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Abstract
The RIG-I-like receptor (RLR) pathway is essential for detecting cytosolic viral RNA to trigger the production of type I interferons (IFNα/β) that initiate an innate antiviral response.
Through systematic assessment of a wide variety of genomics data, we discovered 10
molecular signatures of known RLR pathway components that collectively predict novel
members. We demonstrate that RLR pathway genes, among others, tend to evolve rapidly,
interact with viral proteins, contain a limited set of protein domains, are regulated by specific
transcription factors, and form a tightly connected interaction network. Using a Bayesian
approach to integrate these signatures, we propose likely novel RLR regulators. RNAi
knockdown experiments revealed a high prediction accuracy, identifying 94 genes among
187 candidates tested (~50%) that affected viral RNA-induced production of IFNβ. The discovered antiviral regulators may participate in a wide range of processes that highlight the
complexity of antiviral defense (e.g. MAP3K11, CDK11B, PSMA3, TRIM14, HSPA9B,
CDC37, NUP98, G3BP1), and include uncharacterized factors (DDX17, C6orf58, C16orf57,
PKN2, SNW1). Our validated RLR pathway list (http://rlr.cmbi.umcn.nl/), obtained using a
combination of integrative genomics and experiments, is a new resource for innate antiviral
immunity research.
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Author Summary
Viruses pose a continuous threat to human health, even though our immune systems have
evolved to neutralize invading viruses. As part of the innate immune system, the RIG-Ilike receptors (RLRs) are essential for detecting viruses during infection. Recognition of
viral RNA by the RLRs triggers an antiviral response that inhibits viral replication, protects
uninfected cells, and attracts specialized immune cells. Better understanding of the innate
antiviral response may reveal novel targets for antiviral therapeutics and vaccine development. However, that requires knowledge about which genes and proteins are involved. In
the present study, we systematically investigated the wealth of available genomics data
(including gene expression, protein interactions, transcription regulation and genome
sequences) and discovered no less than 10 distinctive properties of genes known to be part
of the antiviral RLR pathway. By combining these properties in a statistical framework, we
predicted 187 novel RLR pathway components. Our validation experiments showed that
~50% of the predicted candidate genes have a significant effect on antiviral signaling.
These results, together with independent computational and literature-based confirmation, demonstrated the validity of our combined bioinformatics and experimental
approach. Our study expands the collection of known antiviral genes, opening up new avenues for research into innate antiviral immunity.

Introduction
Viruses are a major cause of human disease, as highlighted by the pandemics of influenza
viruses, HIV–1, and the current outbreak of the Ebola virus. Pattern recognition receptors
(PRR) are among the first molecules that detect viruses during infection. The RIG-I-like receptors (RLRs, one class of PRRs) are part of the RLR pathway, which forms a crucial innate antiviral defense system [1,2]. Two RLRs, RIG-I and MDA5, reside in the cytosol where they
recognize non-self 5’-triphosphate RNA molecules with short double-stranded regions and
long double-stranded RNAs (dsRNA), respectively [3]. Activation of the receptors triggers a
complex signaling network, key steps of which are the activation of the mitochondrial adapter
MAVS, subsequent recruitment of the TBK1 and IKK complexes, phosphorylation/activation
of IRF3 and NFκB, and translocation of these transcription factors to the nucleus. These steps
ultimately lead to the production of type I interferons (IFNα/β) and proinflammatory cytokines, which are crucial for establishing an antiviral state in infected as well as neighboring
cells, and also modulate the adaptive immune response [4]
The importance of the RLR system is further demonstrated by the observation that viruses
of all types employ strategies to interfere with its activation, often at multiple steps [5,6]. Better
understanding of viral interaction with the pathway has resulted in novel targets for the development of antiviral therapeutics and attenuated live vaccines, for example viruses lacking functional RLR antagonists [7]. Furthermore, mutations in RIG-I, MDA5, MAVS and other RLR
pathway components are associated not only with strong susceptibility to infections, but also
IFN-associated autoimmune disorders [8–10].
Previous studies into virus-host interactions and the innate antiviral pathways have used
genomics approaches, often generating large data sets describing physical or genetic interactions [11–14]. Other publications have taken a comparative approach based on model organisms [15] or used over-expression screening systems [16,17]. Together, these studies have
identified numerous genes with antiviral activity, including members of the RLR pathway.
However, it remains important to systematically assess the quality of individual data sets as

PLOS Computational Biology | DOI:10.1371/journal.pcbi.1004553 October 20, 2015

2 / 35

Integrative Genomics of the RLR Pathway

such screens report distinct sets of genes, often with limited overlap between them. Combining
the many available genomics data sets in a statistical framework potentially allows for a more
systematic discovery and categorization of genes involved in the RLR pathway. Indeed, Bayesian integration of large-scale data that includes weighing individual datasets for their predictive
potential has been successful in other cellular systems, for example identifying novel protein
interactions [18], mitochondrial disease genes [19], and small RNA pathway genes [20].
In this work we systematically exploit the wealth of available (gen)omics data, including
transcriptomics and proteomics data, genome sequences, protein domain information, and
functional genomics, to discover descriptive molecular signatures of the RLR pathway system.
Bayesian integration of these data, together with comprehensive computational and experimental validation, confidently identifies novel genes involved in antiviral RIG-I signaling.

Results
The RIG-I-like receptor (RLR) pathway is a highly interconnected and diverse molecular system. We investigated whether available genomics data contain sufficient signal to accurately
describe RLR pathway components, and whether such data could be used to prioritize novel
genes for a possible role in RLR signaling.

Ten molecular signatures of RLR pathway components in genomics
data
To discover molecular signatures that distinguish RLR pathway components from other genes,
we explored a wide variety of genome-scale data describing different aspects of the virology
and biology of the pathway. Some of these data we used directly, while other data were used as
the basis for further calculations (Table 1). We quantitatively assessed the predictive power of
each data set using a literature-curated standard of 49 known RLR pathway components from
InnateDB [21] (‘RLR genes’, S1 Fig) and a set of 5,818 ‘non-RLR genes’ that are unlikely to be
part of the pathway (i.e. genes with known functions not directly related to the innate antiviral
response, such as development, housekeeping and neurological processes, see Methods). Below
we describe 10 signatures for predicting novel RLR pathway components. The first five signatures are based on the relationship of RLR genes with viruses, whereas the second set of five signatures are based on properties of the RLR pathway itself.

Virus-based signatures
Positive selection in primates. Viruses evade recognition or interfere with the immune
systems of their hosts to achieve successful infection [7]. This involves interactions between
viral and host proteins, the interfaces of which are under constant pressure to change [22]. We
collected data on recurrent positive selection in the primate lineage, based on maximum likelihood analysis of sequence alignments [23]. RLR pathway components, e.g. the mitochondrial
signaling adapter MAVS [24] and transcription factor IRF7 [25], are enriched for rapidly
evolving genes (9% of 49 RLR genes) compared to genes that are unlikely to be part of the pathway (5% of 5,818 non-RLR genes, 1.7-fold enrichment, non-significant P = 0.38, one-tailed
Fisher’s exact test, Fig 1A, Tables 1 and S1).
Protein-protein interactions (PPI) with viruses. The next signature is based on the physical interactions between host RLR pathway components and viruses. Viral proteins often
interact with many host proteins during their infection cycle, including those involved in antiviral defense [26,27]. Extraction of virus-human PPIs from specialized databases [28] revealed
~2,600 human proteins that are reported to interact with at least one viral protein (virus-interacting human proteins, S2 Fig). These virus-interacting human proteins include the majority
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Table 1. Ten molecular signatures from genomics data used for predicting novel RLR pathway components.
Group

Molecular
signature

Data set description

Type a

References

Number of
genes b

Likelihood ratio
score b,c

Virus-based

Positive selection in
primates

Rapidly evolving genes in the primates lineage,
detected using maximum likelihood analysis of
nucleotide alignments

d

[23]

926

1.7

PPI with viruses

Virus-interacting human proteins extracted from PPI
databases

c

[28]

2,587

4.2

Viral miRNA target

Likelihood scores of targeting of human transcripts by
viral miRNAs, based on predicted target sites

c

[30]

6,761

1.3

Differential
expression upon
infection

Genes showing differential expression in lung
epithelial cells infected with four respiratory viruses

c

see
Methods

1,680

3.5

Antiviral host factor

Meta analysis of genes with antiviral activity from
seven RNAi screens studying a variety of viruses

c

see S3
Table

173

2.1

Co-expression with
RLR pathway

Weighted co-expression with known RLR genes
across >450 human gene expression studies

c

[32]

4,149

2.4

RLR pathway protein
domain

Proteins containing one of the 25 domains that are
signiﬁcantly enriched in known RLR proteins

c

[66]

711

8.9

Innate antiviral TF
binding motifs

Genes with IRF, AP–1, NFκB, or STAT TF binding
motifs in their promoters, based on conservation
across 29 mammals

c

[33]

4,508

2.3

NFκB activation
mediator

Hits from a genome-wide siRNA screen of EpsteinBarr virus-induced NFκB activation

d

[34]

154

19.8

RLR pathway PPI

Proteins that interact with known RLR proteins,
calculated from PPI data

c

[35]

1,750

4.3

Pathwaybased

Integration

RLR score

Bayesian integration of the 10 molecular signatures to predict novel RLR pathway components

a

Data used directly (d) or as basis for further calculation (c)

b

Combination of all bins with positive likelihood ratio scores per feature, derived from Fig 1A
RLR genes versus non-RLR genes: P(Di | RLR genes) / P(Di | non-RLR genes), see Methods.

c

Note that, to avoid circularity, the predictive ability of the co-expression, protein domain and RLR pathway PPI data sets was assessed using the set of
TLR, CLR, NLR, cytDNA genes instead of the RLR genes (see Methods).
See also Fig 1A and S1 Table.
doi:10.1371/journal.pcbi.1004553.t001

of RLR pathway components (35/49 = 71%), while they include a significantly smaller fraction
of non-RLR genes (1,000/5,818 = 17%, 4.2-fold enrichment, P = 1.4 × 10−16, one-tailed Fisher’s
exact test, Fig 1A and Table 1). Among the RLR genes, TRAF2 (4 PPIs), DDX3, MAPK9, and
the NFκB subunit RELA (3 PPIs each) have reported interactions with the largest number of
distinct virus species.
Viral miRNA target. Another mechanism that viruses use to interfere with the antiviral
activity of human cells is down-regulation of gene expression by miRNAs [29]. We collected
128 miRNAs encoded by nine, mainly herpes DNA viruses (S2 Table) [30], most of which
have confirmed physiological relevance. Predicted target sites of these miRNAs to the 3’UTR of
human transcripts were then used to calculate for each gene a score representing the likelihood
that viruses affect its expression (viral miRNA targeting score). For example, our method
assigned IKBKE (IKKε) a relatively strong viral miRNA targeting score of 2.7. Indeed, Kaposi’s
sarcoma-associated herpesvirus miR-K12-11 has been shown to inhibit translation of IKKε
transcripts, leading to suppression of interferon signaling [31]. Analysis of the viral miRNA
targeting scores revealed that RLR genes tend to have stronger scores than non-RLR genes
(P = 0.03, one-tailed Mann-Whitney U test). Although the statistical significance of this trend
is only marginal, we included it as a molecular signature of RLR genes as it still provides a

PLOS Computational Biology | DOI:10.1371/journal.pcbi.1004553 October 20, 2015

4 / 35

Integrative Genomics of the RLR Pathway

Fig 1. Bayesian integration of ten molecular signatures of RLR pathway components from genomics data. (A) Distributions of the 49 known RLR
pathway components (RLR genes, green) and 5,818 genes unlikely to be part of the pathway (non-RLR genes, red) across the 10 molecular signature data
sets we identified as predictive of the RLR system (see also Table 1). Data sets were binned into discrete intervals and fractions of (non-)RLR genes add up
to one. Arrows indicate the behavior of RIG-I across the data. The top five signatures describe the relationship of RLR signaling with viruses; the bottom five
describe properties of the pathway itself. (B) Boxplots of the genome-wide integrated RLR score (Bayesian posterior probability score). Genes were grouped
into one of five classes: known RLR genes (green, see [A]), components of other PRR signaling pathways (‘TLR, CLR, NLR, cytDNA’; purple), genes
functioning in other aspects of the innate immune response (‘innate immunity’; blue), and non-RLR genes (red, see [A]). The remaining genes are classified
as ‘other’ (gray). (C) The 50 genes with the highest RLR scores. Representative RLR and other innate antiviral response genes are indicated. The pie chart
shows the occurrences of the different gene classes in the top 354 RLR ranks. (D) Receiver operating characteristic (ROC) curve illustrating the performance
of the integrated RLR score (solid black line) and the individual molecular signatures (black dots) for predicting known RLR versus non-RLR genes.
Sensitivity and specificity were calculated at various score thresholds (for the RLR score), or at specific thresholds that include all bins with positive likelihood
ratio scores (for the individual data sets; see (A)). The asterisk denotes the sensitivity and specificity corresponding to a false discovery rate (FDR) of 57%
(top 354 genes). Note that, to avoid circularity, the predictive ability of the co-expression, protein domain and RLR pathway PPI data sets in (A) and (D) was
assessed using the set of TLR, CLR, NLR, cytDNA genes instead of the RLR genes (see Methods).
doi:10.1371/journal.pcbi.1004553.g001
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moderate enrichment over non-RLR genes (1.3-fold enrichment among genes with the strongest viral miRNA targeting scores, Table 1), and even weak features can substantially improve
the predictions for novel RLR genes.
Differential expression upon infection. Next, we asked whether RLR pathway genes are
differentially expressed upon virus infection. To answer this, we used in-house gene expression
data of human lung epithelial cells (A549) exposed to four respiratory viruses (respiratory syncytial virus, human metapneumovirus, parainfluenza virus, or measles virus), for which gene
expression was measured at 6, 12 and 24 hours after infection (see Methods). Analysis of the
transcriptomes revealed that many RLR genes (31%) underwent substantial expression changes
(log2 fold change >0.5) in cells infected with the respiratory viruses, compared to the uninfected cells. This compares to a much smaller fraction of non-RLR genes (9%, 3.5-fold enrichment, P = 1.3 × 10−5, one-tailed Fisher’s exact test, Fig 1A and Table 1). The differentially
expressed RLR genes include well-known interferon-stimulated genes (ISGs) like ISG15,
DDX58 (RIG-I), IRF7, IFIH1 (MDA5), and TRIM25, which are the top five RLR genes most
induced by the respiratory viruses studied (log2 fold change >1.5 compared to uninfected cells,
S3 Fig). Thus, even though we expect many RLR genes to already be expressed before viral
infection, their expression levels are reinforced in infected cells.
Antiviral host factor. RNAi screening potentially allows the identification of host factors
that limit virus replication, such as genes involved in the innate antiviral response, although
most studies focus on hits with the opposite effect (i.e. factors required by viruses for replication) [11]. We performed a meta analysis of hits from seven large-scale RNAi studies in human
cells, identifying 173 genes with antiviral activity against HIV–1, influenza, hepatitis C (HCV),
West Nile, or enterovirus infection (S3 Table). In contrast to our expectation that RLR genes
would be common among these antiviral host factors, this data set is one of the weaker predictors of RLR genes: the 173 antiviral host factors contain only a single gene (IRF3) that belongs
to the set of 49 known RLR genes (~2%) compared to 56 of 5,818 non-RLR genes (~1%,
2.1-fold enrichment, non-significant P = 0.38, one-tailed Fisher’s exact test, Fig 1A and
Table 1).

Pathway-based signatures
Co-expression with RLR pathway. To aid in finding novel RLR genes, we screened >450
human expression studies for genes that co-express with known RLR pathway components
using a two-step approach [32]. First, we weighed individual expression data sets for their
propensity to predict new RLR genes: experiments in which the whole group of known RLR
genes show high co-expression with each other received a higher weight and contributed most
to the calculations. In the second step, we calculated the co-expression of all genes with the
RLR genes. As expected, RLR genes display significantly higher co-expression scores with each
other than with the rest of the genome or with non-RLR genes (P  10−27 for both comparisons, one-tailed Mann-Whitney U test, S4 Fig). However, RLR genes also score higher
than components of other PRR signaling pathways (Toll-like receptor [TLR], C-type lectin
receptor [CLR], NOD-like receptor [NLR], and cytosolic dsDNA sensing [cytDNA] pathways;
P = 4.5 × 10−13, one-tailed Mann-Whitney U test). Cross-validation by leave-one-out analysis
confirms that the weighted co-expression approach retrieves RLR genes more readily than
other PRR pathway genes, or genes involved in other aspects of innate immunity (S4D Fig),
demonstrating specificity for identifying RLR genes in the co-expression data.
RLR pathway protein domain. Analysis of RLR pathway protein sequences revealed the
presence of 40 unique domains, 25 of which were significantly over-represented compared to
the full human proteome (Benjamini-Hochberg-corrected Fisher’s exact P < 0.01, S4 Table).
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These include protein kinase domains (12-fold enrichment, P = 1.1 × 10−8; present in IKKα/β/
ε, MAP kinases, TBK1), the TBK1/IKKi binding domain (TANK, TBK1BP1, AZI2), caspase
and death domains (CASP8/10, FADD), IRF domains (IRF3/7), and the DExD/H box RNA
helicase domain (15-fold enrichment, P = 2.7 × 10−3; RIG-I, MDA5, LGP2). We then assessed
the domain organizations of all human proteins and determined a set of 711 proteins containing one or more of the domains enriched in RLR components. These proteins are predictive for
RLR components with an enrichment score of 8.9 (Table 1).
Innate antiviral transcription factor (TF) binding motifs. Signaling through the RLR
pathway triggers the activation of key transcription factors (TFs) like IRF3, IRF7, AP–1 and
NFκB. Activation of these TFs leads to the production of type I interferons and proinflammatory cytokines that eventually activate STAT1 and STAT2 [2]. STAT1 and STAT2 in turn stimulate transcription of interferon-stimulated genes (ISGs), which include many RLR pathway
components. To further explore the transcription regulation of RLR pathway components, we
analyzed their gene promoters for the presence of TF binding motifs that are highly conserved
across the genomes of 29 placental mammals, such as primates, rodents and many farm animals [33]. Conserved IRF and NFκB motifs are highly abundant in the promoters of RLR
genes (Fisher’s exact P = 3.3 × 10−3 and P = 2.0 × 10−4, respectively; S5 Table), suggesting the
pathway is partly self-regulating as has been observed for individual components. Interestingly,
a conserved IRF motif was detected not only in the promoters of IRF7 itself and in all three
RIG-I-like receptor family members (DDX58 [RIG-I], IFIH1 [MDA5], DHX58 [LGP2]), but
also in TRIM25, ISG15, and CYLD; three factors controlling RIG-I signaling activation by regulating the level of K63 polyubiquitination. In order to predict novel RLR components, we
searched for genes containing conserved IRF binding motifs (several motif variants, collectively
recognized by IRF1-9), STAT binding motifs (several motif variants, collectively recognized by
STAT1-6), AP–1 binding motifs, or NFκB binding motifs (Fig 1A). We found 3,558 genes
across the human genome containing one of these motifs in their promoters. This large number partially stems from similarities in the DNA binding preferences of TFs that belong to the
same family, but does not mean that all identified genes are regulated by the RLR pathway. For
example, STAT motifs not only occur in the promoters of ISGs, but also in genes involved in
cellular proliferation, differentiation and apoptosis. Nevertheless, genes containing one of the
four conserved TF motifs already show a good predictive value for RLR pathway components
(enrichment score of 2.2, S1 Table). Genes with more than one motif are even more likely to be
RLR genes: 789 genes contain two motifs (2.6-fold enrichment) and 161 genes contain three or
all four motifs (2.4-fold enrichment).
NFκB activation mediator. Host factors that regulate NFκB activation often also affect
the RLR pathway. Indeed, the 154 hits that were picked up in a genome-wide siRNA screen of
Epstein-Barr virus-induced NFκB activation [34] include a much larger fraction of known RLR
genes (6/49 = 12%) than non-RLR genes (36/5,818 < 1%, 20-fold enrichment, P = 1.0 × 10−6,
one-tailed Fisher’s exact test, Fig 1A and Table 1). Thus, these 154 NFκB activation mediators
are likely to contain novel RLR pathway components as well.
RLR pathway PPI. Finally, to find novel RLR genes we assessed the human protein interaction network connecting the RLR pathway. PPI databases [35] report 3,504 interactions between
1,750 unique proteins and 47 of the 49 RLR components, the only exceptions being DAK and
NLRX1. Of the 47 RLR proteins with reported PPIs, 41 are involved in a total of 147 interactions
within the pathway (i.e. between two pathway members). This network of RLR components has
significantly more connections with each other than do random networks of the same size and
interaction degree distribution (physical interaction enrichment score = 3.6, P < 1.0 × 10−6 [36]).
Using the PPI data, we obtained for each human protein the number of interacting RLR pathway
components (Fig 1A). We found a total of 1,397 proteins reported to interact with one or two
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RLR proteins. These proteins are predictive for RLR components with an enrichment score of 1.8
(S1 Table). A further 221 proteins interact with three of four RLR proteins (6.3-fold enrichment)
and 132 proteins interact with five or more RLR proteins (15.8-fold enrichment). TBK1 (18 interactions), TRAF2 and MAVS (both 16) top the list, supporting their roles as central players in the
RLR system [12]. Thus, an increasing number of interactions with RLR proteins indicates a
higher likelihood that a protein is part of the RLR pathway.

Bayesian integration of molecular signatures provides genome-wide
probabilities for RLR pathway components
The RLR pathway components published thus far probably constitute only part of the total
proteins with a function in this pathway. To prioritize novel high-confidence genes for a role in
the RLR pathway, we integrated the 10 identified molecular signatures of RLR genes in a naive
Bayesian classifier [18,19] (see Methods). This approach weighs data sets based on their predictive value (i.e. their ability to separate known positives and negatives; Fig 1A, Tables 1 and
S1) so that ‘better’ data contribute more to the predictions. Each human gene received a posterior probability score (‘RLR score’) reflecting the likelihood that the gene is part of the RLR
pathway based on its behavior in the collected genomics data. A score of zero indicates equal
probabilities of a gene being an RLR versus a non-RLR gene. S6 Table presents the genomewide ranking of RLR scores (also available at http://rlr.cmbi.umcn.nl/).
As expected, known RLR pathway components have the highest RLR scores (Figs 1B and
S5). Two-thirds (32/49) of these rank within the first 150 genes. The top ranking genes are
IRF7, RIG-I, IKKε, subunits of NFκB, TRADD, TRAF2, MDA5, and IKKγ (NEMO) (Fig 1C).
Other examples of well-described RLR pathway components include IRF3 (rank 51), ISG15
(52), MAVS (102), and LGP2 (114). Genes that are unlikely to play a role in the pathway (the
set of non-RLR genes) generally have very low RLR scores, although some of these received
high scores as well (Fig 1B). This is not unexpected, as even though this large set of genes was
selected from function annotations generally unrelated to the innate antiviral response, this
does not preclude that individual genes (also) function in the RLR pathway.
To gain insight into what kind of genes are present among the RLR predictions, we examined
their functions by pathway and gene ontology enrichment analyses. The top 354 genes with the
highest RLR scores (corresponding to high-confidence predictions, see below) have strong links
with other pathways of the innate immune response, such as TLR, NLR, interferon, and cytokine
signaling (S6 and S7 Figs). Antiviral defense functions are also among the most frequent and significant terms associated with the high-scoring genes (S8 Fig and S7 Table). Other important
biological processes include various apoptosis-related functions, cancer and cell cycle pathways,
and regulation of metabolic processes and protein localization. Furthermore, the top predictions
include a wide range of protein families, notably proteasome subunits, ubiquitin(-like) conjugating enzymes, and genes involved in phosphatidylinositol signaling (which was recently shown to
affect the type I IFN response [14]). Finally, 22% of the top predictions are induced in cells
treated with interferons (i.e. they are interferon-stimulated genes, ISGs) and ~18% are part of the
common host transcription response to pathogens (Table 2). Together, these observations indicate that our framework successfully predicts genes with a likely role in the innate antiviral
response and suggests other cellular systems and functions required for this response.

Performance estimates and independent data establish the reliability of
the RLR score
We further computationally assessed the reliability of the integrated RLR score by estimating
the sensitivity, specificity and false discovery rate (FDR) of the predictions using the positive
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Table 2. Overlap between innate (antiviral) response data sets and the top 354 RLR predictions excluding known RLR genes.
Data set

References

Number of genes
in data set

Fraction (number) of data set genes
in top 354 predictions

One-tailed Fisher’s
exact P

Interferon-stimulated genes (ISGs)

[16]

354

22.0% (78)

1.2 × 10−67

ISGs with validated antiviral activity

[16,91]

45

42.2% (19)

4.9 × 10−23

Common host transcription response to
pathogens

[92]

496

17.7% (88)

5.2 × 10−68

Interactors of the type I IFN protein network during
pattern recognition (HCIP) a

[12]

241

11.2% (27)

1.2 × 10−15

HCIP with conﬁrmed effects on IFNβ expression
and antiviral activity

[12]

22

22.7% (5)

1.9 × 10−5

Tripartite motif (TRIM) family genes

[17]

71

12.7% (9)

1.6 × 10−6

TRIMs that enhance RIG-I-induced activation of
IFNβ, NFκB and ISRE promoters

[17]

34

14.7% (5)

1.7 × 10−4

Human interactors of innate immune-modulating
viral ORFs b

[37]

569

6.7% (38)

4.7 × 10−14

Genes expressed in PBMCs stimulated with
Candida (CRG)

[38]

89

43.8% (39)

4.7 × 10−47

CRG with altered expression in CMC patients

[38]

23

65.2% (15)

2.6 × 10−22

Type I IFN response mediators

[14]

226

4.0% (9)

9.5 × 10−3

a

These PPIs were not part of the RLR interaction network used for the RLR predictions (i.e. for the ‘RLR pathway PPI’ signature)

b

These interactions were not used to determine the virus-interacting human proteins used for the RLR predictions (i.e. for the ‘PPI with viruses’ signature)

doi:10.1371/journal.pcbi.1004553.t002

(RLR genes) and negative (non-RLR genes) standards. Integration of the data sets achieved better sensitivity and specificity than any of the individual data sets (Fig 1D), thereby enriching
for RLR genes and depleting false positives (S5, S9 and S10 Figs). At an RLR rank threshold of
354 (RLR score -1.10), the framework correctly predicts 78% of the known RLR genes with a
specificity of 98.4% (Fig 1D). At this threshold, only ~57% of the novel predictions are estimated to be false (S11 Fig, adjusted FDR to match the expected total number of genes involved
in the RLR pathway, see Methods). This compares to a genome-wide false discovery rate
(i.e. when predicting genes randomly) of ~99%. Thus, the integrated RLR score increases the
probability of correctly identifying novel RLR genes by a factor of 43 compared to random
classification.
Because we used the same gene sets for calculating the RLR scores and estimating the performance of the resulting predictions (i.e. without systematic cross-validation), there exists a
danger of circular reasoning. Therefore, we also carefully validated the quality of the results
using various independent and external data sets. First, we examined the high RLR scores for
genes that have a known function in innate immunity, but not in the RLR pathway, and therefore were not part of our training set. Components of other PRR signaling pathways (TLR,
CLR, NLR, cytDNA) have lower scores than RLR genes, but much higher scores than the rest
of the genome (Fig 1B). The same is true for genes functioning in other aspects of the innate
immune response (Fig 1B). Of the 225 novel predictions (i.e. those genes that are not part of
the training sets) in the top 354 (FDR of 57%, see above), 142 (~63%) are part of these innate
immunity gene lists (Fig 1C). Thus, the majority of high-scoring genes with no known link to
the RLR pathway in fact have a function in other PRR pathways or other parts of innate immunity, supporting the relevance of our predictions.
Second, we compared our predictions to six recent data sets that are relevant to the innate
(antiviral) response but that were in no way part of the RLR score calculations. The overlap
with the 354 top genes, excluding known RLR genes, is significantly larger than expected by
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chance for all these data sets (Table 2). For example, the top predictions include: (i) 19 of 45
(42%) interferon-stimulated genes with validated antiviral activity against e.g. HIV–1, HCV,
yellow fever, West Nile or chikungunya virus [16], (ii) 27 proteins from a set of 241 (11%) that
interact with the type I IFN protein network during pattern recognition, among which are five
confirmed modulators of IFNβ expression and antiviral activity [12], (iii) nine tripartite motif
(TRIM) family genes, five of which enhance RIG-I-induced activation of IFNβ, NFκB and
ISRE (IFN-stimulated response element) promoters [17], and (iv) 38 human proteins interacting with innate immune-modulating viral open reading frames (viORFs) from 30 viruses [37].
(v) Furthermore, the type I IFN response has recently been proposed to play a role in antifungal immunity [38,39] and the top RLR predictions are strongly enriched for genes expressed in
PBMCs stimulated with the fungal pathogen Candida albicans: almost half (39/89 = 44%)
of these occur in our top predictions (P = 4.7 × 10−47, one-tailed Fisher’s exact test, Table 2).
(vi) Finally, the overlap between our predictions and a genome-wide screen for regulators of
RIG-I-mediated IFNβ production is, at only nine, marginal but significant (9/226 genes = 4%,
P = 9.5 × 10−3, one-tailed Fisher’s exact test, Table 2) [14]. In summary, these diverse and independent experimental data support the validity of our integrated RLR score for predicting
genes with a role in the innate antiviral response.

RNAi validation screens confirm the high predictive value of the
integrated RLR score
To further determine the predictive power of our in silico predictions, we selected 187 candidate RLR genes for experimental validation (S6 and S8 Tables). These include 127 high-confidence candidates from the top 354, which have not been previously linked to the RLR pathway,
supplemented with 60 candidates we selected from the top 1000 predictions, mainly on the
basis of limited functional characterization in general (Fig 2A). Importantly, candidates with a
known role in RLR signaling, other branches of PRR pathways, or apoptosis were excluded as
we were most interested in finding novel components of the RLR pathway.
For the selected candidates we performed a medium-throughput RNAi screen (RNAi screen
1) using HeLa cells stably expressing an IFNβ promoter-controlled firefly luciferase reporter
(HeLa-IFNβ-Fluc). To activate the RLR pathway and induce Fluc reporter expression we used
a known small 5’-ppp-containing RIG-I ligand [40]. This setup led to specific activation of
RIG-I, as RIG-I or MAVS siRNA transfection, but not MDA5 or scrambled siRNAs, resulted
in loss of reporter activity (Figs 2B, S12 and S13). All negative controls (non-transfected,
scrambled and MDA5 siRNAs) scored within 1.25 median absolute deviations of the plate normalized IFNβ induction levels (Z-score cutoff <-1.25 or >1.25, Fig 2B). At this cutoff, siRNA
knockdown of 94 candidates (50% of all candidates tested) affected RIG-I-mediated IFNβ
induction (Figs 2A and S13A–S13D and S8 Table). Among these, knockdown of 59 genes
decreased RIG-I-mediated IFNβ induction (down-hits) and 35 genes increased IFNβ induction
(up-hits). It is important to note that the experimental approach only activates the RIG-I
branch of the RLR pathway and will not confirm predicted RLR candidates that regulate
MDA5 activation and downstream signaling to MAVS. Thus, among the 93 non-confirmed
candidates, there might still be novel regulators of the MDA5-mediated IFNβ induction pathway, which should be further investigated. Altogether, the integrated RLR score is clearly a
strong and reliable predictor for novel regulators of the RIG-I pathway.
From the 94 confirmed hits, we picked the 57 top hits with the largest effect (stringent Zscore <-2 or >2) for a second RNAi screen using a different set of siRNAs (RNAi screen 2,
Fig 2A). In this second RNAi screen, only a single up-hit (7% of 15 up-hits tested) showed a Zscore >1.25. Besides this hit, two negative control wells also had a Z-score >1.25 (Figs 2B,

PLOS Computational Biology | DOI:10.1371/journal.pcbi.1004553 October 20, 2015

10 / 35

Integrative Genomics of the RLR Pathway

PLOS Computational Biology | DOI:10.1371/journal.pcbi.1004553 October 20, 2015

11 / 35

Integrative Genomics of the RLR Pathway

Fig 2. RNAi screens validate a role for the novel RLR candidates in RIG-I-mediated IFNβ induction. (A) Flow chart of the RNAi validation screens. 187
candidate RLR genes were screened for RIG-I pathway activity in three different RNAi screens. In screens 1 and 2, HeLa cells stably expressing an IFNβ
promoter-controlled firefly luciferase (Fluc) reporter were stimulated with a 5’-ppp-containing RIG-I RNA ligand. The 57 hits (15 up, 42 down) with the largest
effect on IFNβ induction upon siRNA knockdown in screen 1 (stringent Z-score <-2 or >2) were tested again in screen 2 with a different set of siRNAs. The 19 top
hits from screen 2 were then picked for screen 3, which is similar to the first two screens except that it measures IFNβ mRNA levels using quantitative real-time
qRT-PCR. (B) Correlation between the negative control-based robust Z-scores of RNAi screens 1 and 2. The 57 top hits with Z-scores <-2 or >2 in screen 1
were tested again in screen 2 (purple data points). N.T., non-transfected; SCR, scrambled. (C) Overview of the 19 novel RIG-I pathway genes with the largest
effects on IFNβ induction in screens 1 and 2 (Z-score <-2 in both screens). Black data points correspond to genes whose knockdown also causes a reduction in
IFNβ mRNA levels in screen 3. (D) RNAi screen 3. 13 of the 19 top hits from screens 1 and 2 also reduce RIG-I-mediated IFNβ mRNA production (black bars).
Experiments were performed in triplicate (n = 3). Bars (mean±SEM) display the fold induction of IFNβ mRNA (corrected for actin mRNA levels) compared to the
mock-treated control. Statistical significance was assessed by one-way analysis of variance (ANOVA) followed by Dunnett’s multiple comparison test,
comparing the values for each of the 19 test genes to the combined negative control conditions (scrambled and LGP2, red bars). ** P < 0.01; *** P < 0.001. (E)
Correlation between the in silico integrated RLR score and the probability of experimental confirmation in RNAi screen 1. The dark purple line represents all 94
hits with Z-score <-1.25 or >1.25; the light purple line represents the top 57 hits with Z-score <-2 or >2. The 187 experimentally tested genes were rank-ordered
based on the RLR score and precision was calculated sequentially as the fraction of validated hits among all tested genes having a certain RLR score or higher.
doi:10.1371/journal.pcbi.1004553.g002

S13E–S13H), which suggests that the single confirmed up-hit might be unreliable. The poor
reproducibility of the up-hits might be attributed to the screening approach. For instance, we
used a large amount of 5’-ppp-containing RIG-I ligand (see Methods), leaving limited room
for increased pathway activation. In contrast, the second RNAi screen confirmed 26 down-hits
at Z-score <-1.25 (62% of the 42 down-hits tested). Of these, 19 genes (45% of tested downhits) could be confirmed at a conservative Z-score <-2 (Fig 2A, 2B and 2C, S8 Table). Taken
together, the two RNAi screens, guided by the predicted RLR candidates, have substantiated
the validity of our approach and have revealed potential novel regulators of the RIG-I receptor
pathway.
To gain further understanding of how the 19 top hits affect RIG-I-mediated IFNβ promoter
activation, another RNAi screen was performed (RNAi screen 3). In contrast to the first two
screens, here we did not use the IFNβ promoter-controlled Fluc reporter translation as readout,
but we measured IFNβ mRNA levels using quantitative real-time (qRT)-PCR. As expected,
knockdown of RIG-I and MAVS abrogated 5’-pppRNA-induced IFNβ mRNA transcription,
while MDA5 knockdown [40] and LGP2 knockdown, which regulates only the MDA5-mediated IFNβ mRNA transcription, had no effect (Fig 2D). Of the 19 top hits from the first two
RNAi screens, 13 genes (68%) in this third screen again showed a reduction in RIG-I pathway
activation. Nine of these showed a significant reduction (NUP98, TRIM14, C16orf57, PSMA3,
G3BP1, DDX17, MAP3K11, SNW1, CDK11B; P < 0.01, one-way ANOVA with Dunnett’s post
hoc test; Fig 2A and 2D), suggesting that these gene products play a so far uncharacterized role
in the RIG-I signaling pathway upstream of IFNβ mRNA transcription.
In summary, using RNAi-based screening methods we validated more than 50% of the
tested candidates. To further assess the predictive power of the in silico integrated RLR score,
we ranked the experimentally tested genes based on their RLR score and sequentially calculated
the fraction of hits (either considering all 94 hits from RNAi screen 1, or only the 57 top hits)
among all tested genes having a certain RLR score or higher (Fig 2E). Higher RLR scores were
experimentally confirmed more often, indicating that these indeed correspond to more confident predictions. Further analysis revealed that there is no molecular signature that solely
explains the predictions of the validated hits; rather the integrated score of the 10 molecular
signatures is important (S14 Fig).

Discussion
Knowledge about the constituents of biological systems and pathways is an essential step
towards understanding their function in health and disease. In this study, we showed that
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existing biological data can be exploited to successfully identify novel components of a key
intracellular defense pathway; the antiviral RIG-I-like receptor (RLR) pathway. The RLR pathway is important for detecting viral infections, and its dysfunction can increase susceptibility to
infections with viruses [8] and fungi [39], but is also associated with autoimmunity [9,10]. We
systematically investigated a large variety of genome-scale data for their ability to predict RLR
pathway components, covering most of the important (gen)omics data types such as proteinprotein interactions, gene (co-)expression, genetic interactions from RNAi screens, comparative genome analysis, and transcription regulation. In these data, we found five virus-based and
five pathway-based molecular signatures of RLR pathway components, providing insight into
the determinants of antiviral signaling and type I interferon production. Bayesian integration
of the signatures led to the genome-wide prioritization of novel RLR pathway components. We
subsequently validated the predictions by comparing them with various independent data sets
and experimentally confirmed more than 50% of 187 selected novel RLR candidates for a role
in RIG-I-stimulated IFNβ induction. These results reiterate the potential of computational
assessment and combination of available biological data as a complementary approach to studies generating novel large-scale data sets.

Identification of predictive signatures using a knowledge-based
approach
To identify defining signatures of RLR genes in genomics data, we largely depended on current
knowledge of the biology of the RLR system and its relationship with viruses. For example,
since previous studies had shown that viral antagonism of specific RLR pathway components is
prevalent [5,6], one of the first features we investigated, and indeed established, was that
human-virus PPIs are a general theme for the RLR pathway as a whole. Similarly, guided by
previous observations, we demonstrated that RLR genes conform to the tendency of immunity
genes to evolve rapidly and commonly contain innate antiviral TF binding motifs, such as IRF
and NFκB, in their promoters.
We also included several criteria that are effective for many different biological systems, but
were specifically aimed at predicting novel RLR pathway genes in our case, such as the RLR coexpression calculations and RLR protein domain occurrences. We decided not to include associations based on text mining of published literature (e.g. co-mentioning of gene names in
abstracts), because such approaches in our hands only enriched for genes already known to be
involved in the RLR pathway and therefore compromised our ability to identify novel candidates. Finally, we settled on using a total of 10 molecular signatures that are relevant and predictive for the RLR system. Inclusion of additional data sets, generated for example by future
experimental techniques, and substitution of existing data with novel and improved versions,
will likely refine this data-driven definition of RLR genes over time and lead to updated Bayesian RLR probabilities that could further improve prediction accuracy.
A major challenge in our study arises from the fact that the RLR pathway is highly interconnected with other intracellular pathways, such as other innate PRR pathways (e.g. TLR and
cytosolic DNA sensing), the stress response pathway, mitogen-activated protein kinase
(MAPK) signaling cascades (e.g. TRAF2 and 6 lead to the p38 MAP kinases), and apoptosis
(e.g. via CASP8 and 10) (S1 Fig) [2,12,41,42]. Although our approach for predicting novel RLR
components relied on a well-defined set of genes known to make up the core of RLR signaling,
the overlap with other systems was a potential confounding factor. For example, most molecular signatures of RLR genes identified here, especially the virus-based properties such as PPIs
with viruses, rapid evolution, and differential expression during infection, could also apply to
genes involved in other aspects of antiviral immunity. Nevertheless, combination of the right
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signatures achieved reasonable specificity for RLR genes (Fig 1). Thus, we have extended an
approach previously used for identifying components of membrane-enclosed organelles such
as the mitochondrion [19] and showed that it is also possible to capture the complexity of a
diverse and interconnected intracellular signaling pathway. The presented approach for identifying predictive signatures, followed by Bayesian integration, could potentially be applied to
any cellular system.

Contributions of the individual signatures to the RLR predictions
Using the sets of known RLR and non-RLR genes, we could systematically assess the relative
quality of the individual data sets for predicting novel RLR genes. Indeed the 10 molecular
signatures have different predictive values as shown by the likelihood ratio scores (Fig 1A,
Tables 1 and S1), and thus contribute with different weights to the integrated Bayesian RLR
score. The data types with the strongest predictive value include NFκB activation mediators,
RLR pathway protein domains, and both PPI signatures (PPIs within the RLR pathway and
PPIs between human and viral proteins). In contrast to our expectations, antiviral host factors
identified in high-throughput RNAi experiments had a relatively small contribution. Besides
raw predictive ability, we also considered the coverage of the data sets. For example, there are
only few (<200) NFκB activation mediators and antiviral host factors, while the data sets on
RLR co-expression, viral miRNA targets, and innate antiviral TF binding motifs identified
many more genes (>4,000). Integration of all data sets with their varying coverage and predictive value into a single RLR score resulted in a classifier that is superior to the individual data
sets (Fig 1D). This is underscored by the observation that the individual signatures by themselves are unable to explain the predictions for the experimentally validated RLR candidates,
and only the integrated RLR score explains all validated genes (Figs 2E and S14).

Independent studies validate additional RLR candidates
Aside from our own experimental validation strategies, recent independent studies have confirmed a role for 15 of our predicted RLR candidates in the RLR pathway during viral infection
(Table 3). Most of these publications appeared during the course of our study, and thus were
not part of the knowledge or data used for predicting novel RLR genes. For example, TRIM14
(RLR rank 491) has been demonstrated to interact with MAVS leading to activation of IRF3
and NFκB via IKKγ (NEMO) [43]. Indeed, our predictions marked TRIM14 as a strong candidate RLR gene and all our RNAi screens confirmed it as a component required for optimal
RIG-I signaling (Fig 2). Two additional high-confidence RLR predictions for which we validated an effect in all three RNAi screens have recently been validated externally as well: G3BP1
[44] and CDC37 [13].
Of the 15 genes recently described in the literature, 11 were part of the candidate RLR genes
tested in our RNAi screens (Table 3). Of these, seven genes affected RIG-I-mediated IFNβ
induction in RNAi screen 1 (Z-score <-1.25 or >1.25) and showed a consistent effect in RNAi
screen 2. Therefore, our experimental screening condition appears to detect these described
RIG-I pathway regulators with a sensitivity of ~64% (7/11). Furthermore, four out of four
down-hits from our experiments (i.e. genes that decreased IFNβ induction when knocked
down, hence positive regulators) that have been described in the literature were indeed
described as positive regulators of RIG-I signaling (Table 3). Given that our experimental
approach detected most, but not all, of the published RIG-I regulators, a substantial number of
our predicted RLR candidates not validated by our RNAi screens might still play a role in for
example a different cell type, downstream of type I IFN production, or regulate the pathway via
MDA5/LGP2 activation. For example, RNF114 (RLR rank 181, Z-score RNAi screen 1 = 1.68,
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Table 3. Validations of our predicted RLR candidates by independent studies.
Gene
symbol

Gene description

RLR
rank

Described function

References

Type of
regulation
(literature) a

Type of regulation
(our RNAi
screens) b

CSNK2A1

Casein kinase II
subunit alpha

45

The casein kinase II complex inhibits the RIG-Imediated antiviral response through
phosphorylation of RIG-I

[93]

-

0c

TRIM38

Tripartite motifcontaining protein 38

56

Negative regulator of RIG-I-mediated IFNβ
production by targeting AZI2 (NAP1) for
degradation

[94]

-

-

RNF11

RING ﬁnger protein 11

78

Interacts with TBK1 and IKBKE (IKKε) to block
TRAF3 interaction and restrict IRF3 activation

[95]

-

SMAD3

SMAD family member
3

100

Regulates dsRNA-induced transcriptional
activation of IRF7 at the IFNβ promoter

[96]

+

0

UBE2D1

Ubiquitin-conjugating
enzyme E2 D1

139

This Ubc5 E2 ligase is required for viral
activation of IRF3 and MAVS by RIG-I

[97]

+

0

CDC37

Hsp90 co-chaperone
Cdc37 (cell division
cycle 37)

165

Regulates stability of TBK1 via Hsp90, allowing
for induction of IFNβ in response to DNA viral
and retroviral infections

[13]

+

+

RNF114

RING ﬁnger protein
114

181

Enhancer of dsRNA-induced production of type
I IFN through positive feedback regulation

[45]

+

-

SRPK1

Serine/threonineprotein kinase SRPK1

235

Enhancer of RIG-I-dependent IFNβ and IFNλ1
promoter activation during Sendai virus
infection, possibly via IRF3/7 phosphorylation

[98]

+

-

CSNK2A2

Casein kinase II
subunit alpha prime

249

The casein kinase II complex inhibits the RIG-Imediated antiviral response through
phosphorylation of RIG-I

[93]

-

0c

G3BP1

GTPase-activating
protein-binding protein
1

282

Functions in the formation of stress granules,
which act as RLR signaling platforms that in
some cases enhance IFN induction

[44]

+

+

UBE2I

SUMO-conjugating
enzyme UBC9

284

Enhances RIG-I and MDA5 SUMOylation,
which correlates with increased IFNβ
expression and repressed virus replication

[99,100]

+

SUMO1

Small ubiquitin-related
modiﬁer 1

326

IRF3/7 SUMOylation down-regulates IFN
production; RIG-I/MDA5 SUMOylation
correlates with increased IFNβ expression

[99–101]

-/+

PPP1R15A

Protein phosphatase 1
regulatory subunit 15A

389

Required for IFNβ production induced by
dsRNA and chikungunya virus in mouse;
expression depends on PKR activation

[102]

+

+

TRIM14

Tripartite motifcontaining protein 14

491

Interacts with MAVS upon viral infection,
thereby recruiting IKKγ (NEMO), which leads to
activation of IRF3 and NFκB

[43]

+

+

DDX60

DEAD box protein 60

616

Promotes virus-induced, RLR-mediated type I
IFN expression and increases binding of RIG-I
to dsRNA

[103]

+

Total:
a

15

7 hits (out of 11)

'+': positive regulator (expected decrease in IFNβ induction upon knockdown). '-': negative regulator (expected increase in IFNβ induction upon

knockdown).
Annotated cells (‘+’, ‘-’, ‘0’) indicate 11 candidate RLR genes that were tested in RNAi screen 1. ‘+’: down-hits from RNAi screen 1 (decreased RIG-Imediated IFNβ induction upon knockdown, Z-score <-1.25). ‘-’: up-hits from RNAi screen 1 (increased RIG-I-mediated IFNβ induction upon knockdown, Z-

b

score >1.25). ‘0’: no hit in RNAi screen 1, or inconsistent effect across RNAi screens 1 and 2 (CSNK2A1 and CSNK2A2, c).
doi:10.1371/journal.pcbi.1004553.t003

Table 3) is an ISG and therefore needs to be up-regulated via a positive feedback loop to fully
contribute to RLR pathway stimulation [45]. This gene was not confirmed in all RNAi screens,
perhaps because the time of RIG-I stimulation in our screens (6 hours) was simply too short.
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Similar biological reasons could limit the detection of an effect for other genes as well. Therefore we conclude that the hits identified in our RNAi validation experiments may be a conservative estimate of the number of correct RLR predictions.

Novel RIG-I pathway components DDX17 and SNW1 could regulate
activation of transcription factors NFκB and IRF3
We identified 13 novel RIG-I pathway regulators that reduced IFNβ induction in all three RNAi
screens (Fig 2). These include cell cycle gene CDK11B, heat shock protein HSPA9B, MAP kinase
MAP3K11, proteasome subunit PSMA3, nucleoporin NUP98 [46], and the recently identified
RLR regulators CDC37 [13], G3BP1 [44] and TRIM14 [43] (Table 3). The remaining five genes,
DDX17 (DEAD box helicase 17), C6orf58, C16orf57 (USB1, U6 snRNA biogenesis 1), PKN2 (serine/threonine protein kinase N2), and SNW1 (SNW domain containing 1), are overall least characterized. To obtain a first suggestion about how these genes might regulate RLR signaling, we
searched for connections with the known human and viral protein interaction networks. Next,
we discuss the reported interactions of DDX17 and SNW1 with the RLR pathway.
DEAD box RNA helicase DDX17 was recently found to bind Rift Valley fever virus RNA
and restrict viral replication in an interferon-independent manner [47]. Our data now suggest
a role for DDX17 in RIG-I-mediated IFNβ production as well. DDX17 has reported protein
interactions with two other RIG-I regulators identified in our study: CDC37 and CSNK2A1.
Interestingly, DDX17 also interacts with the peptidylprolyl cis/trans isomerase PIN1 [48],
which inhibits RIG-I-mediated IFNβ production by inducing degradation of IRF3 [49]. Furthermore, DDX17 was present among a set of ISG15-modified (ISGylated) proteins in HeLa
cells treated with IFNβ [50]. Thus, DDX17 could function in IRF3 activation by acting as a negative regulator of PIN1 and might be regulated by ISGylation (Fig 3). Lastly, DDX17 seems to
be a preferred target of viral interference, having reported interactions with six different viruses
(e.g. HIV–1 Rev and influenza virus A NS1, Fig 3).

Fig 3. Human and viral protein interaction networks connecting the known RLR pathway with the
newly identified RIG-I factors DDX17 and SNW1. Human proteins are represented by circles, viral proteins
by rounded rectangles (purple nodes). Green nodes represent known components of the RLR pathway.
Orange nodes (DDX17 and SNW1) are novel RIG-I pathway components discovered in our study, which are
connected to the RLR network through interactions with the green nodes. Edges between human proteins
represent physical interactions (both low- and high-throughput) obtained from BioGRID Release 3.3 [54].
Interactions between human and viral proteins were obtained from the PHISTO database (29 Sep. 2014)
[28]. See S1 Fig for a more complete representation of the RLR pathway containing the curated set of 49
known RLR genes. LaCV, La Crosse virus; EBV, Epstein-Barr virus; SFSV, Sandfly fever Sicilian virus;
PRRSV, Porcine reproductive and respiratory syndrome virus; HPV, Human papillomavirus.
doi:10.1371/journal.pcbi.1004553.g003
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SNW1 is an intrinsically disordered protein [51,52] that interacts with two other newly
identified RLR regulators from our study, namely PKN2 [53] and C16orf57 [54]. SNW1 also
interacts with the IKBKG (NEMO) protein [55], which is required for NFκB and IRF3 activation [56]. Given that our data shows that knockdown of SNW1 reduces IFNβ induction,
SNW1 could be involved in NEMO regulation and thereby contribute to activation of the RLR
pathway TFs, NFκB and IRF3 (Fig 3). The fact that SNW1 was also identified in a siRNA
screen for mediators of virus-induced NFκB activation [34] strengthens this hypothesis. Further studies should be conducted to resolve the precise mode-of-action.

The genome-wide prioritization of RLR pathway components is a new
resource for innate antiviral immunity research
We have validated the integrated RLR score with various experimental, literature and computational approaches. Our confirmations of a substantial fraction of the predicted RLR genes suggest the value of the prioritized list as a whole. The genome-wide prioritization of RLR pathway
components is available in S6 Table and at http://rlr.cmbi.umcn.nl/, and can be used as a
resource in several ways. For example, it can serve in the evaluation of data sets relevant to the
innate antiviral and antifungal responses (Table 2). Many labs routinely consult internal data
sets to decide which genes to study further. Comparison of such lists with for example highscoring RLR candidates could provide insights into the quality of individual data sets for identifying antiviral genes and provide complementary hints about which genes could be important.
Finally, the RLR resource could be used for prioritizing genetic variants in patients suffering
from severe susceptibility to viral infections or inflammatory disorders caused by inappropriate
production of type I interferons.

Conclusions
In this work, we have combined integrative genomics with experiments to discover 10 molecular signatures of a cellular signaling system that is central to human infectious disease: the
innate antiviral RIG-I-like receptor (RLR) pathway. The described signatures span multiple
layers of genomics data and provide new insights into the regulation of virus detection and
immune signaling. Probabilistic integration of the data resulted in a confident genome-wide
ranking of candidate RLR pathway genes. RNAi validation experiments confirmed 94 of 187
novel RLR candidates tested, including 13 novel factors with strong effects on antiviral signaling. These results, together with independent computational and literature-based confirmation,
demonstrated the validity and high accuracy of our approach. Our study expands the collection
of known antiviral genes, opening up new avenues for research into innate antiviral immunity.

Methods
Human reference proteome and mapping
All data sets were calculated for and mapped to a reviewed reference set of 20,245 human proteins from UniProtKB/Swiss-Prot, release 2011_11 [57]. This set consists of one manually
annotated record for each validated protein-coding gene. Gene/protein identifier mapping was
performed using a mapping table from the same UniProt release. Ambiguously mapped identifiers were curated manually.

Molecular signature data sets
To systematically define RLR pathway components, we mined genome-scale data from a wide
variety of sources. The data describe different aspects of the biology of the pathway; from the
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DNA to the protein level, highlighting evolutionary processes, virus-host interactions,
sequence families, etc. We finally settled on 10 data sets that collectively distinguish RLR pathway components from other genes (see Table 1 for an overview and brief descriptions):

Virus-based signatures
Positive selection in primates. George et al. [23] calculated dN/dS-based likelihoods for
recurrent positive selection across the exomes of seven primates (human, chimpanzee, orangutan, rhesus macaque, vervet, colobus monkey, tamarin). Maximum likelihood analysis of the
nucleotide alignments of ~15,000 genes identified 930 genes with evidence for positive selection at P < 0.05. We grouped the genes according to these positive selection P values.
Protein-protein interactions (PPI) with viruses. Recent years have seen a surge of studies
reporting interactions between viral and human proteins, both small- and large-scale. First, we
collected all known virus-human PPIs from five specialized resources: PIG (9 Sep. 2011) [58],
HPIDB (9 Sep. 2011) [59], VirHostNet 1.0 (24 Oct. 2011) [60], VirusMINT (6 Dec. 2011) [61],
and PHISTO (25 Jan. 2012) [28]. These data were then combined to determine all human proteins for which an interaction was reported with at least one virus (S2 Fig). Of note, the interactions reported by Pichlmair et al. [37] are not part of the final data set of virus-human PPIs and
thus could be used for independent validation of the predictions (Table 2).
Viral miRNA target. Likely human target genes of viral miRNAs were determined in
three steps. First, from the vHoT database we collected transcriptome-wide TargetScan (v5.0)
predictions for the binding of 128 miRNAs from nine, mostly DNA viruses to the 3'UTRs of
human mRNAs (S2 Table) [30]. More negative scores are associated with more favorable binding site predictions. Second, because a single human transcript may be targeted (i) at multiple
sites by a single miRNA and (ii) multiple times by different miRNAs, for each transcript we
summed the prediction scores for all predicted target sites of all viral miRNAs. The resulting
score (‘viral miRNA targeting score’) represents the overall likelihood that viruses target that
mRNA. Third, the final score per gene was defined as the most negative score across its
transcripts.
Differential expression upon infection. Human lung alveolar type II cells (A549) were
cultured and exposed to four live respiratory viruses as described previously [62]: respiratory
syncytial virus (RSV), human metapneumovirus (hMPV), parainfluenza virus type 3 (PIV),
and measles virus (MV). RNA was isolated at 6, 12, and 24h post infection, as well as from
mock-infected (medium without virus) control cells. Gene expression was then measured
using the Affymetrix U133 plus 2.0 GeneChip platform and infection conditions were compared to uninfected cells. Data were log2-transformed and normalized by VSN [63]. Statistically significant differential expression for each probe set (54,675 in total) was assessed using
limma [64] and expressed as the fold change in expression between infected and uninfected
conditions (FDR cutoff of 0.05). Genes represented on the microarray platform by multiple
probe sets were summarized by the median differential expression across their probe sets.
From the transcriptomics data we calculated for each gene (20,190 genes in total) the maximum absolute (i.e. considering both up- and down-regulation) change in expression across all
time points and viruses, compared to uninfected cells. The column ‘Differential expression’ of
S6 Table contains the processed gene expression data. A full analysis of these experiments will
be described in a later publication.
220 and five genes were significantly up- and down-regulated in at least one infection condition respectively (>1.5 and <-1.5 log2 fold expression changes). A total of 1,761 genes showed
maximum absolute differential expression >0.5. Infection with hMPV induced maximal
expression changes for the majority of genes (63% of the 1,761 genes with maximal absolute
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fold change >0.5), followed by RSV (29%). In comparison, PIV (4%) and MV (3%) caused less
pronounced expression changes. Indeed, the expression profiles confirm these trends (S3A
Fig). Furthermore, most genes tend to be increasingly up- or down-regulated during the course
of infection (S3A and S3B Fig), with the distribution of expression changes becoming more
extreme going from 6h (~5% of the 1,761 genes with maximal absolute fold change >0.5), to
12h (~14%), to 24h (~80%).
Antiviral host factor. We collected data from large-scale forward genetics screens aimed
at identifying human genes involved in viral replication. Most studies focus on factors that
reduce viral replication when inactivated, as these are often most abundant and represent candidate drug targets for infection treatment. However, these screens can also identify antiviral
host factors, or host restriction factors, that inhibit virus replication (i.e. increase viral replication when inactivated). We collected the results from seven RNAi studies that investigated
infection of human cells with a variety of viruses. These screens together reported a total of 173
unique antiviral host factors (S3 Table).

Pathway-based signatures
Co-expression with RLR pathway. Functionally related genes tend to share expression
patterns, i.e. be co-expressed. We employed an expression data integration method that weighs
expression data sets for co-expression within a specific biological system [32]. From the NCBI
gene expression omnibus database (GEO) [65] we obtained a collection of 465 publicly available human microarray data sets (~10,000 individual measurements). Each set of mRNA
expression measurements was then assessed for its potential to find novel RIG-I-like receptor
pathway genes by determining the coherence of expression of the 49 known RLR genes. That
is, for each data set we ask whether known RLR genes behave similarly in terms of their expression, being up- or down-regulated together in the same microarray measurement. Sets of
expression measurements in which known RLR genes show coherent expression receive a high
weight, and will contribute more to the co-expression calculation than experiments with less
coherent expression of known RLR genes. These weights are then used to calculate an integrated score for each gene in the human genome, according to how much its expression profile
correlates with that of the RLR genes across the expression data sets (S4 Fig).
As the co-expression method was trained with the aim of retrieving RLR genes with high
reliability, we also assessed its ability to retrieve RLR genes in leave-one-out cross-validation
analysis. For that, we calculated the weighted co-expression 49 times, leaving out one of the 49
RLR genes in each fold (so that the whole set was left out exactly once), and determined the coexpression rank of the RLR gene that was left out. For the other gene sets (i.e. covering all genes
except the RLR genes), we averaged the co-expression ranks across the 49 cross-validation
runs. S4D Fig shows the recall (also known as sensitivity) of various gene sets at each rank cutoff in the cross-validation: genes were rank-ordered based on the RLR co-expression cross-validation rank and recall for each gene set was calculated sequentially as the fraction of genes
among all genes in the set having a certain rank or higher.
RLR pathway protein domain. Domain organizations for all human proteins in SwissProt
were obtained from the Pfam database (release 26.0; SwissPfam) [66]. We calculated statistical
over-representation of domains occurring in the 49 known components of the RLR pathway
compared to the background of all human proteins using the Fisher’s exact test. Enrichment P
values were corrected for testing multiple domains (40 in total) using the Benjamini-Hochberg
(BH) false discovery procedure and judged to be significant at a significance level of 1% (S4
Table). Finally, we determined a set of proteins that contain one or more such enriched ‘RLR
domains’.

PLOS Computational Biology | DOI:10.1371/journal.pcbi.1004553 October 20, 2015

19 / 35

Integrative Genomics of the RLR Pathway

Innate antiviral transcription factor (TF) binding motifs. Conserved TF binding sites in
human were obtained from a comparative analysis of 29 genomes of placental mammals [33].
In this study, TF regulatory motif instances (putative TF binding sites) were detected across the
human genome and assigned a likelihood based on conservation across the 29 mammals: for
each motif match in human, the smallest phylogenetic subtree was calculated that contains the
human motif and aligned motifs in other species [67]. To identify putative transcription regulators of a gene, we extracted conserved TF binding sites in promoter regions, which were
defined as 4 kilobase (kb) windows centered (i.e. 2kb upstream and 2kb downstream) at all
annotated transcription start sites of the gene [68]. We then searched for genes containing conserved motifs associated with four key innate antiviral transcription factors (IRF, AP–1, NFκB,
and STAT; S5 Table). Finally, we grouped all genes by the number of distinct motifs found:
none, one, two, three or four.
NFκB activation mediator. Gewurz et al. undertook a genome-wide siRNA screen for
NFκB pathway components [34]. They studied HEK293 cells with a stably integrated NFκB
GFP reporter and inducible expression of Epstein-Barr virus latent membrane protein (LMP1),
which activates NFκB. 155 LMP1 activation pathway components were identified, many of
which are also important for IL–1β-, or TNFα-mediated NFκB activation. We obtained these
hits and mapped them to 154 protein identifiers.
RLR pathway PPI. Human protein-protein interactions were obtained from the PINA
database (release 28 Jun. 2011), which contained ~75,000 PPIs from six major resources [35].
We took all interactions involving the 49 known RLR pathway proteins and counted how
many interactions each protein is involved in, thus obtaining 1,750 proteins with at least one
RLR interaction. Of note, the interactions reported by Li et al. [12] are not part of the final data
set of RLR pathway PPIs and thus could be used for independent validation of the predictions
(Table 2). We also assessed the cohesiveness of the RLR PPI network by calculating physical
interaction enrichment scores, as described in [36].

Training sets
We assessed the capability of individual data sets to predict novel RLR genes using two ‘gold
standard’ training sets:
Positive gold standard. We used a curated standard of 49 genes that are well characterized
to play a role in the RLR pathway and make up its core (‘RLR genes’, all of which are depicted
in S1 Fig). This set is based mainly on the KEGG map [69] of the RLR pathway and taken from
InnateDB (27 Mar. 2012) [21]. We focused on intracellular components, hence excluding the
interferons and proinflammatory cytokines that are induced by the pathway.
Negative gold standard. To represent genes that are unlikely to play a role in RLR signaling, we constructed a set of 5,818 genes from seven functional categories generally unrelated to
the innate antiviral response (‘non-RLR genes’, S6 Table).
1. Housekeeping genes. These are typically defined as genes showing constitutive and constant
expression in 'all' tissues. We collected housekeeping genes from five different studies [70–
74], and included 1458 genes that were reported in at least three studies.
2. Ribosomal subunits. 134 human ribosomal (cytoplasmic and mitochondrial) proteins from
[75].
3. Transmembrane transporters. 986 confirmed and predicted cytoplasmic membrane transporters and membrane channels from [76].
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From QuickGO (6 Feb. 2012), we obtained human genes annotated with various gene ontology
terms and their child terms [77], considering only annotations supported by experimental evidence codes (IMP, IGI, IPI, IDA, IEP, EXP):
4. Mitoplast localization. 559 genes with contributions to or co-localization with the mitochondrial matrix (GO:0005759) or mitochondrial inner membrane (GO:0005743). We did
not include the inner membrane space and outer membrane, which is critical for RLR signal
transduction through MAVS.
5. Metabolism. Genes with annotation ‘metabolic process’ (GO:0008152), excluding those
annotated with the child term ‘protein phosphorylation’ (GO:0006468); 2243 genes.
6. Neurological functions. 1497 genes from GO term ‘neurological system process’
(GO:0050877).
7. Embryonic development. 775 genes from GO term ‘embryo development’ (GO: 0009790).
We removed genes from the negative set that are known RLR genes, components of other
PRR signaling pathways (TLR, CLR, NLR, cytDNA), or other innate immunity genes (see
below). The resulting negative set is a good reflection of the rest of the genome in terms of the
distributions of the various molecular signatures and RLR integration scores (Fig 1B). Furthermore, given its size and the diversity of genes included, it is reasonable to expect a number of
‘non-RLR genes’ with high RLR scores. These should be considered as inappropriately included
in the negative set and are therefore still candidate RLR genes.

Other PRR pathway and other innate immunity gene sets
Two additional curated sets of genes were used in our study (S6 Table). The first consists of
153 genes with a known function (i.e. receptors, signaling components, etc.) in four PRR signaling pathways; the Toll-like receptor (TLR), C-type lectin receptor (CLR), NOD-like receptor
(NLR), and cytosolic DNA sensing (cytDNA) pathways, but not in the RLR pathway. TLR,
NLR and cytDNA components were obtained from InnateDB (27 Mar. 2012). We curated a
list of 34 CLR pathway components, based mainly on [78]. The combined PRR pathway gene
set was supplemented with several key proteins involved in virus-host interactions. As with the
set of RLR genes, cytokines and other secreted proteins were excluded. The second list (‘other
innate immunity genes’) consists of 803 genes with curated annotations from InnateDB (12
Jan. 2012) for a function in other aspects of the innate immune response, excluding RLR and
other PRR signaling pathway genes.

Naive Bayesian integration
Individual (genomics) data sets contain important information about the make-up of cellular
systems and pathways, but often have limited coverage and introduce data type-specific noise.
Combination of multiple heterogeneous types of data, each approaching the characterization
of a molecular system from a different angle, therefore has the potential to provide a more
complete definition of the system and could have high power for predicting novel components
involved.
We employed a naive Bayesian framework to facilitate direct comparison and weighing of
many data sets describing properties of RIG-I-like receptor pathway components and integrate
those data sets that were suitable into a single probabilistic score for each gene. Bayesian integration is well suited to combining evidence from dissimilar types of information and readily
accommodates missing data [18–20]. Furthermore, this approach inherently weighs data sets
based on their predictive value (i.e. their ability to separate known positives and negatives, Fig
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1A and S1 Table) so that better data contribute more to the predictions. Indeed, integration
enriches for RLR genes and depletes false positive, non-RLR genes (S5 and S9 Figs).
Calculation of the RLR score. For any given gene in the human genome, we can calculate
the conditional probability that the gene is involved in the RLR pathway given the observed evidence in the 10 molecular signature data sets. More precisely, we calculated the posterior odds,
defined as the ratio of the probability that the gene in an RLR gene versus the probability that
the gene is not an RLR gene:
Oposterior ¼

PðRLR genejD1 . . . D10 Þ
PðnonRLR genejD1 . . . D10 Þ

As this equation cannot be calculated directly, we approximate the ‘reverse’ likelihood ratio
L that a certain combination of values for the 10 data sets are observed, given the distribution
of known RLR and non-RLR genes (i.e. the positive and negative training genes) across the
data:
LðD1 . . . D10 Þ ¼

PðD1 . . . D10 jRLR geneÞ
PðD1 . . . D10 jnonRLR geneÞ

These two equations are related by Bayes’ theorem though the prior odds: the ratio of probabilities that any gene in the human genome is an RLR gene versus a non-RLR gene, prior to the
use of information from our data sets. The prior odds can be calculated from the estimated
total number of genes involved in the RLR pathway (see below).
Oposterior ¼ Oprior  LðD1 . . . D10 Þ
PðRLR genejD1 . . . D10 Þ
PðRLR geneÞ
PðD1 . . . D10 jRLR geneÞ
¼

PðnonRLR genejD1 . . . D10 Þ PðnonRLR geneÞ PðD1 . . . D10 jnonRLR geneÞ
An assumption of the naive Bayesian approach is that the individual sources of evidence are
independent of each other. Although this is rarely completely the case with genomics data, limited violations of the independence assumption still lead to effective predictions (see below).
Under the independence assumption, L can be simpliﬁed and calculated as the product of the
likelihood ratios of the individual data sets:
LðD1 . . . D10 Þ ¼

10
Y
i¼1

PðDi jRLR geneÞ
PðDi jnonRLR geneÞ

We calculated these likelihood ratio scores for individual data sets (Tables 1 and S1) directly
from the contingency tables relating the positive and negative training genes to the data values
binned into discrete intervals, asking: “What is the probably that a (non-)RLR gene has a value
within a certain range in the data”? The bar plots in Fig 1A represent these contingency tables;
likelihood ratio scores for each bin are defined as the ratios of the green versus red bars. Of
note, as not all data sets contain values for all genes (e.g. genes can be missing from microarray
platforms, were not tested in siRNA screens, etc.), we separated genes that were tested but
show no effect from genes that were not tested. That is, we assigned no scores to bins that represent genes missing from the data entirely.
Having obtained the scores for the individual data sets and the prior odds, we then calculated the posterior odds that any gene is involved in the RLR pathway given its values in the
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data:
10
Y
PðRLR genejD1 . . . D10 Þ
PðRLR geneÞ
PðDi jRLR geneÞ
¼

PðnonRLR genejD1 . . . D10 Þ PðnonRLR geneÞ i¼1 PðDi jnonRLR geneÞ

Finally, we obtained the ‘RLR score’ (S6 Table or http://rlr.cmbi.umcn.nl/) by log2 transformation of the individual terms in order to create an additive score:


PðRLR genejD1 . . . D10 Þ
RLR score ¼ log2
PðnonRLR genejD1 . . . D10 Þ



 X
10
PðRLR geneÞ
PðDi jRLR geneÞ
þ
log2
¼ log2
PðnonRLR geneÞ
PðDi jnonRLR geneÞ
i¼1
Taken together, the RLR score represents a Bayesian posterior probability, which depends
on the positive and negative gold standard genes, the data sets used for the predictions, and the
prior expected number of positive and negative genes in the genome. Although the RLR score
may change for different priors (see below), the relative RLR ranks remain the same as these
only depend on the gold standards and the data. Thus, the relative ranking of genes as captured
in the RLR rank is most informative.
Conditional independence. Although violations of the independence assumption can
lead to over-estimation of the likelihood scores, previous work has shown naive integration of
genomics data to be effective for predicting novel genes involved in a molecular system [19,20].
Assessment of the pairwise correlations between the 10 genomics data sets used for predicting
RLR genes suggests that they are largely complementary (S10 Fig). Several data sets have
higher pairwise correlations, such as ‘PPI with viruses’ and ‘Innate antiviral TFs’. However,
these features describe different molecular processes, namely protein-protein interactions
between viral and human proteins and the presence of specific TF binding motifs, and hence
can be considered largely independent in molecular terms.
Performance estimates. The performance of each of the 10 individual data types, as well
as the integrated RLR score, for predicting RLR genes was evaluated using the positive and negative training sets. Based on these sets of known (non-)RLR genes, we calculated for each RLR
score threshold (where genes with scores equal or higher than the threshold are predicted positives, i.e. predicted RLR genes, and genes with lower scores are predicted negatives, i.e. predicted non-RLR genes) the number of predictions that are:
• true positive (TP, number of positive training genes predicted as positive)
• false positive (FP, number of negative training genes predicted as positive)
• true negative (TN, number of negative training genes predicted as negative)
• false negative (FN, number of positive training genes predicted as negative)
These were then used to calculate several performance measures:
TP
, fraction of positive training genes correctly predicted as positive
• Sensitivity ðSN Þ ¼ TPþFN
(Fig 1D)
TN
, fraction of negative training genes correctly predicted as negative
• Specificity ðSPÞ ¼ FPþTN
(Fig 1D)
FP
, fraction of positive predictions that are false (i.e. that
• False Discovery Rate ðFDRÞ ¼ TPþFP
are negative training genes)
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Calculation of the FDR depends on both the positive and negative gold standard genes. As
the sizes of these training sets do not accurately reflect the expected numbers of RLR and nonRLR genes in the genome (prior probabilities, see below), we corrected the FDR to get an unbiased estimate using the following equation [19] (S11 Fig):
FDRcorrected ¼

1  SP
1  SP þ SN  Oprior

Prior estimation of the number genes involved in the RLR pathway. Determination of
the probability of finding a gene in the genome with a role in the RLR pathway, prior to the use
of additional information, requires an estimation of the expected total number of RLR genes.
We estimated this at 300; six times the number of currently known RLR genes in the positive
training set. The prior odds then become ~1.5%:
300

Oprior ¼

PðRLR geneÞ
PðRLR geneÞ
¼
¼ 20;245  0:015
PðnonRLR geneÞ 1  PðRLR geneÞ ð20;245300Þ
20;245

The prior odds influence the absolute RLR score and the corrected false discovery rate.
Importantly, however, the overall ranking of genes does not depend on the estimated number
of RLR genes. To assess the impact of the prior on the RLR score and false discovery rate, we
re-calculated these measures using lower (75), medium (200) and upper (1000) bound estimates for the number of RLR genes (S9 Table). These results suggest maximum and minimum
FDRs of 84% and 28% at rank 354 (compared to an FDR of 57% when using a prior of 300).
Separate assessment of co-expression, protein domain, and RLR pathway PPI signatures. As described before, a positive gold standard of 49 known RLR pathway genes was
used for calculating the likelihood scores for individual data sets. However, three molecular signatures (co-expression, protein domain and RLR pathway PPI) originate directly from calculations based on this same set of RLR genes. To avoid circularity, we assessed the performance
(sensitivity, specificity) and likelihood ratio scores of these data sets using a different, independent positive training set: components of other PRR signaling pathways (TLR, CLR, NLR,
cytDNA, see above). This approach prevented over-estimation of the predictive ability of these
data sets and ensured that the likelihood scores of all molecular signatures are in the same
range.

RNAi validation screens for RIG-I pathway activity
Cells and RIG-I ligand. HeLa-R19 cells stably expressing Firefly luciferase under control
of the IFNβ (IFNB1) gene promoter were generated using the pIFNβ-Fluc-NeoR plasmid,
which was kindly provided by Wendy Barclay [79]. Single cell clones were selected under G418
selection, and a mixed population of two positive clones was used for the screens. Cells were
maintained in DMEM supplemented with 10% FCS in a humidified incubator with 5% CO2.
As RIG-I ligand, we used 5’-ppp cloverleaf (CL) from coxsackievirus B3 (CVB3) sequence, a 90
nt ssRNA carrying a 5’ triphosphate group, which was transcribed in vitro as described previously [40].
Protocol RNAi screen 1 –IFNβ luciferase. In RNAi validation screen 1, we tested 187
candidate genes (S6 and S8 Tables) that were predicted to play a role in the RLR signaling
pathway by the computational framework. siRNAs (Dharmacon on-target plus Smartpool)
were purchased internally from the Cell Screening Centre of the Utrecht University Medical
Centre (CSC UMCU). Scrambled (SCR) and MDA5-targeting siRNAs were included as
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negative controls. Polo-like kinase 1 (PLK1)-targeting siRNAs were included as a positive control for cytotoxicity, while RIG-I-, and MAVS-targeting siRNAs were included as positive controls for RIG-I pathway activity. The RIG-I signaling pathway was activated by transfecting
cells with the 5’-ppp-containing CVB3 CL RNA. Activation levels were assessed by measuring
IFNβ promoter-controlled luciferase reporter activity at 6 hr post transfection (S12 Fig).
Screen 1 was performed in four technical replicates. Briefly, 0.5 pmole siRNAs (in 5 μl) was
spotted per well. On the day of transfection 0.3 μl Lipofectamine RNAiMAX was diluted in
15 μl Opti-MEM and added to each well. Plates were rocked gently to mix the components and
incubated at room temperature (RT) for 15 min. Then, 7,000 HeLa-IFNβ-Fluc cells (in 80 μl)
were added to each well and plates were returned to a 37°C incubator. At 2 days post siRNA
transfection, growth medium was discarded, replaced by 100 μl fresh medium and cells were
then transfected with the RIG-I ligand. Briefly, 200 ng ligand and 0.8 μl Lipofectamine 2000
were separately diluted in 25 μl Opti-MEM, and incubated at RT for 5 min. These components
were then mixed, incubated at RT for 20 min, and added to each well. At 6 hr post transfection,
one replicate of each plate was fixed in 4% PFA and stained with DAPI. This replicate was later
scanned at the CSC UMCU, and DAPI-positive nuclei were counted per well as an indication
of cell viability upon siRNA transfections. The other three replicates were lysed in 30 μl 1x Passive Lysis Buffer (Promega) and allowed to freeze at -20°C. To measure luciferase activity, cell
lysates were mixed by pipetting, and 15 μl from each well was transferred to a measurement
plate, which was read using an automated plate reader using the following parameters: inject
40 μl firefly luciferase substrate (Promega), mix for 1 second, 1 second delay, measure for 10
seconds.
Protocol RNAi screen 2 –IFNβ luciferase. In RNAi validation screen 2, we tested the 57
top hits with the largest effects in screen 1 (stringent Z-score of <-2 or >2; S8 Table) using a
different set of siRNAs, separately assessing the 42 down-hits (siRNA knockdown of which
resulted in down-regulation of RIG-I-mediated IFNβ induction) and 15 up-hits (siRNA knockdown of which resulted in up-regulation of RIG-I-mediated IFNβ induction). For 48 of the 57
genes tested, siRNAs (1 pool per gene) were purchased from SIGMA (esiRNAs human library)
and used at 1 pmole per well during transfection. For the remaining 9 genes, for which esiRNA
products were not available, Silencer Select siRNAs were purchased from Ambion, and three
oligos per gene were pooled at 1:1:1 ratio and transfected at 0.5 pmole per well.
Screen 2 was performed in six technical replicates. The protocol was in principle the same as
for RNAi screen 1, except that the MTT assay using Thiazolyl Blue Tetrazolium Bromide
(SIGMA) (three replicates) was used to assess cell viability instead of DAPI staining. For the
MTT assay, 60 μl 80 μg/ml MTT in medium was added to each well 1 hr prior to cell harvesting. The plates were incubated to 37°C for 1 hr. MTT-containing medium was removed, and
reactions were quenched by adding 150 μl DMSO per well. The resulting mixture was measured at 570 nm using a plate reader.
Statistical analysis of RNAi screens 1 and 2. Raw Fluc intensities (S13A and S13E Fig)
displayed limited variation between plates and were normalized using a negative control-based
robust Z-score [80,81], which expresses each well as the number of median absolute deviations
(MAD) its intensity deviates from the median of the negative controls (non-transfected, scrambled and MDA5 siRNA wells) on the plate:
Robust ZscoreðxÞ ¼

x  medianðnegative controlsÞ
MADðnegative controlsÞ

Replicate plates (n = 3) were then summarized by taking the median of the robust Z-scores
of the well across the three plates (S13B, S13C, S13F and S13G Fig). We observed a clear
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difference in IFNβ induction levels between the positive (RIG-I and MAVS) and negative controls (mock treatment, scrambled and MDA5; Figs 2B and S13). Furthermore, significant correlation exists between screens 1 and 2 (correlation between Z-scores of all 57 genes tested in
both screens, including the controls: Pearson r = 0.61, P = 8.6 × 10−15).
To reduce the potential for false-positive results, toxicity of the siRNA treatment was
assessed by measuring nuclei counts (DAPI staining) in screen 1 (n = 1) and cellular activity
(MTT essay) in screen 2 (n = 3). Both readouts were normalized per plate by calculating the
percentage of the median of the negative controls (non-transfected and scrambled wells) and
clearly separated negative from positive (PLK1) toxicity controls. Only a few siRNAs reduced
cell numbers by over 50% in screen 1 (S13D Fig). However, knockdown of none of the 57
genes tested in screen 2 reduced cellular activity by more than 50%; only COPA showed slight
toxicity (MTT level compared to negative controls is 53%; S13H Fig and S8 Table). Thus, the
observed effects of the siRNA knockdowns on IFNβ induction are largely independent of
siRNA-induced reductions in cell numbers or cellular activity.
Protocol RNAi screen 3 –IFNβ mRNA. We assessed the 19 top hits (Fig 2C and S8
Table) with the consistent largest effects in both RNAi screen 1 and 2 (5’-pppRNA-induced
IFNβ induction in HeLa-IFNβ-Fluc reporter cells, stringent Z-score <-2), again for an effect
on IFNβ (IFNB1) mRNA expression in an independent set of experiments. For 16 of these 19
genes, siRNAs (1 pool per gene) were purchased from SIGMA (esiRNAs human library). For
the other 3 genes, for which esiRNA products were not available, Silencer Select siRNAs were
purchased from Ambion, and three oligos per gene were pooled at 1:1:1 ratio. This RNAi
screen 3 was performed in 24-well clusters, and performed in triplicate. Briefly, 5 pmole siRNAs were diluted in 50 μl Opti-MEM and incubated 5 min at RT. Next, 1 μl Lipofectamine
RNAiMAX was added and incubated another 20 min at RT. Then, 25,000 HeLa-R19 cells (in
500 μl) were added to each well and plates were returned to a 37°C incubator. At 3 days post
siRNA transfection, cells were transfected with the RIG-I ligand. Briefly, 200 ng ligand and 1 μl
Lipofectamine 2000 were separately diluted in 50 μl Opti-MEM, and incubated at RT for 5
min. These components were then mixed, incubated at RT for 20 min, and added to each well.
At 6 hr post transfection, total cellular RNA was isolated using the NucleoSpin RNA isolation
kit (Macherey-Nagel) according to manufacturer’s instructions. Isolated RNA was used for
reverse transcription using the TaqMan reverse transcription reagents kit (Applied Biosystems)
with random hexamers primers (Invitrogen) according to manufacturer’s instructions. Quantitative analysis of IFNβ mRNA levels was performed using the LightCycler 480 (Roche) as
described before [82].

Software and tools
Plots, statistics and other calculations were done using custom Perl and SQL scripts, and the R
statistical package [83] with additional packages gplots [84], ROCR [85] and RNAither [86].
One-way ANOVA with Dunnett's post hoc test was performed using GraphPad Prism (GraphPad Software).

Supporting Information
S1 Fig. Overview of the 49 RLR pathway components used as positive gold standard in our
study (‘RLR genes’). We focused on components that make up the intracellular core of the
pathway, hence excluding the interferons and proinflammatory cytokines that are induced.
The depicted network is based on the KEGG map of the RLR pathway [69]. Only key interactions are depicted. In reality, the pathway consists of a complex network of interactions [87].
(TIF)
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S2 Fig. Venn diagram showing the overlap between the five virus-human protein-protein
interaction resources. Values represent the number of human proteins for which an interaction was reported with at least one virus. The union of the five databases (2,587 proteins) was
used as a molecular signature (‘PPI with viruses’) for predicting novel RLR pathway components.
(TIF)
S3 Fig. Time-course transcriptome analysis of A549 cells infected with four respiratory
viruses. Cells were exposed to respiratory syncytial virus (RSV), human metapneumovirus
(hMPV), parainfluenza virus (PIV), or measles virus (MV). Gene expression was measured
using microarrays at 6, 12 and 24 hours after the infections. Differential expression was calculated as the log2 fold change comparing each infection condition to mock-infected control
cells. We calculated for each gene the maximum absolute (i.e. considering both up- and downregulation) change in expression across all time points and viruses, compared to uninfected
cells. This data was used as a molecular signature (‘Differential expression upon infection’) for
predicting novel RLR pathway components. (A) Differential expression is depicted for each
gene across all infection time points. Colored lines represent the five RLR genes with the highest maximum absolute differential expression (represented by the colored dots) across all infection conditions. (B) Summary of the distributions of log2 fold changes across the infection
conditions. Most genes tend to be increasingly up- or down-regulated during the course of the
infection. Furthermore, RSV and hMPV generally induced much larger expression changes
than PIV and MV (see Methods).
(TIF)
S4 Fig. Analysis of the weighted co-expression calculations for the RLR pathway. (A) Distributions of weighted co-expression with the RLR pathway, binned into discrete intervals, for the
‘other PRR signaling pathways’ gene set (TLR, CLR, NLR, cytDNA; purple) and the set of nonRLR genes (red). Although the genome-wide RLR co-expression scores (x-axis in panels A-C)
were calculated based on the set of known RLR genes, to avoid circularity we calculated the
likelihood ratio scores (Tables 1 and S1) of this feature (‘Co-expression with RLR pathway’)
using the independent set of TLR, CLR, NLR, cytDNA genes (see Methods). This panel A is
the same plot as the co-expression panel in Fig 1A. (B) Kernel density estimates and (C) boxplots of RLR co-expression scores for the various gene sets. Density estimates were calculated
using a Gaussian kernel with a smoothing bandwidth given by Silverman's rule of thumb, and
were normalized to 1. P values were calculated using the Mann-Whitney U test. (D) Recall performance (also known as sensitivity) of the weighted co-expression method for retrieving a
fraction of the 49 known RLR genes (y-axis) given an inclusion cut-off rank (x-axis), across a
49x leave-one-out cross-validation (green) (see Methods). The recall performance of the
method for other sets of genes across the cross-validation ranks is also shown to demonstrate
the ability of our method to retrieve RLR genes specifically compared to other PRR pathway
genes (purple), or other innate immunity genes (blue).
(TIF)
S5 Fig. Distributions of the integrated RLR score for the positive (RLR genes) and negative
(non-RLR genes) training sets. Integration of the 10 molecular signature data sets into the
Bayesian RLR score enriches for RLR genes and depletes non-RLR genes compared to the individual data sets (see also Figs 1A and S9).
(TIF)
S6 Fig. KEGG [69] pathway enrichment analysis of the top 354 RLR predictions excluding
known RLR genes. Purple bars indicate PRR signaling pathways other than the RLR pathway
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(TLR, CLR, NLR, cytDNA), blue bars indicate additional immunity-related pathways. Enrichment was determined using the functional annotation tool of the DAVID suite version 6.7 [88]
with default settings and a false discovery rate (q-value) of 0.01. Background: all human genes.
See also S7 Table.
(TIF)
S7 Fig. ClueGO [89] enrichment analysis of REACTOME pathways [90] in the top 354 RLR
predictions. Nodes represent significantly enriched REACTOME terms (Bonferroni stepdown corrected P < 0.01, background: all human genes) and are grouped (as denoted by the
connecting edges) based on overlapping gene lists (connectivity measure κ > 0.4). Groups of
similar terms are represented by the most prominent term(s). See also S7 Table.
(TIF)
S8 Fig. ClueGO [89] enrichment analysis of Gene Ontology Biological Process terms in the
top 354 RLR predictions. Nodes represent significantly enriched terms (Bonferroni stepdown corrected P < 0.001, background: all human genes) and are grouped (as denoted by the
connecting edges) based on overlapping gene lists (connectivity measure κ > 0.7). Groups of
similar terms are represented by the most prominent term. For conciseness, clusters having
less than four terms are not shown. See also S7 Table.
(TIF)
S9 Fig. Visualization of how integration of the 10 molecular signatures enriches for RLR
genes and depletes non-RLR genes. Rank plots showing the top 100 genes in (on the right) six
of the individual molecular signature data sets and (on the left) in the integrated RLR score.
Only the six continuous (i.e. non-binary) signatures are depicted, because ordering of genes
within the two classes of the binary signatures would be arbitrary. See also Fig 1B and 1C.
(TIF)
S10 Fig. Correlations between the ten molecular signatures used for predicting novel RLR
pathway components. Heatmaps depict pairwise Spearman’s rank correlation coefficients
between the values in the molecular signature data sets for positive gold standard RLR genes
(A), and negative gold standard non-RLR genes (B).
(TIF)
S11 Fig. Rank-order plot of the estimated false discovery rate (FDR) of the RLR predictions. The FDR was adjusted to match the expected total number of genes involved in the RLR
pathway (see Methods). The inset shows the same plot, zoomed-in on the lower-left region,
and indicates occurrences of RLR (green) and non-RLR (red) genes. RLR rank 354 corresponds
to an estimated FDR of ~57%.
(TIF)
S12 Fig. Pilot experiments for RNAi validation screens of candidate RLR genes. (A) Our
essay uses HeLa-IFNβ-Fluc cells stably expressing an IFNβ promoter-controlled firefly luciferase reporter. We knocked down candidate genes using different siRNAs, transfected cells with
a known small 5’-ppp-containing RIG-I RNA ligand derived from coxsackievirus [40], and
measured Fluc reporter expression and cell viability after 6 hours in three technical replicates.
(B-E) Pilot experiments for RNAi screen 1 (B-C) and RNAi screen 2 (D-E). RNAi screens 1
and 2 used a different set of siRNAs. (B,D) IFNβ-Fluc reporter activity after treatment of
HeLa-IFNβ-Fluc cells with the 5’-ppp-containing RIG-I RNA ligand and various siRNAs.
Scrambled (SCR) and MDA5-targeting siRNAs were included as negative controls. Polo-like
kinase 1 (PLK1)-targeting siRNAs were included as a positive control for cellular toxicity,
while RIG-I-, and MAVS-targeting siRNAs were included as positive controls for RIG-I
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pathway activity. RNAiMax and Non-treated indicate treatment of cells without siRNA transfection (non-transfected). This setup led to specific activation of RIG-I, as RIG-I or MAVS
siRNA transfection, but not MDA5 or scrambled siRNAs, resulted in loss of luciferase reporter
activity. (C,E) As an indication of cell viability upon siRNA transfection, the number of nuclei
per well (DAPI staining) was counted in screen 1 (C) or MTT activity was measured to assess
cellular activity in screen 2 (E). Only the death-control PLK1 severely reduced nuclei numbers.
(TIF)
S13 Fig. Analysis of RNAi screens 1 (A-D) and 2 (E-H) for validation of the candidate RLR
genes. See also Fig 2. (A,E) Q-Q plots (left) of the raw luciferase intensities against the quantiles of a theoretical normal distribution (plotted by RNAither [86]). Linearity suggests that the
raw data resemble a normal distribution. Boxplots (right) show the distributions of the raw
luciferase intensities for the positive controls (RIG-I and MAVS siRNAs; green), negative controls (non-transfected, scrambled, and MDA5 siRNAs; red), and RLR candidates (gray). (B,F)
Q-Q plots and boxplots of the normalized data, summarized over the replicate plates. Raw
luciferase intensities were normalized using a negative control-based robust Z-score and
summarized across replicate plates by taking the median Z-score (see Methods). Note that
the gray distributions in (A-B and E-F) include the death control PLK1, which always has a
luciferase signal close to zero. This causes some of the observed deviations from the normal distribution at the lower extremes, and causes the boxplots to lie a little lower than would be the
case without PLK1. (C,G) Z-score distributions. Dotted lines indicate Z-score cutoffs of -1.25
and 1.25. Dashed lines indicate stringent Z-score cutoffs of -2 and 2. Numbers to the right of
the plots indicate the number of candidate RLR genes scoring within the indicated Z-score
range. Knockdown of 94 genes of the 187 tested candidates (50%) affected RIG-I-mediated
IFNβ induction at Z-score <-1.25 or >1.25 in RNAi screen 1, of which 59 decreased and 35
increased IFNβ induction. The 57 top hits with stringent Z-score <-2 or >2 in screen 1 were
tested again in screen 2 using a different set of siRNAs (Fig 2A). (D,H) Z-score (left y-axis) versus cell count (nuclei staining, right y-axis in (D)) or cellular activity (measured by MTT essay,
right y-axis in (H)) distributions. Cell counts and MTT essay are presented as the percentage of
the median of the negative controls (non-transfected and scrambled wells). No correlation
exists between the effects of gene knockdown on the luciferase activity Z-score and cellular toxicity. All data points close to 0% cell counts or MTT are from the positive toxicity control
PLK1.
(TIF)
S14 Fig. No molecular signature solely explains the predictions of the experimentally validated hits. Distributions of the 187 candidate RLR genes selected for experimental validation,
across the 10 molecular signature data sets we identified as predictive of the RLR system (see
also Fig 1A). RLR candidates were grouped based on the results from RNAi screen 1: no hit
(gray), all hits from RNAi screen 1 (94 hits with Z-score <-1.25 or >1.25, dark purple), and
top hits from RNAi screen 1 (57 hits with Z-score <-2 or >2, purple) (see also Fig 2). Fractions
of genes in the same group add up to one. ‘NA’ bins represent genes for which there was no
data in the respective molecular signature (note that these bins did not receive a score in the
Bayesian integration, see Methods).
(TIF)
S1 Table. Likelihood scores for the 10 molecular signatures of RLR genes. Note that, to
avoid circularity, the predictive ability of the co-expression, protein domain and RLR pathway
PPI data sets was assessed using the set of TLR, CLR, NLR, cytDNA genes instead of the RLR
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genes (see Methods).
(XLSX)
S2 Table. List of the 128 viral miRNAs for which we obtained predicted target sites in
human mRNAs.
(XLSX)
S3 Table. Meta analysis of antiviral host factors from published RNAi screens.
(XLSX)
S4 Table. Enrichment analysis of protein domains occurring in RLR pathway components.
(XLSX)
S5 Table. Enrichment analysis of conserved IRF, AP–1, NFκB, and STAT TF binding
motifs in the promoters of RLR pathway genes.
(XLSX)
S6 Table. Genome-wide prioritization of RLR pathway components based on the integrated
RLR score. Also available at http://rlr.cmbi.umcn.nl/.
(XLSX)
S7 Table. Function enrichment analysis of the top 354 RLR predictions excluding known
RLR genes. Function enrichment (gene ontology, pathways, disease) was determined using the
functional annotation tool of the DAVID suite version 6.7 [88] with default settings and a false
discovery rate (q-value) of 0.01. In cases where multiple function terms form a cluster at
medium stringency according to the ‘Functional Annotation Clustering’ view, only the term
with the lowest q-value is shown for conciseness. Background: all human genes.
(XLSX)
S8 Table. Detailed results of the RNAi validation screens.
(XLSX)
S9 Table. Impact of the prior on the RLR score and false discovery rate.
(XLSX)

Acknowledgments
We thank John van Dam and other members of the Huynen lab for stimulating discussions,
and Pavel Čížek for assistance with the web page.

Author Contributions
Conceived and designed the experiments: RvdL QF MAL MGN ACA FJvK MAH. Performed
the experiments: RvdL QF MAL RtH. Analyzed the data: RvdL. Contributed reagents/materials/analysis tools: RS. Wrote the paper: RvdL QF MAL FJMvK MAH. Designed the study, analyzed the data, and wrote the manuscript: RvdL MAH. Planned and performed the large
majority of (computational) analyses, data mining, data analysis, and manuscript preparation:
RvdL. Designed, performed and interpreted the RNAi screening experiments, wrote the corresponding part of the manuscript and helped prepare the rest of the manuscript: QF MAL
FJMvK. Calculated viral miRNA targeting scores and contributed to the integration approach:
RtH. Calculated RLR co-expression and contributed to the integration approach: RS. Contributed to study design: MGN. Contributed the gene expression data and helped design the study:
ACA. Supervised the study: MAH.

PLOS Computational Biology | DOI:10.1371/journal.pcbi.1004553 October 20, 2015

30 / 35

Integrative Genomics of the RLR Pathway

References
1.

Wilkins C, Gale M. Recognition of viruses by cytoplasmic sensors. Curr Opin Immunol 2010; 22:41–7.
doi: 10.1016/j.coi.2009.12.003 PMID: 20061127

2.

Takeuchi O, Akira S. Pattern recognition receptors and inflammation. Cell 2010; 140:805–20. doi: 10.
1016/j.cell.2010.01.022 PMID: 20303872

3.

Goubau D, Deddouche S, Reis e Sousa C. Cytosolic sensing of viruses. Immunity 2013; 38:855–69.
doi: 10.1016/j.immuni.2013.05.007 PMID: 23706667

4.

Iwasaki A, Medzhitov R. Regulation of adaptive immunity by the innate immune system. Science
2010; 327:291–5. doi: 10.1126/science.1183021 PMID: 20075244

5.

Bowie AG, Unterholzner L. Viral evasion and subversion of pattern-recognition receptor signalling.
Nat. Rev. Immunol. 2008; 8:911–22. doi: 10.1038/nri2436 PMID: 18989317

6.

Feng Q, Langereis MA, van Kuppeveld FJM. Induction and suppression of innate antiviral responses
by picornaviruses. Cytokine Growth Factor Rev. 2014; 25:577–85. doi: 10.1016/j.cytogfr.2014.07.003
PMID: 25086453

7.

Versteeg GA, García-Sastre A. Viral tricks to grid-lock the type I interferon system. Curr. Opin. Microbiol. 2010; 13:508–16. doi: 10.1016/j.mib.2010.05.009 PMID: 20538505

8.

Kato H, Takeuchi O, Sato S, Yoneyama M, Yamamoto M, Matsui K, et al. Differential roles of MDA5
and RIG-I helicases in the recognition of RNA viruses. Nature 2006; 441:101–5. PMID: 16625202

9.

Kato H, Fujita T. Autoimmunity caused by constitutive activation of cytoplasmic viral RNA sensors.
Cytokine Growth Factor Rev. 2014; 25:739–43. doi: 10.1016/j.cytogfr.2014.08.003 PMID: 25193292

10.

Crow YJ. Type I interferonopathies: Mendelian type I interferon up-regulation. Curr Opin Immunol
2015; 32C:7–12.

11.

Friedel CC, Haas J. Virus-host interactomes and global models of virus-infected cells. Trends Microbiol. 2011; 19:501–8. doi: 10.1016/j.tim.2011.07.003 PMID: 21855347

12.

Li S, Wang L, Berman M, Kong Y-Y, Dorf ME. Mapping a dynamic innate immunity protein interaction
network regulating type I interferon production. Immunity 2011; 35:426–40. doi: 10.1016/j.immuni.
2011.06.014 PMID: 21903422

13.

Lee MN, Roy M, Ong S-E, Mertins P, Villani A-C, Li W, et al. Identification of regulators of the innate
immune response to cytosolic DNA and retroviral infection by an integrative approach. Nat. Immunol.
2013; 14:179–85. doi: 10.1038/ni.2509 PMID: 23263557

14.

Pulloor NK, Nair S, Kostic AD, Bist P, Weaver JD, Riley AM, et al. Human genome-wide RNAi screen
identifies an essential role for inositol pyrophosphates in Type-I interferon response. PLoS Pathog.
2014; 10:e1003981. doi: 10.1371/journal.ppat.1003981 PMID: 24586175

15.

Alper S, Laws R, Lackford B, Boyd WA, Dunlap P, Freedman JH, et al. Identification of innate immunity genes and pathways using a comparative genomics approach. Proc. Natl. Acad. Sci. U.S.A.
2008; 105:7016–21. doi: 10.1073/pnas.0802405105 PMID: 18463287

16.

Schoggins JW, Wilson SJ, Panis M, Murphy MY, Jones CT, Bieniasz P, et al. A diverse range of gene
products are effectors of the type I interferon antiviral response. Nature 2011; 472:481–5. doi: 10.
1038/nature09907 PMID: 21478870

17.

Versteeg GA, Rajsbaum R, Sánchez-Aparicio MT, Maestre AM, Valdiviezo J, Shi M, et al. The E3ligase TRIM family of proteins regulates signaling pathways triggered by innate immune pattern-recognition receptors. Immunity 2013; 38:384–98. doi: 10.1016/j.immuni.2012.11.013 PMID: 23438823

18.

Jansen R, Yu H, Greenbaum D, Kluger Y, Krogan NJ, Chung S, et al. A Bayesian networks approach
for predicting protein-protein interactions from genomic data. Science 2003; 302:449–53. PMID:
14564010

19.

Calvo S, Jain M, Xie X, Sheth SA, Chang B, Goldberger OA, et al. Systematic identification of human
mitochondrial disease genes through integrative genomics. Nat. Genet. 2006; 38:576–82. PMID:
16582907

20.

Tabach Y, Billi AC, Hayes GD, Newman MA, Zuk O, Gabel H, et al. Identification of small RNA pathway genes using patterns of phylogenetic conservation and divergence. Nature 2013; 493:694–8. doi:
10.1038/nature11779 PMID: 23364702

21.

Lynn DJ, Winsor GL, Chan C, Richard N, Laird MR, Barsky A, et al. InnateDB: facilitating systemslevel analyses of the mammalian innate immune response. Mol. Syst. Biol. 2008; 4:218. doi: 10.1038/
msb.2008.55 PMID: 18766178

22.

Daugherty MD, Malik HS. Rules of engagement: molecular insights from host-virus arms races. Annu.
Rev. Genet. 2012; 46:677–700. doi: 10.1146/annurev-genet-110711-155522 PMID: 23145935

PLOS Computational Biology | DOI:10.1371/journal.pcbi.1004553 October 20, 2015

31 / 35

Integrative Genomics of the RLR Pathway

23.

George RD, McVicker G, Diederich R, Ng SB, Mackenzie AP, Swanson WJ, et al. Trans genomic capture and sequencing of primate exomes reveals new targets of positive selection. Genome Res. 2011;
21:1686–94. doi: 10.1101/gr.121327.111 PMID: 21795384

24.

Patel MR, Loo Y- M, Horner SM, Gale M, Malik HS. Convergent evolution of escape from hepaciviral
antagonism in primates. PLoS Biol. 2012; 10:e1001282. doi: 10.1371/journal.pbio.1001282 PMID:
22427742

25.

Mandl JN, Barry AP, Vanderford TH, Kozyr N, Chavan R, Klucking S, et al. Divergent TLR7 and TLR9
signaling and type I interferon production distinguish pathogenic and nonpathogenic AIDS virus infections. Nat. Med. 2008; 14:1077–87. doi: 10.1038/nm.1871 PMID: 18806803

26.

Dyer MD, Murali TM, Sobral BW. The landscape of human proteins interacting with viruses and other
pathogens. PLoS Pathog. 2008; 4:e32. doi: 10.1371/journal.ppat.0040032 PMID: 18282095

27.

Elde NC, Child SJ, Geballe AP, Malik HS. Protein kinase R reveals an evolutionary model for defeating viral mimicry. Nature 2009; 457:485–9. doi: 10.1038/nature07529 PMID: 19043403

28.

Durmuş Tekir S, Çakır T, Ardiç E, Sayılırbaş AS, Konuk G, Konuk M, et al. PHISTO: pathogen-host
interaction search tool. Bioinformatics 2013; 29:1357–8. doi: 10.1093/bioinformatics/btt137 PMID:
23515528

29.

Skalsky RL, Cullen BR. Viruses, microRNAs, and host interactions. Annu. Rev. Microbiol. 2010;
64:123–41. doi: 10.1146/annurev.micro.112408.134243 PMID: 20477536

30.

Kim H, Park S, Min H, Yoon S. vHoT: a database for predicting interspecies interactions between viral
microRNA and host genomes. Arch. Virol. 2012; 157:497–501. doi: 10.1007/s00705-011-1181-y
PMID: 22160653

31.

Liang D, Gao Y, Lin X, He Z, Zhao Q, Deng Q, et al. A human herpesvirus miRNA attenuates interferon signaling and contributes to maintenance of viral latency by targeting IKKε. Cell Res. 2011;
21:793–806. doi: 10.1038/cr.2011.5 PMID: 21221132

32.

Baughman JM, Nilsson R, Gohil VM, Arlow DH, Gauhar Z, Mootha VK. A Computational Screen for
Regulators of Oxidative Phosphorylation Implicates SLIRP in Mitochondrial RNA Homeostasis. PLoS
Genet. 2009; 5:e1000590. doi: 10.1371/journal.pgen.1000590 PMID: 19680543

33.

Lindblad-Toh K, Garber M, Zuk O, Lin MF, Parker BJ, Washietl S, et al. A high-resolution map of
human evolutionary constraint using 29 mammals. Nature 2011; 478:476–82. doi: 10.1038/
nature10530 PMID: 21993624

34.

Gewurz BE, Towfic F, Mar JC, Shinners NP, Takasaki K, Zhao B, et al. Genome-wide siRNA screen
for mediators of NF-κB activation. Proc. Natl. Acad. Sci. U.S.A. 2012; 109:2467–72. doi: 10.1073/
pnas.1120542109 PMID: 22308454

35.

Wu J, Vallenius T, Ovaska K, Westermarck J, Mäkelä TP, Hautaniemi S. Integrated network analysis
platform for protein-protein interactions. Nat. Methods 2009; 6:75–7. doi: 10.1038/nmeth.1282 PMID:
19079255

36.

Sama IE, Huynen MA. Measuring the physical cohesiveness of proteins using physical interaction
enrichment. Bioinformatics 2010; 26:2737–43. doi: 10.1093/bioinformatics/btq474 PMID: 20798171

37.

Pichlmair A, Kandasamy K, Alvisi G, Mulhern O, Sacco R, Habjan M, et al. Viral immune modulators
perturb the human molecular network by common and unique strategies. Nature 2012; 487:486–90.
doi: 10.1038/nature11289 PMID: 22810585

38.

Smeekens SP, Ng A, Kumar V, Johnson MD, Plantinga TS, van Diemen C, et al. Functional genomics
identifies type I interferon pathway as central for host defense against Candida albicans. Nat Commun
2013; 4:1342. doi: 10.1038/ncomms2343 PMID: 23299892

39.

Jaeger M, van der Lee R, Cheng SC, Johnson MD, Kumar V, Ng A, et al. The RIG-I-like helicase
receptor MDA5 (IFIH1) is involved in the host defense against Candida infections. Eur. J. Clin. Microbiol. Infect. Dis. 2015; 34:963–74. doi: 10.1007/s10096-014-2309-2 PMID: 25579795 (http://www.
ncbi.nlm.nih.gov/pubmed/25579795)

40.

Feng Q, Langereis MA, Olagnier D, Chiang C, van de Winkel R, van Essen P, et al. Coxsackievirus
cloverleaf RNA containing a 5' triphosphate triggers an antiviral response via RIG-I activation. PLoS
ONE 2014; 9:e95927. doi: 10.1371/journal.pone.0095927 PMID: 24759703

41.

Gardy JL, Lynn DJ, Brinkman FSL, Hancock REW. Enabling a systems biology approach to immunology: focus on innate immunity. Trends Immunol. 2009; 30:249–62. doi: 10.1016/j.it.2009.03.009
PMID: 19428301

42.

Onomoto K, Jogi M, Yoo J-S, Narita R, Morimoto S, Takemura A, et al. Critical role of an antiviral
stress granule containing RIG-I and PKR in viral detection and innate immunity. PLoS ONE 2012; 7:
e43031. doi: 10.1371/journal.pone.0043031 PMID: 22912779

PLOS Computational Biology | DOI:10.1371/journal.pcbi.1004553 October 20, 2015

32 / 35

Integrative Genomics of the RLR Pathway

43.

Zhou Z, Jia X, Xue Q, Dou Z, Ma Y, Zhao Z, et al. TRIM14 is a mitochondrial adaptor that facilitates retinoic acid-inducible gene-I-like receptor-mediated innate immune response. Proc. Natl. Acad. Sci. U.
S.A. 2014; 111:E245–54. doi: 10.1073/pnas.1316941111 PMID: 24379373

44.

Ng CS, Jogi M, Yoo J-S, Onomoto K, Koike S, Iwasaki T, et al. Encephalomyocarditis virus disrupts
stress granules, the critical platform for triggering antiviral innate immune responses. J. Virol. 2013;
87:9511–22. doi: 10.1128/JVI.03248-12 PMID: 23785203

45.

Bijlmakers M-J, Kanneganti SK, Barker JN, Trembath RC, Capon F. Functional analysis of the
RNF114 psoriasis susceptibility gene implicates innate immune responses to double-stranded RNA
in disease pathogenesis. Hum. Mol. Genet. 2011; 20:3129–37. doi: 10.1093/hmg/ddr215 PMID:
21571784

46.

Panda D, Gold B, Tartell MA, Rausch K, Casas-Tinto S, Cherry S. The transcription factor FoxK participates with Nup98 to regulate antiviral gene expression. MBio 2015; 6. doi: 10.1128/mBio.02509-14
PMID: 25852164

47.

Moy RH, Cole BS, Yasunaga A, Gold B, Shankarling G, Varble A, et al. Stem-loop recognition by
DDX17 facilitates miRNA processing and antiviral defense. Cell 2014; 158:764–77. doi: 10.1016/j.
cell.2014.06.023 PMID: 25126784

48.

Ingham RJ, Colwill K, Howard C, Dettwiler S, Lim CSH, Yu J, et al. WW domains provide a platform
for the assembly of multiprotein networks. Mol. Cell. Biol. 2005; 25:7092–106. PMID: 16055720

49.

Saitoh T, Tun-Kyi A, Ryo A, Yamamoto M, Finn G, Fujita T, et al. Negative regulation of interferon-regulatory factor 3-dependent innate antiviral response by the prolyl isomerase Pin1. Nat. Immunol.
2006; 7:598–605. PMID: 16699525

50.

Zhao C, Denison C, Huibregtse JM, Gygi S, Krug RM. Human ISG15 conjugation targets both IFNinduced and constitutively expressed proteins functioning in diverse cellular pathways. Proc. Natl.
Acad. Sci. U.S.A. 2005; 102:10200–5. PMID: 16009940

51.

van der Lee R, Buljan M, Lang B, Weatheritt RJ, Daughdrill GW, Dunker AK, et al. Classification of
Intrinsically Disordered Regions and Proteins. Chem. Rev. 2014; 114:6589–631. doi: 10.1021/
cr400525m PMID: 24773235

52.

Wang X, Zhang S, Zhang J, Huang X, Xu C, Wang W, et al. A large intrinsically disordered region in
SKIP and its disorder-order transition induced by PPIL1 binding revealed by NMR. J. Biol. Chem.
2010; 285:4951–63. doi: 10.1074/jbc.M109.087528 PMID: 20007319

53.

Llères D, Denegri M, Biggiogera M, Ajuh P, Lamond AI. Direct interaction between hnRNP-M and
CDC5L/PLRG1 proteins affects alternative splice site choice. EMBO Rep. 2010; 11:445–51. doi: 10.
1038/embor.2010.64 PMID: 20467437

54.

Chatr-aryamontri A, Breitkreutz B-J, Oughtred R, Boucher L, Heinicke S, Chen D, et al. The BioGRID
interaction database: 2015 update. Nucleic Acids Res. 2015; 43:D470–8. doi: 10.1093/nar/gku1204
PMID: 25428363

55.

Ravasi T, Suzuki H, Cannistraci CV, Katayama S, Bajic VB, Tan K, et al. An atlas of combinatorial
transcriptional regulation in mouse and man. Cell 2010; 140:744–52. doi: 10.1016/j.cell.2010.01.044
PMID: 20211142

56.

Zhao T, Yang L, Sun Q, Arguello M, Ballard DW, Hiscott J, et al. The NEMO adaptor bridges the
nuclear factor-kappaB and interferon regulatory factor signaling pathways. Nat. Immunol. 2007;
8:592–600. PMID: 17468758

57.

UniProt Consortium. Activities at the Universal Protein Resource (UniProt). Nucleic Acids Res. 2014;
42:D191–8. doi: 10.1093/nar/gkt1140 PMID: 24253303

58.

Driscoll T, Dyer MD, Murali TM, Sobral BW. PIG–-the pathogen interaction gateway. Nucleic Acids
Res. 2009; 37:D647–50. doi: 10.1093/nar/gkn799 PMID: 18984614

59.

Kumar R, Nanduri B. HPIDB–-a unified resource for host-pathogen interactions. BMC Bioinformatics
2010; 11 Suppl 6:S16. doi: 10.1186/1471-2105-11-S6-S16 PMID: 20946599

60.

Navratil V, de Chassey B, Meyniel L, Delmotte S, Gautier C, André P, et al. VirHostNet: a knowledge
base for the management and the analysis of proteome-wide virus-host interaction networks. Nucleic
Acids Res. 2009; 37:D661–8. doi: 10.1093/nar/gkn794 PMID: 18984613

61.

Chatr-aryamontri A, Ceol A, Peluso D, Nardozza A, Panni S, Sacco F, et al. VirusMINT: a viral protein
interaction database. Nucleic Acids Res. 2009; 37:D669–73. doi: 10.1093/nar/gkn739 PMID:
18974184

62.

van Diepen A, Brand HK, Sama I, Lambooy LHJ, van den Heuvel LP, van der Well L, et al. Quantitative proteome profiling of respiratory virus-infected lung epithelial cells. J Proteomics 2010; 73:1680–
93. doi: 10.1016/j.jprot.2010.04.008 PMID: 20470912

PLOS Computational Biology | DOI:10.1371/journal.pcbi.1004553 October 20, 2015

33 / 35

Integrative Genomics of the RLR Pathway

63.

Huber W, Heydebreck von A, Sültmann H, Poustka A, Vingron M. Variance stabilization applied to
microarray data calibration and to the quantification of differential expression. Bioinformatics 2002; 18
Suppl 1:S96–104. PMID: 12169536

64.

Ritchie ME, Phipson B, Wu D, Hu Y, Law CW, Shi W, et al. limma powers differential expression analyses for RNA-sequencing and microarray studies. Nucleic Acids Res. 2015; 43:e47. doi: 10.1093/nar/
gkv007 PMID: 25605792

65.

Barrett T, Wilhite SE, Ledoux P, Evangelista C, Kim IF, Tomashevsky M, et al. NCBI GEO: archive for
functional genomics data sets–-update. Nucleic Acids Res. 2013; 41:D991–5. doi: 10.1093/nar/
gks1193 PMID: 23193258

66.

Finn RD, Bateman A, Clements J, Coggill P, Eberhardt RY, Eddy SR, et al. Pfam: the protein families
database. Nucleic Acids Res. 2014; 42:D222–30. doi: 10.1093/nar/gkt1223 PMID: 24288371

67.

Kheradpour P, Stark A, Roy S, Kellis M. Reliable prediction of regulator targets using 12 Drosophila
genomes. Genome Res. 2007; 17:1919–31. PMID: 17989251

68.

van der Lee R, Szklarczyk R, Smeitink J, Smeets HJM, Huynen MA, Vogel R. Transcriptome analysis
of complex I-deficient patients reveals distinct expression programs for subunits and assembly factors
of the oxidative phosphorylation system. BMC Genomics 2015; 16:691. doi: 10.1186/s12864-0151883-8 PMID: 26369791

69.

Kanehisa M, Goto S. KEGG: kyoto encyclopedia of genes and genomes. Nucleic Acids Res. 2000;
28:27–30. PMID: 10592173

70.

Zhu J, He F, Song S, Wang J, Yu J. How many human genes can be defined as housekeeping with
current expression data? BMC Genomics 2008; 9:172. doi: 10.1186/1471-2164-9-172 PMID:
18416810

71.

Tu Z, Wang L, Xu M, Zhou X, Chen T, Sun F. Further understanding human disease genes by comparing with housekeeping genes and other genes. BMC Genomics 2006; 7:31. PMID: 16504025

72.

Dezso Z, Nikolsky Y, Sviridov E, Shi W, Serebriyskaya T, Dosymbekov D, et al. A comprehensive
functional analysis of tissue specificity of human gene expression. BMC Biol. 2008; 6:49. doi: 10.
1186/1741-7007-6-49 PMID: 19014478

73.

She X, Rohl CA, Castle JC, Kulkarni AV, Johnson JM, Chen R. Definition, conservation and epigenetics of housekeeping and tissue-enriched genes. BMC Genomics 2009; 10:269. doi: 10.1186/14712164-10-269 PMID: 19534766

74.

Chang C-W, Cheng W-C, Chen C-R, Shu W-Y, Tsai M-L, Huang C-L, et al. Identification of human
housekeeping genes and tissue-selective genes by microarray meta-analysis. PLoS ONE 2011; 6:
e22859. doi: 10.1371/journal.pone.0022859 PMID: 21818400

75.

Nakao A, Yoshihama M, Kenmochi N. RPG: the Ribosomal Protein Gene database. Nucleic Acids
Res. 2004; 32:D168–70. PMID: 14681386

76.

Ren Q, Chen K, Paulsen IT. TransportDB: a comprehensive database resource for cytoplasmic membrane transport systems and outer membrane channels. Nucleic Acids Res. 2007; 35:D274–9. PMID:
17135193

77.

Barrell D, Dimmer E, Huntley RP, Binns D, O'Donovan C, Apweiler R. The GOA database in 2009—
an integrated Gene Ontology Annotation resource. Nucleic Acids Res. 2009; 37:D396–403. doi: 10.
1093/nar/gkn803 PMID: 18957448

78.

Geijtenbeek TBH, Gringhuis SI. Signalling through C-type lectin receptors: shaping immune
responses. Nat. Rev. Immunol. 2009; 9:465–79. doi: 10.1038/nri2569 PMID: 19521399

79.

Hayman A, Comely S, Lackenby A, Hartgroves LCS, Goodbourn S, McCauley JW, et al. NS1 proteins
of avian influenza A viruses can act as antagonists of the human alpha/beta interferon response. J.
Virol. 2007; 81:2318–27. PMID: 17182679

80.

Boutros M, Brás LP, Huber W. Analysis of cell-based RNAi screens. Genome Biol. 2006; 7:R66.
PMID: 16869968

81.

Birmingham A, Selfors LM, Forster T, Wrobel D, Kennedy CJ, Shanks E, et al. Statistical methods for
analysis of high-throughput RNA interference screens. Nat. Methods 2009; 6:569–75. doi: 10.1038/
nmeth.1351 PMID: 19644458

82.

Feng Q, Hato SV, Langereis MA, Zoll J, Virgen-Slane R, Peisley A, et al. MDA5 detects the doublestranded RNA replicative form in picornavirus-infected cells. Cell Rep 2012; 2:1187–96. doi: 10.1016/
j.celrep.2012.10.005 PMID: 23142662

83.

R Core Team. R: A language and environment for statistical computing. R Foundation for Statistical
Computing, Vienna, Austria. http://www.R-project.org/. 2014;

84.

Warnes GR, Bolker B, Bonebakker L, Gentleman R, Liaw WHA, Lumley T, et al. gplots: Various R programming tools for plotting data. [Internet]. 2014. Available from: http://CRAN.R-project.org/package=
gplots

PLOS Computational Biology | DOI:10.1371/journal.pcbi.1004553 October 20, 2015

34 / 35

Integrative Genomics of the RLR Pathway

85.

Sing T, Sander O, Beerenwinkel N, Lengauer T. ROCR: visualizing classifier performance in R. Bioinformatics 2005; 21:3940–1. PMID: 16096348

86.

Rieber N, Knapp B, Eils R, Kaderali L. RNAither, an automated pipeline for the statistical analysis of
high-throughput RNAi screens. Bioinformatics 2009; 25:678–9. doi: 10.1093/bioinformatics/btp014
PMID: 19168909

87.

Lynn DJ, Chan C, Naseer M, Yau M, Lo R, Sribnaia A, et al. Curating the innate immunity interactome.
BMC Syst Biol 2010; 4:117. doi: 10.1186/1752-0509-4-117 PMID: 20727158

88.

Huang DW, Sherman BT, Lempicki RA. Systematic and integrative analysis of large gene lists using
DAVID bioinformatics resources. Nat Protoc 2009; 4:44–57. doi: 10.1038/nprot.2008.211 PMID:
19131956

89.

Bindea G, Mlecnik B, Hackl H, Charoentong P, Tosolini M, Kirilovsky A, et al. ClueGO: a Cytoscape
plug-in to decipher functionally grouped gene ontology and pathway annotation networks. Bioinformatics 2009; 25:1091–3. doi: 10.1093/bioinformatics/btp101 PMID: 19237447

90.

Croft D, O'Kelly G, Wu G, Haw R, Gillespie M, Matthews L, et al. Reactome: a database of reactions,
pathways and biological processes. Nucleic Acids Res. 2011; 39:D691–7. doi: 10.1093/nar/gkq1018
PMID: 21067998

91.

Schoggins JW, Rice CM. Interferon-stimulated genes and their antiviral effector functions. Curr Opin
Virol 2011; 1:519–25. doi: 10.1016/j.coviro.2011.10.008 PMID: 22328912

92.

Jenner RG, Young RA. Insights into host responses against pathogens from transcriptional profiling.
Nat. Rev. Microbiol. 2005; 3:281–94. PMID: 15806094

93.

Sun Z, Ren H, Liu Y, Teeling JL, Gu J. Phosphorylation of RIG-I by casein kinase II inhibits its antiviral
response. J. Virol. 2011; 85:1036–47. doi: 10.1128/JVI.01734-10 PMID: 21068236

94.

Zhao W, Wang L, Zhang M, Wang P, Yuan C, Qi J, et al. Tripartite motif-containing protein 38 negatively regulates TLR3/4- and RIG-I-mediated IFN-β production and antiviral response by targeting
NAP1. J. Immunol. 2012; 188:5311–8. doi: 10.4049/jimmunol.1103506 PMID: 22539786

95.

Charoenthongtrakul S, Gao L, Parvatiyar K, Lee D, Harhaj EW. RING finger protein 11 targets TBK1/
IKKi kinases to inhibit antiviral signaling. PLoS ONE 2013; 8:e53717. doi: 10.1371/journal.pone.
0053717 PMID: 23308279

96.

Qing J, Liu C, Choy L, Wu R- Y, Pagano JS, Derynck R. Transforming growth factor beta/Smad3 signaling regulates IRF–7 function and transcriptional activation of the beta interferon promoter. Mol.
Cell. Biol. 2004; 24:1411–25. PMID: 14729983

97.

Zeng W, Sun L, Jiang X, Chen X, Hou F, Adhikari A, et al. Reconstitution of the RIG-I pathway reveals
a signaling role of unanchored polyubiquitin chains in innate immunity. Cell 2010; 141:315–30. doi:
10.1016/j.cell.2010.03.029 PMID: 20403326

98.

Nousiainen L, Sillanpää M, Jiang M, Thompson J, Taipale J, Julkunen I. Human kinome analysis
reveals novel kinases contributing to virus infection and retinoic-acid inducible gene I-induced type I
and type III IFN gene expression. Innate Immun 2013; 19:516–30. doi: 10.1177/1753425912473345
PMID: 23405030

99.

Mi Z, Fu J, Xiong Y, Tang H. SUMOylation of RIG-I positively regulates the type I interferon signaling.
Protein Cell 2010; 1:275–83. doi: 10.1007/s13238-010-0030-1 PMID: 21203974

100.

Fu J, Xiong Y, Xu Y, Cheng G, Tang H. MDA5 is SUMOylated by PIAS2β in the upregulation of type I
interferon signaling. Mol Immunol 2011; 48:415–22. doi: 10.1016/j.molimm.2010.09.003 PMID:
21156324

101.

Kubota T, Matsuoka M, Chang T-H, Tailor P, Sasaki T, Tashiro M, et al. Virus infection triggers
SUMOylation of IRF3 and IRF7, leading to the negative regulation of type I interferon gene expression. J. Biol. Chem. 2008; 283:25660–70. doi: 10.1074/jbc.M804479200 PMID: 18635538

102.

Clavarino G, Cláudio N, Couderc T, Dalet A, Judith D, Camosseto V, et al. Induction of GADD34 is
necessary for dsRNA-dependent interferon-β production and participates in the control of Chikungunya virus infection. PLoS Pathog. 2012; 8:e1002708. doi: 10.1371/journal.ppat.1002708 PMID:
22615568

103.

Miyashita M, Oshiumi H, Matsumoto M, Seya T. DDX60, a DEXD/H box helicase, is a novel antiviral
factor promoting RIG-I-like receptor-mediated signaling. Mol. Cell. Biol. 2011; 31:3802–19. doi: 10.
1128/MCB.01368-10 PMID: 21791617

PLOS Computational Biology | DOI:10.1371/journal.pcbi.1004553 October 20, 2015

35 / 35

