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Abstract

Elucidating the complete network of protein-protein interactions, or interactome, is a funda-

mental goal of the post-genomic era, yet existing interactome maps are far from complete.

To increase the throughput and resolution of interactome mapping, methods for protein-pro-

tein interaction discovery by co-migration have been introduced. However, accurate identifi-

cation of interacting protein pairs within the resulting large-scale proteomic datasets is

challenging. Consequently, most computational pipelines for co-migration data analysis

incorporate external genomic datasets to distinguish interacting from non-interacting protein

pairs. The effect of this procedure on interactome mapping is poorly understood. Here, we

conduct a rigorous analysis of genomic data integration for interactome recovery across a

large number of co-migration datasets, spanning diverse experimental and computational

methods. We find that genomic data integration leads to an increase in the functional coher-

ence of the resulting interactome maps, but this comes at the expense of a decrease in

power to discover novel interactions. Importantly, putative novel interactions predicted by

genomic data integration are no more likely to later be experimentally discovered than those

predicted from co-migration data alone. Our results reveal a widespread and unappreciated

limitation in a methodology that has been widely used to map the interactome of humans

and model organisms.

Author summary

Proteins interact to perform normal cellular functions, and disruption of these interac-

tions results in many human diseases. Consequently, defining the complete map of pro-

tein-protein interactions in humans and other organisms is of great interest. Mass

spectrometry has been widely used to map protein interaction networks, but identification

of true protein-protein interactions within the resulting massive proteomic datasets is

challenging. One widely used approach integrates proteomic data with publicly available

functional genomics data, such as mRNA coexpression or protein coevolution, to define

likely interactions. Here we report that this technique, which we refer to as genomic data

integration, introduces systematic biases into the resulting protein interaction networks.

Genomic data integration increases the functional coherence of these networks, but at the
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expense of decreasing power to discover novel interactions, increasing bias towards

highly-studied proteins, and impairing recognition of protein complexes. Furthermore,

interactions predicted from proteomic data alone are no less likely to later be discovered.

Our results indicate that a widely used computational protocol limits discovery of novel

protein-protein interactions, with implications for attempts to define the molecular basis

of human physiology and disease.

Introduction

Biological functions are mediated by the dynamic organization of proteins and other biomole-

cules, including DNA, RNA, and metabolites, into complex networks of interactions [1]. Per-

turbations of these networks are implicated in human disease [2]. Consequently, efforts to

chart the network of biologically relevant protein-protein interactions (the “interactome”)

occupy a central position in the endeavour to understand the biochemical basis of human

physiology and disease pathobiology [3,4]. Nearly two decades of study have produced initial

systematic interactome maps of humans [5–9] and model organisms. However, traditional

methods for interactome mapping, such as yeast two-hybrid (Y2H) or affinity purification-

mass spectrometry (AP-MS) require the introduction of tags into all proteins of interest in

order to provide a measurable readout [10,11]. Such tags are laborious to introduce, and may

disrupt the native interactions or localization of the protein [12]. Furthermore, these methods

cannot easily be applied to identify temporal rearrangements in the interactome, instead yield-

ing static pictures of the cellular protein interaction network [13,14].

In response to interest in assembling complete maps of human and model organism inter-

actomes, and in identifying changes in protein-protein interactions in response to perturba-

tion, a number of experimental techniques have emerged to increase the throughput and

resolution of interactome mapping using co-migration, also referred to as protein correlation

profiling (PCP). Recently, we described an approach that combines PCP with stable isotope

labeling by amino acids in cell culture (PCP-SILAC) and size exclusion chromatography

(SEC), and applied this method to identify rearrangements in the interactome of HeLa cells

following stimulation with epidermal growth factor (EGF) [13]. More extensive fractionation

methods have also been employed to identify co-migrating proteins across a wide range of bio-

chemical conditions [9,15]. Importantly, although neither SEC-PCP-SILAC nor orthogonal

co-migration approaches yield direct evidence of physical protein-protein interactions, they

provide a basis for inference of co-complex membership based on correlated protein abun-

dance across conditions designed to separate protein complexes based on their size or other

biochemical properties.

Co-migration methods for interactome mapping quantify thousands of proteins across a

large number of fractions. Discriminating interacting from non-interacting protein pairs

within the resulting complex and noisy proteomic datasets represents a significant computa-

tional challenge. Consequently, a number of published computational pipelines incorporate

additional sources of evidence supporting the presence or absence of a physical interaction,

derived from external genomic datasets, in machine-learning classifiers. Diverse sources of

publicly available functional genomics data supporting functional or physical association have

been incorporated into published classifiers: for instance, mRNA co-expression, protein co-

evolution, or gene co-citation in published literature abstracts. Published protein-protein

interactions, either from previous high-throughput studies or compiled from small-scale
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experiments, may also be incorporated as sources of evidence, as may interactions between

orthologous proteins in other model organisms (“interologs”) [16].

The popularity of incorporating external genomics datasets in co-migration data analysis

attests to the widespread belief that this methodology increases the quality of the resulting

interaction networks, by enabling the classifier to more accurately discriminate between true

and spurious interactions. Consequently, this strategy has been employed by several large-

scale interactome mapping efforts, e.g. [9,15,17,18]. However, despite its broad use, the effects

of genomic data integration on the global properties of the protein-protein interaction net-

works recovered from proteomic data has not been rigorously assessed. A major goal of large-

scale interactome mapping projects is to discover novel interactions, yet it seems intuitively

likely that incorporating information about known interactions, or functional associations,

could decrease the power of a classifier to reveal truly novel interactions within experimental

datasets. Moreover, publicly available genomics datasets are often biased towards well-studied

proteins, and it is unclear whether this bias is propagated into the composition and topology

of the resulting interaction networks. Finally, the precise effects of each external functional

genomics data type have not been rigorously documented, and individual datasets have been

integrated in a largely ad hoc manner. The question of which individual datasets should be

integrated to optimize network quality therefore remains open. Although co-migration meth-

ods can significantly increase the throughput of interactome mapping, they nevertheless

require substantial investment of time and resources to generate. It is therefore critical to

ensure that the resulting datasets are analyzed in a manner that balances power to discover

novel interactions with the desire to prioritize true positives for further experimental

validation.

In the present study, we rigorously evaluate the effects of incorporating external genomic

datasets on the quality, topology, and novelty of protein-protein interaction networks recov-

ered from mass spectrometric data. We first apply our framework to analyze co-migration

datasets we have produced using SEC-PCP-SILAC. As a baseline, we predict interactions

using PrInCE [19], a naive Bayes classifier trained exclusively on dataset-derived features: e.g.,

the Euclidean distance or Pearson correlation between two chromatograms. Our intent is not

to argue that our own experimental and computational pipelines represent universally optimal

techniques for detecting protein-protein interactions using the principle of co-migration.

Rather, we believe that our methods are sufficiently representative that our conclusions gener-

alize more broadly to other experimental and computational approaches. In support of this

argument, we present evidence that our results are qualitatively unchanged when the naive

Bayes classifier used to predict interactions in PrInCE is replaced by a support vector machine,

or when training classifiers on an alternative selection of data-derived features. In addition, we

extend our analysis to recently published co-migration datasets generated by others, using

orthogonal experimental methods, to demonstrate that our results apply to data analysis of co-

migration experiments in general. We find that, while incorporating external genomic datasets

increases the power of the resulting networks to predict protein function, it leads to a substan-

tial decrease in the proportion of novel interactions discovered. Because novel interactions

could represent either true undetected interactions or false positive associations, we apply a

time-split cross-validation approach [20] to estimate the proportion of true positives among

putative novel interactions. Importantly, we find that novel interactions predicted with or

without external genomic datasets are equally likely to be discovered by subsequent studies,

suggesting that genomic data integration impedes discovery of novel interactions between pro-

teins without previously known functional associations. Our results reveal a widespread and

unappreciated limitation in a methodology used to process proteomic datasets, with implica-

tions for efforts to map the human interactome.
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Results

Published computational pipelines for analysis of co-migration datasets make use of variable

numbers and types of external genomic datasets to identify interactions. We sought to systemati-

cally evaluate the effects of genomic data integration on the properties of the interactomes recov-

ered from raw proteomics data. The framework for our study was, therefore, as follows: We first

integrated variable numbers of external genomic datasets into machine-learning classifiers and

used each classifier to predict interactions from 16 co-migration datasets, generated using

SEC-PCP-SILAC, SEC coupled to label-free quantification (SEC-LFQ), or biochemical co-frac-

tionation. We then analyzed the following properties for each network: (i) its biological coher-

ence, defined in the following section; (ii) the proportion of interactions within the network that

were novel; (iii) the clustering coefficient of the network, a measure of its ability to recover fully

connected protein complexes; and (iv) the degree of bias within the network towards highly

studied proteins. While none of these outcomes should be taken as a simple indicator of network

quality in isolation, in combination they capture relevant properties of the analytical approach

used to recover interaction networks from co-migration data. Next, we decomposed the effect of

individual genomic features by adding external datasets one at a time and evaluated the same

properties of the resulting networks. In addition, since functional genomics datasets exhibit vary-

ing degrees of incompleteness, we evaluated the robustness of the recovered networks to varia-

tions in the completeness of the training data. Finally, we confirmed our results were robust to

the choice of classifier. An overview of our study design is provided in Fig 1.

We began by analyzing the functional connectivity of each network, defined as the degree

to which the function of any given protein can be predicted from those of its interacting part-

ners, based on the principle of ‘guilt by association’ [21,22]. In this analysis, we labeled each

protein with its annotated Gene Ontology (GO) terms, then withheld a subset of those labels.

We then asked how accurately these withheld GO terms can be predicted on the basis of the

interaction network alone, by assigning a score to each protein-GO term pair that reflects the

proportion of the protein’s interacting partners that are annotated with the same term. This

procedure was repeated three times, and the mean area under the receiver operating character-

istic (ROC) curve (AUROC) was calculated for each GO term. The resulting distribution of

AUROCs provides a quantitative overview of the biological coherence of the network, with

higher AUROCs characteristic of a network in which proteins with a given function tend to be

connected to other proteins with the same function. Importantly, this measure of a network’s

biological coherence is directly aligned with a key task for which protein-protein interaction

(PPI) networks have been used (that is, protein function prediction) [23,24].

We predicted protein interaction networks by supplementing dataset-derived features with

combinations of zero to nine external genomic features (Methods) and calculated the median

AUROC for each network across all GO terms. The number of genomic features used to train

each classifier was strongly and significantly correlated with the functional connectivity of the

resulting networks (Fig 2; Spearman’s ρ = 0.40, P = 3.2 × 10−51). This conclusion held for both

datasets generated using SEC-PCP-SILAC (ρ = 0.49, P = 5.5 × 10−63), as well as SEC-LFQ data-

sets (ρ = 0.37, P = 6.6 × 10−3); no significant correlation was observed for the biochemical co-

fractionation datasets (ρ = 0.02, P = 0.81). Thus, using conventional measures of a network’s

biological coherence, interaction networks constructed using genomic data integration outper-

form those constructed using co-migration data alone.

Although genomic data integration increased the accuracy of protein function prediction

from interactome topology, incorporating information about known functional associations

or physical interactions could decrease the power of a classifier to discover novel interactions.

Given that a primary goal of high-throughput interactome mapping projects is to discover
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novel interactions, we therefore undertook a systematic effort to compile known PPIs across

seventeen databases (Methods) and used these catalogs of known interactions to calculate the

proportion of previously known interactions in each network generated from co-migration

data. We observed a strong negative correlation between the number of external genomic data-

sets integrated into the classifier and the proportion of novel interactions within the network

(Fig 3A; Spearman’s ρ = –0.34, P = 1.9 × 10−36). This trend remained significant for both

SEC-PCP-SILAC (ρ = –0.38, P = 4.0 × 10−36) and biochemical co-fractionation datasets (ρ = –

0.43, P = 1.5 × 10−8), although not the SEC-LFQ dataset (ρ = 0.014, P = 0.90). These observa-

tions suggest that the increased functional connectivity of networks recovered by integrating

external genomic datasets could come at the expense of decreasing power to discover novel

interactions.

Fig 1. Genomic data integration for interactome mapping. (A) Overview of co-migration workflow for interactome mapping and integration of external

genomic datasets. (B) Primary outcomes analyzed in the present study.

https://doi.org/10.1371/journal.pcbi.1006474.g001
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Putative novel interactions could represent truly undiscovered interactions within an exper-

imental dataset, but they could also reflect spurious or noisy associations within the data.

Thus, a critical outcome in evaluating genomic data integration is what fraction of putative

novel interactions actually represent true positives. To estimate this proportion, we performed

a time-split cross-validation experiment [20]. We withheld interactions reported only in 2017

(n = 34,237) when identifying known interactions, then calculated the proportion of putatively

novel interactions that were subsequently identified in 2017 within the human co-migration

datasets. If putative novel interactions recovered by genomic data integration are more likely

to represent true positives, then this procedure should be associated with a higher rate of

interaction discovery in the validation set. However, surprisingly, we observed the inverse rela-

tionship, with a moderate negative correlation between genomic data integration and the like-

lihood of a putatively novel interaction later being discovered (Fig 3B; Spearman’s ρ = –0.13,

P = 5.6 × 10−3). We confirmed this moderate negative trend for SEC-PCP-SILAC (ρ = –0.18,

P = 1.1 × 10−4) and SEC-LFQ (ρ = –0.64, P = 1.2 × 10−10) datasets individually, but found the

reverse trend for the biochemical co-fractionation datasets (ρ = 0.21, P = 0.0066). However, in

aggregate, the absence of a positive effect of genomic data integration on the proportion of

putative novel interactions that were subsequently validated suggests that the effect of this pro-

cedure on the biological relevance of the recovered interactions is negligible. We therefore

conclude that genomic data integration decreases power to discover true, condition-specific

interactions between proteins that are not yet linked by a known functional association. To

ensure our results were insensitive to the temporal cutoff used in our time-split cross-valida-

tion scheme, we repeated these analyses by withholding interactions discovered in 2016 or

Fig 2. Functional connectivity of co-migration interactomes. PPI networks were predicted from co-migration data using machine-learning classifiers

trained on raw co-migration data alone, or co-migration data supplemented with combinations of one to nine external genomic features. For each

network, the functional connectivity was calculated as the distribution of AUROCs for prediction of protein function by neighbor voting in three-fold

cross-validation.

https://doi.org/10.1371/journal.pcbi.1006474.g002
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later. This analysis confirmed the absence of a positive trend (ρ = –0.057, P = 0.13; S1 Fig).

Finally, we confirmed that our results were robust to controlling networks based on the false

discovery rate, rather than number of interactions (S2 Fig), finding that genomic data integra-

tion decreased the proportion of novel interactions within these networks (ρ = –0.31,

P = 6.4 × 10−22), but did not have a significant effect on the proportion of interactions that

were subsequently discovered under either time split (ρ = –0.039, P = 0.45 and ρ = –0.029,

P = 0.57 for 2017 and 2016, respectively).

We note as a caveat to this conclusion that, when we analyzed the subset of networks pre-

sented in Fig 3B that were generated with combinations of zero and three features, there was a

marginally significant correlation between the number of external genomic features integrated

and the proportion of interactions that were subsequently discovered (ρ = 0.17, P = 0.0055).

This result might be interpreted to suggest that a limited degree of genomic data integration

can have a positive effect on the quality of the recovered interaction network. However, this

post-hoc subgroup analysis should be interpreted cautiously, particularly since the correlation

was no longer statistically significant when analyzing networks generated with combinations

of up to four features (ρ = 0.028, P = 0.59). We additionally asked whether any specific combi-

nations of external genomic datasets consistently had a positive effect on the proportion of

putative novel interactions that were subsequently discovered, relative to baseline networks

recovered without external genomic datasets, but found that no combination had a significant

effect after multiple hypothesis testing correction (all P > 0.05).

Fig 3. Novel interactions in co-migration interactomes. (A) Comprehensive databases of human and mouse protein-protein interactions were

compiled and used to calculate the proportion of novel interactions within interaction networks recovered from co-migration data alone or

supplemented with combinations of one to nine external genomic datasets. Each point represents a network derived from a machine-learning classifier

incorporating a different combination of external genomic features. (B) Interactions discovered in 2017 only were withheld from the database of known

interactions and used to estimate the proportion of true positives among putative novel interactions by time-split cross-validation. The ‘Tissues’ dataset

is omitted as insufficient interactions were available to conduct time-split cross-validation in mouse.

https://doi.org/10.1371/journal.pcbi.1006474.g003
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We next considered another potential bias introduced by genomic data integration: in par-

ticular, many genomic datasets are characterized by bias toward highly studied proteins. For

example, literature-curated interactions from small-scale studies disproportionately involve

well-studied proteins [8]. Similarly, interacting protein domains require three-dimensional

structural templates to define, and therefore introduce bias towards proteins that have been

studied using the techniques of structural biology. Incorporating these biased datasets into

computational pipelines to analyze co-migration data introduces the possibility that biases

towards highly studied proteins will be propagated into the resulting interaction networks.

Such biases have been described in the context of a large ‘uncharted zone’ in interactomes

derived solely from small-scale, literature-curated experiments, wherein the products of many

human disease genes associate with few or no interacting partners, while a smaller number of

highly studied proteins are densely connected [8]. We developed a quantitative metric of this

bias within each co-migration interactome by calculating the Spearman correlation between

the number of interactions predicted for each protein, and the number of publications in

which it has been mentioned. Networks derived from co-migration data alone displayed mini-

mal bias towards highly studied proteins (median Spearman’s ρ = 0.059), but the degree of bias

increased sharply with the number of external genomic datasets incorporated (Fig 4A; Spear-

man’s ρ = 0.32, P = 8.3 × 10−32), a correlation that remained significant across two of three

experimental methods (SEC-PCP-SILAC, ρ = 0.36, P = 1.9 × 10−32; SEC-LFQ, ρ = 0.56,

P = 6.1 × 10−8; biochemical co-fractionation, ρ = –0.10, P = 0.19). Thus, in addition to contain-

ing a lower proportion of novel interactions overall, interaction networks predicted using

genomic data integration display a greater bias towards highly studied proteins, whose func-

tions are more likely to already be well understood.

Fig 4. Bias towards highly studied proteins and protein complex recovery in co-migration interactomes. (A) Correlation between protein degree

(number of interacting partners) and number of publications describing that protein in interaction networks recovered from co-migration data alone

or supplemented with combinations of one to nine external genomic datasets. (B) Global clustering coefficients of protein-protein interaction networks

recovered from co-migration data alone or supplemented with combinations of one to nine external genomic datasets.

https://doi.org/10.1371/journal.pcbi.1006474.g004
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Many proteins assemble into not only pairwise interactions, but higher-order, multi-pro-

tein complexes. In graph theoretic terms, these complexes can be described as cliques, as every

protein in the complex co-migrates with every other protein in the complex. A global topologi-

cal measure that reflects the tendency of interacting proteins within a network to form cliques,

and therefore complexes, would thus provide an orthogonal, high-level assessment of the bio-

logical relevance of the network, given that the aim of all the co-migration experiments ana-

lyzed here was identify protein complexes co-migrating across one or more separation

gradients. Such a measure is provided by the clustering coefficient of a network, which mea-

sures the probability that any two proteins connected to a given third protein are themselves

connected in the interaction network [1]; a network with a high clustering coefficient is thus

one with a global topology characteristic of protein complexes. We calculated the clustering

coefficients for each network as a measure of the tendency of the classifier to preferentially

identify protein complexes, and found that, although clustering coefficients varied consider-

ably across datasets, genomic data integration was consistently associated with decreased clus-

tering coefficients across all three methods (Fig 4B; Spearman’s ρ = –0.20, P = 1.2 × 10−12;

SEC-PCP-SILAC, ρ = –0.23, P = 7.7 × 10−14; SEC-LFQ, ρ = –0.14, P = 0.22; biochemical co-

fractionation, ρ = –0.77, P = 5.3 × 10−33). Importantly, the clustering coefficients of the result-

ing interaction networks reflect an outcome independent of investigator biases inherent to the

Gene Ontology and PPI databases. Our analysis of interaction network topology therefore sug-

gests that genomic data integration impedes the identification of co-eluting complexes within

co-migration datasets.

In all analyses described above, we made use of a naive Bayes classifier to distinguish inter-

acting and non-interacting protein pairs. However, published computational pipelines have

employed a variety of machine-learning methods. To confirm that our results were insensitive

to the precise design of the computational pipeline, we repeated these experiments using sup-

port vector machines (SVMs) to classify interactions. We found our results were qualitatively

unchanged (S3 Fig), indicating our conclusions are robust to the exact statistical techniques

used to integrate known functional associations with co-migration data to map interactions.

Our results thus far indicate that, when predicting interaction networks from co-migration

data, increasing genomic data integration is associated with increased functional connectivity,

at the expense of decreasing power to discover novel interactions or reveal complete protein

complexes. A remaining question is whether the trends described here apply to all genomic

datasets, or whether individual datasets can be isolated as drivers of improved functional

connectivity or decreased novelty. A single feature capable of increasing the biological coher-

ence of the resulting networks, while leaving the proportion of novel interactions largely

unchanged, would be highly desirable for co-migration data analysis. To address this question,

we incorporated individual genomic features into classifiers, and evaluated the functional

connectivity and novelty of the resulting networks. Eight of the nine features tested here

resulted in a significant increase in functional connectivity relative to a baseline of exclusively

dataset-derived features (Fig 5A; all P� 1.6 × 10−12, Fisher’s method), with the sole exception

being gene fusion (P > 0.99). However, the same eight features resulted in highly significant

increases in the proportion of previously known interactions (Fig 5B; all P� 7.0 × 10−26, Fish-

er’s method, except P > 0.99 for gene fusion). The magnitude of these effects were variable,

with the largest decreases in the proportion of novel interactions observed upon integration of

co-citation data or previously published interactions. In contrast, smaller changes were

observed for mRNA coexpression and phylogenetic profiles, suggesting these constitute less

biased sources of genome-wide functional associations (Fig 5C).

We also analyzed the effect of individual features on network bias towards highly studied

proteins, network clustering coefficients, and the proportion of putatively novel interactions

Genomic data integration systematically biases interactome mapping
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later discovered in time-split cross-validation (S4 Fig). Notably, while none of coexpression,

phylogenetic profiles, gene fusion, or gene neighborhood had a statistically significant impact

on network bias towards highly studied proteins (S4A Fig; all P� 0.64, Brunner–Munzel test),

all sources of interologous PPIs increased bias towards well-studied proteins (all P� 5.7 ×
10−3), as did domain-domain interactions (P = 5.5 × 10−4); as expected, literature co-citation

had the greatest effect (P = 2.8 × 10−9). In contrast, no individual feature had a significant

impact on the clustering coefficient of the network (S4B Fig; all P� 0.051, Brunner–Munzel

test). This finding suggests that integration of several features is required to significantly

impact protein complex recovery from co-migration data. Finally, we analyzed the proportion

of putative novel interactions that were subsequently discovered in our time-split cross-valida-

tion scheme, a proxy for the proportion of putative novel interactions that correspond to true

positives. Our results were identical regardless of the time point used to split the training data-

set: domain-domain interactions and interologous literature-curated or co-immunoprecipita-

tion PPIs reproducibly increased the proportion of putative novel interactions that were later

discovered (all P� 3.5 × 10−4, Fisher’s method). Surprisingly, co-citation data reproducibly

led to a significant decrease in the proportion of true positive interactions (P� 1.6 × 10−11);

Fig 5. Effect of individual genomic features on functional connectivity and novelty in co-migration interactomes. (A) Functional connectivity and

(B) proportion of novel interaction networks recovered from co-migration data alone, or in combination with individual external genomic features. (C)

Median proportion of novel interactions vs. median functional connectivity of networks recovered in combination with individual genomic features.

Dotted line shows ordinary least squares linear regression.

https://doi.org/10.1371/journal.pcbi.1006474.g005
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the remaining features did not have a significant effect in isolation (P� 0.33). Taken together,

these analyses reinforce the notion that integration of different functional genomic features

has distinct and characteristic impacts on the properties of recovered interaction networks and

provide additional support for the use of mRNA co-expression and phylogenetic profiles in

cases where genomic data integration is felt to be necessary.

A final question we aimed to address is how stable co-migration interactomes are to slight

perturbations in external genomic datasets. Many functional genomics datasets are incomplete:

for example, the identification of domain-domain interactions relies on limited three-dimen-

sional structural information, and existing interactome maps of model organisms are limited in

scope. We simulated incompleteness of external genomic features by randomly withholding

20% of the annotations for each feature and predicted interaction networks with the resulting

incomplete datasets. This procedure was repeated five times, and the Jaccard indices between all

pairs of interaction networks were calculated as a measure of robustness to incomplete data.

Networks displayed variable degrees of stability to perturbations in external genomic datasets,

with four of nine features resulting in a median Jaccard index less than 0.75 between networks

derived from the same co-migration data (Fig 6). This finding is concerning, as it suggests that

integration of these features impedes robust, stable identification of interacting protein pairs. In

contrast, co-expression, phylogenetic profiles, and all three sources of interologous PPIs pro-

vided comparatively greater robustness to incomplete data, suggesting these datasets yield more

useful information for high-throughput interactome mapping.

Discussion

Elucidating the complete interactome of humans and model organisms has been a longstand-

ing goal of modern high-throughput biology, yet conventional methods to reveal PPIs are

labour-intensive and not amenable to studying the interactome under physiological conditions

or in response to stimulus. To address this gap, a new generation of methods for interactome

mapping using co-migration have been developed and successfully applied in recent years

[9,13,15,17]. However, best practices for analysis of the unique proteomic datasets generated

by these methods remain poorly defined. We conducted an extensive analysis of one widely

used approach, which integrates known functional associations with co-migration data to

define interactomes using machine learning. Our results reveal that interaction networks

recovered from raw data with this technique perform better on conventional benchmarks,

such as their ability to predict protein function. However, this improved performance is associ-

ated with a decreased ability to identify novel interacting protein pairs within experimental

data. Importantly, novel interactions could represent either true, undiscovered interactions, or

false positive protein pairs. Our analysis suggests that classifiers trained without external data

are, for the most part, discovering truly novel and potentially condition-specific interactions

that lack known functional associations. In addition, we find that integration of external geno-

mic datasets propagates bias towards highly-studied proteins into interaction networks and

precludes accurate recognition of co-eluting complexes. Taken together, these findings suggest

that genomic data integration biases the resulting protein interaction networks towards

known functional associations, while impeding the discovery of true physical interactions

between protein pairs that lack known functional associations in existing datasets.

The concept of functional association has proven tremendously useful for predicting gene

function [25] and interpreting genome-wide association study data [26,27], among other

genome-scale applications. However, a key point highlighted by our analysis is that functional

association is not synonymous with physical interaction. Conversely, many apparently inter-

acting proteins lack known functional associations. As we show, this distinction is critical in
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interpreting high-throughput efforts to map the interactome by co-migration, given that a pri-

mary goal of such projects is to discover previously unknown physical interactions. In fact,

interactions substantiated solely from raw data appear no less likely than interactions substan-

tiated by functional associations to later be discovered. This observation attests to the high

quality of co-migration data. However, it also highlights the noisiness of existing functional

annotations: for instance, mRNA co-expression is known to be systematically biased by the

spatial proximity of gene pairs [28], while shared evolutionary trajectories can indicate partici-

pation in related functional pathways or processes rather than direct physical interaction [29].

Perhaps as a result, genomic data integration appears to decrease the power of machine-learn-

ing approaches to identify co-eluting protein complexes, as judged by a topological metric

independent of investigator biases within known interaction databases or functional annota-

tions in the Gene Ontology. Our results thus reveal that emphasis of prior functional

Fig 6. Robustness of predicted interaction networks to incomplete genomic data. The effect of incompleteness in

external genomic data was analyzed by randomly withholding 20% of each genomic feature in five-fold cross-

validation. The Jaccard index between networks derived from the same co-migration dataset was calculated as a

measure of robustness. The dotted line corresponds to a Jaccard index of 0.75.

https://doi.org/10.1371/journal.pcbi.1006474.g006
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associations comes at the expense of ability to reveal previously unknown biology. Conversely,

the lack of a known functional association between pairs of putatively interacting proteins

should not be used to rule out novel interactions.

Our analysis suggests that integration of external genomic datasets during the process of

network construction from co-migration data impedes the discovery of novel interactions or

protein complexes. However, there is clearly value in integrating genomic data after network

construction, in order to validate the overall quality of the experimental network, or to com-

pare datasets generated by different experimental methods [30]. Notably, such comparative

analysis is made more difficult by the fact that many published studies have integrated publicly

available functional genomics datasets with their mass spectrometric data to derive the final

protein interaction networks. Consequently, these published interaction networks combine

experimentally detected interactions with previously known functional associations, making it

difficult to tease apart the relative contributions of each to the network. Thus, genomic data

integration also represents a barrier to the comparative analysis of existing datasets.

Clearly, the scope of our analysis is not exhaustive: one can envision the addition of further

external genomic datasets into classifiers designed to reconstruct interactome networks from

raw co-migration proteomic data, or alternative methods of representing the features consid-

ered in this analysis (for instance, incorporating evidence of protein co-evolution at the

sequence level, instead of genomic co-occurrence). However, in selecting the particular exter-

nal genomic datasets that were considered within this study, our aim was to reflect those that

have been incorporated in published co-migration projects, in order to ensure the conclusions

of our study are relevant to the analytical protocols that have actually been implemented within

the field to date. In this respect, it is noteworthy that no individual combination of external

genomic datasets had a significant positive effect on the proportion of putative novel interac-

tions that were subsequently discovered, under our time-split cross-validation scheme. More-

over, by dissecting the individual contribution of each external genomic feature to the

properties of the resulting interaction networks, we provide an extensive resource to under-

stand the individual impacts of the nine external genomic features evaluated herein.

On the basis of our analysis, we argue that bioinformatic methods for interpretation of co-

migration data should rely exclusively on dataset-derived features if a primary aim of a

research effort is to discover novel interactions. We believe that this recommendation is partic-

ularly relevant to efforts to map the interactome across physiological conditions or in response

to perturbation. It is tempting to additionally speculate that re-analysis of published co-migra-

tion data, using solely data-derived features, has the potential to reveal previously unknown

interactions and complexes [31]. If integration of additional data is deemed essential to maxi-

mize the success of labour-intensive downstream validation, only one or a few features should

be included: we found that integration of even a single feature reliably resulted in a significant

decrease in the proportion of novel interactions recovered. Our analysis suggests mRNA co-

expression, phylogenetic profiling, and domain-domain interactions are among the most

appropriate features for this purpose, as they yield significant increases in functional connec-

tivity at the expense of relatively modest increases in the proportion of novel interactions (Fig

5C). Finally, as similar genomic data integration techniques have been employed to map the

human interactome using AP-MS, our findings are likely to generalize to mass spectrometry-

based efforts to map the interactome beyond co-migration.

Conclusions

We find that a commonly used computational technique for analysis of co-migration data hin-

ders the discovery of novel interactions from raw proteomics datasets, accentuates bias
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towards extensively studied proteins, and impedes accurate recovery of co-eluting complexes.

Importantly, interactions predicted from raw data alone appear no less likely to later be experi-

mentally discovered. This leads us to recommend that bioinformatics pipelines for interactome

mapping from co-migration datasets should rely exclusively on this raw data, when possible.

When integration of additional features is deemed essential, mRNA co-expression, phyloge-

netic profiling, and domain-domain interactions balance increased functional connectivity

and decreased novelty. Prioritizing high-quality co-migration data over noisy functional asso-

ciations will support efforts to reveal complete maps of PPIs in humans and other organisms.

Materials and methods

Co-migration datasets

Our initial analysis incorporated three sets of previously published co-migration experiments

performed within our own laboratory using SEC coupled to PCP-SILAC (SEC-PCP-SILAC)

[13,32,33]. These experiments mapped rearrangements in the interactome of HeLa cells to

stimulation with EGF [13] and to infection with Salmonella enterica [33], as well as rearrange-

ments in the interactome of Jurkat T cells during Fas-mediated apoptosis [32]. In addition, we

analyzed a dataset mapping the interactomes of seven mouse tissues, using PCP coupled to sta-

ble isotope labelling in mammals (PCP-SILAM) [34]. Within each experiment, each condition

was analyzed separately (for example, stimulated vs. unstimulated cells), for a total of 13 condi-

tions. In addition, we analyzed a dataset generated using SEC coupled to label-free quantifica-

tion (LFQ) rather than SILAC (referred to herein as “SEC-LFQ”) [35], and two datasets

generated using extensive biochemical co-fractionation to separate protein complexes [9,15],

in order to evaluate the robustness of our conclusions to experimental methodology. These

datasets were obtained from the supplementary material of the corresponding publications,

with the exception of the Wan et al. dataset, which was obtained from the supporting website

(http://metazoa.med.utoronto.ca; only human experiments were analyzed here). Protein iso-

forms and proteins quantified in three or fewer fractions were filtered from the Kirkwood

et al. data [35], leaving a total of 4,519 proteins for further analysis. Proteins quantified in three

or fewer fractions, and proteins quantified in only a single experiment, were filtered from the

Wan et al. data [9], and mapped to UniProt identifiers, leaving a total of 3,895 proteins for fur-

ther analysis.

External genomics datasets

We evaluated the impact of integrating nine external genomic features at the protein pair level

into classifiers designed to identify protein-protein interactions (PPIs) from PCP data, includ-

ing: (i) messenger RNA (mRNA) co-expression, (ii) phylogenetic profiles, (iii) domain-

domain interactions, (iv) co-citation in literature abstracts, (v) gene fusion, (vi) gene proxim-

ity, and three datasets of previously known PPIs curated from (vii) small-scale experiments,

(viii) two-hybrid (2H) screens, or (ix) co-immunoprecipitation (co-IP) experiments. These

genomic datasets were chosen in order to mimic as closely as possible the selection of features

that have been incorporated into previous genome-scale integrated functional networks [25–

27], and used to train classifiers designed to identify PPIs within co-migration datasets

[9,15,17,18,27]. For example, both Havugimana et al. [15] and Wan et al. [9] incorporated co-

evolution, literature co-citation, mRNA co-expression, gene neighborhoods, and PPIs derived

from AP/MS, Y2H, and literature curation as features in machine-learning classifiers to ana-

lyze biochemical co-fractionation datasets. Similarly, Kastritis et al. [17] incorporated gene

neighborhood, gene fusion, co-expression, and literature co-occurrence to identify PPIs in a

thermophilic eukaryote. Likewise, Larance et al. included high-throughput and small-scale
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interactions from PPI databases in their classifier to identify membrane protein complexes in a

combined cross-linking and co-migration experiment [18], while Crozier et al. incorporated

gene neighborhood, gene fusion, mRNA co-expression, literature co-occurrence, and experi-

mental and literature-curated protein-protein interactions from STRING to identify protein

complexes in Trypanosoma brucei from co-migration data [36]. We withheld functional data

derived from the Gene Ontology (GO) in order to validate the functional connectivity of the

resulting interaction networks, as detailed further below.

RNA expression data from healthy human and mouse tissues was obtained from the Bgee

database [37], and coexpression was calculated from normalized (FPKM) expression values

using the Pearson correlation coefficient. Phylogenetic profiles were constructed by mapping

human or mouse proteins to 272 other species using InParanoid [38], and calculating the Pear-

son correlation coefficient between binarized presence/absence values [39]. Interacting

domains identified within three-dimensional structure data were obtained from the 3did data-

base [40], and Pfam domain annotations for the human and mouse proteomes were obtained

from the UniProt web server to identify protein pairs possessing known domain-domain

interactions [41]. Co-citation, gene fusion, and gene proximity scores were obtained from

STRING, version 10.5 [42].

To assemble comprehensive datasets of previously published interactions, we systematically

compiled interactions from sixteen databases: BIND [43], BioGRID [44], DIP [45], HINT [46],

HIPPIE [47], HPRD [48], IID [49], InBioMap [50], MatrixDB [51], Mentha [52], MINT [53],

MPPI [54], NetPath [55], PINA [56], Reactome [57], and WikiPathways [58]. From pathway

databases, only the subset of information cataloguing physical PPIs was retained. When avail-

able, experimental methods supporting each interaction were recorded using the Molecular

Interactions ontology [59]. Two-hybrid interactions were selected as the subset of interactions

supported by the MI evidence codes containing the string ‘two hybrid’, while co-IP interac-

tions were selected as the subset of interactions supported by evidence codes containing the

string ‘coimmunoprecipitation’. In addition, all PubMed identifiers (PMIDs) supporting each

interaction were recorded and used to link the interaction to all the year(s) in which it was

detected using XML files distributed by PubMed. All gene and protein identifiers were mapped

to UniProt accessions using identifier mapping files distributed by UniProt [41]. We assem-

bled comprehensive databases of known interactions from human, mouse, worm, fly, and

yeast using this procedure, mapping orthologs with InParanoid [38].

We used the resulting comprehensive catalog of interactions in three ways. First, we used

interactions between orthologous protein pairs, detected by either (i) literature curation of

small-scale experiments (LC), (ii) yeast two-hybrid (Y2H), or (iii) co-immunoprecipitation (IP)

as external genomic features, integrating them into machine-learning classifiers to recover pro-

tein interaction networks from co-migration data. We defined small-scale experiments as publi-

cations reporting 25 or fewer PPIs. To minimize circularity in interaction prediction, in all

cases we excluded interactions from the species of interest (i.e., human or mouse) when training

classifiers on co-migration data, including only interologs detected in different species.

Second, we used all published interactions from the species of interest (i.e., human or

mouse) to calculate the proportion of interactions in each recovered network that were known

(i.e., previously reported in any database), defining the remaining interactions as putatively

novel. In this experiment, we used two different datasets for two time-split cross-validation

experiments, excluding interactions detected prior to 2017 or prior to 2016, respectively, to

calculate the total proportion of previously known interactions.

Third, we used the withheld sets of interactions to estimate the proportion of putatively

novel interactions that actually represent true positives by performing a time-split cross-valida-

tion [20]. Our rationale in selecting this cross-validation scheme was to provide a reasonable
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simulation of prospective interactome mapping projects, in which investigators have access to

all previously published interactions and are interested in the proportion of predicted interac-

tions that represent true positives. This technique was pioneered in the field of cheminfor-

matics, where it was shown to more accurately reflect the accuracy of predictions in a

prospective setting [20,60]. However, time-split cross-validation generalizes to any dataset for

which each observation is time-stamped, and can reduce the impact of literature contamina-

tion or other unanticipated biases in the training dataset, thereby providing a more accurate

estimation of true accuracy in comparison to the overly optimistic approach of random-split

cross-validation [20]. We used two different datasets to conduct two different time-split cross-

validation experiments, splitting our dataset of known interactions at those discovered in 2017

or later and in 2016 or later, respectively.

Protein interaction prediction from co-migration data

We first predicted protein interactions using our own computational pipeline, PrInCE [19], a

naive Bayes classifier that learns exclusively from dataset-derived features. By default, PrInCE

incorporates six features, including the Euclidean distance between protein profiles; the Pearson

correlation coefficient between profiles and its P-value; the Pearson correlation coefficient cal-

culated from ‘cleaned’ profiles, with missing values replaced by Gaussian noise and single miss-

ing values imputed; and the distance in fractions between the maximum values of each profile.

PrInCE also attempts to deconvolve each profile into a mixture of one to five Gaussians and

includes the minimum Euclidean distance between any pair of Gaussians from the two profiles

as a sixth feature. These features were used as input to classifiers designed to handle data from

our own SEC-PCP-SILAC experiments, as well as SEC coupled to spectral counts (SEC-LFQ)

[35]. In our analysis of the co-fractionation datasets, we emulated the feature selection of Havu-

gimana et al. [15], calculating weighted cross-correlation and noise model correlation for each

fractionation experiment, as well as a co-apex score across all fractionation experiments, as pre-

viously described. The Euclidean distance between MS1 intensity profiles was also included as a

feature when analyzing the Wan et al. dataset, to emulate the authors’ original analysis [9].

In all cases, the selected features were used as input to a naive Bayes classifier, optionally

supplemented with combinations of one or more features derived from the external genomic

datasets described above. We evaluated all possible combinations of zero to nine external

genomic features for each co-migration dataset in turn, up to a limit of ten randomly selected

combinations for each number of external genomic features. The naive Bayes classifier was

trained on the CORUM database [61] using ten-fold cross-validation, taking intra-complex

interactions as true positives and inter-complex interactions as true negatives. Protein pairs

were ranked by their median classifier scores across all ten folds, and the top 10,000 pairs were

selected to form a predicted interaction network for each experiment, in order to control for

the effect of interactome size on our conclusions. We additionally generated networks by con-

trolling the false discovery rate, filtering networks with fewer than 2,000 interactions to mini-

mize spurious associations caused by very small networks. In addition, we confirmed that our

results were qualitatively unchanged when using alternative classifiers, including the random

forests (RFs) implementation in the R package ‘ranger’, and the support vector machines

(SVMs) implementation in the R package ‘LiblineaR’. Due to increased computational

demands, only five-fold cross-validation was used for SVM and RF classifiers.

Functional connectivity

Gene Ontology (GO) terms annotated to each protein were retrieved from the UniProt-GOA

database [62]. GO annotations supported only by evidence codes ND, IPI, IEA, and/or NAS
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were filtered. We used the ‘EGAD’ R package [63] to perform all functional connectivity calcu-

lations in three-fold cross-validation, considering only GO terms annotated to between 0.5%

and 5% of the proteins in the resulting network in order to exclude very broad or specific

terms.

Interaction novelty

We calculated the proportion of interactions within each network that had been previously

reported by assembling comprehensive catalogs of human and mouse interactions, as

described above. To gain insight into the likelihood that novel interactions detected by each

method represented true positives, we withheld human interactions that had not been reported

prior to 2017, and calculated the proportion of ‘novel’ interactions predicted from each human

dataset that had been discovered in 2017, in a time-split cross-validation approach [20]. Inter-

actions supported only by the PMIDs of previously published experiments analyzed here

[13,15,32,33,35] were excluded from these analyses to eliminate circularity. To identify indi-

vidual combinations of external genomic datasets that significantly increased the proportion

of putative novel interactions that were subsequently discovered in our time-split cross-valida-

tion scheme, we compared each combination of external genomic features to the baseline net-

works recovered solely from dataset-derived features using a Brunner–Munzel test, followed

by Bonferroni correction to control the family-wise error rate.

Other outcomes

The ‘igraph’ package [64] in R was used to calculate the global clustering coefficient of each

network. The number of publications referencing each protein was obtained from the ‘gene2

pubmed’ file distributed by the NCBI [65].

Statistical analysis

Spearman’s ρ was used to evaluate associations between number of genomic features and out-

comes. To test for differences in functional connectivity between networks recovered with

individual features and baseline networks, a two-sided Brunner–Munzel test was performed

for each network, and the P-values were aggregated using Fisher’s method. To test for differ-

ences in proportion of novel interactions between individual feature and baseline networks, P-

values from proportion tests performed for each network were aggregated using Fisher’s

method. Differences between networks in bias towards highly studied proteins or global clus-

tering coefficients were assessed using two-sided Brunner–Munzel tests.

Supporting information

S1 Fig. Novel interactions in PCP interactomes, with alternate time-split cross-validation.

Interactions discovered in 2016 or later were withheld from the database of known interactions

and used to estimate the proportion of true positives among putative novel interactions by

time-split cross-validation.

(PDF)

S2 Fig. Novel interactions in false discovery rate-controlled PCP interactomes. (A) Propor-

tion of novel interactions within interaction networks at 50% precision recovered from co-

migration data alone or supplemented with combinations of one to nine external genomic

datasets. (B–C) Proportion of true positives among putative novel interactions by time-split

cross-validation in false discovery rate-controlled networks, using interactions discovered in
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2017 or later (B) and 2016 or later (C) to estimate the proportion of true positives.

(PDF)

S3 Fig. Conclusions are robust to statistical framework used to predict interactions from

PCP data. (A–E) Results obtained using support vector machines, instead of naive Bayes clas-

sifiers, to predict interactomes from 16 co-elution datasets. (A) Functional connectivity of

PCP interactomes, predicted using machine-learning classifiers trained on raw co-migration

data alone or supplemented with combinations of one to nine external genomic features

(Spearman’s ρ = 0.46, P = 4.2 × 10−68). (B) Proportion of novel interactions in PCP interac-

tomes recovered from co-migration data alone or supplemented with combinations of one to

nine external genomic datasets (ρ = –0.33, P = 1.2 × 10−34). (C) Interactions discovered in

2017 only were withheld from the database of known interactions and used to estimate the

proportion of true positives among putative novel interactions by time-split cross-validation

(ρ = 0.082, P = 0.028). (D) Bias towards highly studied proteins in PCP interactomes, as quan-

tified by Spearman correlation between protein degree and number of publications describing

that protein, in interaction networks recovered from co-migration data alone, or supple-

mented with combinations of one to nine external genomic datasets (ρ = 0.29, P = 1.1 × 10−26).

(E) Recovery of co-eluting complexes in PCP interactomes, as quantified by the global cluster-

ing coefficients of interactions recovered from co-migration data alone or supplemented with

combinations of one to nine external genomic datasets (ρ = –0.085, P = 2.4 × 10−3).

(PDF)

S4 Fig. Effect of individual genomic features on bias, protein complex recovery, and nov-

elty. (A) Bias towards highly studied proteins in interaction networks recovered with individ-

ual external genomic features, compared to baseline. (B) Global clustering coefficients of

interaction networks recovered with individual external genomic features, compared to base-

line. (C–D) Proportion of true positives among putative novel interactions in interaction net-

works recovered with individual external genomic features, compared to baseline and

estimated using time-split cross-validation.

(PDF)
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40. Mosca R, Céol A, Stein A, Olivella R, Aloy P (2014) 3did: a catalog of domain-based interactions of

known three-dimensional structure. Nucleic Acids Res 42: D374–9. https://doi.org/10.1093/nar/gkt887

PMID: 24081580

41. The UniProt Consortium (2017) UniProt: the universal protein knowledgebase. Nucleic Acids Res 45:

D158–D169. https://doi.org/10.1093/nar/gkw1099 PMID: 27899622

42. Szklarczyk D, Morris JH, Cook H, Kuhn M, Wyder S, et al. (2017) The STRING database in 2017: qual-

ity-controlled protein-protein association networks, made broadly accessible. Nucleic Acids Res 45:

D362–D368. https://doi.org/10.1093/nar/gkw937 PMID: 27924014

Genomic data integration systematically biases interactome mapping

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1006474 October 17, 2018 20 / 22

https://doi.org/10.1038/35001165
https://doi.org/10.1038/35001165
http://www.ncbi.nlm.nih.gov/pubmed/10688178
https://doi.org/10.1016/j.jprot.2014.01.020
http://www.ncbi.nlm.nih.gov/pubmed/24480284
https://doi.org/10.1016/j.jprot.2010.07.005
http://www.ncbi.nlm.nih.gov/pubmed/20637909
https://doi.org/10.1186/gb-2008-9-s1-s4
http://www.ncbi.nlm.nih.gov/pubmed/18613948
https://doi.org/10.1038/nmeth.3215
https://doi.org/10.1038/nmeth.3215
http://www.ncbi.nlm.nih.gov/pubmed/25532137
https://doi.org/10.1101/gr.118992.110
https://doi.org/10.1101/gr.118992.110
http://www.ncbi.nlm.nih.gov/pubmed/21536720
https://doi.org/10.15252/msb.20177548
http://www.ncbi.nlm.nih.gov/pubmed/28835372
https://doi.org/10.1016/j.cell.2014.05.034
http://www.ncbi.nlm.nih.gov/pubmed/24995987
https://doi.org/10.1038/nature750
http://www.ncbi.nlm.nih.gov/pubmed/12000970
https://doi.org/10.15252/msb.20167490
https://doi.org/10.15252/msb.20167490
http://www.ncbi.nlm.nih.gov/pubmed/28596423
https://doi.org/10.15252/msb.20167067
https://doi.org/10.15252/msb.20167067
http://www.ncbi.nlm.nih.gov/pubmed/28082348
https://doi.org/10.1016/j.jprot.2014.10.024
http://www.ncbi.nlm.nih.gov/pubmed/25464368
https://doi.org/10.1101/351247
https://doi.org/10.1074/mcp.M113.032367
http://www.ncbi.nlm.nih.gov/pubmed/24043423
https://doi.org/10.1074/mcp.O117.068122
http://www.ncbi.nlm.nih.gov/pubmed/29042480
https://doi.org/10.1093/nar/gkv1310
https://doi.org/10.1093/nar/gkv1310
http://www.ncbi.nlm.nih.gov/pubmed/26615188
https://doi.org/10.1093/nar/gkp931
https://doi.org/10.1093/nar/gkp931
http://www.ncbi.nlm.nih.gov/pubmed/19892828
https://doi.org/10.1074/mcp.M116.065706
https://doi.org/10.1074/mcp.M116.065706
http://www.ncbi.nlm.nih.gov/pubmed/28385878
https://doi.org/10.1093/nar/gkt887
http://www.ncbi.nlm.nih.gov/pubmed/24081580
https://doi.org/10.1093/nar/gkw1099
http://www.ncbi.nlm.nih.gov/pubmed/27899622
https://doi.org/10.1093/nar/gkw937
http://www.ncbi.nlm.nih.gov/pubmed/27924014
https://doi.org/10.1371/journal.pcbi.1006474


43. Alfarano C, Andrade CE, Anthony K, Bahroos N, Bajec M, et al. (2005) The Biomolecular Interaction

Network Database and related tools 2005 update. Nucleic Acids Res 33: D418–24. https://doi.org/10.

1093/nar/gki051 PMID: 15608229

44. Chatr-Aryamontri A, Oughtred R, Boucher L, Rust J, Chang C, et al. (2017) The BioGRID interaction

database: 2017 update. Nucleic Acids Res 45: D369–D379. https://doi.org/10.1093/nar/gkw1102

PMID: 27980099

45. Salwinski L, Miller CS, Smith AJ, Pettit FK, Bowie JU, et al. (2004) The Database of Interacting Proteins:

2004 update. Nucleic Acids Res 32: D449–51. https://doi.org/10.1093/nar/gkh086 PMID: 14681454

46. Das J, Yu H (2012) HINT: High-quality protein interactomes and their applications in understanding

human disease. BMC Syst Biol 6: 92. https://doi.org/10.1186/1752-0509-6-92 PMID: 22846459

47. Alanis-Lobato G, Andrade-Navarro MA, Schaefer MH (2017) HIPPIE v2.0: enhancing meaningfulness

and reliability of protein-protein interaction networks. Nucleic Acids Res 45: D408–D414. https://doi.

org/10.1093/nar/gkw985 PMID: 27794551

48. Keshava Prasad TS, Goel R, Kandasamy K, Keerthikumar S, Kumar S, et al. (2009) Human Protein

Reference Database—2009 update. Nucleic Acids Res 37: D767–72. https://doi.org/10.1093/nar/

gkn892 PMID: 18988627

49. Kotlyar M, Pastrello C, Sheahan N, Jurisica I (2016) Integrated interactions database: tissue-specific

view of the human and model organism interactomes. Nucleic Acids Res 44: D536–41. https://doi.org/

10.1093/nar/gkv1115 PMID: 26516188

50. Li T, Wernersson R, Hansen RB, Horn H, Mercer J, et al. (2017) A scored human protein-protein inter-

action network to catalyze genomic interpretation. Nat Methods 14: 61–64. https://doi.org/10.1038/

nmeth.4083 PMID: 27892958

51. Launay G, Salza R, Multedo D, Thierry-Mieg N, Ricard-Blum S (2015) MatrixDB, the extracellular matrix

interaction database: updated content, a new navigator and expanded functionalities. Nucleic Acids

Res 43: D321–7. https://doi.org/10.1093/nar/gku1091 PMID: 25378329

52. Calderone A, Castagnoli L, Cesareni G (2013) mentha: a resource for browsing integrated protein-inter-

action networks. Nat Methods 10: 690–691. https://doi.org/10.1038/nmeth.2561 PMID: 23900247

53. Licata L, Briganti L, Peluso D, Perfetto L, Iannuccelli M, et al. (2012) MINT, the molecular interaction

database: 2012 update. Nucleic Acids Res 40: D857–61. https://doi.org/10.1093/nar/gkr930 PMID:

22096227

54. Pagel P, Kovac S, Oesterheld M, Brauner B, Dunger-Kaltenbach I, et al. (2005) The MIPS mammalian

protein-protein interaction database. Bioinformatics 21: 832–834. https://doi.org/10.1093/

bioinformatics/bti115 PMID: 15531608

55. Kandasamy K, Mohan SS, Raju R, Keerthikumar S, Kumar GSS, et al. (2010) NetPath: a public

resource of curated signal transduction pathways. Genome Biol 11: R3. https://doi.org/10.1186/gb-

2010-11-1-r3 PMID: 20067622

56. Cowley MJ, Pinese M, Kassahn KS, Waddell N, Pearson JV, et al. (2012) PINA v2.0: mining interac-

tome modules. Nucleic Acids Res 40: D862–5. https://doi.org/10.1093/nar/gkr967 PMID: 22067443

57. Fabregat A, Sidiropoulos K, Garapati P, Gillespie M, Hausmann K, et al. (2016) The Reactome

pathway Knowledgebase. Nucleic Acids Res 44: D481–7. https://doi.org/10.1093/nar/gkv1351 PMID:

26656494

58. Kutmon M, Riutta A, Nunes N, Hanspers K, Willighagen EL, et al. (2016) WikiPathways: capturing the

full diversity of pathway knowledge. Nucleic Acids Res 44: D488–94. https://doi.org/10.1093/nar/

gkv1024 PMID: 26481357

59. Hermjakob H, Montecchi-Palazzi L, Bader G, Wojcik J, Salwinski L, et al. (2004) The HUPO PSI’s

molecular interaction format—a community standard for the representation of protein interaction data.

Nat Biotechnol 22: 177–183. https://doi.org/10.1038/nbt926 PMID: 14755292

60. Chen B, Sheridan RP, Hornak V, Voigt JH (2012) Comparison of random forest and Pipeline Pilot Naïve

Bayes in prospective QSAR predictions. J Chem Inf Model 52: 792–803. https://doi.org/10.1021/

ci200615h PMID: 22360769

61. Ruepp A, Waegele B, Lechner M, Brauner B, Dunger-Kaltenbach I, et al. (2010) CORUM: the compre-

hensive resource of mammalian protein complexes—2009. Nucleic Acids Res 38: D497–501. https://

doi.org/10.1093/nar/gkp914 PMID: 19884131

62. Dimmer EC, Huntley RP, Alam-Faruque Y, Sawford T, O’Donovan C, et al. (2012) The UniProt-GO

Annotation database in 2011. Nucleic Acids Res 40: D565–70. https://doi.org/10.1093/nar/gkr1048

PMID: 22123736

63. Ballouz S, Weber M, Pavlidis P, Gillis J (2017) EGAD: ultra-fast functional analysis of gene networks.

Bioinformatics 33: 612–614. https://doi.org/10.1093/bioinformatics/btw695 PMID: 27993773

Genomic data integration systematically biases interactome mapping

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1006474 October 17, 2018 21 / 22

https://doi.org/10.1093/nar/gki051
https://doi.org/10.1093/nar/gki051
http://www.ncbi.nlm.nih.gov/pubmed/15608229
https://doi.org/10.1093/nar/gkw1102
http://www.ncbi.nlm.nih.gov/pubmed/27980099
https://doi.org/10.1093/nar/gkh086
http://www.ncbi.nlm.nih.gov/pubmed/14681454
https://doi.org/10.1186/1752-0509-6-92
http://www.ncbi.nlm.nih.gov/pubmed/22846459
https://doi.org/10.1093/nar/gkw985
https://doi.org/10.1093/nar/gkw985
http://www.ncbi.nlm.nih.gov/pubmed/27794551
https://doi.org/10.1093/nar/gkn892
https://doi.org/10.1093/nar/gkn892
http://www.ncbi.nlm.nih.gov/pubmed/18988627
https://doi.org/10.1093/nar/gkv1115
https://doi.org/10.1093/nar/gkv1115
http://www.ncbi.nlm.nih.gov/pubmed/26516188
https://doi.org/10.1038/nmeth.4083
https://doi.org/10.1038/nmeth.4083
http://www.ncbi.nlm.nih.gov/pubmed/27892958
https://doi.org/10.1093/nar/gku1091
http://www.ncbi.nlm.nih.gov/pubmed/25378329
https://doi.org/10.1038/nmeth.2561
http://www.ncbi.nlm.nih.gov/pubmed/23900247
https://doi.org/10.1093/nar/gkr930
http://www.ncbi.nlm.nih.gov/pubmed/22096227
https://doi.org/10.1093/bioinformatics/bti115
https://doi.org/10.1093/bioinformatics/bti115
http://www.ncbi.nlm.nih.gov/pubmed/15531608
https://doi.org/10.1186/gb-2010-11-1-r3
https://doi.org/10.1186/gb-2010-11-1-r3
http://www.ncbi.nlm.nih.gov/pubmed/20067622
https://doi.org/10.1093/nar/gkr967
http://www.ncbi.nlm.nih.gov/pubmed/22067443
https://doi.org/10.1093/nar/gkv1351
http://www.ncbi.nlm.nih.gov/pubmed/26656494
https://doi.org/10.1093/nar/gkv1024
https://doi.org/10.1093/nar/gkv1024
http://www.ncbi.nlm.nih.gov/pubmed/26481357
https://doi.org/10.1038/nbt926
http://www.ncbi.nlm.nih.gov/pubmed/14755292
https://doi.org/10.1021/ci200615h
https://doi.org/10.1021/ci200615h
http://www.ncbi.nlm.nih.gov/pubmed/22360769
https://doi.org/10.1093/nar/gkp914
https://doi.org/10.1093/nar/gkp914
http://www.ncbi.nlm.nih.gov/pubmed/19884131
https://doi.org/10.1093/nar/gkr1048
http://www.ncbi.nlm.nih.gov/pubmed/22123736
https://doi.org/10.1093/bioinformatics/btw695
http://www.ncbi.nlm.nih.gov/pubmed/27993773
https://doi.org/10.1371/journal.pcbi.1006474


64. Csardi G, Nepusz T (2006) The igraph software package for complex network research. InterJournal

Complex Systems 1695: 1–9.

65. Maglott D, Ostell J, Pruitt KD, Tatusova T (2007) Entrez Gene: gene-centered information at NCBI.

Nucleic Acids Res 35: D26–31. https://doi.org/10.1093/nar/gkl993 PMID: 17148475

Genomic data integration systematically biases interactome mapping

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1006474 October 17, 2018 22 / 22

https://doi.org/10.1093/nar/gkl993
http://www.ncbi.nlm.nih.gov/pubmed/17148475
https://doi.org/10.1371/journal.pcbi.1006474

