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Estrogen receptor 1 (ESR1; also known as ERα, encoded by ESR1 gene) is the driving transcription factor in breast cancer de-

velopment and progression. ESR1 genomic action is thought to operate under tight epigenetic control, with its chromatin

binding and subsequent transcriptional output heavily reliant on the pioneer transcription factor FOXA1, which renders

chromatin accessible for ESR1 binding. However, the exact contribution of the epigenome to selective enhancer activation

by ESR1 remains to be fully elucidated. To address this, we employ a massively parallel reporter assay to profile 7576 indi-

vidual ESR1 binding sites for hormone responsiveness. Only a minority of ESR1-occupied enhancers exhibit hormone-in-

duced activity. These findings are confirmed by genomic data in situ, indicating that enhancer activation within a

chromatinized context is robustly captured in a plasmid-based reporter assay. In silico integration of our findings with pub-

licly available functional genomics data sets from breast cancer cell lines and tumor samples reveal distinct transcription

complex compositions, 3D genome contexts, and regulatory dynamics associated with different classes of ESR1 binding sites.

Overall, our results establish a comprehensive framework to highlight and elucidate the molecular basis underlying ESR1

genomic heterogeneity and its contribution to breast cancer biology and clinical outcomes.

[Supplemental material is available for this article.]

Estrogen receptor 1 (ESR1; also known as ERα, encoded by the ESR1
gene) is the key transcription factor in breast cancer, driving cell
proliferation and tumor progression by regulating oncogenic
gene expression. Upon estradiol (E2) binding, ESR1 translocates
to the nucleus to occupy estrogen receptor binding sites (ERBS),
which are characterized by a palindromic consensus motif
(AGGTCAnnnTGACCT) (Klinge 2001). These ERBS are predomi-
nantly located at enhancers in distal intergenic and intronic re-
gions, where their accessibility depends critically on the pioneer
factor FOXA1 (Carroll et al. 2005). Once bound to DNA, ESR1 re-
cruits a large spectrum of coactivators and corepressors in a highly
coordinated fashion to regulate transcription (Yi et al. 2015).
Because most ERBS are located far from gene promoters, their reg-
ulatory effects are mediated by chromatin looping (Fullwood et al.
2009).

Although ESR1 occupies several thousand genomic sites, the
number of genes actively regulated in response to E2 is substan-
tially lower (Chen et al. 2021; Piryaei et al. 2022, 2023). One pro-
posed explanation is that the DNA-receptor-ligand complex
exhibits allosteric properties (Hall et al. 2002; Meijsing et al.
2009),meaning that the primaryDNA sequence not only influenc-
es binding affinity but also coregulator recruitment and genomic

interactions. Yet, which ERBS are functionally active—and what
distinguishes active from inactive ones—remains poorly under-
stood, underscoring the need for a comprehensive functional
characterization.

Traditional approaches to identify active enhancers often cor-
relate transcription factor binding with chromatin accessibility,
RNA polymerase II (RNAPII) recruitment, or enhancer-associated
histone modifications (Andersson and Sandelin 2020). Although
informative, they are not quantitative, incapable of determining
direct enhancer activity, and cannot uncouple epigenomic from
genomic mechanisms. On the other hand, reporter assays over-
come some of these limitations by measuring enhancer activity
on nonchromatinized DNA templates, isolating the contribution
ofDNA sequence alone (Mladenova et al. 2009). However, conven-
tional reporter assays require each regulatory sequence to be tested
individually, which complicates generalizability, as the number of
candidates that can be tested is limited. Recent advances in func-
tional genomics have addressed these limitations with the devel-
opment of massively parallel reporter assays, such as Self-
Transcribing Active Regulatory Regions sequencing (STARR-seq)
(Arnold et al. 2013). STARR-seq measures the self-transcription of
cloned genomic fragments placed downstream of a minimal
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promoter, allowing thousands of candidate enhancers to be tested
simultaneously and independently of chromatin context.

In this study, we used STARR-seq to functionally dissect thou-
sands of ESR1-bound enhancers to investigate themolecular deter-
minants of their activity, aiming to clarify the heterogeneity of
ERBS enhancer function and its relevance in breast cancer biology.

Results

Characterization of ERBS and their functional diversity using

STARR-seq

To experimentally characterize ESR1 cis-regulatory elements and
identify features regulating their activity, we reanalyzed a STARR-
seq data set, previously generated in our lab (Joosten et al. 2024)
(original data available from the European Genome-phenome Ar-
chive (EGA; https://ega-archive.org) under accession number
EGAD50000000015). STARR-seq assesses regulatory sequence ac-
tivity by cloning them downstream of a minimal promoter; active
enhancers self-transcribe, resulting in higher mRNA levels detect-
able by RNA-seq (Arnold et al. 2013). Our STARR-seq library is
based on a custom oligonucleotide probe pool of 14,299 regions
comprising: (1) ESR1 peaks selected from ∼74,000 sites identified
in breast cancer samples, spanning a range of conservation across
patients (Joosten et al. 2024); and (2) ESR1-bound regions in the T-
47D breast cancer cell line (Fig. 1A; Gertz et al. 2013). Insert sizes
were normally distributed around 500 bp (Supplemental Fig.
S1A), consistent with optimal sizes observed with previous similar
experiments (Vockley et al. 2016; Huang et al. 2021).

To determine enhancer activity of ESR1 binding sites, this li-
brary was transfected into MCF-7 cells which were treated with 10
nM E2 for 6 h. RNA-seq data showed excellent reproducibility
across biological replicates (Pearson correlation coefficient: 0.98–
1) (Supplemental Fig. S1B,C). To focus on relevant ERBS in our
analysis, we retained only those identified by ChIP-seq in MCF-7
cells (Ross-Innes et al. 2012), excluding any sites absent in this
cell line. This yielded 7576 unique sites representative of ESR1
chromatin binding under both full-medium (Ross-Innes et al.
2012) and E2 conditions (10 min stimulation) (Fig. 1B; Guertin
et al. 2014), also enriching for commonly shared ESR1 sites in
breast tumors (Supplemental Fig. S1D).

As in similar studies on androgen receptor (AR; also known as
NR3C4) in prostate cancer cells (Huang et al. 2021) and glucocor-
ticoid receptor (known as GR, encoded by NR3C1) in lung adeno-
carcinoma cells (Vockley et al. 2016), ERBS exhibit three distinct
categories of behavior: (1) ERBS with increased activity upon E2
treatment (E2-induced); (2) ERBS active independently of E2 (con-
stitutively active); and (3) ERBS with no detectable enhancer activ-
ity (inactive) (Fig. 1B,C; Supplemental Table 1). Constitutive ERBS
were most frequent (4176 sites, 55%), followed by inactive (2820
sites, 37%) and induced sites (580 sites, 8%) (Fig. 1D). STARR-seq
signal at the XBP1 locus, a well-established ESR1 target gene
(Carroll et al. 2005), exemplifies all three classes (Fig. 1E). ESR1 re-
cruitment dynamics inMCF-7 (data obtained from the NCBI Gene
Expression Omnibus [GEO; https://www.ncbi.nlm.nih.gov/geo/]
under accession number GSE54855) (Guertin et al. 2014) revealed
similar time kinetics across ERBS categories, but induced sites
showed stronger signal (Fig. 1F). Whereas 80% of induced ERBS se-
quencematched the consensus ESR1motif, only 25%–30%of con-
stitutive and inactive ERBS did (Fig. 1G).

To assess the correlation between STARR-seq-based ERBS an-
notation and enhancer activity within the native chromatin con-

text, we analyzed GRO-seq signal (GEO; GSE27463) (Hah et al.
2011) at ERBS following E2 stimulation, as enhancer transcrip-
tion is a well-established readout of enhancer activity (Hah et al.
2011; Zhu et al. 2013;Wang et al. 2018). Our STARR-seq-based an-
notations were fully supported by the GRO-seq data: whereas
GRO-seq signal was initially low at induced and inactive sites, E2
treatment specifically increased theGRO-seq signal over time at in-
duced ERBS. In contrast, constitutive ERBS exhibited GRO-seq
signal prior to E2 with modest changes after E2 stimulation
(Supplemental Fig. S1E). We confirmed these results with RNAPII
ChIP-seq data from an E2 time course data set (GEO; GSE62789)
(Honkela et al. 2015), which closely mirrored GRO-seq results
and reinforced our ERBS annotation: RNAPII occupancy remained
low at inactive ERBS, increased at induced sites upon E2 treatment,
andwas consistently high at constitutively active regions (Fig. 1H).
Collectively, these findings demonstrate that STARR-seq plasmid-
basedmeasurements reliably reflect the endogenous transcription-
al activity of ERBS.

To determine whether ERBS categories translated into differ-
ential gene expression, we linked ERBS to their target genes using
ATAC-seq-derived peak-to-gene maps in breast tumors (Corces
et al. 2018) and analyzed gene expression after 24 h E2 stimulation
in MCF-7 cells (GEO; GSE99680) (Chi et al. 2019). Genes associat-
ed with constitutive and inactive ERBS were largely unresponsive
to E2 (median fold changeE2/DMSO= 0.99 and 1.02, respectively),
whereas genes associated with induced ERBS showed increased ex-
pression following E2 exposure (median fold changeE2/DMSO=
1.43) (Fig. 1I). Similar patterns were also seen when considering
nearest genes (Supplemental Fig. S1F). Gene Ontology analysis re-
vealed a higher enrichment at induced ERBS targets for hallmark
early and late ESR1-responsive genes, whereas constitutive/inac-
tive ERBS were linked to other signaling pathways as well (Fig.
1J), suggesting functional distinctions between categories.

Altogether, these results demonstrate that STARR-seq reliably
recapitulates ERBS transcriptional behavior in situ and that only a
small subset of ESR1-bound sites gain enhancer activity in re-
sponse to E2.

ERBS subtypes exhibit distinct clinical associations in breast cancer

To determinewhether our enhancer annotation represents clinical
ESR1 activity, we utilized publicly available ATAC-seq data from
breast tumors generated by the TCGA consortium to establish
chromatin accessibility across the different ERBS categories
(Corces et al. 2018).

Constitutively active ERBS exhibited higher chromatin acces-
sibility in breast tumors than both induced and inactive ERBS
(Supplemental Fig. S2A). Chromatin at induced ERBS was largely
inaccessible in ESR1-negative tumors and became accessible only
in ESR1-positive tumors. In contrast, chromatin accessibility at
constitutive and inactive ERBS remained accessible regardless of
ESR1 status (Supplemental Fig. S2A). These findings suggest that
ESR1 action is crucial for accessibility at induced ERBS, whereas
constitutive and—to a lesser degree—inactive ERBS remain accessi-
ble independently of ESR1 and may be regulated by other factors.
Chromatin accessibility across ERBS subsets was not affected by tu-
mor histology (invasive lobular carcinoma vs. invasive ductal car-
cinoma) (Supplemental Fig. S2B). We next examined chromatin
accessibility across molecular subtypes, as defined by PAM50
(Perou et al. 2000; Parker et al. 2009): basal-like/triple-negative
(TNBC, 12 samples), HER2-positive (10 samples), luminal A (30
samples), and luminal B (15 samples). Accessibility at constitutive
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Figure 1. STARR-seq defines functional ERBS subgroups. (A) Schematic of ESR1 STARR-seq. A total of 14,299 ESR1-bound sites identified from human
breast tumors and cell lines were cloned into hSTARR-ORI plasmid, transfected into MCF-7, treated with DMSO or E2 for 6 h, and analyzed by RNA-seq
to measure enhancer-driven self-transcription. (B) Post-filtering heat maps showing STARR-seq signal (purple, log2 fold change over input plasmid library)
and ESR1 ChIP-seq in full-medium (red, GSE32222) (Ross-Innes et al. 2012) and after 10 min E2 stimulation (blue, GSE54855) (Guertin et al. 2014). ChIP-
seq signals are represented as reads per genomic content (RPGC). Regions are grouped by STARR-seq-defined functional classes. (C) Volcano plot of STARR-
seq signal log2(fold change, E2 vs. DMSO). Dashed lines represent significance thresholds (|log2(fold change)| > 1 and Padj < 0.05). (D) Bar plot of ERBS
distribution and counts (in white). Green, blue, and yellow bars represent induced, constitutive, and inactive ERBS, respectively. (E) Snapshot of the
XBP1 locus, showing STARR-seq data (RNA over DNA fold change), and ChIP-seq for ESR1 in full-medium (GSE32222) (Ross-Innes et al. 2012), ESR1
with and without 10 min E2 stimulation (GSE54855) (Guertin et al. 2014), FOXA1 with and without 45 min E2 stimulation (GSE23852), and RNAPII
with and without 10 min E2 stimulation (GSE62789) (Honkela et al. 2015). Green, blue and yellow boxes represent induced, constitutive, and inactive
ERBS, respectively. Numbers represent signal intensity. (F ) ESR1 ChIP-seq signal across ERBS subtypes during E2 time course (GSE54855) (Guertin et al.
2014). Significance of Tukey’s honest significant difference test following a one-way ANOVA is indicated. (G) Percentage of ERBS with consensus ESR1 mo-
tifs. (H) RNAPII ChIP-seq signal across ERBS subtypes during E2 time course (GSE62789) (Honkela et al. 2015). Significance of Tukey’s honest significant
difference test following a one-way ANOVA is indicated. (I) Gene expression fold changes for genes linked to each ERBS subgroup after 24 h E2 treatment in
MCF-7 (GSE99680) (Chi et al. 2019). Significance of Wilcoxon test is indicated. (J) Hypergeometric test showing enriched hallmark pathways per ERBS
subgroup. Bar colors reflect adjusted P-values, with gray indicating nonsignificance (>0.05).
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and inactive ERBS remained relatively consistent across the differ-
ent ESR1-expressing tumor types, whereas induced ERBS showed
much greater variability (Fig. 2A). Notably, induced ERBS were
most accessible in luminal tumors. This accessibility pattern at in-
duced ERBSwasminimal or absent in other ERBS groups. These ob-
servations suggest that the activity of ERBS subgroups varies across
tumor subtypes, with induced ERBS displaying themost variability
between subtypes.

Prior studies have demonstrated that ESR1 binding sites can
stratify patients on outcome and response to endocrine therapy
(Ross-Innes et al. 2012; Jansen et al. 2013; Severson et al. 2016,
2018). To explore this further, we determined the prognostic rele-
vance of our ERBS classes (Ross-Innes et al. 2012). Induced ERBS
overlapped more frequently with ESR1 peaks linked to favorable
prognosis, whereas constitutive and inactive ERBS were enriched
for peaks associated with poor outcome (Fig. 2B; Supplemental
Table 2). Moreover, ESR1 signal at constitutive and inactive
ERBS, but not induced ERBS, was stronger in patients with poor
prognosis compared to those with good prognosis (Fig. 2C).
These data underscore distinct breast cancer prognostic associa-
tions between ERBS subgroups.

Breast cancer outcome is associated with distinct copy num-
ber variations (CNVs) (Kumaran et al. 2017; Wilcox et al. 2023).
Using CopywriteR (Kuilman et al. 2015), which infers DNA copy
from off-target sequencing reads, we reanalyzed ESR1 ChIP-seq
data sets from normal breast tissue, primary tumors, liver metasta-
ses, and breast recurrences from four partially matched ESR1-posi-
tive breast cancer patients (EGA; EGAD50000000642). CNVs were
more frequent at constitutive and inactive ERBS than at induced
ERBS, particularly in primary tumors and liver metastases
(Supplemental Fig. S2C,D). To validate this observation in a larger

cohort, we applied CopywriteR to ESR1 ChIP-seq data from 31
ESR1-positive primary breast tumors (Ross-Innes et al. 2012;
Jansen et al. 2013; Severson et al. 2018; Joosten et al. 2024).
We again found that constitutive and inactive ERBS were more
frequently located in amplified regions than induced ERBS
(Supplemental Fig. S2E,F).

In summary, functional distinctions among ERBS categories
are reflected in their clinical relevance. Their association with tu-
mor subtypes and clinical outcome supports their possible differ-
ential involvement in breast cancer progression.

ERBS subgroups are characterized by distinct chromatin features

Wenext investigated the genomic and epigenetic features that dis-
tinguish ERBS subgroups. First, we tested whether STARR-seq, a
plasmid-based assay devoid of endogenous chromatin context, is
associated with distinct epigenetic features for the same regions
when studied in situ. For that, we evaluated chromatin accessibil-
ity at ERBS using ATAC-seq inMCF-7 stimulated or not with E2 for
45 min (GEO; GSE117943) (Guan et al. 2019). Constitutively ac-
tive and inactive ERBS exhibited accessibility prior to ESR1 activa-
tion with nomarked increase upon E2 treatment (Fig. 3A), though
constitutive ERBS were generally more accessible, consistent with
primary tumor data (Supplemental Fig. S2A). In contrast, induced
ERBS displayed a clear increase in accessibility following E2 stimu-
lation (Fig. 3A), reinforcing the notion that ESR1 is required for
chromatin accessibility at induced ERBS but not at other classes.
These patterns are exemplified at the TFF1 locus, a classical ESR1
target gene (Fig. 3B; Berry et al. 1989). Although ERBS were pre-
dominantly located in introns and distal intergenic regions,
constitutive ERBS were more frequently found at promoters

A B

C

Figure 2. ERBS subgroups are associated with clinical subtypes and patient outcome. (A) Average ATAC-seq signal (top and bottom) at ERBS subgroups
across PAM50 breast cancer subtypes. Higher signals indicate higher chromatin accessibility. Significance of pairedWilcoxon test is indicated. Bottom panel
shows signal normalized to basal subtype. (B) Proportion of ERBS subgroups overlapping with peaks associated to good (dark) or poor outcome (light)
(Ross-Innes et al. 2012). (C ) Mean ESR1 ChIP-seq signal at ERBS, from patients with good (dark) and poor (light) outcomes (Ross-Innes et al. 2012).
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compared to the other groups (Fig. 3C). To confirm this, we ap-
plied ChromHMM, a multivariate hidden Markov model algo-
rithm that integrates histone mark ChIP-seq data into functional
chromatin states (Ernst and Kellis 2017). Genome segmentation
into six states confirmed that constitutively active ERBS were
more often found in active promoters, both in E2-treated
(Fig. 3D; Supplemental Table 3) and full-medium conditions
(Supplemental Fig. S3).

To further explore histone modifications associated with
ERBS, we collected MCF-7 histone mark ChIP-seq data sets from
the Cistrome Data Browser (Taing et al. 2024), covering a range
of conditions (estrogen-depleted, E2-treated, full-medium), and
overlapped them with our ERBS categories. Unsupervised cluster-
ing confirmed that only active histone modifications overlapped
ERBS,with a notable enrichment at constitutive ERBS (Fig. 3E; Sup-
plemental Table 4), specifically concerning classical active marks
H3K27ac, H3K4me1, H3K4me2, and H3K4me3 (Supplemental
Fig. S4A). Averaging signals across all public data sets (Supplemen-
tal Table 5) confirmed that signal for these marks was significantly
stronger at constitutive ERBS (Fig. 3F; Supplemental Fig. S4B). We
found thatH3K4me1 andH3K4me2 signalswere higher at inactive
than at induced ERBS under all experimental conditions, despite
inactive sites lacking enhancer activity. Although the reason for
this remains unclear, these modifications may act as repressors
(Pekowska et al. 2011; Cheng et al. 2014) or prevent subsequent
acetylation (Latham and Dent 2007). Among all marks, only
H3K27ac dynamics seemed to predict ERBS category, with varying
degrees of E2-independent signals in constitutive and inactive re-
gions but higher signal in induced sites when treated with E2.

Overall, ERBS classes differ in chromatin accessibility and spe-
cific histone modification profiles, with H3K27ac being the only
dynamic mark predictive of ERBS activity.

Differential cofactor interactions characterize ERBS subtypes

ESR1 regulates transcription by recruiting and interacting with co-
factors. We therefore investigated whether the different ERBS activ-
ities observed in the STARR-seq assay reflect differences in ESR1
complex composition. To this end, we used ATAC-seq data to com-
pute footprinting scores for 964 transcription factor motifs in the
three ERBS categories. Footprinting scores infer protein-DNA inter-
actions by identifying genomic regions where DNA-binding pro-
teins protect DNA from transposase cleavage (Bentsen et al. 2020).
Constitutive and inactive ERBS shared a similar pattern, with foot-
printing scores highly similar with or without E2 (linear regression
slopes=1.03 and 0.99, respectively; Pearson’s correlation R=0.97
for both groups), suggesting minimal transcription factor recruit-
ment upon E2 treatment at these sites (Fig. 4A). However, constitu-
tive ERBS exhibited generally higher footprinting scores than
inactive ones, suggesting greater transcription factor occupancy,
consistent with their relatively higher accessibility and activity. In
contrast, induced ERBS showed low footprinting scores under unsti-
mulated conditions, consistent with lower chromatin accessibility
at these sites. However, footprinting scores markedly increased at
these sites upon E2 treatment (linear regression slopes=1.51;
Pearson’s correlation R=0.85), indicating robust transcription fac-
tor recruitment. Therefore, ERBS subgroups display different pat-
terns of co-occupancy with other factors.

To further explore which factors differentially associate with
each ERBS class, we performed motif enrichment analysis.
Constitutive and inactive sites were predominantly enriched for
motifs recognized by the forkhead family transcription factors,

whereas these motifs were less represented at induced sites (Fig.
4B). Conversely, induced ERBS were strongly enriched for ESR1
and RARG motifs. However, given the similarity between the
RARG motif and the ESR1 half-site (Supplemental Fig. S5A), and
the uniform overlap of RARG ChIP-seq peaks across all ERBS
groups (Supplemental Fig. S5B), RARG likely does not play a distin-
guishing role.

We next sought to identify ESR1 cofactors that define each
ERBS class. We downloaded 280 ChIP-seq data sets from the Re-
Map2022 database (Hammal et al. 2022), all derived from MCF-7
cells (Supplemental Table 6), and performed overlap analyses
with our ERBS subgroups. These ChIP-seq data sets were generated
under heterogeneous experimental conditions, including E2-de-
pleted, E2-stimulated, and full-medium conditions. To evaluate
enrichment, we computed the proportion of overlaps between
transcriptional regulator peaks and ERBS classes and applied a χ²
test for homogeneity, using the resulting residuals to highlight
over- or under-representation (seeMethods). The global χ² analysis
revealed that inactive ERBS were characterized by predominantly
negative χ² residuals, indicating depletion of transcriptional regu-
lator binding compared to the other two groups (Fig. 4C; Supple-
mental Fig. S5C). In contrast, constitutively active and especially
induced ERBS were enriched for transcriptional regulator binding.
Among the top enriched factors at induced ERBS were canonical
ESR1-interacting proteins such as NCOA3 (Zwart et al. 2011),
CARM1 (Yi et al. 2017), MED1 (Kang et al. 2002), as well as the
less-characterized factor NFXL1. Constitutively active ERBS were
preferentially bound by members of the AP-1 complex (JUN,
JUNB, JUND, ATF7, and FOSL2) along with MAZ and ERG (Fig.
4D; Supplemental Table 6).

Whereas this approach identified factors enriched in specific
ERBS groups, it did not capture themost prevalently associated fac-
tors. For instance, TP53 was strongly enriched at induced ERBS rel-
ative to other categories but was present at only 13% of induced
sites (vs. 0.8% and 0.1% of constitutive and inactive ERBS, respec-
tively) (Fig. 4D). We therefore performed clustering analysis to
identify factors with broad coverage of induced ERBS. We found
six transcriptional regulators present at >80% of induced ERBS
(range: 80.2%–97.6%) (Fig. 4E; Supplemental Table 6): RELA,
EP300, YY1AP1, NRIP1, NCOA2, and NCOA3, with preferential
binding to this subgroup (Fig. 4F). In contrast, SMARCB1,
SMARCA4, andHDAC2weremore frequently associated with con-
stitutively active ERBS, although they were also present in the oth-
er classes (Supplemental Table 6). The same was true for FOXA1,
consistent with motif enrichment results (Fig. 4B).

Altogether, our integrative analysis of publicly available
ChIP-seq data reveals distinct cofactor landscapes at ERBS
subgroups.

ERBS groups are associated with distinct long-range chromatin

looping features

ERBS are mostly found at putative enhancer regions rather than
promoters (Carroll et al. 2005). As estrogen stimulation reorganizes
3D genome architecture, facilitating long-range genomic interac-
tions to modulate gene transcription, we next investigated wheth-
er the three ERBS categories display distinct patterns of chromatin
interactions.

To explore this, we used high-throughput chromosome
conformation capture (Hi-C) in MCF-7 cells under full-medium
conditions (GEO; GSE244845) (Joosten et al. 2024). Hi-C provides
a comprehensive mapping of long-range chromatin interactions
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Figure 3. ERBS subgroups display distinct chromatin landscapes. (A) Heat map (bottom) and average density profile (top) of ATAC-seq signal at ERBS in
MCF-7 cells treated with DMSO (light) or E2 (dark) for 45min (GSE117943) (Guan et al. 2019). (B) ATAC-seq signal snapshot at the TFF1 locus. Green, blue,
and yellow boxes represent induced, constitutive, and inactive ERBS, respectively. Numbers represent signal intensity. (C) Pie chart depicting the genomic
distribution of ERBS subgroups. (D) Left: Heat map of chromatin state emission parameters (E2-treatedMCF-7), with rows as chromatin states and columns
as histone marks. The color intensity reflects the coverage enrichment. Right: Distribution of ERBS subgroups across active (red) and repressive (blue) chro-
matin states. List of external data sets used is given in Supplemental Table 3. (E) Heatmap of overlap between ERBS subgroups and 73 histonemark data sets
(Supplemental Table 4). Active (red) and repressive (blue) histonemarks are indicated. (F) Average density profiles for H3K4me1, H3K4me2, H3K4me3, and
H3K27ac at ERBS in MCF-7 under vehicle, E2, or full-medium conditions. Green, blue, and yellow lines represent induced, constitutive, and inactive ERBS,
respectively. List of external data sets used is given in Supplemental Table 5.
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and insights into chromatin architecture. Using Aggregate Region
Analysis (ARA) centered on each ERBS category, we observed dis-
tinct contact profiles (Fig. 5A). Constitutive and inactive ERBS ex-
hibited a higher frequency of short-range contacts and fewer long-
range interactions, particularly for constitutive ERBS, consistent
with their promoter-proximal enrichment. In contrast, induced

ERBS were more frequently engaged in long-range chromatin in-
teractions, suggesting greater involvement in chromatin looping
and spatial genome organization.

To validate these findings, we used ESR1 ChIA-PET data
(ENCODE, ENCSR000BZZ) (Fullwood et al. 2009), which directly
detects ESR1-mediated chromatin interactions. In agreement

A

C

E F

D

B

Figure 4. Differential cofactor interactions characterize ERBS subtypes. (A) Transcription factor footprinting scores in MCF-7 cells treated with vehicle or
E2 (45 min), averaged across ERBS subgroups for 964 motifs. Linear regression slopes (m), correlation (R), and P-values indicate changes upon E2 treat-
ment. (B) Dot plot of top 20 enriched motifs at ERBS. Dot size reflects motif frequency; color indicates the –log10(adj.P-value). Selected Forkhead motifs
(FOXA2, FOXA3, FOXP1, and FOXP2) were excluded to reduce redundancy. (C ) 3D-plot of χ2 test residuals for overlap of 280 ReMap2022 ChIP-seq data
sets. Residuals indicate deviation from expected distribution among the three ERBS subgroups. Colors represent the –log10 of the P-value from the χ2 test.
ChIP-seq data sets and statistics are provided in Supplemental Table 6. (D) Bar plots showing overlap of top coregulators with induced (top) and constitutive
(bottom) ERBS. (E) Heatmap of 280 coregulator ChIP-seq data sets (x-axis) binding across induced ERBS (y-axis). Green indicates binding of the coregulator
at the given induced ERBS; white indicates absence of binding. A high-occupancy cluster is indicated by a red line (bottom left). (F ) Percentage overlap of
ERBS subgroups with coregulators from the red cluster in E.
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with the Hi-C results, induced ERBS participated in more frequent
and longer-range interactions compared to other categories (medi-
an interaction sizes: induced ERBS=94,927 bp; constitutive ERBS=
63,251 bp; inactive ERBS=58,867 bp) (Fig. 5B,C).

Single enhancers can participate in multiple distinct chroma-
tin loops (Allahyar et al. 2018). Induced ERBS formed significantly
more chromatin contacts than other groups (mean contacts per
site: induced ERBS=3.72; constitutive ERBS=2.21; inactive ERBS
=1.97) (Fig. 5D). Although constitutive ERBS were enriched at pro-
moters (Fig. 3C), ERBS-associated contact regions were broadly dis-
tributed across the genome (Supplemental Fig. S6A).

Genes looped to inactive ERBS were least likely to be
exclusively looped to a single ERBS category (40%, compared to
50% for induced and 60% for constitutive ERBS) (Fig. 5E).

Approximately 30% of genes looping to an ERBS were contacted
by at least two ERBS categories and 7% to all three (Fig. 5E,F).
Similar proportions were observed for ERBS associated with pro-
moters only (Supplemental Fig. S6B). This suggests that ERBS
from distinct categories can converge in 3D genome “hubs,” in-
volved in gene regulation. Notably, inactive ERBS—despite lacking
inherent enhancer activity—were most frequently involved in
such hubs. Collectively, through STARR-seq and chromatin inter-
action analyses, we have demonstrated that the different ERBS cat-
egories, as identified in plasmid-based readouts, exhibit distinct
3D genome features.

Together, these analyses show that the three ERBS classes
identified by the plasmid-based readout exhibit distinct spatial ge-
nome features in situ.

A

B

E F

C D

Figure 5. ERBS groups are associated with distinct long-range chromatin looping features. (A) Aggregate Region Analysis of Hi-C data in MCF-7 cells
shows how ERBS groups contribute to long-range chromatin interactions. (B) Percentage of ERBS involved in chromatin interactions from ESR1 ChIA-
PET data (Encode, ENCSR000BZZ) (Fullwood et al. 2009). Error bars represent the standard error of the mean from three replicates. (C) Distribution of
chromatin interaction distances involving ERBS. Dashed lines indicate median distances for each group. Significance of Wilcoxon test is indicated. (D)
Number of loops per ERBS subgroup. Dashed lines represent subgroupmeans. Significance ofWilcoxon test is indicated. (E) Venn diagram showing overlap
of genes looped by ERBS subclasses, based on ESR1 ChIA-PET data. Genes connected by at least two out of the three biological replicates were kept. (F)
Snapshot of ERBS “hubs.”Green, blue, and yellow boxes represent induced, constitutive, and inactive ERBS, respectively. Colored arcs represent subgroup-
specific loops identified by ESR1 ChIA-PET.
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Discussion

Throughout evolution, gene regulation has provided remarkable
versatility of our genetic material, enabling cell- and tissue-specific
expression programs to emerge from the same genome. Selective
activity of enhancers has emerged as a central contributor to the
spatiotemporal control of gene expression. In cancer, we and
others reported that enhancer activity undergoes extensive repro-
gramming, reflecting a high degree of epigenetic plasticity during
tumor development (Pomerantz et al. 2015; Mazrooei et al. 2019),
progression (Stelloo et al. 2015; Pomerantz et al. 2020; Severson
et al. 2021), and therapy response (Jansen et al. 2013; Baca et al.
2021; Linder et al. 2022). Given the enrichment of steroid hor-
mone receptors at enhancer elements and their ability to mediate
long-range chromatin interactions (Fullwood et al. 2009; Hsu et al.
2010), 3D genome organization likely plays a critical role in or-
chestrating hormone-dependent transcriptional programs.

To investigate the molecular determinants underlying en-
hancer activity heterogeneity in cancer, we focused on breast can-
cer and its key driver, ESR1. Using MCF-7 cells and a massively
parallel reporter assay for enhancer activity (STARR-seq), we ana-
lyzed the intrinsic regulatory potential of thousands of ESR1 bind-
ing sites and revealed a striking conservation of their regulatory
potential and hormone responsiveness, even outside of their na-
tive genomic context. We found that only a small subset of ERBS
exhibited E2-dependent activity (8%), whereas 55%were constitu-
tively active, and 37% remained inactive. These results parallel
similar observations made for AR in prostate cancer (Huang et al.
2021) and GR in lung cancer cells (Vockley et al. 2016), suggesting
that the limited number of hormone-responsive enhancers is an
intrinsic feature of steroid hormone receptor action. It is important
to note that our results reflect ESR1 activation at a single dose and
time point of E2 stimulation. This static snapshot may not fully
capture the rapid and dynamic nature of ESR1 binding to DNA
in its native context (Shang et al. 2000; Guertin et al. 2014;
Murakami et al. 2017), as protein levels of ESR1 itself are directly
affected by E2 stimulation (Nawaz et al. 1999). Alternatively,
some regulatory elements may not maintain their activity outside
of their genomic context. Although these limitations should be
considered when interpreting our results, our findings remain
highly consistent with profiles of RNAPII ChIP-seq and GRO-seq,
gene expression data, and chromatin accessibility in both MCF-7
and breast tumors. These data reinforce the relevance of our
ERBS functional annotation and provide a framework for dissect-
ing the distinct regulatory behaviors of enhancer subtypes.

Although we identified three distinct classes of ERBS, our pri-
mary focus centered on E2-inducible sites, as they directly reflect
estrogen signaling in breast cancer cells. However, we also uncov-
ered critical distinguishing features between constitutive and inac-
tive ERBS, despite their shared E2 independence, localization
within pre-accessible chromatin, and weak ESR1 motif enrich-
ment. Notably, constitutive ERBS are more frequently enriched
at promoters compared to inactive ERBS, consistent with their
higher levels ofH3K4me3, amark associatedwith active promoters
(Bernstein et al. 2005; Heintzman et al. 2007). Constitutive ERBS
also display enrichment for additional histone modifications typ-
ically linked to regulatory element activity, including H3K27ac,
H3K4me1, and H3K4me2, and exhibit higher coregulator occu-
pancy. These features provide a molecular basis for their distinct
enhancer activities observed in STARR-seq, RNAPII, and GRO-seq
data. Despite these differences, constitutive and inactive ERBS
may still serve common regulatory roles. Prior studies in prostate

cancer have shown that targeting both constitutive and inactive
AR binding sites can suppress androgen-induced transcription
(Huang et al. 2021), raising the possibility of a similar model for
ESR1. Supporting this, we found that 30% of ESR1-linked genes
were associated with multiple ERBS classes, suggesting that all
three enhancer types may participate in gene regulation in a con-
text-dependent manner.

Beyond validating our ERBS annotation through orthogonal
in vitro data sets, we found that enhancer classes also align with
clinically relevant features of ESR1 biology. In patient tumors, in-
duced ERBS displayed minimal chromatin accessibility in ESR1-
negative tumors but were clearly accessible in ESR1-positive tu-
mors, whereas constitutive and inactive ERBS remained accessible
regardless of ESR1 status. A similar trend was observed in MCF-7
cells, where E2 treatment selectively increased accessibility at in-
duced ERBS. This suggests that induced ERBS are directly con-
trolled by ESR1 activity and are selectively engaged in ESR1-
expressing tumors. Given the ability of nuclear receptors to
bind closed chromatin and facilitate the recruitment of pioneer
factors and chromatin remodelers at particular regions (Miranda
et al. 2013; Johnson et al. 2018; Paakinaho et al. 2019), ESR1
may have the ability to promote chromatin opening, selectively
at induced ERBS. Overall, our data reinforce the notion that en-
hancer activity, rather than ESR1 binding alone, serves as a more
informative marker of estrogen receptor function and tumor
biology.

A striking observation from patient samples was that ESR1
binding at different enhancer classes correlated with distinct pa-
tient outcomes. Constitutive and inactive ERBS aremore frequent-
ly associated with poor prognosis, whereas induced ERBS were
preferentially occupied in patients with favorable outcomes.
These findings align with our previous study on ESR1 ChIP-seq
inhuman tumors, showing ESR1motifs enrichment at sites detect-
ed in patients who responded to aromatase inhibition,whereas ad-
ditional transcription factor motifs were observed for ESR1 sites
detected in nonresponders (Jansen et al. 2013). The presence of
other factors at these sites may render the transcriptional activity
ESR1-independent, despite ESR1 binding at these regions. As
such, these sites could sustain tumor growth despite endocrine
therapy, contributing to treatment resistance. These findings rein-
force the well-established role of ESR1 as a key driver of breast can-
cer progression and suggest that not all ERBS classes contribute
equally to its functional impact in the disease.

Our results reveal fundamental differences across ERBS classes
in terms of motif enrichment, transcription complex composition,
histonemarkprofiles, and long-range chromatin interactions. Joint-
ly, these data support a model in which ERBS subclasses engage
chromatin differently and serve distinct regulatory functions (Fig.
6). First, hormone-dependent ESR1 sites are more likely to serve as
canonical enhancers, containing the consensus ESR1 motif and
directly binding ESR1 to loop to target genes. Although FOXA1 is
a well-established pioneer that facilitates ESR1 binding by opening
chromatin (Hurtado et al. 2011), our results suggest that it is not the
primary determinant distinguishing ERBS subgroups. Instead, we
found that distinct coregulatorswere enriched at induced ERBS, sev-
eral of which enhance ESR1 activity (Hanstein et al. 1996; Zwart
et al. 2011; Rosell et al. 2014; Franco et al. 2015). Secondly, inactive
ESR1 sites, largely devoid of coregulators, frequently interact with
other ERBS and may act as modulators to fine-tune ESR1 activity
(Carleton et al. 2017, 2020). Finally, promoter-enriched ERBS tend
to be constitutively active and are heavily occupied by coregulators
irrespective of E2 stimulation. We observed an enrichment of AP-1
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complex components at these ERBS which lack strong ESR1motifs,
suggesting that AP-1may tether ESR1 to these regions, as previously
described (Carroll et al. 2006; Stender et al. 2010; Heldring et al.
2011; He et al. 2018). It is important to note that additional mech-
anisms of ESR1 action could be at play. For instance, unliganded
ESR1 has been shown to prime ERBS for activation (Saravanan
et al. 2020), although such events could not be captured in our ex-
perimental setup.

Although our use of multiple external data sets strengthened
the robustness of our findings, it also introduced variability due to
the heterogeneous technical conditions analyzed. Notably, grow-
ing cells in hormone-depleted conditions (i.e., dextran-coated
charcoal serum) prior to E2 stimulation may disrupt pathways or
factors involved in estrogen signaling, complicating comparisons
with cells cultured in full-media conditions. Although our data
show consistent trends in coregulator binding and chromatin an-

notations across these conditions, H3K27ac signal displayed differ-
ent patterns between full-mediumand E2 stimulation, particularly
at induced ERBS. Moreover, the integration of data sets with het-
erogeneous durations of E2 treatment may represent a confound-
ing factor, as the molecular events of the ESR1 pathway unfold
on different timescales. Therefore, although our findings are sup-
ported by multiple orthogonal approaches both in cell lines and
patient samples, we cannot exclude the possibility that some of
our observations were influenced by the experimental context of
the external data sets.

In conclusion, we functionally mapped the activity of thou-
sands of ESR1 regulatory elements and highlighted their differenc-
es in the epigenomic landscape and transcription complex
composition. The differential clinical outcomes associated with
ERBS classes underscore their specificity and offer new insights
into ESR1 signaling and its role in cancer biology.

Figure 6. Summary of study design, data integration, andmain findings. (Top left) ESR1 binding sites were identified from ESR1 ChIP-seq data in cell lines
and breast cancer samples. The activities of 14,299 ERBS were then assessed using STARR-seq. After excluding uncommon sites, 7576 ERBS were classified
into three groups: (1) E2-induced ERBS, with increased activity upon E2; (2) constitutively active ERBS, with E2-independent activity; and (3) inactive ERBS,
with no detectable enhancer activity. (Top right) Publicly available multi-omic data from MCF-7 cells and patient samples were integrated to define mo-
lecular features of each ERBS subgroup. (Bottom) Induced ERBS become accessible upon E2 stimulation and showed ESR1 motif enrichment, E2-driven
H3K27ac signal gain, distinct coregulator recruitment, and strong enhancer and transcriptional activity. Constitutive and inactive ERBS reside in pre-acces-
sible chromatin and rarely contain an ESR1 motif. Unlike inactive ERBS, constitutive ERBS are prebound by coregulators and associated with enhancers,
promoters, and transcriptional activity. Clinical data integration reveal that ERBS subclasses were associatedwith distinct breast cancer subtypes and clinical
outcomes, with induced ERBS more frequently associated with a favorable prognosis, whereas the other subclasses correlated with poor outcome.
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Methods

STARR-seq data analyses

We made use of STARR-seq data previously generated in our lab
(EGA; EGAD50000000015), the method for which has already
been extensively described (for the detailed procedure, see
Joosten et al. 2024). Briefly, a custom oligonucleotide probe pool
was designed to capture ESR1 binding regions from both clinical
breast tumors and T-47D cell line ESR1 ChIP-seq. Pooled human
genomic DNA was sheared, captured, PCR-amplified, and cloned
into the hSTARR-ORI plasmid (Addgene, plasmid 99296). The
ESR1-focused STARR-seq capture library was transformed into elec-
trocompetent cells, and the plasmid DNA was extracted. MCF-7
cells were grown for 48 h under hormone-deprivation conditions.
The library was then transfected in the cells, and after 24 h, they
were stimulatedwith 10 nME2 for 6 h. Total RNAwas extracted us-
ing TRIzol (Invitrogen), and poly(A) mRNA was isolated using the
Oligo (dT)25 Dynabeads (Thermo Fisher Scientific) and reverse-
transcribed into cDNA. The synthesized STARR-seq cDNAwas am-
plified by a junction PCR, and Illumina-compatible libraries were
sequenced on Illumina NovaSeq 6000 (150 bp paired-end).

Raw FASTQ reads were mapped onto hg19/GRCh37 genome
build using BWA aligner (v0.7.17) aligner (Li and Durbin 2009).
Aligned fragments were filtered for mapping quality greater than
30 (MAPQ>30) using SAMtools (v1.14) (Danecek et al. 2021).
BAM files were converted into BEDPE files, and fragments counts
at target regions were computed using BEDTools (v2.30)
(Quinlan 2014).

Differential analysis of STARR-seq data was performed using
DESeq2 (v1.30.1) (Love et al. 2014). Inactive ERBS were defined
as having a linear fold change of RNA over DNA in both E2 and ve-
hicle condition lower than 1. Constitutive ERBS were defined as
having a linear fold change E2/vehicle lower than 2 and adjusted
P-value lower than 0.05. If the fold change E2/DMSO exceeded
2, accompanied by an adjusted P-value lower than 0.05, ERBS
were considered as E2-induced.

As the library is based on regions identified in breast primary
tumors and T-47D cell line ESR1 ChIP-seq experiments, some sites
might be exclusive to these systems and not be active endogenous-
ly in MCF-7 cells, in which the STARR-seq has been conducted.
Therefore, we filtered out ERBS that were not endogenously pre-
sent in MCF-7. For that, ERBS were overlapped with ESR1 ChIP-
seq from MCF-7 in full-medium conditions (GEO; GSE32222)
(Ross-Innes et al. 2012) using GenomicRanges (v1.56.1)
(Lawrence et al. 2013), and only common peaks were kept. We
then verified that the selected subset of peaks was also representa-
tive of ERBS in MCF-7 in E2-stimulated conditions from another
study (GEO;GSE54855) (Fig. 1B; Guertin et al. 2014).When neces-
sary, ERBS BED files were lifted over from hg19 to hg38 using the
UCSC liftOver tool (Haeussler et al. 2019) (https://genome.ucsc
.edu/cgi-bin/hgLiftOver).

ERBS nearest genes, as well as genomic annotation of ERBS,
were determined using ChIPseeker (promoter: −2 kb: TSS: +1 kb,
flanking distance =2 kb) (Yu et al. 2015). A hypergeometric test us-
ing clusterProfiler’s (v3.18.1) (Wu et al. 2021) enricher function on
the “Hallmarks” (H) data sets retrieved through MSigDB (v7.5.1)
(Liberzon et al. 2015) was used to determine which pathways
were enriched at ERBS nearest gene.

Analysis of publicly available omics data sets

Standard procedures for the analysis of publicly available ChIP-
seq, RNA-seq, ATAC-seq, Hi-C, and ChIA-PET data sets are de-
scribed in detail in the Supplemental Material.

Estimation of copy number variations

Copy number variations on ChIP-seq data were estimated
using the SPACCa pipeline, which employs the CopywriteR R-
package (Kuilman et al. 2015) (https://github.com/PeeperLab/
CopywriteR). CNVs were estimated on two cohorts: (1) ESR1
ChIP-seq from four partially matched ESR1-positive breast cancer
patients (EGA; EGAD50000000642); and (2) a larger cohort of 40
ESR1 ChIP-seq data sets from ESR1-positive primary breast tumors
(Ross-Innes et al. 2012; Severson et al. 2018; Joosten et al. 2024).
For this second cohort, only ChIP-seq samples with a peak number
greater than 1000 were retained, reducing the size of the cohort to
31 samples.

Association of ERBS with histone marks and coregulator binding

All BED files from histone marks ChIP-seq in MCF-7 were down-
loaded from the Cistrome Data Browser (v2.0) (Taing et al.
2024). All BED files from coregulators ChIP-seq in MCF-7 were
downloaded from the ReMap2022 database (Hammal et al.
2022). In both cases, files concerning MCF-7 transfected with
siRNA other than control siRNA or treated with drugs other than
E2were discarded. BED files were then overlappedwith ERBS using
GenomicRanges. For coregulators, percentage of ERBS overlapped
by each of the 280 ChIP-seq datastreamswas calculated, and the χ2

goodness-of-fit test was performed to assess whether overlap is
consistent across the three ERBS subgroups. Residuals from the
χ2 test quantify howmuch the observed data deviates from the ex-
pected data under the null hypothesis of the test. Here, the null hy-
pothesis is that there is no association between coregulators
binding and the three ERBS categories (in other words, the coregu-
lator is binding similarly across the three subgroups). Large residu-
als indicate a greater deviation from the expected frequency.

Association of ERBS with RNAPII, GRO-seq signal, and gene

expression

To determine RNAPII occupancy at ERBS, we reanalyzed publicly
available RNAPII ChIP-seq data from MCF-7 cells treated or un-
treated with 10 nM E2 at various time points (Honkela et al.
2015). RNAPII signal at each ERBS was quantified using
computeMatrix from deepTools. The signal was then averaged
across all ERBS within the same class, and density profiles were
generated using the plot.density.profile function from the Rseb R-
package.

A similar approachwas used to assess GRO-seq signal at ERBS.
However, instead of reanalyzing the raw data, we directly utilized
publicly available bigWig files from GSE27463 (Hah et al. 2011).

To assign genes potentially regulated by ERBS, we used pub-
licly available data correlating ATAC-seq peaks with putative target
genes in BRCA patients (Corces et al. 2018). ATAC-seq peaks were
overlapped with ERBS using GenomicRanges, allowing gene as-
signment to specific ERBS.

To determine whether genes associated with ERBS were re-
sponsive to E2 treatment (Fig. 1I), we analyzed publicly available
RNA-seq data from MCF-7 cells treated with E2 (Chi et al. 2019).
Additionally, to corroborate these findings using an alternative
peak-to-gene assignment approach (Supplemental Fig. S1F), each
ERBS was also mapped to its nearest gene, and the E2 sensitivity
of these genes was assessed using the same RNA-seq data set.

Overlap of ERBS with outcome-associated regions

To determine whether ERBS classes were associated with patient
outcomes, ESR1 peaks linked to good (599 ERBS) or poor (1192
ERBS) outcomes were obtained from publicly available data
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(Ross-Innes et al. 2012). The findOverlaps function from the
GenomicRanges package was used to identify ERBS overlapping
with these outcome-associated regions. The percentage of overlap-
ping regions for each ERBS class was then calculated. Overlapping
regions for each ERBS class can be found in the Supplemental
Table 2.

To quantify the ESR1 ChIP-seq signal at ERBS based on pa-
tient outcome stratification, we downloaded and reanalyzed raw
ESR1 ChIP-seq data (GEO; GSE32222) (Ross-Innes et al. 2012), as
described in the “ChIP-seq analysis” section above. bigWig files
from patients classified as having a good or poor outcomewere av-
eraged separately using bigWigAverage from deepTools. The result-
ing ESR1 ChIP-seq signal from patients with good and poor
outcome was then quantified at ERBS positions for the three
subclasses using plotHeatmap from deepTools. Visualization
was performed using density profiles generated with the plot.densi-
ty.profile function from the Rseb R-package, and signal was quanti-
fied and visualized.

Motif analysis

Motifs presence and strength at ERBS subgroups were determined
usingAnalysis ofMotif Enrichement (AME, version 5.5.7) from the
MEME suite (Bailey et al. 2015). TheHOCOMOCOHuman v11 da-
tabasewas used as a reference. Visualizationof the enrichmentmo-
tifs was made using the ggwordcloud R package (https://github
.com/lepennec/ggwordcloud) using the AME computed E-value
and percentage of true positives.

Chromatin state model

We used ChromHMM v1.1.12 (Ernst and Kellis 2017) to binarize
the ChIP-seq signal with default parameters and build the chroma-
tin state model at 200-bp resolution (-b 200), using seven ma-
jor histone marks: H3K27ac, H3K4me1, H3K4me3, H3K9ac,
H3K36me3, H3K9me3, and H3K27me3. The model was trained
to define six chromatin states. Nomenclature of these six chroma-
tin states was established based on known histone modification
functions (Zhao and Shilatifard 2019) and chromatin states previ-
ously defined byChromHMMin breast cancer cells (Xi et al. 2018).
Chromatin states were defined inMCF-7, both in full-medium and
E2-stimulated conditions. For the full-medium condition, ChIP-
seq FASTQ files from GSE85158 (Franco et al. 2018) were down-
loaded and processed as mentioned above (“ChIP-seq analysis”
section). For the E2-stimulated condition, ChIP-seq FASTQ files
from multiple sources, cited in Supplemental Table 3, were down-
loaded and processed as mentioned above. Distribution of the
ERBS subgroups within the defined chromatin states was then cal-
culated using GenomicRanges.

Statistics and computational analyses

Statistical and computational analyses have been performed using
R (v4.0.3) (R Core Team 2021). The statistical tests used are indicat-
ed in each figure legend. Across all plots, significance is denoted us-
ing a common star notation: (∗∗∗∗) P-value< 0.0001, (∗∗∗) P-value<
0.001, (∗∗) P-value<0.01, (∗) P-value< 0.05, and (n.s.) indicates
nonsignificant results.
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