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Abstract

An aspiration for functional genomics is to identify all cis-acting regulatory elements in the
genome, and to define their activities. Genome-wide transcription factor occupancy and chro-
matin state profiles are widely used to identify candidate regulatory elements (cREs) such as
enhancers, promoters and insulators, based on their characteristic biochemical signatures. Mul-
tiple large-scale efforts, in particular the ENCODE and NIH Roadmap Epigenomic Mapping
consortia, have generated such datasets from a wide variety of cell lines, tissues and developmen-
tal stages in both human and mouse, serving as the foundation for cataloging the cRE repertoire
on a genome-wide scale. However, accurately predicting the actual regulatory activity of cREs
based on functional genomic maps alone has turned out to be difficult, and it is not yet clear to
what extent active regulatory elements in vivo can be identified from biochemical signatures. To
address these issues, we carried out large-scale tests for transcriptional enhancer activity for hun-
dreds of candidate enhancer elements (cEnhs) from five human and mouse cell types, including
both immortalized cell lines and models for cell differentiation during developmental transitions.
Our cEnh collections were selected using biochemical signature criteria ranging from simple in-
dividual transcription factor (TF) occupancy to integrative machine learning models over multi-
ple functional genomic datasets, and were designed to include full-length cREs. We supplement
these tests with a massively parallel reporter assay (MPRA) characterization of cEnhs in one of
the cell lines we studied. We find that irrespective of the selection criteria used, ~50% of cEnh
elements showing enhancer activity. Examination of the functional predictivity of biochemical
signatures reveals that the majority of cEnhs genome-wide are likely to exhibit modest regulatory
activity. In the same time, most active enhancers in the genome are characterized by relatively
modest biochemical signature strength, due to the much lower abundance of cEnhs character-
ized by very strong biochemical signals. Finally, we discuss our results in the context of current
models of the regulatory effect of enhancers on their cognate genes. We expect our findings to
help guide future efforts towards cataloging the functional repertoires of mammalian genomes.

Introduction compendium of functional elements. The results of the
many genome-wide epigenomic and transcriptomic studies
carried out over the last decade reveal a remarkable picture,
in which non-coding regulatory elements constitute the bulk
of such functional regions in the genome%69 with the ex-

The complete and accurate understanding of the relation-
ship between the human genome and its corresponding phe-
notypes requires the comprehensive characterization of its



pression of each gene (protein coding or non-coding) being
controlled by the integrated output of multiple proximal
and distal enhancer, insulator and silencing elements.

The genome-wide mapping and characterization of non-
coding regulatory elements is thus a major goal of the
field, and features prominently among the objectives of
the ENCyclopedia Of DNA Elements (ENCODE) consor-
tium®?, However, achieving it, although greatly aided by
the advent of high-throughput sequencing and epigenomic
tools, is still not a simple task.

The biochemical activity associated with the function
of regulatory elements results in certain biochemical sig-
natures that can be captured by epigenomic assays. For
example, active promoters in eukaryotes are classically as-
sociated with the trimethylation of lysine 4 on histone
3 (H3K4me3)=? as well as other biochemical signatures,
such as DNAse hypersensitivity®. Active enhancer ele-
ments have been proposed to exhibit their own biochemical
signature, featuring DNAse hypersensitivity, the H3K27ac
and H3K4mel histone marks, and occupancy by the p300
acetyltransferase=861562  ag well as by sequence-specific
transcription factors (Figure [JA).

These biochemical signatures enable the compilation of
lists of candidate functional elements (cREs), but they do
not on their own allow the conclusive identification of any
given element as functional. While functional regulatory el-
ements exhibit characteristic biochemical signatures, the re-
verse (that the presence of a biochemical signature necessar-
ily means function) cannot be inferred straightforwardly=%.
Such inferences are further complicated by the observation
that biochemical signatures are not binary but instead ex-
ist on a continuum between strong outstanding features, on
one hand, and what is probably biochemical noise, on the
other. For example, it is far from clear that all transcrip-
tion factor binding sites that can be reproducibly identified
using ChIP-seq and related techniques are in fact functional
REs®Z. Therefore, individual cREs in the lists compiled by
efforts such as the ENCODE and mouseENCODE consor-
tia/09%68 have to be subsequently directly tested and func-
tionally characterized in detail.

The ultimate functional characterization of cREs will in-
volve a combination of loss-of-function assays and direct as-
says for activity. The former have been until recently tech-
nically challenging, but are becoming more commonplace
with the advent of large-scale CRISPR/Cas9-mediated mu-
tagenesis techniques®233, Nevertheless, most work in the
field has been based on testing cREs for regulatory activity
using an exogenous plasmid construct combining a cRE,
a promoter and a reporter gene. Classically, such testing
has been done by cloning individual cREs into plasmids
(or other vectors) and then assaying the expression of the
reporter gene (luciferase activity in cell lines or staining
for LacZ activity in embryos®##7). Numerous developmen-
tal enhancers have been characterized following that ap-
proach®#4 048 starting from lists of cREs complied based
on comparisons of evolutionary conservation and/or bio-

chemical signatures derived from ChIP-seq datasets. How-
ever, such studies have often focused only on the most out-
standing biochemical signatures®#, thus obtaining very high
success rates that are likely to be nonrepresentative with re-
spect to the genome-wide population of cREs.

High-throughput sequencing has enabled the develop-
ment of assays that go beyond the testing of individual
cREs, one by one; instead, very large numbers of sequences
are analyzed in parallel, with the readout being based on se-
quencing DNA tags associated with the cRE or of the cRE
itself. These are usually referred to as MPRAs%?, and in the
last few years a number of variations of the principle have
been successfully applied to a multitude of biological prob-
lems and systems#20lo3b4bI60 iy cluding the question of
testing cREs for activity within the context of the ENCODE
Consortium®22698 - However, several issues complicate the
interpretations of MPRA experiments.

First, the nature of MPRA designs is such that the ele-
ments tested are very short, in the 80-250bp neighborhood.
This is significantly shorter than tens of thousands of blocks
of conserved noncoding sequence that can be identified in
the human genome by comparative genomic analysis (Sup-
plementary Figure (). Thus to what extent complete REs
are assayed and what the corresponding false negative rate
is have always been an obvious concerns regarding MPRAs.

Second, given that it is very difficult to control the num-
ber of constructs going into each individual cell in transfec-
tion experiments, and that an MPRA features large num-
bers of different cREs being tested in the same time, there
is significant potential for crosstalk between active and in-
active cREs that end up in the same cell, resulting in nu-
merous false positives.

While the latter concern can be alleviated to an ex-
tent through the use of genome-integrated MPRA con-
structs®257 the short length of constructs tested remains
a significant issue, and one that might be behind the low
positive rates reported by MPRAs in the past®!. There is
therefore a major gap in the field that needs to be filled
by testing a large number of individual constructs of large
size (500-1000 bp) using a traditional luciferase assay, and
examining the performance of biochemical signature predic-
tions based on the resulting data.

To this end, as part of the ENCODE Project Consor-
tium’s efforts towards functional validation of cREs, we
tested the regulatory activity of hundreds of candidate en-
hancer elements (cEnhs) using constructs of such lengths
(Supplementary Figure in several diverse mammalian cell
lines, including both mouse and human systems. These
cEnhs were selected from a wide range of biochemical sig-
nature strengths (Supplementary Figure , using both TF-
centric selection criteria (identifying cEnhs based on ChIP-
seq data for individual TFs) and machine learning “TF-
agnostic” approaches (designed to find combinatorial signa-
tures of enhancer elements from multiple epigenomic maps
of histone modifications and DNAse hypersensitivity) for
defining cREs.
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Figure 1: Biochemical signatures and functional testing of candidate enhancer elements (cEnhs) in mam-
malian genomes. (A) Biochemical signatures of cEnhs and promoters. Active enhancers are characterized by DNAse
hypersensitivity due to nucleosome depletion, by p300 occupancy and by H3K27ac, as well H3K4mel (not shown). Pro-
moter elements share some of these features, but also associate with components of the transcription and transcrip-
tion initiation machineries, and are marked by H3K4me3 (not shown); (B) Genome-wide commonalities and differences
between the biochemical signatures of enhancers and promoters. Shown is the average signal profile around TSS dis-
tal (right; defined as regions more than 1kb away from an annotated TSS) and TSS proximal (left) cEnhs (defined
as statistically significant peaks in the respective datasets; see the Methods section for further detail) in mouse and
human cells for TFs (myogenin in differentiating mouse muscle cell, GATA1 in erythroid mouse cells, and the gluco-
corticoid receptor GR upon dexamethasone stimulation of human A549 cells), DNAse hypersensitivity and H3K27ac;
(C) Different cell types share a small fraction of their distal cEnh elements, in contrast to promoter elements. Shown
are the common and cell-type specific TSS proximal (within 1kb of an annotated TSS) and TSS distal DHSs be-
tween the human erythroid K562 and hepatocyte HepG2 immortalized cell lines; (D) The distribution of biochemical

(legend continued on next page)



We find that in general ~50% of both TF-selected and
TF-agnostic cEnhs showed significant enhancer activity in
transfection assays, observing similar proportions across all
cell lines and conditions examined. We observe that the
presence of TF recognition motifs in cEnhs displays no cor-
relation with enhancer activity. Our results indicate that
DNAse and H3K27ac are generally more predictive of en-
hancer activity than TF occupancy alone, and that sim-
ple biochemical signatures such as the combination of chro-
matin accessibility and H3K27ac are specifically predictive
of enhancer activity compared to regions of the genome that
lack them. However, the presence of these signatures is
not a strong indicator of enhancer activity as nearly half of
cEnhs exhibiting them are not significantly active in trans-
fection assays.

We also observe a positive correlation between biochem-
ical signal strength and enhancer activity in transfection as-
says, with the highest fraction of cEnhs exhibiting signifi-
cant enhancer activity being found among the most strongly
occupied cEnhs. However, first, even among that latter
group a large fraction of cEnhs displays no discernible en-
hancer activity, and second, because the distribution of bio-
chemical signal strength is highly skewed towards weaker
ChIP-seq and DNAse-seq peaks, the bulk of active en-
hancers in the genome are expected to be found among the
larger population of cEnhs with modest biochemical signa-
tures. Of note, enhancer activity as measured by transfec-
tion assays also exhibits a skewed pattern, with a smaller
number of very highly active enhancers and a larger number
of weaker ones.

Finally, we corroborated these findings by applying the
STARR-seq MPRA to assay the activity of thousands of ge-
nomic regions occupied by the glucocorticoid receptor (GR)
in stimulated A549 cells.

We expect that our findings will help guide efforts to-
wards the comprehensive cataloging of functional elements
in the human genome, and we discuss the implications of
our findings in the context of models of gene regulation me-
diated by the action of distal enhancers.

Results

Large-scale functional activity testing of full-length
cREs

One of the major goals of the ENCODE Project is to iden-
tify all functional regulatory elements controlling gene ex-
pression in the genome, to which end it has carried out map-
ping of DN Ase hypersensitivity, dozens of histone modifica-
tions, numerous sequence-specific transcription factors, and
RNA transcripts in hundreds of cell types, in both human
and mouse228A65I06l - Ag active regulatory regions typically
exhibit certain biochemical signatures, these datasets pro-
vide a compendium of candidate regulatory elements. Such
regions can be defined using highly multidimensional in-
puts incorporating multiple biochemical measurements, but
because considerable redundancy exists between individual
biochemical marks, cREs can also be identified following
simpler rules. For example, active enhancers and promot-
ers are typically occupied by sequence-specific transcription
factors, marked by H3K27ac and exhibit DNA hypersensi-
tivity (Figure ), and cEnhs can therefore be identified
using TF occupancy, by the overlap of DNAse hypersen-
sitive sites (DHS) and regions marked by H3K2T7ac, or by
all three. As of the writing of this manuscript, based on
DNAse-seq maps and histone marks profiles, more than
a million and nearly half a million cREs in humans and
mouse, respectively, have been identified by the ENCODE
consortium 2,

However, there need not be a strict one-to-one relation-
ship between these biochemical signatures and functional
REs®Y, as their presence alone does not necessarily imply
that the cRE plays an active regulatory role. In addition,
biochemical marks on themselves do not provide direct un-
derstanding of how exactly functional REs are specified or
exercise their function. An additional highly useful crite-
rion for assessing functionality is evolutionary conservation
of cREs between the genomes of distant species, as func-
tional elements are usually subject to selective constraint
at the sequence level. However, the absence of conserva-
tion on its own does not imply nonfunctionality, as recently
evolved lineage-specific REs do not appear as conserved in
comparative genomic analyses. Therefore cREs identified

signal strength varies over a large continuum. Shown are the signal distribution for myogenin, p300, DNAse-seq, and
H3K27ac relative to the summits of the top 500, middle 500 and bottom 500 reproducible myogenin ChIP-seq sites (total
n = 32,278) in differentiated C2C12 muscle cells, as well as the distribution of the cognate myogenin TF binding motif.
(E) Outline of cEnh selection approaches, biological systems, experimental design and functional assays used in this
study. Sets of cEnhs for functional testing were compiled based on: TF ChIP-seq occupancy measurements (of the master
regulators of muscle differentiation, MyoD and myogenin) in differentiating mouse C2C12 cells; phylogenetic conservation
patterns and TF occupancy measurements (of the regulators of erythropoesis GATA1 and TAL1) in differentiating mouse
G1E-ER4 cells; TF occupancy (multiple TFs) in immortalized K562 cells; machine learning methods (Self-Organizing
Maps, chromHMM and Segway) defining integrated chromatin states over multiple histone modification, DNAse and TF
occupancy measurements in K562 and HepG2 cells. These cEnhs were tested using luciferase assays. In addition, DNA
fragments from GR ChIP-seq experiments in Dex-stimulated A549 cells were cloned and assayed for activity using the
STARR-seq assay. Active elements identified using these methods were then evaluated for the presence and distribution
of various biochemical signatures.
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Figure 2: Functional testing of cEnh regulatory activity in mammalian cells. (A) Functional assay testing of
cEnh regulatory activity in the context of muscle differentiation. Shown is luciferase assay fold activity in differentiated
C2C12 myocytes across technical replicates (n = 4). The red arrow corresponds to the mean fold activity threshold above
which elements are considered active. In addition, for each cEnh element, DNAse hypersensitivity, H3K27ac status, and
myogenin occupancy are shown, both as RPM (Read Per Million) signal intensity values and as binary peak calls, as well
as the number of myogenin motif (RRCAGSTG, derived from myogenin ChIP-seq data) occurrences. Tested cEnhs are
sorted by mean fold activity. (B) Functional assay testing of cEnh regulatory activity in the context of erythropoesis.
Shown is luciferase assay fold activity in K562 cells across biological (n € [1 : 9]) and technical replicates (n = 4 for each
biological replicate). The red arrow corresponds to the mean fold activity threshold above which elements are considered
active. In addition, for each cEnh element, DNAse hypersensitivity, H3K27ac status, and GATA1/TAL1 occupancy are
shown, both as RPM (Read Per Million) signal intensity values and as binary peak calls, as well as the number of TAL1
(CAGMTG) and GATA1 (WGATAA) motif occurrences. Tested cEnhs are sorted by mean fold activity.



using functional genomics tools have to be directly tested
for function and subsequently dissected in detail if they are
to be comprehensively understood.

In recent years, multiple high-throughput approaches
for measuring regulatory activity have been devised, rely-
ing on a sequencing readout of the effect of a given cRE
or custom-designed DNA sequence on the expression of a
reporter gened2blib3Ho6as60  Op their own MPRAs are
very powerful, however, they suffer from several shortcom-
ing when it comes to testing cREs, in particular the short
length (typically 80 to 250 bp) of the segments of DNA
tested by most of them, which is likely to be significantly
shorter than the size of functional regulatory elements in
mammalian genomes.

To assess how prominent this issue might be, we exam-
ined the distribution of the lengths of conserved noncoding
segments (i.e. excluding sequences overlapping with or in
the vicinity of annotated exons) in the human genome (Sup-
plementary Figure [1]), and found that tens to hundreds of
thousands (depending on the definition) of such blocks fall
outside the range of testing of MPRAs. It is thus possi-
ble that MPRAs using short sequences exhibit substantial
numbers of false negatives as they cannot assay the activ-
ity of complete, full-length REs. An additional concern
with MPRAs is the possibility of cross-talk between differ-
ent REs when multiple episomal constructs end up being
transfected in the same cell, resulting in false positives. Al-
ternative approaches towards testing the functionality of
cREs are therefore needed.

To address these issues, we carried out large-scale test-
ing of cEnhs identified on the basis of biochemical signa-
tures in a variety of mammalian systems using luciferase
activity assays, which allow for much larger segments of
DNA to be tested for enhancer activity. We aimed at com-
paring the predictivity of multiple approaches for identify-
ing functional cEnhs, and at incorporating in our analy-
sis a diversity of biological systems (Figure [IE), including
immortalized cell lines (the human K562 and HepG2 cell
lines), model systems for major developmental transitions
(myogenesis and erythropoesis), and model systems for cel-
lular response to exogenous signaling stimuli (activation of
the glucocorticoid receptor in the prostate cancer cell line
A549).

Immortalized cell lines were targeted as they have been
extensively studied by the ENCODE consortium=268 and
they are the source of a significant portion of ENCODE
data, while differentiation and external signaling stimu-
lation represent the two main types of dynamic transi-
tion of cellular states associated with regulatory alter-
ations of chromatin states: the slower and typically irre-
versible differentiation of one cell type into another, and
the much faster and reversible cellular response to signal-
ing molecules.

The process of myogenesis transforms undifferentiated
precursor myoblast cells into differentiated myocyte mus-
cle cells, and is primarily regulated by four key bHLH TF's

known as Myogenic Regulatory Factors (MRF's) along with
numerous cofactors, such as MEF2, E2A, HEB, Pbx1l and
otherst819  The epigenomic and occupancy landscape of
these and other factors involved in the process is illustrated
for reference in Supplementary Figure[5] These factors were
profiled in the mouse C2C12 cell line*2, which has been for
decades the main model system for studying myogenesis, a
wealth of functional genomic data has been generated for
it, and it was thus naturally also the focus of our study.
The key specification MRF and the one expressed at high
levels in myoblasts is MyoD, while myogenin is the most
important differentiation TF and its expression is induced
upon the onset of the process; the other two MRFs are Myf5
and Myf6. MyoD and myogenin occupy a highly overlap-
pings set of sites (Supplementary Figure , the majority
of which contain the classical muscle E-box sequence mo-
tif CAGSTG often in the extended RRCAGSTG form2%:21,
While the majority of ChIP-seq peaks contain this motif,
these peaks include only a tiny fraction of the occurrences of
the motif in the genome, underscoring the highly selective
nature of in vivo occupancy by MRF TFs.

Lineage commitment during the process of erythropoe-
sis is accomplished through the so called GATA switch1Y.
The onset of terminal differentiation is marked by the re-
placement of the GATA?2 transcription factor at thousands
of occupied sites by GATA1, which then regulates the ex-
pression of genes involved in red blood cell development
and functions, with SCL/TAL1 being an important cofactor
of GATA1, often forming closely spaced heterodimers with
it GATAL binds to a WGATAA consensus recog-
nition motif, while TAL1 is a bHLH factor targeting a
CAGMTG E-box*. Mouse G1E cells have served as the
key model system for erythropoesis for many years. These
cells are derived from in vitro differentiated mouse embry-
onic stem cells in which the endogenous GATA1 gene has
been knocked out; a subclone of them, termed G1E-ERA4,
expresses constitutively a GATA1-ER fusion that can be
specifically activated by estradiol exposure, allowing for dif-
ferentiation to be triggered rapidly and in a controlled man-
ner2. The epigenomic and occupancy landscape of the key
TF's involved is illustrated for reference in Supplementary
Figure [9] and it served as the basis for our ¢cRE selections.

The transcriptional response to glucocorticoids, on the
other hand, is characterized by a more rapid kinetics of
gene expression activation, and by its general reversibility.
We used the response of A549 cells to activation of the GR
transcription factor by the cortisol analog dexamethasone
(Dex) as a model system for our study. Upon activation by
Dex GR rapidly associates with thousands of sites along the
genome, both directly through its cognate motif and indi-
rectly through association with cofactors such as AP-1113,
leading to changes in the expression of hundreds of genes.
The epigenomic landscape of A549 cells during GR acti-
vation is illustrated for reference in Supplementary Figure
11Ol



While the full catalog of REs in the genome includes pro-
moters, insulators, enhancers, silencers, and others. for the
purposes of this study we focused on candidate transcrip-
tional enhancers. A major reason for this choice is that
cEnhs constitute the bulk of cREs distinguishing different
cell types from each other, in contrast to, for example, ac-
tive promoters, a major fraction of which is shared (Figure
, Supplementary Figures @ and .

We also aimed to represent the full spectrum of cEnh
biochemical signatures (Figure and Supplementary Fig-
ure [3)), as multiple studies have shown that the landscape
of transcription factor occupancy, DNAse hypersensitivity
and histone modification maps includes many more weaker
sites than very strong peaks27:30,

We applied several different strategies for compiling
lists of cEnhs to be tested, broadly divided into two cat-
egories: TF-centric, based on TF ChIP-seq datasets, and
TF-agnostic, based primarily on chromatin state signatures
and evolutionary conservation.

In the context of muscle differentiation, we selected
cEnh regions based on myogenin ChIP-seq data in differ-
entiated C2C12 myocytes. We randomly selected a set of
regions (n = 89) spanning the full range of myogenin occu-
pancy levels, of which 88 contain a CAGSTG and 84 con-
tain the extended RRCASGTG E-box. We also selected
additional cEnh elements (XX n = ?? XX)) associated with
genes playing a well characterized role in the muscle devel-
opment (XXX list genes XXX); the inclusion of these cEnhs
allowed us to test whether cEnhs nearby known function-
ally relevant genes exhibit a higher levels of functionality
that the genome-wide average. We also selected a group
of negative controls (n = 23) out of a set of well charac-
terized enhancer elements active in T cells and in neurons
and not being occupied by myogenin in C2C12 cells; 21 of
them contained E-box motifs. These negative controls were
selected in order to test the specificity of biochemical sig-
natures for prediction of functional activity in a given cell
type. A second set of negative control elements (n = 11),
6 of them containing E-box motifs, were selected from re-
gions without biochemical marks but located near genes
highly expressed in C2C12 cells and near ChIP-seq positive
regions. These were selected in order to assess the baseline
functional activity of biochemically neutral regions.

TF-centric erythroid cEnhs (n = 114) and negative con-
trols (n = 74) were selected on the basis of ChIP data for
GATA1 and TALI in G1E-ER4 cells (see the Methods sec-
tion for further details). Of note, even though they are not
significantly occupied by GATA1 or TAL1, 45 of the nega-
tive control elements contain a WGATAA motif and 40 con-
tain a CAGMTG E-box. Functional testing of cEnhs identi-
fied in G1E cells was then carried out in human K562 cells,
which represent a similar developmental state but have the
advantage of being much more easily transfectable.

XXX K562 TF selection XXX

TF-agnostic enhancer selection was based on evolution-
ary conservation and on the integration of measurements of

multiple histone modifications and open chromatin.

A set of evolutionarily conserved erythropoetic cEnhs
(n = 46) were selected by requiring both strong overall se-
quence conservation as assessed by multiple genome align-
ments of a collection of mammalian genomes and the con-
served presence of WGATAA motifs.

Multiple computational approaches for integrating high-
dimensional collections of functional genomic datasets into
a small set of chromatin states have been devised over
the last few years and applied to the problem in EN-
CODE cell lines, including the Hidden Markov Model-based
Segway?d and chromHMM2“% as well as Self-Organizing
Maps“? (SOM). We selected cEnhs in K562 cells based
on Segway and chromHMM chromatin state assignments
and the presence of DNAse hypersensitivity and H3K27ac
(n = 30), with elements lacking both marks used as neg-
ative controls (n = 21). We also selected cEnhs based on
SOMs trained on DNAse-seq and histone mark ChIP-seq
data over multiple ENCODE cell types; these cEnh ele-
ments were picked so that they were specifically in an open
chromatin state and marked by histone modifications as-
sociated with enhancer activity in HepG2 cells (n = 32).
Elements lacking both marks (n = 18) were used as nega-
tive controls.

The collection of cEnh elements that we tested includes
primarily long fragments, between 500 and 1000 bp (Sup-
plementary Figure , thus most likely encompassing com-
plete functional regulatory elements provided that such are
indeed present within the cEnh region.

We tested these elements for functional activity using
luciferase reporter assays XXX some details but not too
many on how exactly this was done, refer to Methods for
the rest XXX.

In addition to luciferase assays, we also incorporate
ChIP-STARR-seq data from untreated and Dex-stimulated
A549 cells*t. The ChIP-STARR-seq libraries were gen-
erated by cloning GR ChIP-seq DNA fragments into a
STARR-seq vector, then transfected into A549 cells, and
RNA was sequenced from untreated and Dex-treated cells.

We subsequently compared measured activity with cEnh
predictions based on various biochemical signatures to ex-
amine their predictivity of functional cEnhs.

Regulatory activity of TF-centric and TF-agnostic
cEnh selections

Figure [2| shows the measured enhancer activities for TF-
centric cEnh selections and negative controls in myogenesis
(Figure 7 and Supplementary Figure |7]) and erythropoe-
sis (Figure ) We found XXX out of XXX, or XX% of
muscle cEnhs to pass the threshold of activity in contrast
to XXX out of XXX, or XXX% of muscle negative controls.
Similarly, XXX out of XXX, or XX% erythropoetic cEnhs
and XXX out of XXX, or XX% of negative controls, were
found to be active.

In K562 and HepG2 cells, we found XXX out of XXX, or
XX %, and XXX out of XXX, or XX% of TF-centric cEnhs
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to be active, respectively, in contrast to XXX out of XXX
(XX%) and XXX out of XXX (XX%) in the corresponding
sets of negative controls (Supplementary Figure .

We then examined the subsets of cEnhs in each sys-
tem bearing the simultaneous biochemical signature of TF
ChIP-seq occupancy, H3K27ac demarcation and DNAse hy-
persensitivity, which would represent the most likely to be
functional cEnhs. We observed 48.2% active such cEnhs
in myogenic cEnhs, 50% among erythroid ones, and 49.5%
in the set of cEnhs selected from human immortalized cell
lines (Figure [3A).

The same analysis for TF-agnostic cEnh selections
showed that XXX out of XXX (XX%) of SOM picks
were active in HepG2 cells, XXX out of XXX (XX%) of
chromHMM /Segway picks were active in K562 cells SUPP
FIGURE SIMILAR TO FIG.2 FOR TF-agnostic picks, and
XXX out of XXX (XX%) of GATA1 conservation selec-
tions exhibited significant activity SUPP FIGURE SIMI-
LAR TO FIG.2 FOR TF-agnostic picks. Restricting our
analysis to cEnhs positive for H3K27Ac¢ and DNAse hyper-
sensitivity, we observed 56% active cEnhs among HepG2
SOM picks, 46.6% among K562 chromHMM /Segway picks,
and 46.1% for GATA1 conservation selections. We note that
HepG2 SOM selections were biased towards more strongly
H3K27ac/DNAse positive regions (Supplementary Figure
3), which might explain the higher levels of observed activ-
ity within that set.

Overall we find similar levels of activity in both the
TF-centric and TF-agnostic sets of cEnhs predictions,
around 50%, XX calculate proportions p-values once num-
bers are final XXX. Using the total number of cEnhs
in each cell type and the observed proportions of cEnhs
active in functional assays, we estimate that there are
XXX active myogenin™ /H3K27act /DNAset enhancers in
C2C12 cells, XXX GATA1"/H3K27ac™ /DNAse™ ones in
erythroid cells, XXX TF*/H3K27act/DNAse™ ones in
K562 cells. Self Organizing Maps combined with functional
testing predict XXX active enhancers in K562 cells while
chromHMM /Segway predict XXX ones. The combination
of GATA1 conservation and the H3K27ac/DNAse biochem-
ical signature predicts XXX active enhancers in erythroid
cells.

We also note that in all functional tests we carried
out using luciferase assays, we find a skewed distribution
of activity, similar what is observed for biochemical signal
strength in ChIP-seq and other functional genomic experi-
ments. A small number of cEnhs appear to be highly active,
while the majority of even active cEnhs exhibits only mod-
est activity (Figure 2} Supplementary Figure [7|and Supple-
mentary Figure [13]).

The bulk of enhancers in a given cell type are
marked by modest biochemical signatures

We next examined the relationship between biochemical sig-
nature strength and functional activity. Figure A shows
the myogenin occupancy landscape in the neighborhood
of the mouse Myog and Mybph genes (both of these are
well known muscle genes). A range of biochemical signal
strengths is observed in cEnhs around these loci, from low
to high, and this is typical for all biochemical marks. Fig-
ure B shows the genome-wide distribution of biochemi-
cal strength for cEnhs defined by myogenin occupancy in
C2C12 cells; the bulk of cEnhs are characterized by low-
level occupancy by myogenin.

In order to asses the relationship between occupancy
strength and functional activity, we split the cEnhs we
tested in C2C12s into four bins (“low”, “medium”, “high”,
and “top”) according to the level of myogenin ChIP-seq
signal observed (Figure ) We find that the fraction of
active cEnhs increases steadily with the strength of myo-
genin signal, with only ~20% of low-myogenin cEnhs ex-
hibiting significant activity in contrast to ~55% of the most
strongly occupied ones. These observations superficially im-
ply a close relationship between biochemical signal strength
and functional activity, however, we note that even in the
latter group a large fraction (nearly half) of cEnhs is inac-
tive when directly functionally tested.

We then asked how many active enhancers genome-wide
are likely to be found among each portion of the signal
strength distribution. Figure [@D shows the extrapolated
numbers of active enhancers in each bin of myogenin oc-
cupancy strength. While the strongest myogenin sites are
mostly likely to be functionally active, the much greater
numbers of weaker sites mean that the 75% of active en-

Figure 3 (preceding page): Summary of cEnh activity predictions by different selection criteria. (A) TF
occupancy-centered selections. Tested eEnhs selected on the basis of TF occupancy in the context of mouse muscle
differentiation and erythropoesis and in human K562 cells were further subselected with the additional requirement of
exhibiting DN Ase hypersensitivity and the H3K27ac histone mark. The fractions of active constructs in negative controls
and cEnhs are shown on the left. The expected number of active cEnhs genome-wide is extrapolated on the left based
on the number of TF*/DNAset /H3K27ac™ regions in the genome; (B) TF-occupancy agnostic selections. Tested eEnhs
selected using Self-Organizing Maps in HepG2 cells, chromHMM in K562 cells, and evolutionary conservation of GATA1
motifs in G1E cells were further subselected with the additional requirement of exhibiting DNAse hypersensitivity and
the H3K27ac histone mark. The fractions of active constructs in negative controls and cEnhs are shown on the left. The
expected number of active cEnhs genome-wide is extrapolated on the left based on the number of DNAse™ /H3K27ac™
(for HepG2 SOM and K562 chromHMM selections) or DNAse™ /H3K27ac™ regions with a conserved GATA1 motif (for
GATA1 conservation selections) in the genome.



hancers in muscle cells are expected to be found among the
sites belonging to the “low” and “medium” bins. Similar
observations apply to other biochemical marks (Supplemen-
tary Figure .

We corroborated these finding by examining our A549
GR ChIP-STARR-seq data. Comparing STARR-seq reads
to their input DNA libraries, and only including cEnhs with
sufficiently deep representation in sequencing libraries (see
the Methods section for details), we identified ~15% of GR
cEngs to be significantly active in Dex-stimulated A549 cells
and ~10% to be active in untreated cells (Supplementary
Figure [L5]A). This fraction is considerably lower than what
is observed for cEnhs with luciferase assays, an observation
that is explained by a combination of the generally lower
sensitivity of MPRAs and the shorter fragments being rep-
resented in STARR-seq libraries, which likely do not cap-
ture complete regulatory elements (although we note that
we also carried out an activity analysis at the level of in-
dividual DNA fragments and did not observe longer DNA
fragments to be preferentially active compared to shorter
ones; Supplementary Figure ). We also note that, sim-
ilar to luciferase functional assays, the majority of active
enhancers in ChIP-STARR-seq datasets exhibit moderate
levels of activity, with only a small minority of very highly
active functional enhancers (Supplementary Figure [18]).

The distribution of GR ChIP-seq signal strength in
cEnhs tested by ChIP-STARR-seq is not as skewed in fa-
vor of low-occupancy sites as it is in other contexts (Figure
4E), which is due to the fact that representation in the
ChIP-STARR-seq input libraries is biased towards stronger
sites and that we excluded cEnhs with insufficient number
of reads to evaluate their activity. Nevertheless, we do see
more weaker sites than stronger ones, and we also observe
much higher levels of activity (~40%) in the “top” bin (Fig-
ure[dF) than within the “low” and “medium” ones (~10%).

Thus we can conclude that even though the most visible
biochemical signatures are most likely to correspond to ac-
tive regulatory elements, in most biological contexts most
functional enhancers in fact reside among the population
of cEnhs characterized by only modest biochemical signa-
tures, underscoring the complexity of the task of identifying
active cEnhs from biochemical measurements alone.

Biochemical signature strength is not strongly
correlated with enhancer strength

Finally, we examined the quantitative correlation between
biochemical signal and functional activity. Figure [5| shows
the distribution of active and inactive muscle (Figure )
and erythroid (Figure [fB) cEnhs relative to the spectrum
of DNAse and H3K27ac signal genome-wide. While highly
active enhancers are more often found among the most
strongly H3K27ac™ /DNAse™ regions in muscle cells, overall
there is only modest correlation between biochemical mark-
ing and functional activity, and it is even less apparent in
the erythroid context. We calculated the correlation be-
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tween TF occupancy and biochemical marks on one hand,
and functional activity on the other and found only a small
positive quantitative correlation (Pearson 72 < 0.10; Spear-
man rank correlation r < 0.40) between each of these signa-
tures and enhancer activity (Figure [f|C), observations that
also hold in the other contexts we examined (Supplemen-
tary Figures —B7 —B, —B, and )

We also evaluated the predictivity of biochemical signa-
tures using a receiver operating characteristic curve analysis
(Supplementary Figures —F7 -D, and -F). With
the exception of erythroid cEnhs, where the combination of
GATA1 and TAL1 was most predictive of functional activ-
ity, we find that DNAse and H3K27ac are most often the
best predictors of functional enhancers. Their predictivity,
however, is not incredibly strong, with AUROC values only
exceeding 0.8 in K562 and HepG2 cells.

Overall, the combination of H3K27ac and DN Ase hyper-
sensitivity appears to be as reliable a predictor of functional
activity as any other biochemical signature, however, even
it is in no way absolutely predictive of function, with only
approximately half of H3K27ac™ /DNAse™ actually exhibit-
ing significant enhancer activity.

Discussion

In this study, we have provided a comprehensive examina-
tion of cEnh activity in multiple mammalian systems and
its relationship to biochemical signatures commonly used
to select cEnh elements. Across cell types and methods
for cEnh selection, approximately 50% of cEnhs simultane-
ously exhibiting significant H3K27ac marking and DNase
hypersensitivity appear to function as active enhancers. We
also demonstrated that enhancer assays activity is specific
to genomic regions that are distinguished by characteristic
biochemical signatures. By studying cEnhs sampled across
the full spectrum of ChIP occupancy for multiple transcrip-
tion factors, we have demonstrated that the most strongly
biochemically marked cEnhs are highly enriched for func-
tionality.

However, first, active functional enhancers are also
present throughout the whole biochemical signal spectrum,
and because of the very large number of the latter, the bulk
of active enhancers in any given cell type in fact resides
in the population of cEnhs with modest biochemical signa-
tures, and second, we do not observe a particularly strong
correlation between the magnitude of enhancer activity in
functional assays and strength of biochemical marks as mea-
sured using functional genomic assays.

These findings are in contrast to earlier studies, which
reported over 80-90% activity for cEnhs defined using, for
example p300 ChIP-seq®”. This is most likely due to the
fact the these studies only focused on elements selected
among the most strongly enriched and likely to be func-
tional cEnhs rather than the full spectrum of ChIP-seq sig-
nal.
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Figure 4: Enrichment of active cEnhs in different classes of cEnhs defined by the strength of their bio-
chemical signatures. (A) cEnhs (rectangle boxes) belonging to different signal classes (based on ChIP-seq data for
myogenin in C2C12 myocytes; “top”: RPM > 10; “high”: RPMe [5,10]; “medium”: RPMe [2.5,5]; “low” RPM< 2.5)
in the neighborhood of the mouse Myog gene; (B) Genome-wide distribution of cEnhs in different signal classes based on
ChIP-seq data for myogenin in C2C12 myocytes; (C) Fraction of active enhancers in different cEnh signal classes (based
on ChIP-seq data for myogenin in C2C12 myocytes; “top”: n = 66; “high”: n = 49; “medium”: n = 45; “low” n = 27)
as well as in negative controls (with no myogenin occupancy; n = 34). Only cEnhs positive for myogenin, DNAse and
H3K27ac were included; (D) Extrapolated numbers of active enhancers in C2C12 belonging to each signal strength class

(legend continued on next page)

11



We find a smaller fraction (15-25%) of active cEnhs us-
ing a high-throughput ChIP-STARR-~seq MPRA, but simi-
lar qualitative patterns across the spectrum of biochemical
signatures defining cEnhs. The reasons for the lower ac-
tivity rates returned by MPRAs are manifold, and include
(but are likely not limited to) the fact that the DNA frag-
ments used as input to the MPRA are shorter than the
length of fully functional regions, and that ChIP-STARR-
seq libraries do not provide deep and complex representa-
tion of the original pools of ChIP-seq fragments, leaving
many modestly active enhancers with insufficiently many
reads to cross the thresholds of statistical significance; both
of these factors are expected to lead to high false negative
rates.

Promoter-enhancer specificity?

integration in genome®253657

Methods

Except where otherwise stated, all analyses were performed
using custom-written python scripts. The v19 and vM4
versions of the GENCODE2? annotations for human and
mouse, respectively, were used for all analyses.

Cell culture

C2C12 cells

C2C12 myoblasts were maintained and seeded for trans-
fection in 20% FBS supplemented DMEM medium. Upon
reaching >80% confluency, the cells were were differentiated
using 2% horse serum and 1 pM insulin in DMEM medium.

G1E cells
G1E cells were grown according to previously published pro-
tocolsL3HoH64]

K562, HepG2 and A549 cells

K562; HepG2 and A549 cells were grown according to
the approved ENCODE cell culture protocols publicly
available through the ENCODE portal (https://www.
encodeproject.org/).

Functional assays

Cloning and DNA purification

The specifics of each selection set, the promoters
used for each cell line, and other details are publicly

available through the ENCODE portal (https://www.
encodeproject.org/).

Functional assay testing of cEnhs in C2C12 cells

Candidate REs and negative control regions were either
PCR-amplified from female BALB/C purified mouse ge-
nomic DNA (Switchgear Genomics) or synthesized de novo
(Genscript). The resulting DNA was cloned into a reporter
vector 5’ of a custom TK promoter (SwitchGear Genomics)
driving a high-turnover sequence-optimized luciferase re-
porter gene. Plasmids were purified using Miniprep Kkits
(Qiagen) and standardized to 30 ng/uL using the Qubit®
dsDNA HS (High Sensitivity) Assay Kit.

For the purpose of testing elements in the myoblast
state, undifferentiated C2C12 cells were seeded in 96-well
delta surface plates (NUNC) in quadruplicates 12 hours be-
fore transfection at a concentration of 2500 cells/well. For
the purpose of testing elements in the myocyte state, un-
differentiated C2C12 cells were seeded at a density of 3500
cells/well. Transfections were carried out with 50 ng of
DNA per construct in each replicate using Lipofectamine
LTX, after a 5 minute incubation with a 1:16 dilution with
the PLUS reagent (Thermo Fisher). Myoblast plates were
lysed using a Steady-Glo® kit, and luminescence was mea-
sured on a plate luminometer 24 hours post-transfection.
Myocyte plates had their media exchanged with differenti-
ation 12-16 hours post transfection and measured following
the same procedure 24 hours later.

Aside from the plate reading step, the entirety of the
transfection process was automated and carried out on a
Tecan Freedom EVO 200 robot.

Functional assay testing of cEnhs in K562 and
HepG2 cells

The set of K562 and HepG2 cEnh regions was PCR-
amplified and cloned 5 of the promoter of enhancer assay
plasmids containing luciferase and renilla reporter genes;
cloning was performed by SwitchGear Genomics. Each con-
struct was quantified (using Qubit) and standardized to
30ng/uL before use in transfection assays. XXX details
of transfection XXX. Chris Partridge please review this

Functional assay testing of erythropoetic cEnhs

GI1E candidate enhancer regions were tested in K562 cells
according to protocols publicly available through the EN-
CODE portal https://www.encodeproject.org/.

based on the genome-wide numbers of myogenin™/DNAset /H3K27ac™ regions. (E) Genome-wide distribution of cEnhs
in different signal classes based on the set of GR, ChIP-STARR-seq cEnhs in A549 cells (“top”: A549 Dex GR ChIP-seq
RPM > 10; “high”: RPMe [5,10]; “medium”: RPMe [2.5,5]; “low” RPM< 2.5). Only GR ChIP-seq regions significantly
represented within STARR-seq libraries (i.e. with sufficiently many reads to score as active if they were in fact active)
are shown for each signal class. (F) Fraction of cEnhs exhibiting significant activity in the GR ChIP-STARR-Seq assay

in stimulated A549 cells for each signal strength class.
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Figure 5: Absence of general strong correlation between biochemical signal strength and enhancer activity
of cEnhs. (A) Distribution of tested cEnhs relative to the genome-wide DNAse and H3K27Ac signal distribution in C2C12
myocytes. Shown are DNAse and H3K27ac RPM values for all DNAse' /H3K27ac™ regions as well as for cEns tested for
activity in C2C12 myocytes (outlined circles) and for occupancy negative control (outlined squares), with tested cEnhs
separated into four classes based on their measured enhancer activity, from dark red (most active) to yellow (inactive).
(B) Distribution of tested cEnhs relative to the genome-wide DNAse and H3K27Ac signal distribution in G1E-ER4 cells.
Shown are DNAse and H3K27ac RPM values for all DNAse™ /H3K27ac™ regions as well as for cEnhs tested for activity
(outlined circles) and for occupancy-negative controls (outlined squares), with tested cEnhs separated into four classes
based on their measured enhancer activity, from dark red (most active) to yellow (inactive). (C) Correlation between
biochemical signals and measured enhancer activity in C2C12 and G1E cells. See also Supplementary Figures and
for more details.

Functional Assay Data processing ChIP-seq experiments

For each cEnh or negative control measurement, the ra- Chromatin immunoprecipitation in A549 cells was per-
tio between its value and the corresponding basal promoter  formed as previously described (Reddy et al. 2009) using 2
vector (relative assay activity) was calculated. Active cREs ~ x 107 A549 cells per replicate. Cells were sonicated using
were discriminated from inactive using a z-score analysis, a Bioruptor XL (Diagenode) on the high setting until the
comparing the population of test element technical repli- resulting chromatin was fragmented to a median fragment
cate values to the set of negative controls. XXX this could size of 250 nt as assayed by agarose gel electrophoresis. GR
be stated more explicitly with the actual formulas XX. ChIP was performed using 5 ug of a rabbit polyclonal a-GR
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antibody (Santa Cruz Biotechnology sc-1003), and 200 ul
of magnetic sheep anti-rabbit beads (Life Technologies M-
280). H3K27ac ChIP was performed using XXX Ab source
XXX. After reversal of formaldehyde crosslinks at 65°C
overnight, DNA was purified using MinElute DNA purifi-
cation columns (QIAGEN). Illumina sequencing libraries
were then generated using the Apollo 324 liquid handling
platform according to manufacturer’s specifications (Wafer-
gen).

ChIP-seq in C2C12 cells was performed using chromatin
from 2 x 107 nuclei, which was fragmented using a Mis-
onix probe tip sonicator and subjected to immunoprecipi-
tation using a robotic ChIP pipeline described before. The
resulting purified DNA was then converted into sequenc-
ing libraries and sequenced on an HiSeq 2500 (Illumina)
as described previously®?. The following antibodies were
used: a-myogenin (Santa Cruz Biotechnology SC-12732,
lot K2311), a-MyoD (Santa Cruz Biotechnology SC-32758,
lot J3115), a-MEF2 (Santa Cruz Biotechnology SC-17785,
lot H1913), -p300 (Santa Cruz Biotechnology SC-585, lot
H3115), a-E2A (Santa Cruz Biotechnology SC-349X, lot
B1207), a-H2B (Santa Cruz Biotechnology SC-357, F2305),
and a-H3K27ac (Active Motif 39133, lot 34849).

In addition, publicly available®! Pbx1 ChIP-seq and
Control datasets were downloaded from GEO accession
GSET76010.

For G1E, K562 and HepG2 cells, previously publicly
available3262566 ChIP-seq datasets were downloaded from
the ENCODE portal https://www.encodeproject.org/.

DN Ase-seq experiments

In C2C12 cells, DNAse-seq was carried out as follows:
XXXXX DETAILS XXX

In A549 cells, DNAse-seq was carried out as follows:
XXXXX DETAILS XXX.

For G1E, K562 and HepG2 cells, previously publicly
available®262:66 DN Ase-seq datasets were downloaded from
the ENCODE portal https://www.encodeproject.org/.

STARR-seq experiments

The STARR-seq experiments previously published by Vock-
ley et al.4' were used in this study.

Genomic coordinate conversion

The regions to be tested using functional assays were de-
signed based on the mm8 and mm9 verions of the mouse
genome and the hgl9 version of the human genomes. Con-
version of the original coordinates to mm10 and hg20 coor-
dinates was performed using the liftOver tool from the
UCSC Genome Browser Utilities=Y.

Conservation analysis

Sequence conservation analysis were carried out using
the phastCons60way and phastCons100way conservation
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tracks, which were downloaded from the UCSC Genome

BrowsersU.

ChIP-seq data processing and analysis

ChIP-seq reads were trimmed down to 36 bp in length and
mapped against the hg20 (for human samples; the male or
female version depending on the sex of the cell line the sam-
ple originated from) and mm10 (for mouse samples) using
Bowtie*! (version 1.0.1) with the following settings: -v 2
-k 2 -m 1 --best --strata. DNAse-seq reads were pro-
cessed similarly except that they were trimmed down to
20bp for A549 samples and 36bp for C2C12 cells (due to
differences in the experimental protocol used to generate
the data).

Peak calling was carried out as follows. For DNAse
and H3K27ac datasets, MACS2%4 (version 2.1.0) was run
on individual replicates and on pseudoreplicates (gener-
ated by randomly splitting the pooled set of reads for
both replicates into two) with relaxed settings (--to-large
-p le-1). The top 100,000 peaks from each replicate or
pseudoreplicate (ranked by g-value) were then used as input
into IDR®%. The number of peaks above a given IDR. thresh-
old called as reproducible between true replicates (N;) and
between pseudoreplicates (N,) were recorded. Peak calling
was then carried out on the pooled set of reads and the top
max(Ny, N,) peaks were chosen as the final set of repro-
ducible peaks. For point-source®? datasets (transcription
factors), peak calling was carried out following the same
procedure but using SPPY (version 1.10.1), using the top
300,000 peaks as input to IDR.

The pooled sets of reads were also used to calculate
RPM (reads per million) enrichment values over elements
tested in functional assays.

STARR-seq data processing and analysis

STARR-seq and STARR-seq control/input reads
(2x25mers) were mapped as paired ends to the hg20 ver-
sion of the human genome using Bowtie with the same
settings as described above. Post-IDR peaks obtained from
GR ChIP-seq were used as the list of candidate cEnhs to
be scored using the STARR-seq data. For each STARR-
seq and STARR-seq control/input replicate, raw fragment
counts were obtained from every GR ChlIP-seq peak; in
addition, the rest of the genome (i.e. the regions that fall
between the post-IDR GR ChIP-seq peaks) was split into
bins of at most 50 kb length, and read counts were cal-
culated for all such regions. The fragment counts for GR
ChIP-seq peaks and for the intervening regions were com-
bined together and used as input to DESeq24% for estimat-
ing differentially represented regions between STARR-seq
and control/input libraries (at FDR-adjusted p < 0.05).
The lowest average fragment counts value which was scored
as significantly significant by DESeq2 was identified for
each comparison, and all GR ChIP-seq regions with aver-
age fragment counts lower than this value were excluded
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from subsequent analysis, as such regions were not suffi-
ciently represented in the available sequencing data to be
reliably scored as active or inactive. We also carried out
a fragment-level analysis, in which read counts were calcu-
lated for each individual sequencing fragment (defined as
the pair of positions {i,j}, where ¢ and j are respectively
the 5" and 3’ ends of the first and the second sequencing
reads in a pair), using the same DESeq2 framework.
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Supplementary Figure 4: Differential marking of proximal and
between different cell types and cell states. (A) Promoter-proximal (within <1 kb of an annotated TSS) sites in
K562 and HepG2 cells; (A) Distal (>1 kb from an annotated T'SS) sites in K562 and HepG2 cells; (C) Promoter-proximal
(within <1 kb of an annotated TSS) sites in differentiated and undifferentiated C2C12 and G1E cells; (D) Distal (>1 kb
from an annotated TSS) sites in differentiated and undifferentiated C2C12 and G1E cells. The overlap score (O, ) shown
in each cell (z,y) indicates the fraction of peaks in the dataset on the y-axis that are also found in the dataset on the

z-axis, i.e. Oy = | X NY|/|Y].
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Supplementary Figure 5: Regulatory landscape of muscle differentiation. DNAse-seq and ChIP-seq experiments
against H3K27ac, p300, the MRFs MyoD and myogenin, and cofactors (MEF2, E2A/TCF3, HEB/TCF12, and Pbx1) in
undifferentiated (myoblast, or “MB”) and differentiated (myocyte, or “MC”) C2C12 cells were analyzed. Sites were split
into multiple subgroups depending on regulatory factor occupancy (at IDR=0.05) — MyoD-positive (in either condition)
sites (A), myogenin-only sites (B), and MEF2-only sites (C) — then sorted by MRF ChIP-seq signal (in the following
order of priority: myoblast MyoD, myocyte MyoD, myocyte myogein, myoblast MEF2, myocyte MEF2); the signal in the
500bp-radius region around the ChIP-seq peak position is shown.
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Supplementary Figure 6: Relationship between DN Ase hypersensitivity and H3K27 acetylation during
muscle differentiation. (A) Overlap between DNAse hypersensitive and H3K27ac-positive promoter-proximal regions
in C2C12 myoblasts; (B) Overlap between DNAse hypersensitive and H3K27ac-positive promoter-proximal regions in
C2C12 myocytes; (C) Overlap between DNAse hypersensitive and H3K27ac-positive distal regions in C2C12 myoblasts;
(D) Overlap between DNAse hypersensitive and H3K27ac-positive distal regions in C2C12 myocytes; the kernel density of
the ChIP-seq/DNAse-seq signal distribution for each class of sites is overlaid over the scatter plots, and the distribution of
tested cREs is shown in black; (E) Dynamic changes in DN Ase hypersensitivity and H3K27 acetylation upon differentiation

for promoter-proximal and distal sites.
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Supplementary Figure 7: Functional assay testing of cRE regulatory activity in C2C12 cells. Fold activity
in myocytes (top) and myoblasts (bottom) across biological replicates (n = 4) and technical replicates (n = 4 for each
biological replicate) is shown. Candidate REs were sorted first by their DN Ase status and then by their mean fold activity.
The horizontal dotted line corresponds to the mean fold activity threshold above which elements are considered active. In
addition, DNAse hypersensitivity, H3K27ac status, p300, MyoD and myogenin occupancy are shown for each cRE, both
as binary (IDR=0.05) calls (red coloring indicates occupancy), and as RPM scores. (A) cREs selected for their physical
proximity to loci known for their importance to muscle development (“locus picks”); (B) randomly selected from the
genome-wide set of MyoD/myogenin-occupied regions; (C) negative controls.
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Supplementary Figure 8 (preceding page): Correlation between regulatory activity and biochemical marks
in C2C12 cells. (A and B) Correlation between fold activity and DNAse hypersensitivity, H3K27ac, p300, myogenin,
MyoD and MEF2 occupancy in myoblasts and myocytes; (C) ROC curves showing biochemical mark predictivity of cRE
fold activity in myocytes; (D) AUROC (area under ROC curve) values for different biochemical marks in myocytes; (E)
ROC curves showing biochemical mark predictivity of cRE fold activity in myoblasts; (F) AUROC values for different
biochemical marks in myoblasts.
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Supplementary Figure 9 (preceding page): Regulatory landscape of eryhtroid differentiation. DNAse-seq and
ChIP-seq experiments against H3K27ac, GATA1, TAL1 and GATA2 G1E and G1E-ER4 were analyzed. Sites were split
into subgroups depending on GATA1 and TAL1 occupancy (IDR=0.05), then sorted by ChIP-seq signal (in the following
order of priority: G1E-ER4 GATA1, G1E-ER4 TALL); the signal in the 500bp-radius region around the ChIP-seq peak

position is shown.
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Supplementary Figure 10: Relationship between DN Ase hypersensitivity and H3K27 acetylation during
erythroid differentiation. (A) Overlap between DNAse hypersensitive and H3K27ac-positive promoter-proximal regions
in G1E cells; (B) Overlap between DNAse hypersensitive and H3K27ac-positive promoter-proximal regions in G1E-ER4
cells; (C) Overlap between DNAse hypersensitive and H3K27ac-positive distal regions in G1E cells; (D) Overlap between
DNAse hypersensitive and H3K27ac-positive distal regions in G1E-ER4 cells; the kernel density of the ChIP-seq/DNAse-
seq signal distribution for each class of sites is overlaid over the scatter plots, and the distribution of tested cREs is shown in
black; (E) Dynamic changes in DN Ase hypersensitivity and H3K27 acetylation upon differentiation for promoter-proximal
and distal sites.
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Supplementary Figure 11: Correlation between regulatory activity and biochemical marks in erythroid
cells. (A and B) Correlation between fold activity in K562 cells and DN Ase hypersensitivity, H3K27ac, TAL1, and GATA1

occupancy in G1E and G1E-ER4 cells; (C) ROC curves showing biochemical mark predictivity of cRE fold activity; (D)
AUROC (area under ROC curve) values for different biochemical marks.
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Supplementary Figure 12: Relationship between DN Ase hypersensitivity and H3K27 acetylation in immor-
talized human cell lines. (A) Overlap between DNAse hypersensitive and H3K27ac-positive promoter-proximal regions
in K562 cells; (B) Overlap between DNAse hypersensitive and H3K27ac-positive distal regions in K562 cells; (C) Overlap
between DNAse hypersensitive and H3K27ac-positive promoter-proximal regions in HepG2 cells; (D) Overlap between
DNAse hypersensitive and H3K27ac-positive distal regions in HepG2 cells; the kernel density of the ChIP-seq/DNAse-seq
signal distribution for each class of sites is overlaid over the scatter plots, and the distribution of tested cREs is shown in
black.
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Supplementary Figure 13: Functional assay testing of cRE regulatory activity in human immortalized cell
lines. Fold activity across biological replicates (n = ??7) and technical replicates (n = ??? for each biological replicate)
is shown. Candidate REs were sorted first by their DNAse status and then by their mean fold activity. The horizontal
dotted line corresponds to the mean fold activity threshold above which elements are considered active. In addition,
DNAse hypersensitivity and H3K27ac status are shown for each cRE, both as binary (IDR=0.05) calls (red coloring
indicates occupancy), and as RPM scores. (A) cREs tested in K562 cells (B) cREs tested in HepG2 cells.
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Supplementary Figure 14 (preceding page): Correlation between regulatory activity and biochemical
marks in human immortalized cell lines. (A and B) Correlation between fold activity in K562 cells and DNAse
hypersensitivity, and transcription factor occupancy in K562 and HepG2 cells; (C) ROC curves showing biochemical mark
predictivity of cRE fold activity in K562 cells; (D) AUROC (area under ROC curve) values for different biochemical marks
in K562 cells; (E) ROC curves showing biochemical mark predictivity of cRE fold activity in K562 cells; (F) AUROC
(area under ROC curve) values for different biochemical marks in K562 cells.
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Supplementary Figure 15: Enrichment of active cEnhs in different classes of myogenic cEnhs defined by
the strength of their biochemical signatures. (A) According to myogenin ChIP-seq signal strength; (B) According to
H3K27ac ChIP-seq signal strength; (C) According to DNAse-seq signal strength. Shown on the right are the total number
of cEnhs biochemically marked my myogenin, H3K27ac or DNAse, and the extrapolated number of active enhancer
elements among them.
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Supplementary Figure 16: Regulatory landscape of GR response in A549 cells.

promoter-distal sites, then ranked by ChIP-seq signal strength within each group. Shown is the distribution of p300 and H3K27ac ChIP-seq and DN Ase-seq

signal around each site.
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Supplementary Figure 17: Testing of cEnhs for activity using ChIP-STARR-seq for GR in A549 cells

with and without Dexamethasone stimulation .

(A) Fraction of active cEnhs detected in each condition. Shown is

the number of cEnhs that passed the minimum representation threshold (see the Methods section for more details) and
were identified as active using DESeq2. (B) Fraction of significantly active (FDR~corrected p-value < 0.05) biochemically

marked individually on in combinations by H3K27ac, DNAse, p300.

STARR-seq fragments as defined by DESeq2.
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(C) Length distribution of active and inactive
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Supplementary Figure 18: Distribution of STARR-seq activity in A549 cells. Shown is the distribu-

tion of loga(FoldChange) values (defined by DESeq2) for STARR-seq experiments in resting EtOH-treated (A) and
Dexamethasone-treated (B) A549 cells.
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