
ARTICLE OPEN
doi:10.1038/nature14248

Integrative analysis of 111 reference
human epigenomes
Roadmap Epigenomics Consortium{, Anshul Kundaje1,2,3*, Wouter Meuleman1,2*, Jason Ernst1,2,4*, Misha Bilenky5*,
Angela Yen1,2, Alireza Heravi-Moussavi5, Pouya Kheradpour1,2, Zhizhuo Zhang1,2, Jianrong Wang1,2, Michael J. Ziller2,6,
Viren Amin7, John W. Whitaker8, Matthew D. Schultz9, Lucas D. Ward1,2, Abhishek Sarkar1,2, Gerald Quon1,2,
Richard S. Sandstrom10, Matthew L. Eaton1,2, Yi-Chieh Wu1,2, Andreas R. Pfenning1,2, XinchenWang1,2,11, Melina Claussnitzer1,2,
Yaping Liu1,2, Cristian Coarfa7, R. Alan Harris7, Noam Shoresh2, Charles B. Epstein2, Elizabeta Gjoneska2,12, Danny Leung8,13,
Wei Xie8,13, R. David Hawkins8,13, Ryan Lister9, Chibo Hong14, Philippe Gascard15, Andrew J. Mungall5, Richard Moore5,
Eric Chuah5, Angela Tam5, Theresa K. Canfield10, R. Scott Hansen16, Rajinder Kaul16, Peter J. Sabo10, Mukul S. Bansal1,2,17,
Annaick Carles18, Jesse R. Dixon8,13, Kai-How Farh2, Soheil Feizi1,2, Rosa Karlic19, Ah-Ram Kim1,2, Ashwinikumar Kulkarni20,
Daofeng Li21, Rebecca Lowdon21, GiNell Elliott21, Tim R. Mercer22, Shane J. Neph10, Vitor Onuchic7, Paz Polak2,23,
Nisha Rajagopal8,13, Pradipta Ray20, Richard C. Sallari1,2, Kyle T. Siebenthall10, Nicholas A. Sinnott-Armstrong1,2,
Michael Stevens21,42, Robert E. Thurman10, Jie Wu24,25, Bo Zhang21, Xin Zhou21, Arthur E. Beaudet26, Laurie A. Boyer11,
Philip L. De Jager2,23,27, Peggy J. Farnham28, Susan J. Fisher29, David Haussler30, Steven J. M. Jones5,31,32, Wei Li33,
Marco A. Marra5,32, Michael T. McManus34, Shamil Sunyaev2,23,27, James A. Thomson35,41, Thea D. Tlsty15, Li-Huei Tsai2,12,
Wei Wang8, Robert A. Waterland36, Michael Q. Zhang20,37, Lisa H. Chadwick38, Bradley E. Bernstein2,39,401,
Joseph F. Costello141, Joseph R. Ecker91, Martin Hirst5,181, Alexander Meissner2,61, Aleksandar Milosavljevic71, Bing Ren8,131,
John A. Stamatoyannopoulos101, Ting Wang211 & Manolis Kellis1,21

The referencehumangenome sequence set the stage for studies of genetic variation and its associationwithhumandisease,
but epigenomicstudies lacka similar reference.Toaddress thisneed, theNIHRoadmapEpigenomicsConsortiumgenerated
the largest collection so far of human epigenomes for primary cells and tissues. Herewe describe the integrative analysis
of 111 reference human epigenomes generated as part of the programme, profiled for histonemodification patterns, DNA
accessibility, DNAmethylation and RNA expression.We establish global maps of regulatory elements, define regulatory
modules of coordinated activity, and their likely activators and repressors. We show that disease- and trait-associated
genetic variants are enriched in tissue-specific epigenomic marks, revealing biologically relevant cell types for diverse
human traits, and providing a resource for interpreting the molecular basis of human disease. Our results demonstrate
the central role of epigenomic information forunderstandinggene regulation, cellulardifferentiation andhumandisease.

While the primary sequence of the human gen-
ome is largely preserved in all human cell types,
the epigenomic landscape of each cell can vary
considerably, contributing to distinct gene expres-
sion programs and biological functions1–4. Epi-
genomic information, such as covalent histone modifications, DNA
accessibility andDNAmethylation can be interrogated in each cell and
tissue type using high-throughput molecular assays2,5–8. The resulting
maps have been instrumental for annotating cis-regulatory elements
and other non-exonic genomic features with characteristic epigenomic
signatures9,10, and for dissecting gene regulatory programs in develop-
ment and disease7,9,11–14. Despite these technological advances, we still
lack a systematic understanding of how the epigenomic landscape con-
tributes to cellular circuitry, lineage specification, and the onset and pro-
gression of human disease.
To facilitate and spearhead these efforts, theNIHRoadmapEpigeno-

mics Program was established with the goal of elucidating how epige-
netic processes contribute to human biology and disease. One of the
major components of this programme consists of the Reference Epi-
genomeMapping Centers (REMCs)15, which systematically character-
ized the epigenomic landscapes of representative primary human tissues

and cells.Weused a diversity of assays, including
chromatin immunoprecipitation (ChIP)9,10,16,17,
DNA digestion by DNase I (DNase)7,18, bisulfite
treatment1,2,19,20,methylatedDNA immunopreci-
pitation (MeDIP)21, methylation-sensitive restric-

tion enzyme digestion (MRE)22, and RNA profiling8, each followed by
massively parallel short-read sequencing (-seq). The resulting data sets
were assembled into publicly accessible websites and databases, which
serve as a broadly useful resource for the scientific and biomedical com-
munity. Here we report the integrative analysis of 111 reference epige-
nomes (Fig. 1 and Extended Data Fig. 1a–d), which we analyse jointly
with an additional 16 epigenomes previously reported by the Ency-
clopedia of DNA Elements (ENCODE) project9,23.
We integrate information about histone marks, DNAmethylation,

DNA accessibility and RNA expression to infer high-resolution maps
of regulatory elements annotated jointly across a total of 127 reference
epigenomes spanning diverse cell and tissue types.We use these anno-
tations to recognize epigenome differences that arise during lineage
specification and cellular differentiation, to recognizemodules of regu-
latory regionswith coordinated activity across cell types, and to identify
key regulators of thesemodules basedonmotif enrichments and regulator
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expression. In addition,we study the role of regulatory regions in human
disease by relating our epigenomic annotations to genetic variants asso-
ciated with common traits and disorders. These analyses demonstrate
the importance andwide applicability of our data resource, and lead to
important insights into epigenomics, differentiation and disease. Specific
highlights of our findings are given below.
. Histone mark combinations show distinct levels of DNA methyla-
tion and accessibility, and predict differences in RNA expression
levels that are not reflected in either accessibility or methylation.

. Megabase-scale regions with distinct epigenomic signatures show
strong differences in activity, gene density and nuclear lamina asso-
ciations, suggesting distinct chromosomal domains.

. Approximately 5% of each reference epigenome shows enhancer and
promoter signatures, which are twofold enriched for evolutionarily
conserved non-exonic elements on average.

. Epigenomic data sets can be imputed at high resolution from exist-
ing data, completing missing marks in additional cell types, and
providing a more robust signal even for observed data sets.

. Dynamics of epigenomic marks in their relevant chromatin states
allow a data-driven approach to learn biologically meaningful rela-
tionships between cell types, tissues and lineages.

. Enhancerswith coordinated activitypatterns across tissues are enriched
for common gene functions and human phenotypes, suggesting that
they represent coordinately regulated modules.

. Regulatorymotifs are enriched in tissue-specific enhancers, enhancer
modules and DNA accessibility footprints, providing an important
resource for gene-regulatory studies.

.Genetic variants associatedwithdiverse traits showepigenomic enrich-
ments in trait-relevant tissues, providing an important resource for
understanding the molecular basis of human disease.

Referenceepigenomemappingacross tissuesandcell types
The REMCs generated a total of 2,805 genome-wide data sets, includ-
ing 1,821 histonemodification data sets, 360DNAaccessibility data sets,

277 DNA methylation data sets, and 166 RNA-seq data sets, encom-
passing a total of 150.21 billionmapped sequencing reads correspond-
ing to 3,174-fold coverage of the human genome.
Here, we focus on a subset of 1,936 data sets (Fig. 2) comprising 111

reference epigenomes (Fig. 2a–d), which we define as having a core set
of five histonemodification marks (Fig. 2e). The five marks consist of:
histone H3 lysine 4 trimethylation (H3K4me3), associated with pro-
moter regions10,24; H3 lysine 4 monomethylation (H3K4me1), associ-
atedwith enhancer regions10;H3 lysine 36 trimethylation (H3K36me3),
associated with transcribed regions; H3 lysine 27 trimethylation
(H3K27me3), associated with Polycomb repression25; and H3 lysine 9
trimethylation (H3K9me3), associatedwithheterochromatin regions26.
Selected epigenomes also contain a subset of additional epigenomic
marks, including: acetylationmarksH3K27ac andH3K9ac, associated
with increasedactivationof enhancer andpromoter regions27–29 (Fig. 2f);
DNase hypersensitivity7,18, denoting regions of accessible chromatin
commonly associated with regulator binding (Fig. 2g); DNAmethyla-
tion, typically associatedwith repressed regulatory regions or active gene
transcripts4,30 and profiled using whole-genome bisulfite sequencing
(WGBS)19, reduced-representation bisulfite sequencing (RRBS)20, and
mCRF-combined31methylation-sensitive restriction enzyme (MRE)22

and immunoprecipitation based21 assays (Fig. 2h); and RNA expres-
sion levels8,measuredusingRNA-seq and gene expressionmicroarrays
(Fig. 2i). Our definition of 111 reference epigenomes is very similar to
that usedby the InternationalHumanEpigenomeConsortium (IHEC),
which required RNA-seq, WGBS and H3K27ac that are only available
in a subset of epigenomes here. Lastly, an additional 16 histone modi-
fication marks on average were profiled across 7 deeply covered cell
types (Fig. 2j).
We jointly processed and analysed our 111 reference epigenomes

with16additional epigenomes fromENCODE9,23.Wegeneratedgenome-
wide normalized coverage tracks, peaks and broad enriched domains
forChIP-seq andDNase-seq7,32, normalized gene expression values for
RNA-seq33, and fractional methylation levels for each CpG site31,34,35.
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Figure 1 | Tissues and cell types profiled in the Roadmap Epigenomics
Consortium. Primary tissues and cell types representative of all major lineages
in the human body were profiled, including multiple brain, heart, muscle,
gastrointestinal tract, adipose, skin and reproductive samples, as well as

immune lineages, ES cells and iPS cells, and differentiated lineages derived from
ES cells. Box colours match groups shown in Fig. 2b. Epigenome identifiers
(EIDs, Fig. 2c) for each sample are shown in Extended Data Fig. 1.
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Wecomputed several quality controlmeasures (Fig. 2 and Supplemen-
tary Table 1) including the number of distinct uniquelymapped reads;
the fraction of mapped reads overlapping areas of enrichment18,36;

genome-wide strand cross-correlation37 (Fig. 2e–g); inter-replicate
correlation; multidimensional scaling of data sets from different pro-
duction centres (Supplementary Fig. 1); correlation across pairs of data
sets (Extended Data Fig. 1e); consistency between assays carried out in
multiplemapping centres (SupplementaryTable 2); readmapping qua-
lity for bisulfite-treated reads38,39; and agreement with imputed data40.
Outlier data setswere flagged, removedor replaced, and lower-coverage
data sets were combined where possible (see Methods).
The resulting data sets provide global views of the epigenomic land-

scape in a wide range of human cell and tissue types (Fig. 3), including
the largest andmost diverse collection to date of chromatin state anno-
tations (Fig. 3a); some of the deepest surveys of individual cell types
using diverse epigenomic assays (with 21–31distinct epigenomicmarks
for seven deeply profiled epigenomes; Fig. 3b); and some of the broad-
est surveys of individual epigenomic marks across multiple cell types
(Fig. 3c). Thesedata sets enable genome-wide epigenomic analyses across
multiple dimensions (Fig. 3d). All data sets, standards and protocols
are publicly available from web portals, linked from the main consor-
tiumhomepagehttp://www.roadmapepigenomics.org, andalso at http://
compbio.mit.edu/roadmap.

Chromatin states,DNAmethylationandDNAaccessibility
As a foundation for integrative analysis, we used a common set of com-
binatorial chromatin states41 across all 111 epigenomes, plus 16 addi-
tional epigenomes generated by the ENCODEproject (127 epigenomes
in total), using the core set of five histonemodificationmarks thatwere
common to all.We trained a 15-statemodel (Fig. 4a, b and Supplemen-
taryTable 3a) consisting of 8 active states and 7 repressed states (Fig. 4c)
that were recurrently recovered (Extended Data Fig. 2a), and showed
distinct levels of DNAmethylation (Fig. 4d), DNAaccessibility (Fig. 4e),
regulator binding (Extended Data Fig. 2b and Supplementary Fig. 2)
and evolutionary conservation (Fig. 4f and Supplementary Fig. 3). The
active states (associated with expressed genes) consist of active tran-
scription start site (TSS) proximal promoter states (TssA, TssAFlnk), a
transcribed state at the 59 and 39 end of genes showing both promoter
andenhancer signatures (TxFlnk), actively transcribed states (Tx,TxWk),
enhancer states (Enh,EnhG), andastateassociatedwithzinc fingerprotein
genes (ZNF/Rpts). The inactive states consist of constitutive hetero-
chromatin (Het), bivalent regulatory states (TssBiv, BivFlnk, EnhBiv),
repressedPolycomb states (ReprPC,ReprPCWk), and a quiescent state
(Quies), which covered on average 68% of each reference epigenome.
Enhancerandpromoter states coveredapproximately5%ofeachreference
epigenome on average, and showed enrichment for evolutionarily con-
served non-exonic regions42.
To capture the greater complexity afforded by additional marks, we

trained additional chromatin state models in subsets of cell types. In
the subset of 98 reference epigenomes that also includedH3K27ac data,
wealso learnedan18-statemodel (ExtendedDataFig. 2c andSupplemen-
tary Table 3b), enabling us to distinguish enhancer states containing
strong H3K27ac signal (EnhA1, EnhA2), which showed higher DNA
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Figure 2 | Data sets available for each reference epigenome. List of 127
epigenomes including 111 by the Roadmap Epigenomics program (E001–
E113) and 16 by ENCODE (E114–E129). See Supplementary Table 1 for a full
list of names and quality scores. a–d, Tissue and cell types grouped by type
of biological material (a), anatomical location (b), reference epigenome
identifier (EID, c) and abbreviated name (d). PB, peripheral blood. ENCODE
2012 reference epigenomes are shown separately. e–g, Normalized strand
cross-correlation quality scores (NSC)37 for the core set of five histone
marks (e), additional acetylation marks (f) and DNase-seq (g). h, Methylation
data by WGBS (red), RRBS (blue) and mCRF (green). A total of 104
methylation data sets available in 95 distinct reference epigenomes. i, Gene
expression data using RNA-seq (brown) and microarray expression (yellow).
j, A total of 26 epigenomes contain 184 additional histonemodification marks.
k, Sixty highest-quality epigenomes (purple) were used for training the core
chromatin state model, which was then applied to the full set of epigenomes
(purple and orange).
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accessibility (ExtendedData Fig. 3a), lowermethylation (ExtendedData
Fig. 3b) and higher transcription factor binding (ExtendedData Fig. 2c)
than enhancers lacking H3K27ac. In a subset of 7 epigenomes with an
average of 24 epigenomic marks, we learned separate 50-state chro-
matin state models based on all the available histone marks and DNA
accessibility in each epigenome (Supplementary Fig. 4), which addi-
tionally distinguished: a DNase state with distinct transcription factor
binding enrichments (Supplementary Fig. 4f), including formediator/
cohesin components43 (even thoughCTCFwasnot included as an input

track to learn themodel) and repressorNRSF; transcribed states show-
ingH3K79me1 andH3K79me2 and associatedwith the 59 ends of genes
and introns; and a large number of putative regulatory and neighbour-
ing regions showing diverse acetylation marks even in the absence of
the H3K4 methylation signatures characteristic of enhancer and pro-
moter regions.
We used chromatin states to study the relationship between histone

modification patterns, RNA expression levels, DNA methylation and
DNA accessibility. Consistent with previous studies19,23,44,45, we found
low DNA methylation and high accessibility in promoter states, high
DNAmethylation and low accessibility in transcribed states, and inter-
mediateDNAmethylation andaccessibility in enhancer states (Fig. 4d, e
and Extended Data Fig. 3a, b). These differences in methylation level
were stronger for higher-expression genes than for lower-expression
genes, leading toamorepronouncedDNAmethylationprofile (Extended
Data Fig. 3c, Supplementary Fig. 5 and SupplementaryTable 4f). Genes
proximal toH3K27ac-markedenhancers showsignificantlyhigher expres-
sion levels (ExtendedData Fig. 3d), and conversely, higher-expression
genes were significantly more likely to be neighbouring H3K27ac-
containing enhancers (Extended Data Fig. 3e).
Chromatin states sometimes captured differences in RNA express-

ion that aremissed byDNAmethylation or accessibility. For example,
TxFlnk, Enh, TssBiv and BivFlnk states show similar distributions of
DNA accessibility but widely differing enrichments for expressed genes
(Fig. 4c, d). Enh and ReprPC states show intermediate DNAmethyla-
tion, but very different distributions ofDNAaccessibility and different
enrichments for expressed genes (Fig. 4c–e). Lack of DNAmethylation,
typically associatedwith de-repression, is associatedwith both the active
TssApromoter state and thebivalentTssBiv andBivFlnk states. Bivalent
states TssBiv and BivFlnk also show overall lower DNA methylation
and higherDNA accessibility than enhancer states Enh and EnhG, and
binding by both activating and repressive regulatory factors (Extended
Data Fig. 2b). These results also held for alternative methylation mea-
surement platforms (ExtendedData Fig. 4a–c), and for the 18-state chro-
matin state model (Extended Data Fig. 4d, e). Overall, these results
highlight the complex relationship between DNA methylation, DNA
accessibility andRNA transcription and the value of interpretingDNA
methylation and DNA accessibility in the context of integrated chro-
matin states that better distinguish active and repressed regions.
Given the intermediate methylation levels of tissue-specific enhan-

cer regions, we directly annotated intermediate methylation regions,
based on 25 complementary DNA methylation assays of MeDIP31,46

andMRE-seq22,39 from9 reference epigenomes47. This resulted inmore
than 18,000 intermediatemethylation regions, showing 57%CpGmeth-
ylation on average, that are strongly enriched in genes, enhancer chro-
matin states (EnhBiv, EnhG, Enh) and evolutionarily conserved regions.
Intermediate methylation was associated with intermediate levels of
active histonemodifications and DNase I hypersensitivity. Near TSSs,
intermediate methylation correlated with intermediate gene expres-
sion, and in exons it was associated with an intermediate level of exon
inclusion47. Intermediate methylation signatures were equally strong
within tissue samples, peripheral blood andpurified cell types, suggest-
ing that intermediate methylation is not simply reflecting differential
methylation between cell types, but probably reflects a stable state of
cell-to-cell variability within a population of cells of the same type.

Epigenomic differences during lineage specification
We next studied the relationship between DNA methylation dynam-
ics and histone modifications across 95 epigenomes with methylation
data, extendingprevious studies that focusedon individual lineages19,48–50.
We found that the distribution of methylation levels for CpGs in some
chromatin states varied significantly across tissue and cell type (Fig. 4g,
Extended Data Fig. 4f and Supplementary Table 4a). For example,
TssAFlnk states were largely unmethylated in terminally differentiated
cells and tissues, but frequently methylated for several pluripotent and
embryonic-stem-cell-derived cells (Bonferroni-correctedF-testP, 0.01);
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Figure 3 | Epigenomic information across tissues and marks. a, Chromatin
state annotations across 127 reference epigenomes (rows, Fig. 2) in a,3.5-Mb
region on chromosome 9. Promoters are primarily constitutive (red vertical
lines), while enhancers are highly dynamic (dispersed yellow regions).
b, Signal tracks for IMR90 showing RNA-seq, a total of 28 histonemodification
marks, whole-genome bisulfite DNA methylation, DNA accessibility, digital
genomic footprints (DGF), input DNA and chromatin conformation
information72. c, Individual epigenomic marks across all epigenomes in which
they are available.d, Relationship of figurepanels highlights data set dimensions.
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Enh and EnhG states were highly methylated in pluripotent cells, but
showed a broader distribution of intermediatemethylation in differen-
tiated cells and tissues (P, 0.01); EnhBiv states were unmethylated in
most primary cells and tissues, but showed a broader distribution of
methylation levels in pluripotent cells, possibly reflecting cell-to-cell
heterogeneity (P, 0.01); the repressed state ReprPC showed varying
methylation levels among epigenomes; and the Het state showed high
levels of methylation in almost all epigenomes.
Wealso studiedDNAmethylation changes in three different systems.

First,we studiedDNAmethylationchangesduring embryonic stem(ES)
cell differentiation50,51.We identified regions that lostmethylation (dif-
ferentiallymethylated regions (DMRs), SupplementaryTable 4c) upon
differentiation of ES cells (E003) to mesodermal (E013), endodermal
(E011) and ectodermal (E012) lineages (Fig. 4h). Each lineage showeda
largely distinct set of,2,200–4,400DMRs that are enriched for distinct
transcription factor binding events (Fig. 4h, right column)52, consistent
with their distinct developmental regulation. Upon further differenti-
ation, ectodermal DMRs remained hypomethylated in three neural
progenitor populations53, despite the usage of distinct human ES cell
(hESC) lines, andmesodermal and endodermalDMRs remainedhighly
methylated (Fig. 4h), highlighting the lineage-specific nature of changes
in DNA methylation during early differentiation50,54.
Second,we studiedDNAmethylation changes associatedwith breast

epithelia differentiation45. Ectoderm to breast epithelia differentiation
was dominated byDNAmethylation loss (1.3MCpGs lostmethylation
compared with 0.2M gained), consistent with other primary somatic
cell types51. By distinguishing luminal versusmyoepithelial cells by flow
sorting, and comparing a set of DMRs (Supplementary Table 4d) de-
fined specifically in epithelial lineages45, we founddifferences innearest-
gene enrichments55 (mammary gland epithelium development versus

actin filament bundle, respectively) and differences in motif density
(luminalDMRs showgreatermotif density for 51 transcription factors
and lower density for 0 transcription factors). Proximal DMRs were
highly associated with increased transcription, consistent with regula-
tory element de-repression associated with DNA methylation loss.
Third,we askedwhether tissue environmentordevelopmental origin

is the primary driving factor inDNAmethylationdifferences observed
in more differentiated cell types56 using epigenomes from skin cell
types (keratinocytes E057/058,melanocytes E059/E061 and fibroblasts
E055/056) that share a common tissue environment but possess dis-
tinct embryonic origins (surface ectoderm, neural crest andmesoderm,
respectively). We found that despite the shared tissue environment,
these three cell types displayed lower overlap in theirDNAmethylation
and histone modification signatures, and instead were more similar to
other cell typeswith a shareddevelopmental origin.Usinga set ofDMRs
(Supplementary Table 4e) defined specifically in the skin cell types56,
keratinocytes shared 1,392 (18%) of DMRs with surface ectoderm-
derived breast cell types (hypergeometric P value,1026), and 97% of
thesewere hypomethylated. These sharedDMRswere enriched for reg-
ulatory elements and cell-type-relevant genes, suggesting a common
gene-regulatorynetwork and shared signalling pathways and structural
components56. These results suggest that common developmental ori-
gin can be a primary determinant of globalDNAmethylation patterns,
and sometimes supersedes the immediate tissue environment inwhich
they are found.
We also examined coordinated changes in chromatin marks assoc-

iated with cellular differentiation57.We found that enhancers showing
coordinated differences in multiple marks were enriched near genes
showing common tissue-specific expression, and common knockout
phenotypes based on theirmouse orthologues. For example, enhancers
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that showed higher H3K27ac andH3K4me3 (Fig. 4i, cluster C2) in left
ventricle (E095) relative to their ES cells (E003) and mesendodermal
(E004) precursor lineages were enriched for heart ventricle expression
and cardiac and muscle phenotypes in their mouse orthologues.

Most variable states and distinct chromosomal domains
Wenext sought to characterize the overall variability of each chromatin
state across the full range of cell and tissue types.We first evaluated the
observed consistency of each chromatin state at any given genomic
position across all 127 epigenomes (Fig. 5a).We found thatH3K4me1-
associated states (includingTxFlnk,EnhG,EnhBivandEnh) are themost
tissue specific, with 90% of instances present in at most 5–10 epigen-
omes, followed by bivalent promoters (TssBiv) and repressed states
(ReprPC, Het). In contrast, active promoters (TssA) and transcribed
states (Tx, TxWk)were highly constitutive, with 90%of regionsmarked
in asmanyas 60–75 epigenomes.Quiescent regionswere themost con-
stitutive, with 90%consistentlymarked inmost of the 127 epigenomes.
These results held in the 18-state chromatin statemodel (ExtendedData
Fig. 5a), and in the subset of highest-quality epigenomes (Supplementary
Fig. 6a, b).
Adjusting for the overall coverage and variability of each state, we

then studied differences in the relative fraction of the genome anno-
tated to each chromatin state between cell types (Fig. 5b, ExtendedData
Fig. 5b and Supplementary Fig. 6c–e). Haematopoietic stem cells and
immune cells showa consistent andpreviously unrecognizeddepletion
of active and bivalent promoters (TssA,TssBiv) andweakly transcribed
states (TxWk), which may be related to their capacity to generate sub-
lineages and enter quiescence (reversibleG0phase). ES cells and induced
pluripotent stem cells (iPS cells) show enrichment of TssBiv, consistent
withprevious studies58, and a depletion ofReprPCWk(definedbyweak
H3K27me3), possiblydue to restrictionofH3K27me3-establishingPoly-
comb proteins to promoter regions. Notably, IMR90 fetal lung fibro-
blasts, whichwere previously used as a somatic reference cell type59, are

in fact a strong outlier in multiple ways, showing higher levels of Het,
ReprPC and EnhG, and a depletion of Quies chromatin states.
We next studied the relative frequency with which different chro-

matin states switch to other states across different tissues and cell types
(Fig. 5c), relative to switching in samples of the same tissue or cell type
(SupplementaryFig. 7a, b). This revealed a relative switching enrichment
between active states and repressed states, consistent with activation
and repressionof regulatory regions.The only exceptionwas significant
switching between transcribed states and active promoter and enhancer
states, possibly due to alternative usage of promoters22 and enhancers60

embeddedwithin transcribed elements. These chromatin state switch-
ing properties were also found in the 18-state model incorporating
H3K27acmarks (ExtendedDataFig. 5c) and in the subsetof 16ENCODE
reference epigenomes using both models (Supplementary Fig. 7c, d).
We found that enhancers and promoters maintained their identity,
except for a small subset of regions switching between enhancer signa-
tures and promoter signatures61. Luciferase assays showed that these
regions indeed possess both enhancer and promoter activity61, consis-
tent with their epigenomic marks.
While chromatin statesweredefinedatnucleosomeresolution (200bp),

we also studied the overall co-occurrence of chromatin states across
tissues at a larger resolution (2Mb) to recognize higher-order proper-
ties (Fig. 5d). This analysis revealed that 2-Mb segments rich in active
enhancers are constrained to approximately40%of the genome (clusters
c1–c6), with the remaindermarked predominantly by inactive regions
(c7–c11), consistentwith the identificationof two large chromatin con-
formation compartments12,62. However, both compartments can be fur-
ther subdivided by their chromatin state composition: inactive regions
separate into predominantly quiescent (40%, c9, c11), heterochromatic
(10%, c10), or bivalent (10%, c7, c8)marked regions; and active regions
separate into regions rich inmultiplemarks (c3 and c6, showing a large
diversity of active, ReprPC and bivalent states), enhancer and weakly
transcribed regions (c5), and regions of intermediate activity (c1, c2, c4).
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These subdivisions were based on average state density across a large
diversity of cell types and showed strong differences in gene density,
CpG island occupancy, lamina association63,64 and cytogenetic bands
(Fig. 5d andExtendedData Fig. 5d), suggesting that they represent stable
chromosomal features.

Relationships between marks and lineages
We next studied the relationship between tissues and cell types, based
on the similarity of diverse histone modification marks evaluated in
their relevant chromatin states.Hierarchical clustering of our 111 refer-
ence epigenomes using H3K4me1 signal in Enh (Fig. 6a) showed con-
sistent grouping of biologically similar cell and tissue types, including
ES cells, iPS cells,T cells, B cells, adult brain, fetal brain, digestive, smooth
muscle andheart.We also found several initially surprising but biolog-
ically meaningful groupings: fetal brain and germinal matrix samples
clusteredwith neural stem cells rather than adult brain, consistent with
fetal neural stem-cell proliferation;manyES-derived cells clusteredwith
ES cells and iPS cells rather than the corresponding tissues, suggest-
ing that those are still closer to pluripotent states than corresponding
somatic states; adult and fetal thymus samples clustered with T cells
rather than other tissues, consistentwith roles inT-cellmaturation and
immunity. Severalmarks successfully recovered biologicallymeaningful
groupswhenevaluated in their relevant chromatin states (Supplementary

Fig. 8), including H3K4me3 in TssA, H3K27me3 in ReprPC, and
H3K36me3 in Tx, suggesting that the signal of each mark in relevant
chromatin states is highly indicative of cell type and tissue identity.
These alternative clusterings also showed somedifferences; for example,
H3K4me3 in TssA states grouped several fetal samples together with
each other, in a cluster neighbouring ES cells and iPS cells, rather than
in separate tissue groups.
We applied this approach to compare theRoadmapEpigenomics re-

ference epigenomes with the 16 ENCODE 2012 samples with broad
mark coverage (ExtendedData Fig. 6).We found thatH3K4me1 signal
in enhancer chromatin states correctly groups primary cells from sim-
ilar tissues across the two projects, emphasizing the robustness of our
annotations and signal tracks across projects (Extended Data Fig. 6a).
For example, NHEK epidermal keratinocytes group with other kera-
tinocytes, HMECmammary epithelial cells groupwith other skin cells,
andobsteoblasts andHSMMskeletalmusclemyoblasts groupwithbone
marrow. Some cancer cell lines also groupedwith corresponding prim-
ary tissues, includingHepG2hepatocellular carcinomawith liver tissue,
NHLFprimary lung fibroblasts with the IMR90 lung fibroblast cell line,
andDnd41T-cell leukaemiawith thymus,while inother cases cancerous
cell lines grouped together, for example, HeLa-S3 cervical carcinoma
with A549 lung carcinoma. H3K27me3 signal in Polycomb-repressed
states grouped five immortalized cell lines together (Extended Data
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E065 aorta
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E095 left ventricle
E105 right ventricle
E083 fetal heart
E111 stomach smooth muscle
E103 rectal smooth muscle
E076 colon smooth muscle
E078 duodenum smooth muscle
E088 fetal lung
E092 fetal stomach
E090 fetal muscle leg
E089 fetal muscle trunk
E080 fetal adrenal gland
E091 placenta
E005 H1 BMP4 derived trophoblast cultured cells
E099 placenta amnion
E056 foreskin fibroblast primary cells skin02
E055 foreskin fibroblast primary cells skin01
E017 IMR90 fetal lung fibroblasts cell line
E006 H1 derived mesenchymal stem cells
E079 oesophagus
E113 spleen
E096 lung
E094 gastric
E098 pancreas
E066 liver
E084 fetal intestine large
E085 fetal intestine small
E110 stomach mucosa
E077 duodenum mucosa
E102 rectal mucosa donor 31
E101 rectal mucosa donor 29
E075 colonic mucosa
E106 sigmoid colon
E109 small intestine
E061 foreskin melanocyte primary cells skin03
E059 foreskin melanocyte primary cells skin01
E073 brain dorsolateral prefrontal cortex
E067 brain angular gyrus
E072 brain inferior temporal lobe
E069 brain cingulate gyrus
E071 brain hippocampus middle
E074 brain substantia nigra
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E057 foreskin keratinocyte primary cells skin02
E058 foreskin keratinocyte primary cells skin03
E028 breast variant human mammary epithelial cells (vHMEC)
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E026 bone marrow derived cultured mesenchymal stem cells
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E025 adipose derived mesenchymal stem cell cultured cells
E013 HUES64 derived CD56+ mesoderm cultured cells
E086 fetal kidney
E009 H9 derived neuronal progenitor cultured cells
E010 H9 derived neuron cultured cells
E054 ganglion eminence derived primary cultured neurospheres
E053 cortex derived primary cultured neurospheres
E070 brain germinal matrix
E082 fetal brain female
E081 fetal brain male
E012 HUES64 derived CD56+ ectoderm cultured cells
E007 H1 derived neuronal progenitor cultured cells
E022 iPS DF 19.11 cells
E024 ES-UCSF4  cells
E003 H1 cells
E021 iPS DF 6.9 cells
E008 H9 cells
E020 iPS-20b cells
E016 HUES64 cells
E019 iPS-18 cells
E014 HUES48 cells
E018 iPS-15b cells
E015 HUES6 cells
E001 ES-I3 cells
E002 ES-WA7 cells
E004 H1 BMP4 derived mesendoderm cultured cells
E011 HUES64 derived CD184+ endoderm cultured cells
E093 fetal thymus
E112 thymus
E033 primary T cells from cord blood
E043 primary T helper cells from peripheral blood
E041 primary T helper cells PMA-I stimulated
E039 primary T helper naive cells from peripheral blood
E047 primary T CD8+ naive cells from peripheral blood
E038 primary T helper naive cells from peripheral blood
E048 primary T CD8+ memory cells from peripheral blood
E037 primary T helper memory cells from peripheral blood 2
E040 primary T helper memory cells from peripheral blood 1
E044 primary T regulatory cells from peripheral blood
E045 primary T cells effector/memory enriched from peripheral blood
E042 primary T helper 17 cells PMA−I stimulated
E034 primary T cells from peripheral blood
E046 primary natural killer cells from peripheral blood
E032 primary B cells from peripheral blood
E031 primary B cells from cord blood
E062 primary mononuclear cells from peripheral blood
E035 primary haematopoietic stem cells
E050 primary haematopoietic stem cells G-CSF-mobilized female
E051 primary haematopoietic stem cells G-CSF-mobilized male
E036 primary haematopoietic stem cells short term culture
E029 primary monocytes from peripheral blood
E030 primary neutrophils from peripheral blood
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Fig. 6c), despite theirT-cell, lung, cervical, leukaemia andhepatocellular
origins12,65. The larger trees spanning ENCODE 2012 and Roadmap
Epigenomics also highlighted the large number of lineages not previ-
ously covered by reference epigenomes, including brain,muscle, smooth
muscle, heart, mucosa, digestive tract and fetal tissues.
To understand the relationship among different tissue/cell samples

beyond the constraints of a tree representation, we also studied the full
similaritymatrixof eachmark in relevant chromatin states (Supplemen-
tary Fig. 9) and also visualized the principal dimensions of epigenomic
variation usingmultidimensional scaling (MDS) analysis (Supplemen-
tary Fig. 10). The pairwise similarity matrices of different marks were
most effective in distinguishing different subsets of the samples, with
H3K4me1 in Enh primarily capturing immune cell similarities, and
H3K27me3 inReprPCcapturingpluripotent cell similarities (Supplemen-
tary Fig. 9). In theMDS analysis, the first four dimensions of variation
for most marks separated major sample groups (Extended Data Fig.
7a–i), with some subtle differences betweenmarks. For example, plur-
ipotent cells and immune cells were two strong outliers in the first two
dimensions of H3K4me1 variation in Enh (Fig. 6b), but H3K27me3 in
ReprPC showed more uniform spreading of reference epigenomes
(Fig. 6c), consistent with the coverage distributions of immune and
pluripotent cells for the corresponding chromatin states (Fig. 5b). For
most marks, the first five dimensions captured most of the variance,
with additional dimensions capturing atmost 4–6% for eachmark (Ex-
tended Data Fig. 7).

Imputation and completion of epigenomic data sets
We exploited the strong relationships betweenmarks and lineages for
epigenomic signal imputation to completemissingmarks across remain-
ing tissues, and to complement observed data sets with more robust
predictions based on multiple data sets40. We predicted epigenomic
signal tracks at 25-nucleotide resolution for histonemarks, DNA acces-
sibility, and RNA-seq data set and at single-base for CpGmethylation,
by exploiting correlations between multiple marks in the same cell
type, and the same mark across multiple cell types.
Wepredict signal tracks for 34 epigenomicmarks in127 epigenomes,

corresponding to 4,315 imputed genome-wide data sets, of which 3,193
(74%) are only available as imputed data. Imputed tracks showed high
correlationwith observeddata, provided stronger andmore consistent
aggregate statistics relative to gene andTSS annotations, revealed lower-
quality observed data sets in cases of disagreement between imputed
and observed data, and captured cell type relationships and lineage-
restricted information40.
We also used 12 imputed epigenomicmarks to learn a 25-state chro-

matin state model jointly across all 127 reference epigenomes, which
distinguishedmultiple subtypes of enhancer andpromoter regions across
the complete set of reference epigenomes, including several active, weak
and transcribed enhancer states, and both upstream and downstream
promoter regions, providing an important reference annotation for
studies of gene regulation and human disease40.

Enhancer modules and their putative regulators
We next exploited the dynamics of epigenomic modifications at cis-
regulatory elements to gain insights into gene regulation. We focused
on 2.3M regions (12.6% of the genome) showing DNA accessibility in
any reference epigenome and regulatory (promoter or enhancer) chro-
matin states, considering enhancer-only, promoter-only, or enhancer–
promoter alternating states separately (Supplementary Fig. 11). We
clusteredenhancer-onlyelements (Enh,EnhBiv,EnhG) into226enhancer
modules of coordinated activity (Fig. 7a), promoter-only elements into
82promotermodules (SupplementaryFig. 11a) andpromoter/enhancer
‘dyadic’ elements into 129 modules (Supplementary Fig. 11b), enabl-
ing us to distinguish ubiquitously active, lineage-restricted and tissue-
specificmodules for eachgroup. Focusingon theenhancer-onlyclusters,
we found that the neighbouring genes of enhancers in the samemodule
showed significant enrichment for common functions66 (Fig. 7b and

Supplementary Fig. 11c, d), commongenotype–phenotype associations67

(Fig. 7c), and common expression in their mouse orthologues (Sup-
plementary Fig. 12), each annotation type showing strong consistency
with theknownbiologyof the corresponding tissues. For example, stem-
cell enhancersare enrichedneardevelopmentalpatterninggenes, immune
cell enhancers near immune response genes, and brain enhancers near
learning andmemory genes (Fig. 7b). Sub-clusteringof individualmod-
ules continued to reveal distinct enrichment patterns of individual sub-
modules (Supplementary Fig. 11e), suggesting increased diversity of
regulatory processes beyond the 226 modules used here.
The genome sequence of enhancers in the samemodule showed sub-

stantial enrichment for sequence motifs68 associated with diverse tran-
scription factors (Supplementary Fig. 13a). We found 84 significantly
enrichedmotifs in 101modules (ExtendedData Fig. 8), indicating that
enhancer modules likely represent co-regulated sets, and proposing
candidate upstream regulators for nearly half of all modules. Direct
application of the same approach and thresholds to the putative regula-
tory regions annotated in each of the 111 reference epigenomes led to
significant enrichment for only 10 enrichedmotifs in 15 reference epi-
genomes (Supplementary Fig. 13b, c) ofwhich8 are blood samples, and
focusing on the regions unique to each of the 17 tissue groups (Fig. 2b)
only led to 19 enriched motifs in 10 tissue groups (Supplementary
Fig. 13d, e), emphasizing the importance of studying regulatory motif
enrichments at the level of enhancer modules.
We next sought to distinguish likely activator and repressor motifs,

by identifying regulatorswith expressionpatternsacross cell/tissue types
that show a strong (positive or negative) correlation with the activity of
enhancers in the corresponding modules9.We focused on the 40most
strongly expression-correlated regulators (ExtendedData Fig. 9a), and
used the module-level motif enrichments to link each regulator to the
cell/tissue types that define eachmodule (Fig. 8). We found that many
of the inferred links correspond to known regulatory relationships,
includingOCT4 (also known as POU5F1) in pluripotent cells,HNF1B
andHNF4A1 in liver and other digestive tissues, RFX4 in neurosphere
and neuronal cells, and MEF2D in muscle. The most enriched regu-
lators showedprimarily positive correlations, suggesting that they func-
tion as transcriptional activators, while a subset of factors showed a
negative correlation, with the motif showing enhancer depletion in
the lineages where the corresponding factor is expressed, suggesting a
repressive role. For example, REST (also known as NRSF), a known
repressor of neuronal lineages, showed lowest expression in neuronal
tissues, where its motif was most enriched in enhancers, and a similar
signaturewas found for ZBTB1B, a known repressor ofmyogenesis and
brain development.
Regulatory motifs predicted to be drivers of enhancer activity pat-

terns showed significant enrichment in tissue-specific high-resolution
(6–40 bp) DNase digital genomic footprints (DGF)69 in matching cell
types (ExtendedData Fig. 9b and Supplementary Table 5b), providing
DNA accessibility evidence that the motifs are indeed bound in these
cell types. In addition, they showed positional bias relative to both the
centre ofDGF locations and relative to their boundaries (ExtendedData
Fig. 10), a property not found for shuffled motifs70. These positional
biases were highly tissue- and cell-type-specific formost activating fac-
tors (ExtendedData Fig. 9c), including POU5F1 in iPS cells,MEF2D in
heart,HNF1B ingastrointestinal tissues, BHLH inbrain, SPI1 in immune
cells, andMEF2 in heart andmuscle, in each case matching the tissues
that showed the highest enrichment. In contrast, for repressive factors
and CTCF, positional biases were found in large numbers of tissues,
evenwhen themotifswerenot enriched inactive enhancers. For example,
REST (NRSF) was positionally biased in DGF sites in nearly all tissues
except brain (ExtendedData Fig. 9c), even though it was only enriched
in active enhancers in brain (Extended Data Fig. 9a), consistent with
widespread repressive binding in non-brain tissues.
Overall, these enhancer modules, motif enrichments and regula-

tory predictions provide an unbiased map that can help guide studies
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of candidate master regulators for fetal and adult lineage establishment
and cell-type identity.

Impact of DNA sequence and genetic variation
We next studied the impact of primary DNA sequence on the epige-
nomic landscape, across genomic regions and between the two alleles
of a given individual. First, we evaluated whether histone modifica-
tions and DNAmethylation can be predicted by the underlying DNA
sequence using DNA motifs for transcription factors expressed in ES
cells and four ES-derived cell types. Using the area under the receiver
operating curve (AUROC), we found between 71% predictive power
forH3K4me1peaks and98%forH3K4me3peaks (averageof 85%across
six marks and methylation-depleted regions)71. The most predictive
motifs were those of factors associated with specific histone modifica-
tions or specific cell types, andwere foundwithin peak regions enriched
for chromatinmarks and at their boundaries.As anexample of a bound-
ary enrichment, H3K4me3 peaks were flanked by motifs consisting

of a continuous stretch of A and T followed by a G and C, which may
have a role in nucleosome positioning or recruiting promoter-associated
transcription factors, such as nuclear receptors. Enhancer and promoter-
predictive motifs were enriched in high-resolution DNase hypersensi-
tive sites (Supplementary Table 5a), suggesting that they correspond to
transcription-factor-bound sequences.
Second, we studied how sequence variants between the two alleles

of the same individual can lead to allelic biases inhistonemodifications,
DNAmethylation and transcript levels.We reconstructed chromosome-
spanninghaplotypes for ES cells, four ES-cell-derived cell lines72 and 20
tissue samples61, and we resolved allele-specific activity and structure
for each.We found widespread allelic bias in both transcript levels and
epigenomicmarks for each epigenome. For example, 24%of all testable
genes that contain exonic variants demonstrate allelic transcription in
one ormore ES cell or ES-cell-derived cell lineages, and themajority of
these genes also exhibit allelic epigenomic modifications in promoters
(71%) and Hi-C-linked enhancers (69%)72. Similarly, as many as 11%
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of the testable enhancers display allelic bias in histone modification
H3K27ac in the 20 tissue sampleswith allele-resolved transcription and
chromatin states61.Allelic histone acetylation at enhancers is highly spe-
cific to individual genotypes, and often occurs near sequence variants
that alter transcription factor binding, suggesting cis-acting sequence
drivers for at least a subset of these regions61,72.

Trait-associated variants enrich in tissue-specific marks
Wenext used our tissue-specific epigenomic data sets to study the reg-
ulatory annotation enrichments of phenotype-associated variants from
genome-wide association studies (GWAS) of diverse traits and disor-
ders. Previous studies showed that disease-associated variants are en-
riched in specific regulatory chromatin states9, evolutionarily conserved
elements73, histonemarks74 and accessible regions14.We expanded these
analyses using the diversity of primary tissues surveyed by our epige-
nomic maps, applied to a compendium of disease-associated variants
from theNHGRIGWAS catalogue75.We intersected the set of variants
identified in each curated study with peaks of H3K4me1, H3K4me3,
H3K36me3, H3K27me3 and H3K9me3 across each of the 127 epigen-
omes, andH3K27ac,H3K9ac andDNasewhenavailable (ExtendedData
Figs 11, 12 and Supplementary Table 6), and we searched for significant
enrichment in their overlap relative to what would be expected given
the NHGRI GWAS catalogue as background (see Methods).
For enhancer-associatedH3K4me1peaks,we found58 studies (Fig. 9a

and Extended Data Fig. 11a) with significant enrichments in at least
one tissue at 2% false discovery rate (FDR) (hypergeometricP, 10–3.9).
Uponmanual curation, the enriched cell typeswere consistentwithour
current understanding of disease-relevant tissues for the vast majority
of cases. For example, diverse immune traits were enriched in immune
cell enhancers, including rheumatoid arthritis, coeliac disease, type 1
diabetes, systemic lupus erythematosus, chronic lymphocytic leukaemia,
allergy, multiple sclerosis, and Graves’ disease76–82. A large number of
metabolic trait variants are enriched in liver enhancer marks, includ-
ing LDL, HDL, total cholesterol, lipid metabolism phenotypes, and
metabolite levels83,84. Fasting glucose was most enriched for pancrea-
tic islet enhancer marks and insulin-like growth factors in placenta,
consistent with their endocrine regulatory roles85,86. Several cardiac
traits were enriched in heart tissue enhancers, including the PR heart
repolarization interval, blood pressure and aortic root size. Interest-
ingly, inflammatory bowel disease and ulcerative colitis variants show

enrichment in both immune and gastrointestinal enhancermarks, sug-
gesting that dysregulation of both organs may underlie disease predis-
position. Both attention deficit hyperactivity disorder and adiponectin
levels were enriched in brain regions, consistent with causal roles in
brain dysregulation87,88. In contrast, late-onsetAlzheimer’s disease var-
iants were enriched in immune cell enhancers, rather than brain, con-
sistent with recent evidence of a possible immune and inflammatory
basis89–91.
For active enhancer-associated H3K27ac peaks (available in 98 cell

types), we found a similar number of enriched studies (47 at 2% FDR,
Extended Data Fig. 12b), but for promoter-associated H3K4me3 and
H3K9ac peaks, we found only 25 and 18 enriched studies, respectively
(ExtendedData Fig. 12a, b), suggesting that enhancer-associatedmarks
are more informative for tissue-specific disease enrichments than pro-
moter-associated marks. For DNase peaks, we only found 9 enriched
studies (Extended Data Fig. 12c), partly because they were only avail-
able in 53 reference epigenomes (restricting H3K4me1 to the same 53
resulted in 25 enriched studies, Supplementary Table 6), and possibly
due to lack of distinction between enhancer and promoter regions. For
transcription-associatedH3K36me3,we found15 enriched studies (Ex-
tendedData Fig. 12d), indicating that these help capture additional bio-
logicallymeaningful variants outside annotated promoter and enhancer
regions. In contrast, we found no enriched study for either Polycomb-
associatedH3K27me3peaksorheterochromatin-associatedH3K9me3
peaks (ExtendedData Fig. 12e, f). These results indicate that enhancer-
associated marks have the greatest ability to distinguish tissue-specific
enrichments for regulatory regions, but promoter-, open-chromatin- and
transcription-associatedmarks also have numerous significant enrich-
ments, suggesting that disease variants affect a wide range of processes.
These results illustrate that the epigenomic annotations provided

here across a broad range of primary tissues and cells will be of great
utility for interpreting genetic changes associated with complex traits.
We have made all these epigenomic annotations of GWAS regions
publicly searchable and browsable through the Roadmap Epigenome
Browser92 and an updated version of the HaploReg database93.

Discussion
TheNIHRoadmapEpigenomics Programhas beenworking to improve
epigenomic assays, generate reference epigenomicmaps, anduse them
to understand gene regulation, differentiation, reprogramming and
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humandisease (see http://www.roadmapepigenomics.org/publications).
This paper constitutes the first integrative analysis of all the reference
epigenomesgeneratedby the consortium, and represents an early com-
ponent of the International Human Epigenome Consortium (http://
ihec-epigenomes.org/), which seeks to extend such epigenomic maps
to more than a thousand reference human epigenomes94.
In this paper, we use this resource to gain insights into the epigenomic

landscape, its dynamics across cell types, tissues and development, and
its regulatory circuitry. We find that combinations of histone modifica-
tion marks are highly informative of the methylation and accessibility
levels of different genomic regions,while the converse is not always true.
Genomic regions vary greatly in their association with active marks,
with approximately 5% of each epigenome marked by enhancer or
promoter signatures on average, which show increased association
with expressed genes, and increased evolutionary conservation, while
two-thirds of each reference epigenome on average are quiescent, and
enriched in gene-poor and nuclear-lamina-associated stably repressed
regions. Even though promoter and transcription associated marks
are less dynamic than enhancer mark, eachmark recovers biologically
meaningful cell-type groupings when evaluated in relevant chromatin
states, allowing a data-driven approach to learn relationships between

cell types, tissues and lineages. The coordinated activity patterns of
enhancer regions enable us to cluster them into putative co-regulated
modules, which are proximal to genes with common functions and
phenotypes and enriched in regulatory motifs, enabling us to predict
candidate upstream regulators.
We also demonstrate the usefulness of the resulting regulatory anno-

tations for interpreting human genetic variation and disease. In an
unbiased sampling across the GWAS catalogue, we find that genetic
variants associatedwith complex traits are highly enriched in epigenomic
annotations of trait-relevant tissues, providing insights on the likely
relevant cell types underlying genome-wide significant loci. TheGWAS
enrichments in our analysis were strongest for enhancer-associated
marks, consistent with their highly tissue-specific nature. However,
promoter-associated and transcription-associated marks were also
enriched, implicating several gene-regulatory levels as underlying gen-
etic variants associated with complex traits. These results suggest that
our data sets will be valuable in the study of human disease, as several
companionpapers explore in the context of autoimmune disorders95,96,
Alzheimer’s disease91,97,98 and cancer99,100.
Overall, our epigenomic data sets, regulatory annotations and inte-

grative analyses have resulted in the most comprehensive map of the
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Figure 9 | Epigenomic enrichments of genetic variants associated with
diverse traits. Tissue-specificH3K4me1 peak enrichment significance (2log10
P value) for genetic variants associated with diverse traits. Circles denote
reference epigenome (column) of most significant enrichment for SNPs
reported by a given study (row), defined by trait and publication (PubMed

identifier, PMID). Tissue (Abbrev) and P value (2log10) of most significant
enrichment are shown. Only rows and columns containing a value meeting
a FDR of 2% are shown (see Extended Data Figs 11 and 12 for full matrix for
all studies showing at least 2% FDR).
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human epigenomic landscape so far across the largest collection of pri-
mary cells and tissues. We expect that this map will be of broad use
to the scientific and biomedical communities, for studies of genome
interpretation, gene regulation, cellular differentiation, genome evolu-
tion, genetic variation and human disease.

Online Content Methods, along with any additional Extended Data display items
andSourceData, are available in theonline versionof thepaper; referencesunique
to these sections appear only in the online paper.
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METHODS
No statistical methods were used to predetermine sample size.
Datamatrix, primary analysis and processing quality control.All genome-wide
maps of histonemodifications, DNAaccessibility, DNAmethylation andRNA ex-
pression are freely available online. Links for raw sequencing data deposited at the
Short Read Archive or dbGAP are available at http://www.ncbi.nlm.nih.gov/geo/
roadmap/epigenomics/. All primary processed data (including mapped reads) for
profiling experiments are contained within Release 9 of the Human Epigenome
Atlas (http://www.epigenomeatlas.org). Complete metadata associated with each
data set in this collection is archived at GEO and describes samples, assays, data
processing details and quality metrics collected for each profiling experiment.
Release 9 of the compendium contains uniformly pre-processed and mapped

data frommultiple profiling experiments (technical and biological replicates from
multiple individuals and/or data sets frommultiple centres). To reduce redundancy,
improve data quality and achieve uniformity required for our integrative analyses,
experiments were subjected to additional processing to obtain comprehensive data
for 111 consolidated epigenomes (see sections below for additional details).Numeric
epigenome identifiers (EIDs; for example, E001) and mnemonics for epigenome
names were assigned for each of the consolidated epigenomes. Supplementary
Table 1 (QCSummary sheet) summarizes themapping of the individual Release 9
samples to the consolidated epigenome IDs. Key metadata such as age, sex, ana-
tomy, epigenomeclass (see SupplementaryTable 1,EpigenomeClassSummary sheet),
ethnicity and solid/liquid statuswere summarized for the consolidated epigenomes.
Data sets corresponding to16 cell lines from theENCODEproject (with epigenome
IDs ranging fromE114 toE129)were alsoused in the integrative analyses23. All data
sets from the 127 consolidated epigenomes were subjected to processing filters to
ensureuniformity in terms of read-length-basedmappability and sequencingdepth
as described below.
Each of the 127 epigenomes included consolidatedChIP-seq data sets for a core

set of histone modifications—H3K4me1, H3K4me3, H3K27me3, H3K36me3,
H3K9me3—as well as a corresponding whole-cell extract sequenced control.
Ninety-eight epigenomes and sixty-two epigenomes had consolidated H3K27ac
and H3K9ac histone ChIP-seq data sets, respectively. A smaller subset of epigen-
omes had ChIP-seq data sets for additional histone marks, giving a total of 1,319
consolidateddata sets (SupplementaryTable1,QCSummary sheet). 53 epigenomes
hadDNA accessibility (DNase-seq) data sets. Fifty-six epigenomes hadmRNA-seq
gene expression data. For the 127 consolidated epigenomes, a total of 104 DNA
methylationdata sets across 95 epigenomes involved either bisulfite treatment (WGBS
or RRBS assays) or a combination ofMeDIP-seq andMRE-seq assays. In addition
to the 1,936 data sets analysed here across 111 reference epigenomes, the NIH
RoadmapEpigenomics Project has generated an additional 869 genome-wide data
sets, linked fromGEO, the Human Epigenome Atlas, and NCBI, and also publicly
and freely available.
RNA-seq uniform processing and quantification for consolidated epigenomes.
Weuniformly reprocessedmRNA-seqdata sets from56 reference epigenomes that
had RNA-seq data. For RNA-seq analysis, after library construction45, we aligned
75-bp-long or 100-bp-long reads using the BWA aligner, and generated read cov-
erage profiles separately for positive and negative strand strand-specific libraries.
We used several QCmetrics for the RNA-seq library, including intron–exon ratio,
intergenic reads fraction, strand specificity (for strandedRNA-seqprotocols), 39-59
bias,GCbias andRPKMdiscovery rate (SupplementaryTable 1,RNaseqQCSummary
sheet).Wequantified exon andgene expression using amodifiedRPKMmeasure8,
whereby we used the total number of reads aligned into coding exons for the nor-
malization factor inRPKMcalculations, andexcluded reads fromthemitochondrial
genome, reads falling into genescoding for ribosomalproteins, and reads falling into
top0.5%expressed exons.RPKMfor a genewas calculatedusing the total number of
reads aligned intoallmergedexons for a genenormalized by total exonic length. The
resulting files contain RPKM values for all annotated exons and coding and non-
coding genes (excluding ribosomal genes), as well as introns (Gencode V10 anno-
tations were used). We also report the coordinates of all significant intergenic
RNA-seq contigs not overlapping the annotated genes.
ChIP-seq and DNase-seq uniform reprocessing for consolidated epigenomes.
Readmapping. Sequenced data sets from the Release 9 of the EpigenomeAtlas in-
volved mapping a total of 150.21 billion sequencing reads onto hg19 assembly of
the humangenomeusing thePASHreadmapper34. These readmappingswere used
(except for RNA-seq data sets, which were mapped as described above) for con-
structing the 111 consolidated epigenomes. Only uniquely mapping reads were
retained and multiply-mapping reads were filtered out. BED files containing the
mapped readswere obtained fromhttp://www.epigenomeatlas.org.Alignment pa-
rameters for each assay type and experiment are specified in the associated publicly
accessible Release 9 metadata archived at GEO. For the ENCODE data sets, BAM
files containingmapped readswere downloaded fromhttp://hgdownload.cse.ucsc.

edu/goldenPath/hg19/encodeDCC/. Only uniquely mapping reads were retained
and multiply mapping reads were discarded.
Mappability filtering, pooling and subsampling. The raw Release 9 read alignment
files contain reads that are pre-extended to 200 bp.However, therewere significant
differences in the original read lengths across the Release 9 raw data sets reflecting
differences between centres and changes of sequencing technology during the
course of the project (36 bp, 50 bp, 76 bp and100 bp). To avoid artificial differences
due tomappability, for each consolidated data set the rawmapped reads were uni-
formly truncated to 36 bp and then refiltered using a 36-bp custom mappability
track toonly retain reads thatmap topositions (taking strand into account) atwhich
the corresponding 36-mers starting at those positions are unique in the genome.
Filtered data setswere thenmerged across technical/biological replicates, andwhere
necessary to obtain a single consolidated sample for every histone mark or DNase-
seq in each standardized epigenome. Supplementary Table 1 summarizes themap-
ping of the individual Release 9 primary data sample files to the consolidated data
files corresponding to the 127 consolidated reference epigenomes.
To avoid artificial differences in signal strength due to differences in sequencing

depth, all consolidated histonemark data sets (except the additional histonemarks
the seven deeply profiled epigenomes, Fig. 2j) were uniformly subsampled to a
maximum depth of 30 million reads (the median read depth over all consolidated
samples). For the sevendeeplyprofiled reference epigenomes (Fig. 2j), histonemark
data sets were subsampled to a maximum of 45million reads (median depth). The
consolidated DNase-seq data sets were subsampled to a maximum depth of 50
million reads (mediandepth). Theseuniformly subsampleddata setswere thenused
for all further processing steps (peak calling, signal coverage tracks, chromatin states).
Peak calling. For the histone ChIP-seq data, theMACSv2.0.10 peak caller was used
to compareChIP-seq signal to a correspondingwhole-cell extract (WCE) sequenced
control to identify narrow regions of enrichment (peaks) that pass a PoissonP value
threshold 0.01, broad domains that pass a broad-peak Poisson P value of 0.1 and
gapped peaks which are broad domains (P, 0.1) that include at least one narrow
peak (P, 0.01) (https://github.com/taoliu/MACS/)32. Fragment lengths for each
data setwere pre-estimated using strand cross-correlation analysis and theSPPpeak
caller package (https://code.google.com/p/phantompeakqualtools/)37 and these frag-
ment length estimates were explicitly used as parameters in the MACS2 program
(–shift-size5 fragment_length/2).
For DNase-seq data, we used two methods to identify DNase I accessible sites.

First, the Hotspot algorithm was used to identify fixed-size (150 bp) DNase hy-
persensitive sites, andmore general-sized regions of DNA accessibility (hotspots)
using an FDR of 0.01 (http://www.uwencode.org/proj/hotspot)104. MACSv2.0.10
was also used to call narrow peaks using the same settings specified above for the
histone mark narrow peak calling.
Narrow peaks and broad domains were also generated for the unconsolidated,

36-bp mappability filtered histone mark ChIP-seq and DNase-seq Release 9 data
sets using MACSv2.0.10 with the same settings as specified above.
Genome-wide signal coverage tracks. We used the signal processing engine of the
MACSv2.0.10 peak caller to generate genome-wide signal coverage tracks.Whole-
cell extract was used as a control for signal normalization for the histone ChIP-seq
coverage. Each DNase-seq data set was normalized using simulated background
data sets generated by uniformly distributing equivalent number of reads across
themappable genome.We generated two types of tracks that use different statistics
based on a Poisson background model to represent per-base signal scores. Briefly,
reads are extended in the 59 to 39 direction by the estimated fragment length. At
each base, the observed counts of ChIP-seq/DNase I-seq extended reads overlap-
ping the base are compared to correspondingdynamic expectedbackgroundcounts
(llocal) estimated from the control data set.llocal is definedasmax(lBG,l1k,l5k,l10k)
where lBG is the expected counts per base assuming a uniformdistribution of con-
trol reads across all mappable bases in the genome and l1k, l5k, l10k are expected
counts estimated from the 1 kb, 5 kb and 10 kbwindow centred at the base. llocal is
adjusted for the ratio of the sequencing depth of ChIP-seq/DNase-seq data set
relative to the control data set. The two types of signal score statistics computed
per base are as follows.
(1) Fold-enrichment ratio of ChIP-seq or DNase counts relative to expected

background counts llocal. These scores provide a direct measure of the effect size
of enrichment at any base in the genome.
(2) Negative log10 of the Poisson P-value of ChIP-seq or DNase counts relative

to expected background counts llocal. These signal confidence scores provide a
measure of statistical significance of the observed enrichment.
The 2log10(P value) scores provide a convenient way to threshold signal (for

example, 2 corresponds to aP value threshold of 13 1022), similar to what is used
in identifying enriched regions (peak calling).We recommendusing the signal con-
fidence score tracks for visualization. A universal threshold of 2 provides good
separationbetween signal andnoise.Both types of signal trackswere also generated
for the unconsolidated data sets using the same parameter settings described above.
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Quality control. For the primary Release 9 data sets, data quality enrichment scores
were computed as the fractionof the uniquelymapped reads overlappingwith areas
of enrichment. Severalmethodswere employed to select signal enrichment regions.
The SPOT quality score was computed based on regions identified with the Hot-
Spot peak caller104; the FindPeaks quality score was inferred based on peak calls
madeusing theFindPeaks36 software; finally, a Poissonmetricwasderivedbymod-
elling the read distribution in genome-tiling 1,000-bpwindowswith a Poisson dis-
tribution and selecting as enriched regions windows with P, 0.05. All the quality
scores in Release 9 are in agreement, with strong pairwise correlation (Pearson
correlation.0.9). Concordance between centres was confirmed and data analysis
pipelinewas validated at the outset of the project using data sets for theH1 cell line.
The same pipelinewas subsequently used to produce Release 9 data. ChIP-seq data
for sixhistonemodifications (H3K4me3,H3K27me3,H3K9ac,H3K9me3,H3K36me3
andH3K4me1)were independently generated for theH1 cell line by threeREMCs
(Broad,UCSD,UCSF-UBC). To quantify concordance, the reads fromeach exper-
imentweremapped (Level 1 data), readdensity tracks (Level 2 data)were generated
using the EDACC’s primary data processing pipeline, and finally Pearson correla-
tion coefficients were computed between each pair of experiments, as well as be-
tween experiments and H1 input acting as a control for background correlation
between signals (Supplementary Table 2). Themethylome processing pipelinewas
characterized experimentally on four independent samples38,39.
For the uniformly reprocessed and consolidated ChIP-seq andDNase-seq data

sets, strand cross-correlationmeasureswere used to estimate signal-to-noise ratios
(https://code.google.com/p/phantompeakqualtools/)37.Data sets for eachmarkwere
rank-ordered based on the normalized strand cross-correlation coefficient (NSC)
and flagged if the scores were significantly below themedian value or in the range
of NSC values for WCE extract controls. Consolidated data sets with extremely
low sequencing depth (,10M reads) were also flagged. Each standardized epige-
nomewas thenmanually assigned a subjective quality flag of 1 (high), 0 (medium)
or 21 (low), based on the number of flagged data sets it contained. The SPOT,
FindPeaks and Poisson quality scores were also recomputed for the consoli-
dated data sets. We observed high correlations of the NSC scores with the SPOT
(Pearson correlation of 0.7) andFindPeaks scores (Pearson correlation of 0.65).All
QC measures are provided in Supplementary Table 1 (Sheets QCSummary and
AdditionalQCScores).
To identify potential antibody cross-reactivity ormislabelling issues, a pairwise

correlationheatmap (ExtendedData Fig. 1e)was computed across all consolidated
data sets forH3K4me1,H3K4me3,H3K36me3,H3K27me3,H3K9me3,H3K27ac,
H3K9ac andDNase.We computed the Pearson correlation between all pairs of the
signal tracks based on signal in chromosomes 1–22 and chromosome X. We used
the signal confidence score tracks (2log10(Poisson P value)) where we first com-
puted the average signal scoreswithin each consecutive 25-bp interval. Toorder the
experiments in the heat map we defined the distance between two pairs of experi-
ments as 1-correlation value anduseda travelling salesmanproblem formulation105.
Methylation data cross-assay standardization and uniform processing for con-
solidated epigenomes.WeusedPASH38 alignments for theWGBS andRRBS read
alignments. From the number of converted and unconverted reads at each indi-
vidual CpG the total coverage and fractional methylation were reported. The data
were uniformly post-processed and formatted into twomatrices for each chromo-
some. Onematrix contained read coverage information for each base (C andG) in
everyCpG(row) and for each reference epigenome (column).Anothermatrix sim-
ilarly contained fractionalmethylation ranging from0 to 1. For the locationswhere
coverage was #3 we considered data as missing. For MeDIP/MRE methylation
data we used the output of the mCRF tool31 that reports fractional methylation in
the range from 0 to 1 and uses an internal BWAmapping. The mCRF results were
combined in a single matrix per chromosome for all reference epigenomes where
available.
Chromatin state learning. To capture the significant combinatorial interactions
betweendifferent chromatinmarks in their spatial context (chromatin states) across
127 epigenomes, we used ChromHMMv.1.10106, which is based on a multivariate
Hidden Markov Model.
‘Core’ 15-state model. A ChromHMM model applicable to all 127 epigenomes
was learnedby virtually concatenating consolidated data corresponding to the core
set of five chromatin marks assayed in all epigenomes (H3K4me3, H3K4me1,
H3K36me3, H3K27me3, H3K9me3). The model was trained on 60 epigenomes
with highest-quality data (Fig. 2k), which provided sufficient coverage of the dif-
ferent lineages and tissue types (Supplementary Table 1; Sheet QCSummary). The
ChromHMM parameters used were as follows: reads were shifted in the 59 to 39
direction by 100 bp. For each consolidated ChIP-seq data set, read counts were
computed in non-overlapping 200-bp bins across the entire genome. Each binwas
discretized into two levels, 1 indicating enrichment and 0 indicatingno enrichment.
The binarization was performed by comparing ChIP-seq read counts to corres-
pondingwhole-cell extract control read countswithin each bin and using a Poisson

P value threshold of 13 1024 (thedefault discretization threshold inChromHMM).
We trained several models in parallel mode with the number of states ranging from
10 states to 25 states. We decided to use a 15-state model (Fig. 4a–f and Extended
DataFig. 2b) for all further analyses since it capturedall the key interactions between
the chromatin marks, and because larger numbers of states did not capture suffi-
ciently distinct interactions. The trained model was then used to compute the
posterior probability of each state for each genomic bin in each reference epigen-
ome. The regions were labelled using the state with the maximum posterior
probability.
‘Expanded’ 18-state model.A second ‘expanded’ model applicable to 98 epigen-
omes that also have an H3K27ac ChIP-seq data set was learned by virtually con-
catenating consolidated data corresponding to the core set of five chromatinmarks
and H3K27ac. The model was trained on 40 high-quality epigenomes using the
same parameters as those used for the primary model (Supplementary Table 1;
SheetQCSummary).We trained severalmodelswith the number of states ranging
from 15 states to 25 states. An 18-state model was used for further analyses (Ex-
tended Data Fig. 2c) based on similar considerations.
State labels, interpretation and mnemonics. To assign biologically meaningful
mnemonics to the states, weused theChromHMMpackage to compute the overlap
and neighbourhood enrichments of each state relative to various types of functional
annotations (Fig. 4b, c, f and Extended Data Fig. 2b, c and Supplementary Fig. 2).
For any set of genomic coordinates representing a genomic feature and a given

state, the fold enrichment of overlap is calculated as the ratio of ‘the joint prob-
ability of a region belonging to the state and the feature’ versus ‘the product of
independentmarginal probability of observing the state in the genome’ times ‘the
probability of observing the feature’, namely the ratio between the (number of bases
in state AND overlap feature)/(number of bases in genome) and the [(number of
bases overlap feature)/(number of bases in genome)3 (number of bases in state)/
(number of bases in genome)]. The neighbourhood enrichment is computed for
genomic bins around a set of single-base-pair anchor locations such as transcrip-
tion start sites.
For the overlap enrichment plots in the figures, the enrichments for each ge-

nomic feature (column) across all states is normalizedby subtracting theminimum
value from the column and then dividing by the max of the column. So the values
always range from 0 (white) to 1 (dark blue); that is, it’s a column-wise relative
scale. For theneighbourhoodpositional enrichment plots, thenormalization isdone
across all columns; that is, the minimum value over the entire matrix is subtracted
from each value and divided by the maximum over the entire matrix.
The functional annotations used were as follows (all coordinates were relative

to the hg19 version of the human genome): (1) CpG islands obtained from the
UCSC table browser. (2) Exons, genes, introns, transcription start sites (TSSs) and
transcription end sites (TESs), 2-kb windows around TSSs and 2-kb windows
around TESs based on the GENCODEv10 annotation (http://hgdownload.cse.
ucsc.edu/goldenPath/hg19/encodeDCC/wgEncodeGencodeV10/) restricted to
GENCODE biotypes annotating long transcripts. (3) Expressed and non-expressed
genes, theirTSSs andTESs.Geneswere classified into the expressedor non-expressed
class based on their RNA-seq expression levels in the H1-ES cells (Fig. 4c) and
GM12878 (Extended Data Fig. 2b) cell lines. A gaussian mixture model with two
components was fit on expression levels of all genes to obtain thresholds for the
twoclasses. (4)Zinc finger genes (obtainedby searching theENSEMBLannotation
for genes with gene names starting with ZNF). (5) Transcription factor bind-
ing sites (TFBS) based on ENCODEChIP-seq data in theH1-ES cell line. The uni-
formly processed transcription factor ChIP-seq peak locations were downloaded
from the ENCODE repository: http://hgdownload.cse.ucsc.edu/goldenPath/hg19/
encodeDCC/wgEncodeAwgTfbsUniform/.We also computedpercentage transcrip-
tion factor binding site coverage for state calls in the GM12878 andK562 cell lines
using corresponding transcription factor ChIP-seq data from ENCODE which
matched and supported the mnemonics and state interpretations obtained from
the H1 cell line (Supplementary Fig. 2). (6) Conserved GERP elements based on
34 way placental mammalian alignments http://mendel.stanford.edu/SidowLab/
downloads/gerp/ (Supplementary Fig. 3). (7) Enrichment for conserved GERP
elements subtracting parts of the above-mentioned GERP elements that overlap
exons.
Comparison to chromatin states learned on individual epigenomes. We also
learned independent 15-state models individually on each of the 127 epigenomes
using the core set of 5 marks and the same parameter settings as for the primary
model. To compare the individual models to the joint 15-state primarymodel, we
stacked the emission vectors for all states from all the models and hierarchically
clustered themusing Euclidean distance andWard linkage (ExtendedData Fig. 2a).
The individual epigenomemodels consistently and repeatedly identified states that
were also recovered by the joint model (Extended Data Fig. 2a). Two additional
clusters which included states recovered by the independent models learned in
individual cell types, butnot recovered in the jointmodel,wereHetWk,characterized
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by weak presence of H3K9me3, and Rpts, characterized by presence of H3K9me3
along with a diversity of other marks, which was enriched in a large number of
repeat elements.
Expanded chromatin states using large numbers of histone marks. For each of
the seven deeply profiled reference epigenomes (Fig. 2j) we independently learned
chromatin states on observed data for all available histone modifications or var-
iants, and DNase in the reference epigenome. The same binarization and model
learning procedure was followed as for the core set of 5 marks. We chose to con-
sistently focus on a larger set of 50-states to capture the additional state distinctions
afforded by using additionalmarks (Supplementary Fig. 4). Enrichments for anno-
tations, including some of those described above for the 15-statemodel, were com-
puted using ChromHMM. The HiC domains were obtained from ref. 107; the
lamina-associated domains are described below; conserved element sets were the
hg19 lift-over from ref. 73; repetitive element definitionswere fromRepeatMasker.
Relationship between histonemarks,methylation andDNase.The distribution
of DNAmethylation (per cent CpGmethylation fromWGBS data) and DNA ac-
cessibility (DNase-seq 2log10(P value) signal confidence scores) was computed
using regions belonging to each of the 15 chromatin states based on the core set of
5marks and the 18 chromatin states from the expandedmodel across all reference
epigenomes for which these data sets were available (Fig. 4d, e).
CpGs with a minimum read coverage of 5 were used to calculate the average

methylation percentages within genomic regions labelled with each chromatin
state from the 15-state primarymodel and 18 state expandedmodel. Only regions
containingmore than 3CpGswith atmost 200 bp between consecutiveCpGswere
used. Plotswere generated using ggplot2 package for R (v.3.02). The averagemeth-
ylation levels for the chromatin states across DNAmethylation platforms (WGBS,
RRBS and mCRF) were analysed using Standard Least Square models in JMP
(v.11.0; SAS Ins.). The model included the platforms (3 levels), chromatin states
(15 levels) and the interactions (Extended Data Fig. 4).
Calling of lamina-associated domains. Genome-wide DamID binding data for
human lamin B1 in SHEF-2 ES cells were obtained from GEO series GSE22428
(ref. 63). Lamina associated domains were determined using a similar method to
the one described in ref. 64. First, hg18-based data coordinates were converted to
hg19-based coordinates using UCSC’s liftOver tool. Data were smoothed using a
running median filter with a window size of 5 probes, after which domains were
detected by estimating border and domain positions and comparing these to do-
mains defined on 100 randomized instances of the same data set. Parameters are
chosen such that the false discovery rate (FDR) for detected domains is 1%.
Chromatin state variability. For each state s for the core 15-state joint model we
computed the number of genomic bins that were labelled with that state in at least
one epigenome (Gs). From among these bins we counted the number of bins (gs,i)
that were labelled as being in state s in exactly i epigenomes (i5 1...127).We con-
verted these counts to fractions (gs,i/Gs) and computed the cumulative fraction
that is consistently labelled with the same chromatin state in at most N epigen-
omes (N5 1...127). States whose cumulative fractions rise faster than others
represent those that are less constitutive (more variable). We repeated the same
procedure restricted to 43 high-quality and non-redundant Roadmap epigenomes
(using only 1 representative epigenome from those corresponding to ES cells, iPS
lines or epigenomes for the same tissue type fromdifferent individuals and exclud-
ing ENCODE cell lines) (Supplementary Table 1, Sheet VariationAnalysis) (Sup-
plementary Fig. 6a).Analogous analysiswas performed on states from the 18-state
expanded model (Extended Data 5a and Supplementary Fig. 6b).
The observed cumulative fractions of cell-type specificity are a function of the

composition of cell types in the compendium and do depend to some extent on
the variability of data quality for the different marks. For example, the enhancer
mark (H3K4me1) doeshave amuchbetter signal-to-noise ratio than the transcribed
mark (H3K36me3). One might expect this to result in more spurious variation of
states associated with the transcribed mark. However, contrary to this expectation,
the cumulative fractions for states involving only the transcription mark (Tx and
TxWk) andnot the enhancermark indicate that these states are in fact less variable
and more constitutive across cell types. On the other hand, all states composed of
the enhancer mark (H3K4me1), irrespective of whether they do (TxFlnk, EnhG)
or do not (EnhBiv, Enh, BivFlnk, TssAFlnk) include the transcription mark
(H3K36me3), are far more cell-type specific. These observations indicate that the
increased variability of states is largely due to the enhancer mark (H3K4me1) than
the transcribedmark (H3K36me3). As replicates are not available in all epigenomes,
we did not correct for inter-replicate variation in this analysis, but in the state-
switching analysis belowweutilize samples from the same tissue as quasi-replicates.
Chromatin state switching.Toavoid spurious switching due todifferences in data
quality, we restricted this analysis to chromatin states from the 43 high-quality and
non-redundantRoadmapepigenomes (see above).Using the15 stateprimarymodel,
we computed the empirical switching frequency of any pair of states across all pairs
of 43 epigenomes. For a given pair of states A and B, we counted the number of

genomic bins that were labelled as (A,B) or (B,A) in all pairs of epigenomes. The
switching frequencymatrix (which is symmetric) was then row-normalized to con-
vert the switching frequencies to switching probabilities. This is done to avoid a
dependence on the total number of epigenomes. Also, the switching probabilities
unlike switching frequencies are not dominated by states that are highly prevalent
(for example, quiescent state). Supplementary Fig. 7b shows the empirical switch-
ing probabilities for all pairs of states across the 43 epigenomes. To differentiate
between chromatin state dynamics across tissues (inter-tissue) relative to variation
of states across individuals or replicates from the same tissue (intra-tissue), we also
computed analogous switching frequencies by restricting to subgroups of epigen-
omes from the same tissue type (SupplementaryTable 1, SheetVariationAnalysis).
The frequencies were added across all sub-groups and then row-normalized to
switchingprobabilities. Supplementary Fig. 7a shows the intra-tissue switchingpro-
babilities. We then computed the relative enrichment of state switches as the log10
ratio of inter-tissue switching probability across the 43 epigenomes relative to the
intra-tissue switching probabilities (Fig. 5c). We repeated this analysis on the 16
ENCODEcell lines and obtained similar conclusions regarding relative enrichment
of state switches (Supplementary Fig. 7c).Analogous analyseswereperformedusing
the 18-state expanded model in Roadmap Epigenomics samples (Extended Data
Fig. 5c) and ENCODE samples (Supplementary Fig. 7d).
Large-scale chromatin structure.To study large-scale chromatin structure we first
calculated ChromHMM (15-state model) state frequencies identified in 200-bp
genome-wide bins across 127 epigenomes.Thenweaveraged state frequencies over
the 2-Mb genomic regions, thus defining vectors of length 1,458 for each state. The
unsupervised clustering of a 153 1,458matrix (usingPearson correlation as a sim-
ilaritymeasure and complete linkage) revealed11distinct genomic clusters enriched
indifferent subsets of chromatin states (Fig. 5d, topheatmap).Clusters haddifferent
sizes, with the smallest one (c1) containing only 27 bins, while the largest cluster
(c9), occupiedpredominantly by a ‘quiescent’ state for all epigenomes, had377 bins.
For each 2-Mb bin in each cluster we calculated average gene density, lamin B1
signal (see section 4 above) and overlap with different cytogenetic bands (Fig. 5d,
bottom, which displays also average levels across each cluster).We also show chro-
mosomal locations of the clusters as well as distributions of CpG island frequency
across the 2-Mb bins in each cluster (Extended Data Fig. 5d).
DMR calls across reference epigenomes. As a general resource for epigenomic
comparisons across all epigenomes for which DNAmethylation data is available,
we defined DMRs using the method of Lister et al.108, combining all differentially
methylated sites (DMSs) within 250-bp of one another into a single DMR and ex-
cluded any DMRwith less than 3 DMSs. For each DMR in each sample, we com-
puted its average methylation level, weighted by the number of reads overlapping
it109. This resulted in a methylation level matrix with rows of DMRs and columns
of samples.
DMRs in hESC differentiation (Fig. 4h). For analysing differentiation of hESCs
in Fig. 4h, we used a second set of DMRs.We used a pairwise comparison strategy
between ES cells and three in vitro derived cell types representative of the three
germ layers (mesoderm, endoderm, ectoderm) andperformedDMRcalling as pre-
viously described53. Only DMRs losing more than 30% methylation compared to
the ES cell state at a significance level of P# 0.01 were retained. Subsequently, we
computed weightedmethylation levels for all threeDMR sets across HUES64,me-
soderm, endoderm and ectoderm as well as three consecutive stages of in vitro
derived neural progenitors (please see accompanying paper53 for details on the cell
types). Finally, we plotted the corresponding distribution using the R function
vioplot in the vioplot package. In order to identify potential regulators associated
with the loss ofDNAmethylationat these regions, wedetermined binding sites of a
compendium of transcription factors profiled in distinct cell lines and types that
overlapped with each set of hypomethylated DMRs51. Next, we determined a po-
tential enrichmentover a randomgenomic backgroundby randomly sampling 100
equally sized sets of genomic regions, respecting the chromosomal and size distri-
bution of the differentDMR sets and determined their overlap with the same tran-
scription factor binding site compendium to estimate a null distribution. Only
transcription factors that showed fewer binding sites across the control regions in
99 of the caseswere considered for further analysis. Next, we computed the average
enrichment over background for each transcription factor with respect to the 100
sets of random control regions for each germ layer DMR and report this enrich-
ment level in Fig. 4h right, where we capped the relative enrichment at 12.
Additional DMR calls. For studying breast epithelia differentiation, DMRs were
called fromWGBS, requiring at least five aligned reads to call differentially meth-
ylated CpG, and at least three differentially methylated CpGs within a distance of
200 bp of each other45. For studying tissue environment versus developmental
origin,DMRswere called fromMeDIP andMREdata using theM&Malgorithm56.
DNAmethylation variation.For variation inmethylation of each chromatin state
across epigenomes (Fig. 4g and Extended Data Fig. 4f), we first excluded any con-
tiguous chromatin state region containing less than threeCpGsites. Then, themean
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of themethylation level for all contained CpG sites was calculated for each region,
and for each epigenome density valueswere calculated for thesemeanmethylation
values between 0% and 100%, with density values estimated over n5 1,000 points
with a gaussian kernel, with the default ‘nrd0’ bandwidth from the R stats package
density function. Finally, for each chromatin state, we plotted the ln(density1 1)
for each epigenome as rows, with the colour scale set with white as the minimum
ln(density1 1) value and red, green, or blue, forWGBS,mCRFandRRBS, respect-
ively, set as the maximum ln(density1 1) value in the matrix. Rows were ordered
by the epigenomic lineage and grouping ordering shown in Fig. 2a. In Extended
Data Fig. 4f, epigenomes were first grouped by methylation platform, and then
ordered by Fig. 2a within each platform. The chromatin statemethylation profiles
in the cell lines versus primary cells/tissue cellswere analysed using amixedmodel
with repeatedmeasures. Overall effect of the group (cell lines versus primary cells/
tissue cells) was tested using epigenomes within group as the error term. Testing
for group effect was performed for each of the 15 chromatin states, resulting in a
Bonferroni correction on the P values for the 15 tests.
Identifying coordinated changes in chromatinmarks during development. To
identify patterns of coordinated changes of histone marks over enhancers during
heart muscle development, we compared ES cells, mesendoderm cells, and left
ventricle tissue57. We identified relevant enhancers as those that show changes in
at least one histone mark between a specific cell type cluster (heart muscle in our
case) and other cell types using LIMMA (Linear Model for Microarray Analysis).
We applied FDR-corrected P value significance threshold of 0.05 to obtain cluster-
specific enhancers. For each tissue type (heartmuscle in our case)we then clustered
the enhancers into five clusters (C1–C5) based on their multi-mark epigenomic
profiles using the k-means algorithm implemented in the Spark tool (Fig. 4i). The
tools used to generate Fig. 4i are integrated into the Epigenomic Toolset within the
Genboree Workbench and are accessible for online use at http://www.genboree.
org.
Clustering of epigenomes reveals common lineages and common properties.
For each analysedmark, we calculated Pearson correlation values between all pair-
wise combinationsof reference epigenomesusing themark’s signal confidence scores
(–log10(Poisson P value)) within 200 bp of the genomic regions deemed relevant
for thatmark. Relevance of regions is determined bywhether a regionwas called in
a particular (mark-matched) chromatin state with posterior probability of.0.95
in any of the reference epigenomes. ForH3K4me1,H3K27ac andH3K9ac we used
state Enh; for H3K4me3 state TssA; for H3K27me3 state ReprPC; for H3K36me3
state Tx; and for H3K9me3 state Het, unless otherwise noted (all based on the
15-state core model).
The resulting correlation matrices were used as the basis for a distance matrix

for complete-linkage hierarchical clustering, followed by optimal leaf ordering110.
Bootstrap support values are derived from 1,000 random samplings with replace-
ment from all regions considered for a particular mark and a bootstrap tree was
estimated for each resampling. The bootstrap support for a branch corresponds to
the fraction of bootstrapped trees that support the bipartition induced by the
branch.
In parallel to this, all correlation matrices mentioned above were used to per-

form Multi-Dimensional Scaling analyses using R.
Delineation of DNase I-accessible regulatory regions. For each of the 39 Road-
map reference epigenomes with DNase data, peak positions are combined across
reference epigenomes by defining peak island areas, defined by stacking all DNase
peak positions across epigenomes, and considering the full width at halfmaximum
(FWHM).Note that for this we are only considering peak locations, not intensities.
The goal of this is to obtain an estimate of the area of open chromatin, not to quan-
tify the level of ‘openness’, as these data are not available for all reference epigen-
omes. In cases when peak islands overlap, they are merged because it means that
the originalDNasepeak area populations overlapat least for half of the epigenomes
with DNase peaks in that area (given the FWHM approach). Peak island summits
are defined as the median peak summit of all peak island member DNase peaks.
This results in a total of 3,516,964 DNase enriched regions across epigenomes.
We then annotate each of the ,3.5M DNase peaks with the chromatin states

they overlap with in each of the 111 Roadmap reference epigenomes, using the
core 15-state chromatin state model, and focusing on states TssA, TssAFlnk and
TssBiv for promoters, andEnhG, Enh andEnhBiv for enhancers, and state BivFlnk
(flanking bivalent Enh/Tss) for ambiguous regions. Out of these, ,2.5M regions
are called as either enhancer or promoter across any of the 111 Roadmap reference
epigenomes. Note that because DNase data are not available for all Roadmap epi-
genomes, the set of regulatory regions definedmayexcludeDNase regions active in
cell types for which DNase was not profiled (Fig. 2g). Although most regions are
undisputedly called exclusively promoter or enhancer, there are 535,487 regions
that needed further study to decide whether they should be called promoters, en-
hancers, or both (‘dyadic’). We arbitrate on these regions by first clustering them
(using themethods in the following section)with an expected cluster size of 10,000

regions, and then for each cluster calculating (a) the mean posterior probabilities
for promoter and enhancer calls separately, and (b) themean number of reference
epigenomes inwhich regions were called promoter or enhancer. Clusters of regions
for which the differences inmean posterior probabilities (a) is smaller than 0.05, or
forwhich the absolute log2 ratio of the number of epigenomes called as promoter or
enhancer (b) is smaller than 0.05, are called true ‘dyadic’ regions, along with a small
number of ‘ambiguous’ regions in state BivFlnk. Note that this particular clustering
is only to arbitrate on these regions using group statistics instead of one-by-one; the
final clusterings are described next. Overall, we define,2.3M putative enhancer
regions (12.63% of genome), ,80,000 promoter regions (1.44% of genome) and
,130,000 dyadic regions (0.99% of genome), showing either promoter or enhan-
cer signatures across epigenomes.
Clustering of DNase I-accessible regulatory regions to identify modules of co-
ordinated activity. To cluster regulatory (that is, enhancer, promoter or dyadic)
regions basedon their activity patterns across all reference epigenomes,we expressed
each region in terms of a binary vector of length n3s, where n is the number of
reference epigenomes (111) and s is the number of chromatin states considered.
For enhancers and promoters, s5 3, as both of these types of regions are made up
of 3 chromatin states in the 15-state ChromHMMmodel (enhancers, EnhG, Enh
and EnhBiv; promoters, TssA, TssAFlnk and TssBiv).
The thus obtained binarymatrices are subsequently clustered using a variation

of a k-centroid clustering algorithm111. Instead of Euclidean distance we use a
Jaccard-index-based distance. This is done to be able to correctly cluster highly
cell-type-restricted regions. From a computational point of view, we optimized
the method to both deal with the size of the used data matrices and leverage their
sparsity, to efficiently compute and update distances formatriceswith sizes on the
order of 1063 103. The algorithmhas been furthermodified to convergewhen less
than 0.01% of cluster assignments change between iterations.
We selected the number of clusters k by tuning the expected number of regions

within each cluster to be approximately 1,000 for promoter and dyadic regions, and
approximately 10,000 for enhancer regions, given their much larger count (81,000,
129,000 and 2.3M for promoter, dyadic and enhancer, respectively). This results in
a value of k5 233 for enhancer clusters (for,10k elements per cluster), and the
algorithmconvergedonk5 226non-empty clusters, whichareused for subsequent
analyses.
Clusters are visualized (Fig. 7a) by ‘diagonalizing’ when possible. First, ‘ubiq-

uitous’ clusters (defined as having at least 50% of epigenomes with an enhancer/
promoter density of.25%) are shown. Then, the remaining clusters are ordered
according to which epigenome has the maximum enhancer density.
Enrichment analyses of proximity to gene members of a catalogue of gene sets

(GeneOntology (GO),HumanPhenotypeOntology (HPO)) have been performed
using the GREAT tool55. In particular, the GREATweb API was used to automat-
ically submit region descriptions and retrieve results for subsequent parsing. We
restricted ourselves to interpretation of results with an enrichment ratio of at least
2, and multiple hypothesis testing corrected P values,0.01 for both the binomial
and the hypergeometric distribution based tests.
For visualization of a representative subset of enriched terms in Fig. 7b, c, we

select representative terms for display (after diagonalizing the enrichment matrix
by re-ordering the rows). We do this using a weighted bag-of-words approach to
select highly enriched terms that contain many words that are over-represented
in gene-set labels showing similar enrichment patterns. Briefly, sliding along the
row names (gene-set terms) of the diagonalized enrichment matrices, we collect
word counts and multiply these by integer-rounded –log10(q values) obtained from
GREAT. We do this in sliding windows of size 33 for Fig. 7b (resulting in 35 terms)
and size 16 for Fig. 7c (resulting in 15 terms). For eachword in awindow, these values
are expressed relative to the same words across all row names, registering to what
extent they are over-represented. Each gene-set term in thewindow is then assigned
a score based on the mean over-representation of all words it consists of. Lastly,
gene sets are co-ranked based on this mean over-representation and their GREAT
significance. The best-rankedgene set label is selected as the representative label for
that window. All terms are shown in Supplementary Fig. 11d and are available for
download at http://compbio.mit.edu/roadmap.
Predicting regulators active in each tissue, cell type and lineage.We collected
1,772 known transcription factor recognition motifs (position weight matrices)
from primarily large-scale databases68,112–117 andmeasured their enrichment in the
enhancers for each enhancer module compared to the union of the 226 enhancer
modules (as described in refs 9,68) using a 0.3 conservation-based confidence
cutoff70,73.We clusteredmotifs using a 0.75 correlation cutoff resulting in 300motif
clusters68 and selected for eachmotif cluster the motif with the highest enrichment
in any enhancer module for further analysis.
We computed an expression score for each enhancermodule and transcription

factor as thePearson correlation between the transcription factor expression across
cell types with expression data (quantile-normalized log(RPKM) with zeroes
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replaced by log(0.0005)) and the ‘centre’ of a module. For each enhancer module,
its centre is defined as a vector of length 111, containing the fraction of regions in
that module called as (any type of) enhancer in each of the 111 epigenomes ana-
lysed. This expression score is meant to act as the ‘expression’ of a transcription
factorwithin amodule of cell types.We then computed an expression-enrichment
value for each transcription factor as the correlation of this expression score and
the enrichment of the corresponding motif across enhancer modules. The top 40
motifs in terms of their absolute expression-enrichment correlation and the clus-
terswith log2 enrichment or depletionof at least log25 1.5 for at least onemotif are
shown in Fig. 8 and Extended Data Fig. 8a (only one motif is shown in Fig. 8 for
each factor).
We show all 84 motifs that were significantly enriched (log2$ 1.5) in any en-

hancermodules, across the full set of 226 enhancermodules (SupplementaryFig. 13a)
and in the 101modules in which they were significantly enriched (Extended Data
Fig. 8a). Similarly, we show all 10 enrichedmotifs across the full set of 111 individ-
ual reference epigenomes (Supplementary Fig. 13b) and specifically in the 15 en-
riched epigenomes (Supplementary Fig. 13c). Lastly,we showall 19 enrichedmotifs
across the full set of 17 tissue groups (Supplementary Fig. 13d), and specifically
within the 10groups that showed significant enrichments (Supplementary Fig. 13e).
For visualization of regulator–cell type links (Fig. 8), we computed edge weights

between each cell type andmotif using these motif-module enrichments. For each
motif and cell type, we computed the sum across all modules of the product of the
log2motif enrichment and the value of the cell type within themodule centre (only
consider the highly associated cell types by replacing values,0.7with 0).We show
all resulting edgeweightsof at least 1.5 andvisualize the networkusingCytoscape118.
Based on the same motif enrichment method mentioned above, we computed

the motif enrichment in the tissue-specific Digital Genomic Footprinting (DGF)
regions in each library. The tissue-specific DGF regions were identified by select-
ing the DGF region occurring in no more than 20 DGF libraries among 42 DGF
libraries. To generate Extended Data Fig. 9b, we standardized the motif enrich-
ment in each library into z-scores for eachmotif (row) andcolour eachDGF library
(column) based on their tissue type.
DNAmotif positional bias in digital genomic footprinting sites.We computed
the positional enrichment of each driver motif (Extended Data 9c and 10) related
to the digital genomic footprinting (DGF) sites in each cell type (Supplementary
Table 5b). For each driver transcription factormotif, we generated two views cor-
responding to the motif position (the centre of the motif instance) relative to the
centre of closestDGF site (centre view) and themotif position relative to the bound-
ary of closest DGF site (boundary view). We only considered the motif instances
with closest DGF site within 100 bp. For the centre view, we plotted the motif oc-
currence density versus the distance to the DGF centre for different cell types. For
the boundary view, we considered the shortest distance between the centre of a
motif instance and either side ofDGF boundary, and gave a negative distance value
formotif instances inside theDGF, and a positive distance value otherwise. Similar
to the centre view, we plotted themotif density versus the derived distance value in
the boundary view for each cell type.
To access the significance of the motif concentration within DGF in each cell

type, we computed the DGF enrichment ratio as the ratio between the number of
motif instances with distance less than 20 bp to the DGF centre and that number
in the immediate flanking window, that is, the number of motif instances with
distance to the DGF centre larger than 20 bp and smaller than 40 bp. As control,
we randomly sampled the same number of motif instances from the shuffled ver-
sions of the given motif, and obtained the DGF enrichment ratio for the shuffled
motif instances. The DGF enrichment ratio of the true motif is further converted
to z-score by mean and standard deviation from the DGF enrichment ratios of
shuffled motif from 1,000 times random sampling. Then the adjusted P value is
further computed from z-score andBonferroni correction for number of cell types.
Comparing DGF with DNA motifs that are predictive of epigenomic modifi-
cation. Themotifs that were predictive of epigenomic modifications71 were com-
pared to DGF in Supplementary Table 5a. This was done in three cell types where
both DGF and predictivemotifs were available: ‘H1 BMP4 derivedmesendoderm
cultured cells’ (E004), ‘H1 BMP4 derived trophoblast cultured cells’ (E005), and
‘H1 derived mesenchymal stem cells’ (E006). The motifs that were predictive of

the following seven inputs were considered: H3K27me3, H3K27ac, H3K9me3,
H3K36me3, H3K4me1, H3K4me3 and DNA methylation valleys (DMV)11. To
identify overlaps the predictivemotifswere scannedagainst themodificationpeaks
of the corresponding modification and the location of the best match between
motif and sequence was recorded. Then we counted the number of times the lo-
cations of the best motif matches overlapped a DGF by at least 1 bp. These counts
were compared to the number of overlaps identified randomly, which was calcu-
lated by comparingDGF to random locations within themodifications peaks. The
reported random frequency was the average of 100 repeats. To calculate the fold
enrichment we divided the observed frequency by the random frequency.
Tissue-specific activity of disease-associated regions.We tested the enrichment
of SNPs from individual genome-wide association studies (GWAS) for the gapped
peak call sets for histone marks H3K4me1, H3K4me3, H3K36me3, H3K9me3,
H3K27me3, H3K9ac and H3K27ac as well as the DNase peak call set based on
MACS2 in each reference epigenomewhere available. The SNPs usedwere curated
into theNHGRIGWAScatalogue75 andobtained through theUCSCTableBrowser119

on 12 September 2014. We restricted the enrichment analysis to chromosomes
1–22 and chromosomeX.Wedefined a study to be a unique combination of anno-
tated trait andPubMed ID.To reducedependencies betweenpairs of SNPs assigned
to the same study, we pruned SNPs such that no two SNPs were within 1 Mb of
eachother on the same chromosome.Thepruningprocedure considered eachSNP
in ranked order of P value with themost significant coming first, andwe retained a
SNP if there was no already retained SNP on the same chromosome within 1Mb.
We computed hypergeometric P values for the enrichment of each pruned set of
SNPs overlappingpeak calls against theprunedGWAScatalogue as thebackground.
We estimated separately for eachmark amapping from a P value to a false discovery
rate across tests for all study and reference epigenome combinations by generating
100 randomized versions of the pruned GWAS catalogues, shuffling which SNPs
were assigned to which study and computing the average fraction of reference
epigenome–study combinations that reached that level of significance (in a con-
tinuousmapping of P values to FDR) using randomized catalogues divided by the
number based on the actual GWAS catalogue.
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Extended Data Figure 1 | Tissues and cell types of reference epigenomes.
Comprehensive listing of all 111 reference epigenomes generated by the
consortium, along with epigenome identifiers (EIDs), including: (a) adult
samples; (b) fetal samples; (c) ES cell, iPS cell and ES-cell-derived cells; and
(d) primary cultures. Colours indicate the groupings of tissues and cell types (as
in Fig. 2b, and throughout the manuscript). For five samples (adult osteoblasts,
and fetal liver, spleen, gonad and spinal cord), no colour is present, indicating
that these are not part of the 111 reference epigenomes (ENCODE 2012
samples, or not all five marks in the core set were present), but data sets from
these samples are high quality and were sometimes used in companion paper
analyses, and are publicly available. e, Assay correlations. Heat map of the

pairwise experiment correlations for the core set of five histone modification
marks (H3K4me1, H3K4me3, H3K36me3, H3K27me3, H3K9me3) across all
127 reference epigenomes, the two common acetylation marks (H3K27ac and
H3K9ac), and DNA accessibility (DNase) across the reference epigenomes
where they are available. Yellow indicates relatively higher correlation and blue
lower correlation. Rows and columns were ordered computationally to
maximize similarity of neighbouring rows and columns (see Methods).
All experiments for H3K9me3, H3K27me3, H3K36me3, DNase andH3K4me1
are consistently ordered into distinct and contiguous groups. For H3K4me3,
H3K9ac andH3K27ac, experiments group primarily based on the mark, but in
some cases, the correlations and ordering appear more cell-type driven.
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Extended Data Figure 2 | Chromatin state model robustness and
enrichments. a, Chromatin state model robustness. Clustering of 15-state
‘core’ chromatin state model learned jointly across reference epigenomes
(Fig. 4a) with chromatin state models learned independently in 111 reference
epigenomes. We applied ChromHMM to learn a 15-state ChromHMMmodel
using the five core marks in each of the 111 reference epigenomes generated
by the Roadmap Epigenomics program, and clustered the resulting 1,680-state
emission probability vectors (leaves of the tree) with the 15 states from the joint
model (indicated by arrows). We found that the vast majority of states
learned across cell types clustered into 15 clusters, corresponding to the joint
model states, validating the robustness of chromatin states across cell types.
This analysis revealed two new clusters (red crosses) which are not represented
in the 15 states of the jointly learned model: ‘HetWk’, a cluster showing
weak enrichment for H3K9me3; and ‘Rpts’, a cluster showing H3K9me3 along
with a diversity of other marks, and enriched in specific types of repetitive
elements (satellite repeats) in each cell type, which may be due to mapping
artefacts. This joint clustering also revealed subtle variations in the relative
frequency of presence of H3K4me1 in states TxFlnk, Enh and TssBiv, and
H3K27me3 in state TssBiv. Overall, this analysis confirms that the 15-state
chromatin state model based on the core set of five marks provides a robust
framework for interpreting epigenomic complexity across tissues and cell types.
b, Enrichments for 15-state model based on five histone modification marks.
Top left: transcription factor binding site overlap enrichments of 15 states
in H1-ES cells from the ‘core’ model for transcription factor binding sites

(TFBS) based on ChIP-seq data in H1-ES cells. Transcription factor binding
coverage for other cell types based on matched transcription factor ChIP-seq
data are shown in Supplementary Fig. 2. Top right: enrichments for expressed
and non-expressed genes in H1-ES cells and GM12878. Bottom: positional
enrichments at the transcription start site (TSS) and transcription end site
(TES) of expressed (expr.) and repressed (repr.) genes in H1-ES cells.
Transition probabilities show frequency of co-occurrence of each pair of
chromatin states in neighbouring 200-bp bins. c, Definition and enrichments
for 18-state ‘expanded’model that also includesH3K27ac associatedwith active
enhancer and active promoter regions, but which was only available for 98
of the 127 reference epigenomes. Inclusion of H3K27ac distinguishes active
enhancers and active promoters. Top: TFBS enrichments in H1-ES cells (E003)
chromatin states using ENCODE transcription factor ChIP-seq data in
H1-ES cells. Bottom: positional enrichments in H1-ES cells for genomic
annotations, expressed and repressed genes, TSS and TES, and state transitions
as in Extended Data Fig. 2b and Fig. 4a–c. Right: average fold-enrichment
(colours bars) and standard deviation (black line) across 98 reference
epigenomes (Supplementary Fig. 3d) for the fold enrichment for non-exonic
genomic segments (GERP) in each chromatin state (rows) in the 18-state
model. Excluding protein-coding exons (see Supplementary Fig. 3b versus
Supplementary Fig. 3d), the TSS-proximal states show the highest levels of
conservation, followed by EnhBiv and the three non-transcribed enhancer
states. In contrast, Tx and TxWk elements are weakly depleted for conserved
regions, and Znf/Rpts and Het are strongly depleted for conserved elements.
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Extended Data Figure 3 | Relationship between histone marks, DNA
methylation, DNA accessibility and gene expression. a, H3K27ac-marked
‘active’ enhancers showhigher levels ofDNAaccessibility, based on enrichment
of DNase-seq signal confidence scores (–log10(Poisson P value)) for elements
in each chromatin state in our extended 18-state model that includes the core
five histone modification marks and H3K27ac, similar to Fig. 4e. b, Level of
whole-genome bisulfite methylation for all chromatin states in the 18-state
model shows that H3K27ac-marked ‘active’ enhancers associated with
H3K27ac in addition to H3K4me1 show lower methylation levels, consistent
with higher regulatory activity. Thewhiskers in a andb show 1.53 interquartile
range and the filled circles are individual outliers. c, DNA methylation levels
for genes showing different expression levels. The depletion of DNA
methylation in promoter regions, and the enrichment of DNA methylation in
transcribed regions, are both more pronounced for highly expressed genes.
The enrichment for high DNAmethylation is more pronounced in the 39 ends

of the most highly expressed genes. d, Genes associated with active enhancer
states have consistently significantly higher expression. ‘Active enhancer’
associated genes have at least one EnhA1 and/or EnhA2620 kb from TSS
(18-state model). ‘Weak-enhancer’ genes are associated with EnhG1, EnhG2,
EnhWk, EnhBiv. Lowest expression have genes that are not associated with
any enhancer. Plots with red markers show median expression of genes
associated with ‘active’ enhancers, yellowmarkers ‘weak’ enhancers, and white
markers no association with any enhancer state. e, Higher-expression genes
show greater association with H3K27ac-marked ‘active’ enhancers. Highly
expressed genes are consistently more frequently associated with H3K27ac-
marked active enhancers (EnhA1 and EnhA2) across all cell types. Fraction of
genes associated with H3K27ac-marked ‘active’ enhancers (red), H3K27ac-
lacking ‘weak’ enhancers only (yellow), or no enhancers (white) for genes of
varying expression levels in each cell type with RNA-seq data.
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Extended Data Figure 4 | Methylation relationship with chromatin state.
a–c, DNA methylation levels in 15-state model across technologies. We
observed significant differences in the average methylation levels observed that
were correlated with the different DNA methylation platforms used, but their
relative relationships in average chromatin state methylation were conserved.
Relative to WGBS (panel a, repeated from Fig. 4d for comparison purposes),
RRBS (panel b) showed the lowest overall methylation levels (as expected given
its CpG island enrichment), while mCRF showed the highest (panel c). This
highlights the importance of recognizing and potentially correcting for DNA-
methylation-platform-specific biases before performing integrative analyse.
d, e, Distribution of DNAmethylation levels measured using RRBS andmCRF

in 18-state model (defined in Extended Data Fig. 2c). WGBS is shown in
Extended Data Fig. 3b. The whiskers in a–e show 1.53 interquartile range and
the filled circles are individual outliers. f, DNAmethylation variation across cell
types. Density plots denote distribution of DNA methylation levels from 0%
to 100% for each chromatin state across the 95 reference epigenomes profiled
for whole-genome bisulfite (WGBS, red), reduced representation bisulfite
(RRBS, blue), orMeDIP/MRE (mCRF, green). The respective colour (red, blue,
or green)was set to themaximum ln(density11) value for each chromatin state
and respective platform, with intermediate values coloured on a natural log
scale. For each panel, the subset of reference epigenomes profiled using each
technology are listed, using the colours, order, and abbreviations from Fig. 2.
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Extended Data Figure 5 | Chromatin state variability, switching and
genomic coverage. a, Variability level for 18-state model. Chromatin state
variability (similar to Fig. 5a), quantified based on the fraction of the genomic
coverage (y axis) of each state (colour) that is consistently labelled with that
state in at most N (ranging from 1 to 98) reference epigenomes, using the
18-state model learned based on 6 chromatin marks, including H3K27ac.
b, Chromatin state over- and under-representation for 18-state expanded
model. c, Log-ratio (log10) of chromatin state switching probabilities for the
18-state expanded model across 34 high-quality, non-redundant epigenomes
that have H3K27ac data, relative to intra-tissue switching probabilities across
replicates or samples from multiple individuals. d, Chromatin state coverage

grouped by epigenomic domains. Top: chromosome ‘painting’ of 11 clusters
shown in Fig. 5d and discovered based on chromatin state co-occurrence at the
2-Mb scale across reference epigenomes. Bottom: enrichment of CpG islands in
each cluster clearly showing higher CpG density ‘active’ clusters 3 and 6
comparing to passive clusters 9–11. Each box plot shows a distribution of
CpG total occupancy in 2-Mb bins in each cluster (with box boundaries
indicating 25th and 75th percentiles, the whiskers extend to the most extreme
data points considered to not be outliers). Points are drawn as outliers if they
are larger than Q311.53(Q3-Q1) or smaller than Q1-1.53(Q3-Q1), where
Q1 and Q3 are the 25th and 75th percentiles, respectively.
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E024 ES−UCSF4  Cells
E003 H1 Cells
E007 H1 Derived Neuronal Progenitor Cultured Cells
E012 hESC Derived CD56+ Ectoderm Cultured Cells
E009 H9 Derived Neuronal Progenitor Cultured Cells
E010 H9 Derived Neuron Cultured Cells
E086 Fetal Kidney
E122 HUVEC Umbilical Vein Endothelial Primary Cells
E013 hESC Derived CD56+ Mesoderm Cultured Cells
E121 HSMM cell derived Skeletal Muscle Myotubes Cells
E120 HSMM Skeletal Muscle Myoblasts Cells
E052 Muscle Satellite Cultured Cells
E125 NH−A Astrocytes Primary Cells
E129 Osteoblast Primary Cells
E026 Bone Marrow Derived Cultured Mesenchymal Stem Cells
E049 Mesenchymal Stem Cell Derived Chondrocyte Cultured Cells
E023 Mesenchymal Stem Cell Derived Adipocyte Cultured Cells
E025 Adipose Derived Mesenchymal Stem Cell Cultured Cells
E126 NHDF−Ad Adult Dermal Fibroblast Primary Cells
E128 NHLF Lung Fibroblast Primary Cells
E017 IMR90 fetal lung fibroblasts Cell Line
E055 Foreskin Fibroblast Primary Cells skin01
E056 Foreskin Fibroblast Primary Cells skin02
E114 A549 EtOH 0.02pct Lung Carcinoma Cell Line
E117 HeLa−S3 Cervical Carcinoma Cell Line
E028 Breast variant Human Mammary Epithelial Cells (vHMEC)
E119 HMEC Mammary Epithelial Primary Cells
E127 NHEK−Epidermal Keratinocyte Primary Cells
E058 Foreskin Keratinocyte Primary Cells skin03
E057 Foreskin Keratinocyte Primary Cells skin02
E027 Breast Myoepithelial Primary Cells
E066 Liver
E118 HepG2 Hepatocellular Carcinoma Cell Line
E084 Fetal Intestine Large
E085 Fetal Intestine Small
E110 Stomach Mucosa
E077 Duodenum Mucosa
E102 Rectal Mucosa Donor 31
E101 Rectal Mucosa Donor 29
E075 Colonic Mucosa
E106 Sigmoid Colon
E109 Small Intestine
E123 K562 Leukemia Cells
E116 GM12878 Lymphoblastoid Cells
E032 Primary B cells from peripheral blood
E031 Primary B cells from cord blood
E030 Primary neutrophils from peripheral blood
E029 Primary monocytes from peripheral blood
E124 Monocytes−CD14+ RO01746 Primary Cells
E036 Primary hematopoietic stem cells short term culture
E051 Primary hematopoietic stem cells G−CSF−mobilized Male
E050 Primary hematopoietic stem cells G−CSF−mobilized Female
E035 Primary hematopoietic stem cells
E062 Primary mononuclear cells from peripheral blood
E046 Primary Natural Killer cells from peripheral blood
E034 Primary T cells from peripheral blood
E042 Primary T helper 17 cells PMA−I stimulated
E045 Primary T cells effector/memory enriched from peripheral blood
E044 Primary T regulatory cells from peripheral blood
E040 Primary T helper memory cells from peripheral blood 1
E037 Primary T helper memory cells from peripheral blood 2
E048 Primary T CD8+ memory cells from peripheral blood
E038 Primary T helper naive cells from peripheral blood
E047 Primary T CD8+ naive cells from peripheral blood
E039 Primary T helper naive cells from peripheral blood
E041 Primary T helper cells PMA−I stimulated
E043 Primary T helper cells from peripheral blood
E033 Primary T cells from cord blood
E112 Thymus
E093 Fetal Thymus
E115 Dnd41 TCell Leukemia Cell Line
E004 H1 BMP4 Derived Mesendoderm Cultured Cells
E011 hESC Derived CD184+ Endoderm Cultured Cells
E016 HUES64 Cells
E014 HUES48 Cells
E019 iPS−18 Cells
E020 iPS−20b Cells
E018 iPS−15b Cells
E015 HUES6 Cells
E001 ES−I3 Cells
E008 H9 Cells
E021 iPS DF 6.9 Cells
E002 ES−WA7 Cells
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a. H3K4me1 in Enh

E097 Ovary
E065 Aorta
E104 Right Atrium
E105 Right Ventricle
E100 Psoas Muscle
E087 Pancreatic Islets
E106 Sigmoid Colon
E109 Small Intestine
E112 Thymus
E062 Primary mononuclear cells from peripheral blood
E113 Spleen
E094 Gastric
E096 Lung
E095 Left Ventricle
E075 Colonic Mucosa
E098 Pancreas
E079 Esophagus
E006 H1 Derived Mesenchymal Stem Cells
E005 H1 BMP4 Derived Trophoblast Cultured Cells
E007 H1 Derived Neuronal Progenitor Cultured Cells
E024 ES−UCSF4  Cells
E022 iPS DF 19.11 Cells
E021 iPS DF 6.9 Cells
E003 H1 Cells
E008 H9 Cells
E015 HUES6 Cells
E014 HUES48 Cells
E016 HUES64 Cells
E004 H1 BMP4 Derived Mesendoderm Cultured Cells
E009 H9 Derived Neuronal Progenitor Cultured Cells
E010 H9 Derived Neuron Cultured Cells
E082 Fetal Brain Female
E070 Brain Germinal Matrix
E054 Ganglion Eminence derived primary cultured neurospheres
E053 Cortex derived primary cultured neurospheres
E012 hESC Derived CD56+ Ectoderm Cultured Cells
E013 hESC Derived CD56+ Mesoderm Cultured Cells
E058 Foreskin Keratinocyte Primary Cells skin03
E057 Foreskin Keratinocyte Primary Cells skin02
E055 Foreskin Fibroblast Primary Cells skin01
E056 Foreskin Fibroblast Primary Cells skin02
E059 Foreskin Melanocyte Primary Cells skin01
E061 Foreskin Melanocyte Primary Cells skin03
E099 Placenta Amnion
E118 HepG2 Hepatocellular Carcinoma Cell Line
E027 Breast Myoepithelial Primary Cells
E028 Breast variant Human Mammary Epithelial Cells (vHMEC)
E119 HMEC Mammary Epithelial Primary Cells
E128 NHLF Lung Fibroblast Primary Cells
E052 Muscle Satellite Cultured Cells
E129 Osteoblast Primary Cells
E017 IMR90 fetal lung fibroblasts Cell Line
E120 HSMM Skeletal Muscle Myoblasts Cells
E121 HSMM cell derived Skeletal Muscle Myotubes Cells
E125 NH−A Astrocytes Primary Cells
E088 Fetal Lung
E086 Fetal Kidney
E081 Fetal Brain Male
E083 Fetal Heart
E001 ES−I3 Cells
E018 iPS−15b Cells
E019 iPS−18 Cells
E020 iPS−20b Cells
E011 hESC Derived CD184+ Endoderm Cultured Cells
E122 HUVEC Umbilical Vein Endothelial Primary Cells
E126 NHDF−Ad Adult Dermal Fibroblast Primary Cells
E025 Adipose Derived Mesenchymal Stem Cell Cultured Cells
E023 Mesenchymal Stem Cell Derived Adipocyte Cultured Cells
E026 Bone Marrow Derived Cultured Mesenchymal Stem Cells
E049 Mesenchymal Stem Cell Derived Chondrocyte Cultured Cells
E127 NHEK−Epidermal Keratinocyte Primary Cells
E117 HeLa−S3 Cervical Carcinoma Cell Line
E114 A549 EtOH 0.02pct Lung Carcinoma Cell Line
E051 Primary hematopoietic stem cells G−CSF−mobilized Male
E050 Primary hematopoietic stem cells G−CSF−mobilized Female
E036 Primary hematopoietic stem cells short term culture
E115 Dnd41 TCell Leukemia Cell Line
E123 K562 Leukemia Cells
E116 GM12878 Lymphoblastoid Cells
E035 Primary hematopoietic stem cells
E031 Primary B cells from cord blood
E033 Primary T cells from cord blood
E048 Primary T CD8+ memory cells from peripheral blood
E038 Primary T helper naive cells from peripheral blood
E037 Primary T helper memory cells from peripheral blood 2
E040 Primary T helper memory cells from peripheral blood 1
E041 Primary T helper cells PMA−I stimulated
E042 Primary T helper 17 cells PMA−I stimulated
E045 Primary T cells effector/memory enriched from peripheral blood
E044 Primary T regulatory cells from peripheral blood
E043 Primary T helper cells from peripheral blood
E039 Primary T helper naive cells from peripheral blood
E047 Primary T CD8+ naive cells from peripheral blood
E030 Primary neutrophils from peripheral blood
E124 Monocytes−CD14+ RO01746 Primary Cells
E029 Primary monocytes from peripheral blood
E032 Primary B cells from peripheral blood
E046 Primary Natural Killer cells from peripheral blood
E034 Primary T cells from peripheral blood
E093 Fetal Thymus
E091 Placenta
E084 Fetal Intestine Large
E085 Fetal Intestine Small
E092 Fetal Stomach
E090 Fetal Muscle Leg
E089 Fetal Muscle Trunk
E080 Fetal Adrenal Gland
E071 Brain Hippocampus Middle
E074 Brain Substantia Nigra
E067 Brain Angular Gyrus
E072 Brain Inferior Temporal Lobe
E068 Brain Anterior Caudate
E069 Brain Cingulate Gyrus
E073 Brain Dorsolateral Prefrontal Cortex
E108 Skeletal Muscle Female
E107 Skeletal Muscle Male
E063 Adipose Nuclei
E103 Rectal Smooth Muscle
E111 Stomach Smooth Muscle
E076 Colon Smooth Muscle
E078 Duodenum Smooth Muscle
E066 Liver
E102 Rectal Mucosa Donor 31
E077 Duodenum Mucosa
E101 Rectal Mucosa Donor 29
E110 Stomach Mucosa
E002 ES−WA7 Cells
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E098 Pancreas
E094 Gastric
E105 Right Ventricle
E096 Lung
E097 Ovary
E065 Aorta
E104 Right Atrium
E031 Primary B cells from cord blood
E035 Primary hematopoietic stem cells
E033 Primary T cells from cord blood
E036 Primary hematopoietic stem cells short term culture
E116 GM12878 Lymphoblastoid Cells
E120 HSMM Skeletal Muscle Myoblasts Cells
E121 HSMM cell derived Skeletal Muscle Myotubes Cells
E023 Mesenchymal Stem Cell Derived Adipocyte Cultured Cells
E025 Adipose Derived Mesenchymal Stem Cell Cultured Cells
E006 H1 Derived Mesenchymal Stem Cells
E052 Muscle Satellite Cultured Cells
E049 Mesenchymal Stem Cell Derived Chondrocyte Cultured Cells
E026 Bone Marrow Derived Cultured Mesenchymal Stem Cells
E126 NHDF−Ad Adult Dermal Fibroblast Primary Cells
E128 NHLF Lung Fibroblast Primary Cells
E017 IMR90 fetal lung fibroblasts Cell Line
E129 Osteoblast Primary Cells
E125 NH−A Astrocytes Primary Cells
E122 HUVEC Umbilical Vein Endothelial Primary Cells
E088 Fetal Lung
E086 Fetal Kidney
E083 Fetal Heart
E066 Liver
E087 Pancreatic Islets
E027 Breast Myoepithelial Primary Cells
E074 Brain Substantia Nigra
E068 Brain Anterior Caudate
E067 Brain Angular Gyrus
E073 Brain Dorsolateral Prefrontal Cortex
E072 Brain Inferior Temporal Lobe
E069 Brain Cingulate Gyrus
E071 Brain Hippocampus Middle
E078 Duodenum Smooth Muscle
E076 Colon Smooth Muscle
E111 Stomach Smooth Muscle
E107 Skeletal Muscle Male
E108 Skeletal Muscle Female
E063 Adipose Nuclei
E103 Rectal Smooth Muscle
E101 Rectal Mucosa Donor 29
E102 Rectal Mucosa Donor 31
E077 Duodenum Mucosa
E110 Stomach Mucosa
E085 Fetal Intestine Small
E084 Fetal Intestine Large
E090 Fetal Muscle Leg
E089 Fetal Muscle Trunk
E092 Fetal Stomach
E080 Fetal Adrenal Gland
E091 Placenta
E075 Colonic Mucosa
E055 Foreskin Fibroblast Primary Cells skin01
E056 Foreskin Fibroblast Primary Cells skin02
E059 Foreskin Melanocyte Primary Cells skin01
E061 Foreskin Melanocyte Primary Cells skin03
E099 Placenta Amnion
E005 H1 BMP4 Derived Trophoblast Cultured Cells
E127 NHEK−Epidermal Keratinocyte Primary Cells
E058 Foreskin Keratinocyte Primary Cells skin03
E057 Foreskin Keratinocyte Primary Cells skin02
E028 Breast variant Human Mammary Epithelial Cells (vHMEC)
E119 HMEC Mammary Epithelial Primary Cells
E079 Esophagus
E106 Sigmoid Colon
E109 Small Intestine
E095 Left Ventricle
E100 Psoas Muscle
E113 Spleen
E045 Primary T cells effector/memory enriched from peripheral blood
E037 Primary T helper memory cells from peripheral blood 2
E048 Primary T CD8+ memory cells from peripheral blood
E038 Primary T helper naive cells from peripheral blood
E040 Primary T helper memory cells from peripheral blood 1
E044 Primary T regulatory cells from peripheral blood
E041 Primary T helper cells PMA−I stimulated
E043 Primary T helper cells from peripheral blood
E042 Primary T helper 17 cells PMA−I stimulated
E039 Primary T helper naive cells from peripheral blood
E047 Primary T CD8+ naive cells from peripheral blood
E046 Primary Natural Killer cells from peripheral blood
E032 Primary B cells from peripheral blood
E034 Primary T cells from peripheral blood
E062 Primary mononuclear cells from peripheral blood
E051 Primary hematopoietic stem cells G−CSF−mobilized Male
E050 Primary hematopoietic stem cells G−CSF−mobilized Female
E030 Primary neutrophils from peripheral blood
E029 Primary monocytes from peripheral blood
E124 Monocytes−CD14+ RO01746 Primary Cells
E093 Fetal Thymus
E112 Thymus
E007 H1 Derived Neuronal Progenitor Cultured Cells
E024 ES−UCSF4  Cells
E022 iPS DF 19.11 Cells
E003 H1 Cells
E021 iPS DF 6.9 Cells
E008 H9 Cells
E002 ES−WA7 Cells
E018 iPS−15b Cells
E020 iPS−20b Cells
E019 iPS−18 Cells
E014 HUES48 Cells
E016 HUES64 Cells
E015 HUES6 Cells
E004 H1 BMP4 Derived Mesendoderm Cultured Cells
E001 ES−I3 Cells
E012 hESC Derived CD56+ Ectoderm Cultured Cells
E011 hESC Derived CD184+ Endoderm Cultured Cells
E013 hESC Derived CD56+ Mesoderm Cultured Cells
E009 H9 Derived Neuronal Progenitor Cultured Cells
E010 H9 Derived Neuron Cultured Cells
E081 Fetal Brain Male
E082 Fetal Brain Female
E070 Brain Germinal Matrix
E053 Cortex derived primary cultured neurospheres
E054 Ganglion Eminence derived primary cultured neurospheres
E118 HepG2 Hepatocellular Carcinoma Cell Line
E123 K562 Leukemia Cells
E117 HeLa−S3 Cervical Carcinoma Cell Line
E114 A549 EtOH 0.02pct Lung Carcinoma Cell Line
E115 Dnd41 TCell Leukemia Cell Line
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e. H3K9me3 in Hetd. H3K36me3 in Tx

E098 Pancreas
E094 Gastric
E105 Right Ventricle
E096 Lung
E097 Ovary
E065 Aorta
E104 Right Atrium
E031 Primary B cells from cord blood
E035 Primary hematopoietic stem cells
E033 Primary T cells from cord blood
E036 Primary hematopoietic stem cells short term culture
E116 GM12878 Lymphoblastoid Cells
E120 HSMM Skeletal Muscle Myoblasts Cells
E121 HSMM cell derived Skeletal Muscle Myotubes Cells
E023 Mesenchymal Stem Cell Derived Adipocyte Cultured Cells
E025 Adipose Derived Mesenchymal Stem Cell Cultured Cells
E006 H1 Derived Mesenchymal Stem Cells
E052 Muscle Satellite Cultured Cells
E049 Mesenchymal Stem Cell Derived Chondrocyte Cultured Cells
E026 Bone Marrow Derived Cultured Mesenchymal Stem Cells
E126 NHDF−Ad Adult Dermal Fibroblast Primary Cells
E128 NHLF Lung Fibroblast Primary Cells
E017 IMR90 fetal lung fibroblasts Cell Line
E129 Osteoblast Primary Cells
E125 NH−A Astrocytes Primary Cells
E122 HUVEC Umbilical Vein Endothelial Primary Cells
E088 Fetal Lung
E086 Fetal Kidney
E083 Fetal Heart
E066 Liver
E087 Pancreatic Islets
E027 Breast Myoepithelial Primary Cells
E074 Brain Substantia Nigra
E068 Brain Anterior Caudate
E067 Brain Angular Gyrus
E073 Brain Dorsolateral Prefrontal Cortex
E072 Brain Inferior Temporal Lobe
E069 Brain Cingulate Gyrus
E071 Brain Hippocampus Middle
E078 Duodenum Smooth Muscle
E076 Colon Smooth Muscle
E111 Stomach Smooth Muscle
E107 Skeletal Muscle Male
E108 Skeletal Muscle Female
E063 Adipose Nuclei
E103 Rectal Smooth Muscle
E101 Rectal Mucosa Donor 29
E102 Rectal Mucosa Donor 31
E077 Duodenum Mucosa
E110 Stomach Mucosa
E085 Fetal Intestine Small
E084 Fetal Intestine Large
E090 Fetal Muscle Leg
E089 Fetal Muscle Trunk
E092 Fetal Stomach
E080 Fetal Adrenal Gland
E091 Placenta
E075 Colonic Mucosa
E055 Foreskin Fibroblast Primary Cells skin01
E056 Foreskin Fibroblast Primary Cells skin02
E059 Foreskin Melanocyte Primary Cells skin01
E061 Foreskin Melanocyte Primary Cells skin03
E099 Placenta Amnion
E005 H1 BMP4 Derived Trophoblast Cultured Cells
E127 NHEK−Epidermal Keratinocyte Primary Cells
E058 Foreskin Keratinocyte Primary Cells skin03
E057 Foreskin Keratinocyte Primary Cells skin02
E028 Breast variant Human Mammary Epithelial Cells (vHMEC)
E119 HMEC Mammary Epithelial Primary Cells
E079 Esophagus
E106 Sigmoid Colon
E109 Small Intestine
E095 Left Ventricle
E100 Psoas Muscle
E113 Spleen
E045 Primary T cells effector/memory enriched from peripheral blood
E037 Primary T helper memory cells from peripheral blood 2
E048 Primary T CD8+ memory cells from peripheral blood
E038 Primary T helper naive cells from peripheral blood
E040 Primary T helper memory cells from peripheral blood 1
E044 Primary T regulatory cells from peripheral blood
E041 Primary T helper cells PMA−I stimulated
E043 Primary T helper cells from peripheral blood
E042 Primary T helper 17 cells PMA−I stimulated
E039 Primary T helper naive cells from peripheral blood
E047 Primary T CD8+ naive cells from peripheral blood
E046 Primary Natural Killer cells from peripheral blood
E032 Primary B cells from peripheral blood
E034 Primary T cells from peripheral blood
E062 Primary mononuclear cells from peripheral blood
E051 Primary hematopoietic stem cells G−CSF−mobilized Male
E050 Primary hematopoietic stem cells G−CSF−mobilized Female
E030 Primary neutrophils from peripheral blood
E029 Primary monocytes from peripheral blood
E124 Monocytes−CD14+ RO01746 Primary Cells
E093 Fetal Thymus
E112 Thymus
E007 H1 Derived Neuronal Progenitor Cultured Cells
E024 ES−UCSF4  Cells
E022 iPS DF 19.11 Cells
E003 H1 Cells
E021 iPS DF 6.9 Cells
E008 H9 Cells
E002 ES−WA7 Cells
E018 iPS−15b Cells
E020 iPS−20b Cells
E019 iPS−18 Cells
E014 HUES48 Cells
E016 HUES64 Cells
E015 HUES6 Cells
E004 H1 BMP4 Derived Mesendoderm Cultured Cells
E001 ES−I3 Cells
E012 hESC Derived CD56+ Ectoderm Cultured Cells
E011 hESC Derived CD184+ Endoderm Cultured Cells
E013 hESC Derived CD56+ Mesoderm Cultured Cells
E009 H9 Derived Neuronal Progenitor Cultured Cells
E010 H9 Derived Neuron Cultured Cells
E081 Fetal Brain Male
E082 Fetal Brain Female
E070 Brain Germinal Matrix
E053 Cortex derived primary cultured neurospheres
E054 Ganglion Eminence derived primary cultured neurospheres
E118 HepG2 Hepatocellular Carcinoma Cell Line
E123 K562 Leukemia Cells
E117 HeLa−S3 Cervical Carcinoma Cell Line
E114 A549 EtOH 0.02pct Lung Carcinoma Cell Line
E115 Dnd41 TCell Leukemia Cell Line
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E126 NHDF−Ad Adult Dermal Fibroblast Primary Cells
E127 NHEK−Epidermal Keratinocyte Primary Cells
E128 NHLF Lung Fibroblast Primary Cells
E122 HUVEC Umbilical Vein Endothelial Primary Cells
E056 Foreskin Fibroblast Primary Cells skin02
E055 Foreskin Fibroblast Primary Cells skin01
E017 IMR90 fetal lung fibroblasts Cell Line
E006 H1 Derived Mesenchymal Stem Cells
E125 NH−A Astrocytes Primary Cells
E121 HSMM cell derived Skeletal Muscle Myotubes Cells
E120 HSMM Skeletal Muscle Myoblasts Cells
E052 Muscle Satellite Cultured Cells
E129 Osteoblast Primary Cells
E117 HeLa−S3 Cervical Carcinoma Cell Line
E118 HepG2 Hepatocellular Carcinoma Cell Line
E028 Breast variant Human Mammary Epithelial Cells (vHMEC)
E119 HMEC Mammary Epithelial Primary Cells
E021 iPS DF 6.9 Cells
E007 H1 Derived Neuronal Progenitor Cultured Cells
E092 Fetal Stomach
E005 H1 BMP4 Derived Trophoblast Cultured Cells
E022 iPS DF 19.11 Cells
E059 Foreskin Melanocyte Primary Cells skin01
E061 Foreskin Melanocyte Primary Cells skin03
E058 Foreskin Keratinocyte Primary Cells skin03
E057 Foreskin Keratinocyte Primary Cells skin02
E091 Placenta
E046 Primary Natural Killer cells from peripheral blood
E029 Primary monocytes from peripheral blood
E085 Fetal Intestine Small
E093 Fetal Thymus
E112 Thymus
E104 Right Atrium
E065 Aorta
E095 Left Ventricle
E094 Gastric
E098 Pancreas
E079 Esophagus
E096 Lung
E113 Spleen
E107 Skeletal Muscle Male
E105 Right Ventricle
E100 Psoas Muscle
E004 H1 BMP4 Derived Mesendoderm Cultured Cells
E013 hESC Derived CD56+ Mesoderm Cultured Cells
E011 hESC Derived CD184+ Endoderm Cultured Cells
E001 ES−I3 Cells
E035 Primary hematopoietic stem cells
E051 Primary hematopoietic stem cells G−CSF−mobilized Male
E050 Primary hematopoietic stem cells G−CSF−mobilized Female
E036 Primary hematopoietic stem cells short term culture
E115 Dnd41 TCell Leukemia Cell Line
E090 Fetal Muscle Leg
E089 Fetal Muscle Trunk
E088 Fetal Lung
E066 Liver
E078 Duodenum Smooth Muscle
E063 Adipose Nuclei
E027 Breast Myoepithelial Primary Cells
E074 Brain Substantia Nigra
E068 Brain Anterior Caudate
E071 Brain Hippocampus Middle
E072 Brain Inferior Temporal Lobe
E069 Brain Cingulate Gyrus
E073 Brain Dorsolateral Prefrontal Cortex
E067 Brain Angular Gyrus
E087 Pancreatic Islets
E076 Colon Smooth Muscle
E111 Stomach Smooth Muscle
E108 Skeletal Muscle Female
E102 Rectal Mucosa Donor 31
E026 Bone Marrow Derived Cultured Mesenchymal Stem Cells
E049 Mesenchymal Stem Cell Derived Chondrocyte Cultured Cells
E023 Mesenchymal Stem Cell Derived Adipocyte Cultured Cells
E025 Adipose Derived Mesenchymal Stem Cell Cultured Cells
E114 A549 EtOH 0.02pct Lung Carcinoma Cell Line
E038 Primary T helper naive cells from peripheral blood
E048 Primary T CD8+ memory cells from peripheral blood
E037 Primary T helper memory cells from peripheral blood 2
E040 Primary T helper memory cells from peripheral blood 1
E045 Primary T cells effector/memory enriched from peripheral blood
E044 Primary T regulatory cells from peripheral blood
E043 Primary T helper cells from peripheral blood
E041 Primary T helper cells PMA−I stimulated
E047 Primary T CD8+ naive cells from peripheral blood
E032 Primary B cells from peripheral blood
E039 Primary T helper naive cells from peripheral blood
E042 Primary T helper 17 cells PMA−I stimulated
E110 Stomach Mucosa
E103 Rectal Smooth Muscle
E075 Colonic Mucosa
E101 Rectal Mucosa Donor 29
E077 Duodenum Mucosa
E124 Monocytes−CD14+ RO01746 Primary Cells
E030 Primary neutrophils from peripheral blood
E062 Primary mononuclear cells from peripheral blood
E106 Sigmoid Colon
E109 Small Intestine
E097 Ovary
E010 H9 Derived Neuron Cultured Cells
E009 H9 Derived Neuronal Progenitor Cultured Cells
E116 GM12878 Lymphoblastoid Cells
E123 K562 Leukemia Cells
E086 Fetal Kidney
E083 Fetal Heart
E002 ES−WA7 Cells
E031 Primary B cells from cord blood
E033 Primary T cells from cord blood
E034 Primary T cells from peripheral blood
E080 Fetal Adrenal Gland
E084 Fetal Intestine Large
E024 ES−UCSF4  Cells
E008 H9 Cells
E003 H1 Cells
E015 HUES6 Cells
E018 iPS−15b Cells
E019 iPS−18 Cells
E014 HUES48 Cells
E020 iPS−20b Cells
E016 HUES64 Cells
E012 hESC Derived CD56+ Ectoderm Cultured Cells
E053 Cortex derived primary cultured neurospheres
E054 Ganglion Eminence derived primary cultured neurospheres
E070 Brain Germinal Matrix
E082 Fetal Brain Female
E081 Fetal Brain Male
E099 Placenta Amnion
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Extended Data Figure 6 | Hierarchical clustering of epigenomes using
diverse marks. a–e, Clustering of all 127 reference epigenomes, including
ENCODE samples, using H3K4me1, H3K4me3, H3K27me3, H3K36me3 and
H3K9me3 signal in Enh, TssA, ReprPC, Tx and Het chromatin states,

respectively. All panels show hierarchical clustering with optimal leaf ordering.
Colours indicate sample groups, as defined in Fig. 2. Numbers on internal
nodes represent bootstrap support scores over 1,000 bootstrap samples.
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Extended Data Figure 7 | Multi-dimensional scaling (MDS) analysis.
a–i,MDSplots showing reference epigenomedistances using similarity of different
epigenomic marks in corresponding chromatin states. Reference epigenomes
(dots) are coloured according to their group colouring defined in Fig. 2b. Thin lines
connect same-group reference epigenomes. The first four axes of variation are
shown in pairs. Marks are assessed in regions with relevant chromatin states (see

Methods). j, Variance explainedby eachMDSdimension. The first five dimensions
shown in Supplementary Fig. 10 (Fig. 6b, c) explain between 45% and 80% of the
total epigenome-to-epigenome variance for all histone modification mark
correlations, and additional dimensions explain less than 10%. Only a few
components ofH3K4me3 inTssAchromatin states explains amuch larger fraction
of the variance than other marks, possibly due to its stability across cell types.
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Extended Data Figure 8 | Regulatory motif analysis for modulesa.
Regulatory motifs enriched in enhancer modules. Enrichment (red) or
depletion (blue) of regulatorymotifs (rows) in the enhancermodules (columns)
relative to shuffled control motifs. For each motif is shown the motif name,
consensus logo, and correlation between regulator expression and module
activity: positive correlation (orange) is indicative of activators, and negative

correlation (purple) indicates a repressive role for the factor. Only clusters with
log enrichment or depletion of at least 1.5-fold for one motif are shown.
b, Average activity level of enhancers of each module in each reference
epigenome (black, high; white, low). c, Total size of each enhancer module
showing enrichment (in kb).
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Extended Data Figure 9 | Regulatory motif enrichment, DGF enrichment
and positional bias for predicted driver motifs. a, Regulatory motif
enrichments for the 40 regulators showing the strongest absolute correlation
between transcription factor expression and module activity. Of these, 36 were
also recovered solely based on their motif enrichment scores (Extended
Data Fig. 8), but 6 motifs showing significant and biologically relevant
correlations were not discovered solely based on their motif enrichment
(Esrra_4, Max_4, Mga_3, Nfatc1_3, Rest_2 and Tead3_1), illustrating the
importance of studyingmotif enrichments in the context of transcription factor
expression and enhancer activity patterns. b, Predicted driver regulatorymotifs

are enriched in high-resolution DNase footprints. Enrichment of predicted
driver motif instances (Fig. 8 and Extended Data Fig. 9a) in 42 high-resolution
(6–40 bp) DGF libraries from deeply sequenced DNase data sets69 shows
consistent tissue preferences in matching cell types. For example, POU5F1 in
iPS cells, HNF1B and HNF4A1 in digestive tissues, RFX4 in neural lineages,
MFE2B inmuscle. c, Matrix of significant positional bias across factors and cell
types. For each DGF data set (columns), positional bias score (heat map) of
predicted driver regulatory motifs (rows) found to be significantly enriched
(Fig. 8 and Extended Data Fig. 9a) in enhancer modules (Fig. 7a).
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Extended Data Figure 10 | Positional biases of predicted driver motifs
relative to high-resolution DNase footprint centres and boundaries.
a, Driver transcription factormotif instance logo, as in Fig. 8 andExtendedData
Fig. 9a. b, Distribution of motif instances relative to the centre of the high-
resolution DNase sites (DGF lengths range from 6 bp to 40 bp), each curve
coloured according to the cell/tissue type (from Fig. 2 and Supplementary

Table 5b). c, Distribution of shuffled motifs that match composition and
number of conserved occurrences in the genome70,73. d, Positional bias relative
to boundary of DGF region for true motifs, similar to b. e, Positional bias
relative to boundary of DGF region for shuffledmotifs, similar to c. f, Cell types
showing significant positional bias after multiple testing correction, coloured
according to Fig. 2 and Supplementary Table 5b.
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Extended Data Figure 11 | Epigenomic enrichments of genetic variants
associated with diverse traits. Tissue-specific enrichments for peaks of
epigenomic marks for genetic variants associated with complex disease,
expanding Fig. 9. Enrichments are shown for: a, H3K4me1 peaks (enhancers).
This panel includes all the data shown in Fig. 9, but expands the enrichments
shown to all reference epigenomes (columns) for studies (rows) that met the

FDR5 0.02 threshold. b, H3K27ac peaks (active enhancers). a, b, Studies were
defined by a set of SNPs annotated in the GWAS catalogue with the same
combination of a publication (shown by the Pubmed ID) and trait. Epigenome
with maximum enrichment, uncorrected2log10 P value and estimated FDR
are indicated.
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Extended Data Figure 12 | Epigenomic enrichments of genetic variants
associated with diverse traits. Tissue-specific enrichments for peaks of
epigenomic marks for genetic variants associated with complex disease, similar
to ExtendedData Fig. 11 except enrichments are shown for: a, H3K4me3 peaks
(promoters); b, H3K9ac peaks (active promoters and active enhancers);
c, DNase peaks (accessible regions); d, H3K36me3 peaks (transcribed regions);

e, f, H3K27me3 peaks (Polycomb-repressed regions, e) and H3K9me3 peaks
(heterochromatin regions, f) do not show any enrichments at the FDR5 0.02
threshold. As for Extended Data Fig. 11, studies were defined by a set of
SNPs annotated in the GWAS catalogue with the same combination of a trait
(far left column) and publication shown by the Pubmed ID (far right column),
uncorrected P value (in -log10) and estimated FDR.
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