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SUMMARY
CD4+ T cells play a crucial role in adaptive immune responses and have been implicated in the pathogenesis
of autoimmune diseases (ADs). Despite numerous studies, the molecular mechanisms underlying T cell dys-
regulation in ADs remain incompletely understood. Here, we used chromatin immunoprecipitation (ChIP)-
sequencing of active chromatin and transcriptomic data from CD4+ T cells of healthy donors and patients
with systemic lupus erythematosus (SLE), psoriasis, juvenile idiopathic arthritis (JIA), and Graves’ disease
to investigate the role of enhancers in AD pathogenesis. By generating enhancer-based gene regulatory net-
works (eGRNs), we identified disease-specific dysregulated pathways and potential downstream target
genes of enhancers harboring AD-associated single-nucleotide polymorphisms (SNPs), which we also vali-
dated using chromatin-capture (HiC) data and CRISPR interference (CRISPRi) in primary CD4+ T cells. Our
results suggest that alterations in the regulatory landscapes of CD4+ T cells, including enhancers, contribute
to the development of ADs and provide a basis for developing new therapeutic approaches.
INTRODUCTION

T cells play a central role in the initiation and regulation of adap-

tive immune responses. They fall into two main types: CD4+

‘‘helper’’ T cells (Th) and CD8+ ‘‘cytotoxic’’ T cells. CD4+ Th

cells secrete cytokines that steer immune responses and acti-

vate innate immune cells, B cells, and CD8+ T cells. Depending

on the immunological trigger, CD4+ T cells differentiate into one

of five major Th cell subtypes with specialized functions1 that

are identified based on the secretion of specific cytokines

and expression of lineage-specific transcription factors (TFs):

Th1 (interferon [IFN]-g and T-bet), Th2 (interleukin [IL]-4, IL-5,

IL-13, and GATA3), T regulatory (Treg; IL-10, transforming

growth factor [TGF]-b and FOXP3), Th17 (IL-17 and RORgT),

and follicular T helper (Tfh, IL-21, and BCL6).2 In addition,

more controversial Th subsets include Th9 (IL-9 and SPI1)3

and Th22 (IL-22 and AHR).4 The tailored reactivity of these Th
Cell Reports 43, 114810, Octo
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cell subsets is crucial for achieving effective adaptive immune

responses.

Their critical role in orchestrating immune responses makes

CD4+ T cells important players in autoimmune disease (AD) path-

ogenesis: autoreactive CD4+ T cells are implicated in systemic

lupus erythematosus (SLE; a systemic AD causing widespread

inflammation and organ damage),5 psoriasis (characterized

by chronic skin inflammation),6 juvenile idiopathic arthritis (JIA;

a rheumatic childhood disease causing local inflammation of

the joints),7 and Graves’ disease (mainly affecting the thyroid

gland).8 The pathogenesis of these ADs has been linked with

the dysregulation of specific Th subsets, including Tfh in SLE,9

Th17 in psoriasis,10 Treg in JIA,11,12 and Th2 in Graves’ dis-

ease.13 However, the way in which these autoreactive T cells

escape tolerance (i.e., unresponsiveness to self-antigens) and

mediate autoimmunity is incompletely understood. Genetic

susceptibility along with environmental triggers likely plays an
ber 22, 2024 ª 2024 The Author(s). Published by Elsevier Inc. 1
CC BY license (http://creativecommons.org/licenses/by/4.0/).
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important role,14 since many ADs have common genetic predis-

positions, including alterations in the human leukocyte antigen

(HLA) region15 (important for antigen presentation to T cells)

and genes critical for T cell activation, including the IL-2 receptor

(CD25), CTLA4, and PTPN22.16 Yet, 90% of AD-associated sin-

gle-nucleotide polymorphisms (SNPs) are located in the non-

coding part of the genome,17 suggesting that gene regulatory el-

ements such as enhancers play an important role in disease

manifestation. In line with this, Th subset differentiation is driven

by TFs, and alterations at the epigenomic level, including histone

modifications at enhancers, contribute to aberrant T cell activa-

tion in ADs.18 However, formany AD-associated risk loci, we lack

mechanistic insights into downstream target genes and how

these contribute to a loss of T cell tolerance.

To address this, we studied the gene regulatory landscape,

including enhancers and TFs, in CD4+ T cells in SLE, psoriasis,

JIA, and Graves’ disease. We profiled enhancer and TF activ-

ities in patients and healthy controls using histone 3 lysin 27

acetylation (H3K27ac) chromatin immunoprecipitation followed

by sequencing (ChIP-seq) and built a CD4+ T cell-type-specific

enhancer-based gene regulatory network (eGRN) to systemat-

ically integrate layers of molecular disease evidence, including

disease-specific enhancer and TF activities and disease-asso-

ciated genetic variants from genome-wide association studies

(GWASs). Our approach of integrating molecular disease evi-

dence using eGRNs identified disease-specific as well as

common autoimmune pathways that are misregulated in AD

pathogenesis, which we validated using CRISPR interference

(CRISPRi) and chromatin interaction data. This study shows

the power of eGRNs to uncover genes and their upstream reg-

ulators involved in ADs and may be utilized to prioritize genes

for T cell-targeting treatments.

RESULTS

T cells in ADs show distinct H3K27ac changes between
patients and controls
To investigate the role of enhancers in ADs, we performed

H3K27ac ChIP-seq in CD4+ T cells from peripheral blood mono-

nuclear cells (PBMCs) of SLE (N = 11) and psoriasis (N = 15) pa-

tients at initial diagnosis along with age- and sex-matched

healthy controls (N = 11 and N = 15 for SLE and psoriasis,

respectively; Figure 1A). In addition, we obtained published

H3K27ac data from CD4+ T cells for Graves’ disease and JIA.

Specifically, we obtained data from Limbach et al., who profiled

H3K27ac in PBMC-derived CD4+ T cells in Graves’ disease pa-

tients (N = 10) and age- and sex-matched healthy controls

(N = 13),19 and from Peeters et al., who profiled H3K27ac in

CD4+ T cells from synovial fluid (SF) of JIA patients and

PBMCs of the same patients as controls (N = 5).20 Due to the
Figure 1. Identification of autoimmune-disease-specific H3K27ac profi

(A) Schematic representation of CD4+ T cell isolation and H3K27ac ChIP-seq f

number of biological replicates (donors) for each disease (F, female; M, male).

(B) Genomic tracks with H3K27ac signal around CD4 and CD28 genes for repre

(C) PCA based on top 1,000 most variable peaks within each disease cohort.

(D) k-means clustering of consensus peak set based on log2 fold changes in H3

(E) GO enrichment terms for each cluster in (D) based on closest genes using GR
inaccessibility of healthy SF, we used SF-derived CD4+ T cells

from JIA patients as a proxy for local disease (N = 5) and

PBMC-derived CD4+ T cells from the same patients as controls

(N = 3, a subset of the JIA cohort). This approach aligns with

earlier studies on JIA.11,20

The H3K27ac data generated in this study for SLE and psoriasis

was of high quality and showed the expected signal around pro-

moter (transcription start site [TSS] ±3 kb) and enhancer regions

(Figures S1A and S1B), and at the CD4 (a surface receptor highly

expressed in CD4+ T cells) and CD28 (an essential co-stimulatory

molecule) loci, for all samples (Figure 1B). Peak calling per sample

(STAR Methods) resulted in 107,897 (SLE), 126,308 (psoriasis),

71,298 (Graves’ disease), and 26,730 (JIA) peaks. Principal-

component analysis (PCA) based on the top 1,000 most variable

H3K27ac peaks within each disease separated patients and con-

trols in all diseases (Figure 1C), showing that the enhancer profiles

of T cells in ADs are distinct from those of controls.

To compare the chromatin landscape across the different

ADs, we generated a consensus H3K27ac peak set across the

four diseases, resulting in 150,560 peaks (STAR Methods). Dif-

ferential acetylation analysis for each disease-control setting

revealed between 5 (psoriasis) and 18K (Graves’ disease) differ-

entially acetylated peaks (Figure S1C; Table S1). To get an unbi-

ased view of the disease-specific enhancer profiles, we grouped

the variable peaks (fold change >1 in at least one disease;

123,685 peaks) into 10 clusters based on their fold-change value

using k-means clustering (Figure 1D). All clusters, except for

cluster 5, showed disease-specific patterns. Cluster 5, which

showed uniform downregulation in all diseases, is enriched

in Gene Ontology (GO) terms related to Th differentiation (Fig-

ure 1E), in line with the important role of Th cells in ADs.22 Cluster

9 (upregulated in three of the four diseases, most strongly in JIA),

is enriched in chemokine signaling pathways, and regulation of

Treg differentiation, likely reflecting the important role of Tregs

in JIA and other ADs.11,23 Psoriasis-specific cluster 10 is en-

riched in cell adhesion processes, in line with disease character-

istics related to disturbed cellular adhesion that can contribute to

T cell dysregulation in psoriatic skin.24 Graves’ disease-specific

cluster 4 is enriched in general processes related to inflamma-

tory responses, whereas SLE-upregulated cluster 2 is enriched

in type I IFN signaling and defense response to viruses (impor-

tant in SLE pathogenesis25,26). These results indicate that AD

T cells are characterized by general and disease-specific

enhancer signatures that potentially regulate disease-relevant

biological pathways.

TF activity reveals shared and disease-specific
inflammatory T cell processes across ADs
We previously demonstrated that changes in H3K27ac marks

aggregated across TF binding sites can serve as a readout of
les

rom patients and controls; table containing sample information including the

sentative samples.

K27ac marks between patients and controls.

EAT (significant: adjusted p % 0.1).
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differential TF activity, and we developed diffTF to facilitate this

analysis.27 Using diffTF, we identified 341 (Graves’ disease),

189 (SLE), 263 (psoriasis), and 41 (JIA) differentially active TFs

between patients and controls (Table S2). One hundred TFs

are differentially active in at least three diseases (Figure 2A),

with 12 TFs being commonly upregulated across all diseases

(Figure 2B). These include members of the activating protein 1

(AP-1) complex (JUN and FOS) and the NF-kB complex

(NFKB2 and TF65) that play important roles in T cell activation,

a critical process generally dysregulated in autoimmune condi-

tions.28–30 We confirmed the expression of these TFs in

PBMC-derived naive CD4+ T cells from 138 healthy donors of

the BLUEPRINT consortium using RNA sequencing (RNA-seq)

(Figure S2A).

We found 186 TFs differentially active in only one disease.

These include Th-lineage-defining TFs, such as RORG (essential

for Th1731), AHR (Th2232), and TBX21 (Th133) in psoriasis; the

Tfh-specific TF BCL634,35 in SLE; and the Th9-specific TF

SPI136 in Graves’ disease (Figure 2C). These lineage-specific

TFs are in line with previous studies that highlighted Th17,

Th22, and Th1 in psoriasis37,38; Tfh in SLE9,39; and Th9 in Graves’

disease.40 Other disease-specific TFs suggest further dysregu-

lation of signaling pathways in T cells: in SLE, IFN regulatory fac-

tors (IRF3, 5, 7, and 9) and STAT family members (STAT1 and

STAT2) showed increased activity in patients (Figure 2D). The

majority of these TFsweremore highly expressed in SLE patients

than in healthy controls based on analysis of publicly available

RNA-seq data41 of PBMC-derived CD4+ T cells (Figure S2B).

These TFs are involved in the aberrant expression of type I IFN

genes, known as the ‘‘type I IFN signature,’’ an important

hallmark of SLE25,26 and in line with the enriched GO terms in

the SLE-dominated cluster 9 (Figure 1E). These observations

confirm the findings of a previous study that compared TF activ-

ities inferred from RNA-seq data between SLE and healthy

controls in a larger cohort.42 In Graves’ disease, the CAAT/

enhancer-binding protein (C/EBP) TF family showed high activity

(Figure 2E), consistent with its known association with inflamma-

tory cytokines (IL-6, IL-1b, and tumor necrosis factor-a [TNF-a])

and its role in regulating macrophage and neutrophil functions.43

In psoriasis, we observed high activity of KAISO, CREB1, and

CREB5 (Figure 2F), implicated in the regulation of TGF-b

signaling,44–46 which plays a major role in psoriasis pathogen-

esis.47 Indeed, single-cell RNA-seq data of CD45+ immune cells

from skin biopsies48 showed significantly higher expression of

KAISO and CREB1 in psoriatic patients than in healthy controls

for most T cell populations in skin (Figure S2C). Last, members

of the Myc/Max network of TFs (MYC, MAX, and NMYC) have

decreased activity in T cells from JIA SF (Figure 2G). These

TFs also showed a trend for lower expression in CD4+ T cells

from patients’ SF compared to healthy-donor-derived CD4+

T cells from PBMCs20 (Figure S2D). Myc is crucial for Treg func-

tion in mice, and loss of Myc in these cells contributes to autoim-

mune encephalomyelitis driven by uncontrolled CD4+ and CD8+

effector T cell responses.49

Overall, these analyses suggest that, while ADs share a gen-

eral inflammatory and T cell activation program driven by AP-1

and NF-kB, each disease also has its own distinct H3K27ac pro-

file, likely driven by a disease-specific set of TFs.
4 Cell Reports 43, 114810, October 22, 2024
eGRN reveals TF-driven functional communities in CD4+

T cells
We next studied how differentially active TFs in ADs may

contribute to disease mechanisms. We built an eGRN based

on paired RNA-seq and H3K27ac ChIP-seq data from PBMC-

derived naive CD4+ T cells of 138 healthy donors from the

BLUEPRINT consortium,50 using the eGRN inference tool GRa-

NIE.51 Briefly, we used GRaNIE to link TFs to H3K27ac peaks

(enhancers) and enhancers to genes. Here, we also kept en-

hancers that overlapped with AD-associated GWAS variants

(Figure 3A; STAR Methods).

The resulting CD4+ T cell eGRN comprises 174 TFs (of which

80 were differentially active in at least one AD) and 4,338 AD-as-

sociated GWAS variants connected to 6,980 genes through

7,926 unique enhancers (Figures 3B; Table S3). We validated

the network by overlapping T cell-specific expression quantita-

tive trait loci (eQTLs)52 with enhancer-gene pairs in the eGRN

and found them strongly enriched over non-significant pairs

(odds ratio [OR] > 5; p < 1e�6; Figure 3C). Notably, 78% of en-

hancers in the eGRN are not connected to their nearest gene

(Figure 3D), which is in line with previous observations53 and

highlights the capacity of eGRNs to identify distal target genes

of an enhancer. The majority (70%) of the genes in the eGRN

are linked to enhancers (>2 kb from the TSS), highlighting the

importance of considering distal regulatory regions (Figure 3E).

Genes in the eGRN are enriched in GO terms that are highly

relevant for T cell biology, including ‘‘regulation of T cell receptor

signaling,’’ ‘‘regulation of NF-kB signaling,’’ and ‘‘type I IFN

signaling pathway’’ (Figure 3F, whole eGRN). The eGRN groups

into 48 communities when applying Louvain clustering

(Table S4), each regulated by a small set of TFs and most en-

riched for distinct biological processes (Figures 3F and S3).

Several communities contain TFs that are differentially active

across ADs: community 2, enriched for immunological synapse

formation and cellular response to IFN-g and TNF, is regulated

by STAT1 and ETV7 (TFs with the highest degree in this commu-

nity; Figure S3), which show high activity in SLE (Figure 3D).

Community 7, enriched for response to stimulus- and leuko-

cyte-mediated immunity, is mainly regulated by RFX1 and

AP-1 complex TFs JUND, FOS, FOSB, and FOSL1, which

showed increased activity in all ADs (Figure 2B). Community 5

contains CEBPB, which shows disease-specific activity in

Graves’ disease (Figure 2E), and community 33 contains

MYC, which exhibits disease-specific loss of activity in JIA SF

(Figure 2G).

In summary, a naive CD4+ T cell eGRN from healthy donors

comprising enhancers, TFs, and genes captures T cell biological

processes relevant for ADs, many of which are regulated by TFs

that are differentially active in ADs. Thus, this eGRN capturing AD

signatures can be used to identify disease-specific TFs, regula-

tory elements, and their downstream genes.

Disease-specific eGRNs integrating genomic and
chromatin data capture potential dysregulated
pathways in AD T cells
We next used the CD4+ T cell eGRN to integrate disease-

specific genetic (GWAS) and epigenetic (differential TFs and en-

hancers) evidence to understand T cell dysregulation in ADs. We
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Figure 2. TF activity reveals shared and disease-specific inflammatory T cell processes across ADs

(A) Upset plot of shared and unique significantly differential TFs across diseases.

(B) Inflammation-relevant differential TFs (zoomed in) shared across all ADs.

(C) Disease-specific differential activity of Th-lineage-defining TFs.

(D–G) Volcano plots with differential TF activity versus log10-adjusted p value for SLE (D), Graves’ disease (E), psoriasis (F), and JIA (G). Selected disease-specific

TFs are highlighted. p values were quantified with diffTF; see STAR Methods. Number of biological replicates (donors) for each disease is shown in Figure 1A.
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Figure 3. Enhancer-mediated gene regulatory network for CD4+ T cells recapitulates known T cell biology

(A) Schematic of T cell eGRN inference from paired RNA and H3K27ac data from healthy naive CD4+ T cells.

(B) Schematic representation of eGRN showing total TFs (red), SNPs (yellow), enhancers (green), and genes (orange).

(C) Percentage of overlapping peak-gene connections from eGRN with known eQTL-gene interactions. Data are shown for significant and non-significant peak-

gene pairs. Numbers in bars indicate number of overlapping genes/total number of genes. p value and odds ratio were calculated using Fisher’s exact test.

(legend continued on next page)
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annotated the eGRN nodes (TFs and H3K27ac peaks) with four

types of molecular disease evidence: (1) TFs with differential ac-

tivity in ADs versus controls, (2) differential H3K27ac peaks in

ADs versus controls, (3) H3K27ac peaks overlapping AD-associ-

ated SNPs from the NHGRI-EBI GWAS catalog,54 and (4)

H3K27ac peaks linked to AD GWAS SNPs via a significantly

co-localized histone quantitative trait locus.55 Of these, (1) and

(2) reflect epigenetic disease evidence, while (3) and (4) reflect

genetic disease evidence.

We split the CD4+ T cell eGRN into four disease-specific

eGRNs (for SLE, psoriasis, Graves’ disease, and JIA) and one

general AD eGRN (schematic in Figure 4A; STAR Methods)

This resulted in five different AD eGRNs (Figures 4B; Table S5),

with some degree of overlap between two or more networks/dis-

eases, suggesting common disease pathways (Figure 4C).

The genes in the disease-specific AD eGRNs are significantly

enriched for genes associated with the respective disease in the

OpenTargets platform,56 while the general AD eGRN was signif-

icantly enriched for genes associated with any AD (Figure 4D).

Since disease-gene annotations are partially derived from

GWASs, which may create a circular argument for the part of

our disease eGRNs that is based on genetic evidence, we

confirmed a similar enrichment for AD eGRNs without genetic

evidence (Figure S4A). Furthermore, the general AD eGRN is en-

riched for genes that are known drug targets for ADs (Figure 4E).

We next asked whether genetic and epigenetic disease

evidence converges onto the same biological pathways. GO

term enrichment analysis for genes in the general AD eGRN

with only genetic evidence and for those with only epigenetic

evidence revealed complementary processes: genes with

epigenetic evidence are enriched in immune signaling pathways

(i.e., TNF and NOD-like receptor signaling), while genes with ge-

netic evidence are enriched in processes related to T cell differ-

entiation and activation (Figure 4F). Notably, when combining

genetic and epigenetic evidence, additional processes like

cytokine-mediated signaling and Treg differentiation are en-

riched. This highlights the power of combining genetic and

epigenetic disease evidence in eGRNs for understanding dis-

ease mechanisms.

The general AD eGRN captures processes relevant for T cell

activation and differentiation, whereas genes in the disease-spe-

cific AD eGRNs are enriched in disease-specific pathogenesis

processes (Figure 4F). For instance, genes in the SLE network

are enriched in type I IFN-related signaling, an important

pathway misregulated in SLE.25,26,42 Moreover, genes linked to

TFs in the SLE-specific eGRNwere either all up- or all downregu-

lated in patients based on data from Li et al.,41 further high-

lighting the disease relevance of these TF-gene connections

(Figure S4B). Notably, nearly all target genes of IRF1 and

STAT1 (identified as differentially active in SLE patients; Fig-

ure 2D) were significantly more highly expressed in SLE patients

than in healthy controls (Figures S4C and S4D). Genes in the JIA

network were enriched in osteoclast differentiation, a process
(D) Percentage of peak-gene interactions from the eGRN linked to the transcript

(E) Percentage of genes from eGRN linked to enhancers, enhancers and promot

(F) GO enrichment of biological processes based on all genes included in the eGR

TFs for each community (based on degree) are highlighted. Colors indicate p va
related to synovial joint inflammation, characterizing JIA pa-

tients, as well as regulation of Treg differentiation, a known cell

type involved in JIA pathogenesis.11,20

Last, we evaluated whether the AD eGRNs were enriched in

genes from specific communities from the naive CD4+ T cell

eGRN (Figure 3F). Indeed, communities 2 and 7 are enriched

across all AD eGRNs, and community 17 is enriched across

the general AD, Graves’ disease, JIA, and psoriasis eGRNs

(Figures 4G and 4H). These communities include TFs that are

highly relevant for T cell activation (including AP-1 complex

members in community 7, STAT1 in community 2, and PURA

in community 17),30,57 again highlighting shared mechanisms

of T cell activation across different ADs. We also identified

more specific enrichments of communities across the different

AD eGRNs, including community 4 (most enriched in SLE), com-

munity 38 (most enriched in psoriasis), and communities 12 and

33 (enriched only in Graves’ disease) (Figures 4G and 4H). These

results further show that our AD eGRNs recapitulate disease-

relevant pathways, with shared and distinct gene signatures.

Identification of Th-subset gene signatures linked to
specific AD eGRNs
To further investigate how our eGRNs reflect the activation state

of Th cells, we obtained RNA-seq data from five CD4+ T cell sub-

types from healthy donors (Th1, Th2, Th17, Treg, and Tfh) that

were stimulated with anti-CD3/CD28 beads58 and defined stim-

ulation-responsive genes as those that are significantly differen-

tially expressed in comparison to resting cells (adjusted p% 0.1).

All AD eGRNswere significantly enriched for stimulation-respon-

sive genes from one or more Th subtypes (Figure 5A; Table S6).

The strongest enrichments were observed for Th1, Th17, and

Tregs in the psoriasis eGRN and Tregs in the JIA eGRN, in line

with the known cell types important in these diseases.11,20,59

Stimulation-responsive genes in Tregs were also significantly

enriched in the Graves’ disease and general AD eGRNs

(although less strong than in JIA), likely reflecting the crucial

role of Tregs in ADs in general.60

Next, we asked how enhancer remodeling in AD patients con-

tributes to Th-subset-specific gene expression in response to

stimulation. For each disease we focused on the Th subsets

that were enriched among the disease-specific eGRNs and

correlated the disease-specific changes in H3K27ac signal

at enhancers with differential expression upon stimulation of

the eGRN-linked genes.We found a positive correlation between

expression changes in Tregs with enhancer activation in JIA and

SLE and a negative correlation in Graves’ disease (Figures 5B

and 5C). This may reflect the distinct roles that Tregs play in

these diseases and is in line with reports of Treg downregulation

in Graves’ disease61 and their upregulation in JIA SF.11 For JIA,

the same positive correlation was observed for enhancers in

the JIA-specific eGRN (Figure 5C, bottom right).

For psoriasis, H3K27ac changes were positively correlated

with expression changes in stimulated Tregs and negatively
ion start site (TSS) of the nearest gene or another gene.

ers, or only promoters.

N (whole eGRN) and specific communities (indicated by numbers, x axis). Top

lues calculated with clusterProfiler (STAR methods).
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correlated with expression changes in stimulated Th17 (Figures

5C and 5D). In line with this, Th17 has been recognized as a

crucial T cell subset driving psoriasis pathogenesis, and Tregs

in psoriasis can differentiate into IL-17-producing cells that are

different from ‘‘classical’’ Th17 cells.62

For SLE, we observed a negative correlation of SLE enhancer

activity and activation response in Th17 (Figure 5D). Many genes

with increased enhancer activity in SLE, and decreased expres-

sion in Th17, are related to IFN responses (i.e., IFI44, OAS3, and

MX2; Table S6). It has previously been shown that, under inflam-

matory conditions, Th17 cells produce IFN-g in addition to IL-17,

thereby contributing to autoimmunity.63 Notably, levels of both

IFN-g and IL-17 are increased in SLE patients,64 suggesting a

potential role for non-classical IFN-g-producing Th17 cells in

the disease pathogenesis.

Overall, we found that disease-specific T cell activation pat-

terns in (non-classical) Th subtypes were reflected in disease-

specific enhancer remodeling.

JIA eGRN enhancer-genes within SEs respond to BET
inhibitor JQ1, revealing disease-relevant network
connections
Super-enhancers (SEs) are stretches or clusters of enhancerswith

highH3K27ac signal andmanyTFbinding sites.65 Theydrive gene

expression more than individual enhancers. Moreover, SEs in

CD4+ T cells are enriched for AD GWAS SNPs.17 Here, we used

our eGRN framework to investigate the mechanisms underlying

this enrichment. We obtained SE annotations for resting and stim-

ulated naive andmemoryCD4+ T cells66 and found that enhancers

in the JIA, psoriasis, and general AD eGRNs are significantly

enriched in T cell-specificSEs (Figure 6A). Furthermore, eGRNen-

hancers located within SEs showed significantly higher H3K27ac

signal in patients versus controls than enhancers not overlapping

SEs across all eGRNs except for Graves’ disease (Figure 6B). This

highlights the relevance of CD4+ T cell-associated SEs in AD-spe-

cific H3K27ac remodeling.

To further investigate SEs in the context of eGRNs, we ob-

tained publicly available RNA-seq data from SF-derived CD4+

T cells from JIA patients before and after treatment with the bro-

modomain and extraterminal (BET) inhibitor JQ1, known to

target SEs.20 We observed that genes connected via the JIA

eGRN to SEs that overlapped differential enhancers in JIA

were more downregulated upon JQ1 treatment than other genes

not connected to SE (p = 0.1). JQ1 treatment had no effect on

genes in proximity to SE that are not in the JIA eGRN, suggesting

JQ1 acts exclusively on SEs that are remodeled in JIA (Fig-

ure 6C). Notably, genes in the JIA eGRN were more strongly

downregulated than genes linked to SEs by proximity (±2 kb; Fig-
Figure 4. AD-specific eGRNs are enriched for disease-associated gen

(A) Overview of AD eGRN generation; ME, molecular evidence.

(B) Numbers of unique TFs, peaks, genes, and total connections in each disease

(C) Upset plot showing intersection of genes across disease-specific eGRNs. Ba

(D and E) Enrichment of disease-specific eGRN genes with disease-associated ge

indicate gene counts (*Fisher’s exact test, p < 0.05, and odds ratio > 1).

(F) GO-term enrichment of AD eGRNs. Pso., psoriasis; Gra., Graves’ disease. Co

(G) Enrichment of community genes from Figure 3F across AD eGRNs. Only signifi

(H) Force-directed visualization of AD eGRNs, with colors representing genes be
ure 6C; p = 0.008 if considering unique enhancer-gene pairs and

0.25 if considering unique genes only). The JIA eGRN genes con-

nected to SEs (Figure 6D) include CTLA4 and NFAT4, genes

known to be important in T cell activation,67–69 which show

downregulation upon JQ1 treatment.

These observations suggest that the JQ1 treatment (which af-

fects SEs) may act by targeting enhancers and thus affecting

their target genes in the JIA eGRN. This provides orthogonal vali-

dation of the disease relevance of the enhancer-gene links iden-

tified through eGRNs with disease-specific epigenetic and ge-

netic information.

Prioritization and validation of eGRN enhancer-gene
pairs potentially important for T cell dysregulation in AD
To identify top genes that are potentially dysregulated across

several ADs, we ranked the genes based on the number of AD

eGRNs they are part of, the number of molecular disease evi-

dence types, and the total number of molecular evidences.

This list was supplemented with information about fine-mapped

AD variants, significant expression changes upon T cell stimula-

tion, and known associations with autoimmune conditions (Fig-

ure 7A).56 The top three candidates in our prioritized gene list

are IKZF3, CTLA4, and CDK12, which have previously been

identified as crucial regulators of T cell activation.67,70,71

One enhancer connected to CTLA4 (chr2:203,930,706–

203,942,262) was also connected to ICOS and CD28 in the

T cell eGRN (Figure 7B). These three genes, all members of the

immunoglobulin super-gene family, play distinct and synergistic

roles in the regulation of T cell responses,68 and their expression

is significantly upregulated in all subsets of activated T cells (Fig-

ure 7C). Enhancer chr2:203,930,706–203,942,262 (Figure 7B,

highlighted in gray) overlaps two differential AD peaks, both

downregulated in Graves’ disease (Figure 7D), and one upregu-

lated in JIA (Figure 7D). These peaks are connected to the TFs

KLF3 and SP2, whose activity was significantly reduced in

Graves’ disease (Figure 7E).

We validated these enhancer-gene links by CRISPRi in acti-

vated primary human T cells using four single-guide RNAs

(sgRNAs) targeting enhancer chr2:203,930,706–203,942,262

(sgRNA design in Figure S5A; Table S7). Targeting the enhancer

led to a decrease in ICOS, CTLA4, and CD28 expression (Fig-

ure 7F). The observed downregulation was strongest in ICOS,

followed by CTLA4 and CD28, in line with their increased

genomic distance from the perturbed enhancer (Figure 7B).

Another top prioritized gene was ANKRD55 (Figure 7A), about

which little is described in T cell biology hitherto. ANKRD55 is

identified in all five eGRNs; it is regulated by an enhancer contain-

ing four AD-associated genetic variants from multiple sclerosis
es, drug targets, and relevant biological pathways

-specific eGRN.

r plot shades indicate proportion of genes with specific ME.

nes (D) and known drug targets from the Open Targets Platform56 (E). Numbers

lors indicate p values calculated with clusterProfiler (STAR methods).

cant enrichments are shown (Fisher’s exact test, p < 0.05, and odds ratio > 1).

longing to enriched communities.
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Figure 5. AD-specific eGRNs are enriched in regulatory elements driving gene expression related to Th subset differentiation

(A) Enrichment (log2 odds ratio) of Th subset-specific stimulation-associated genes (rows) within AD eGRNs (columns). Numbers indicate the number of genes

per subset (*Fishers’ exact test, p < 0.05; gray, non-significant).

(B) Correlation (color scale) between expression of Th-subset-specific stimulation-associated genes (rows) and differential peaks from the AD eGRNs (columns).

*Pearson correlation, p < 0.05.

(C) Pearson correlation of gene expression changes in stimulated versus resting Tregs with H3K27ac changes in CD4+ T cells from AD versus controls. Titles

indicate eGRN source for enhancer-gene links. Blue lines, regression. Genes that significantly change expression in Tregs upon stimulation are highlighted in gray

(adjusted p < 0.1; DESeq2).

(D) Correlation of gene expression changes in stimulated versus resting Th17with H3K27ac changes in CD4+ T cells fromAD versus controls. (C and D) Pearson’s

R; Pval: p value from Pearson’s correlation.
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(MS), JIA, rheumatoid arthritis (RA), and inflammatory bowel dis-

ease (IBD).72 In addition, in our eGRN, the enhancer regulating

ANKRD55 (chr5:56,139,147–56,162,711) was also connected to

IL6ST (Figure 7G), a gene associated with T cell function and dis-

ease activity in SLE.73 The enhancer overlaps two AD-associated

peaks downregulated in most ADs we analyzed (Figure 7H).

To confirm the interaction between ANKRD55 and IL6ST, we

examined chromatin capture (HiC) data in CD4+ T cells from Be-

diaga et al.74 They reported a chromatin loop between the two

genes, suggesting direct physical evidence for the enhancer iden-

tified in our eGRN (Figure 7I). Notably, Bediaga et al.74 reported

that the interaction between ANKRD55 and IL6ST is significantly
10 Cell Reports 43, 114810, October 22, 2024
stronger in activated versus resting T cells (logFC = 1.01, adjusted

p = 5e�05; Figure 7I). In our network, the TF HIC2 is predicted to

repress the enhancer at the 50 end of this loop. Thus, a strength-

ened interaction between ANKRD55 and IL6ST in activated

T cells would bring the repressor HIC2 near the IL6ST promoter,

which is in line with the observed decrease in expression of

ANKRD55 and IL6ST in activated versus resting CD4+ T cells (Fig-

ure 7J). Of note, CRISPRi experiments of this enhancer led to

inconsistent results, with IL6ST expression increasing upon

CRISPRi (Figures S5B and S5C). This was not due to technical is-

sues, since CRISPRi on the CD4 promoter led to the expected

downregulation of the gene (Figure S5D). We rather believe that
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Figure 6. AD eGRNs are significantly enriched in super-enhancers, and genes linked to SEs in the JIA eGRN respond to BET inhibitor
treatment

(A) Enrichment (log2 odds ratio) of T cell-specific SEs across naive CD4+ T cell eGRNs and AD-specific eGRNs (*Fisher’s exact test, p < 0.05). Numbers indicate

count of eGRN genes overlapping SEs.

(B) H3K27ac changes in AD versus controls for enhancers fromAD-specific eGRNs, categorized into overlap (orange) or no overlap (gray) with T cell-specific SEs.

Numbers indicate unique enhancers. *p < 0.05 (t test).

(C) Gene expression changes in SF-derived CD4+ T cells from JIA patients treated with BET inhibitor (JQ1+ versus JQ1�) for genes stratified into whether they are

linked to JIA-specific differential enhancers via the JIA eGRN or just in proximity of an SE (±2 kb). Based on t test: *p % 0.1; **p % 0.01; NS, non-significant).

(D) JIA eGRN with TF, enhancer (overlapping SEs and differential), and gene connection.
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the change in chromatin interactions upon T cell activation in this

locus (Figure S5E) may interfere with the long-range effects of

CRISPRi perturbations (see ‘‘Limitations of the study’’).

These results demonstrate that our eGRNs can be used to

identify enhancer-gene links relevant to T cell activation in ADs

and can be functionally validated. Similarly, we have generated

prioritized lists of genes that are potentially dysregulated in

SLE, psoriasis, Graves’ disease, and JIA (Table S8). These lists
can be used to identify genes and their upstream transcrip-

tional/epigenomic regulators potentially important for T cell func-

tion and the pathogenesis of specific ADs.

DISCUSSION

The interpretation of non-coding genetic variants associated with

ADs remains a significant challenge. A deeper comprehension of
Cell Reports 43, 114810, October 22, 2024 11



A

B

C

E F J

D H

G

I

(legend on next page)

12 Cell Reports 43, 114810, October 22, 2024

Article
ll

OPEN ACCESS



Article
ll

OPEN ACCESS
the roles of SNPs and regulatory elements in the dysregulation of

T cell activation in ADs will improve the understanding of disease

mechanisms and identification of new therapeutic targets. To link

SNP-harboring enhancers to downstream target genes, we con-

structed AD-specific eGRNs from CD4+ T cells that can be used

to identify targets that inhibit aberrant T cell activation.

We found that AD T cells are characterized by general and dis-

ease-specific enhancer signatures and TF activities that poten-

tially regulate disease-relevant pathways. TFs shared across

many ADs were related to T cell activation and inflammation,

and includedmembers of the AP-1 complex, which are activated

through T cell receptor (TCR) and co-stimulatory receptor (i.e.,

CD28) signaling.75 This shows that shared dysregulation of

T cells in AD is mainly related to T cell activation, likely due to

general TCR-antigen binding. Disease-specific TF activity signa-

tures could be driven by signaling related to the nature of the an-

tigen, independent of the TCR. Indeed, in SLE we find an

increased activation of IFN-related TFs (in line with increased

IFN signaling in these patients26), in Graves’ disease we find

TFs involved in IL-6 signaling76 (a cytokine increased in the

serum of Graves’ disease patients77), while in psoriasis we find

TFs involved in TGF-b signaling44–46 (implicated in psoriasis

pathogenesis47).

Integrating eGRNs with expression data from Th cells offers

valuable insights into the prevalence and functionality of Th sub-

types within the general CD4+ T cell population. In the case of

psoriasis, where Th17 cells are considered pivotal drivers of

pathogenesis,10 we found evidence for the presence of Tregs

that can differentiate into IL-17-producing cells, distinct from

the classical Th17 phenotype62 and indicative of the dynamic

interplay between these cell subsets. Importantly, the histone

deacetylase (HDAC) inhibitor trichostatin A is known to inhibit

the conversion of Tregs to Th17-like cells.62 Likewise, in SLE,

we found a potential role for non-classical IFN-g-producing

Th17 cells in disease pathogenesis. Over the past years, interest

in the therapeutic inhibition of Th17 cells in ADs has grown. How-

ever, these cells display high levels of plasticity, and their origin

and exact pathogenic function in autoimmunity are poorly under-

stood. Classical approaches to inhibit Th17 cells in autoimmu-

nity, including IL-17A blockade, may not be effective against

‘‘non-classical’’ Th17 subtypes,78 demonstrating the need for a

better understanding of the exact disease-associated Th sub-

types. Our findings not only emphasize the heterogeneity of
Figure 7. Prioritization and validation of disease-relevant enhancers fr
(A) Ranked list of prioritized AD-relevant genes based on their presence in AD-sp

(B) Genomic context of ICOS/CTLA4/CD28, showing links to AD eGRN enhance

black), differential H3K27ac peaks (pink boxes), hQTL-GWAS peaks (purple box

(C) Differential expression of ICOS, CTLA4, and CD28 in stimulated versus restin

(D) Differential H3K27ac signal for enhancers linked to ICOS/CTLA4/CD28 in AD

(E) Differential activity of KLF3 and SP2 in AD patients versus controls is shown.

(F) Expression of ICOS/CTLA4/CD28 following CRISPRi-mediated enhancer pertu

control gRNA for the targeting (Targeting) and non-targeting controls (Scramble)

(G) Genomic context of ANKRD55/IL6ST and their links to AD eGRN enhancers.

(H) Log2 fold change in H3K27ac signal of enhancers linked to ANKRD55/IL6ST

(I) Loop based on chromatin capture (HiC) data obtained from Bediaga et al.74 sh

between ANKRD55 intron and IL6ST.

(J) Log2 fold change in IL6ST and ANKRD55 gene expression in stimulated vers

calculated using t test.
T cell responses in ADbut also shed light on potential therapeutic

targets, for example, through the modulation of specific en-

hancers linked to genes driving specific Th subsets.

We also show that AD-specific eGRNs are enriched in SEs that

regulate processes related to T cell activation and inflammation.

BET and Mediator proteins are crucial for the activity of SEs,79

and their inhibition is pursued as a therapeutic strategy to control

the aberrant transcription of genes in cancer and other dis-

eases.80 JQ1 is a well-studied BET inhibitor, which represses

the expression of T cell-activation-related genes in memory/

effector T cells in JIA.20 In line with this, we show that JQ1 selec-

tively inhibits the expression of genes linked to SEs identified in

our JIA-specific eGRN. Since we also found an enrichment of

SEs in our general AD and psoriasis eGRNs, these results can

potentially be extrapolated to other ADs. Indeed, JQ1 treatment

was shown to alleviate general inflammation and decrease the

number of CD4+IL-17A+ T cells in imiquimod-induced psoriasis

mouse models,81,82 further highlighting the therapeutic potential

of BET inhibitors in the treatment of ADs.

Enhancers are traditionally linked to their nearest genes using

proximity-based methods, even though they can regulate their

target genes over large genomic distances,83 and autoim-

mune-associated SNPs in non-coding regions often affect distal

genes.84 Our eGRNs can identify distal enhancer-target gene

links that would be missed using conventional proximity-based

methods. As an example, we identified a distal enhancer

linked to CTLA4 (distance of 60,052 bp) that was also linked to

ICOS (TSS, 0 bp) andCD28 (222,190 bp). This enhancer overlaps

six SNPs (rs56324422, rs4675374, rs11571305, rs11571306,

rs4335928, and rs10932031) that are associated with celiac dis-

ease.54,85 Although these SNPs have mainly been associated

with ICOS expression (the most proximal gene), we show that

perturbation of the enhancer harboring these SNPs also affects

the more distal CTLA4 and CD28, which also play crucial roles

in regulating T cell responses and immune tolerance.68 Other ex-

amples we studied are IL6ST and ANKRD55, which we found

linked to an enhancer that overlaps a T cell-specific SE and har-

borsmany AD-associated SNPs. One of these SNPs, rs6859219,

is associated with increased ANKRD55 levels in CD4+ T cells.86

Moreover, increased IL6ST expression is associated with Th17

differentiation (a cell type highly relevant in ADs) in mice.87 We

identified HIC2 as a repressor of ANKRD55 and IL6ST expres-

sion, in line with its described repressor function.88 SNPs in the
om AD eGRNs
ecific eGRNs and associated molecular evidence.

rs (top gray boxes), differential TF binding sites (blue boxes, TFs highlighted in

es), and AD-associated GWAS-SNPs (dark green stripes).

g CD4+ T cells is shown as log2 fold change.

patients versus controls is shown as log2 fold change.

rbation in CD4+ T cells, shown as mRNA expression relative to a non-targeting

, mean ± SEM.

in AD patients.

own at 25 kb resolution (red line; shading indicates resolution) and eGRN loop

us resting CD4+ T cells (x axis). For all: *p % 0.05, **p % 0.01, ***p % 0.001,
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associated enhancer potentially disrupt the repressive function

of HIC2, thereby leading to increased ANKRD55 and IL6ST

expression. HIC2 function has not been studied in T cells or other

immune cells hitherto, but our analysis points to it as a potentially

important regulator in the context of ADs. This demonstrates the

potential of eGRNs to link AD-associated enhancers harboring

SNPs to downstream genes and upstream regulators, to un-

cover regulatory mechanisms driving T cell dysfunction in auto-

immunity. Since the generation of disease-specific eGRNs is

based on the mapping of disease-specific evidence (including

GWAS SNPs) onto a naive CD4+ T cell eGRN, future risk loci

from GWASs can be integrated to further refine the existing

eGRNs.

Taking our results altogether, we demonstrate that eGRNs

are powerful tools to study disease-specific dysregulation

of T cells. They can be used to pinpoint alterations in the

regulatory landscapes that contribute to the development of

ADs and provide a basis for developing new therapeutic

approaches.

Limitations of the study
d CRISPRi-based validations of enhancer-gene interactions:

we attempted functional validation of the interaction be-

tween ANKRD55 and IL6ST by CRISPRi targeting their

associated enhancer, which coincided with the 50 end of

the chromatin loop between these two genes. This exper-

iment showed upregulation of IL6ST, which was contradic-

tory to the general repressive effect of CRISPRi (Fig-

ure S5C). Inspection of the 3D landscape around the

locus region revealed complex interactions with many

up- and downregulated loops during T cell activation (Fig-

ure S5E). This highlights the challenge of using CRISPRi for

validating distal enhancer-gene interactions in complex

loci, where the CRISPRi guides may interfere with loop for-

mation, leading to unexpected outcomes.

d Future work should address the unexpected upregulation

of the IL6ST locus uponCRISPRi targeting of the enhancer.

Based on our data and analyses, one hypothesis to be

tested is whether the CRISPR machinery interferes with

the complex 3D genome rearrangement during T cell acti-

vation and thus prevents the repressive TFHIC2 from inter-

acting with IL6ST. This could be tested using alternative

CRISPR approaches that do not rely on the machinery be-

ing present during the activation (e.g., CRISPR-Cas9) or by

measuring the dynamics of the chromatin interactions dur-

ing the CRISPRi perturbation.

d Patient samples: it is important to note that, in the context

of JIA, our observations of the changes in the epigenomic

landscape and differential TF activity are based on SF-spe-

cific signatures rather than comparisons between healthy

controls and JIA patients. The ideal control samples would

have been CD4+ T cells from SF of healthy children. How-

ever, since there is no diagnostic procedure in which SF is

taken from joints of healthy children, this is ethically not

possible. Moreover, in healthy knee joints, SF typically

contains very low numbers of T cells. The accepted view

in the field is that for JIA, the tissue-resident cells are

actively associated with disease, while the T cells in
14 Cell Reports 43, 114810, October 22, 2024
PBMCs are not active.11,20,89–98 Thus, our approach is in

line with the best practice in the field.
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Chen, K.C., Laperle, J., Markovits, A.N., Pastinen, T., et al. (2016). The in-

ternational human epigenome consortium data portal. Cell Syst. 3, 496–

499.e2. https://doi.org/10.1016/j.cels.2016.10.019.

51. Kamal, A., Arnold, C., Claringbould, A., Moussa, R., Servaas, N.H., Khol-

matov, M., Daga, N., Nogina, D., Mueller-Dott, S., Reyes-Palomares, A.,

et al. (2021). GRaNIE and GRaNPA: Inference and evaluation of

enhancer-mediated gene regulatory networks applied to study macro-

phages. Preprint at bioRxiv. https://doi.org/10.1101/2021.12.18.473290.

52. Schmiedel, B.J., Singh, D., Madrigal, A., Valdovino-Gonzalez, A.G.,

White, B.M., Zapardiel-Gonzalo, J., Ha, B., Altay, G., Greenbaum, J.A.,

McVicker, G., et al. (2018). Impact of genetic polymorphisms on human

immune cell gene expression. Cell 175, 1701–1715.e16. https://doi.

org/10.1016/j.cell.2018.10.022.

53. Reyes-Palomares, A., Gu, M., Grubert, F., Berest, I., Sa, S., Kasowski,

M., Arnold, C., Shuai, M., Srivas, R., Miao, S., et al. (2020). Remodeling

of active endothelial enhancers is associated with aberrant gene-regula-

tory networks in pulmonary arterial hypertension. Nat. Commun. 11,

1673. https://doi.org/10.1038/s41467-020-15463-x.

54. Buniello, A., MacArthur, J.A.L., Cerezo, M., Harris, L.W., Hayhurst, J.,

Malangone, C., McMahon, A., Morales, J., Mountjoy, E., Sollis, E.,

https://doi.org/10.1016/j.biopha.2019.109122
https://doi.org/10.1016/S2665-9913(20)30288-5
https://doi.org/10.1016/S2665-9913(20)30288-5
https://doi.org/10.1016/j.celrep.2019.10.106
https://doi.org/10.1016/j.celrep.2019.10.106
https://doi.org/10.1038/sigtrans.2017.23
https://doi.org/10.1038/sigtrans.2017.23
https://doi.org/10.1016/j.celrep.2020.107826
https://doi.org/10.1084/jem.20182009
https://doi.org/10.1084/jem.20110462
https://doi.org/10.1084/jem.20110462
https://doi.org/10.1038/ni.1770
https://doi.org/10.1016/s0092-8674(00)80702-3
https://doi.org/10.1016/s0092-8674(00)80702-3
https://doi.org/10.1038/ni.1802
https://doi.org/10.1038/ni.1802
https://doi.org/10.1038/s41590-020-0706-5
https://doi.org/10.1038/s41590-020-0706-5
https://doi.org/10.1038/ni.2920
https://doi.org/10.1038/jid.2009.399
https://doi.org/10.1038/jid.2009.399
https://doi.org/10.1186/ar4317
https://doi.org/10.3389/fimmu.2018.01793
https://doi.org/10.3389/fimmu.2018.01793
https://doi.org/10.3389/fimmu.2022.919681
https://doi.org/10.3389/fgene.2022.941221
https://doi.org/10.3389/fgene.2022.941221
https://doi.org/10.3390/life11040299
https://doi.org/10.1074/jbc.273.45.29279
https://doi.org/10.1074/jbc.273.45.29279
https://doi.org/10.1038/oncsis.2016.17
https://doi.org/10.1038/oncsis.2016.17
https://doi.org/10.1074/jbc.M600579200
https://doi.org/10.7554/eLife.80405
https://doi.org/10.1038/jid.2009.252
https://doi.org/10.3389/fimmu.2022.842651
https://doi.org/10.3389/fimmu.2022.842651
https://doi.org/10.1126/sciadv.aaw6443
https://doi.org/10.1126/sciadv.aaw6443
https://doi.org/10.1016/j.cels.2016.10.019
https://doi.org/10.1101/2021.12.18.473290
https://doi.org/10.1016/j.cell.2018.10.022
https://doi.org/10.1016/j.cell.2018.10.022
https://doi.org/10.1038/s41467-020-15463-x


Article
ll

OPEN ACCESS
et al. (2019). The NHGRI-EBI GWAS Catalog of published genome-wide

association studies, targeted arrays and summary statistics 2019.

Nucleic Acids Res. 47, D1005–D1012. https://doi.org/10.1093/nar/

gky1120.

55. Chen, L., Ge, B., Casale, F.P., Vasquez, L., Kwan, T., Garrido-Martı́n, D.,

Watt, S., Yan, Y., Kundu, K., Ecker, S., et al. (2016). Genetic drivers of

epigenetic and transcriptional variation in human immune cells. Cell

167, 1398–1414.e24. https://doi.org/10.1016/j.cell.2016.10.026.

56. Carvalho-Silva, D., Pierleoni, A., Pignatelli, M., Ong, C., Fumis, L., Kara-

manis, N., Carmona, M., Faulconbridge, A., Hercules, A., McAuley, E.,

et al. (2019). Open Targets Platform: new developments and updates

two years on. Nucleic Acids Res. 47, D1056–D1065. https://doi.org/10.

1093/nar/gky1133.

57. Afkarian, M., Sedy, J.R., Yang, J., Jacobson, N.G., Cereb, N., Yang, S.Y.,

Murphy, T.L., and Murphy, K.M. (2002). T-bet is a STAT1-induced regu-

lator of IL-12R expression in naı̈ve CD4+ T cells. Nat. Immunol. 3,

549–557. https://doi.org/10.1038/ni794.

58. Calderon, D., Nguyen,M.L.T., Mezger, A., Kathiria, A., M€uller, F., Nguyen,

V., Lescano, N., Wu, B., Trombetta, J., Ribado, J.V., et al. (2019).

Landscape of stimulation-responsive chromatin across diverse human

immune cells. Nat. Genet. 51, 1494–1505. https://doi.org/10.1038/

s41588-019-0505-9.

59. Lowes, M.A., Kikuchi, T., Fuentes-Duculan, J., Cardinale, I., Zaba, L.C.,

Haider, A.S., Bowman, E.P., and Krueger, J.G. (2008). Psoriasis vulgaris

lesions contain discrete populations of Th1 and Th17 T cells. J. Invest.

Dermatol. 128, 1207–1211. https://doi.org/10.1038/sj.jid.5701213.

60. Dominguez-Villar, M., and Hafler, D.A. (2018). Regulatory T cells in auto-

immune disease. Nat. Immunol. 19, 665–673. https://doi.org/10.1038/

s41590-018-0120-4.

61. Chen, Z., Liu, Y., Hu, S., Zhang, M., Shi, B., and Wang, Y. (2021).

Decreased Treg Cell and TCR Expansion Are Involved in Long-Lasting

Graves’ Disease. Front. Endocrinol. 12, 632492. https://doi.org/10.

3389/fendo.2021.632492.

62. Bovenschen, H.J., van de Kerkhof, P.C., van Erp, P.E., Woestenenk, R.,

Joosten, I., and Koenen, H.J.P.M. (2011). Foxp3+ regulatory T cells of

psoriasis patients easily differentiate into IL-17A-producing cells and

are found in lesional skin. J. Invest. Dermatol. 131, 1853–1860. https://

doi.org/10.1038/jid.2011.139.

63. Hirota, K., Duarte, J.H., Veldhoen, M., Hornsby, E., Li, Y., Cua, D.J., Ahl-

fors, H., Wilhelm, C., Tolaini, M., Menzel, U., et al. (2011). Fatemapping of

IL-17-producing T cells in inflammatory responses. Nat. Immunol. 12,

255–263. https://doi.org/10.1038/ni.1993.

64. Yazici, M.U., Orhan, D., Kale, G., Besbas, N., and Ozen, S. (2014). Study-

ing IFN-gamma, IL-17 and FOXP3 in pediatric lupus nephritis. Pediatr.

Nephrol. 29, 853–862. https://doi.org/10.1007/s00467-013-2695-1.

65. Pott, S., and Lieb, J.D. (2015). What are super-enhancers? Nat. Genet.

47, 8–12. https://doi.org/10.1038/ng.3167.

66. Hnisz, D., Abraham, B.J., Lee, T.I., Lau, A., Saint-André, V., Sigova, A.A.,
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STAR+METHODS
KEY RESOURCES TABLE
REAGENT or RESOURCE SOURCE IDENTIFIER

Antibodies

Anti-human H3K27ac Abcam ab4729; RRID: AB_2118291

Biological samples

SLE, psoriasis and matched healthy donor

peripheral blood samples

University of Tartu (Estonia) https://ut.ee/en

CD4+ T cells from healthy donors for

CRISPRi experiments

AllCells Naive CD4+/CD45RA+ Helper T cell

LentiX HEK293T cells Takara 632180

Chemicals, peptides, and recombinant proteins

Ficoll Paque Plus GE Healthcare GE17-1440-02

CD4 MicroBeads, human Miltenyi 130-045-101

DynabeadsTM M-280 Sheep Anti-Mouse IgG Invitrogen 11202D

DynabeadsTM M-280 Sheep Anti-Rabbit IgG Invitrogen 11203D

RNase CocktailTM Enzyme Mix Ambion AM2286

Proteinase K Thermo Scientific EO0492

DMEM medium Gibco 41965-039

FBS Supreme PanBiotech P30-3031

GlutaMAXTM Supplement Gibco 35050061

Sodium pyruvate (NaPyr) Gibco 11360070

Non-Essential Amino Acid (NEAA) Gibco 11140050

Penicillin–Streptomycin Gibco 15070063

Opti-MEM Gibco 31985070

LipofectamineTM 3000 Invitrogen L3000015

Viralboost reagent Alstem VB100

Lenti-X concentrator Takara 631232

RPMI-1640 Gibco 52400025

2-Mercaptoethanol Gibco 31350010

Recombinant Human IL-2 Peprotech 200-02

CD3/CD28 DynabeadsTM Gibco 11161

Puromycin Gibco A111380

DRAQ7TM Dye Biostatus DR77524

SuperScript IV Reverse Transcriptase Invitrogen 18090010

SYBR-Green PCR master mix Applied Biosystems 4309155

Critical commercial assays

MinElute PCR Purification Kit Qiagen 28004

Plasmid DNA Mini-Prep Kit Qiagen 12123

RNeasy mini kit Qiagen 74004

QubitTM RNA Broad Range assay kit Thermo Scientific Q10211

NEBNext Ultra II DNA Library Prep Kit New England Biolabs E7645L

Deposited data

Raw and analyzed data This paper GEO: GSE251736

Human reference genome NCBI build 38, GRCh38 Genome Reference Consortium http://www.ncbi.nlm.nih.gov/

projects/genome/assembly/

grc/human/

(Continued on next page)
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REAGENT or RESOURCE SOURCE IDENTIFIER

GENCODE Human release 28, GRCh38.p12 The GENCODE Project https://www.gencodegenes.

org/human/release_28.html

PICS 2.0 Autoimmune Disease and

GWAS catalog SNPs

Taylor et al.99 https://pics2.ucsf.edu

HOCOMOCO v11 TF binding models Kulakovskliy et al.100 https://hocomoco11.autosome.org

RNA- and H3K27ac ChIP-seq data from CD4+

T cells from SF and PBMCs of JIA patients all

diagnosed with oligoarticular JIA with active

disease at the time of sampling. Patients

underwent therapeutic joint aspiration and

PB was drawn at the same time.

Peeters et al.20 GEO: GSE71595 & GEO: GSE71596

H3K27ac ChIP-seq data from CD4+

T cells from Graves’ disease patients

and matched healthy donors

Limbach et al.19 GEO: GSE71957

H3K27ac ChIP-seq data and RNA-seq data

from CD4+ T cells from 138 healthy donors.

Blueprint consortium EGA: EGAD00001002673 & EGA: EGAD00001002671

ATAC-seq and RNA-seq data from

stimulated CD4+ T helper subsets.

Calderon et al.58 GEO: GSE118189 & GEO: GSE118165

RNA-seq data from CD4+ T cells from

SLE and healthy controls.

Li et al.41 GEO: GSE97263

scRNA-seq data of CD45+ cells derived

from skin biopsies of psoriasis and

healthy controls.

Liu et al.48 https://zenodo.org/records/

6529821#.Ynh_aoxBwuW

Hi-C-seq of resting and activated CD4+ T cells. Bediaga et al.74 GEO: GSE126117

Software and algorithms

FASTQC Babraham Bioinformatics https://www.bioinformatics.babraham.

ac.uk/projects/fastqc/

Trimmomatic Bolger et al.101 http://www.usadellab.org/cms/

?page=trimmomatic

Bowtie2 Langmead et al.102 https://bowtie-bio.sourceforge.net/

bowtie2/index.shtml

SAMtools Danecek et al.103 http://www.htslib.org/

Picard Broad institute https://broadinstitute.github.io/picard/

MACS2 Gaspar et al.104 https://pypi.org/project/MACS2/

DiffBind Rory Stark https://bioconductor.org/packages/

release/bioc/html/DiffBind.html

STAR Dobin et al.105 https://github.com/alexdobin/STAR

GenomicAlignments Lawrence et al.106 https://bioconductor.org/packages/

release/bioc/html/GenomicAlignments.html

DESeq2 Love et al.107 https://bioconductor.org/packages/

release/bioc/html/DESeq2.html

diffTF Berest & Arnold et al.27 https://git.embl.de/grp-zaugg/diffTF

GRaNIE Kamal & Arnold et al.51 https://grp-zaugg.embl-community.io/GRaNIE/

clusterProfiler Yu et al.108 https://bioconductor.org/packages/release/

bioc/html/clusterProfiler.html

rGREAT Gu et al.21 https://www.bioconductor.org/packages/

release/bioc/html/rGREAT.html

PICS algorithm Farh et al.17 www.broadinstitute.org/pubs/finemapping

PWMscan Ambrosini et al.109 https://ccg.epfl.ch/pwmtools/pwmscan.php

coloc Giambartolomei et al.110 http://coloc.cs.ucl.ac.uk/coloc/

Linkage Disequilibrium Calculator Ensembl genome

database project

https://www.ensembl.org/Homo_

sapiens/Tools/LD
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EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

This study was approved by the Ethics Review Committee of Human Research of the University of Tartu, Estonia (protocols 270/T-9,

271/M-35). Informed consent was obtained from all the participants in accordance with the Declaration of Helsinki. Patient demo-

graphics are listed in Figure 1A.

METHOD DETAILS

Isolation of CD4+ T cells
30mL of peripheral blood was collected in EDTA tubes from patients with SLE (n=11) and psoriasis (n=15) and from age- and sex-

matched healthy donors (n=11 and n=15 respectively) from The University of Tartu, Estonia. PBMCs were obtained by Ficoll Paque

(GE Healthcare) density gradient centrifugation. CD4+ T cells were collected by magnetic isolation using CD4 MicroBeads (Miltenyi)

on the AutoMACs (Miltenyi) according to themanufacturer’s instructions. For CRISPRi experiments, frozen healthy donor naive CD4+

T cells were obtained from AllCells.

H3K27ac ChIP-seq protocol
1 million isolated CD4+ T cells were cross-linked with an 11% formaldehyde buffer, lysed and subjected to sonication using a Bio-

ruptor sonicator UCD-200 (Diagenode) to obtain chromatin fragments of 100–500 bp. Sheared chromatin was immunoprecipitated

with 2 mL of anti-H3K27ac antibody (Abcam, ab4729) and 2 mL of Dynabeads M-280magnetic beads (Sheep Anti-Mouse IgG, Sheep

Anti-Rabbit IgG, Invitrogen) using the SX-8G IP-Star Automated System (Diagenode). ChIP samples were decrosslinked at 65�C for 4

hours. After incubation, the samples were treated with 0.2 mg/mL RNaseA (RNase Cocktail EnzymeMix, Ambion, Life Technologies)

and 0.4 mg/mL Proteinase K (Thermo Scientific). DNA was purified with the MinElute PCR Purification Kit (Qiagen) according to the

manufacturer’s protocol. Sequencing libraries were prepared using the NEBNext Ultra II DNA Library Prep Kit (New England Biolabs)

for Illumina according to the manufacturer’s instructions. Library quality and concentration were determined using an Agilent Bio-

analyzer DNA1000 chip according to the manufacturer’s instructions. After passing quality control, libraries were sequenced on

an Illumina NextSeq 500 (75-bp single-end mode).

CRISPRi in CD4+ T cells
Individual gRNAs (4 per enhancer, 2 for CD4 promoter and 2 non-targeting scrambled gRNAs, Table S4), were cloned into the

CROP-seq Puro-F+E plasmid, containing the optimised F+E tracrRNA sequence111, using restriction ligation as previously

described.112

Lentivirus was produced in LentiX HEK293T cells (Takara). Cells were grown to 65–75% confluency prior to transfection. Lentiviral

packaging vectors pMD2.G (Addgene 12259) and psPAX2 (Addgene 12260) were combined with CROPseq-Puro-F+E plasmid (con-

taining the sgRNAs) or dCas9-mCherry-ZIM3-KRAB plasmid (Addgene 154473) and transfected using LipofectamineTM 3000 (Invi-

trogen). After 6 hours, the transfection medium was replaced with a complete medium supplemented with 1:500 Viralboost reagent

(Alstem). Supernatant containing viral particles was harvested after 2 and 3 days and concentrated 100x using Lenti-X concentrator

(Takara) following manufacturers instructions.

For T cell transduction, frozen healthy donor naive CD4+ T cells were thawed, cultured and activated using Human T-Activator

CD3/CD28 DynabeadsTM (Gibco). The following day, cells were infected with dCas9-mCherry-ZIM3-KRAB lentivirus and the next

day with gRNA lentivirus. Cells were selected for gRNA expression using Puromycin and were subsequently reactivated. After three

days of reactivation, mCherry positive T cells expressing the dCas9-ZIM3-KRAB protein were sorted by fluorescence-activated cell

sorting (FACS) on a BD FACSAriaTM Fusion, selecting for viable cells using DRAQ7TM Dye (Biostatus). Sorted cells were immediately

lysed in RLT plus buffer (Qiagen) supplemented with 2-Mercaptoethanol.

The CRISPRi effect on predicted enhancer–target genes was measured using quantitative PCR. Briefly, RNA was isolated

using the RNeasy mini kit (Qiagen) according to the manufacturer’s instructions. RNA concentration was measured using the

QubitTM RNA Broad Range assay kit (Invitrogen), and reverse transcription was performed using SuperScript IV according to

the manufacturer’s instructions. qPCR was performed with SYBR-Green PCR master mix (Applied Biosystems), and data

was processed using the –DDCt method, normalised to the housekeeping gene GAPDH. Primer sequences can be found in

Table S9.

QUANTIFICATION AND STATISTICAL ANALYSIS

P-values have been calculated using Fisher’s exact test or T-test as indicated in the figure legends.

Processing of publicly available H3K27ac ChIP-seq data
We downloaded H3K27ac data from GEO (GSE71957 for Graves’ disease19 and GSE71595 & GSE71596 for JIA20) and processed

them as described below.
22 Cell Reports 43, 114810, October 22, 2024
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ChIP-seq pipeline
Reads were trimmed using Trimmomatic v0.36 for illumina TruSeq3-SE adaptors. FASTQC was performed on samples before and

after trimming and those samples which passed quality control were used for alignment. The ChIP-seq reads were then aligned to

human genome assembly hg38 using Bowtie2102 with default parameters in ‘‘—very-sensitive’’ mode. Aligned reads mapping to

ChrM, other unassembled contigs and also reads with minimum mapping quality score < 10 were filtered out using SAMtools

v1.5.103 Additionally, duplicates were removed using Picard tool v2.17.6 using the ‘‘MarkDuplicates’’ function.

Peak calling was done per sample usingMACS2104 v.2.0.1 using default parameters and ‘‘–keep-dup all’’. Consensus peaks for the

samples within each disease were generated with the DiffBind Bioconductor R package using the ‘‘dba.peakset’’ function with the

requirement that the peaks are present in at least two samples in case of Graves’ and JIA and at least three samples in case of Pso-

riasis and SLE. A consensus peak set for all the diseases together (Psoriasis, SLE, Graves’ and JIA) was generated with the peaks

present in at least three samples.

The raw counts for the resulting consensus peak sets were generated using the ‘‘dba.count’’ function with default parameters.

RNA-seq pipeline
Reads were trimmed using Trimmomatic101 v0.36 for Illumina TruSeq3-PE-2 adaptors. FastQC was performed on samples before

and after trimming and those samples which passed quality control were used for alignment. The reads were then aligned to human

genome assembly hg38 using STAR105 v2.6.0 with default parameters. Aligned reads which were uniquely mapped and in correct

pairs were retained. Gene counts were obtained using the ‘‘summarizeOverlaps’’ function from the GenomicAlignments Bio-

conductor R package106, using the gencode.v28 primary assembly annotation gtf file.

Differential peak/gene analysis
PCA and hierarchical clustering were performed on transformed read counts (regularized log transformation) for peaks/genes in case

of ChIP-seq and RNA-seq respectively. This was done as a quality control measure to identify sample similarity based on conditions

and to detect any kind of batch effects prior to performing differential peak/gene analysis. Differential analysis for peaks/genes

were carried out using the DESeq2 Bioconductor R package107 with default settings and using the following generalized linear

model: ‘‘� Age + Batch + Condition’’, where the conditions were patients versus healthy controls for SLE, Graves’ disease and pso-

riasis, and patient SF versus patient PBMCs for JIA. Peaks and genes with an adjusted p-value threshold <= 0.05 were considered

significant.

Differential TF activity
Differential TF activity between autoimmune patients and healthy controls for for SLE, Graves’ disease and psoriasis, and patient SF

versus patient PBMCs for JIA, was estimated using the diffTF tool27 in analytical mode with default parameters and using

HOCOMOCOv11 motifs (as part of the DiffTF workflow). TFs with an adjusted p-value <=0.05 were considered significantly differen-

tial. "Briefly, diffTF quantifies the log2-fold change between two conditions (here: patients vs controls) of all peaks and bins peaks

based on their GC content. For each TF it splits peaks in each bin into a foreground (peakwith TF binding site) and background (peaks

without TF binding). Differential TF activity is quantified as the difference in mean between foreground and background. Significance

is calculated based on a local FDR procedure (details in27).

GWAS-SNPs for autoimmune diseases
The summary statistics for genome-wide association studies for ADs including psoriasis113, SLE114, IBD115, RA116, celiac disease85,

and asthma117 were downloaded from NHGRI-EBI GWAS-catalog54 for the hg38 genome build.

SNPs with p-value < 1e-5 and those mapping not in the MHC region (ch6:20,000,000 – 40,000,000) were selected. These selected

GWAS-SNPs together with their linkage disequilibrium (LD) variants, obtained for the hg38 genome build, were used in this analysis.

These LD variants were identified using a window of 200kbp and R squared value equal or greater than 0.8 (R2 >= 0.8 ) around

selected GWAS-SNPs used as lead SNP using the LD calculator from https://www.ensembl.org/Homo_sapiens/Tools/LD.

Colocalization analysis of hQTLs and GWAS-SNPs
We used coloc v2.3.1110 to perform colocalization between hQTLs from naive T cells and GWAS-SNPs belonging to several ADs us-

ing their summary statistics as stated above. The hQTL data was obtained from blueprint consortium.

Colocalisation was performed on 400kb regions centered on significant hQTL peaks (p-value < 0.05). In this region, we ran coloc-

alization tests if the number of shared hQTLs and nonHLA-GWASSNPswere greater than 10 (shared SNPs > 10 in 400 kb region).We

considered a true colocalization signal, if the probability of association betweenGWAS-SNP and hQTL due to a shared causal variant

given as PP.H4 by coloc, was greater than or equal to 0.8 (PP.H4 >= 0.8).

Generation of naive CD4 T-cell eGRN
We obtained paired RNA-seq and H3K27ac ChIP-seq data from naive CD4+ T cells from 138 healthy donors from the Blueprint con-

sortium to generate eGRN. Both datasets were downloaded from the EGA archive (EGAD00001002671, EGAD00001002673) and

processed using ChIP-seq and RNA-seq analysis pipeline as described above. It is based on covariation between enhancer signal
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and RNA-expression across individuals, adapted from the workflow described in51. The eGRN generation consist of two main

steps:

Generation of TF-enhancer links

We obtained putative TF binding sites using PWMscan109 for all the TFs for which the motif is available from HOCOMOCO v.11. 100

Next, we identified the TF binding sites which overlapped the consensus H3K27ac ChIP-Seq peak set (generated as described

above). We then generated a correlation matrix between TFs (columns) and H3K27ac peaks (rows). Each cell in the matrix is a Pear-

son correlation coefficient between TF expression and H3K27ac signal across all 138 individuals for the corresponding TF-peak pair.

We then calculate FDR for each TF-enhancer pair as described in 53 . We used an FDR threshold of 20% for all TFs to define signif-

icant TF-enhancer links.

Generation of enhancer-gene links

Enhancers were linked to all the genes within a distance of +/- 250kb TSS and which show positive and significant Pearson corre-

lation coefficient between H3K27ac signal and gene expression across all 138 individuals with an adjusted P-value cutoff of 0.05.

Next, we combined the two steps above which resulted in the generation of a tripartite eGRN containing TF-enhancer-gene links.

Additionally, we include SNP-enhancer-gene links by overlapping known ADSNPs obtained fromNHGRI-EBI GWAS-catalogue as

described above with the enhancers included in the consensus peak set and correlating these enhancers to putative downstream

target genes as described in step 2. Similarly, as above, we also include Differentially acetylated-enhancer-gene links by overlapping

differentially acetylated enhancers (AD patient vs controls) with consensus enhancer peaks.

Generation and pruning of AD specific eGRNs
The autoimmune eGRNs for each disease (Graves’ disease, SLE, JIA and psoriasis) were generated separately. Each of these dis-

ease-specific eGRNs involved filtering the naive CD4+ T cell eGRN. We retained genes connected to at least two upstream nodes

(TFs or peaks) that are linked with different or the same types of disease specific molecular evidence. These molecular evidences

include (i) differentially active TFs, in which casewewould keep their regulatory elements and target genes, (ii) differentially acetylated

enhancers, in which case we would keep their upstream linked TF and their downstream linked target gene. In addition, we keep

enhancers and their linked TF and target genes if (iii) the enhancer overlaps with a GWAS-SNP of the corresponding disease, or

(iv) if enhancer overlaps with with naive T cells peaks associated with significant colocalized histone quantitative trait loci (hQTLs)

-AD GWAS SNPs

We applied additional criteria to this filtered network. Specifically, a gene is kept if any of the following is true:

a. It is connected to more than one differentially active TF with their regulatory activities going in the same direction (either upre-

gulation or downregulation).

b. It is connected to more than one differential H3K27ac peak with their activity going in the same direction (either upregulation or

downregulation)

c. It is connected to a differentially active TF AND a differentially active peak with their regulatory activities in the same direction

d. It is connected to a regulatory element with overlapping GWAS-SNPs/colocalized signal

Generation and pruning of the general AD eGRN
The general AD eGRN was generated by filtering the naive CD4+ T cell eGRN in a similar way as described above but with upstream

nodes (TFs, peaks) that are linked to any molecular disease evidence (differentially active TFs, differentially acetylated enhancers,

GWAS-SNPs, (hQTLs) -AD GWAS SNPs peaks) but coming from at least two diseases. Specifically, a gene is kept if any of the

following are true:

(1) It is connected to at least 2 TFs that is shared between at least 3 diseases (SLE, JIA, Psoriasis and Grave’s disease) AND that

go in the same direction within at least one of the shared disease / 1 TF that is shared between at least 3 diseases (SLE, JIA,

Psoriasis and Grave’s disease) AND that go in the same direction across the shared diseases

(2) It is connected to at least two differential peaks that are shared between at least two diseases (SLE, JIA, Psoriasis and Grave’s

disease) AND that go in the same direction across the shared diseases

(3) It is connected to a peak that overlaps/is colocalized with a GWAS-SNPs associated with any one of ADs like Graves’ disease,

Psoriasis, SLE, JIA, Celiac, RA, IBD and Asthma AND either a differentially active TF or peak in any of the disease covering at

least two

Prioritisation of genes from autoimmune disease networks
The genes from all AD eGRNs were prioritised first based on i) number of types of molecular disease evidence followed by ii) total

number of molecular evidences. Genes are given the same priority if they have the same type and total number of molecular

evidences.

For the identification of the top shared genes among different AD eGRNs, they were first selected if they were shared between 3 or

more AD eGRNs. Next, they were prioritised based on following factors in the sequential order i) the number of AD eGRNs they are

part of ii) the number of molecular disease evidence types and iii) the total number of molecular evidences. To further refine the list of
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prioritised genes, we used three additional metrics i) regulation by a finemapped autoimmune disease variant ii) significant change in

gene expression upon T cell stimulation iii) annotation from known association to autoimmune condition.56

Publicly available epigenetic data for Graves and JIA
H3K27ac ChIP-seq data from PBMC derived CD4+ T cells belonging from healthy controls and Graves’ disease patients was ob-

tained from the NCBI gene expression omnibus using accession code GSE71957.19 H3K27ac ChIP-seq data for CD4+ T-cell from

peripheral blood and synovial fluid from JIA patients and peripheral blood from three healthy donors was obtained using the acces-

sion code GSE71596.20 All samples were processed using the ChIP-seq pipeline as discussed above and used for further analysis in

our study.

Gene Ontology (GO) and GREAT enrichment analysis
The GO enrichment analysis for genes present in disease-specific and general AD networks were performed using the ‘‘enrichGO’’

function from clusterProfiler package Bioconductor R package108 for biological processes. All the genes in the naive T cell network

were used as the background for the enrichment. Terms with an adjusted p-value cutoff <= 0.1 were considered significant.

The nearby genes in different clusters of histone acetylation signal in autoimmune disease were annotated and an enrichment anal-

ysis using GO ontology for biological process was performed using rGREAT Bioconductor R package21 under default settings with

hg38 genome assembly. The consensus H3K27ac peak set which was used for generating clusters was used as background for

calculating the enrichment. Terms with an adjusted p-value cutoff <= 0.1 were considered significant.

Drug target enrichment
A combined list of drug targets for autoimmune diseases under consideration including psoriasis, SLE, Graves’ disease, JIA, Celiac

disease, IBD, and asthmawas generated. The drug targets were downloaded separately for each disease from the open targets plat-

form https://www.targetvalidation.org/. The genes in the AD eGRNs (general plus disease-specific networks together) were tested

for drug target enrichment against all the genes present in the naive CD4+ T cell network as a background using the ‘‘fisher.test’’ base

function in R. Enrichments with Fisher’s exact test p-value <=0.05 were considered significant.

Fine mapped GWAS-SNPs
Fine-mapped GWAS variants for ADs were generated using the probabilistic identification of causal SNPs (PICS) algorithm.17 AD

variants were downloaded from i) a previously published list 17 and lifted to the hg38 genome build and ii) the PICS data portal under

the filename ‘‘PICS2-GWAScat-2020-05-22.txt.gz’’ from https://pics2.ucsf.edu for the hg38 genome build. PICS probability of >50%

was used to filter the variants. We identified target genes by overlapping these variants with the peaks from the naive T cell eGRN and

then used the peak-gene link from this eGRN to assign the target genes.

Stimulation landscape in CD4+T cells
ATAC-seq and RNA-seq data for CD4+ T cell subtypes belonging to Tfh, Th17, Treg, Th1 and Th2 for resting and stimulated condi-

tions were obtained from the NCBI gene expression omnibus using accession codes GSE118189 and GSE118165 respectively.58

These samples were then processed using ATAC-seq pipeline and RNA-seq pipeline followed by differential peak/gene analysis be-

tween stimulation and resting conditions using DESeq2107 as described above. We defined stimulation-responsive genes in these

cell subtypes as those that are significantly differentially expressed between stimulation and resting cells using DESeq2 with

p-adjusted<= 0.1.
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