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The Encyclopedia of DNA Elements

The ENCODE Project Consortium

Abstract

We present the Encyclopedia of DNA Elements (ENCODE), a reference map of the
genomic basis of gene regulation. A product of more than two decades of systematic
interrogation of genome function, ENCODE encompasses more than 16,000 genome-
wide experiments, predominantly in primary cells and tissues, focused on three core
layers of genome function. First, ENCODE now provides a catalog of gene regulatory
elements. The catalog is based on a foundation of 5.3 million DNase | hypersensitive
sites that delineate essentially all chromatin-accessible regulatory DNA in the human
genome, as well as extensive maps of chromatin states, transcription factor occupancy,
and nascent transcription, and systematic predictions of the functional consequences of
non-coding genetic variants on regulatory element activity. Second, ENCODE expands
the catalog of genes and transcripts, which now includes nearly 18,000 novel human
long noncoding RNA genes, nearly 150,000 novel transcript isoforms, and genome-wide
maps of transcript stability across cell types and time. Third, ENCODE now maps
physical and functional interactions among regulatory elements and genes across more
than 100 human tissues and cell lines at up to 10 bp resolution. Those studies reveal a
vast network of interactions among millions of loop anchors across and links those
interactions to gene expression. Through parallel studies in mice, ENCODE also
provides extensive maps of gene regulatory elements, transcripts, and their interactions
across the mouse postnatal development. Together, the Encyclopedia of DNA Elements
provides a foundational framework for genome-focused studies of human and mouse
biology.
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Introduction

The human genome is a sequence of three billion nucleotides that contain the heritable
information required to create life."® Encoded within the human genome is a vast
collection of DNA elements that mediate genome function, most critically genes and the
regulatory elements that control their expression (Supplementary Box 1). Following the
publication of the first draft sequence of the human genome,"? the Encyclopedia of DNA
Elements (ENCODE) Project was launched to identify and characterize those elements.

ENCODE pursued this goal through systematic studies of genome activity and function.
The first phase (2003—2007) focused on 1% of the human genome.* The second phase
of ENCODE (2007-2012), leveraging the development of high-throughput short read-
DNA sequencing, expanded to genome-wide studies in human® and initiated parallel
projects focused on mouse® and other model organisms.”® The third phase (2012—
2015) expanded studies of primary human and mouse cells and tissues® while also
broadening the experimental and computational approaches used.

Here, we report the results from the fourth and final phase of ENCODE. This phase
greatly expanded studies to capture a more complete representation of human and
mouse biology. Specifically, ENCODE 4 studied diverse primary cells and tissues
representing all major human and mouse anatomical compartments; commonly used
cell lines; human and mouse developmental time courses; and responses of human
cells to environmental and genetic perturbations (Supplementary Box 2). Across those
samples, we cataloged and characterized three primary aspects of gene regulation: (i)
genes, (ii) gene regulatory elements, and (iii) the interactions among them (Fig. 1a).

In total, ENCODE completed and released >16,000 genome-wide assays that probe
various aspects of gene regulation. Of these, most (>9,500) are reported here for the
first time (Supplementary Table 1). ENCODE assays studied >5,000 distinct biological
samples including primary cells; primary tissues; in vitro differentiated pluripotent cells;
and genetic or environmental perturbations thereof. We extensively coordinated data
generation across labs from common samples, enabling numerous integrative and
comparative assessments (Fig. 1b). In addition, the EN-TEx study'® enabled
assessment of the functional contributions of non-coding variants by studying 30 tissues
from four Genotype-Tissue Expression (GTEx) donors™ GTEx. We report here that
ENCODE's >16,000 assays enable annotation of tens of thousands of genes, hundreds
of thousands of gene transcripts, millions of gene regulatory elements, and tens of
millions of regulatory element interactions. We compiled these results into an
Encyclopedia of DNA Elements to serve as a foundational reference for the study of
human and mouse genomes function.
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We present the Encyclopedia in five sections. First, we report comprehensive
identification and systematic characterization of gene regulatory elements and the DNA
sequences underlying them in the human genome. Second, we report expanded
annotations of genes and transcripts, including their stability over time. Third, we
annotate physical and functional interactions between genes and regulatory elements,
and their impacts on gene expression. Fourth, we detail expansion of ENCODE
annotations to the mouse genome. Finally, we describe key tools for accessing and
using ENCODE data.

Results

Gene regulatory elements

From the outset, a major focus of ENCODE has been to identify and characterize gene
regulatory elements encoded within the human genome sequence. Regulatory elements
are characteristically accessible to nucleases and other enzymes, are bound by
transcription factors, and may be flanked by histones with specific covalent
modifications. Distal regulatory elements may also produce short unstable transcripts
known as enhancer RNAs.

A comprehensive assessment of human chromatin accessibility

Genome-wide mapping of chromatin accessibility has been central to ENCODE'’s effort
to map the location of regulatory elements because it is a general marker of regulatory
elements and can be deployed across a wide range of samples. During the fourth phase
of ENCODE, we expanded maps of DNase | hypersensitive sites (DHSs) to encompass
4,159 distinct cell types, tissue types, and cell states (representing 3,125 conditions
using reference ontologies) (DNase-seq Datasets). That is a ~5.5-fold increase over
previous ENCODE reports.” The new samples included significantly expanded
coverage of human fetal tissues'?, adult brain, and immune cells. We also mapped
chromatin accessibility over a subset of those samples using complementary bulk and
single-cell ATAC-seq assays. The latter allowed us to infer chromatin accessibility for
distinct cell types in their native environment inside heterogeneous tissues
(Supplementary Table 2, Supplementary Figure 1).

The final ENCODE Encyclopedia catalog of human DHSs comprises 5.3 million high-
confidence chromatin accessible sites within the uniquely mappable human genome
sequence (http://requlome.org) (Fig. 2a).*®
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Discovery of DHSs at new genomic positions dramatically diminished as new samples
were profiled regardless of cell or tissue type, suggesting saturation of the DHS
landscape. To assess further the completeness of the ENCODE DHS catalog, we
compared it to elements identified from >20,000 uniformly processed publicly available
non-ENCODE chromatin accessibility datasets. We found that nearly all elements from
non-ENCODE datasets were represented within the ENCODE catalog despite many
datasets originating from biological contexts not examined by ENCODE or from single
cell assays. We estimate that a future chromatin accessibility experiment will annotate
on average ~50 new elements (Fig. 2b). As such, the 5.3 million elements in the
ENCODE DHS catalog is, for most purposes, complete. This fulfills one of the key goals
of ENCODE.*

Patterns of chromatin accessibility across cell types

Regulatory elements exhibit diverse activation patterns across cell types
(http://requlome.org). Overall, we found that each reference DHS was accessible in a
median of 25 cell contexts, while only ~0.5% of elements were detected in 280% of
samples. Most widely detected DHSs were promoters or sites bound by the chromatin
regulator CTCF. Cells from related tissues share similar DHS landscapes, and most
DHSs from normal cells and tissues could be assigned to one of ~28 DHS landscape
categories (Fig. 2c¢). In contrast, malignant cells frequently activated DHSs that were not
typically accessible in their corresponding cell lineage of origin but rather were found in
non-cognate cell lineages.

Many cell types were repeatedly sampled to capture donor- or condition-specific
variation. Those deep analyses reveal that a core set of DHSs are recurrently activated
within a given cell type context, whereas others are only detected sporadically (Fig. 2d).
In any individual sample from a given cell type, only ~50% of the core DHSs were
observed. Distinguishing the core DHSs for a cell type typically required >20 distinct
biological samples from that cell type. As such, studies based on only one or a few
samples may considerably underestimate the extent of regulatory DNA within a given
cell type.

Annotating regulatory elements using chromatin state

Covalent histone modifications are markers of genome function. We therefore assayed
covalent histone modifications representing key aspects of gene regulation across
hundreds of different tissues and cell types. Specifically, we measured the distribution of
six histone modifications associated with enhancer or promoter activity (H3K27ac,
H3K4mel, H3K4me3), gene bodies (H3K36me3), and facultative (H3K27me3) or
constitutive (H3K9me3) heterochromatin across ~450 different cell and tissue contexts
using a combination of histone ChIP-seq and Mint-ChIP assays™ (Mint-ChIP_and
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Histone ChlP-seq Datasets). Because of its major influence on chromatin structure, we
also assayed CTCF occupancy in many of the same cell types using ChiP-seq (CTCF
ChIP-seq Datasets). Using those datasets, we systematically annotated regulatory
activity states across the human genome using the ChromHMM® and Segway'’*®
semi-supervised hidden Markov models (ChromHMM and Segway Analyses). We also
used local histone modification patterns to assign many DHSs into functional categories
of candidate cis-regulatory elements (cCREs, see below).

We also used histone modification data to identify repressive regulatory elements and
structures. Silencers were systematically characterized using several approaches
(Supplementary Figure 2).'*** In ENCODE 4, we found that H3K27me3-rich genomic
regions physically interact over long distances to form higher-order regulatory units with
strong transcriptional repression, which we termed super-silencers.?

Genome binding profiles for most human transcription factors

Previous phases of ENCODE measured the occupancy of ~500 transcription factors
and chromatin-associated proteins via ChIP-seq.?*?” The final phase expanded those
measurements to 1,100 proteins, representing ~70% of human transcription factors
(Transcription Factor ChIP-seq Datasets).”® For many newly studied proteins, including
hundreds of zinc-finger transcription factors, antibodies with sufficient specificity for
ChIP-seq do not exist. To circumvent that challenge, we introduced epitope tags into the
endogenous coding sequences of 729 such transcription factors and performed ChiP-
seq using antibodies against those epitope tags (Supplementary Table 3).% Because
epitope tagging and selection at the scale required for ChiP-seq is most feasible in
immortalized cell lines, we concentrated those efforts on HepG2, a liver carcinoma cell
line, and K562, a leukemia cell line.

The TF ChlIP-seq datasets collectively identify ~80,000 and 40,000 genomic regions TF-
bound in HepG2 and K562 cells, respectively. We detected significant ChlP-seq signal
over ~10% of the human genome (Supplementary Figure 3) though, as detailed below,
only a fraction of that signal is explained by sequence-specific DNA:protein interactions.
ChiP-seq signal for different transcription factors commonly clusters within ~100 bp
genomic regions, and we found thousands of high-occupancy target sites with evidence
of many transcription factors binding together.®® At many other genomic sites, we
identified modules of transcription factors, such as the activator protein 1 (AP-1)
transcription factors, that bind at the same sets of genomic locations.** Some modules
are shared across cell lines, whereas others were cell-type specific. However, cell-
shared modules often bind different locations in different cell types. Similarly, the same
genomic location often binds different modules of transcription factors in different cell
lines. As discussed below, those differentially bound regions frequently coincide with
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chromatin loops, where co-binding patterns dictate whether the loop serves a primarily
structural or regulatory purpose in each cell type.*

Identifying regulatory elements using nascent RNA

Promoters are defined by their ability to initiate RNA Polymerase Il transcripts (protein-
coding or non-coding), while enhancers may originate short transcripts that mark an
active regulatory state.** ENCODE mapped nascent transcripts using nuclear run-on
sequencing (PRO-seq and PRO-cap)®** and BruUV-seq.* Overall, we identified 715,296
transcriptionally active regulatory elements across 215 human tissue and cell samples
using PRO-cap (PRO-cap Datasets).®*® We also measured the effect of protein
degradation and glucocorticoid treatments on transcription using PRO-cap and PRO-
seq (Targeted Degradation Datasets, Glucocorticoid Response Datasets). The BruUV-
seq assays measured transcription initiation in 16 human cell lines as part of a larger
coordinated study of gene regulation in those lines (Coordinated Cell Line
Datasets).*"*

Transcriptional initiation from regulatory elements corresponds to other indicators of
regulatory activity. For example, in K562 cells, ~80% of transcriptionally active regions
tested had activity in high-throughput reporter assays.***® Moreover, such regions often
exhibit both promoter and enhancer activity, and these activities are strongly
correlated.”® Computational models of the sequence determinants of transcriptional
initiation showed that promoter and enhancer activity share common sequence
determinants*® and can also inform genetic contributions to health and disease.*3%4142
Further insights into regulatory element activity can be gleaned by evaluating the
location and direction of transcription initiation sites within regulatory elements. As
examples, transcription factors such as CTCF and ZNF143 may contribute to the
direction of transcription from regulatory elements, and unidirectionally transcribed
elements are evolutionarily younger and have weaker sequence constraint than
divergently transcribed elements.*®*3

Systematic categorization of candidate cis-regulatory elements using
ENCODE data

Each of the above datasets gives complementary information about the location and
activity of regulatory elements. In the previous phase of ENCODE, we developed a rule-
based approach to categorize candidate cis-regulatory elements (cCCRES) by assigning
DNA segments containing DHSs into one of seven regulatory states based on proximity
to transcription start sites, histone modification patterns, and transcription factor
occupancy.’ In this final phase, we expanded that categorization to include ~2.4 million
elements (~45% of annotated DHSs) from 1,679 samples based on updated criteria
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including nascent transcription (Supplementary Figure 4a) (cCRE Analyses).?*
Promoter-like and enhancer-like cCREs had higher reporter assay activity than all other
classes of cCREs.* In addition, cCREs were most strongly enriched for activity in the
cell type where they were identified, particularly for CRISPR perturbation assays
(Supplementary Figure 4b).

Functional assessment of regulatory element activity

In its final phase, ENCODE initiated a systematic effort to probe the regulatory potential
of DNA sequences using functional assays. We performed ~600 large-scale functional
characterization experiments, focusing on functional reporter assays and CRISPR
perturbations spanning 35 human and mouse cell types and tissue (Functional
Characterization Datasets). Reporter assays included genome-wide measurements of
regulatory activity, coordinated dense studies of specific ~1 Mb loci (High-throughput
Reporter Assay Datasets), and in vivo whole-organism reporter assays of ~300
individual regulatory elements in day 11.5 transgenic mouse embryos (Transgenic
Mouse Reporter Datasets). The CRISPR perturbation studies included a coordinated
multi-center analysis of 13 Mb of the human genome in five cell types* as well as
targeted studies of disease-associated regions* and of the promoters of dosage-
sensitive genes.*’

Collectively, we report evidence of functional regulatory activity for tens of thousands of
genomic elements,* including >33,000 with activity in multiple assays in K562 cells.**
We found reporter assays to be more permissive for regulatory activity than CRISPR
screens, exposing regulatory activity for DNA sequences that are found both in
accessible chromatin in that cell type and in non-accessible DNA that coincided with
DHSs in other cell types. In contrast, significant results from CRISPR interference
screens were almost entirely limited to genomic regions with accessible chromatin,
transcription factor binding, and reporter assay activity in the cell context tested. Those
results are consistent with reporter assays measuring the potential of DNA sequences
to regulate a nearby promoter, whereas CRISPR screens reflect additional constraints
such as chromatin accessibility and the ability to physically reach the target
promoter,*4849

Sequence determinants of regulatory element activity identified by
predictive models

Regulatory DNA function is mediated by the cooperative binding of sequence-specific
transcription factors. However, identifying the relative contribution of factor recognition
sites to regulatory DNA activity has proven challenging. To do so, we trained
convolutional neural networks that use local DNA sequences to predict base-resolution
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signal profiles for several assays of regulatory element activity including chromatin
accessibility,”® transcription factor binding,>*™® nascent transcription, and activity in
reporter assays (Fig. 3a).>*°°> We trained separate models for each assay type in each
tissue type using five-fold cross-validation. In total, we created models for 2,339 TF
ChiIP-seq experiments (including 1,261 datasets for 455 unique C2H2 zinc fingers),
1,143 DNase-seq experiments, 369 ATAC-seq experiments, 6 PRO-cap experiments,
and 8 high-throughput reporter assay experiments in both human and mouse
(Supplementary Table 4) (ChromBPNet and BPNet Models). Experiment-specific
models accurately predict the position, strength, and shape of signal with base-pair
resolution and in an assay- and cell-type-specific manner (Supplementary Figure 5).

We next created a unified interpretation framework to identify predictive sequence
features influencing these signals (Fig. 3b).**>*°®°® We created three datasets per
experiment: (i) predicted signal profiles corrected for experimental noise and biases
such as sequence preferences for enzymes used in each assay, (i) nucleotide-
resolution contributions to those signals, and (iii)) the effects of those contributions on
DNA motifs derived from all models (Fig. 3c). Each dataset for each experiment is
provided as a tracks that can be viewed on a genome browser. We illustrate how they
can be used to dissect the DNA contributions to regulatory activity in Case Study 1.

The ENCODE DNA motif catalog

We next created a unified ENCODE catalog of DNA motifs that predict different aspects
of regulatory element activity across cell contexts. To do so, we consolidated >280,000
motifs models into a non-redundant catalog of 3,384 motifs, explaining transcription
factor binding and chromatin accessibility.> The ENCODE catalog encompasses most
motifs found in other compendia (Fig. 3d), and also adds many novel motifs, especially
for zinc fingers, for transcription factors regulating chromatin state, and for cooperative
binding between transcription factors (Fig. 3e, Supplementary Figure 6).°%°%°8

The ENCODE motif catalog also gives new insights into the sequences critical for gene
regulation. Nearly all (~95%) of ChlP-seq or chromatin accessibility peaks contained at
least one motif instance that was predicted to influence signal strength (Fig. 3f). Overall,
ChlP-seq signal can be explained by fewer motifs than chromatin accessibility signal
(median of ~2 vs ~4 per peak, Fig. 3g), and by motifs that are closer to the signal
summit and explain a greater fraction of the signal at each site (Supplementary Figure
7a). Most peak-associated signals were best explained by aggregate motif instances vs.
individual motifs (Supplementary Figure 7b-c). Low-complexity features also accounted
for a substantial fraction of ChlP-seq and chromatin accessibility signal (Supplementary
Figure 7c¢). Individual motif instances also provide testable hypotheses about the
context-specific syntax of gene regulatory DNA sequences. For example, we identified
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and validated examples of non-additive effects on regulatory element activity arising
from cooperative interactions between multiple motifs, and between motifs and flanking
DNA sequence context (Case Study 2).

Estimating variant effects on regulatory element activity

Non-coding genetic variants are major contributors to human traits.>>®* ENCODE
assayed samples from hundreds of donors. The use of high-throughput sequencing for
readout in assays such as DNase-seq allows us to identify genetic variants in regulatory
elements in those donors’ genomes. At heterozygous positions, we can also quantify
assay signal that is specific to each allele. Complementing that approach, we also used
synthetic reporter assays to test the effects of large numbers of selected non-coding
variants.

Across both approaches, ENCODE experimentally tested the effects of ~1.5 million
common and low frequency variants. We observed significant (FDR < 0.05) allelic
effects at 149,679 (10%). The expanded allele-specific chromatin accessibility
assessments in ENCODE 4 informed 80% more GWAS catalog variants and accounted
for 27% of all novel trait-to-top-sample associations discovered (Supplementary Figure
9¢c).%? To expand beyond those experimental measurements, we also computationally
predicted 10 million variant effects using eQTL and deep learning models (Fig. 4a,
Supplementary Figure 8, Supplementary Figure 9a). The computationally predicted
effects were enriched 13-fold and 10-fold for variants with allele-specific reporter assay
activity and DNase hypersensitivity, respectively (Fig. 4b) (Supplementary Tables 5 and
6).%® In total, ENCODE 4 assays and models provide evidence for allelic-specific activity
at 5% and 16% of GWAS catalog variants, respectively (Supplementary Figure 9b)
(Supplementary Table 7).

Non-coding variants can contribute to phenotypes by impacting different aspects of
gene regulation. We therefore created consensus variant to function (cV2F) scores that
provide a single variant effect score for many traits (Supplementary Table 8) by learning
optimal combinations of ENCODE datasets, sequence conservation and linkage
disequilibrium (Fig. 4c) (cV2F Scores).®* Overall, ENCODE cV2F scores had a high
precision-recall when predicting held-out UK Biobank trait associations (AUPRC = 0.82).
The addition of ENCODE 4 data improved precision-recall by 14% on held-out UK
Biobank fine-mapped variants and by 28% and 14% on Million Veterans Project fine-
mapped associations in European-Americans and in African-Americans, respectively
(Fig. 4d, Supplementary Table 9).°® Variant effect estimates and tissue-specific
features were especially important for cV2F performance, and using tissue-matched
cV2F in multi-ancestry polygenic prediction showed 13% improvement over the non-
functional baseline in African ancestry individuals (Fig. 4e, Supplementary Figure 9f-g,
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Supplementary Table 10).°4°%%° Compared to existing approaches, cV2F scores had
better concordance on held-out GWAS and reporter assay data (Supplementary Figure
9d-e); and increased the number of confidently fine-mapped UK Biobank trait variants
by 14% (PIP > 0.95, N = 3,551 versus 3,107) (Supplementary Figure 9h). We detail
example applications using cV2F to fine-map common and rare disease mechanisms in
Case Study 3.

Genes and transcripts

A second overarching goal of ENCODE 4 was to create and expand atlases of genes,
gene expression, transcript isoform diversity, and transcript stability.

An expanded gene catalog

Cataloging all human and mouse genes, transcripts, and translations has been one of
the major goals of ENCODE and of the offshoot GENCODE consortium. This phase of
ENCODE improved and expanded the GENCODE gene catalog, primarily through the
systematic application of capture-long-read RNA sequencing (CLS) across a wide-
range of samples.””’* Doing so substantially increased the number of annotated long
non-coding RNAs (IncRNA) genes, adding 17,931 novel human genes (140,268
transcripts) and 22,784 novel mouse genes (136,169 transcripts). These novel INcCRNA
genes exhibit the features expected of bona fide transcriptional units even though they
are poorly detected by bulk RNA-seq because their expression is highly restricted to
specific cell populations. Many previously orphan promoters and enhancers map to
those novel transcriptional units, as do tens of thousands of phenotype-associated
variants. This new catalog increases the number of human disease-associated INCRNAs
with mouse orthologs by 3-fold. Additionally, through mapping novel IncCRNA transcripts
in primate genomes, we predict hundreds of thousands of novel transcripts in other
species, greatly enhancing INCRNA annotation in non-human primates.

Expanded maps of transcript isoforms via long-read RNA-seq

ENCODE 4 also expanded maps of isoform expression by profiling >400 full-length
transcriptomes across a range of tissues and developmental stages using long0O-read
RNA-seq (Long Read RNA-seq Datasets).”” We detected at least one full-length
transcript from 87% of annotated human protein coding genes in GENCODE v40 (Fig.
5a), with 89% expressing multiple transcripts. In total, we mapped >200,000 polyA+
transcripts, 35% of which have novel splicing compared to GENCODE v40 (Fig. 5b). In
contrast, only 25% of IncRNAs and pseudogenes express multiple transcripts (Fig. 5c).
Long-read RNA-seq datasets were also rich in allele-specific alternative splicing
events.”
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We categorized and visualized each transcript according to its transcript start site
(TSS), exon junction chain (EC), and transcript end site (TES) (Fig. 5d-e), and created a
transcript visualization interface for those results (Long Read RNA-seq Data Viewer).
Most protein coding genes have multiple TSSs, ECs, and TESs (Fig. 5f-g). For 44% of
protein-coding genes, transcriptional diversity is biased towards variation specifically in
either the TSS, EC, or TES (Fig. 5e).” For example, transcripts of the splicing factor
SCAF1 preferentially differ based on TSS usage (Fig. 5h-i). Together, these results
indicate constraints within transcripts for certain protein coding genes.

A catalog of RNA turnover rates across human genes

RNA is degraded at variable rates, impacting steady-state gene expression and isoform
abundance.”*"® Variation in isoform stability has also been linked to disease.” To
measure RNA stability genome-wide, we used RNA Bru-seq and BruChase-seq assays
across 16 widely-used cell lines that were coordinately grown, distributed, and profiled
at the same time points by several additional types of experimental assays (Deeply
Profiled Cell Line Datasets).”””® We measured RNA degradation shortly after
transcription (0 — 2 h) and over a later time interval (2 — 6 hr) (Fig. 6a-b).”® Nascent RNA
sequencing reads mapped to ~20% of the genome in individual cell lines, and to ~48%
of the genome collectively across all 16 cell lines.*’

RNA turnover rates varied widely across genes, time, and cell types and particularly
among transcription factors (Fig. 6¢). Of those, KLF6 and ALKBHS5 are consistently
among the most unstable and stable transcripts, respectively, across both time and cell
lines (Fig. 6d). Some genes showed consistent patterns across cell types, such as the
ribosomal protein transcript RPL31 that degrades rapidly and specifically in early time
points. Others such as SYPL1 were highly variable between cell types (Fig. 6d). More
generally, isoforms from the same gene often had different stability, indicating prevalent
post-transcriptional isoform selection.*® Genetic factors also likely contribute to some of
that variation in RNA turnover rates.”®%°

Binding and functional profiles for human RNA binding proteins

As a step towards understanding how RNA binding proteins contribute to transcript life
cycles, we systematically characterized their interactions with RNA using eCLIP and
their functional effects using gene knockdowns.?* In total, the Encyclopedia includes
eCLIP profiles for 286 RNA binding proteins in at least one cell line (eCLIP_Datasets)
and RNA-seq after knockdown for 536 (RBP _Knockdown RNA-seq Datasets). For 216
RNA binding proteins, we generated both an eCLIP experiment and a corresponding
knockdown experiment, allowing for both RNA binding and functional to be queried. The
final ENCODE dataset includes a deep investigation of >100 zinc-finger proteins that
revealed substantially altered splicing and polyadenylation site usage, as well as novel

11


https://doi.org/10.64898/2026.07.06.731365
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.64898/2026.07.06.731365; this version posted July 8, 2026. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under a CC-BY-NC-ND 4.0 International license.

multi-functional RNA binding proteins.?? Deep-learning models on eCLIP profiles can be
used to prioritize disease variants and uncover RNA binding protein-related
mechanisms of pathogenesis.®

Interactions among regulatory elements and genes

The third major focus of ENCODE 4 was mapping the physical and functional
interactions among genes and gene regulatory elements.

Mapping physical interactions genome-wide at element and motif
resolution.

To map physical interactions genome-wide, ENCODE sequenced DNA:DNA proximity-
ligation libraries generated via a variety of protocols. Together, those datasets expand
upon previous consortium efforts by many-fold across a range of metrics. For example,
the Encyclopedia contains 4-fold more sequenced molecules from proximity-ligation
libraries, including 39-fold more that were generated using non-sequence-specific
nucleases which enable higher resolution®*®°.

For high-resolution physical interaction mapping, we developed intact Hi-C (Fig. 7a).%*
We used intact Hi-C to create an atlas of physical interactions across 100 human cell
and tissue types. These included high-density physical interaction maps comprising ~90
billion sequencing reads each from reference cell lines (K562, HepG2, HCT-116) (Fig.
7b), and ~350 billion sequencing reads across 40 lymphoblastoid cell lines (LCLS)
derived from 40 donors (Fig. 7c) (LCL Intact Hi-C Datasets). High-density maps resolve
the endpoints of long-range interactions to within 10 bp — sufficient to identify
interactions between individual regulatory elements — and detect most loops shorter
than 250 kb. Nearly all anchors overlap an ENCODE DHS. Maps from different donors
allowed us to quantify allele-specific physical interactions in LCLs, and to identify
~1,000,000 point-to-point loops connecting 138,049 distinct loop anchors (Combined
LCL Intact Hi-C Map). We also resolved homolog-specific interactions by phasing
genetic variants across chromosome-length haploblocks (Phased Genotype Datasets),
enabling us to quantify allele-specific physical interactions for millions of single
nucleotide polymorphisms and to relate allele-specific interactions to transcription factor
binding motifs (Fig. 7c) (Case Study 4).

Protein-associated and protein-dependent physical interactions

To assess the relationship between physical interactions and specific chromatin
associated proteins, we measured the effect of degrading eight major regulatory factors
(RNA Polymerase Il, RAD21, CTCF, CDK-7, SUPT16H, BRD4, MED14, and

12


https://doi.org/10.64898/2026.07.06.731365
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.64898/2026.07.06.731365; this version posted July 8, 2026. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under a CC-BY-NC-ND 4.0 International license.

SMARCAS5) using an auxin-inducible degron system in HCT-116 human colorectal
carcinoma cells (Fig. 7d) (Targeted Degradation Datasets). We report that, while many
loops depend on cohesin (85%) and CTCF (78%), a fraction do not. Degradation of
RNA Pol Il effaces loops anchored at RNA Pol Il binding sites (26% lost) more than
those anchored at CTCF (11% lost), and those RNA Pol Il loops were often strongly
dependent on cohesin. Together, these results indicated that recruiting RNA Pol Il gives
an element the ability to communicate at a distance via cohesin extrusion. In contrast,
loops anchored at AP1 motifs are more robust to degradation of both CTCF and
cohesin, suggesting there are additional mechanisms of loop formation.

A broad map of tissue-dependent physical interactions

We also created a catalog of physical interactions maps spanning >100 human cell and
tissue types using intact Hi-C and ChIA-PET each in ~80 cell or tissue types (Fig. 7e)
(Physical Interaction Datasets). The intact Hi-C maps revealed millions of physical
interactions between individual DNA elements, while the ChIA-PET maps revealed
context-specific physical interactions associated with CTCF and RNA Pol 11.57%° we
also created reference intact Hi-C maps for organs and developmental lineages, we
aggregated results from the component cells and tissues (Intact Hi-C Body Map
Datasets). For instance, we created a heart-specific Hi-C map containing 34 billion
contacts, spanning data from multiple individuals and all four of the heart's chambers.
Together, the catalog of physical interactions across all cell and tissue samples includes
11 million loops at <100 bp resolution, sufficient to resolve physical interactions between
individual DNA elements in primary tissues. Finally, for a subset of genomic loci, we
created ensemble models of genome architecture at specific loci using ChIP-seq
data.®!

Regulatory interactions are associated with physical interactions in
the human genome.

A common hypothesis is that long-range regulatory interactions correspond to physical
interactions between regulatory elements, although generalized experimental evidence
is lacking. We thus compared Hi-C physical interactions with element-to-gene regulatory
interactions mapped using CRISPR perturbations. We found that most long-range
regulatory interactions correspond to physical interactions. For instance, of the
regulatory interactions detected in full tiling CRISPRi screening experiments in K562,%
up to 92% of perturbations with regulatory impact corresponded to physical loops
(Supplementary Figure 10). In a similar tiling experiment that only targeted DHSs in
HCT-116, 100% of 30 mapped regulatory interactions corresponded to physical loops,
whereas pairs of loci not found to exhibit regulatory interactions corresponded to
physical interactions only 30% of the time.®*%? Together, these results strongly support
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a model in which physical interactions among regulatory elements are critical
contributors to their regulatory function.

Measuring and predicting regulatory interactions between enhancers
and promoters

To evaluate more broadly the regulatory function of DNA elements, we developed a
model (ENCODE-rE2G) of predicted functional regulatory interactions genome-wide
and across multiple cell types.”®* We trained ENCODE-rE2G on 10,356 element-gene
pairs, including 471 experimentally verified regulatory connections that had been
assayed with CRISPR screens in ENCODE and in external studies.***® We then
predicted regulatory interactions genome-wide and in additional cell types using a series
of supervised classifiers. Overall, 75% of the predicted regulatory interactions occurred
within 100 kb of the target promoter. On average, the ENCODE-rE2G model predicted
5.9 regulatory interactions per gene, and 1.6 regulatory interactions per distal regulatory
element. Based on the ENCODE-rE2G models, we predicted and validated in specific
cases (i) that the promoters of housekeeping genes are less sensitive to distal
regulatory elements®® and (ii) that groups of enhancers located in close physical
proximity often interact super-additively.***® We extended ENCODE-rE2G to predict
regulatory interactions in the absence of physical interaction studies by using 1,458 of
the 4,159 ENCODE DNase-seq experiments to predict >92 million regulatory
interactions (ENCODE-rE2G Predictions).

Integrative biological insights using ENCODE data

Together, the ENCODE datasets can provide detailed insights into gene regulatory
elements, gene expression, and how regulatory elements and genes interact. To
illustrate this potential in the context of dynamic cell systems, we provide case studies
showing how ENCODE data can be integrated to provide insights into intestinal crypt
cell differentiation (Case Study 5), B-cell trans-differentiation (Case Study 6), and kidney
cell differentiation (Case Study 7).

Gene regulation in mouse and across evolution

Mice are an invaluable model organism, enabling studies that are not possible in
humans. Therefore, the annotation of mouse genes, regulatory elements, and the
interactions between them was a fourth key focus of ENCODE.

Mapping regulatory elements in mouse using chromatin accessibility

The final phase of ENCODE expanded mapping of DHSs in mouse cell and tissue types
by ~15-fold over MouseENCODE.® Mouse DHSs were mapped in 578 samples from
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distinct cell and tissue types and states or ages of which 114 represent fetal or
embryonic states and 448 represent post-natal states (Mouse DNase-seq Datasets).
Collectively, these maps yielded an index of 2.6 million mouse DHSs. Based on the
relative sizes of the mouse and human genomes and densities of DHSs in each, we
estimate that the mouse index is ~61% complete. ~1 million mouse elements from 367
samples (~37% of annotated DHSs) were categorized using the cCRE framework.

Gene regulatory dynamics across mouse postnatal development

We focused on changes in gene regulation during mouse postnatal development,
extending previous ENCODE studies of prenatal development. To enable allele specific
and parent of origin analyses, we used C57BL6/J x CAST/EiJ F1 hybrid mice (Fig. 8a).
We analyzed seven time points representing childhood (post-natal days 4, 10, 14 and
25), puberty (post-natal day 36), young adulthood (2 months), and senior adulthood (18
months). We mapped chromatin accessibility by DNase-seq across these time points in
13 different tissues. We also profiled gene expression by bulk and single-cell RNA-seq
in five core tissues (adrenal gland, heart, skeletal muscle, left cerebral cortex, and
hippocampus) across the same time intervals. We additionally mapped single cell
chromatin accessibility at post-natal day 14 and 2 months; and CTCF occupancy plus
the H3K27ac and H3K4me3 covalent histone modifications at 2 months (Fig. 8a). All
post-natal experiments were performed on equivalent time point samples from four
animals, two from each sex.

In the five core tissues, 4,982 (18%) of 28,251 genes were selectively expressed
prenatally, and 2,322 (8%) genes were selectively expressed after birth (Fig. 8b). Long
read RNA-seq data revealed many instances of isoform switching between biological
contexts, an example of which is detailed in Case Study 8. We also identified cell-type
specific regulatory elements from pseudobulked single nucleus ATAC-seq
(Supplementary Figure 11).

Conservation of regulatory elements between human and mouse

Genome sequence similarity between species is commonly used to estimate
evolutionary conservation in protein-coding regions. Extending that principle to gene
regulatory elements has been challenging because the corresponding DNA sequences
mutate rapidly and the relationship between sequence and function is less clear. We
identified about 550,000 DHS in both species with evidence of sequence conservation.
That represents 10% of human DHS and 21% of mouse DHS, noting that the mouse
DHS annotation is approximately 61% complete.*®

As an alternative approach, we evaluated promoter-proximal functional conservation
between human and mouse using computationally matched DNase, ATAC-seq, and
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histone ChIP-seq datasets (Supplementary Figure 12). We completed this analysis in
two complementary ways. We tested for functional conservation between 2.2 million
human-mouse regulatory element pairs matched based on sequence similarity. We also
evaluated functional conservation across the regions flanking the promoters of
orthologous genes. For that analysis, we tested ~180 million pairs of elements (Fig. 9a)
(Functional Conservation Analyses). To estimate functional conservation, we then
tested if each human-mouse regulatory element pair had a similar pattern of activity
across matched datasets (Fig. 9b, Supplementary Figure 12a). We identified 300,000
(FDR = 10%) and 3.1 million (FDR < 25%) pairs of elements from the core and
extended set, respectively, with evidence of functional conservation. Those pairs cover
20% of the human DHSs that were included in this analysis. Pairs of elements with
conserved constitutive activity were enriched in promoter-like and proximal enhancer-
like cCRE annotations, whereas pairs of regulatory elements with conserved tissue-
specific activity were enriched in distal enhancer-like cCREs. Many pairs of sequence-
matched elements with functional conservation were only annotated as cCREs in
human. Transferring those annotations to mouse identified additional putative regulatory
elements supported by orthogonal activity signatures (Supplementary Figure 12b-c). In
addition, transferring orthologous loop anchors from human to mouse resulted in loop
predictions with ~9-fold higher validation rates than unprioritized loops (Fig. 9c). We
also show that functional conservation can support interpretation of noncoding variants
associated with human traits and disease (Fig. 9d-e).*

We also modeled regulatory element evolution at a subset of DHSs by training promoter
and enhancer gkm-SVM sequence models of 1,644 and 244 human and mouse
chromatin accessibility datasets (gkm-SVM Models). Across 45 pairs of matched human
and mouse samples, we observed rapid evolution of enhancers at the DNA sequence
level and high variation in enhancer conservation rate by tissue type, even though
transcription factors represented in the sequence models are well-matched in all human
and mouse tissue pairs.”

Contribution of transposable elements to the evolution of regulatory
elements

Transposable elements are a substantial evolutionary source of regulatory elements in
the human and mouse genomes.* % Based on ENCODE 4 annotations, 35% of DHSs
and ~33% of cCRE-categorized elements substantially overlap transposable elements.
Overlapping elements have similar reporter-assay activity, patterns of covalent histone
modifications, and enrichment for genetic associations as elements that do not overlap
transposable elements.’**'% We estimate that 37% of human-lineage specific cCCREs
and 28% of mouse-lineage-specific cCREs overlap transposable elements.
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Transcription factor binding motifs in those elements are typically ancestral, with the
notable exception of short interspersed nuclear elements.

Chromatin loops over development and evolution

Finally, we sought to evaluate the evolution of human nuclear architecture more
broadly. To that end, we developed a variant of Hi-C, PaleoHi-C, for use with ancient
samples;'® and demonstrated that the chromatin loops in human skin are evident in a
52,000-year-old skin sample from a woolly mammoth. We also measured physical
interactions across bilaterian evolution via analyses of seven different organisms
(human, mouse, sea lamprey, arctic lamprey, sea urchin, ciona, and fruit fly)
(Supplementary Figure 13) (Supplementary Table 11). Patterns of looping within the
vertebrate clade are consistent with cohesin-mediated extrusion arrested by CTCF in an
orientation-specific fashion. However, this phenomenon is not seen outside the
vertebrates (i.e., in sea urchin, ciona, and fruit fly), consistent with observations of a
recent study.'®’

Accessing the Encyclopedia of DNA Elements

The Encyclopedia of DNA Elements is available in multiple forms: reference datasets,
visualization tools for exploration by human readers, and via Model Context Protocol
(MCP) servers to facilitate exploration via artificial intelligence agents.

Primary experimental results, integrative analyses, and computational predictions are
available at the ENCODE Portal (https://www.encodeproject.org/).**® The portal enables
searching and filtering via structured metadata associated with every dataset from all
phases of the ENCODE project. The portal also provides links to specific sample
collections of broad interest.

Visual investigation of human and mouse gene regulation is facilitated by several
resources. The ENCODE DHS catalog can be explored via a web-based tool
(https://www.requlome.org). An expanded version of the SCREEN tool
(https://screen.wenglab.org/) enables users to search genes, cCRE annotations, and
the underlying experimental datasets. SCREEN also enables users to search for
elements in specific cell or tissue types and compare the compendium of elements
found in any cell or tissue.*® Factorbook (https://www.factorbook.org/) provides an
ENCODE-integrated catalog of transcription factor binding specificities and regulatory
roles. Factorbook also includes a comprehensive collection of motifs and candidate
transcription factor binding sites derived from large-scale ChiP-seq data. A UC Santa
Cruz Genome Browser Track Hub facilitates browsing ENCODE data and analyses
(UCSC Browser Track Hub).'®® We also developed applications to visualize and query
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functional conservation scores (Functional Conservation Query Tool, Functional
Conservation Track Hub), transcript isoform structure (Long Read RNA-seq Data
Viewer),”? physical interactions in the genome (Juicebox),**® and three-dimensional
models of genome structure (Spacewalk).**

Finally, to facilitate the use of artificial intelligence systems to explore ENCODE data,
we developed MCP servers for both the broad ENCODE dataset (ENCODE MCP
Server) and for physical interaction datasets (Juicebox MCP Server).

Discussion

The Encyclopedia of DNA Elements was created as a public resource to support
biomedical research. ENCODE is the product of hundreds of investigators working
together across disciplines towards the common vision of understanding where
functional elements are encoded in the human genome and how they are used. The
Encyclopedia includes thousands of assays and analyses that are standardized,
organized, and documented to facilitate broad use. ENCODE and public resources like
it have proven to be valuable guides to novel mechanistic studies of the human
genome.'*?!® ENCODE also provides essential training data for machine learning
models in biology*’*?* which are sure to expand in the coming years.

Given ENCODE's stated goal of identifying and characterizing all the functional
elements in the human genome, it is natural to consider the question of completeness:
in terms of genes, in terms of regulatory elements, and in terms of the interactions
between them.

For genes, we currently have confidence that there are between 19,000 and 20,000
protein-coding genes in the human genome.*®® That estimate has not grown appreciably
despite thousands of gene expression studies. However, ENCODE 4 and other studies
have identified many thousands of novel transcripts and INcCRNAs as well as substantial
variability in transcript stability that remains to be understood. Although the pace of
annotating new transcript isoforms and non-coding RNAs may be moderating, abundant
opportunities for discovery remain.

For regulatory elements, several lines of evidence indicate that the human genome
encodes approximately 5.3 million accessible chromatin elements across all tissues and
cell types. To annotate the potential function of those elements, we also generated
detailed maps of histone modifications, transcription factor binding, and nascent
transcription across diverse samples, and integrated those data with computational
models. Intriguingly, large-scale functional studies reported here demonstrate that
similar combinations of transcription factors and flanking histone modifications are
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associated with disparate effects on target gene expression. We expect that a better
understanding of how regulatory elements interact will be a key to resolving that
discrepancy.

For physical interactions, a measure of completeness has been achieved for a few cell
types such as B-lymphoblastoid cells. In those, we now have sufficient resolution to
detect interactions between individual regulatory elements, and the number of detected
physical interactions over distances <250 kb appears to have plateaued after hundreds
of billions of sequencing reads. Those maps reveal an extensive and complex network
of regulatory elements, the importance of which we are only beginning to understand.
Expanding high-resolution physical interaction maps to a broader range of biological
contexts and developing a conceptual understanding of how those interactions impact
gene regulation remain important challenges.

Taken together, the Encyclopedia of DNA Elements is a foundational resource for
studies of the human and mouse genomes and the role of gene regulation in traits and
disease. Throughout the development of that resource, many questions have emerged
about how DNA elements function alone and in combination to drive transcription.
Indeed, “the more we learn about the human genome, the more there is to explore.™
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Figures and Figure Legends
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Figure 1 | ENCODE 4 assays and samples. a, ENCODE 4 used a suite of
complementary assays to measure three major components of gene regulation: (i) gene
regulatory elements, (i) genes and transcripts, and (iii) interactions among gene
regulatory elements and genes. At right is a diagram of the different features of gene
regulation those assays measured. b and ¢, ENCODE 4 assayed samples representing
diverse human (b) and mouse (c) tissues. Pie charts indicate the distribution of assays
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and samples completed overall, and in specific deeply studied organs for each
organism.

22


https://doi.org/10.64898/2026.07.06.731365
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.64898/2026.07.06.731365; this version posted July 8, 2026. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under a CC-BY-NC-ND 4.0 International license.

a ) c NMF embedding (normal tissues)
Adultcells & Fetal tissues DHSs
tissues : i 8 m a . DHSs |
' N =3 | ~2f TN
= i~
¥ ¢+ looto1001]  FIEE
4,159 DNase | % a8 4
samples : W Celitype B 1§ § = <
| Il F | I B
l { lt - activity barcode I I ﬂ m l I i
. e | Biosample origin esc o
705.3 million y \Primary cells Tissiies > |_Il.ung _____________
peaks | in culture n=1.499 @ eat ___ A _____ .
(169,600 average ‘fi‘ 9 (n=1,284) ._ ' (7=1.499) _§ Aﬁ'gﬂ% ___.LII ______ A
per sample) {‘ Cell line /4% Stem & < Enthroid —_ AT
l I e (n=1,052) ~~ progenitor @ Myelod — .&JLI_____L
1@ . (n=89) = Tcell ————— s g il
5.33 million /Y Ex vivo calle 8 Beel —— AR
consensus peaks (n=235) Visual ——— Ax Kk
Pathology Fetal bran — — — —
Normal Kidney — — — — =
: - o
(n=3,071) Cell-selective _,\@'\\“
«- Cancer o{\f}
Other v ¢
(n=889)
(n=199) )
b Erythroid cells Al
peaks
. 5 (HUDEP-2) (n=427,750)
DHS index saturation 5 4x10° -
X 3x10°]
w {0y o Core peaks
< > 2x10° 5.0% FDR
S » (5.0% FDR)
= I =17
E 4 97.1% H ~50 novel =] i (l'l 1 0.753)
= peaks per 3#* 10°. 119 samples to detect
E 97.4% ¥ additional 1 190% of core DHSs
e i - 20 40 .60
% SRAATAC 4 pioneTiple [~ # samples profiled
T 21 — 20T 10
A 100 £6% Mean corpuscular
G O 5 i
5 % overlap w/ Esf & i volume
* DNase | index e !
0 T T T T T t&) WE L= L p <0.05
0 1,000 2,000 3,000 4,000 =co 0 5
. o = 1 10 20 30 40
# biosamples profiled # samples profiled

Figure 2 | Chromatin accessibility across human cells and tissues. a, Construction
of the reference index of chromatin accessibility. DNase | chromatin accessibility
mapping was performed on 4,159 diverse samples yielding ~705 million total peaks
(~170,000 per sample) and then combined to delineate an index of 5.33 million
consensus regions. d, to visualize the cell selectivity of regulatory DNA, we created an
activity barcode that represents the cell types and states in which each DHS is active.
Specifically, non-negative matrix factorization was used to define cell-selective activity
profiles for each index DHS (n=5.33 million) (top). Shown are the activity barcodes and
normalized DNase | densities for 9 representative DHSs (bottom). ¢, A discovery curve
showing the number of newly detected peaks as a function of the number of samples
profiled. d, Saturation analysis of DNase | peaks for an individual cell type (erythroid
HUDEP-2). Top: peak detection in HUDEP-2 cells as a function of number of replicates.
Grey line indicates the mean of all peaks detected (adjusted p-value < 0.01 in one or
more samples) and the red line indicates the mean number of core peaks (adjusted p-
value < 0.01). Shaded regions correspond to the 95% confidence interval. Bottom:
Enrichment (logio p-value) of mean corpuscular volume (MCV) trait associated genetic
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variation in newly added core DHS peaks after the profiling of additional HUDEP-2
samples.
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Figure 3 | Predictive DNA sequence models and unified motif interpretation a, A
schematic of the sequence modeling and downstream analysis methods. Convolutional
neural network models (BPNet: TF ChiIP-seq, ChromBPNet: DNase/ATAC-seq,
ReporterNet: Reporter assays, ProCapNet: PRO-cap) are trained per experiment to
predict both total signal (count) and base-resolution profile shape from local DNA
sequence, while explicity modeling and correcting assay specific biases. b,
Interpretation tools are used on trained models to get contributions of individual bases in
the input sequences, summary of predictive motifs and the locations of motifs within the
input sequences. DeepLIFT computes base-resolution contribution scores; TF-MoDISco
clusters high-contribution subsequences into de novo contribution weight matrix (CWM)
motifs; FINeMo competitively scans contribution maps with CWM libraries to call motif
instances; MotifCompendium clusters CWMs across models into a global motif index for
cross-context comparison. ¢, Model-derived browser tracks at a CRISPRi-validated
distal enhancer at the MYC locus in K562 (chr8:127,898,412-127,899,647; ~162 kb
downstream of the MYC promoter). From top to bottom: bias-corrected, base-resolution
predicted DNase-seq and ATAC-seq profiles (ChromBPNet) with corresponding
contribution maps. Insets compare contribution maps across DNase/ATAC
(ChromBPNet), MPRA (ReporterNet), and TF ChlP-seq models (BPNet; e.g., GATAZ2,
SP1, CEBPB, JUND, GABPB1), with high-impact motif instances annotated (e.qg.,
GATA, SP, AP-1, ETV/IETS, CEBP). d, Overlap between our consolidated model-
derived motif catalog and combined external motif databases (JASPAR 2026-Core
Homo sapiens, HOCOMOCO V14-CORE Human, and CIS-BP V3-Homo sapiens)
across similarity thresholds. Left bar plot shows that most external motifs map to our
catalog (16,835/17,867; 94%), while a significant fraction of our motif catalog is not
captured by the external databases (401/3,384; 12%). e, Examples of motifs in our
catalog without strong matches in external databases, including candidate C2H2 zinc-
finger motifs supported by a bacterial one-hybrid (B1H) recognition code (e.g.
ZKSCANS8 ChIP-seq model in K562), composite motifs consistent with TF—TF co-
binding (e.g., JUN/FOS-TEAD composite from AP-1 ChIP-seq models in HCT116,
MCF10A and SK-N-SH), and novel motifs discovered from accessibility models (e.g.,
DNase-seq model in heart, placenta, and SW480 cells). f, Distribution (violin and box
plots) of percentage of peaks containing at least one model-derived predictive motif
instance, stratified by motif class (all: all types of motifs, direct: known cognate motif of a
TF, indirect: non-cognate motif of a different TF, low-complexity motifs, or no motifs)
across all ChiP-seq (left) and DNase/ATAC-seq (right) datasets. g, Distribution (violin
and box plots) of the number of model-derived predictive motif instances per peak
across assays (ChlP-seq, DNase/ATAC-seq) and motif classes (same as in f).
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Figure 4 | Effects of non-coding genetic variants on regulatory elements. a,
Outline of the five different types of ENCODE Phase 4 variant function assays and
models: (i) targeted massively parallel reporter assays, (ii) whole-genome STARR-seq,
(i) DNase | cleavage maps, (iv) AFGR eQTLs, and (v) ChromBPNet deep learning
model. We report the proportion of common and low-frequency variants (1000
Genomes, minor allele count >=5) evaluated by each of these approaches and the
proportion of the tested variants that were found to be significant. We report in
parenthesis the number of samples corresponding to each of these assays or models.
b, Cross-cell-type concordance of ChromBPNet predictions with experimental assays.
Fold-enrichment of ChromBPNet hits (vs. all tested variants) among MPRA-significant
variants (top) and DNase allelic imbalance variants (bottom) in K562, GM12878, and
HepG2. Bar color denotes the ChromBPNet model cell type. Error bars denote 95%
confidence intervals. The dotted line indicates no enrichment. ¢, Schematic of the cV2F
model. Fine-mapped GWAS posterior inclusion probabilities (y) are modeled as a
function of variant-to-function features, element-to-function features, and baseline-LD
and conservation features (x). cV2F score can be used to prioritize variants for function
in a cell-type agnostic and cell-type specific manner. d, Area under the precision and
recall curve (AUPRC) of cV2F features, combining all variant-level functional assays
and sequence-based models, evaluated against various sub-models trained only on
variant-function or element-function features. Performance is evaluated using fine-
mapped variants from UK Biobank (UKBB; 94 traits), and Million Veteran Program
European-ancestry and African-ancestry (MVP European and MVP African; 931 traits)
GWAS. Error bars denote 95% confidence intervals. Red asterisks denote significant
improvement of cV2F over the next-best method (Leave-one-chromosome-out Jack-
knife P < 0.05). e, Across four traits, tissue-matched polygenic risk scores doubled the
average improvement over non-tissue-matched scores (6% to 13%, 95% CI: [3.3%,
23%], p=0.04). Numerical results are reported in Supplementary Tables 5-10.
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Figure 5 | Drivers of transcriptional diversity. a, Percentage of GENCODE v40
genes by biotype detected (>= 1 TPM) in at least one human long read RNA-seq
condition. b, Novelty characterization of detected in human long read RNA-seq. c,
Transcripts per polyA gene (IncRNAs, pseudogenes, protein coding genes) detected
(>= 1 TPM) in human ENCODE long read RNA-seq. d, Representation of structure and
transcript / gene triplet convention for 4 different transcripts from the same gene based
on the transcript start site (TSS), exon junction chain (EC), and transcript end site (TES)
used. e, Layout of the gene structure simplex. Number of human protein-coding genes
per sector indicated in density and in circles. GeneX coordinates from d also shown.
Proportion of TSS usage is the blue axis (left), proportion of TES is the orange axis
(bottom), and proportion of splicing ratio is the pink axis (right). Regions of the simplex
are colored and labeled based on their sector category (TSS-high, splicing-high, TES-
high). f, From left to right: TSSs, ECs, or TESs >= 1 TPM in human long-read RNA-seq
from protein coding genes. Known features are annotated in GENCODE v29 or v40.
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Novel supported features are supported by the following: TSS: CAGE, RAMPAGE,
PRO-cap, CA-H3K4me3 ENCODE cCREs, Pol Il ChlP-seq, or long-read GTEx TSSs;
EC: long-read GTExX ECs; TESs: PAS-seq, the PolyA Atlas, or long-read GTEx TESs. g,
From left to right: Number of TSSs, ECs, or TESs >= 1 TPM per protein coding gene in
human long read RNA-seq for e, TSSs, f, ECs, g, TESs. h, Gene structure simplex for
SCAF1, where each colored point represents a gene triplet in a condition. Density of
points also shown. i, Transcripts of SCAF1 detected (>= 1 TPM) in brain.
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Figure 6 | Stability of transcripts across time and cell models. a, Experimental
outline of the Bru-seq and BruChase-seq techniques. b, Scaled stability scores for the
0-2 h period (x-axis) and for the 2-6 h period (Y-axis) for transcripts from 4415 genes
expressed >0.5 RPKM across all 16 cell lines. c, Stability scores of transcripts coding
for transcription factors with each dot representing an average degradation score across
16 cell lines. d, Examples of transcripts with exceptionally low stability (KLF6), high
stability (ALKBH5), low initial stability but then high stability (RPL31) and cell type-
specific regulation of stability (SYPLL1).
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Figure 7 | High resolution maps of physical interactions. a, We compare our Intact
Hi-C contact map at chromosome 10 in lymphoblastoid cells (bottom row, ~150 B
contacts) to other extant datasets: In situ Hi-C ( top row, ~4.9 B contacts);'?® the 4D
Nucleome’s deepest 3D map, based on Micro-C (middle row, ~6 B contacts).*?’ By
contrast with prior methods, intact Hi-C resolves physical interactions at sub-element
(<100 bp) and motif level resolutions (10 bp) not seen in prior maps. b, Ultradeep intact
Hi-C maps (<20 bp) in HepG2, K562, and HCT-116 resolve physical interactions
between individual CRISPRI-validated regulatory elements (inset: a contact map for the
LMO2 locus in K562 cells is shown, along with corresponding H3K27ac ChIP-Seq data
and CRISPRI functional CREs for the LMO2 promoter). ¢, We generated and phased
intact-HIC maps from 41 LCLs to generate haplotype-specific contact matrices and
probe allele-specific nuclear architecture. Inset: a single SNP on chromosome 9 (41.15-
41.17 Mb) disrupts a CTCF motif, causing loss of looping. d. We identified protein-
dependent loops by auxin-inducible degradation of eight proteins. Contact matrices for a
representative locus (chromosome 10: 100.2-101.6 Mb) before (left) and after (right)
RAD21 degradation are shown, with an observed loss of loop domains. e, Tissue
specific interactions were studied with three approaches. Left: With intact Hi-C, we
assayed 79 different human tissues, including tissue-specific physical interactions.
Contact matrices at the GATA4 locus (chromosome 8: 11.14-12.03 Mb) from heart and
colon show several heart-specific loops to the GATA4 promoter. Middle: ChIA-PET in
45 cell lines and 30 primary cell types (134 maps, 100 bp) reveals cell-type-specific
interactions mediated by POLR2A, CTCF, and RAD21. Right: Ensemble models of
genome organization reveal the 3D compaction of epigenetic marks. f, ENCODE-rE2G
predictions integrating CRISPRIi, DNase-seq, and Intact Hi-C across 369 samples
reveals networks of regulatory and physical interactions.
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Figure 8 | Changes in gene regulation across mouse postnatal development. a,
Postnatal mouse time course spanning juvenile (PND4—-PND25), puberty (PND36), and
adult stages (2 mo., 8 mo., 18-20 mo.) and data types collected in a wide variety of
tissues including adrenal gland, heart, skeletal muscle, cerebral cortex, hippocampus,
thymus, spleen, bladder, lung, gonads, and kidney at various time points. b, Out of
28,251 genes detected in the short-read RNA-seq data, 2,322 genes are only
expressed postnatally.
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Figure 9 | Functional conservation of gene regulatory elements between human
and mouse. a, Overview of our functional conservation analysis approach. A core set of

2.2 M regulatory element

pairs was defined by sequence homology and an extended

set of 1801 'M by gene homology. DNase-seq, ATAC-seq and ChlIP-seq profiles were
co-embedded into a shared low-dimensional space to generate in silico-matched
samples. b, Genome browser examples of human-mouse regulatory element pairs
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(REPs) showing conserved tissue-specific accessibility (TOX2), conserved constitutive
chromatin accessibility (TBX6), or no functional conservation (AlGl). c¢c. Human
chromatin loops from in situ Hi-C (bottom) and loops predicted by transfer from mouse
ENCODE Hi-C (top, middle) in CD4* T cells. Examples with one or no conserved
anchors (top) versus two conserved anchors (middle) are shown. Green loops are
validated by Hi-C, whereas red loops are not. Conservation-based predictions exhibit
higher validation rates, highlighting the value of conservation for improving cross-
species transfer of Hi-C loop annotations d, Human enhancer containing a variant
linked to congenital retinal nonattachment. The element has high functional
conservation scores of tissue-specific activity between species for chromatin
accessibility, H3K27ac and H3K4mel; reporter assays in mice from a previous study
confirm retinal regulatory activity.’?® e, Chromatin accessibility signals for the element
highlighted in (d) across in silico matched human and mouse samples demonstrate
conserved retinal accessibility. Retina-related samples are highlighted by color.
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Methods

Detailed methods for each experiment and the associated primary analyses are
available on the ENCODE portal (https://www.encodeproject.org/). The information can
be accessed via a unique accession number for each experiment. The information
includes standardized information about the source and preparation of the biological
sample; detailed experimental and analytical protocols; quality control reports; raw
sequencing data; and primary processed data such as gene expression quantification,
peak calls, and genome browser tracks (UCSC Browser Track Hub). In some cases,
experiments are further organized into series to represent more complex experimental
designs. Those series include developmental and differentiation time courses, treatment
time and dose courses, environmental or genetic perturbations; and collections of
disease versus control. Additional methods can be found in companion papers
referenced in each section.
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