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Abstract

Crohn’s disease and ulcerative colitis are driven by both common and distinct underlying
mechanisms of pathobiology. Both diseases, exhibit heterogeneity underscored by the vari-
able clinical responses to therapeutic interventions.

We aimed to identify disease-driving pathways and classify individuals into subpopula-
tions that differ in their pathobiology and response to treatment.

We applied hierarchical clustering of enrichment scores derived from gene set variation
analysis of signatures representative of various immunological processes and activated cell
types, to a colonic biopsy dataset that included healthy volunteers, Crohn’s disease and
ulcerative colitis patients. Patient stratification at baseline or after anti-TNF treatment in clini-
cal responders and non-responders was queried. Signatures with significantly different
enrichment scores were identified using a general linear model. Comparisons to healthy
controls were made at baseline in all participants and then separately in responders and
non-responders. Fifty-nine percent of the signatures were commonly enriched in both condi-
tions at baseline, supporting the notion of a disease continuum within ulcerative colitis and
Crohn’s disease. Signatures included T cells, macrophages, neutrophil activation and poly:
IC signatures, representing acute inflammation and a complex mix of potential disease-
driving biology. Collectively, identification of significantly enriched signatures allowed estab-
lishment of an inflammatory bowel disease molecular activity score which uses biopsy
transcriptomics as a surrogate marker to accurately track disease severity. This score sepa-
rated diseased from healthy samples, enabled discrimination of clinical responders and
non-responders at baseline with 100% specificity and 78.8% sensitivity, and was validated
in an independent data set that showed comparable classification. Comparing responders
and non-responders separately at baseline to controls, 43% and 70% of signatures were
enriched, respectively, suggesting greater molecular dysregulation in TNF non-responders
at baseline. This methodological approach could facilitate better targeted design of clinical

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi. 1006951

April 30, 2019 1/23


http://orcid.org/0000-0001-9435-6064
http://orcid.org/0000-0002-4724-848X
http://orcid.org/0000-0002-8609-118X
http://orcid.org/0000-0001-9741-9067
http://orcid.org/0000-0002-3075-2161
http://orcid.org/0000-0001-9233-1664
https://doi.org/10.1371/journal.pcbi.1006951
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pcbi.1006951&domain=pdf&date_stamp=2019-05-10
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pcbi.1006951&domain=pdf&date_stamp=2019-05-10
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pcbi.1006951&domain=pdf&date_stamp=2019-05-10
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pcbi.1006951&domain=pdf&date_stamp=2019-05-10
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pcbi.1006951&domain=pdf&date_stamp=2019-05-10
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pcbi.1006951&domain=pdf&date_stamp=2019-05-10
https://doi.org/10.1371/journal.pcbi.1006951
https://doi.org/10.1371/journal.pcbi.1006951
http://creativecommons.org/licenses/by/4.0/
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE16879
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE16879
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE23597
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE23597

O PLOS

COMPUTATIONAL

BIOLOGY

I_MDS: an inflammatory bowel disease score predictive of response to anti-TNF treatment

Competing interests: S.P., C.M.,M.J.L,P.B,AR,,
and F.B. are employees of Janssen R&D and

shareholders of Johnson and Johnson. The
remaining authors have declared that no

competing interests exist.

studies to test therapeutics, concentrating on patient subsets sharing similar underlying
pathobiology, therefore increasing the likelihood of clinical response.

Author summary

Patients exhibiting similar phenotypical characteristics, diagnosed with the same disease,
exhibit variable response to therapeutics. This is a major health care issue, due to the
increased patient suffering and the socioeconomical burden that occurs. Crohn’s disease
and ulcerative colitis constitute good examples of inflammatory conditions, with sufferers
responding differentially to existent therapeutics. Here, we identified disease-driving
pathways and classified individuals into subpopulations that differ in their pathobiology
and response to treatment. We utilized gene set variation analysis and transcriptomic data
from inflammatory bowel disease sufferers to stratify patients at baseline or after anti-
TNF treatment in clinical responders and non-responders. We explored gene signatures
obtained from the literature, relevant to immune processes, which were significantly
enriched in disease compared to healthy controls, as well as before and after treatment.
Using these signatures, we established an inflammatory bowel disease molecular activity
score, which allowed us to separate clinical responders and non-responders at baseline
with high specificity and sensitivity. We validated the proposed approach in an indepen-
dent data set, demonstrating comparable classification. This methodological approach
may lead to better targeted design of clinical studies, allowing the selection of patient shar-
ing similar underlying pathobiology, thus increasing the likelihood of clinical response to
treatment.

Introduction

Inflammatory bowel disease (IBD) is a phenotypically and molecularly heterogeneous condi-
tion characterized by chronic inflammation of the gut [1, 2, 3, 4]. IBD patients unable to find
effective therapy, experience an extremely poor quality of life and can progress to surgical
removal of affected tissues [1, 3]. While controlling inflammation with relevant therapeutics
has been shown to improve quality of life and clinical outcomes [5, 6], biomarkers to guide the
choice of therapeutics are currently limited to CRP and fecal calprotectin, and patients must
often be treated for an extended period to determine if the chosen drug is efficacious [7]. Con-
sidering the size of phase 2 and phase 3 studies in IBD and the increasingly routine inclusion
of biomarker collections it might seem surprising that biomarkers for clinical response have
not been identified. However, availability of data is not the main issue hampering personalized
medicine in IBD. Personalized medicine, especially in Crohn’s disease (CD), is challenged by
the lack of accuracy in defining a responsive phenotype and lack of agreement in the field on
the types of molecular features that should be used to predict patient response [8, 9].

One of the most critical issues hampering identification of biomarkers for clinical response
is the definition of a responder phenotype. Traditionally, CD and UC disease activity scores
are based on patient reported outcomes, physician assessments, and, endoscopic assessment
[1, 3]. While these endpoints are sufficiently accurate to assess efficacy of candidate therapeu-
tics in clinical trials, they require relatively large numbers of subjects in each arm to account
for variability. While there is likely bona fide variation in disease severity, the underlying
molecular dysregulation remains unknown given that spontaneous and permanent remission
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is extremely rare. This variability in disease severity that does not correlate with the underlying
molecular disease, challenges identification of biomarkers to guide treatment decisions
because identification of these biomarkers is predicated on a well-defined and accurate
response phenotype. In other words, all responders, post-treatment should be those that
improved due to the specific mechanism of action of the drug. Introduction of even a small
number of subjects who did not truly respond to the drug into the responder group will force
computational methods to attempt to find biomarkers that apply to both bona fide and errone-
ous responders, alike. This will result in a reduced ability to identify the best biomarkers. In
addition, responders and non-responders incorrectly identified clinically will falsely reduce
sensitivity and specificity of a good biomarker because even a perfect biomarker will not agree
with an erroneous clinical responder classification. Thus, the issues of defining response and
identifying biomarkers for personalized medicine are inexorably linked.

Even with a perfect response phenotype there remains the challenge of identifying the cor-
rect tissue and the correct type of molecular data for biomarker identification. The main candi-
dates have historically been gut tissue, the periphery, and genetics 10, 11, 12, 13, 14]. Gut
tissue is attractive because this is the site of disease, however, many drugs are administered sys-
temically so it is unclear to what degree gut tissue contains information regarding the capabil-
ity of the individual to respond. The opposite argument can be made for the periphery.
Indeed, it is easier to sample and captures the systemic state of the individual, while it may
however not efficiently store information regarding the local state of the gut. Lastly, genetics,
especially genome-wide approaches, presents the challenge of having enough individuals to
identify associations [15]. In general, genetic associations with phenotypes in IBD have been
weak compared to other diseases, though there are some hints that this approach may be fruit-
ful [16, 17].

To address these challenges to personalized medicine in IBD we made several assumptions
in the present work: 1) the response phenotype must be determined as accurately as possible;
2) the site of disease must contain information regarding the response potential of the individ-
ual and 3) both pre- and post-treatment samples are necessary to establish the molecular
impact of the drug and in doing so evaluate the accuracy of the response phenotype. Thus, we
used an established IBD dataset with rigorous response phenotype definitions to test an
approach to capturing the molecular severity of disease [18]. Our results suggest that disease
severity can be accurately tracked using biopsy transcriptomics in a manner that may support
reducing the size of clinical trials designed to test the efficacy of therapeutics. Furthermore,
our results suggest that response to anti-TNF may be related to the degree to which subjects
are molecularly inflamed when the drug is administered. While it is widely assumed that activ-
ity of the TNF pathway would indicate those more likely to respond to anti-TNF therapy (we
assume thanks to the evolution of personalized medicine in oncology) [19, 20], our results sug-
gest the opposite conclusion. Specifically, that subjects with elevated activity of a particular
pathway are less likely to respond to inhibition of that pathway. We hypothesize that this is
due to pharmacological limitations in those patients such that drug levels cannot be increased
to the point where signaling through the pathway is reduced sufficiently for clinical response.

Materials and methods
Gene signature collection

A collection of gene signatures was assembled from publications presenting results of microar-
ray experiments relevant to immune system processes and responses. In general, these signa-
tures include immune cell gene expression profiles from healthy and disease groups and gene
expression changes in response to inflammatory modulators, such as cytokines and drugs. S1
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Table provides an overview of the assembled gene signature collection while S2 Table reports
the genes included in each signature. Gene signatures published in the original manuscripts
were incorporated into our collection as presented by the authors. For other signatures in our
collection, which were not presented in the original manuscript, differential gene expression
analysis was performed using general linear modeling (GLM) of the published microarray
datasets. Gene signatures were split into up- and down-regulated genes relative to control and
sets of less than 5 genes were discarded. HGNChelper R package was used to automatically
update outdated gene symbols [21]. The naming of signatures was based on the following
approach: the tissue or cell type, followed by the experimental condition, organism, experi-
mental setting (i.e. in vivo (IVV), in vitro (IVS) or ex vivo (EXV) stimulation), followed by the
direction of expression (up or down). The signatures are listed in order of their acquisition (S1
and S2 Tables).

When comparing all gene lists from the 103 gene signatures to identify possible gene over-
laps, we found that only 0.5% (28 of the 5253) of pairwise signature comparisons showed an
overlap of 20% or more genes. Thus, these gene signatures predominantly represent lists of
genes that are distinct from each other.

Gene set variation analysis (GSVA)

GSVA was run using the R Bioconductor GSVA package [22]. Enrichment scores (ES) for
gene expression data corresponding to Crohn’s disease (CD) and Ulcerative colitis (UC)
((GEO), GSE16879, [18]) were subjected to statistical analysis with the Array Studio software
(Omicsoft Corp., Research Triangle Park, NC, USA). A GLM was applied to compare enrich-
ment scores between groups. Reported values of significance (p) were adjusted with the Benja-
mini-Hochberg False Discovery Rate (FDR-BH) procedure [23].

Gene signatures ES were significantly different between two groups if the difference in
means of the ES was at least 0.2 and the significance as measured by a t-test was less than or
equal to 0.05.

Visualization of the distribution of ES was performed with the ggplot2 R package [24]. ES
were subjected to hierarchical clustering and visualization utilizing the Euclidian distance met-
ric and the Bioconductor ggplots R package [25].

Analysis workflow

Fig 1 describes the workflow used to analyse the disease data sets using the assembled signature
collection. An ES matrix was generated using GVSA applied to the data sets using the gener-
ated signature collection. GLM analysis was used to select significantly enriched signatures at
baseline when comparing disease groups to NHV common to both diseases. The ES of these
signatures were hierarchically clustered, and the ES for each of these signatures summed to
build a molecular disease severity score. The molecular disease severity score was used to con-
struct classification models using a GLM. For differential gene expression analysis, we defined
a fold change of 2 and a falls discovery rate of 5% (FDR<0.05) as thresholds, using the entire
gene expression platform. Following these criteria, 103 signatures were generated totaling
4322 unique genes. For the I_MSD score, 58 signatures consisting of 3055 unique genes were
used.

Ethics statement

For GSE16879: The study was carried out at the University Hospital of Gasthuisberg in Leuven
(ClinicalTrials.gov number, NCT00639821). The ethics committee of the University Hospital
approved the study and all individuals gave written informed consent. For GSE23597: The
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Fig 1. Workflow chart used to identify patient level disease driving biology. Disease related gene expression data representing the
differential between either diseased to healthy or pretreated to post-treated samples for either CD or UC were assembled. Also
assembled was a gene expression signature library representing various pathways or cell types. Gene set variation analysis (GSVA)
was then applied to generate an enrichment score (ES) matrix in each disease which then underwent general linear model-based
clustering to enable interpretation.

https://doi.org/10.1371/journal.pcbi.1006951.g001

multicenter, randomized, double-blind, placebo-controlled ACT-1 (Clinical Trials.gov num-
ber, NCT00036439) was conducted globally at 62 (ACT-1) sites between March 2002 and
March 2005. The Institutional Review Board or Ethics Committee at each site approved the
protocols.

Results
Generation of the gene signature library

Previous analyses of transcriptomic data of biopsies taken from subjects with IBD has generally
relied on the analysis of individual genes [18, 26, 27, 28]. Here, we sought to take a different
approach and analyze previously published IBD data using gene expression signatures. Use of
these signatures reduces the complexity of a gene expression dataset from over 50 thousand
probe sets to 103 defined units of biology represented by each signature. The gene signature
library we assembled from GEO datasets representing various pathways or cell types (S1 and
S2 Tables) covering a broad range of immunological processes that could quantify IBD disease
biology. These gene signatures can be used to explore patient stratification and biomarkers of
disease severity with the GSVA algorithm which computes enrichment scores for each sample
and each gene signature. This enrichment score is an estimate of the relative degree to which a
sample expresses the genes in a given signature.

Disease related gene expression and signature library data

Transcriptional data from IBD tissue was available through the gene expression omnibus
(GEO) dataset GSE16879 from Crohn’s disease (CD) and ulcerative colitis (UC) [18]. This
data set was chosen because it represented enough numbers of patients to assess patient strati-
fication and it included patient data before and after a therapeutic intervention (anti-TNF
therapy), yielding clinical responders (R) and non-responders (NR). In addition, the patients
are clinically characterized in detail and criteria for identifying responders and non-respond-
ers well documented [18].

Enriched signatures in Crohn’s disease and ulcerative colitis at baseline

We first assessed which gene signatures showed higher enrichment in each disease by compar-
ing baseline enrichment scores for UC and CD samples to healthy controls (Figs 2 and S1).
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Fig 2. Differential signatures in Crohn’s disease and ulcerative colitis across various patient group comparisons. Venn
diagrams of upregulated signatures significantly enriched using a general linear model analysis on GSVA ES comparing at baseline
(BL) either all (A) or clinical responder (R) (B) or clinical non-responder (NR) (C) participant samples in CD and UC to healthy
volunteers. Also shown are the results comparing R vs NR at BL (D), post-treatment (PT) vs BL in R (E) and NR (F) respectively.
In A, Band C, and in D, E and F the number of signatures positively and negatively enriched are listed respectively.

https://doi.org/10.1371/journal.pchi.1006951.g002

Signatures identified in this manner represent biological processes that may be dysregulated in
disease. This analysis identified 59 signatures in CD and 67 signatures in UC that differed
from healthy. 58 of those signatures overlapped between the two lists, suggesting that despite
the clinical differences between the two diseases, biological processes in diseased tissues for
CD and UC are highly concordant. This signature-based approach allows for the possibility
that while different genes may be involved in specific immunological processes between the
two diseases, the immunological processes themselves may be conserved. Notably, all 43 signa-
tures that showed higher enrichment in CD responders, at baseline, compared to the healthy
volunteers, were contained within the aforementioned 58 signatures.

The biology implicated by the 58 signatures shared between CD and UC was diverse. These
signatures were derived from activated T cells, monocytes, macrophages and neutrophils but
also from mouse lungs upon either poly IC or bleomycin treatment (S3 Table). Generally,
many signatures represented acute inflammatory processes. Of note, several signatures derived
from asthma samples from the lungs were also enriched (S3 Table) highlighting conserved dis-
ease mechanisms across various inflammatory diseases.

Next, we used our gene signature approach to explore whether our gene signatures changed
with anti-TNF treatment. We first stratified our population based on whether or not a clinical
response was achieved post-treatment as this factor may influence the observed molecular
changes. Interestingly, in the R population, a total of 40 gene signatures for CD and 38 gene
signatures for UC were found to be significantly down-regulated with anti-TNF treatment
between baseline and post-treatment. All 38 UC gene signatures were part of the 40 CD down-
regulated signatures, suggesting that clinical benefit is associated with resolution of the same
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types of gene signatures for both diseases. This is consistent with our earlier observation that
the same gene signatures also seem to be present at baseline in both diseases (Fig 1A). Indeed,
the signatures that changed in the R population were a subset of those that were differentially
enriched at baseline compared to healthy (S3 Table). Finally, the NR population had no signifi-
cant molecular changes with our approach. Altogether these results suggested that clinical ben-
efit may be coupled to molecular changes related to the same molecular dysregulation seen at
baseline. Furthermore, this molecular dysregulation is highly conserved between CD and UC
(S3 Table). Our approach appears to preferentially highlight molecular changes associated
with the clinical state of the disease considering that pharmacodynamic changes associated
with anti-TNF treatment were not detected in the NR population.

Hierarchical cluster analysis

Next, the molecular states (baseline and post-treatment, responder and non-responder) were
mapped to a common framework to better understand how they relate. Enrichment scores for
CD and UC (Figs 3 and 4, respectively) were clustered with all samples but only for the signa-
tures that showed higher enrichment in each disease compared to healthy before treatment
(Fig 2A). In CD, we obtained two main sample clusters with this approach (Fig 3). The NR
population, whether at baseline or post-treatment, clustered together, consistent with our ear-
lier observation that there were no molecular changes in this group with treatment. This clus-
ter also included nearly all baseline R samples. Thus, we believe this cluster represents
unresolved molecular disease which exists at baseline in the R population and at baseline and
post-treatment in the NR population. A nearly identical cluster was observed with UC samples
(Fig 4).

The second cluster was almost entirely comprised of healthy controls and nearly all R post-
treatment. This suggests that while R have unresolved molecular disease at baseline, post-treat-
ment this molecular disease has resolved such that it becomes more like healthy controls. An
analysis based on clustering using whole genome expression data produced similar findings
[29]. This is consistent with our earlier assertion that resolution of molecular disease, towards
a healthy molecular state, is associated with clinical response. Again, a similar cluster was
observed with UC samples (Fig 4).

Differences in T, B and monocyte cells are aligned with the identified
patient clusters

Fig 5 shows the enrichment score scatterplots for the activated T, B and monocyte signatures
(#1. Tcell.activated. HS.IVS, #2. Bcell.activated. HS.IVS and #3. Monocytes.activated. HS.IVS; S1
and S2 Tables). These cell types have been described to drive inflammatory processes mediat-
ing pathology in both CD and UC [30, 26, 27]. For all three signatures, the enrichment scores
at baseline were significantly higher when compared to the respective control samples in CD
and UC in both R and NR. Also, an overall trend for higher enrichment in NR was observed in
CD and UC with several differences being statistically significant in either or both diseases
(Fig 5B-5F; S4 Table). That same trend was observed with signatures for activated dendritic
cells (#5. Dendritic.activated HS.IVS), neutrophils (#6. Neutrophil.activated. HS.IVS) and mac-
rophages (#89. Macrophages.GM-CSF.LPSc.HS.IVS) indicative of various cell types showing
activation in CD and UC. However, for the activated natural killer signature (#4.NKcell.acti-
vated.HS.IVS), no differential enrichment across the patient sample groups was observed.
Post-treatment in R, no statistically significant difference was observed with healthy sam-
ples. In contrast in NR, the statistically significant difference with healthy samples was main-
tained. When comparing the enrichment scores from R or NR post-treatment versus baseline,
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Fig 3. Hierarchical clustering heat map of gene set variation analysis enrichment scores of Crohn’s Disease participant samples. Shown is the heat map
resulting from the hierarchical clustering of the gene set variation (GSVA) enrichment scores (ES) of Crohn’s disease (CD) participant samples (GSE16879)
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all were statistically significant in R and none were in NR. A clear difference was that none of
the dysregulated biology in either disease at baseline was normalized post-treatment in NR.
Indeed, comparing post-treatment R versus NR, all enrichment scores comparisons were sta-
tistically significant with only one exception for activated T cells (Fig 5A).

Looking deeper into T cell biology, we next examined T helper (Th) cell and innate lym-
phoid cell (ILC) signatures. These cell types have been previously described as disease drivers
in IBD [31, 32, 33, 34, 35, 36]. Of note, there was minimal gene composition overlap for all Th
or ILC signatures (Tables 1 and S2) consistent with representing non-overlapping biology.
Without separating R from NR, only the Th17 in CD and the Th1 and Th17 signatures in UC
were enriched (S3 Table). When separating R from NR, none of the Th signatures were
enriched in R in either CD or UC, while all of them enriched in CD and the Th1 and Th17
were enriched in UC. For the ILC signatures, the ILC2 and ILC3 signatures were enriched in
all patient samples in CD while in UC the ILC1 and ILC2 were enriched. Separating samples
into R and NR, none of the ILC signatures were enriched in R while all of them were in NR in
both diseases. We also looked at both the intra- and inter-correlation between the T helper
(Th) signatures and the innate lymphoid cell (ILC) signatures (Table 1).

In CD, all signatures correlated with each other except for the ILC3 with the Th1 and Th2
signatures. Correlations R > 0.7 for the ILCI signature (#100 siLP.ILC1.MM.UP) was
observed with all three T helper signatures (#36 Thl.activated. HS.IVS.UP, #37 Th2.activated.
HS.IVS.UP, #39 Th17.activated. HS.IVS.UP). Similarly, the ILC2 signature (#101 siLP.ILC2.
MM.UP) was also correlated with all T helper signatures although at a lower level. For the
ILC3 signature (#102 siLP.ILC3.MM.UP) however the only significant correlation was
observed with the Th17 signature. In UC, the ILC1 and ILC2 signatures also correlated with all
T helper signatures and here also the ILC1 signature showed a stronger correlation when com-
pared to ILC2 signature. Finally, no significant correlation was observed between the ILC3 sig-
nature and any of the T helper signatures. In conclusion, strongly correlated signatures were
observed in both CD and UC between ILC1 and ILC2 signatures with all T helper signatures
while the ILC3 signature only correlated in CD with the Th17 signature.

Generation of a signature score in CD and UC

Taken together, our analysis suggests that a shared set of gene signatures differentiates CD and
UC from healthy controls and that resolution of these gene signatures toward a healthy molec-
ular state is associated with clinical response. Furthermore, for both diseases, clinical NRs are
characterized by a lack of change in these gene signatures. In both diseases these observations
could be explained by a tight coupling between gene signature enrichments and clinical state.
These findings raise the possibility that a common set of gene signatures could theoretically be
used to track the clinical state of the subject regardless of whether they have been diagnosed
with CD or UC.

To test this hypothesis, we created a score by first summing the enrichment scores from the
58 upregulated signatures that were differentially expressed compared to healthy controls in
both CD and UC (Fig 2A). For visual convenience, we then subtracted the mean of the healthy
controls such that zero in our score would be considered a state of health. This score represents
the total molecular dysregulation observed for each patient as a distance from normal with the
assumption that each signature is equally important. This assumption is supported by our
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Fig 4. Hierarchical clustering heat map of gene set variation analysis enrichment scores of ulcerative colitis participant samples. Shown is the heat map
resulting from the hierarchical clustering of the gene set variation (GSVA) enrichment scores (ES) of ulcerative colitis (UC) participant samples (GSE16879) using
all signatures significantly enriched from comparing CD post-treatment (PT) vs baseline (BL) in clinical responders (R) and non-responders (NR) as well as

comparing R to NR at BL from Fig 2.

https://doi.org/10.1371/journal.pcbi.1006951.9004

observation that the overlap between the genes in the signatures in the collection was very
small.

Fig 6 shows the clustering of the scores across the different disease groups. Clinical response
is strongly associated with molecular resolution of the score post-treatment while clinical non-
response is associated to no change in the score post-treatment. This is true for both CD and
UC. Fig 7A shows the resulting scatter plot of the score across the different disease groups. As
expected, the score visually discriminates disease from healthy controls. This is a trivial obser-
vation because the score only includes signatures that were differentially enriched from healthy
controls. These results support the notion that molecular disease burden, as summarized by
our signatures, tracks closely with clinical disease severity and could be explored as a tool for
quantifying disease severity.

In addition to tracking clinical disease severity changes in time, the molecular disease sever-
ity score also appeared to differentiate R and NR populations at baseline (Fig 7A). Responders
were characterized be a reduced activity score at baseline compared to non-responders, sug-
gesting the hypothesis that response and nonresponse are related to burden of disease at base-
line rather than a difference in specific pathways between the two groups. Indeed, the
molecular disease severity score could identify clinical responders and non-responders before
treatment with 100% specificity and 78.8% sensitivity (Fig 7B). This discriminatory ability was
confirmed in an independent dataset (Fig 7C), [37, 38, 39] with 87.5% specificity and 85.7%
sensitivity, suggesting a robust relationship between the score and patient outcomes.

Discussion

We have demonstrated that by using an approach based on GSVA and signatures characteris-
tic of inflammatory and immune processes ulcerative colitis and Crohn’s disease patient
groups can be segregated by various degrees of underlying functional pathology. Signatures
were commonly enriched in both conditions at baseline, supporting the notion of a disease
continuum within CD and UC, however there was also heterogeneity within each disease
group which was associated with the clinical response to TNF therapy. We describe an Inflam-
matory bowel disease Molecular Activity Disease Score (I_MDS) which provides a means to
track the molecular state of an IBD patient, which we show is tightly coupled to the clinical
state of the individual.

A typical microarray experiment when comparing groups of samples can easily result in
hundreds or thousands differentially expressed genes which must then be interpreted. GSVA
represents an advantage over other methods in that it computes an enrichment score from each
individual sample from the observed gene expression levels, and hence is classified as single-
sample method as opposed to the Over-Representation Analysis (ORA) [40] which relies on
identifying differential expressed gene lists and linking them to a pathway. GSVA thus alleviates
the need to select significant genes as a first step and provides a unique result for a given dataset.
It also provides an estimate of the behavior of a gene set, within the entire dataset, based on the
variation of other genes in the dataset, in an unsupervised manner. Thus, it does not rely on any
predefined patient or sample groups such as those represented by clinical response or non-
response e.g. and produces a list of enrichment scores per individual subject. It also avoids the
common assumption behind the models used for ORA, such as independence between genes, a
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post-treatment (R PT) and clinical non-responders at baseline (NR BL) or post-treatment (NR PT). Panels A, B and C show the scores in UC while D,
E and F show the scores in CD. Pair-wise T-test statistics are listed in S4 Table.

https://doi.org/10.1371/journal.pcbi.1006951.g005
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Table 1. T helper and innate lymphoid cell signature correlations in Crohn’s and ulcerative diseases.

CD
Thl.activated HS.IVS.UP Th2.activated. HS.IVS.UP Th17.activated. HS.IVS.UP
ID 36 (18 genes) ID 37 (42 genes) ID 39 (18 genes)
siLP.ILC1.MM.UP r: 0.89, p<10-14 r: 0.70, p<10-6 r: 0.76, p<10-8
ID 100 (62 genes) 3 genes 1 gene 1 gene
siLP.ILC2.MM.UP r: 0.60, p<10-4 r: 0.53, p<10-3 r: 0.63, p<10-5
ID 101 (123 genes) 1 gene 1 gene 3 genes
siLP.ILC3.MM.UP r: 0.22, p: 0.15 r:0.13, p: 0.42 r:0.38, p = 0.01
ID 102 (17 genes) 1 gene 1 gene 0 genes
ucC
Thl.activated HS.IVS.UP Th2.activated. HS.IVS.UP Th17.activated. HS.IVS.UP
ID 36 (18 genes) ID 37 (42 genes) ID 39 (18 genes)
siLP.ILC1.MM.UP r: 0.79, p<10-15 r: 0.71, p<10-8 r: 0.64, p<10-6
ID 100 (62 genes) 3 genes 1 gene 1 gene
siLP.ILC2.MM.UP r: 0.46, p<10-3 r: 0.57, p<10-5 r: 0.63, p<10-6
ID 101 (123 genes) 1 gene 1 gene 3 genes
siLP.ILC3.MM.UP r: -0.01, p: 0.91 r: -0.14, p: 0.30 r: -0.05, p=0.71
ID 102 (17 genes) 1 gene 1 gene 0 genes

For each pairwise comparison, the correlation (r), the p value and the number of overlapping genes are indicated.

Insignificant correlations are highlighted in gray.

https://doi.org/10.1371/journal.pchi.1006951.t001

likely cause of the inflated rate of false positive findings [40]. Furthermore, the association
between the phenotype and the sample-level gene set scores can be conducted with classical sta-
tistical models rendering the analysis of even very complex designs (e.g. time series, longitudinal
designs, etc.) easy. Furthermore, GSVA analysis has recently been used to distinguish between
subsets of psoriatic patients further highlighting the clinical utility of this bioinformatic
approach [41].

Crohn’s disease and ulcerative colitis are complex diseases characterized by relapsing
inflammation depending upon genetic factors, deregulated immune responses, microbial dys-
biosis, and environmental factors [42, 43]. While classified as separate diseases, common driv-
ing disease mechanisms have been highlighted such as the shared genetics risk factors [15, 44,
45], common gene methylation [28, 46] as well as common involvement of various biological
pathways [2, 47, 39, 38]. The notion of a continuum of disorders within inflammatory bowel
diseases (IBD) has also been explored [15]. Our analyses support the notion of a continuum
within IBD where UC and CD samples co-cluster both at baseline and after treatment. The
high level of shared disease biology illustrated by the common enrichment of 59% (61/103) of
all signatures tested also supports this notion. These signatures span a wide array of biology
across different cell types such as e.g. T, B, monocytes, macrophages as well as dendritic cells,
including activation of a specific cell type or exposure of a cell to selected stimuli, different
inflammatory pathways such as e.g. T helper cell (Th), innate lymphoid cells (ILC) or innate
immunity pathways as well as signatures generated from animal models or borrowed from
other diseases such as e.g. a bleomycin lung injury model or asthma. While Th1 responses
have been thought to drive the pathogenesis of CD [48, 49, 50] and Th2 responses drive UC
pathogenesis [48, 51, 52], our data rather suggest presence from all Th cell subsets examined
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Fig 6. Hierarchical clustering heat map of gene set variation analysis enrichment scores of Crohn’s disease and ulcerative colitis participant baseline samples.
Shown is the heat map resulting from the hierarchical clustering of the gene set variation (GSVA) enrichment scores (ES) of the Crohn’s disease (CD) and ulcerative
colitis (UC) participant baseline (BL) samples (GSE16879) using all signatures significantly enriched from comparing CD or UC post-treatment (PT) vs baseline (BL)
samples in clinical non-responders (NR) from Fig 2A.

https://doi.org/10.1371/journal.pchi.1006951.g006

especially in NR. This is in line with data published showing increased IFNy and lower IL13
levels from patient biopsies in UC when compared to CD [53, 54] suggestive of a Th1 contri-
bution in UC. Furthermore, dendritic cells isolated from CD and UC patients showed produc-
tion of both IL17 and IL23 indicative of a Th17 involvement in both diseases as illustrated
from our enrichment results of the Th17 signature in both CD and UC [55]. Increased gut
mucosal IL17A transcripts as well as an increased Th17 and Th1/Th17 cell number observed
in CD and UC patient samples when compared to healthy also support our findings [53, 56,
57]. Group 1 innate lymphoid cells (ILC1s) produce interferon y and depend on Tbet, group 2
ILCs (ILC2s) produce type 2 cytokines like interleukin-5 (IL-5) and IL-13 and require
GATA3, and group 3 ILCs (ILC3s) include lymphoid tissue inducer cells, produce IL-17 and/
or IL-22, and are dependent on RORyt [58]. Our data show that all ILC signatures were
enriched in both CD and UC in NR supporting a role of all three subsets in IBD. Indeed, an
increased frequency of ILC1 and ILC3 cells in in IBD has been reported when compared to
healthy [34, 59, 60, 61, 62], and this increase is associated with disease severity [63]. ILC2s pro-
ducing IFNy in addition to IL13 have also recently been described in intestinal tissues from
patients with Crohn’s disease [64] in line with the enrichment of the ILC2 signature not only
in all patient samples but also in NR suggesting that non-response to TNF therapy might also
be linked to ILC2 activity. Highly correlated Th and ILC signature enrichments were seen in
both diseases showing the tight association of these different cell types in the pathology of CD
and UC. It is therefore difficult to differentiate between the roles of Th cells and their ILC
counterparts in the pathophysiology of IBD. Our data advocate for equal involvement of all Th
and ILC subsets where patient samples are differentiated more so by the intensity of the dysre-
gulation of these cell subsets. These data also support the above described notion of a disease
continuum in IBD rather than a UC versus CD classification and emphasize more so a differ-
ence in intensity of activation across both CD and UC across various biological mechanisms.
Neutrophils are key players of innate immunity, migrating to sites of infection to uptake
and kill bacteria, releasing reactive oxygen species. However, how exactly neutrophils contrib-
ute to inflammatory bowel disease remains a controversial area. While there are studies sup-
porting a beneficial role, others seem to point to pathological contributions [65]. It has been
suggested that disturbed signal transduction activation and functionality in neutrophils, may
be associated with intrinsic defects in innate immunity in CD [66]. For example, [67] have
reported slower accumulation of neutrophils and delayed clearance of subcutaneously injected
killed Escherichia coli in CD patients as opposed to controls. Such findings imply a beneficial
role for neutrophils in CD. However, other experimental settings with anti-neutrophil anti-
bodies have reported positive effect of neutrophil depletion in animal models, reducing
inflammation, suggesting otherwise [68]. From our results both neutrophil signatures (#6 Neu-
trophil.activated. HS.IVS; #7 Neutrophil.nas.brushings. HS) were highly enriched in NR in both
UC and CD indicating that activated neutrophils are part of a more severe disease activity pat-
tern. Other innate immunity signatures e.g. the polyinosinic:polycytidylic acid (PolyIC) signa-
tures were derived from a mouse model studying the effect of polyIC admission to lungs [69].
PolyIC is a synthetic analogue of double-stranded RNA, widely used to mimic the effects of
viral infection in animal models. Here we observe that genes that were upregulated after
polyIC were also correlated to NR at baseline in both diseases. These data also suggest an
increased disregulation of innate immune functions in IBD linked to a more severe molecular
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Fig 7. Inflammatory bowel disease molecular activity score classification of patient samples. (A) Shown are the scatterplots of the sum of gene set variation
(GSVA) enrichment scores (ES) using all 58 upregulated signatures in Fig 2A common for Crohn’s disease (CD) and ulcerative colitis (UC) participant
samples (GSE16879) using the following formula: I_MDS score =} " | ES(CD and UC) — x>~ | ES(NHV'). Samples have been classified into normal
healthy volunteer (NHV), clinical responders at baseline (R BL) or post-treatment (R PT) and clinical non-responders at baseline (NR BL) or post-treatment
(NR PT). Pair-wise T-test statistics are listed in S5 Table. (B) and (C) show the I_MDS score outputs identifying clinical responders and non-responders before
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treatment with 100% specificity and 78.8% sensitivity (B, GSE16879) and confirmation in an independent dataset [37, 38, 39] with 87.5% specificity and 85.7%

sensitivity.

https://doi.org/10.1371/journal.pcbi.1006951.9g007

disease phenotype as well as linked to NR to an anti-TNF therapy. In summary, the change of
enrichment score of inflammatory signatures because of treatment tends to correlate with
their value at baseline.

Previous gene array studies of UC [70] and CD [71] have identified non-overlapping five
gene panels predictive of clinical response to infliximab. In UC, these markers separated
responders from non-responders with 95% sensitivity and 85% specificity [70]. In CD patients
with Crohn’s colitis were predicted with 100% sensitivity and specificity while no prediction
was achieved for patients with Crohn’s ileitis [71]. The I_MSD score had comparative predic-
tion performances with 100% specificity and 78.8% sensitivity. While neither of the gene pan-
els were confirmed in an independent data set, the I_MSD score was confirmed in an
independent data set for UC with 87.5% specificity and 85.7% sensitivity. Finally, the described
gene panels are disease specific and are not described to capture the disease intensity unlike
the I_MSD score.

When considering implementing the I_MSD in clinical practice, the elaboration of a co-
diagnostic test would be required. For that, additional validation steps of the platform used
would be required followed by a real-world usage validation in a suitable number of patients.
The outcome of the test could be envisaged with two or three different recommendations for
the treating physicians. Indeed, 1) the score obtained from the test is below the 32 cut off and
would therefore come with an anti-TNF treatment recommendation, 2) the score would be 32
or higher and would come with a recommendation against treating with an anti-TNF or 3) a
third category could be defined e.g. for scores hovering around a score of 32 where the deci-
sion would be left to the treating physician. Finally, another application of this score could be
for clinical development of new therapeutics. Indeed, patients could be tested and enrolled if
their score was equal or higher to 32 to select the elaboration of new therapeutics complemen-
tary to anti-TNFs.

Limitations of the current study are twofold. First, the collection of signatures assembled
mainly represents inflammatory biology. While inflammation is a hall mark of IBD a more
diverse set of signatures could potentially allow to identify patient groups with an increased
granularity. Second, the collection of CD samples occurred in the colon only. CD is a patchy
disease and collection of more than one disease location such as e.g. the ileum could also pro-
vide more granularity on the driving molecular mechanisms. Third, we cannot address
whether our results are specific for a therapeutic targeting TNFo as we do not have access to
data sets using a different mode of action. Finally, while a similar approach could be used for
common inflammatory diseases we have not tested the I_MSD derived from our analysis in
UC and CD on any other inflammatory disease treated with an anti-TNF.

Conclusions

To conclude, a major healthcare problem is highly variable efficacy of different treatments in
patients that appear to phenotypically have the same disease. This contributes to increased
patient suffering, both in terms of side effects and continued disease progression due to low
treatment response. An advantage of the approach presented is the ability to identify signature
enrichment at the single patient level enabling patient stratification within and across diseases
increasing the potential to identify patients that may respond to therapeutic agents. Indeed, we
show the potential of certain signatures to be associated with treatment response through the
molecular disease activity score. However, new clinical studies will need to be performed to
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test the clinical feasibility of using GSVA for preventative and personalized medicine
approaches as seen previously in studies on glioma [72], subtypes of liver cancer [73] and for
response to dual CXCR2/CCRS5 therapy [69].
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enrichment, using a general linear model analysis on GSVA ES, comparing at baseline (BL)
either all (A) or clinical responder (R) (B) or clinical non-responder (NR) (C) participant sam-
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(TIF)

S1 Table. Gene signature collection. A table listing the collection of gene signature, along
with their identifier, names, direction of gene expression, tissue and/or cell type and species
from which they were derived and study identifier.

(XLSX)

S2 Table. Gene signatures composition. A list of the individual genes contained in each sig-
nature.

(XLSX)

$3 Table. Gene signature enrichment comparisons in the IBD dataset. Detailed listing of
the signature comparison in CD, UC and NHYV, for baseline and post-treatment samples, indi-
cating statistical significance and direction of enrichment scores.

(XLSX)

S4 Table. Statistical comparisons of ES scores for the activated T, B cells and monocyte sig-
natures. Statistical significance and difference between average ES scores for the various
groups in the IBD dataset GSE16789.

(XLSX)

S5 Table. Statistics for Fig 7. A list of p-values for the various group comparisons indicated
on Fig 7.
(XLSX)

Author Contributions

Conceptualization: Stelios Pavlidis, Matthew J. Loza, Patrick Branigan, Anthony Rowe, Frédé-
ric Baribaud.

Formal analysis: Stelios Pavlidis, Calixte Monast.
Investigation: Stelios Pavlidis, Matthew J. Loza.

Methodology: Stelios Pavlidis, Calixte Monast, Matthew J. Loza, Anthony Rowe, Frédéric
Baribaud.

Supervision: Yike Guo, Anthony Rowe, Frédéric Baribaud.

Writing - review & editing: Stelios Pavlidis, Calixte Monast, Matthew J. Loza, Patrick Brani-
gan, Kiang F. Chung, Ian M. Adcock, Yike Guo, Anthony Rowe, Frédéric Baribaud.

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi. 1006951  April 30, 2019 18/23


http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1006951.s001
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1006951.s002
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1006951.s003
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1006951.s004
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1006951.s005
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1006951.s006
https://doi.org/10.1371/journal.pcbi.1006951

GPLOS |saisermom

I_MDS: an inflammatory bowel disease score predictive of response to anti-TNF treatment

References

1.

10.

1.

12.

13.

14.

15.

16.

17.

18.

19.

20.

Ordas ., Eckmann L., Talamini M., Baumgart DC and Sandborn W. J., “Ulcerative colitis.,” Lancet, pp.
1606-19, 2012. https://doi.org/10.1016/S0140-6736(12)60150-0 PMID: 22914296

de Souza H., Fiocchi C. and lliopoulos D., "The IBD interactome: an integrated view of aetiology, patho-
genesis and therapy.," Nature Reviews Gastroenterology & Hepatology, 2017.

Torres J., Mehandru S., Colombel J. F. and Peyrin-Biroulet L., "Crohn’s disease.," Lancet, vol. 389, no.
10080, pp. 1741-1755, 2017. https://doi.org/10.1016/S0140-6736(16)31711-1 PMID: 27914655

Huang Y. and Chen Z., "Inflammatory bowel disease related innate immunity and adaptive immunity.,"
American Journal of Translational Research, vol. 8, no. 6, pp. 2490-7,2016. PMID: 27398134

Magro F. and Portela F., "Management of inflammatory bowel disease with infliximab and other anti-
tumor necrosis factor alpha therapies.," BioDrugs, vol. 24, no. Suppl 1, pp. 3—14, 2010.

Rutgeerts P., Vermeire S. and Van Assche G., "Biological therapies for inflammatory bowel diseases.,"
Gastroenterology, vol. 136, no. 4, pp. 1182-97, 2009. https://doi.org/10.1053/j.gastro.2009.02.001
PMID: 19249397

Murdoch T. B., O’Donnell S., Silverberg M. S. and P. R, "Biomarkers as potential treatment targets in
inflammatory bowel disease: A systematic review," Can J Gastroenterol Hepatol, vol. 29, no. 4, p. 203—
208, 2015. PMID: 25965441

Benitez J. M. and Garcia-Sanchez V., "Faecal calprotectin: Management in inflammatory bowel dis-
ease.," World Journal of Gastrointestinal Pathophysiology, vol. 6, no. 4, pp. 203-9, 2015. https://doi.
org/10.4291/wjgp.v6.i4.203 PMID: 26600978

Bonneau J., Dumestre-Perard C., Rinaudo-Gaujous M., Genin C., Sparrow M., Roblin X. and Paul S.,
"Systematic review: new serological markers (anti-glycan, anti-GP2, anti-GM-CSF Ab) in the prediction
of IBD patient outcomes.," Autoimmunity Reviews, vol. 14, no. 3, pp. 231-45, 2015. https://doi.org/10.
1016/j.autrev.2014.11.004 PMID: 25462578

Bennike T., Birkelund S., Stensballe A. and Andersen V., "Biomarkers in inflammatory bowel diseases:
current status and proteomics identification strategies.," World Journal of Gastroenterology, vol. 20, no.
12, pp. 323144, 2014. https://doi.org/10.3748/wjg.v20.i12.3231 PMID: 24696607

Masoodi ., Tijjani B. M., Wani H., Hassan N. S. and Khan A. B., "Biomarkers in the management of
ulcerative colitis: a brief review.," German Medical Science, 2011.

Wright E. K., De Cruz P., Gearry R., Day A. S. and Kamm M. A., "Fecal biomarkers in the diagnosis and
monitoring of Crohn’s disease.," Inflammatory Bowel Diseases, vol. 20, no. 9, pp. 1668-77, 2014.
https://doi.org/10.1097/MIB.0000000000000087 PMID: 24918319

Benitez J. M., Meuwis M. A., Reenaers C., Van Kemseke C., Meunier P. and Louis E., "Role of endos-
copy, cross-sectional imaging and biomarkers in Crohn’s disease monitoring.," Gut, vol. 62, no. 12, pp.
1806-16, 2013. https://doi.org/10.1136/gutjnl-2012-303957 PMID: 24203056

Ellinghaus D., Bethune J., Petersen B. S. and Franke A., "The genetics of Crohn’s disease and ulcera-
tive colitis—status quo and beyond.," Scandinavian Journal of Gastroenterology, vol. 50, no. 1, pp. 13—
23, 2015. https://doi.org/10.3109/00365521.2014.990507 PMID: 25523552

Cleynen I., Boucher G., Jostins L., Schumm L. P., Zeissig S., Ahmad T., Andersen V., Andrews J. M.,
Annese V., Brand S., Brant S. R., Cho J. H., Daly M. J., Dubinsky M., Duerr R. H., Ferguson L. R.,
Franke A., Gearry R. B., Goyette P., Hakonarson H., Halfvarson J., Hov J., Huang H., Kennedy N. A.,
Kupcinskas L., Lawrance I. C., Lee J. C., Satsangi J., Schreiber S., Thaetre E., van der Meulen-de Jong
A.E., WeersmaR. K., Wilson D. C., G. C. International Inflammatory Bowel Disease, Parkes M., Ver-
meire S., Rioux J. D., Mansfield J., Silverberg M. S., Radford-Smith G., McGovern D. P., Barrett J. C.
and Lees C. W., "Inherited determinants of Crohn’s disease and ulcerative colitis phenotypes: a genetic
association study.," Lancet, vol. 387, no. 100014, pp. 15667, 2016.

McGovern D. P., Kugathasan S. and Cho J. H., "Genetics of Inflammatory Bowel Diseases.," Gastroen-
terology, vol. 149, no. 5, pp. 1163-1176.e2, 2015. https://doi.org/10.1053/j.gastr0.2015.08.001 PMID:
26255561

Loddo I. and Romano C., "Inflammatory Bowel Disease: Genetics, Epigenetics, and Pathogenesis.,"
Frontiers in Immunology, p. 6: 551, 2015.

Arijs |., De Hertogh G., Lemaire K., Quintens R., Van Lommel L., Van Steen K., Leemans P, Cleynen I.,
Van Assche G., Vermeire S., Geboes K., Schuit F. and Rutgeerts P., "Mucosal gene expression of anti-
microbial peptides in inflammatory bowel disease before and after first infliximab treatment.," PLoS
One, vol. 4, no. 11, p. e7984, 2009. https://doi.org/10.1371/journal.pone.0007984 PMID: 19956723

Hayes D. F. and Schott A. F., "Personalized Medicine: Genomics Trials in Oncology.," Transactions of
the American Clinical and Climatological Association, vol. 126, pp. 133—43, 2015. PMID: 26330667

Kalia M., "Biomarkers for personalized oncology: recent advances and future challenges.," Metabolism
—Clinical and Experimental, vol. 64, no. 3 Suppl 1, pp. S16-21, 2015.

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi. 1006951  April 30, 2019 19/23


https://doi.org/10.1016/S0140-6736(12)60150-0
http://www.ncbi.nlm.nih.gov/pubmed/22914296
https://doi.org/10.1016/S0140-6736(16)31711-1
http://www.ncbi.nlm.nih.gov/pubmed/27914655
http://www.ncbi.nlm.nih.gov/pubmed/27398134
https://doi.org/10.1053/j.gastro.2009.02.001
http://www.ncbi.nlm.nih.gov/pubmed/19249397
http://www.ncbi.nlm.nih.gov/pubmed/25965441
https://doi.org/10.4291/wjgp.v6.i4.203
https://doi.org/10.4291/wjgp.v6.i4.203
http://www.ncbi.nlm.nih.gov/pubmed/26600978
https://doi.org/10.1016/j.autrev.2014.11.004
https://doi.org/10.1016/j.autrev.2014.11.004
http://www.ncbi.nlm.nih.gov/pubmed/25462578
https://doi.org/10.3748/wjg.v20.i12.3231
http://www.ncbi.nlm.nih.gov/pubmed/24696607
https://doi.org/10.1097/MIB.0000000000000087
http://www.ncbi.nlm.nih.gov/pubmed/24918319
https://doi.org/10.1136/gutjnl-2012-303957
http://www.ncbi.nlm.nih.gov/pubmed/24203056
https://doi.org/10.3109/00365521.2014.990507
http://www.ncbi.nlm.nih.gov/pubmed/25523552
https://doi.org/10.1053/j.gastro.2015.08.001
http://www.ncbi.nlm.nih.gov/pubmed/26255561
https://doi.org/10.1371/journal.pone.0007984
http://www.ncbi.nlm.nih.gov/pubmed/19956723
http://www.ncbi.nlm.nih.gov/pubmed/26330667
https://doi.org/10.1371/journal.pcbi.1006951

GPLOS |saisermom

I_MDS: an inflammatory bowel disease score predictive of response to anti-TNF treatment

21.

22,

23.

24,
25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

Waldron L. and Riester M., "HGNChelper: Handy Functions for Working with HGNC Gene Symbols,"
2017. [Online]. Available: https://CRAN.R-project.org/package=HGNChelper. [Accessed 11 2017].

Hanzelmann S., Castelo R. and Guinney A., "GSVA: gene set variation analysis for microarray and,"
BMC Bioinformatics, vol. 14, p. 7, 2013. https://doi.org/10.1186/1471-2105-14-7 PMID: 23323831

Ferreira J. A., "The Benjamini-Hochberg method in the case of discrete test statistics," The International
Journal of Biostatistics, vol. 3, no. 1, 2007.

Wickham H., ggplot2: Elegant Graphics for Data Analysis, New York: Springer-Verlag, 2009.

Warnes G. R., Bolker B., Bonebakker L., Gentleman R., Liaw W. H. A., Lumley T., Maechler M., Mag-
nusson A., Moeller S., Schwartz M. and Venables B., "gplots: Various R Programming Tools for Plotting
Data," 2016. [Online]. Available: https://CRAN.R-project.org/package=gplots. [Accessed 11 2017].

Neurath M. F., "Cytokines in inflammatory bowel disease," Nature Reviews Immunology, pp. 329-42,
2014. https://doi.org/10.1038/nri3661 PMID: 24751956

Mann E. R. and Li X., "Intestinal antigen-presenting cells in mucosal immune homeostasis: crosstalk
between dendritic cells, macrophages and B-cells," World Journal of Gastroenterology, pp. 9653-64,
2014. https://doi.org/10.3748/wjg.v20.i29.9653 PMID: 25110405

Granlund A., Flatberg A., Ostvik A. E., Drozdov |., Gustafsson B. |., Kidd M., Beisvag V., Torp S. H.,
Waldum H. L., Martinsen T. C., Damas J. K., Espevik T. and Sandvik A. K., "Whole genome gene
expression meta-analysis of inflammatory bowel disease colon mucosa demonstrates lack of major dif-
ferences between Crohn’s disease and ulcerative colitis," PLoS One, p. €56818, 2013. https://doi.org/
10.1371/journal.pone.0056818 PMID: 23468882

Arijs|., Gert D. H., Bart L., Leentje V. L., Magalid. B., Wiebe V., Isabelle C., Kathleen M., Marc F.,
Frans S., Gert V. A., Paul R.and Severine V., "Effect of vedolizumab (anti-a4p7-integrin) therapy on his-
tological healing and mucosal gene expression in patients with UC," Gut, vol. 67, no. 1, pp. 43-52,
2018. https://doi.org/10.1136/gutjnl-2016-312293 PMID: 27802155

Gerner R. R., Moschen A. R. and Tilg H., "Targeting T and B lymphocytes in inflammatory bowel dis-
eases: lessons from clinical trials," Digestive Diseases, pp. 328-35, 2013.

Calderon-Gomez E., Bassolas-Molina H., Mora-Buch R., Dotti |, Planell N., Esteller M., Gallego M.,
Marti M., Garcia-Martin C., Martinez-Torre C., Ordas |., Panes E., Nenitez-Ribas D. and Salas A.,
"Commensal-Specific CD4(+) Cells From Patients With Crohn’s Disease Have a T-Helper 17 Inflamma-
tory Profile," Gastroenterology, vol. 151, no. 3, pp. 489-500, 2016. https://doi.org/10.1053/j.gastro.
2016.05.050 PMID: 27267052

Chapuy L., Bsat M., Mehta H., Rubio M., Wakahara K., Van V., Baba N., Cheong C., Yun T., Panzini B.,
Wassef R., Tamaz R. C, R., Soucy G., Delespesse G.and S. M, "Basophils increase in Crohn disease
and ulcerative colitis and favor mesenteric lymph node memory TH17/TH1 response," Journal of Allergy
and Clinical Immunology, vol. 134, no. 4, pp. 978-81, 2014. https://doi.org/10.1016/}.jaci.2014.05.025
PMID: 24996262

Iboshi Y., Nakamura K., lhara E., lwasa T., Akiho H., Harada N., Nakamuta M. and Takayanagi R.,
"Multigene analysis unveils distinctive expression profiles of helper T-cell-related genes in the intestinal
mucosa that discriminate between ulcerative colitis and Crohn’s disease.," Inflammatory Bowel Dis-
eases, vol. 20, no. 6, pp. 967—77, 2014. https://doi.org/10.1097/MIB.0000000000000028 PMID:
24739631

Bernink J., Peters C., Munneke M., te Velde A., Meijer S., Weijer K., Hreggvidsdottir H., Heinsbroek S.,
Legrand N., Buskens C., Bemelman W., Mjosberg J. and Spits H., "Human type 1 innate lymphoid cells
accumulate in inflamed mucosal tissues.," Nature Immunology, vol. 14, no. 3, pp. 221-9, 2013. https:/
doi.org/10.1038/ni.2534 PMID: 23334791

Brand S., "Crohn’s disease: Th1, Th17 or both? The change of a paradigm: new immunological and
genetic insights implicate Th17 cells in the pathogenesis of Crohn’s disease," Gut, vol. 58, no. 8, pp.
1152-67, 2009. https://doi.org/10.1136/gut.2008.163667 PMID: 19592695

Wallace K., Zheng L., Kanazawa Y. and Shih D., "Immunopathology of inflammatory bowel disease.,"
World Journal of Gastroenterology, vol. 20, no. 1, pp. 6—21, 2014. https://doi.org/10.3748/wjg.v20.i1.6
PMID: 24415853

Reinisch W., Sandborn W. J., Rutgeerts P., Feagan B. G., Rachmilewitz D., Hanauer S. B., Lichtenstein
G. R., de Villiers W. J., Blank M., Lang Y., Johanns J., Colombel J. F., Present D., Sands and B. E.,
"Long-term infliximab maintenance therapy for ulcerative colitis: the ACT-1 and -2 extension studies,"
Inflammatory Bowel Diseases, vol. 8, no. 12, pp. 201-11, 2012.

Toedter G., Li K., Sague S., Ma K., Marano C., Macoritto M., Park J., Deeha n. R., Matthews A., Wu G.
D., Lewis J., Arijs |., Rutgeerts P. and Baribaud F., "Genes associated with intestinal permeability in
ulcerative colitis: changes in expression following infliximab therapy," Inflammatory Bowel Diseases,
vol. 18, no. 8, pp. 1399—-410, 2012. https://doi.org/10.1002/ibd.22853 PMID: 22223479

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi. 1006951  April 30, 2019 20/23


https://CRAN.R-project.org/package=HGNChelper
https://doi.org/10.1186/1471-2105-14-7
http://www.ncbi.nlm.nih.gov/pubmed/23323831
https://CRAN.R-project.org/package=gplots
https://doi.org/10.1038/nri3661
http://www.ncbi.nlm.nih.gov/pubmed/24751956
https://doi.org/10.3748/wjg.v20.i29.9653
http://www.ncbi.nlm.nih.gov/pubmed/25110405
https://doi.org/10.1371/journal.pone.0056818
https://doi.org/10.1371/journal.pone.0056818
http://www.ncbi.nlm.nih.gov/pubmed/23468882
https://doi.org/10.1136/gutjnl-2016-312293
http://www.ncbi.nlm.nih.gov/pubmed/27802155
https://doi.org/10.1053/j.gastro.2016.05.050
https://doi.org/10.1053/j.gastro.2016.05.050
http://www.ncbi.nlm.nih.gov/pubmed/27267052
https://doi.org/10.1016/j.jaci.2014.05.025
http://www.ncbi.nlm.nih.gov/pubmed/24996262
https://doi.org/10.1097/MIB.0000000000000028
http://www.ncbi.nlm.nih.gov/pubmed/24739631
https://doi.org/10.1038/ni.2534
https://doi.org/10.1038/ni.2534
http://www.ncbi.nlm.nih.gov/pubmed/23334791
https://doi.org/10.1136/gut.2008.163667
http://www.ncbi.nlm.nih.gov/pubmed/19592695
https://doi.org/10.3748/wjg.v20.i1.6
http://www.ncbi.nlm.nih.gov/pubmed/24415853
https://doi.org/10.1002/ibd.22853
http://www.ncbi.nlm.nih.gov/pubmed/22223479
https://doi.org/10.1371/journal.pcbi.1006951

GPLOS |saisermom

I_MDS: an inflammatory bowel disease score predictive of response to anti-TNF treatment

39.

40.

41.

42,

43.

44,

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

Toedter G., LiK., Marano C., Ma K., Sague S., Huang C. C., Song X. Y., Rutgeerts P. and Baribaud F.,

"Gene expression profiling and response signatures associated with differential responses to infliximab
treatment in ulcerative colitis," The American Journal of Gastroenterology, vol. 106, no. 7, pp. 1272-80,
2011. https://doi.org/10.1038/ajg.2011.83 PMID: 21448149

Tavazoie S., Hughes J. D., Campbell M. J., Cho R. J. and C. G. M, "Systematic determination of genetic
network architecture," Nature Genetics, vol. 22, no. 3, pp. 281-5, 1999. https://doi.org/10.1038/10343
PMID: 10391217

Kim J., Nadella P., Kim D. J., Brodmerkel C., Correa da Rosa J., Krueger J. G. and Suarez-Farifias M.,
"Histological Stratification of Thick and Thin Plaque Psoriasis Explores Molecular Phenotypes with Clini-
cal Implications," PLoS One, vol. 10, no. 7, 2015.

Baumgart D. C. and Carding S. R., ". Inflammatory bowel disease: cause and immunobiology," Lancet,
vol. 369, no. 9573, pp. 1627-40, 2007. https://doi.org/10.1016/S0140-6736(07)60750-8 PMID:
17499605

Fiocchi C., "Inflammatory bowel disease: etiology and pathogenesis," Gastroenterology, vol. 115, no.
1, pp. 182—205, 1998. PMID: 9649475

Doecke J. D., Simms L. A., Zhao Z. Z., Huang N., Hanigan K., Krishnaprasad K., Roberts R. L.,
Andrews J. M., Mahy G., Bampton P., Lewindon P., Florin T., L. I. C, Gearry R. B., Montgomery G. W.
and Radford-Smith G. L., "Genetic susceptibility in IBD: overlap between ulcerative colitis and Crohn’s
disease," Inflammatory Bowel Diseases, vol. 19, no. 2, pp. 240-5, 2013. https://doi.org/10.1097/MIB.
0b013e3182810041 PMID: 23348120

Waterman M., Xu W., Stempak J. M., Milgrom R., Bernstein C. N., Griffiths A. M., Greenberg G. R.,
Steinhart A. H. and Silverberg M. S., "Distinct and overlapping genetic loci in Crohn’s disease and ulcer-
ative colitis: correlations with pathogenesis," Inflammatory Bowel Diseases, pp. 1936—42, 2011. https://
doi.org/10.1002/ibd.21579 PMID: 21830272

McDermott E., Ryan E. J., Tosetto M., Gibson D., Burrage J., Keegan D., Byrne K., Crowe E., Sexton
G., Malone K., Harris R. A., Kellermayer R., Mill J., Cullen G., Doherty G. A., Mulcahy H. and Murphy T.
M., "DNA Methylation Profiling in Inflammatory Bowel Disease Provides New Insights into Disease
Pathogenesis," Journal of Crohn’s and Colitis, pp. 77—86, 2016.

Jones-Hall Y. L. and Nakatsu C. H., "The Intersection of TNF, IBD and the Microbiome," Gut
Microbes, pp. 58-62, 2016. https://doi.org/10.1080/19490976.2015.1121364 PMID: 26939853

Fuss . J., Neurath M., Boirivant M., Klein J. S., de la Motte C., Strong S. A., Fiocchi C. and Strober W.,
"Disparate CD4+ lamina propria (LP) lymphokine secretion profiles in inflammatory bowel disease.
Crohn’s disease LP cells manifest increased secretion of IFN-gamma, whereas ulcerative colitis LP
cells manifest increased secretion of IL-5," Journal of Immunology, pp. 1261-70, 1996.

Fais S., Capobianchi M. R., Pallone F., Di Marco P., Boirivant M., Dianzani F. and Torsoli A., "Spontane-
ous release of interferon gamma by intestinal lamina propria lymphocytes in Crohn’s disease. Kinetics
of in vitro response to interferon gamma inducers," Gut, pp. 403-7, 1991. PMID: 1902808

Breese E., Braegger C. P., Corrigan C. J., Walker-Smith J. A. and MacDonald T. T., "Interleukin-2- and
interferon-gamma-secreting T cells in normal and diseased human intestinal mucosa,"
Immunology, pp. 127-31, 1993.

Fuss I. J. and Strober W., "The role of IL-13 and NK T cells in experimental and human ulcerative coli-
tis," Mucosal Immunology, pp. S31-3, 2008. https://doi.org/10.1038/mi.2008.40 PMID: 19079225

Heller F., Florian P., Bojarski C., Richter J., Christ M., Hillenbrand B., Mankertz J., Gitter A. H., Biirgel
N., Fromm M., Zeitz M., Fuss |., Strober W. and Schulzke J. D., "Interleukin-13 is the key effector Th2
cytokine in ulcerative colitis that affects epithelial tight junctions, apoptosis, and cell restitution,"
Gastroenterology, pp. 550-64, 2005. https://doi.org/10.1016/j.gastro.2005.05.002 PMID: 16083712

Rovedatti L., Kudo T., Biancheri P., Sarra M., Knowles C. H., Rampton D. S., Corazza G. R., Monte-
leone G., Di Sabatino A. and Macdonald T. T., "Differential regulation of interleukin 17 and interferon
gamma production in inflammatory bowel disease.," Gut, vol. 58, no. 12, pp. 1629-36, 2009. https:/
doi.org/10.1136/gut.2009.182170 PMID: 19740775

Vainer B., Nielsen O. H., Hendel J., Horn T. and Kirman I., "Colonic expression and synthesis of inter-
leukin 13 and interleukin 15 in inflammatory bowel disease," Cytokine, vol. 12, no. 10, pp. 1531-1536,
2000. https://doi.org/10.1006/cyt0.2000.0744 PMID: 11023669

Sakuraba A., Sato T., Kamada N., Kitazume M., Sugita A. and Hibi T., "Th1/Th17 immune response is
induced by mesenteric lymph node dendritic cells in Crohn’s disease," Gastroenterology, vol. 137, no.
5, pp. 1736—45, 2009. https://doi.org/10.1053/j.gastro.2009.07.049 PMID: 19632232

Fujino S., Andoh A., Bamba S., Ogawa A., Hata K., Araki Y., Bamba T. and Fujiyama Y., "Increased
expression of interleukin 17 in inflammatory bowel disease," Gut, vol. 52, no. 1, pp. 65-70., 2003.
PMID: 12477762

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi. 1006951  April 30, 2019 21/23


https://doi.org/10.1038/ajg.2011.83
http://www.ncbi.nlm.nih.gov/pubmed/21448149
https://doi.org/10.1038/10343
http://www.ncbi.nlm.nih.gov/pubmed/10391217
https://doi.org/10.1016/S0140-6736(07)60750-8
http://www.ncbi.nlm.nih.gov/pubmed/17499605
http://www.ncbi.nlm.nih.gov/pubmed/9649475
https://doi.org/10.1097/MIB.0b013e3182810041
https://doi.org/10.1097/MIB.0b013e3182810041
http://www.ncbi.nlm.nih.gov/pubmed/23348120
https://doi.org/10.1002/ibd.21579
https://doi.org/10.1002/ibd.21579
http://www.ncbi.nlm.nih.gov/pubmed/21830272
https://doi.org/10.1080/19490976.2015.1121364
http://www.ncbi.nlm.nih.gov/pubmed/26939853
http://www.ncbi.nlm.nih.gov/pubmed/1902808
https://doi.org/10.1038/mi.2008.40
http://www.ncbi.nlm.nih.gov/pubmed/19079225
https://doi.org/10.1016/j.gastro.2005.05.002
http://www.ncbi.nlm.nih.gov/pubmed/16083712
https://doi.org/10.1136/gut.2009.182170
https://doi.org/10.1136/gut.2009.182170
http://www.ncbi.nlm.nih.gov/pubmed/19740775
https://doi.org/10.1006/cyto.2000.0744
http://www.ncbi.nlm.nih.gov/pubmed/11023669
https://doi.org/10.1053/j.gastro.2009.07.049
http://www.ncbi.nlm.nih.gov/pubmed/19632232
http://www.ncbi.nlm.nih.gov/pubmed/12477762
https://doi.org/10.1371/journal.pcbi.1006951

GPLOS |saisermom

I_MDS: an inflammatory bowel disease score predictive of response to anti-TNF treatment

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

Sugihara T., Kobori A., Imaeda H., Tsujikawa T., Amagase K., Takeuchi K., Fujiyama Y. and Andoh A.,
"The increased mucosal mRNA expressions of complement C3 and interleukin-17 in inflammatory
bowel disease," Clinical & Experimental Immunology, vol. 160, no. 3, pp. 386—-393, 2010.

Hazenberg M. D. and Spits H., "Human innate lymphoid cells," Blood, vol. 124, no. 5, pp. 700-709,
2014. https://doi.org/10.1182/blood-2013-11-427781 PMID: 24778151

Geremia A., Arancibia-Carcamo C. V., Fleming M. P., Rust N., Singh B., Mortensen N. J., Travis S. P.
and Powrie F., "IL-23-responsive innate lymphoid cells are increased in inflammatory bowel disease,"
The Journal of Experimental Medicine, vol. 208, no. 6, pp. 1127-1133, 2011. https://doi.org/10.1084/
jem.20101712 PMID: 21576383

Powell N., Lo J. W., Biancheri P., Vossenkamper A., P. E, Walker A. W., Stolarczyk E., Ammoscato F.,
Goldberg R., S. P, Canavan J. B., Perucha E., G.-M. N, Irving P. M., S. J. D, Hayee B., H. J. K, Parkhill
J., MacDonald T. T.and Lord G. M., "Interleukin 6 Increases Production of Cytokines by Colonic Innate
Lymphoid Cells in Mice and Patients With Chronic Intestinal Inflammation," Gastroenterology, vol. 149,
no. 2, pp. 456467, 2015. https://doi.org/10.1053/j.gastro.2015.04.017 PMID: 25917784

Bernink J. H., Krabbendam L., Germar K., de Jong E., Gronke K., Kofoed-Nielsen M., Munneke J. M.,
Hazenberg M. D., Villaudy J., Buskens C. J., Bemelman W. A., Diefenbach A., Blom B. and Spits H.,
"Interleukin-12 and -23 Control Plasticity of CD127(+) Group 1 and Group 3 Innate Lymphoid Cells in
the Intestinal Lamina Propria," Immunity, vol. 43, no. 1, pp. 146—160, 2015. https://doi.org/10.1016/j.
immuni.2015.06.019 PMID: 26187413

Fuchs A., Vermi W., Lee J. S., Lonardi S., Gilfillan S., Newberry R. D., Cella M. and Colonna M., "Intrae-
pithelial type 1 innate lymphoid cells are a unique subset of IL-12- and IL-15-responsive IFN-y-produc-
ing cells," Immunity, vol. 38, no. 4, p. 2013, 769-781. https://doi.org/10.1016/j.immuni.2013.02.010
PMID: 23453631

LiJ., Doty A. L., Igbal A. and Glover S. C., "The differential frequency of Lineage(-)CRTH2(-)CD45(+)
NKp44(-)CD117(-)CD127(+)ILC subset in the inflamed terminal ileum of patients with Crohn’s disease,"
Cellular Immunology, Vols. 304-305, pp. 63—68, 2016. https://doi.org/10.1016/j.cellimm.2016.05.001
PMID: 27215784

Lim A. I., Menegatti S., Bustamante J., Le Bourhis L., Allez M., Rogge L., Casanova J. L., Yssel H. and
Di Santo J. P., "IL-12 drives functional plasticity of human group 2 innate lymphoid cells," The Journal of
Experimental Medicine, vol. 213, no. 4, p. 2016, 569-583. https://doi.org/10.1084/jem.20151750
PMID: 26976630

Fournier B. M. and Parkos C. A., "The role of neutrophils during intestinal inflammation," Mucosal
Immunology, pp. 354—66, 2012. https://doi.org/10.1038/mi.2012.24 PMID: 22491176

Somasundaram R., Nuij V. J., Janneke van der Woude C., Kuipers E. J., Peppelenbosch M. P.and Fuh-
ler G., "Peripheral Neutrophil Functions and Cell Signalling in Crohn‘s Disease," PLOS one, p. 84521,
2013. https://doi.org/10.1371/journal.pone.0084521 PMID: 24367671

Smith A. M., Rahman F. Z., Hayee B., Graham S. J., Marks D. J., Sewell G. W., Palmer C. D., Wilde J.,
Foxwell B. M., Gloger |. S., Sweeting T., Marsh M., Walker A. P., Bloom S. L. and Segal A. W., "Disor-
dered macrophage cytokine secretion underlies impaired acute inflammation and bacterial clearance in
Crohn’s disease," The Journal of Experimental Medicine, vol. 206, no. 9, pp. 1883-1897, 2009. https://
doi.org/10.1084/jem.20091233 PMID: 19652016

Kankuri E., Vaali K., Knowles R. G., Lahde M., Korpela R., Vapaatalo H. and Moilanen E., "Suppression
of acute experimental colitis by a highly selective inducible nitric-oxide synthase inhibitor, N-[3-(amino-
methyl)benzyllacetamidine," Journal of Pharmacology and Experimental Therapeutics, pp. 1128-32,
2001. PMID: 11504810

Harris P., Sridhar S., Peng R., Phillips J. E., Cohn R. G., Burns L., Woods J., Ramanujam M., Loubeau
M., Tyagi G., Allard J., Burczynski M., Ravindran P., Cheng D., Bitter H., Fine J. S., Bauer C. M. and
Stevenson C. S., "Double-stranded RNA induces molecular and inflammatory signatures that are
directly relevant to COPD," Mucosal Immunology, pp. 474-84, 2013. https://doi.org/10.1038/mi.2012.
86 PMID: 22990623

Arijs |, Li K., Toedter G., Quintens R., Van Lommel L., Van Steen K., Leemans P., De Hertogh G.,
Lemaire K., Ferrante M., Schnitzler F., Thorrez L., Ma K., Song X., Marano C., Van Assche G., Ver-
meire S., Geboes K., Schuit F., Baribaud F. and Rutgeerts P., "Mucosal gene signatures to predict
response to infliximab in patients with ulcerative colitis.," Gut, vol. 58, no. 12, pp. 1612-9, 2009. https://
doi.org/10.1136/gut.2009.178665 PMID: 19700435

Arijs I., Quintens R., Van Lommel L., Van Steen K., De Hertogh G., L. K, Schraenen A., Perrier C., Van
Assche G., Vermeire S., Geboes K., Schuit F.and Rutgeerts P., "Predictive value of epithelial gene
expression profiles for response to infliximab in Crohn’s disease.," Inflammatory Bowel Disease, vol.
16, no. 12, pp. 2090-8, 2010.

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi. 1006951  April 30, 2019 22/23


https://doi.org/10.1182/blood-2013-11-427781
http://www.ncbi.nlm.nih.gov/pubmed/24778151
https://doi.org/10.1084/jem.20101712
https://doi.org/10.1084/jem.20101712
http://www.ncbi.nlm.nih.gov/pubmed/21576383
https://doi.org/10.1053/j.gastro.2015.04.017
http://www.ncbi.nlm.nih.gov/pubmed/25917784
https://doi.org/10.1016/j.immuni.2015.06.019
https://doi.org/10.1016/j.immuni.2015.06.019
http://www.ncbi.nlm.nih.gov/pubmed/26187413
https://doi.org/10.1016/j.immuni.2013.02.010
http://www.ncbi.nlm.nih.gov/pubmed/23453631
https://doi.org/10.1016/j.cellimm.2016.05.001
http://www.ncbi.nlm.nih.gov/pubmed/27215784
https://doi.org/10.1084/jem.20151750
http://www.ncbi.nlm.nih.gov/pubmed/26976630
https://doi.org/10.1038/mi.2012.24
http://www.ncbi.nlm.nih.gov/pubmed/22491176
https://doi.org/10.1371/journal.pone.0084521
http://www.ncbi.nlm.nih.gov/pubmed/24367671
https://doi.org/10.1084/jem.20091233
https://doi.org/10.1084/jem.20091233
http://www.ncbi.nlm.nih.gov/pubmed/19652016
http://www.ncbi.nlm.nih.gov/pubmed/11504810
https://doi.org/10.1038/mi.2012.86
https://doi.org/10.1038/mi.2012.86
http://www.ncbi.nlm.nih.gov/pubmed/22990623
https://doi.org/10.1136/gut.2009.178665
https://doi.org/10.1136/gut.2009.178665
http://www.ncbi.nlm.nih.gov/pubmed/19700435
https://doi.org/10.1371/journal.pcbi.1006951

.@' PLOS COMPUTATIONAL
Z) : BIOLOGY |I_MDS: an inflammatory bowel disease score predictive of response to anti-TNF treatment

72. BaoZ.S. LiM.Y.,WangJ.Y.,Zhang C.B.,WangH. J., Yan W, Liu Y. W., Zhang W., Chen L. and
Jiang T., "Prognostic value of a nine-gene signature in glioma patients based on mRNA expression pro-
filing," CNS Neuroscience & Therapeutics, pp. 112-8, 2014.

73. SimonE. P, Freije C. A, Farber B. A, Lalazar G., Darcy D. G., Honeyman J. N., Chiaroni-Clarke R.,
Dill B. D., Molina H., Bhanot U. K., La Quaglia M. P., Rosenberg B. R. and Simon S. M., "Transcriptomic
characterization of fibrolamellar hepatocellular carcinoma," Proceedings of the National Academy of
Science, pp. E5916-25, 2015.

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi. 1006951  April 30, 2019 23/23


https://doi.org/10.1371/journal.pcbi.1006951

