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The acquisition of immunological memory is the hallmark of a pro-
tective immune response1. During this evolutionarily conserved proc-
ess, naive T cells and B cells that have not previously encountered 
antigen differentiate during primary infection into memory cells that 
have specialized functions in immune system defense, thus permit-
ting the organism to effectively respond to a later infection with the 
same pathogen. As expected for a process of cell-lineage specifica-
tion, differentiation of memory T cells and B cells involves extensive 
epigenetic changes that are required to initiate and maintain a herit-
able program of gene expression2. Adaptive immunity is not without 
risks: some genetically susceptible individuals develop abnormal 
memory responses to potentially harmless antigens, which results in 
a multitude of immunological diseases ranging from autoimmunity 
to allergies and asthma3–5. A clear understanding of the molecular 
and epigenetic mechanisms underlying normal as well as aberrant dif-
ferentiation of human memory cell types will pave the way to develop 
new approaches to tackle immune system–mediated diseases.

Asthma is a disease characterized by airway inflammation that is 
mediated by excessive memory responses to inhaled allergens, such as 
grass pollen3. The alarming rise in asthma incidence is a major global 
health concern, not only in the western world but also in large devel-
oping countries such as India, China and Brazil6. Over 200 million 
people suffer from asthma world-wide, which causes an economic 

burden that exceeds that of tuberculosis and HIV-AIDS combined6. 
At present, there is no cure for asthma, and most patients require 
long-term, daily nonspecific medication such as corticosteroids to 
control the underlying inflammation and prevent symptoms and 
life-threatening asthma attacks7. Therapies targeting specific type 
2 cytokines are only efficacious in certain types of asthma8, which 
raises the possibility that there are unclassified molecular subtypes of 
asthma for which different therapies may prove beneficial.

A molecular feature of asthma and other allergic diseases is the 
excessive differentiation of a subset of CD4+ T helper cells known as 
TH2 cells, which produce a characteristic spectrum of type 2 cytokines, 
including the interleukins IL-4, IL-5 and IL-13 (ref. 3). Genes encod-
ing these three cytokines are localized on human chromosome 5, in 
a conserved grouping known as the TH2 cytokine locus in which the 
IL5 gene is separated from the IL4 and IL13 genes by the RAD50 gene, 
which encodes a conserved DNA repair protein9. The last few introns 
of the RAD50 gene contain four conserved enhancers that together 
constitute a locus control region (LCR) for the cytokine genes; in 
addition, the TH2 cell cytokine locus contains many evolutionarily 
conserved enhancers, silencers and other cis-regulatory regions whose 
functions have been comprehensively analyzed in mice, by monitor-
ing changes in histone modifications and DNase I hypersensitivity 
during TH2 cell differentiation as well as by gene disruption9,10. Many 
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A characteristic feature of asthma is the aberrant accumulation, differentiation or function of memory CD4+ T cells that produce 
type 2 cytokines (TH2 cells). By mapping genome-wide histone modification profiles for subsets of T cells isolated from peripheral 
blood of healthy and asthmatic individuals, we identified enhancers with known and potential roles in the normal differentiation 
of human TH1 cells and TH2 cells. We discovered disease-specific enhancers in T cells that differ between healthy and asthmatic 
individuals. Enhancers that gained the histone H3 Lys4 dimethyl (H3K4me2) mark during TH2 cell development showed the 
highest enrichment for asthma-associated single nucleotide polymorphisms (SNPs), which supported a pathogenic role for  
TH2 cells in asthma. In silico analysis of cell-specific enhancers revealed transcription factors, microRNAs and genes potentially 
linked to human TH2 cell differentiation. Our results establish the feasibility and utility of enhancer profiling in well-defined 
populations of specialized cell types involved in disease pathogenesis.
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of these enhancers show sequence conservation in humans, and there 
is evidence for functional conservation as well11.

Profiling DNA and histone modifications (epigenomic marks) lay-
ered over the genome sequence provides detailed information about 
the location and activity of cis-regulatory elements and the likely 
transcriptional potential of their target genes12. For instance, chro-
matin immunoprecipitation (ChIP) of DNA regions associated with 
the H3K4me1 modification followed by high-throughput sequencing 
(ChIP-seq) identifies cis-regulatory regions of genes that are poised 
for expression but may not actually be expressed until an appropri-
ate environmental signal is received (for example, stimulation of the  
T cell antigen receptor by peptide–major histocompatibility complex 
binding); H3K27 acetylation (H3K27Ac) is associated with enhanc-
ers of genes that are actively being expressed13. Analysis of the H3K4 
dimethyl (H3K4me2) modification has a dual advantage: it reveals 
both active and poised enhancers and provides a more precise locali-
zation of enhancers than analyses of H3K4me1 and H3K27Ac14,15. 
Epigenetic modifications tend to be more stable than RNA transcripts 
from the associated gene and provide a better measure of transcrip-
tional status than RNA sequencing (RNA-seq) alone14,15. However, 
the broader applicability of epigenomic approaches for studying pri-
mary human cells is hampered by technical and practical constraints, 
including the small amount of blood or tissue that can be obtained 
from human subjects for research purposes, the variability of genome-
wide ChIP assays when performed with small numbers of cells, the 
fact that the cell populations available for genome-wide analysis are 
typically mixtures of many different cell types, the genetic heterogene-
ity of humans and the complex nature of most human diseases.

Our goal in this study was to develop methods to profile active and 
poised enhancers in naive and memory CD4+ T cells from healthy 
individuals and asthmatic patients. Because we wished to extend these 
methods eventually to very small cell populations isolated from dis-
eased tissues, we chose to profile cis-regulatory regions using a single 
histone modification, H3K4me2. By generating maps of H3K4me2-
marked cis-regulatory regions, we identified a large number of cell 
type–specific and disease-specific enhancers. Some of these are linked 
to genes already implicated in TH2 cell differentiation, but for many 
more enhancers our analysis provides the first such indication. Several 
of the identified enhancers also harbor asthma-associated SNPs, 
validating our premise that the study of TH2 subtype–enriched cells 
from peripheral blood of asthmatic patients would yield informa-
tion relevant to disease associated with TH2 cells. We conclude that 
enhancer profiling for H3K4me2 is a promising approach for studying 
the functions of well-defined cell populations in health and disease, 
with particular value when only limiting cell numbers are available.

RESULTS
Mapping cis-regulatory DNA in primary human CD4+ T cells
To capture the cis-regulatory landscape of human T cells, we isolated 
circulating naive and memory CD4+ T cells from peripheral blood of 24 
subjects (12 healthy controls and 12 asthma patients; Online Methods). 
We subdivided CD4+ memory T cells on the basis of their surface 
expression of the chemokine receptor CCR4 (Supplementary Fig. 1).  
The CCR4+ T cells were enriched for TH2 cells, which are known to 
have a pathogenic role in asthma, whereas the CCR4− T cells were 
depleted for TH2 cells but enriched for TH1 cells, which produce inter-
feron-γ (IFN-γ)16–18; for simplicity, hereafter we refer to CCR4+ T cells 
as ‘TH2 cells’ and CCR4− T cells as ‘TH1 cells’. Using ChIP-seq, we iden-
tified DNA regions associated with H3K4me2. To ensure that compari-
sons between sample groups were not affected by assay variability, we 
optimized the H3K4me2 ChIP-seq assay to provide highly reproducible  

results in multiple replicate assays (Fig. 1a and Supplementary  
Fig. 2) and also microscaled the assay (Supplementary Figs. 3 and 4) 
to enable reproducible detection of cis-regulatory DNA regions in as 
few as 104 cells (Fig. 1b). We performed 120 high-throughput whole-
genome ChIP-seq assays, which generated ~2.8 × 109 reads covering 
~1 × 1011 bases across three cell types (Supplementary Table 1), and 
computationally analyzed this data set to identify enhancers associated 
with CD4+ memory T cell differentiation as well as asthma.

H3K4me2 enrichment at most genes was highly comparable in the 
three cell types across all study subjects, which emphasizes the value of 
our multisample ChIP-seq assay in reducing technical variation (STIM1, 
NUP98, SELP and SELL genes; Fig. 1c and Supplementary Fig. 5).  
As expected, the H3K4me2 mark was depleted in the cis-regulatory  
regions of genes not expressed in T cells (e.g., SELE; Fig. 1c). We found 
clear evidence of cell type–specific cis-regulatory DNA elements in 
noncoding sequences: for instance, compared to naive T cells, the TH2 
cell subset displayed extensive enrichment of H3K4me2 at promoters  
and cis-regulatory regions in the extended CCR4 and CCR6 loci  
(Fig. 1c and Supplementary Fig. 5). Merging multiple samples from 
the same cell types and disease categories reduced the background 
variability (that is, nonspecifically enriched regions) observed in  
individual assays, thus improving the sensitivity of our assay for detect-
ing genomic regions with true H3K4me2 enrichment (Fig. 1d,e and 
Supplementary Fig. 6). Comparing enrichment values between these 
large sets of samples from the three different cell types, we detected 
highly significant differences at loci known to be regulated in a cell 
type–specific fashion (for example, CCL5 and CCR4 loci; Fig. 1e).

Enhancers linked to CD4+ T cell differentiation in vivo
To identify cis-regulatory DNA regions differentially enriched for 
H3K4me2 in pairwise comparisons between cell types (differentially 
enriched regions; DERs), we calculated H3K4me2 enrichment based 
on reads in non-overlapping, consecutive 500-base-pair (bp) win-
dows across the whole genome19,20. To identify cell-specific enhanc-
ers present in the general human population independent of disease  
status, we grouped each cell type from all 24 subjects and calculated dif-
ferential enrichment for each group by modeling a negative binomial 
distribution for the data dispersion (Online Methods, Supplementary 
Note, and Supplementary Figs. 7 and 8). Analogous to gene-expression  
values in RNA-seq data, enrichment values, expressed as reads per 
kilobase per million mapped (RPKM), were calculated for each of 
the ~6 × 106 500-bp windows spanning the whole genome. 71,640 
unique genomic windows (500-bp size), representing ~1% of the 
human genome, showed differential enrichment of H3K4me2 in 
the three cell types compared (Bonferroni-adjusted P < 0.05; Fig. 2a 
and Supplementary Table 2). We detected most of these differences 
(~90% of DERs) in the naive to memory T cell comparison (Fig. 2a 
and Supplementary Table 3) rather than between the TH2 and TH1 
memory cell types, which confirmed that the activation and conse-
quent differentiation of naive T cells into memory T cells results in 
major changes in the cis-regulatory landscape of chromatin21.

Over 90% of the ~71,000 cell-specific DERs were localized to 
intergenic and intronic regions; only 4% were present in promoter 
regions (defined as transcription start site (TSS) ± 1 kilobase (kb)) 
of annotated RefSeq genes (Supplementary Fig. 9). We termed all 
DERs outside promoter regions ‘putative differentiation-related 
enhancers’14,15 and classified them into three subgroups (Fig. 2b and 
Supplementary Table 3): ~30,263 ‘TH2 enhancers’ that exhibited the 
strongest H3K4me2 gain or loss in memory T cells enriched for the 
TH2 cell subset; ~17,483 ‘TH1 enhancers’ that exhibited the strongest 
H3K4me2 gain or loss in memory T cells enriched for the TH1 cell 
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Figure 1  Reproducibility, microscaling and sensitivity of the H3K4me2 ChIP-seq assay. (a) Standard ChIP-seq assays (2 × 106 cells; six replicates) 
showing H3K4me2 enrichment patterns of the gene loci (top) in D10 cells. (b) Standard ChIP-seq assay (2 × 106 cells) and micro-scaled ChIP-seq 
assay (105, 104 and 103 cell samples; 3–4 replicates) showing H3K4me2 enrichment patterns in D10 cells. (c) ChIP-seq analysis showing H3K4me2 
enrichment patterns, for control regions STIM1, NUP98, SELP and SELL loci, nonexpressed SELE locus, and TH2 cell–type specific CCR4 and CCR6 
loci, in the naive cells and TH2 cells of six healthy subjects. Significant H3K4me2 enrichment (exact test for negative binomial distribution, using 
edgeR integrated in Bioconductor package MEDIPS) across distal cis-regulatory elements and promoters in these loci are highlighted by purple and blue 
dashed-line boxes, respectively. (d) ChIP-seq analysis showing cell-specific H3K4me2 enrichment patterns, for CCL5 (TH1 cell–specific), CCR4  
(TH2 cell–specific) and control region YWHAZ (no change), in naive, TH1 cells and TH2 cells. For each cell type, data were merged from all donors, 
including assay duplicates. (e) H3K4me2 enrichment values for a specific 500-bp window (highlighted in purple dashed line boxes in d). Each dot 
represents data from a single assay; error bars indicate mean ± s.e.m. *P < 1 × 10−6, exact test for negative binomial distribution (using edgeR 
integrated in Bioconductor package MEDIPS).
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subset; and ~21,659 ‘shared memory enhancers’ that displayed equiva-
lent H3K4me2 gain or loss in both TH2 and TH1 memory cells when 
compared to naive T cells. Several of these putative human enhancer 
DERs corresponded to well-characterized DNase I hypersensitive 
(HS) enhancers in the mouse TH2 locus (LCR-O, LCR-A, HS II,  
HS V; Fig. 2c). Moreover, a human TH1 DER (green bar) enriched in 
both TH2 cells and TH1 cells relative to naive T cells corresponded to 
a silencer region (HS IV in the mouse) that is DNase I hypersensitive 
in both TH1 cells and TH2 cells and restrains type 2 cytokine pro-
duction in TH1 cells22. Likewise, the region corresponding to mouse 
hypersensitivity site S3 (HSS3), which contains a binding site for the 
chromatin insulator binding protein CTCF and exhibits constitu-
tive DNase I hypersensitivity in naive, TH1 and TH2 memory cells9, 
appeared as a shared memory enhancer region in the human TH2 
(IL5–RAD50–IL13–IL4) locus. Further, a number of evolutionarily 
conserved enhancers in other relevant gene loci (e.g., IFNG, GATA3 
and TBX21, encoding the signature TH1 cell cytokine IFN-γ and the 
lineage-defining TH1 and TH2 cell transcription factors GATA-3 and 
T-bet, respectively) also exhibited cell type–specific enhancer activity 
as judged by H3K4me2 enrichment (Fig. 2d)23. However, five evo-
lutionarily conserved regions identified as enhancers in the mouse 
(LCR-B, LCR-C, CGRE, CNS-1 and HS III) did not display cell-specific  
enhancer profiles in human T cells. In summary, we identified a 
number of putative lineage-specific enhancers in human T cells and 
showed that many but not all of these are conserved between human 
and mouse (Fig. 2c,d). Our findings indicate that at least some of the 
diverse differentiation-related enhancers identified in our screen may 
be important in shaping human CD4+ memory T cell fate.

Genes and molecular pathways linked to TH cell differentiation
To connect our list of DERs to target genes, we focused on H3K4me2 
at gene promoters (TSS ± 1 kb). Enrichment of H3K4me2 at promot-
ers reliably marks genes that are either active or poised for expression 
in response to extrinsic stimuli14,15. We identified ~1,400 protein-
coding genes (~7% of all annotated genes), 70 microRNAs (miRNAs) 
and 78 long noncoding RNAs that showed differential enrichment of 
H3K4me2 at their promoters (Bonferroni-adjusted P < 0.05; Fig. 3a 
and Supplementary Table 4). We observed concordant changes in 
gene expression and H3K4me2 enrichment patterns in many potential 
enhancers located in introns and within ± 20 kb of TSSs or transcrip-
tion end sites of these genes (Supplementary Fig. 10).

We classified target genes of promoter-localized DERs into six 
subgroups based on preferential gain or loss of H3K4me2 enrich-
ment during memory differentiation (Fig. 3a). Genes encoding 
many cytokines (IL4, IFNG, IL2 and IL21), chemokines (CCL3, 
CCL4 and CCL5), chemokine receptors (CCR3, CCR4, CCR8 and 
CCR10) and miRNAs (miR-146a, miR-21, miR-155, miR-29b, miR-
15b and miR-193b)24 known to be differentially expressed in memory 
cells partitioned as expected into these subgroups (Fig. 3a–c and 
Supplementary Table 4). In addition, we discovered unique miRNAs  
and genes not previously linked to helper T cell differentiation  
(Fig. 3b and Supplementary Table 4).

Analysis of biological process enrichment for genes that gain 
H3K4me2 during memory differentiation showed overrepresenta-
tion of pathways linked to positive regulation of T cell proliferation 
and activation, positive regulation of tyrosine phosphorylation of 
STAT proteins, regulation of adaptive immune response, activity of 
chemokine receptors, homeostasis of cellular calcium ions and regula-
tion of immunoglobulin production (Supplementary Table 5). We 
observed significant enrichment for genes involved in regulation  
of apoptosis and mitosis (cell cycle) (Table 1) for the ‘TH2 gain’  

subgroup of genes that gained promoter H3K4me2 enrichment in 
TH2 cells. Bioinformatic analysis of regulatory interactions among 
genes in the ‘TH2 gain’ subgroup pointed to three genes, MYC, E2F2 
and E2F4, as potential major regulators of TH2 cell growth and  
survival (Fig. 4) MYC, E2F2 and E2F4 are known to regulate cell 
cycle, proliferation, apoptosis and metabolic reprogramming of T cells 
after activation25–27, and their increased expression likely confers a 
survival (growth) advantage to TH2 cells over TH1 cells, as previously  
described for mouse TH2 cells28. Thus, beside the well-known  
differences in cytokine production and tissue homing between  
human TH1 cells and TH2 cells, our data will provide information on 
genes that regulate other important functional differences between 
these cell types.

To identify target genes for the vast majority of DERs (~69,000) 
located outside promoter regions (putative enhancers), we deter-
mined the location of the nearest CTCF binding sites, potential 
insulator elements occupied by CTCF across many different cell 
types29. On the assumption that genes located in CTCF-bounded 
regions are controlled by enhancers located in the same region, we 
connected a total of ~7,600 target genes to the ~69,000 differentia-
tion-related enhancers, which included nearly 50% of genes identified 
in a recent study of enhancers in in vitro–derived TH1 cells and TH2 
cells30 (Supplementary Table 6). We assigned several candidate genes 
(median = 1.7 genes) to each enhancer and linked many enhancers 
(median = 4.9 enhancers) to each gene. To determine the functional 
significance of this large list of candidate genes, we performed a gene 
set enrichment analysis after classifying the genes into subgroups 
(as for the promoter analysis). Analysis of the enhancer-linked 
genes revealed many pathways important for TH2 and TH1 memory 
cell differentiation, and included many genes linked to promoter- 
localized DERs, Supplementary Table 7). An important caveat of 
pathway analysis performed with enhancer-linked genes is that the 
results can be confounded by correlation (or clustering) of genes with 
similar function throughout the genome. Additional experimental 
and computational analysis will be required to provide definitive 
evidence for the proposed assignments of genes to enhancers and 
vice versa.

Comparison of gene expression profiles with H3K4me2 enrichment 
profiles between cell types showed that differentially expressed genes 
display concordant changes in H3K4me2 enrichment patterns in the 
extended gene loci (Supplementary Fig. 11a and Supplementary 
Table 8). As expected, some of the genes that showed differen-
tial H3K4me2 enrichment did not show a significant change in 
gene expression (negative binomial test, false discovery rate ≤1%; 
Supplementary Fig. 11a). At least a fraction of these genes are likely 
to be poised for expression after an appropriate environmental signal, 
as these include the cytokine genes IL4 and IL21, which are expressed 
only by stimulated T cells (Supplementary Fig. 11b). Overall, com-
parison of H3K4me2 profiles as opposed to gene expression profiles 
between TH cell subtypes allowed us to define genes poised for expres-
sion in a cell-specific manner as well as identify enhancers involved 
in cell-specific gene regulation.

Transcription factor binding sites and motifs at TH cell enhancers
We took two approaches to identify trans-acting factors that might 
drive human TH cell differentiation in vivo. First, we identified 
known transcription factor binding motifs within the differentia-
tion-related enhancers shown in Figure 2b (Fig. 5a). As expected, 
binding motifs for GATA-3 and T-bet were enriched in enhancers 
that gained H3K4me2 in TH2 cells and TH1 cells, respectively (Fig. 5a  
and Supplementary Table 9). In addition, motifs for a number 



©
20

14
 N

at
u

re
 A

m
er

ic
a,

 In
c.

  A
ll 

ri
g

h
ts

 r
es

er
ve

d
.

nature immunology  aDVANCE ONLINE PUBLICATION	 �

r e s o u r c e

Naive vs. TH1

Naive vs. TH2

TH2 vs. TH1

13,852
4,359

25,864
22,187

2,752

2,168

458

TH2

TH1

Naive

VIVCNS1C

IL13p IL4p

BAO II
LCR

HSS3 III

1 kb

Va

H
3K

4m
e2

 (
R

P
K

M
)

Conserv.

Mouse
regulatory

regions

20

20

20
DER

4

0

2

0

4

0

2

0

4

0

3

0

3

0

4

0

IL13RAD50

HS

IL4

H
3K

4m
e2

 (
R

P
K

M
)

Chr 5

TH1

TH2

Naive

TH1

TH1

TH2

Conserv.

Conserv.

Conserv.

IFNGCNS+III +II +I –I –II –III –IV–V

30

35

30

TAF3 GATA3 +1 Mb

TBKBP TBX21

5 kb

Chr 12

Chr 10

30 kb

5 kb

Chr 17

DER

DER

DER

c d

TH2 gain TH2 lossTH1 gain TH1 lossShared gain Shared loss DNase I hypersensitivity site

CGRE

TH1 vs. naive
38,665 DERs

TH2 vs. naive
51,261 DERs

TH2 vs. TH1
9,737 DERs

4

420–2–4

GainLossGainLossGainLoss

420–2–4 420–2–4

3

2

1

C
ou

nt
s 

(lo
g 2)

Enrichment difference (log2 fold)

a

–0
.4

Naive

TH1

TH1

TH1TH2

TH2

TH2SharedShared

Gain Lossb

Z-score

–0
.2 0

0.
2

0.
4
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of transcription factors not previously implicated in T cell differ-
entiation were markedly enriched in ‘TH2 enhancers’ (Fig. 5a). 
Second, using publicly available ChIP-seq data from cell lines and 
primary T cells, we confirmed that some of these distinct transcrip-
tion factors actually bound certain TH2 cell enhancers (Fig. 5b,c 
and Supplementary Table 10). NRF2 (also known as nuclear factor 
(erythroid-derived 2)-like 2; NFE2L2), and the structurally related 

factor NFE2 that binds antioxidant response elements, were strong 
hits in our in silico analysis (Fig. 5b). Activation of NRF2 has been 
shown to skew differentiation of mouse naive cells to TH2 cells and 
increase TH2 cell cytokine production31. Our results suggest that 
NRF2 may be a determining factor in human TH2 cell differentia-
tion; experimental validation of its role in TH2 cell–driven diseases 
will be important because NRF2 signaling is activated by synthetic 
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antioxidants that are commonly used as food preservatives in the 
United States31.

Finally, we observed a highly significant overlap between our list 
of cell-specific and differentiation-related enhancers with binding 
sites for the 161 transcription factors profiled by the encyclopedia of 
DNA elements (ENCODE) project32 as well as 18 other CD4-related 
transcription factors (odds ratio > 2.5 and P < 0.01 empirical test, 
Online Methods; Supplementary Table 10). Over one-third (38%) 
of all our identified enhancers contained at least one known tran-
scription factor binding site and ~17% of the enhancers had > 3 such 
sites (Supplementary Table 10), which supports the notion that a 
substantial fraction of the enhancers identified in our study are likely 
to be functionally important.

Asthma-associated SNPs are enriched in TH2 cell enhancers
Disease-associated SNPs are enriched in regulatory regions that are 
active in cell types that contribute directly to disease33; in this context, 
we have shown previously that asthma-associated SNPs are enriched 
in regulatory regions that are active in CD4+ T cells34. Given that 
aberrant accumulation of TH2 memory cells is a key event in asthma 
pathogenesis, we asked whether asthma-associated SNPs are more 
enriched in enhancers linked to differentiation of TH2 as opposed 
to TH1 memory cells. We observed the highest enrichment (~4.99 
fold; P < 0.0001) of asthma SNPs in enhancers (Fig. 2b) that gained 
H3K4me2 during development of TH2 cells rather than TH1 cells 
(Fig. 6a and Supplementary Table 11). This enrichment held true 
when considering haplotype blocks instead of individual SNPs and 

Table 1  Enrichment for genes involved in regulation of apoptosis and mitosis

Category GO term P value
Enrichment 

score Genes
Count  

(% of total)

TH2 cell gain Mitosis 3.45 × 10−7 6.4 CDK1, KIFC1, KIF22, KIF11, ANAPC4, KIF18A, TPX2, CENPF, NEDD9, NDC80, CENPE, 
PTTG1, CEP55, UBE2C, LATS1, WEE1, SMC4, CCNB2, CDCA2, SKA2, SKA1, NEK6, 
TUBB3 and CDCA3

24 (4)

TH2 cell gain Regulation  
of apoptosis

6.14 × 10−4 3.1 DLC1, CSF2, NUAK2, CLU, TNFSF15, TP63, FASLG, TNFRSF8, AKAP13, PMAIP1, 
TNFSF12, CALR, MCF2L, NLRC4, G2E3, CHD8, NOD2, CDKN2A, CDKN2C, CD2, HSPA5, 
BMF, MYC, CASP2, TXNIP, IL4, CFLAR, CDK1, IL2RA, IL7, ACTN3, SAP30BP, RPS6, 
NFKBIL1, ATM, NCSTN, CD38, NTRK1, CASP12, TNFAIP8, FAIM3, ACVR1 and IL2

43 (7)

Functional biological process enrichment analysis of genes linked to promoter-localized DERs in the TH2 cell gain category. The Gene Ontology (GO) term of the biological  
process (BP), enrichment index and P value (calculated using database for annotation, visualization and integrated discovery (DAVID) software; Online Methods), names and 
number of genes present in the TH2 cell gain category (including the percentage of all genes in that biological process) are shown (full list in Supplementary Table 5).
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when limiting the source of SNPs that are significant in subjects from 
multiple study populations35 (Supplementary Table 11). These data 
support a pathogenic role of TH2 cells in asthma, and imply that SNPs 

associated with asthma risk may perturb TH2 memory cell differentia-
tion by modulating the activity of enhancers that change dynamically 
during this developmental process. SNPs associated with some other 
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immune system–mediated diseases showed 
preferential enrichment in different enhancer 
subgroups: SNPs associated with lupus and 
HIV risk were enriched in enhancers that lose 
and gain H3K4me2 enrichment in TH1 cells, 
respectively, and SNPs associated with ankylos-
ing spondylitis risk were enriched in enhancers 
that lose H3K4me2 enrichment in TH2 cells 
(Fig. 6a and Supplementary Table 11).

Of the ~1,500 SNPs that have been associ-
ated with asthma, 52 were within the ~71,000 
enhancer DERs associated with the develop-
ment of CD4+ T cell memory; conversely, 38 
DERs harbored one or more SNPs associated 
with asthma risk (Fig. 6b–d). Most of the 38 enhancers that harbored 
SNPs associated with asthma risk, including the conserved TH2 cell 
locus enhancers LCR-A and LCR-O, gained the H3K4me2 modifi-
cation during TH2 cell development; a few showed a trend toward 
differential enrichment in asthma subjects versus healthy controls  
(Fig. 6b–d). These data suggest that the underlying SNPs may influence 
enhancer strength and have a potential role in shaping the pathological  
gene expression patterns observed in disease.

Enhancers associated with asthma
Finally, we sought to identify CD4+ T cell enhancers that differ in 
strength between healthy and asthmatic subjects. A total of 200 
enhancer regions showed differential enrichment of H3K4me2 in the 
three cell types when we compared asthmatic versus healthy controls 
(Bonferroni-adjusted P < 0.05; Fig. 7 a–c and Supplementary Table 12).  
As expected, most of these regions (here termed ‘asthma-associated 
enhancers’) were specific to the potentially pathogenic TH2 memory 

cell population (163 of 200 regions, of which 33 and 130 gained and lost 
H3K4me2 enrichment, respectively), with smaller numbers (29 and 11 
regions) specific to naive T cells and TH1 cells, respectively (Fig. 7a–d). 
Nearly 10% of these asthma-associated enhancers overlapped with the 
~71,000 enhancer DERs associated with CD4+ T cell memory, a signifi-
cant enrichment (odds ratio = 8.74; P = 1.7 × 10−12, Online Methods) 
that suggests an important functional role for at least a subset of the 
enhancers. 84 of the 200 asthma-associated enhancers (42%) contained 
at least one transcription factor binding site (Supplementary Table 13),  
with significant enrichment for binding sites of transcription factors 
involved in T cell differentiation (for example, GATA3, TBX21 and 
RUNX3; Supplementary Table 13). Enrichment analysis of candidate 
genes assigned to asthma-associated enhancers demonstrated signifi-
cant overrepresentation of genes involved in chemokine and Toll-like 
receptor signaling pathways (KEGG pathway; P = 0.0009 calculated 
using statistical software from the ConsensusPathDB interaction data-
base, Online Methods; Supplementary Table 14). Candidate genes 
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Figure 7  Identification of asthma-associated 
enhancers. (a) MA plots (vertically displayed) 
illustrate genomic regions with differences in 
H3K4me2 enrichment (DERs) between healthy 
and asthmatic subjects in the three different 
cell types (Supplementary Table 12). Red dots 
and orange dots indicate windows with adjusted 
P < 0.05, or with raw P < 0.005, respectively 
(exact test for negative binomial distribution, 
using edgeR integrated in Bioconductor package 
MEDIPS). Z-scores (right) of normalized read 
counts for each asthma-associated DER (rows) 
identified in the TH2 cells. (b) Manhattan 
plot illustrates the genome-wide distribution 
of asthma-associated DERs in relation to 
their statistical significance values (P values, 
MEDIPS; y-axis parameter). Red dashed line 
sets the threshold for an adjusted P < 0.05.  
(c) Comparison of H3K4me2 enrichment 
between healthy and asthmatic subjects in 
indicated cells. H3K4me2 tracks for each cell 
type were merged from all assays performed in 
healthy (HC) and asthmatic (AS) donors (same 
cohort as shown for the analysis above and in  
Fig. 2). (d) H3K4me2 enrichment values for 
each asthma-associated DER (highlighted in 
purple dashed line boxes in c from the same 
H3K4me2 ChIP-seq assays shown in Fig. 2). 
Each dot represents data from an independent 
assay; n = 18 assays from 10 healthy subjects 
(HC), n = 24 assays from 12 asthmatic patients  
(AS); error bars indicate mean ± s.e.m.;  
*P < 0.05, **P < 0.01, ***P < 0.001 (MEDIPS). 
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enriched in this pathway include CCL3L1, CCL3L3 and CCL4L2, a 
cluster of genes on chromosome 17 that encodes chemokines known 
to bind CCR5 and prevent entry of HIV into T cells36, and AKT3 and 
GNB4, involved in phosphoinositide 3-kinase and G protein signal-
ing (Fig. 7d). Further studies will clarify the role of these genes and 
enhancers in asthma pathogenesis.

DISCUSSION
We mapped the genome-wide distribution of H3K4me2 in naive, 
CD4+, TH1 and TH2 cells from 24 subjects. Through computational 
analysis of the data, we identified putative enhancer regions that are 
associated with specific TH cell subsets. By comparing TH cell subsets 
from healthy and asthmatic individuals, we identified enhancers that 
reproducibly differ in H3K4me2 enrichment and thus are presumed 
to be differentially active in T cells from asthma patients compared 
to healthy controls.

Our strategy can be applied to any accessible cell type with a func-
tion relevant to human health or disease. Purified cell populations 
are not necessarily needed: even though we performed ChIP-seq 
experiments on enriched cell populations rather than on purified 
T cell subsets, the majority of H3K4me2-marked enhancers that we 
identified were clearly associated with the enriched cell type. This 
was particularly true for TH2 cells, which were present only in the 
CCR4+ population and depleted from the CCR4− population; in con-
trast, IFN-γ–producing TH1 cells were present in both the CCR4+ and 
CCR4− populations, which explains why overall we identified fewer 
enhancers as specifically TH1 cell–associated. To facilitate studies of 
rare cell populations involved in disease pathogenesis, we optimized 
our H3K4me2 ChIP-seq assay so that it can be applied to very small 
numbers of cells. This feature will be valuable not only for studies 
of the immune system but in cases where only limited amounts of 
biological materials are available for research. Our method offers a 
substantial advantage over transcriptional profiling by microarray 
or conventional RNA-seq, which identifies only those genes that are 
represented by steady-state transcripts at the time that the cells are 
lysed. In contrast, H3K4me2 ChIP-seq has the potential to identify 
promoters and enhancers that control the expression of genes that 
are not actively being transcribed but are poised for expression in 
response to extrinsic stimuli.

We showed that in silico analyses of enhancer profiles obtained by 
H3K4me2 ChIP-seq can be used to predict binding sites for transcrip-
tional regulators that set up gene expression programs in specific cell 
types and disease states. Many such transcription factors are only tran-
siently expressed at specific developmental stages that may be difficult 
to isolate in vivo, which implies that they cannot be identified merely 
through expression profiling of fully differentiated cells. However, 
lineage-defining or disease-initiating transcription factors often leave 
a footprint of their activity on the cis-regulatory landscape of a cell, by 
altering H3K4me2 levels at promoters and enhancers during cellular 
differentiation or early disease progression. Thus, H3K4me2 profil-
ing of peripheral blood cells is particularly relevant for studies of the 
immune system in patients: differentiation of memory T cells occurs 
in relatively inaccessible compartments such as lymph nodes, spleen 
or thymus, and the majority of patients present in the clinic well after 
the first disease-initiating events have occurred.

Consistent with the idea that TH2 cell function is aberrant in asthma, 
we found that TH2 cell–specific enhancers were highly enriched for 
asthma-associated SNPs identified in genome-wide association studies  
(GWAS). Our approach has narrowed down the large list of SNPs 
in asthma-associated haplotype blocks to those that are likely to be 

functional in cells relevant to asthma pathogenesis by determining 
whether they are located in a putative enhancer region, and whether 
that enhancer shows evidence of altered function during memory  
T cell differentiation. The candidate enhancer-localized SNPs identi-
fied in our study can now be formally tested for functional importance 
in disease pathogenesis.

Separate from GWAS analysis, we identified enhancers associated 
with asthma susceptibility simply by comparing TH cell enhancer 
profiles of healthy and asthmatic subjects as defined by H3K4me2 
enrichment patterns. By analogy with GWAS, such approaches have 
been termed epigenome-wide association studies37. An important 
consideration is the need to confirm the link between disease- 
associated enhancers and their target genes, for instance, by using new  
techniques to detect physical interactions between enhancers and 
gene promoters38,39; moreover, detailed testing of the candidate genes 
for function in human helper T cells will be necessary to attribute 
an important role in asthma pathogenesis. Notably, the 12 asthma 
patients evaluated in our study are a very small patient cohort; replica-
tion of our hits in multiple independent and larger cohorts is needed 
to strengthen their biological importance and to address the impor-
tant question of whether epigenome-wide association studies can be 
used to distinguish molecular subtypes of asthma.

Methods
Methods and any associated references are available in the online 
version of the paper.

Accession codes. Gene Expression Omnibus: GSE53646 (sequenc-
ing data).

Note: Any Supplementary Information and Source Data files are available in the 
online version of the paper.
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ONLINE METHODS
Study subjects and sample processing. The ethics committees of the 
Southampton University Hospitals Trust and La Jolla Institute approved the 
study, and written informed consent was obtained from all subjects. Twelve 
nonsmoking subjects with asthma (6 with mild asthma never treated with 
corticosteroids and 6 subjects with moderate asthma treated with inhaled 
corticosteroids16), meeting established diagnostic criteria40, and 12 healthy 
subjects were studied (Supplementary Table 15). Subjects with mild asthma  
had symptoms <3 times a week, with forced expiratory volume in 1 s (FEV1) > 80%  
of predicted, and used short-acting inhaled β2-agonists as needed for  
symptom relief. Subjects with moderate asthma were additionally treated with 
regular inhaled corticosteroids and inhaled short-acting β2-agonists. All asth-
matic subjects were atopic and allergic to house dust mite (Dermatophagoides 
pteronyssinus). All study subjects were Caucasian adults (10 females and  
14 males, age range 18–65, inclusion criterion). Healthy controls had no  
history of smoking or respiratory symptoms suggestive of asthma.

For isolating T cell subtypes from peripheral blood samples, peripheral 
blood mononuclear cells (PBMCs) were first separated into a CD4+ memory 
cell fraction and remaining cells by use of the memory CD4+ T cell isolation 
kit (Miltenyi Biotec). The CD4+ memory cells were then stained with a cock-
tail of fluorescently conjugated antibodies (anti-CD45RA FITC-conjugated 
(clone HI100), anti-CD4 APC-Cy7-conjugated (clone SK3), anti-CCR4 PE-
conjugated (clone 1G1), and anti-CD25 APC-conjugated (clone M-A251) and 
sorted on the FACS Aria to obtain two cell populations: CD4+CD45RA−CCR4− 
and CD4+CD45RA−CCR4+CD25− (Supplementary Fig. 1). Naive T cells were 
sorted from the remaining cells after CD4+ memory cell isolation by stain-
ing with anti-CD45RA FITC-conjugated, anti-CD4 PerCP-Cy5.5-conjugated 
(clone SK3), anti-CD62L APC-Cy7-conjugated (clone DREG-56) antibodies 
and anti-CD45RO PE-conjugated (clone UCHL1). Sorted cells were washed 
and fixed for 10 min at 20 °C with 1:10 dilution of 11% formaldehyde (in 50 mM  
HEPES, pH 7.5, 100 mM NaCl, 1 mM EDTA and 0.5 mM EGTA), neutral-
ized with 1:20 dilution of 2.5 M glycine, washed twice in ice-cold phosphate 
buffered saline, and cell pellets were snap frozen in liquid nitrogen before 
storage at −80 °C.

Microscaled multisample chromatin immunoprecipitation–sequencing. 
Formaldehyde-fixed cell pellets were snap-frozen in liquid nitrogen and 
stored at −80 °C before the ChIP assay. This storage step gave us the flexibil-
ity to batch multiple samples for ChIP-seq. Frozen cells were lysed in 120 µl  
of lysis buffer (50 mM Tris-HCl, pH 8.0, 10 mM EDTA, 1% SDS, 1 mM phe-
nyl methane sulfonylfluoride, 20 mg/ml sodium butyrate and proteinase 
inhibitor cocktail; Sigma), and chromatin was sheared by sonication, using 
BioRuptor (Diagenode), to generate 100–500 bp DNA fragments. Shearing 
multiple samples (n = 12) in parallel using the Bioruptor ensured equiva-
lent shearing of chromatin among the samples that were to be compared. 
For the initial validation of microscaled ChIP-seq, chromatin from 105, 104 
or 103 whole-cell equivalents (D10.G4.1 cells, ATCC, mycoplasma-negative) 
was immunoprecipitated with anti-H3K4me2 (clone Y47, lot#YH041501C; 
Abcam). For samples from study subjects, chromatin from 105 cells was used 
for immunoprecipitation. Standard H3K4me2 ChIP using 2–10 × 106 cells was 
performed as described previously10. For microscaled H3K4me2 ChIP-seq, 
chromatin was diluted in 1 ml of radioimmunoprecipitation assay (RIPA) 
buffer and immunoprecipitation was done overnight at 4 °C by incubating 1 µl 
of antibody precoated on 10 µl protein A coated magnetic beads (Invitrogen). 
To reduce nonspecific DNA binding (background signal in ChIP-seq assays), 
we used pipette tips and tubes with low DNA and protein binding (Axygen 
Maximum recovery). Immunocomplexes were captured and washed for 5 min 
each with RIPA buffer, high-salt buffer (50 mM Tris-HCl, pH 8, 500 mM NaCl, 
0.1% SDS, 0.5% Na-deoxycholate, 1% Nonidet-P40 and 1 mM EDTA), LiCl 
buffer (50 mM Tris-HCl, pH 8, 250 mM LiCl, 1 mM EDTA, 1% Nonidet-P40 
and 0.5% Na-deoxycholate), and low-salt buffer (10 mM Tris-HCl, pH 8, 1 mM 
EDTA, 50 mM NaCl). Beads were resuspended in TE (10 mM Tris-HCl, pH 8,  
1 mM EDTA), transferred to fresh tubes, captured and then resuspended in 
200 µl of elution buffer (50 mM Tris-HCl, pH 8, 10 mM EDTA and 1% SDS). 
Chromatin was detached from the beads by incubating for 15 min at 65 °C,  
transferred to fresh tubes, then treated with 2 µl of RNase A (20 mg/ml; 
Invitrogen) for 30 min at 37 °C and with proteinase K (0.2 mg/ml, Invitrogen) 

for 6 h at 55 °C, and incubated overnight at 65 °C. DNA was purified using 
affinity columns (Zymo Research) and eluted in 12 µl of TE (10 mM Tris-HCl, 
pH 8 and 0.1 mM EDTA). Selected DNA sequences from control regions (IL4 
promoter, IFNG promoter, GAPDH promoter and HOX7A promoter) were 
quantified by real-time quantitative PCR to assess the quality of the ChIP. The 
amount of DNA in the ChIP samples was quantified using picogreen assay 
(Invitrogen). One nanogram of ChIP DNA was PCR-amplified for 18–22 cycles 
using whole genome amplification (WGA) primers (WGA-SEQX, Sigma) fol-
lowing the manufacturer’s instructions. 2 µg of this amplified DNA was treated 
with restriction enzyme (WGA-SEQX, Sigma), to remove the WGA primer 
sequences and then purified using AmpureXP beads (Beckman Coulter). 
Efficiency of removal of WGA primer sequences was assessed by PCR. From 
this step, 500 ng of purified DNA was diluted with TE to obtain a total volume 
of 65 µl. Diluted DNA was sonicated with E220 Covaris multiplex sonicator 
(Covaris) to generate 100–250 bp DNA fragments. ~250 ng of DNA was used 
for preparing standard SOLiD sequencing library (5500 SOLiD Fragment 
48 Library Core Kit & Fragment Library Barcode Adaptors 1-96). Following 
emulsion PCR, samples were sequenced on the SOLiD 5500 sequencer to 
obtain 35-bp single-end reads (SOLiD EZ Bead E120 System kits). Both whole-
genome amplification and sequencing-library preparation were performed 
in a 96-well format, which reduced hands-on time, beside reducing technical 
and assay-to-assay variability. Multiple quality control steps (Supplementary 
Fig. 3) were included to determine optimal shearing of DNA, ChIP efficiency 
and number of PCR amplification cycles, to assess removal of whole-genome 
PCR amplification adaptors, efficiency of ligation of sequencing adaptors 
and to determine library complexity. Samples that failed quality control were 
eliminated from downstream steps. Reproducibility and correlation between 
standard and microscaled ChIP-seq, performed using various cell numbers, 
is shown in Figures 1a–c and Supplementary Figures 4 and 5.

RNA sequencing. Total RNA was purified using miRNAeasy kit (Qiagen) 
and quantified as described previously24. 10–15 ng of purified total RNA was 
used for poly(A) section (Poly(A)Purist Mag kit, Life Technologies). Poly(A)-
selected RNA was amplified with the Whole Transcriptome Amplification 
Sequencing Technology kit (SEQR, Sigma) as per manufacturer’s recommenda-
tion. 1 µg of this amplified cDNA was treated with restriction enzyme (SEQR, 
Sigma), to remove the primer sequences and then purified using AmpureXP 
beads (Beckman Coulter). Efficiency of removal of SEQR primer sequences 
was assessed by PCR. From this step, 250 ng of purified DNA was sonicated 
with E220 Covaris multiplex sonicator (Covaris) to generate 100–250 bp DNA 
fragments. Sonicated cDNA was used for preparing standard SOLiD sequenc-
ing library as described in the previous section for ChIP-seq.

Mapping and primary data processing of sequencing reads. Human ChIP-
seq data (csfasta and qual files) were mapped against the human reference 
genome hg19 (downloaded from the Genome Bioinformatics database of the 
University of California Santa Cruz) using bowtie v.0.12.7 (-n 2 -m 1 -C)41. 120 
different ChIP-seq assays were performed and the obtained sam files were con-
verted and merged into separated bam files using samtools v.0.1.18 (ref. 42). 
For visualization of the ChIP-seq data in public genome browsers, sequenc-
ing coverage was calculated at genome-wide 50-bp windows after extending 
each read to a length of 120 bp along the sequencing direction using MEDIPS 
v.1.10.0 (extend = 120, uniq = F, window_size = 50, BSgenome = “BSgenome.
Hsapiens.UCSC.hg19”)19,20, and the resulting coverage profiles (RPKM) were 
exported as wiggle files. Mouse ChIP-seq data were mapped against the mouse 
reference genome mm10 as described for the human ChIP-seq data (bowtie 
v.0.12.7 -n 2 -m 1 -C). Human RNA-seq data was mapped against hg19 using 
tophat43 (v1.4.1.,–library-type fr-secondstrand -C) and the RefSeq gene anno-
tation downloaded from the UCSC genome Bioinformatics site. Sequencing 
read coverage per gene was counted using HTSeq-count (-m union -s yes -t 
exon -i gene_id, http://www-huber.embl.de/users/anders/HTSeq/).

Correlation between ChIP-sequencing assays and samples. Pairwise 
Spearman correlation between samples were calculated by comparing the 
sequencing coverage at genome-wide 500-bp windows using MEDIPS v.1.10.0 
(extend = 120, uniq = F, window_size = 500, BSgenome = “= “BSgenome.
Mmusculus.UCSC.mm10”) (Supplementary Figs. 2 and 4).

http://www-huber.embl.de/users/anders/HTSeq/


©
20

14
 N

at
u

re
 A

m
er

ic
a,

 In
c.

  A
ll 

ri
g

h
ts

 r
es

er
ve

d
.

nature immunology doi:10.1038/ni.2937

Identification of differentially enriched cis-regulatory regions compar-
ing cell types. To identify cell type–specific DERs, H3K4me2 ChIP-seq data 
were grouped according to their cell types: naive CD4+ T cells, (n = 42), TH2 
cells (n = 42) and TH1 cells (n = 36). All technical and biological replicates 
were independently processed ChIP assays with separate ChIP, whole-genome 
amplification and sequencing, and each ChIP replicate was sequenced to a 
targeted depth of ~20 × 106 mapped reads. Additional details are available in 
Supplementary Note.

Sample sizes for ChIP-seq were chosen to achieve power to detect consistent 
differences between asthmatic and healthy donors in the presence of variability 
inherent to the assay. Assay variability was assessed based on biological repli-
cates of mouse cell line data, and differences were introduced computationally 
at different sites. Recovery of these sites using MEDIPS was used to estimate 
error rates depending on sample size. To estimate a false discovery rate for our 
chosen significance threshold to identify DERs (Bonferroni-adjusted P < 0.05), 
we performed a random approach by permuting the 42 naive CD4+ T cells and 
the 42 TH2 cell ChIP-seq assays resulting in two groups of intermixed samples. 
Subsequently, we applied the same statistical framework used for our original 
approach. In ten independent iterations of such random sample permuta-
tions, we observed a very small number of DERs ranging from 4 to 11 (data 
not shown) compared to 51,261 DERs detected for the correct assignment of 
samples at the same significance level of a Bonferroni adjusted P < 0.05. This 
translates to a very low false discovery rate (FDR) of 0.02%, suggesting that 
the P-value threshold used for our analysis is stringent and does not result 
in overcalling of DERs. Further, in our approach, the detectable effect size is 
dependent on enhancer strength (see MA plots where the ‘enhancer strength’ 
is represented on the x axis). With our sample size (naive = 42, TH2 = 42) and 
the inherent variation between samples, we can detect differences between cell 
types with a ratio (‘effect size’) of at least 1.6 in the lowest 25% quantile and of 
at least 1.2 in the upper 25% quantile of signal-enhancer strengths.

Assignment of target genes to DERs. To assign DERs to transcripts and 
genes, we downloaded the hg19 table refGene (track RefSeq Genes via the 
Table browser at the UCSC Genome Bioinformatics site (17 October 2013), 
and assigned DERs to promoters if their midpoint fell within ± 1 kb of a 
transcription start site. This identified 2,235 promoter DERs associated with 
1,710 transcripts of 1,529 genes. We classified the remaining 69,405 non- 
promoter–localized DERs as enhancers. To associate enhancer DERs to genes, 
we considered CTCF binding sites previously identified in 19 diverse human cell 
types44 as boundaries for defining extended transcript loci. For each transcript,  
their extended locus was defined as the upstream and downstream region 
around their start sites limited by the occurrence of a CTCF binding site or 
by a maximal distance of 200 kb. We observed 25,888 DERs that fell into the 
extended loci of 8,983 transcripts of 7,647 unique genes.

Correlation of H3K4me2 enrichment patterns at promoters and enhancers. 
To examine putative concordant changes of H3K4me2 enrichment at promot-
ers of a transcript and enhancers located within or close to that transcript, we 
considered the following two groups of transcripts: (i) transcripts containing 
a DER in their promoter region with gain of H3K4me2 in TH2 cells compared 
to naive CD4+ T cells (TH2 gain, n = 534), (ii) transcripts containing a DER in 
their promoter region with loss of H3K4me2 in TH2 cells compared to naive 
CD4+ T cells (n = 405, TH2 cell loss). In addition, we defined the following 
four groups of genomic regions: upstream: −20 kb to a transcript start site, 
promoter: ± 1 kb around a transcript start site, transcript body: between a 
transcript start and end site, and downstream: +20 kb from a transcript end 
site. We divided the upstream and downstream regions into ten equally spaced 
windows of 2 kb but considered the promoter as one window and the tran-
script body as another window. Subsequently, we calculated sequencing read 
coverage at the predefined windows of the selected transcripts for each of the 
42 naive CD4+ T cell and for each of the 42 TH2 cell samples using MEDIPS 
v.1.12.0 (function MEDIPS.createROIset, extend = 120, uniq = F, bn = 10 (for 
upstream and downstream) or bn = 1 (for promoter and transcript bodies), 
BSgenome = “BSgenome.Hsapiens.UCSC.hg19”). For each transcript and for 
each tested window, mean counts over all samples per group were calculated.  
In order to avoid division by 0, we added 1 to each tested window in  
both groups, before calculation of fold change between groups at individual  

transcripts and windows. For each transcript, we calculated the mean fold 
change over all 2-kb windows in the upstream or downstream regions, 
respectively. The heat map in Supplementary Figure 10 shows the log2 of 
fold changes at the four tested groups of genomic regions from left to right 
and at individual transcripts of groups i and ii from top to bottom. Transcripts 
in groups i and ii are ordered by the sum of log2 fold changes across the four 
tested genomic regions, where group i is sorted from highest (top) to lowest 
(bottom), and group ii is sorted from lowest (top) to highest (bottom).

Principal component analysis of the RNA-sequencing data and differential 
gene expression analysis. The principal component analysis (Supplementary 
Fig. 11) has been performed by calculating singular value decomposition of 
the centered, variance-stabilized and library-normalized counts of the 5,000 
most variable genes, using the R functions svd (base package, http://www.
r-project.org/) and varianceStabilizingTransformation (Bioconductor pack-
age DESeq45. To identify differential gene expression between cell types, we 
performed negative binomial tests for pairwise comparisons of the naive CD4+, 
TH2 and TH1 cells employing the Bioconductor package DESeq45 and allowing 
for a false discovery rate of 1%.

Correlation of gene expression with H3K4me2 enrichment patterns at  
promoters and enhancers. This is described in Supplementary Note.

Functional gene-set enrichment analysis. Gene sets obtained for each  
promoter-localized DER category (classified based on preferential gain or loss  
of H3K4me2 enrichment during memory differentiation; Supplementary 
Table 3) were analyzed using DAVID (version 6.750; refs. 46,47). Biological 
process and pathways enriched for genes present in our data set are shown in 
Supplementary Table 5. As some of the gene sets obtained for enhancer-DER 
groups exceeded the maximum limit of 3,000 genes for the DAVID software, 
we additionally used the software from the ConsensusPathDB interaction 
database (CPDB; version 27; refs. 48,49) for the overrepresentation analysis. 
Biological pathways and processes enriched for genes present in our data set 
are shown in Supplementary Tables 5, 7 and 14). To determine upstream regu-
lators of genes in the TH2 cell (CCR4+) gain category, we performed induced 
gene-regulatory network analysis using the software from CPDB48,49. Analysis  
was performed using default settings on the software and allowing for  
intermediate nodes with a Z-score threshold of 20 (Fig. 4).

Detecting enrichment of transcription factor motifs and binding at  
cell-specific enhancers. This is described in Supplementary Note.

Identification of asthma-associated DERs. To identify differentially enriched 
regions (DERs) between healthy and asthmatic donors, we grouped the ChIP-
seq data of samples into the following six groups: (i) naive CD4+ T cells, healthy  
(n = 18), (ii) naive CD4+ T cells, asthma (n = 24), (iii) TH2 cells, healthy  
(n = 18), (iv) TH2 cells, asthma (n = 24), (v) TH1 cells, healthy (n = 13), and 
(vi) TH1 cells, asthma (n = 23). Differential sequence coverage was calculated 
for each cell type between healthy and asthma samples as described above to 
identify cell type–specific DERs. This resulted in 29 DERs for naive CD4+  
T cells (4 asthma > healthy, and 25 asthma < healthy), 163 DERs for TH2 cells 
(33 asthma > healthy, and 130 asthma < healthy), and 11 DERs for TH1 cells  
(0 asthma > healthy, and 11 asthma < healthy) (Bonferroni-adjusted P < 0.05). 
In total, there were 203 significant windows in the three comparisons fall-
ing into 200 distinct asthma DERs. As above, we divided DERs into those 
that fall into promoters and enhancers. There were 13 promoter-localized 
DERs associated with 15 transcripts of 14 genes. A total of 86 nonpromoter 
DERs were located in the extended loci of 129 transcripts of 111 unique 
genes. Transcription factor binding site enrichment analysis for the asthma-
associated DERs has been calculated as described above for the cell-specific 
enhancers. Owing to the relatively small number of DERs, we considered the 
entire 500-bp DER and according random regions for calculating overlaps to 
transcription factor binding sites.

SNPs data sets and enrichment calculation. 62 significant lead SNPs  
(P < 1.0 × 10−5) from GWAS studies of asthma were obtained by querying the 
HaploReg database50. Cross-referencing the P values of these lead SNPs using 

http://www.r-project.org/
http://www.r-project.org/
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the GWAS Integrator database51 and the original articles confirmed that all 
SNPs had P < 1.0 × 10−5. An additional 20 lead SNPs associated with asthma-
related traits (plasma eosinophil counts, serum IgE and YKL-40 concentra-
tions) were obtained from the GWAS Integrator database, after manual review 
of the originating studies. Details of all 82 lead SNPs, P values and source study 
are provided in Supplementary Table 11a. For each lead SNP, SNPs in tight 
genetic linkage (r2 > 0.8) were retrieved based on data from the phase I of the 
1,000 genome project using European (EUR) as the reference population52 
(calculations performed using HaploReg v2.0, Supplementary Table 11b).  
The total number of asthma-associated SNPs in the combined set (lead  
SNPs + linked SNPs) was 1,528. For all other diseases, significant lead 
SNPs (P < 1.0 × 10−5) were obtained from the HaploReg50 database, and no  
additional traits were considered. Linked SNPs were calculated as described 
for the asthma SNPs above. More detailed description is available in 
Supplementary Note.
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Supplementary Figure 1 

Schematic model summarizing the study design and cell sorting strategy.  

Schematic diagram depicts the cell types isolated from peripheral blood of healthy and asthmatic subjects. 
Sorting strategy for isolating naïve and CCR4− (TH1), CCR4+ (TH2) memory T cells from peripheral blood 
mononuclear cells (PBMC), and FACS plots pre and post-sorting are shown. The number of samples 
processed (passing quality control checks) for H3K4me2 ChIP-Seq assay is shown below. 

Nature Immunology: doi:10.1038/ni.2937
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Supplementary Figure 2 

Reproducibility of standard H3K4me2 ChIP-seq assay.  

Density plots show pair-wise comparison of sequencing coverage (number of reads) at genome-wide 500 bp 
windows (MEDIPS v.1.10.0 software, Methods and Supplementary Notes) obtained from 6 independent 
standard H3K4me2 ChIP-Seq assays performed with 2 x 106 D10 cells. The amount of DNA (post H3K4me2 
ChIP; 15ng or 30ng) used for whole genome amplification (see Methods and Supplementary Notes) is 
shown. Pairwise Spearman correlation values (numbers inside boxes) for genome-wide comparison of 
H3K4me2 enrichment patterns between replicate samples (labeled as Rep 1-6) are illustrated. 

Nature Immunology: doi:10.1038/ni.2937
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Supplementary Figure 3 

Workflow of microscaled ChIP-seq assay from sample isolation to sequencing. 
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Supplementary Figure 4 

Reproducibility of the micro-scaled H3K4me2 ChIP-seq assay.  

(a) Density plots show pair-wise comparison of sequencing coverage at genome-wide 500bp windows 
(MEDIPS v.1.10.0 software, Methods and Supplementary Notes) obtained from standard ChIP-Seq (2 x 106 
cells) and micro-scaled ChIP-Seq (105, 104 and 103 cell samples) performed with D10 cells. Pairwise 
Spearman correlation values (numbers inside boxes) for genome-wide comparison of H3K4me2 enrichment 
patterns between assays performed with different cell numbers are illustrated. (b) Shows density plots and 
pairwise Spearman correlation between multiple (n = 11) replicate micro-scaled ChIP-Seq assays (105 cell 
samples) performed in two separate sequencing runs (Run1 and Run2). (c) ROC analysis (detailed 
methodology is described in Methods and Supplementary Notes) shows the percentage of true and false 
positives identified by micro-scaled ChIP-Seq assay (105 cell sample) when tested for the top 1% of enriched 
windows (true positives) identified in the standard ChIP-Seq assay. 
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Supplementary Figure 5 

Reproducibility of the microscaled H3K4me2 ChIP-seq assay.  

ChIP-Seq analysis showing H3K4me2 enrichment patterns from each assay (rows), for the following gene loci: 
control regions: STIM 1, NUP98, SELP and SELL gene loci; non-expressed gene: SELE locus; TH2 cell-type 
specific regions: CCR4 and CCR6 locus; TH1 cell-type specific regions: TBX21 (encoding T-BET), performed in 
peripheral blood naïve, TH1 and TH2 memory T cells from all study subjects. The significant cell-specific 
H3K4me2 enrichment across (enhancers and promoters) in these loci is highlighted in the red dashed line 
boxes. 
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Supplementary Figure 6 

Sensitivity of the H3K4me2 ChIP-seq assay.  

 

ChIP-Seq analysis showing cell-specific H3K4me2 enrichment patterns, for the following gene loci: HNRPLL, 
ADAM19, miR155 and miR221-222, in naïve, TH1 and TH2 cells. For each specific cell-type, data was merged 
from all donors including assay duplicates. H3K4me2 enrichment values for specific 500 bp windows 
(highlighted in red boxes) are shown in the graphs below. Each dot represents data from a single assay-donor; 
error bars indicate mean ± (s.e.m.). 
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Supplementary Figure 7 

Bioinformatic analysis of H3K4me2 ChIP-seq data set. 

Diagnostic plots examining different characteristics of the ChIP-Seq data based on raw counts (left) and 

Nature Immunology: doi:10.1038/ni.2937



quantile normalized counts (right) resulting from the three pairwise cell type comparisons. The MA plots (top) 
contrast log2 fold changes (y-axis) against mean sequencing coverage (x-axis) for all genome wide 500 bp 
windows. Genomic windows with a Bonferroni adjusted P-value <0.05 are indicated in red. The density plots 
(middle) show the relative distribution of read counts (x-axis) at genome wide 500 bp windows for windows with 
read counts ≤10. The boxplots (bottom) show read counts at genome wide 500 bp windows for individual 
assays. 
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Supplementary Figure 8 

Bioinformatic analysis of H3K4me2 ChIP-seq data set.  

(a) As examples, cell-type specific enhancer DER tracks (pre- and post-normalization (norm)) along with 
UCSC tracks are shown for the following gene loci: TBX21, IFNG, CXCR3, CXCR6, STAT1 and STAT4, where 
additional DERs were detected following quantile normalization of the ChIP-Seq data (Supplementary Fig. 7). 
(b) The number and size distribution of DERs after merging consecutive DERs (see Methods and 
Supplementary Notes). 
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Supplementary Figure 9 

Genomic distribution of differentially enriched cis-regulatory regions (DERs).  

Pie chart (left) shows the distribution of DERs in different genomic regions, and compared to the reference 
annotation (right) 
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Supplementary Figure 10 

Concordant changes in gene expression and H3K4me2 enrichment patterns at promoter and distal cis-
regulatory elements (enhancers).  

(a) Heat map shows the comparison of gene expression (RNA-Seq) and H3K4me2 enrichment patterns 
(across an extended genomic region) for transcripts having a DER in their promoter region when comparing 
naïve to TH2 memory CD4+ T cells (each row represents one transcript). Upstream = -20 kb from transcription 
start site (TSS); Promoter = +/-1 kb around TSS; Transcript body = region between TSS and transcript end site 
(TES); Downstream = +20 kb from TES; RNA = RNA-Seq data. The heat map indicates concordant gain (red) 
or loss (blue) of H3K4me2 enrichment in TH2 memory compared to naïve CD4+ T cells, at the promoter and at 
enhancers located in or close to that transcript (see Methods and Supplementary Notes). Similarly, the last 
column indicates concordant up- (red) or down- (blue) regulation of gene expression in TH2 memory cells 
compared to naïve CD4+ T cells for the corresponding transcripts. (b) As examples, H3K4me2 enrichment and 
RNA-Seq tracks for naïve and TH2 memory T cells (data merged from all donors including duplicate assays) 
are shown for the following gene loci: CCL20 and CCR8 (TH2 gain); S100B and LY86 (TH1 gain), along with 
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UCSC gene tracks (top row) and cell-type specific enhancer DERs. 
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Supplementary Figure 11 

Concordant changes in gene expression and H3K4me2 enrichment patterns at promoter and distal cis-
regulatory elements.  

(a) Heat map shows the comparison of gene expression (RNA-Seq) and H3K4me2 enrichment patterns 
(across an extended genomic region) for genes that are differentially expressed in any of the three pairwise 
comparisons of naïve, TH2 and TH1 cells (each row represents one gene). First column of the heat map 
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(labeled RNA-Seq) displays log2 fold change in gene expression values. Next to the RNA-Seq data, fold 
change in H3K4me2 enrichment pattern across each extended gene locus (transcription start site (TSS) +/-50 
kb) is displayed (see Methods and Supplementary Notes). The heat map indicates concordant changes in 
(up-red or down-blue) gene expression and H3K4me2 enrichment at the promoter and distal enhancer regions. 
Bottom panel shows genes with no significant changes in expression levels, but display a promoter-localized 
differentially enriched H3K4me2 region (DER) in any of the three pairwise comparisons of naïve, TH2 and TH1 
cells. (b) As examples, RNA-Seq and H3K4me2 enrichment tracks for naïve and memory T cells (data merged 
from all donors including duplicate assays) are shown for the following gene loci: CCR6, CCR8 and FAM129a 
(TH2 active genes); CCL5 and CX3CR1 (TH1 active genes); IL4 and IL21 (TH2 poised genes), along with UCSC 
gene tracks (top row), cell-type specific DERs and differentially expressed genes (DEX). Red dashed line 
boxes highlight cell-specific DERs. (c) Shows MA plots (vertically displayed) for the pairwise comparisons of 
naïve, TH2 and TH1 cells, and red dots indicate differentially expressed genes (false discovery rate of 1%). (d-
e) Shows principal component analysis (PCA) for RNA-Seq data from each sample, and the genes contributing 
to the PCA. 
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Supplementary Notes 
 
Additional Methods 
 
Micro-scaled multi-sample ChIP-Sequencing. Additional considerations that improved the reproducibility 

and consistency of our micro-scaled ChIP-Seq assay are: (i) Handling all tissue and cell isolation 

procedures at 4 oC to minimize changes from epigenetic patterns that are present in vivo. (ii) Formaldehyde-

fixed cell pellets were snap frozen in liquid nitrogen and stored at –80 oC prior to the ChIP assay. This 

storage step gave us the flexibility to perform ChIP assays in large batches of samples (n ~ 24) from 

subjects in disease and control groups, thus minimizing assay-to-assay variability. (iii) Validating sonication 

conditions for reproducible shearing of chromatin from small numbers of cells. We found that using the 

BioRuptorTM sonicator, which has a 12-tube holder, aided equivalent shearing of chromatin among the 

multiple samples that were to be compared. The extent of chromatin shearing was verified for all samples by 

using highly sensitive SYBR goldTM dye to stain DNA run on agarose gels. (iv) We validated a picogreenTM-

based assay (Life Technologies) for measuring picogram quantities of DNA, to ensure the use of equal 

starting amounts of template chromatin from all the samples when undertaking multi-sample ChIP assays or 

whole genome amplification steps post-ChIP. (v) Switching to tubes with low DNA and protein binding, and 

changing tubes during post IP washes significantly reduced assay background while preserving specific 

enrichment in ChIP assays. (vi) qPCR-based measurement of enrichment at control genes was used to 

guarantee comparable ChIP performance across multiple samples. (vii) Using equivalent starting amounts 

of post-ChIP DNA (1 ng) for whole genome amplification (WGA, Sigma), ensured that the number of PCR 

cycles for amplification remained similar across the samples to be compared. 

 

Additional considerations that improve the validity of our micro-scaled ChIP-Seq approach (i) The 

whole-genome amplification step that is essential for preparing libraries from micro-scaled ChIP assays 

does not introduce random noise. Instead, the observed differences in amplification yield for different 

regions of the genome are highly reproducible as can be seen in the high correlation between different 

amplification runs (Supplementary Fig. 4b). Therefore, differences between samples (using 105 primary 
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cells) that have undergone the same amplification procedure, which is what we are looking at with our DER 

analysis, will reflect differences in the un-amplified samples.  

(ii) The majority of regions with a high number of reads in the unamplified sample also have a high number 

of reads in the amplified sample. To quantify this, we have performed an receiver operating characteristic 

(ROC) analysis in which the top 1% of windows in the standard sample was identified using the read counts 

in windows from the amplified sample (excluding windows with no reads in either sample to avoid 

overestimation of performance due to genomic regions in which no reads can be mapped). This gave a very 

high area under the curve (AUC) of 0.976, with 70% of the high scoring windows in the standard sample 

recovered in the top 2% of windows in the amplified sample (Supplementary Fig. 4c). At the same time, 

only 5% of the high-scoring windows of the standard sample were not included in the top 10% of the 

amplified sample, indicating that only a small fraction of genomic regions were amplified poorly.  

 

Identification of differentially enriched cis-regulatory regions (DERs) comparing cell types. We have 

calculated coefficients of variability (CV; standard deviation and average) between replicates from the same 

donor and between averages between different donors. For all cell types, the CV was higher in the inter-

donor comparison but not greatly so, e.g. for naïve T cells, CV = 32.9% in the intra-donor comparison vs. 

35.3% in the inter-donor comparison. So there is more variability between donors, yet there is also 

considerable variability between replicates. To account for both, the biological and ChIP assay-to-assay 

variability in determining statistically significant DERs, replicate ChIP assays from the same individuals were 

not pooled into an aggregate profile. For each sample, sequencing coverage was calculated at genome 

wide 500 bp windows, and pairwise differential coverage between groups of cell-types was calculated using 

MEDIPS v.1.12.0 (extend = 120, uniq = F, window_size=500, BSgenome = 

"BSgenome.Hsapiens.UCSC.hg19", minRowSum=1, p.adj = “bonferroni”, diff.method=”edgeR”)1,2.  

Inspection of the resulting MA plots indicated a varying efficiency of immunoprecipitation in the group of TH1 

cell samples compared to the groups of naïve CD4+ T cells and TH2 cell samples (Supplementary Fig. 7). 

To correct for this effect, we have performed quantile normalization on the genome-wide count tables across 

the samples prior to calculation of pairwise differential coverage between groups. MA plots (Fig. 2a, left) as 
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well as density plots of group-wise mean raw and quantile normalized sequencing coverage 

(Supplementary Fig. 7), indicate improved comparability of genome-wide enrichment distributions after 

quantile normalization. In addition, several well-known regulatory elements that contrast TH1 cells from TH2 

cells became significant only after this normalization procedure (Supplementary Fig. 8a). Consequently, 

we performed quantile normalization as a standard prior to identification of DERs, resulting in 51,261 DERs 

for naïve CD4+ T cells vs. TH2 cells (23,583 naïve > TH2 and 27,678 naïve < TH2), 38,665 DERs for naïve 

CD4+ T cells vs. TH1 cells (22,494 naïve > TH1, and 16,171 naïve < TH1), and 9,737 DERs for TH2 cells vs. 

TH1 cells (5,847 TH2 > TH1, and 3,890 TH2 < TH1) (Bonferroni adjusted P-value < 0.05).  

To test the influence of potential interdependence between replicate ChIP assays from the same individual, 

we repeated the comparison between naïve and TH2 cells by pooling ChIP replicates from the same donor 

into an aggregate profile. As expected, due to the reduced statistical power caused by a smaller sample size 

(due to pooling of replicate assays), we detected a slightly lower number of DERs (n = 46,912) compared to 

our original approach (n = 51,261). Most importantly, at the same significance level (adjusted P-value < 

0.05), 44,425 (87%) of DERs identified by our original approach were also detected when pooling ChIP 

replicates. We have further characterized the location of DERs that were not re-discovered by pooling 

replicates (n = 6,836) and found that 3,922 (57%) are individual 500 bp windows that are part of a group of 

adjacent significant DERs (i.e. consecutive DERS) identified by our approach (data not shown). 

Consequently, we observed an overall agreement of 94% between the distinct genomic loci identified by our 

approach compared to the pooled approach. Thus, we conclude that the presented results obtained by 

separate processing of ChIP replicates are not confounded by a potential interdependence between 

replicate ChIP assays from the same individuals. 

 A recently published method (“DiffReps”) for analyzing quantitative differences of broad histone marks 

across groups of ChIP-Seq samples was compared to a number of other available tools and shown to 

perform comparably on a small set of ChIP-Seq samples3. One method included in this comparison is very 

similar to the MEDIPS methodology employed in our study and the authors reported high agreement 

between their “DiffReps” method and this MEDIPS-like approach. As a further comparison, we applied the 

“DiffReps” tool to analyze our larger data set and then compared the results with those obtained by our 
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method (MEDIPS) using the same statistical cut off (Bonferroni adjusted P-value < 0.05). We observed that 

around 56% of the DERs detected by our method (MEDIPS) were also detected by the “DiffReps” method, 

suggesting a significant overlap between the two methods (P-value < 1.67e-179, hypergeometric test). 

Further, a number of likely false positives and false negatives were also observed with the “DiffRep” method 

compared to the MEDIPS method (data not shown). 

 

Classification of DERs into sub-groups. As described above there was a total of 99,663 DERs identified 

in the 3 cell type comparisons. However many DERs that were identified in different cell-type comparisons 

had the same genomic location. The total number of DERs at distinct locations was 71,640. Merging 

consecutive windows (DERs), we identified a total of 35,428 distinct genome regions ranging in size from 

500 bp to 29 Kb (Supplementary Fig. 8b). Next, we wanted to assign an overall state to each distinct DER 

based on the combined results in the 3 cell type comparisons. In each comparison, there are 3 possible 

outcomes (up, down, or non-significant). Our 71,640 DERs showed sixteen different patterns of outcomes, 

which are shown in Supplementary Table 3. We grouped DERs with patterns of outcomes that have similar 

biological meaning into six merged groups. Specifically, we defined a group of DERs with TH2 and TH1 cells 

gain comparing to naïve cells but no significant difference between TH2 and TH1 cells as shared gain (9,317 

DERs); a group of DERs with TH2 and TH1 cells loss comparing to naïve T cells but no significant difference 

between TH2 and TH1 cells as shared loss (12,870 DERs); groups with TH2 cells gain (20,679) as TH2 gain; 

groups with TH2 cells loss (10670) as TH2 loss; groups with TH1 cells gain (8534) as TH1 gain; and groups 

with TH1 cells loss (9570) as TH1 loss.  

 

Assignment of target genes to DERs. There is a considerable overlap between this list of genes and 

those previously identified by Hawkins et al.4 which describes H3K4me1-enriched enhancers in TH1 and TH2 

cells generated in vitro: if we use the Hawkins et al. criteria to assign genes to enhancers, our study 

identifies 80% of the genes also identified by Hawkins et al. as linked to TH1 and TH2-specific enhancers 

(significance of the overlap: P-value < 2.2e-16, Fisher’s exact test). However, our large sample size (>100) 

and our use of in vivo-generated TH1 and TH2 cells, we have been able to identify a number of additional 
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novel candidate genes, enhancers and miRNAs that were not described by Hawkins et al. (see 

Supplementary Table 6, and data not shown). We attribute these differences to several factors: Hawkins et 

al. used naïve T cells polarized with TH1 or TH2 cytokines in vitro for a relatively short time (72 h), whereas 

TH2 memory development in vivo is likely to be a more sustained and lengthy process. Moreover, the 

Hawkins et al. study used only a single sample of TH1 and TH2 cells for their analyses, potentially reducing 

the statistical power to detect differences in enhancer profiles at the genome-wide level. 

 

Correlation of gene expression with H3K4me2 enrichment patterns at promoters and enhancers.  

In Supplementary Figure 10 (right), we show gene expression changes between naïve and TH2 cells for 

the transcripts included in the heat map of H3K4me2 profiles (left). For all genes that are significantly 

differentially expressed (adjusted P-value ≤ 0.01), we have calculated the log2 fold change of TH2 / naïve 

CD4+ T cells based on the library size normalized count values per group as reported by DESeq. In order to 

avoid division by zero, we have added a pseudo count of five to each group. Transcripts are given in the 

same order as in the heat map of H3K4me2 profiles. In cases where a transcript (linked to promoter-

localized DERs) is associated with a gene that is not differentially expressed, the expression change for that 

gene is represented as grey.  

To further examine the dependency of H3K4me2 enrichment profiles at potential distal cis-regulatory 

regions (beyond promoter-localized DERs) on gene expression, we have examined H3K4me2 profiles in the 

extended gene loci (TSS +/- 50 kb) for all differentially expressed genes (Supplementary Fig. 11). Here, we 

have divided the +/- 50 kb region around the transcription start sites of differentially expressed genes into 

consecutive 2 kb windows. For each 2 kb region, the previously calculated H3K4me2 log2 fold change of the 

500 bp window with the most significant P-value was selected, where only windows with a non-adjusted P-

value ≤ 0.05 were considered. In case a 2 kb window does not contain a significant 500 bp window (non-

adjusted P-value ≤ 0.05), the window is represented as grey.   
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Detecting enrichment of transcription factor binding motifs at cell-specific enhancers. We examined 

if there was a significant enrichment in known TF binding motifs in the subsets of DERs defined above. In 

each DER category, we retrieved the genomic sequence corresponding to the DERs, and used the 

findMotifsGenome.pl of the HOMER v 4.3 software package5 with default parameter settings (Fig. 5a and 

Supplementary Table 9). The motifs with P-values less or equal to 1.00E-0.3 and ratio of target sequences 

with motif vs background sequences with motif >1.1 were defined as significantly enriched (Supplementary 

Table 9).  

 

Detecting enrichment of transcription factor binding sites at cell-specific enhancers. To investigate, if 

DERs occur at sites that are known to be bound by transcription factors, we have downloaded ChIP-Seq 

derived binding sites of 161 transcription factors from 91 different human cell types generated by the 

ENCODE project and provided via the Table Browser at the UCSC Genome Bioinformatics Site (track Txn 

Fac ChIP V3, table wgEncodeRegTfbsClusteredV3). Moreover, we downloaded ChIP-Seq derived binding 

sites of 18 additional transcription factors provided via GEO-NCBI [GSM776559, GSM776558, GSM776557, 

GSE37589, GSM1208648, GSM1208734, GSM1208702, GSM1208676, GSM1208658, GSM1208799, 

GSM1208792, GSM1208791, GSM1208776, GSM1208775, GSM1208774, GSM1031240, GSM831021, 

GSE38567]. Binding sites provided in hg18 were converted to hg19 using the liftOver tool at the UCSC 

Genome Bioinformatics Site6,7.  

For each of the 179 transcription factors, we tested if there is an enrichment of their binding sites within any 

of the predefined groups of DERs compared to random background. To assemble background datasets for 

each DER group, we sampled 100 sets of random genome wide 500 bp windows, each with the same 

amount of regions as the number of DERs. To avoid artificially enhanced enrichments due to inclusion of 

genomic regions in the background that are inaccessible or for which reads cannot be mapped, we restrict 

the genomic space for background sampling to windows that show sequencing coverage in any of our 

H3K4me2 samples, and further exclude genomic regions known to harbor signal artifacts in sequencing 

experiments as provided by the Table Browser of the UCSC Genome Bioinformatics Site (hg19, track 

Mapability, table DAC Blacklist wgEncodeDacMapabilityConsensusExcludable). Random regions were 
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generated using the function shuffleBed of the bedtool suite v.2.16.2 providing the genomic regions to be 

excluded via the parameter excl. Overlaps between the midpoint of DERs or random regions, respectively, 

and transcription factor binding sites were calculated using the function IntersectBed of the bedtools suite 

v.2.16.2 (ref. 8) For each transcription factor, and for each group of DERs, we calculate the mean and 

standard deviation of overlaps observed for the 100 background sets of genomic regions. We use the mean 

and standard deviation obtained from random sampling to calculate an odds ratio and to model a normal 

distribution and calculate P-values for the observed overlap between DERs and binding sites compared to 

random sampling (Supplementary Table 10). We report all significance values with an odds ratio >1 and 

with a P-value ≤ 0.01. 

 

SNPs datasets and enrichment calculation. For a given set of disease associated SNPs, we generated a 

specific control set of SNPs with similar properties. For each SNP in the disease set, we assigned a 

‘functional code’ similar to the approach in Yu et al.9 The code was composed of the functional assessment 

in the snp138Common table  (set to one of the following: 0='nonsense', 100='missense', 200='stop-loss', 

300='frameshift', 400='cds-indel', 500='coding-synon', 600='intron', 700='ncRNA', 800='splice-3', 

900='splice-5', 1000='untranslated-3', 1100='untranslated-5', 1200='near-gene-3', 1300='near-gene-5', 

1400='unknown') plus the minor allele frequency divided into intervals of 5 percentage points (e.g. ‘0’ = 0-

5%, ‘5’ = 5-10%, ’10’ = 10-15% etc.).  We then randomly chose 40 control SNPs with the same functional 

code from the SNPs tested for by the Illumina 1 MDuo genotyping array as specified from the SNP 

Genotyping Array track for hg18 of the UCSC genome browser6,7. The Illumina platform was chosen as it 

was most frequently used in the asthma GWAS studies. If less than 40 exactly matching control SNPs were 

available, we also included control SNPs with up to 10% difference in their allele frequency. For some of the 

disease datasets other than asthma, there were individual disease-associated SNPs in a functional code 

category for which there still was not a sufficient number of control SNPs available, and such singletons 

were excluded from the control set generation.  

To calculate SNP enrichment in a given DER category, we determined the fraction of disease-associated 

SNPs located in the corresponding genomic region, and compared it to the fraction of non-disease 
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associated SNPs from a background set to calculate enrichments (Fig. 6a). To calculate overlapping and 

intersecting genome coordinates, the BEDTools utilities package8 was utilized. Significance was assessed 

using the chi-square test. In addition to the DER analysis in T cell subsets, we also calculated enrichment of 

disease-associated SNP sets in H3K4me1 peaks of eight different tissues: adipose nuclei, liver, adipose-

derived mesenchymal stem cells (ADMSC), kidney, breast myo-epithelial cells, brain, CD4+ T cells and 

skeletal muscle cells (Fig. 6a and Supplementary Table 11c). These H3K4me1-peaks were calculated in 

our previous analysis10 based on ChIP-Seq data together with input samples obtained from the Human 

Epigenome Atlas11,12. 

 

Haploblock-based SNP enrichment analysis. We performed a second analysis to examine the overlap of 

asthma associated SNPs and enhancers of different cell types based on previously published methods13 

with a few relevant modifications. As a source of SNPs, we used a recent analysis of asthma-associated 

SNPs across multiple study populations in the European population14. We collected SNPs that were shown 

in Supplementary Table 1 of Moffatt study14 as showing genome wide significant association with either 

childhood onset asthma or later onset asthma (66 SNPs in total). We used HapMap release 27 data 

(compiled from merged genotype data from phases I+II+III (HapMap rel #27, NCBI B36) downloaded from 

(ftp://ftp.ncbi.nlm.nih.gov/hapmap/ld_data/2009-04_rel27/) as a source for Linkage Disequilibrium (LD) 

information between SNPs, as this was the only source for which genome wide linkage information was 

available in a pre-calculated form (which was needed for the automated calculation of a large set of 

randomized controls as described below). CEU (Utah residents with ancestry from northern and western 

Europe) was chosen as the reference population. For 3 lead SNPs, no linkage information was included in 

Hapmap, and they were excluded from the dataset.  

To construct haploblocks, we grouped SNPs together that were in linkage with r2 > 0.1, resulting in 11 

haploblocks. For each haploblock, we added all SNPs that were in linkage with r2 > 0.8 for any of the lead 

SNPs For each asthma-associated haploblock, we calculated a set of 20 randomized controls choosing a 

set of control-lead SNPs that matched the frequency and properties of the lead-SNPs from meta-analysis. 

We chose control lead SNPs from the Illumina 1 MDuo genotyping array as specified from the SNP 

Genotyping Array track for hg18 of the UCSC genome browser6,7. The Illumina platform was chosen as it 
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was most frequently used in the asthma GWAS studies. As described in the SNP enrichment above, we 

assigned a ‘functional code, composed of the functional assessment in the snp138Common table and the 

allele frequency. Control haploblocks were randomly drawn by selecting first a matching control SNP for the 

asthma-SNP lead-SNP with the highest P-value, and then examining if the control had matching SNPs in 

linkage with r2 > 0.1. For asthma-haploblocks with up to 4 SNPS, controls matching all these criteria for all 

SNPs were found. For larger haploblocks, at least 4 SNPs and more than half of the contained lead-SNPs 

had to perfectly match.  

For a given set of haploblocks and a set of enhancers, we determined the number of haploblocks that 

overlapped with at least one enhancer. We determined the average number of overlapping haploblocks in 

the 20 control datasets, and used the binomial distribution to calculate P-values for the number of 

overlapping haploblocks in the meta-analysis to have occurred by chance (Supplementary Table 11d).  
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