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ABSTRACT
Objective Genome-wide association studies (GWAS)
have identified genetic variants within multiple risk loci
as predisposing to intestinal inflammatory diseases,
including Crohn’s disease, ulcerative colitis and coeliac
disease. Most risk variants affect regulation of
transcription, but a critical challenge is to identify which
genes and which cell types these variants affect. We
aimed to characterise whole transcriptomes for each
common T lymphocyte subset resident within the gut
mucosa, and use these to infer biological insights and
highlight candidate genes of interest within GWAS risk
loci.
Design We isolated the four major intestinal T cell
populations from pinch biopsies from healthy subjects
and generated transcriptomes for each. We
computationally integrated these transcriptomes with
GWAS data from immune-related diseases.
Results Robust, high quality transcriptomic data were
generated from 1 ng of RNA from precisely sorted cell
subsets. Gene expression patterns clearly differentiated
intestinal T cells from counterparts in peripheral blood
and revealed distinct signalling pathways for each
intestinal T cell subset. Intestinal-specific T cell
transcripts were enriched in GWAS risk loci for Crohn’s
disease, ulcerative colitis and coeliac disease, but also
specific extraintestinal immune-mediated diseases,
allowing prediction of novel candidate genes.
Conclusions This is the first report of transcriptomes
for minimally manipulated intestinal T lymphocyte
subsets in humans. We have demonstrated that careful
processing of mucosal biopsies allows the generation of
transcriptomes from as few as 1000 highly purified cells
with minimal interindividual variation. Bioinformatic
integration of transcriptomic data with recent GWAS
data identified specific candidate genes and cell types
for inflammatory pathologies.

INTRODUCTION
Genetic mapping of susceptibility loci for common
diseases is proceeding at pace1–4 but where many
genes map to a risk locus the identity of the causal
gene is difficult to discern. In most instances, risk
associated genetic variants are predicted to affect
transcriptional regulation.5 6 Some of these effects
may be identified through the generation of human
genome-wide expression quantitative trait locus
(eQTL) data sets.7 However, the cell-type specifi-
city and modest magnitude of eQTL effects7–9

mandates isolation and purification of multiple cell

types of interest from large numbers of donors.
Consequently, for most primary human cell types
such data remain unavailable. This is particularly

Open Access
Scan to access more

free content

Significance of this study

What is already known on this subject?
▸ GWAS studies have identified large numbers of

genetic risk loci associated with increased risk
of developing intestinal inflammatory disorders,
but most risk variants are non-coding and are
believed to act through regulation of gene
expression in a cell-type specific manner.

▸ Many IBD risk loci contain multiple ‘candidate
genes’. For many the causal gene has not been
defined and little is known about the cell types
which may be most relevant for their functional
effects.

▸ T cells resident within the intestinal mucosa
represent the largest accumulation of T cells in
the body and play a prominent role in
regulation of mucosal inflammation.

▸ Intestinal T cells differ markedly from T cells in
the peripheral blood in terms of surface marker
expression. Little functional data is available for
intestinal T cells and their gene expression
patterns have never been characterised at a
transcriptional level in healthy humans.

What are the new findings?
▸ We report the successful isolation and full

transcriptional analysis of the four major T cell
populations of the human intestinal mucosa.

▸ Precise bioinformatic analysis provides insight
into human mucosal T cell specific gene
expression patterns and signalling pathways.

▸ Overlaying expression and genetic data allows
the identification of candidate genes and
candidate cell types for explaining the
functional impact of GWAS risk loci.

How might it impact on clinical practice in
the foreseeable future?
▸ The identification of gut specific expression

patterns and candidate genes at GWAS risk loci
permits targeted therapeutic strategies for
regulation of gut inflammation.

▸ The capacity to generate transcriptomic analysis
of cell populations from biopsies offers a new
approach to assess at a molecular level the
cell-specific impact of therapeutic interventions.
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true for cells located at sites of disease manifestation. Instead,
investigators have hitherto had to infer insights from studies of
murine tissue, transformed cell lines, human peripheral blood
or in silico literature-mining in order to highlight candidate
genes within a risk locus.2

The need to capitalise upon genetic data to gather functional
insight is particularly felt in inflammatory diseases of the GI tract,
where a number of high quality genome-wide association studies
(GWAS) have been performed. Importantly, while a range of
immunocytes are present in the GI mucosa and contribute to
inflammatory homeostasis, T cells represent the dominant popula-
tion.10 Intestinal Tcells appear to be tissue resident, show minimal
recirculation in the peripheral blood,10 11 and exhibit fundamental
differences to those found in other sites in terms of cell surface
marker expression, activation pathways and putative function.10 12

These cell populations therefore represent plausible candidates in
which causal genetic variants might exert their effects. Practical
limitations prevent the generation of an eQTL data set for human
intestinal T cells due to difficulties accessing these populations in
large numbers of subjects. As an alternative, transcriptomic data can
provide a genome-wide assessment of population characteristics and
allow unbiased identification of genes of functional relevance.13 In
particular, those genes upregulated in intestinal T cells compared
with a reference peripheral blood Tcell population might be of par-
ticular importance for intestinal immune homeostasis and afford
insight into the unique nature of intestinal Tcell populations. We rea-
soned that testing of the overlap between these upregulated genes
and GWAS risk loci for inflammatory disease would identify genes of
importance for intestinal immune homeostasis potentially subject to
transcriptional regulation modulated by disease-associated genetic
variation. Further, that this would provide a novel approach to the
identification of candidate risk genes.

Biological insight into human immunocytes has been domi-
nated by studies in peripheral blood, and T cell populations in
the healthy human intestine have never been characterised at a
transcriptional level. Even in the better studied murine model
system, where the profound differences of intestinal T cell dif-
ferentiation and function compared with those found at other
locales has been studied, there are only limited transcriptomic
data for individual intestinal cell subsets,14 15 including murine
subpopulations without direct human equivalents.16

Intestinal T cells can be divided into two distinct populations:
intraepithelial lymphocytes (IELs) reside interspersed among
intestinal epithelial cells, and lamina propria lymphocytes
(LPLs) are resident in the deeper stromal layer. In the present
study our first aim was to generate transcriptomic profiles for
the four most abundant T cell populations of the healthy human
intestine (CD4 and CD8 IELs, and CD4 and CD8 LPLs), along
with paired reference populations from peripheral blood. The
transcriptional profile of each subset is here made available as a
resource. Using strictly defined anatomical, physiological and
pathological criteria, we have successfully minimised the interin-
dividual variability that often confounds human studies, while
an optimised experimental workflow, precise polychromatic
flow cytometric sorting and robust computational analysis
further increased data reliability. We next subjected these tran-
scriptomes to in silico analysis to generate insight into activity
within these cell populations through analysis of genes showing
differential expression between intestinal and peripheral blood
T cells. Finally, we sought to determine the enrichment of genes
differentially overexpressed in these critical gut immune cell
populations within risk loci identified by GWAS in a number of
immune-mediated diseases, and align these to existing functional
knowledge regarding genes at these loci.

METHODS
Subject selection and sample collection
Six healthy non-smoking female subjects aged 33–52 years,
taking no regular medications who were undergoing ileocolono-
scopy for screening purposes, were recruited for biopsy collec-
tion. The terminal ileum (TI) was chosen for a number of
reasons: it represents a reliable anatomical landmark, is the most
common site of first presentation of Crohn’s disease (CD),17

and is the site of highest density of luminal microbes in the
small intestine.18 No appreciable abnormalities were noted
macroscopically, nor were any histological abnormalities noted
on routine biopsy analysis. Subjects received a standardised
bowel preparation and underwent the procedure in the
morning. Eight pinch biopsies were collected from the TI with
visual avoidance of Peyer’s patches as well as of previously
sampled areas. Biopsies were collected into medium on ice and
processed immediately, and 10 mL of peripheral blood was also
collected into tubes containing 15 mg EDTA. Ethical approval
was granted by the Cambridge National Health Service
Research Ethics Committee, reference 01/418.

Tissue processing
TI biopsies were suspended in calcium and magnesium free
medium with 2 mM EDTA and 1 mM DTT and agitated for
30 min with three changes of media. At each stage, supernatants
(containing the IEL fraction) were separated off using a 70 μm
cell strainer. After the last media change, the remaining frag-
ments were dissociated through incubation with 200 U mL−1

collagenase IV for 1 h, prior to washing through a 70 μm cell
strainer. Peripheral blood mononuclear cells were separated by
centrifugation over a Nycodenz density gradient. All isolation
steps with the exception of enzymatic digestion were performed
at 4° C. Cells were stained with an antibody cocktail comprising
monoclonal antibodies (mAb) to CD19 (HIB19), CD326 (9C4),
TCRαβ (IP26), CD62L (DREG-56), CD45RO (UCHL1), CD8a
(HIT8a), CD4 (RPA-T4), CD3 (SK7) and CD8β (2ST8.5H7).
After the final antibody wash step, 40,6-diamidino-2-phenylindole
was added to washed cells, to enable live/dead discrimination.
A strict phenotypical definition was applied for sorting to avoid
population contamination, as CD3+TCRαβ+ CD19− CD326−/lo

40,6-diamidino-2-phenylindole− CD62L− CD45RO+, further
subcharacterised as CD4+CD8α− CD8β− or CD4− CD8α+

CD8β+. Cell separation was performed using a BD Facs Aria III
cell sorter with cells sorted directly into chilled cell lysis and
RNA stabilisation buffer (Buffer RLT, Qiagen) prior to storage at
−80° C. Sort purity was verified to >99% prior to and after each
sort. To minimise cellular perturbation, sorting was performed
using a 100 mm nozzle at low sorting pressures using chilled,
preservative-free PBS.

RNA extraction and microarray preparation
Total RNA was isolated from sorted cells using RNeasy micro
kits (Qiagen) for expression analysis using Human Gene ST 1.0
microarrays (Affymetrix). A number of specific laboratory and
computational measures were undertaken to enable reliable
transcriptomic analysis using just 1 ng of RNA from each cell
population, as detailed in the online supplementary material.
Genes showing differential expression were used for pathway
analysis with Ingenuity Pathway Analysis (Ingenuity Systems)
and enrichment significance determined by Fisher’s exact test,
and for protein-protein interaction modelling as detailed in the
online supplementary material.

Intestinal inflammation
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GWAS interval enrichment analysis
Testing for enrichment of differentially expressed genes within
genetic risk loci, as well as analysis of enrichment of transcrip-
tion factor chromatin immunoprecipitation sites were performed
as described in the online supplementary material (Accession
code. GEO: microarray data, GSE49877).

RESULTS
Generation of a high quality T cell transcriptome resource
for human intestinal T cells
We extracted IELs and LPLs from pinch biopsies of the TI taken
during ileocolonoscopy from six healthy, non-smoking female
subjects aged 32–55 years taking no regular medications.
Extensive measures were taken to minimise interindividual vari-
ation and ex vivo cellular perturbation (see online supplemen-
tary methods). Precisely defined CD4+ and CD8+ T effector
memory (TEM) cells were purified from biopsies and paired per-
ipheral blood samples according to a strict phenotypical defin-
ition, using polychromatic sorting (see methods). Peripheral
blood TEM cells may be identified as CD45RO+ CCR7− and
express variable levels of CD62L.19 However, we find
CD45RO+ CCR7− T cells in the gut do not express CD62L,
and likewise gut CD45RO+ CD62L− cells do not express CCR7
(20 and data not shown). For this reason, we used CD45RO+

CD62L− to define TEM cell populations. Since most gut T cells
belong to the TEM subset, in contrast to peripheral blood T
cells, which predominantly bear a naïve or central memory
phenotype,21 22 this approach results in the identification of
TEM cells in the blood and gut with a closely matched cell
surface activation phenotype and thus minimises biasing com-
parative analysis towards pathways associated with cellular acti-
vation and memory (see online supplementary figure S1A–F).

The use of fresh biopsy tissue from healthy individuals (rather
than much larger tissue sections from the margins of diseased
explants, where results are likely to be biased by the underlying
pathology or perioperative factors including variation in ischae-
mic time and concomitant medication) resulted in cell yields in
the 103–104 range. This necessitated RNA amplification with
just 1 ng RNA of starting material from each population, which
we achieved without the introduction of 30 bias or loss of inter-
array signal array concordance that can occur with in vitro tran-
scription based amplification technologies (see online
supplementary figure S1G,H).23 In order to maximise reliable
signal/noise discrimination and allow detection of low abun-
dance transcripts that are often excluded from such analyses,
without reduction in the statistical power to detect differentially
expressed genes,24 we used a sophisticated analysis approach,
based upon comparison of the signal from each of the probes in
a given set to that from non-expressed control probes matched
for GC-content. Pairwise analysis of gut TEM cell populations
with phenotypically matched cells from the peripheral blood of
the same individual further increased statistical power.

Human intestinal T cell transcriptomes reveal major
differences from peripheral blood
The expression data set is publically available (Gene Expression
Omnibus accession number GSE49877 http://www.ncbi.nlm.nih.
gov/geo). Within the total data set we detected 9468 gene tran-
scripts that passed filtering criteria, of which 2868 (30.2%)
showed differential expression between at least one pair of TEM

populations and 1712 (18.2%) showed differential expression
between one or more gut populations and the paired peripheral
blood TEM population (≥1.4-fold change; adjusted p<0.05),

already highlighting the fundamental differences in
tissue-resident compared with peripheral blood T cells. Greater
overlap of differentially expressed transcripts was observed
between CD4+ and CD8+ TEM cells from the same gut com-
partment than between LPLs and IELs (see online supplemen-
tary figure S2). Importantly, principal variance component
analysis confirmed that the largest determinant of variance came
from tissue source (LPLs vs blood vs IELs) with cell type (CD4+

vs CD8+) showing less contribution, and interindividual vari-
ation accounting for <5% of total variance (figure 1A), an
observation borne out by unsupervised hierarchical clustering
analysis (figure 1B). k-means clustering analysis identified tran-
scripts showing similar expression patterns associated with IEL
and/or LPL and blood TEM populations (figure 1C).

Intestinal T cells exhibit shared and compartment-specific
differential expression of transcripts for T cell chemotaxis
and activation
Transcripts showing differential expression in gut TEM cells
included several with little or no previously described role in T
cell biology as well as many previously implicated from murine
studies as involved in T cell trafficking, activation, regulation
and co-stimulation. (figure 1C, see online supplementary figure
3A,B).

Transcripts significantly upregulated in all gut populations
included integrin ITGAE (CD103, integrin αE), CCR9, CCL20
and RGS1 (regulator of G-protein signalling 1), all involved in
homing of T cell to the gut,25–28 while ITGA6 (integrin α6),
ITGB1 (integrin β1), ITGB2 (integrin β2) and CXCR3 were sig-
nificantly downregulated across all gut populations. CXCR3 is
implicated in the trafficking of peripheral blood TEM cells into
inflamed bowel,29 30 but does not appear to be highly expressed
under homeostatic conditions by gut resident TEM cells. S1PR1
and S1PR4 (sphingosine-1-phosphate receptors 1 and 4, respect-
ively), regulators of T cell activation and lymphoid organ
egress,31 were downregulated in gut T cells. Reflecting tight ana-
tomical compartmentalisation, we noted a number of
IEL-specific and LPL-specific adhesion molecule and chemokine
associated transcripts, including ICAM1, CD38, CD44, CD97,
CCL3, CCR6 and CXCR4 all upregulated in LPLs but not IELs,
while CEACAM1, CEACAM5, CCL14, CCL15 and CCL25 were
upregulated in IELs but not LPLs (figure 1C, and data not
shown).

The critical effector T cell cytokine, interleukin 2 (IL-2), was
upregulated across all gut populations. Although previous reports
have shown high levels of activation in murine intestinal T cells
compared with peripheral blood T cells of a largely naïve pheno-
type,21 our findings suggest a high basal level of activation under
homeostatic conditions among human gut T cells even when
compared with peripheral blood TEM populations that were
matched according to their surface activation marker phenotype.
This seems to be particularly true of LPL TEM cells (see online
supplementary figure 3A). In keeping with this observation, we
also found profound upregulation across all intestinal TEM

subsets of transcripts for FOS, FOSB, JUN and JUNB, compo-
nents of the heterodimeric transcription factor activator protein
1 (AP-1). AP-1 signals downstream of the Tcell receptor and mul-
tiple Tcell co-stimulatory pathways drive IL-2 production, along-
side transactivation of a variety of other inflammatory mediators.
Other transcription factors synergise with AP-1 in driving IL-2
production, including GABP, NFKB and EGR1,32 all of which
were significantly upregulated in CD4+ and CD8+ LPLTEM cells
(data not shown). This central role for nuclear AP-1 transcription
factor activity, mediated through FOS and JUN was supported by
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Figure 1 Analysis of human TEM transcriptomes reveals compartment-specific signatures. (A) Effective removal of batch effects and minimisation of
patient-of-origin variables within the expression microarrays. After initial background correction and normalisation, expression microarray data were
subjected to correction for known potential batch effects within the data set. The effect size of known variables, including batch assignment, patient
of origin, tissue source (IEL, LPL or blood) or cell type (CD4 or CD8) were then tested by PVCA which estimates the proportion of total variance
within the data set that may be attributed to each variable. (B) Unsupervised hierarchical cluster analysis of transcriptomes from human gut and
blood TEM cells using the 500 transcripts showing the greatest variance. (C) k-means cluster analysis was performed on transcripts showing
≥1.4-fold change in mean expression values between at least one pair of TEM cell populations and a within-sample coefficient of variation ≤0.5.
Expression levels for genes in the 8 most discriminant clusters are shown, based upon maximisation of the between-group difference in
centre-weighted expression values, with the number of transcripts in each cluster (n) indicated along with representative examples of transcripts
from the cluster. Row mean-centred expression levels are shown, with red representing above average expression and blue representing below
average expression (red-blue colour bar upper right). Array column order in C is preserved as determined by hierarchical clustering in B. (D) Top
upregulated canonical immune signalling pathways based upon Ingenuity pathway analysis of transcripts upregulated in intestinal TEM cell
populations relative to paired peripheral blood TEM populations. Each list of differentially expressed genes is assessed for the proportion mapping to
relevant immune canonical signalling pathways, and the result compared with that observed in the entire data set to calculate significance. p values
after correction for multiple testing are indicated by background colour (yellow-red colour bar bottom right). IEL, intraepithelial lymphocytes; LPL,
lamina propria lymphocytes; PVCA, principal variance component analysis; TEM, T effector memory.
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evidence from protein-protein interaction modelling (see online
supplementary figure S4), as well as from previous reports for
murine IELs21 and LPLs.14 We also noted the expression of
several transcripts associated with regulatory T cell activity, par-
ticularly among CD4+ LPLs, including IL2RA, CTLA4, FOXP3
and CD83. Taken together, these findings point to a high degree
of cellular activation with simultaneous tight regulatory control
among human gut T cells under steady-state conditions, in
keeping with previous reports in the mouse.21

Intestinal T cell transcriptomes show evidence for TH17 and
TNFR signalling alongside alternative co-stimulatory
pathways
BATF, another AP-1 member, was significantly upregulated along
with IRF4 in CD4+ LPL TEM cells; BATF/JUN/IRF4 complexes
have been shown to bind diverse DNA elements and to be crit-
ical in directing T helper (TH) 17 cytokine production by acting
as pioneer factors to open chromatin sites up to the binding of
other TH17 transcription factors33–35 including AHR, RORA,
STAT3, KDM6B and HIF1A,35 all of which also showed signifi-
cant upregulation in LPL CD4+ TEM cells. Other TH17 asso-
ciated transcripts upregulated in CD4+ LPL TEM cells included
IL1R1, IL22, IL23R and CCR6. The role of TH17 cytokines for
murine mucosal homeostasis is well recognised,36 and our find-
ings are consistent with murine data showing small intestinal LP
CD4+ T cells as the predominant source of IL17A under
homeostatic conditions.37 It is also interesting to note the prom-
inent role for TH17 pathway members highlighted by genetic
studies of susceptibility to IBD.38

The importance of IL-17A signalling in intestinal T cells was
supported by pathway analysis, which also showed evidence for
signalling through both receptors for tumour necrosis factor α,
TNFR1 and TNFR2, as well as multiple alternative pathways of
T cell activation and regulation, including the glucocorticoid
receptor (NR3C1), CD27 and 4-1BB (figure 1D).
Protein-protein interaction modelling reinforced these findings,
with evidence of NR3C1 signalling in LPL T cell networks, as
well as NF-κB signalling (see online supplementary figure S4),
consistent with TNFR signalling as suggested by pathway ana-
lysis. Indeed, multiple NF-κB pathway members were all upre-
gulated in CD4+ and CD8+ LPL TEM cells, including NFKB1,
NFKB2, REL and RELB, as well as their associated regulatory
and target genes, including NFKBIA (IκBα), NFKBID (IκBδ),
NFKBIE (IκBε) and NFKBIZ (IκBζ).

Risk loci for GI inflammatory pathologies are selectively
enriched for transcripts upregulated in gut T cells
Genes differentially expressed in gut TEM cell populations rela-
tive to peripheral blood TEM cell populations may be predicted
to be important for gut immune homeostasis. Perturbations of
this homeostasis are implicated in a number of inflammatory
diseases in humans, affecting the intestine itself and other organ
systems.39–41 We reasoned that GWAS of intestinal inflammatory
diseases might identify genetic loci containing genes important
for intestinal immune homeostasis, and hence be enriched for
genes showing differential expression in intestinal T cells under
steady-state conditions.

To this end, we defined a genomic interval extending 0.2
centiMorgan (cM) either side of the ‘focal’ single nucleotide
polymorphism (focal SNP—ie strongest association signal) for
each confirmed GWAS susceptibility locus for a range of
common diseases and traits. We then assessed the frequency

with which these intervals contained a transcript which we
found to be upregulated or downregulated in any of the four
gut TEM populations relative to their paired peripheral blood
TEM population. We compared the degree of overlap observed
with background distributions generated by repeat testing of
equivalent numbers of transcripts selected at random from the
total data set of TEM expressed transcripts, regardless of differ-
ential expression (figure 2).

We first tested three common GI inflammatory diseases for
which high quality GWAS data have been generated and which
demonstrate confirmed association with multiple independent
risk loci: CD, ulcerative colitis (UC) and coeliac disease (CeD).
For all three diseases, we noted marked convergence between
genetic risk loci and transcripts upregulated in LPL TEM cells
relative to peripheral blood, reaching statistical significance in all
instances apart from CD4+ LPL TEM cells in UC (figure 3). In
keeping with evidence for IELs and LPLs playing a key role in
the pathogenesis of CeD42 43 we also found significant enrich-
ment at CeD risk loci for transcripts upregulated in IEL TEM

cells. More significant enrichment observed with CD and CeD
compared with UC risk loci may reflect the colonic focus of
UC, whereas in our study the TEM cells were extracted from
small bowel biopsies.

No significant enrichment for any of the three diseases was
noted for genes downregulated in any gut population (ie upre-
gulated in peripheral blood TEM relative to gut TEM, online sup-
plementary figure S5), nor did we detect any significant
enrichment for differentially expressed genes with risk loci for
non-inflammatory polygenic traits tested: body mass index,
height or blood cholesterol levels (figure 3).

We next tested a number of diseases where the inflammatory
pathology occurs outside of the intestine. We did not detect any
significant enrichment for asthma, primary biliary cirrhosis,
rheumatoid arthritis or systemic lupus erythematosus. However,
there was a highly significant overlap between Type 1 diabetes
(T1D)-associated loci and genes upregulated in CD4+ and CD8+

LPLs and CD8+ IELs. Likewise, we found significant overlap for
psoriasis risk loci and genes upregulated in both LPLTEM popula-
tions; for multiple sclerosis (MS), risk loci showed significant
overlap with genes upregulated in CD4+ LPL TEM cells, but also
with genes downregulated in CD8+ IEL and LPLTEM cell popula-
tions. Several of these immune diseases share multiple genetic sus-
ceptibility loci. However, the enrichment around SNPs associated
with extraintestinal pathology was not solely restricted to those
genetic loci shared with GI inflammatory diseases (figure 4).

UC and CD represent two related forms of IBD, with consid-
erable overlap of genetic risk loci.2 In order to test for the signa-
ture of a common transcription factor whose activity might link
gut T cell expressed genes with risk loci for IBD, we employed
chromatin immunoprecipitation enrichment analysis, a compu-
tational approach based on the identification of clusters of upre-
gulated and downregulated genes sharing common transcription
factor binding sites in their promoter regions, as identified by
chromatin immunoprecipitation assays.44 We identified HNF4a
as a potential key transcription factor associated with patterns of
gene expression seen in CD4+ and CD8+ LPL TEM cells.
Importantly, binding sites for HNF4a were significantly enriched
at IBD associated SNPs that lay close by an LPLTEM upregulated
gene, but not at IBD associated SNPs that do not map to upre-
gulated genes (p=0.01, see online supplementary table S1).
Deletion of Hnf4a in murine intestinal epithelial cells results in
spontaneous colitis,45 and HNF4a is a candidate gene at the UC
risk locus tagged by rs60173422; however, a role for HNF4a in
T cell homeostasis remains unexplored.
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DISCUSSION
Using a range of experimental and bioinformatic procedures to
overcome the barriers associated with the study of primary
human GI T cells under homeostatic conditions, we report here
unbiased expression microarray data for minimally manipulated
T cells from the small intestine of tightly matched, healthy con-
trols. We demonstrate that this approach allows the identifica-
tion of genes upregulated in specific gut T cell subsets and that
these genes cluster non-randomly around risk loci for inflamma-
tory pathologies, thus providing an alternative novel approach
to candidate gene identification at GWAS risk loci.

The only previously reported human intestinal T cell tran-
scriptional studies used prolonged in vitro culture and expan-
sion of clones derived from atypical IEL T cells associated with
refractory CeD.46 47 Here, we used material from just eight ileal
biopsies, allowing study of physiologically relevant tissue from
healthy control individuals rather than dependence upon dis-
eased explants. Low cell yields associated with the use of biop-
sies and high stringency cell sorting, necessitated working with
1 ng starting RNA, and hence required rigorous laboratory and

bioinformatic procedures to generate reliable microarray data
(see online supplementary figure. S1G,H). Furthermore,
through these procedures we were able to minimise interindivi-
dual variation to a remarkable extent (figure 1A) and to demon-
strate statistically significant differences in gene expression using
just six donors. Notably a recent report of tissue-specific pat-
terns of gene expression for primary human dendritic cells, iso-
lated from four skin donors and six unpaired blood donors,
gained meaningful insight despite comparatively small sample
sizes.48 Likewise, other investigators have performed insightful
transcriptomic analysis of human intestinal dendritic cell subsets
using unpaired samples from three to five individuals per cell
type with comparison to peripheral blood and skin biopsies
from different individuals.49 The pairwise comparison of
samples from the same individual that we were able to make in
our study further underpins the validity of our analysis.

We went to extensive lengths to minimise cellular perturb-
ation by keeping the isolation process brief and working at 4° C
wherever possible. Cell sorting, in particular, can induce cellular
stress. For this reason we used chilled, preservative-free flow

Figure 2 Overview of the algorithm for testing for association between focal SNP lists from GWAS studies and lists of differentially expressed
genes. Lists of focal SNPs were filtered for genome wide significance and autosome mapping, and assigned a genomic interval extending 0.2 cM
either side. The fraction of SNPs with intervals overlapping one or more differentially expressed transcripts was then calculated. The significance of
this overlap was calculated, based upon repeated testing of the overlap of a random selection of transcripts from the list of all transcripts expressed
in the data set, regardless of relative expression. In each iteration of the random sampling algorithm, the number of transcripts selected
corresponded to the total number of unique genomic regions represented in the original differential gene expression list. GWAS, genome-wide
association studies; SNP, single nucleotide polymorphism; TEM, T effector memory.

Figure 3 Risk loci for intestinal and non-intestinal inflammatory pathologies are enriched for genes upregulated in gut TEM cell populations.
Genetic risk loci associated with a range of diseases and traits, as indicated, were tested for overlap with transcripts showing upregulated expression
in specific intestinal TEM cell populations relative to paired peripheral blood TEM cell populations, according to the algorithm illustrated in figure 2.
The proportion of risk intervals containing one or more differentially expressed genes within a window extending 0.2 cM either side of the lead SNP,
is shown for each trait/gene list combination, with background colouring indicating the significance of the observation, as per the legend. The total
number of risk intervals tested for each condition, after filtering for genome wide significance and overlapping intervals, is shown at the head of
each column; citations for lists of SNPs used are given in Methods. SNP, single nucleotide polymorphism; TEM, T effector memory.
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buffers at low pressures with a large nozzle size, and sorted cells
directly into a lysis and RNA stabilisation buffer to minimise the
risk of effects on RNA transcription. Exposure of peripheral
blood mononuclear cells to the conditions used for IEL and LPL
isolation prior to cell sorting did not lead to significant detect-
able changes in TEM gene expression, reducing the possibility of
transcriptomic differences arising as an artefact of cell isolation
(see online supplementary figure S6).

The gut transcriptomes generated in the current study for the
four most abundant human intestinal T cell populations now
allow interrogation of gene expression in these critical popula-
tions in man. It is notable that 25% of known IBD risk loci
contain a gene showing differential upregulation within an LPL
TEM cell population under homeostatic conditions, while 35%
of CeD loci contain a gene upregulated in LPL or IELTEM cells.
Although we chose a window size of 0.2 cM either side of the
focal SNP, in line with previous studies of the cis-acting regula-
tory effects of genetic variants,8 similar significant enrichment at
risk loci was seen when using smaller window sizes of 0.1 cM
(data not shown). Our choice of threshold for genes showing
differential expression of ≥1.4-fold change is based upon

estimates of the threshold for reliability of expression microar-
rays from quantitative PCR validation studies50 and is consistent
with the approach taken in recent T cell transcriptomic
studies.51 Reassuringly, repeating our analysis of GWAS risk loci
for enrichment in genes showing ≥2-fold change revealed
minimal differences in the enrichments observed compared with
those we had observed using genes showing ≥1.4-fold change
(data not shown).

This enrichment points to the importance of genes involved
in intestinal T cell homeostasis in predisposition to gut inflam-
mation and hence to the primacy of these cells and genes in
disease pathogenesis. That GWAS risk loci might also be
enriched for genes showing upregulation in intestinal immuno-
cytes under conditions of already established intestinal inflam-
mation is not investigated in the present study, but merits
further exploration. Nonetheless, there is a strong rationale to
study genetic relationships in cells from healthy individuals,52 in
keeping with a variety of important studies in the field.53–55 The
use of tissue from healthy individuals represents an opportunity
to study the relevance of GWAS loci in biologically relevant cell
types and represents a logical extension to prior attempts to

Figure 4 Annotation of disease-associated SNPs with genes showing differential expression in intestinal TEM populations. For each of disease
SNP-differential gene list combinations for which the degree of overlap reaches statistical significance (as shown in figure 3), those risk loci
(encompassing a 0.2 cM window either side of the focal SNP) that contain a gene differentially expressed in a gut TEM cell population are shown.
Also indicated are the positional candidate genes identified as of interest in the original papers reporting genetic association. Where a risk locus is
associated with a specific disease, the intersection between the locus (rows) and disease (columns) is shaded; where this is associated with a
differentially expressed gene, the gene name(s) are indicated in the subcolumn for the appropriate TEM population. Note that where there is an
association between a risk locus and a disease, but no differentially expressed gene at that risk locus in a given TEM subpopulation, the
corresponding cell is shaded, but left empty. Note also that for risk loci shared between different diseases, the focal SNP may vary between diseases
as indicated in the figure footnote. BMI, body mass index; IEL, intraepithelial lymphocytes; LPL, lamina propria lymphocytes; MS, multiple sclerosis;
PBC, primary biliary cirrhosis; RhA, rheumatoid arthritis; SLE, systemic lupus erythematosus; SNP, single nucleotide polymorphism; T1D, Type 1
diabetes; TEM, T effector memory.
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understand GWAS data in the context of immortalised cell
lines56 or ex vivo differentiated tissue.57 Ultimately, identifying
causal genes and linking their altered expression to GWAS risk
SNPs requires a plausible biological mechanism or demonstra-
tion of allele-specific expression, or both,53 tasks which are
technically challenging even when working with primary human
cell types that can be sampled with relative ease, such as periph-
eral blood. The tissue-specificity of intestinal transcriptomic sig-
natures we report serves as an important reminder of the
fundamental limitations in attempts to infer biological insight
from such readily accessible peripheral blood cell types.

In many instances, the gene-SNP overlaps we observe impli-
cate an already proposed candidate gene, lending support to
existing analyses, as well as highlighting the potential import-
ance of a specific population of gut immune cells (figure 4). For
example, the IBD associated risk variant rs1819333 on chromo-
some 6 lies over 160 kB upstream of CCR6, a candidate gene
previously implicated from in silico analysis; our finding of dif-
ferential upregulation of transcripts for CCR6 in LPLTEM lends
weight to this case. Likewise, rs11742570 lies almost 270 kB
upstream of the LPL TEM cell upregulated gene PTGER4, which
encodes a prostaglandin E receptor shown to regulate T cell acti-
vation and TH17 signalling58 and which has been identified as a
candidate IBD risk gene through in silico analysis.2 In contrast,
in a gene-dense region of chromosome 2 with risk variants asso-
ciated with IBD, CeD and psoriasis, previous in silico analyses
have suggested multiple alternative candidate genes2 4 59; we
find that at this locus the canonical NF-κB transcription factor
REL is strongly upregulated in LPL TEM cell populations com-
pared with peripheral blood TEM cells.

In other instances our approach offers new leads in loci
devoid of obvious candidate genes, or, as important, highlights
alternatives to genes previously proposed (figure 4). For
instance, rs35675666 shows significant association with IBD
risk and lies close to multiple genes, including TNFRSF9, which
was previously highlighted as a likely positional candidate gene
by in silico analysis.2 In our study, an alternative gene within
this region, ERRFI1, showed high levels of expression in CD8+

LPLTEM cells. ERRFI1 encodes a cytoplasmic protein mediating
negative inhibition of signalling through the family of epidermal
growth factor receptors, which share a common signal transduc-
tion pathway through ERK-MAPK with the T cell receptor.
Importantly, epidermal growth factor-receptor mediated signal-
ling has recently been reported to modulate intestinal T cell
regulation in a murine colitis model,60 and ERRFI1 is also
highly expressed in murine LPL T cells, but not splenic T cells.14

We also noted high LPL TEM transcription of another regulator
of MAPK signalling, DUSP16; the IBD-associated SNP
rs11612508 lies within a DUSP16 intron, but the candidate
gene previously reported at this locus is a gene of unknown
function, LOH12CR1, based upon eQTL effects reported in
adipose tissue.2 61

Other examples of informative gene-SNP overlaps we
observed include rs17391694, which marks a region on
chromosome 1 associated with CD risk, and lies 140 kB down-
stream of DNAJB4, which we show to be highly expressed in
LPL TEM cells. DNAJB4 is a HSP-40 family member, only
recently described and barely studied in the literature; conse-
quently, in silico analysis did not detect any candidate genes
within the rs17391694 risk locus.2 Of multiple other similar
examples for IBD, we note our LPL TEM transcription based
identification of DENNDB1, a guanine nucleotide exchange
factor upregulated in memory T cells,62 as a candidate gene for
rs2488389 (C1orf53 previously reported based upon in silico

analysis); ZFP36L2, a putative regulator of thymocyte differenti-
ation,63 for rs10495903 (no previous candidate gene reported);
ZNF394, a barely studied gene intriguingly reported to regulate
AP-1 signalling,64 for rs9297145 (SMURF1 previously reported
based upon lymphoblastoid cell line eQTL analysis65); EGR2, a
recently reported regulator of TH17 effector function66 for
rs10761659 (no previous candidate gene reported); and PPIF, a
recently reported regulator of apoptosis as well as chemotaxis67

for rs1250546 (no previous candidate gene reported).
Normal development and function of murine, and by infer-

ence human, intestinal T cells is critically dependent upon micro-
bial cues,18 suggesting that many of the pathways we have
identified will be driven by interactions with the gut microflora.
Indeed, we note significant overlap between transcripts upregu-
lated in CD4+ LPL TEM cells and previous reports of the tran-
scriptional changes induced in murine CD4+ LPL after
colonisation of germ-free mice.14 Considerable evidence now
supports the observation that the intestinal microbiota modulates
local inflammation but also systemic immune-mediated patholo-
gies.41 Indeed, T1D and MS exhibit evidence for disease modifi-
cation by the gut microbiota in animal models and human
studies.39 40 68 In this context, our observation that risk loci for
T1D, MS and psoriasis are significantly enriched for genes over-
expressed in specific populations of gut T cells may potentially
offer novel insight into mechanisms of host-environment interac-
tions in these common diseases.

In summary, we report the first transcriptomes for the four
major human gut T cell populations and highlight substantial
differences from peripheral blood T cells, suggesting novel,
potentially gut-specific targets for T cell modulation. Using biop-
sies from a modest number of healthy study subjects allied to
careful isolation and sophisticated bioinformatic analysis techni-
ques, we show that the human intestinal T cell compartment can
be made accessible for transcriptomic studies and may provide
useful insight into genetic loci associated with inflammatory
pathologies. The opportunity now arises to interrogate other
human tissue resident cell transcriptomes in a variety of disease
states, including those highlighted in the current study.
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SUPPLEMENTARY METHODS 

RNA extraction and microarray preparation. RNA extraction was performed 

using RNeasy micro kits (Qiagen) in an automated manner on the QIAcube 

platform. Extracted RNA was subject to quantification and quality assurance 

using an Agilent 2100 Bioanalyzer and samples checked for a RNA Integrity 

Value (RIN) >7 prior to further analysis. Degradation of RNA from the 5’ end may 

introduce bias which is further compounded by in vitro transcription based 

amplification technologies that preferentially amplify the 3’ end of the RNA 

molecule[1]. However, careful RNA processing and the use the Ovation Pico 

system (NuGen Technologies) for single primer isothermal amplification 

resulted in no appreciable 3’ bias (Supplemental Fig. 1g) with strong inter-array 

signal intensity concordance (Supplemental Fig. 1h) using 1ng starting material 

from all samples. Amplified RNA was then biotinylated using the Encore Biotin 

Module (NuGen) prior to hybridization to Human Gene ST 1.0 microarrays 

(Affymetrix) and reading using an Affymetrix GeneChip Scanner 3000 7G with 

data extraction using the Affymetrix Expression Console 3.2.3.1515 software.  All 

arrays were required to pass initial quality control metrics including a positive 

versus negative area under the curve (AUC) ≥0.8.   

 

Microarray pre-processing. Initial microarray data pre-processing was 

performed using Affymetrix Power tools (APT 1.15.0, Affymetrix) including 

robust multichip average (RMA) normalization. All steps from RNA extraction to 

array hybridization were performed in batches to which samples were randomly 



assigned, with subsequent correction for any batch effects using the methods of 

Johnson et al[2]. Removal of batch effects was confirmed and effect size of 

known variables measured using principle variance component analysis (PVCA) 

according to the methods of Li. et al.[3] (Fig. 1a). 

 

A common problem with expression microarray data is discrimination of signals 

from background noise, particularly for low abundance transcripts. Although 

noise will be constant between arrays and hence false detection of a significant 

difference between biological groups is unlikely, inclusion of signals from these 

probes in downstream analysis will incur a penalty in correction for multiple 

testing and thus lead to type II errors. Approaches using array designs based 

upon pairing each perfect match (PM) oligomeric probe with a deliberately 

mismatched probe (MM) altered at a single base enable estimation of signal 

specificity based upon PM/MM signal ratio but reduce the total number of 

transcripts that can be interrogated for any given number of probes.  

 

PM-only design chips such as the Affymetrix Gene ST used in this study need an 

alternative approach to transcript presence/absence calling. Discarding results 

from probesets in an arbitrary bottom fraction of expression values[4] does not 

allow the discrimination of consistent biological differences in expression of low 

abundance transcripts. We used an approach based upon the APT Detection 

Above BackGround (DABG) algorithm, whereby every probeset is assigned a p 

value representing the probability of the signal representing background noise, 

based upon the comparison of the signal from each of the probes in a given 

probeset and from non-expressed control probes matched for GC-content[5]. We 



defined a transcript as detected on an array if ≥50% of probesets mapped to a 

given transcript ID had a DABG p value ≤0.01; likewise, we defined a transcript 

as present within the total dataset if ≥50% of arrays for any single given cell type 

showed detection of the transcript according to these criteria (i.e. DABG p values 

≤0.01 for ≥50% of probesets mapped to a single transcript ID in ≥3 arrays for 

any given TEM cell population). Modelling of alternative thresholds showed that 

this combination of stringent DABG p value but relaxed probeset frequency 

resulted in the greatest power to detect differentially expressed transcripts in 

downstream analysis. 

 

DABG filtering, removal of control or cross-hybridizing probesets and removal of 

probesets that were not mapped to autosomes or to chromosome X, reduced an 

initial dataset of 33,321 transcript IDs to 14,315. Additional filtering was 

performed to remove probesets mapped to transcripts that did not correspond 

to a confirmed RNA sequence in the National Centre for Biotechnology 

Information (NCBI) Reference Sequence (RefSeq) database (accession codes 

beginning ‘NM’ and ‘NR’). This further reduced the total dataset to 9,468 

transcript IDs. 

 
Differential expression analysis. Transcript IDs passing pre-processing and 

filtering were taken forwards for differential gene expression using the R ‘limma’ 

software (Linear Models for Microarray Data; version 3.16.7), with weightings 

applied for array quality[6] and correction for multiple testing according to the 

methods of Benjamini and Hochberg[7]. Data were analysed pairwise, with each 

gut TEM population paired to a corresponding peripheral blood TEM population 



taken from the same individual (CD4+  TEM IELs and CD4+  TEM LPLs paired to 

CD4+ TEM blood cells; CD8+  TEM IELs and CD8+  TEM LPLs paired to CD8+ TEM blood 

cells). Lists of differentially expressed genes were used for pathway analysis 

using Ingenuity Pathway Analysis (IPA, Ingenuity Systems) with enrichment 

significance determined by Fisher’s Exact test. 

 

Protein-protein interaction. Protein-protein interaction networks were built 

for lists of differentially expressed genes. Since not all proteins within a given 

pathway might need to be upregulated at the mRNA level in order to see 

enhanced signalling through that pathway, we first identified all protein binding 

partners for products of upregulated transcripts, then built an interaction 

network for all protein-protein interactions in this extended list. Protein-protein 

interactions were identified using iRefIndex, an expert curated database 

(http://irefindex.org; version 12.0)[8] and the results filtered to show only 

interaction data from in vitro studies of human proteins (i.e. in silico predictions 

and data from other species removed). Interactions with CFTR and UBC were 

removed since these are promiscuous in their associations, and then proteins left 

unlinked to the main network were also removed.  

 

Results were plotted using Cytoscape software (http://www.cytoscape.org; 

version 3.0). Each protein reflected by a single node, with node prominence (size 

and shading) set to reflect betweeness centrality, a measure of the importance of 

each node to overall network connectivity, based upon the number of shortest 

paths between all other nodes in the network passing through the node itself[9]. 

Each protein-protein interaction is represented by an edge, with edge 



prominence (size and transparency) set to reflect edge betweeness, a measure of 

the importance of each protein-protein interaction to overall network 

connectivity, based upon the number of shortest paths in the network passing 

through the edge itself, normalized to the total number of edges in the nodes that 

the edge belongs to (this normalization prevents proteins for which more 

interaction data has been reported from dominating the network view)[9]. 

Distance and positioning of each node within the network was determined 

according to a force-directed paradigm where nodes mutually repel unless 

drawn together by edges, according to the ‘yFiles organic’ algorithm (yWorks 

GmbH), with slight modifications only to ensure clarity of view. 

 

GWAS interval enrichment analysis. Testing for enrichment of differentially 

expressed genes within genetic risk loci was performed using script written in 

Python (http://www.python.org; version 2.7.2). Lists of genetic risk loci 

associated with specific traits were drawn from definitive studies in the 

published literature (CD[10], UC[10], CeD[11], Psoriasis[12]), from the 

Immunobase Consortium (T1D, http://www.immunobase.org [accessed 

1/4/13]) or from the National Institutes of Health (NIH) GWAS catalogue 

(http://www.genome.gov/gwastudies [accessed 1/4/13]).  SNP lists were 

filtered for genome-wide significance (p value ≤5x10-8) and restricted to 

autosomes only since not all GWAS studies include chromosome X. Risk intervals 

based upon genetic distance were defined 0.2 cM (estimated using Phase I data 

from the 1000 Genomes project: http://www.1000genomes.org) either side of 

the focal SNP. Where multiple SNPs fell within overlapping recombination 

windows, the SNP with the less significant p value was removed from testing. 



Lists of differentially expressed genes (DEGs) for the four gut TEM populations 

were reanalysed according to the methods already described, with additional 

filtering prior to Limma analysis to restrict expression data to autosomes only 

(Limma analysis performed on 9,144 transcripts, rather than 9,468). Transcripts 

showing ≥1.4 fold differential expression with p value ≤0.05 after adjustment for 

multiple testing were used for analysis. We then counted the number of risk 

intervals that overlap with at least one DEG, defined here as the interval between 

the first start and last stop site of the transcript.  

 

To assess the statistical significance of this result, we calculated the number of 

risk intervals that overlap with sets of transcripts picked at random from the 

total list of 9,144 expressed autosomal transcripts. This generates a null 

distribution of overlap counts from which the empirical p-value of the observed 

result can be obtained. The number of transcripts to sample was set initially as 

the same total number of DEGs that was observed in the DEG list for the 

comparison under test. However, since gene expression may occur non-

randomly with respect to genomic position, the significance of the observed 

overlap may be biased by overrepresentation of genomic regions selected at 

random from DEG clusters. To avoid this, we sampled a number of transcripts 

equivalent to the number of DEGs representing unique genetic locations, as 

determined by removing from the list of DEGs any transcript that overlaps with 

an interval 0.2 cM either side of the midpoint of another DEG transcription 

interval. Likewise, during the random sampling, each new transcript picked was 

rejected if it fell within a 0.2 cM window around the midpoint of any transcript 

already selected.  We assessed the degree of overlap of this random sample of 



transcripts with the genetic risk intervals for the trait under study.  This random 

sampling was iterated 106 times to generate a null distribution of the number of 

overlapping loci between genes present in our total dataset and the genetic risk 

loci. The empirical p-value is then the number of times the simulated number of 

overlapping risk loci exceed the observed number of overlaps divided by the 

number of iterations. In this way, we were able to assess the statistical 

significance of the observed overlap between any given list of genetic risk loci 

and any list of differentially expressed genes, without biasing for the total 

number of SNPs or genes in either list.  

 

Chromatin Immunoprecipitation Enrichment analysis. To identify 

potentially active transcription factors (TFs) within the cell populations under 

study, lists of upregulated genes were analysed using the X2K algorithm of Chen 

et al.[13], based upon identification of genes known to coimmunoprecipitate 

with specific TFs in an expert curated database of published human chromatin 

immunoprecipitation sequencing (ChIP-Seq) data. TFs with ChIP-Seq binding 

sites occurring at a significantly higher frequency (after correction for multiple 

testing[7]) within the list of differentially expressed genes than in the master 

database represent putative active regulators within that cell population.  

 

In order to identify potential TF binding sites modified by SNPs associated with 

IBD, focal IBD-associated SNPs as well as all SNPs in tight linkage disequilibrium 

(r2≥0.9) with the focal SNP, were identified using SNAP, an online SNP proxy 

search tool[14]. All SNPs were then analysed for the presence of known TF 



binding sites based upon ChIP-sequencing data using an online, expert curated 

database[15].  

 

We wanted to test whether any of the TFs identified as putative drivers of 

differential gene expression in LPL CD4+ and CD8+ TEM cells might explain the 

association seen between IBD risk loci and genes over-expressed in these cell 

populations. We reasoned that such a TF might be expected to have multiple 

binding sites associated with those IBD risk SNPs that were in turn associated 

with a gut overexpressed gene, but significantly fewer binding sites associated 

with those IBD risk SNPs showing no such association.  

 

To this end, we divided SNP lists into those where the focal SNP marked a risk 

locus containing a gene upregulated in LPL CD4+ or CD8+ TEM cells, and those 

where no such overlap was observed. We then noted the distribution between 

these two lists of binding sites for those TFs identified as active in each cell 

population. For those TFs showing a minimum of five binding sites in each list, 

we calculated the probability of the null hypothesis of random distribution 

between the two lists by χ2 testing, with adjustment for multiple testing[7]. 
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Supplemental Figure 1 Sample acquisition and processing to ensure high data quality. 

(a-f) CD4+ and CD8+ T cell effector memory subpopulations were selected by 

polychromatic flow sorting. Flow cytometry was used to define cells as T cells if they fell 

within a lymphocyte gate (defined on forward-scatter/sidescatter), a singlet gate 

(defined on forward-scatter height vs. width), and a series of polychromatic gates 

defined as CD3+ TCRαβ+ CD19- CD326-/lo DAPI-. Staining for CD62L and CD45RO were 

used to indicate cellular activation and memory status, with TEM status defined as 
CD45RO+ CD62L-. The same approach was applied to LPLs (a,b), IELs (c,d) and 

peripheral blood cells (e,f). T cells were then further subcharacterised as CD4+ CD8α- 

CD8β- (CD4+, a,c,e) or CD4- CD8α+ CD8β+ (CD8+, b,d,f). The percentage of the parent 

population falling within each quadrant is shown in red. TEM subpopulations defined in 

this way were sorted for RNA extraction. Plots are representative examples from a 
single subject. (g) RNA degradation plot for each of the 36 arrays. Individual probes in 

each probeset are ordered by location relative to the 5’ end of the targeted RNA 

molecule and scaled to uniform standard deviation. Average probe intensity at each 

location is plotted relative to a fixed 5’ starting point that is incrementally shifted for 

each array. p values for testing the gradient of all slopes as non-zero were 

nonsignificant. (h) Boxplots representing summaries of the log2 signal intensity 

distribution of the arrays after RMA processing and batch correction; computation of 

the Kolmogorov-Smirnov statistic Ka did not detect any array as an outlier. 

 



 



Supplemental Figure 2 Gut TEM cell populations show both shared and unique 

differentially expressed genes. (a,b) For each gut TEM cell population, lists of genes 

showing upregulation (a) and downregulation (b) compared to paired peripheral blood 

TEM cells were compared for shared and distinct members. Differential expression was 
defined as ≥1.4 fold change with p<0.05 after adjustment for multiple testing. Euler 

diagrams are shown with areas of overlap approximating to the proportion of overlap 

between lists, as well as absolute numbers of shared transcripts. 

 

 
 

 

 

 

 

 

 

 

 

 



Supplemental Figure 3 Gut TEM subsets express a core subset of transcripts showing 

similar patterns of expression relative to peripheral blood TEM cells. (a,b) Transcripts 

are listed that show upregulation (a) or downregulation (b) across all gut TEM subsets 

relative to their paired peripheral blood TEM cell counterparts. The fold-change is 

indicated, and the background shaded to reflect this, according to the key. 

 



 



Supplemental Figure 4 Protein-protein interaction networks reveal centrality of AP-1 

signalling in gut TEM cells. (a-d) Transcripts overexpressed in IEL CD4+ TEM cells relative 

to blood CD4+ TEM cells (a), IEL CD8+ TEM cells relative to peripheral blood CD8+ TEM cells 

(b), LPL CD4+ TEM cells relative to peripheral blood CD4+ TEM cells (c), and LPL CD8+ TEM 

cells relative to peripheral blood CD8+ TEM cells (d) were used to seed a protein-protein 

interaction networks. All proteins showing evidence of direct interaction with the seed 

protein list were included in the networks, as described in the Methods. Nodes, 

representing individual transcripts are distributed based upon strength of interaction 

data, and both nodes and edges are given prominence based upon criticality to overall 

network structure, as described in the Methods. 

 



 



Supplemental Figure 5 Risk loci for intestinal inflammatory pathologies are not 

enriched for genes upregulated in blood TEM populations relative to blood. Genetic risk 

loci associated with a range of diseases and traits, as indicated, were tested for overlap 

with transcripts showing downregulation in specific gut TEM populations relative to 

paired peripheral blood TEM populations, according to the algorithm illustrated in Figure 

2 and as described in the methods. The proportion of intervals containing one or more 

downregulated genes within a window extending 0.2 cM either side of the lead SNP, is 

shown for each trait/gene list combination, with background colouring indicating the 

significance of the observation, as per the legend. 

 

 
 

 

 

 

 

 

 

 

 



Supplemental Figure 6 Differences in ex vivo cell handling do not stimulate 

differences in gene expression observed in CD4+ TEM cells. Peripheral blood 

mononuclear cells isolated from healthy control individuals were subjected to 

conditions simulating the process used to extract IEL or LPL (or left ‘untreated’ on ice) 

prior to antibody labelling and cell sorting to isolate CD4+ TEM cells. These were used for 

expression microarray analysis using exactly the same laboratory and computational 

pipeline as in the original manuscript. RMA normalised expression values (after filtering 

for detected coding transcripts as in the original manuscript) are shown compared to 

expression values from ‘untreated’ cells for cells exposed to EDTA/DTT (a) or cells 

exposed to EDTA/DTT then collagenase digestion (b). Coefficients of determination 

(denoted as r2) were determined foreach correlation as shown. Using the same criteria 

as in the main study to determine differentially expressed genes between these cell 
populations (adj. p value <0.05, fold-change≥ �}1.4), only 5 transcripts showed 

differential expression between Blood-EDTA/DTT and untreated blood CD4+ TEM cells, 

and only 1 transcript between Blood-EDTA/DTT-collagenase and untreated blood CD4+ 

TEM cells. 

 

 
 

 

 

 

 



Supplemental Table 1 Transcription factor enrichment analysis suggests HNF4a as a 

key regulator of LPL TEM genes with binding sites modified by IBD associated SNPs. A 

database of human ChIP-Seq data was interrogated to find transcription factors 

predicted to regulate genes upregulated in the LPL CD4+ and CD8+ TEM cell populations 
(relative to paired peripheral blood TEM cell populations). A p value for each 

transcription factor was calculated based upon the frequency of ChIP-Seq targets within 

the lists of differentially expressed genes, compared to the total frequency of targets 

within the total background ChIP-Seq dataset, and corrected for multiple testing. Next, 

all focal SNPs reported for IBD, as well as all SNPs in tight linkage disequilibrium, were 

analysed for the presence of binding sites for the transcription factors identified as 

potentially active, using a different expert curated ChIP-Seq database. Finally, for those 

transcription factors showing multiple potential binding sites modified by IBD SNPs 

(and SNPs in linkage disequilibrium), we used a Chi-squared test to assess the 

distribution of binding sites between those IBD-associated SNPs that overlapped a gene 

upregulated in the relevant gut TEM population, and those IBD-associated SNPs that did 

not show such overlap. In this way, for both CD4+ and CD8+ LPL TEM cells, HNF4a 

emerged as a potentially active transcription factor, with a significant enrichment of 

binding sites modified by IBD-associated SNPs whose genetic risk loci contained an 

upregulated gene. 
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