace of experimental and computational assessments of the functional 

impacts of millions of single nucleotide variants (SNVs) uncovered by sequencing 

efforts. Direct assessments of molecular phenotypes—such as impact on protein 

stability, enzymatic kinetics, or protein interaction binding affinities by missense 

mutations—provide a unique and complementary perspective to current methods for 

detecting causal disease mutations. Integrating molecular phenotype data into fitness-

based approaches for identifying deleterious mutations may also provide new insights 

into how causal mutations mechanistically function and provides a framework for 

dissecting epistatic relationships that modulate the impact of low penetrance mutations. 

 

A Molecular Phenotype First Perspective on Human Variation 

In assessing the impact of human variants, we highlight the importance of distinguishing 
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three related yet distinct biological concepts: overall fitness, organismal/cellular 

phenotype, and molecular phenotype (Figure 1). Overall fitness refers to the ability of 

an individual to survive and reproduce. Organismal phenotypes refer to observable 

features, including disease phenotypes such as diabetes, autism spectrum disorder and 

cancer, or traits such as height, hair color and blood type. Molecular phenotypes refer 

to the direct effect of a variant at the molecular level. For example, changes in gene 

expression, loss of protein stability, changes in enzymatic activity, or modifications to 

protein-protein, protein-DNA or protein-ligand interaction affinities. 

All human genetic variation separates into molecularly inert or molecularly 

active variants depending on whether or not each variant causes a molecular phenotype. 

While not all molecular phenotypes contribute directly to observable organismal 

phenotypes, organismal or cellular phenotypes are largely derived in molecularly active 

variants; and hence must be directly mediated through one or more molecular 

phenotypes. Likewise, overall fitness is always rooted in molecular phenotypes since 

molecular changes modulate the ability of the organism to perform various functions 

necessary for survival and reproduction. In principle, all organismal phenotypes 

associate with a fitness value ranging from deleterious, to neutral, to advantageous. 

While there is a direct relationship between organismal phenotypes and fitness, this 

relationship is not always clearly defined, particularly in specialized fields of disease 

research dealing with cancer biology, age related or post-reproductive diseases, and 

complex diseases with reduced penetrance38. In such disease studies, the one-to one 

correspondence between fitness score and the severity of the organismal phenotype 

breaks down since clinically deleterious phenotypes can have limited impact on  
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Figure 1. Molecular Phenotype First Perspective to Human Variation 
Graphical depiction of the relationship between three related biological concepts associated with 
human variations: 1) molecular phenotype, 2) organismal/cellular phenotype, and 3) overall 
fitness. All genetic variation is either molecularly inert or molecularly active. The cumulation of 
all molecularly active variants—each causing one or more molecular phenotypes—constitutes 
the unique genetic background of an individual. Molecular phenotypes provide the ultimate link 
explaining the mechanistic basis for how SNVs manifest in organismal/cellular phenotypes or 
come to be selected for or against through fitness effects. Although organismal phenotypes, in 
general, directly relate to overall fitness, weak effect diseases, late onset/post-reproductive 
diseases, and partially penetrant mutations often confound this relationship. Researchers have 
various tools to perform direct inquiries into how these three concepts relate to specific 
molecularly active variants. Human disease research aims to understand organismal/cellular 
phenotypes while population genetics provides insights into fitness, conservation, and selection. 
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reproduction. Molecular phenotypes can be indispensable towards characterizing these 

cases of ambiguous fitness-to-phenotype relationships. 

 
Molecular phenotypes provide complementary information for identifying causal 
variants 

Whereas most approaches leverage the link between fitness effects and 

organismal/cellular phenotypes, an alternative framework rooted in molecular 

phenotypes provides an orthogonal line of support. At least two degrees of separation 

lie between disease phenotypes caused by particular variants, the fitness effects of these 

variants, and our ability to discern these effects. By contrast methods aimed at molecular 

phenotypes directly address the central link. The combination of these two rationally 

justified, yet conceptually distinct paths connecting SNVs to disease phenotype is 

expected to culminate in an overall higher degree of accuracy in predicting disease 

associations. The availability of data and library of tools for assessing molecular 

phenotypes are currently leagues behind the equivalent datasets for fitness-based 

approaches. Therefore, it is likely that established conservation and fitness-based 

methods will remain a valuable step in prioritizing variants, while more direct support 

from the orthogonal molecular phenotype data should serve as strong confidence in the 

accuracy of these results. 

For instance, a recently developed interaction perturbation framework leveraged 

annotations of protein-protein interaction (PPI) interface residues36 alongside PolyPhen- 

Researchers investigate molecular phenotypes either through direct experimental assays to 
observe underlying molecular phenotypes or through computational predictions of putative 
molecular phenotypes. The ultimate aim is to infer information about one spoke of the triangle 
through the other two; namely, scientists seek to infer which SNVs are causal disease variants 
though information about the overall fitness or molecular phenotype effects of the SNV. 
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2 scores39. Chen and colleagues demonstrated increased accuracy in distinguishing de 

novo risk variants in autism spectrum disorder from benign mutations in unaffected 

siblings. Figure 2a provides a reconstructed example in which a proband PolyPhen-2 

mutation scored as “probably damaging”, P375L on the protein RARA, occurred on a 

predicted interface residue. In contrast, a second PolyPhen-2-scored “probably 

damaging” mutation, R83H on the same RARA protein, was reported in an unaffected 

individual; however, R83H did not occur on a predicted interaction interface residue. 

Consequently, despite matching PolyPhen-2 prediction, only the proband P375L 

mutation was predicted to disrupt the heterodimeric interaction between RARA and 

 
Figure 2. Examples of Interaction Interface Molecular Phenotype Annotation 
Molecular phenotypes including the annotation of protein-protein interaction interface residues 
can inform the mechanism of disease-associated mutations. a, Homology model between RARA 
(template 1DKF:B) and RXRB (template 1DKF:A) used to distinguish a potentially causal 
mutation from a benign mutation. A de novo mutation, P375L, on RARA identified in an autism 
spectrum disorder-affected individual occurs on an interface residue with RXRB. RARA interface 
residue mutations were not found in an unaffected sibling. b, Homology model between VHL 
(PDB 4WQO:A) and ELOC (PDB 4WQO:C) demonstrates potential leveraging of molecular 
phenotypes to identify convergent mechanisms in divergent disease mutations. Variants on both 
of these proteins associate with the same disease and localize to the same interface. c, 
Homology model between BMP4 (template 1REW:B), BMPR1A (template 1REW:A), and 
BMPR1B (template 3VES:C) shows hypothesis-driven differentiation of mechanisms of different 
diseases based on molecular phenotype. Two variants on BMP4, A346V, and W325C, 
associated with divergent diseases localize to distinct interaction interfaces. 
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RXRB, a prediction which the authors also validated experimentally. This exemplifies 

the potential for molecular phenotypes to aid in pinpointing candidate causal variants 

that are otherwise indistinguishable from molecularly inert variants using fitness-based 

methods alone. 

 
Leveraging molecular phenotype approaches towards disentangling molecular 
mechanisms of causal variants 

The molecular phenotype framework provides clear potential to investigate the 

underlying mechanisms behind how variants manifest in disease phenotypes. Since the 

specific molecular defect associated with a variant often directly relates to the disease 

phenotype, identification of candidate variants based on molecular phenotype 

annotations should enable translational studies for disease etiology. The further 

development of methods to approximate and predict molecular phenotypes will 

facilitate the development of actional hypotheses to direct future research. 

For instance, Chen et al. used experimentally derived and computationally 

predicted annotations of protein interaction interface residues36 as a predictor for the 

molecular phenotype, loss of PPI. In addition to distinguishing a true autism risk variant, 

P375L, from other “probably damaging” variants, the additional knowledge that this 

variant intersected with the RARA-RXRB interaction interface (Figure 2a), led to the 

testable hypothesis that this variant would disrupt this interaction, and helped to propose 

a pathway for RARA’s involvement in autism spectrum disorder through this 

interaction39. 

Extending the interface residue approximation for the loss of PPI molecular 

phenotype facilitates mechanistic inferences in other cases as well. This approach may 
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be generalized to cases involving variants across both faces of an interface (Figure 2b). 

Corroborating cross-interface evidence may strengthen the hypothesis that disease-

associated mutations function through disruption of a specific interaction and helps 

categorize distinct variants associated with the same disease by similarities in their 

molecular mechanisms. Figure 2b shows a known tumor suppressor gene-encoded 

protein, VHL40,41 with a mutation, L158Q, associated with renal cell carcinoma, in 

complex with an elongation factor, ELOC. The localization of L158Q at the ELOC 

interface, suggests that the disease may function through disruption of the VHL-ELOC 

interaction. Moreover, ELOC contains several mutations on the same protein interaction 

interface, Y79F, Y79N, and Y79S, which are also associated with renal cell carcinoma, 

solidifying the hypothesis that these cross-interface variants drive a distinct form of 

renal cell carcinoma through a single shared molecular phenotype. 

Understanding the molecular phenotypes caused by certain disease-associated 

mutations may further elucidate how several mutations on the same gene can associate 

with different diseases. For instance, two missense mutations found on the protein 

BMP4, A346V and W325C, are associated with a developmental defect orofacial cleft 

11, and colorectal cancer, respectively—two clinically distinct diseases. The homology 

models provided in Figure 2c demonstrate that these variants localize to opposites ends 

of the BMP4 structure and occur at distinct protein-protein interaction interfaces. These 

insights suggest these distinct disease phenotypes may manifest through divergent 

pathways related to the biological functions of their distinctly targeted interaction 

partners. Indeed, although BMPR1A and BMPR1B are paralogous, previous studies 

have linked them to unique functions and disease states42,43. 
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Cumulatively, these interaction perturbation examples demonstrate how 

molecular phenotypes contribute to elucidation of disease etiology. We emphasize the 

potential to explore similar mechanistic hypotheses utilizing molecular phenotypes 

outside of PPI disruption. Recent studies have highlighted the value of examining other 

molecular phenotypes, including changes in protein stability44,45 as well as changes in 

gene expression level46,47, to unravel the pathogenic mechanisms of both coding and 

non-coding mutations. 

  

Expanding the Boundaries of Molecular Phenotype Annotation and Prediction 

The incorporation of direct assays for molecular phenotypes and novel computational 

methods that approximate molecular phenotypes in the continued efforts to identify, 

prioritize, and understand causal variants in human disease is positioned to provide a 

truly orthogonal view to the longstanding fitness-based approach. Whereas current 

variant annotation algorithms rooted in sequencing and fitness approximations have 

yielded suboptimal specificity, novel methods directed at molecular phenotypes aim to 

extract complementary molecular insights otherwise unavailable. Towards these ends, 

researchers have conducted high-throughput assays to directly measure the functional 

impact of thousands of disease-associated missense mutations on protein-protein 

interactions23,24, protein stability23, and DNA binding26,27. Literature curation efforts by 

the IMEx Consortium have provided protein interaction perturbation data corresponding 

to nearly 8,000 coding mutations in humans48. Continued development of high-

throughput approaches—including deep-mutational scanning pipelines capable of 

probing nearly the entire mutational landscape of targeted proteins49-52—will provide an 
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ever-larger resource of functional mutation data. This data will help elucidate the 

biochemical and evolutionary properties that differentiate truly damaging mutations 

from those that are benign. 

Despite the impressive scale that high-throughput experimental pipelines have 

achieved23,24,50, no experimental pipeline alone can keep pace with the rate of sequence 

variant discovery, highlighting the need for continued development of computational 

approaches and variant annotation algorithms. We emphasize a continued need to 

develop novel computational approaches to directly inform predictions about putative 

molecular phenotypes. For instance, interaction interface residue annotations provide 

useful mechanistic insights, but low coverage in experimentally validated structures or 

homology models has limited their applicability. The recently published Interactome 

INSIDER resource provides a method to predict interface residues—and 

consequentially loss of PPI phenotypes—in the absence of structural information36. 

MutPred2 enables a combination of approaches, making predictions both for overall 

functional effect and prioritized potential mechanisms of action30. Recently, Wagih et 

al have released MutFunc containing precomputed predictions for every possible variant 

in H. sapiens, S cerevisiae, and E. coli. These predictions include estimates for changes 

to protein stability, protein interaction interfaces, post translational modifications, and 

transcription factor binding among other approximations for molecular phenotypes53. 

Throughout the completion of my graduate work, various endeavors researched 

by myself and colleagues in the Yu lab have sought to expand and improve upon the 

awareness and availability of comprehensive resources to comprehend molecular 

phenotypes as they relate to and inform future studies into human disease. Here I 
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enumerate several of my key contributions and publications to this field with a particular 

emphasis on the importance of protein-protein interactions. First, I present a systematic 

effort to construct a rice ORF library and expand the molecular characterization of the 

rice proteome by mapping the protein-protein interaction network within this library. 

These efforts broadly cover the essential first steps to enable comprehensive molecular 

profiling in any species. I then describe my contributions to an extensive effort to 

generate and screen the molecular impact of over 2,000 human single nucleotide 

variants on protein stability and interactions. Notably, this constituted one of the only 

studies to measure the extent of molecular perturbations arising not only from disease 

mutations but from common population variants as well. These molecularly active 

variants within seemingly healthy individuals may be crucial to explaining epigenetic 

phenomena, and this resource generally can provide a training set to inform 

development of computational methods to predict molecular phenotypes. Finally, I 

present recent efforts to characterize the protein-protein interaction interfaces for 

SARS-CoV-2-human interactions. This work extended existing resources within the Yu 

lab to make residue-level predictions of interaction interfaces to produce full 3D docked 

models guided by these high-confidence predictions. This is turn facilitated 

computational prediction of the binding energies and dynamics to contrast viral-host 

interactions in SARS-CoV-1 against those in SARS-CoV-2 and to explore the 

mutational landscape around the interfaces for variants capable of modulating these 

interactions. This structural approach to modeling viral-host pathology through protein-

protein interactions further provides an opportunity to explore drug repurposing 

strategies aimed not at targeting natural human molecular processes, but explicit 
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molecular interactions critical to viral-host pathology. Broadly, the advances explored 

throughput my PhD in this realm of widespread predictors for specific molecular 

phenotypes will prove crucial to prioritizing molecularly informed hypothesis testing 

and efficient advances in experimental research. 
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CHAPTER 2: 

A MASSIVELY PARALLEL BARCODED SEQUENCING PIPELINE ENABLES 

GENERATION OF THE FIRST ORFEOME AND INTERACTOME MAP FOR 

RICE 

 

Context and Personal Contributions 

The following chapter is derived from my first author paper (co-first authored with 

Tommy Vo) by the same name54 originally published in The Proceedings of the National 

Academy of Sciences (PNAS). Full authorship and contributions are provided in the 

original publication, but the following warrant explicit mentioning. Rice RNA samples 

for constructing the ORFeome described herein were prepared by Rita Sharma in Dr. 

Pamela Ronald’s lab, and initial clones were generated at the Center for Cancer Systems 

Biology (primarily led by Drs. Pascal Falter-Braun and Marc Vidal’s groups), to be fully 

sequenced and compiled in the Yu lab. Additional clones were generated at the National 

Institute of Agrobiologically Sciences through collaborations with Drs. Shoshi Kikuichi 

and Hiroshi Mizuno. Experimental efforts within the Yu lab were initially led by 

Tommy Vo, and the “PLATE-seq” sequencing method was developed through 

combined efforts of Tommy Vo, Xiaomu Wei, and Jin Liang. Final experimental 

validation and completion of this work was carried out by the lab’s experimental 

technicians Nurten Akturk, Christen Rivera-Erick, and Elnur Shayhidin. Preliminary 

computational groundwork was laid by Michael Meyer before being further developed 

and completed by myself. 

 The main text was authored by me with a partial draft by Tommy Vo as an initial 
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reference point. The text was further edited, contextualized, and refined through the 

assistance of experts in the field of plant biology; specifically, Susan McCouch and 

Gaurav Moghe. Additional methods sections were provided by relevant collaborators 

and integrated into the manuscript by me. I was responsible for all computational 

analyses and generation of all figures included in the final manuscript, excepting the 

conservation analyses shown in Figure 10 which was completed by Lars Kruse. 

Abstract 

Systematic mappings of protein interactome networks have provided invaluable 

functional information for numerous model organisms. Here we develop PCR-mediated 

Linkage of barcoded Adapters To nucleic acid Elements for sequencing (PLATE-seq) 

that serves as a general tool to rapidly sequence thousands of DNA elements. We 

validate its utility by generating the first ORFeome for Oryza sativa covering 2,300 

genes and constructing a high-quality protein-protein interactome map consisting of 322 

interactions between 289 proteins; expanding the known interactions in rice by roughly 

50%. Our work paves the way for high-throughput profiling of protein-protein 

interactions in a wide range of organisms. 

 

Introduction 

The genomics revolution has democratized sequencing and structural annotation of 

genomes, however, assigning functions to predicted genes remains an important 

unsolved challenge. Identification of protein-protein interactions can help advance 

functional annotation in sequenced genomes. The first step in systematic, genome-wide 

mapping of protein-protein interactions involves the construction of a comprehensive  
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Figure 3. Schematic comparison of other high-throughput sequencing strategies to 
PLATE-seq. 
a, Simple barcoding strategies typically append individual barcodes at the beginning of each 
ORF. A lengthy vector sequence generally separates the barcode from the beginning of the 
ORF, so even a long 300 bp read only provides coverage limited to a small portion from the 5’ 
end of the ORF. Moreover, the library prep generates a substantial fraction of uninformative 
reads with no barcode. b, By contrast, the PLATE-seq approach employs Tn5 tagmentation to 
randomly insert the P5 adapter and plate barcode within the ORF. Thus, even employing a much 
shorter 150 bp total read, nearly 1,000 bp from the 3’ end of the ORF can be sequenced reliably. 
The kernel density estimate shows the average sequencing depth derived from PLATE-seq 
results from 94 ORFs included in our human positive control plate. Moreover, all fragments 
generated through the PLATE-seq library prep contain both barcodes and thus are all 
informative. c, Schematic representation of a deep-well sequencing strategy which pools many 
wells together to report the overall ORF membership across an entire plate but cannot verify the 
location of each ORF. d, The deep-well sequencing strategy is consequentially unable to 
differentiate permutations on the same set of ORFs, or verify the source of any contaminants. 
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set of high-quality open reading frames (ORFeome). To accomplish this, tens of 

thousands of clones must be sequenced to ensure that only correct, full-length clones 

are retained. Traditionally, this is achieved through the labor-intensive and cost-

prohibitive process of Sanger sequencing of each individual clone. Simple barcoding 

strategies that append a barcode at the beginning or end of each ORF are problematic 

because they require thousands of unique barcodes, provide extremely limited ORF 

coverage, and generate a high fraction of uninformative reads that contain no barcode 

(Figure 3a). A deep-well-pooling approach has recently been used to sequence 

ORFeome libraries55,56; however, these smart pooling approaches cannot accommodate 

the inclusion of homologous ORFs in one pool, rely on concrete prior knowledge 

regarding plate layout, and cannot detect potential cross-contamination between wells 

(Figure 3c and d).  

Here, we develop a massively parallel sequencing approach called PCR-

mediated Linkage of barcoded Adapters To nucleic acid Elements for sequencing 

(PLATE-seq)—a broadly utilizable approach for rapid sequencing of thousands of DNA 

elements. We validate the utility of PLATE-seq by developing an ORFeome for rice 

and constructing a high-quality, experimentally validated protein-protein interactome 

map of this important monocot species. Despite being a staple food for over half of the 

world’s population, and an important model for monocot genomics, empirical 

annotations currently cover fewer than 5% of genes in the rice genome57. Indeed, 

understanding the function of plant genes has become a major bottleneck for the field 

of plant biology as a whole. 

The majority of plant functional studies have been carried out in the dicot model 
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organism Arabidopsis thaliana58,59, and to date, only limited characterization has been 

performed in monocot species. Combatting this disparity in annotation, the development 

of a comprehensive, high-quality ORFeome for Oryza sativa would enable large-scale 

reverse-proteomics studies—including the systematic mapping of protein-protein 

interactions—and thus, would significantly expand the functional genomics toolkit for 

plants.  

A full-length cDNA clone library (FLcDNA) has previously been reported in O. 

sativa60; however, such libraries are not suitable for high-throughput studies. 

Specifically, FLcDNA clones contain 5’ and 3’ UTRs, and therefore are not amenable 

to C- and N-terminal tagging required for most functional studies (e.g. yeast two-

hybrid). Furthermore, these clones were derived from pools of clones rather than single 

colonies—resulting in contamination of up to 80% of clones. While comprehensive 

Gateway-compatible ORFeomes amenable to high-throughput cloning and expression 

analysis have been extensively utilized in model organisms56,58,61-64, that of A. thaliana 

is currently the only ORFeome available for any plant. Although a handful of functional 

studies have been completed in rice by first cloning proteins of interest65,66, the lack of 

a unified ORFeome is a serious constraint to further advances. 

In this study, we produce a fully-sequenced, single-colony-derived, Gateway-

cloning-compatible ORFeome for rice; the first for any monocot species. Adapting a 

proven yeast two-hybrid (Y2H) screening approach67-69, we leverage the power of 

PLATE-seq and the ORFeome to systematically generate a high-quality rice protein-

protein interaction network. Our work—while contributing a novel pipeline broadly 

useful for the biological community—expands the known map of the rice interactome, 
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paves the way for future high-throughput rice biology studies, and provides the a 

systematic characterization of a monocot genome, an internationally important crop 

species, and model organism. 

 

Results and Discussion 

PLATE-seq achieves robust parallel identification of ORFs comparable to Sanger 
sequencing 

To facilitate the development of the rice and future ORFeomes, we developed PLATE-

seq, a massively parallel barcoded sequencing approach to validate identities and 

locations within complex DNA libraries. Our PLATE-seq methodology (Figure 4a) 

begins with a library of either single or pooled clones arrayed across a 96-well format. 

Individual PCR amplifications in each well append a unique position-specific barcode 

and the primary TruSeq sequencing adapter to the DNA product. Samples are then 

pooled together on a per-plate basis and tagmented by Tn5 transposase. The 

tagmentation reaction inserts a unique plate-specific barcode and the secondary TruSeq 

sequencing adapter at a random location within the ORF. Next, universal primers are 

used in a low-cycle PCR to enrich for clone fragments containing both position- and 

plate-specific barcodes (Figure 4b and Table 1). Finally, amplicons from all plates are 

pooled together and subjected to massively parallel Illumina sequencing. The paired-

end sequencing setup generates R2 reads just long enough to span the position-specific 

barcode and R1 reads maximized to span both the plate-specific barcode and the ORF 

sequence. Notably, the final low-cycle PCR enrichment ensures that all paired reads 

contain both barcodes and can be informatively mapped back to their exact source well. 

Moreover, because Tn5 tagmentation acts at a random position within the ORF  
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the fragments generated can theoretically span the entire ORF. However, in practice 

cluster formation and amplification using current Illumina sequencers become 

inefficient for prohibitively large fragments. Therefore, we optimize our methods to 

provide coverage of roughly the last 800-1,000 bp of each ORF (Figure 3b). 

In order to benchmark the accuracy of PLATE-seq, we implemented the method 

on a test plate of 94 human ORF clones selected from the sequence-verified human 

ORFeome 8.1 library56, demonstrating that PLATE-seq correctly identified the true 

ORF in 100% of the test cases (Figure 4c). Determination of clone identify per-well 

 
Figure 4. A massively parallel approach to comprehensively index DNA libraries.  
a, A schematic illustration of the PLATE-seq pipeline. b, Barcoding design of PLATE-seq output 
products. c, Fraction of ORFs in the human positive control plate that could be correctly identified 
by either PLATE-seq or Sanger sequencing (n=94). Data are shown as + / - standard deviation. 
d, Fraction of PLATE-seq reads mapping to true human positive control ORFs or other ORFs 
(n=94). Data are shown as + / - standard deviation. 
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was made by aligning the reads to the entire 8.1 reference library to calculate the fraction 

of reads in each well contributed by each ORF. Importantly the vast majority of PLATE-

seq reads aligned to the true ORF with only a minor fraction aligning to an incorrect 

ORF introduced through experimental contamination or alignment ambiguities (Figure 

4d). Moreover, the ability of PLATE-seq to detect these minor artifacts demonstrates 

that it possesses the resolution to discern the relative abundances of multiple clones in 

a pooled setup. By contrast, Sanger sequencing is ill-suited to handle a pooled setup or 

resolve contamination errors. Consequently, re-sequencing by Sanger was more prone 

to sequencing quality failures and was unable to fully reconfirm the identities of all 

control clones in one attempt (Figure 4c). 

Although our applications of PLATE-seq were limited to determination of the 

identity of the ORF(s) in each well, we note that the applications could be extended 

beyond these. If the reference sequence for the clones being sequenced were unknown, 

de novo sequence assembly could be applied to each set of reads after location 

deconvolution. To demonstrate this, we input reads from one of the wells of our human 

control plate into a contig assembly script. The pairwise alignment between our PLATE-

seq reconstructed sequence, the Sanger Sequencing result from the same clone, and the 

true sequence of the human ORF (BIRC7) is shown (Figure 5a). Our reconstructed 

sequence perfectly matched the true BIRC7 clone sequence; the one mismatch 

recapitulated a synonymous SNP that was reported for the BIRC7 clone when the human 

ORFeome 8.1 library was initially released56. By contrast, the Sanger Sequencing result 

only achieved partial coverage and included many sequencing errors (Figure 5b). 

Although it may be possible through repeated trials to achieve Sanger Sequencing  
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Figure 5. Demonstration of sequence reconstruction and variant calling as alternative 
applications for PLATE-seq. 
a, A contig assembly script was applied to reads from one of the wells of our human control plate 
containing an ORF for the human gene BIRC7 (ORF ID 7606 in the human ORFeome 8.1 
library). The alignment between the BIRC7 reference (center), Saner Sequence obtained for this 
clone (top, blue), and sequence reconstructed from PLATE-seq reads (bottom, yellow) is shown. 
Disagreements in the alignment are highlighted in red. b, Bar plots summarizing the quality of 
each alignment. For convenience vector backbone sequence from the Sanger and PLATE-seq 
sequences are trimmed so the alignment only spans coding sequence of BIRC7. The Sanger 
Sequencing result sequenced positions 1-613 (68.6% coverage) with 76.2% identity to the 
reference sequence. The PLATE-seq result sequenced achieved perfect coverage and percent 
identity (ignoring one mismatch from a known C882T variant in the clone). c, A distribution 
showing the number of PLATE-seq reads aligned to each position of the BIRC7 gene. d, PLATE-
seq reads can be used to identify variants between a reference alignment and the sequenced 
clone. The stacked read counts for each possible allele observed from all reads aligned to 
positions 870-894 of BIRC7 are shown. Highlighted is a C882T variant supported by 784 reads 
(sufficient coverage to make a definitive call) and which was previously reported for this ORF 
when the 8.1 library was initially sequenced. This same variant is also highlighted green in panel 
a. 
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results of equal quality to our PLATE-seq reconstructed sequence, we emphasize that 

PLATE-seq sequence reconstruction can be applied simultaneously for hundreds of 

clones from one round of sequencing. Our ability to detect the C882T variant highlights 

further potential outside of de novo sequence reconstruction. By replacing the final step 

of PLATE-seq with a variant caller it is possible to identify and uniquely assign SNPs 

among hundreds of copies of the same gene. To demonstrate this, we identify the same 

C882T variant in BIRC7 this time by aligning all genes to the known BIRC7 references 

and applying a variant caller to the read pileup (Figure 5d). We note that using PLATE-

seq to call SNPs from a known reference would be more scalable than sequence 

reconstruction since there would be less need for robust sequencing depth. 

 
A draft rice ORFeome captures 2,300 rice genes across a diverse functional spectrum 

Having demonstrated PLATE-seq’s capacity for precise parallel-determination of the 

identities and exact locations of clones within a complex library, we next sought to 

systematically construct and sequence-verify a first version of the rice ORFeome. To 

reduce the daunting scale of the full O. sativa genome, we initially used RiceNet70,71 to 

prioritize 3,269 genes predicted to be most closely associated with a seed set of 89 genes 

(Table 2) that had previously been linked to biotic or abiotic stress tolerance—either 

through experimental validation or association with validated stress tolerance genes70,72. 

To ensure maximum recovery of these genes, we designed primers for one 

representative ORF from each gene (Table 3) and amplified them using cDNA obtained 

from 40 combinations of developmental stages and stress exposures (Figure 6a and 

Table 4). All cloning was carried out by Gateway recombination-based cloning, to 

enable versatility for downstream cloning into various Gateway- 
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Figure 6. A high-quality ORFeome and binary protein interactome in O. sativa. 
a, A schematic illustration of the construction of the original rice ORF library. b, The raw ORF 
library was sequence verified by PLATE-seq and only correct clones were retained. c, Massively 
parallel Y2H screening was performed to detect putative Y2H positive interactors, and each 
interaction was verified by pairwise retesting. d, Network representation of the full rice 
interactome spanning 322 interactions across varied functional annotations. e, Comparison of 
the successful Y2H positive interactor detection rate across 8 plates of putative interactors using 
either PLATE-seq or Sanger sequencing. f, Comparison of the detection rates from previous 
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compatible expression vectors for functional studies. To prevent contamination of the 

rice ORFeome with unwanted cloning byproducts (e.g. PCR artifacts), we picked two 

single colonies per ORF, determined the true identity of every isolate by PLATE-seq, 

and eliminated any clones that did not align with the intended sequence (Figure 6b). As 

a secondary check that only full-length clones were retained, approximate clone lengths 

were verified by gel electrophoresis (Figure 7). 

In total, our final sequence-verified ORFeome provides one representative ORF 

clone for each of 2,300 rice genes sampled throughout the O. sativa genome (Figure 8a 

and Table 5). Analysis of the final composition of our ORFeome showed some evidence 

that the success rate from our cloning method was higher for certain genes. For instance, 

although the distribution of gene lengths was similar to that of the entire O. sativa 

genome and prioritized gene set, it did show bias towards shorter genes (Figure 8b). 

Moreover, we observed disproportionate representation of highly expressed genes. 

Although this shift was introduced within our initial prioritized set of  

high-throughput Y2H interactome screens to our rice interactome. Data are shown as + / - 
standard error. g, Comparison of the distributions of gene co-expression between random rice 
gene pairs, random pairs sampled from our ORFeome, or our interactome pairs (n=322). Co-
expression is reported as Spearman rank correlation coefficients between gene expressions 
from 11 different rice tissue samples. Expression values were significantly more correlated 
among interactome pairs compared to random ORFeome pairs (p=0.015 by two-sided 
Kolmogorov–Smirnov test). However, both interactome pairs and ORFeome pairs were 
significantly more co-expressed than random genome pairs (p-value=5.61e-7 by two-sided 
Kolmogorov–Smirnov test). h, Comparison of the fraction of detected interactions vs. random 
ORFeome pairs that share similar molecular function (MF), biological processes (BP), or cellular 
component (CC) gene ontology annotations. Similar GO annotation is defined as sematic 
similarity score ≥ 0.75 as reported by GOssTo. Detected interactions were significantly more 
likely to be similarly annotated among all three classifications (MF, n=236, p=1.23e-11; BP, 
n=254, p=1.20e-5; CC, n=206, p=0.018; all tests are one-tailed Fisher’s Exact Test). Interactions 
lacking annotation for a specific GO term were excluded from each category. Data are shown 
as + / - standard error. i, Representative BiFC confocal fluorescence images for the positive 
control (AtABI1-AtOST1), for the rice protein pair encoded by LOC_Os08g03290 (OsGapC1) 
and LOC_Os02g38920 (OsGapC3), and for negative control (AtOST1-AtOIP26). Average ratios 
of BiFC signals relative to the AtABI1-AtOST1 positive control. Data are shown as +/- standard 
deviation. Asterix (*) denotes significance (p < 0.001) as ascertained by two-tailed t-test. 
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genes, it was further exacerbated in our final ORFeome (Figure 8c). These skews are 

consistent with known consequences of PCR amplification bias73 and suggest that 

greater effort may be required in the future when cloning long or lowly expressed genes. 

Nonetheless, our ORFeome captures a wide diversity of biological processes broadly 

representative of the functional distributions over the entire O. sativa genome (Figure 

8d-f). We note that we do not observe extensive evidence of functional bias within our 

ORFeome despite the fact that the seed genes used for gene prioritization came from a 

specific functional study72. High scoring RiceNet predictions should accurately capture 

true functional associations with our seed set and on their own may have contributed a 

functional bias. However, because we used a low confidence threshold when prioritizing 

genes to clone, a large number of less precise predictions may have counteracted this. 

The clear exception to this came from one of our seed genes,  

 
Figure 7. Image of PCR amplicons from a subset of verified O. sativa ORFs. 
A representative gel in which one row of clones from the final O. sativa ORFeome was amplified 
using primers described in Supplementary Table 3. These gels were used as a sanity check to 
confirm the presence and approximate lengths of the desired ORFs. The DNA molecular weight 
standard lane has been cropped from the same gel image and reproduced on both sides for 
easier comparison. 
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a 60S ribosomal protein L14 (LOC_Os02g40880), which contributed an enrichment for 

additional ribosomal proteins to our ORFeome (Figure 8e). Compared to the other seed 

genes, this ribosomal gene was a hub for functionally related true interactors that could 

be predicted with high confidence owing to the high degree of annotation transfer for 

this highly conserved complex available from other organisms. Thus, despite minor 

experimental limits, our fully-validated rice ORFeome represents a wide and largely 

unbiased functional spectrum of the O. sativa genome. 

 
A systematic yeast two-hybrid screen reveals 322 rice protein-protein interactions 

Because proteins function primarily by physically interacting with each other74-76, 

protein interactome networks provide a crucial resource to discover functions associated 

with protein-coding genes. To date, these interactome maps have been pivotal in 

uncovering functional relationships between proteins in a wide variety of 

organisms59,69,77,78. Although several resources have applied homology-based 

annotation transfer to predict O. sativa protein-protein interactions70,71,79-81, a large-scale 

experimental survey is yet to materialize. A tandem affinity purification method has 

Figure 8. Summary statistics on the O. sativa ORFeome. 
a, Circle plot depicting the density of 2,300 ORFeome genes (outer circle) and 289 interactome 
genes (inner circle) across the O. sativa genome. Internal arcs represent interacting genes. In 
general, genes were evenly sampled across the genome. b, Comparison of the gene lengths of 
all annotated rice genes, 2,300 rice ORFeome genes, the initial prioritized set of 3,269 rice 
genes, and the set of 969 genes for which we failed to obtain a successful clone. Significant 
differences were observed between all groups (after down sampling to match the smallest 
group) as ascertained by two-sided Kolmogorov–Smirnov test. c. Comparison of the average 
expression values among the same four groups. The initial prioritized gene set and failed set 
were significantly more highly expressed compared to the random subset of genes from the 
whole genome. To a lesser degree, ORFeome genes were significantly more highly expressed 
than the prioritized gene set and failed set. All p-values were ascertained by Kruskal-Wallis 
multiple comparison after down-sampling all groups to match the smallest group. d-f Fraction of 
genes in the rice genome, rice ORFeome, and rice interactome that are represented in GO 
molecular function, cellular component, or biological process categories, respectively. 
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been employed to detect rice kinase complex associations65,82 and a few Y2H studies 

have probed other specific functional subcomponents of the interactome66,72,83. 

However, these Y2H studies have relied on cDNA libraries that generally produce lower 

quality Y2H interactome mapping compared to sequence-verified, full-length 

ORFeome clone libraries68. In order to provide a large-scale, experimentally-validated 

rice interactome map, we tested all pairwise combinations of Y2H-amenable proteins 

encoded by our rice ORFeome (1,671 x 1,671 ~ 2.7 million protein-protein pairs tested) 

using the same high-throughput yeast two-hybrid (Y2H) assay we previously used to 

generate the budding yeast, human, and fission yeast interactome networks68,69,84 

(Figure 6c). Previous high-throughput Y2H screening-sequencing approaches 

identified interaction candidates by screening 188 AD ORFs against one DB ORF at a 

time but were subject to a bottleneck because each positive colony must be sequenced 

individually to determine the AD interactors67-69. Leveraging PLATE-seq we were able 

to uncover all protein pair interaction candidates from our Y2H screen in one 

sequencing step and, subsequently, validate them by pairwise Y2H retest. Our full 

workflow resulted in a high-quality rice protein interactome network consisting of 322 

high-quality interactions between 289 rice proteins (Figure 6d and Table 6) across a 

wide span of molecular processes and cellular localizations (Figure 8d-f). Notably, 

sequencing by PLATE-seq boasted higher identification of truly interacting protein 

pairs when compared to Sanger sequencing (Figure 6e), and our overall detection rate 

was comparable to previous Y2H interactome screens (Figure 6f and Figure 9). 
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To support the biological relevance of our network, we analyzed the quality of 

our rice interactome map based on the functional relationship between interacting 

proteins compared to non-interacting proteins. For a physiologically relevant protein-

protein interaction to occur, the corresponding genes must be expressed under similar  

 
Figure 9. Expanded summary of interaction detection rates among previous high-
throughput Y2H interactome screens. 
a, Visualization of the number of interactions detected per number of pairwise genes screened 
across the S. cerevisiae, A. thaliana, H. sapiens, S. pombe, and O. sativa interactome networks. 
The red dotted line represents the average detection rate across the five interactomes (88 
interactions per million pairs screened). The O. sativa star depicts an estimated total number of 
~80,000 interactions that could be detected from a completed ORFeome of ~30,000 rice genes. 
b, A complete table comparing the raw size of the search space, number of interactions 
detected, and interactions detected per million pairs screened across the five interactomes. 
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Figure 10. Conservation analysis of interacting genes in rice and Arabidopsis. 
Phylogenetic tree for eight species included in the conservation analysis of interacting genes 
reported in Oryza sativa (top, red) and Arabidopsis thaliana (bottom, blue). All interacting genes 
(n=289 and n=1,334 for O. sativa and A. thaliana respectively) were binned into the most 
ancestral node wherein an orthologous gene could be detected among related species. The 
histograms at each node represent the distributions of 1,000 bootstrap replicates using randomly 
sampled non-interacting genes. The mean of each distribution is reported by the colored 
percentage above or below each distribution. The black lines mark the number of interacting 
genes conserved at each node in the tree. The exact count of interacting genes is reported in 
black above or below each distribution). The dotted red line (O. sativa only) marks the expected 
number of genes conserved at each node derived from our ORFeome. A black/red line to the 
left of the distribution indicates under-representation of interacting genes compared to 
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spatiotemporal conditions. We demonstrate that interacting genes exhibit higher co-

expression compared to random gene pairs selected from our ORFeome or the entire 

rice genome (Figure 6g). However, we do note that gene co-expression is one of the 

features used in the RiceNet predictions we used to prioritize genes for inclusion in our 

first draft ORFeome. As a consequence of this selection all pairs within the ORFeome 

were already significantly co-expressed. We additionally note that our ORFeome 

captures a high proportion of highly conserved genes (Figure 10), potentially also as a 

consequence of RiceNet prioritization since such genes may borrow evidence from 

homologs in other organisms. While these caveats must be considered when interpreting 

our analyses, the high conservation rate among interacting genes highlights the broad 

applicability of our interactome for high-confidence annotation transfer to other plant 

species. Because biological pathways involve protein-protein interactions, we also 

expect interacting protein pairs to be enriched in similar functional annotations. We 

show that compared to a random sampling of protein pairs from our ORFeome, our 

interactome map contains a significantly higher proportion of similarly annotated 

protein pairs across all classifications of gene ontology (GO) terms (Figure 6h). Finally, 

to demonstrate the robustness and accuracy of our Y2H approach, we validated a subset 

of our interactions through an orthogonal assay. We performed bimolecular 

fluorescence complementation (BiFC) on a random subset of seven interactions. Six out  

background expectation, while a black/red line to the right indicates over-representation. While 
a statistically significant difference between the actual count of interacting genes and the mean 
of random expectation was detected at all nodes (p < 2.2e-16 as determined by z-test), the effect 
size of the difference (absolute [% observed - % expected]) was low in A. thaliana, compared 
to O. sativa. This finding indicates that the interacting genes in A. thaliana interactome show 
little to no evolutionary bias, while the O. sativa interactome and ORFeome are biased towards 
more conserved, and hence, more widely distributed genes. 
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of the seven interactions (85.7%) were robustly recapitulated (Table 7). As a 

representative example, we confirmed a novel interaction between two predicted 

glyceraldehyde-3-phosphate dehydrogenases, LOC_Os08g03290 (OsGapC1) and 

LOC_Os02g38920 (OsGapC3) (Figure 6i, Figure 11). 

 
Our rice interactome map increases the current literature interactome map by 50% 
and uncovers conserved interactions 

Finally, we compared our reported interactions against the previous literature. Using a 

 
Figure 11. Images of BiFC biological replicates of Fig. 2i.  
Confocal fluorescence images of biological replicates for the positive control (AtABI1-AtOST1), 
for the rice protein pair encoded by LOC_Os08g03290 (OsGapC1) and LOC_Os02g38920 
(OsGapC3), and for negative control (AtOST1-AtOIP26). 
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curated set of high-quality binary protein-protein interactions85 compiled from seven 

primary interaction databases—BioGRID86, MINT87, iRefWeb88, DIP89, IntAct90, 

HPRD91,92, MIPS93, and the PDB94,95—we uncovered 237 interactions in O. sativa. We 

supplemented this set with an additional 372 interactions from a high-throughput Y2H 

rice-kinase interactome screen66 for a total of 609 previously reported interactions. 

Notably, our additions to the rice interactome map cover a unique search space; among 

literature interactions only seven were recapitulated by our screen and only about five 

percent could have theoretically been recapitulated from our ORFeome using an 80% 

sequence identify cutoff (Figure 12a and b). Two of our interactions—one between 

Elongation factor 1 delta (LOC_Os07g42300) and Elongation factor 1 beta 

(LOC_Os07g46750), another between a DUF851 domain containing protein 

(LOC_Os04g49660) and Serine/threonine protein kinases OSK4 

(LOC_Os08g37800)—showed near exact sequence identity to a previously reported 

interaction. Thus, our network greatly expands the known rice protein interactome. We 

repeat this analysis for the interactomes from four additional organisms (Figure 12c-f). 

For the distantly related organisms—yeast, human, and E. coli—we note that for nearly 

all rice interactions where both interacting proteins had a homolog in the other organism, 

a homologous interaction was in fact reported; potentially suggesting sampling from a 

core interactome whose functionality is tightly conserved across species. In A. thaliana 

by contrast although more conserved interactions were detected, there was a larger 

discrepancy between the number of rice interactions that could have been detected using 

Arabidopsis homologs and the number homologous interaction between those homologs 

that actually were reported. This may indicate some interaction  
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Figure 12. Recapitulation rate of previously reported O. sativa interactions by Y2H screen. 
a, All 609 previously reported rice interactions were compared against our ORFeome genes 
using BLAST to determine the fraction of interactions that could theoretically be recapitulated 
within our Y2H screen at varying percent identity cutoffs. These BLAST results were intersected 
with our interactome to determine the fraction of interactions that were actually detected. Using 
a lenient 80% percent identity 7 out of 33 interactions (21%) were recapitulated by our Y2H 
screen. b, Three of our detected interactions (left) recapitulated seven previously reported 
interactions (right). Our interactions are labeled using MSU IDs whereas the previously reported 
interactions are labeled using UniProt IDs. Only the top interaction (Q9ZRI7 and Q40682) is a 
perfect sequence match against the ORFs used in our interactome, whereas the others are 
loosely inferred to be close homologs or alternate isoforms. The second interaction (Q7XP52 
and Q852Q0) was nearly identical but was originally reported between a related kinase OSK3 
rather than OSK4. c-f, We repeat this analysis comparing the 322 rice interactions reported here 
to the binary-high quality interactomes of four additional species (Arabidopsis thaliana, 
Saccharomyces cerevisiae, Homo sapiens, and Escherichia coli respectively). Shown are the 
percentages of rice interactions with homologous interactions reported in the comparison 
interactome map at various percent identity cutoffs (green lines) and the percentage that could 
have theoretically been recapitulated—i.e. rice interactions with homologs for both genes in the 
comparison interactome regardless of if the interaction was reported (blue lines). 
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re-wiring between the fringe components of the interactomes of rice and Arabidopsis. 

However, we emphasize that at the time our rice interactome map is not large enough 

to allow any statistically meaningful interpretation of the interactome conservation 

between species. 

To explore the implications of conserved and novel interactions further, we 

conducted a manual literature search of the top 20 most highly co-expressed interacting 

genes (SCC ≥ 0.8) which yielded evidence supporting the existence of heteromeric 

protein complexes for the majority of interactions (Table 8), providing further 

confirmation that our method identifies robust protein interactions. Among these, our 

interactome map shows a physical interaction between the RAD23 DNA repair protein 

(LOC_Os02g08300) and a component of the 26S proteasome assembly 

(LOC_Os03g13970). Previous studies in humans and Arabidopsis have demonstrated 

that the ubiquitin receptor RAD23 serves as a link between the nucleotide excision 

repair and 26S proteasomal degradation pathways96-98. We further found that the 

proteasomal protein LOC_Os03g13970 interacts with a glutaredoxin family protein 

(LOC_Os04g17050) and a ubiquitin-conjugating enzyme (LOC_Os08g28680). 

Glutaredoxin proteins, found across bacteria and eukaryotes, have been suggested as 

candidates for modulating the gate of the 26S proteasomal channel through 

deglutathionylation of the 20S proteosomal subunit99,100. To our knowledge, this 

interaction has not been reported in plants before. We also detected an interaction 

between the cytosolic and plastidic versions of fructose-1,6-bisphosphatase responsible 

for catalyzing the reaction from fructose-1,6-bisphosphate to fructose 6-phosphate 

during gluconeogenesis and the Calvin cycle in the cytosol and chloroplast respectively. 
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A previous study in pea (Pisum sativum) demonstrated that these proteins co-localize in 

the nucleus but did not experimentally probe the interaction101. Although the functional 

consequences of this interaction need to be further characterized, these findings suggest 

this interaction may be conserved between monocots and dicots, highlighting the 

potential utility of such interactome networks for understanding evolutionary 

relationships among interacting proteins. 

 

Conclusion 

Overall, our work presents a systematic, experimentally-validated advance in the 

functional annotation of the rice genome. The importance of and effort towards 

characterization of plant genomes including those of key agricultural species has 

continued to grow over the years. A recent study has applied a mass spectrometry 

approach to identify protein complex assemblies broadly conserved throughout the 

Viridiplantae clade to which O. sativa belongs102. Our annotations alongside others in 

the literature have critical applications for both basic and translational research that aims 

to improve the productivity, nutritional value, and climate resilience of this important 

crop species. Moreover, O. sativa is now the first monocot, first agriculturally relevant 

organism—and indeed the only plant outside of A. thaliana—with an ORFeome 

amenable to high-throughput functional characterization. Thus, our ORFeome and 

interactome map provide a vital resource to help bridge the ~150 million-year 

evolutionary gap separating A. thaliana from monocot species, including major crop 

staples such as maize, sorghum, wheat, or barley. We recognize that the work presented 

herein is limited to interrogating a subset of the ORFeome. The genome of O. sativa is 
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predicted to encode a staggering 30,000 to 50,000 genes103, dwarfing the number of 

genes in human and Arabidopsis104,105. Our reported rice ORFeome currently spans less 

than 10% of the complete O. sativa genome, and as noted above, likely oversamples the 

most highly expressed genes that are easiest to clone. Moreover, despite matching the 

recall rate of previous interactomes, and increasing the currently known rice interactome 

by about 50%, our Y2H screen to date has likely captured less than 1% of the roughly 

100,000 protein interactions expected to occur within the proteome as a whole (Figure 

9a). Nonetheless, our novel PLATE-seq strategy is massively parallel and highly 

scalable, and thus constitutes a vital tool that will accelerate future high-throughput 

functional biology studies aimed at filling these gaps. 

 

Methods 

PLATE-Seq experimental setup 

Plasmid(s) from individual wells of 96-well plates were amplified by PCR using a 

plasmid-specific forward primer and position-specific reverse primer, consisting of a 

position-specific barcode and TruSeq 3’ sequencing adapter. The reverse primer for 

Gateway entry clones was comprised of the following: TruSeq 3’ adapter (5’ 

GTGACTGGAGTTCAGACGTGTGCTCTTCCGATCT 3’), two random bases (5’ NN 

3’), seven nucleotide long position-specific barcode, and entry-clone specific M13G 

reverse (5’ CAGAGATTTTGAGACAC 3’). The reverse primer for Gateway AD 

clones was comprised of the following: TruSeq 3’ adapter (same as above), three 

random bases (5’ NNN 3’), seven nucleotide long position-specific barcode, barcode to 

denote the plasmid as an AD-construct (5’ CACA 3’), and AD-clone specific reverse 
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(5’ CAGAGATTTTGAGACAC 3’). The reverse primer for Gateway DB clones was 

comprised of the following: TruSeq 3’ adapter (same as above), three random bases (5’ 

NNN 3’), seven nucleotide long position-specific barcode, barcode to denote the 

plasmid as a DB-construct (5’ CGTC 3’), and DB-clone specific reverse (5’ 

CAGAGATTTTGAGACAC 3’). All primers can be found in Table 1. 

Tn5 transposase was purified as described previously106. Double-stranded DNA 

to load into Tn5 enzyme was generated by annealing two oligos: 

/5Phos/CTGTCTCTTATACACATCT and a plate-specific oligo. Each plate-specific 

oligo consisted of the following sequences: TruSeq 5’ adapter (5’ 

TCTTTCCCTACACGACGCTCTTCCGATCT 3’), three random bases (5’ NNN 3’), 

seven nucleotide long plate-specific barcode, Tn5 mosaic sequence (5’ 

AGATGTGTATAAGAGACAG 3’). Annealing was performed by heating equimolar 

ratios of oligos in the presence 50mM NaCl at 95°C for 5 minutes, followed by slow-

cooling of the mixture at room temperature. Purified Tn5 enzyme was mixed with the 

annealed product and kept at room temperature for 30 minutes to allow DNA loading.  

Because efficiency of cluster formation and amplification during sequencing is 

restricted by size, the Tn5 tagmentation was optimized to yield fragments from 300 to 

1000 bp appropriate for the Ilumina MiSeq platform. Each tagmentation reaction was 

performed using pre-loaded Tn5 generated above in HEPES buffer (10mM HEPES-

KOH, 5mM MgCl2, 10% v/v DMF) at 55°C for 20 minutes. To stop the reaction, SDS 

(0.04% final) was then added and incubated at room temperature for 7 minutes. Reaction 

products were purified by PCR purification columns (Qiagen). 

Finally, purified and tagmented products across multiple 96-well plates were 
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pooled and subjected to low 7-cycle enrichment PCR. Primers used were forward 5’ 

AATGATACGGCGACC ACCGAGATCTACACTCTTTCCCTACACGACGC 3’ 

and reverse 5’ 

CAAGCAGAAGACGGCATACGAGATGTGACTGGAGTTCAGACGTG 3’. Next, 

PCR products were purified using 0.6X AMPure XP beads (Beckman Coulter). Lastly, 

purified DNA was sequenced paired-end on Illumina MiSeq. 

 
PLATE-seq data analyses 

Downstream analysis of PLATE-seq sequencing results was performed in order to 

determine the identity and positions of all clones sequenced. First, computational 

deconvolution of the sequencing data was performed to group reads according to their 

original location. For each paired read, the position- and plate-specific barcodes were 

identified from R2 and R1 respectively. For pooled sequencing of Y2H interaction 

candidates, an additional barcode for distinguishing AD-Y clones from DB-X clones 

was included on R2. After reads were grouped by location, the identifies of any ORFs 

present in each well were determined through BWA alignment (BWA version 0.7.12-

r1039). The reference index was created from a list of predicted O. sativa ORF 

sequences using bwa index [reference]. Alignments were generated using bwa mem -a 

-t 12 [reference] [query] > [output]. In cases where multiple alignments were reported 

from one read, either the highest quality alignment was retained, or in cases of a tie, the 

read count was split equally among all alignments. The final output from the initial 

deconvolution provided read alignment counts for all ORFs detected per well. 

These alignment counts were then processed uniquely depending on the 

sequencing application. For sequence verification and selection of clones to be included 
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in the ORFeome, wells were first filtered to eliminate empty wells or wells containing 

multiple ORFs. Wells containing fewer than 50 reads in total or in which the most 

prevalent ORF represented fewer than 20% of the aligned reads in the well were 

removed. Additionally, any wells where the most prevalent ORF was detected in the 

reverse orientation were removed. The identities of each well were then called based on 

the most prevalent ORF. In order to retain only the highest quality single-isolates in the 

final ORFeome, in cases where multiple sequenced clones matched the same ORF, the 

isolate with the highest quality was retained. 

For detection of candidate Y2H interactions in the pooled sequencing setup, 

criteria were loosened in order to minimize false negatives. ORF alignment counts per-

well were obtained as described above and used to define two sets of potentially present 

ORFs; one for AD-Y ORFs and one DB-X ORFs for. Any ORF that had at least 50 

aligned reads in total and represented at least 20% of the well was retained in these sets. 

To avoid dropping “empty” wells the majority ORF for each AD-Y and DB-X was 

retained regardless of the total number of aligned reads. All pairwise combinations of 

these detected AD-Y and DB-X ORFs were reported as putative interactions to be 

verified independently by follow-up Y2H. 

 
Construction of the O. sativa open reading frame library (ORFeome) 

To construct a first draft ORFeome for rice that covered a manageable portion of the O. 

sativa genome, we first used RiceNet70,71 to prioritize a subset of rice genes to clone. 

RiceNet leverages a combination of co-expression, domain co-occurrence, protein-

protein interaction, genetic interaction, and phylogenetic profile similarity features to 

report a likelihood that pairs of genes share a functional association. Using a loose 
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likelihood threshold, we identified 3,269 genes with predicted association with a seed 

set of 89 genes previously associated with biotic or abiotic stress tolerance70,72. The 89 

seed genes and predicted associations are reported in Table 2. 

A single representative ORF was selected for each prioritized gene and the pairs 

of primers listed in Table 3 were designed to clone each ORF. To ensure maximum 

coverage of the prioritized O. sativa ORFs, RNA was isolated from a wide range of rice 

plant parts (e.g. leaf, stem, nodes, roots), at different developmental stages, and at 

various stress conditions (e.g. light, dark, cold-stress, salt-stress, drought-stress) as 

described above and detailed in Table 4. RNAs were converted to cDNAs and used as 

templates to append Gateway attB1 and attB2 cloning sites to flank the start and stop 

codons, respectively, using ORF-specific PCR. Amplicons were cloned by Gateway BP 

reactions into entry vector pDONR223 and transformed into bacterial carrier DH5α. 

As the BP cloning procedure might inadvertently introduce unwanted PCR 

artifacts into the entry vectors, we manually picked 2 bacterial transformants per entry 

clone and verified their identities by PLATE-seq. Only validated clones were retained 

in the O. sativa ORFeome. In cases where duplicate clones were detected, the clone 

with stronger sequencing evidence was retained. 

 
Plant material, stress treatments, sampling and RNA preparation 

We used the rice cultivar Kitaake (Oryza sativa L. ssp. japonica) for tissue sampling 

and RNA preparation. To get the maximum coverage of the transcriptome, tissue 

samples were collected from different stages of development and in response to biotic 

and abiotic stress treatments. The developmental tissues including mature leaf, flag leaf, 

leaf sheath, stem nodes, stem internodes, 0-3 cm panicles, 3-15 cm panicles, mature 
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panicles before anthesis, developing seeds at 0 days and 15 days after anthesis and, 

mature seeds were collected from greenhouse-grown plants. Two-week-old seedlings 

grown separately under light and dark conditions in a growth chamber were also 

sampled.  

For cold stress treatment, two-week-old rice seedlings were exposed to 

decreasing temperatures from 15°C to 10°C and then 5°C for 24 hours. Leaf tissue was 

harvested after each treatment. For water deficit stress, two-week-old rice seedlings 

were gradually subjected to 75, 50 and 25% water deficit stress and samples were 

collected at each treatment. For salt stress treatment, two-week-old seedlings were 

subjected to increasing levels of salinity (50 mM, 100 mM and 150 mM) for 24 hours 

and leaf tissue was collected after every treatment.  For submergence stress, three-week-

old seedlings in soil containing pots were completely submerged in plastic tanks filled 

with water and leaf tissue was harvested at 0-, 1- and 6- days post submergence. For 

pathogen inoculation, plants were grown in pots in a greenhouse for five weeks and then 

transferred to a growth chamber (14 h daytime period, 28/26°C temperature cycle and 

90% humidity, light intensity 100 μmol m−2 s−1). Five to six-week-old plants were 

inoculated with bacterial suspension (OD600 0.5) of Xanthomonas Oryzae pv. Oryzae 

strain PXO99 (Philippine race 6) using scissors-dip method107. The leaf tissues were 

sampled 0-, 1- and 4-days post inoculation.  

All tissue samples were flash frozen in liquid nitrogen and stored at -80°C for 

RNA extraction. Total RNA was extracted from each tissue sample using TRIzol 

reagent (Invitrogen, CA), treated with DNase I (Ambion) and purified using Macherey-

Nagel Nucleospin RNA II kit (Macherey‐Nagel, Duren, Germany) as per manufacturer's 
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protocol. Purified RNA was quantified using a NanoDrop ND‐100 spectrophotometer 

(Thermo Scientific) and equal quantity of RNA from different developmental stages 

and stress treatments was pooled in one tube for cDNA synthesis. 

 
Yeast two-hybrid (Y2H) screening to generate the rice interactome 

We screened all possible pairs (~2.7 million) of 1,671 O. sativa ORFs for interaction by 

high-throughput yeast two-hybrid (Y2H). Initial interaction screening was performed 

by testing one DB ORF against mini-pools comprised of 188 AD ORFs at a time. All 

Y2H positive colonies were collected for sequencing. Pairs of ORFs encoding putative 

Y2H-positive interactors were identified by PLATE-seq and validated by pair-wise 

Y2H retest. 

Y2H experiments were carried out as previously described by us and other 

groups59,67-69,84,108. In brief, O. sativa ORFs in entry vectors pDONR223 were first 

cloned into pDEST AD and DB destination vectors using Gateway LR reactions to 

generate N-terminal ORF fusions. We refer to these expression clones as AD-Y and 

DB-X. All AD-Y and DB-X expression clones were then transformed into Y2H 

Saccharomyces cerevisiae strains MATa Y8800 and MATα Y8930 (genotype: leu2-3, 

112 trp1-901 his3Δ200 ura3-52 gal4Δ gal80Δ GAL2::ADE2 GAL1::HIS3@LYS2 

GAL7::lacZ@MET2 cyh2R), respectively. Next, we screened for autoactivators by 

individually mating each DB-X strain with a MATa Y8800 strain carrying the empty 

pDEST AD destination vector. To identify AD autoactivators, we mated each AD-Y 

strain with a MATα Y8930 strain carrying empty pDEST DB destination vector. After 

allowing the yeast to mate on yeast extract peptone dextrose (YEPD) (1% yeast extract, 

2% bactopeptone, 2% glucose, 0.45mM adenine sulfate) 2% agar plates at 30°C 
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overnight, yeast were replica plated onto synthetic complete 2% agar plates without 

leucine and tryptophan (SC+Ade–Leu–Trp+His) and incubated at 30°C overnight to 

select for diploids with both pDEST AD and DB vector backbones. Finally, diploids 

were replica plated onto synthetic complete 2% agar plates with 1mM 3-amino-1,2,4-

triazole (3AT) and without leucine, tryptophan, and histidine (SC+Ade–Leu–Trp–

His+1mM 3AT). Plates were incubated at 30°C for 3-5 days. Any AD-Y or DB-X that 

grew on SC+Ade–Leu–Trp–His+3AT were scored as autoactivators. We excluded 

autoactivators from all further screenings.  

Thereafter, we performed the first round of testing (called phenotyping I) by 

mating each unique DB-X with individual mini-pools of 188 unique AD-Y on YEPD 

2% agar plates. We selected for diploids by replica plating onto SC+Ade–Leu–Trp+His. 

To select for positive interactions, we performed the Y2H screening by replica plating 

the diploids onto SC+Ade–Leu–Trp–His+3AT and incubating at 30°C for 4 days. We 

used sterile toothpicks to pick and inoculate all positives into liquid SC+Ade–Leu–

Trp+His to keep the yeast in the diploid state.  

Next, all yeast colonies picked from phenotyping I were individually subjected 

to another round of Y2H testing called phenotyping II. Here, all picked colonies were 

spotted directly onto 2% agar plates of SC+Ade–Leu–Trp–His+3AT and SC–Ade–Leu–

Trp+His. Plates were incubated at 30°C for 4 days. Positives from this round of 

screening were picked into liquid SC+Ade–Leu–Trp+His to keep the yeast in the diploid 

state.  

Positive yeast picked from phenotyping II were subject to extraction of plasmid 

DNA by lysis using zymolyase enzyme (Seigakaku Corporation). Cell and enzyme were 
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incubated at 37°C for 45 minutes and then at 95°C for 10 minutes. The identities of DB-

X and AD-Y were determined by PLATE-seq.  

Finally, for every AD-Y and DB-X interaction candidate identified by PLATE-

seq, we performed pairwise Y2H testing of each identified pair. This was done by first 

mating each individual AD-Y with the DB-X putative interaction partner on YEPD plate 

at 30°C overnight. Then, diploids were selected by replica plating onto SC+Ade–Leu–

Trp+His plate and incubating at 30°C overnight. Finally, diploids were selected for 

interaction-positive cells by replica plating onto SC+Ade–Leu–Trp–His+3AT and SC–

Ade–Leu–Trp+His plates and incubating at 30°C for 4-7 days. To identify de novo 

autoactivators (autoactivators that likely arise from accumulation of random mutations 

during the screening process), we concurrently mated each DB-X with a MATa Y8800 

strain carrying the empty pDEST AD destination vector. Afterwards, we followed the 

same procedure as during the first autoactivator-detection screen. All identified de novo 

autoactivators were removed from the screens. Thus, at the conclusion of the pairwise 

Y2H phase, we were able to definitively identify and verify all interacting AD-Y and 

DB-X while controlling for all de novo autoactivators.  

 
Bimolecular fluorescence complementation (BiFC) 

BiFC assays were performed using onion infiltration. Vectors used were Gateway-

compatible constructs pSAT4-DEST-N(1-174)EYFP-C1 (CD3-1089), pSAT4A-

DEST-N(1-174)EYFP-N1 (CD3-1080), pSAT5-DEST-C(175-end)EYFP-C1 (CD3-

1097)  and pSAT5A-DEST-C(175-end)EYFP-N1 (CD3-1096) and were acquired from 

the Arabidopsis Biological Resource Center (ABRC) and described previously109. To 

allow these plasmids to replicate in Agrobacterium, the pSa origin-of-replication from 
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pGREENII-0179 was inserted adjacent to the E. coli origin-of-replication.  

We selected seven high confidence protein pairs from our yeast two-hybrid 

screen and cloned each ORF into the four modified pSAT vectors using an LR 

recombination reaction. After, expression clones were transformed individually into 

Agrobacterium strain GV3101 carrying the pSOUP helper plasmid. Liquid cultures 

were grown from selected agrobacteria colonies and used to infiltrate onion as described 

by Xu et al.110. In brief, the agrobacteria were pelleted by centrifugation and 

resuspended into the complete resuspension buffer recommended by Xu et al. Each 

culture was then diluted to an OD600 of 0.1. For each interaction pair, we then prepared 

eight mixtures representing all possible interaction orientations by pipetting equal 

volumes of the appropriate Agrobacterium strains into new tubes. Next, we infiltrated 

approximately 100-200 µL of the Agrobacterium mixtures as described by Xu et al. We 

then incubated the samples in the dark at 28oC for 3-4 days before performing confocal 

microscopy on epidermal peels taken from the onion samples. 

Confocal images were collected on a Leica TCS-SP5 microscope (Leica 

Microsystems, Exton, PA USA) using a 20X water immersion objective. YFP was 

excited with the blue argon ion laser (488 nm), and emitted light was collected between 

525nm and 595nm. Three images of each sample were taken at random locations on 

each sample with no changes made to the instrument settings between images or 

samples except for adjusting the focus. Bright field images were collected 

simultaneously with the fluorescence images using the transmitted light detector. 

Images were processed using Leica LAS-AF software (version 3.3.0) and fluorescence 

was quantified using ImageJ (version 1.51n). Reported values are a ratio of the absolute 
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fluorescence measured for each sample relative to the positive control. The positive 

control used for comparison was the AtABI1-AtOST1 strong interaction and the 

negative control used was AtOST1-AtOIP26 as previously reported111.  

 
Rice expression analysis 

In order to determine whether interacting rice genes exhibited higher co-expression than 

non-interacting rice genes, we first obtained rice expression data from the Michigan 

State University Rice Genome Annotation Project 

(http://rice.plantbiology.msu.edu/expression.shtml)112. Only the first 16 expression 

libraries corresponding to RNA sequencing data derived from tissue at various 

developmental stages under physiological conditions were used. Gene co-expression 

was reported as the Spearman correlation coefficient between the expression vectors for 

two genes. All homo-dimer interactions were removed from our rice interactome for the 

analysis. An equal number of hetero-dimer pairs were randomly sampled from either 

the ORFeome or entire O. sativa genome for comparison. 

 
Rice GO term semantic similarity analysis 

Analysis of the semantic similarities between GO annotations among rice gene pairs 

was performed using GOssTo113,114. GOSlim assignments for ~30,000 O. sativa ORFs 

were obtained using the batch download feature from the Michigan State University 

Rice Genome Annotation Project 

(http://rice.plantbiology.msu.edu/downloads_gad.shtml)112. The directed acyclic graph 

(DAG) used to represent the ontology relationship was the core ontology available 

through The Gene Ontology Resource (http://purl.obolibrary.org/obo/go.obo)115,116. In 

http://rice.plantbiology.msu.edu/downloads_gad.shtml
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order to increase coverage across all ontology relationship and thus improve GOssTo 

performance, the MSU annotations were supplemented with a secondary set of O. sativa 

proteome annotations downloaded through the European Bioinformatics Institute 

(EMBL-EBI) ftp server 

(ftp://ftp.ebi.ac.uk/pub/databases/GO/goa/proteomes/2610640.O_sativa_subsp_japoni

ca_Rice.goa)117. GOssTo was run with the following command… 

 
java -Xms64G -jar Gossto.jar -calculationdata genewise -calculationtype ism -

evidencecodes EXP,IDA,IPI,IMP,IGI,IEP,TAS,IC -goapath [annotations] -hsm Resnik 

-hsmoutput [out1] -ismoutput [out2] -matrixStyle m -obopath [ontologyDAG] -

ontology all -relations part_of,is_a -weightedJaccard True 

 
 This command generated pairwise sematic similarity scores between all rice 

proteins for each the molecular function, biological process, and cellular component 

GOSlim terms. We retained the final “integrated similarity measure” (ISM) outputs for 

all further analyses. We compared the distributions of these semantic similarities 

between our reported rice interactome, and non-interacting protein pairs sampled from 

our ORFeome. A cutoff of 0.75 was selected to distinguish pairs that were functionally 

similar from pairs that were not functionally similar. 

 
Conservation analysis 

In order to analyze how conserved the captured interactions are across the tree of life 

we used the OrthoMCL pipeline to identify orthologs of the identified interacting genes 

from Sorghum bicolor, Solanum lycopersicum, Arabidopsis thaliana, Physcomitrella 

patens, Saccharomyces cereviseae, Homo sapiens, and Escherichia coli118. To test 

ftp://ftp.ebi.ac.uk/pub/databases/GO/goa/proteomes/2610640.O_sativa_subsp_japonica_Rice.goa
ftp://ftp.ebi.ac.uk/pub/databases/GO/goa/proteomes/2610640.O_sativa_subsp_japonica_Rice.goa
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whether interactions are more or less conserved than random expectation, we randomly 

sampled genes from the rice genome and determined their breadth of conservation 

across the sampled species. To test for statistical significance, we performed a bootstrap 

analysis by 1000 sampling replicates and tested if the actual number of captured 

interacting genes conserved at each node was significantly different from the random 

expectation using the z-test function in R.  

 
Literature interactome set 

In order to compare our novel rice interactions to those previously reported in the 

literature, we used a curated set of high-quality protein-protein interactions85 compiled 

from seven primary interaction databases; BioGRID86, MINT87, iRefWeb88, DIP89, 

IntAct90, HPRD91,92, MIPS93, and the PDB94,95. The interaction set used was O. sativa 

binary high-quality containing 237 interactions downloaded on May 15, 2019. This 

interaction set was supplemented with 372 additional interactions from a high-

throughput Y2H rice-kinase interactome screen66 for a total of 609 previously reported 

interactions. 

 
Literature support for detected interactions 

A total of 20 highly co-expressed (SCC ≥ 0.8) interacting gene pairs were manually 

searched for previous literature evidence supporting the existence of an interaction in 

other species. As detailed in Table 7, in 12 out of 20 interactions searched (60%), 

previous studied had detected the interaction among homologous genes in other 

species96,97,99-101,119-133. 

 
De novo sequence assembly for the human BIRC7 ORF 
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To explore applications of PLATE-seq beyond clone identification, we used both a 

custom sequence assembly script and the online version of CAP3134. For the custom 

script a random set of seed reads was selected to begin assembly. These starting contigs 

were iteratively expanded by aligning all remaining reads to them and incorporating 

overhanging alignments into the contigs. Intermediate contigs were merged together 

when sufficient overlap was detected between them. This process was repeated until 

only one candidate contig remained or until no additional reads could be incorporated 

into the existing contigs. Final assemblies between our custom script and CAP3 agreed 

with each other. This method was only applied for demonstrative purposes on the BIRC7 

test case shown in Figure 5a and has not be extended to our whole ORFeome. 

 
Identification of variants in human BIRC7 ORF 

To explore applications of PLATE-seq beyond clone identification, we applied the 

sequence analysis scripts from our established CLONE-seq pipeline54,135 to identify 

variants relative to the reference sequence. In brief, all reads were aligned to the BIRC7 

reference sequence and all possible mutations were scored based on the ratio of non-

reference reads to reference reads at each position, normalized by the sequencing error 

rate estimated from neighboring positions. This method was only applied for 

demonstrative purposes to identify the previously reported C882T variant in the BIRC7 

clone shown in Figure 5d. 
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CHAPTER 3: 

EXTENSIVE DISRUPTION OF PROTEIN INTERACTIONS BY GENETIC 

VARIANTS ACROSS THE ALLELE FREQUENCY SPECTRUM IN HUMAN 

POPULATIONS 

Context and Personal Contributions 

The following chapter is derived from a Nature Communications article by the same 

name54 originally authored by Robert Fragoza and Jishnu Das (Reproduced with 

permission from Springer Nature). Full authorship and contributions are provided in the 

original publication, but the following warrant explicit mentioning. This text was 

primarily written by Robert Fragoza who is also responsible for leading this paper and 

completing most of the experiments related to its completion. Most of the computational 

analyses and figures were generated by Jishnu Das or Siqi (Charles) Liang. 

 My contributions to this paper were in ensuring high sequence fidelity of the 

clones for all missense single nucleotide variants (SNVs) profiled in this study. I was 

responsible for developing an updated next-generation sequencing pipeline to confirm 

the success of designed mutagenesis experiments and prune clones that introduced 

inadvertent off target mutations or insertions. The previous sequencing readout for our 

massively parallel mutagenesis pipeline is described within Wei et al. 201424, and had 

been discovered to miss certain off target mutations: most particularly, failure to detect 

rare duplications of the mutagenesis primer sequence during cloning. My new 

implementation of this “Clone-seq” pipeline was used to retroactively reassess all 

mutant clones that had been generated in the Yu lab to date, and to complete the initial 

screen on the last mutagenesis batches for this and future projects. I authored the 

methods section titled “Identifying successfully mutated clones” which details for this 

new sequencing readout in addition to the section titled “Defining duplicate genes and 
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functionally similar proteins” which describes one of the supplemental analyses to 

investigate whether disruptive variants could be compensated for by homologous genes 

(see Figure 19). Beyond contributions explicitly described in this paper, my updates to 

the ”Clone-seq” pipeline included curation of all of the mutagenesis attempts, successful 

mutant clone library, and subsequent experimental profiling results into a 

comprehensive relational database to ensure this data remains organized and accessible. 

 

Abstract 

Each human genome carries tens of thousands of coding variants. The extent to which 

this variation is functional and the mechanisms by which they exert their influence 

remains largely unexplored. To address this gap, we leveraged the ExAC database of 

60,706 human exomes to investigate experimentally the impact of 2,009 missense single 

nucleotide variants (SNVs) across 2,185 protein-protein interactions, generating 

interaction profiles for 4,797 SNV-interaction pairs, of which 421 of these SNVs are 

segregating at > 1% allele frequency in the human population. Surprisingly, we find that 

interaction-disruptive SNVs are prevalent across both rare and common allele 

frequencies. Furthermore, these results suggest that 10.5% of missense variants carried 

per individual are disruptive, a much higher proportion than previously reported; this 

indicates that each individual’s genetic makeup may be significantly more complex than 

expected. Notably, disruptive variants also occur at elevated proportions in disease-

associated genes and are enriched at conserved genomic loci, signifying their potential 

phenotypic relevance. Finally, we demonstrate that candidate disease-associated 

mutations can be identified through shared interaction perturbations between variants 

of interest and known disease mutations. Overall, our interactome perturbation study 

serves as an important framework for providing mechanistic insights and contextual 
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information to interpret the impact of coding variation on protein function genome-

wide, which is crucial for dissecting complex genotype-to-phenotype relationships. 

 

Introduction 

Recent explosive population growth has generated an excess of rare genetic variation 

segregating in human populations that likely plays a key role in the individual genetic 

burden of complex disease risk32,136-140. In agreement with this paradigm, large-scale 

whole-genome and whole-exome sequencing efforts have reported an excess of genetic 

variation in human genomes segregating at very low allele frequencies3,32,138,140-142. In 

particular, rare coding single nucleotide variants (SNVs) have been predicted to 

disproportionately impact protein function3,32,143 in human genomes; however, methods 

and metrics for estimating the functionality of coding SNVs vary widely, and there is 

no consensus estimate for the number of functional variants per individual144. As such, 

a direct assessment of the functional impact of coding SNVs could prove indispensable 

to furthering our understanding on how segregating genetic variation influences 

complex traits and human disease. 

Biological processes are likely regulated through intricate networks of protein 

and macromolecular interactions, as opposed to single proteins acting 

independently145,146. Researchers have accordingly identified a large number of 

mutations that disrupt these interactions; however, most of these perturbations 

correspond to synthetic mutations from scanning mutagenesis experiments147-149, the 

vast majority of which do not occur naturally in human populations. For example, the 

SKEMPI database comprehensively collected the impact of 3,047 mutations on protein 

binding events published in the literature150, only seven of which are listed as human 

population variants in ExAC142. Efforts to examine the impact of disease-associated 

mutations on protein function23,24,27 are also limited because most of these mutations are 

very rare and consequently only impact a small number of individuals. The evolutionary 

context in which all genomic variants evolve is largely missing from such studies as a 

result. 
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In order to acquire a more representative understanding of the functional impact 

of human population variants on protein function, we leveraged the ExAC dataset of 

coding variants from 60,706 human exomes142 to systematically evaluate the impact of 

2,009 missense SNVs, 811 of which are segregating at minor allele frequency (MAF) > 

0.1% in the human population, across 2,185 protein-protein interactions. We find that 

disruptive SNVs are strongly enriched at conserved protein loci and occur more 

prevalently at lower allele frequencies, underscoring the functional importance of 

disruptive variants uncovered by our assays. Moreover, we also determined that on 

average 10.5% of coding SNVs carried per individual are expected to impact protein-

protein interactions, a rate much higher than indicated by previous reports3,32,143. 

Unexpectedly, while we observe an enrichment of functional SNVs at rare allele 

frequencies in agreement with previous literature3,32,138,143, we also find that 9.6% of 

tested common variants with MAF > 10% perturbed protein interactions, indicating that 

many common variants are also functional151,152. 

Cellular and organism-level phenotypes stem from macromolecular 

perturbations23,146. Furthermore, 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 SNVs153 (Figure 13a). Hence, experimental 

measurements of the molecular-level impacts of each disruptive SNV is the imperative 

first step toward advancing our mechanistic understanding of the genetic background of 

each individual and their differences across the population. 

 

Results 

Disruptive SNV’s occur extensively across broad MAF ranges 

Alterations to protein-protein interactions can have deleterious consequences to 

fitness154, particularly in human genetic disease23,25,35. As such, coding variation at 

interaction interfaces is mostly rare155 and subject to evolutionary constraint156,157. In 

contrast, common variation is expected to be largely neutral and therefore unlikely to 

be extensively functional158-160. Nonetheless, notable exceptions exist, including APOE- 
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epsilon 4, a risk-associated allele for Alzheimer’s disease161-163 (MAF = 18.4%), and the 

P12A polymorphism (MAF = 11.0%) of PPARG, which increases risk for type 2 

diabetes164,165. Indeed, the extent to which MAF indicates whether an allele is disruptive 

to protein interactions remains largely unexplored. Hence, to systematically identify 

functionally relevant SNVs across rare to common allele frequencies, we constructed a 

 
Figure 13. A pipeline for surveying the impact of 2,009 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, 
1,676 ExAC variants were selected across a wide range of allele frequencies. 204 disease-
associated mutations listed in HGMD and 162 cancer somatic mutations from COSMIC were 
also examined. c, Pipeline for testing the functional impact of 2,009 SNVs on protein interactions 
and stability impact of 278 population variants by dual-fluorescence screen. 
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resource of sequence-verified single-colony clones for 2,009 SNVs derived from three 

major databases: 1,676 variants from ExAC142, 204 Mendelian disease-associated 

mutations from HGMD166, and 162 somatic mutations in cancer from COSMIC167. To 

avoid oversampling rare variants which dominate ExAC, we randomly selected alleles 

in ExAC across defined MAF bins ranging from singletons to very common alleles 

(Figure 13b; Methods).  

Upon constructing this resource, we then performed yeast two-hybrid (Y2H) 

experiments to measure the impact of these 2,009 missense SNVs across 2,185 human 

protein-protein interactions. In this manner, we identified 442 interaction-disrupting 

SNVs, including 298 disruptive ExAC variants, comprising a network of 4,797 SNV-

interaction pairs. We further validated the quality of our SNV-interaction network by 

performing Protein Complementation Assay (PCA)168 in human 293T cells to retest a 

representative subset of ~400 disrupted and non-disrupted SNV-interactions pairs from 

our ExAC subset. SNV-disrupted interactions retested at a rate approximate to a 

negative reference set comprising randomly selected ORF pairs whereas non-disrupted 

interactions retested at a rate statistically indistinguishable from a positive reference set 

of literature-established protein interactions169,170 (Figure 14a, Figure 15a). Our result 

remained unchanged when we removed interactions corresponding to highly-disruptive 

SNVs (Figure 15b). Taken together, our PCA retest demonstrated the reproducibility 

and validated the quality of our Y2H-generated SNV-interaction network. 

To examine the influence of allele frequency on disruptive variants, we 

partitioned our tested ExAC variants across four allele frequency bins, ranging from 

very rare (MAF ≤ 0.1%) to very common (MAF > 10%) alleles and then calculated the 

fraction of variants that disrupted one or more protein interactions per MAF bin. We 

found that the fraction of disruptive variants decreased inversely with increasing allele 

frequency (P = 0.0054 by chi-square test, Figure 14b), which agrees with  
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Figure 14. The probability of observing a disruptive allele is inversely related to the 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 one-tailed Z-test between 
disrupted and intact interactions. P values by two-tailed Z-test for all other comparisons. b, 
Fraction of disruptive variants in ExAC (blue) across four allele frequency ranges (i) < 0.1%, (ii) 
0.1 – 1.0%, (iii) 1.0 – 10%, and (iv) > 100%. P value by chi-square test. Fraction of disruptive  
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expectations3,32,136; however, we note that 9.6% of very common variants (MAF > 10%) 

were still disruptive. Considering that the majority of SNVs found in an individual 

genome are common171, this elevated proportion may indicate that disruptive coding 

variation is markedly widespread across populations. To investigate this more closely, 

we weighted these MAF-stratified disruption rates by their expected proportions within 

a typical human genome using the site frequency spectrum for missense variants in 

ExAC (Methods). In this manner, we determined that given an average of 13,595 

missense variants per genome, 1,434 (10.5% ± 1.8%) are expected to disrupt protein 

interactions, a figure notably higher than indicated by previous estimates (Figure 14c, 

Tables 9-11). We note, however, that the extent to which interaction disruptions result 

in cellular phenotypes, particularly for common variants, remains undetermined. 

Regardless, our results demonstrate that many variants show some degree of 

functionality, at least within the context of our interaction assays; as such, the genetic 

background in each individual genome might be far more complex than expected. 

To add further context to our disruption rate analysis, we also determined the 

fraction of cancer-associated somatic mutations that disrupt interactions and found that 

34.8% of somatic mutations located in genes with established roles in cancer 

progression were disruptive (Figure 14b; Methods). Notably, this fraction decreased 

significantly to 22.1% for somatic mutations located in all other genes (P = 0.036 by 

one-tailed Z-test), a figure comparable to the 20.0% disruption rate observed for very  

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, 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, and g, by one-tailed U-test. P values in f, by two-tailed U-test. See also Tables 9-14 and 
Figure 15. 
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Figure 15. Distribution and reproducibility of disrupted and non-disrupted SNV-
interaction pairs. 
a, Fraction of protein pairs recovered by PCA across increasingly stringent PCA scoring 
thresholds. SE of proportion is demarcated by shading. b, Fraction of protein pairs recovered by 
PCA for disrupted and intact interactions in comparison to positive and random reference sets 
(PRS and RRS). Interactions corresponding to SNVs found on overrepresented bait proteins 
(bait has >20 interaction partners) were removed. P values by one-tailed Z-test between 
disrupted and intact interactions. P values by two-tailed Z-test for all other comparisons. c, 
Fraction of disruptive variants (n = 298) categorized by number of disrupted interaction partners. 
d, Cumulative distribution function plotting the fraction of disruptive variants against the total 
fraction of interactions perturbed. e, 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. 
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rare (MAF ≤ 0.1%) ExAC alleles. In contrast, 52.9% of tested HGMD disease-

associated mutations were disruptive (Figure 14b). Collectively, these trends in 

disruption rate suggest that driver mutations in oncogenesis may often function by 

perturbing interactions, as is the case for disease-associated mutations. Therefore, 

prioritizing disruptive somatic mutations through our interaction perturbation approach 

may be an effective means to identify potential driver genes and mutations. 

The extent to which a mutation is disruptive can also be categorized by 

measuring the fraction of corresponding protein interactions disrupted by a particular 

variant. Accordingly, we first grouped each of our 298 disruptive variants by the number 

of interactions they perturb (Figure 15c). We observed that 205 of our tested SNVs 

disrupted only a single interaction (68.8%) while a small fraction of variants (6.7%) 

disrupted five or more interactions, suggesting that disruptive mutations tend to perturb 

specific subsets of protein function as opposed to perturbing protein function as a whole. 

Examining the distribution of disruptive variants across the number of interactions 

perturbed revealed a similar trend (Figure 15d). 

Next, for proteins tested against multiple interaction partners, 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 14d). Across 

these three categories, the median allele frequency for tested variants in ExAC 

decreased significantly from 0.21% for non-disruptive variants to 0.085% for partially 

disruptive variants (P = 0.0067 by one-tailed U-test) then nominally to 0.034% for null-

like variants (Figure 14e), suggesting that partially disruptive and null-like variants are 

potentially deleterious. Furthermore, we also find that Grantham scores, a biochemical 

f, Co-expression of protein abundance levels for protein interaction pairs used in this study. 
Interacting protein pairs were significantly more likely to be co-expressed than random protein 
pairs in tissue and cell data from the Human Proteome Map. P value by two-sided KS test. 
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measure quantifying the dissimilarity between amino acid residues172, for partially 

disruptive and null-like variants are significantly higher in comparison to non-disruptive 

variants (Figure 14f). Moreover, conservation-based functional prediction algorithms, 

including PolyPhen-2159 and MutPred230, show significant increases in the likelihood 

that a variant is deleterious across non-disruptive, partially disruptive, and null-like 

disruption categories (Figure 14g, Figure 15e). Taken together, these results show that 

disruptive variants follow expected patterns of selective constraint and conservation that 

are characteristic of damaging mutations and imply that these disruptive variants may 

be functionally relevant in cells. 

 
Coding 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 whole25. To distinguish between these 

two distinct mechanisms, we developed a dual fluorescence screening assay to survey 

the impact of interaction-disruptive variants on protein folding. To set up our dual 

fluorescent screen, we cloned a subset of wild-type ORFs that are stably expressed when 

tagged with GFP, as well as their corresponding ExAC variants, into a custom GFP-tag 

expression vector that co-expresses an untagged mCherry control (Methods). We then 

transfected wild-type and mutant ORFs into 293T cells to test for mutation-induced 

changes to protein expression in 96-well plate formats (Figure 13c). GFP expression 

levels for transfected wild-type and mutant samples, normalized with respect to 

mCherry expression levels, were then used to calculate stability scores for all wild-type 

and mutant proteins (Figure 16a). In this manner, we determined the impact of 278 

ExAC variants on protein folding from which we grouped these variants across stable, 

moderately stable, and unstable protein expression categories (Methods). We note that 

our stable, moderately stable, and unstable demarcations corresponded well with  
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western blot intensity (Figure 16b). 

Mutations that destabilize protein folding should abolish the function of the 

harboring protein and may likely be depleted within genes that are sensitive to loss-of-

function (LoF) mutations as a result. Accordingly, we examined the fraction of variants 

that occur on genes with pLI ≥ 0.9, a threshold used to define genes that are intolerant 

to LoF mutations142, and found that the fraction of variants in LoF-intolerant genes 

decreased significantly from 27.1% to 13.2% for stable and moderately stable variants, 

respectively (P = 0.018 by one-tailed U-test; Figure 16c). Protein-destabilizing variants 

also tend to be rare; we observed that median allele frequency decreased from 0.064% 

for stable protein variants to 0.021% for moderately stable and unstable variants 

combined (P = 0.019 by one-tailed U-test; Figure 17a), implying that the destabilized 

variants uncovered by our protein stability assay are functionally consequential and 

selectively constrained as a result. 

We next investigated the correspondence between protein stability and 

interaction-disruptive phenotypes by comparing the distribution of stability scores 

across tested variants from non-disruptive, partially disruptive, and null-like categories. 

We found that the ratio of mutant-to-wild-type stability scores is significantly lower for 

partially disruptive variants than non-disruptive (P = 0.0077 by one-tailed U-test) and  

 
Figure 16. Disruptive population variants seldom result in unstable protein expression. 
a, DUAL-FLOU protein stability scores for 278 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, Fraction of variants residing in LoF-intolerant genes 
(pLI ≥ 0.9) for stable (n = 199), moderately stable (n = 53), and unstable (n = 10) protein stability 
categories. d, Ratio of mutant-to-wild-type stability score corresponding to non-disruptive (n = 
103), partially disruptive (n = 45), and null-like variants (n = 12). e, Distribution of interaction-
disruptive ExAC variants across three stability categories. f, Diagram of interactions disrupted 
by null-like AKR7A2_A142T variant. Cellular expression levels of V5-tagged AKR7A2 was 
measured 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. See also Figure 17. 
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nominally reduced for null-like variants in comparison to partially disruptive variants 

(Figure 16d). While destabilized protein expression certainly influences protein 

interaction perturbations, we note that only seven cases (7%) in which an interaction-

disruptive variant resulted in unstable mutant protein expression were found (Figure 

 
Figure 17. Protein-destabilizing variants are selectively constrained and do not fully 
account for interaction perturbation phenotypes. 
a, Distribution of allele frequencies for variants categorized as stable (n = 214) or other (n = 64). 
Other was constructed by combining moderately stable and unstable variants. P values by one-
tailed U-test. b, Distribution of interaction-disruptive ExAC variants across three stability 
categories. c, γ-hydroxybutyrate metabolism pathways involving AKR7A2, ABAT, and SSADH. 
 



77 
 
 

16e). As such, we conclude that most disruptive variants function by inducing local 

structural perturbations that disrupt specific protein interactions as opposed to 

destabilizing protein stability as a whole, which agrees with previous studies on disease-

associated mutations23,24. These results further highlight the importance of dissecting 

specific interaction disruptions induced by SNVs.  

To demonstrate that stably expressed, disruptive variants can be functionally 

relevant even at common allele frequencies, we characterized a null-like, common 

variant, A142T (MAFEur = 9.3%), on the protein AKR7A2 (Figure 16f). AKR7A2 is an 

NADPH-dependent aldo1-keto reductase that catalyzes the reduction of succinic 

semialdehyde (SSA) to gamma-hydroxybutyrate (GHB), an important reaction in the 

degradation pathway for the inhibitory neurotransmitter GABA173. Since AKR7A2 is a 

dimer in solution and A142T disrupts an AKR7A2 interaction with itself, we 

hypothesized that this mutation might also impact AKR7A2 enzymatic activity. As 

such, 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 16g). In addition to 

impacting SSA turnover, the A142T mutation is reported to significantly decrease the 

in vitro metabolism of both doxorubicin and daunorubicin by AKR7A2, which could 

have important implications in cancer therapy174. Moreover, missense mutations that 

impair ABAT and SSADH activity, enzymes immediately upstream of AKR7A2 

(Figure 17b), can result in severe human neurological disorders175-177. Hence, we 

postulate that AKR7A2_A142T may indeed be functionally relevant in genetic 

backgrounds with lowered ABAT or SSADH activity. 
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Figure 18. Disruptive variants occur in important gene groups and at conserved genomic 
sites. 
a, Fraction of disruptive variants that occur in non-constrained (n = 1,349), disease-associated 
(n = 423), cancer-associated (n = 78), essential (n = 223), or LoF-intolerant genes (n = 270). b, 
Fraction of interactions disrupted by variants that occur on interface residues or interface 
domains (n = 307) in comparison to interactions disrupted by variants that occur away from 
interaction interfaces (n = 41). c, Distribution of Jensen-Shannon divergence scores for amino 
acid residues at sites corresponding to disruptive and non-disruptive variants. Larger scores 
indicate more conserved sites. d, Fraction of disruptive variants found in genomic regions where 
Fay and Wu’s H is significant measured across four different population groups and across 
overall population. e, Fraction of mutations pairs that lead to the same disease for germline 
mutations that share two or more disrupted interactions (n = 42), share one or more disrupted  
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Disruptive variants are widespread in disease-relevant genes 

We next investigated how disruptive variants are distributed across different gene 

categories and protein functional sites. We observed comparable enrichment for 

disruptive variants across disease-associated, cancer-associated, and essential gene sets 

(Figure 18a; Methods); this enrichment was also comparable to the fraction of 

disruptive variants found across all genes tested in our SNV-interaction network, 

excluding highly constrained LoF-intolerant genes (pLI ≥ 0.9) which were significantly 

depleted for disruptive variants in comparison to other gene sets (Figure 18a). LoF-

intolerant genes correspond well with haploinsufficient genes142 in which a single 

mutant copy of a gene is enough to be deleterious. Such genes would be highly sensitive 

to disruptive variants as a result, potentially explaining the lower fraction of disruptive 

variants observed in such genes. Notably, duplicate or functionally similar genes can 

compensate for corresponding proteins impacted by a disruptive mutation. However, 

we found no enrichment for disruptive variants within a published set of duplicate 

genes178 in comparison to non-disruptive variants (Figure 19a), nor within a custom-

generated set of sequence-conserved, functionally similar proteins (Figure 19b; 

Methods). In contrast, a sizable proportion of the disruptive variants in our SNV-

interaction network occur in genes relevant to human disease and traits, warranting 

further exploration into their potential impact. 

The structural and genomic loci at which a disruptive variant occurs is strongly 

indicative of the functional relevance of the mutation. Similar to disease-associated 

mutations24, we found that variants located at the interaction interface disrupted  

interactions (n = 271), or do not share disrupted interactions (n = 599). f, Schematic of interaction 
disruption profiles for SMAD4 disease-associated mutations E330K, G352R, and N13S. 
Corresponding disease names are labeled. g, Co-crystal structure of SMAD4-SMAD3 
interacting proteins (PDB ID: 1U7F). Disease-associated mutations are labeled. Structure 
covers SMAD4 residues 315-546 and therefore N13S mutation is not represented on this 
structure. Error bars in a, b, d, and e, indicate +SE of proportion. P values in a, b, d, and e, by 
one-tailed Z-test. P value in c, by one-tailed U-test. * P < 0.05. See also Figure 20. 
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Figure 19. Disruptive variants are not biased towards redundant genes. 
a, Genes harboring non-disruptive and disruptive variants were intersected with genes found in 
the Duplicated Genes Database. For non-disruptive and disruptive variants, the fraction of genes 
that overlap with genes listed in this database were plotted. Error bars indicate ±SE of 
proportion. P values by two-tailed Z-test. b, Sets of sequence-conserved, functionally similar 
proteins were generated at increasingly stringent thresholds for defining gene duplication. 
Proteins harboring non-disruptive and disruptive variants were intersected with these sets and 
the fraction of duplicate proteins was plotted at different duplication thresholds. A higher 
duplication threshold indicates a more stringent cutoff criteria for defining functionally similar 
proteins. 
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interactions significantly more often than variants located away from the interface 

(19.2% and 5.0%, respectively; P = 3.9×10-5 by one-tailed Z-test, Figure 18b; 

Methods). Protein sites corresponding to disruptive variants were also found to be 

substantially more conserved than those for non-disruptive variants (P = 1.2×10-10 by 

one-tailed U-test, Figure 18c). Moreover, purifying selection may also be more specific 

to disruptive variants at conserved protein sites than non-disruptive variants at equally 

conserved sites. To demonstrate this, we binned disruptive and non-disruptive variants 

by their corresponding Jensen-Shannon Divergence (JSD) scores, an amino acid-based 

metric for conservation, and then compared their mean allele frequency per JSD scoring 

bin (Methods). We found that while allele frequencies for both disruptive and non-

disruptive variants were somewhat comparable at low JSD conservation scores, allele 

frequency for disruptive variants strongly decreased across increasingly stringent JSD 

cutoffs in comparison to non-disruptive variants (Figure 20a). A similar pattern was 

also observed using a genomic, as opposed to an amino acid-based, measure for 

conservation, phyloP179 (Figure 20b). Therefore, in addition to frequently occurring in 

disease-relevant genes, disruptive variants also frequently occur at functionally 

important sites in these genes, further implying that a significant fraction of these 

disruptive variants may be phenotypically relevant. 

In addition to exploring the relationship between conservation and disruptive 

variation, we also investigated whether disruptive variants tend to occur at genomic 

regions under positive selection. We applied a test of positive selection based on the 

distribution of allele frequency around a variant using whole-genome sequencing data 

from Phase 3 of the 1000 Genomes Project180 (Methods). We observed that genomic 

regions with disruptive variants exhibit a significant signature of positive selection more 

often than those with non-disruptive variants. This is the case both within 1000 

Genomes continental population groups and globally (Figure 18d). This result may  
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Figure 20. Purifying selection may be stronger for disruptive variants at conserved 
protein sites. 
a, Relationship between conservation and allele frequency for disruptive and non-disruptive 
variants examined across increasingly stringent cutoffs for JS divergence scores. Error bars 
indicate ±SE of mean. b, Relationship between conservation and overall allele frequency for 
disruptive and non-disruptive variants examined across increasingly stringent phyloP scores. 
Error bars indicate ±SE of mean. P values by one-tailed Z-test. * P < 0.05 
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point to the functional importance of some of the disruptive variants identified here. 

Therefore, this result also facilitates molecular interpretation of positive selection 

signals, both in terms of interaction perturbations and by investigating the functions of 

interacting proteins lost and gained in the presence of these disruptive variants. 
 
Identifying phenotypic SNVs via matching disruption profiles 

Previous studies have shown that disease-associated mutations often function by 

perturbing specific protein-protein interactions23-25. We therefore investigated whether 

a disruptive population variant with the same interaction impact as a known disease-

associated mutation could also result in disease. To do this, we first examined whether 

pairs of disease-associated mutations that occur on the same gene tend to result in the 

same interaction perturbations (Methods). We found that pairs of disease-associated 

mutations that share at least one or more disrupted interactions resulted in the same 

disease significantly more often than mutations that did not share any disrupted 

interactions (0.738 to 0.630, respectively; P = 8.5×10-4 by one-tailed Z-test, Figure 

18e). This trend persisted when mutation pairs shared two or more disrupted interactions 

in comparison to no shared disrupted interactions (0.760 to 0.630, respectively; P = 

0.018 by one-tailed Z-test, Figure 18e). This result therefore suggests that shared 

interaction disruption profiles may be an informative approach to prioritizing candidate 

disease-associated mutations. 

To demonstrate how pairs of disease-associated mutations on the same gene with 

matching disruption profiles can result in the same disease, we highlight three disease-

associated mutations on SMAD4 (Figure 18f), a crucial protein in the TGFβ/SMAD 

signaling pathway. Two mutations on SMAD4, E330K and G352R, are associated with 

juvenile polyposis181,182 while a third mutation, N13S, results in a clinically distinct 

disease, pulmonary arterial hypertension183. We observed that E330K and G352R 
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cluster together in three dimensional space near the SMAD4-SMAD3 interaction 

interface (Figure 18g). N13S, in contrast, appears positioned away from E330K and 

G352R near the N-terminus of SMAD4. In agreement with the proximal clustering of 

E330K and G352R near the SMAD4-SMAD3 interaction interface, both mutations 

disrupted the SMAD4 interaction with SMAD3 in addition to disrupting the SMAD4-

SMAD9 interaction (Figure 18f). These SMAD protein disruption results agree with 

previous evidence implicating the TGFβ/SMAD signaling pathway in the formation of 

juvenile polyposis184,185. In contrast, the N13S mutation left SMAD4 interactions with 

SMAD3 and SMAD9 intact, which agrees with a previous study that found no evidence 

that N13S alters SMAD-mediated signaling183.  

With this example as a template, we then explored cases in which both an ExAC 

variant and a known disease-associated mutation shared the same disruption profile with 

the goal of determining whether the population variant exhibited evidence of the same 

disease phenotype. To do this, we tested two mutations with matching disruption 

profiles on the protein PSPH (Figure 21a):  (i) T152I, a rare variant (MAF = 0.10%) in 

ExAC that disrupts an interaction with itself and (ii) D32N, which also disrupts an 

interaction with itself and causes phosphoserine phosphatase deficiency in a compound 

heterozygous individual with two deleterious PSPH mutations186. An additional PSPH 

non-disruptive rare variant, T149M, was included as a control. Since PSPH exists as a 

dimer in solution and can aggregate when mutations that interfere with dimerization are 

introduced187, we reasoned that mutations that disrupt this dimerization may also reduce 

PSPH enzymatic activity. We therefore purified recombinant wild-type, D32N, T152I, 

and T149M PSPH proteins and measured for changes in phosphatase activity for PSPH 

mutants relative to wild-type using a malachite green assay. Our in vitro assays revealed 

that T152I significantly 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  
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Figure 21. Prioritizing candidate disease-associated mutations through shared disruption 
profiles. 
a, Schematic of interaction disruption profiles for disease-associated mutation D32N and rare 
variants T152I and T149M. Stable expression of FLAG-tagged wild-type and mutant PSPH 
proteins was 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. b, Enzymatic activity of 
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(60.0% ± 3.3%, P = 6.6×10-4 by one-tailed t-test compared to wild-type). In contrast, 

T149M showed no significant change in enzymatic activity relative to wild-type (P = 

0.19 by one-tailed t-test, Figure 21b). Because phosphoserine phosphatase deficiency 

is a recessively inherited condition186, our findings suggest that T152I may lead to the 

same disease phenotype in homozygous or compound heterozygous individuals.  

To further demonstrate how potentially physiologically-relevant mutations can 

be identified using shared disruption profiles, we also characterized a pair of disruptive 

mutations on the GTPase, SEPT12: a rare variant not known to associate with any 

disease phenotypes, G169E (MAF = 0.02%), and D197N, an infertility-causing 

mutation in men188. Both mutations perturbed interactions with SEPT7 and SEPT2 

subgroup proteins, SEPT1 and SEPT5 (Figure 21c). These perturbations are 

particularly relevant because SEPT12 is known to interact with other septin proteins 

found in the SEPT2, SEPT6, and SEPT7 protein subgroups to form a filamentous 

structure at the sperm annulus189-191. Moreover, the infertility-causing mutation 

SEPT12_D197N, which was previously shown to perturb interactions with these same 

septin subgroup proteins, resulted in a disorganized sperm annulus and poor sperm 

motility in a mouse model for D197N191. Lastly, using homology modeling, we 

observed that both G169E and D197N mutations occur at SEPT12 interaction interface 

purified recombinant wild-type and mutant PSPH proteins using phosphoserine substrate was 
measured in vitro using a malachite green assay performed in triplicate. Enzymatic activities for 
PSPH mutants are shown in proportion to wild-type activity. Error bars indicate +SE of mean. * 
P < 0.01. P value by one-tailed t-test. c, Schematic of interaction disruption profiles for SEPT12 
rare variant G169E and disease-associated mutation D197N. d, Homology model of SEPT12-
SEPT1 interaction. PDB ID 5CYO chains A and B used as template. Disruptive mutations on 
interaction interface are labeled.  e, Disruption of SEPT12 interaction with SEPT1 by G169E and 
D197N was validated by co-IP. SEPT12 bait proteins were detected using α-FLAG. SEPT1 prey 
was detected using α-HA. α-GAPDH was used as a loading control. f, Fertility tests of two-to-
six month old WT (n=2 males, avg=8.9 ± 0.51; n=2 females, avg=8.6 ± 0.61) and 
Sept12G169E/G169E (n=3 males, avg=4.0 ± 1.3; n=2 females, avg=9.2 ± 0.57) mice bred to age-
matched controls. Litter sizes were recorded. Blue = males. Red = females. All comparisons are 
not significant except for male WT vs male Sept12G169E/G169E (P = 0.00052; by two-tailed t-test). 
g, Assessment of sperm motility of WT (n=2, sperm=166), Sept12G169E/+ (n=4, sperm=484), and 
Sept12G169E/G169E (n=3, sperm=416) mice. 
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residues with SEPT1 (Figure 21d) and confirmed that both mutations disrupt the 

SEPT12-SEPT1 interaction without reducing protein stability in 293T cells (Figure 

21e). These results demonstrate that these mutations function by specifically perturbing 

SEPT12 protein-protein interactions as opposed to disrupting SEPT12 stability as a 

whole. 

We then investigated whether these matching SEPT12 molecular phenotypes 

result in corresponding organismal phenotypes by generating Sept12G169E mice using a 

CRISPR-editing approach192. We found that homozygous Sept12G169E males were 

subfertile in comparison to wild-type males (Figure 21f). Notably, sperm from 

homozygous Sept12G169E males exhibited poor motility (Figure 21g), a phenotype also 

reported for Sept12D197N male mice191. These observations of poor sperm motility and 

subfertility in mice suggest that SEPT12_G169E may deleteriously impact fertility in 

men homozygous for this mutation, although we note that no individuals homozygous 

for SEPT12_G169E have been reported in ExAC. Taken together with our in vitro data, 

these results also demonstrate how shared disruption profiles can be used to prioritize 

candidate disease-associated mutations. 

 

Discussion 

Disentangling the phenotypic impact of functional missense mutations from benign 

mutations has proven to be uniquely challenging33,34,193-195. Conventions for 

determining which missense mutations are functional vary widely3,32,143, as do their 

genome-wide estimates for the number of functional coding mutations per individual 

(Figure 14c). These inconsistencies are problematic since accurate measurements of the 

impact of SNVs on protein functions are essential for generating concrete hypotheses 

about disease etiology based on molecular mechanisms35. Therefore, in the absence of 
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a consensus metric for assessing the functional impact of missense mutations across a 

large set of proteins, we directly measured the impact of 1,676 missense ExAC-listed 

population variants (811 with MAF > 0.1%) across 4,109 protein-variant interaction 

pairs and identified 298 disruptive variants affecting 669 human protein interactions. In 

this manner, we have constructed an unbiased resource to examine the relationships 

between the population genetic and evolutionary characteristics of SNVs and their 

functional impact genome-wide. 

By weighing our measured disruption rates against their expected proportions 

per individual genome, we further determined that 10.5% of missense variants per 

individual are expected to be disruptive. It should be noted that, like any high-

throughput assay, Y2H cannot detect all interactions of a given protein. If we were able 

to detect more interactions, we would likely discover more interaction disruptions. 

Therefore, this 10.5% figure represents only a lower-bound estimate for the number of 

disruptive missense variants per individual.  Furthermore, considering that interaction 

perturbations are just one way in which mutations can perturb protein function, genome-

wide surveys for other types of activities (e.g., enzymatic activities, transcription factors 

binding to DNA, etc) may reveal that functional variants, at least at the molecular-level, 

are even more widespread than suggested here. Finally, we note that literature-curated 

sources are not appropriate for reproducing the analyses presented here because of their 

strong biases to synthetic and very rare mutations. Even literature-curated mutations 

listed at appreciable allele frequencies may be inappropriate since such mutations are 

often selected because of their known disease associations. For example, a recent study 

comprehensively collected the impact of 7,955 mutations on human protein interactions 

published in the literature48; however, only 161 of these mutations were without disease 

annotations and listed in ExAC, of which 49 occurred at appreciable frequencies (MAF 

> 0.1%). 
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The genetic and genomic context in which a variant occurs is crucial for properly 

interpreting the functional impact a disruptive mutation may have. While 

haplosufficiency likely mitigates the impact of numerous disruptive variants, an 

individual already harboring one disruptive variant becomes sensitized to the 

consequences of subsequent mutations in the same gene or pathway. For example, we 

identified a null-like, common variant, A142T, on the protein AKR7A2 that 

significantly reduces enzymatic activity relative to wild-type (Figure 16g). This 

mutation alone likely has a minimal impact on fitness; however, mutations to enzymes 

immediately upstream to AKR7A2, particularly ABAT and SSADH (Figure 17b), can 

result in severe neurological disorders175-177. Co-occurrence of AKR7A2_A142T with 

similarly disruptive mutations in ABAT or SSADH could therefore result in a 

neurological disorder that would not otherwise occur in an individual harboring only a 

single disruptive mutation.  

Such relationships are frequent in complex disease, including cancer and heart 

disease, which unlike Mendelian mutations, require multiple mutations on more than 

one gene to cause a disorder. Each disease-associated mutation in complex disease 

therefore contributes a certain measure of disease risk that can be quantified by a 

GWAS, and some authors consider these effects to be approximately additive across 

loci196. Measuring how one mutation modulates the impact of another is challenging; 

however, measuring which mutations are individually functional is a crucial first step. 

Hence, we anticipate that our SNV-interaction network will serve as a pivotal 

framework for defining the epistatic relationships that modulate the impact of disruptive 

variants, particularly for partially penetrant variants that only result in disease in certain 

genetic backgrounds. 

The results of our study may have important implications in related fields such 

as pharmacogenomics and toxicogenomics. Disruptive SNVs on enzymes may alter the 
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metabolic kinetics of impacted enzymes, while SNVs on transporters and targets of 

drugs may lead to changes in the pharmacokinetic and pharmacodynamic properties of 

their corresponding proteins. For example, the D816H/V mutations on the receptor 

tyrosine kinase, KIT, confers resistance to imatinib and sunitinib by shifting the 

conformational equilibrium of KIT197. As a potential resource to pharmacogenomics 

and toxicogenomics, we provide a table of all disruptive SNVs that may be relevant to 

drug action (Table 15; Methods). 

Several methods to experimentally measure the impact of coding mutations at 

large scales have been recently reported24,52,198,199. The depth of proteins, variants, and 

interactions presented here complements these previous methods well. For example, 

Fields and Shendure developed a massively parallel single-amino-acid mutagenesis 

pipeline, named PALS, that can generate nearly all potential singleton mutations 

possible for a particular gene of interest198. This impressive depth makes PALS an 

excellent method for studying extensive variation in a single protein, most notably 

TP53198 and BRCA1200 but remains to be optimized for studying variation across a large 

set of unique genes. In contrast, our mutagenesis approach allowed us to survey >2,000 

mutations across 847 unique genes. Similarly, while Y2H is widely used for 

characterizing the impact of mutations on protein-protein interactions23,24, several 

derivatives for detecting perturbations by Y2H exist. For instance, Stelzl and colleagues 

developed the Int-Seq platform for probing protein-protein interaction disruptions using 

a Reverse Two-Hybrid (R2H) approach199. While this R2H approach increases assay 

sensitivity, a R2H reference interactome is not yet available, limiting the coverage of 

this approach to a handful of interactions.  

Interaction perturbations constitute only a particular subset of the variety of 

ways in which mutations can impair protein function. Large-scale surveys assessing 

other modes of altering protein function are needed. For example, Lehner and colleagues 
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used a deep mutational scanning pipeline50 to measure the impact of mutations on 

alternative splicing201. Continued efforts to survey all potential manners in which 

molecular-level perturbations can alter cellular and organismal phenotypes are needed 

to properly understand the impact of mutations on human health. Although our 

experimental framework was not designed to find potentially causal variants driving 

GWAS phenotypes (Figure 22; Methods), experimental frameworks that can 

differentiate functional variants from those that are non-functional will be key to 

identifying causal variants in common disease. Towards this goal, the genetic, protein 

interaction, and population-level insights presented here may represent a pivotal step 

forward to an improved understanding of the evolutionary forces that shape the human 

genome and protein function. 
 

Methods 

 
Selecting SNVs from ExAC, HGMD, and COSMIC databases 

Population variants encoding for missense mutations were selected from ExAC release 

0.3.1142. Unless a specific subpopulation is listed, all reported allele frequencies and 

allele frequency-derived calculations refer to allele frequency across all ExAC 

populations. Disease-associated missense mutations were obtained from HGMD (Public 

release version, 2014). Cancer-associated somatic missense mutations were selected 

from COSMIC version 84. For all three datasets, we required that (i) mutations reside 

on genes in either hORFeome v8.1202 or v5.1203, (ii) corresponded with one or more 

high-throughput Y2H-testable protein-protein interactions170,204-206, and, (iii) for ExAC 

variants, achieved a PASS filter status. We mapped each RefSeq transcript from ExAC 

to an appropriate ORF in our library by looking at the top BLAXTX candidate with an 

E-value ≤ 0.001. We verified that this was a representative ORF for our mutation by  
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performing EDNAFULL matrix pairwise alignment using EMBOSS Stretcher. Valid 

representative ORFs had to be identical within a 31 amino acid window centered on the 

position of interest for mutagenesis.  Beyond local identity, ORFs were 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. 

Since over half of all 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 1676 ExAC 

alleles (Figure 13b). In each bin, we randomly selected variants on genes with Y2H-

testable interactions. To minimize gene bias, we selected an average of two variants per 

gene. 204 HGMD mutations listed as DM (disease-causing mutations) were selected in 

accordance to criteria detailed in [20] but expanded to test across all amenable Y2H 

protein-protein interactions. 162 COSMIC mutations among 110 different genes with 

available hORFeome clones were also tested across all amenable Y2H protein-protein 

interactions. Genes listed in the Cancer Gene Census (v84) and listed as a Tier 1 known 

drivers in IntOGen (2016.5) were designated as Known cancer genes. Genes not listed 

in the Cancer Gene Census and not listed as a driver in IntOGen were designated as 

Other genes (Figure 14b). 

 

 

 
Figure 22. Disruptive variants show no bias towards GWAS phenotypes. 
a, Fraction of disruptive variants for variants found in the 1000 Genomes phase 3 Afr population 
at all allele frequencies is plotted (yellow). Fraction of disruptive variants for variants for variants 
in LD with GWAS SNPs listed in the UK biobank at R2 thresholds of ≥ 0.4, ≥ 0.6, and ≥ 0.8 are 
also plotted (grey). b, Fraction of disruptive variants for variants found in the 1000 Genomes 
phase 3 Afr population at AF ≥ 0.1% is plotted (yellow). Fraction of disruptive variants for variants 
for variants in LD with GWAS SNPs listed in the UK biobank at R2 thresholds of ≥ 0.4, ≥ 0.6, 
and ≥ 0.8 are also plotted (grey). c, Same analysis as a but restricted to 1000 Genomes phase 
3 Eur population. d, Same analysis as b but restricted to 1000 Genomes phase 3 Eur population. 
e-h, Same analyses as a-d but for GWAS SNPs listed in the NCBI GWAS Catalog. Error bars 
indicate +SE of proportion. P values by two-tailed Z-test. n.s. = not significant. 
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Large-scale cloning of SNVs through Clone-seq pipeline 

Single colony-derived mutant clones were constructed using a previously described 

methodology termed Clone-seq24, a high-throughput mutagenesis and next-generation 

sequencing platform. In brief, wild-type clones were picked from hORFeome clones 

and served as templates for site-directed mutagenesis performed in 96-well plates using 

site-specific mutagenesis primers (Eurofins). To minimize sequencing artifacts, PCR 

was limited to 18 cycles using Phusion polymerase (NEB, M0530). PCR products were 

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; clones were 

then pooled into independent bacterial pools. An additional maxiprepped bacterial pool 

comprising only wild-type DNA templates corresponding to each mutagenesis PCR 

reaction was also prepared. Maxiprepped clonal DNA from each bacterial pool was 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. 
 
Identifying successfully mutated clones 

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 both the desired 

variant as well 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 
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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: 

 

Score(WT, pos, Mut)=
ObservedMut, pos

ExpectedMut,pos
 

 

where ObservedMut,pos is the observed fraction of reads at position pos matching allele 

Mut and ExpectedMut,pos 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: 

 

ExpectedMut,  pos= 
1

TotalMutations
+(TotalMutations-1)*SeqErr(pos)-(Alleles-1)*SeqErr(pos) 

 

where TotalMutations is the total number of mutants attempted for a particular ORF 

(i.e. the number of copies of the ORF included in the pool), SeqErr(pos) refers to the 

inherent sequencing error, and Alleles 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  1
TotalMutations

 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 the Mut allele to any of the (Alleles − 1) other alleles. We 

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 
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Score(WT, pos, Mut)≥0.5 to call true mutations. In identifying successful instances of 

site-directed mutagenesis, we first checked for the 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. 
 
Calculating proportion of functional mutations exome-wide 

The total number of missense variants in ExAC release 0.3.1, diagrammed in Figure 

13b, was determined by summing the adjusted 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 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 [7], [10], and [4], respectively. Calculations for the number of functional missense 

mutations from each source are annotated in Tables 9-11. We note that the number of 

functional mutations by mutation type was not reported for ESP variants in [4]. As such, 

functional nonsynonymous mutations, including nonsense variants, were instead 

reported for ESP – Phase I. We expect the proportions of functional missense variants 

for ESP, 5.5% and 10.0% using conservative and liberal criteria counts listed in [4], 

respectively, (Table 11), to be slight overestimates as a result. 
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Profiling disrupted protein interactions through 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 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 was scored as non-disrupted if otherwise. Mutations 

tested against two or more interactions partners were further categorized as non-

disruptive, partially disruptive, and null-like if no tested interactions were perturbed, 

some tested interactions were perturbed, or all tested interactions were perturbed, 

respectively. PSPH interactions with CIRBP and SHC1 were detected using PCA. No 
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significant change in PCA signal intensity was detected between any wild-type and 

mutant PSPH interaction with CIRBP and SHC1 and therefore all mutant PSPH 

interactions with CIRBP and SHC1 were scored as non-disrupted. Interaction disruption 

data for all tested ExAC variants, COSMIC somatic mutations, and HGMD disease-

associated mutations can be found in Tables 12-14, respectively. 

 
DUAL-FLUO assay to measure SNV impact on protein stability 

In order to screen for variants that destabilize protein expression, we first screened for 

stably expressed GFP-tagged wild-type proteins. To do this, we transferred wild-type 

ORFs into pDEST-DUAL by Gateway LR reactions. HEK293T cells (ATCC, CRL-

3216) 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 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 confirmed by automated fluorescence 

microscopy using an ImageXpress system. In this manner, we identified 202 wild-type 

genes corresponding to 278 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 

cells in the same fashion as described for our first wild-type screen, including eight total 
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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 imaged by automated fluorescence microscopy using 

an ImageXpress system. Mutant proteins were then processed into stable, moderately 

stable and unstable categories of protein expression as follows: if the ratio between 

mutant and wild-type stability scores fell below 0.5, indicating that the mutant protein 

is still expressed but at markedly reduced levels, we categorized the mutant protein as 

moderately stable. If mutant protein expression dropped below plate reader detection 

thresholds, as indicated by a mutant stability score < 0, we instead categorized the 

mutant protein as unstable. Mutant proteins above both thresholds are scored as stable. 

 
Retesting disrupted and non-disrupted interactions by PCA 

To confirm that variant-disrupted protein-protein interactions are reproducible across a 

different assay, we systemically selected a subset of Y2H-tested mutant protein 

interactions for retesting 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 F2 Venus fragments using 

Gateway LR reactions for a total of 192 Y2H-disrupted mutant interaction pairs and 205 

non-disrupted Y2H mutant interaction pairs. Bait and prey ORF pairs from both sets 

were then randomly scrambled across 87 PRS and 90 RRS ORF pairs previously 

described in [41, 42] to minimize detection bias across different 96-well plates. 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 analysis. 

 To perform PCA, HEK293T cells (ATCC, CRL-3216) were seeded onto black 
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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 bait 

vector plus 100 ng prey vector with 1.0 µL of 1 mg/mL PEI (Polysciences Inc, 23966) 

mixed 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 scored as 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. 

 
Constructing vectors for DUAL-FLUO screen and Western blot 

Gateway LR reactions were used to transfer ORFs into mammalian expression vectors. 

The pDEST-DUAL vector for our 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 pQCXIP (ClonTech, 

631516) vector modified to include a Gateway cassette featuring a C-terminal 3×FLAG 

tag. SEPT12 wild-type, G169E, and D197N were transferred also into this same 

modified pQCXIP 3×FLAG vector. SEPT1 was transferred into a modified pcDNA3.1 

(Invitrogen, V79020) vector featuring a C-terminal 3×HA tag. AKR7A2 wild-type and 

A142T were transferred into pcDNA-DEST40, which includes a V5 tag. 
Cell culture for Western blotting 
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HEK293T cells (ATCC, CRL-3216) 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 16,000xg 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) at 1:3000, anti-V5 (Invitrogen, R960-25) at 1:5000, anti-HA 

(Sigma, H3663) at 1:3000, anti-GFP (SCBT, sc-9996) at 1:1000, anti-GAPDH 

(Proteintech, 60004-1-Ig) at 1:3000, and anti-γ-Tubulin (Sigma, T5192) at 1:3000 

dilutions were used for immunoblotting analyses. 

 
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, respectively, of ORFs for wild-type, D32N, 

T152I, and T149M clones of PSPH by PCR. PCR products as well as a pET28a-based, 

custom generated pET-6xHis-SUMO expression vector were then digested overnight 

using BamHI (NEB, R3136) and XhoI (NEB, R0146) restriction endonucleases. All 

digested products were cleaned up by gel extraction. PCR products were then ligated 

into double-digested 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 
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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 proteins, single colonies of 

transformed Rosetta strain bacteria were inoculated overnight for use as starter cultures. 

Starter cultures were used to inoculate 1.0 L LB media including kanamycin and 

chloramphenicol and incubated for 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 incubated for 18 hrs at 18°C, shaking at 250 rpm. After incubation, cultures were 

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 pH 8.0) 

on ice. Unless stated otherwise, all steps moving forward were performed on ice or at 

4°C. Resuspended pellet was 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 pH 7.5) 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 overnight with lab-purified Ulp1 protease for SUMO tag cleavage. 

Afterwards, samples were again run through a column prewashed with Resuspension 

Buffer and eluted samples were 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 recombinant proteins 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 XhoI (NEB, R0146) double 

digestion of PCR product and pET-6xHis-SUMO vector; (2) after induction with 200 
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μL of 1 M IPTG, cultures were incubated for 5 hrs at 37°C, shaking at 250 rpm. 

 
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 added to 20 μL 

total of Assay Buffer (30 mM HEPES at pH 7.4, 1 mM EGTA, 1 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. 

 
Defining duplicate genes and functionally similar proteins 

Duplicate genes were obtained from the Duplicated Genes Database178 which lists 3,543 

duplicate genes across 945 different gene groups. In order to compare the robustness of 

duplicate gene definitions across many different cutoffs, we additionally defined our 

own metric for protein similarity by running a BLAST of the human proteome against 

itself and eliminating all pairs of proteins with less than 40% sequence identity. The 



104 
 
 

remaining pairs were scored using a weighted combination of the pair’s percent identity 

and the coverage with respect to each protein. In Figure 19b, we flexibly defined 

duplicate genes as all pairs of genes whose score met a minimal duplication threshold 

tested across all valid ranges (where 0 for Duplication Threshold represents no 

appreciable similarity and 1 represents perfect identity). Score is calculated as: 

 

Score= α*PercentIdentity*CoverageAvg+(1-α)*CoverageAvg 

 

where α=0.95 and CoverageAvg is the average coverage between both proteins. 

 
Enrichment of disruptive mutations on interaction interfaces 

We examined the positions of ExAC variant residues relative to protein-protein 

interaction 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 the AtomInt207 and Instruct208 databases. The fraction of 

interactions disrupted by variants on the interface or away from the interface was then 

calculated. 

 
Metrics for evolutionary site conservation at variant sites 

Jensen-Shannon Divergence (JSD) scores were obtained as previously described in 

Interactome INSIDER36. phyloP scores were obtained using the Table Browser of the 

UCSC Genome Browser and inputting the hg19 coordinates for each tested variant. To 

measure the average global allele frequency across different JSD or phyloP scores, 

cutoff scores of 0.2, 0.3, … , 1.0 were applied and the global allele frequencies per tested 

ExAC variant were averaged cumulatively across each cutoff score.  
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Signals of positive selection for disruptive alleles 

Fay and Wu’s H was calculated genome-wide with 1 kb sliding windows using the 1000 

Genomes Phase 3 dataset180. Analyses were conducted in the merged global population 

as well as in AFR, EUR, EAS, and SAS populations individually. Genomic regions with 

a Fay and Wu’s H statistic at or below the 5th percentile were considered statistically 

significant. Among all variants that occurred in regions with a measurable Fay and Wu’s 

H statistic, the number of disruptive variants that occurred in regions with a significant 

H statistic was recorded. 

 
Comparing disruption profiles for disease-associated SNVs 

Interaction perturbation data for disease-associated mutations measured here were 

combined with interaction perturbation data from [19] and then filtered for mutations 

listed as DM in HGMD (Public release version 2017), resulting in interaction 

perturbation data for 495 mutations. Mutation pairs were deemed to cause the same 

disease if strings for their corresponding disease phenotypes listed in HGMD were 

equal. Mutations were compared pairwise and had to share at least one interaction in 

common in order to be compared. If one or more interactions were found in common, 

mutation pairs were categorized by either sharing two or more disrupted interaction in 

common, one or more disrupted interactions in common, or no disrupted interactions in 

common. 

 
Calculating LD between ExAC-tested variants and GWAS SNPs 

To examine whether ExAC variants that are in strong linkage disequilibrium (LD) with 

GWAS SNPs are more likely to be disruptive, we first extracted all SNPs associated 

with phenotypes in the UK Biobank GWAS Atlas209. We then calculated R2 values 



106 
 
 

between all ExAC variants in our dataset and the UK Biobank GWAS SNPs, using 1000 

Genomes Phase 3 data210. 

ExAC variants in strong LD with GWAS SNPs had a disruption rate that was not 

significantly different from the overall disruption rate (Figure 22a). Results were robust 

across multiple R2 thresholds using either African or European allele frequencies 

(Figure 22a, Figure 22c). Since most GWAS SNPs occur at MAF ≥ 0.1% and a sizable 

fraction of our tested variants are rare, we also repeated our analysis restricted for 

variants at MAF ≥ 0.1% but still found no significant trend (Figure 22b, Figure 22d). 

As a control, we also repeated these same analyses using SNPs from the NCBI GWAS 

Catalog211 and found the exact same trends as those for the UK Biobank GWAS Atlas 

(Figure 22e-h). 

 
Developing a dataset of drug-relevant disruptive SNVs  

To generate a dataset of disruptive SNVs potentially relevant to pharmacogenomics and 

toxicogenomics, we intersected our dataset with four sets of genes: all human enzymes, 

drug-metabolizing enzymes, drug targets, and drug transporters. The list of all human 

enzyme genes was obtained from HumanCyc version 21.5212, while the lists of drug-

related genes were obtained from DrugBank version 5.1.2213. Among the SNVs that we 

tested, 350 were on enzymes, and 84 of them disrupted at least one interaction. More 

specifically, 54 SNVs were tested on drug-metabolizing enzymes and 12 of them were 

disruptive. In addition, 227 SNVs were tested on drug targets, 66 of which disrupted at 

least one interaction. Lastly, five SNVs were tested on drug transporters and three of 

them were disruptive. 
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Figure 23. Uncropped Western blots for stable, moderately stable, and unstable GFP 
expression examples in Figure 16a. 
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. c, Upper: 
Westerns for wild-type and corresponding mutant proteins detected by α-GFP. Lower: α-GAPDH 
controls for western in upper. d, Upper: Westerns for wild-type and corresponding mutant  
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Generation of Mice Using CRISPR-Cas9 Genome Editing 

A brief diagram of the CRISPR/Cas9 genome editing strategy and mice genotyping is 

provided in Figure 23. Optimal guide sequences were selected using online software at 

mit.crispr.edu. To generate the sgRNA, we used a previously published PCR overlap 

method214-217. Briefly, overlapping PCR primers, together encoding the T7 promoter, 

20-nucleotide guide sequence, and RNA secondary structure sequence, were ordered 

from IDT. The DNA template was reverse-transcribed using Ambion MEGAshortscript 

T7 Transcription Kit (cat#AM1354) and resulting sgRNA was purified using Qiagen 

MinElute columns (cat#28004). For pronuclear injection, the sgRNA (50 ng/µL), 

ssODN (50 ng/μL, IDT Ultramer Service), and Cas9 mRNA (25 ng/µL, TriLink) were 

co-injected into zygotes (F1 hybrids between strains FVB/NJ and B6(Cg)-Tyrc-2J/J) then 

transferred into the oviduct of pseudopregnant females. Founders carrying at least one 

copy of the desired alteration were identified and backcrossed into FVB/NJ. Initial 

phenotyping was done after one backcross generation and additional phenotyping was 

done with mice backcrossed at least two or more generations.  

 
Genotyping Sept12 mice 

For genotyping, we collected toes from 8-14 day old mice and created a crude DNA 

lysate as previously described218. PCR, using the following two primers: 5’- 

GAGATGGGATGACAGGACTATTG-3’ and 5’-

GTGGATGAGTGAGGGAAGAAAG-3’, was performed using EconoTaq and 

associated PCR reagents (Lucigen) with 3μL of crude DNA lysate. The PCR cycle used 

proteins detected by α-GFP. 50 kDa marker assigned using ladder from lower. Lower: α-GAPDH 
controls for western in upper. (e) Upper: Westerns for wild-type and corresponding mutant 
proteins detected by α-GFP. Lower: α-GAPDH controls for western in upper. In a-e, stable, 
partially stable, and unstable mutations are labeled in blue, cyan, and gray, respectively; all α-
GAPDH controls were detected using stripped membranes. Bands unrelated to this project are 
not boxed and were not used in any analyses. Bands corresponding to α-GFP and α-GAPDH 
examples used in Figure 16a are enclosed in black boxes. * indicates 50 kDa marker. 
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for Sept12G169E was: 95°C for 5min, 30 cycles of 95°C for 30sec, 64°C for 30sec, 72°C 

for 30sec, and final elongation at 72°C for 5min. To distinguish between WT and 

G169E, PCR amplicons were digested by MscI to yield WT fragments of 180 and 

138bp, whereas the G169E allele remains uncut. 

 
Fertility Test 

Wild-type, heterozygous, and homozygous males and females were bred to wild-type 

counterparts starting at 2 months until 7-15 months of age. The litter size and sex of 

pups were recorded. 

 
Sperm Motility 

Both epididymides were harvested from adult males, washed in PBS, and placed in a 

puddle of in vitro fertilization media (Cook Medical). A slit was cut along each 

epididymis and sperm were allowed to swim out for 2min at 37°C. Next, 10 μL of sperm 

was moved to a glass slide for motility assessment. 
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CHAPTER 4: 

A 3D STRUCTURAL SARS-COV-2–HUMAN INTERACTOME TO EXPLORE 

GENETIC AND DRUG PERTURBATIONS 

Context and Personal Contributions 

The following chapter is derived from my first author Nature Methods paper by the 

same name219 (Reproduced with permission from Springer Nature). The project was 

originally conceived of through discussions between myself and Dr. Haiyuan Yu, and I 

went on to independently develop these discussions into the final manuscript. In 

particular, through this project I initiated new computational efforts in the Yu lab to 

transition from sequence-level prediction and annotation of protein-protein interaction 

interfaces to generation of full 3D docked protein-protein interaction models informed 

by biophysical, sequence conservation, and structural features. This transition enabled 

direct biophysical analysis to computationally predict the effects of mutations on the 

binding affinities of protein-protein interactions, never before explored in the Yu lab. 

 I was responsible for the original design, writing, analyses and generation of 

figures for this manuscript. Additional contributions from collaborators were as follows. 

Siqi (Charles) Liang was responsible for the initial implementation of the online 3D-

SARS2 interactome browser, maintenance of which was later handled by Shagun Gupta. 

You Chen completed the analysis of enrichment of GWAS reported phenotypic variants 

within human genes and their protein interfaces interacting with SARS-CoV-2. Yuan 

Liu completed all Y2H, IP-MS, and mutagenesis for the experimental validations of our 

predictions. Nicole Andre and Drs. Steven Lipkin and Gary Whittaker provided expert 

perspectives for virology that were essential for framing the introduction to this 
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manuscript and for interpreting and contextualizing our results. 

 

Abstract 

Emergence of new viral agents is driven by evolution of interactions between viral 

proteins and host targets. For instance, increased infectivity of SARS-CoV-2 compared 

to SARS-CoV-1 arose in part through rapid evolution along the interface between the 

Spike protein and its human receptor ACE2, leading to increased binding affinity. To 

facilitate broader exploration of how pathogen-host interactions might impact 

transmission and virulence in the ongoing COVID-19 pandemic, we performed state-

of-the-art interface prediction followed by molecular docking to construct a 3D 

structural interactome between SARS-CoV-2 and human. We additionally carried out 

downstream meta-analyses to investigate enrichment of sequence divergence between 

SARS-CoV-1 and SARS-CoV-2 or human population variants along viral-human 

protein interaction interfaces, predict changes in binding affinity by these 

mutations/variants, and further prioritize drug repurposing candidates predicted to 

competitively bind human targets. We believe this resource (http://3D-

SARS2.yulab.org) will aid in development and testing of informed hypotheses for 

SARS-CoV-2 etiology and treatments. 

 

Introduction 

The ongoing global COVID-19 pandemic has resulted in over 210 million SARS-CoV-

2 infections and over 4.4 million deaths worldwide220. The coronavirus family of 

enveloped viruses causes respiratory and enteric tract infections in avian and 

mammalian hosts221. Seven well characterized human coronaviruses222-224 exhibit 

http://3d-sars2.yulab.org/
http://3d-sars2.yulab.org/
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symptoms ranging from mild respiratory illness to severe pneumonia and acute 

respiratory distress syndrome (ARDS). These coronaviruses are either highly 

transmissible yet generally not highly pathogenic (e.g. HCoV-229E, HCoV-OC43) or 

highly pathogenic but poorly transmissible (SARS-CoV-1 and MERS-CoV). Unique 

from these, SARS-CoV-2 is both highly transmissible and capable of causing severe 

disease with infectivity and pathogenesis differing between individuals225,226. While 

~25-35% of infected individuals experience only mild or minimal symptoms, ~1-2% of 

infected patients die primarily from severe respiratory failure and ARDS227,228. 

Differences in morbidity, hospitalization, and mortality among different ethnic 

groups229-234 are not fully explained by cardiometabolic, socioeconomic, or behavioral 

factors, suggesting a role for human genetic variation in SARS-CoV-2 pathogenicity. 

Insights into the evolution of SARS-CoV-2, its elevated transmission relative to SARS-

CoV-1, and dynamic range of symptoms have been key areas of interest. These traits 

are likely driven by molecular mechanisms of pathology including interactions between 

the virus and its host, but specific causes are yet to be fully characterized. 

Networks of protein-protein interactions between pathogens and their hosts 

provide one avenue to understand mechanisms of infection and pathology. Viral-human 

interactome maps have been compiled for SARS-CoV-1235, HIV236, Ebola virus237, and 

Dengue and Zika viruses238 among others. Recent, affinity-purification mass-

spectrometry experiments on 29 SARS-CoV-2 proteins identified 332 viral-human 

interactions239. Inter-species interactions contribute to  disease progression by 

facilitating pathogen entry into host cells240-245, inhibiting host response proteins and 

pathways246-248, and hijacking cell signaling or metabolism to accelerate cellular—and 
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consequentially viral—replication249-251. Structures and dynamics of these interactions 

can provide insights into their roles. For instance, the viral-human binding interface 

between poxvirus chemokine inhibitor vCCI and human MIP-1β is shown to occlude 

domains vital to chemokine homodimerization, receptor binding, and interactions with 

GAG, thus explaining poxvirus’ inhibitory effect on chemokine signaling248. 

Additionally, the dynamics of a herpesvirus cyclin and human cdk2 interaction induce 

a conformational change on cdk2 that matches its interaction with human cyclin A 

leading to dysregulated cell cycle progression250. 

Because protein-protein interactions mediate the majority of protein function74-

76, targeted disruption by small molecule inhibitors that compete for the same binding 

site provide a precise toolkit to modulate cellular function74,76,252-254. For instance, BCL-

2 inhibitors that displace bound anti-apoptotic BCL-X interactors can treat chronic 

lymphocytic leukemia pathogenesis255,256. This approach can be particularly effective in 

viral networks and several potent inhibitors of key interactions have been developed. 

Disruption of viral complexes involved in viral replication has been successful in 

vaccinia virus257 and human papilloma virus therapies258,259. Specifically, disruption of 

viral-host protein-protein interactions involved in early viral infection is an important 

therapeutic strategy. Discovery that a population variant in the membrane protein CCR5 

conferred resistance to HIV-1 by disrupting its interaction with the viral envelope 

glycoprotein led to the development of Maraviroc as an FDA approved treatment for 

HIV-1 that functions by blocking the interface for this interaction242,260. 

Here we apply a full-interactome modeling framework to construct a 3D 

structural interactome between SARS-CoV-2 and human proteins. Our framework first 
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applies our previous ECLAIR framework261 to identify interface residues for the whole 

SARS-CoV-2-human interactome and leverages these predictions to guide atomic-

resolution interface modeling and docking in HADDOCK262,263. We additionally carried 

out in-silico scanning mutagenesis in PyRosetta264 to predict the impact of mutations on 

interaction binding affinity and explored the overlap between protein-protein and 

protein-drug binding sites. All results from our 3D structural interactome are provided 

as a user-friendly web server allowing exploration of individual interactions or bulk 

download and analysis of the whole dataset. We further explore the utility of our 3D 

interactome modeling approach in identifying key interactions undergoing evolution 

along viral protein interfaces, highlighting population variants on human interfaces that 

could modulate the strength of viral-host interactions to confer protection from or 

susceptibility to COVID-19, and prioritizing drug candidates predicted to bind 

competitively at viral-human interaction interfaces, some of which could potentially be 

used for therapeutic purposes. Cumulatively these predictions and analyses are intended 

as a resource to facilitate investigation and further characterization of SARS-CoV-2-

human interactions. 

 

Results 

Enrichment of variation on the spike-ACE2 binding interface 

We highlight the utility of computational and structural approaches to model the SARS-

CoV-2-human interactome, from the interaction between the SARS-CoV-2 spike 

protein (S) and human angiotensin-converting enzyme 2 (ACE2) (Figure 24a). This 

interaction mediates viral entry into human cells222 and is among the only viral-human  
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Figure 24. Enrichment and predicted impact of divergences between SARS-CoV-1 and 
SARS-CoV-2 along the S-ACE2 interface. 
a, Co-crystal structure of the interaction between SARS-CoV-2 Spike protein (S) with human 
ACE2 (PDB 6LZG). All 15 sequence divergences between SARS-CoV-1 and SARS-CoV-2 
Spike protein interfaces are highlighted as red spheres while all 6 population variants  on the 
ACE2 protein interface are highlighted as green (ACE2_S19P), cyan (ACE2_T27A), blue 
(ACE2_E35K), purple (ACE2_E37K), yellow (ACE2_M82I), and orange (ACE2_G326E) 
spheres. Enrichment of these variants on the interface are reported for SARS-CoV-2 
(Log2OR=2.82, p=1.97e-5 by two-sided z-test) and human (Log2OR=0.38, p=0.30 by two-
sided z-test) shown to the right. Data presented as Log2OR ± SE. b, c, Expanded interface 
views for the SARS-CoV-1 S-ACE2 structure (PDB 6CS2) and SARS-CoV-2 S-ACE2 
structure (PDB 6LZG). Sequence divergences are highlighted as red sticks. Inter-protein 
polar contacts that contribute to stabilizing the interaction are shown as yellow dashed lines. 
The negative predicted change in binding affinity (ΔΔG=-14.66 Rosetta Energy Units (REU)) 
indicates the interaction is more stable (lower energy) in the SARS-CoV-2 version of the 
interaction. d, Predicted impact each ACE2 population variant. Mutated structures 
superimposed over the wildtype structure (magenta). The mutated residue is shown as sticks. 
Residues contributing to the overall change in binding energy are colored from blue 
(decreased ΔΔG) to white (no change) to red (increased ΔΔG). The gnomAD reported allele 
frequency and predicted ΔΔG for each mutation are reported. 
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interactions solved in both SARS-CoV-1265 and SARS-CoV-2266-268. Recent sequence 

divergences of the S protein are highly enriched at the S-ACE2 interaction interface 

(Figure 24a; Log2OddsRatio=2.82, p=1.97e-5), indicating functional evolution around 

this interaction. We predicted the impact of these mutations on the binding affinity 

(ΔΔG) between the SARS-CoV-1 and SARS-CoV-2 versions of the S-ACE2 interaction 

using the Rosetta energy function269 (Figure 24b and c). The negative ΔΔG value of -

14.66 Rosetta Energy Units (REU) indicates an increased binding affinity using the 

SARS-CoV-2 S protein driven by better optimized solvation and hydrogen bonding 

potential fulfillment. Our result is consistent with the hypothesis that increased stability 

of the S-ACE2 interaction contributes to the elevated transmission of SARS-CoV-2270. 

Experimental kinetics assays have confirmed that compared to SARS-CoV-1, SARS-

CoV-2 S protein binds ACE2 with 10-20-fold higher affinity271 supporting the 

conclusions from our computational modeling. 

 A wide range in severity of and susceptibility to SARS-CoV-2 exists between 

individuals225,226,272.  Genetic predisposition hypotheses explaining this range include 

both expression regulating and protein-coding variants 273,274. For instance, an RNA-

sequencing analysis suggested higher expression of ACE2 in Asian males could 

facilitate viral entry and explain increased susceptibility among this population275. 

Alternatively, missense population variants in ACE2 could strengthen or weaken the S-

ACE2 interaction, thereby modulating susceptibility to infection. We used a mutation 

scanning pipeline in PyRosetta276,277 to predict the impact of six missense variants 

reported in gnomAD278 that occur on the S-ACE2 interface (Figure 24d). The three 

variants with the largest predicted impact on S-ACE2 binding affinity—ACE2_E37K  
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(ΔΔG=1.50), ACE2_M82I (ΔΔG=2.95), and ACE2_G326E (ΔΔG=5.74)—were 

consistent with previous experimental screens identifying them as putative protective 

variants exhibiting decreased binding of ACE2 to S279,280. Our results highlight utility 

for a 3D structural interactome modeling approach in identifying interactions and 

mutations important for viral infection, pathogenesis, and transmission. 

 
Figure 25. Homology modeling for SARS-CoV-2 proteins 
a, Homology models for SARS-CoV-2 nsp14 modeled from a high-quality template for from 
SARS-CoV-1 nsp14 (PDB 5C8S:D). The nsp14 homology model was retained and used in 
downstream computational predictions. b, Quality assessment on 11 SARS-CoV-2 models 
generated using the same method as the nsp14 model. For these 11 proteins solved crystal-
structures for the SARS-CoV-2 protein were deposited into the PDB during submission and 
revision of this manuscript and validated the quality of the homology modelling. Assessment is 
based on the on root-mean-square deviation (RMSD) following alignment of the homology model 
and PDB structure using PyMol. c, Visual representation of the alignment between all homology 
models (magenta) against their available PDB structure (light blue). PDB IDs and chains used 
for both the homology template and the reference PDB structure are indicated. 
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Constructing the 3D structural SARS-CoV-2-human interactome 

To facilitate similar investigation and hypothesis development at the full interactome 

scale, we next compiled a comprehensive 3D structural interactome between SARS-

CoV-2 and human proteins based on 332 viral-human interactions uncovered in an early 

interactome screen by Gordon et al.239. First, we modeled SARS-CoV-2 proteins 

supplementing solved structures from the Protein Data Bank (PDB)94 (16 of 29 proteins) 

with homology derived from SARS-CoV-1 templates (12 of 29 proteins). Homology 

models added one new structure for nsp14 (Figure 25a) while comparison against the 

available SARS-CoV-2 PDB structures from the remaining 11 validated the quality of 

our modeling approach (Figure 25b-c). For human interactors all models were obtained 

from the PDB or Modbase281 (Figure 26a). We then predicted the interface residues for 

each interaction using our ECLAIR framework261. In total, our pipeline identified 679 

 
Figure 26. Source and coverage of available protein structures 
a, Breakdown of the source of all structures available for the 332 human interactors of SARS-
CoV-2 as being either a experimentally solved structure from the Protein Data Bank (n=144) a 
homology model from Modbase (n=182), or no available structure (n=6). b, Analysis of the 
coverage of all available structures for both human (green) and viral (blue) proteins. The fraction 
of structures retained with coverage greater than or equal to a range of coverage thresholds is 
shown. For our purposes, all available structures were used for solvent accessibility feature 
calculations for ECLAIR predictions, but structures were only retained for docking if either 1) 
total coverage was at least 33% of 2) the structure covered at least one high-confidence 
interface prediction from ECLAIR. 



126 
 
 

interface residues across 21 SARS-CoV-2 proteins with an average 18.23 residues per 

interface and 5,790 across 189 human proteins with an average 17.4 residues per 

interface. 

To provide structural interaction models for visualization and downstream 

analysis we performed guided docking in HADDOCK262,263 using our high-confidence 

ECLAIR-predicted interface residues as restraints to refine the search space. To avoid 

potential biases in interface identification from docking low coverage models (Figure 

26b), we only performed docking for 138 out of 332 interactions for which either 1) at 

least 33% of the full-length proteins were covered by available structures, or 2) available 

structures included at least one high-confidence ECLAIR prediction to use as docking 

restraint. In total we report 1,248 docked interface residues across 15 SARS-CoV-2 

proteins with an average 33.4 residues per interface and 4,604 across 138 human 

proteins with an average 32.4 residues per interface. For all analyses, docked interface 

annotations were prioritized over initial ECLAIR predictions. The full interface 

annotations from our ECLAIR and docking predictions are available in Table 16 and 

Table 17, respectively. 

 
Benchmarking ECLAIR and guided docking predictions 

Our specific applications of ECLAIR—for interspecies interactions—and 

HADDOCK—performing data-driven docking with computational rather than 

experimental priors—are unique from those these tools were previously validated for. 

To ensure the robustness and quality of these methods for our interface prediction task, 

we constructed a comprehensive human-pathogen PDB benchmark set consisting of 509 

interactions between a human protein and a viral or bacterial interactor (Figure 27a).  
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Figure 27. Validation of ECLAIR and Guided Docking Performance. 
a, Steps taken to parse the Protein Data Bank and construct our human-pathogen PDB 
benchmark set. b, Comparison of ECLAIR performance on intra-species interactions (n=200 
human-human interactions) against inter-species interactions (n=509 human-pathogen 
interactions). Area under the receiver operating characteristic (AUROC) evaluation indicates 
considerable predictive power is achieved in both tasks, (intra-species AUROC=0.737, inter-
species AUROC=0.690). c, Comparison of final interface predictions across all residues in 
153 dockable human-pathogen interactions using either ECLAIR (precision=0.15, 
recall=0.19), a raw docking HADDOCK protocol (precision=0.21, recall=0.21), or our guided 
docking HADDOCK protocol implementing ECLAIR predictions as restraints (precision=0.19, 
recall=0.29). Recall from guided docking significantly outperformed raw docking method 
(p=5.88e-6 by two-sided two proportion z-test) without sacrificing precision (p=0.15 by two-
sided two proportion z-test). Data presented as precision or recall ± SD as estimated by 1000-
fold bootstrapping sampling 153 interactions and interface predicitons with replacement each 
iteration. d, Distributions of root-mean-square deviation (RMSD) between the top-scored raw 
or guided docking output and the co-crystal structure (n=153 dockable human-pathogen 
interactions). Interior boxplots represent the distribution quartiles with whiskers representing 
the most extreme non-outlier values. Average RMSD from the guided docking (average 
RMSD=9.45) was significantly lower than the raw docking (average RMSD=11.79) based on 
two-sided t-test (p=0.04). To the right, an example where the guided docking accurately 
identifies the correct interaction orientation missed by the raw docking (Human protein shown 
as gray surface, raw docking, guided docking, and co-crystal structure viral protein shown as 
green, orange, and yellow cartoon respectively). e, Example showing a best case scenario 
where a few true interface residues predicted by ECLAIR (top, recall=27.7%) are successfully 
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The full list of interactions in this benchmark set alongside the PDB sources plus true 

and predicted interfaces are provided in Table 18. 

 To validate ECLAIR's applicability to inter-species interactions, we compared 

its published performance the test set of 200 human-human interactions to its 

performance on our human-pathogen PDB benchmark set. Both tasks achieved 

comparable performance (ROC AUC=0.69 vs. 0.74), although  the intra-species task 

slightly outperformed inter-species (Figure 27b). We note feature availability between 

sets—for instance, co-evolution features can only be calculated for intra-species 

interactions—may confound direct comparisons between different interaction sets. 

Overall, the evaluation of our benchmark conclusively shows that ECLAIR retains 

predictive power for inter-species interactions. 

 To evaluate the benefit of using ECLAIR predicted interfaces as restraints in 

HADDOCK docking, we compared our ECLAIR data driven protocol against a raw 

protocol with no restraints. From the original 509 inter-species interactions, 153 fit our 

criteria for docking. We compared interface annotations from each protocol based on 

precision and recall (Figure 27c). Overall interface quality was comparable between 

both raw and guided protocols (precision=0.21 vs 0.19, p=0.15), however, the guided 

docking better recovered the total interface (recall=0.21 vs 0.29, p=5.88e-6). Previous 

evaluation on the HADDOCK framework confirms accurate interface predictions can 

be achieved even if the precise binding orientation is not recovered. While our main 

evaluation of interest is correct identification of interface residues, by evaluating the 

expanded to identify the rest of the interface by the guided docking (bottom, recall=95.7%). 
Human and viral proteins shown to the left in green and to the right in blue respectively. 
Residues identified as interface in each approach are darkened. True interface from the co-
crystal structure outlined and shaded in yellow. 
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RMSD between docked and reference structures, we further demonstrate that the guided 

docking better recapitulated the true co-crystal structures (Figure 27d; average 

RMSD=9.45 vs. 11.79, p=0.04). 

 Our aim in performing guided docking based on ECLAIR predicted interfaces 

was to produce atomic-resolution structures that reflected our residue level predictions 

for use in downstream analyses. However, we also hypothesized that docking would be 

effective in expanding accurate interface annotations to nearby residues if ECLAIR only 

identified a few high-confidence interface residues (Figure 27e). Comparison of the 

precision and recall between ECLAIR and our guided docking (Figure 27c) is 

consistent with this hypothesis and clearly demonstrates improvement in our guided 

docking approach over both raw docking and ECLAIR predictions. 

 
Depletion of human disease mutation at SARS-CoV-2 interfaces 

We explored evidence of interface-specific variation by mapping gnomAD278 reported 

human population variants (Table 19) and sequence divergences between SARS-CoV-

1 and SARS-CoV-2 (Table 20) onto predicted interfaces. Conserved residues generally 

cluster along protein-protein interfaces282, and an analysis of SARS-CoV-2 structure 

and evolution similarly concluded highly conserved surface residues likely drove 

protein-protein interactions283. Consistent with these prior studies, we observed 

significant interactome-wide depletion for both viral and human variation along 

predicted interfaces comparable to that observed along solved human-human interfaces 

(Figure 28a). 

Nonetheless, considering each interaction individually, we identify 11 

interaction interfaces enriched for human population variants (Figure 28b), and 4  
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Figure 28. Enrichment of sequence divergences and disease mutations across all 
SARS-CoV-2-Human interaction interfaces. 
a, Enrichment across 332 human genes interacting with SARS-CoV-2 for viral sequence 
divergence  or human population variants along viral-human (V:H, Log2OR=-0.91, p=2.41e-
10 by two-sided z-test) human-viral (H:V, Log2OR=-0.38, p=7.92e-13 by two-sided z-test) or 
human-human (H:H, Log2OR=-0.14, p=9.98e-4 by two-sided z-test) interfaces. Data 
presented as Log2OR ± SE. b, c, Individual enrichments (sorted from most depleted to most 
enriched) for human population variants and viral sequence divergences respectively on all 
332 SARS-CoV-2-human interaction interfaces. Interfaces with statistically significant 
Log2OR (by two-sided z-test) are labeled and shown as bars, the remainder plotted as a line. 
Data presented as Log2OR ± SE. Clusters of SARS-CoV-2 enrichments involving the nsp4 
interactions with (IDE, NUP210, DNAJC11, TIMM29, TIMM9, and TIMM10) and nsp2 
interactions with (GIGYF2, FKBP15, WASHC4, EIF4E2, POR, and SLC27A2) were labeled 
as a group for legibility. d, Percentage of human genes that interact with (green, n=332) or 
do not interact with (orange, n=20,018) SARS-CoV-2 that contain disease annotations in 
HGDM (Log2OR=0.57, p=1.70e-4 by two-sided z-test), ClinVar (Log2OR=0.64, p=1.05e-4 by 
two-sided z-test), and GWAS (Log2OR=0.89, p=4.54e-5 by two-sided z-test) respectively. 
Genes targeted by SARS-CoV-2 proteins were significantly more likely to harbor disease 
mutations than non-interactors by log odds enrichment test. Data presented as percentage ± 
SE. e, Sample of individual disease terms enriched in human genes targeted by SARS-CoV-
2. Full results reported in Supplemental Table 6. Data presented as Log2OR ± SE. f, 
Comparison of the enrichment of HGDM or ClinVar annotated mutations on human-vial 
interfaces or human-human interfaces for 332 genes interacting with SARS-CoV-2. Disease 
mutations enriched on human-human interfaces (HGMD, Log2OR=0.84, p<1e-20 by two-
sided z-test; ClinVar, Log2OR=0.25, p=2.9e-3 by two-sided z-test), while human-viral 
interface show no or marginal enrichment (HGMD, Log2OR=0.31, p=0.048 by two-sided z-
test; ClinVar, Log2OR=0.15, p=0.39 by two-sided z-test). GWAS category excluded from this 
analysis because most lead GWAS SNPs occur in non-coding regions. Data presented as 
Log2OR ± SE. 
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enriched for recent viral sequence divergences (Figure 28c). Table 21 provides the log 

odds enrichments for each interface. Similar to the S-ACE2 interface, a high degree of 

variation on these viral interfaces may indicate recent functional evolution around 

specific viral-human interactions. Because human evolution is slower, enrichment of 

population variants along the human interfaces is unlikely to be a selective response to 

the virus. Rather, interfaces with high population variation may represent edges in the 

interactome most prone to modulation by existing variation between individuals or 

populations. Alternatively, enrichment and depletion of variation along the human-viral 

interfaces could help distinguish viral proteins that bind along existing—likely 

conserved—human-human interfaces from those that bind using novel interfaces—

unlikely to be under selective pressure. 

To further explore the functional importance of variations within human 

interactors of SARS-CoV-2, we considered phenotypic associations reported in 

HGMD284, ClinVar285  or the NHGRI-EBI GWAS Catalog286. Interactors of SARS-

CoV-2 were enriched for phenotypic variants from each database (Figure 28d). 

Notably, several of the individual disease categories enriched among interactors, were 

consistent with SARS-CoV-2 comorbidities including heart disease, respiratory tract 

disease, and metabolic disease287,288 (Figure 28e; Table 22). Disruption of native 

protein-protein interactions is one mechanism of disease pathology, and disease 

mutations are known to be enriched along protein interfaces289,290. Variants on predicted 

human-viral interfaces matched allele frequency distributions of variants off the 

interfaces, but were considered overall to be more deleterious by SIFT291 and 

PolyPhen10 (Figure 29). However, while we show annotated disease mutations were  
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Figure 29. Summary of human population variant frequency and deleteriousness 
a, b, Summary of allele frequency for human population variants either on (n=2,925) or off 
(n=118,042) the predicted human-viral interface presented as either a raw distribution or a 
cumulative density respectively. Variants in either category had roughly identical allele 
frequency distributions. Interior boxplots represent the distribution quartiles with whiskers 
representing the most extreme non-outlier values. c, d, Equivalent plots to a and b for the 
distribution of the SIFT deleteriousness scores for the same human population variant sets. 
Plots are colored based on the split between SIFT tolerated and deleterious categories. 
Population variants on the interface were significantly more likely to be classified deleterious by 
two-sample Kolmogorov-Smirnov test. e, Pie chart breakdown of SIFT categories. Pie chart 
outlines distinguish interface (green) from non-interface (orange). f, g, Equivalent plots to a and 
b for the distribution of the PolyPhen deleteriousness scores for the same human population 
variant sets. Plots are colored based on the split between PolyPhen benign, possibly damaging, 
and probably damaging categories. Population variants on the interface were significantly more 
likely to be classified deleterious by two-sample Kolmogorov-Smirnov test. h, Pie chart 
breakdown of PolyPhen categories as in e. All p-values based on two-sided two-sample 
Kolmogorov-Smirnov test. 
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significantly enriched along known human-human interfaces, enrichment was 

drastically reduced (HGMD) or insignificant (ClinVar) on human-viral interfaces 

(Figure 28f). This is likely because mutations that disrupt human-viral interfaces would 

not disrupt natural cell function, and hence would be unlikely to manifest as disease 

phenotypes. Our finding that disease mutations and viral proteins affect human proteins 

at distinct sites is consistent with a two-hit hypothesis of comorbidities whereby proteins 

whose function is already affected by genetic background may be further compromised 

by viral infection. 

 
Changes in binding affinity between SARS-CoV-1 and SARS-CoV-2 

Using a PyRosetta pipeline264,276,277 we predicted the impact of sequence divergences 

between SARS-CoV-2 and SARS-CoV-1 on the binding energy (ΔΔG) of 138 viral-

human interactions amenable to docking. Although the binding energy for most 

interactions was unchanged, we note that the divergence from SARS-CoV-1 to SARS-

CoV-2 was biased towards a decreased binding energy (i.e. more stable interaction) 

(Figure 30a; Table 23). The significant outliers in these ΔΔG predictions may help 

pinpoint key differences between the viral-human interactomes of SARS-CoV-1 and 

SARS-CoV-2. 

 To further explore and validate the biological relevance of these predicted 

changes, we performed yeast two-hybrid (Y2H) screens to test 30 human interactors 

against both SARS-CoV-1 and SARS-CoV-2 baits. Our Y2H experiments reconstituted 

6 of these interactions (20%) using the SARS-CoV-2 bait. Extensive prior studies across 

many species and hundreds of well-validated interactions show inherent limits in assay 

sensitivity for all high-throughput interaction assays (detection rates span 15- 
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Figure 30. Predicted impact of sequence divergences on the binding affinity of SARS-
CoV-2-Human interactions. 
a, Predicted impact of SARS-CoV-1 to SARS-CoV-2 sequence divergences on binding 
affinity from docked structure for 83 applicable SARS-CoV-2-human interactions sorted  
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25%)68,69,292,293. This is due in part to inability to match native expression, proper 

folding, or post-translational modifications under assay conditions. Our 20% 

reproducibility rate—in line with expected sensitivity of the Y2H system—indicating 

good quality of the published interactome. In each of the 6 reproduced interactions we 

predicted no changes in binding affinity between SARS-CoV-2 and SARS-CoV-1. 

Consistent with this prediction, each interaction was also detected using the SARS-

CoV-1 bait (Figure 30c). Docked models for these interactions suggest sequence 

divergences between SARS-CoV-1 and SARS-CoV-2 occurred away from the interface 

and would be unlikely to affect binding (Figure 30c). 

 We additionally performed co-immunoprecipitation (co-IP) assays for the 

interaction between human DNA Primase Subunit 2 (PRIM2) and SARS-CoV-2 nsp1 

from largest decrease (most stabilized relative to SARS-CoV-2) to largest increase (most 
destabilized relative to SARS-CoV-1) (mean=-0.57 REU, std=5.78 REU). Interaction labels 
shown wherever predicted ΔΔG exceeds mean ± 1 std. b, Representative cropped western 
blots (among 3 replicates) from co-immunoprecipitation (co-IP) comparing the interaction 
between human PRIM2 with SARS-CoV-1 or SARS-CoV-2 nsp1. More efficient PRIM2 pull 
down with SARS-CoV-2 bait validates the PRIM2-nsp1 ΔΔG prediction (ΔΔG=-17.3 REU, z-
score=-2.9). Shown below, docked structure for PRIM2 with SARS-CoV-2 nps1 (green and 
blue cartoon respectively). SARS-CoV-1 to SARS-CoV-2 sequence divergences represented 
as spheres. Interface residues colored relative to overall ΔΔG contribution ranging from blue 
(more stabilizing in SARS-CoV-2) to white (little impact on ΔΔG), to red (more stabilizing in 
SARS-CoV-1). Residue side chains shown as sticks in regions with high local ΔΔG. c, 
Representative Y2H results (among 3 replicates) confirming that 6 interactions with no 
predicted ΔΔG values can be detected using either SARS-CoV-2 or SASR-CoV viral protein 
as bait. The docked structure (visualized as in b) for human GFER and SARS-CoV-2 nsp10 
(ΔΔG=-0.06) shown to highlight that sequence divergences in these 6 interactions did not 
localize near the interface. d, Distribution of the predicted changes in binding affinity from 
scanning mutagenesis for all 2,023 human population variants on SARS-CoV-2-human 
interfaces. Values were z-score normalized across for each residue type and on each 
interface. Shaded regions indicate putative interface binding energy hotspots annotated as 
strongly disruptive (z-score ≥ 2, 48 total variants), disruptive (1 ≤ z-score < 2, 42 total 
variants), stabilizing (-2 < z-score ≤ -1, 25 total variants), or strongly stabilizing (z-score ≤ -
2, 26 total variants). Interior boxplot represents the distribution quartiles with whiskers 
representing the most extreme non-outlier values. e, Docked structure between SARS-CoV-
2 N protein and human G3BP2, alongside expanded interface views comparing the wildtype 
interface (left) with a predicted strongly disruptive (ΔΔG=10.3 REU, z-score=2.3) population 
variant, G3BP2_P121T (right). Shown below, yeast two-hybrid results confirmed that the 
G3BP2_P121T variant completely disrupts the G3BP2-N interaction. 
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(Figure 30b; predicted ΔΔG=-17.3 REU). Several deviations in nsp1 were predicted to 

cumulatively stabilize this interaction near the edges of its interface. Results from the 

co-IP validated our prediction showing that SARS-CoV-2 nsp1 was more effective at 

pulling down human PRIM2 than was SARS-CoV-1 nsp1. Moreover, a follow-up 

quantitative mass spectrometry comparison of SARS-CoV-2, SARS-CoV-1, and 

MERS-CoV  by Gordon et al.294 included 5 interactions we predicted to be more stable 

in SARS-CoV-2. Consistent with our predictions 3 of these (RNF41-nsp15, PRIM2-

nsp1, and SNIP1-N) showed interaction preferences for the SARS-CoV-2 protein. 

Specifically, the interaction between RNF41 and nsp15 was exclusively detected in 

SARS-CoV-2. Overall, these independent experimental results together with our co-IP 

result thoroughly validate the accuracy of our 3D interactome modelling approach and 

demonstrate its utility in identifying functional differences between SARS-CoV-1 and 

SARS-CoV-2. 

 
Impact of population variants on binding affinity 

We hypothesized the dynamic range of patient responses and symptoms reported for 

SARS-CoV-2 infection can be explained in part by missense variations and their impact 

on viral-human interactions. This is consistent with previous reports that up to 10.5% 

of missense population variants can disrupt native protein-protein interactions54 and that 

underlying genetic variation can explain up to 15% of variation in patient response and 

viral load in other viruses including HIV295. To explore this hypothesis we employed a 

previously benchmarked scanning mutagenesis protocol provided through 

PyRosetta264,276 to identify candidate binding energy hotspot mutations for all docked 

interfaces. Out of 2,023 population variants on eligible interfaces, we identify 90 (4.4%) 
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as predicted disruptive hotspots, and 51 (2.5%) as predicted stabilizing hotspots (Figure 

30d). 

 To validate our predictions for the impact of population variants, we generated 

a Ras GTPase-activating protein-binding protein 2 (G3BP2) variant, G3BP2_P121T 

(RS ID=rs1185000405) using site-directed mutagenesis as described previously135. We 

annotated this variant as strongly disruptive (predicted ΔΔG=10.3 REU) and had 

confirmed earlier the interaction between N and wildtype G3BP2 could be recapitulated 

using Y2H. Comparing the Y2H results between wildtype and mutant G3BP2 

confirmed complete disruption of the G3BP2-N protein interaction by G3BP2_P121T 

(Figure 30e). Analysis of the docked models, suggests this disruption is driven by steric 

clashes between the mutated residue in G3BP2 and Glu-323 and Thr-325 of the N 

protein. The unfavorable polar interaction and steric bulk from the hydroxyl side chain 

of the threonine variant was also predicted to induce a rotation in the Trp-330 of N 

disrupting hydrophobic interaction with Trp-282. 

G3BP2 is implicated in cardiovascular diseases296, potentially linking this 

interaction to known comorbidities. Moreover, G3BP2 alongside G3BP1 is an 

important target in viral etiology; sequestration of both proteins by SARS-CoV-2 N 

protein results in an inhibition of stress granule formation and suppression of host innate 

immune responses297,298. Therefore, the existence of naturally occurring variation 

disrupting this interaction is of particular interest. Although the G3BP2_P121T variant 

is rare (AF=0.00043%), it may affect SARS-CoV-2 progression in roughly 30,000 

individuals who carry it worldwide. Overall, our computational and experimental work 

concretely shows that human population variants can modulate the SARS-CoV-2-
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human interactome network and that our interface and energy modelling predictions can 

help identify such variants. The full predicted impact of all 2,023 population variants 

along SARS-CoV-2 interaction interfaces is provided in Table 24 and may inform 

future studies investigating genetic contribution to COVID-19. 

 
Comparing binding sites of drugs and SARS-CoV-2 proteins 

Drugs that directly interfere with viral-host interactions—for instance by competing for 

the same binding site—could provide promising clinical leads to target viral infection 

or replication. On this basis we consider potential for our 3D interactome modelling 

approach  to inform drug repurposing strategies. We aimed to further prioritize a current 

candidate set including 76 expert-reviewed drugs targeting one or more of the 332 

identified human interactors of SARS-CoV-2239 based on potential for competitive 

binding. We performed protein-ligand docking using smina299 to identify drug binding 

sites for 30 out of 76 candidate drug-target pairs that have available human receptor 

structures Table 25. Sima is a fork of the widely used AutoDock Vina, competes 

competitively in pose prediction challenges299, as is validated by us to robustly identify 

the true binding site from the full protein surface on a published benchmark set of 4,399 

experimentally solved protein-ligand complexes (Figure 31a)300. 

 We compared the overlap of predicted drug binding sites with the corresponding 

docked viral-human interaction interface for 16 cases with both predictions available. 

Overall drug binding sites were significantly enriched at the interaction interface 

compared to the rest of the protein surface (Figure 31b; Log2OddsRatio=1.38, p=2.1e-

7). Individually, we further prioritize 8 drugs that exhibited significant overlap between 

the drug- and viral-protein-binding sites (Figure 31c), several of which have been  
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Figure 31. Drug Docking and Prioritization of SARS-CoV-2-Human Interaction 
Inhibitors. 
a, Validation of smina’s ability to identify the correct binding site from the full protein surface 
based on 4,399 drug-ligand pairs across 95 protein targets. Docking was carried out either 
by redocking each ligand back into its native protein structure, or cross-docking each ligand 
into a representative receptor structure. Baseline performance expectation derived from 
random selection of surface patches matching the size of the correct binding site is shown 
for comparison. Each line and shaded area indicates the percentage of docks that correctly 
identify X binding site residues ± SD as estimated by 1000-fold bootstrapping sampling 95 
drug-target pairs with replacement each iteration. The gray shaded area at the top indicates 
the maximum fraction of docks whose true binding sites contain at least X residues. b, 
Protein-protein and protein-drug binding sites pooled across 16 applicable drug-target pairs 
were significantly enriched (Log2OR=1.38, p=2.1e-7 by two-sided z-test). Data presented as 
Log2OR ± SE. c, Individual breakdown of the overlap between the each of the protein-protein 
and protein-drug binding sites as either undockable (i.e. no protein-protein docked structure 
available for comparison; 14 total), no overlap (7 total), partial overlap (1 total) or significant 
overlap (8 total). The individual log2(Odds Ratios) for each of the significant drug-target pairs 
are shown. Data presented as Log2OR ± SE. The MARK3-ZINC95559591 pair (shown in d) 
is highlighted red. d, Docked structure for ZINC95559591 bound to human MARK3. MARK3 
surface is colored either green (non-interface, n=270), blue (orf9b interface, n=28), red 
(ZINC95559591 interface, n=3), or magenta (shared interface, n=12). Cut-out display 
highlights the MARK3- ZINC95559591 binding site. Polar contacts between MARK3 and 
ZINC95559591 shown as dashed lines. e, Corresponding docked structure for SARS-CoV-2 
orf9b bound to human MARK3. 
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explored by recent independent studies. A retroactive association study identified prior 

treatment with metformin as an independent factor associated with reduced mortality in 

diabetic patients301,  although a precise mechanism was not explored at the time. 

Ongoing phase 2 and phase 4 clinical trials are being conducted or planned for 

silmitasertib and valproic acid respectively302,303. 

As an example, we highlight orf9b-MARK3 interaction whose interface we 

predicted could be blocked by ZINC95559591 (MRT-68601 hydrochloride) (Figure 

31d and e). MARK3 is a serine / threonine protein kinase involved in microtubule 

organization with implicated roles in modulating gene expression by activating histone 

deacetylation proteins. Our models suggest both ZINC95559591 and orf9b bind and 

make several polar contacts with MARK3 (e.g. one with Tyr-134) near its active ATP 

site. Consistent with its known role as an inhibitor of MARK3304 our model shows 

ZINC95559591 binds deep within the ATP active site of MARK3. By contrast the N-

terminal tail of orf9b forms looser contact only entering the periphery of the active 

pocket. Therefore, we suspect ZINC95559591 may outcompete orf9b for this pocket; 

thus making it a prime candidate to explore targeted disruption of SARS-CoV-2-human 

protein-protein interactions through drug repurposing. 

 While this example fits our criteria for prioritized drug repurposing and 

competitive binding, it does raise further questions to consider. Namely, the functional 

role of a SARS-CoV-2-human interaction—whether the viral protein co-opts vs. 

disrupts native human protein function or if interaction is part of an immune response 

against the virus—is needed to inform potential clinical utility of drug repurposing. 

Since both orf9b and ZINC95559591 bind within the same MARK3 active site, both 
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may induce an inhibitory effect and ZINC95559591 could be counterproductive; even 

if it outcompetes orf9b, it may replace a harmful viral inhibitor with a more potent 

chemical one. In this scenario, exploration of the predicted binding sites of SARS-CoV-

2 proteins could still help uncover an inhibitory role in viral etiology. Moreover, it may 

be possible to design analogs of inhibitor drugs that retain high binding affinity to their 

receptor but lose their inhibitor activity. Therefore, while these factors may complicate 

the prospects of drug repurposing, we are optimistic that our 3D interactome modelling 

approach can facilitate understanding of viral mechanisms and may aid development of 

new treatments. 

 

The SARS-CoV-2-human 3D structural interactome web server 

We constructed the SARS-CoV-2-human 3D interactome web server (http://3D-

SARS2.yulab.org) to provide our computational predictions and modeling as a 

comprehensive resource to the public. All results and analyses described herein are 

directly available for bulk download or users can quickly navigation through the 

reported interactome to see a summary of our analyses for specific interactions of 

interest (Figure 32). 

The interface comparison panel (Figure 32 top left) visualizes the interface 

annotation along a linear sequence and provides comparison against all other known or 

predicted interfaces from the same protein. This comparison may reveal biologically 

meaningful insights about the interface overlap and possible competition between viral 

and human interactors. 

The mutations panel (Figure 32 top right) presents information on variation  

http://3d-sars2.yulab.org/
http://3d-sars2.yulab.org/
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Figure 32. 3D-SARS2 Structural Interactome Browser Overview. 
Overview of the main results page for exploring a given interaction in our 3D-SARS2 
structural interactome browser. The main display contains information for both the SARS-
CoV-2 and human proteins including structural displays for either the docked or single crystal 
structures as well as a table summarizing the interface residues for both proteins. Interface 
residues are colored dark blue and dark green for the viral and human proteins respectively. 
By default the page will display the docked structure if available. The display can be toggled 
between docked structures and single structures using the button in the bottom middle. When 
single structures display is selected residues will instead be colored based on the initial 
ECLAIR interface definition. Four categories of expandable panels containing additional 
analyses are provided. upper left, The interface view shows a linear representation of the 
protein sequence with interface residues annotated in dark blue or dark green. Interfaces for 
other interactors of the protein are shown underneath for easy comparison. upper right, The 
mutations panel summarizes either human population variants or viral sequence divergences 
on the protein. Mutations on the interface are labeled. lower left, The ΔΔG information panel 
summarizes the results from in-silico mutagenesis scanning along the interface. Results for 
each mutation are z-score normalized relative to the rest of the interface and colored on a 
blue (negative ΔΔG, stabilizing) to yellow (minimal impact) to red (positive ΔΔG, 
destabilizing). The heatmap can be filtered to only show values corresponding to known 
mutations on the interface. lower right, The candidate drugs panel shows docking 
information for any known drug targets of the human protein. 
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within each interaction partner; divergences from the SARS-CoV-1 or gnomAD 

population variants. We provide a log odds enrichment or depletion of variation along 

the interface which can help highlight interactions undergoing functional evolution for 

further characterization. 

For interactions amenable to docking, the ΔΔG Information panel (Figure 32 

lower left) compiles the predicted impact of all possible mutations across the docked 

interface on binding affinity. Individual mutations are colored by their z-score 

normalized ΔΔG prediction and can be toggled to only show the impacts of known 

variants. On the viral side, a cumulative ΔΔG value compares binding affinity between 

the SARS-CoV-1 and SARS-CoV-2 versions of the protein. 

Finally, the drug panel (Figure 32 lower right) describes any drugs known to 

target human proteins and provides information for each drug alongside display options 

for visualizing predicted binding conformations. The overlap between the drug binding 

site and interface with the viral protein is reported. 

The SARS-CoV-2 human 3D structural interactome web server currently 

includes 332 viral-human interactions reported by Gordon et al.239. We will continue 

support for the web server with periodic updates as additional interactome screens 

between SARS-CoV-2 and human are published. As we update, a navigation option to 

select between the current or previous stable releases of the web server will be provided. 

 

Discussion 

Our 3D SARS-CoV-2-human interactome provides a comprehensive resource to 

supplement ongoing and future investigations into COVID-19. The analyses provided 
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and discussed throughput highlight potential applications of these predictions to inform 

structure-based hypotheses regarding the roles of individual interactions and prioritize 

further functional characterization of evolutionarily relevant interactions, causal links 

connecting population variation with differences in response to infection, and drug 

candidates that may interfere with interaction-mediated disease pathology. Our 

observation that perturbation from underlying disease mutations and viral protein 

binding occur at distinct sites on human proteins may warrant further investigation into 

whether the combined role of these two sources of perturbation is clinically relevant to 

mechanisms of comorbidities. 

 Although we have experimentally validated several of our predictions, we 

emphasize that further experimental characterization should be conducted to 

corroborate any hypotheses derived from individual predictions. Moreover, these 

predictions are not without limitation. Interface predictions may not be applicable to 

some published human targets identified by mass spectrometry239 if they represent 

indirect complex associations rather than direct binary interactions68. Further, while 

structural coverage from SARS-CoV-2 proteins was robust, per-residue coverage of the 

human proteome is less complete (Figure 26). Though we only performed molecular 

docking for low coverage structures when strong prior ECLAIR interface restraints were 

available, coverage restrictions can nonetheless introduce bias and may prohibit 

identification of true interface residues. Recent advances in protein-folding 

predictions305-307 may ameliorate this restriction in the future. In the meantime, initial 

ECLAIR interface annotations—not susceptible to structural coverage limitations—

may provide orthogonal value to docked models. 
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Additionally, we caution that direct quantitative interpretation of Rosetta-

predicted ΔΔG values is often difficult. In particular, relative importance of scoring 

function terms may differ between proteins and interactions of varying sizes and 

compositions. For these reasons, we only evaluate normalized predictions to compare 

the relative qualitative differences from our scanning mutagenesis results. Moreover, 

because mutated structure optimization focuses only on side-chain repacking, our 

analysis is limited to mutations at or near the interface where side-chain repacking can 

have a direct effect. We expect mutations that significantly impact binding affinity 

through refolding or other allosteric effects exist but cannot be captured by our method. 

 Importantly, users can tailor use of our raw predictions to their own interests; 

thus expanding upon the concepts and applications our analyses explore. For instance, 

we limited investigation of druggable interactions to repurposing known drugs that 

overlap and might disrupt viral-host interactions which we hypothesized would elicit 

the most promising clinical responses. However, this approach reduces the scope of the 

SARS-CoV-2-human interactome to only a  few interactions that already have known 

drug candidates. An alternative application could prioritize candidate druggable 

interfaces throughout the whole SARS-CoV-2-human interactome by overlapping our 

interface annotations with predictions of druggable protein surfaces using recent deep-

learning approaches308 with the aim of designing novel protein-protein interaction 

inhibitors. 

Overall, we believe our 3D structural SARS-CoV-2-human interactome web 

server (http://3D-SARS2.yulab.org) will prove to be a key resource in informing 

hypothesis-driven exploration of the mechanisms of SARS-CoV-2 pathology and host 

http://3d-sars2.yulab.org/
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response. The scope, and potential impacts of our webserver will continue to grow as 

we incorporate the results of ongoing and future interactome screens between SARS-

CoV-2 and human. Finally, we note our 3D structural interactome framework can be 

rapidly deployed to analyze future viruses. 

 

Methods 

Generation and validation of SARS-CoV-2  homology models 

Homology-based modeling of all 29 SARS-CoV-2 proteins was performed in 

Modeller309 using a multiple template modeling procedure consistent with previous 

high-profile homology modelling resources310. In brief, candidate template structures 

for each query protein were selected by running BLAST311 against all sequences in the 

Protein Data Bank (PDB)94 retaining only templates with at least 30% identify. 

Remaining templates were ranked using a weighted combination of percent identity and 

coverage described previously310. The final set of overlapping templates to use was first 

seeded with the top ranked template with additional templates being added iteratively 

if: 1) overall coverage increase from the template was at least 10%, and 2) percent 

identify of the new template was no less than 25% the identity of the initial seed 

template. Query-template Pairwise alignments were generated in Modeller using default 

settings and were manually trimmed to remove large gaps (≥5 gaps in a 10 residue 

window). Finally, modelling was carried out using the Modeller automodel function. 

 This approach generated homology models for 18 out of 29 proteins. Based on 

manual inspection of the template quality and sources, homology models were further 

filtered to 12 models for which a high-quality template from a SARS-CoV-1 homolog 
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was available. Moreover, during revision of this manuscript, newly deposited PDB 

structures for many SARS-CoV-2 proteins (https://rcsb.org/covid19) allowed 

independent validation of homology model quality based on the root-mean-square 

deviation (RMSD) following alignment and refinement in PyMol312. Visual 

representations these alignments between modelled and solved structures are provided 

in Figure 25. For all analyses SARS-CoV-2 PDB structures were prioritized where 

available, and only the homology model for nsp14 was retained. 

 
Interface prediction using ECLAIR 

Interface predictions for all 332 interactions reported by Gordon et al.239 were made in 

two phases. In phase one, we leveraged our previously validated ECLAIR 

frameworkd261 to perform initial residue-level predictions across all interactions. 

ECLAIR compiles five sets of features; biophysical, conservation, coevolution, 

structural, and docking. In brief, biophysical features are compiled using a windowed 

average of several ExPASy ProtScales313, conservation features are derived from the 

Jensen-Shannon divergence314,315 from known homologs for each protein, coevolution 

features between interacting proteins are derived from direct coupling analysis 

(DCA)316 and statistical coupling analysis (SCA)317 among paired homologs, structural 

features are obtained by calculating the solvent accessible surface area of available 

PDB94 or ModBase281 models using NACCESS318, and docking features are the average 

inter-chain distance and surface occlusion per residue from a consensus of  independent 

Zdock319 trials. 

Slight alterations were made to accommodate SARS-CoV-2-human predictions. 

First, construction of multiple sequence alignment (MSA) for SCA and DCA 
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calculations require at least 50 species containing homologs of both interacting proteins. 

Therefore, co-evolution features could not be calculated for inter-species interactions. 

Second, MSAs for conservation features typically only allow one homolog per species. 

Because viral species classifications are less precise and are often subdivided into 

unique strains (and because all higher-order ECLAIR classifiers require protein 

conservation features) we modified the MSAs for viral proteins to include homologs 

from various strains in a single species. The initial prediction results from ECLAIR are 

provided in Table 16. 

 

Interface Prediction Using Guided HADDOCK Docking 

Interface predictions for all 332 interactions reported by Gordon et al.239 were made in 

two phases. In phase two, we leveraged high-confidence interface predictions from 

ECLAIR to perform guided docking in HADDOCK262,263. For a thorough introduction 

to protein-protein docking in HADDOCK, see 

https://www.bonvinlab.org/education/HADDOCK-protein-protein-basic/.  

In brief, HADDOCK is designed to perform data-driven docking using 

(traditionally experimentally derived) priors about the interface. These data (e.g. 

scanning mutagenesis) often indicate sets of residues involved in the interface but no 

pairwise information linking interface residues between each protein. These residues 

(termed active residues) are used in conjunction with any neighboring surface residues 

(termed passive residues) to drive rigid body docking, by introducing a scoring penalty 

for any active residue on one protein not in proximity of an active or passive residue on 

the other. This approach is formalized as a set of ambiguous interaction restraints (AIR) 
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that evaluate the distances of each active residue to the active or passive residues on the 

other protein. The approach ensures experimental priors about interface composition are 

enforced, but leaves the exact orientation and pairing of residues flexible to 

HADDOCK’s energy based scoring function. 

To incorporate computational interface predictions from ECLAIR we use the 

standard HADDOCK protein-protein docking framework. Active residues are encoded 

as all high-confidence ECLAIR predictions at the surface (≥15% SASA). Passive 

residues are identified as all surface residues (≥40% SASA) within 6 Å of an active 

residue. For definition of surface residues, the 15% SASA cutoff is for consistency with 

our definition of interface residues, while the 40% SASA cutoff is for consistency with 

the typical recommendation in HADDOCK. All SASA calculations were carried out 

using NACCESS318 and neighboring residues were selected using PyMol312. Following 

HADDOCK recommendations to reduce computational burden from using many 

restraints, we defined our AIR using only the alpha carbons and increased the upper 

distance limit for from 2 Å to 3 Å. All other HADDOCK run parameters were left at the 

default. In total 1000 rigid body docking trials were performed, and the top 200 scored 

orientations were retained for subsequent iterations refinement and analysis. 

For each interaction we identified available PDB or homology model structures 

to determine whether the interaction should be eligible for docking. Previous benchmark 

evaluations show the HADDOCK performs using homology models, but that 

performance drops off for models produced from low sequence identity templates320. In 

all cases PDB models were prioritized over homology models. We next evaluated risks 

of using low coverage structures for protein-protein docking; using structure fragments 
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that completely exclude the true interface residues will produce false interface 

predictions. We aimed to minimize this risk while maximizing the dockable interactome 

by setting two conditions for determining structure eligibility. First, protein structures 

covering at least 33% of the total protein length were considered sufficiently large for 

docking. Second, protein structures at least 50 residues in length and containing at least 

one high-confidence ECLAIR predicted interface residue to use as an active residue 

were made eligible. Inclusion of an ECLAIR-defined active residue gives us reasonable 

confidence that part of the interface is covered, and therefore, true docked interface 

predictions should be possible. When multiple structures were available for one protein, 

ranking was based on the sum of ECLAIR scores for all residues covered by each 

structure; we always selected the available structure most likely to include the true 

interface. 

 In total we performed guided HADDOCK docking on 138 out of 332 

interactions. The remaining 194 interactions did not have reliable 3D models for both 

interactors. The top scored docked conformation from each HADDOCK run was 

retained. The final docked interface annotations are provided in Table 17. 

 
Definition of interface residues 

We annotate interface residues from atomic resolution docked models, using an 

established definition for interface residues261. The solvent accessible surface area 

(SASA) for both bound and unbound docked structures was calculated using 

NACCESS318. We define as interface residue, any residue that is both 1) at the surface 

of a protein (defined as ≥ 15% relative accessibility) and 2) in contact with the 

interacting chain (defined by a ≥ 1.0 Å2 decrease in absolute accessibility). 
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Human-Pathogen co-crystal structure benchmark set 

We constructed a benchmark set of experimentally determined co-crystal structures to 

evaluate the performance of both our ECLAIR and guided HADDOCK docking 

interface predictions on inter-species interactions (Figure 27a). First, we parsed 

165,567 PDB structures, identified all interacting chains by interface residue 

calculation, and mapped PDB chains to UniProt protein IDs using SIFT291 to identify a 

total of 33,242 unique protein-protein interactions. Using taxonomic lineages from 

UniProt we filtered this set to 7,738 interactions involving human proteins, of which 

6,256 represented human-human intra-species interactions, and 1,482 represented inter-

species interactions between human and some other species. Finally, to provide the most 

relevant set of interactions that would biologically similar to SARS-CoV-2-human 

interactions, we only considered interactions between human and viral proteins (346) or 

between human and bacterial proteins (163). We refer to this collective set of 509 co-

crystal structures as our human-pathogen PDB benchmark set. The full list of structures 

and interface annotations for this benchmark set is provided in Table 18.  

 To validate performance of ECLAIR predictions on the human-pathogen PDB 

benchmark,  ECLAIR predictions were run as described above for SARS-CoV-2-human 

interactions. Evaluation of raw prediction probabilities was done by area under the 

receiver operating characteristic curve (AUROC) in python using scikit-learn and was 

compared against ECLAIR’s original test set containing 200 intra-species 

interactions261. Precision and recall metrics were calculated based on ECLAIR's binary 

definition for high-confidence vs. non-interface predictions. 

 To validate HADDOCK guided docking performance using our human-
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pathogen PDB benchmark, we compared performance with a raw HADDOCK docking 

protocol. Guided docking was performed as described for SARS-CoV-2-human 

interactions. No PDB protein chains from the human-pathogen benchmark were used 

during docking. For raw HADDOCK docking no experimental constraints (AIR) were 

provided and the ranair and surfrest parameters in the run.cns were set to true. Using 

these parameters, each rigid dock generates one random AIR between one surface 

residue from each protein A and B which is used to ensure the two protein chains slide 

together during docking. Overall performance of protocols was evaluated based on 

precision and recall of the true interface (Figure 27c). Secondary evaluation of was 

done based on root-mean-squared deviation (RMSD) in PyMol before refinement 

between the docked and co-crystal structures (Figure 27d). When multiple co-crystal 

structures were used to define the interfaces, the RMSD was reported as the average 

RMSD against all co-crystal structures. 

 
Compilation of sequence variation sets 

For analysis of genetic variation that may impact the viral-human interactome, two sets 

of mutations were compiled; 1) viral mutations, and 2) human population variants. 

For viral mutations, we identified sequence divergences between SARS-CoV-1 

and SARS-CoV-2 versions of each protein based on alignment. Representative 

sequences for 16 SARS-CoV-1 proteins were obtained from UniProt (Proteome ID 

UP000000354)321,322. Sequences for 29 SARS-CoV-2 proteins were reported by Gordon 

et al.239 and based on genbank accession MN985325323,324. Notably, UniProt accessions 

for the SARS-CoV-1 proteome report two sequences for the uncleaved ORF1a and 

ORF1a-b which correspond to NSP1 through NSP16 in SARS-CoV-2. Sequence 
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divergences were reported after pairwise Needleman Wench alignment325,326 (using 

Blosum62 scoring matrix, gap open penalty of 10 and gap extension penalty of 0.5) 

between the corresponding protein sequences from each species. A total of 1,003 

missense variants were detected among 23 SARS-CoV-2 proteins. No suitable 

alignment form a SARS-CoV-1 sequence was available for orf3b, orf8, or orf10. 

Additionally, orf7b, nsp3, and nsp16 were excluded because they were not involved in 

any viral-human interactions. The full list of SARS-CoV-2 mutations is reported in 

Table 20. 

We obtained human population variants for all 332 human proteins interacting 

with SARS-CoV-2 proteins from gnomAD278. We used gnomAD’s graphQL API to run 

programmatic queries to fetch all missense variants per gene. Details on performing 

gnomAD queries in this manner are available in the gnomad-api github page 

(https://github.com/broadinstitute/gnomad-browser/tree/master/projects/gnomad-api). 

We used the Ensembl Variant Effect Predictor (VEP)327 to map gnomAD DNA-level 

SNPs to equivalent protein-level UniProt annotations. After VEP mapping,  variants 

were parsed to ensure the reported reference amino acid and position agree with the 

UniProt sequence and roughly 4.4.6% of variants that did not match were dropped from 

our dataset because they could not reliably be mapped to UniProt coordinates. In total 

127,528 human population variants were curated. The full list of human population 

variants from GnomAD is reported in Table 19. 

 
Log odds enrichment calculations 

To determine enrichment or depletion, odds ratios were calculated as described 

previously328… 

https://github.com/broadinstitute/gnomad-browser/tree/master/projects/gnomad-api
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𝑂𝑂𝑂𝑂 =  
𝑎𝑎 / 𝑐𝑐
𝑏𝑏 / 𝑑𝑑

 

Where, a, b, c, and d describe values in a contingency table between case and exposure 

criteria. For a particular application, where we are interested in the enrichment of viral 

mutations or human populations variants (case: Variant vs. NonVariant) along predicted 

interaction interfaces (exposure: Interface vs. NonInterface), we would have… 

𝑎𝑎 =  𝑁𝑁𝑁𝑁𝑁𝑁𝑏𝑏𝑁𝑁𝑁𝑁 𝑜𝑜𝑜𝑜 𝑉𝑉𝑎𝑎𝑁𝑁𝑉𝑉𝑎𝑎𝑉𝑉𝑉𝑉 𝐼𝐼𝑉𝑉𝑉𝑉𝑁𝑁𝑁𝑁𝑜𝑜𝑎𝑎𝑐𝑐𝑁𝑁 𝑂𝑂𝑁𝑁𝑅𝑅𝑉𝑉𝑑𝑑𝑁𝑁𝑁𝑁𝑅𝑅  

𝑏𝑏 =  𝑁𝑁𝑁𝑁𝑁𝑁𝑏𝑏𝑁𝑁𝑁𝑁 𝑜𝑜𝑜𝑜 𝑁𝑁𝑜𝑜𝑉𝑉𝑉𝑉𝑎𝑎𝑁𝑁𝑉𝑉𝑎𝑎𝑉𝑉𝑉𝑉 𝐼𝐼𝑉𝑉𝑉𝑉𝑁𝑁𝑁𝑁𝑜𝑜𝑎𝑎𝑐𝑐𝑁𝑁 𝑂𝑂𝑁𝑁𝑅𝑅𝑉𝑉𝑑𝑑𝑁𝑁𝑁𝑁𝑅𝑅  

𝑐𝑐 =  𝑁𝑁𝑁𝑁𝑁𝑁𝑏𝑏𝑁𝑁𝑁𝑁 𝑜𝑜𝑜𝑜 𝑉𝑉𝑎𝑎𝑁𝑁𝑉𝑉𝑎𝑎𝑉𝑉𝑉𝑉 𝑁𝑁𝑜𝑜𝑉𝑉𝐼𝐼𝑉𝑉𝑉𝑉𝑁𝑁𝑁𝑁𝑜𝑜𝑎𝑎𝑐𝑐𝑁𝑁 𝑂𝑂𝑁𝑁𝑅𝑅𝑉𝑉𝑑𝑑𝑁𝑁𝑁𝑁𝑅𝑅 

𝑑𝑑 = 𝑁𝑁𝑁𝑁𝑁𝑁𝑏𝑏𝑁𝑁𝑁𝑁 𝑜𝑜𝑜𝑜 𝑁𝑁𝑜𝑜𝑉𝑉𝑉𝑉𝑎𝑎𝑁𝑁𝑉𝑉𝑎𝑎𝑉𝑉𝑉𝑉 𝑁𝑁𝑜𝑜𝑉𝑉𝐼𝐼𝑉𝑉𝑉𝑉𝑁𝑁𝑁𝑁𝑜𝑜𝑎𝑎𝑐𝑐𝑁𝑁 𝑂𝑂𝑁𝑁𝑅𝑅𝑉𝑉𝑑𝑑𝑁𝑁𝑁𝑁𝑅𝑅 

Statistical tests for enrichment or depletion were performed by calculating the z-statistic 

and corresponding two-sided p-value for the odds ratio (unadjusted for multiple 

hypothesis testing)… 

𝑧𝑧 =  
ln𝑂𝑂𝑂𝑂

�1
𝑎𝑎 + 1

𝑏𝑏 + 1
𝑐𝑐 + 1

𝑑𝑑

 

All reported odds ratios were log2 transformed to maintain interpretable symmetry 

between enriched and depleted values. To avoid arbitrary odds ratio inflation or 

depletion from missing data, in all cases where the interface residues were predicted by 

molecular docking, the odds ratio was altered to only account for positions that were 

included in the structural models used for docking. 

 
Curation of disease associated variants 

To explore whether human proteins interacting with SARS-CoV-2 proteins were 

enriched for disease or trait associated variants, three datasets were curated; the Human 
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Gene Mutation Database (HGMD)284, ClinVar285, and the NHGRI-EBI GWAS 

Catalog286. Disease annotations for HGMD and ClinVar were downloaded directly from 

these resources and mapped to UniProt. To calculate enrichment of individual disease 

terms, we reconstructed the disease ontology from NCBI MedGen term relationships 

(https://ftp.ncbi.nlm.nih.gov/pub/medgen/MGREL.RRF.gz) and propagated counts up 

through all parent nodes up to a singular root node. Significant terms were reported as 

the most general term with no more significant ancestor term (Table 22, sheet 1). Raw 

enrichment values for all terms are also provided (Table 22, sheet 2). 

 For curation of disease and trait associations from NHGRI-EBI GWAS Catalog 

(http://www.ebi.ac.uk/gwas/)286, lead SNPs (p-value<5e-8) for all diseases/traits were 

retrieved on June 16, 2020. Proxy SNPs in high linkage disequilibrium (LD) 

(Parameters: R2 > 0.8; pop: “ALL”) for individual lead SNPs were obtained through 

programmatic queries to the LDproxy API329, which used phase 3 haplotype data from 

the 1000 Genomes Project as reference for calculating pairwise metrics of LD. Both 

lead SNPs and proxy SNPs were filtered to only retain missense variants. 

 
In-silico scanning mutagenesis and ΔΔG estimation 

To explore importance of each SARS-CoV-2-human interface residue and the impact 

of all possible mutations along the interface, we performed in-silico scanning 

mutagenesis. We use a setup provided by the PyRosetta documentation 

(https://graylab.jhu.edu/pyrosetta/downloads/scripts/demo/D090_Ala_scan.py) 

designed around an approach previously benchmarked to correctly identify nearly 80% 

of interface hotspot mutations276. For consistency, we replaced the PyRosetta 

implementation’s definition of interface residues (≤ 8.0 Å away from partner chain), 

https://ftp.ncbi.nlm.nih.gov/pub/medgen/MGREL.RRF.gz
http://www.ebi.ac.uk/gwas/
https://graylab.jhu.edu/pyrosetta/downloads/scripts/demo/D090_Ala_scan.py
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with our definition described above. 

We encourage reference to the original well-documented demo for details, but 

in brief, we consider all interface residue positions and, begin by estimating the wildtype 

binding energy for the interaction. The complex state energy is calculated following a 

PackRotamersMover operation to optimize the side-chains of residues within 8.0 Å of 

the interface residue to be mutated. The chains are separated 500.0 Å to eliminate any 

interchain energy contributions and energy for the unbound state is calculated the same 

way. The difference between these two values provides the binding energy for the 

wildtype structure. 

∆𝐺𝐺𝑊𝑊𝑊𝑊 = 𝐸𝐸𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 − 𝐸𝐸𝑢𝑢𝑢𝑢𝑢𝑢𝑐𝑐𝑢𝑢𝑢𝑢𝑢𝑢 

To estimate the binding energy for all 19 amino acid mutations possible at the given 

position, each mutation is made iteratively, and the ΔGMut is as above using the mutated 

structures. Finally, the change in binding energy from each mutation is the difference 

between these two binding energies. 

∆∆𝐺𝐺 =  ∆𝐺𝐺𝑀𝑀𝑢𝑢𝑀𝑀 −  ∆𝐺𝐺𝑊𝑊𝑊𝑊 

The scoring function used for these calculations is as described previously276 using the 

following weights; fa_atr=0.44, fa_rep=0.07, fa_sol=1.0, hbond_bb_sc=0.5, 

hbond_sc=1.0. To account stochasticity of the PackRotamersMover optimization 

between trials, all ΔΔG values are reported from an average of 10 independent trials. To 

test whether an a mutation had a significantly non-zero impact on binding energy, a two-

sided z-test between the 10 independent trials was performed. To account for average 

impact of other same amino acid mutations at other positions along the interface, each 

average ΔΔG was z-normalized relative to the rest of the interface and outliers were 
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called at ≥ 1 standard deviation away from the mean. Mutations that passed both criteria 

were identified as significant interface binding affinity hotspots. No adjustments were 

made for multiple hypothesis corrections. 

 
Predicting ΔΔG from SARS-CoV-1 and SARS-CoV-2 divergences 

 Estimates of the overall impact of the cumulative set of mutations between 

SARS-CoV-1 and SARS-CoV-2 were made based on the in-silico mutagenesis 

framework modified to introduce multiple mutations at a time. We generated interaction 

models using the SARS-CoV-1 protein by applying all amino acid substitutions between 

the two viruses to initial docked models containing the SARS-CoV-2 protein. A 

minority of mutations that comprised insertions or deletions could not be modelled 

under this framework. The ΔΔG calculation here was identical to the single mutation 

ΔΔG described above, except that side-chain rotamer optimization involved all residues 

within 8.0 Å of any of the mutated residues. The ΔΔG were calculated considering the 

SARS-CoV-1 as the wildtype such that a negative ΔΔG indicates the interaction is more 

stable (lower binding energy) in the SARS-CoV-2 version of the interaction compared 

to the SARS-CoV-1 version of the interaction… 

∆∆𝐺𝐺 =  ∆𝐺𝐺𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑐𝑐𝑆𝑆2 −  ∆𝐺𝐺𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑐𝑐𝑆𝑆1 

To account for stochasticity between trials for these predictions (which notably had a 

larger impact likely due to the decreased constraints on rotamer optimization in these 

cases), this set of ΔΔG values was reported as an average of 50 trials. Significant outliers 

for overall binding affinity change from SARS-CoV-1 to SARS-CoV-2 were called 

based on similar criteria to the individual mutations, except the z-score normalization 

was performed relative to all other interactions. 
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Protein-ligand docking using smina 

To further prioritize 76 previously reported candidate drugs targeting human proteins in 

the SARS-CoV-2-human interactome239,  we performed protein-ligand docking for, 30 

interaction-drug pairs (involving 25 unique drugs) that were amenable to docking. For 

docking, we excluded any human protein targets whose structures were below 33% 

coverage. To prep for docking, 3D structures for all ligands were first generated using 

Open Babel330 and the command: 

obabel -:”[SMILES_STRING]” --gen3d -opdb -O [OUT_FILE] -d 

Protein-ligand docking was executed using smina299 with the following parameters. The 

autobox_ligand option was turned on and centered around the receptor PDB file with 

an autobox_add border size of 10 Å. To increase the number of independent stochastic 

sampling trajectories and increase the likelihood of identifying a global minimum, the 

exhaustiveness was set to 40and the num_modes was set to retain the top 1000 ranked 

models. To reduce real wall time each docking process was run using 5 CPU cores (no 

impact on net CPU time). The final smina command used was as follows: 

smina -r [RECEPTOR] -l [LIGAND] --autobox_ligand [RECEPTOR] --autobox_add 

10 -o [OUT_FILE] --exhaustiveness 40 --num_modes 1000 --cpu 5 --seed [SEED] 

Each protein-ligand docking command was repeated 10 times (essentially the same as 

one trial with exhaustiveness set to 400) with a unique seed in order to saturate the 

ligand binding search space as thoroughly as possible. We note that a single run with 

exhaustiveness ranging from 30-50 is considered sufficient for most applicaitons299. To 

retain candidate poses covering different low-energy binding sites, a final set of up to 

10 of the best scoring poses with centers at least 1 Å away from one another was 
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selected. Results described in this manuscript are reported based the top ranked pose. 

Protein residues involved in drug binding sites were annotated using the same criteria 

used to define interface residues. The Record Type for all ligand atoms was first 

manually changed from HETATM to ATOM because NACCESS otherwise excluded 

ligand atoms from the solvent accessible surface area calculations. 

 
Validation of smina docking to identify drug binding sites 

Past evaluation of smina show competitive performance across numerous Community 

Structure-Activity Resources (CSAR)299,300. However, tradition docking evaluation 

tasks, focus on sampling and correctly scoring docked conformations within a single 

known binding site and may frequently restrict the docking space to a few angstroms 

bounding box around the known ligand conformation. The focus is on recovering 

precisely how a ligand orients within a binding site rather than identifying the binding 

site from the whole protein surface. 

Because this performance metric may not provide sufficient confidence in 

smina’s ability to identify a binding site from scratch (our application in this 

manunscript) we re-benchmarked smina’s performance using an established drug 

docking benchmark set containing 4,399 protein-ligand complexes representing 95 

protein targets300. We defined true ligand binding site residues from the available crystal 

structure and evaluated the fraction correctly recovered by smina’s top-ranked dock 

across the full protein surface. 

Docking was performed as above and evaluated based on both redocking—

ligand docked back into the exact receptor structure it came from—and crossdocking—

ligand docked into an alternate conformation of the receptor it came from—conditions. 
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Because the conformation of the binding pocket from an alternate receptor may not 

perfectly accommodate the ligand, crossdocking is considered more difficult, but also 

more representative of real conditions when making new predictions. 

To provide a reference for whether smina selectively recovered the true binding 

site we calculated a baseline random expectation. Artificial binding sites were defined 

by selecting a single surface residue and its N nearest neighbors where N is the number 

of binding site residues in the true binding site. The average recovery of the true binding 

site from all such artificial binding sites was used as the null expectation for each drug-

target pair. 

 
Construction of plasmids for Y2H and co-IP 

Clones of all human proteins tested were picked from the hORFeome 8.1 library56. 

Clones for all SARS-CoV-1 and SARS-CoV-2 proteins tested were designed to match 

GenBank entries AY357076 and MN908947 respectively. To construct plasmids for 

testing by Y2H viral genes were PCR amplified and cloned into PDEST-AD and 

PDEST-DB vectors (for Y2H). For co-immunoprecipitation (co-IP) Gateway LR 

reactions were used to transfer bait SARS-CoV-2 nsp1 protein into a pQXIP (ClonTech, 

631516) vector modified to include a Gateway cassette featuring a carboxy-terminal 

3×FLAG. 

 
Yeast two-hybrid (Y2H) screens 

Y2H experiments were carried out as previously described54,68,84 in order to 1) confirm 

that SARS-CoV-2-human interactions previously detected by immunoprecipitation 

mass-spectrometry (IP-MS) could be recapitulated in Y2H, 2) compare the occurrence 
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of interactions using SARS-CoV-1 vs. SARS-CoV-2 viral baits, and 3) profile the 

disruption of SARS-CoV-2-human interactions by human population variants. In brief 

human and viral clones were transferred into Y2H vectors pDEST-AD and pDEST-DB 

by Gateway LR reactions then transformed into MATa Y8800 and MATα Y8930, 

respectively. For comparisons of interest, the viral-human interactions were screened in 

both orientations; namely viral DB-ORF MATα transformants were mated against 

corresponding human AD-ORF MATa transformants and vice versa. All DB-ORF yeast 

cultures were also mated against MATa yeast transformed with empty pDEST-AD 

vector to screen for autoactivators. Mated transformants were incubated overnight at 

30 °C, before being plated onto selective Synthetic Complete agar media lacking leucine 

and tryptophan (SC-Leu-Trp) to select for mated diploid yeast. After another overnight 

incubation at at 30 °C, diploid yeast were plated onto two sets of SC-Leu-Trp agar 

selection plates; one lacking histidine and supplemented with 1 mM of 3-amino-1,2,4-

triazole (SC-Leu-Trp-His+3AT), the other 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 for final interaction calling. 

 
Cell culture, co-immunoprecipitation and western blotting 

HEK 293T cells (ATCC, CRL-3216) were maintained in complete DMEM medium 

supplemented with 10% FBS. Cells were seeded onto 6-well dishes and incubated until 

70–80% confluency. Cells were then transfected with 1 µg of either empty vector, 

SARS-CoV-1 nsp1 or SARS-CoV-2 nsp1, respectively, and combined with 10 µl of 1 

mg ml−1 PEI (Polysciences, 23966) and 150 µl OptiMEM (Gibco, 31985-062). After 

24 h incubation, cells were gently washed three times in 1×PBS and then resuspended 



162 
 
 

in 200 µl cell lysis buffer (10 mM Tris-Cl pH 8.0, 137 mM NaCl, 1% Triton X-100, 

10% glycerol, 2 mM EDTA and 1×EDTA-free Complete Protease Inhibitor tablet 

(Roche)) and incubated on ice for 30 min. Extracts were cleared by centrifugation for 

10 min at 16,000g at 4 °C. For co-immunoprecipitation, 100 µl cell lysate per sample 

was incubated with 5 μl EZ view Red Anti-FLAG M2 Affinity Gel (Sigma, F2426) for 

2 h at 4 °C under gentle rotation. After incubation, bound proteins were washed three 

times in cell lysis buffer and 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 6×SDS protein loading buffer (10% SDS, 1 M TrisCl 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) and anti-PRIM2 (abcam, ab241990) at 1:3,000 dilutions 

were used for immunoblotting analysis. 

 
Cloning human population variants through site-directed mutagenesis 

Generation of mutant clones containing human population variants was done using site-

directed mutagenesis as described previously135. In brief, WT G3BP2 was picked from 

the hORFeome 8.1 library56 and used as a template for site-directed mutagenesis. Site-

specific mutagenesis primers (Eurofins) for mutagenesis were designed using the 

webtool primer.yulab.org. To minimize sequencing artifacts, PCR was limited to 18 

cycles using Phusion polymerase (NEB, M0530). PCR products were digested 

overnight with DpnI (NEB, R0176) then transformed into competent bacteria cells to 

isolate single colonies. To confirm successful mutagenesis single colonies were then 

hand-picked, incubated for 21 h at 37 °C under constant vibration, and submitted for 



163 
 
 

Sanger sequencing to ensure the desired single base-pair mutation—an no other 

mutations—had been introduced. 
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