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Estrogen receptor 1 (ESRI, also known as estrogen receptor alpha or ER) is an established oncogenic transcription factor in
breast and endometrial cancer; however, more is known about the mechanisms controlling ER behavior in breast cancer,
and therapies targeting ER have been much more successful in breast cancer. To address this disparity, we characterize
the genomic features that control ER in endometrial cancer and determine to what extent these factors differ from those
in breast cancer. We focus on the locations of estrogen response elements (EREs), ER’s preferred DNA-binding motif,
throughout the human genome. To identify factors that predict ER genomic binding and effects on target gene expression,
we apply machine learning to genomic data for each ERE in Ishikawa cells (ER-positive endometrial cancer) and T-47D cells
(ER-positive breast cancer). Many of these factors, such as chromatin accessibility and histone modifications, are predictive
of ER activity in both cell lines. However, the transcription factors that predict ER activity are cell type specific, including
FOXAIl and GATAZ in T-47D cells and ETV4 and SOXI7 in Ishikawa cells. In addition, the features that predict ER binding
and effects on gene expression differ, with transcription at EREs in the absence of estrogen being predictive of ER regulatory
activity. A CRISPR knockout screen in Ishikawa cells, as well as follow-up experiments, confirms the discovery that SOXI7
controls ER activity in endometrial cancer cells. These results identify important genomic features of ER binding and reg-

ulatory activity and how these features differ between endometrial cancer and breast cancer cells.

[Supplemental material is available for this article.]

Estrogen receptor 1 (ESR1, also known as estrogen receptor alpha
or ER) is an established oncogene in the hormone-dependent
forms of breast and endometrial cancers (Jordan and Brodie
2007; Paterni et al. 2014; Rodriguez et al. 2019). Although ER sig-
naling has been extensively studied in breast cancer, leading to
the development of targeted therapies such as selective estrogen re-
ceptor modulators (SERMs) and degraders (SERDs) (Jordan 2006;
Lee et al. 2017), similar therapeutic advancements have not been
achieved in endometrial cancer. For instance, tamoxifen, a SERM
that functions as an ER antagonist in breast tissue, exerts agonistic
effects in the endometrium, preventing its use as an endometrial
cancer treatment (Hu et al. 2015). Despite its established clinical
significance, ER and the related molecular mechanisms contribut-
ing to endometrial cancer progression remain poorly understood.
With the incidence and mortality of endometrial cancer rising year
after year (Siegel et al. 2025), there is an urgent need to understand
the molecular mechanisms of endometrial cancer in order to iden-
tify therapeutic targets and improve patient outcomes.

One likely contributor to the limited translatability of the ER-
targeting therapies of breast cancer to endometrial cancer is the tis-
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sue type-specific behavior of ER. Fewer than 10% of ER genomic
binding sites are shared between the Ishikawa (ER* endometrial
cancer) and the T-47D (ER* breast cancer) cell lines (Gertz et al.
2013), and ER binding site patterns in patient samples segregate
distinctly by tumor type (Droog et al. 2016; Rodriguez et al.
2020). Cofactors of ER also differ between breast and endometrial
cancer. FOXA1 and GATA3 are essential for regulating ER binding
in the breast cancer context (Hurtado et al. 2011; Kong et al. 2011;
Theodorou et al. 2013), and their corresponding motifs are unique-
ly enriched at ER binding sites in breast cancer patient samples
compared with endometrial cancer patient samples (Ross-Innes
et al. 2012; Rodriguez et al. 2020). However, GATA3 is rarely ex-
pressed in endometrial cancer, and FOXA1 has minimal overlap
with ER genomic binding in endometrial cancer (Droog et al.
2016; Rodriguez et al. 2020). ETV4 has been shown to regulate
ER binding in endometrial cancer cells but not in breast cancer
cells, and the ETS and SOX motifs are uniquely enriched at ER
binding sites in endometrial cancer patient samples compared
with breast cancer patient samples (Rodriguez et al. 2020).

The preferred DNA-binding motif of ER is the estrogen
response element (ERE) (Klein-Hitpass et al. 1988), which is impor-
tant for recruiting ER to gene expression enhancers (Carleton et al.

© 2026 Richeyetal. Thisarticle, published in Genome Research, is available un-
der a Creative Commons License (Attribution 4.0 International), as described at
http://creativecommons.org/licenses/by/4.0/.

36:1-14 Published by Cold Spring Harbor Laboratory Press; ISSN 1088-9051/26; www.genome.org

Genome Research 1
www.genome.org


mailto:jay.gertz@hci.utah.edu
https://www.genome.org/cgi/doi/10.1101/gr.281792.125
https://www.genome.org/cgi/doi/10.1101/gr.281792.125
http://genome.cshlp.org/site/misc/terms.xhtml
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://genome.cshlp.org/site/misc/terms.xhtml
http://genome.cshlp.org/
http://www.cshlpress.com

Downloaded from genome.cshlp.org on August 16, 2026 . Published by Cold Spring Harbor Laboratory Press

Richey et al.

2020). Like other transcription factors, ER does not bind to all EREs
within the genome (Gertz et al. 2013), and disruption of ER-bound
EREs does not always alter gene expression (Carleton et al. 2017;
Ginley-Hidinger et al. 2019; Abewe et al. 2025). This suggests
that the presence of an ERE alone is insufficient to predict ER occu-
pancy or transcriptional regulatory activity. The locations of EREs
across the genome are consistent across breast and endometrial
cancer cells, providing the opportunity to make direct compari-
sons of their regulatory potential between tissue types.

Machine learning approaches provide a powerful tool for
characterizing the ER-mediated molecular mechanisms in endo-
metrial cancer and uncovering how these
mechanisms differ from those of breast
cancer. Many large-scale data sets have
been generated for breast and endometri- A

vious analysis (Fig. 1A; Carleton et al. 2017). In Ishikawa cells,
2154 (2.6%) EREs are bound by ER, and 935 (43.4% of bound
EREs) EREs affect expression (Fig. 1B). In T-47D cells, 2329
(2.8%) EREs are bound, and 1005 (43.2% of bound EREs) EREs af-
fect expression (Fig. 1B). In Ishikawa cells, ~20% of regulatory EREs
are associated with both up- and downregulated genes, 62% are
only associated with upregulated genes, and 18% are only associat-
ed with downregulated genes. In T-47D cells, ~12% of regulatory
EREs are associated with both up- and downregulated genes,
67% are only associated with upregulated genes, and 21% are
only associated with downregulated genes. Ishikawa and T-47D
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Most EREs are unbound by ER and do not affect gene expression. (A) lllustration shows the
definition of bound EREs (left) and regulatory EREs (right). (B) Pie chart on the left shows the number of
EREs that are bound in both cell lines, are bound only in Ishikawa, are bound only in T-47D, and are un-
bound. Pie charts on the right show, out of the EREs that are bound in Ishikawa (top) and T-47D (bottom),
the number of regulatory EREs unique to that cell line, regulatory EREs shared between cell lines, and non-
regulatory EREs. (C) Bar chart shows the number of EREs found in Chromosome 1 compared with the
number of EREs in 10 different random shufflings of Chromosome 1. (D) Scatter plot displays the percent-
age of bound EREs shared with the Ishikawa cell line (y-axis) and with the T-47D cell line (x-axis) from
endometrial cancer patient samples (blue circles) and breast cancer patient samples (purple squares).
All patient samples share more bound EREs with their corresponding cell line than with their noncorres-
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cells have been shown to have roughly equal levels of ER expres-
sion, which matches their similar levels of bound and regulatory
EREs (Gertz et al. 2013). Between the cell lines, 895 of the bound
EREs (24.9% of all bound EREs) and 335 of the regulatory EREs
(20.09% of all regulatory EREs) are shared in both cell lines.
With the vast majority of EREs not bound by ER in a given cell
line, we evaluated whether the number of EREs in the human ge-
nome was mostly owing to random chance or if there were signs of
evolutionary pressure to maintain a high number of EREs in the ge-
nome. We counted the EREs on Chromosome 1 and then shuffled
the sequence of Chromosome 1 10 times and recounted the EREs.
Chromosome 1 contains 6922 EREs compared with an average
number of 5005 EREs in the shuffled chromosomes, with a stan-
dard deviation of 87. Therefore, the number of EREs on Chromo-
some 1 is 22 standard deviations higher than the mean from the
shuffled chromosomes (Fig. 1C), suggesting that there is some evo-
lutionary pressure to preserve the high number of EREs in the hu-
man genome, even if most remain unbound by ER within a cell
type.

Analysis of ER ChIP-seq data from breast and endometrial
cancer patient samples (Rodriguez et al. 2020) was used to deter-
mine how many EREs were bound in the patient samples and
how many bound EREs they shared with the Ishikawa and T-47D
cell lines (Fig. 1D). The average percentage of bound EREs in the
endometrial cancer patient samples was 1.63% with a standard
deviation of 1.22%, and the average percentage of bound EREs
in the breast cancer patient samples was 1.59% with a standard
deviation of 1.36%. The bound EREs in the endometrial cancer pa-
tient samples matched more closely with the bound EREs in the
Ishikawa cell line (Wilcoxon signed-rank test; P-value=9.766 x
107*), and the bound EREs in the breast cancer patient samples
matched more closely with the bound EREs in the T-47D cell
line (Wilcoxon signed-rank test, P-value=1.526 x 1075). For our
further analyses, we focus on Ishikawa and T-47D cell lines,
because they represent the broad differences observed in ER bind-
ing between endometrial and breast cancer specimens.

Several factors predict ERE binding in a cell type-specific manner

To identify factors that can predict whether an ERE will be bound
by ER, we compiled the following data sets: the relative affinity of
the ERE for ER (determined by the sequence of the ERE, see
Methods), ChIP-seq for multiple transcription factors and histone
modifications, PRO-seq, DNase-seq, ATAC-seq, and HiChIP to
determine the number of 3D connections associated with each
ERE (Supplemental Table S1). These data sets were previously pub-
lished, with the exception of the SOX17 ChIP-seq data in Ishikawa
cells. We previously found that the SOX motif is enriched at ER
binding sites in endometrial cancer specifically (Rodriguez et al.
2020), and SOX17 is the most highly expressed SOX factor
in Ishikawa cells. Our data sets differed somewhat between
Ishikawa cells and T-47D cells owing to differences in data avail-
ability. We focused only on data sets taken from cells grown in
the absence of estrogen to ensure that the data represented a state
preceding ER binding rather than a state caused by ER binding.
To identify which factors are predictive of an ERE's ability to
bind ER, we used the Boruta feature selection algorithm (Kursa and
Rudnicki 2010). In the Ishikawa cells, 22 factors were in the initial
data set tested in Boruta. Of those, 19 were confirmed important in
predicting ER binding, one was tentative, and two were rejected
(Fig. 2A; Supplemental Table S2). In the T-47D cells, 21 factors
were in the initial data set tested in Boruta. Of those, 18 were con-

firmed important in predicting ER binding, and three were rejected
(Fig. 2B; Supplemental Table S2). For all factors in both cell lines
that were confirmed as important, their average value was higher
for bound EREs than for unbound EREs, suggesting that all predic-
tors are positively associated with ER binding (Fig. 2A,B), which is
consistent with a focus on factors related to active gene regulation.
Because there is a large imbalance between the number of bound
and unbound EREs, we also performed 100 Boruta iterations on
subsamples of our data set with equal numbers of bound and un-
bound EREs. These results largely aligned with the results from
running Boruta on the full data set, with a few factors, such as
CTCF, changing their designation (Supplemental Fig. 1;
Supplemental Table S2).

For both cell lines, the top scoring factor in predicting ER
binding was relative affinity for ER (Fig. 2A,B). Further analysis
showed that relative affinity is positively correlated with the per-
centage of EREs bound by ER (Fig. 2C,D), indicating that the closer
an ERE sequence is to the optimal ERE, the more likely it is to be
bound. Relative affinity is higher on average in bound EREs shared
between the cell lines than in EREs that are uniquely bound in one
cell line or the other (Wilcoxon rank-sum test, P-value=1.2116 x
107*?). Despite the high importance of relative affinity, optimal
EREs, EREs with the highest possible relative affinity, were only
bound by ER 40% of the time, indicating that ER binding affinity
is mostly determined by other factors. For optimal EREs, 46% are in
open chromatin in Ishikawa cells, and 11% are in T-47D cells. Of
these optimal EREs in open chromatin, 60% are bound by ER in
Ishikawa cells and 79% in T-47D cells. The percentage of EREs in
open chromatin bound by ER drops as relative affinity drops. For
EREs scoring in the lowest 10% of relative affinity, 21% are in
open chromatin in Ishikawa cells and 6% in T-47D cells. Of these
low-scoring EREs in open chromatin, 3% are bound in Ishikawa
cells and 8% in T-47D cells.

Additional factors found to be predictive in both cell lines in-
cluded chromatin accessibility, as measured by DNase-seq and
ATAC-seq, and activating histone modifications, including
H3K4mel. For T-47D cells, FOXA1 and GATA3 binding were
found to be predictive, which supports the validity of Boruta, as
FOXA1 and GATA3 have been established to control ER binding
in the context of breast cancer (Hurtado et al. 2011; Kong et al.
2011; Theodorou et al. 2013). ETV4, which we previously identi-
fied as a contributor to ER binding in endometrial cancer
(Rodriguez et al. 2020), was identified as predictive of ER binding
in the Ishikawa cells (Fig. 2A). The Boruta results are supported
by the receiver operator characteristic curve (ROC) analysis, in
which factors mentioned above exhibited areas under the curve
(AUC) substantially greater than 0.5 (Fig. 2E,F).

Motif analysis reveals more cell line-specific predictors
of ER binding

To expand our analysis beyond experimentally assayed transcrip-
tion factors, we used the HOMER motif database (Heinz et al.
2010), which provides the genomic locations of the cognate
DNA-binding motifs for 450 DNA-binding proteins. We first per-
formed clustering of the 450 motifs to remove redundancy, which
created 270 motif clusters (Supplemental Table S3), and then per-
formed Boruta on these 270 motif clusters. For this data set, each
factor was binary: Either an ERE had one of the motifs in the cluster
within 100 bp of the ERE, or it did not.

In Ishikawa cells, 103 clusters were confirmed as important in
predicting ER binding, with 32 clusters being designated as
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Figure 2. Bound EREs are predicted by sequence, chromatin accessibility, histone modifications, and cell line-specific transcription factors. (4, B) Boxplots

show the ranked factor importance for predicting bound EREs by Boruta for Ishikawa (4, left) and T-47D (B, left). Colors indicate Boruta determination of
importance; blue is confirmed, light gray is tentative, red is rejected, and dark gray is a Boruta attribute. Heatmaps show the normalized average value of
each factor at bound and unbound EREs for Ishikawa (4, right) and T-47D (B, right). (C,D) Scatter plots show the relationship between the log of relative
affinity for ER of an ERE and the percentage of EREs bound by ER for Ishikawa (C) and T-47D (D). (E,F) Bar charts show the ROC AUC of each factor indi-
vidually in predicting bound EREs in Ishikawa (E) and T-47D (F). Bar colors correspond with Boruta determination of importance. The dotted line shows the
value 0.5, indicating an ROC AUC from random prediction. (G) Scatter plot shows the comparison of Boruta importance scores in predicting bound EREs
between cell lines from the experimental data, with a Pearson correlation coefficient of 0.647. (H) Scatter plots show the comparison of ROC AUCs in pre-
dicting bound EREs between cell lines from the experimental data set, with a Pearson correlation coefficient of 0.464.

tentative and 135 clusters being rejected as unimportant in pre-
dicting ER binding (Supplemental Table S3). In T-47D cells, 98
clusters were confirmed as important in predicting ER binding,
with 26 clusters being designated as tentative and 146 clusters be-
ing rejected in predicting ER binding (Supplemental Table S3).
However, many of these confirmed motif clusters contained mo-
tifs that are very similar to the ERE motif. Therefore, we removed
any motifs containing at least an ERE half site from further inves-
tigation. To narrow down our focus, we further analyzed two
groups of clusters: (1) clusters that had an importance score higher
than 10 and (2) clusters that were confirmed in only one cell line.

All the motif clusters that had an importance score above 10
in either cell line were confirmed as important for predicting bind-
ing in both cell lines. Eight clusters in Ishikawa and 12 clusters in
T-47D had an importance score greater than 10 (Supplemental Fig.
2A). We observed some notable motifs in the clusters that were
confirmed in only one cell line (Supplemental Fig. 2B,C). The com-
pound motif of NF1:FOXA1 was confirmed only in T-47D, along
with a cluster containing the GATA3 motif. The cluster containing

the SOX17 motif was only confirmed in Ishikawa. These results
support our findings from experimental data sets while identify-
ing some additional factors that may contribute to ER binding.

Factors that contribute to ER binding are mostly cell type specific

For both cell lines, relative affinity for ER had the highest Boruta
importance score (Fig. 2G). It also had high predictive ability in
ROC AUC analysis in both cell lines. The relative affinity of ERE
is the exact same in both cell lines; therefore, ERE strength does
not explain why different sets of EREs are bound in the two cell
lines. Of the genomic features assayed in both cell lines, we found
several factors that are better at predicting ER binding in one cell
line over the other. In both Boruta and ROC AUC analyses,
FOXA1 and JUN were better predictors in T-47D cells, whereas
ATAC-seq, LSD1, and SIN3A had higher predictive ability in
Ishikawa cells (Fig. 2G,H). Most motif clusters had similarly poor
predictive ability in both cell lines, but there were a handful of out-
liers for one cell line or the other (Supplemental Fig. 2D). In
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addition to the features assessed in both cell lines, transcription
factors that were predicted to be important for ER binding,
GATA3, ETV4, and SOX17, were only examined in one cell line
because of cell type-specific expression (Supplemental Fig. 3A;
Gertz et al. 2013). The cell type-specific expression of these factors,
as well as FOXAL, is also observed in patient tumor data from
The Cancer Genome Atlas (TCGA) (Supplemental Fig. 3B-E;
The ICGC/TCGA Pan-Cancer Analysis of Whole Genomes
Consortium 2020). Overall, these results are consistent with previ-
ous findings that ER binding is controlled by different factors in
breast and endometrial cancer cells.

Predictive multivariable model of ERE binding

With the results from Boruta and the ROC AUC analyses, we
sought to create multivariable logistic regression models that could
predict, with high sensitivity and specificity, whether any given
ERE would be bound by ER. For both cell lines, we ran two-variable
logistic regression for all possible combinations using our nonmo-
tif data set and downsampling while creating the training
groups to account for the unbalanced data set. We then ranked
the variables based on the average ROC AUC across their two-var-
iable logistic regression models (Supplemental Fig. 4A,B). These
ranks correlated well with the Boruta importance score ranks in
both cell lines, with Pearson correlation coefficients of 0.671 and
0.592 for Ishikawa and T-47D, respectively. As a baseline for
more complex models, we started with the single variable relative
affinity because of its high Boruta importance score and because it
performed well in all two-variable analyses. For Ishikawa EREs, this
model can predict which EREs will be bound with a sensitivity of
63.5% and a specificity of 75.9% (ROC AUC=0.741) (Supplemen-
tal Fig. 4C). For T-47D EREs, the model has a sensitivity of 60.4%
and a specificity of 74.9% (ROC AUC=0.720) (Supplemental Fig.
4D). These models can be improved upon, as relative affinity is
the same between the cell lines, and a different set of EREs is bound
in each cell line. To do this, we added ATAC-seq, a measure of chro-
matin accessibility, and ChIP-seq of H3K4me1, a histone modifica-
tion associated with active enhancers. Even though these data sets
are predictive of ER binding in both cell lines, they can explain the
cell line differences, as the genomic locations of accessible chroma-
tin and H3K4me]l differ between T-47D and Ishikawa cells (Gertz
et al. 2013). For Ishikawa cells, adding ATAC-seq and H3K4mel
ChlIP-seq improved the sensitivity to 78.5%, the specificity to
87.4%, and the ROC AUC to 0.907 (Supplemental Fig. 4C). For
T-47D cells, it improved the sensitivity to 73.0%, the specificity
to 84.9%, and the ROC AUC to 0.862 (Supplemental Fig. 4D). An-
other way to improve the model is adding cell type-specific tran-
scription factors. For Ishikawa cells, having the variables of
relative affinity, ETV4 ChIP-seq, and SOX17 ChlIP-seq creates a
model with 75.1% sensitivity, 83.5% specificity, and an ROC
AUC of 0.869 (Supplemental Fig. 4C). For T-47D cells, having
the variables of relative affinity, FOXA1 ChIP-seq, and GATA3
ChlP-seq creates a model with 75.6% sensitivity, 87.1% specificity,
and an ROC AUC of 0.894 (Supplemental Fig. 4D). These results
suggest that the sequence of the ERE, accessible chromatin, and
histone modifications associated with active enhancer activity,
such as H3K4mel, are important determinants of ER binding po-
tential, regardless of the cell line. However, sequence-specific tran-
scription factors that determine ER binding potential are cell line
specific, with FOXA1 and GATA3 determining ER binding poten-
tial in T-47D cells and ETV4 and SOX17 determining ER binding
potential in Ishikawa cells.

To validate our findings in another endometrial cancer
model, we performed ATAC-seq, H3K4mel ChIP-seq, and SOX17
ChIP-seq in HCI-EC-23 (Rush et al. 2022) to recreate our logistic
regression models for predicting ER binding. We were unable to
perform ETV4 ChIP-seq for technical reasons. HCI-EC-23 has low-
er ER activity compared with Ishikawa cells, as reflected by it hav-
ing only 386 bound EREs. Relative affinity alone has a sensitivity of
63.4% and a specificity of 75.9% (ROC AUC=0.742) (Supplemen-
tal Fig. 4E). Adding SOX17 increased the sensitivity to 70.7% and
the specificity to 80.3% (ROC AUC=0.833) (Supplemental Fig.
4E). When we added ATAC-seq and H3K4me1l ChIP-seq to relative
affinity, the model improved to a sensitivity of 78.0%, a specificity
of 87.5%, and an ROC AUC of 0.905. A model including all four
variables has a sensitivity of 78.8%, a specificity of 87.7%, and
an ROC AUC of 0.908 (Supplemental Fig. 4E). The performance
of these models is very similar to Ishikawa cells, suggesting that
the same features are important for ERE binding across endometri-
al cancer models.

The models are only slightly improved by combining all five
variables. For Ishikawa cells, a model with all five variables has a
79.5% sensitivity, 87.9% specificity, and an ROC AUC of 0.913
(Supplemental Fig. 4C). For T-47D, a model with all five variables
has a 79.4% sensitivity, 88.4% specificity, and an ROC AUC of
0.913 (Supplemental Fig. 4D). Similarly, when all possible vari-
ables are used, the Ishikawa model has an 80.4% sensitivity,
88.0% specificity, and an ROC AUC of 0.917, and the T-47D model
has an 80.5% sensitivity, 90.0% specificity, and an ROC AUC of
0.924.

Transcription and chromatin looping predict regulatory EREs

To identify factors that are predictive of a bound ERE’s ability to af-
fect gene expression, we analyzed the same data sets as were used
when analyzing binding. We also added the factor “target gene 3D
loop,” which is a binary classifier that indicates whether an ERE
has a 3D genomic interaction with the TSS of an estrogen-regulat-
ed gene, based on HiChIP data. We first compared all regulatory
EREs against all nonregulatory bound EREs. For the Ishikawa cells,
15 factors were confirmed important in predicting whether an ERE
would affect gene expression, two were tentative, and six were re-
jected (Fig. 3A; Supplemental Table S2). For T-47D cells, 16 factors
were confirmed, one was tentative, and five were rejected (Fig. 3B;
Supplemental Table S2). For both cell lines, the top two scoring fea-
tures were target gene 3D loop and PRO-seq. This suggests that 3D
genomic interactions and active transcription at promoter distal
EREs in the absence of estrogen, as measured by PRO-seq, are
both important in distinguishing regulatory EREs from nonregula-
tory EREs. Once again, the average value of each factor confirmed
important by Boruta was higher for regulatory EREs than for non-
regulatory EREs, indicating that our data set is biased toward fac-
tors that promote ER activity (Fig. 3A,B). We also performed
Boruta analysis comparing only promoter-distal regulatory EREs
to nonregulatory EREs, only regulatory EREs of upregulated genes
to nonregulatory EREs, and only regulatory EREs of downregulated
genes to nonregulatory EREs. The results from these analyses were
very similar to the analyses including all regulatory EREs
(Supplemental Table S4; Supplemental Fig. 5).

We also calculated ROC AUC:s for this data set, and target
gene 3D loop and PRO-seq were both highly ranked in Ishikawa
and T-47D. However, overall, the ROC AUC:s for predicting regula-
tory EREs were lower than those for predicting bound EREs (Fig.
3C,D). In Ishikawa cells, the average ROC AUC for predicting
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Figure 3. Regulatory EREs are enriched for 3D genomic interactions and active transcription. (A,B) Boxplots show the ranked factor importance for pre-
dicting regulatory EREs by Boruta for Ishikawa (4, left) and T-47D (B, left). Colors indicate Boruta determination of importance; blue is confirmed, light gray
is tentative, red is rejected, and dark gray is a Boruta attribute. Heatmaps show the normalized average value of each factor at regulatory and nonregulatory
EREs for Ishikawa (A, right) and T-47D (B, right). (C,D) Bar charts show the ROC AUC of each factor individually in predicting regulatory EREs in Ishikawa (C)
and T-47D (D). Bar colors correspond to Boruta determination of importance. The dotted line shows the value 0.5, indicating an ROC AUC from random
prediction. (E) Scatter plot shows the comparison of Boruta importance scores in predicting regulatory EREs between cell lines from the experimental data,
with a Pearson correlation coefficient of 0.843. (F) Scatter plot shows the comparison of ROC AUCs in predicting regulatory EREs between cell lines from the

experimental data set, with a Pearson correlation coefficient of 0.628.

bound EREs was 0.663, and the average ROC AUC for predicting
regulatory EREs was 0.557 (Wilcoxon rank-sum test, P-value=
4.62x1077). In T-47D cells, the average ROC AUC for predicting
bound EREs was 0.689, and the average ROC AUC for predicting
regulatory EREs was 0.579 (Wilcoxon rank-sum test, P-value=
4.31x107°).

We next determined which motifs are predictive of an ERE’s
ability to affect gene expression. Very few of the 270 motif clusters
were found to be important; nine were confirmed important in the
Ishikawa data set and 11 in the T-47D data set, whereas seven were
tentative for Ishikawa and three for T-47D (Supplemental Fig. 6A,
B; Supplemental Table S3). Only one cluster was confirmed in
both cell lines: the MAZ motif, which is very GC rich. It should
also be noted that relative affinity for ER scored very pootrly for pre-
dicting regulatory EREs (Fig. 3A,B). In general, sequence-based fea-
tures are less predictive of regulatory EREs than experimental data
sets such as ChIP-seq, PRO-seq, and HiChIP.

Similar features predict regulatory EREs across cell lines

When we directly compare Ishikawa and T-47D regulatory ERE-as-
sociated factors, we observed several similarities. For both cell
lines, interaction with an estrogen-responsive gene via looping
and transcription prior to estrogen treatment at the location of
the ERE are the top predictors of a bound ERE’s ability to affect
gene expression. This is shown both with Boruta importance

scores and ROC AUC:s (Fig. 3E,F). We observed high correlation co-
efficients in both Boruta importance scores (r=0.843) and ROC
AUCGCs (r=0.628). JUN ChIP-seq is a better predictor in T-47D cells,
and SIN3A ChIP-seq is a better predictor in Ishikawa cells, just as
they were for predicting binding. Supplemental Figure 6C shows
the comparisons of importance scores from the Boruta analysis us-
ing motif data. These data show very little concordance between
the cell lines; however, because motif data overall was not found
to be very effective in predicting regulatory EREs, the lack of corre-

lation is expected.

Predictive multivariable model of regulatory EREs

As we did with ERE binding, we sought to create a multivariable lo-
gistic regression model that could identify regulatory EREs with
high sensitivity and specificity. We performed logistic regression
using all possible two-variable combinations from the nonmotif
data sets and ranked variables by their mean ROC AUC
(Supplemental Fig. 7A,B). As with ER binding, these ranks correlat-
ed well with the Boruta importance score ranks in both cell lines,
with Pearson correlation coefficients of 0.872 and 0.671 for
Ishikawa and T-47D, respectively. As a baseline, we used the single
variable model for target gene 3D loop, because it had the highest
importance score in both cell lines in the Boruta analysis and per-
formed well in all two-variable models. For Ishikawa cells, that
model has a sensitivity of 34.8%, a specificity of 99.1%, and an
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ROC AUC of 0.670 (Supplemental Fig. 7C). For T-47D cells, that
model has a sensitivity of 42.0%, a specificity of 89.9%, and an
ROC AUC of 0.660 (Supplemental Fig. 7D). To expand the model
for Ishikawa cells, we used target gene 3D loop, PRO-seq, and
SIN3A ChlIP-seq, which returned a sensitivity of 40.1%, a specificity
0f94.9%, and an ROC AUC of 0.743 (Supplemental Fig. 7C). For the
T-47D multivariable model, we used target gene 3D loop, PRO-seq,
and JUN ChIP-seq, which returned a sensitivity of 44.4%, a specific-
ity of 88.7%, and an ROC AUC of 0.723 (Supplemental Fig. 7D).
From these models and the results of the Boruta analyses, we can
conclude that 3D genomic interactions and active transcription at
promoter distal enhancers are important determinants of a bound
ERE’s regulatory potential, along with the presence of SIN3A in Ish-
ikawa cells and the presence of JUN in T-47D cells. However, our
models achieved high specificity only and had low sensitivity, indi-
cating that these factors can accurately identify a regulatory ERE but
that most regulatory EREs are missed.

Different factors associate with bound EREs and regulatory EREs

The factors that predict whether an ERE will bind ER and the factors
that predict whether a bound ERE will affect gene expression are
largely different. In both Ishikawa and T-47D cells, relative
affinity is only predictive of whether an ERE will bind ER, and
PRO-seq is more predictive of whether a bound ERE will affect
gene expression than it is of whether an ERE will bind ER (Fig. 4A,
B). Differences between the cell lines are more prevalent in predict-
ing binding than in predicting effects on expression. There is higher
correlation between the Boruta importance scores shown in the
scatter plot for predicting regulatory EREs (r=0.843) (Fig. 3E) than
there is shown in the scatter plot for predicting bound EREs (r=
0.647) (Fig. 2G). There are strong differences in estrogen-mediated
gene regulation between breast cancer cells and endometrial cancer
cells, and these results suggest that these differences arise more
prominently from where ER binds within the genome than from
how ER regulates gene expression once bound to an ERE.

CRISPR KO screen reveals factors important for
ER activity in Ishikawa cells

To functionally evaluate the importance of different factors in me-
diating ER activity, we performed a CRISPR KO screen targeting
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2500 genes encoding epigenetic and transcription factors that
could influence ER activity. To measure ER activity, we created
an Ishikawa line with an integrated GFP reporter driven by three
consecutive EREs. The reporter line was transduced with the
Human Epigenetic Knockout lentiviral library (Williams et al.
2020). After selection, growth, and 72 h of estrogen treatment,
cells were sorted into four bins based on their GFP levels (negative,
low, medium, and high). Genes whose guide RNAs were enriched
in the negative GFP bin compared with the other three bins were
determined to be ER-enabling genes, and genes whose guide
RNAs were enriched in the high GFP bin compared with the other
three bins were determined to be ER-blocking genes (Supplemental
Table S5). We identified 18 significant genes (Fig. 5A,B), including
ESR1, the gene encoding ER. In general, the ER-enabling genes sup-
ported conclusions made from the Boruta and ROC AUC analyses.
As expected, there were several significant genes encoding histone-
modifying enzymes, including ASH1l, KAT6A, KMT2A, and BRPF1,
all of which are associated with transcriptional activation. Two ER-
blocking genes were identified: CSDEI1 and RUVBL1. CSDE1 has
been shown to both enable and block gene expression in the can-
cer context as an RNA-binding protein (Ciocia et al. 2024).
RUVBLI encodes an H4 and H2A acetyltransferase, which is typi-
cally associated with transcriptional activation (Doyon et al.
2004); therefore, it may indirectly block ER activity.

SOXI7 is important for ER activity in Ishikawa cells

SOX17 was identified as an ER-enabling gene in the CRISPR KO
screen, which agrees with our computational analyses, suggesting
that SOX17 regulates ER activity in endometrial cancer. In support
of this role, SOX17 is more highly expressed in endometrial tumor
tissue than in normal tissue or breast cancer (Supplemental Fig.
3E). SOX17 expression is also positively correlated with ESRI ex-
pression in endometrial cancer, with a Spearman’s correlation of
0.556 (Supplemental Fig. 8A). Based on DepMap data (Arafeh
et al. 2025), endometrial cancer models are more dependent on
SOX17 compared with breast cancer models (Wilcoxon signed-
rank test, P-value = 6.5 x 10~%) and models from other cancer types
(Wilcoxon signed-rank test, P-value=0.0017), with the exception
of ovarian cancer models (Supplemental Fig. 8B). Together, our
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Figure 4. Different factors are predictive of bound EREs and regulatory EREs. Scatter plots show Boruta importance scores of each factor in experimental
data for predicting bound EREs versus predicting regulatory EREs in Ishikawa (A) and T-47D (B).
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the ER-enabling genes are enriched in the negative GFP bin (black), and the gRNAs for the ER-blocking genes are enriched in the high GFP bin (darkest

green).

results suggest that SOX17 could be an important factor in pro-
moting ER activity in endometrial cancer.

To further investigate the role of SOX17 in regulating ER ac-
tivity in endometrial cancer cells, we created SOX17 KO lines de-
rived from Ishikawa cells using CRISPR and individually cloned
guide RNAs. We also created ESR1 KO Ishikawa cells as a positive
control. We verified the absence of SOX17 and ER protein in the
respective KOs (Supplemental Fig. 9A-E). To assess effects on ER ac-
tivity, we performed an ERE reporter assay, similar to the one used
in the CRISPR screen, and found that ER activity was decreased
from 40-fold, over no estrogen controls, to 10-fold in SOX17 KO
lines; ESR1 KO drove ERE levels back to no estrogen control levels
as expected (Fig. 6A). To investigate the effects on estrogen-medi-
ated gene expression, we performed RNA-seq with and without es-
trogen treatment in SOX17 KO lines and control lines. ESRI
expression itself was affected, decreasing from an average of
6899 normalized RNA-seq counts in control lines to an average
of 1472 normalized counts in SOX17 KO lines (Fig. 6B). In control
lines, the expression of 3835 genes was significantly impacted by
estrogen treatment, whereas only 317 genes changed expression
in response to estrogen treatment in the SOX17 KO lines. The mag-
nitude of expression responses, for both upregulated and downre-
gulated genes, was significantly reduced in SOX17 KO cells (Fig.
6C,D; Supplemental Fig. 9F).

ER genomic binding was also reduced in SOX17 KO lines at es-
trogen-responsive genes such as CISH and PGR (Fig. 6E) and across
the genome (Fig. 6F). ER ChIP-seq in SOX17 KO lines produced an
average of 429 peaks compared with 2550 peaks in wild-type cells
(Fig. 6F). The reduction in ER activity may be owing to two separate
causes: (1) SOX17 regulates ER transcription by binding to six sites
near the ESRI gene locus (Fig. 6G), consistent with the fivefold
decrease in ESR1 expression levels in the SOX17 KO cells (Fig.
6B), and (2) SOX17 binding overlaps with ER at many genomic
sites, potentially aiding in ER-driven transcription regulation. In
parental Ishikawa cells, ER has 8621 binding sites in the presence
of estrogen, SOX17 has 3970 in the absence of estrogen, and
they overlap at 1184 sites (30% of SOX17 bound sites) (Fig. 6H),

suggesting that SOX17 binding at these sites may help facilitate
ER binding. Overall, we found that the presence of SOX17 signifi-
cantly affects ER protein levels, activity, and genomic binding in
endometrial cancer cells.

Discussion

Estrogen signaling, working through ER, plays an oncogenic role
in breast and endometrial cancer. However, the genomic binding
sites and target genes of ER differ significantly between the cancer
types. To explore the causes of cell type specificity, we decided to
use EREs as a consistent anchor between breast and endometrial
cancer cells. In cell lines and tumor samples from both cancer
types, very few EREs (<3%) contribute to genomic binding or
gene regulation. Of the bound EREs or regulatory EREs, about
one-fourth are shared between breast cancer and endometrial can-
cer cells. Despite the low level of ERE utilization, there are signifi-
cantly more EREs in the human genome than can be expected by
random chance, suggesting that EREs are under evolutionary pres-
sure to be conserved. It is possible that these EREs are involved in
gene regulation in other tissues or in different phases of develop-
ment. The highly selective usage of EREs provided an opportunity
to evaluate the factors that contribute to ER genomic binding and
gene regulation and how they differ between cell types.

To identify important features of EREs that bind ER in endo-
metrial cancer and breast cancer cells, we compiled several data
sets in Ishikawa and T-47D cells. Boruta, which assigns importance
scores to features based on a random forest algorithm, revealed sev-
eral factors that associate with ER binding. The highest scoring fac-
tor for both Ishikawa and T-47D cells was relative affinity, meaning
the closer an ERE’s sequence is to the optimal ER binding se-
quence, the more likely it is to be bound by ER. However, only
40% of EREs with the highest possible relative affinity are bound,
suggesting other features are key in controlling ER binding. Other
features found to be enriched at bound EREs in both the Ishikawa
and T-47D lines were features correlating with accessible chroma-
tin and histone modifications associated with active enhancer
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Figure 6. SOX17 KO decreases ER activity. (A) Bar chart shows ERE luciferase reporter activity relative to no estrogen treatment in SOX17 KO lines com-
pared with a control and an ESRT KO line. (B) Bar graph shows decreased ESRT mRNA normalized counts in SOX77 KO lines compared with a control. (C,D)
Aggregate plots show Z-scores comparing DMSO-treated and estrogen (E2)-treated samples from the RNA-seq data for SOX77 KO lines and control lines
for E2 upregulated genes (C) and E2 downregulated genes (D). (E) Browser track shows decreased ER binding at estrogen-responsive genes C/SH and PGR.
(F) Heatmap shows decreased ER genomic binding signal in SOX77 KO lines compared with control lines across all ER bound sites. (G) Browser track shows
six SOX17 binding sites near ESRT gene locus. (H) Venn diagram shows overlap of binding sites between ER and SOX17 in parental Ishikawa cells.

Genome Research 9
www.genome.org


http://genome.cshlp.org/
http://www.cshlpress.com

Downloaded from genome.cshlp.org on August 16, 2026 . Published by Cold Spring Harbor Laboratory Press

Richey et al.

regions, both of which are found at active transcription factor
binding sites (Field and Adelman 2020; Panigrahi and O’Malley
2021). Patterns of open chromatin are cell type specific (Gertz
et al. 2013), supporting the cell type specificity of ER binding,
but these chromatin patterns are controlled by sequence specific
transcription factors.

Our analysis uncovered several transcription factors associat-
ed with bound EREs, many of which were expected based on pre-
vious studies of ER control in breast and endometrial cancer.
FOXA1 and GATA3 were both found to be highly predictive of
bound EREs in the T-47D breast cancer cell line. FOXA1 and
GATA3 act as pioneer factors and facilitate ER binding in the breast
cancer context by associating with chromatin ahead of ER recruit-
ment (Hurtado et al. 2011; Theodorou et al. 2013; Jiang et al.
2019). ETV4 was found to be predictive of ER binding in the
Ishikawa endometrial cancer cell line, which is supported by our
previous work showing that ETV4 is essential for ER activity in en-
dometrial cancer cells by binding with ER at many of its genomic
sites and helping to localize ER to the nucleus (Rodriguez et al.
2020). With these results, we built both a transcription factor-fo-
cused model using cell type-specific transcription factors and a
chromatin-focused model using ATAC-seq and H3K4mel; each
could predict binding with reasonable sensitivity and specificity.
For endometrial cancer, we were able to verify the predictive power
of our models in a second cell line. Even though HCI-EC-23 has
less ER activity compared with Ishikawa and less bound EREs, we
were still able to construct a model that predicted bound EREs
with similar sensitivity and specificity to the Ishikawa models for
predicting ERE binding.

To expand the search beyond previous experimental data, we
analyzed motif instances, and the results generally supported our
findings from the experimental data. The FOXA1-containing mo-
tif cluster was more predictive of ER binding in T-47D than in
Ishikawa cells, the GATA3 motif cluster was predictive of ER bind-
ing in T-47D cells only, and the SOX17 motif cluster was predictive
of ER binding in Ishikawa cells only. Other findings from the motif
analyses warrant further investigation. For example, the ZIC2,
GLIS3, and various KLF motifs scored highly in both cell lines.
ZIC2 has been proposed as a tumor suppressor in breast cancer
(Liu et al. 2020) but has not been explicitly linked to estrogen sig-
naling. Similarly, GLIS3 is implicated in breast cancer but not in
ER* breast cancer (Rami et al. 2016). KLF5 has been shown to sup-
press ER in breast cancer (Guo et al. 2010) but has not been studied
in endometrial cancer. The KLF9 and PAX8 motifs were found to
be predictive of ER binding in Ishikawa cells only, and both have
been shown to be implicated in endometrial cancer but have not
been connected to ER activity specifically. KLF9 has been shown
to alter cell morphology, proliferation, and differentiation in an
ER™ endometrial cancer cell line (Simmen et al. 2008), and high
PAXS protein levels are associated with poorer outcomes in endo-
metrial cancer patients (Mhawech-Fauceglia et al. 2012).

Predicting regulatory EREs proved to be more challenging
than predicting bound EREs. Fewer factors were found to be impor-
tant, and the predictive models exhibited lower accuracy than
those created to predict bound EREs. Despite the lower predictive
ability, some strong patterns emerged. Although transcription fac-
tor occupancy, ERE strength, and chromatin accessibility were the
top predictors of ERE binding, chromatin looping and transcrip-
tion were more predictive of regulatory EREs. Promoter-distal
EREs that are engaged in transcription prior to ER binding are
more likely to impact the expression of target genes. This is consis-
tent with previous studies showing that transcription is a hallmark

of active enhancer regions and that enhancer RNA production mir-
rors that of its target promoter (Field and Adelman 2020; Panigrahi
and O’Malley 2021). Looping of an ERE both to a target gene pro-
moter and other regulatory regions was also predictive of ERE reg-
ulatory activity. This is consistent with our previous study (Abewe
etal. 2025), in which we found that estrogen-regulated genes with
increased 3D genomic interactions after estrogen treatment had
larger transcriptional responses, and most ER bound sites were an-
chors for chromatin loops. ER-mediated loops have also been iden-
tified in breast cancer and have been shown to change as the
cancer progresses (Fullwood et al. 2009; Zhou et al. 2019; Van
Den Brand et al. 2025). Overall, this leads to a model in which
bound EREs with high levels of transcription prior to estrogen
treatment and many 3D genomic interactions are very likely to
be regulatory; however, most regulatory EREs cannot be identified
in this manner, suggesting that important features could be
missing.

To experimentally evaluate the factors important for ERE ac-
tivity, we used CRISPR KO to test the importance of thousands of
epigenetic factors. We focused on Ishikawa cells because similar
CRISPR-based techniques have been used to study ER control in
breast cancer, and their results corroborate our findings (Xiao
et al. 2018; Samuels et al. 2025). We encountered many histone-
modifying enzymes, which supported our computational find-
ings. ASHI1L encodes an H3K36me3 methyltransferase, which is
related to transcription (An et al. 2011), KAT6A and BRPF1 encode
members of a histone acetylation complex associated with gene ac-
tivation (Huang et al. 2016), and KMT2A encodes an H3K4me3
methyltransferase (Nakamura et al. 2002), a histone modification
confirmed important by Boruta in both cell lines for predicting
both bound and regulatory EREs. BRPF1 has also been identified
as a key component of estrogen signaling in ER* breast cancer; si-
lencing of BRPF1 inhibits ER transactivation capability and causes
cell proliferation arrest and activation of apoptotic mechanisms
(Salvati et al. 2024). CITEDZ2 has been identified as a transcription-
al coactivator that modulates ER in breast cancer (Lau et al. 2013),
indicating that some transcriptional coactivators are shared be-
tween breast and endometrial cancer. EZH2 and SUZ12 were
both identified as ER enabling, which is unexpected as they are
members of PRC2, a transcriptional repressive complex. It is possi-
ble that PRC2 represses genes that repress ER, making it an indirect
supporter of ER activity; however, the role of polycomb proteins in
cancer is controversial. EZH2 and other members of PRC2 have
been implicated as tumor suppressors in multiple hematopoietic
cancers (Pasini and Di Croce 2016), but they have also shown on-
cogenic potential in multiple murine leukemia models and are be-
ing investigated as potential therapeutic targets (Scelfo et al. 2015).
We identified HDAC1 as an ER-enabling gene even though it is
usually considered a corepressor (Ng and Bird 2000). However, it
has been positively associated with transcriptional activation
caused by glucocorticoid receptor (Qiu et al. 2006), another steroid
hormone receptor, so it could be associated with ER in a similar
way and promote ER activity in endometrial cancer cells.

Previous work identified the SOX motif as uniquely enriched
at ER binding sites in endometrial cancer cells (Rodriguez et al.
2020). Although there are many SOX family members, we chose
SOX17 for further investigation as it is the highest expressed
SOX factor in endometrial cancer cell lines, is essential for murine
endometrial gland development, is involved in key aspects of en-
dometrial biology such as cycling and implantation (Guimaraes-
Young et al. 2015; Wang et al. 2018; Kinnear et al. 2019), and
has been identified as a potential biomarker for endometrial and
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ovarian cancers (Shaker et al. 2023). Because of this, we performed
ChIP-seq on SOX17 and were able to establish that SOX17 binding
is predictive of bound EREs in Ishikawa cells. These results were
supported by our identification of SOX17 as an ER-enabling gene
in the Ishikawa CRISPR KO screen.

By performing SOX17 KO, we were able to validate that
SOX17 is important for ER activity in endometrial cancer cells.
SOX17 KO caused significant reductions in ER reporter activity,
ER ChIP-seq signal, and gene expression responses to estrogen.
SOX17 likely regulates ER activity in two ways. SOX17 plays a
role in activating ESR1 transcription and driving higher protein
levels by binding near the gene. SOX17 also binds to thousands
of ER binding sites across the genome in the absence of estrogen,
potentially aiding in ER genomic binding. In endometrial cancer
patient samples, SOX17 mRNA expression is positively correlated
with ESR1I mRNA expression, and SOX17 is overexpressed in
tumor samples compared with normal samples, partially through
genomic amplification in 4.7% of tumors. SOX17 is altered in
~11%-15% of endometrial tumors, although these alterations do
not seem to have an effect on overall expression levels, and the tu-
mors included in these studies are not all ER-positive (Levine 2013;
Walker et al. 2017). SOX17 has also been identified as a tumor sup-
pressor in endometrial cancer (Zhang et al. 2016; Walker et al.
2017), indicating a complex role for SOX17 in endometrial cancer
that may go beyond its effects on estrogen signaling.

Although this study has uncovered interesting features of ER
genomic binding and gene regulation, there are limitations that
should be mentioned. For the machine learning analysis, we con-
sidered only one ERE at a time, despite our previous work showing
that EREs often work together to regulate gene expression (Ginley-
Hidinger et al. 2019; Carleton et al. 2020; Ginley-Hidinger et al.
2024). We focused solely on full EREs even though half sites
have been shown to be present at ~38% of ER binding sites in T-
47D and Ishikawa cells (Gertz et al. 2013), and these sites can func-
tionally impact gene regulation (Carleton et al. 2020). ERE half
sites are 6 bp long and would be expected to occur more than
700,000 times in the human genome by random chance, making
it computationally infeasible to evaluate these sites in the same
way that we evaluated the full ERE sites. We classified bound
EREs within 100 kb of an estrogen-responsive gene’s TSS as regula-
tory based on our previous analysis; however, we know that several
of these sites do not impact gene expression (Carleton et al. 2017;
Abewe et al. 2025). Functional studies of EREs in their genomic
context would be the ideal method of identifying regulatory
EREs; however, this has not been done at scale. Indicative of this
issue, similar features were associated with regulatory EREs for
both upregulated and downregulated genes, which is likely owing
to most regulatory EREs associated with downregulated genes be-
ing associated with upregulated genes as well. In addition, we
were unable to achieve high sensitivity when predicting regulatory
EREs. The data used in our machine learning analysis to compare
Ishikawa and T-47D cells came from multiple sources. It is possible
that differences discovered between the cell lines were owing to
technical artifacts as opposed to underlying biological differences.
For example, the ATAC-seq data came from two different studies,
and our analyses showed that ATAC-seq was a better predictor of
bound EREs in Ishikawa cells than it was in T-47D cells. This is like-
ly a technical artifact, as previous literature has established that the
chromatin environment is important for ER binding in both cell
lines (Gertz et al. 2013). The results from the CRISPR KO screen
provided valuable information to support our computational re-
sults, but it also has limitations. With the reporter readout, we

are unable to disentangle factors that affect ER binding and factors
that impact ER’s regulatory activity. GFP reporter expression levels
were already high in response to estrogen, making it difficult to
identify genes that decrease ER activity. Although the CRISPR
screen and the machine learning analyses identified interesting
factors, further studies are needed to determine the underlying
mechanisms and functional importance of each factor. The hope
is that our findings motivate future studies into important gene
regulation factors in estrogen driven endometrial cancer.

Methods

Classification and analysis of bound and regulatory EREs

EREs were classified as ER bound using BEDTools (Quinlan and
Hall 2010) applied to ER ChIP-seq data (Gertz et al. 2013) and
were classified as regulatory using RNA-seq data (Gertz et al.
2013; Ginley-Hidinger et al. 2024). Features associated with bound
and regulatory EREs were evaluated using the R packages Boruta
(Kursa and Rudnicki 2010) and caret (Kuhn et al. 2020). For full de-
tails on ERE classification and analysis, see the Supplemental
Methods.

Cell culture

Ishikawa, T-47D, and HCI-EC-23 cells were grown in full
media: RPMI 1640 medium (Thermo Fisher Scientific 11875135)
with 10% fetal bovine serum (Thermo Fisher Scientific
26140079) and 1% penicillin-streptomycin (Thermo Fisher Scien-
tific 15070063). Hormone-depleted media were also used in prep-
aration for hormone treatment and consisted of phenol red-free
RPMI (Life Technologies 11835055) with 10% charcoal-dextran-
stripped fetal bovine serum (Sigma-Aldrich F6765-100 mL)
and 1% penicillin-streptomycin (Thermo Fisher Scientific
15070063). Cells were incubated with 5% CO, at 37°C.

ChIP-seq

Cells were grown in hormone-depleted media for 5 days prior to ei-
ther a 1 h DMSO (Fisher Scientific BP231; vehicle) treatment
(SOX17), a1 h 10 nM 17B-estradiol (E2; Sigma-Aldrich, E2758-
1G) treatment (ER), or an 8 h DMSO treatment (H3K4mel) and
were harvested for ChIP-seq (Johnson et al. 2007) as described pre-
viously (Reddy et al. 2009). Cells were fixed using 1% formalde-
hyde (Sigma-Aldrich 252549) for 10 min at room temperature,
then quenched using glycine (Fisher Scientific BP381), and added
to achieve a final concentration of 125 mM. Fixed cells were
washed with cold PBS and harvested via scraping in PBS. Cells
were pelleted at 500 RCF for 5 min, and PBS was removed. The
cell pellet was resuspended in 1 mL of Farnham lysis buffer (5
mM PIPES at pH 8 [Fisher Scientific 50-155-760], 85 mM KCl
[Sigma-Aldrich P9541], and 0.5% NP-40 [VWR M158-100ML])
supplemented with protease inhibitors (Thermo Scientific
A32965) to prepare crude nuclei. Nuclei were pelleted at 500 RCF
for 5 min, and the Farnham lysis buffer was removed. Nuclei
were resuspended in RIPA lysis buffer (1x PBS [Thermo Scientific
AM9624], 1% NP-40 [VWR M158-100ML], 0.5% sodium deoxy-
cholate [Bioworld 40430018-3], and 0.1% SDS [Thermo Scientific
AM9820]) supplemented with protease inhibitors (Thermo
Scientific A32965) and sonicated for eight cycles (30 sec on,
30 sec off) at 4°C at 40% amplitude using a EpiShear probe sonica-
tor (Active Motif). Chromatin immunoprecipitation was per-
formed using 5 pg of antibody. Antibodies used for this study
were SOX17 (R&D Systems AF1924), ER (Abcam AB3575), and
H3K4mel (Cell Signaling 5326S). ChlIP-seq libraries were
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sequenced on an Illumina NovaSeq 6000. Reads were aligned
to the GRCh37 (hg19) build of the human genome using Bowtie
(Langmead et al. 2009): -m1 -t -best -q -S -1 32 -e 80 -n 2. The
GRCh37 build of the human genome was used to align with previ-
ously published data sets in our analyses. We do not expect that re-
aligning our data to the GRCh38 genome build would affect the
results of this work, as we focused our analyses on uniquely align-
able regions of the genome. MACS2 (Zhang et al. 2008) was used to
call peaks with a P-value cutoff of 1x 107! and mfold parameter
between 15 and 100.

ATAC-seq

HCI-EC-23 cells were grown in hormone-depleted media for 5 days
prior to a 1 h DMSO treatment and harvest for ATAC-seq
(Buenrostro et al. 2013). Cell pellets were treated and lysed for
5 min as described previously (Lewis et al. 2025). The transposition
reaction, DNA purification, and amplification were also performed
as described previously (Lewis et al. 2025). Libraries were se-
quenced on an Illumina NovaSeq X at a depth of about 50 million
reads/sample, and reads were trimmed to 50 bp. Bowtie (Langmead
et al. 2009) was then used to align the trimmed reads to the hg19
build of the human genome using the following parameters: -m 1
-t --best -q -S —132 -e 80 -n 2. BAM files were created from SAM files
and sorted using SAMtools (Li et al. 2009). Regions of accessible
chromatin, termed peaks, were called using a cutoff of <0.05 for ad-
justed P-value and an mfold parameter between 15 and 100 using
MACS2 (Zhang et al. 2008). Reads that aligned to the peaks were
quantified across all samples using featureCounts (Liao et al.
2014).

CRISPR KO screen

Reporter cell lines containing a 3 x ERE-driven GFP construct were
created from Ishikawa cells. GFP-reporter cells were then trans-
duced with viral particles containing the Human Epigenetic
Knockdown Library, a gift from Kivanc Birsoy (Addgene 162256)
(Williams et al. 2020). Successfully transduced cells were selected
using 1 pg/m puromycin (Thermo Scientific A1113803), grown
on hormone-depleted media for 96 h, and treated with 10 nM
E2 for 72 h. Cells were then sorted via flow cytometry based on
GFP levels, genomic DNA was extracted and sequenced, and en-
richment analysis was performed using MAGeCK (Li et al. 2014).
For details on GFP reporter cell line creation, creation of viral par-
ticles, transductions, DNA extractions, sequencing, and enrich-
ment analysis, see the Supplemental Methods and Supplemental
Table Sé6.

Creation of ESRI KO, SOX17 KO, and control gRNA lines

Ishikawa Cas9 expressing cells, described in the Supplemental
Methods, were transduced with 5 ng/mL polybrene and lentiviral
particles containing the LentiGuide Puro plasmids with ESRI tar-
geting, SOX17 targeting, and control guide RNAs at MOIs of 10-
200 (see Supplemental Methods and Supplemental Table S6).
Cells were treated and maintained with 1 pg/m puromycin in
full media until validation. Western blotting was used to confirm
the absence of ER and SOX17 in their respective KO lines after pu-
romycin selection (see Supplemental Methods). After western blot
confirmation, cells were plated at 1000 cells per 10 cm plate to al-
low single cells to form distinct colonies for isolation. Colonies
were grown up to about 256 cells on full media, selected, and
moved to individual wells of a 96-well plate before further passag-
ing. Individual clones of the KO lines were evaluated for ER and
SOX17 expression using western blotting.

ERE luciferase reporter assay

Ishikawa SOX17 KO, ESR1 KO, and control cells were grown in hor-
mone-depleted media for 3 days prior to plating at 15,000 cells per
well in a 96-well plate in hormone-depleted media. Then, the ERE
luciferase reporter assay was performed as described previously
using 10 nM E2 treatments (Rush et al. 2022).

RNA-seq

Ishikawa SOX17 KO and control cells were treated with 10 nM E2
or DMSO (vehicle) for 8 h. Following treatment, cells were lysed
with buffer RLT Plus (Qiagen) containing 1% beta-mercaptoetha-
nol (Sigma-Aldrich). RNA was extracted and purified using a
Quick-RNA mini prep kit (Zymo Research). NEBNext Ultra II direc-
tional RNA library prep kit with poly(A) mRNA isolation was used
to construct RNA-seq libraries according to the manufacturer’s in-
structions (NEB). Sequencing reads were aligned to hg19 build of
the human genome using HISAT2 (Kim et al. 2019). SAMtools
(Li et al. 2009) was used to convert SAM files to BAM files. Genes
were defined by the University of California Santa Cruz (UCSC)
Known Genes (Kent et al. 2002), and reads that mapped to known
genes were assigned with featureCounts (Liao et al. 2014). Read
counts were normalized and analyzed for differential expression
via DESeq2 (Love et al. 2014).

Data access

All raw and processed sequencing data generated in this study
have been submitted to the NCBI Gene Expression Omnibus
(GEO; https://www.ncbi.nlm.nih.gov/geo/) under accession
numbers GSE312322, GSE312323, GSE333956, GSE334097, and
GSE334100.
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