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Abstract

Gastric cancer (GC) is the fifth most common cancer worldwide and is a heterogeneous
disease. Among GC subtypes, the mesenchymal phenotype (Mes-like) is more invasive than
the epithelial phenotype (Epi-like). While gene expression of the epithelial-to-mesenchymal

transition (EMT) has been studied, the regulatory landscape shaping this process is not fully
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understood. Here we use ATAC-seq and RNA-seq from a compendium of gastric cancer cell
lines and primary tumors to detect drivers of regulatory state changes and their transcriptional
responses. Using the ATAC-seq, we developed a machine learning approach to determine the
transcription factors (TFs) regulating the subtypes of GC. We identified TFs driving the
mesenchymal (RUNX2, ZEB1, SNAI2, AP-1 dimer) as well as the epithelial states (GATA4,
GATAG, KLF5, HNF4A, FOXA2, GRHL?2) in gastric cancer. We identified DNA copy number
alterations associated with dysregulation of these TFs, specifically deletion of GATA4 and
amplification of MAPK9. Comparisons with bulk and single-cell RNA-seq datasets identified
activation toward fibroblast-like epigenomic and expression signatures in Mes-like GC. The
activation of this mesenchymal fibrotic program is associated with differentially accessible DNA
cis-regulatory elements flanking upregulated mesenchymal genes. These findings establish a
map of TF activity in GC and highlight the role of copy number driven alterations in shaping
epigenomic regulatory programs as potential drivers of gastric cancer heterogeneity and

progression.

Introduction

Gastric cancer (GC) is the fifth most common cancer worldwide and is more prevalent in Asia as
well as among Asian Americans in the USA (Ajani et al. 2017; Taylor et al. 2015; Lui et al.
2014). Despite advances in early diagnosis and treatments, the overall 5-year survival rate is
still about 30% (Badgwell et al. 2017). Gastric cancer is a heterogeneous disease. A landmark
TCGA study proposed four molecular subtypes of GC, including Epstein—Barr Virus (EBV)-
associated, Microsatellite Instable (MSI), Genomically Stable (GS), and Chromosomal Instability
(CIN) (Sohn et al. 2017). Histological subtyping using the Lauren Classification is also

associated with therapeutic recommendations (Berlth et al. 2014).
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To determine personalized therapeutic responses to different treatments, previous studies have
demonstrated how treatment responses correlate with the gene expression profiles of GC (Tan
et al. 2011) as well as the activity and mutation status of frequently-mutated genes such as
CDH1 (E-cadherin), TP53, and ARID1A (Park et al. 2016; Luo et al. 2018; Xu et al. 2023).
Among such classifications are the mesenchymal (Mes) and epithelial (Epi) phenotypes, where
the former confers more invasive disease (Oh et al. 2018). The process by which epithelial cells
gain a mesenchymal phenotype is called the epithelial to mesenchymal transition (EMT)
(Brabletz et al. 2018). Expression profiles of Mes GC and their correlation with response to
therapeutic agents such as 5-Fluorouracil and PI3K inhibitors have been investigated (Tan et al.
2011; Oh et al. 2018; Lei et al. 2013). In addition, the activity of transcription factors (TFs)
regulating normal stomach and GC (GATA4, GATAG, KLF5, HNF4A, and EBF1) have been
implicated in GC invasiveness using TF and histone ChIP-seq (Chia et al. 2015; Sheng et al.
2021; Xing et al. 2020). In mesenchymal (Mes) GC, TEAD1 was identified as a major TF
regulator (Ho et al. 2023) using genome-wide chromatin accessibility assays (ATAC-seq).
However, there is currently a lack of systematic and unbiased approaches to uncover the

complete range of TFs and epigenomic alterations underlying GC heterogeneity.

Here, we expand upon this earlier work by generating the first systematic map of gastric cancer
TF activity derived from an unbiased machine learning approach applied to ATAC-seq datasets
from a broad compendium of GC cell lines and primary TCGA tumors (Corces et al. 2018; Bass
et al. 2014), coupled with RNA-seq analysis for interpretation of the altered regulatory pathways.
Our analysis aims to infer the complete set of TFs whose activity explains the heterogeneity of
chromatin landscapes across GC and connect TF activity through enhancers to transcriptional
activation of specific gene responses. We further investigate mutational and copy number

alterations as genomic aberrations underlying the dysregulation of these key TFs. Finally, we
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relate GC cell line subtypes to other tissues using models trained on accessibility and single-cell

transcriptional profiles.

Results

Sequence-based machine learning model of ATAC-seq profiles

identify distinct regulatory programs driving GC heterogeneity

To understand differences in epigenomic state profiles in gastric-cancer derived cell lines, we
generated ATAC-seq data from a collection of 25 cell lines (Ho et al. 2023). Principal
Component Analysis (PCA) of variation in the activity of distal peaks (Methods) showed
significant heterogeneity in chromatin accessibility across the cell lines, forming three clusters
(Fig. 1A) with similar genomic accessibility profiles. We used a machine learning approach,
gkm-SVM (Ghandi et al. 2014a; Beer et al. 2020; Lee et al. 2015), to identify the sequence
features (transcription factor binding sites, TFBS) driving these variations in chromatin
accessibility. We chose gkm-SVM for its combination of predictive accuracy and interpretability
(Ghandi et al. 20144a; Beer et al. 2020; Lee et al. 2015; Shigaki et al. 2019; Ghandi et al. 2016;
Beer 2017; Yan et al. 2021; Kreimer et al. 2017; Lee 2016; Gate et al. 2018; Mo et al. 2016),
and because of its advantages relative to DNNs when training on smaller numbers of
differentially active peaks (~2000). For each cell line, we trained a gkm-SVM model on the top
10k distal ATAC-seq peaks against random genomic sequences, following our standard pipeline
(Beer et al. 2020). On each training, following the default training method in the gkmSVM-R
package (Ghandi et al. 2016), the AUROC was evaluated on 5-fold cross validation (CV) and

the reported AUROC is the average of 5 CV test sets. The median cross-validation AUROC is
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0.925. All cross-fold validation sets produce similar sets of features and have very similar weight
vectors. Because this test set AUROC is high, there is little evidence of overfitting. Also,
following (Ghandi et al. 2016), for feature interpretation, but not for quantitative assessment, we
use the gapped k-mer weight vector when training on all the data to reduce variability in the
inferred features. Each gkm-SVM model summarizes the TFBS required to classify the ATAC-
seq peaks in a vector of gapped k-mer weights which can predict the accessibility of the
sequences. We clustered the gkm-SVM weight vector from each cell line (Fig. 1B) and found
nearly identical clusters to Fig. 1A, thus the similar genomic accessibility profiles are explained

by activation of shared TFs.

Based on these differentially active TFs and their resultant differentially expressed target genes,
which largely align with EMT and mesenchymal-related pathways (see RNA-seq analysis
below), we label these three sets of GC cell lines as Epithelial-like (Epi-like), Intermediate, and
Mesenchymal-like (Mes-like). To isolate the TFs driving most of the variability between these
sets of cell lines, we next trained gkm-SVM on the most differentially accessible peaks when
averaged over the Epi-like and Mes-like cell lines, with Mes-like peaks as the positive set, and
Epi-like peaks as the negative set (Supplemental Fig. S1, S2). Again, this generated a highly
predictive sequence model and the gkm-SVM weights with the largest difference between the
Epi-like and Mes-like cell lines were associated with differential activity of TFs binding the
specific motifs: RUNX, AP-1 (FOS/JUN), TEAD, ZEB, HNF4A, FOXA, GRHL, GATA, and KLF
(Fig. 1C, Supplemental Fig. S3). Since ZEB1 and ZEB2 are known transcriptional repressors
(Aghdassi et al. 2012; Byles et al. 2012), ZEB activity is indicated by a negative motif score. To
assess if these TFs also drive variation in tumors, we next trained gkm-SVM on differential
peaks in normal stomach vs. primary stomach tumor samples (TCGA-STAD, The Cancer
Genome Atlas for Stomach Adenocarcinoma) (Fig. 1C, Supplemental Fig. S4, S5). The TFs

detected largely overlap with those in the cell lines, indicating that these TFs also drive variation
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in the regulatory state between normal stomach tissue and GC tumors. While there is significant
heterogeneity among the tumor samples, and only a fraction of the cells in a tumor are likely in a
mesenchymal state, we find significant evidence that the Mes-like regulatory program identified
in the cell lines is activated in the STAD samples relative to normal stomach. 70% of the high
guality TCGA-STAD ATAC-seq samples detect RUNX, and 70% detect AP-1 (Supplemental
Fig. S5, Methods). Finally, we trained gkm-SVM on differentially accessible peaks in each pair
of cell lines (300 pairs, see Methods) to detect the full set of TFs explaining the ATAC-seq
variation across the cell line collection. RUNX and AP-1 (and lack of ZEB) were strong TFBS
signals driving accessibility in Mes-like cell lines, while GRHL, GATA, and KLF TFBS were
strongly associated with most Epi-like samples (Fig. 1D, 1E). In summary, this ATAC-seq
analysis of open chromatin identifies RUNX, AP-1, ZEB, GRHL, GATA, and KLF as novel
regulatory drivers of the Epi-like and Mes-like transcriptional states in gastric cancer. These
predictions from gkm-SVM are validated by experiments showing strong RUNX2 and JUN
(which binds AP-1) binding at Mes-like enhancers from ChIP-seq in LPS141 (Bevill et al. 2023)
and strong KLF5, GATA4, and GATAG binding at Epi-like enhancers from ChIP-seq generated

in AGS (Chia et al. 2015; Liu et al. 2020) (Fig. 1F, Supplemental Fig. S6).

Regulatory and expression signatures of EMT and advanced-vs-

early GC explain the differences between GC groups

We used RNA-seq data from the 25 GC cell lines to understand how the differential TF activity
inferred from the ATAC-seq data affects gene expression. The three groups of GC cell lines,
previously clustered based on their chromatin accessibility, were recapitulated using the
expression of tissue-specific genes (Fig. 2A, Supplemental Fig. S7, Methods), demonstrating
that the variation in RNA-seq is concordant with that of ATAC-seq. The only exception is

SNU484, where the ATAC-seq and RNA-seq profiles are less consistent than they are for every
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other cell line. Because we can use gkm-SVM AUROC to assess the quality of the ATAC-seq
data, we are more confident of SNU484 ATAC-seq since the AUROC is 0.963. Because we
don’t have an independent metric to assess the quality of the RNA-seq, we weighted the ATAC-
seq more heavily for SNU484 and labelled it Epi-like. For all other samples the ATAC-seq and

RNA-seq based cluster labels are consistent.

We next compare gene expression in GC cell lines with that of primary stomach tissue from
TCGA-STAD and TCGA normal adjacent tissue (Methods). The combined PCA with cell lines
and TCGA shows that there are inherent differences between the stomach-derived cell lines
and stomach primary tissue on the first principal component (PC1, Fig. 2B), as noted in previous
studies (Aran et al. 2015; Yu et al. 2019). PC2 shows TCGA-Normal samples are more aligned
with Epi-like GC cell lines, while TCGA-STAD cancer samples are closer to Mes-like cell lines

(Supplemental Fig. S8).

To associate these expression differences with biological processes, we performed gene set
enrichment analysis using PCA gene weights and GSEA (Mootha et al. 2003; Subramanian et
al. 2005; Liberzon et al. 2011, 2015). The first principal component was strongly associated with
mesenchymal and EMT phenotypes, advanced-vs-early gastric cancer and cancer invasiveness
(Fig. 2C, hypergeometric FDR < 10™) (Liberzon et al. 2015; Charafe-Jauffret et al. 2006;
Schuetz et al. 2006; Vecchi et al. 2007). EMT is also the top hit when using expression changes
between Mes-like and Epi-like clusters (Supplemental Fig. S9, S10) instead of PC1 weights. We
discovered a similar pattern of enrichment comparing TCGA-STAD and normal tissues with the
cell lines (Fig. 2D, which is gene set enrichment analysis on PC2 of Fig. 2B). Taken together,
this demonstrates that the biological differences between the Mes-like and Epi-like clusters of
GC cell lines overlap with the EMT and invasiveness phenotypes. Because of these

associations, we label the red group of cell lines in Fig. 1A and Fig. 2A “Mes-like” for their
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mesenchymal expression signature (EMT); the green group “Epi-like” for their more normal
epithelial expression profile; and the gray group of cell lines is labeled “Intermediate”. The
Intermediate set lies along the continuum between Epi-like and Mes-like, but is distinguishable
from the Mes-like set through the stronger activity of ZEB and GRHL motifs, and distinguishable
from the Epi-set by the lack of GATA activity, as shown in (Fig. 1E). Our ATAC-seq analysis
allows us to identify TF regulators with these EMT and invasiveness gene expression

signatures.

TF regulators detected in ATAC-seq are markers of EMT and invasiveness
and are differentially expressed in Mes-vs-Epi GC cell lines

To further explore the connection between regulatory states and cancer invasiveness, we
generated a set of 1770 differentially expressed (DE) genes between Mes-like and Epi-like cell
lines (Methods). These DE genes include the regulator TFs implicated from ATAC-seq, and
many genes previously implicated in epithelial GC or EMT (Supplemental Table S1 and
Supplemental Table S2). We observed that TFs such as GATA4, GATAG6, KLF5, HNF4A,
GRHL2, FOXA1, FOXA2, and FOXA3 in the Epi-like cell lines, as well as SNAI2, ZEB1, FOSL1
(AP-1), and RUNX2 in Mes-like, not only have a significantly higher expression (Fig. 2E, 2F,
Supplemental Table S1) but also have differentially accessible DNA-binding sites in Mes-like vs.
Epi-like GC cell line ATAC-seq (Fig. 1C). Further, we assessed the expression of these DE TFs
in an independent patient cohort from the Asian Cancer Research Group (ACRG) (Cristescu et
al. 2015) (Fig. 2G, Methods), as well as in TCGA-STAD (Supplemental Fig. S11), and found
that differential TF expression is associated with overall survival, suggesting that activation of

these regulator TFs has both biological and disease prognostic utility.
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Many of the differentially expressed genes have been previously implicated in cancer. In the
Epi-like upregulated group, KLF5, and HNF4A along with GATA4 and GATAG6 have been shown
to promote GC (Chia et al. 2015). GRHL2 plays an anti-EMT role in GC (Sheng et al. 2021; Luo
et al. 2019) through TGFB signaling, whereas, GATAG6 suppresses EMT by promoting the
expression of FOXA2 and CDH1 while decreasing the activity of SNAI2, TWIST1, ZEB1 and
VIM in pancreatic cancer (Martinelli et al. 2017). TFs in the Mes-like upregulated group, ZEB1,
RUNX2, and SNAI2 are known regulators of EMT (Brabletz et al. 2018; Niu et al. 2012; Roche
2018). Additionally, FOSL1 dimerizes with JUN family members to bind the AP-1 motif and
drives EMT by upregulating ZEB1/2 and SNAI2 (Bakiri et al. 2015; Guneri-Sozeri et al. 2023).
The combined differential expression of these TF genes and the identification of their TF binding
sites as the largest signals in predictive sequence modeling of the chromatin accessibility
profiles strongly suggest that the variability in activation of this small set of TFs is responsible for
driving the EMT program. Although this finding is in the context of GC, the fact that LPS141
arrived at a similar transcriptional state and has RUNX2 and JUN binding at the Mes-like
enhancers suggests that this may be a more general mechanism of activating EMT across other

tumor types (Supplemental Fig. S6).

Mutations and copy number alterations are associated with
distinct regulatory states in GC

We next sought to identify possible mechanisms driving the variation in regulatory state across
the GC cell lines. To understand how the activity of TFs in Mes-like and Epi-like cell lines
correlated with known genetic variation in gastric cancer, we examined TF gene expression in
TCGA-STAD patients. CDH1, a recurrently mutated GC driver gene (Supplemental Table S3)

(Luo et al. 2018; Xu et al. 2023; Lei et al. 2013; Fodde 2002), was downregulated in Mes-like
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GC cell lines compared to Epi-like. We examined the expression of DE TFs in CDH1-mutated
vs. CDH1-WT TCGA-STAD patients (Fig. 3A, Supplemental Fig. S12, Methods). CDH1-mutated
TCGA-STAD tumors showed upregulation of the Mes-like TFs. Conversely, the CDH1-WT
tumors displayed upregulation of Epi-like TFs (Fig. 3A). This result indicates that CDH1
mutations in GC correlate with upregulation of key EMT-promoting TFs and downregulation of

EMT-inhibiting TFs.

In addition, the TFs GATA4, GATA6, SMAD4, KLF5, and HNF4A, are among the TFs with the
highest rates of DNA Copy Number (CN) alterations in TCGA-STAD patients (Fig. 3B,
Supplemental Fig. S13). GATA4, GATAG6, and SMAD4 are known to be important in endoderm
and stomach development (Li et al. 2019), and SMAD4 has been identified as a stomach cancer
driver gene (Martinez-Jiménez et al. 2020). GATA4 and GATA6 have lower expression in Mes-
like GC cell lines (Fig. 2F), consistent with gkm-SVM analysis (Fig. 1E). ATAC-seq profiles for
Mes-like, Intermediate, and Epi-like GC cell lines also identify two distal peaks (GATA6_E1 and
GATA6_E?2) in the GATAG locus (Fig. 3C) whose accessibility correlates with GATAG
expression (Supplemental Fig. S14, S15). GATA6_E1 is upstream of GATA6 and bound by
GATAG in AGS, and GATA6_EZ2 is intronic and is also bound by GATAG in AGS, and by SMAD4
and ZEB1 in HepG2 cells. The low ATAC signal in Mes-like cell lines at GATA6_E?2 is consistent
with the upregulation of the repressor ZEB1 and downregulation of GATAG. In further support of
their regulatory role, both GATA6_E1 and GATA6_E2 are contained in loop extrusion (LE)
model predicted CTCF loops containing the GATAG6 promoter (Xi and Beer 2021; Luo et al.
2023). Overall, the up-regulation of the epithelial regulator GATAG is consistent with the Mes-

like and Epi-like ATAC-seq profiles through GATA6_E1 and GATA6_E2.
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Reduced GATA and increased AP-1 regulatory activity in GC cell lines are
accompanied by DNA copy number alterations

The gkm-SVM inferred differential GATA activity can be attributed to either GATAG6 or GATA4
dysregulation, and both GATA4 and GATA6 have lower expression in Mes-like GC (Fig. 2F). To
identify potential driving mechanisms, we compared CN changes in Epi-like cell lines vs. non-
Epi cell lines (Mes and Intermediate), using DNA sequencing (Methods). On average, GATA4
has a higher copy number in Epi-like cell lines (Fig. 3D), which correlates with lower expression
of GATA4 in Mes-like cell lines (Fig. 3E, r = 0.56). While less than 1% of TCGA-STAD patients
have a mutation in GATA4 according to cBioPortal (Gao et al. 2013), GATA4 CN alterations are
more frequent in TCGA-STAD (Fig. 3B). Further, an interval of Chr8p containing GATA4 is
frequently deleted in human epithelial cancers (Cai and Sablina 2016). Thus, GATA CN
alterations are a potential mechanism for GATA4 expression changes (Fig. 2F) and GATA
activity in gastric cancer cell lines and primary tumors (Fig. 1C). We observed an opposite
pattern for MAPK9 kinase which is amplified in the Mes-like cell lines compared to Epi-like (Fig.
3D, 3E). MAPK and JNK family members are known to be regulators of AP-1 (Karin et al. 1997),
and MAPK9 amplification is associated with higher expression of AP-1 complex members
(FOSL1, Fig. 2F) and higher AP-1 transcriptional activity in Mes-like cell lines and primary
stomach cancer (Fig. 1C). Taken together, we see evidence for DNA copy humber changes in
transcription factors and signaling pathway components as potential drivers of transcriptional

dysregulation in gastric cancer cell lines.
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Mes-like GC cell lines have expression and regulatory signatures
similar to fibroblasts, while Epi-like GC cell lines retain

gastrointestinal signatures

Because we detected the activation of non-stomach TFs among many GC cell lines, we next
sought to characterize their cell states by comparing to known cell types. We first compared the
GC cell line expression profiles to known normal cell types by calculating their correlation with
Genotype-Tissue Expression (GTEX) RNA-seq data (Lonsdale et al. 2013) (Methods, Fig.4A).
Mes-like GC cell line expression was more similar to fibroblasts (r=0.41) than to stomach
(r=0.29), while Epi-like and Intermediate were most similar to stomach and esophagus mucosa,
respectively (Fig. 4A). We further confirmed that the gene expression in Mes-like GC cell lines is
more similar to fibroblast-derived cells than stomach in two additional independent RNA
datasets from ENCODE and TCGA-STAD (Methods, Fig. 4B) (The ENCODE Consortium 2012;
Luo et al. 2020). While TCGA-Normal is more similar to normal stomach than TCGA-STAD, the

similarity of TCGA-STAD to fibroblast is weaker than the Mes-like cell lines (Fig. 4B).

We extended these comparisons to DNase-seq data and found consistent similarities between
the chromatin accessibility of the Mes-like GC cell lines with ENCODE DNase-seq of fibroblast
(Fig. 4C). We trained gkm-SVM sequence models on open chromatin regions for each GC cell
line, TCGA-STAD, ENCODE fibroblast and stomach tissues, and compared their weight vectors
(Methods). The chromatin accessibility of Mes-like GC is highly correlated with the fibroblast-
derived cell lines HT1080 and ELR, as well as primary fibroblast tissue from ENCODE, as
opposed to primary stomach. In contrast, the Epi-like cell lines and TCGA-STAD

ATAC-seq were more correlated with the primary stomach.
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In addition to these average correlations of expression and chromatin accessibility, we now
show that differential TF activity among GC cell lines positions them along a continuum of cell
states between normal stomach and fibroblast. Scatter plots of correlation to stomach and
fibroblast (Fig. 4D, 4E, Supplemental Fig. S16, S17) show that TCGA-Normal had the highest
correlation with ENCODE normal stomach and the lowest with fibroblast, while TCGA-STAD
tumors have a higher correlation with fibroblast and a lower correlation with stomach (Fig. 4D).
The Mes-like GC cell lines have a higher similarity to fibroblast than the primary tumors,
correlations being as high as 0.8. Consistent with the RNA-seq profiles, gkm-SVM models
trained on chromatin accessibility profiles also show that Mes-like cell line accessibility is more
similar to fibroblast accessibility than normal stomach tissue (Fig. 4E, Supplemental Fig. S18,
S19). While it is clear that GC cell lines are becoming more similar to fibroblasts by activation of
fibroblast TFs, the bulk TCGA-STAD profiles may be moving toward a fibroblast cell state either
by interaction with stroma through fibrosis or by the presence of cancer-associated fibroblasts

(CAF) in the tumor microenvironment (Kalluri and Zeisberg 2006; Piersma et al. 2020).

We next addressed cell line similarity at the single cell level using stomach cancer scRNA-seq
data from Kim et al. (Kim et al. 2022) (Methods). We identified 6 distinct populations of cells
using UMAP (Mclnnes et al. 2020) (Fig. 5A, Supplemental Fig. S20), and based on marker gene
expression (Methods, Supplemental Table S4), we will identify clusters 2 and 5 as
gastrointestinal and cluster 6 as fibroblasts. We compared the expression of GC cell lines to
these single-cell clusters and found high similarity between stomach clusters 2 and 5 with Epi-
like GC cell lines (Fig. 5B) and high similarity between Mes-like GC cell lines and fibroblast
cluster 6 (Fig. 5C). Expression of stomach and fibroblast specific genes from GTEx RNA-seq

confirms our association of these clusters with these cell types (Fig. 5D, 5E, Methods).
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Fibrotic gene expression in GC cell lines is driven by activation of

flanking enhancers

While we observed similarity of ATAC-seq and RNA-seq profiles across Mes-like and Epi-like
cell lines (Fig. 1A, 2A), we next show that their differential expression is consistent with direct
induction by enhancers flanking Mes-like and Epi-like genes. We calculated the average ATAC-
seq signal in all distal ATAC-seq peaks within 50kb of a Transcription Start Site (TSS) of
differentially expressed genes between Epi-like or Mes-like GC cell lines. The accessibility of
peaks flanking genes more highly expressed in Epi-like cell lines is 1.763 times higher in Epi-
like cell lines compared to Mes-like, and the accessibility of peaks flanking genes more highly
expressed in Mes-like cell lines is 1.756 times higher in Mes-like cell lines compared to Epi-like
(Fig. 6A, 6B), providing a direct connection between altered chromatin state and expression

responses.

Among the genes upregulated in Mes-like cell lines are the fibrotic gene FGF5 and many
collagen genes downstream of the TGFB/SMAD pathway (Shin et al. 2019; Xie et al. 2020;
Verrecchia et al. 2001). Their role in gastrointestinal cancer (Luo et al. 2019) and cancer-
associated fibroblasts (Bordignon et al. 2019) has been well-established. Inhibition of FGF5
decreases proliferation and metastasis in hepatocellular carcinoma (Fang et al. 2015). COL1A1
has a similar effect on tumor behavior and proliferation (Nissen et al. 2019). FGF5, COL1A2,
COL6A3, COL5A1, COL12A1, COL1A1, and COL6AZ2 are upregulated in Mes-like GC and have
1.5-fold to 6-fold higher accessibility in flanking ATAC peaks. The members of the fibrotic
pathways SMAD3, SMAD4, TGFB2, COL1A1l, FGF1, FGF5, and FGF7 are differentially

expressed (Fig. 6C, Mann—Whitney U test p < 0.05) in Mes-like and Epi-like GC.
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To understand the regulatory mechanism for the differential expression of COL1A1 and FGF5,
we compared the chromatin accessibility of their flanking cis-regulatory regions (Fig. 6D, 6E).
For COL1A1, we found upstream distal peaks COL1A1_E1 and COL1A1l_EZ2 differentially active
in Mes-like and Epi-like GC cell lines and in primary TCGA-STAD tumors compared to normal
stomach (Fig. 6D). They are both located within a loop-extrusion (LE) model predicted CTCF
loop (Xi and Beer 2021). Similarly, FGF5 is flanked by an upstream distal peak (FGF5_E) (Fig.
6E), which is active in primary TCGA-STAD cancer and inactive in healthy stomach tissue.
Across cell lines, the expression of COL1A1 is highly correlated with the activity of peaks
COL1A1_E1 and COL1A1_EZ2 (r=0.64 and 0.58, Supplemental Fig. S21, S22). Similarly, the
relatively higher expression of FGF5 in 3 of the 5 Mes-like cell lines is correlated with the activity
of the distal peak (FGF5_E) (r=0.74, Supplemental Fig. S23). COL1A1 E1, COL1Al E2, and
FGF5_E are all bound by RUNX2 and JUN in LPS141 (Bevill et al. 2023). Therefore, COL1A1
and FGF5 are dysregulated in both the Mes-like GC cell lines and in stomach cancer tissue,
consistent with increased chromatin accessibility of newly identified flanking distal peaks which

are likely acting as enhancers.

Mes-like GC cell lines have a distinct regulatory landscape

compared to fibroblasts

Since the Mes-like cell lines are epigenomically and transcriptionally similar to fibroblasts, we
next sought to verify that they are not simply normal fibroblasts, or possibly cancer-associated
fibroblasts (CAF) (Sahai et al. 2020). Normal fibroblasts would be distinguishable by lower
mutation or CN alteration rates. However, we found that the Epi-like, Intermediate, and Mes-like
GC cell lines had indistinguishable mutation rates in the coding regions (Fig. 7A, t-test p > 0.12,
Methods). Additionally, we calculated the average rate of CN alterations in each cell line (Fig.

7B, Methods), and the three groups of cell lines had similar rates. While GES1 is derived from
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normal stomach epithelium, it was transformed with SV40 virus containing the T antigens, which
downregulate TP53 and appear to have mimicked the high mutation burden of the other cell
lines, which were not transformed with SV40 and do not have any ATAC-seq reads mapping to
SV40. Because of these mutation and copy number profiles, the Mes-like cell lines are clearly

distinct from normal fibroblasts.

The Mes-like cell lines are also distinct from normal fibroblasts in their chromatin accessibility
profiles. PCA analysis on distal open-chromatin regions in GC cell lines, normal fibroblast and
stomach ENCODE DNase-seq, showed differences between each group (Fig. 7C, Methods,
analysis similar to Fig. 1A). The variation between Epi-like, Intermediate, and Mes-like GC cell
lines is aligned with an axis that also explains most of the variance between stomach and
fibroblast accessibility profiles. In addition, gkm-SVM sequence models trained on differentially-
accessible ATAC distal peaks between Mes-like GC and normal fibroblast highlight that TFs
binding AP-1, RUNX, GATA, RARA, and KLF motifs have higher activity in Mes-like GC, while
fibroblasts have higher accessibility explained by TWIST and ZEB DNA-binding sites (Fig. 7D).
By aggregating motif activity scores following pairwise comparisons between each Mes-like cell
line and each ENCODE fibroblast, we rediscovered AP-1 and RUNX to be active in Mes-like GC

as opposed to TWIST and ZEB being more active in normal fibroblasts (Fig. 7E).

Although the expression profiles of Mes-like GC cell lines are similar to fibroblasts, there are
also systematic expression differences consistent with the above noted chromatin accessibility
changes. TFs with higher expression levels in normal stomach such as KLF5, FOXAL, HNF4A,
and POUS5SF1 were among the TFs having a higher expression in Mes-like GC compared to
normal ENCODE fibroblast (Fig. 7F, Methods, FDR < 0.01, [log,FC| > 2). The differential activity
of KLF, TWIST, and AP-1 discussed in the motif analysis above is consistent with the

upregulation of KLF5 and FOSL1 in Mes-like GC, compared to the higher expression of TWIST2
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in normal ENCODE fibroblast (Fig. 7F). In addition, fibroblast marker genes such as FN1, DCN,
COL6A1, COL1A1, and FGF7 have higher expression in ENCODE fibroblast compared to Mes-
like GC (Fig. 7G). Taken together, we see that despite similar chromatin accessibility and gene
expression signatures between Mes-like GC and fibroblast tissues, the epigenomic state of
Mes-like GC can be clearly distinguished from fibroblasts by the activity of AP-1, RUNX, and the

stomach motif KLF, as well as lower activity of TWIST and ZEB compared to fibroblasts.

Discussion

We provide the first systematic map of gastric cancer TF activity inferred from an unbiased
machine learning approach applied to ATAC-seq and RNA-seq data. Our sequence-based
machine learning analysis revealed that most of the variation among GC cell lines is driven by a
fibrotic vs. epithelial regulatory program differentially activated by a small set of TFs, most of
which have not previously been directly associated with EMT in gastric cancer. We used a panel
of gastric cancer-derived cell lines in combination with the TCGA stomach-adenocarcinoma
(TCGA-STAD) cohort to identify heterogeneous regulatory programs in gastric cancer (GC) and
their concomitant transcriptional responses. The inferred cell-line regulatory programs explained
much of the variation among TCGA-STAD samples. Our direct analysis of GC cell lines allowed
for the isolation of cancer cell regulatory programs without noise derived from intra-tumor

heterogeneity and variation in tumor immune infiltration.

Using ATAC-seq and computational sequence models, along with RNA-seq and scRNA-seq, we
identified the largely novel set of TFs involved in mesenchymal (Mes-like) GC (RUNX2, SNAI2,
ZEB1, AP-1 dimer) as opposed to the less invasive epithelial state (Epi-like GC) and its
regulators (GATA4, GATAG6, KLF5, HNF4A, FOXA2, GRHL2) (Fig. 8A). Mutation and DNA copy

number analysis identified genetic events associated with the activation of this regulatory
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program. The Mes-like transcriptional state was often associated with GATA4 DNA deletion and
MAPK9 amplification (Fig. 8B). This suggests copy number variation in TFs and signaling
components can play a significant role as cancer driver mutations in addition to previously
reported enhancer hijacking resulting from genomic structural rearrangement (Wang et al.

2021).

EMT in cancer is a complex process (Lovisa 2021; Yang et al. 2020), but we found that
individual GC cell lines activate the gene expression signature associated with EMT to varying
degrees. DNase-seq and RNA-seq from ENCODE and GTEXx provided evidence for the
existence of a fibrotic phenotype in Mes-like GC through EMT (Fig. 8C & 8D). Downstream
fibroblast genes such as FGF5 and COL1A1 were found to be upregulated in both Mes-like GC
and TCGA-STAD, and we identified flanking cis-regulatory enhancer elements with increased
activity in Mes-like GC vs. Epi-like GC as well as TCGA-STAD compared to normal stomach.
Survival analysis shows that activation of Mes-like TFs and their target genes are predictive of

disease severity and suggests both prognostic and therapeutic utility.

Taken together, we identified altered regulatory programs in gastric cancer along with their
distinct transcriptional responses driven by differential enhancer activity. We identify copy
number DNA alterations as genomic aberrations responsible for the dysregulation of these core
TFs. Our findings suggest that activation of this small set of TFs driving the Mes-like GC
regulatory program plays an important role in cancer progression and highlights new biology

and potential therapeutic opportunities in gastric cancer.


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

433

434

435

436

437

438

439

440

441

442

443

444

445

446

447

448

449

450

451

452

453

454

455

Downloaded from genome.cship.org on June 15, 2026 . Published by Cold Spring Harbor Laboratory Press

Methods

ATAC-seq data processing and gkm-SVM training

The raw GC cell line ATAC-seq data analyzed in this study was reported in (Xu et al. 2023;
Sheng et al. 2021; Xing et al. 2020; Ho et al. 2023) and uploaded to GSE264550. ATAC-seq
paired reads were mapped to hg38 genome with Bowtie 2 version 2.2.5 (Langmead and
Salzberg 2012). For gkm-SVM training, peaks were called by MACS2 (Zhang et al. 2008). Distal
peaks were defined 300bp bins centered on the top 10k MACS2 peaks, after removing
promoters (<2kb of a TSS) and peaks open in more than 30% of ENCODE Dnase-seq samples
(mostly CTCF sites). Negative set genomic regions were selected randomly with matched GC
and repeat content as described in (Beer et al. 2020; Shigaki et al. 2019). Training positive
peaks vs. the negative sets generated robust models with a median cross-validation AUROC of
0.925 (Supplemental Fig. S24). We used default settings and either the gkmSVM-R or Isgkm
packages (Ghandi et al. 2014a, 2016; Lee 2016). This training procedure was shown to
generate gkm-SVM models with a strong performance in both MPRA experiments and
predictions of variant impact (Yan et al. 2021; Kreimer et al. 2017; Beer 2017). For ENCODE
DNase-seq normal stomach we used ENCSR782SSS (Roadmap Epigenomics Consortium et
al. 2015) downloaded from encodeproject.org and for TCGA stomach tumor ATAC-seq we used
TCGA-BR-A4J6 (Supplemental Fig. S25, S26) (Corces et al. 2018). ENCODE DNase-seq and
TCGA STAD ATAC-seq (Corces et al. 2018; Shigaki et al. 2019) were processed in a similar
manner, as described in (Shigaki et al. 2019). We chose gkm-SVM for this task because of its
robust performance on small (differential accessibility) datasets and because it has been shown
that gapped k-mers are efficient representations of TFBS (Yan et al. 2021; Ghandi et al. 2014b)

and protein motifs (Amanchy et al. 2011). Each gkm-SVM model generates a score function that
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can be specified as weights for each gapped k-mer (Ghandi et al. 2014b), and the score for
each sequence is the sum of weights for all gapped k-mers in a sequence. These weights
quantify the contribution of each gapped k-mer to chromatin accessibility. To map these gapped
k-mer weights to interpretable TF activity, after training gkm-SVM models, we extracted TF
models and their inferred activity using gkm-PWM, which infers the frequency of PWMs (TFBS
position weight matrices) by minimizing the error between the observed and generated weight
vectors. All of the 10 STAD ATAC samples with >10k distal peaks and AUROC > 0.9 detect
some activation of RUNX or AP-1 when trained against normal stomach DNase-seq (ENCODE:
ENCSR782SSS): 7 detect AP-1 (TCGA.CD.A48C, TCGA.VQ.A940, TCGA.VQ.A8PJ,
TCGA.BR.A4J6, TCGA.BR.A4CS, TCGA.HF.A5NB, TCGA.BR.A4J4), and 7 detect RUNX
(TCGA.VQ.A940, TCGA.VQ.A91W, TCGA.BR.A4J6, TCGA.BR.A4lY, TCGA.HF.A5NB,
TCGA.BR.A4J4, TCGA.CD.A486) (Supplemental Fig. S5). For the GC cell lines, to generate a
more compact set of TFBS motifs, we trained each set of positive ATAC distal peaks vs. each
other (300 pairs of experiments, n=2000 differentially active sequences in each of the two cell
types, median AUROC = 0.922, Supplemental Fig. S27) and used the 19 most commonly
detected motifs as PWMs to extract TF activity (AP-1, RUNX, AP2, NFKB, ZEB (AREB6), NFI,
ONECUT, EBOX, EHF, TCF/LEF, TEAD, GRHL, HNF4A, HNF1B, HOXB13, FOX, KLF, SOX,
GATA) (Fig. 1E, Supplemental Fig. S28). Although many of these motifs are detected in other
cell types (McClymont et al. 2018), the combinations are specific to endodermal lineages (Luo
et al. 2023). Clustering in the inferred motif activity space generates a PCA plot with the same

grouping detected in the ATAC-seq signal (Fig. 1A).

ATAC-seq analysis around differentially expressed genes

We calculated the ATAC-seq signal in peaks within 50k around the TSS of differentially

expressed genes in Epi and Mes (higher in Epi, and higher in Mes). The average activity in
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flanking peaks averaged over all Epi, Mes, and Intermediate cell lines is shown in Fig. 6A.

Similar results were found using peaks within 100k, 150k, 200k, or 250k from TSS.

ChlP-seq data

ChliP-seq samples from ENCODE were used in the genome browser tracks: ZEB1 (ENCODE
ENCSRO00BVN) and SMAD4 (ENCODE ENCSR826YMT). ChiP-seq data for RUNX2 and JUN
in Fig. 1F are from (Bevill et al. 2023). ChlP-seq data for KLF5 in AGS are from (Liu et al. 2020)
and ChlP-seq data for GATA4 and GATAG in AGS are from (Chia et al. 2015) with raw data

uploaded to GSE51705.

RNA-seq data processing

GC cell lines RNA-seq

The raw GC cell line RNA-seq data analyzed in this study was reported in refs (Xu et al. 2023;
Sheng et al. 2021; Xing et al. 2020; Ho et al. 2023) and uploaded to GSE266159, GSE157750,
and GSEB85465. To normalize FPKM values, we divided them by the sample’s upper-quartile
(75th percentile) expression value and multiplied them by the average upper-quartile values

across all samples to scale (upper-quartile normalization) and then log,-transformed.

TCGA-STAD and TCGA-Normal RNA-seq

TCGA-STAD (stomach adenocarcinoma) and TCGA-Normal (normal adjacent stomach tissue)
RNA-seq HTSeq counts were downloaded from The Cancer Genome Atlas (TCGA) GDC portal
(https://portal.gdc.cancer.gov/) (Anders et al. 2015). 356 tumor (TCGA-STAD) and 32 normal

stomach (TCGA-Normal) samples were initially obtained. TCGA-STAD and TCGA-Normal
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samples with a higher correlation to GTEx esophagus than to GTEx stomach tissue RNA-seq
signature were removed (with a method similar to the GTEXx correlation analysis described
below). The remaining 322 TCGA-STAD and 17 TCGA-Normal samples were upper-quartile
normalized over the set of protein-coding genes as labeled by GENCODE V35 annotation

(Frankish et al. 2019).

Chromatin accessibility analysis of Mes-like GC and normal

ENCODE fibroblast and stomach

To compare chromatin accessibility profiles, we generated a union set of all distal peaks of
ENCODE stomach (n=12) and primary fibroblast (n=30), and 25 GC cell lines to perform PCA.
We trained gkm-SVM models on the 2k most differentially accessible peaks in all pairs of 5
Mes-like GC cell lines and 30 ENCODE primary fibroblasts and ranked non-similar motifs by

their average gkm-PWM Z-score.

RNA-seq analysis

Tissue-specific protein-coding genes

To reduce noise, RNA-seq analyses were performed using 11312 “tissue-specific” genes, which
are derived from GTEx RNA-seq profiles of 54 healthy human tissues (GTEx portal:
GTEx_Analysis _2017-06-05_v8 RNASeQCv1.1.9 gene_median_tpm.gct.gz). To define tissue-
specific genes, we calculated the number of GTEX tissues, where a gene has a TPM expression
above the median expression in that tissue (min = 0, max = 54). If this number is 0, the gene is
lowly expressed in all tissues and if this number is 54, the gene is ubiquitously expressed (e.g.

ribosomal genes). Tissue-specific genes are then defined as the subset of protein-coding genes
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that are neither lowly expressed nor ubiquitously expressed in all GTEx healthy human tissues.

Protein-coding genes are found according to GENCODE V35 annotation.

PCA of RNA-seq

Principal Component Analysis (PCA) was performed using prcomp() and drawn with ggplot2 in
R (R Core Team 2023). For the joint cell line and primary tissue PCA, GC cell line, and TCGA-
STAD FPKM expression values were upper-quartile normalized together over the set of tissue-
specific genes. Genes having the highest (positive or negative) weights in the PCA were
obtained using R prcomp$rotation[, 1] and prcomp$rotation[, 2] for PC1 and PC2, where the top
100 genes were used for gene set analysis. We used upper-quartile normalized RNA-seq from
LPS141 (Chen et al. 2019) to add this cell line to the PCA in Supplemental Fig. S6, which

shows that the transcriptional state of LPS141 is very similar to the Mes-like GC cell lines.

Differentially expressed genes in Mes-like vs. Epi-like cell lines

Differentially expressed genes between the Mes-like and Epi-like GC cell lines were found using
the edgeR (Robinson et al. 2010) package in R. The list of genes was limited to 11312 tissue-
specific protein-coding genes, as described above. 920 genes (including 72 TFs) were found to
be upregulated in Mes-like GC cell lines (|log.FC| > 2, FDR < 0.05, Supplemental Table S1),
while 850 genes (including 51 TFs) have a higher expression in Epi-like cell lines (Supplemental
Table S2). The list of all 1639 human TFs was retrieved from

http://humantfs.ccbr.utoronto.ca/download.php (Version 1.01) (Lambert et al. 2018).

Survival analysis in ACRG and TCGA-STAD

Gene expression values for 300 ACRG gastric cancer patients were downloaded from NCBI-

GEO GSE62254. Patients were stratified into Mes-like (n=150) and Epi-like (n=150) groups
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based on the median difference in the mean expression values of Mes and Epi DE TFs.
Similarly, TCGA-STAD patients (n=315) were split into two groups using the median expression
difference value. Plots and p-values were produced using survminer

(https://github.com/kassambara/survminer), ggsurvfit

(https://github.com/pharmaverse/qgsurvfit), and survival (https://github.com/therneau/survival) R

packages.

Gene set analysis

Gene Set Enrichment Analysis (GSEA) software (Mootha et al. 2003; Subramanian et al. 2005)
with hallmark gene sets (Liberzon et al. 2015) was used to identify the biological function of
differentially expressed genes in Mes-like vs. Epi-like GC (default GSEA parameters).
Additionally, MSigDB (Liberzon et al. 2011) gene sets H (hallmark), C2 (curated gene sets), C5
(ontology gene sets), and C6 (oncogenic gene sets) were used with top 100 PC$rotation (see
PCA of RNA-seq in Methods) to find enriched gene sets. Hypergeometric test calculated the p-

values, which were then adjusted using p.adjust(method = “fdr”) in R.

Differentially expressed genes in Mes-like GC vs. ENCODE fibroblast

RNA-seq data for normal human fibroblast was downloaded from the ENCODE portal and was
upper-quartile normalized with the GC cell line RNA-seq profiles. Normalization and the DE
gene analysis were performed similar to what described above (FDR < 0.01, log,FC > 2) where
982 and 5611 genes are upregulated in Mes-like GC and ENCODE fibroblast samples,
respectively. 96 of the upregulated genes in the Mes-like group and 45 in the ENCODE
fibroblast group are TFs. To compare the expression of these DE TFs in normal stomach and

normal fibroblast, we used GTEx normal stomach and GTEx normal fibroblast to rank the
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567  expression values of these DE TFs (between Mes vs. ENCODE-fibroblast) in the independent

568 GTEx stomach and fibroblast expression profiles.

569 Copy number and mutation analysis

570 TCGA-STAD mutation rates were downloaded from cBioPortal (Gao et al. 2013; Cerami et al.

571  2012) https://www.cbioportal.org/study/summary?id=stad_tcga pan_can_atlas 2018). Of the

572  TCGA-STAD samples for which the RNA-seq data was available, 255 samples are

573  microsatellite stable (MSS) and were used for further analysis, while the microsatellite instable
574  (MSI) samples were removed because of the possibility of having more passenger mutations.
575  The genes selected in the plot are TFs differentially expressed between Mes-like and Epi-like
576  GC cell lines. The x-axis is the log, fold-change of FPKM-UQ values between the 14 samples
577  with a CDH1 nonsynonymous or splice-site mutation and the 241 samples without. Y-axis p-
578 values were calculated using the t-test.

579

580 Copy number alteration rates for all human TFs in TCGA-STAD (Pan-Cancer) samples were
581 downloaded from cBioPortal, and include copy number deletion and copy number amplification
582  events as calculated by GISTIC (Mermel et al. 2011). GISTIC assigns an integer “score”

583  between -2 and +2 to each gene depending on the number of DNA fragments aligned to it in the
584  sequencing data. GISTIC “scores” “-2” and “-1” represent deep and shallow DNA deletions
585  (possibly homozygous and heterozygous deletions), while “+2” and “+1” indicate deep and

586  shallow DNA amplifications, respectively. A GISTIC “score” “0” for a gene in a sample means
587 that the gene DNA copy number is not changed and is normal (i.e. the copy numberis 2 in a
588 healthy diploid human genome).

589
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Whole genome sequencing (WGS) data of GC cell lines were processed as previously
described (Xing et al. 2020). Briefly, copy number variations were identified using CNVKkit with
default parameters (bchio-nextgen v0.9.3) (Talevich et al. 2016). As GC cell lines have no
matched germline samples, CNVs were call against a non-matched normal sample. We filtered
high-confidence copy number predictions (n=2061) by removing protein-coding genes whose
expression correlation with copy number across cell lines is less than 0.5. We calculated copy
number differences between the 15 Epi-like GC cell lines and the combined 5 Mes-like and 5
Intermediate cell lines, and plotted the average copy number differences for each gene in the
two groups, i.e. mean(NonEpi CN) - mean(Epi CN)). The y-axis is the p-value for the difference
between Epi and NonEpi copy number scores using the Mann—Whitney U test. We also
analyzed SNVs in the GC cell lines with SmuRF (Huang et al. 2020) and found mutations in
GATAG6 and ZFPM2 ("Friend of GATA family member 2") in 4/5 of the Mes-like cell lines, but
their frequency was close to the threshold for common SNPs, and after filtering, the p-values

were not significant.

To compare the non-synonymous mutation burden across groups of GC cell lines, performed
variant calling on the WGS of GC cell lines using SMuRF (Huang et al. 2020). As no matched
germline is available for these cell lines, we filtered out common population variants from the
dbSNP database (AF>1%). Then we calculated the number of protein-altering mutations
(missense, truncating, start and stop codon gain/loss, and splice region variants) in each cell

line (Supplemental Table S5).

To calculate the copy number burden in GC cell lines, we converted the CNVKit output to a
GISTIC-like integer score (ranging from -2 to +2, described above). For each cell line, the

absolute values of gene CN scores are averaged to report the cell line’s overall CN status.
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RNA-seq and ATAC-seq correlations

Correlation analysis using GTEX tissues RNA-seq

GTEx RNA-seq TPM values for 54 healthy human tissues were retrieved as described above.
To compare GC cell line RNA-seq with GTEX, the cell line’s FPKM values were converted to
TPM. To preserve space in the figures, the TPM expression values for all GTEx brain tissues
were aggregated (averaged). Mean expression for each tissue-specific gene (described above)
for the three cell line groups (Mes, Epi, Intermediate) was calculated and this resulted in a
11312 * 3 TPM expression matrix for the cell lines. Then Pearson’s correlation was calculated

between the GC cell line groups and GTEX tissues, using TPM expression values.

Correlation heatmap with ENCODE fibroblast and stomach RNA-seq

The following fibroblast and stomach RNA-seq profiles were downloaded from the ENCODE
portal: HT1080 (ENCFF754UAP), bronchus fibroblast of lung (ENCFF716LRF), fibroblast skin of
abdomen (ENCFF010QUB), fibroblast skin of scalp (ENCFF385PQ0), stomach 3-yr child
(ENCFF299YCQ), stomach 37-yr adult (ENCFF683JSC), stomach 34-yr adult (ENCFF547FBP).
Upper-quartile normalized FPKM values of ENCODE samples, GC cell lines, and TCGA-STAD
were then compared in a heatmap (Pearson’s correlation). The 11312 tissue-specific genes
(described above) were used to calculate the correlation. In the scatter plot, correlation values

for each individual sample are shown.

Correlation analysis with ENCODE fibroblast and stomach DNase-seq

The following fibroblast and stomach DNase-seq profiles were downloaded from the ENCODE
portal and processed as described above: cardiac fibroblast (ENCSROOOENI), lung fibroblast

(ENCSRO00EPR), ELR fibroblast cell line (ENCSR240TPI), HT1080 fibrosarcoma cell line
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637 (ENCSROO0OFDI), stomach 34-yr adult (ENCSR782SSS), stomach 54-yr adult

638 (ENCSR163PKT), stomach 3-yr child (ENCSR246PXX). gkm-SVM models were trained on
639 ENCODE DNase-seq, GC cell line ATAC-seq, and TCGA-STAD ATAC-seq profiles, as

640 described above. The gkm-SVM output for each sample is a weight vector corresponding to
641  4'%/2 k-mers (A/T/CI/G 11-mers), where the weight value and its sign indicate how

642  overrepresented or underrepresented the k-mer (TF binding site) is in the chromatin

643  accessibility data (ATAC or DNase-seq). To find the similarities between the chromatin

644  accessibility profiles, a heatmap (Pearson’s correlation) was drawn using the ENCODE, cell
645 lines, and TCGA-STAD samples. To calculate the correlation for each group (i.e Mes-like, Epi-
646 like, TCGA-STAD), their mean gkm-SVM weight vectors were used for each group of samples.
647 In the scatter plot, correlation values for each individual sample are shown. In Fig. 4D and Fig.

648  4E, lung fibroblast (ENCSROOOEPR) and adult stomach (ENCSR782SSS) were used.

649 SCRNA-seq data processing and analysis

650 scRNA-seq raw counts for 24 patients (gastric tumor and normal adjacent tissue) were

651 downloaded from Kim et al. study (Kim et al. 2022) on NCBI GEO (GSE150290). Cells having 1)
652 less than 500 detected transcripts, 2) more than 20000 transcripts, 3) less than 500 detected
653  genes, or 4) more than 10% mitochondrial or hemoglobin genes were filtered out for being low-
654  quality. This resulted in an expression profile of a total of about 117,000 cells derived from

655 tumor and normal adjacent tissue of 24 GC patients. Log-normalization was performed using
656  Seurat (Hao et al. 2021) and UMAP was used for dimensionality reduction. Clusters were

657  defined by running a Gaussian Mixture Model (GMM) over the UMAP space using the R uwot
658 package (n_components = 2, n_neighbors = 30) (Mclnnes et al. 2020). To find the correlation
659 and similarities between scRNA-seq populations (clusters) and GC cell line groups, the

660 correlation of sScCRNA and bulk RNA was calculated for each cell. The average RNA-seq
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expression for the Epi-like or Mes-like groups of cell lines over their differentially expressed (DE)
genes (1770 genes) was calculated. Then for each cell, the Pearson’s correlation of the sSCRNA-
seq expression values (for 1770 DE genes) and the average bulk RNA-seq expression of Mes-

like and Epi-like cell lines was calculated.

Kim et al. (Kim et al. 2022) discovered several cell populations including immune cells,
fibroblasts, and various gastric cell types. We saw a similar pattern of marker genes in our
analysis where clusters 1, 3, and 4 express immune-related markers such as CD74, CD83,
PTPRC (CD45), I1L32, and various MHC/HLA class Il variants. Clusters 2 and 5 express
gastrointestinal gene markers such as TFF1, TFF2, TFF3, PGC, and REG4 similar to what was
discovered in (Kim et al. 2022), whereas cluster 6 expresses fibrotic markers including COL1A1,
COL1A2, COL3A1, COL6A1, COL6A2, PDGFRA, FN1, and MMP2. This indicates that single-
cell clusters 2 and 5 include stomach cells, whereas cluster 6 is comprised of fibroblasts. To
define a more systematic list of highly-expressed gene markers for fibroblast (or stomach)
tissue, we used the same GTEXx 54 healthy tissue RNA-seq profiles as described above. We
sorted the TPM expression values of 11312 tissue-specific genes (described above) in GTEx
fibroblast (or stomach). We used the top 100 highly-expressed genes as the gene markers for
fibroblast (or stomach). To find the biological interpretation of each single cell cluster, we used
these gene markers. For every single cell, the average expression over the top 100 genes
(fibroblast or stomach) was calculated and the boxplot (Fig. 5D, 5E) is drawn based on the
single cell clusters, where clusters 2 and 5 were combined as they were both similarly
correlated with the same group of GC cell lines. The average expression values across each
cluster (in the boxplots) are compared using t-test, where p < 10°®. Thus, gene expression in
Epi-like cell lines is highly correlated to that of stomach cells, unlike Mes-like GC cell lines which

have a high correlation with the fibroblast single-cell population.
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Loop Extrusion Model Predictions

CTCF loop predictions shown in Fig. 3C, 6D, and 6E use Loop Extrusion model predictions (Xi
and Beer 2021) using CTCF ChlIP-seq in endoderm (Luo et al. 2023). The loop extrusion model
uses orientation and binding strength information from ChlIP-seq to predict loop probability, is
consistent with CTCF ChIA-PET loop measurements, and generalizes better than more

complicated CTCF loop prediction methods (Xi and Beer 2018).

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 GSE264550 and GSE266159. Source files for differential accessibility and expression
analysis are included as Supplemental _Code.zip and both code and gkm-SVM models are

available at http://beerlab.org/gccl.
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Figure Legends

Figure 1) Variation in chromatin accessibility profiles across GC cell lines is consistent
with differential TF activity inferred from sequence-based machine learning. (A) PCA of
ATAC-seq detects variable accessibility clustered roughly into three groups of GC cell lines
(Mes-like, Intermediate, Epi-like). (B) gkm-SVM training produces similar weight vectors in Mes-
like, Intermediate, and Epi-like GC cell lines, resulting from the activation of similar sets of TFs.
(C) Training gkm-SVM on differentially active peaks detects RUNX, AP-1, and TEAD activation
in Mes-like peaks, and KLF, GATA, GRHL, FOXA, HNF4A activation in Epi-like peaks. Similar
TF activation is detected when training on primary GC tumor (TCGA-STAD) vs. normal
stomach. ZEB is a transcriptional repressor and the absence of its motif from open-chromatin
regions shows its activity and hence, the flipped sign (red color) for ZEB activity score. (D)
TFBS PWM logos (E) gkm-SVM inferred activity (dot size) of these TFs across all samples
detects common patterns of activation, but additional heterogeneity within each group. (F) ChIP-
seq validation experiments show that RUNX2 and AP-1 bind to Mes-high distal peaks and do
not bind to Epi-high peaks in LPS141, consistent with the machine learning predictions of RUNX
and AP-1 activity. On the other hand, GATA4, GATAG6 and KLF5 bind to Epi-high peaks and do
not bind to Mes-high peaks in AGS. AGS is one of the Epi-like GC cell lines and LPS141 is a
mesenchymal liposarcoma cell line with a very similar transcriptional profile to Mes-like GC cell

lines (see Supplemental Fig. S6).
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Figure 2) RNA-seq expression of GC cell lines is concordant with EMT and advanced-vs-
early GC expression signatures and is consistent with TF activity inferred from
chromatin accessibility. (A) PCA of gene expression profiles is consistent with PCA from
ATAC-seq. (B) Combined PCA of GC cell lines with TCGA-STAD (tumor) and TCGA-normal
shows shared variation between Mes-like vs. Epi-like and tumor vs. normal. (C,D) The genes
explaining the variation (top 100 PCA gene weights) in the direction of PC1 in (A) and PC2 in
(B) both are most enriched for genes highly expressed in EMT and advanced-vs-early GC. (E)
Examples of marker gene expression for EMT in cancer (higher in Mes, red; higher in Epi,
green), with likelihood ratio test, FDR < 0.05, and |log,FC| > 2. (F) Differentially expressed TFs
between Mes-like and Epi-like GC cell lines, with likelihood ratio test FDR < 0.05 and |log,FC| >

2. (G) Survival analysis based on the expression of Mes and Epi DE TFs in the ACRG cohort.
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Figure 3) Mutations and copy number variants are associated with distinct Mes-like and
Epi-like TF activation in GC. (A) Nonsynonymous CDH1 mutation status separates TFs with
differential expression between Mes-like and Epi-like cell lines. Shown is TCGA-STAD
expression in tumors with and without a CDH1 nonsynonymous mutation (t-test p < 0.05 and
[log,FC| > 0.25). (B) Human TFs ranked in order of DNA copy number (CN) alteration rate in
TCGA-STAD primary tumors. (C) Chromatin accessibility landscape and TF binding of ZEB1
and SMAD4 in the GATAG locus. GATA6_E1 and GATA6_E?2 are putative Epi-like and normal
stomach enhancers, where GATAG binds in GATAG6 ChiP-seq in AGS GC cell line.

(D) GATAA4 has reduced CN in non-Epi and MAPK9 has amplified CN in non-Epi cell lines.
Average CN differences between Epi GC cell lines and non-Epi (Mes and Intermediate) GC cell
lines are shown for protein-coding genes whose expression and copy number correlate. CN
values are obtained by DNA sequencing, where “-2" marks deep DNA deletion, “0” shows a
normal diploid genome, and “+2” is for deep DNA amplification in the gene locus. Mann—
Whitney U test p < 0.05. (E) CN variation is consistent with altered GATA4 and MAPK9

expression across samples. r is Pearson’s correlation between CN scores and gene expression.
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Figure 4) In both expression and chromatin accessibility, Mes-like GC cell lines are more
similar to fibroblasts, and Epi-like GC cell lines are more similar to stomach. (A) Mes-like
expression is most similar to GTEX fibroblasts. Correlation of 54 healthy GTEX gene expression
profiles for each group of GC cell lines in ~11,300 tissue-specific genes. (B) Correlation of
ENCODE stomach and fibroblast gene expression profiles with average gene expression for
each group of GC cell lines. HT1080 is a fibrosarcoma cell line. (C) Mes-like chromatin
accessibility is also most similar to ENCODE fibroblast, and TCGA-STAD and Epi-like GC cell
lines are most similar to ENCODE stomach. We measured the similarity of chromatin
accessibility by correlation of gkm-SVM weight vectors trained on distal enhancers of each
sample. ELR is a fibroblast-derived cell line. (D) Correlation of GC cell line gene expression
profiles with a healthy ENCODE lung fibroblast and a healthy stomach sample. (E) Correlation
of GC cell line chromatin accessibility profiles (gkm-SVM weights trained on cell line ATAC-seq)

with healthy ENCODE lung fibroblast and stomach (gkm-SVM trained using DNase-seq).
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Figure 5) Mes-like GC is most similar in expression profile to the single-cell fibroblast
population of both tumor and normal stomach tissue. (A) UMAP of scRNA-seq of gastric
tumor and adjacent normal stomach tissue from Kim et al 2022. Six cell populations are
detected; 2 and 5 are stomach and 6 is fibroblast. (B) Epi-like cell line gene expression profiles
are most highly correlated with the stomach clusters 2 and 5. (C) Mes-like gene expression
profiles are most highly correlated with the fibroblast cluster, 6. (D) Highly expressed stomach-
specific genes are expressed only in stomach clusters 2 and 5, combined due to similarity. (t-
test p < 10 for cluster 2+5 vs. other clusters). (E) Highly expressed fibroblast-specific genes

are expressed only in fibroblast cluster 6 (t-test p < 10 for cluster 6 vs. other clusters.)
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Figure 6) Mes and Epi upregulated genes are flanked by Mes-active and Epi-active distal
enhancers. (A) Highly expressed genes in Epi-like GC cell lines, are flanked by distal peaks
with increased accessibility in Epi-like cell lines. (B) Highly expressed genes in Mes-like GC cell
lines, are flanked by distal peaks with increased accessibility in Mes-like cell lines. All peaks
within 50kb of TSS of DE genes were averaged. Many of the upregulated genes in Mes cell
lines are members of the TGFB/SMAD and FGF pathways, and their expression is shown in (C)
(Mann-Whitney U test p < 0.05). (D) In the COL1A1 locus, COL1A1_E1 and COL1A1_E2 are
putative distal enhancers with increased ATAC-seq signal in Mes-like GC cell lines and TCGA-
STAD relative to Epi-like and normal stomach, consistent with higher COL1A1 expression in
Mes-like GC cell lines and TCGA STAD. ChIP-seq experiments in the mesenchymal
liposarcoma cell line LPS141 identified AP-1 and RUNX2 binding in COL1A1_E1 and

COL1A1 _E2. (E) Similarly, in the FGF5 locus, FGF5_E is a putative distal enhancer with
increased ATAC-seq signal in Mes-like GC cell lines and TCGA-STAD relative to Epi-like and
normal stomach, consistent with higher FGF5 expression in Mes-like GC cell lines and TCGA
STAD. FGF5_E is a RUNX2 and AP-1 binding site in LPS141. FGF5_E, COL1A1_E1 and

COL1A1_EZ2 are contained in CTCF loops enclosing the target gene promoter.
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Figure 7) Despite some similarity in gene expression and enhancer activity, Mes-like GC
and fibroblast have distinct TF responses. All groups of cell lines have similar levels of (A)
somatic mutations (A) and (B) copy number alterations. (C) PCA of chromatin accessibility of
GC cell lines, stomach, and fibroblasts shows that while all groups are distinct, there is an axis
along which differences in accessibility between stomach and fibroblasts are shared between
Epi-like and Mes-like cell lines. Epi-like cell lines are more similar to stomach, and Mes-like cell
lines are more similar to but still distinct from, primary fibroblasts. (D) Mes-like vs fibroblast
accessibility differences are driven by differential activity of a small set of TFs. (E) Rank plot of
the average TF motif weights in all pairwise comparisons between Mes-like cell lines and
ENCODE fibroblast samples. (F) Differential expression of TFs between stomach and fibroblast
shows that Mes-like cell lines retain high expression of stomach-specific TFs and do not
upregulate all fibroblast TFs (especially TWIST2) to the same degree. Ranking of DE TFs
between Mes-like and ENCODE-fibroblast (FDR < 0.01) in normal GTEx stomach (x-axis) and
normal GTEX fibroblast profiles (y-axis) are shown. Some of the DE TFs upregulated in Mes-like
GC (FOXAL, KLF5, etc.), have a higher expression (lower ranking) in GTEx normal stomach,
while TWIST2 has a higher expression in ENCODE fibroblast and a higher expression (lower
ranking) in GTEX fibroblast. (G) Inferred TF motif activities are supported by differential
expression of stomach TFs and fibroblast genes in Mes-like GC, normal ENCODE-fibroblast,

and ENCODE-stomach (** FDR < 0.01, * FDR < 0.05, likelihood ratio test).
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Figure 8) Summary of TFs driving GC epigenomic heterogeneity and EMT. (A) Differentially
active TFs in Mes-like and Epi-like GC cell lines. (B) DNA copy number changes in Mes-like and
Epi-like GC cell lines. (C) Mes-like GC has a high correlation of expression and distal enhancer
activity with fibroblast, whereas Epi-like GC is more similar to stomach. (D) Mes-like GC TF
response and chromatin profile are different from that of fibroblast, despite the shared patterns

of expression and chromatin accessibility.
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A Transcription Factor Activity Driving EMT in Gastric Cancer
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