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Molecular diversification of regulatory T cells  
in nonlymphoid tissues
Joanna R. DiSpirito1,2*, David Zemmour1,2*, Deepshika Ramanan1,2, Jun Cho1,2, Rapolas Zilionis3,4, 
Allon M. Klein3, Christophe Benoist1,2, Diane Mathis1,2†

Foxp3+CD4+ regulatory T cells (Tregs) accumulate in certain nonlymphoid tissues, where they control diverse aspects 
of organ homeostasis. Populations of tissue Tregs, as they have been termed, have transcriptomes distinct from 
those of their counterparts in lymphoid organs and other nonlymphoid tissues. We examined the diversification of 
Tregs in visceral adipose tissue, skeletal muscle, and the colon vis-à-vis lymphoid organs from the same individuals. 
The unique transcriptomes of the various tissue Treg populations resulted from layering of tissue-restricted open 
chromatin regions over regions already open in the spleen, the latter tagged by super-enhancers and particular 
histone marks. The binding motifs for a small number of transcription factor (TF) families were repeatedly en-
riched within the accessible chromatin stretches of Tregs in the three nonlymphoid tissues. However, a bioinfor-
matically and experimentally validated transcriptional network, constructed by integrating chromatin accessibility 
and single-cell transcriptomic data, predicted reliance on different TF families in the different tissues. The network 
analysis also revealed that tissue-restricted and broadly acting TFs were integrated into feed-forward loops to en-
force tissue-specific gene expression in nonlymphoid-tissue Tregs. Overall, this study provides a framework for under-
standing the epigenetic dynamics of T cells operating in nonlymphoid tissues, which should inform strategies for 
specifically targeting them.

INTRODUCTION
The Foxp3+CD4+ subset of regulatory T cells (Tregs) is one of the 
main elements guarding against runaway immune or inflammatory 
responses (1). These cells’ importance is underlined by the devastat-
ing multiorgan, autoinflammatory diseases characteristic of IPEX 
(immune, dysregulation, polyendocrinopathy, enteropathy, X-linked) 
patients and scurfy mice, both of which bear Foxp3 mutations and 
consequently lack functional Tregs. Most Tregs arise as such in the 
thymus (tTregs), but certain specialized populations derive from con-
ventional CD4+ T cells in the periphery (pTregs), a process that can 
be partially recapitulated in vitro (iTregs).

Our initial view of Treg phenotype and function was largely 
focused on the control of effector T lymphocytes by Tregs circu-
lating through lymphoid organs. However, substantially more com-
plexity soon became apparent [reviewed in (2)]. Tregs can control 
other adaptive immune system cells, a variety of innate immuno-
cytes, and even nonlymphoid cells. Moreover, Treg populations with 
distinguishable phenotypes rein in immune responses of diverse types 
[for example, driven by T helper 1 (TH1), TH2, TH17, or B cells], 
sometimes co- opting transcription factors (TFs) or signaling path-
ways characteristic of the target populations. Tregs with even more 
distinct phenotypes can be found in nonlymphoid tissues—for 
example, visceral adipose tissue (VAT), skeletal muscle, skin, or the 
colonic lamina propria—where they influence the activities of neigh-
boring immune and nonimmune cells.

VAT Foxp3+CD4+ T cells (3) are considered to be a paradigmatic 
“tissue Treg” population. These cells arise in the thymus during the 
first week of life, seed VAT sparsely until 10 to 15 weeks of age, and 
then gradually dominate the local CD4+ T cell compartment (4). 
VAT Tregs have a transcriptome strikingly different from those of 
lymphoid organ and other nonlymphoid-tissue Treg populations, 
largely driven by peroxisome proliferator–activated receptor  (PPAR), 
a nuclear receptor family member thought to be the “master regulator” 
of adipocyte differentiation (5). They also have a distinct, clonally 
expanded repertoire of antigen-specific receptors [T cell receptors 
(TCRs)]. VAT Tregs control local (sterile) inflammation, and thereby 
local and systemic metabolic indices, via influences on both immuno-
cytes and adipocytes (3, 6). Perhaps not surprisingly, they depend 
on local growth and survival factors distinct from those used by 
lymphoid organ Tregs, notably PPAR ligands (5) and interleukin-33 
(4, 6). Other tissue Treg populations appear to be variants on the same 
theme, with characteristic TF profiles, transcriptomes, TCR speci-
ficities, and growth and survival factor dependencies {to the extent 
that these parameters have been studied [e.g., (7–13)]}.

Our current understanding of Treg cell heterogeneity, for nonlymphoid- 
tissue Tregs in particular, is rather fuzzy. We remain ignorant of how 
phenotypic diversity at the population level translates to single cells, 
what epigenetic changes subtend the distinct transcriptomes, and what 
sets of TFs drive the evolution of transcriptional profiles. These issues 
were long refractory to analyses because of the specificity of tissue 
Treg populations coupled with the insensitivity of the required genomic 
techniques. We have now exploited existing transcriptome data sets and 
recent improvements in the assay for transposase-accessible chro-
matin with high-throughput sequencing (ATAC-seq) (14, 15) and 
single-cell RNA sequencing (scRNA-seq) (16–18) that permit explo-
rations of rare populations ex vivo. Integration of ATAC-seq and 
scRNA-seq data culminated in the elaboration of a transcriptional net-
work proposed to underlie the unique tissue Treg transcriptomes.
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RESULTS
A more nuanced view of nonlymphoid-tissue  
Treg transcriptomes
As a first step toward elucidating the architecture and regulation of 
tissue Treg transcriptomes, we exploited existing microarray data sets 
derived from double-sorted Tregs from VAT (19), injured skeletal 
muscle (7), and the colonic lamina propria (9), coupled with corre-
sponding splenic Treg populations from the same mice. These par-
ticular nonlymphoid tissues encompass a chronic, low-grade sterile 
inflammatory state; an acute, intense sterile inflammatory state; and 
a state of chronic, innocuous microbiota stimulation, respectively. 
The study design focused on nonlymphoid tissue:lymphoid organ 
fold changes in Treg gene expression within the same individuals, set 
at false discovery rates (FDRs) of <10%. This approach side-stepped 
potential issues related to unavoidable variations in physiological 
state (e.g., mouse age) or in protocol details. A total of 1909 genes 
were either up- or down-regulated at least twofold in at least one 
tissue Treg population vis-à-vis its splenic counterpart. The sensitivity 
of these microarrays was similar to or better than recently published 
RNA-seq data sets on the same tissues—for example, Delacher et al. 
(20) reported 3071 differentially expressed genes for VAT—whereas 
we found 4934 genes using the same filtering criteria (P < 0.05). Most 
of the transcript variation segregated Tregs by their tissue source, the 
first three principal components (PCs) accounting for 70% of the 
variance (Fig. 1A). Muscle Tregs were most closely related to splenic 
Tregs, a finding that concurs with previous functional data demon-
strating that muscle (8), but not VAT (4), Tregs communicate exten-
sively with the circulating Treg pool. Differentially regulated genes 
could be grouped into several sets according to their patterns of ex-
pression in the various nonlymphoid tissues: up- or down-regulated 
in all three tissues (heretofore referred to as “pan-tissue”), two of 
them, or just one (“tissue-specific”; Fig. 1B and table S1).

Pathway analysis (Fig. 1, C and D) revealed that the genes up- 
regulated across all three nonlymphoid tissues were enriched for 
pathways involved in circadian rhythm, metabolism, and inflam-
mation. Probably not coincidentally, the first two processes are 
linked in primary metabolic organs such as adipose tissue and the 
liver (21). Also noteworthy is that the pan-tissue gene set included 
Prdm1, proposed to be a marker of effector Tregs (22). Not surpris-
ingly, genes specifically up-regulated in VAT Tregs were implicated in 
lipid metabolism processes, consistent with VAT Treg accumulation 
of intracellular lipid droplets (5); whereas transcripts overrepresented 
primarily in muscle Tregs fell within cell cycle–related pathways, re-
flecting the comparatively high turnover rates of this population 
(8). The enrichment for genes encoding proteins involved in trans-
forming growth factor– signaling in the colonic Treg data set is 
consistent with this growth factor’s participation in several gut pro-
cesses (23). Thus, transcriptional control of nonlymphoid-tissue 
Tregs appears to be layered, encompassing pan-tissue and tissue- 
specific elements.

Tissue-associated variability in Treg chromatin accessibility
It seemed likely that the layered tissue Treg transcriptional profiles 
described above were established and/or maintained via progressive, 
regulated accessibility of genomic control elements. Thus, using 
ATAC- seq (14, 15), we performed genome-wide chromatin accessi-
bility profiling on tissue Treg and contemporaneously harvested 
splenic Treg populations from the same mice. Again, the data were 
explored as nonlymphoid tissue:lymphoid organ fold changes within 
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Fig. 1. Tissue Treg gene sets. Microarray data sets for highly purified tissue Tregs 
from epididymal VAT (V) (5), injured skeletal muscle (M) (60), and colonic lamina 
propria (C) (9), as well as from control lymphoid organ Tregs (n = 3 for each tissue). 
(A) Principal components analysis. PC1, 2, and 3, with their proportions of ex-
plained variance. (B) Heatmap of up-regulated (UP) and down-regulated (DOWN) 
genes more than twofold in tissue versus lymphoid Tregs: 1909 genes ordered by 
gene set (with numbers of genes in parentheses). (C) Gene ontology (GO) enrich-
ment in the pan-tissue and tissue-specific gene sets (61). Numbers of terms en-
riched under each classification are indicated in parentheses. Fisher’s exact test, 
P values. TGF, transforming growth factor–. (D) Highlighted genes. Genes included 
under the GO terms enriched in the different tissues. Column numbers correspond 
to the numbered terms in (C). See also table S1.
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the same individuals to avoid issues related to unavoidable varia-
tions in mouse physiology or experimental protocol.

First, we examined general features of the chromatin landscapes 
of nonlymphoid-tissue Tregs (Fig. 2). After cataloging each sample’s 
peaks of sequencing reads and verifying that there were strong inter- 
replicate correlations (fig. S1A), we merged the “high-confidence” 
peaks for Tregs derived from the three nonlymphoid tissues and cor-
responding spleens (see Materials and Methods for details), result-
ing in a total of 75,363 open chromatin regions (OCRs). Comparing 
the normalized signal intensity in these regions across the various 
Treg populations confirmed that the biological replicates clustered 

together and that all nonlymphoid-tissue Treg populations separated 
from their splenic Treg counterparts (Fig. 2A). Again, muscle Tregs 
were the most closely related to splenic Tregs, and VAT and colon 
Tregs were more similar to each other than to muscle Tregs. Consistent 
with studies on other hematopoietic (24, 25) and nonhematopoietic 
(26) cell types, OCRs were most common in intergenic regions, tran-
scriptional start sites (TSSs), and introns; and these distributions did 
not vary much across the different Treg populations (fig. S1B). Cor-
relation of OCR accessibility across the populations was by far the 
strongest at TSS regions, with much weaker associations, hence most 
of the variation, occurring at intergenic and intronic regions (Fig. 2B).
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Fig. 2. Tissue-associated variation in chromatin accessibility is concentrated at TSS-distal regions. (A) Hierarchical clustering of Tregs by their pairwise Pearson correlation 
values for all 75,363 OCRs. (B) Heatmaps of Pearson pairwise correlation scores for Treg OCRs located within various functional genomic elements. Treg populations were clustered as 
in (A), with the color bar at the right demarcating biological replicates. (C) Classification of OCRs. Those OCRs with ATAC signal ≥3-fold higher in each nonlymphoid tissue:splenic 
Treg pairing were clustered by whether their “up” status was shared across all three, two, or only one nonlymphoid tissue. Pan-Treg OCRs were not differentially accessible in any of 
the pairings. Heatmap shows the ATAC signal [in reads per million (RPM)] in different OCR classes. (D) ATAC-seq reads (left) for example genes whose OCR patterns matched 
their mRNA expression patterns (right) across the Treg subsets. The Tconv track shows minimal accessibility at Foxp3 in non–Treg CD4+ splenic T cells. ND, not determined. 
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To classify the regions of differential chromatin accessibility in a 
more discriminating manner, we first performed pairwise compari-
sons between the three nonlymphoid tissue:spleen couples, revealing 
~10 to 13,000 differentially accessible regions per tissue (fig. S1C). 
As performed above to define nonlymphoid-tissue Treg gene sets 
(Fig. 1B), we segregated OCRs into different classes based on whether 
their tissue:spleen differential appeared in all nonlymphoid tissues 
(pan- tissue), two of them, or only one (tissue-specific; Fig. 2C). An 
additional class where there was no nonlymphoid tissue:spleen dif-
ferential was termed “pan-Treg”; however, as discussed below, it is 
important to keep in mind that this designation does not mean to 
imply that the nearby genes are expressed only in Tregs. Examination 
of raw ATAC-seq read distributions verified these OCR class desig-
nations and showed that, for some loci, the transcript and accessi-
bility patterns matched. For instance, pan-Treg OCRs constituted the 
majority of accessible regions around Foxp3, expressed in all Tregs, 
but not in conventional T (Tconv) cells, consistent with its lack of ac-
cessibility in Tconv cells (Fig. 2D, top); the preponderance of pan-tissue 
OCRs corresponded well with the high expression of Klrg1 in non-
lymphoid tissue, but not in lymphoid organ, Tregs, and VAT-specific 
OCRs mirrored the VAT-specific expression of Kcna4 (Fig. 2D). These 
data indicate that tissue-associated variation in chromatin accessi-
bility, located primarily at promoter-distal regions, was a property 
of nonlymphoid-tissue Treg populations.

OCRs shared between nonlymphoid tissue and lymphoid organ 
Tregs (i.e., pan-Treg OCRs) were by far the most common (Fig. 2C). 
We expected to find them near genes transcribed in a pan-Treg manner, 
but many were proximal to tissue-restricted genes (a designation 
henceforth used to encompass both the pan-tissue and tissue-specific 
gene sets of nonlymphoid-tissue Tregs, i.e., those loci underrepresent-
ed in the spleen). Typical examples are Fosl2 and Irf4 (Fig. 3A). This 
observation suggested that “priming” of the chromatin landscape in 
splenic Tregs might be a common feature of loci whose expression 
was specifically up-regulated in nonlymphoid tissues. As the Fosl2 
and Irf4 tracings show, primed OCRs were both proximal and distal to 
TSSs (Fig. 3A). To estimate the degree of such priming, we calculated, 
for each tissue-restricted gene, the fraction of OCRs ±10 kb of its TSS 
that were accessible in the spleen. For both the pan-tissue and tissue- 
specific gene sets, the majority of OCRs for the majority of loci were 
already open in the spleen (Fig. 3B). Similar results were obtained 
using windows of ±100 or 500 kb around the TSS (fig. S2A), indicating 
that priming was not exclusively a TSS-proximal regulatory feature.

Because the ATAC-seq analyses were performed on bulk splenic 
Treg populations, it is possible that what we have termed priming of 
OCRs in splenic Tregs represented ATAC signal from a small popu-
lation of nonlymphoid-tissue Tregs that recirculated back to the spleen. 
However, at least for VAT, trafficking between tissues and the spleen 
is rare (4). Moreover, even if recirculation were to occur, we would 
expect these “contaminating” nonlymphoid-tissue Tregs to comprise a 
minority of cells in our spleen samples and would therefore expect 
the unanticipated ATAC signal at these OCRs to be lower in splenic 
Tregs than in the tissue Treg populations. However, this was not the 
case (fig. S2B).

Hence, most of the loci expressed in a tissue-restricted manner, 
and thus turned off or down in the lymphoid organs, already had a 
quite accessible, or “primed,” chromatin landscape in the spleen. We 
wondered whether the accessibility of these elements extended back 
through the T cell lineage or even beyond it. So we used the ImmGen 
ATAC-seq resource (www.immgen.org) to analyze the most strongly 

primed OCRs (the top quartile based on their accessibility in the 
spleen) in several immune cell types. Most of these OCRs fell into 
one of three dynamic clusters whose accessibility exhibited variations 
in at least one hematopoietic lineage, whereas a minority was uni-
versally open across all of the T, B, myeloid, and progenitor cell types 
examined (Fig. 3C). The largest cluster of dynamic OCRs showed 
the highest accessibility in splenic Tregs, decreasing openness within 
the T lineage, and even less accessibility in more distantly related 
lineages such as macrophages and hematopoietic stem cells. Thus, the 
priming of nonlymphoid-tissue Treg gene expression did not merely 
reflect pan-hematopoietic or T lineage–specifying OCRs but instead 
showed a high degree of specificity for Tregs.

Priming was often not focal; rather, these OCRs occurred in clus-
ters, encompassing both the TSS and TSS-distal regions (e.g., Irf4; 
Fig. 3A), similar to what has been described for peaks of Mediator 
occupancy and particular histone modifications at super-enhancers 
(SEs) in many cell types, including CD4+ T cell subsets (27, 28). Given 
the association between SEs and the expression of cell fate genes (29), 
as well as the recent identification of SEs in Tregs (30), we asked whether 
this chromatin element might regulate geographic or functional diver-
sification within the Treg lineage. In prelude to evaluating this hy-
pothesis, we determined how well SEs delineated by our ATAC-seq 
data correlated with those previously defined using the enhancer mark 
H3K27ac (30), which was possible because both data sets issued from 
splenic Tregs. Whether SEs were defined on the basis of clustered 
H3K27ac (fig. S3A) or ATAC (fig. S3B) peaks, there was a strong 
correlation between ATAC and H3K27ac signals, respectively, within 
the delineated stretches.

Using the well-established Rank Ordering of Super-Enhancers 
(ROSE) algorithm (29, 31), we found 600 to 1000 SEs in each of the 
Treg populations (fig. S3C), yielding a total of 1698 distinct SEs across 
them all. Comparison of these SEsʼ average ATAC signal for non-
lymphoid-tissue versus lymphoid-organ Tregs revealed very few with 
differential accessibility (at least twofold tissue:spleen difference; 
fig. S3D). This strong degree of SE concordance was surprising but 
suggested that SEs might contribute to the priming of loci encoding 
tissue-restricted genes in lymphoid organ Tregs. Therefore, we cal-
culated the frequency of tissue-restricted genes with an associated 
SE in splenic Tregs (±100 kb of the TSS) and compared this value 
with the frequencies of spleen-specific or silent genes with an asso-
ciated SE (Fig. 3D). As expected, compared with silent loci, genes 
expressed in the spleen were strongly associated with an SE; non-
lymphoid tissue–restricted genes were nearly as likely as spleen-specific 
genes to have an associated SE. These analyses yielded parallel re-
sults when SE of ±10 or 500 kb of the TSS was examined and when 
H3K27ac-defined SEs were examined (fig. S3E).

Given the seemingly transcriptionally permissive state of tissue- 
restricted genes, we wondered whether additional epigenomic mecha-
nisms layered on top of the open chromatin structure were actively 
restraining their expression in splenic Tregs. In embryonic stem (ES) 
cells, the promoters of lineage-restricted genes are primed by the 
accumulation of “bivalent” histone marks that can both promote and 
inhibit transcription (H3K4me3 and H3K27me3, respectively), which 
is thought to facilitate the fine-tuning of gene expression during cell dif-
ferentiation (32, 33). Compared with monovalent (H3K4me3-marked) 
genes, bivalent loci are expressed at lower levels in ES cells and are 
up- or down-regulated depending on the pathway of differentiation even-
tually followed (32). Using publically available chromatin immuno-
precipitation (ChIP)–seq data sets on splenic Tregs (30), we quantified 
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bivalent histone marks associated with the various gene sets in splenic 
Tregs. We found examples of tissue-restricted genes whose promoters 
were tagged either monovalently with the activating H3K4me3 
mark (Ets2; Fig. 3E) or bivalently with H3K4me3 and the repres-
sive H3K27me3 mark (Acvr2a; Fig. 3E). Quantifying levels of these 
two histone modifications within 1 kb of the TSSs revealed that most 

loci had nominal levels of the two tags (Fig. 3F, black dots and den-
sity lines). For those loci with appreciable occupancy by the modi-
fied histones, their TSSs were split between those bivalently and 
monovalently (H3K4me3 only) marked (Fig. 3F, purple and red, 
respectively). There was a separation between the typical expression 
level of bivalently versus monovalently marked tissue-restricted genes 
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in splenic Tregs, the former being significantly reduced (Fig. 3G). 
Moreover, transcript levels for most of the bivalently marked genes 
were below, or only slightly above, the limit of detection, suggesting 
that these genes included those that would be turned on in response 
to tissue-derived signals, and were perhaps kept nominally tran-
scribed in splenic Tregs by the presence of H3K27me3 and the tran-
scriptional silencing machinery that it recruits.

Predominant enrichment of a small, shared set of TF family 
motifs in tissue-restricted OCRs
Having cataloged OCRs near loci coregulated in Tregs, we interrogated 
their DNA sequences for TF family motifs. A search of the pan-tissue 
OCRs within 100 kb of TSSs of the ~100 genes up-regulated in all 
three nonlymphoid tissues revealed repeated enrichment of the motifs 
for a small number of TF families, including those for RFX, bZIP, 
nuclear receptors, and ETS (Fig. 4A). bZIP motifs were present 
along the highest proportion of loci (34%) and in the most instances 
per gene (mean, 3.5; Fig. 4B), suggesting that one or more members 
of this family might be major drivers of the shared tissue Treg gene 
expression signature. The short length (seven nucleotides) of the 
bZIP motif is unlikely to account for this pattern, because equally 
short or even shorter sequences (such as those bound by ETS, 
RUNX, or GATA family members) were not enriched to the same 
extent. Overlaying the genomic locations of the motifs most highly 
represented among the pan-tissue gene set (i.e., the bZIP, RUNT, 
and GATA motifs) revealed, in all three cases, broad peaks at ~10 kb 
from the TSS, hinting that they might work together in cis (Fig. 4C). 
Scanning OCRs linked to the pan-tissue gene set for motifs repre-
senting each TF family and clustering genes by their TF family pro-
files revealed that most loci were linked to more than one TF family 
(Fig. 4D). The motifs of certain families showed preferential coen-
richments, for example, RFX commonly with RUNT and bZIP, and 
NR with ETS (Fig. 4D).

A similar analysis using the three sets of tissue-specific Treg OCRs 
and genes implicated a few additional TF families not enriched in 
pan-tissue OCRs, most prominently CTCF, whose binding site was 
among the three most highly enriched motifs for each of the tissue 
Treg populations (Fig. 4E). The overrepresented CTCF family motif is 
bound by only two members: CTCF itself and BORIS, a related pro-
tein expressed almost exclusively in germ cells (34). Therefore, it is 
likely that CTCF plays a common role in establishing and/or main-
taining tissue-specific OCR landscapes in nonlymphoid-tissue Tregs. 
To assess the association of highly ranked TFs with tissue-specific 
loci, we again used the chromatin accessibility data to construct pre-
dicted TF family:target gene modules for each tissue (Fig. 4F). Given 
the far greater number of tissue-specific genes for VAT and colon 
Tregs, modules for these tissues were much more robust than those 
for muscle. In contrast to pan-tissue loci, distinct clusters of VAT- or 
colon-specific genes were associated with a single TF family, most 
prominently ETS, bZIP, or CTCF.

Representation of tissue Treg gene sets in single cells
For many of the TF families highlighted above, there is a great de-
gree of overlap between the DNA motifs recognized by individual 
family members [e.g., ETS1 and ETS2 (35)], preventing a rigorous 
delineation of tissue-specific roles for individual TFs based solely on 
enrichment of their predicted binding sites within ATAC-seq peaks. 
Unfortunately, the number of cells available per mouse (usually a few 
thousand) precludes obtaining robust TF ChIP-seq data for most 

nonlymphoid tissues. Rather, we reasoned that exploiting scRNA-seq 
data, correlating expression of individual TF family members with 
their predicted target genes in thousands of individual cells, could, 
first, verify (or not) the regulatory modules predicted by ATAC-seq; 
second, refine these modules into networks of individual TF family 
members and their predicted target genes; and third, determine whether, 
and to what extent, different members of the same TF family were 
deployed to drive Treg specialization within tissues.

Therefore, we sorted Tregs from VAT, skeletal muscle (4 days after 
injury), and the colonic lamina propria plus, as controls, splenic Treg 
and Tconv cells from the same mice, with independent duplicates for 
each population. Single cells were encapsulated in microfluidic drop-
lets following the inDrops protocol (17). In total, we analyzed 7455 
individual Tregs. On average, 1885 unique mRNA molecules tran-
scribed from 759 different genes were sequenced per cell, effectively 
covering the Treg transcriptome space of 17,841 genes (fig. S4A). We 
first displayed the data as a t-SNE (t-distributed stochastic neighbor 
embedding) plot, which permits dimensionality reduction (Fig. 5A). 
No major batch effects were observed as the data from the various 
spleen controls substantially overlapped, as did the duplicate data 
from the various tissues (fig. S4B). The cells from each of the three 
nonlymphoid tissues clustered together on the t-SNE plot and sepa-
rately from splenic Tregs and Tconv cells. There was very little overlap 
between the tissues, and no cell clusters that included participants 
from all three tissues were observed. The spleen hosted a small num-
ber of cells that appeared to “reach into” the muscle or colon, but not 
VAT, Treg cell space, and vice versa. This finding matches previous 
observations that muscle (8), but very rarely VAT (4), Tregs exchange 
with the circulating pool. Foxp3 was expressed throughout the Treg 
populations but not in Tconv cells, as expected (Fig. 5B). Various TFs 
have been reported to drive transcriptomic diversification of particular 
Treg populations. Accordingly, we found Pparg to be expressed pre-
dominantly in VAT Tregs (5); Tbx21 in a subset of muscle and colonic 
Tregs (36, 37); Ikzf2 and Rorc in distinct subpopulations of colonic 
Tregs (as well as in Tregs in other tissues) (9, 11); and Cxcr5, a marker 
of T follicular regulatory cells (38, 39), predominantly in splenic and 
colonic Tregs.

Deconvolution of the gene expression clusters delineated in Fig. 1B 
at the single-cell level maintained the distinctions originally observed 
at the population level, although less sharply, likely due to the reduced 
sensitivity of scRNA-seq (fig. S4C). The expression of each signature 
was mostly bimodal across the different populations (Fig. 5C). For 
example, the pan-Treg signature was up-regulated in all Tregs in com-
parison with splenic Tconv cells. This signature was more highly rep-
resented in nonlymphoid-tissue Tregs than splenic Tregs, consistent 
with the fact that the pan-Treg gene set includes loci related to Treg 
activation (40) and that nonlymphoid-tissue Tregs tend to have an 
activated phenotype compared with lymphoid organ Tregs (3, 7, 9). 
Similarly, the pan-tissue signature was only weakly expressed in the 
spleen, with very few cells achieving the highly elevated expression 
levels typical of tissue Tregs; those rare cells probably correspond to 
the few splenic Tregs invading the tissue Treg space in Fig. 5A. VAT 
Tregs were the most distinct population, with higher expression of the 
pan-tissue signature and a highly differential VAT-specific signature. 
Muscle Tregs, on the other hand, expressed the pan-tissue gene set at 
the lowest level and had only the weakest tissue-specific signal.

Surmising that the fainter distinction of the muscle Treg population 
might reflect a more heterogeneous conglomeration of evolving sub-
populations, as might be expected with an acute injury context, we 
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obtained additional single-cell data using the CEL-Seq platform (41), 
which tends to yield more transcripts per cell but on fewer cells. The 
Treg response to injury was dynamic. At day 1, muscle Tregs formed 
two clusters (Fig.  5D), both significantly enriched (vis-à-vis the 
spleen) in expression of the pan-tissue and muscle Treg gene sets 

(Fig. 5E). The cells of cluster 2 expressed more genes related to TCR 
stimulation (e.g., Nr4a1, Egr1, and Egr2) and the interferon- re-
sponse (Ifngr1) than did the cluster 1 constituents (Fig. 5F). At day 4, 
muscle Tregs were more homogeneous, almost exclusively composed 
of cluster 1 cells.
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plots as in (A), highlighting 
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Treg TFs or subpopulation 
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pan-tissue down signature 
(as per Fig. 1). (D) t-SNE plot 
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Lines delimit cell clusters 1 
to 3 identified by k-means. 
(E) Single- cell expression of 
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***P < 0.001 by two-tailed 
t test. (F) As in (E), except ex-
pression of early TCR-induced 
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(left) or the Ifgnr1 gene (right); 
***P < 0.001. Colors relate to 
the indicated gene sets. See 
also fig. S4. (G) t-SNE plot of 
colonic and splenic Treg single- 
cell transcriptomes. Top: 
Colonic (red) and splenic (blue) 
Tregs. Bottom: Colors and lines 
delimit cell clusters identified 
by k-means. (H) Same t-SNE 
plot as in (G) showing the 
density of cells expressing 
specific markers separating 
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Previous studies have documented substantial phenotypic and 
functional diversity within the colonic Treg population, most notably 
between the tTreg and pTreg subpopulations (9–11). Because a recent 
scRNA-seq study (42) failed to confirm this heterogeneity but, as 
described above, our all-tissue t-SNE plots (Fig. 5, A and B) uncovered 
what appeared to be distinct colonic Treg subsets, we carefully reexam-
ined this issue. Unsupervised clustering of only the colonic and con-
trol splenic Treg single-cell data delineated four robust cell clusters 
(Fig. 5G). The first level of heterogeneity distinguished pTregs ex-
pressing Rorc transcripts (green cluster) from tTregs transcribing Ikzf2 
(blue, yellow, and turquoise clusters; Fig. 5H, left). Among the tTregs, 
one subset was probably made up of cells circulating through or re-
siding in mucosal lymphoid structures as they preferentially expressed 
Ccr7, Cxcr5, and Bcl6 transcripts (Fig. 5H, middle). The other two 
tTreg subsets were distinguished by differential expression of a tran-
scriptional program promoting tissue repair (Il1rl1, Areg, Penk, etc.; 
Fig. 5H, right).

A tissue Treg transcriptional network: How to achieve 
specificity with common TF binding motifs
Having validated the scRNA-seq data, we integrated it with the 
ATAC-seq results to identify individual TF family members most 
likely to drive tissue-restricted gene expression in nonlymphoid-tissue 
Tregs, ultimately resulting in a TF:target gene regulatory network. 
Some previous studies have attempted to integrate profiles of chro-
matin accessibility and gene expression to yield insights into mecha-
nisms of transcriptional regulation (43). However, these efforts relied 
on population-level RNA-seq data, which would have very limited 
value in uncovering meaningful gene:gene correlations in our case 
as it would be based on only four data sets (spleen, VAT, muscle, 
and colon). scRNA-seq should greatly increase the power of the analy-
sis as it would entail evaluation of gene coexpressions across thou-
sands of individual cells (44, 45). First, we identified particular TF 
family members differentially expressed in tissue Tregs compared with 
their splenic counterparts (FDRs < 2.5%). Then, to determine whether 
the putative controlling factors could be functional, we calculated 
the covariation in expression between a TF and its putative targets. 
Thus, our predicted regulatory modules (Fig. 4, D and F) were re-
fined by including a score that aggregated a TF’s motif in an OCR, 
its putative target genes, and to what extent expression of the TF 
and its target genes covaried in individual cells [Fig. 6A (for schema) 
and fig. S5, A to C].

The overall TF network issuing from these analyses is represented 
in Fig. 6B, whereas Fig. 6C illustrates the relative target gene fre-
quencies across and within the various gene sets. Robustness and 
significance of the network were assessed by randomization of the 
single-cell data (shuffling expression levels per gene between cells). 
One thousand random permutations of the data failed to engender 
comparable network connectivity (for example, fig. S5D for the VAT- 
specific modules). We identified 730 connections between TFs and 
their target genes, well above the 18 expected links by chance alone 
with an FDR of 2.5% (fig. S5D). Immediately evident was that the 
different TF families seemed to have variable importance in regulating 
expression of the different gene sets. Pan-tissue Treg genes were con-
nected to loci encoding the AP-1 subfamily of bZIP TFs (Bach2/Crem/
Fosb/Jdp2/Junb/Jund); to Nr1d1 and Nr4a1, which encode nuclear 
receptors; and to Gata3. VAT- and colon-specific Treg loci had the 
strongest links to loci encoding bZIP, ETS, and nuclear receptor family 
members, whereas muscle-specific genes were connected above all to 

Nfkb2 and Rel, specifying members of the Rel homology domain family. 
At a first level, tissue-restricted transcription was mediated by tissue- 
specific expression of TFs, as represented in the peripheral nodes of 
the network (Fig. 6B). For each TF family highlighted in the ATAC-
seq analyses, different members were expressed in the different tis-
sues, which correlated with tissue-specific expression of their gene 
targets (Fig. 6C). For example, within the nuclear receptor family, 
Pparg [as expected (5)], Rara, and Rora were specifically associated 
with VAT-specific genes, whereas Rorc [as expected (9, 11)], Vdr, and 
several others were linked specifically to colon-specific genes. Within 
the ETS family, Fli1 and Etv3 partitioned to VAT-specific and Ets1, 
Ets2, and Elf1 to colon-specific loci. The bZIP and RFX families 
showed similar examples of partitioning.

At a second level, and in an apparent paradox, tissue-specific tran-
scription was also regulated by broadly expressed TFs. In a dense 
subnetwork at the center of the tissue Treg network, genes encoding 
several members of the AP-1 subfamily (Bach2, Crem, Fosb, Jdp2, 
Junb, and Jund) were connected to numerous pan-tissue and tissue- 
specific loci (Fig. 6, C and D, left). BACH2 was special in the sense 
that it was the only TF whose gene expression correlated negatively with 
its gene targets (Fig. 6D, right). To understand how tissue-specific 
transcription can result from regulation by broadly expressed TFs, 
we delved further into tissue Treg network architecture, focusing on 
three-node motif representation (nonrandom subnetworks of three 
vertices) in the VAT subnetwork. Single-input motifs (SIMs) and 
multiple-input motifs (MIMs) were very frequent (Fig. 7A), as pre-
viously reported for biological networks (46). SIMs and MIMs high-
light the fact that most TFs regulated many different gene targets 
and, reciprocally, most genes were regulated by multiple factors, 
allowing coordinate gene regulation. However, more importantly, 
we also found frequent feed-forward loops (Fig. 7B). In the first layer 
of these loops, loci encoding ubiquitous TFs (Jdp2, Junb, and Jund) 
were connected not only to tissue-specific gene targets but also to 
loci encoding tissue-specific TFs (Fli1, Fosb, Maff, etc.) that regulated 
the same set of gene targets. For example, the loci encoding certain 
broadly expressed TFs (Jdp2/Jund/Junb) connected to Fli1 to regu-
late VAT-specific targets such as Il10ra and Cish (and others) (rep-
resented in red). On the other hand, across all tissues, transcription 
of the pan-tissue gene set connected, unsurprisingly, almost exclu-
sively to the ubiquitously expressed AP-1 subfamily of TFs (GATA3 
being the exception) and, overall, was more multiconnected than was 
the tissue-specific Treg genes (Fig. 7C).

Validation of TFs underpinning tissue-restricted and 
tissue-specific network nodes
As detailed above, the transcriptional network we constructed was 
bioinformatically robust; however, experimental validation was also 
imperative. To that end, we focused on two predicted network nodes, 
one entailing the sets of genes preferentially expressed in all of the 
nonlymphoid tissues and a second anticipated to have a tissue-specific 
impact. BACH2 was an interesting candidate as a broad regulator of 
transcription in nonlymphoid tissues because it is a repressor known to 
be present in lymphoid organ Tregs (47). In our network, Bach2 expres-
sion was highly anticorrelated with transcription of tissue-restricted 
Treg genes, whether pan-tissue or tissue-specific (Fig. 6D). In addi-
tion, it was the only bZIP family member whose expression decreased 
rather than increased (or stayed constant) in tissue Tregs vis-à-vis 
their splenic counterparts (Fig. 8A). Thus, we predicted that BACH2 
would bind to (and repress) tissue-restricted genes in lymphoid-organ 
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Fig. 6. Architecture of the tissue Treg transcriptional network. (A) A schematic of network construction integrating ATAC-seq and scRNA-seq data. First, TF families are 
linked to target genes when their binding site is enriched in the associated OCRs (see ATAC-seq correlation heatmaps in Fig.  4, D and F). The network is then refined (i) by 
identifying TF members within each family that are expressed in each tissue (using scRNA-seq) and (ii) by keeping connections with significant correlations between the TFs 
and target genes in the scRNA-seq data. (B) Directed graph of the tissue Treg transcriptional network. Each node represents a gene. A directed edge connects a TF and its 
target gene if the target has the TF family’s motif in an associated OCR (ATAC-seq) and if their expression is correlated in the scRNA-seq data. Node and edge colors reflect 
the gene set to which the target gene belongs. Gene names are those of key TFs (black) and target genes (gray) in the network. (C) TF:target gene correlations. Left: The 
percentage of target genes that are linked to each TF (rows) falling in the four gene sets (columns: pan-tissue, VAT, muscle, and colon). Row values sum to one. Right: The 
percentage of genes in each set (columns) linked to each TF (rows). Columns sum to one. (D) Network blow-ups. Left: Central hub in the tissue Treg network. Subgraph of 
(B) with the ubiquitous TFs and their connection to pan-tissue and tissue-specific target genes. Edge color as in (B). Right: Subgraph of (D) with Bach2 and its connections to 
pan-tissue and tissue-specific target genes. Node colors relate to the gene sets and edge colors to positive (red) or negative (blue) correlations with Bach2. See also fig. S5.
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Tregs, and that its expression must be extinguished in tissue Tregs for 
their signature genes to be turned on. We reanalyzed published 
BACH2 ChIP-seq data on Tregs generated in vitro from precursors 
in lymphoid organs (47), which revealed that BACH2’s average oc-
cupancy on both pan-tissue and tissue-specific genes was higher than 

its occupancy on control loci (Fig. 8B). This increased BACH2 signal 
did not merely reflect strong binding at a few genes because it bound 
to the promoters of 30 to 50% of the tissue-restricted Treg gene sets 
in the in vitro–generated Tregs (Fig. 8C). Thus, the inverse correlation 
between levels of BACH2 binding and expression of tissue-restricted 
Treg genes was likely to be a direct effect of its repressive activity at 
these loci in lymphoid organ Tregs, consistent with a previous report that 
it can repress the expression of TH cell signature genes in Tregs (47).

As a predicted regulator of tissue-specific gene expression in Tregs, 
we revisited the role of PPAR, a nuclear receptor family member 
required for the accumulation and function of bona fide VAT Tregs 
(5). Our network predicted functionality of PPAR exclusively in 
VAT Tregs, although its expression was also strongly up-regulated in 
skeletal muscle vis-à-vis lymphoid organ Tregs (Fig. 8D). First, we 
examined mice that carry a Treg-specific knockout of Pparg and, con-
sequently, have a dearth of VAT Tregs (5). Examination of the Treg 
populations in muscle and spleen 4 days after injuring muscle of 
mutant mice and their wild-type littermates with cardiotoxin revealed 
no significant effect on the accumulation of muscle Tregs in the mu-
tants (Fig. 8E). Second, we treated standard B6 mice with the PPAR 
agonist, pioglitazone coincident with cardiotoxin-induced skeletal 
muscle injury. As expected (5), pioglitazone robustly induced the 
Treg population in VAT but did not change Treg frequencies in the 
muscle, colon, or spleen (Fig. 8F).

DISCUSSION
Integrating accessible chromatin and single-cell transcriptome pro-
filing, we explored the regulatory underpinnings of Treg diversity in 
nonlymphoid tissues. At both the chromatin and transcription levels, 
adaptation of Tregs to VAT, muscle, or the colon was achieved by a com-
bination of tissue-shared and tissue-specific modulations. However, 
the picture that emerged was not simply dichotomous. For the tissue- 
restricted gene set (both pan-tissue and tissue-specific), chromatin 
accessibility and gene expression patterns often did not match, with 
many OCRs already accessible in the spleen, suggesting some prim-
ing event before transiting of Tregs from lymphoid to nonlymphoid 
organs. A disconnect between chromatin accessibility and transcript 
abundance has many parallels in other settings, including tissue adap-
tation. For example, macrophages from multiple nonlymphoid tis-
sues share a set of common, epigenomically permissive enhancers 
that are selectively active in distinct tissues, correlating with tissue- 
specific gene expression (48, 49). In nonlymphoid-tissue Tregs, this 
feature may permit or even promote rapid changes in gene expres-
sion, given that the dynamics of their differentiation within tissues 
can be quite rapid: A day after injury, muscle Tregs were distinct from 
splenic Tregs by scRNA-seq, and at day 4 the muscle Treg subpopula-
tion structure had already been remodeled.

What tissue-adaptive properties are conferred by priming loci as 
opposed to more immediate epigenomic and transcriptional changes 
in response to signals received locally? We speculate that, from the 
perspective of modulating Treg cell function, tissue-derived signals 
are likely to be nonspecific—that is, they evolved to facilitate proper 
functioning of a heterogeneous mix of cell types, not Tregs in particular. 
Therefore, making tissue adaptation reliant on local signals alone 
may activate (or repress) gene regulatory elements whose function 
is either not compatible with Treg-specific signals (such as those de-
rived from the TCR or cytokine receptors) or is destabilizing to the 
suppressive phenotype. In contrast, by relying on a priming event 
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within lymphoid organs, the effects of local stimuli on Tregs, includ-
ing modulation of TF and coregulator expression or activity, could 
be constrained and directed to nondeleterious genomic sites.

Harnessing the natural variation in gene expression among thou-
sands of single cells allowed us to build pan-tissue and tissue-specific 
regulatory networks for nonlymphoid-tissue Tregs. Our data suggest 
that the expression (and likely activity) of individual members of a re-
stricted number of TF families was modulated to facilitate context- 
specific transcription. For instance, within the ETS family, the loci 
encoding ETS1, ETS2, and ELF1 were linked to colon-specific gene 
expression, whereas the Fli1 and Etv3 loci were linked to VAT-specific 
transcription. 

The tissue Treg network we constructed was bioinformatically ro-
bust. Two key nodes, one pan-tissue and the other tissue-specific, 
were experimentally validated. In addition, several published find-
ings provide anecdotal support (9, 11, 50, 51). Briefly, our findings 
argue for the following model of tissue Treg diversification: Tran-
scriptional programs must be established in nonlymphoid-tissue Tregs 
within the constraints of an epigenome that maintains Treg identity 

while allowing tissue adaptation for optimum installation and 
function. To that end, the chromatin structure of Tregs in lymphoid 
organs is primed, through the establishment of pan-Treg OCRs, to 
license the rapid transcriptional turn-on or up-regulation of most 
tissue- specific genes. The primed stretches may facilitate re-
modeling of additional regulatory elements, for example, pan-tissue 
or tissue-specific OCRs, by cues received once the cell arrives at 
a particular nonlymphoid site. TFs belonging predominantly to a 
limited set of families act on these tissue-restricted regulatory 
elements and cooperate to regulate tissue Treg genes via two main 
organizational modules. The first specifies a common “tissue” pheno-
type (including circadian and metabolic genes, among others) and 
is largely under the control of bZIP family TFs, particularly mem-
bers of the AP-1 subfamily. These primary TFs are expressed in all 
nonlymphoid-tissue Tregs but facilitate activation of secondary, 
tissue-specific modules via induction of distinct TFs (such as 
members of the ETS, nuclear receptor, or RUNX families) in each 
tissue. Primary and secondary TFs are integrated into feed-forward 
loops because both can activate tissue-specific target genes.

Pio

Vehicle

VAT Muscle Colon Spleen

ST2

Fo
xp

3

Gated on CD4+ T cells

F

V M  C S 
0

0.5

1

1.5

2

2.5
***E

B

Fo
ld

 c
ha

ng
e 

in
 T

re
g 

fre
qu

en
cy

(P
p
a
r
g

m
u

t
 /W

T)

M S
0

1

2

V

–2500 –1250 Center 1250 2500

B
A

C
H

2 
C

hI
P

 s
ig

na
l (

rp
m

) 

TSS (± in bp)

Genes bound by BACH2 (%)

Pan-tissue
Tissue-specific
Silent

0.1

0.2

0.3

0.4

Silent

Tissue-
specific

0 10 20 30 40 50

G
en

e 
se

t

C 

Fo
ld

 c
ha

ng
e 

in
 T

re
g 

fre
qu

en
cy

(p
io

/v
eh

ic
le

)

51.9 16.056.029.9

26.2 31.7 56.7 17.6

Pan-
tissue

Atf3 Atf6 Bach2 Crem Dbp

Fos Fosb Fosl2 Hlf Jdp2

Jun Junb Jund Maf Nfil3

6
8

10
12

6
8

10
12

6
8

10
12

Tr
an

sc
rip

t l
ev

el
 (l

og
2 

A
U

)

bZIP expression in TregsA

S
V

C
M

Pparg

6

7

8

9

10

Sp
V

Sp
M

Sp
C

V M C

D

Tr
an

sc
rip

t l
ev

el
 (l

og
2 

A
U

)

Fig. 8. Validation of tissue Treg TF networks. (A) Expression of bZIP family TFs across splenic and nonlymphoid-tissue Treg subsets. AUs represent transcript levels from 
microarray data. (B) Average genomic occupancy of BACH2 in spleen-derived induced Tregs at TSSs of genes up-regulated in all three tissue Treg subsets (pan-tissue), only 
one of them (tissue-specific VAT, muscle, and colon combined into a single list for this analysis), or a control set of genes not expressed in Tregs. Raw ChIP-seq data from 
GEO GSE45975 were reanalyzed for this study (see Materials and Methods). bp, base pairs. (C) Percentage of genes in each set that have a BACH2 peak within 10 kb of their 
TSS. (D) Expression of Pparg across Treg subsets, as in (A). (E) Effects of Treg-specific PPAR deletion on Treg accumulation in skeletal muscle on day 4 after cardiotoxin inju-
ry (the peak of Treg accumulation). Data are represented as the fold change in the Treg frequency of each PPARgmut mouse versus the average frequency in wild-type (WT) 
mice in muscle (M) or spleen (S), within each experiment. n = 3 to 5 mice per group from three experiments. (F) Left: Frequencies of Foxp3+ Tregs in various tissues after a 
10-day treatment with pioglitazone (10 mg/kg). Dot plots are representative of n = 2 to 3 mice per group from two experiments. Right: Effects of pioglitazone on each Treg 
subset measured as fold change in the Treg frequency of each pioglitazone-treated mouse versus the average frequency from vehicle-treated mice within each experi-
ment. n = 2 to 3 mice per group from two experiments.
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MATERIALS AND METHODS
Study design
We double-sorted 10 to 20,000 Tregs from VAT, skeletal muscle, and 
colonic lamina propria (pooled from several mice) and correspond-
ing lymphoid organ Tregs. Microarray studies were done as biological 
triplicates, ATAC-seq as duplicates, and scRNA-seq (inDrops) as du-
plicates (n = 7955 cells).

Mice
Male C57BL/6J mice, 25 weeks old (VAT) or 8 to 10 weeks old (muscle 
and colon), were purchased from the Jackson Laboratory. B6.Foxp3Ires-Gfp 
(52), B6.Foxp3Yfp-Cre (53), and B6.Pparg f l/f l (54) mice were bred in our 
specific pathogen-free facility at Harvard Medical School’s Center for 
Animal Resources and Comparative Medicine (Institutional Animal 
Care and Use Committee protocol IS00001257). Mutant Pparg Treg 
mice (Treg-Ppargmut) were generated as in (5), with male littermate- 
matched experimental and control mice used for all experiments.

Treatments
Anesthetized mice were injected with 0.03 ml per muscle of Naja 
mossambica mossambica cardiotoxin (0.03 mg/ml; Sigma) in all hind 
limb muscles. Male B6 mice received intraperitoneal injections of 
pioglitazone (10 mg/kg; Cayman Chemical) or dimethyl sulfoxide 
once per day for 10 consecutive days.

Isolation of Treg populations
Single-cell suspensions were obtained from VAT, skeletal muscle, 
and colonic lamina propria (see Supplementary Materials and Methods). 
During each harvest, spleens were isolated from the same mouse and 
processed identically. Single-cell suspensions were stained in flow cyto-
metry buffer (2% fetal bovine serum and 1 mM EDTA in Dulbecco’s 
modified Eagle’s medium) at 4°C for 30 min as detailed in Supple-
mentary Materials and Methods.

Microarray analyses
The microarray data have been published (5, 7, 9) and are accessible 
on Gene Expression Omnibus (GEO; see Data and materials avail-
ability). Genes differentially expressed between each nonlymphoid- 
tissue Treg population and its splenic counterpart were defined as 
having an expression value of ≥100 in at least one tissue, a fold 
change of >2 or <0.5, and P < 0.05. A total of 1909 genes were 
differentially expressed in at least one tissue (1883 with FDRs < 
10%). Additional details are in Supplementary Materials and 
Methods.

ATAC-seq
ATAC-seq reads from two biological replicates per sample were filtered 
for quality [sickle, default settings for paired-end reads; see (55), were 
adapter-trimmed (cutadapt, –e 0.1, –m 20)] and mapped to the mouse 
genome (mm9) using Bowtie v2.2.4 (56), keeping only mate pairs that 
mapped to a single best location using SAMtools v1.3 (57), and were 
nonduplicates using Picard v1.130 (http://broadinstitute.github.io/
picard). OCRs were identified by HOMER v4.6 using findPeaks- 
style DNase (58), with an FDR of 0.001. Only OCRs occurring in 
both replicates were used in further analyses. Principal compo-
nents analysis, cumulative frequency distributions, generation of 
OCR class, and SE heatmaps, as well as all statistical tests, were 
performed in R (v3.2.1). Additional details are in Supplementary 
Materials and Methods.

scRNA-seq
scRNA-seq was performed following the inDrops protocol (17, 18). 
PolyA+ mRNAs from thousands of single cells are sequenced rapidly 
(<30 min) and efficiently (>70 to 80% of input cells). Besides unique 
single-cell barcodes, unique molecular identifiers were added to mini-
mize noise introduced during amplification. Only the 3′ ends are 
sequenced, keeping strand information. The sequencing data were 
processed as described (18). Reads were mapped against the mouse 
mm10 transcriptome (complemented with sequences of the Foxp3Cd90.1 
or Foxp3Ires-Gfp transgenes) using TopHat2 (59) and filtered to retain 
reads with unique molecular barcodes and mapping to unique genomic 
regions. Further details are in Supplementary Materials and Methods.

ChIP-seq
FASTQ files representing splenic Treg H3K27ac ChIP-seq were re-
analyzed from the DNA Data Bank of Japan (DRA003955). Reads 
were processed and aligned to mm9 as for ATAC-seq, except software 
options that were changed from paired-end to single read. Peaks were 
called by HOMER v4.6 using findPeaks-style histone (58), with an FDR 
of 0.001. H3K27ac peaks were used to identify SEs using the ROSE 
algorithm (29). FASTQ files representing spleen-derived iTreg cell BACH2 
ChIP-seq were from National Center for Biotechnology Information 
GEO (GSE45975) and processed for the H3K27ac data. Peaks were 
called by HOMER v4.6 using findPeaks-style factor, with an FDR of 
0.001. Further details are in Supplementary Materials and Methods.

Statistical analyses
Significance was assessed by Student’s t test, the binomial test, Wilcoxon 
rank sum test, Kolmogorov-Smirnov test, or null distributions, as speci-
fied in individual figure legends and Materials and Methods sections.

SUPPLEMENTARY MATERIALS
immunology.sciencemag.org/cgi/content/full/3/27/eaat5861/DC1
Materials and Methods
Fig. S1. ATAC-seq general features.
Fig. S2. Priming of OCRs at tissue-restricted genes in splenic Tregs also occurs at TSS-distal 
regions and is not composed of weak OCRs.
Fig. S3. Generation and analysis of ATAC-seq–derived SEs across Treg subsets.
Fig. S4. Tissue Treg scRNA-seq data set validation.
Fig. S5. Pan-tissue and tissue-specific Treg modules identified by combining ATAC-seq and 
scRNA-seq data.
Table S1. Tissue Treg gene sets.
Table S2. Edge list of the tissue Treg transcriptional network.
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SUPPLEMENTARY METHODS 

 

Isolation of tissue and splenic Treg populations 

Isolation of Tregs 

For VAT, epididymal adipose tissue was excised, cut into small pieces and digested at 37oC 

for 30 min. with 1mg/mL collagenase II (Sigma) diluted in Dulbecco’s Modified Eagle’s Medium 

(DMEM), 2% Fetal Bovine Serum (FBS), 1mM EDTA. Cell suspensions were filtered through a 

sieve, and the stromovascular fraction was harvested by centrifugation at 500g for 10 min. For 

muscle, the quadriceps, gastrocnemius and tibialis anterior were excised from both hind limbs, cut 

into small pieces and digested at 37oC for 30 min. with 2mg/mL collagenase II (Gibco) and 150ug/mL 

DNAse (Millipore Sigma) diluted in DMEM. Cell suspensions were re-suspended in 40% isotonic 

Percoll (GE Healthcare) underlain with 80% isotonic Percoll, and were centrifuged at 1,000g for 25 

min. at room temperature. Cells were isolated from the interphase layer and stained for sorting. For 

colonic lamina propria, colons were excised and treated with Roswell Park Memorial Institute (RPMI) 

medium containing 1 mM DTT, 20 mM EDTA and 2% FBS at 37oC for 15 min. to remove epithelial 

cells, minced and dissociated in collagenase solution (1.5 mg/mL collagenase II (Gibco), 0.5mg/mL 

dispase and 1% FBS in RPMI) with constant stirring at 37oC for 45 min. Single-cell suspensions 

were then filtered and washed with DMEM, 2% Fetal FBS, 1mM EDTA. 

Cell sorting  

For ATAC-seq: Tregs from VAT, muscle, colon and spleen were sorted by flow cytometry 

using a MoFlo (Beckman-Coulter) as DAPI-CD45+CD8-CD11b-CD11c-TCRβ+CD4+CD25+ cells. For 

microarrays and scRNA-seq: Tregs were sorted from VAT and control spleen as DAPI- 

TCRβ+CD4+CD25+ cells (double-sorted in the case of microarrays). From the muscle, colon and their 



 

respective control spleens, Tregs were sorted as DAPI- CD4+ TCRβ+ Foxp3/GFP+ from Foxp3-IRES-

GFP/B6 mice (62). Splenic Tconvs were isolated as DAPI- CD4+ TCRβ+ Foxp3/GFP-.  

 

Microarray analyses 

The microarray data have been published (5, 7, 9) and are accessible on Gene Expression 

Omnibus: GSM1214187-92 (muscle Tregs and control spleen Tregs); GSM1660958-60 (colonic 

Tregs), GSM1660962-64 (control splenic Tregs); GSM921176-78 (VAT Tregs), GSM921188-90 

(control LN Tregs). 

Definition of gene-sets  

Gene-expression differences between each parenchymal-tissue-Treg population and its 

splenic Treg control were calculated using the lmFit and eBayes functions of the limma package 

(63), based on all genes with an expression value ≥100 in at least one tissue. Up- or down-regulated 

genes were defined as FC > 2 or <0.5 and p < 0.05 for each tissue compared with the spleen. In 

total, 1,909 genes were called differentially expressed in at least one tissue (1883 with a false-

discovery rate (FDR) < 10%). 

The differentially expressed genes were then separated into pan-tissue (up and down), two-

tissue (up and down) and tissue-specific (up and down) gene-sets. Differential genes can either be 

up-, down- or not differentially expressed in each of the three tissues, which creates 27 theoretical 

gene-sets. 1,887 genes matched to 14 major sets. The remaining 22 genes were assigned to these 

14 sets as follows from these definitions. Up and down pan-tissue gene-sets contained up- and 

down-regulated genes in all three tissues. Up and down two-tissue gene-sets contained up- and 

down-regulated genes in two tissues (not differential in the remaining one). Tissue-specific up-



 

genes: up-regulated in one tissue (down-regulated or not differential in the others). Tissue- specific 

down-genes: down in one tissue (not differential in the others). 

PCA 

PCA was performed on this gene-list, after log-scaling, using prcomp from the sats package 

on R (64). 

 

GO enrichment 

GO enrichment analysis was done using the GOenrichmentAnalysis function from the WGCNA 

package on R (61). The p-values are calculated using Fisher’s exact test with ontologies including at 

least one of the supplied genes as background. Highlighted in Fig. 1 are those pathways or 

processes that showed multiple enriched GO terms (e.g. circadian clock: entrainment of circadian 

clock by photoperiod, photoperiodism, entrainment of circadian clock, regulation of circadian rhythm, 

etc).  

 

 

ATAC-seq  

Library preparation  

Every library was generated from 10 – 20,000 cells, which was determined based on 

preliminary experiments varying cell number and using the fraction of reads in peaks (FRIP), and 

total number of peaks, as quality metrics. The overall quality of a library was evaluated by its FRIP, 

which was 25-40% in preliminary experiments; any library where the FRIP was <25% was excluded 

from the study. For library generation, we adapted published protocols (14, 15). Cells were sorted 

into 400uL of MACS buffer [1x phosphate-buffered saline (PBS), 0.5% bovine serum albumin (BSA), 

2mM EDTA] and pelleted by centrifugation at 500g for 15 min. (All spins used low acceleration and 



 

brake settings, at 4oC.) Cell pellets were re-suspended in 100µl of cold hypotonic lysis buffer [10mM 

Tris-HCl (pH 7.5), 10mM NaCl, 3mM MgCl2 and 0.1% NP40], followed by immediate centrifugation 

at 550g for 30 min. The pellet was re-suspended in 5µL of transposition reaction mix [1µL of 

Tagment DNA Enzyme and 2.5µL of Tagment DNA Buffer from Nextera DNA Sample Prep Kit 

(Illumina), 1.5µL H2O], and was incubated at 37°C for 60 min. for DNA to be fragmented and tagged. 

For library preparation, two sequential 7-cycle polymeras chain reaction (PCR) reactions were 

performed. After the first PCR, the libraries were selected for small fragments (< 600bp) using SPRI 

beads (Beckman Coulter) followed by a second round of PCR with the same conditions in order to 

obtain the final library. Libraries were sequenced on a NextSeq500 (Illumina) to generate paired-end 

reads (50bp, forward; 34bp, reverse).  

 

Clustering 

For hierarchical clustering, the union of OCRs was created using HOMER mergePeaks. Read 

counts in these regions were normalized as reads per million, per library, followed by quantile 

normalization across all libraries. Normalized read counts were used for complete hierarchical 

clustering based on Pearson’s correlation coefficient as a distance metric (R, v3.2.1). Distributions of 

functional genomic elements in OCRs were found using HOMER annotatePeaks.pl, and these 

designations were used to filter out TSS regions in subsequent analyses. OCR classes were defined 

by tissue:splenic Treg fold-changes ≥3 in normalized ATAC-seq read counts. Individual OCRs were 

assigned to all genes whose TSSs were within the specified distance (10, 100 or 500 Kb, see 

individual figure legends) from the center of the OCR using BEDTools window v2.26.0 (65).  

 

 



 

Super-enhancers 

For super-enhancer delineation, raw H3K27ac ChIP-seq reads from splenic Tregs were 

obtained from the DNA Data Bank of Japan [(30) (DDBJ DRA005202)], processed similarly to the 

methods used for ATAC-seq, and peaks were called using HOMER findPeaks. The ROSE algorithm 

(29) was used for the identification of super-enhancers based on the clustering of ATAC-seq or 

H3K27ac peaks (TSS excluded) located within 12.5 Kb of one another and ranking peaks by their 

read densities. For ATAC-seq, ROSE was run on each biological replicate and only SEs found in 

both were used in further analyses. For clustering of SEs, a union of all SEs was generated using 

BEDOPS v2.4.14 (66). Read densities in these regions were calculated by finding total read counts 

(HOMER annotatePeaks.pl -d), normalizing to reads per million and the length of the SE and 

quantile normalizing these values across all samples. SEs were then clustered by implementation of 

the K-means algorithm in R.   

 

TF motifs and target gene prediction 

Enriched TF motifs were found in OCRs vs. control, random genomic regions that matched 

OCRs in size, TSS-proximity and GC content. The significance of a motif’s enrichment in target vs. 

control regions was determined by the hypergeometric test (HOMER findMotifsGenome.pl). 

Enrichment scores are presented as the fold-change of a motif’s frequency in target OCRs vs. its 

frequency in control regions, with only significantly enriched motifs shown (p < 0.01). For comparing 

relative motif enrichments across tissue-Treg subsets, ranked enrichments, rather than absolute p-

values, were used to control for the different numbers of tissue-specific OCRs across the Treg 

subsets (i.e. VAT ~ colon > muscle), which would affect p-value calculations.   



 

ATAC-seq predicted TF:target-gene modules: for each tissue-specific up-regulated gene 

defined by microarray analysis (Fig. 1), all tissue-specific OCRs ±100Kb of its TSSs were found 

using the BEDTools window function. For each gene, its OCRs were then scanned for the presence 

of the consensus motif representing each significantly enriched TF family (Fig. 5), using HOMER 

findMotifsGenome.pl –find and consensus motif position weight matrix (PWM) files derived from the 

HOMER vertebrate TF database (v4.6). A vector of motif scores was then calculated for each gene 

(0 or 1 marking absence or presence, respectively, of each motif in ≥1 OCR linked to that gene). A 

gene:motif-score matrix was constructed for each tissue, and Pearson’s correlation scores were 

used for complete hierarchical clustering of genes (R, v3.2.1). 

 

scRNA-seq using inDrops 

Library preparation 

Library preparation was performed as described in (17, 18). 40-80,000 Tregs or Tconvs were 

first sorted by flow cytometry in complete medium (RPMI 10% FBS). Just before encapsulation, cells 

were spun for 5 min at 4°C 500g and resuspended in PBS-15% OptiPrep Density Gradient Medium 

(OptiPrep; Sigma-Aldrich) at a concentration of 80,000 cells/ml. The density gradient prevents 

sedimentation during encapsulation and allows a uniform flow of cell to enter the microfluidic device. 

Encapsulation was done by flowing 4 different inputs in the device: cells, reverse transcriptase (RT) 

buffer, primer hydrogels, and oil (water in oil droplets). Primer hydrogels contained RT primers with a 

unique single-cell barcode. From 5’ to 3’, the primer contained a T7 promoter for amplification (in 

vitro transcription), the PE1 sequencing primer, a unique single-cell barcode (16-19bp) (147,456 

possible barcodes), a UMI (6bp) and a polyT sequence. Around 5,000 single cells were 

encapsulated in droplets of 3-4 nl containing a primer hydrogel bead and the RT buffer 



 

(SuperScriptIII, Invitrogen). Encapsulation was performed under 30 min in order to maintain cell 

viability and the emulsion was collected in a 500uL tube. 

Reverse transcription was performed immediately after encapsulation. Firstly, the primers were 

released from the gels by exposing the emulsion to UV for 7 min, and then reverse transcription was 

done at 50°C for 2h followed by enzyme inactivation for 15 min at 70°C. Emulsions were then split 

into small aliquots to have no more than 3’000 cells per tube, broken down by adding 20% 

1H,1H,2H,2H-perfluorooctanol (PFO) in HFE-7500 oil (3M Novec 7500 Engineered Fluid, Novec) 

and kept at -80°C. 

Samples were thawed on ice and spun at 4°C for 5 minutes at 19,000g to pellet cell debris. 

Excess primers and hydrogel beads were removed by filtration through a nucleic acid purification 

column and enzyme digestion (ExoI, HinfI). After purification of the DNA:RNA duplex with 1.2X 

AMPure beads (Beckman), second-strand cDNA synthesis was performed (NEB) for 2.5 h at 16°C. 

The library was then amplified using T7 in vitro transcription for 15h at 37°C (HiScribe T7 High Yield 

RNA Synthesis Kit, NEB). After purification, half of the amplified RNA was used for further 

processing. First, the amplified RNA was fragmented for 3 min at 70°C (Magnesium RNA 

Fragmentation Kit, Ambion) and purified using AMPure Beads (1.2X). Then reverse transcription with 

random hexamers was done for 1h at 42°C (PrimeScript Reverse Transcriptase, Takara Clontec). A 

final PCR was done to amplify the library and add the P5-P7 and Illumina index primers (Kapa 2× 

HiFi HotStart PCR mix, Kapa Biosystems). The number of cycles was chosen by first running a 

quantitative PCR on 1/20th of the RT reaction. The optimum was between 11 and 14 cycles. Library 

size was analyzed with a Tapestation (High Sensitivity D1000 ScreenTape, Agilent technologies), 

quantified by PCR and sequenced using NextSeq 500 and custom primers (read 1: 40bp, index: 

7bp, read 2: 51 bp). 

 



 

Data processing  

Data processing was processed as previously described (17, 18). Read 1 contains transcript 

information. Read 2 contains the UMI (6bp), single-cell barcode (16-19bp) and a conserved 

sequenced named W1. Fastq reads were first filtered for quality (>80% with Sanger Q>20) and on 

the expected structure of the reads: paired reads were kept only if read 2 contained the W1 and 

polyT sequence and if read 1 did not contain them (18). Single-cell demultiplexing was performed 

against the possible barcode space and only reads mapping unambiguously and with less than 2 

mismatches were kept (18). For each single-cell barcode, the reads were mapped against the 

mouse mm10 transcriptome (complemented with the sequence of the Foxp3Cd90.1 or Foxp3Ires-

Ggfp transgenes) using tophat2 (–library-type fr-firststrand) (59). Reads mapping to multiple regions 

or having a low alignment score (MAPQ <10) were filtered out (samtools flag 256). Duplicated reads 

were filtered as follows using UMIs and custom scripts (18): for each set of reads mapping to one 

gene, we kept all reads having UMIs with a pairwise string distance ≥ 2 (Levenshtein distance for 

taking into account indels and substitution). A final matrix with genes in rows and cells in columns 

was then written.  

 A first quality-control was performed after demultiplexing by calculating the proportion of total 

reads that mapped to the most abundant single-cell barcodes. Good libraries had >70% of reads 

mapping to a small set of single-cell barcodes (500-3,000), as expected from successful 

encapsulation. A second quality-control measure involved the distribution of mapping rates and 

sequencing coverage. Good libraries were normally distributed with an average 80% mapping rate 

(5% SD) and more than 90% UMI duplicated reads (indicating sequencing saturation). Single cells 

with more than 500 genes were kept for the analysis. Total UMI count normalization was performed 

and scaled to the median UMI count. 



 

Contaminating cells or doublets were identified using the following criteria. Firstly, we compared 

each single-cell transcriptome to the Immgen dataset (www.immgen.org) and calculated the 

likelihood for each single cell to be any of the Immgen cell types. The Immgen matrix of gene 

expression was used to provide prior probabilities (probability to express gene i in cell type j = pij ), 

and we calculated for each single cell C the likelihood to be of cell type j (Lcj) (multinomial model). 

Log posterior probabilities were derived by normalizing so that they summed to 1 for each single cell. 

ܮ ൌ 	ܿ ∗ log൫൯


 

Contaminant cells were flagged when a T cell type was not amid the top 5 most likely cell types. 

Secondly, we performed a PCA on the dataset using the most variable genes.  Contaminant cells 

were flagged as they clustered in the first PC. Cells matching a combination of these two criteria 

were removed from the analysis. Thirdly, we analyzed the distribution of UMIs and genes in each 

single cell. Single cells with more than 6,000 UMIs were also filtered out (possible doublets). 

  

scRNA-seq using CEL-seq 

Single-cell RNA sequencing libraries were generated with a modified CEL-seq protocol (41) for 

studying the differences between muscle Tregs at day 1 and day 4 after injury because too few cells 

can be isolated at day 1 to perform InDrop. The protocol is described at length in (67). Briefly, single 

muscle Tregs at day 1 or 4 after injury and control splenic Tregs were index-sorted via flow 

cytometry into a 96-well plate. Each well of this plate contained a lysis buffer with a uniquely 

barcoded reverse-transcription primer, RNAseOUT (Invitrogen) and water. Each primer contained a 

T7 promoter, the 5′ TruSeq Illumina adaptor, a unique molecular barcode (4–9 bp), a single-cell DNA 

barcode (8–16 bp) and an oligo(dT) sequence (24 bp). After mechanical shaking, plates were frozen 

in carbonic ice and kept at -80°C. When ready to make libraries, RNA was denaturated by incubation 

of the plates for 3 min at 70 °C. Reverse transcription was performed in each well independently, first 



 

strand with ArrayScript Reverse Transcriptase (Ambion) and second-strand with the mRNA Second 

Strand Synthesis Module (NEBNext). Each well then contained a single-cell cDNA library with a 

unique barcode. The libraries containing different barcodes were pooled to perform in vitro 

transcription (MEGAshortscript T7 transcription kit, Ambion). After fragmentation, the amplified RNA 

was 3’ ligated to an Illumina adapter. A reverse transcription and PCR was then performed to amplify 

the library for sequencing. Data processing was done similarly to that for the InDrop libraries. 

 

scRNA-seq data analyses 

Differential gene expression was performed using the DESeq statistical model (68). The 

distribution of counts Cij for each gene i in group j is modeled by a negative binomial of parameter 

(mean) and dispersion 

ܥ ൌ ܤܰ ቀ, ቁ 

First, the dispersion was estimated using the background model according to (69) in which a linear 

model is fitted between the logଶ൫൯ and   logଶሺଶሻ for each gene i. For each gene i, the dispersion 

dispersion  ൌ

మ

୫ୟ୶ቀାଵ
షల,௦

మ ቁ
െ , was estimated, ݏ

ଶ 	being the fitted variance of gene i.  A 

generalized linear model was then fit for each gene i in each group j [glm(formula = gene ~ groups, 

data = tmp, family = negative.binomial(  ߠ ))], and we used an analysis of variance (anova) to 

compare the coefficients in each model and obtain a p-value. FDRs were calculated to correct for 

multiple testing. 

Data were visualized using the t-Distributed Stochastic Neighbor Embedding (t-SNE) 

dimensionality reduction algorithm (70). A PCA was first performed on the top 100 most variable 

genes that were expressed in more than 1% of the cells. The Fano factor (variance/mean) was used 

as a metric for variability because of its independence from the mean in Poisson distributed data. 



 

The number of significant PCs was determined by comparison with PCA over a randomized matrix 

as described by Klein et al. (16). Two-dimensional tSNE was run using the Rtsne function (69), on 

the significant PCs, setting the seed for reproducibility and using the following parameters (perplexity 

= 50, max_iter = 1000). Clustering was done using k-means. Density of cells expressing a specific 

gene was plotted using dropout-corrected counts (see below) and the densCols function from the 

grDevice package on R (64). Signature scores for each single cell (Fig. 5) were computed by 

summing the counts for the up-regulated genes and subtracting the counts for the down-regulated 

genes. Scores were Z-score normalized in the plots. 

 

Tissue-Treg network construction and motif enrichment 

A network was built around the ATAC-seq modules described above. A vector of motif scores 

was calculated for each pan-tissue and tissue-specific gene (number of TF family motifs present in 

the OCRs linked to that gene). We refined these scores using scRNA-seq, which allowed i) 

identification of the specific TF family member(s) expressed in each tissue; ii) an assessment of 

whether the presence of the TF motif in a target gene was functional by evaluating the covariation 

between the TF and the target gene across thousands of single tissue-Treg cells. The list of 

members in each TF family was obtained from (71). We first identified the specific TF members 

differentially expressed in VAT, colon or muscle in comparison with its splenic counterparts (FDR < 

5%). We used this information to replace the TF family with the expressed TF members in the ATAC 

gene:motif-score matrices of the pan-tissue and tissue-specific gene-sets, and then calculated the 

Spearman correlation of each TF with its putative pan-tissue or tissue-specific target-genes (in which 

a motif for this TF was found). We measured the significance of the correlations with the corPvalue 

function from the WGCNA package in R, which calculates the Student’s correlation p values 

effectively taking into account the number of observations (61). We corrected for multiple testing by 



 

calculating the false discovery rate with the qvalue package in R (FDR) (72). We also assessed 

significance of the correlations with null distributions obtained by randomization of the single cell 

data and multiple testing corrections with FDR. If the TF:target correlation was significant (FDR < 

2.5% with both methods) (61), we added to the TF:target-gene matrix a weight of 1 for a positive 

correlation or -1 for a negative correlation, or added a 0 for no significant correlation. We calculated 

these TF:target-gene matrices for the pan-tissue and tissue-specific gene-sets and used them to 

build a graph using the igraph package in R (73). In this graph, each vertex was a gene, and a 

directed edge was drawn between a TF and its target gene. Vertices were placed on the plane using 

the force-directed layout algorithm by Fruchterman and Reingold (73). Robustness of the networks 

was assessed by randomization of the single cell data. We shuffled our data by randomly 

redistributing read counts per gene with the sample function in R per row of the data matrix. We 

permuted the data and ran the above algorithm 1,000 times, storing at each iteration the number of 

links in the network. This was used as null distribution of the number of connections in the network.  

Network motifs are small connected subgraphs with specific patterns that are significantly enriched 

in comparison with random networks. We found graph motifs of size 3 in the VAT-specific network by 

using the function graph.motifs from the igraph package. Degree preserving randomizations 

(n=1000) of the tissue network were employed to calculate the null distribution and to get a p-value 

for motif enrichment in the tissue network (using the VertexSort package in R). We found instances 

of enriched motifs in the VAT-specific network using the subgraph_isomorphisms from the igraph 

package.  

 

ChIP-seq 

     For mapping BACH2 ChIP-seq peaks to genes, tissue-Treg gene sets defined in Figure 1B were 

used as follows: “pan-tissue” represents genes up-regulated in all three non-lymphoid tissue Treg 



 

subsets, and “tissue-specific” combines genes uniquely up-regulated in VAT, muscle, or colon. A 

control gene set was generated by randomly sampling genes whose mRNA was below the limit of 

detection in all Tregs in this study (both lymphoid and non-lymphoid tissue). The average profiles of 

BACH2 ChIP-seq signal ± 2.5Kb of the TSS of genes in each set were generated using NGSplot 

(Shen et al., 2014). For determining the percentage of genes occupied by BACH2, TSS coordinates 

of genes in each set were extended by 10Kb in both 5’ and 3’ directions and intersected with BACH2 

ChIP-seq peaks using BEDtools window function. 

  



 

Figure S1: ATAC‐seq general features 

(A)  Comparison  of  biological  replicate ATAC‐seq  signals  (normalized  reads  per million mapped  reads)  for  the OCRs 
found  in  the various Treg populations. Each plot  is annotated with the Pearson r value.  (B) Distribution of  functional 
genomic  elements  within  each  Treg  population’s  OCRs.  (C)  The  OCRs  with  differential  accessibility  between  each 
designated  tissue:spleen  Treg  pair  are  highlighted  (≥3‐fold  difference  in  normalized  read  counts).  The  numbers  of 
gained (red) or lost (green) OCRs are indicated. 
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Figure  S2: Priming of OCRs  at  tissue‐restricted  genes  in  splenic  Tregs  also  occurs  at  TSS‐distal  regions  and  is  not  
composed of weak OCRs. 

 (A) As per Fig. 3B, except OCRs +/‐ 100  (upper) or 500  (lower) kb  from  the TSS were quantified.  (B) Accessibility of 
primed OCRs across Treg subsets. For tissue‐restricted genes in each of the four gene sets, all nearby OCRs (±100Kb of 
the TSS) present in both tissue and spleen were identified. Boxplots show the distributions of their accessibility signals 
within each Treg subset,  indicating that these OCRs are as strong  in splenic Tregs as they are  in tissue‐Tregs, arguing 
against their likelihood of originating from a minor contaminating population of tissue‐Tregs that had re‐circulated back 
to
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spleen.
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(A) Applying the ROSE algorithm (see Methods) to H3K27ac ChIP‐seq data yielded 520 SEs in splenic Tregs. Scatter‐plots 
show pair‐wise comparisons of the read density in these SEs between H3K27ac and ATAC‐seq or between H3K27me3 (a 
mark not enriched at SE) and ATAC‐seq. Raw ChIP‐seq data were from the DNA Data Bank of Japan DRA003955 (30) and 
analyzed for this study. (B) Applying the ROSE algorithm to ATAC‐seq data yielded 924 SE in splenic Tregs. Scatter‐plots 
show pair‐wise comparisons of the read density in these SEs between H3K27ac and ATAC‐seq or H3K27me3 and ATAC‐
seq. All plots are annotated with  the Pearson’s r value.  (C)  Identification of SEs. SEs were delineated using  the ROSE 
algorithm, by stitching together OCRs (≤ 12Kb apart) and ranking the stitched regions by their ATAC signal. Only the SEs 
observed in both replicates of the different tissues are shown. (D) MvA plot of SEs. Fold‐change between the average 
accessibility of each SE  in tissue‐Tregs vs.  its average accessibility  in splenic Tregs, plotted against the mean SE signal 
across  all  samples.  (E) As  in  Figure  3D,  except H3K27ac‐defined  SEs were used.  The  association between H3K27ac‐
defined super‐enhancers in splenic Tregs with genes whose expression is either spleen‐ or tissue‐restricted, compared 
with the background association of SEs with silent genes. Binomal test **** p<0.0001. 
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Fig. S3. Generation and analysis of ATAC-seq–derived SEs across Treg subsets. 



 

           

(A) Single‐cell transcriptome coverage.  Scatterplot showing the number of uniquely identified mRNAs sequenced along 
with  the  number  of  expressed  genes  per  single  cell,  in  all  datasets  (color  coded).  Single  cells with  less  than  500 
transcripts sequenced were excluded from the analysis (below the horizontal dashed line). (B) Same tSNE plot as in Fig. 
5A  split  into  individual panels  for each  tissue and different  colors  for each  replicate. n = 2  for  the VAT, muscle and 
colonic Tregs, n = 1 for Tconvs, n = 4 for splenic Tregs (1 replicate control performed for each tissue Treg and Tconv cell 
data‐set). (C) Pan‐tissue, two‐tissue and tissue‐specific gene‐set expression  in the tissue Treg scRNA‐seq dataset. Left: 
Heatmap  representing  gene‐expression  fold‐changes  (log2)  for  each  tissue  (VAT, muscle,  colon)  compared with  the 
paired spleen (using collapsed average expression from the scRNA‐seq). Right: Biclustering heatmap deconvoluting the 
expression
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Fig. S4. Tissue Treg scRNA-seq data set validation. 



 

(A) Pan‐tissue modules. Left: Heatmap representing the TF‐family motif enrichment weighted by the correlation in the 
scRNA‐seq data‐set between each TF and the pan‐tissue gene‐set. In columns are individual TF family members (color‐
coded) expressed  in all non‐lymphoid  tissues and enriched  in pan‐tissue genes.   Pan‐tissue genes are  in  rows. Right: 
Gene‐gene correlation heatmap of pan‐tissue genes based on  the heatmap at  the  left.  (B) VAT‐specific modules,  (C) 
Colon‐specific modules, all plotted as per A. (D) Results of 1,000 random permutations of the scRNA‐seq data for the 
VAT‐specific module,  presented  as  the  number  of  significant  connections  in  each  iteration.  This  serves  as  a  null 
distribution  of  the number of  edges  expected by  chance  in  the network  in  comparison with  the  real network  (red 
arrow).
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Fig. S5. Pan-tissue and tissue-specific Treg modules identified by combining ATAC-seq and scRNA-seq data. 
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Fig. S5. Pan-tissue and tissue-specific Treg modules identified by combining ATAC-seq and scRNA-seq data.
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