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ABSTRACT

La version frangaise suit.

Pathogenic viruses and bacteria encode a multitude of virulence factors which, through extensive
interactions with host proteins, perturb the host protein interactome and rewire host signalling
pathways to the advantage of the pathogen. Despite insights gained from studies showing host-
binding and modulatory properties of specific microbial virulence factors, there has yet to be a
comprehensive, structural characterization of virulence factors as a general class of exogenous
“perturbagens” of the host protein interactome. Here, | examine correlations between the structural
composition of microbial virulence factors and their mechanistic involvement in host genetic
diseases, as well as their propensity for disrupting or repurposing host-specific cellular processes,

using domain-resolved host-pathogen protein interaction networks.

Based on principles of homology modelling, | first construct a domain-resolution, human-virus
protein-protein interaction (PPI) network where human domains are annotated with causal
mutations for diseases that have both genetic and viral etiologic factors. | show that point mutations
and viral infections leading to similar diseases tend to perturb the same human domains and
domain-domain interactions (DDIs). In addition, domains of human oncoproteins either physically
targeted or structurally mimicked by oncoviruses are enriched for cancer driver rather than
passenger mutations. These results demonstrate that similar perturbations of the human protein
interactome at the domain level can have equivalent phenotypic consequences, regardless of

whether the perturbation is initiated by endogenous genetic alterations or exogenous viral proteins.



Next, | construct a domain-resolution, eukaryote-bacteria PPl network and assess the potential of
domains and short linear motifs within bacterial proteins to repurpose or disrupt eukaryote-specific
PPIs. I show that compared to the rest of the pathogen proteome, effector proteins are enriched for
domains that either structurally mimic or convergently target host domains involved in eukaryote-
specific DDIs, as opposed to DDIs that are conserved between eukaryotes and bacteria. Moreover,
in the absence of eukaryotic-like domains or among pathogen proteins without domain assignment,
effector proteins harbour a higher variety and density of short linear motifs which are known to

interact with eukaryotic domains.

Given the rapidly growing number of microbial genome sequences and the relative scarcity of
host-pathogen PPI data, structure-function analysis based on homology modelling may help
accelerate the discovery and mechanistic study of novel virulence factors, as well as the

development of selective inhibitors of pathogen-subverted host signalling pathways.



RESUME

Les virus et bactéries pathogenes encodent une multitude de facteurs de virulence qui, gréce a de
nombreuses interactions avec les protéines de 1’hote, perturbent I’interactome protéique et re-
céblent les voies de signalisation de 1’hote a I’avantage de 1’agent pathogéne. Malgré les
connaissances obtenues lors d’études sur les propriétés de liaison a 1’hte, et les sur les propriétés
modulatrices de certains facteurs de virulences microbiens spécifiques, il n’y a pas encore eu de
caractérisation complete et structurelle des facteurs de virulence, en tant que classe générale de
« perturbagénes » exogenes des I’interactome protéique d’un un hote. Ici, j’examine les
corrélations entre la composition structurelle des facteurs de virulence microbienne, et leur
implication mécaniste dans les maladies génétiques de I’hdte, ainsi que leur propension a perturber
ou a réutiliser des processus cellulaires spécifiques a 1’hote, en utilisant des réseaux d’interaction

protéiques hote-pathogéne, a la résolution des domaines protéiques.

En me basant sur les principes de la modélisation homologique, je construis d’abord un réseau
d’interactions protéine-protéine (IPP) entre humain et virus, a la résolution des domaines
protéiques. Chaque domaine humain est, par la suite, annoté avec des mutations causant des
maladies qui ont des facteurs étiologiques génétiques et viraux. Je montre que les mutations
ponctuelles et les infections virales conduisant a des maladies similaires ont tendance a perturber
les mémes domaines humains, et les mémes interactions domaine-domaine (IDDs). De plus, les
domaines des oncoprotéines humaines physiquement ciblées ou structurellement imitées par les
oncovirus sont enrichis en mutations pilotes pour le cancer, plutot qu’en mutations passageres. Ces
résultats démontrent que des perturbations similaires de 1’interactome protéique humain au niveau

des domaines peuvent avoir des conséquences phénotypiques équivalentes, indépendamment du



fait que la perturbation soit initiée par des altérations génétiques endogénes ou des protéines virales

exogenes.

Ensuite, je construis un réseau d’IPP, a la résolution des domaines protéiques, entre humain et
bactérie, et j’évalue le potentiel des domaines et des motifs linéaires courts dans les protéines
bactériennes pour réutiliser ou perturber les IPP spécifiques aux eucaryotes. Je montre que,
comparé au reste du protéome pathogeéne, les protéines effectrices sont enrichies en domaines qui
imitent structurellement ou ciblent de maniére convergente les domaines hétes impliqués dans des
IDDs spécifiques a I’eucaryote, par opposition aux IDDs qui sont conservés entre les eucaryotes
et les bactéries. De plus, méme en I’absence de domaines de type eucaryote, ou parmi les protéines
pathogenes sans attribution de domaine, les protéines effectrices abritent une plus grande variété

et densité de motifs qui sont connus pour interagir avec des domaines eucaryotes.

Compte tenu de I’augmentation rapide du nombre de séquences de génomes microbiens et de la
rareté relative des données d’IPP héte-pathogene, 1’analyse structure-fonction basée sur la
modélisation homologique peut aider a accélérer la découverte et 1’étude des mécanismes de
nouveaux facteurs de virulence, ainsi que le développement potentiel d’inhibiteurs sélectifs des

voies de signalisation de 1’hote détournées par les pathogénes.
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Chapter 1: Introduction

Protein-protein interaction (PPI) networks provide key insights into the structural and functional
organization of proteomes in physiological and disease conditions. In fact, systems biology often
models disease as resulting from perturbation of PPI networks. Perturbations are mainly from two
sources: endogenous genetic mutations, and exogenous factors such as pathogens and drug
molecules. In much the same way genetic diseases can be viewed as resulting from mutation-
induced perturbation of a patient’s protein interactome, infectious diseases can be viewed as
resulting from pathogen-induced perturbation of the host’s protein interactome. There are clear
advantages to using structurally-resolved, as opposed to whole-protein resolution PPl networks,
because knowledge of the PPI interface is crucial to uncovering the mechanism of host-pathogen
interactions, and the PPI interface is only preserved in structurally-resolved networks, but not in
whole-protein resolution networks. For instance, previous studies found that human-virus PPI
interfaces overlap extensively with human-endogenous PPI interfaces, suggesting that rather than
creating new interfaces, viruses tend to repurpose existing interfaces in the human-endogenous
network for human-virus interactions [1]. This insight would not have been gained using a whole-
protein resolution network. It is conceivable that structurally-resolved host-pathogen PPI networks
can help elucidate the location of disease mutations with respect to pathogen-targeted host
domains, as well as the evolutionary origins of host-interacting structural modules within pathogen
proteins. The overall objective of this thesis is to characterize pathogen proteins as exogenous
perturbagens of the host protein interactome, using domain-resolved human-virus and eukaryote-
bacteria PPl networks. PPIs without experimentally determined structures are resolved using

domain-domain interaction templates derived from solved structures of protein complexes.



In Chapter 3, I used a domain-resolved human-virus PPI network to examine correlations between
structural features of viral proteins and their mechanistic involvement in human disease. An
important goal of systems medicine is to study disease in the context of genetic and environmental
perturbations to the human interactome network. For diseases with both genetic and infectious
etiologic factors, a key postulate is that similar perturbations of the human protein interactome by
either disease mutations or pathogens can have similar disease consequences. This postulate has
so far only been tested for a few viral species at the whole-protein level. Here, | expanded the
scope of viral species and tested this postulate more rigorously at the higher resolution of protein
domains, by constructing a domain-resolved human-virus PPI network where human domains are
annotated with disease mutations. | show that missense mutations and viral infections leading to
similar diseases tend to perturb the same human domains and domain-domain interactions. In
addition, domains of human oncoproteins either physically targeted or structurally mimicked by
oncoviruses are enriched for cancer driver rather than passenger mutations. These results suggest
that similar perturbations of the human protein interactome at the domain level can have equivalent

phenotypic consequences, regardless of the source of perturbation.

In Chapter 4, | used a domain-resolved eukaryote-bacteria PPl network to examine correlations
between structural features of bacterial effector proteins and their potential for targeting eukaryote-
specific cellular processes. Effector proteins are bacterial virulence factors secreted directly into
host cells and, through extensive interactions with host proteins, rewire host signalling pathways
to the advantage of the pathogen. Despite the crucial role of globular domains as mediators of
PPIs, previous structural studies of bacterial effectors are primarily focused on individual domains,
rather than domain-mediated PPIs, which limits their ability to uncover systems-level molecular

recognition principles governing host-bacteria interactions. Studies of host-bacteria PPIs have so



far examined either individual interactions at the domain level [2], or interactome networks at the
whole protein level [3], but never both at the domain level and on an interactome scale. Here, | ask
the following new question: how do host-bacteria PPIs mimic and modulate host-endogenous PPIs
at the protein domain level on an interactome scale? To answer this question, | carried out two
analyses of host-interacting bacterial proteins: the first on mimicry of host-endogenous binding
sites by bacterial effectors, and the second on enrichment of host-interacting domains and short
linear motifs in bacterial effectors. In the first analysis, | examined the mechanism of host binding
site mimicry by bacterial proteins where, rather than creating new binding sites, bacteria recruit
existing binding sites involved in host-endogenous PPIs for host-bacteria PPIs [2]. Previous studies
of host-virus interactions found that binding site sharing among human proteins is largely
attributable to divergent evolution through gene duplication, whereas binding site mimicry by viral
proteins tends to involve convergent evolution of unique host-interacting modules in viruses [1,
4]. Similar analyses have yet to be performed for host-bacteria interactions. In the second analysis,
| tested the hypothesis that compared to non-effector proteins, bacterial effectors are enriched for
domains that either mimic or target host domains involved in eukaryote-specific domain-domain
interactions (DDIs). In addition to domains, I also tested whether effectors tend to contain a higher
variety and density of short linear motifs that interact with host domains mediating DDIs
exclusively in eukaryotes. | show that compared to the rest of the pathogen proteome, effectors are
enriched for domains that either structurally mimic or convergently target host domains involved
in eukaryote-specific DDIs, as opposed to DDIs that are conserved between eukaryotes and
bacteria. Moreover, in the absence of eukaryotic-like domains or among pathogen proteins without
domain assignment, effectors harbour a higher variety and density of motifs which are known to

interact with eukaryotic domains.
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Chapter 2: Literature Review

Cellular processes are driven and regulated by highly coordinated biomolecular interaction
networks — a prime example being the protein-protein interaction (PPI) network, often referred to
as the protein interactome [5, 6]. When a cell is subjected to stress conditions such as genetic
mutations or infectious agents, PPIs are often perturbed and as a result, the interactome network is
rewired. Pathogenic viruses and bacteria encode a multitude of virulence factors that mimic or
target host proteins involved in actin remodelling, protein degradation and cell cycle regulation,
which helps the pathogen propagate in the host while bypassing immune surveillance [7, 8].
Despite insights gained from studies showing host-binding and modulatory properties of specific
microbial virulence factors, there has yet to be a comprehensive, structural characterization of
virulence factors as a general class of exogenous “perturbagens” of the host protein interactome.
This thesis aims to examine correlations between the structural composition of microbial virulence
factors and their mechanistic involvement in host genetic diseases, as well as their propensity for
repurposing or redirecting host-specific cellular processes, using a domain-resolved interaction
network consisting of within-human, within-pathogen and human-pathogen PPIs. Extraction of
these molecular insights requires careful consideration of the physicochemical and structural
features of PPI interfaces, which are preserved in structurally-resolved PPl networks, but are
obscured in low-resolution PPI networks that treat proteins and PPIs as indistinguishable nodes
and edges. Below is a review of current literature on high-throughput screens for protein-protein
interactions, methods for constructing structurally-resolved PPl networks, and applications of

structural interaction networks in the systems biology of genetic and infectious diseases.
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High-throughput screens for protein-protein interactions. A cell is often compared to an
ensemble of molecular machines, sustained by networks of interacting biomolecules which include
proteins, nucleic acids, and metabolites. There are, broadly speaking, two distinct types of
interactions: physical and genetic. Physical associations among proteins dictate the formation of
protein complexes and signalling cascades, which are crucial components of the molecular
machinery. Genetic interactions, on the other hand, reflect functional relationships between genes
and are responsible for non-additive effects of genetic variation on complex phenotypic traits [9].
Proteome-wide PPI networks of varying degrees of completeness have been mapped for several
viral, bacterial, and eukaryotic species, as well as for interspecies interactions [10-13]. Two
popular techniques for high-throughput interactome mapping are yeast two hybrid (Y2H) and

affinity purification followed by mass spectrometry (AP-MS).

The original Y2H system operates on the principle that the DNA-binding domain (BD) and
transcription-activating domain (AD) of the yeast transcription activator GAL4 function
independently of each other and can be expressed separately as fusion constructs with bait and
prey proteins. When BD and AD are brought together via bait-prey interaction, the reconstituted
transcription activator recovers the ability to activate transcription of a reporter gene [14]. Since
its introduction by Fields and Song, modified versions of Y2H have been developed to overcome
some of the limitations of the original assay [15]. One such example is the repressed transactivator
system for bait proteins that can transactivate reporter genes on their own, regardless of bait-prey
interaction [16]. Here, the prey is fused to the repression domain of a transcription repressor, such
that bait-prey interaction would instead lead to repression of reporter gene transcription. Another
example is the RAS recruitment system for bait-prey interactions occurring outside the nucleus,

where transcription happens in eukaryotes [17]. Here, cytosolic bait is fused to constitutively active
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RAS, such that should the bait interact with a membrane-anchored prey, the bait-RAS fusion
construct would be recruited to the plasma membrane where it would activate MAPK signalling,
thereby replacing transcriptional activation as the readout. Other modified versions of Y2H use
yeast ectopically overexpressing protein-modifying enzymes or bait fused to cognate modifying
enzymes to screen for interactions that are dependent on post-translational modifications [18, 19].
Despite its ease of automation, scalability, and variants of Y2H having greatly improved coverage
of the cellular proteome, some limitations of the Y2H system remain. A common cause of false
positives is expression of bait and prey which, under normal circumstances, are not co-expressed
in the same subcellular compartment at the same time [20]. Meanwhile, a common cause of false
negatives is the lack of certain post-translational modifications in yeast, which may be required
for protein folding and interaction in higher eukaryotes [21, 22]. For these reasons, mammalian
two-hybrid systems have been developed to recapitulate the native cellular environment for

mammalian proteins and verify interactions detected by Y2H [23].

AP-MS involves purification, digestion, and ionization of tagged bait proteins bound to interacting
preys, followed by sequencing of peptides [24]. AP-MS offers several advantages over Y2H, such
as: (1) interactions can be screened in native organisms and cell types; (2) post-translational
modifications and cofactors which may be required for protein complex formation are preserved,;
and (3) quantitative MS allows identification of dynamic changes in the composition,
stoichiometry, and post-translational modification of protein complexes in response to stimuli [25].
Limitations of AP-MS include: (1) the purification step may disrupt weak or transient interactions,
or interactions involving membrane proteins, which can be stabilized to some extent with chemical
crosslinkers [26]; and (2) distinct complexes with overlapping members may be arbitrarily

clustered into a single complex, rather than resolved into biologically meaningful protein
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assemblies [27]. Since AP-MS does not typically distinguish between direct and indirect bait-prey
interactions, interactions detected by AP-MS should be verified by high-confidence biochemical
assays such as coimmunoprecipitation, or biophysical assays based on fluorescence transfer or
complementation [28]. An advantage of fluorescence-based methods is the ability to visualize the
subcellular distribution of protein complexes. In addition, results of Y2H and AP-MS can also be
scrutinized by bioinformatics analyses that integrate information from heterogeneous datasets such
as co-expression [29], gene ontology annotation [30], and homologous interactions identified in
other species [31]. Comparison of Y2H and AP-MS data has shown that while both are of equally
high quality, the interaction networks produced are complementary in nature, with the binary

network being enriched for transient and inter-complex interactions [32].

Structurally-resolved protein interaction networks. High-throughput Y2H data have played a
crucial part in mapping the protein interactomes of several organisms, including yeast, worm, fly
and human [33-36]. For instance, the Human Interactome Project used Y 2H for unbiased screening
of all pairwise combinations of 15,517 human open-reading frames (ORFeome), which span half
of the interactome space, and identified 14,000 binary PPIs [37]. The authors found that in contrast
to literature-curated PPIs, where frequently studied proteins tend to occupy a dense zone while
poorly studied proteins are relegated to a sparse zone, PPIs identified via unbiased screening of
the human ORFeome are distributed evenly over the interactome space, regardless of the
“popularity” of a protein among investigators. Furthermore, the PPIs are significantly enriched for
co-localized proteins and kinase-substrate pairs, and are also more susceptible to perturbation by
missense disease mutations than by non-disease mutations. The latter finding is a motivation for
edgetic perturbation, where genetic mutations are introduced in an unbiased fashion, and the loss,

retention, or gain of interaction between the mutant protein and all other proteins, i.e. “edgotype”,
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is captured and serves as a molecular proxy for disease outcomes of genetic variation [38]. A
subsequent proof-of-concept study systematically compared the edgotype profiles of disease
mutations and common genetic variants, and found that disease mutations are more likely to
destabilize protein structure and perturb protein-protein and protein-DNA interactions [39].
Moreover, different mutations on the same gene often lead to distinct perturbation profiles, which
are broadly classified as: (1) quasi-null, where all PPIs involving the mutant protein are lost; (2)
edgetic, where only a subset of PPIs are lost; and (3) quasi-wild-type, where all PPIs involving the
mutant protein are retained. By comparing the edgotype profiles of mutant and wild-type proteins,
the study provides an experimental framework for assessing the pathogenic potential of genetic

variants identified in genome-wide association studies.

The phenomenon of edgetic perturbation, i.e. PPI perturbation is interface-dependent, highlights
the need for incorporating protein structural information into interactome analysis pipelines [40,
41]. As experimental determination of protein structure can be time-consuming and resource-
intensive, template-based modelling is an efficient alternative for structural annotation of protein
complexes, based on alignment to previously solved 3D structures in the Protein Data Bank (PDB).
Homology modelling is a popular template-based method that uses sequence alignment to map
residues of a target protein with unknown structure onto residues of a template protein with known
structure. It is based on the observation that tertiary structure is more conserved than amino acid
sequence, such that even homologues having as low as 30% sequence identity can have similar
structures [42]. In practice, homology modelling begins with a BLAST search to identify template
structures that are homologous to the target. To improve robustness of the target-template
alignment, target and template sequences can be converted to frequency profiles, in the form of

multiple sequence alignments with their respective homologues, which can capture structural
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features conserved among remote homologues within the same family [43, 44]. Target and
template profiles are then aligned, and the resulting profile-profile alignment is used to build the
homology model [45, 46]. In addition to atomic coordinates, domain assignment can also be
transferred from template to target, which increases coverage of the proteome space, albeit at the
cost of reduced resolution [47-49]. Overall, homology modelling is a reliable technique that can
provide qualitative insight into the physical and evolutionary properties of residues, such as solvent
accessibility and degree of conservation, which are useful in predicting functional sites [50]. A
major limitation of homology modelling, however, is its dependency on homologous structures
and sufficient sequence identity between target and template. Gaps in the alignment and template
structure, such as in flexible loop regions, as well as low sequence identity between target and
template, can seriously compromise the quality of homology models [51]. An alternative template-
based modelling method is threading, which can be used for predicting the structure of proteins
without close homologues at the sequence level. Threading is based on the premise that there are
a limited number of unique protein folds, and that secondary structure is more conserved than
amino acid sequence [52, 53]. Unlike homology modelling, which only uses sequence alignment
for structure prediction, threading leverages structural information in solved structures (e.g.
interactions among adjacent residues, local secondary structure, solvent accessibility, etc.) to

predict how well a fold fits a particular sequence [54, 55].

Applications of structural interaction networks in systems biology. Atomic and domain-
resolution homology models have been used to resolve both intra- and inter-species PPIs [1, 4,
56]. Structurally-resolved PPI networks have proved useful for exploring the mechanisms of
genetic diseases as well as molecular recognition principles governing host-pathogen interactions.

For instance, Wang et al. built a domain-resolution PPI network involving disease proteins and
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found that mutations in different PPI-mediating domains of the same protein tend to be associated
with clinically distinct disorders [57]. Using PDB structures and atomic-resolution homology
models of within-human and human-virus PPIs, Franzosa and Xia discovered extensive overlap
between the endogenous (within-human) and exogenous (human-virus) PPI interfaces on human
proteins that have both viral and human binding partners [1]. Importantly, while two human
proteins occupying the same interface tend to be structurally similar, a viral protein and a human
protein occupying the same interface tend to be structurally distinct. This finding implies that
sharing of endogenous interface among human proteins is largely a consequence of divergent
evolution through gene duplication, whereas mimicry of endogenous interface by viral proteins
tends to involve convergent evolution of unique host-interacting modules in viruses. Moreover,
compared to exclusively endogenous interfaces, overlapping endogenous-exogenous interfaces
tend to be used transiently by multiple human binding partners and evolve faster. A follow-up
study expanded the coverage of the human-virus structural interaction network and confirmed, at
the domain level, a lack of structural similarity between viral and human proteins binding to the
same domain on a common human target [4]. Moreover, human-virus PPIs tend to involve viral
proteins containing multiple, unique short linear motifs and human proteins containing linear
motif-binding domains. The authors conclude that the economical and pleiotropic nature of
domain-motif interactions helps virus overcome genome size constraints. In other words, by
encoding highly degenerate motifs that are recognizable by multiple host domains, a few viral
proteins can hijack many host pathways at once. These studies demonstrate that pathogens can
induce massive rewiring of host interactome networks, similar to perturbation of the yeast genetic
interaction network by DNA-damaging agents [58], and rewiring of the human protein interaction

network by cancer mutations [59].
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In addition to uncovering the molecular mechanisms of human-virus PPIs, structural
characterization of pathogen proteins has also yielded insight into the function and evolution of
bacterial effector proteins, which are virulence factors secreted directly into host cells, where they
interact extensively with host proteins. Current literature contains many case studies of bacterial
effectors targeting host domains involved in host-endogenous PPIs via eukaryotic-like domains or
bacteria-exclusive domains. For instance, Ralstonia solanacearum has acquired a host-like F-box
domain (PF00646) that competes with host-endogenous F-box protein for binding to SKP1, thus
hijacking the ubiquitin-proteasome pathway in Arabidopsis thaliana [60], while Shigella flexneri
has convergently evolved a GEF domain (PF03278) that competes with host Rho GEF, thus
activating the Rho GTPase signalling pathway in humans [61]. In addition to mechanistic studies
of individual host-targeting domains in bacteria, databases of eukaryotic-like domains and short
linear motifs provide a snapshot of the extent to which bacterial pathogens mimic host structural
modules. For instance, EffectiveDB, a database for predicting bacterial effectors based on several
criteria including the presence of eukaryotic-like domains, currently reports 2,636 eukaryotic-like
domains as being significantly enriched (Z-score > 4) in the genomes of pathogenic vs. non-
pathogenic bacteria [62]. Meanwhile, the Eukaryotic Linear Motif Resource currently contains
~100 instances of bacteria-mimicked eukaryotic short linear motifs from a small number of
extensively studied pathogenic species [63]. Recent studies have demonstrated the usefulness of
joint analysis of host-bacteria and within-bacteria PP1 networks. For instance, Crua Asensio et al.
found that bacterial virulence factors are fundamentally different from other bacterial proteins, in
terms of their centrality in the host-bacteria vs. within-bacteria PP1 network [64]. The authors show
that bacterial proteins which are highly connected in the host-bacteria PPI network tend to be

sparsely connected in the within-bacteria PP1 network. Furthermore, deletion of virulence proteins
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has a negative impact on pathogen fitness inside the host, but not outside the host. In other words,
essentiality of pathogen proteins is context-dependent: proteins which increase pathogen
infectivity in the host are dispensable for pathogen growth outside the host, and vice versa. A
follow-up study compared within-eukaryote, within-bacteria and eukaryote-bacteria protein
complexes at the level of residue interactions, and found that bacteria use imperfect mimicry of
eukaryotic interfaces to maximize interactions with host proteins while minimizing interactions

with other bacterial proteins, thereby maximizing infectivity and minimizing self-toxicity [65].

Owing to their ability to perturb host interactome networks, pathogens have found diverse
applications in clinical research, ranging from etiologic studies to the development of oncolytic
therapies. For instance, Gulbahce et al. found that proteins associated with virally-implicated
diseases are either directly targeted by virus or are transcriptionally regulated by viral targets, as
evidenced by their differential expression in virally-implicated disease tissues relative to healthy
tissues [66]. A follow-up study confirmed that oncoviral infections and oncogenic mutations cause
similar perturbations to the human interactome at the whole-protein level, suggesting that
screening for oncoviral targets can complement functional genomics approaches and improve the
specificity of cancer gene identification [67]. Oncolytic viro- and bacteriotherapy present
alternative modes of cancer treatment, with some virotherapies having entered late phase clinical
trials [68-71]. There are several advantages to virotherapy: (1) viruses naturally prefer to replicate
in intra-tumoral environment, where overworked host machineries produce abundant nutrients; (2)
viruses simultaneously impinge on multiple cellular processes, thereby overcoming drug-
resistance by polymorphic subpopulations of cancer cells; and (3) viruses can redirect host immune

response from eradicating viral infection to eliminating cancer, and alert distant immune cells to
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the presence of cancer. Hence, virotherapy may have improved efficacy and safety profiles over

conventional radio- and chemotherapy [72].
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3.1 Abstract

An important goal of systems medicine is to study disease in the context of genetic and
environmental perturbations to the human interactome network. For diseases with both genetic and
infectious contributors, a key postulate is that similar perturbations of the human interactome by
either disease mutations or pathogens can have similar disease consequences. This postulate has
so far only been tested for a few viral species at the level of whole proteins. Here, we expand the
scope of viral species examined, and test this postulate more rigorously at the higher resolution of
protein domains. Focusing on diseases with both genetic and viral contributors, we found
significant convergent perturbation of the human domain-resolved interactome by endogenous
genetic mutations and exogenous viral proteins inducing similar disease phenotypes. Pan-cancer,
pan-oncovirus analysis further revealed that domains of human oncoproteins either physically
targeted or structurally mimicked by oncoviruses are enriched for cancer driver rather than
passenger mutations, suggesting convergent targeting of cancer driver pathways by diverse
oncoviruses. Our study provides a framework for high-resolution, network-based comparison of
various disease factors, both genetic and environmental, in terms of their impacts on the human

interactome.
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3.2 Author summary

Cellular function and behaviour are driven by highly coordinated biomolecular interaction
networks. A prime example is the protein-protein interaction network, often simply referred to as
the “interactome”. Recent advances in systems biology have spawned the view of human disease
as a manifestation of genetic and environmental perturbations to the human interactome, a key
postulate being that similar perturbation patterns lead to similar disease phenotypes. Here, we took
a structural systems biology approach to compare mutation-induced and virus-induced
perturbations of the human interactome in diseases with both genetic and viral contributors.
Specifically, we constructed a domain-resolved human-virus protein interactome and
characterized the distribution of genetic disease mutations with respect to human domains either
physically targeted or structurally mimicked by virus. Overall, we found significant convergent
perturbation of the human domain-resolved interactome by viruses and mutations inducing similar
disease phenotypes. Structure-guided, integrated analysis of host genetic variation and host-
pathogen protein interaction data may help elucidate the molecular mechanisms of infection and
reveal its connections to genetic diseases such as cancer, autoimmunity, and neurodegeneration.
On a broader note, our finding implies that similar perturbations of the human interactome at the

domain level can have similar phenotypic consequences, regardless of the source of perturbation.
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3.3 Introduction

Cellular function and behaviour are driven by highly coordinated biomolecular interaction
networks. A prime example is the protein-protein interaction (PPI) network, also known as the
protein “interactome” or interactome for short. A central focus of disease systems biology is to use
interactome networks to study genotype-phenotype relationships in complex diseases [1]. The idea
of using interactome networks to infer gene function and gene-disease association comes from the
well-validated principle of “guilt by association”, which states that physically interacting proteins
tend to share similar functions and, by extension, tend to be involved in similar disease processes
[1-4]. Recent advances in systems biology have spawned the view of human disease as a
manifestation of genetic and environmental perturbations to the human interactome, a key
postulate being that similar perturbation patterns lead to similar disease phenotypes [5-8]. A
corollary is that, for diseases with both genetic and infectious contributors, similar perturbations
of the human interactome by either disease mutations or pathogens can have similar disease
consequences. This corollary has been tested for several viral species at the level of whole proteins
[9, 10]. For example, Gulbahce et al. used yeast two-hybrid screens to map binary interactions
between Epstein-Barr virus (EBV) and human papillomavirus (HPV) proteins and human proteins,
and transcriptionally profiled human cell lines exogenously expressing HPV oncoproteins E6 and
E7 [9]. They found that human genes associated with EBV- and HPV-implicated genetic diseases
were often either directly targeted by the virus or transcriptionally regulated by viral targets. This
finding led to the idea that oncoviral proteins may preferentially target host proto-oncogenes and
tumour suppressors, which was experimentally validated in four families of DNA oncoviruses

[10].
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Despite insights from these studies on the etiology of virally-implicated genetic diseases,
there has yet to be a systematic, structure-based comparison of mutation-induced and pathogen-
induced perturbations of the human interactome. A high-resolution, structurally-resolved network
biology approach is important for unravelling complex genotype-phenotype relationships, because
mutations occurring in different PPI-mediating interfaces on the same protein often have distinct
functional impacts and phenotypic consequences [5-8]. In this regard, structural systems biology
has proved useful in uncovering evolutionary properties of single- and multi-interface PPI network
hubs, systems-level principles governing human-virus interactions, and systems properties of
disease variants [6, 11, 12]. For instance, by constructing atomic-resolution human-virus and
within-human protein interactomes, Franzosa and Xia discovered that viral proteins tend to target
existing endogenous PPI interfaces in the human interactome, rather than creating exogenous
interfaces de novo, thereby efficiently perturbing multiple endogenous PPIs involved in cell
regulation [12]. In a follow-up study, Garamszegi et al. expanded the coverage of the human-virus
interactome using domain-resolved models of PPIs, and found that viral proteins tend to deploy
short linear motifs to bind a variety of human protein domains [13]. The economical and
pleiotropic nature of “host domain-viral motif” interactions reflects the efficiency with which
viruses rewire the human interactome given limited genomic resources at their disposal.
Meanwhile, Wang et al. constructed a domain-resolution within-human interactome where protein
domains are annotated with disease variant information [6]. They found that mutations occurring
in different PPI-mediating domains within the same protein tend to be associated with different
disorders (“gene pleiotropy”). By contrast, mutations occurring in the domains of two different but

interacting proteins, where the interaction is mediated by said domains, tend to be associated with
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the same disorder (“locus heterogeneity”). These studies attest to the utility of structural systems
biology in the study of infectious and genetic diseases.

Here, we apply structural systems biology to the study of virally-implicated genetic
diseases (VIDs), and rigorously test the postulate that endogenous genetic mutations and
exogenous viral proteins give rise to similar disease phenotypes by inducing similar perturbations
of the human interactome at the level of protein domains. Specifically, we constructed a domain-
resolved human-virus protein interactome and characterized the distribution of genetic disease
mutations with respect to human domains targeted by virus. Overall, we found that viral proteins
and VID mutations induce similar perturbations of the human domain-resolved interactome, for
individual viruses with clearly defined VIDs and sufficient numbers of host-virus PPIs (including
EBV, HPV and HIV), for oncoviruses, as well as for all viruses combined. We first analyzed the
disease associations of host proteins targeted by viral proteins and confirmed that virus-targeted
proteins tend to be causally associated with VIDs rather than non-VIDs. We then analyzed the
domain-level distribution of disease mutations in virus-targeted proteins and found that virus-
targeted domains are significantly enriched for mutations causing VIDs rather than non-VIDs.
Using a pooled analysis of all oncoviruses and all oncomutations, we found oncovirus-targeted
domains to be significantly enriched for mutations causing cancer rather than other diseases.
Furthermore, domains of oncoproteins either physically targeted or structurally mimicked by
oncoviruses are significantly enriched for cancer driver mutations rather than passenger mutations,
which implies convergent perturbation of cancer driver pathways by diverse oncoviruses. Finally,
we also assessed the extent to which viral proteins and VID mutations perturb the same domain-
domain interactions (DDIs) in the human interactome. We found that viruses preferentially target

DDI partners of domains harbouring VID mutations, regardless of whether the DDI partners
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themselves are susceptible to known disease mutations. By correlating the equivalent
pathogenicity of viral proteins and VID mutations with their convergent perturbation of the human
domain-resolved interactome, we provide a framework for high-resolution, network-based
comparison of the functional impacts of both genetic and environmental disease factors. On a
broader note, our finding implies that similar perturbations of the human interactome at the domain

level can have similar phenotypic consequences, regardless of the source of perturbation.
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3.4 Results

3.4.1 Disease-annotated, domain-resolved human-virus protein interaction network

We first acquired human-endogenous and human-virus binary PPl data from IntAct,
HPIDB 3.0, and the HIV-1 Human Interaction Database [14-18]. Only PPIs supported by at least
one PubMed ID were included in the whole-protein resolution human-virus interactome, which
consists of 173830 PPIs between 15995 human proteins, and 28531 PPIs between 7761 human
proteins and 624 viral proteins. 7211 human proteins participate in both endogenous and
exogenous PPIs. To build homology models of PPIs, we collected high-confidence domain-
domain interaction (DDI) and domain-motif interaction (DMI) templates derived from 3D
structures of protein complexes in the Protein Data Bank, and scanned protein sequences for the
occurrence of Pfam domains and domain-binding linear motifs [19-23]. Structural models were
assigned to each PPI by extracting all DDIs and DMIs possibly mediating the PPI. The resulting
domain-resolved human-virus structural interaction network (hvSIN) consists of 61041 PPIs
between 11596 human proteins, and 4654 PPIs between 1590 human proteins and 405 viral
proteins. 1517 human proteins participate in both endogenous and exogenous portions of hvSIN.

We then obtained manually-curated disease variant data from UniProtKB and ClinVar [24,
25], selecting missense variants located inside Pfam domains for our analyses. Overall, 19047
mutations associated with 5383 diseases were mapped to 3585 domains of 2622 proteins. 14720
mutations associated with 4185 diseases were mapped to 2642 domains of 1864 human proteins
in hvSIN. Table 1 lists the number of mutations by the type of domain in which they occur.
Incidentally, 1272 domains of 957 human proteins in hvSIN are susceptible to disease mutations,
but lack interacting domains or motifs. 850 of these 1272 domains harbour a total of 4154
mutations associated with 1381 diseases that are not accounted for by mutations occurring in PPI-

mediating domains in hvSIN. Because the completeness of a domain’s PPI profile depends largely
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on the interactome search space and availability of 3D structures of protein complexes, and
domains often have important biological functions besides mediating PPIs (e.g. enzymatic or
nucleotide-binding activity), we included all domains of virus-targeted host proteins in a
comprehensive analysis of the domain-level distribution of disease mutations.

Table 3.1 Number of disease mutations mapped to human protein domains in the human-
virus structural interaction network (hvSIN).

Proteins | Domains Disease Diseases
mutations
All disease proteins in hvSIN 1864 2642 14720 4185
Disease proteins containing exclusively 924 1147 7073 2281
endogenously-interacting domains
Disease proteins containing exclusively 9 9 19 15
exogenously-interacting domains
Disease proteins containing overlapping 200 214 1300 583
endogenous-exogenous domains
Disease proteins containing domains 957 1272 6328 2224
without annotated interacting domains
or motifs

3.4.2 Virus-targeted host domains are enriched for virally-implicated disease mutations

To relate the equivalent pathogenicity of viral proteins and VID mutations to their
equivalent perturbation of the host interactome, we first characterized the mutational landscape of
human proteins targeted by EBV, HPV and HIV, three viruses with clearly defined VIDs and
sufficient numbers of host-virus PPIs. Since most oncoviruses are causally implicated in only a
few site-specific malignancies (e.g. HBV/HCV in hepatocellular carcinoma, KSHV in Kaposi’s
sarcoma, and HTLV in adult T-cell lymphoma), and various types of cancer share common
molecular hallmarks [26, 27], to increase the statistical power of our analysis and establish whether

a general equivalence exists between endogenous and exogenous perturbagens of oncogenic
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pathways, we also performed a pooled analysis of host proteins targeted by diverse oncoviruses,
by considering all types of cancer as interchangeable diseases, all oncomutations as
interchangeable endogenous perturbagens, and all oncoviral proteins as interchangeable
exogenous perturbagens. We found that for EBV, HIV, HPV and a broad spectrum of oncoviruses,
virus-targeted host proteins tend to be causally associated with VIDs (Fig 1), and virus-targeted
host domains tend to harbour mutations causally associated with VIDs (Fig 2). We discuss our
findings for each type of virus below. A full list of VIDs and disease-associated proteins for EBV,

HPV and HIV can be found in S1 Table.

Virus—targeted host proteins are enriched for VID proteins
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Figure 3.1 Virus-targeted host proteins tend to be causally associated with virally-
implicated diseases (VIDs).

“VID proteins” have at least one missense variant that is causally associated with a VID, whereas
all missense variants of “non-VID proteins” are exclusively associated with non-VIDs. Literature-
curated, virus-specific diseases for EBV, HPV and HIV are listed in S1 Table. For pooled analysis
of oncoviruses, VIDs include all types of cancer (Methods). For pooled analysis of all viruses,
VIDs include all proliferative and immunological diseases (Methods). Error bars represent 95%
confidence intervals.
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Virus—targeted host domains are enriched for VID mutations
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Figure 3.2 Virus-targeted host domains tend to harbour mutations causally associated with
virally-implicated diseases (VIDs).

“VID mutations” are causally associated with at least one VID, whereas “non-VID mutations” are
exclusively associated with non-VIDs. Error bars represent 95% confidence intervals.

EBV. EBV is involved in lymphomas of the B, T, and NK-cell lineages as well as in
adenocarcinomas of epithelial cells [28-32]. EBV hijacks cellular signaling processes by encoding
viral homologues of cellular proteins that play key roles in apoptosis and proliferation. Examples
include EBNA2 (mimics Notch signaling), LMP1 (mimics CD40 receptor signaling), LMP2
(mimics IgG receptor signaling), BALF1 and BHRF1 (homologues of cellular Bcl-2), and BCRF1
(homologue of cellular IL-10) [27]. All EBV homologues share at least one PPI partner with their
cellular counterparts. Overall, EBV targets 11/99 (11.1%) host proteins associated with EBV
diseases, and 51/2523 (2%) host proteins associated with non-EBV diseases, i.e. EBV tends to
directly target host proteins causally associated with EBV-implicated diseases (Fisher’s exact test,
two-tailed P = 1 x 10°) (Fig 1). Analysis of the domain-level distribution of disease mutations
found that 35/43 (81.4%) EBV-disease mutations and 62/856 (7.2%) non-EBV disease mutations
occur in EBV-targeted domains, suggesting that EBV-targeted domains are significantly enriched

for EBV-disease mutations (Fisher’s exact test, two-tailed P < 2.2 x 10¢) (Fig 2). Fig 3A shows
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the exclusive localization of mutations causing lung cancer, an EBV-implicated disease, in EBV-
targeted tyrosine kinase domain (PF07714) of EGFR protein, while mutations causing other

diseases such as brain cancer are evenly distributed among all domains of EGFR.
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Figure 3.3 Exclusive localization or enrichment of VID mutations in virus-targeted domains.

(A) Exclusive localization of mutations causing lung cancer, an EBV-implicated disease, in EBV-
targeted tyrosine kinase domain of EGFR protein. (B) Exclusive localization of mutations causing
vulvar cancer and lung cancer, both HPV-implicated diseases, in HPV-targeted B domain of RB
protein. (C) Exclusive localization of mutations causing cervical cancer, an HIV-implicated
disease, in HIV-targeted PI3-kinase domain of MTOR protein, while mutations causing other
diseases such as focal cortical dysplasia and Smith-Kingsmore syndrome are evenly distributed
among all domains of MTOR. (D) Moderate enrichment of oncomutations in KSHV-targeted SH2
domain of PTPN11 protein, compared to mutations causing Noonan syndrome. Most of the
oncomutations cause juvenile myelomonocytic leukemia, a disease although not caused by KSHV,
is mimicked clinically and morphologically by other human herpesvirus infections, including
EBV, CMV and HHV-6. VID mutations are shown as dark green diamonds. Non-VID mutations
are shown as orange diamonds. Amino acid residues in virus-targeted domains are shown as light
green squares. Residues in domains not targeted by virus are shown as yellow squares.

HPV. High-risk human papillomaviruses (HPV16, 18, 31, 33, 35, 39, 45, 51, 52, 56, 58, 59, 66,
68), as defined by the Centers for Disease Control and Prevention (CDC) and International Agency

for Research on Cancer (IARC), are established etiological agents for cervical, oropharyngeal and
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anogenital cancers [33-35]. Several studies have also reported an association between HPV and
cancers of the bladder [36], breast [37], lung [38], and prostate [39]. Overall, HPV targets 5/79
(6.3%) host proteins associated with HPV diseases, and 17/2543 (0.7%) host proteins associated
with non-HPV diseases, i.e. HPV tends to directly target host proteins causally associated with
HPV-implicated diseases (Fisher’s exact test, two-tailed P = 3 x 10#) (Fig 1). Analysis of the
domain-level distribution of disease mutations found that 117/119 (98.3%) HPV-disease mutations
and 94/150 (62.7%) non-HPV disease mutations occur in HPV-targeted domains, suggesting that
HPV-targeted domains are significantly enriched for HPV-disease mutations (Fisher’s exact test,
two-tailed P = 2 x 10"*) (Fig 2). Fig 3B shows the exclusive localization of mutations causing
vulvar cancer and lung cancer, both HPV-implicated diseases, in HPV-targeted B domain
(PF01857) of RB protein, while mutations causing other diseases such as retinoblastoma are evenly
distributed among all domains of RB.

HIV. HIV substantially raises the risk of Kaposi’s sarcoma, non-Hodgkin’s lymphoma and
cervical cancer [40], as well as cancers of the anus, liver, lung, oropharynx and testes [41].
Although HIV-encoded accessory proteins such as Tat and Nef have demonstrated oncogenic
properties on their own [42-44], HIV-associated cancers are mostly attributed to opportunistic
infections with oncoviruses such as KSHV, EBV, HPV, and Hepatitis B/C virus. In addition, other
HIV-associated complications such as cardiomyopathy and neurocognitive disorders have become
increasingly common in the post-HAART era [45-50]. Overall, HIV targets 23/132 (17.4%) host
proteins associated with HIV diseases, and 120/2490 (4.8%) host proteins associated with non-
HIV diseases, i.e. HIV tends to directly target host proteins causally associated with HIV-
implicated diseases (Fisher’s exact test, two-tailed P = 3 x 107) (Fig 1). Analysis of the domain-

level distribution of disease mutations found that 103/158 (65.2%) HIV-disease mutations and
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479/898 (53.3%) non-HIV disease mutations occur in HIV-targeted domains, suggesting that HIV-
targeted domains are significantly enriched for HIV-disecase mutations (Fisher’s exact test, two-
tailed P = 7 x 10°®) (Fig 2). Fig 3C shows the exclusive localization of mutations causing cervical
cancer, an HIV-implicated disease, in HIV-targeted PI3-kinase domain (PF00454) of MTOR
protein, while mutations causing other diseases such as focal cortical dysplasia and Smith-
Kingsmore syndrome are evenly distributed among all domains of MTOR. In addition to offering
general insights on human-HIV interaction, our domain-resolved PP1 models also provide useful
information about specific HIV proteins. For instance, our model for the interaction between
human Aktl and HIV Nef involves the protein kinase domain (PF00069) of Aktl and a region of
Nef matching three overlapping motifs: MOD_NEK2_1 (residues 100-105), DOC_MAPK gen_1
(residues 105-112) and DOC_MAPK_MEF2A 6 (residues 105-114). Notably, our predicted Akt1-
binding region of Nef (residues 100-114) is consistent with the experimentally determined Akt1-
binding region of Nef (residues 55-210) [51]. hvSIN also reveals a previously unreported similarity
between the host interaction profiles of HIV Nef and the EBV oncoprotein LMP2, in that both can
bind the SH2 domain (PF00017) of Src family kinases (Lck, Lyn, Src) and Syk family kinases (Syk,
ZAP70), as well as the WW domain (PF00397) of the Nedd4 family of E3 ubiquitin ligases (ltch,
Nedd4), possibly revealing disease modules perturbed in common by HIV and EBV in AIDS-
related lymphoma [52, 53].

Oncoviruses. Oncoviruses contribute to 12% of human cancers worldwide and can activate in a
cancer cell the same molecular hallmarks shared among cancers of non-viral origin [27, 54]. In
fact, some of the most potent oncogenes were first discovered in retroviruses [55]. Oncoviruses in
hvSIN include human herpesviruses (HHV-4/EBV, HHV-5/CMV, HHV-8/KSHV), high-risk

HPVs, human polyomaviruses (BKV, JCV, MCV), hepatitis B and C viruses, human T cell
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lymphotropic virus (HTLV) and oncogenic retroviruses. Some oncoviruses, although not directly
infectious to human, are tumorigenic in other species, can transform human cells in vitro, and serve
as models for studying viral oncogenesis in human (e.g. murid herpesvirus 4) [56, 57]. Despite
HIV being classified by IARC as a Group 1 carcinogen and the in vitro oncogenicity of HIV-
encoded accessory proteins, we excluded it from the pooled analysis of oncoviruses, because there
is insufficient data on HIV prevalence and cancer incidence among HIV-infected individuals to
accurately assess the independent contribution of HIV to infection-attributable cancers [58].
Pooled analysis of all oncovirus-targeted host proteins found that oncoviruses target 34/194
(17.5%) oncoproteins and 119/2428 (4.9%) proteins associated with non-cancer diseases, i.e.
oncoviruses tend to directly target oncoproteins (Fisher’s exact test, two-tailed P = 1 x 10°) (Fig
1). Analysis of the domain-level distribution of disease mutations found that 314/413 (76%)
oncomutations and 371/1322 (28.1%) other disease mutations occur in oncovirus-targeted
domains (OVTDs), i.e. the odds of finding cancer-causing over other disease-causing mutations in
OVTDs is 8 times as high as that in non-OVTDs (Fisher’s exact test, two-tailed P < 2.2 x 10716)
(Fig 2). Fig 3D shows a moderate enrichment of oncomutations in KSHV-targeted SH2 domain
(PF00017) of PTPN11 protein, compared to mutations causing Noonan syndrome. Most of the
oncomutations cause juvenile myelomonocytic leukemia, a disease although not caused by KSHV,
is mimicked clinically by other human herpesvirus infections, including EBV, CMV and HHV-6
[59, 60]. Finally, we also assessed the mutational landscape of 107 oncovirus-targeted pleiotropic
proteins that are susceptible to both oncomutations and other disease mutations. Overall, 88/113
(77.9%) oncomutations and 110/179 (61.5%) other disease mutations were mapped to the OVTDs

of these pleiotropic proteins, suggesting that enrichment of oncomutations in OVTDs holds even
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at the level of individual proteins involved in both cancer and other diseases (Fisher’s exact test,
two-tailed P = 4 x 107%).

Viruses in proliferative and immunological diseases. All viruses have evolved sophisticated
mechanisms to subvert host transcriptional and signaling machineries for replication and
persistence. Viruses are known to encode homologues of cellular proteins to mimic mutant
oncoproteins (Fig 4A) or antagonize mutant cytokine receptors (Fig 4B). Viruses have also been
shown to abuse peptide motifs to modulate host signaling pathways, potentially mimicking the
effects of disease-causing mutations (Fig 4C). We suspect that viruses and mutations causing
proliferative and immunological diseases (PIDs) target similar human domains involved in cell
cycle progression, apoptosis, DNA repair and immune homeostasis. Proliferative diseases include
various neoplasms, both benign and malignant. Examples include lung cancer (Fig 3A), vulvar
and lung cancer (Fig 3B), cervical cancer (Fig 3C), juvenile myelomonocytic leukemia (Fig 3D),
glioblastoma multiforme and non-small-cell lung cancer (Fig 4A), lung cancer, breast cancer and
lymphoma (Fig 4C). Immunological diseases include autoimmune diseases, hypersensitivity, and
immunodeficiency disorders. One example of an immunological disease, inflammatory bowel
disease (IBD), is given in Fig 4B, where we show convergent perturbation of the IL10-binding

domain of IL-10R1 by both viral homologues of IL-10 and IBD mutations.
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Figure 3.4 Viral and mutational perturbations of host domains are mechanistically similar.

endothelial cell migration

viral budding lymphoma

(A) Viruses encode homologues of human proteins to mimic mutations in oncoproteins that cause
uncontrolled cell proliferation. Top: EGFRvIII deletion mutation, frequently detected in
glioblastoma multiforme (GBM) patients, and v-ErbB, encoded by avian leukosis virus, both lack
the EGFR ligand-binding domain. Meanwhile, an L858R missense mutation in the EGFR kinase
domain is frequently found in non-small-cell lung cancer (NSCLC). These alterations lead to
conformational changes that result in ligand-independent, constitutive kinase activity [61, 62]. (B)
Viruses encode homologues of human proteins to antagonize mutations in cytokine receptors that
cause hypersensitivity. Human IL-10 functions both as an immunosuppressant in the inhibition of
proinflammatory cytokines, and as an immunostimulant in the induction of MHC Il expression on
B cells. Mutations in the IL10-binding domain of IL-10R1 abrogate hIL10-induced
phosphorylation, leading to loss of immunosuppression and inflammatory bowel disease [63]. In
contrast, viral IL-10 homologues encoded by Epstein-Barr virus (EBV) and human
cytomegalovirus (HCMV) retain and amplify the immunosuppressive properties of hiL-10, thus
facilitating viral persistence after lytic infection [64]. ebvIL-10 selectively retains only the
immunosuppressive properties of hlL-10. cmvIL-10 binds with greater affinity to IL-10R1 than
hIL-10, while co-opting other IL10-associated pathways to amplify the immunosuppressive
properties of hIL-10. Interestingly, transgenic expression of vIL-10 has been tested in animal
models as an immunosuppressant option for transplant recipients [65]. In addition, abnormal
expression levels of IL-10, IL10-R1 and IL10-R2 has been suggested as a mechanism for diffuse
large B-cell lymphoma, a disease with clear EBV involvement [66]. (C) Viruses abuse peptide
motifs to modulate host signaling pathways, potentially mimicking the effects of disease-causing
mutations. Left: Kaposi’s sarcoma-associated herpesvirus (KSHV) protein K15-M uses a “PPLP”
motif to bind the SH3 domain (PF00018) of Src [67], which possibly induces conformational
opening of the Src kinase domain, thereby mimicking activating mutations such as Y527F [68].
Interestingly, a W121C mutation in the KSHV-targeted SH3 domain of Src has been identified in
lung cancer [69]. Middle: Murine polyomavirus (MPyV) Middle T antigen (MT) uses a tyrosine-
phosphorylated motif to recruit host Shcl, thereby promoting cell cycle progression [70].
Interestingly, a R175Q mutation in the MPyV-targeted PTB domain (PF00640) of Shcl has been
found to regulate tumorigenesis in mouse models of breast cancer [71]. Right: HIV protein gag
uses the late-budding domain to sequester host PTPN23 and facilitate viral budding [72]. The
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phosphatase domain (PF00102) of PTPN23 regulates cell migration via dephosphorylation of FAK
and is often mutated in cancer and developmental disorders [73, 74].

To establish whether a general equivalence exists between endogenous and exogenous
perturbagens of pathways associated with PIDs, we performed a pooled analysis of all virus-
targeted host proteins by considering all PIDs as a unique category of diseases with both genetic
and viral contributors, all PID mutations as interchangeable endogenous perturbagens, and all viral
proteins as interchangeable exogenous perturbagens. We found that overall, viruses tend to target
host proteins associated with PIDs (85/338, 25.1%) rather than non-PIDs (213/2284, 9.3%)
(Fisher’s exact test odds ratio = 3.3, two-tailed P = 1 x 10 (Fig 1), and virus-targeted domains
are enriched for mutations causing PI1Ds (525/737, 71.2%) rather than non-PIDs (803/2003, 40%)
(Fisher’s exact test odds ratio = 3.7, two-tailed P < 2.2 x 1071) (Fig 2). Since the equivalence
between oncoviruses and oncomutations has already been established in the previous section, we
excluded proliferative diseases from consideration and further tested the equivalence between viral
proteins and mutations in causing immunological diseases. Again, we found that viruses tend to
target host proteins associated with immunological diseases (31/151, 20.5%) rather than other
diseases (267/2471, 10.8%) (Fisher’s exact test odds ratio = 2.1, two-tailed P = 8 x 10™#), and virus-
targeted domains are enriched for mutations causing immunological diseases (101/179, 56.4%)
rather than other diseases (1227/2561, 47.9%) (Fisher’s exact test odds ratio = 1.4, two-tailed P =
0.03). Finally, we tested the equivalence between viral proteins and mutations in causing
proliferative, but not immunological diseases. Overall, viruses tend to target host proteins
associated with proliferative diseases (56/199, 28.1%) rather than other diseases (242/2423, 10%)
(Fisher’s exact test odds ratio = 3.5, two-tailed P = 8 x 10?), and virus-targeted domains are
enriched for mutations causing proliferative diseases (431/571, 75.5%) rather than other diseases

(897/2169, 41.4%) (Fisher’s exact test odds ratio = 4.4, two-tailed P < 2.2 x 10°16),
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3.4.3 Oncovirus-targeted host domains are enriched for cancer driver mutations

A main challenge in cancer research is to distinguish mutations which confer clonal growth
advantage (i.e. drivers), from mutations that do not cause clonal expansion (i.e. passengers) [75].
Large-scale cancer genome sequencing projects have enabled systematic identification of cancer
driver proteins and mutations [76]. Rozenblatt-Rosen et al. previously constructed an oncovirus-
human interactome and demonstrated, at the whole-protein level, comparability between oncoviral
perturbation and conventional functional genomics approaches to cancer gene discovery [10].
However, by representing proteins and PPIs as generic nodes and edges, their approach is not
sensitive enough to distinguish driver mutations from passenger mutations occurring in the same
oncoprotein. As we demonstrated earlier in the case of pleiotropic oncoproteins, the oncogenicity
or “driver-ness” of a mutation is often correlated with its occurrence in oncovirus-targeted domains
(OVTDs).

To confirm that oncoviruses can help identify driver proteins, we first cross-classified
human proteins in hvSIN by whether they are oncoviral targets, and whether they are curated by
the Cancer Gene Census (CGC) as being causally implicated in cancer, i.e. driver proteins [76].
Out of 727 oncoviral targets, 93 (12.8%) are in CGC, whereas out of 10897 remaining human
proteins in hvSIN, 514 (4.7%) are in CGC. In other words, there is a 3-fold enrichment of driver
proteins among oncoviral targets (Fisher’s exact test, two-tailed P = 3 x 107 (Fig 5A). Next, to
find out if oncoviruses can also help identify driver mutations, we cross-classified mutations in
oncoproteins by whether they are drivers or passengers, and by whether they map to OVTDs.
Oncogenic and resistance mutations with a ClinVar clinical significance value of “pathogenic” or
“likely pathogenic” are considered drivers, while passengers include all other missense mutations
in oncoproteins that are catalogued by ClinvVar and COSMIC. Out of 194 oncoproteins with

annotated driver mutations, we identified 30 oncoproteins as having at least one OVTD. Pooled
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analysis of all 30 oncoproteins mapped 340/398 (85.4%) driver mutations and 3673/7177 (51.2%)
passenger mutations to OVTDs. In other words, the odds of finding a driver mutation in OVTDs
is 5 times as high as that in non-OVTDs (Fisher’s exact test, two-tailed P < 2.2 x 1071%) (Fig 5B).
Closer inspection identified 19 candidates for focused investigations into the common basis of
viral and mutational oncogenesis (Table 2): (1) 7 oncoproteins where all domains are OVTDs, and
the driver:passenger ratio is higher than the average ratio across all oncoproteins; (Il) 8
oncoproteins where some domains are OVTDs, and driver mutations are exclusively found in
OVTDs; and (111) 4 oncoproteins where some domains are OVTDs, and driver mutations are
significantly enriched in OVTDs (Fisher’s exact test, two-tailed P < 0.05). An example of each

type of candidate is given in Fig 6.
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Table 3.2 Oncoproteins having at least one oncovirus-targeted domain (OVTD), where
driver mutations are either exclusively found or enriched.

Type | Oncoprotein OVTD

I BAX PF00452

I BCL10 PF00619

I CDKN1B PF02234

I CHEK2 PF00069; PF00498
I IRF1 PF00605

I MAP2K?2 PF00069

I PPP2R1A PF02985; PF13646
1| ABL1 PF00017; PF0O0018; PFO7714
1| FBXW7 PF00400

1| FGFR4 PFO7714

1| PDGFRA PFO7714

1| RAF1 PF00130; PFO7714
I RXRA PF00104

I SPOP PF00917

I TGFBR2 PFO7714

11 AR PF00104

11 ATM PF00454

11 RB1 PF01857

Il TP53 PF00870

Type I: All domains are OVTDs, and the driver:passenger ratio is higher than the average ratio
across all oncoproteins. Type I1: Some domains are OVTDs, and driver mutations are exclusively
found in OVTDs. Type I1lI: Some domains are OVTDs, and driver mutations are significantly
enriched in OVTDs (Fisher’s exact test, two-tailed P < 0.05).
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Figure 3.5 Oncovirus-targeted proteins are enriched for driver proteins, and oncovirus-
targeted or mimicked domains are enriched for driver mutations.

(A) There is a 3-fold enrichment of Cancer Gene Census proteins in oncovirus-targeted proteins.
(B) There are 5-fold and 3-fold enrichments of driver mutations in oncovirus-targeted domains
(OVTDs) and oncoviral homology domains (OVHDs), respectively.
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Figure 3.6 Oncoproteins having at least one oncovirus-targeted domain (OVTD), where
driver mutations are either exclusively found or enriched.

(A) driver:passenger ratio in oncovirus-targeted PF00605 domain of IRF1 is higher than the mean
driver:passenger ratio for all oncoproteins; (B) driver mutations are exclusively found in
oncovirus-targeted PF07714 domain of PDGFRA; (C) driver mutations are enriched in oncovirus-
targeted PF00104 domain of AR.

3.4.4 Oncovirus-mimicked host domains are enriched for cancer driver mutations

Viruses are known to encode structural homologues that mimic host domains in order to
modulate the biological activities of host targets. Such viral homology domains (VHDs) play key
roles in mediating immune response (e.g. PF00048 in CMV and KSHYV), apoptosis (e.g. PF00452
in EBV and KSHV), cell differentiation (e.g. PFO7684 in feline leukemia virus), and protein
phosphorylation (e.g. PF06734 in CMV), among other cellular processes involved in virally-
implicated diseases. VHDs often compete with cellular counterparts for interaction partners,
thereby rewiring host signaling networks to the virus’s advantage. Table 3 lists instances of human

proteins convergently targeted by human domains and oncoviral homology domains in hvSIN.
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Table 3.3 Human proteins convergently targeted by human domains and oncoviral homology
domains (OVHDSs) in hvSIN.

Human Pfam description Human proteins convergently targeted
domain/OVHD by human domain and OVHD
PF00001 7 transmembrane receptor CX3CL1
(rhodopsin family)
PF00017 SH2 domain CDC37; HSP90AAL; HSP90AB1;
KHDRBS1; NCKIPSD; PDGFRB;
RAF1; WASL
PF00018 SH3 domain CDC37; HSP90AAL; HSP90AB1;
KHDRBS1; NCKIPSD; PDGFRB;
PPP2CA; RAF1; WASL
PF00084 Sushi repeat (SCR repeat)
PF00134 Cyclin, N-terminal domain CCT8; CDK2; CDK3; CDK4; CDKS5;
CDKG6; CDK8; CDKN1B; CDKN2A;
POLR2A
PF00452 Apoptosis regulator proteins, BAK1; BAX; BCL2; BCL2L11; BIK;
Bcl-2 family CCDC155; GPX8; PLD3; SPNS1; VRK2
PF00489 Interleukin-6/G-CSF/MGF IL6R; IL6ST
family
PF00605 Interferon regulatory factor
transcription factor
PF00726 Interleukin 10 IL10RA; IL10RB
PF01335 Death effector domain CASP8; FADD; RIPK1
PF07686 Immunoglobulin V-set domain NCR3LG1
PFO7714 Protein tyrosine Kinase CDC37; HSP90AAL; HSP90AB1,;
KHDRBS1; NCKIPSD; PDGFRB;
RAF1; WASL
PF10401 Interferon-regulatory factor 3 CREBBP; EP300; RB1

OVHDs are structural homologues of human domains either exclusively occurring in oncoviruses
or enriched in oncoviral proteomes (compared to generic viral proteomes). Cancer Gene Census
proteins are in bold.

The preceding section established that oncovirus-targeted host domains are enriched for
cancer driver mutations. Here, we test the hypothesis that oncovirus-mimicked host domains are
also enriched for cancer driver mutations, independent of whether they are physically targeted by
the virus. To this end, we identified 21 oncoproteins having at least one oncovirus-targeted domain
(OVTD) and at least one viral homology domain (VHD). We further classified viral homology

domains (VHDSs) into those enriched in oncogenic viruses (oncoviral homology domains, or
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OVHDs), versus those enriched in non-oncogenic, i.e. “generic” viruses (generic viral homology
domains, or GVHDs) (Methods, S2 Table). We found that domains structurally mimicked by
oncoviruses (OVHDs) are more likely to harbour driver mutations, compared to domains
structurally mimicked by generic viruses (GVHDs), independent of whether the domain is
physically targeted by oncoviruses (OVTD) (CMH test, common odds ratio = 2.2, P = 5 x 107).
We then analyzed the mutational landscape of 44 oncoproteins having at least one
oncoviral homology domain (OVHD) but not physically targeted by the virus, i.e. having no
OVTDs. Pooled analysis of all 44 oncoproteins mapped 245/298 (82.2%) driver mutations and
5422/9554 (56.8%) passenger mutations to OVHDs. In other words, the odds of finding a driver
mutation in OVHDs is 3 times as high as that in non-OVHDs (Fisher’s exact test, two-tailed P <
2.2 x 107%) (Fig 5B). Closer inspection identified 23 candidates for focused investigations into the
common basis of viral and mutational oncogenesis (Table 4): (I) 4 oncoproteins where all domains
are OVHDs, and the driver:passenger ratio is higher than the average ratio across all oncoproteins;
(11) 16 oncoproteins where some domains are OVHDs, and driver mutations are exclusively found
in OVHDs; and (I11) 3 oncoproteins where some domains are OVHDs, and driver mutations are
significantly enriched in OVHDs (Fisher’s exact test, two-tailed P < 0.05). An example of each
type of candidate is given in Fig 7. In summary, oncovirus-mimicked host domains are enriched
for cancer driver mutations, regardless of whether these domains are physically targeted by the

virus.
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Table 3.4 Oncoproteins having no oncovirus-targeted domain (OVTD) but at least one
oncoviral homology domain (OVHD), where driver mutations are either exclusively found
or enriched.

Type | Oncoprotein OVHD
I ETV6 PF00178; PF02198
I MAX PF00010
I MC1R PF00001
I MYC PF00010; PF01056; PF02344
] AKT3 PF00169; PF00433
1| ALK PFO7714
I BTK PF00017; PF00018; PF00169; PFO7714
I ESR1 PF00104; PF00105
I FGFR1 PFO7714
I FLT3 PFO7714
I KIT PFO7714
I MET PFO7714
1| NTRK1 PFO7714
I PLCG2 PF00017; PFO0018
I POLD1 PF00136; PF03104
I POLE PF00136; PF03104
1| RASA1 PF00017; PF00018; PF00169
1| RET PFO7714
I REV3L PF00136; PF03104
I ROS1 PFO7714
11 BRAF PFO7714
11 ERBB2 PFO7714; PF14843
11 FGFR2 PFO7714

Type I: All domains are OVHDs, and the driver:passenger ratio is higher than the average ratio
across all oncoproteins. Type Il: Some domains are OVHDs, and driver mutations are exclusively
found in OVHDs. Type Ill: Some domains are OVHDs, and driver mutations are significantly
enriched in OVHDs (Fisher’s exact test, two-tailed P < 0.05).
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Figure 3.7 Oncoproteins having no oncovirus-targeted domain (OVTD) but at least one
oncoviral homology domain (OVHD), where driver mutations are either exclusively found
or enriched.

(A) driver:passenger ratio in oncovirus-mimicked PF00178 and PF02198 domains of ETV6 is
higher than the mean driver:passenger ratio for all oncoproteins; (B) driver mutations are
exclusively found in oncovirus-mimicked PFO7714 domain of MET; (C) driver mutations are
enriched in oncovirus-mimicked PFO7714 domain of FGFR2.

3.4.5 Viral proteins and virally-implicated disease mutations tend to perturb the same
domain-domain interactions in the human interactome

Gulbahce et al. previously hypothesized, and established at the whole-protein level, that
viruses and VID mutations induce similar perturbations of the human interactome [9]. Here, we
test the same hypothesis at the higher resolution of protein domains, by examining whether viruses
and VID mutations perturb the same domain-domain interactions (DDIs) in the human
interactome. In other words, do viruses tend to target DDI partners of domains harbouring VID
mutations (viral disease domain-interacting domains, or VDDIDs), rather than DDI partners of
domains harbouring non-VID mutations (non-viral disease domain-interacting domains, or

nVDDIDs) (Fig 8A)? As some domains can interact with both VID domains and non-VID
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domains, we define VDDiDs as domains that interact with at least one VID domain, and nVDDIiDs
as domains that exclusively interact with non-VID domains. We found that EBV and HPV exhibit
a slight preference for targeting VDDIDs, although the effect sizes are not statistically significant
(42/62 VDDIDs vs. 58/104 nvVDDIDs for EBV, and 20/29 VDDIDs vs. 41/69 nVDDiDs for HPV).
HIV targets 218/309 (70.6%) VDDIiDs and 193/346 (55.8%) nVDDIDs, representing a 1.9-fold
enrichment of VDDIiDs among HIV-targeted domains (Fisher’s exact test, two-tailed P = 1 x 10
4). Similarly, oncoviruses target 204/285 (71.6%) VDDIDs and 164/291 (56.4%) nVDDIDs, i.e. a
1.9-fold enrichment of VDDiDs among oncovirus-targeted domains (Fisher’s exact test, two-tailed
P =1 x 10%). Finally, a meta-analysis on the common effect of all viral proteins and all mutations
causing proliferative and immunological diseases found that viruses target 424/599 (70.8%)
VDDiDs and 350/551 (63.5%) nVDDIiDs, i.e. a 1.4-fold enrichment of VDDiDs among virus-

targeted domains (Fisher’s exact test, two-tailed P = 0.01) (Fig 8B).
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Figure 3.8 Viral proteins and VID mutations perturb the same domain-domain interactions
in the human interactome.
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(A) From left to right, domains are cross-classified as: interacting with a domain harbouring at
least one VID mutation (VDDIiD) and targeted by virus, VDDID not targeted by virus, interacting
with a domain harbouring only non-VID mutations (nVDDIiD) and targeted by virus, and nVDDID
not targeted by virus. (B) Viruses tend to target VDDIDs rather than nVDDIDs, regardless of
whether the VDDIDs and nVDDIDs are susceptible to known disease mutations. The results for
EBV and HPV are not statistically significant, possibly due to small sample sizes.

Virus’s preferential targeting of VDDiDs may be confounded by the tendency for viruses
to target VID domains (Fig 2), and the tendency for VID domains to interact among themselves.
We therefore excluded domains susceptible to known disease mutations and examined the extent
to which virus targets “non-disease” domains that interact with VID domains. We found that HIV
targets 179/250 (71.6%) VDDIDs and 164/285 (57.5%) nVDDiDs that do not harbour any known
disease mutation (Fisher’s exact test odds ratio = 1.9, two-tailed P = 8 x 10™). Similarly,
oncoviruses target 165/230 (71.7%) VDDIiDs and 137/237 (57.8%) nVDDIiDs that do not harbour
any known disease mutation (Fisher’s exact test odds ratio = 1.8, two-tailed P = 2 x 10%). Pooled
analysis of all viruses found that overall, viruses target 345/481 (71.7%) VDDIiDs and 295/456
(64.7%) nVDDIDs that do not harbour any known disease mutation (Fisher’s exact test odds ratio
= 1.4, two-tailed P = 0.02). Virus’s preferential targeting of VDDIDs supports our hypothesis that
viruses and VID mutations inducing similar disease phenotypes convergently perturb the host
domain interactome, possibly unveiling core disease modules underlying clinically heterogeneous

virally-implicated diseases (Fig 9).
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Figure 3.9 Viral proteins and VID mutations convergently perturb dense regions of the
human domain interactome.

Examples are given for EBV (left) and HIV (right).
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3.5 Discussion

Structural interaction networks serve as a valuable tool for understanding the molecular
mechanisms of genetic diseases, as well as the fundamental differences between endogenous and
exogenous PPI networks. As experimental determination of protein structure remains an arduous
task, homology modelling offers an efficient alternative for the structural annotation of protein
complexes. This is based on the observation that PPIs are often mediated by evolutionarily
conserved structural modules, such as domains and short linear motifs [77]. Here, we reassess the
role of viral proteins as surrogates for human disease variants in relating interactome network
perturbation to disease phenotypes, using a domain-resolved human-virus protein interactome
where human domains are annotated with disease variant information. Compared to previous work
demonstrating general proximity between viral targets and VID proteins in the human interactome,
our results provide a structural explanation for the equivalent pathogenicity of viral proteins and
VID mutations. Whereas previous studies merely recognized the existence of viral homologues of
cellular domains, we delve deeper into the functional implications of oncoviral domain homology.
Our approach can readily identify domains convergently targeted or mimicked by diverse
oncoviruses for focused screening of driver mutations across various types of cancer. Further
characterization of cellular domains and motifs interacting with domains targeted or mimicked by
viruses may uncover immune evasion strategies exploited in common by cancer cells and
pathogens, and shed light on pathways dysregulated in other virally-implicated disorders.

Although most of our findings are statistically significant, there are notable differences in
the enrichment of VID mutations in virus-targeted domains, both among individual viruses (EBV,
HPV and HIV), as well as between single-virus analysis and pooled analysis on multiple viruses.

For single-virus analysis, enrichment effect size and significance are impacted by the number of
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virus-host protein-protein interactions and virus-specific diseases, which ultimately determine the
statistical power. Pooled analysis on all oncoviruses detected trends in the same direction as
analysis on single oncoviruses (EBV and HPV), but with higher statistical power. In addition to
investigator bias resulting in some viruses having a higher number of mapped virus-host PPIs, it
is also possible that certain viruses prefer to perturb host regulatory network, rather than host PPI
network, which is beyond the scope of this work. Compared to direct targeting of VID domains (a
“first-degree” effect), viral targeting of the interaction partners of VID domains is expected to have
a weaker, “second-degree” effect on the VID domains. This partly explains why results of the
“first-degree” analysis on EBV and HPV (Fig 2) are stronger than those of the “second-degree”
analysis (Fig 8B).

Our pooled analysis of all oncoviral targets and all oncomutations is motivated by the
assumption of convergent evolution and mimicry of endogenous oncogenic mechanisms by
diverse oncoviruses. There is compelling evidence of different oncoviruses complementing each
other’s replication and persistence strategies, thus eliciting multiple cellular responses associated
with the hallmarks of cancer. One example is primary effusion lymphoma, a disease causally
linked to KSHV but also having an EBV component. While expression of KSHV lytic genes such
as vIL-6 and K1 promote VEGF secretion and angiogenesis, concomitant expression of EBV latent
genes confers additional anti-apoptotic properties to infected cells in the initial phase of
lymphomagenesis [78, 79]. Given the paucity of context-dependent (i.e. tissue- and disease-
specific) host-endogenous and host-pathogen PPI data, here we focus on establishing viral proteins
and genetic mutations that induce similar disease phenotypes as generally equivalent perturbagens

of the human interactome. Future work will also consider the diversity of host range and tissue
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tropism among different viruses, and the potentially distinct functional impacts of the same
mutation in different cell types and diseases.

One potential caveat of our interactome perturbation model is its incompleteness, due to
the following reasons. Firstly, current mapping of the host-virus protein interactome is far from
exhaustive. Secondly, some bona fide host-virus PPIs cannot be modelled by existing domain-
based interaction templates. Thirdly, virus may not interact with a host protein via PPI, but rather
regulate its expression via transcriptional or epigenetic mechanisms. Lastly, our study only
considers missense mutations, because domain-based analysis of interactome perturbation requires
precise positioning of mutations with respect to protein domains. Missense mutations can be
unambiguously mapped to individual domains, whereas other types of mutations (e.g. nonsense or
frameshift) may cause more drastic changes in the protein structure and are more difficult to map
to individual domains. We are aware, however, of literature suggesting that nonsense and
frameshift mutations tend to occur more frequently in tumour suppressor genes than in oncogenes
[80]. Effects of these mutations on the integrity of the human interactome warrant further
investigation. Still, despite the incompleteness of our model, we observed significant convergent
perturbation of the human domain-resolved interactome by viruses and mutations inducing similar
disease phenotypes.

The advent of high-throughput biotechnology has made it possible to comprehensively
characterize genomic variations in and interspecies interactions between human and microbes,
which play important roles in health and disease. As more data on pathogen-implicated diseases
and host-pathogen interactions emerge, our approach may be extended to the study of bacterial
diseases and co-infections involving multiple pathogenic species, such as the co-pathogenesis of

HIV and Mycobacterium tuberculosis. By combining these data within the framework of structural
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systems biology, our work sets the stage for multi-scale, integrative investigations into endogenous
and exogenous perturbagens of the human interactome, thus helping to elucidate the molecular
mechanisms of infection and its possible connections to genetic diseases such as cancer,

autoimmunity, and neurodegeneration.

54



3.6 Methods

3.6.1 Construction of disease-annotated human-virus structural interaction network

Human-endogenous and human-virus binary PPI data were obtained from IntAct [14], HPIDB
[15], and the HIV-1 Human Interaction Database [16-18]. Structural templates for domain-domain
and domain-motif interactions were obtained from 3did [19], iPfam [21] and ELM [20]. Protein
sequences were scanned for Pfam domains using InterProScan under default settings (version 5.30-
69.0) [23, 81], and for the occurrence of domain-binding motifs as defined by 3did and ELM.
Domain-based interaction models were assigned to each PPl by extracting all DDIs and DMIs
possibly mediating the PPI. Disease association and clinical significance of variants were obtained
from UniProtKB, ClinVar, and COSMIC [24, 25, 76]. Ensembl Variant Effect Predictor (VEP
v93.0) was used for extracting variant genomic location, variation class, reference allele, HGVS
notations, amino acid position, overlapping Pfam domains, among other features [82]. To facilitate
counting of mutational events, variants are annotated with RefSNP IDs using VEP’s
check_existing flag. Variants not co-located with any known variant are merged based on identical
genomic location, variation class, and shared alleles, as per NCBI guidelines for merging

submitted SNPs into RefSNP clusters (https://www.ncbi.nlm.nih.gov/books/NBK44417/). Only

missense mutations located inside Pfam domains were retained for analyses. Assignment of each
virally-implicated disease (VID) to EBV, HPV and HIV was based on at least two literature
sources (S1 Text). To minimize redundancy in disease annotation, UMLS and OMIM IDs given
to subtypes of the same disease were merged into the more general Disease Ontology [83],

Orphanet [84] and MeSH IDs.
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3.6.2 Pooled analysis of viral proteins and disease mutations

Oncoviruses are as classified by CDC, IARC, and MeSH

(https://www.ncbi.nlm.nih.gov/mesh/68009858). Cancer is defined as any disease whose parent

terms include “DOID:162”, “ORPHA:250908”, or MeSH IDs beginning with
“C04.557|C04.588|C04.619|C04.626|C04.651|C04.666|C04.682|C04.692|C04.697|C04.700|C04.

730|C04.834|C04.850”. Diseases without Disease Ontology, Orphanet or MeSH IDs are manually
labelled as “cancer” if their names match the following regular expression:
“blastomalcancer|carcino*|gliomal|leukemialleukaemia|lymphoma|melanomalneoplas*|sarcomal|tu
mour|tumor”. Proliferative diseases have parent terms “DOID:14566”, “ORPHA:250908”, or
MeSH IDs beginning with “C04”. Immunological diseases have parent terms “DOID:2914”,
“ORPHA:98004”, or MeSH IDs beginning with “C20”. All statistical analyses were conducted in

R [85]. Plots of domain-level distribution of disease mutations were created with Protter [86].

3.6.3 Classification of viral homology domains

Pfam domain annotation for all human and viral proteins in UniProt was retrieved from InterPro
(Release 69.0) [87]. We define viral homology domains (VHDs) as Pfam domains conserved
between human and viral proteins. For each VHD, the likelihood of it occurring in oncoviruses
was calculated as the number of oncoviruses encoding the VHD, divided by the total number of
unique oncoviral species in UniProt. Similarly, the likelihood of a VHD occurring in “generic”
(i.e. non-oncogenic) viruses was calculated as the number of generic viruses encoding the VHD
divided by the total number of unique generic viral species in UniProt. The observed likelihood
ratio (LR) of an oncovirus vs. a generic virus encoding the VHD is then the ratio of the two
likelihoods. We then permuted the label “oncovirus” and “generic virus” 10000 times among

viruses encoding the VHD, thereby obtaining a null distribution for the LR. An empirical p-value
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for the enrichment or depletion of a VHD in oncoviral proteomes was calculated according to [88].
VHDs whose observed LR > 1 and Benjamini-Hochberg adjusted p-values (g-values) < 0.1 are
considered enriched in oncoviral proteomes. These VHDs and other VHDs exclusively occurring
in oncoviruses are called oncoviral homology domains (OVHDSs). Likewise, VHDs whose
observed LR < 1 and g-values < 0.1 are considered enriched in generic viral proteomes. These
VHDs and other VHDs exclusively occurring in generic viruses are called generic viral homology

domains (GVHDs).
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Connecting Statement

In Chapter 3, I used a domain-resolved human-virus PPI network to examine correlations between
the structural features of viral proteins and their mechanistic involvement in human disease. |
demonstrated that by causing similar perturbations to the human protein interactome at the domain
level, genetic mutations and viral proteins are mechanistically equivalent contributors to diseases

having both genetic and viral etiologic factors, i.e. virally-implicated diseases (VIDs).

In Chapter 4, | use a domain-resolved eukaryote-bacteria PPI network to examine correlations
between the structural features of bacterial proteins and their potential for targeting eukaryote-
specific cellular processes. | demonstrate that bacterial effector proteins are significantly enriched
for structural domains and short linear motifs that either mimic or convergently target host domains

involved in eukaryote-specific cellular processes.
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4.1 Abstract

Effector proteins are bacterial virulence factors secreted directly into host cells and, through their
extensive interactions with host proteins, rewire host signaling pathways to the advantage of the
pathogen. Despite the crucial role of globular domains as mediators of protein-protein interactions
(PPIs), previous structural studies of bacterial effectors were primarily focused on individual
domains, rather than domain-mediated PPIs, which limits their ability to uncover systems-level
principles underlying the host-pathogen PPl network. Here, we took an interaction-centric
approach and systematically examined the potential of structural components within pathogen
proteins to repurpose or disrupt host-endogenous PPIs. We demonstrate that compared to the rest
of the pathogen proteome, effectors are significantly enriched for domains and motifs that either
structurally mimic or convergently target host domains involved in eukaryote-specific PPIs. Our
study lends novel structural insight into the virulence mechanism of bacterial effectors and may

aid in the design of selective inhibitors of host-pathogen interactions.
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4.2 Introduction

An important goal of systems microbiology is to understand how host-pathogen protein-protein
interactions (PPIs) impact host-endogenous signaling networks. Effector proteins are virulence
factors secreted by pathogenic bacteria and injected directly into the host cytoplasm via specialized
secretion systems (Galan 2009). Effectors are key mediators of host-pathogen interactions
throughout the infection cycle, from initial host attachment and pathogen internalization, to
migration and proliferation in the host. Among the diverse biochemical activities of effectors
discovered so far are guanine nucleotide exchange factors and dissociation inhibitors, GTPase-
activating proteins, kinases and phosphatases, ubiquitin ligases, and so on (Fu and Galan 1998,
Steele-Mortimer, Knodler et al. 2000, Janjusevic, Abramovitch et al. 2006). A common virulence
mechanism of effectors is functional mimicry of host activities, whereby effectors compete with
host proteins for control of host signaling pathways. This functional mimicry can be achieved in
one of two ways: horizontal acquisition of eukaryotic globular domains, or convergent evolution
of domains and short linear motifs in bacteria that bear little sequence or structural similarity to
eukaryotic proteins (Stebbins and Galan 2001, Popa, Tabuchi et al. 2016, Scott and Hartland
2017). These structural modules allow effectors to interact seamlessly with host-endogenous
factors involved in actin remodelling, protein degradation and cell cycle regulation, helping the
pathogen to survive and thrive in the host while bypassing immune surveillance. Previous studies
have uncovered a large repertoire of bacterial effectors that are structural homologs of eukaryotic
proteins, giving rise to models for predicting effectors based on the premise that whereas most
domains are uniformly distributed among all species of bacteria, eukaryotic domains are
overrepresented in the genomes of pathogenic and symbiotic species (Jehl, Arnold et al. 2011,

Marchesini, Herrmann et al. 2011). Although useful for identifying candidate effectors in
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metagenomic analyses, these models were primarily focused on individual domains, rather than
domain-mediated PPIs, which limits their ability to uncover systems-level principles underlying
the host-pathogen PPI network. Eukaryotic domains and their domain-domain interaction (DDI)
partners are of special interest to the study of host-pathogen interactions, as they are often
mimicked or targeted by pathogens to subvert host signaling pathways (Arnold, Boonen et al.
2012). Here, we constructed a domain-resolved interaction network consisting of eukaryote-
endogenous, bacteria-endogenous and host-bacteria PPIs, based on which we examined the
evolutionary origins of host-interacting domains in bacteria, as well as the relative likelihood that
a domain found in both eukaryotes and bacteria engage in DDIs that are unigue to eukaryotes, as
opposed to DDIs that are conserved between eukaryotes and bacteria. We then systematically
probed the proteomes of bacterial pathogens for horizontally acquired, eukaryotic-like domains
that mediate eukaryote-specific DDIs, and convergently evolved, bacteria-exclusive domains that
disrupt eukaryote-specific DDIs. We found that compared to the rest of the pathogen proteome,
effectors are enriched for domains that are either homologs of, or convergently target, host domains
involved in eukaryote-specific DDIs. Moreover, in the absence of eukaryotic-like domains or
among pathogen proteins without Pfam domain assignment, effectors harbor a higher variety and

density of short linear motifs that target host domains involved in eukaryote-specific DDIs.
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4.3 Results

4.3.1 Horizontal acquisition vs. convergent evolution of host-interacting domains in
bacteria

Previous studies have established binding site mimicry as a key feature of human-virus protein-
protein interactions (PPIs) where, rather than securing new binding sites, viral proteins tend to
compete with human proteins for the same binding sites. Moreover, while two human proteins
sharing binding sites on a common target tend to be structurally similar, a viral protein and a human
protein sharing binding sites on a common target tend to be structurally distinct (Franzosa and Xia
2011, Garamszegi, Franzosa et al. 2013). In other words, binding site sharing among human
proteins is largely attributable to divergent evolution through gene duplication, whereas binding
site mimicry by viral proteins tends to involve convergent evolution of unique host-interacting
modules in viruses. As bacteria and viruses are both known to hijack host molecular machinery
through interacting with host proteins, we performed similar analyses on a domain-resolved host-
bacteria PPI network with regard to binding site mimicry and the evolutionary origins of host-
interacting domains in bacteria. To this end, we acquired eukaryote-endogenous (within
animals/plants/fungi), bacteria-endogenous and host-bacteria (between animals/plants and
pathogenic bacteria) PPI data, and resolved each PPI into domain-domain interactions (DDIs)
between interacting proteins, based on DDI templates previously derived from 3D structures of
protein complexes (Materials and Methods). The resulting eukaryote-bacteria structural interaction
network consists of: (1) 57,019 PPIs among 22,110 eukaryotic proteins, resolved into 4,953 DDIs
among 2,859 eukaryotic domains; (2) 3,362 PPIls among 3,000 bacterial proteins, resolved into
1,434 DDIs among 1,120 bacterial domains; and (3) 173 PPIs between 107 host proteins and 103

bacterial proteins, resolved into 87 DDIs between 53 host domains and 63 bacterial domains.
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We found that of the 103 host-targeting bacterial proteins, 95 (92%) bind to the same domains on
their host target that are otherwise bound by host-endogenous proteins, suggesting that like viruses,
bacteria also tend to recruit domains involved in host-endogenous PPIs for host-pathogen PPIs.
We then determined whether bacterial and host proteins binding to the same domain on another
host protein are structurally similar. We found that of 18,331 cases where two host proteins A and
B bind to the same domain on a common target, 13,139 (72%) cases involve domains which are
conserved between A and B, while in the remaining 5,192 (28%) cases there is no domain
conserved between A and B. Contrarily, among 95 cases where host protein X and bacterial protein
Y bind to the same domain on another host protein, only 8 cases (8%) involve domains which are
conserved between X and Y, while in the remaining 87 (92%) cases there is no domain conserved
between X and Y. In other words, compared to binding site sharing among host proteins, binding
site mimicry by bacterial proteins is significantly more likely to arise via convergent evolution of
bacteria-exclusive domains, rather than horizontal acquisition of host domains (Fisher’s exact test,
two-tailed P < 2.2 * 10°%9). Figure 1 shows examples of effectors targeting host domains involved
in host-endogenous PPIs via: (A) a horizontally acquired, eukaryotic-like domain (Angot, Peeters

et al. 2006); or (B) a convergently evolved, bacteria-exclusive domain (Huang, Sutton et al. 2009).
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SCF complex

Figure 4.1 Horizontal acquisition vs. convergent evolution of host-interacting domains in
bacteria.

(A) Ralstonia solanacearum acquired a host-like F-box domain (PF00646) that competes with
host-endogenous F-box protein for binding to SKP1, thus hijacking the ubiquitin-proteasome
pathway in Arabidopsis thaliana. (B) Shigella flexneri convergently evolved a GEF domain
(PF03278) that competes with host Rho GEF, thus activating the Rho GTPase signaling pathway
in humans. Host proteins and domains are colored in blue. Bacterial proteins and domains are
colored in red. Bacteria-mimicked host domains are colored in purple. GEF: guanine nucleotide
exchange factor.

4.3.2 Effectors structurally mimic host domains involved in eukaryote-specific PPIs

Having examined the evolutionary origins of host-interacting domains in bacteria, we then
asked whether bacterial effectors tend to mimic or target domains that mediate DDIs
predominantly in eukaryotes, as opposed to domains that mediate DDIs in eukaryotes and bacteria
with similar likelihoods — the rationale being that the former are involved in eukaryote-specific
processes such as protein ubiquitination (Grau-Bove, Sebe-Pedros et al. 2015), whereas the latter
are involved in conserved, core cellular processes (Walhout, Sordella et al. 2000, Matthews,
Vaglio et al. 2001), which are unlikely to be perturbed in host-pathogen interaction. We found that
of the 63 host-binding bacterial domains in our dataset, 12 have homologs in eukaryotes, among
which 7 mediate DDIs exclusively in eukaryotes (PF12796, PF00092, PF12799, PF02205,

PF04564, PF00646, PF13676), 3 mediate DDIs primarily in eukaryotes (PF00069, PF00583,
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PF00183), and 2 have similar numbers of DDI partners in eukaryotes and bacteria (PF13472,
PF00085) (Supplementary Table 1). Meanwhile, of the 31 host domains convergently targeted by
bacteria-exclusive domains, 28 otherwise mediate DDIs exclusively in eukaryotes, 2 mediate DDIs
primarily in eukaryotes, and 1 has similar numbers of DDI partners in eukaryotes and bacteria
(Supplementary Table 2). In summary, effectors tend to mimic or target domains that mediate
DDls predominantly in eukaryotes. Given that effectors comprise nearly half (43/103) of the host-
targeting bacterial proteins in our PPI dataset, we hypothesized that compared to the rest of the
pathogen proteome, effectors are generally enriched for: (1) eukaryotic-like domains that mediate
DDls predominantly in eukaryotes; and (2) bacteria-exclusive domains that target host domains
which, when not involved in host-pathogen DDIs, mediate DDIs exclusively in eukaryotes. To test
this hypothesis, we systematically compared the domain signatures of 238 effectors and 3,921 non-
effectors encoded by 84 bacterial species of verified pathogenicity (Materials and Methods).

We first tested the hypothesis that effectors are enriched for domains that mediate DDIs
exclusively in eukaryotes. We found that among 41 effectors and 1,478 non-effectors containing
domains that mediate experimentally verified PPIs in eukaryotes, 8 effectors (20%) and 55 non-
effectors (4%) contain domains that mediate PPIs exclusively in eukaryotes, suggesting that
effectors are 6 times as likely as non-effectors to repurpose eukaryote-specific processes via
structural mimicry (Fisher’s exact test, two-tailed P = 2 * 10™) (Figure 2). Table 1 is a list of
effectors containing domains involved in interprotein DDIs in eukaryotes, but neither inter- nor
intra-protein DDIs in bacteria. Next, we tested the hypothesis that effectors are enriched for
domains that mediate DDIs primarily in eukaryotes. For domains having DDI partners in both
eukaryotes and bacteria, we estimated their propensity for mediating eukaryote-specific DDIs by

computing the odds ratio of the domain’s co-occurrence with DDI partners in eukaryotes vs. in
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bacteria. If a bacterial protein contains multiple such domains, we computed a weighted average
odds ratio (Table 2). We found that among 26 effectors and 635 non-effectors containing domains
that have DDI partners in both eukaryotes and bacteria, the average domain in effectors is 7 times
as likely as that in non-effectors to co-occur with DDI partners in eukaryotes than in bacteria
(Wilcoxon test, two tailed P =4 * 107) (Figure 3). Table 3 is a list of effectors containing domains

that are more likely to co-occur with DDI partners in eukaryotes than in bacteria.

Effectors Non-effectors

contain eukaryotic-like domains that

. also mediate DDls in bacteria

B mediate PPIs exclusively in eukaryotes

Figure 4.2 Effectors are enriched for domains that mediate PPIs exclusively in eukaryotes.

Among pathogen proteins containing domains that mediate experimentally verified PPIs in
eukaryotes, 20% effectors and 4% non-effectors contain domains that mediate PPIs exclusively in
eukaryotes, suggesting that effectors are 6 times as likely as non-effectors to repurpose eukaryote-
specific processes via structural mimicry (Fisher’s exact test, two-tailed P = 2 * 104).



Table 4.1 Effectors containing domains that mediate PPIs exclusively in eukaryotes.

UniProt Accession Species Domains Domains mediating
PPIs exclusively in
eukaryotes
BORMF9 Xanthomonas PF00560 PF00560
campestris
AOAO0A8VF40 Yersinia ruckeri PF00560; PF13855 PF00560
AOA199P7E1 Xanthomonas PF00646 PF00646
translucens
AOA0S4VGAGL Ralstonia PF00646; PF13516 PF00646
solanacearum
F6G106 Ralstonia PF00646; PF13516; PF00646
solanacearum PF13855
AOA1YOFBO05 Ralstonia PF00665; PF13276 PF00665
solanacearum
AOA286NT26 Vibrio PF02205 PF02205
parahaemolyticus
D8NFZ7 Ralstonia PF01535; PF12854; PF13812

solanacearum

PF13812
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Table 4.2 Weighted average host-interacting potential of a multi-domain bacterial protein.

i=1 "1

DDI | Eukaryotic | Eukaryotic | Bacterial | Bacterial Odds ratio of Weight
species species species species domain
encoding | encoding | encoding | encoding | mediating DDIs
both either one both either one | in eukaryotes vs.
interacting | or both interacting | or both in bacteria
domains | interacting | domains | interacting
domains domains
A B m H, n B, OR, wy
mx (B; —n) mx (B; —n)
" n*(H,-m)|  H +B;
AC p H, q B, OR, w,
_p*xB2—q) | _p*(B2—q)
q*(H, —p) H, + B,
D E X H, y Bs OR; w3
_x*(Bz—y) | xx(B3—y)
_y*(Hs—x) |  H3+B;
Host-interacting potential = log (2‘3”30—'1‘;‘“)

The host-interacting potential of a bacterial protein containing domains A and D, where A and D
have DDI partners (domains B, C, E) in both eukaryotes and bacteria, is computed as the Mantel-
Haenszel weighted average log odds ratio of domains A and D co-occurring with interacting
domains in eukaryotes vs. in bacteria. The odds of domain co-occurring with DDI partners are the
number of species encoding both interacting domains (i.e. DDI is possible) divided by the number
of species encoding either one, but not both, of the interacting domains (i.e. DDI is not possible).
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Bacterial proteins containing domains that can mediate DDls
in both eukaryotes and bacteria
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in eukaryotes vs. in bacteria

Figure 4.3 Effectors are enriched for domains that mediate PPIs primarily in eukaryotes.

Among pathogen proteins containing domains that have DDI partners in both eukaryotes and
bacteria, the average domain in effectors is 7 times as likely as that in non-effectors to co-occur
with DDI partners in eukaryotes than in bacteria (Wilcoxon test, two tailed P = 4 * 10-7).
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Table 4.3 Effectors containing domains that mediate PPIs primarily in eukaryotes.

Log odds ratio
of domains co-
Domains with occurring with
DDI partnersin | DDI partners in
UniProt both eukaryotes | eukaryotes vs. in
Accession Species Domains and bacteria bacteria
Legionella
Q5ZRQ0 pneumophila PF04564 PF04564 7.1
Chlamydia
084875 trachomatis PF02902 PF02902 6.2
PF00102;
Salmonella PF03545;
P74873 enterica PF09119 PF00102 4.4
Q9KS43 Vibrio cholerae PF01764 PF01764 3.9
Xanthomonas PF13202; PF13202;
Q3BQY9 euvesicatoria PF13499 PF13499 3.8
Ralstonia
D8P6Z5 solanacearum PF13516 PF13516 3.7
Ralstonia
Q8XT98 solanacearum PF00069 PF00069 3.5
Citrobacter
D2TI55 rodentium PF00557 PF00557 2.8
Ralstonia PF13516; PF13516;
Q8XZN9 solanacearum PF13855 PF13855 2.2
PF00805;
PF01391;
AO0A6CI9X110 | Escherichia coli PF13599 PF01391 2

4.3.3 Effectors convergently target host domains involved in eukaryote-specific PPIs

We then tested the hypothesis that effectors are enriched for bacteria-exclusive domains that target

host domains which, when not involved in host-pathogen DDIs, mediate DDIs exclusively in

eukaryotes. Given that experimental PPI data often suffer from limitations such as false negatives

and investigator bias in pathogen selection, we supplemented host-interacting bacteria-exclusive

domains supported by PPI data with host-interacting bacteria-exclusive domains supported by

interprotein DDI templates (Mosca, Ceol et al. 2014). In this manner, we identified a total of 207

bacteria-exclusive domains with the potential to target host domains that mediate DDIs in

eukaryotes, 52 of which target host domains that mediate DDIs exclusively in eukaryotes. We
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found that among 30 effectors and 41 non-effectors with the potential to convergently target host
domains that mediate DDIs in eukaryotes, 23 effectors (77%) and 11 non-effectors (27%) target
host domains that mediate DDIs exclusively in eukaryotes, suggesting that effectors are 9 times as
likely as non-effectors to disrupt eukaryote-specific processes via convergent evolution (Fisher’s
exact test, two-tailed P = 4 * 10°) (Figure 4). Supplementary Table 3 is a list of effectors containing

bacteria-exclusive domains that convergently target host domains otherwise exclusively involved

in host-endogenous DDls.

Effectors Non-effectors

contain bacteria—exclusive domains
targeting eukaryotic domains that

also mediate DDIs in bacteria

. mediate PPIs exclusively in eukaryotes

Figure 4.4 Effectors are enriched for bacteria-exclusive domains that target host domains
otherwise exclusively involved in host-endogenous DDIs.

Among pathogen proteins with the potential to convergently target host domains that mediate DDIs
in eukaryotes, 77% effectors and 27% non-effectors target host domains that mediate DDIs
exclusively in eukaryotes, suggesting that effectors are 9 times as likely as non-effectors to disrupt
eukaryote-specific processes via convergent evolution (Fisher’s exact test, two-tailed P = 4 * 10

5).
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In addition to encoding globular domains that either mimic or convergently target host domains,
effectors also encode short linear motifs that bind to host domains with similar specificities as
host-endogenous proteins, while sharing little homology with the latter (Samano-Sanchez and
Gibson 2020). These short linear motifs follow particular sequence patterns and are predominantly
located in intrinsically disordered regions of proteins that are accessible to interacting partners
(Davey, Van Roey et al. 2012). To determine whether effectors are enriched for host-interacting
motifs, we counted the number of unique classes and instances of eukaryotic linear motifs (ELMs)
(Kumar, Gouw et al. 2020) in long disordered regions of bacterial proteins (Piovesan, Tabaro et
al. 2018). When comparing 162 effectors and 8,414 non-effectors with unique ELM compositions
and containing eukaryotic-like domains, we found that effectors and non-effectors encode 9 and 8
ELM classes per protein (0.30 and 0.28 ELM instances per disordered residue), respectively. In
other words, in the presence of eukaryotic-like domains, effectors encode a slightly higher variety
(Wilcoxon test, two tailed P = 3 * 107%), but similar density of ELMs (Wilcoxon test, two tailed P
= 0.3) compared to non-effectors. When comparing 521 effectors and 794 non-effectors with
unique ELM compositions and not containing eukaryotic-like domains or any Pfam domains,
however, we found that effectors and non-effectors encode 12 and 8 ELM classes per protein (0.31
and 0.27 ELM instances per disordered residue), respectively. In other words, in the absence of
eukaryotic-like domains or among pathogen proteins without Pfam domains, effectors encode a
higher variety (Wilcoxon test, two tailed P < 2.2 * 10%) as well as higher density of ELMs

(Wilcoxon test, two tailed P = 2 * 10°®) compared to non-effectors (Figure 5).
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Figure 4.5 In the absence of eukaryotic-like domains or Pfam domains in general, effectors
are enriched for eukaryotic linear motifs.

Compared to the rest of the pathogen proteome, effectors are enriched for eukaryotic linear motifs
(ELMs) that target host domains. (A) Effectors encode more unique types of ELMs per protein;
(B) Effectors encode more ELM instances per amino acid residue.
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4.4 Discussion

Pathogenic bacteria have evolved a plethora of strategies to survive and thrive in eukaryotic hosts.
A key strategy is functional mimicry of host activities, which is achieved through one of two
orthogonal evolutionary mechanisms: horizontal acquisition of eukaryotic domains or convergent
evolution of bacteria-exclusive domains. Based on a domain-resolved eukaryote-bacteria
structural interaction network, we assessed domains’ relative participation in eukaryote-specific
DDils, as opposed to DDIs conserved between eukaryotes and bacteria. We found that compared
to the rest of the pathogen proteome, effector proteins are significantly enriched for domains and
motifs that either mimic or convergently target host domains involved in eukaryote-specific DDIs.
In the absence of eukaryotic-like domains or in the case of highly disordered proteins without Pfam
domains, motif-based analysis can complement domain-based analysis in assessing the potential
of a pathogen protein to disrupt host-endogenous PPIs.

To identify eukaryotic domains most likely acquired by bacteria for the express purpose of
mimicking host-endogenous PPIs, we excluded domains which, while not mediating PPIs between
different bacterial proteins, can nonetheless form crystal contacts with other domains within the
same bacterial protein. Domains involved in such intraprotein DDIs in bacteria may serve
structural functions, rather than engaging in host-pathogen PPIs. A case in point is the Fibronectin
type I domain (PF00041), which in animals is involved in cell adhesion, migration and
differentiation, and whose interaction with 44 domains leads to 1,156 interactions among 738
proteins in eukaryotes. While PFO0041 does not mediate PPIs between bacterial proteins, it forms
crystal contacts with the domain PF00704 within the Bacillus thuringiensis chitinase protein
(PDB: 6BT9), and likely acts as a linker in the multi-domain chitinase (Juarez-Hernandez,

Casados-Vazquez et al. 2019), rather than engaging in host-pathogen PPIs.
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By relating the structural components of bacterial effectors to their propensity for repurposing or
disrupting eukaryote-specific cellular processes, our study provides novel mechanistic and
quantitative insight into the means by which pathogens hijack the host molecular machinery. Given
the scarcity of host-bacteria PPI data and the rapidly increasing number of completely sequenced
pathogen genomes, our framework for assessing the functional impact of structural modules within
pathogen proteins, without needing direct experimental evidence of their interaction with host
proteins, may help accelerate the discovery and mechanistic study of novel virulence factors, as

well as the development of selective inhibitors of pathogen-subverted host signaling pathways.

4.5 Materials and Methods
4.5.1 Domain-resolved eukaryote-bacteria structural interaction network

Eukaryote-endogenous, bacteria-endogenous, and host-bacteria protein-protein interaction (PPI)
data were obtained from IntAct and HPIDB 3.0 (Orchard, Ammari et al. 2014, Ammari, Gresham
et al. 2016). Domain-domain interaction (DDI) templates were obtained from 3did and Pfam
(Mosca, Ceol et al. 2014, EI-Gebali, Mistry et al. 2019). Each PPI was resolved into DDIs between
Pfam domains of the interacting proteins. When a PPI can be mediated by several possible DDIs,
we gave the highest confidence to interchain DDIs (i.e. derived from PDB structures consisting of

at least two distinct protein entities), followed by intrachain DDIs.

4.5.2 Inclusion criteria for effector and non-effector proteins

We included in our study proteins encoded by pathogenic bacterial species catalogued in PHI-base
(Urban, Cuzick et al. 2020). Effector protein IDs were retrieved from UniProt (UniProt 2019)
using two sets of keywords. By gene name: taxonomy:"Bacteria [2]" name:effector (name:"type
1" OR name:"type 2" OR name:"type 3" OR name:"type 4" OR name:"type 5" OR name:"type 6"

OR name:"type 7" OR name:"type 8" OR name:"type 9" OR name:t*ss OR name:"secretion
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system™) By cellular location: taxonomy:"Bacteria [2]" (annotation:(type:function effector) OR
locations:(note:"type 1") OR locations:(note:"type 2") OR locations:(note:"type 3") OR
locations:(note:"type 4") OR locations:(note:"type 5") OR locations:(note:"type 6") OR
locations:(note:"type 7") OR locations:(note:"type 8") OR locations:(note:"type 9") OR
locations:(note:t*ss) OR locations:(note:"secretion system™)) (locations:(location:"Secreted [SL-
0243]") OR locations:(location:"Host [SL-0431]")) Non-effectors consist of cytoplasmic,
membrane as well as other secreted proteins. Cytoplasmic: taxonomy:"Bacteria [2]"
locations:(location:"Cytoplasm [SL-0086]") Membrane:  taxonomy:"Bacteria  [2]"
(locations:(location:"Cell envelope [SL-0036]") OR locations:(location:"Membrane [SL-0162]"))
Secreted:  taxonomy:"Bacteria [2]"  (locations:(location:"Secreted  [SL-0243]") OR

locations:(location:"Host [SL-0431]"))

4.5.3 Merging bacterial proteins with identical domain compositions

Taxonomy and Pfam domain annotations of proteins were obtained from UniProt and InterPro
(Mitchell, Attwood et al. 2019). For each domain, we counted the number of eukaryotic and
bacterial species encoding at least one protein containing that domain. To minimize the impact of
spurious domains, such as arising from contaminated genomes or misannotated proteins, we
required that each domain be found in at least three eukaryotic or bacterial proteomes — at least
one of which must be a reference proteome or belong to a pan proteome. Bacterial proteins with
identical domain compositions were merged into a single entry, as they are indistinguishable from
one another at the domain resolution. To further reduce redundancy among highly related protein
sequences (e.g. orthologs or fragments of the same protein) while also maintaining sufficient
resolution, sequences belonging to the same UniRef50 cluster were ranked based on whether they

are: (1) representative for the cluster; (2) manually reviewed; (3) assigned high annotation score
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by UniProt; (4) from UniProt reference proteomes; and (5) longest. Only the top-ranking sequence
was retained for each UniRef50 cluster. For domain compositions that are common to effectors
and non-effectors, we assessed their relative frequency in effectors vs. non-effectors. Domain
compositions that are significantly enriched (g-value < 0.1) in effectors were assigned to effectors,
and domain compositions that are significantly depleted (g-value < 0.1) in effectors were assigned
to non-effectors. Our final dataset thus contains 238 effectors and 3,921 non-effectors with unique

domain signatures.
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Chapter 5: Discussion

An important goal of systems microbiology is to understand how pathogen-induced perturbation
of the host protein interactome benefits the pathogen while contributing to disease in the host.
Microbial virulence factors are ideal tools for probing the structural, functional, and evolutionary
landscape of the host protein interactome. In this thesis, domain-resolved host-pathogen PPI
networks are used to test the following hypotheses: (1) by causing similar perturbations to the
human protein interactome at the domain level, genetic mutations and viral proteins are
mechanistically equivalent contributors to diseases having both genetic and viral etiologic factors,
i.e. virally-implicated diseases (V1Ds); and (2) bacterial effector proteins are significantly enriched
for structural modules that either mimic or convergently target host domains involved in

eukaryote-specific cellular processes.

The main finding of Chapter 3 is that VVID mutations are significantly enriched in human domains
that are physically targeted (either directly or indirectly, by way of another human domain) or
structurally mimicked by virus. In other words, VID mutations and viruses causing similar diseases
tend to perturb the same domain-domain interactions in the human interactome and are therefore
mechanistically equivalent. The general trend appears to be consistent across viruses; however,
the extent of enrichment appears to differ slightly between viruses. There could be several reasons
for this observation. One obvious explanation is investigator bias, which may lead to some genetic
diseases having more established causal mutations, as well as some viruses having better domain
annotation, more mapped human-virus PPIs, and epidemiologic studies supporting their causal
role in more genetic diseases. Another plausible explanation is differences in pleiotropy among

human proteins, where the same domain of a protein harbours mutations causing distinct types of
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diseases. Whereas EBV and HPV cause various forms of cancer, many of which share similar
disease genes and causal mutations, HIV contributes to diverse diseases with heterogeneous
molecular mechanisms, including cancer, cardiomyopathy, hypertension, and Parkinson’s disease.
The observation that HIV-targeted domains appear less enriched for VID mutations (Figure 3.2)
may be due to HIV-targeted domains being more pleiotropic. In other words, compared to domains
targeted by EBV and HPV, HIV-targeted domains are more likely to be susceptible to both HIV-

disease mutations as well as non-HIV-related disease mutations.

To establish whether a general equivalence exists between endogenous (cancer driver mutations)
and exogenous (oncoviral proteins) perturbagens of oncogenic pathways, a pooled analysis was
also conducted by treating all types of cancer as one class of disease, all oncomutations as one
class of endogenous perturbagens, and all oncoviral proteins as one class of exogenous
perturbagens of the human domain-resolved interactome. While this approach increases the
statistical power of the analysis and reveals systems-level properties of oncomutations and
oncoviral proteins, it may not be sensitive enough in scenarios where there is tissue specificity of
oncogenic mutations or viral tropism for specific host tissue or cell type [73, 74]. While tissue-
specific intra-species PPI data are available for model organisms and human [75], there is a lack
of tissue-specific host-pathogen PPI data. There is evidence to suggest, however, that pathogens
express different genes depending on the stage and site of infection. For instance, the opportunistic
pathogen Candida albicans has been shown to activate different transcriptional programs in
response to changes in host immunocompetence and tissue microenvironment, which allows it to
transition from commensal to pathogen [76]. Similar dynamic regulation of pathogen and host
gene expression by host-pathogen interplay has also been shown in Staphylococcus aureus, where

differential expression of the virulence factor protein A determines whether the infection is
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superficial or invasive [77], and in mice infected by the West Nile virus, where differential
expression of genes involved in IFN and natural killer cell signalling determines tissue tropism for
the spleen, but not the liver [78]. Therefore, pathogen perturbation of the host protein interactome
likely hinges on the tissue-specific expression profiles of both pathogen virulence factors and host
anti-virulence factors [79, 80]. It would be interesting to see whether domain-domain and domain-

motif interactions can also be tissue-specific.

Domain-resolved interactomes offer distinct advantages over protein-level interactomes in
explaining complex genotype-phenotype relationships, because mutations arising in different PPI-
mediating domains of the same protein are likely to perturb its interaction with different PPI
partners, often leading to distinct phenotypic outcomes [57]. Although there is statistically
significant correlation between the distribution of VID mutations and whether VID mutation-
carrying host domains are targeted or mimicked by virus, it is important to acknowledge that
correlation does not imply causation. Causal inference of the etiologic role of viruses in complex
diseases would require controlling for multiple confounding factors, which is beyond the scope of
this thesis [81]. For instance, viruses may target only the non-membrane domains (e.g. found in
cytoplasmic or extracellular compartments of the host cell) rather than the transmembrane domains
of membrane-spanning host proteins. Enrichment of certain disease mutations in non-membrane
domains may be due to factors unrelated to viral infection, such as physicochemical properties of
amino acid residues, involvement of the domain in gene regulation, and so on [82]. Interestingly,
these properties only emerge at the sub-protein level. As such, compared to previous work showing
proximity between virus-targeted and VID-associated proteins in the human protein-level
interactome, results of domain-level analyses are not only more informative of the molecular

mechanism of disease, but also generate more precise hypotheses for further inquiries.
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The main finding of Chapter 4 is that, compared to non-effector proteins encoded by pathogenic
bacteria, effector proteins are significantly enriched for globular domains and short linear motifs
that either structurally mimic or convergently target host domains involved in eukaryote-specific
cellular processes, thereby allowing host-bacteria PPIs to mimic host-endogenous PPIs on an
interactome scale. Consistent with findings for host-virus interactions, there is a statistically
significant difference in the dominant evolutionary mechanism behind binding site sharing in the
host-endogenous vs. host-bacteria PPI network; namely, that binding site sharing among host
proteins largely results from gene duplication followed by divergent evolution, whereas binding
site mimicry by bacterial proteins seems to largely result from convergent evolution (or extreme
divergent evolution) of structural modules in bacteria, which bear little resemblance to those in
host. Horizontally acquired, eukaryotic-like domains allow pathogens to repurpose host-
endogenous PPIs, whereas convergently evolved, bacteria-exclusive domains and short linear
motifs redirect host-endogenous PPIs — both of which benefit the pathogen at the expense of the
host. Compared to previous studies of bacterial domains outside the context of host-bacteria and
within-bacteria PPIs, an interaction-centric approach allows for guantitative assessment of the

potential for bacterial domains to target host-endogenous signalling pathways.

While the eukaryote-bacteria interactome does contain more within-host PPIs and domain-domain
interactions (DDIs) compared to within-bacteria or host-bacteria PPIs and DDIs, this imbalance
should not confound the analysis, as domain assignment and DDI templates are not taxonomy-
specific, but rather are used to resolve all PPIs, regardless of the species involved. In fact,
estimation of domain’s relevance to eukaryote-specific DDIs anticipates and accounts for DDIs
that are exclusive to host species, by giving more weight to domains engaging in such DDIs. In

Tables 4.1 and 4.3 showing examples of effectors containing domains mediating DDIs either
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exclusively or primarily in eukaryotes, the fact that many domains can be traced to a few species
is a technical consequence of proteins containing the same domains being merged into UniRef50
clusters, and only the species of the representative member of each cluster being retained. It is also
a testament to extensive domain sharing among diverse pathogenic species. Taxonomic
information may be useful when comparing effectors that are indistinguishable at the domain level

but exhibit more variations at the residue level.

Pooled analysis of proteins with identical domain compositions across different species can reveal
general patterns in the host-pathogen PPI network that may not be obvious on a species-by-species
or protein-by-protein basis. On the one hand, host domains targeted by multiple effector domains
can reveal convergent evolution of common virulence mechanisms among different pathogenic
species, which may prove useful in developing broad spectrum antibiotics. For instance, the human
Ras domain (PF00071) is targeted by structurally distinct domains in Legionella (PF14860,
PF18172, PF18641), Pseudomonas (PF03496), Salmonella (PF03545, PF05925, PF07487),
Shigella (PF03278) and Yersinia (PF00069, PF09632) effectors. On the other hand, effector
domains targeting multiple host domains and thus potentially perturbing multiple host pathways
represent targets for multipronged therapeutic intervention. Of the 103 host-targeting bacterial
proteins in the eukaryote-bacteria interactome, 71 interact with a single host protein, while 32
interact with multiple host proteins. For instance, the Pseudomonas effector ExoS contains the
ADP ribosyltransferase domain (PF03496), which it uses to target host proteins containing either
a 14-3-3 domain (PF00244) or Ras small GTPase domain (PFO0071). These host domains

participate in a wide array of signalling pathways [83, 84].

To identify domains in bacteria that are most likely involved in mimicking host-endogenous PPlIs,

eukaryotic-like domains were excluded if they engage in either interprotein or intraprotein DDIs
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in bacteria. Previous studies suggest that intrachain DDIs often occur between adjacent domains
of the same protein [85]; however, PPIs are much less likely attributable to DDIs derived solely
from intrachain interactions, as opposed to DDIs derived from interchain interactions [86].
Although distinguishing biologically relevant interfaces from artifactual crystal contacts is beyond
the scope of this work, several interface classification algorithms have been developed to address
this specific issue, based on various criteria such as contact size and evolutionary conservation of
interface residues [87, 88], thermodynamic prediction of interface stability [89], and interface
conservation across multiple crystal forms of a protein [90]. Here, a conservative approach was
taken, which excludes all eukaryotic-like domains engaging in intraprotein DDIs in bacteria,
because while they may not mediate PPIs in bacteria, it is not clear whether they evolved to
specifically interact with host proteins, or function in maintaining protein stability or metabolic

processes in bacteria [91].

Since pathogenic viruses and bacteria both hijack host pathways involved in immune response and
cell proliferation, it would be interesting to see whether results based on virally-implicated diseases
and human-virus PPIs can be extrapolated to bacteria. Towards this end, the domain-resolved host-
bacteria interactome was queried for human domains convergently targeted by bacterial proteins
and missense mutations leading to bacteria-implicated genetic diseases. For immunological
diseases, convergently perturbed domains were only found in 4 human proteins. Similarly, for
proliferative diseases, convergently perturbed domains were only found in 7 human proteins.
Given such small sample sizes, it is not possible at this time to assess the statistical significance of
putative mechanistic equivalence between bacterial and mutational perturbations of human

domains. As more data on bacteria-implicated genetic diseases and host-bacteria interactions
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emerge, the domain-based convergent perturbation model may, in the future, be extended to the

study of diseases and co-infections involving multiple pathogenic species.

Perhaps adding to the complexity of host-microbe interactome analysis is interaction among the
microbial perturbagens themselves (e.g. pathogenic bacteria and viruses vs. commensal bacteria),
which may be synergistic or antagonistic in nature, and cause non-additive perturbations to the
human interactome network [92]. For instance, HIV-infected individuals are at a higher risk for
co-infections by other pathogens, with Mycobacterium tuberculosis (TB) being a major co-
infecting agent. There is literature implicating the TNFa signalling pathway in the co-pathogenesis
of TB and HIV [93]. Query of the domain-resolved host-pathogen interactome suggests that the
protein kinase domains of human MAPK8 (JNK1) and MAPK14 (p38a), both of which are
involved in the TNFa signalling pathway, are targets for both TB-encoded protein tyrosine
phosphatase ptpA as well as HIV-encoded Nef protein. Understanding the precise mechanism of
TB and HIV-mediated cross-regulation of cytokine signalling pathways would require further
investigation. Meanwhile, a study by Cohen et al. identified an effector gene family (Cbeg12) in
commensal bacteria, which encodes for an enzyme whose metabolic product, an N-acylated small
molecule, structurally mimics eukaryotic signalling molecules involved in NF-kB and GPCR
activation [94]. The authors suggest that commensal bacteria may use structural mimicry as a
mechanism for mutualistic interactions with the host. While the receptor-ligand interaction
involves the metabolic product of a bacterial effector, as opposed to the effector itself, and no
mention is made of the host domain bound by the bacterial ligand, it is conceivable that commensal
bacteria may encode effector proteins that structurally mimic eukaryotic signalling proteins, but

exert opposite immunomodulatory effects in comparison to pathogenic viruses and bacteria.
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Chapter 6: Conclusion

In summary, domain-resolved host-pathogen PPI networks are useful for examining the molecular
mechanisms of diseases with both genetic and viral components, as well as the evolutionary origin
of host-interacting structural modules in bacteria. As recurrent and emerging infectious diseases
pose a tremendous risk to public health, there is a strong need for unbiased, systematic
investigation of the molecular mechanisms of host-pathogen interactions. While experimentally
determined PPIs may be biased towards well-studied pathogen species, and domain-domain
interaction templates may be biased towards well-defined protein structures, domain-level
interactome analysis encompassing multiple pathogen and host species is nonetheless more
powerful in uncovering general molecular recognition principles underlying the host-pathogen PPI
network, compared to protein-level analysis focusing on one species at a time. To increase
coverage of the host-pathogen structural interaction network, future efforts should focus on
genome annotation of emerging pathogens, more systematic mapping of host-pathogen protein
interactomes, as well as new molecular modelling methods to predict structures of proteins and

PPIs which do not have homologs with known structure [95].

As discussed earlier, a major challenge in host-microbe interactome analysis is accounting for the
presence of multiple microbial species, whose gene expression, and protein interactions with host,
as well as amongst themselves, may be spatiotemporally regulated. Indeed, the emerging field of
differential network biology aims to capture dynamic topological changes in the interactomes of
single or multiple organisms as they adapt to genetic mutations, environmental stress and
interspecies interactions [92, 96-98]. In this sense, pathogen proteins and host SNPs associated

with susceptibility to infection can serve as candidate perturbagens for higher-order edgetic
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perturbation experiments [99-102]. For instance, pathogen proteins and their host targets can be
subjected to directed evolution experiments to identify gain- or loss-of-function variants that alter
the binding affinity and specificity of host-pathogen PPIs. When creating mutant libraries, priority
can be given to interacting domains and interface residues identified in structurally-resolved host-
pathogen PPI networks, which may be enriched for mutations that alter binding properties.
Multiple sequence alignments between pathogen proteins having similar functions may shed light

on the molecular determinants and evolution of virulence.

While the cost of genome sequencing has become less prohibitive and community efforts such as
1000 Genomes [103] and the Human Interactome Project [37] continue to provide a clearer picture
of the human genetic and physical interactome, the vast number of theoretically possible SNPs and
PPIs, along with the difficulty of experimental determination of protein structure, rationalize the
use of structural interaction networks built from template-based models in exploring the systems
biology of genetic and infectious diseases, as well as dynamic changes in the human interactome
upon perturbation. Although predicting new host-pathogen interactions is beyond the scope of this
thesis, the work presented here is a first step towards resolving PPI interfaces in host-pathogen
interactions: once domains involved in host-pathogen PPIs are identified, interface residues inside
such domains can be predicted using machine learning methods [104]. It will then be possible to
determine whether the interactome perturbation model can be generalized to the residue level, i.e.
whether missense mutations and viruses inducing similar disease phenotypes convergently target
the same interface residues. For host-pathogen PPIs without close homologues at the sequence
level, structural models can be built using threading methods. Such models can “salvage” host-
pathogen PPI interfaces and genetic disease mutations located outside Pfam domains, which are

not considered in the current study. Furthermore, it may be possible to design drugs that precisely
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inhibit host-pathogen PPIs, with minimal disruption to host-endogenous PPIs [105]. Given the
scarcity of host-pathogen PPI data and the rapidly increasing number of completely sequenced
pathogen genomes, the framework presented here for estimating the potential of pathogen domains
to target eukaryote-specific cellular processes, without needing direct experimental evidence of
their interaction with host domains, may help accelerate the discovery and mechanistic study of
novel virulence factors, as well as the development of selective inhibitors of pathogen-subverted

host signalling pathways.

101



Glossary

Term Definition

Interactome Usually refers to protein-protein interaction network, although
generalizable to any interaction network

Domain Conserved structural unit that can fold, function and evolve
independently of the rest of a protein, often acting as protein-
protein interaction module

Linear motif Short stretch of adjacent amino acids in a protein sequence,
often acting as protein-protein interaction module

Oncovirus Virus causally linked to human cancer and activates common

Oncovirus-targeted
domain (OVTD)

Oncoviral homology
domain (OVHD)

Generic viral homology
domain (GVHD)

Effector

molecular hallmarks of cancer

Human domain physically interacting with oncoviral proteins
Human domain with viral homologue either exclusively
occurring or enriched in proteomes of oncogenic viruses

Human domain with viral homologue either exclusively
occurring or enriched in proteomes of non-oncogenic viruses

Virulence factor secreted by pathogenic bacteria and injected
directly into host cytoplasm via specialized secretion systems
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