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CD4'regulatory T (T,) cellsin tissues play crucialimmunoregulatory
and regenerative roles. Despite theirimportance, the epigenetics and
differentiation of human tissue T

g C€lls are incompletely understood.

Here, we performed genome-wide DNA methylation analysis of human
T, cells from skin and blood and integrated these data into amultiomic
framework, including chromatin accessibility and gene expression. This
analysis identified programs that governed the tissue adaptation of skin
T, cells. We found that subfamilies of transposable elements represented
amajor constituent of the hypomethylated landscape in tissue T, cells.

reg

Based on T cell antigen receptor sequence and DNA hypomethylation
homologies, our dataindicate that blood CCR8" T, cells contain recircula-

ting humanskin T,

eg

cells. Conversely, differences in chromatin accessibility

and gene expression suggest a certain reversal of the tissue adaptation
programduring recirculation. Our findings provide insights into the

biology of humantissueT,

«¢ Cells, which may help harness these cells for

therapeutic purposes.

CD4" regulatory T (T,,) cells are a subset of CD4" T cells that exhibit a
specific epigenetic framework' and exertimmunosuppressive effects”.
T, cellsin nonlymphoid tissues are phenotypically and functionally
distinct from those inlymphoid tissues®”. Nonlymphoid tissue adapta-
tion is accompanied by the ability of tissue T, cells to support tissue
homeostasis and repair in multiple tissues** . In mice, tissue T,., cells
were reported to develop inamultistep process fromatissue T, pro-
genitor that originates in lymphoid organs*®'® and is dependent on
several transcription factors, including BATF>*101718,

Although mouse tissue T, cells have been well characterized,
humantissue T, cells remainincompletely understood, as few studies
have focused on healthy human tissue T, cells**°. T, cells in tumor
tissues are the target of several clinical trials that aim to deplete
CCR8' T, cellsinvarious solid tumors (NCT05537740,NCT05635643,
NCTO05518045, NCT06387628, NCT05007782, NCT05101070,

NCT05935098 and NCT06131398). Although CCR8" T, cells were
thought to be a cancer-specific subpopulation of human T, cells**°,
recent data indicate that CCR8" T, cells are also the predominant
population of human tissue T, cells in nontumor tissues'’. Consider-
ing that cancer therapies targeting CCR8" T,,, cells may also deplete
asubstantial proportion of tissue T, cells in healthy tissues, further
studies are needed to better understand the identity of tissue T, cells.
In addition to the CCR8" T,, cells located within human tissues, a cir-
culating population of CCR8" T, cells exists in healthy individuals and
individuals with cancer'®?. This circulating CCR8" T cell subset displays
some similarities to tissue T, cells, including a notable amount of
shared T cell antigen receptor (TCR) sequences'®?”. Epigenetic data,
providing long-terminformation about the differentiation state of cell
populations, would allow us to precisely understand the relationship
between circulating and tissue CCR8" T, cells.
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Therefore, we investigated DNA methylation, chromatin acces-
sibility (assay for transposase-accessible chromatin using sequencing
(ATAC-seq)) and gene expression data from human blood and skin
CD45"CD3*CD4°CD127 CD25" T, cells at multiple levels, including
the transposable element (TE) landscape. TEs are components of
the genome that can, or previously could, insert themselves at new
genomic locations, a process called transposition®>**. In humans, they
are estimated to account for 40-50% of the genome***°, TEs can par-
ticipate in gene regulation by being transcribed into RNAs or being
part of promoters and enhancers and are often inactivated by DNA
methylation”*°, Our analysis found a substantial number of hypometh-
ylated TE subfamiliesin human tissue T, cells, which could potentially
be reactivated, allowing them to function as enhancers. Further, our
methylation data strongly indicated that recirculating tissue T, cells
are a part of the blood CCR8" T, cell population.

Results

Hypomethylation defines skin and blood CCR8' T, cells

Tissue T, cellsare characterized by their expression of CCR8 (Fig.1aand
Extended Data Fig. 1a). To define the relationship between blood
CCR8' T, cells and tissue T, cells, we performed whole-genome
bisulfite sequencing to investigate DNA methylationinblood antigen-
inexperienced CD3°CD4'CD8 CD25"CD127 CD45RA"CD45R0O™ T, cells,
bloodantigen-inexperienced CD3°'CD4'CD8 CD25 CD127'CD45RA'CD4
5RO conventional T (T.,,,) cells, skin CD45"CD3*CD4"CD8 CD25'CD127"
T, cells, skin CD45°CD3"CD4"CD8 CD25 CD127" T,,,, cells and blood
CD3'CD4*CD8 CD25'CD127 CD45RA"CD45R0O*CCRS" T, cells from
nine healthy female donors (Tissue Donors 7,10 and 11 and Blood
Donors 3-8; for age, see Methods; Fig. 1b). We analyzed 27,999,538
CpGs with a median coverage of 2-7x per sample (Extended Data
Fig.1b-d). Principal component analysis indicated that blood CD45RA"
T.gand T, cells clustered together, away from skin T, cellsand blood
CCR8'T,,cells, which clustered together, and away from skin T, cells
(Fig.1c). Analysis on achromosomallevel showed that, genome-wide,
skin T, cells and blood CCR8" T, cells were hypomethylated com-
paredtoblood CD45RA" T, cells (Fig. 1d). To extract methylation-level
signatures that defined single cell types or groups of cell types, we
examined methylation values at individual CpG sites. We specifically
looked for CpGsites that separated cell types based on the correspond-
ing methylation values. As such, we looked at the largest numeric
gap inmethylation between any two cell types. CpGs that met our cri-
teria were considered ‘signature CpGs’, and groups of at least three
consecutive CpGs that qualified as signature CpGs were defined as
‘signatureregions’ (Fig. 1e). Depending on which cell types were hypo-
methylated inasignature region, the signature regions were grouped
into ‘signature categories’. The signature category that defined skin
T, cells, skin T, cells and blood CCR8" T, cells was the largest,
encompassing 182,204 signature regions (Fig. 1f, Extended Data Fig. 1d

and Supplementary Table1). In most signature categories, most signa-
ture regions were associated with gene elements like introns, except
for the ‘skin T, skin T.,,, and blood CCR8" T, signature category,
whichwas dominated by intergenic regions with very low association
with CpGislands (Fig. 1g). These data show that blood CCR8" T, cells
exhibitaglobal hypomethylationlandscape similar to that of tissue T,
and T, cells.

A multiomics comparison identified DMR-peak-gene links

We used publicly available single-cell ATAC-seq (scATAC-seq) data™
of skin and blood CD4" T cells from four healthy female donors (ATAC
Donors 1, 2, 4 and 5; specific age range of skin and blood samples
unknown; Methods and Extended DataFig. 2a,b) and publicly available
RNA-sequencing (RNA-seq) data'® of sorted CD3"CD4*CD8 CD25'CD127
CD45ROCD45RA" Ty cellsand CD3*CD4'CD8 CD25CD127'CD45R0O~
CD45RA" T, cells from five healthy female donors of unknown age
(Blood Donors 3-5,9 and10) to compare DNA methylation changes to
chromatin accessibility and gene expression of blood CD45RA" naive
Teg versus T, cells. We identified a core naive T, cell signature of more
than 3,600 differentially methylated regions (DMRs) encompassing
regions associated with classical T, cell genes, including TNFRSFIB,
TNFRSF9, IKZF2, IKZF4 and FOXP3 (Fig. 2a, Extended Data Fig. 2c,e
and Supplementary Table 2), and determined DMR-accessible peak-
gene links, in which a DMR overlapped with a differentially accessible
peak and the associated gene was differentially expressed (hereafter
‘DMR-peak-gene’links). This approachresulted in151 DMR-peak-gene
links comprising 73 genes (Fig. 2a). We noticed a correlation between
hypomethylation changes on one hand and increased accessibility and
increased gene expression levels on the other (Fig. 2b and Extended
DataFig.2d), including DMR-peak-gene links associated with the T,
cellmarker genes TIGIT, IL2RA, FOXP3, CTLA4 and TNFRSF1B as well as
new marker genes such as DNAHB or, on the opposite site, LRRN3 and
SYTL3 (Fig.2b,c and Extended Data Fig. 2f).

To validate the observed methylation differences for some of
these links using a different technology, we used amplicon-based
bisulfite sequencing in six independent healthy male blood donors
(Amplicon Donors1-6, age unknown). DNA extracted from CD3"CD4"*
CD25'CD127"CD45RA" T,., and CD3"CD4°CD25 CD127°CD45RA"
T.onv Cells was used to amplify selected regions, including FOXP3,
TIGIT,IL2RA, TNFRSFI1B, LRRN3 and SYTL3, by PCR followed by bisulfite
sequencing. This confirmed the methylation differences for these loci
observed by whole-genome bisulfite sequencing (Fig. 2d and Supple-
mentary Table 4). Thus, the DMR-peak-gene link analysis identified
new and confirmed known T, cell-associated marker genes.

Skin T, cell tissue adaptation has a multiomic signature
To define the tissue adaptation program of human skin T, cells, we
focused on differences between skin T,., and blood CD45RA" T, cells.

Fig.1| DNA methylation separates skin T,., and blood CCR8" T, cells from
blood CD45RA" T, cells. a, Representative flow cytometry plot showing
CD45RACCR8" T, cellsamong CD4°CD127 CD25' T, cells in human

blood, fatand skin (left) and percentage of CD45RA"CCR8" T, cells among
CD4'CD127 CD25" T, cells inhuman blood compared to skin (right;n=6
healthy female donors; FACS Donors 1-6; median age: 46 years; range: 31-61
years). The Pvalue was determined by two-tailed Wilcoxon signed-rank test.

b, Sortlayout showingisolation of blood CD45RA" T,., blood CD45RA" T,
blood CCR8" T, skin T, and skin T, cells in one healthy female donor (FACS
Donor 7; age unknown). Not all gates are shown. ¢, Principal component analysis
of DNA methylationin blood CD45RA" T, cells (RA" T, cells), blood CD45RA"
Teonv Cells (RA" T, cells), blood CCR8' T, cells, skin T, cells and skin T, cells
isolated from blood and skin from nine healthy female donors (Tissue Donors
7,10 and 11 and Blood Donors 3-8).d, Methylation level by genomic position
and corresponding differences with respect to blood CD45RA" T, cellsin
blood CD45RA" T,,, blood CCR8" Ty, skin Ty, and skin T,., cells in human

donorsasinc.Numbersinbracketsindicate the average methylation level on
autosomes and chromosome X. e, Schematic showing the extraction of cell-type
signatures based on the largest numeric methylation gap between any two cell
types (red arrows), which was required to be at least 0.15 and at least 1.5 times

as large as the second-to-largest methylation gap (blue arrows) and resulted in
the selection of signature regions; RA, CD45RA. f, DNA methylation in regions
belonging to selected cell-type signatures as in e. Rows correspond to signature
regions, and columns correspond to donors (n =3 donors per cell type asin c).
Numbers on the right indicate the number of regions per signature category.
Signature nomenclature is based on the cell types that were hypomethylated
inthe corresponding signature regions. g, Distribution of cell-type signature
regions from the signatures in e in genomic intervals defined by genes (top)

and CpGislands (bottom). Numbers at the top indicate the number of regions
per signature category. Data are representative of three or moreindependent
experiments with three or more individual donors; TSS, transcription start site.
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Therefore, we compared our DNA methylation datato publicly available
SCATAC-seq data™ of skin and blood CD4"* T cells (four healthy female
donors; ATAC Donors 1, 2,4 and 5; specific age range of blood and skin
samples unknown; see Methods) and publicly available RNA-seq data™
ofsorted CD45'CD3°CD4"CD8 CD25'CD127 skin T, cellsand CD3"CD4"
CD8°CD25'CD127 CD45R0O"CD45RA"blood T, cells from nine healthy
female donors (Tissue Donors 7, 8,10 and 11 and Blood Donors 3-5, 9
and 10) as described above. This comparison identified a methylation
skin T, signature comprising 300,199 DMRs (298,457 hypomethylated
regions), an accessibility skin T, signature comprising 8,914 peaks
(3,192 significantly hyperaccessible peaks) and a gene expression skin
T, Signature comprising 6,877 genes (4,049 significantly overexpressed
genes; Fig. 3a, Extended Data Fig. 3a and Supplementary Table 3).

Analysis of DMR-peak-gene links identified 1,203 links and
showed a notable negative correlation between hypomethylation
changes and increased accessibility and gene expression (Fig. 3b and
Extended Data Fig. 3b). This ensemble of DMR-peak-gene links con-
tained 813 links (785 DMRs, 793 peaks and 408 genes) that lost meth-
ylation and gained accessibility and expression (TNFRSFS8, RELB, CCRS,
PRDM]1 and BATF) and 223 links (210 DMRs, 211 peaks and 132 genes)
that gained methylation and lost accessibility and expression (TGFBR2,
SELL and IGFIR) in skin T, cells (Fig. 3c and Extended Data Fig. 3¢c).
Enrichment of Hallmark gene sets** among links that lost methylation
but gained accessibility and gene expressioninskin T, cellsidentified
processesincludinginterleukin-2 (IL-2)-STAT5 signaling, TNF signaling
and TGFp signaling (Fig. 3d). We also analyzed genomic regions that
experienced strong methylation changes during skin T, cell tissue
adaptationthat were not part of the DMR-peak-gene links and found
that most regions (297,577) were hypomethylated (Extended Data
Fig.3d and Supplementary Table 3).

To investigate whether the ‘core naive T, and ‘skin T, cell sig-
natures (as defined in Figs. 2a and 3a, respectively) were shared with
T, cellsfromother tissues, we generated whole-genome methylation
data from CD45"CD3"CD4°CD8 CD25'CD127 T, cells isolated from
the subcutaneous fat of three healthy female donors (Tissue Donors
6,7 and 8). In addition, we used publicly available scATAC-seq' data
from subcutaneous adipose tissue CD4" T cells (three healthy female
donors; ATAC Donors 3-5; age unknown) and bulk RNA-seq data™
fromfat T, cells (five healthy female donors; Tissue Donors 5-9). The
skin tissue T, cell signature defined against blood CD45RA" T, cells
showed strong similarities between skin and fat T, cells (Extended
Data Fig. 3e). These results suggest a conserved tissue adaptation
program for human T, cells.

Methylation of bZIP and bHLH motifs marks skin T, cells

To identify transcription factors whose activity may be affected by
epigenetic changesinskin T, cells, we analyzed the enrichment of tran-
scription factor motifs in DMRs and differentially accessibility peaks
between skin T, cells and blood CD45RA" T, cells (Supplementary
Table 5). Arange of motifs for basic leucine zipper (bZIP) transcription

factors, suchas BATF or the compositeJun-AP1, wasenrichedinskin T,
cellhypomethylation DMRs and skin T,., cell hyperaccessibility peaks
compared to randomly selected background sets of genomic regions®
(Fig.4a,band Extended DataFig. 4a-c), suggesting that regions around
bZIP motifs became hypomethylated and were more accessible during
skin T, celltissue adaptation. Furthermore, we found an enrichment of
several basic helix-loop-helix (bHLH) transcription factor motifs (such
as c-Myc, n-Mycand USF1) in skin T, cellhypomethylation DMRs, but
notinskin T, cell hyperaccessibility peaks (Fig. 4c,d and Extended Data
Fig.4d-f), suggesting that the function of bHLH transcription factors
was regulated more by changes in DNA methylation than by changes
in chromatin accessibility. To determine which of these transcription
factors gain activity during skin T, cell tissue adaptation, we ana-
lyzed the ‘transcriptomic footprints’ of their activity by measuring the
enrichment of their target genes among genes that were differentially
expressed betweenskin T, cellsandblood CD45RA" T, cells. Several
bZIPand bHLH factors, includingJun,JunB, c-Myc and USF1, had a ‘tran-
scriptomic footprint’ and were expressed in skin T, cells (Fig. 4¢,f).
This gainin activity mightindicate aninvolvementin the tissue adap-
tation of skin T, cells. The genes MLPH and GNA1I contained a chro-
matin immunoprecipitation with sequencing (ChIP-seq)-confirmed
c-Mycor USF1bindingsite* that displayed hypomethylationinskin T,
cellscompared toblood CD45RA" T, cells (Fig. 4g and Extended Data
Fig.4g). To assess whether the c-Mycbinding sites played aregulatory
role for these genes, we targeted their surroundings, as determined
by motif analysis and public ChIP-seq data®, using a CRISPR-based
transcriptional activation system (CRISPRa) in human primary blood
CD3"CD4'CD25"CD127 T, cells fromsix donors (CRISPR Donors1-6;
three donors per guide RNA; see Methods) of unknown sex and age to
activate the sites in situ. CRISPRa targeting with specific guide RNAs
upregulated MLPH and GNA1I gene expression compared to scram-
bled control guide RNA (Fig. 4g and Extended Data Fig. 5). These data
suggest a regulatory enhancer potential of hypomethylated regions
containing c-Myc binding sites.

Blood CCR8' T, cells resemble skin T, cells

Next, we investigated the positioning of blood CCR8* T, cells relative
to blood CD45RA" T,, cells and skin T, cells using our methylation,
accessibility and RNA expression skin T, cell signatures. Analysis
of the 300,199 DMRs indicated that more than 97% (293,604) of the
methylation values of the DMRs in blood CCR8" T, cells were closer to
thoseinskin T, cells thanto those inblood CD45RA" T, cells (Fig. 5a,
Extended DataFig. 6a,b and Supplementary Table 6). Analysis of about
8,914 accessibility features placed blood CCR8" T, cells closer to skin
T, cellsinless than 60% (5,285) of features (Fig. 5aand Extended Data
Fig.6a,b), whereas analysis of gene expression levels showed that less
than 45% (2,988) of genes placed blood CCR8" T,, cells closer to skin
T,z cellsthanto CD45RA" T, cells (Fig. 5a and Extended DataFig. 6a,b).
These differences were seenin each donor analyzed (Fig.5b). Ananaly-
sisrestricted to DMR-peak-gene links revealed a similar methylation,

Fig.2| A multiomics comparison defines a core T, cell signature.

a, Methylation, chromatin accessibility and expression of DMRs (left),
differentially accessible peaks (middle) and differentially expressed genes

(right) between blood CD45RA" T, cells (RA' T, cells) and blood CD45RA™ T,
cells (RA" T,,,, cells). Rows represent genomic regions (left and middle) or genes
(right). Columns indicate samples from individual donors (left and right) or mean
accessibility across cells from a single donor (middle); n = 3 donors (methylation,
Blood Donors 3-5),2 donors (accessibility, ATAC Donors 1and 2) and 3 blood
CD45RA" T, donors and 5 blood CD45RA" T, donors (expression, Blood Donors
3-5,9and 10).b, Correlation between differential methylation, accessibility and
expression for DMR-peak-gene links (n = 151 DMR-peak-gene links). Positive
valuesindicate larger methylation, accessibility or expressionin blood CD45RA*
T, cells. Donors are as in a; gex., gene expression. ¢, Smoothed methylation

(top left), raw methylation (top right), chromatin accessibility (bottom left)

and expression (bottom right; mean +s.d.) for selected DMR-peak-gene links
inblood CD45RA" T, and blood CD45RA" T, cells. Highlighted regions mark
DMRs (methylation tracks) and differential peaks (accessibility tracks). Vertical
lines at the bottom of the methylation tracks mark CpG sites. Gene expression
Pvalues were determined by two-tailed Wald testimplemented in DEseq2 (n=5
T, celldonors and 3 T, cell donors) with a Benjamini-Hochberg correction.
Donorsare asina; P,q;, adjusted Pvalue. d, Amplicon-based bisulfite sequencing
showing methylation differences between blood CD45RA" T,., and blood
CD45RA" T, cellsin selected regions (n = 6 donors, Amplicon Donors 1-6).
Eachcircle corresponds to a CpGsite. Pvalues were determined by two-tailed
Wilcoxon signed-rank test (n = 6 donors) with a Benjamini-Hochberg correction;
Acc., accessibility; adj., adjusted; Meth., methylation; RPKM, reads per kilobase
per million; TPM, transcripts per million. Data are representative of two or more
independent experiments with two or more individual donors.
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Fig. 3| DMR-peak-gene links define amultiomicsignature of skin T, cell
development. a, Methylation, chromatin accessibility and expression of DMRs
(left), differentially accessible peaks (middle) and differentially expressed
genes (right) between skin T, cells and blood CD45RA" T, cells (blood RA”

T cells). Rows represent genomic regions (left and middle) or genes (right).
Columnsindicate samples from individual donors (left and right) or mean
accessibility across cells from a single donor (middle); n =3 donors per cell type
(methylation, Tissue Donors 7,10 and 11 and Blood Donors 3-5), 2 donors per
celltype (accessibility, ATAC Donors1,2,4 and 5), 4 skin T,., donors and 5blood
CD45RA™ T, donors (expression, Tissue Donors 7,8,10 and 11and Blood Donors
3-5,9and 10).b, Correlation between differential methylation, accessibility
and expression for DMR-peak-gene links (n =1,203 DMR-peak-gene links).
Positive values indicate larger methylation, accessibility or expressionin skin
T.cells.Donorsareasina; FC, fold change. ¢, Smoothed methylation (top left),

raw methylation (top right), chromatin accessibility (bottom left) and gene
expression (bottom right; mean +s.d.) inskin T,.,and blood CD45RA" T, cells for
selected DMR-peak-gene links. Highlighted regions mark DMRs (methylation
tracks) and differential peaks (accessibility tracks). Vertical lines at the bottom
of the methylation tracks mark CpG sites. Gene expression Pvalues were
determined by two-tailed Wald test implemented in DESeq2 (n = 4 skin donors
and 5blood donors) with aBenjamini-Hochberg correction. Donors areasina.
d, Enrichment of hallmark gene sets among genes belonging to the multiomic skin
T, cellsignature. All gene sets displaying a P, of <0.01are shown. Pvalues were
determined by one-tailed Fisher’s exact test (n = 408 genes from the multiomic
signature) with a Benjamini-Hochberg correction; DN, down; OR, odds ratio;

r, Pearson correlation. Data are representative of two or more independent
experiments with two or more individual donors.

Nature Immunology


http://www.nature.com/natureimmunology

Article

https://doi.org/10.1038/s41590-025-02210-x

c 0\ ] d
X\O' e\
\‘\\{QOﬂ‘e\T\:;Z(aoGec"s\
n-Myc(bHLH)-GSEN14311@ @ ® ® Enrichment gfod
G-Myc(bHLH)-GSETI431 o @ o o 2D°Pered s % Tl
bl cells
USF1(bHLH)-GSE32465 ; _g sk
-log,,(P.) =2 o n
-Myc(bHLH)-unpublished o 2 e — T
c-Myc( )-unpublishe 0002 25 R
HIF2a(bHLH)-GSE34871 01 Q:3
-05
Significance - E c-Myc(bHLH)-(unpublished)
ALK oP <005 o Q 15
T P 005 g2 £ 0]
RS 272 o054
) < [} S

i 1 L

-200 0 200

Distance from
motif center

. Skin T, cells
[l Blood RA" T, cells

a atOn, o b
e 50ce®
P ee
Jun-AP1(bZIP)-GSE31477 - Enrichment s Blood
Fosl2(bZIP)-GSE56872 | o Depleted o " /{ -
o Enriched St g
Fra2(bZIP)-GSE43429 nriehe £ 104 / cells
JunB(bZIP)-GSE36099 o @ © @ -logio(P,) 25 o0s] Skin
0 — T
Fral(bZIP)-GSE46166 {1« ® © @ 810 823 R - dt«“‘ cells
Atf3(bZIP)-GSE33912 o @ © @ o5
Sionif 051
BATF(bZIP)-GSE39756 1= @ « @ 9" o°° _ Jun-AP1(bZIP)-GSE31477
ad) - bl < 16
Bach2(bZIP)}-GSE44420 o @ » @ - .. >005 2,2 13]
AP-1(bZIP)-GSE21512 1® © » @ 8= g 081
3 44
Bach1(bZIP)-GSE31477 e @ « @ © 200 0 200
Distance from
o & &
o»\ c:@\\o"'\\o&\ motif center
AR K X S
‘% \(\& /\\(\&
NN
o o
e Blood RA* Treo cells f
i
1 = 104
: £
s
~ | E
°© I
e | 3o 54
5 | 28
L MYen 5o
[ | 03
: s
! -
! ..
UsFT s
0 0.5
Enrichment score
5 € 1.00 4 15 o P=0.0056
02 075+
<= N
8 E 0.50 9
£ 0251 x
® e c 10+
T T T T AT T T TR T T
= @
oS o
0] 3 2
'{’é 24 %
(é = 3: T IRTR | SRR T (1 2 5
<5 3 2
RS ' 3
co 19 4
€@ 04« v embrhon ma Bt el e
o 9 0 -l
« 0.06 Scrambled  hMLPH_A
_ Qo004
£ Soo 4q _poome
2 o e i _dmboib A bbbl s o4 -
g ~ 0.06 ‘9
I 8 004 X 34
= ¥ 0024 §
8 0 M 4. oA ande [N I ST ]
T @006 £ 27
> R o004 3
= 002 ‘ ‘ | g
° y uj R
MLPH Q
@
T T o
Chr 2: 238463000 Scrambled hMLPH_B

238467000

Fig. 4| Activity of bZIP and bHLH transcription factors during skin T, cell
development is associated with binding site hypomethylation. a, Enrichment
of bZIP motifs in DMRs and differential peaks between skin T, cells and blood
CD45RA™ T, cells (blood RA" T, cells). Pvalues were determined by one-tailed
binomial testimplemented in homer® (n=1,742 DMRs, 298,457 DMRs, 5,722
peaks and 3,192 peaks for columns 1-4) with a Benjamini-Hochberg correction.
b, Chromatin accessibility in skin T,.; and blood CD45RA" T, cells (four donors,
ATAC Donors 1,2, 4 and 5) around genomicsites for a selected bZIP motif.

¢, Enrichment of bHLH motif sites in DMRs and differential peaks between

skin T, cells and blood CD45RA" T, cells. Pvalues were determined asin a.

d, Chromatin accessibility inskin T,.; and blood CD45RA" T, cells around genomic
sites for a selected bHLH motif. Donors are as in b. e, Transcriptomic footprint
oftranscription factors (that is, enrichment of target genes) among genes
differentially expressed between skin T, and blood CD45RA" T,., cells. Labels
correspond to transcription factor gene names. Pvalues were determined by
two-tailed permutation test (n = 28,078 genes) with a Benjamini-Hochberg
correction. f, Expression of transcription factor genes corresponding to

RSP\ AP SR\ SR NG -SSR NP C R IR NP N
@O RSP DO W E Y
¢« 600@@«0@*&0,\6@&0@@?\

c-MYC ChlIP-seq signal

—
VP @R
G F R F P

. Skin Ty cells

[ Blood RA* T, cells

reg

Smoothed
methylation

Binned ATAC-seq
read count (RPKM)

HepG2

01+ ‘
ol e

0.3
02+
0.1+

O ddun .
0.3

024
01+
[ S N _A*—“ ————

P=0.0148

K562
o
L

IS
I

GM12878

Relative expression (x107)
N
L

GNA1‘1

T T
Chr 19: 3104000 3108000 3,112,000 Scrambled hGNAT1

relevant motifs (mean +s.d.; n =4 skin T, cell donors and 5 blood CD45RA"
T,.;celldonors, Tissue Donors 7,8,10 and 11and Blood Donors 3-5,9 and 10).

g, Methylation (top left, Tissue Donors 7,10 and 11and Blood Donors 3-5) and
chromatinaccessibility (middle left, ATAC Donors1, 2,4 and 5) inskin T..; and
blood CD45RA" T, cells together with c-Myc ChIP-seq signal® from three cell
lines (bottom left) around c-Myc motif sites associated with MLPH and GNA11 and
quantitative PCR with reverse transcription showing relative gene expression
(mean) of MLPH (guide RNA A or B) and GNA1I in primary blood T, cells from six
donors (CRISPR Donors 1-6, three donors per guide RNA) after CRISPR-mediated
activation originating from regions shownin track plots (right). Highlighted
regions correspond to selected DMRs (methylation tracks), scATAC-seq peaks
(chromatin accessibility tracks) and c-Myc motif sites (motif + 100 bases; ChIP-
seqand gene tracks). Vertical lines at the bottom of the methylation tracks mark
CpGsites. Pvalues were determined by two-tailed paired ¢-test (n =3 donors).
Data are representative of two or more independent experiments with two or
more individual donors.
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Fig. 5| DNA methylation patterns reflect similarity of skin T,.; and blood
CCRS8'T,, cells. a, Methylation (Tissue Donors 7,10 and 11 and Blood Donors
3-8), chromatin accessibility (ATAC Donors 1, 2,4 and 5) and gene expression
(Tissue Donors 7, 8,10 and 11 and Blood Donors 3-12) of features that are
different between skin T, and blood CD45RA" T, cells (blood RA" T, cells).
Annotation barsindicate blood CCR8" T, cell positioning. b, Proportions of
features placing blood CCR8" T, cells closer to skin T, cells or blood CD45RA"
T, cells.Donors are asina. ¢, Smoothed methylation (top left), raw methylation
(top right), chromatin accessibility (bottom left) and gene expression (bottom
right, mean +s.d.) inskin T,.,, blood CCR8" T, and blood CD45RA" T,.; cells for
regions where blood CCR8" T, cells are closer to blood CD45RA" T, cells than
toskin T, cells regarding chromatin accessibility. Highlighted regions mark
DMRs and differential peaks. P values were determined by two-tailed Wald test
implemented in DESeq2 (n =4, 5and 5 donors for skin T, cells, blood CCR8*
T.gcellsand blood CD45RA" T, cells, respectively) with a Benjamini-Hochberg
correction. Donorsare asina. d, Enrichment of bZIP motifs in feature sets
defined by blood CCR8' T, cell positionings. Pvalues were determined by one-
tailed binomial testimplemented in homer® (n = 6,424 DMRs, 292,033 DMRs,

1,128 peaks and 2,064 peaks for columns 1-4) with a Benjamini-Hochberg
correction. e, Methylation around genomic sites (+200 bases) for bZIP motifs
overlapping with DMRs (mean across three biological replicates) inskin T,
blood CCR8'T,,and blood RA* T, cells. Annotation bars indicate whether
blood CCR8' T, cells are closer to skin T, cells or blood CD45RA™ T, cells as
ina.Donorsare asina. Heat maps are ordered asind. f, Chromatin accessibility
inskin T, blood CCR8" T, and blood CD45RA" T, cells around genomic sites
for aselected bZIP motif (see Fig. 4). Donors are asin a. g, Module scores (with
cellnumbers, median and bottom/top quartile) of genes upregulated in blood
CD45RA™ T, or skin T, cellsin TCR-matched blood CCR8" T,.g, skin T,., and blood
CD45RA" T, cells from two donors (TCR Donors 6 and 7). h,i, Concatenated flow
cytometry plot showing CCR8 expression (h) and percentage of CCR8" cells
among Kaede-red" T, cellsand Kaede-green® T, cells (i) in skin dLN T, cells of
Kaede mice 6 days after skin photoconversion from Kaede-green to Kaede-red
(data concatenated from seven mice; mean * s.d.). The Pvalue was determined
by two-tailed Wilcoxon signed-rank test. Data are representative of two or more
independent experiments with two or more individual donors.

accessibility and gene expression pattern between blood CCR8" T,
cellsandskin or blood CD45RA" T, cells (Extended Data Fig. 6¢). These
dataindicate that the methylationlandscape of blood CCR8* T, cells
was analogous to that of skin T, cells, whereas similaritiesin chroma-
tin accessibility and gene expression were less pronounced. Regions
in which skin T, cell traits were reflected by methylation, but not by
accessibility, inblood CCR8" T, cellsincluded BATF, PREX1,a member
ofthe phosphatidylinositol-3,4,5-trisphosphate signaling pathway, and
SPRED2, aRas regulator (Fig. 5c and Extended Data Fig. 6d).

Toinvestigate how well the epigenetic properties of blood CCR8*
T cellsreflected traits linked to transcription factor motifs, we exam-
ined DMRs and differentially accessible peaks from the ‘skin T, cell
hypomethylation’ and ‘skin T, cell hyperaccessibility’ signatures as
defined above and performed motif enrichment analysis to assess
whether transcription factor motifs were enriched in these DMRs and
peaks compared to background sets of genomic regions®. bZIP motifs
were significantly enriched in DMRs that placed blood CCR8" T, cells
closer to skin T, cells than to blood CD45RA" T, cells (Fig. 5d,e and
Extended Data Fig. 7a), indicating that the epigenetic characteristics
surrounding bZIP motifs in skin T, cells were well reflected by the
methylation level in blood CCR8* T, cells. These effects were less
pronounced when analyzing chromatin accessibility data around the
genomic sites of Jun-AP1(bZIP) and other bZIP motifs (Fig. 5d,f and
Extended DataFig.7b). We also observed an enrichment of many bHLH
motifs among DMRs that placed blood CCR8" T, cells closer to skin
T, cells than to blood CD45RA™ T, cells (Extended Data Fig. 7c,d),
indicating that skin T, cell-related methylation traits of bHLH motifs
were reflected by blood CCR8" T, cells.

Toassesswhetherloss of conservation of skin T, cell signature gene

expression in blood CCR8" T, cells could be detected in identical af

TCRclones, we analyzed previously published scRNA-seq and scTCR-seq
data' from skin T, cells and blood CCR8" T, cells from two healthy
female donors (TCR Donors 6 and 7, unknown age; Extended Data
Fig. 8a-d). We identified 198 (TCR Donor 6) and 488 (TCR Donor 7)
skin T, cells that shared TCR sequences with blood CCR8" T, cells com-
pared to 565 (TCR Donor 6) and 818 (TCR Donor 7) blood CCR8" T, cells
thatshared TCR sequences with skin T, cells (Fig. 5g). Intotal, 4-10% of
allidentified blood CCR8" T, TCR clonotypes could also be foundinskin
T, cells, whereas only about 0.3% of all identified blood CD45RA" T,
TCRclonotypes werealso foundinskin T, cells (Extended DataFig. 8e).
Furthermore, more than 38% of TCR clonotypes found in skin T, cells
were also foundinblood CCR8' T, cells, compared to less than 2.5% in
blood CD45RA' T, cells (Extended DataFig. 8f), indicating considerable
clonal TCR overlap between blood CCR8 T, cells and skin T, cells. To
determine the conservation of gene expression patternsin TCR-identical
clones between blood CCR8" T, cells and skin T, cells, we calculated
theaggregated expression of genes from the skin T, signature (‘skin T,
cell hyperexpression’ genes and ‘blood CD45RA* T, hyperexpression’
genes) into modulescores per cell. This analysisindicated that loss of the
skin T, cell-specific gene expression program and gain of amore naive
phenotype occurred once clones left the skin (Fig. 5g).

Inmice, CCR8is amarker for tissue T, cells, similar to in humans.
To experimentally test whether CCR8" T, cells represented recircu-
lating tissue T, cells, we used Tg(CAG-Kaede)15Kgwa mice, which
ubiquitously express the photoconvertible fluorescence protein Kaede
(which switches from green to red after exposure to violet light) under
the control of a CAG promoter®. Onday 6, after exposing the back skin
to 5 min of violet light, we found photoconverted Kaede-red* migratory
skin T, cells in the skin draining lymph nodes (dLNs; Extended Data

Fig.8g), ashasbeen previously observed®. Approximately 65% of these

Fig. 6| TEs are hypomethylated in skin T,., cells and blood CCR8" T, cells.

a,b, Enrichment of TE classes and subfamilies in regions hypomethylated (a)

or hyperaccessible (b) in skin T, cells. Pvalues were determined by one-

tailed permutation test (n = 298,457 DMRs and 3,192 differential peaks) with a
Benjamini-Hochberg correction; RC, rolling circle. ¢, Methylation of annotated
insertion sites (with median) for three TE classes in skin T,.; and blood CD45RA"
T cells (blood RA" T, cells; left; three donors per cell type; Tissue Donors

7,10 and 11 and Blood Donors 3-5) and distribution of differences in mean
methylation (across the three donors) between skin T, and blood CD45RA™ T,
cellsfor eachinsertion site (right). The numbers indicate how many insertion
sites displayed differences below and above 0; AU, arbitrary units. d, Methylation
(donors are asin ¢) and chromatin accessibility (ATAC Donors1, 2,4 and 5) in skin
T.;and blood CD45RA" T, cells around selected TE insertion sites. Highlighted
regions mark DMRs (methylation tracks), differential peaks (accessibility tracks)
and TEinsertion sites overlapping with DMRs (only TE subfamilies enriched

among the DMRs; gene tracks). Vertical lines at the bottom of the methylation
tracks mark CpGsites (CpGssites overlapping with TEs are shown in red).

TE labels correspond to TE subfamilies (partly overlaps with Figs. 3 and 5).

e f, Enrichment of TE classes and subfamilies in regions that are hypomethylated
(e) or hyperaccessible (f) in skin T, cells and defined by specific positionings

of blood CCR8" T, cells. Pvalues were determined by two-tailed Fisher’s exact
test (n=292,033/2,064 DMRs/peaks ‘closer to skin T, 6,424/1,128 DMRs/peaks
‘closer toblood CD45RA" T,,). g, Methylation of TE insertion sites overlapping
with regions hypomethylated in skin T, cells (with median) in skin T, blood
CCR8" T,,;and blood CD45RA" T, cells (top; three donors per cell type; Tissue
Donors 7,10 and 11 and Blood Donors 3-8) and distribution of differences
inmean methylation (across the three donors) between any two cell types

for eachinsertion site (bottom). Numbers indicate how many insertion sites
displayed differences below and above 0. Data are representative of two or more
independent experiments with two or more individual donors.
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Fig.7|Several TE subfamilies are transcribed inskin T, cells. a, Expression
levels of TE subfamilies in skin T,g, skin Te,,,, blood CCR8" T, blood CD45RA"
T, (bloodRA*T,.,) and blood CD45RA" T, (blood RA" T,,,) cells with within-
cell-type meanbased on4,4,5,5and 3 donors, respectively (Tissue Donors 7,
8,10 and 11 and Blood Donors 3-12). Values equal to O are shown in light beige.
TPM normalization reflects the expression level of a particular TE compared

to the whole collection of TEs. b, Differential expression of TE subfamilies
between skin T, cellsand blood CD45RA™ T, cells. Pvalues were determined by

two-tailed Wald testimplemented in DESeq2 (skin T, celldonors, n=4; blood
CD45RA" T, cell donors, n=5; donors are asin a) witha Benjamini-Hochberg
correction. ¢, Methylation of annotated HERVIP10F-int and LTR45B insertion
sites (with median) in skin T,.,, blood CCR8" T, and blood CD45RA" T, cells
(top; n=3donors per cell type; Tissue Donors 7,10 and 11 and Blood Donors 3-8)
and distribution of differences in mean methylation (across the three donors)
betweenany two cell types for each insertion site (bottom). Numbersindicate
how many insertion sites displayed differences below and above 0.

photoconverted Kaede-red” T, cells expressed CCR8 in the dLNs,
whereas only 30% of nonconverted Kaede-green* T, cells expressed
CCRS (Fig. 5h,i and Extended Data Fig. 8h), indicating that the CCR8"
T, cell pool is enriched for tissue egressing, recirculating T, cells.
Theseresults showed a higher conservation of skin T,., cellmethylation
traitsinblood CCR8" T, cells than DNA accessibility and gene expres-
sion traits and suggested that blood CCR8" T, cells could represent
recirculatingtissue T, cells thatlost part of their accessibility and gene
expression tissue characteristics.

TE hypomethylation characterizes tissue T, cells

TEs contribute to gene regulatory functions, and DNA methylation sup-
presses their activity®**>*, TE elements can be subdivided into classes
(including long interspersed nuclear elements (LINEs), long terminal
repeats (LTRs), shortinterspersed nuclear elements (SINEs) and DNA
elements) and further into families and subfamilies (Supplementary
Table7).Intotal, morethan1,100 TE subfamilies can be distinguished
with individual integration sites, ranging from a few dozen integra-
tion sites to more than 100,000 integrations per subfamily®>°, We
asked which TE classes and subfamilies were enriched in epigeneti-
cally differential regions of skin T, cells versus blood CD45RA* T,
cells. We found that the TE classes SINE, LTR and DNA as well as 323 TE
subfamilies, including LTR18B, HUERS-P2-int, LTR3B, LTR1D, LTR32
and MERI25, were significantly enriched in ‘skin T, cell hypometh-
ylation’ DMRs compared to the TE distribution expected by chance
(Fig. 6a, Extended DataFig. 9aand Supplementary Table 8). Significant
TE enrichment was also detected at the accessibility level in skin T,
cells (Fig. 6b and Extended Data Fig. 9b). We also directly examined
methylation and accessibility around annotated TE insertion sites
in skin T,.; and blood CD45RA* T, cells. LTR, SINE and DNA TEs were
strongly affected by hypomethylation changesin skin T,., cells (Fig. 6¢).

eg

In all three TE classes, more TE insertion sites were hypomethylated
in skin T, cells thanin blood CD45RA" T, cells, for example, 86% for
LTR class TE insertionsites (Fig. 6¢c and Extended Data Fig. 9¢). Similar
hypomethylation patterns were also observedin subcutaneous adipose
tissue T, cells (Extended Data Fig. 9d). Skin T, cell signature genes,
suchas TNFRSFS8, PREX1, PRDMI and BATF, contained hypomethylated
TEinsertionsites for several TE subfamilies, such as MIR and L2a (Fig. 6d
and Extended Data Fig. 9e).

Next, we investigated the TE traits of blood CCR8" T, cells com-
pared to skin T, and blood CD45RA* T, cells. DMRs and differential
peaks were stratified based on their positioning of blood CCR8" T,.,
cells, and we examined whether TEs were enriched among the strati-
fied features. SINE, LINE, LTR and DNA TE classes and 38 individual
TE subfamilies, including MIR and L2a, were enriched in DMRs that
placedblood CCR8" T, cells closer toskin T, cells (Fig. 6e). We did not
observe any significant TEenrichment at the accessibility level (Fig. 6f),
suggesting that TE-related traitsinblood CCR8" T, cells reflected skin
T, celltraitsat the methylation, but not chromatin accessibility, level.
Because TE enrichments may have been biased by different underlying
region numbers, we also examined methylation around individual TE
insertion sites. The hypomethylation pattern in LTR, SINE, LINE and
DNATEsin CCR8" T, cells, but not the hyperaccessibility pattern, was
almost indistinguishable from the pattern of skin T, cells compared
to blood CD45RA" T, cells (Fig. 6g and Extended Data Fig. 9f). These
findings indicate that TEs represent an integral constituent of the
hypomethylationlandscapeintissue T, cellsand thatblood CCR8* T,
cells conserve the TE hypomethylation traits found in tissue T, cells.

TE subfamilies gain RNA expressioninskin T, cells
Because TEs can be transcribed into RNA?*, we investigated how
epigenetic methylation changes of TE insertion sites influenced
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Table 1| Locations and methylation of the most strongly
hypomethylated HERVIP10F-int and LTR45B insertion sites
overlapping with DMRs hypomethylated in skin T, cells

Chr. Interval Meth.blood Meth. skin Meth. diff.
RA'T4cells T, cells
HERVIP10OF-int
4 141519736-141521252 0.860 0.477 -0.383
M 92994750-92995433 0.828 0.542 -0.370
14 21193203-21193472 0.903 0.542 -0.361
2 132899525-132902896  0.857 0.505 -0.352
n 67456726-67457160 0.749 0.400 -0.349
LTR45B
4 107573927-107573965  1.000 0.254 -0.746
10 33423433-33423859 0.664 0.100 -0.564
12 106417286-106417799  0.758 0.200 -0.558
20 13999437-13999668 0.719 0.167 -0.552
n 5612894-5613203 0.792 0.317 -0.475

Methylation values correspond to the mean across three donors (Tissue Donors 7,10 and 11
and Blood Donors 3-5). Chr.; chromosome; Diff., difference; Meth., Methylation; RA, CD45RA.

TE expression during skin T, cell tissue adaptation. We matched
RNA-based sequencing reads to TE consensus sequences and quan-
tified the expression of TEs in the bulk RNA-seq data'®. TEs inserted
into larger transcribed regions (genes) can bias this analysis because
their expression might be due to transcription of the larger region and
not expression of the TE. To avoid such biases, we excluded TE reads
that mapped to gene bodies or long noncoding RNAs (IncRNAs). We
detected amedian number of 1,071 (range: 625-1,561) TE-derived reads
across the analyzed samples (Supplementary Table 9). Of 1,103 pro-
filed TEs, 613 displayed detectable expressionin atleast one cell type
(skin T, skin T,,,, blood CD45RA" T,.,, CD45RA* T,,,,,and CCR8" T,
cells; Fig. 7aand Supplementary Table 9). Analysis of TEs that changed
transcription during skin T, cell tissue adaptation identified three
TEs that were overexpressed in skin T, cells compared to in blood
CD45RA" T, cells (Fig. 7b), including the TE subfamilies HERVIP10F
(labeled ‘HERVIP10F-int’in the insertion site database) and LTR45B. The
insertion sites of HERVIP10F and LTR45B were hypomethylated in skin
and subcutaneous fat T, cells (Fig. 7cand Extended Data Fig. 10a,b).
Blood CCR8" T, cells reflected this trend (Fig. 7c). We identified 103
HERVIP10F-int and 72 LRT45B insertion sites that overlapped with
‘skin T, cell hypomethylation’ DMRs (Supplementary Table 10). The
most strongly hypomethylated insertion sites included a position
on chromosome 4, with 74% methylation reduction in skin T, cells
compared toblood CD45RA" T, cells (Table 1). Thus, the TElandscape
is anintegral part of the hypomethylation traits of tissue T,., cells,
shared by circulating CCR8" T, cells.

Discussion
Based on epigenetic DNA analyses, we identified tissue adaptation
programs, ofteninvolving specific TE subfamilies, in human tissue T,
cells. We found that CCR8" circulating blood T, cells shared a strong
epigenetic relationship with tissue T, cells, characterized by a simi-
lar hypomethylation pattern, while they differed in their chromatin
accessibility and RNA expression profile. This indicated that CCR8"
T, cellsin the blood contained recirculating tissue T, cells showing
signs of a reversal of the tissue adaptation program toward a more
naive phenotype.

Inmice, T, cellsare characterized by DNA hypomethylated T, cell
signature genes, which are essential for T, cell functionality, long-term
lineage stability' and tissue-specific functional adaptations®*”'°. Here,

we described about 300,000 DMRs between human skintissue T, cells

and naive CD45RA" blood T, cells. The sheer number of methylation
changes, whichwealso found in subcutaneous adipose T, cells, indi-
catesthat T, cell tissue adaptation goes along with marked epigenetic
reconfiguration. Notably, tissue adaptation programs were dominated
by hypomethylation changes. Dominance of hypomethylation was
reported for developing lymphocytes and immune cell proliferation®,
which has been attributed in part to specific late-replicating regions
called ‘partially methylated domains™"*,

TEs can influence immunological processes by providing an
enhancer landscape®**. Reactivated TERNA or DNA can be sensed by
theinnateimmune system, resulting in pathological inflammation***.
Research into how TEs affect gene regulation by influencing the
enhancer landscape inimmune cells is just emerging. It was reported
that interferon responses rely on TE co-option*®, and CD8" T cell acti-
vation exploits the TE enhancer architecture®. Specific TE families
were reported to be associated with tissue adaptation of immune
cells®®. Here, we found similar patterns in human skin and subcutane-
ous adipose T, cells. We found TE RNA, which was indicative of the
reactivation of TE subfamilies, associated with hypomethylation of
TEinsertionsites in skin tissue T, cells.

Our data showed a strong relationship between human circulat-
ing CCR8" T, cells and tissue T, cells, suggesting that blood CCR8*
T, cellsare therecirculating counterpart of tissue T, cells. Using cell
trackingin mice, we found that dLN CCR8" T, cells contained skin recir-
culatingtissue T, cells. Therefore, blood CCR8" T, cells could become
avaluable diagnostictool, as these cells may have witnessed alterations
inatissue, such asanimminentimmunerejectioninatransplant situ-
ation. The strong epigenetic relationship observedin the methylation
data was only partly recapitulated by chromatin accessibility traits,
suggesting that methylation changes are amore permanent trait than
chromatin accessibility, as previously reported*®. A recirculating popu-
lation of human tissue T, cells would not be unexpected, as data in
mice pointinthis direction*. Mouse parabiosis experiments suggested
that depending on the tissue, the mean dwell time of tissue T, cells
withina certaintissueis 2-8 weeks (ref. 49),and work on mouse muscle
T, cells showed shared muscle T, cell TCR sequences in a specific
spleen T, cell population, compatible with recirculating muscle T,.,
cells”. Our multiomic analysis indicated that recirculating tissue T,
cellsshow ssigns of aregression of the tissue adaptation program toward
amore naive state, resembling a precursor-like phenotype, making the
distinction between true precursor tissue T, cells that never entered
the tissue and egressing tissue T, cells difficult. The precursor-like
phenotype may allow circulating tissue T, cells to better readapt to
new challenges, while maintaining certain methylation traits that could
enforce amore pan-tissue T, cellidentity. The existence of a pan-tissue
T cellidentity across various organs and even between human and
mousetissue T, cells hasbeenreported®*”'**. In conclusion, our data
provide insights into the tissue adaptation of human tissue T, cells,
which may have important implications for therapeutic applications
of T, cellsand disease diagnostics.
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Methods

Human donors, sample acquisition, sample sizes and ethics
Human skin and subcutaneous adipose (fat) tissue used for whole-
genome bisulfite sequencing and RNA-seq was obtained from seven
healthy female donors (named Tissue Donors 5-11) undergoing abdom-
inoplasty procedures after weight loss or epigastric herniarepair after
multiple pregnancy. For whole-genome bisulfite sequencing, samples
from three donors per cell type were processed. We analyzed skin T,.,
cellsfrom Tissue Donors 7,10 and 11 (median age: 52 years; range: 41-53
years), skin T, cells from Tissue Donors 7,10 and 11 (ages as for skin T,
cells) and fat T, cells from Tissue Donors 6, 7 and 8 (age not available
for each donor). For bulk RNA-seq, we profiled samples from four to
fivedonors per cell type. We analyzed skin T, cells from Tissue Donors
7, 8,10 and 11 (age not available for each donor), skin T, cells from
Tissue Donors 7,8,10 and 11 (age not available for each donor) and fat
T, cells from Tissue Donors 5, 6,7, 8 and 9 (age not available for each
donor). These bulk RNA-seq data have been published previously™. For
flow cytometry analysis, blood and skin samples were obtained from
seven healthy female donors undergoing abdominoplasty procedures
after weightloss and epigastric herniarepair. For statistical analysis, we
used samples from FACS Donors1-6 (median age: 46 years; range: 31-61
years). For exemplification of our gating strategy, we used samples
from FACS Donor 7 (age unknown). Collection of tissue, immune cells
and blood samples from these donors was performed in accordance
with the Declaration of Helsinki after ethical approval by the local eth-
ics committee at Regensburg University, Germany (reference number
19-1453-101), and signed informed consent.

To obtain human blood samples for whole-genome bisulfite
sequencing and RNA-seq, peripheral blood mononuclear cells for CD4*
T cell enrichment were isolated from leukocyte reduction chambers
from ten healthy female donors of unknown age who donated throm-
bocytes (termed Blood Donors 3-12). For whole-genome bisulfite
sequencing, samples from three donors per cell type were used (blood
CD45RA" T, cells from Blood Donors 3-5, blood CD45RA" T, cells
fromBlood Donors 3-5and blood CCR8" T, cells from Blood Donors
6-8).For bulk RNA-seq, we profiled three to five samples per cell type
(blood CD45RA’" T, cells from Blood Donors 3-5, 9 and 10, blood
CD45RA" T,,,, cells from Blood Donors 3-5 and blood CCR8" T, cells
from Blood Donors 6-8,11and 12). These bulk RNA-seq data have been
previously published™. For CRISPR activation, we analyzed T cells from
sixdonors of unknown sex and age. Cells from CRISPR Donors1-3 were
used forthe guide RNAs hMLPH_A and hGNAI11, and cells from CRISPR
Donors4-6 were used for the guide RNA hMLPH_B. For amplicon-based
bisulfite sequencing, we processed samples from six male donors of
unknown age. These donors were termed ‘Amplicon Donors 1-6’. Col-
lection of blood samples was performed in compliance with the Decla-
ration of Helsinki after ethical approval by the local ethical committee
(reference numbers19-1414-101and 19-1614-101) and signed informed
consent. Donors provided written informed consent, and their samples
were not used for any other analyses in this study.

No statistical methods were used to predetermine sample sizes,
butoursample sizes are similar to those reported in previous publica-
tions*’. Donors were not assigned to different experimental groups, and
no randomization was performed. Data collection and analysis were
not performed blind to the conditions of the experiments.

Inaddition, we used public scATAC-seq and scRNA-seq/scTCR-seq
data’. scATAC-seq data contained data on CD4* T cells from blood, skin
and subcutaneous fat from five healthy female donors (blood from
ATAC Donors1and 2, skin from ATAC Donors 4 and 5 and fat from ATAC
Donors 3-5) with an average age of 44.6 years (+14; range from 26 to
56 years, ages for individual donors unknown) undergoing abdomi-
noplasty procedures after weight loss and epigastric hernia repair.
scRNA-seq/scTCR-seqdatacontained dataon CD4' T cells from blood,
skin and subcutaneous fat from two healthy female donors (termed
TCRDonors 6 and 7) of unknown age who underwent abdominoplasty

procedures after weight loss and epigastric hernia repair. Collection
of tissue, immune cells and blood samples from these donors was
performedinaccordance with the Declaration of Helsinki after ethical
approval by thelocal ethics committee at Regensburg University, Ger-
many (reference number 19-1453-101), and signed informed consent.

All animal experiments were approved by the governmental
committee for animal experimentation (Regierungsprasidium Unter-
franken) and were conducted in accordance with ethical regulations.
Specific details on animal characteristics are provided in a dedicated
section below.

Tissue digestion for flow cytometry and FACS of T cells

To isolate T cells from human skin tissue, skin and underlying fat
were first mechanically separated. The skin was then cut into small
pieces and digested (base medium DMEM (Gibco, 41965), 4 mg ml™
collagenase typelV (Sigma-Aldrich, C5138),10 ug mI™ DNase I (Roche,
11284932001), 2% fetal bovine serum and 10 mM HEPES). Digestion
was performed directly in a GentleMACS C tube with the program
37_C_Multi_H’ for 90 min, followed by centrifugation and filtration
steps. Dead cell removal was performed with a dead cell removal kit
(Miltenyi, 130-090-101).

Peripheral blood mononuclear cell isolation and
pre-enrichment of blood lymphocytes

Toisolate T cells from human blood, leukocyte reduction chambers
or buffy coats were used. Leukocytes were first diluted 1:3 with DPBS
(Gibco, 14190-094), and the resulting blood and PBS mixture was
splitinto two fractions and underlaid with an equal amount of Pancoll
(PAN-Biotech, P04-601000). Samples were centrifuged at1,000g for
20 minatroom temperature, withacceleration set to4 and brake to O.
The peripheral blood mononuclear cell layer was isolated and washed
twice by centrifugation. Antibodies were used, if not indicated other-
wise, as recommended by the manufacturer (including amounts and
dilutions). Cells were pre-enriched with biotinylated anti-human CD4
(clone OKT4, Biolegend, 317406), biotinylated anti-human CD8 (clone
HIT8a, Biolegend, 300904) or PE-labeled or biotinylated anti-human
CD25 (clone BC96, Biolegend, 302606 or 302624) at a dilution of
1:20 or 1:100, followed by column-based magnetic separation
with anti-biotin or anti-PE ultrapure microbeads (Miltenyi Biotec,
130-105-637 or 130-105-639) following the manufacturer’s protocol.
All antibodies were from commercial sources and were validated by
the manufacturer.

Preparation of samples for FACS

T cells were isolated and pre-enriched as described in the previous
sections. Cells were stained in 1.5-ml Eppendorftubes or 96-well plates
in FACS buffer (2% fetal calf serum in PBS). Surface staining was per-
formed at 4 °C for 20 min in a staining volume of 50-100 pl. Antibod-
ies were used, if not indicated otherwise, as recommended by the
manufacturer (including amounts and dilutions). All antibodies were
from commercial sources and were validated by the manufacturer.
The following antibodies were used for surface staining: anti-human
CD3-BV785 (OKT3, Biolegend, 317330 or BD Biosciences, 566782),
anti-human CD4-BV711 (OKT4/L200, Biolegend, 317440 or BD Bio-
sciences, 563913), anti-human TCR-B-chain BV785 (IP26, Biolegend,
306742), anti-human CD8-BUV395 (RPA-T8, BD Biosciences, 563795),
anti-human CD19-BV605 (HIB19, Biolegend, 302244), anti-human
CD25-PE (BC96/2A3, Biolegend, 302606 or BD Biosciences, 57214),
anti-human CD45-BUV737 (HI30, BD Biosciences, 748719), anti-human
CD45RA-BV605 or CD45RA-BV510 (HI100, Biolegend, 304134/304142
or BD Biosciences, 562886), anti-human CD45R0-BV421 (UCHL],
Biolegend, 304224), anti-human CD127-APC (A019D5, Biolegend,
351342), anti-human CD14 BUV395 (M@P9, BD Biosciences, 563562)
and anti-human CCR8-BV421 or BUV395 (433H, BD Biosciences, or
747573) atadilution of 1:20 or 1:100. Viability staining was performed
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using eBioscience Fixable Viability Dye eFluor 780 (Thermo Fisher
Scientific, 65-0865-14) according to manufacturer’s instructions at a
dilution 0f 1:1,000.

FACS of T cells from blood and skin

T cellswereisolated, pre-enriched and stained as described above. BD
CS&T beads were used to validate machine functionality. Fluorescence
spillover compensation was performed with lymphocytes stained with
CD4 (OKT4, Biolegend or BD Biosciences) in the respective colors.
Flow cytometry datawere analyzed using FACSDiva (version 8.0.2) BD
FlowJo (versions10.6.2and 10.10.0). Sorting was performed witha BD
FACSAriall or BD FACSFusion cell sorter with an 85-pim nozzle and 45 psi
of pressure. Postsort quality controls were performed as applicable.
Cells were sorted directly into 500-pl of RLT+ lysis buffer (Qiagen All-
Prep DNA/RNA Mini kit, 80204). All procedures were performedin DNA
low-bind tubes (Eppendorf,0030108051). From human skin samples,
wesorted 3,500t010,000 T, cells (CD45°CD3*TCRB*CD4"CD8 CD127°
CD25%) and 5,500 t0 10,000 T,,,, cells (CD45'CD3'TCRB*CD4'CD8"
CD127°CD25"). Fromhuman peripheral blood samples, we sorted 10,000
CD45RA" T, cells (CD45°CD3'TCRB'CD4*CD8 CD127 CD25"CD45RA"
CD45R07),10,000 CCR8' T, cells (CD45°CD3'TCRB*CD4'CD8 CD127°
CD25'CD45RA"CD45R0O"CCR8") and 10,000 CD45RA" T, cells (CD45"
CD3'TCRB'CD4'CD8 CD127'CD25 CD45RA'CD45RO").

Whole-genome bisulfite sequencing

DNA was isolated using a DNA/RNA micro kit (Qiagen, 80284), and
DNA quality and concentration were assessed by Qubit (dsDNA HS
kit, Q32851) and TapeStation 4200 with Genomic DNA Screentape
(Agilent, 5067-5365). Tagmentation-based whole-genome bisulfite
sequencing was essentially performed as described previously”. Two
differently barcoded libraries were generated each per sample. Cor-
responding libraries were pooled in equimolar amounts, and each pool
was sequenced on a single lane using an Illlumina Novaseq 6000 with
paired-end sequencing and 150 cycles (PE150).

SCATAC-seq
The scATAC-seq data set was taken from our previous study™.

Bulk RNA-seq

The RNA-seq data set was taken from our previous study”. This data
set had been generated as follows. Total RNA was isolated using a
DNA/RNA micro kit (Qiagen, 80284), and RNA was eluted in 14 pl of
RNase-free water. RNA quality was assessed using a TapeStation 4200
and High-Sensitivity RNA Screentape (Agilent, 5067-5579). Eight
microliters of RNA was used for generating RNA-seq libraries using
a SMART-Seq Stranded kit (Takara, 634444). Indexed libraries were
pooledinanequimolarratio and sequenced on anIllumina NextSeq 550
machine withaNextSeq 500/550 High Outputkit v2.5 (75 cycles). DNA
was eluted in 30 pl of buffer EB and used for whole-genome bisulfite
sequencing as described above.

Generation of amplicon data for validation of methylation
differences

Custom bisulfite primers were designed using the bisulfite primer
seeker (Zymo Research; for primer sequences, see Supplementary
Table4). The forward primers were extended with barcode sequences
for multiplexing (Supplementary Table 4). In addition, forward and
reverse primers were extended with partial llumina sequences asrec-
ommended by Genewiz, from Azenta Life Sciences, where sequencing
was performed (5'-3’ forward: ACACTCTTTCCCTACACGACGCTCTTC-
CGATCT; reverse: GACTGGAGTTCAGACGTGTGCTCTTCCGATCT).
Primers were synthesized by Sigma-Aldrich. DNA was extracted using
a DNeasy Blood and Tissue kit (Qiagen, 69504). Afterward, bisulfite
conversionwas performed using an EpiTec Bisulfite kit (Qiagen, 59104).
For amplicon generation, KAPA HiFi HotStart ReadyMix was used

(Roche, 7959079001). Together with bisulfite-converted DNA, bar-
coded forward and reverse primers and double-distilled water, PCRs
were run (initial denaturation at 95 °C for 3 min, 35 cycles start dena-
turationat 98 °Cfor 20 s, annealing at primer optimal temperature for
15s, extension at 72 °C for 15 s, cycle end, final extension at 72 °C for
1minand holdindefinitely at room temperature). To cleanup the PCR
products, 1% agarose gels were run, and a MiniElute Gel Extraction kit
was used to extract the amplicons (Qiagen, 28604). Afterward, Qubit
and TapeStation were run to measure concentration and average base
pair size. Taking the barcodes and regions into account, the different
amplicons were pooled and sequenced onan Illumina MiSeq machine,
yielding 2 x 250 bp paired-end reads. The analysis of the corresponding
datais described in ‘Bioinformatics: general’.

CRISPR-based transcriptional activation of MLPH and GNA11
Blood CD45RA" T,,, cells were isolated from peripheral blood mono-
nuclear cells by gradient centrifugation, followed by MACS and FACS
isolation as described above. Cells were rested with 100 U mI* IL-2 for
24 h before being transduced with dCas9-VP64 and guide RNA using
separate lentiviral vectors. Guide RNA sequences were 5’TTAGATGG-
GAGCTATGTGTG3’ for MLPH_A, 5TGCTAGTGAGATTTGAGCAC3’ for
MLPH B and 5’AGCCCCTGACCCGAGACTGA3’ for GNA1I. Arandom
guide RNA sequence (‘scrambled’; 5’GACCATCTTCTAACCTTACA3’)
was used as a negative control. After 3-6 days of incubation, cells
transduced with both dCas9-VP64 and guide RNA were sorted by FACS
based on expression of co-transduced reporter genes. RNA isolation
was performed using aninnuPREP RNA Minikitaccording to the manu-
facturer’s specifications. cDNA synthesis was performed according to
the manufacturer’s protocol (Reverse Transcriptase I, Life Technolo-
gies). Quantitative PCR withreverse transcription was performed with
TagMan probes and master mix in a Viia7 real-time PCR system (all
Thermo Fisher Scientific). Gene expression was normalized to house-
keeping gene expression (HPRT).

To control for efficient and specific targeting of the guides, clas-
sic CRISPR-Cas9 constructs able to cleave DNA containing the same
guide RNAs were generated. Guide RNA was generated by mixing
transactivating CRISPRRNA (Integrated DNA Technologies, 1072534)
and MLPH CRISPR RNAs (sequence: Y TTAGATGGGAGCTATGTGTG3'),
GNAII CRISPR RNAs (sequence: ’AGCCCCTGACCCGAGACTGA3’) or
scrambled CRISPR RNAs (Integrated DNA Technologies, 1072544) in
equimolar concentrations, heating to 95 °C for 5 min and allowing to
cooldowntoroomtemperature. Guide RNA mixes are combined with
Cas9 Enzyme (Integrated DNA Technologies, 1081060) and incubated
atroom temperature for 30 min to form the RNP complex. Electropo-
rationwas performed using aNeon transfection instrument (settings:
1,600V, 10-ms pulse width, three pulses; Thermo Fisher Scientific)
in the presence of an electroporation enhancer (Thermo Fisher Sci-
entific, 1075915) using a Neon transfection system 10 pl kit (Thermo
Fisher Scientific, MPK1096). CD4" T cells were cultured with 100 U ml™
IL-2 and Transact for 3 days before genomic DNA was isolated using
a QIAmp DNA Mini kit (Qiagen, 51304). Target DNA was PCR ampli-
fied using the following primers: 5>CCACACACACACACGCTATTG-
GCTCTGC3’ and 5’GCGGACCGTGGCTGTGGCCTGTG3' for MLPH and
5’CCACACACACACACGCTATTGGCTCTGC3’ and 5’GCGGACCGTGGCT-
GTGGCCTGTG3' for GNA11.PCRamplicons were Sanger sequenced, and
Tracking of Indels by Decomposition (http://shinyapps.datacurators.
nl/tide/) confirmed specific targeting of both guides to the respective
genomic position.

Origin, treatment and analyses of Kaede-expressing mice

Tg(CAG-Kaede)15Kgwa mice™ (genetic background: C57BL/6)) were a
gift fromR. Linker (Clinic and Polyclinic for Neurology at the University
of Regensburg). Animals were housed under specific pathogen-free
conditions at the Regensburg University Clinic animal care facil-
ity, and the governmental committee for animal experimentation
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(Regierungsprasidium Unterfranken) approved all experiments involv-
ing animals. We used seven adult male and female mice between 30 and
35 weeks of age. Air exchange rates were >8 AC h', light/dark cycles
were 12 h/12 h, and mice were maintained at ambient temperature
(22 £2°C) and arelative humidity of 55 + 10%. Tg(CAG-Kaede)15Kgwa
mice express the photoconvertible fluorescent Kaede protein under the
control of a CAG promoter. The excitation maximum of ‘Kaede-green’
was 508 nm. During exposure to violet light, the Kaede-green pro-
tein was converted to ‘Kaede-red’, which is characterized by an exci-
tation maximum of 572 nm (ref. 52). For photoconversion of skin,
Tg(CAG-Kaede)15Kgwa mice were anesthetized, hair and hair follicles
from the back were removed with an electric shaver and depilatory
cream, and an area of 8 cm?was exposed to violet light for 5 min (100%
intensity atadistance of 10 cm using a CoolLED lamp from the pE-100
series with 440 nm; AHF). Six days after initial exposure, animals were
killed, and skin dLNs (inguinal and axillary) were collected. Rand-
omization was not applicable as mice were not assigned to different
experimental groups. For the same reason, data collection and analysis
were not performed blind to the conditions of the experiments. T cells
were isolated from LNs by mechanical dissociation on a 40-umi filter.
Cellswere pre-enriched for CD25 by staining biotinylated anti-mouse
CD25 (clone PC61, Biolegend, 102003), followed by column-based
magnetic separation with anti-biotin microbeads (Miltenyi Biotec,
130-105-637) following the manufacturer’s protocol. The following
mouse antibodies were used for surface staining: CD4-BUV395 (GK1.5,
BD Biosciences, 563790), TCRB-BV605 (H57-597, Biolegend, 109241),
GITR-PE-Cy7 (DTA-1, Biolegend, 126318) and CCR8-BV421 (SA214G2,
Biolegend, 150305) or Rat IgG2bk BV421 Isotype Ctrl (RTK4530, Biole-
gend, 400655) at adilution of 1:100. Viability staining was performed
using eBioscience Fixable Viability Dye eFluor 780 (Thermo Fisher
Scientific, 65-0865-14) according to manufacturer’s instructions at a
dilution of 1:1,000. Data analysis was performed using FlowJo v10.10
and GraphPad Prism v10.4.1.

Bioinformatics: general

Software versions and corresponding references, if available, are indi-
cated upon first mention of the respective software. All analyses that
used the programming language R were performed using R v4.0.0.

Preprocessing of whole-genome bisulfite sequencing data

Alignment and methylation calling was performed based on a previ-
ously described workflow* that uses a customized version of methyl-
Ctools®. The workflow was modified as follows. Trimmomatic™
(v0.30) PE was used to trim adaptor sequences with the options
‘“threads 12 -phred33 ILLUMINACLIP:xxx:2:30:10:8:true SLIDING-
WINDOW:4:15 MINLEN:36". Here, ‘xxX’ refers to a fasta file containing
the adaptor sequences. Alignment to the hs37d5 reference genome
(based on GRCh37) was performed using BWA-MEM?*® (v0.7.8) with
the “T’ parameter set to 0. Duplicates were marked using sambamba
(v0.6.5) with the parameters -t 1 -1 0-hash-table-size =2000000-
overflow-list-size =1000000-io-buffer-size = 64’ and not removed
from the data. We confirmed successful bisulfite conversion in all
but one sequencing library by observing low methylation signal at
CH sites (Extended Data Fig. 1b). Here, we restricted our analysis
to the first 3,000,000 CH sites on chromosome 1. The sequencing
library that did not meet this quality criterion was subsequently
excluded. For the analysis of CpGs, we combined data on the two
opposite cytosines of the same CpG by summing up their read counts.
To compute position-wise coverage, we added the counts of methyl-
ated and unmethylated reads at each profiled position. One skin T,
cell sample displayed exceptionally low coverage (Extended Data
Fig.1c) as we had excluded the library with aberrant CH methylation
signal. Because all donors were female, we excluded positions on
chromosome Y. We then stored the counts of methylated and total
reads at each position in a bsseq object (bsseq*’ package; v1.26.0).

We computed smoothed methylation values using the BSmooth func-
tion from the bsseq package.

Preprocessing of RNA-seq data

The RNA-seq data set was taken from our previous study™. It had
been preprocessed as follows. For all samples, low-quality bases were
removed with Fastq_quality filter from the FASTX (http://hannonlab.
cshl.edu/fastx_toolkit/index.html) Toolkit v0.0.13, with 90% of the
reads needinga quality phred score of >20. Homertools* v4.7 was used
for poly(A) tail trimming, and reads with alength of <17 were removed.
PicardTools v1.78 (https://broadinstitute.github.io/picard/) was used
to compute the quality metrics with CollectRNASeqMetrics. With
STAR*®v2.3, the filtered reads were mapped against human genome
38 using default parameters. Count data and RPKM tables were gen-
erated by mapping filtered reads against union transcripts using a
custom pipeline. Mapping was performed with bowtie2 (ref. 59) v2.2.4
against union human genes: every gene is represented by a union of
all its transcripts (exons). The count values (RPKM and raw counts)
were calculated by running CoverageBed from Bedtools v2.26.0 of the
mapped reads together with the human annotation file (Ensembl 90)
in gtfformat and parsing the output with custom Perl scripts.

UMAP visualization of scATAC-seq data

We subsetted scATAC-seq datato the relevant cell types and renormal-
ized the data using the term frequency-inverse document frequency
(TF-IDF) approach (RunTFIDF function from Signac®’; v1.2.1). We then
identified the most relevant peaks using Signac’s FindTopFeatures
function and performed dimensionality reduction with Signac’s Run-
SVD function. We subsequently corrected for donor-specific effects
using the RunHarmony function (group.by.vars = ‘donor’, project.
dim = FALSE) from the harmony®' package (v0.1.0). Finally, we com-
puted a uniform manifold approximation and projection (UMAP)
representation using Seurat’s®” (v4.0.1) RunUMAP function with the
argument ‘dims = 2:50". This excluded the first harmony-corrected
component, which we had previously found to be strongly correlated
with sequencing depth.

Principal component analysis

We divided the hs37d5 reference genomeinto 5,000-bp binsand com-
puted sample-level mean raw methylation across all CpGsinabin using
the getMeth function (regions = bins, type = ‘raw’, what = ‘perRegion’)
frombsseq. We thenselected bins in whichall samples displayed amean
CpG-level coverage of atleast 2 and exhibited anonmissing methylation
value. Among these, we identified the 2,000 bins displaying the highest
variance across samples and ran a principal component analysis using
the prcomp function (scale. = TRUE).

Analysis of global methylation

To visualize methylation across the whole genome, we divided the
hs37d5 reference genome into bins of 1,000,000 bases. For each bin
and eachsample, we then computed the mean raw methylation across
all CpGs in that bin using bsseq’s getMeth function (regions = bins,
type = ‘raw’, what = ‘perRegion’). We averaged these bin-level val-
ues across all samples of a cell type (rowMeans function with ‘na.
rm =TRUFE’) and computed the deviation of this value from the average
value of blood CD45RA" T, cells. We removed bins on the mitochon-
drial chromosome. To plot genome-wide methylation together with
chromosome band information, we used the circos.initializeWithldeo-
gram (species = ‘hgl9’, plotType = c(‘ideogram’, ‘labels’), chromosome.
index = relevant_chromosomes) function from circlize®® (v0.4.13).
We then plotted the methylation values using circlize’s circos.track
and circos.yaxis functions. To calculate global methylation values for
autosomes and chromosome X, we extracted raw sample-level methyla-
tion values for every CpG using bsseq’s getMeth function (type = ‘raw’,
what = ‘perBase’). Of these, we selected CpGs displaying a coverage of
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atleast 2 in all samples. We then computed sample-level mean meth-
ylation values across CpGs in the respective chromosome categories
(all autosomes or chromosome X) and averaged the resulting values
across all samples of a cell type.

Extraction of methylation-level cell-type signatures

Toextract cell-type signatures at the methylation level, we first gener-
ated CpG-level annotations. To this end, we considered all CpGs that
displayed a coverage of at least 2 in at least two samples of each cell
type. For these CpGs, we extracted sample-level smoothed methylation
values using the getMeth function (type = ‘smooth’, what = ‘perBase’)
from bsseq. We averaged these values across all samples from a cell
type (mean function with ‘na.rm = TRUE’) and ranked the cell types
according to these averages. Afterward, we identified the largest and
second-to-largest methylation gap between any two adjacent cell types
in this ranking. Furthermore, we computed the maximum standard
error of the mean (excluding missing values) across the methylation
values for all cell types. We annotated a CpG to a signature category
if the largest methylation gap was at least 0.15, the ratio between the
largest and second-to-largest gap was at least 1.5, and the maximum
standard error was notlarger than 0.5 times the largest gap. We left all
CpGsthat did not meet these requirements unannotated. To generate
names for signature categories, we divided cell types into two groups
based onthelocation of the largest gap. We named categories accord-
ing to what cell types were in the group displaying lower methylation
(for example, ‘Skin T,.,/Blood CCR8" T,.,). Based on these CpG-level
annotations, we identified signature regions. To this end, weidentified
groups of consecutive CpGs with the same annotation that were not
more than 300 bp apart. We termed these groups of CpGs ‘signature
regions’. Afterward, we removed signature regions that contained fewer
thanthree CpGs or displayed a mean coverage (across all CpGs in this
region) below 2in at least one sample. To remove signature regions that
wereidentified due to smoothingartifacts, we performed an additional
filtering step based on raw methylation. We fitted a logistic regres-
sion model (glm function with the family argument set to ‘binomial’)
to sample-level mean raw methylation values (across CpGs; bsseq’s
getMeth function withregions = ‘region_intervals’, what = ‘perRegion’,
type = ‘raw’), using methylation as anindependent variable and group
membership (lower or higher methylation) asadependentvariable. We
performed leave-one-out cross-validation by ignoring one sampleata
time, fitting the logistic model using all remaining samples and using
the fitted model to predict group membership (higher or lower meth-
ylation) of the left-out sample. If more than one sample was misclassi-
fied during this process, we discarded the respective signature region.

Intervals defined with respect to gene bodies and CpG islands

We used locations of gene bodies and exons in the hs37d5 reference
genome that were computed based on the Gencode®* annotation, ver-
sion19. We inferred transcription start sites by the start and end posi-
tion of gene body intervals together with genomic strand information.
For genes onthe plus strand, we identified the start of the gene body as
the transcription start site. For genes on the minus strand, we identi-
fied theend of the gene body as the transcription start site. We ordered
exonsand introns according to their distance to the transcription start
site. We downloaded locations of CpGislands (‘cpglslandExt’ data set)
from https://hgdownload.cse.ucsc.edu/goldenPath/hgl9/database/
on 7 March 2022. We defined shores as the 2,000 bp flanking a CpG
island on bothsides and shelves asthe 2,000 bp flanking these shores.

Differential methylation analysis

To identify regions of differential methylation between two cell
types, we adapted the strategy for signature extraction (see above)
to atwo-class comparison. We did not consider the ratio between the
largest and second-to-largest methylation gap because the second-to-
largest gap does not exist in atwo-class comparison. Furthermore, we

discarded regions for which atleast one sample was misclassified dur-
ingleave-one-out cross-validation with logistic regression.

Differential peak accessibility analysis in scATAC-seq data

We subsetted scATAC-seq data to the two compared populations and
renormalized the data using Signac’s RunTFIDF function. We then ana-
lyzed differential accessibility using the FindMarkers (test.use =‘LR,
latent.vars = ‘peak_region_fragments’) function from Seurat. We con-
sidered apeak statistically significant if its Bonferroni-adjusted Pvalue
was below 0.05. Sample sizes were 5,687 blood CD45RA" T, cells, 6,531
blood CD45RA* T, cells and 4,091 skin T, cells. For heat map visu-
alization (see Figs. 2a and 3a), we averaged normalized accessibility
values across all cells of the respective cell type. We did so separately
for each donor who had donated cells from the respective compart-
ment (blood or skin).

Differential expression analysis of RNA-seq data

We considered all genes that had aunique gene symbol and performed
differential gene expression analysis based on raw expression counts.
For the actual analysis, we used the functions DESeqDataSetFromMa-
trix (‘design = ~ Donor + Cell_type’ for the comparison between blood
CD45RA" T, cells and blood CD45RA" T,,, cells and ‘design =~ Cell_
type’ for allother comparisons because of their unpaired sample struc-
ture) from the DESeq2 (ref. 65) package (v1.30.1) and relevel from the
stats package, followed by the functions DESeq and results (a = 0.05)
fromthe DESeq2 package. The inclusion of donor ID as amodel covari-
ate was due to the partly paired sample structure in the comparison
between blood CD45RA" T, cells and blood CD45RA™ T, cells. For
differential TE expression analysis, we deviated from this workflow as
describedintherespective Methods section. We considered afeature
statistically significant if its Benjamini-Hochberg-adjusted P value
(‘padj’ columnintheresultstable returned by DESeq2) was below 0.05
anditsabsolute log, (fold change) was above 0.5. Sample sizes were five
samples (from five donors) for blood CD45RA™ T, cells, three samples
(fromthree donors) for blood CD45RA" T, cells, four samples (from
four donors) for skin T, cells and five samples (from five donors) for
blood CCR8" T, cells.

Computation of TPM values in RNA-seq data

We converted previously computed RPKM values to TPM values by
multiplying each RPKM value by 1,000,000 and then dividing by the
sum of RPKM values across all genes in the respective sample.

Definition and analysis of DMR-peak-gene links

We defined aDMR-peak-genelink asacombination of aDMR, an over-
lapping differentially accessible peak and a differentially expressed
gene that both the DMR and the peak were associated with. We con-
sidered a genomic region (DMR or peak) associated with a gene if it
overlapped with the gene body or the 2,000-bp interval upstream of
thetranscription start site. Toidentify these associations, we used the
gene annotation described in ‘Intervals defined with respect to gene
bodies and CpG islands’. To compute differences in methylation, we
extracted sample-level mean raw methylation values across all CpGs
inaDMRusingbsseq’s getMeth function (regions = DMRs, type = ‘raw’,
what = ‘perRegion’). We aggregated these to the cell-type level by
averagingacross all samples of a cell type (rowMeans function with ‘na.
rm =TRUE’) and computed the difference between the two cell types.
For heat map visualization of accessibility values in DMR-peak-gene
links, we averaged normalized accessibility values across all cells of
the respective cell type. We did so separately for each donor who had
donated cells from the respective compartment (blood or skin).

Generation of track plots
To visualize methylation, chromatin accessibility and other
position-wise data in selected genomic regions, we used track plots.
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We generated methylation tracks by extracting smoothed methyla-
tion values for each CpG and sample using bsseq’s getMeth function
(regions =regions_of_interest, type = ‘smooth’, what = ‘perBase’).
The track plot consists of lines connecting CpG-wise values for each
sample. To visualize chromatin accessibility in the same regions, we
used BAM files of scATAC-seq data. If necessary, we merged BAM
files correspondingto subsets of the same cell type using sambamba
merge. We then generated BigWig files containing scATAC-seq signal
aggregated into 50-bp genomic bins. For this, we used RPKM nor-
malization usingbamCoverage (-of bigwig —-normalizeUsing RPKM)
from the deeptools® suite (v3.5.1). We used the import function from
the rtracklayer® package (v1.50.0) to load BigWig files into memory.
If the plot contained ChIP-seq data, we read the corresponding Big-
Wig files into memory using the same function. To visualize genes
in the corresponding regions, we used locations of gene bodies and
exonsin the hs37d5 reference genome that were computed based on
the Gencode annotation, version 19. We inferred transcription start
sites as described in ‘Intervals defined with respect to gene bodies
and CpGislands’. We aligned all data panels using the plot_grid func-
tion (ncol =1, axis = ‘Ir’, align = ‘v’) from cowplot (v1.1.1). To visualize
raw methylation values alongside smoothed methylation values,
we extracted raw methylation for each CpG site covered in a track
plot using bsseq’s getMeth function (regions =region_of interest,
what = ‘perBase’, type = ‘raw’). Each row in the resulting heat maps cor-
responds toasample from one donor, and each column corresponds
toone CpG site covered in the track plot.

Analysis of amplicon data for the validation of methylation
differences

We demultiplexed sequencing reads by looking for exact sequence
matches between the starts of R1 reads and the cell-type barcodes
used. We removed these barcodes from the reads and subsequently
trimmed remaining sequencing adaptors using cutadapt®® (v4.8)
with the options ‘-a R1_3prime_adaptor -G R2_5prime_adaptor -A
R2 3prime_adaptor’. To enable sequencing read alignment, we down-
loaded the GRCh37 reference genome from http://ftp.ensembl.org/
pub/release-75/fasta/homo_sapiens/dna/on 6 June 2024 and prepared
it for usage with the bismark®® aligner (v0.20.0) using the bismark_
genome_preparation command built into the alignment software.
We then performed alignment using the bismark command with the
options ‘—-unmapped --ambiguous —-genome genome_directory’
together with bowtie (v2.3.5.1) and samtools (v1.11.0). To increase
alignment yield, we realigned previously unmapped R1 and R2 reads
independently using the same alignment command. We merged BAM
files from the different alignment steps using the samtools merge
command and performed methylation calling on this merged BAM file
using the bismark_methylation_extractor command with the options
‘~—-comprehensive —-cytosine_report —-genome_folder genome_direc-
tory’. To analyze methylation in the targeted genomic regions, we
converted the resulting CpG-level methylation file into a structure
resembling a Bed file and then extracted all CpGs overlapping with
targeted regions using the bedtools (v2.24.0) intersect command
with the options -a CpG_methylation_file -b Amplicon_interval_file
-u’. We combined data on the two opposite cytosines of the same
CpG by summing up their read counts. Coverage was computed as
for whole-genome bisulfite sequencing data (see ‘Preprocessing of
whole-genome bisulfite sequencing data’). To assess the statistical
significance of CpG-wise methylation differences, we used two-tailed
Wilcoxon signed-rank tests. For visualization of methylation levels
together with their statistical significance, we used the plot_grid
(ncol =1, axis =Ir’, align = ‘v’) function from cowplot.

Enrichment analysis of Hallmark gene sets
We downloaded the collection of Hallmark gene sets using the msigdbr
function (species = ‘Homo sapiens’, category = ‘H’) from the msigdbr

package (v7.4.1) on 16 May 2024. We then identified DMR-peak-gene
links displaying hypomethylation, hyperaccessibility and hyperex-
pression in skin T, cells compared to blood CD45RA" T, cells. From
these links, we extracted all genes and investigated enrichment of
Hallmark terms among them using one-tailed Fisher’s exact tests. Our
background collection of genes consisted of all genes present in the
Gencode annotation, version 19.

Transcription factor analyses

To analyze enrichments of transcription factor motifs in selected
genomic regions, we saved the respective region sets in Bed format
and used the findMotifsGenome.pl functionality from homer? (v4.11)
with the options ‘hgl9 -size given’. When we compared two region sets
directly instead of characterizing single region sets independently,
we specified a custom set of background regions via the -bg option.
This was the case in the analysis of blood CCR8" T, cell positioning.
Within a data type (methylation or chromatin accessibility), we used
the ‘closer to skin T, regions as background for the ‘closer to blood
CD45RA" T, regions and vice versa. To determine whether a motif
was enriched or depleted in a region set, we divided the percentage
of query regions containing the motif (as computed by homer) by the
percentage of background regions containing the motif (as computed
by homer). We considered a motif enriched if this quotient was above
land depleted otherwise.

To visualize methylation and chromatin accessibility around
genomic sites for the relevant motifs, we updated the Seurat object
containing scATAC-seq data. To this end, we applied the function
UpdateSeuratObject from Seurat, used Signac’s as.ChromatinAssay
function to update the assay object with scATAC-seq data, set the
genome of the chromatin assay to ‘hgl9’ (Signac’s genome function),
applied Signac’s CreateFragmentObject (path = fragments_file,
cells = colnames(seurat_object)) function and added the resulting
fragments object to the Seurat object (Signac’s Fragments function).
Wethensubsetted the Seurat object to the relevant cell types and renor-
malized data by the TF-IDF approach (Signac’s RunTFIDF function).
We used the position frequency matrices (PFMs) that were returned
along with homer’s results for relevant motifs. For our analysis, we
converted them to a PFMatrixList object using the PFMatrix function
(strand = “*, profileMatrix = 1,000 * PFM) and PFMatrixList function
from TFBSTools™ (v1.28.0). We added motif annotations to the Seurat
object using the AddMotifs function (genome = BSgenome.Hsapiens.
UCSC.hg19, pfm = PFMs) from Signac. For the visualization of methyla-
tion around motif sites, we extracted motif positions from the positions
slot of the Motifs object (Signac’s Motifs function). We extended these
positions by 200 bases on each side and computed sample-level aver-
age raw methylation values across all CpGs therein (bsseq’s getMeth
function with arguments regions = ‘extended_regions’, type = ‘raw’,
what = ‘perRegion’). We excluded regions that returned missing values
inevery sample. In the final visualization, we ordered regions by their
mean methylation across all visualized samples. For the visualiza-
tion of chromatin accessibility around motif sites, we used the Foot-
print function from Signac (motif.name = names_of relevant_motifs,
genome = BSgenome.Hsapiens.UCSC.hg19) together with Signac’s
PlotFootprint function.

For the analysis of transcriptomic footprints, we obtained a net-
work of transcription factors and their target genes using the get_
dorothea function from decoupleR” (v2.3.2). We then analyzed the
enrichment of transcription factor target genes among differentially
expressed genes based on each gene’s log, (fold change) values using
the fast gene set enrichment analysis (fgsea) method implemented in
decoupleR’srun_fgsea (mat = log2_fold_changes, network = transcrip-
tionfactor_target_network) function.

Toidentify interesting motif'sites for c-Myc and USF1, we extracted
motif sites as described above. Our previous analysis had demonstrated
enrichment of two motifs for c-Myc. For this c-Myc analysis, we only
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considered genomicsites of the ‘c-Myc(bHLH)-Unpublished’ motif that
overlapped with genomic sites of the ‘c-Myc(bHLH)-GSE11431’ motif.
We identified c-Myc/USF1 motif sites that overlapped with a‘Skin T,
cell hypomethylation’ DMR, a nondifferential peak and a region of
pronounced c-Myc/USF1 ChIP-seq signal. We downloaded ChIP-seq
tracks from ENCODE?? via the Gene Expression Omnibus (GEO; acces-
sion numbers: GSM822291, GSM822310, GSM822290, GSM803527,
GSM803441 and GSM803347) on 9 March 2023. If several replicates
were available, we downloaded data for replicate 1.

Analysis of blood CCR8" T, cell positionings

We focused on all features that were different between skin T, cells
and blood CD45RA" T, cells. For methylation levels, we extracted
sample-level average raw methylation values across all CpGs in a
region using bsseq’s getMeth function (regions = DMRs, type = ‘raw’,
what = ‘perRegion’). We averaged these across all samples of a cell type
(rowMeans function with ‘na.rm = TRUE’). For chromatin accessibility
levels, we subsetted the Seurat object with scATAC-seq data to the
relevant cell types and renormalized the data by TF-IDF (RunTFIDF
function from Signac). We extracted cell-level normalized accessibility
datausing SeuratObject’s (v4.0.1) GetAssayData function (slot = ‘data’)
and aggregated these into cell-type-level means. For the gene expres-
sionlevel, we extracted sample-level TPM values, transformed them by
log (100 x TPM +1) and averaged the resulting values across all samples
of acelltype. We thenexcluded all features for which the extracted (and
possibly transformed) values contradicted the differential tendencies
found during differential analysis (zero DMRs, zero differential peaks
and five differential genes). We scaled cell-type-level values linearly
to an interval between O and 1. For each feature, we then identified
whether its value in blood CCR8" T, cells was closer to that in skin
T, cells or closer to that in blood CD45RA" T, cells. For heat map
visualization of methylation and gene expression values (see Fig. 5a),
we repeated the steps described above without computing the mean
across samples so that each sample is displayed independently. For
heat map visualization of chromatin accessibility values (see Fig. 5a), we
averaged normalized accessibility values across all cells of the respec-
tive cell type. We did so separately for each donor who had donated
cells from the respective compartment (blood or skin). We ordered
features by the difference between blood CCR8" T,., cells and skin
T, cells (considering only the methylation level in the case of DMR-
peak-genelinks). For the analysis of blood CCR8" T, cell positionings
stratified by blood CCR8" T, cell donor, we extracted methylation
and gene expression values for each individual blood CCR8" T, cell
donor. At the methylation level, we only considered DMRs that had
nonmissing methylation values in allblood CCR8" T, cell donors. To
compute donor-level values at the chromatin accessibility level, we
considered all cells annotated to the relevant cell types that originated
from the respective tissue and then averaged chromatin accessibility
values across all relevant cellsindependently for each donor. For each
blood CCR8" T, cell donor, we subsequently compared the donor-level
methylation, chromatin accessibility and gene expression values to
the corresponding cell-type-level values of skin T, cells and blood
CD45RA" T, cells, which had been computed as described above.

Analyses based on TCR clonotypes

We used combined scRNA-seq/scTCR-seq data of human blood and
skin T cells from our previous study’. This data set contains data from
two donors (TCR Donors 6 and 7). To identify blood CCR8" T, cells
and blood CD45RA" T, cells, we processed samples 28 (blood T,
cells, TCR Donor 6), 29 (blood CD45RO" T, cells, TCR Donor 7), 24
(blood T, cells, TCR Donor 7) and 25 (blood CD45RO" T, cells, TCR
Donor 7). Foreachsample, we identified the 3,000 most variable genes
using Seurat’s FindVariableFeatures function with the option ‘nfea-
tures =3000’. We then scaled expression datausing Seurat’s ScaleData
function with the options features = ‘rownames(seurat_object) and

vars.to.regress = ‘nFeature_RNA’. We ran principal componentanalysis
using Seurat’s RunPCA function and generated a UMAP representation
using the RunUMAP function (dims = 1:i) from Seurat. The parameter
‘i’ (thatis, the number of principal components used) was 10 (samples
24 and 28), 20 (sample 29) and 30 (sample 25). For clustering by the
Leiden algorithm, we used Seurat’s FindNeighbors (dims =1:i) and
FindClusters (resolution =y, algorithm = 4) functions. The parameter ‘i’
was the same as above. The parameter ‘y’ (that is, the clustering resolu-
tion) was 0.7 (samples 24 and 28), 0.8 (sample 25) or 0.9 (sample 29).
Toannotate cells, we used several single marker genes next to two gene
signatures defining blood CCR8" T, cells (Extended Data Fig. 8c-f).
Blood CCR8' T, cell signature1contains genes that are overexpressed
inblood CCR8" T, cells compared toblood CD45RA* T, cells accord-
ing to our analysis of bulk RNA-seq data (see ‘Differential expression
analysis of RNA-seq data’). Blood CCR8" T, cell signature 2 contains
genes that are overexpressed in blood CCR8" T, cells compared to
blood CD45R0* (memory) T, cells. Togenerate this signature, we used
another scRNA-seq/scTCR-seq sample (sample 30) from TCR Donor 6,
which contains sorted blood CCR8" T, cells, and compared it to cells
in sample 29 using Seurat’s FindMarkers function. We interpreted
genes with Bonferroni-adjusted P values below 0.05 as differentially
expressed. To generate cell-level scores for the two blood CCR8" T, cell
signatures, we used the AddModuleScore function fromSeurat. For fur-
ther analysis of blood CD45RA" T, cells, we examined blood CD45RA"
T..gcellsidentified insamples 24 and 28 (Extended Data Fig. 8c,e; note
that samples 25and 29 containcells sorted for CD45RO expression and
thus do not contain blood CD45RA" T, cells). For further analysis of
blood CCR8" T, cells, we investigated blood CCR8" T,, cells identi-
fied in samples 24, 25, 28 and 29 (Extended Data Fig. 8c-f), which we
combined withall cells from the CCR8-sorted sample 30. Skin T, cells
fromboth donors had previously been identified in this dataset (TCR
Donor 6:intersection between original cluster 10 and sample R3; TCR
Donor 7: intersection between original cluster 8 and sample R7)'°. We
considered two cells ‘TCR matched’if the nucleotide sequence string of
their clonotypes wasidentical and if this sequence string contained at
least one TCRa chain sequence and TCR chainsequence. To visualize
clonotype sharing between cell types, we examined all clonotypes that
appeared among skin T, cellsand contained at least one TCRa chain
sequence and TCR chain sequence. For each of these clonotypes, we
identified TCR-matched cellsamong blood CCR8" T, cells and blood
CD45RA’ T, cells as described above. We then computed the percent-
age of each clonotype amongall cells of the respective population that
had nonmissing clonotype information. To compute module scores of
ourskinT,,signatures, we used the ‘Skin T, cell hyperexpression’ and
‘Blood CD45RA" T, hyperexpression’ genes that are shown in Fig. 5a.
We restricted single-cell gene expression data to (1) skin T, cells that
were TCRmatched with blood CCR8" T, cells, (2) blood CCR8" T, cells
that were TCR matched with skin T, cells and (3) blood CD45RA* T,
cells from clonotypes that were shared between skin T, cellsand blood
CCR8' T, cells. We then applied Seurat’s AddModuleScore function.

TE analyses

To analyze the methylation and chromatin accessibility of TEs, we
downloaded RepeatMasker annotations from University of California,
Santa Cruz (UCSC, https://hgdownload.soe.ucsc.edu/goldenPath/
hgl9/database/rmsk.txt.gz), on 14 September 2023. To restrict our
analysis to repeat elements that are confidently TE insertion sites,
we selected elements that were classified as ‘DNA’, ‘LINE’, 'LTR’, ‘SINE’,
‘RC’ or ‘Retroposon’ (column 12 of the resulting table). We extracted
TE classes from column 12 and TE subfamily names from column 11 of
the RepeatMasker table.

To investigate enrichments of TEs in sets of genomic regions,
we identified the proportion of regions in the region set overlapping
with TEinsertion sites. We shuffled regionsin the region setacross the
human genome 10,000 times by saving these regions in Bed format,
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generating a chromosome length file (lengths were retrieved using
seqlengths from GenomelnfoDb (v1.26.7) together with BSgenome.
Hsapiens.1000genomes.hs37d5 (v0.99.1) for DMRs and BSgenome.
Hsapiens.UCSC.hgl9 (v1.4.2) for peaks) and using bedtools shuffle
(-noOverlapping) with 10,000 different random seeds and the previ-
ously generated chromosome length file. For each of these shufflings,
werecomputed the proportion of regions from the (shuffled) region set
overlapping with TE insertion sites. We computed an enrichment score
as the proportion of regions from the original region set overlapping
with TE insertion sites divided by the mean of this proportion across
all random shufflings. We computed a one-tailed enrichment P value
asthe proportion of shufflings for which the overlap between regions
fromthe shuffled region set and TE insertion sites was equal to or larger
than the overlap obtained with the original, unshuffled, region set.

To investigate how far blood CCR8" T, cells reflect TE-related
epigenetic traits of skin T, cells, we selected DMRs of the ‘Skin T, cell
hypomethylation’ class and peaks from the ‘Skin T, cell hyperacces-
sibility’ class. We stratified these by whether they placed blood CCR8*
T, cells closer to skin T, cells or closer to blood CD45RA" T, cells.
Afterward, we analyzed whether TEs were enriched in one of these
strata with respect to the other. To this end, we identified overlaps
between TE insertion sites and regions inside the two strata. We then
assessed differences in overlap proportions between the two strata
using Fisher’s exact test.

We visualized methylationin TE insertion sites by extractinginser-
tion site-level raw methylation values (bsseq’s getMeth function with
arguments regions = ‘insertion_sites’, type = ‘raw’, what = ‘perRegion’)
and excluding insertion sites for which at least one sample displayed
amissing value. We visualized accessibility in peaks overlapping with
TE insertion sites by subsetting the scATAC-seq Seurat object to cells
fromrelevant cell types originating from donors that had donated the
respectivetissue (blood or skin), renormalizing data by TF-IDF (Signac’s
RunTFIDF function), extracting normalized accessibility data with
SeuratObject’s GetAssayData function (slot = ‘data’) and averaging
these across all cells, independently for each donor.

To analyze expression of TEs, we downloaded consensus
sequences of TEs after browsing the Giri Repbase’ (https://www.gir-
inst.org/repbase/) with the criteria taxon ‘Homo sapiens (Human)’,
repeat class ‘“Transposable Element’, include elements ‘Autonomous’
and ‘Nonautonomous’ and ‘Simple’ (that is, all) and download ‘Homo
sapiens and ancestral (shared) repeats’ on 3 November 2023. We also
extracted sequences of fullgene bodies in the human genome. To this
end, we used the gene body annotations described in ‘Generation of
track plots’and used BSgenome’s (v1.58.0) getSeq function (x = BSge-
nome.Hsapiens.1000genomes.hs37d5and as.character = TRUE). Addi-
tionally, we downloaded sequences of human IncRNAs from Gencode
version 19 (https://ftp.ebi.ac.uk/pub/databases/gencode/Gencode_
human/release_19/gencode.v19.IncRNA _transcripts.fa.gz) on19 Decem-
ber 2023. We applied TEspeX” (v2.0.1) to Fastq files with the options
‘~-TE te_consensus_sequences —-cdna gene_body_sequences --ncrna
IncRNA_sequences —-paired F —-length 76 —-strand ‘no” together with
zlib (v1.2.12) and Python (v3.8.3). To compute TPM values, we divided
raw expression counts by the respective consensus sequence length,
divided these quotients by the sum of all quotients within the respec-
tive sample and multiplied the resulting value by 1,000,000. For heat
map visualization, we clustered TEs by hierarchical clustering using the
Euclidean distance and complete linkage. We identified differentially
expressed TEs using DEseq?2 as described in ‘Differential expression
analysis of RNA-seq data’ with the following deviation: we did not run
the wrapper function DEseq but executed the steps contained therein
independently. The reason for this was that the DESeq function auto-
matically estimates size factors based on the sums of read counts in
the expression matrix. However, we reasoned that TE-derived reads
account only for aminority of sequencing reads so that the complete
read numbers (including non-TE reads) yield amore accurate estimate

ofthelibrary size. We used DESeq2’s sizeFactors function to manually
set size factors to total read counts as returned by TEspeX, multiplied
by1x107. Afterward, we used the functions estimateDispersions and
nbinomWaldTest from DESeq2.

We computed methylation of HERVIP10F-int and LRT45B inser-
tion sites overlapping with ‘Skin T, cell hypomethylation’ DMRs by
using bsseq’s getMeth function (regions = overlapping_insertion_sites,
type = ‘raw’, what = ‘perRegion’).

Statistics

Unless indicated in the respective figure caption or Methods, the sta-
tistical tests performed were two-tailed. We interpreted Pvalues below
0.05 as statistically significant. If possible, test statistics, degrees
of freedom, confidence intervals and so on are included in our Sup-
plementary Tables or Source Data. In case of parametric tests, data
distribution was assumed to be normal, but this was not formally tested.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

Humanwhole-genome bisulfite sequencing data have been deposited
in the European Genome Phenome Archive (EGA; accession number
EGAD50000001022) and will be available under controlled access.
The following are the file name conventions: labels 1-3: skin T, cell
samples; labels 4-6: skin T, cell samples; labels 13-15: blood CCR8"
T, cell samples; labels 16-18: blood CD45RA" T, cell samples; labels
19-21:blood CD45RA" T, cell samples. Access will require application
toadataaccess committee and will require a datasharing agreement.
CpG-level methylation data have been deposited in GEO (accession
number: GSE286948) and are available without restrictions.

We used data sets that were already used in our previous study.
Corresponding raw sequencing data have been deposited in the
EGA (accession numbers: EGAD0O0001006779 for scATAC-seq;
EGAD00001007665and EGAD00001007661for scRNA-seq/scTCR-seq;
EGAD00001007663 and EGAD0O0001007665 for bulk RNA-seq;
access requires application to a data access committee and a data
sharing agreement). The versions of the corresponding processed
datathat were used in this study are available on Zenodo (https://doi.
org/10.5281/zen0do.14999322 (ref. 74) for scATAC-seq; https://doi.
org/10.5281/zeno0d0.14999788 (ref. 75) for scRNA-seq/scTCR-seq;
https://doi.org/10.5281/zenod0.14999989 (ref. 76) for bulk RNA-seq).

In addition, we used several data sets from other sources. The
hs37d5 reference genomeis publicly available at https://ftp.ncbi.nlm.
nih.gov/1000genomes/ftp/technical/reference/phase2_reference_
assembly_sequence. The GRCh37 reference genome is available at
http://ftp.ensembl.org/pub/release-75/fasta/homo_sapiens/dna. The
human genome 38 is available at https://hgdownload.soe.ucsc.edu/
goldenPath/hg38/chromosomes. Gencode V19 annotations are avail-
ableat https://ftp.ebi.ac.uk/pub/databases/gencode/Gencode_human/
release_19. We downloaded locations of CpGislands (the ‘cpglslandExt’
data set) from https://hgdownload.cse.ucsc.edu/goldenPath/hgl19/
database. Hallmark gene sets are available via the msigdbr function
(species =‘Homo sapiens’, category = ‘H’) from the msigdbr package.
ChIP-seqdatafor c-Myc and USF1are publicly available at GEO (acces-
sion numbers: GSM822291, GSM822310, GSM822290, GSM803527,
GSM803441 and GSM803347). RepeatMasker annotations are avail-
ableat https://hgdownload.soe.ucsc.edu/goldenPath/hgl9/database/
rmsk.txt.gz. We downloaded consensus sequences of TEs from the Giri
Repbase’ (https://www.girinst.org/repbase/). Sequences of human
IncRNAs are available at https://ftp.ebi.ac.uk/pub/databases/gencode/
Gencode_human/release_19/gencode.v19.IncRNA _transcripts.fa.gz.

Sourcedatafor thisstudy areavailable at Zenodo at https://doi.org/
10.5281/zen0do.15607737 (ref. 77).
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Code availability

We did not develop any new software but used functionality that is
publicly available via software packages as described in the Methods.
Our wrappercode used for running this publicly available software is
published on GitHub, can be accessed without restrictions at https://
github.com/DKFZ-ABI/hum_tistreg_methylation andis reusable under
aCCBY-NC-SA4.0license.
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