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While the incidence of endometrial cancer is increasing among all US
women, Black women face higher mortality rates. The reasons for this
remain unclear. In this study, whole genome differential methylation analy-
sis, along with state-of-the-art computational methods such as the recursive
feature elimination technique and supervised/unsupervised machine learn-
ing models, was used to identify 38 epigenetic signature genes (ESGs)
and four core-ESGs (cgl9933311: TRPCS; cg09651654: APOBECI;
cg27299712: PLEKHGS; c¢g03150409: WHSCI1) in endometrial tumors
from Black and White women, incorporating genetic ancestry estimation.
Methylation at two Core-ESGs, namely APOBEC1 and PLEKHGS,
showed statistically significant overall survival differences between the two
ancestral groups (Likelihood ratio test; P value = 0.006). Moreover, our
comprehensive ancestry-based analysis revealed that tumors from women
with high African ancestry exhibited increased hypomethylation compared
to those with low African ancestry. These hypomethylated genes were
enriched in drug metabolism pathways, indicating a potential link between
genetic  ancestry, epigenetic modifications, and pharmacogenomic
responses. Combining ancestry, race, and disease type may help identify
which patient groups will benefit most from these biomarkers for targeted
treatments.

1. Introduction

The molecular details of any given tumor have vast
implications for the success or failure of cancer thera-
pies. As sequencing technology rapidly becomes more
accessible, the specific epigenetic, genetic and transcrip-
tomic, features of tumors can be used to match the
optimal combination, length, and class of therapies for
any given cancer type and individual. This is the hope
of precision medicine, one that is quickly becoming a

Abbreviations

reality. Biomarkers are a crucial part of the precision
medicine approach, as they provide essential informa-
tion about an individual’s unique biological character-
istics, helping to tailor medical treatments and
interventions to specific patients. Machine learning
(ML), which allows computers to learn from data, can
be used to discover biomarkers. ML models retrieve
patterns in training data and connect those patterns to

AUC, area under the curve; DMCs, differentially methylated CpGs; TBP, tumors from Black Women; THA, tumors with high African
ancestry; TLA, tumors with low African ancestry; TWP, tumors from White women.
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classify samples in test data [l]. These models are
widely used in the development of biomarkers for
treatment outcomes, patient stratification, and drug
development, as well as in the identification of bio-
markers to predict various types of cancer, including
endometrial cancer [2].

Endometrial cancer (EC) is the most common gyne-
cologic cancer in the United States, with an estimated
67 880 new diagnoses and 13 250 deaths expected in
2024 [3]. While most cases occur in postmenopausal
women, approximately 20% of endometrial cancers
develop in premenopausal women. Important prognos-
tic factors include stage, depth of invasion, cell type,
and tumor size [2]. Endometrial cancer (EC) is a het-
erogeneous disease, classified into less aggressive sub-
types, known as Type 1, such as endometrioid
adenocarcinoma (stage IA, IB, IIA, IIB) with grade I
and II. The aggressive subtypes, known as Type 2,
include serous carcinomas and high-grade endome-
trioid adenocarcinomas (stage III, IV, and grade
I11, 1V) [4,5].

In addition to disease-based heterogeneity, signifi-
cant racial disparities exist in the risk of EC, with
White women showing highest rate of endometrial
cancer incidence and Asian women having the lowest
rate [6]. Furthermore, it has been observed that Black
women experience an 80% higher mortality rate com-
pared to White women, even after adjusting for tumor
histology/grade, tumor stage, age, and diagnosis
period [7-9].

Previous studies have reported race-specific bio-
markers due to differences in somatic copy number
alteration (sCNA), the number of somatic mutations,
and somatic signatures in tumors from Black and
White women [10,11]. Considering the genetic overlap
among various racial groups, where there is greater
genetic diversity within groups than between them
(93-95% vs. 3-5%, respectively) [12,13] studies exclu-
sively reliant on self-reported race may not be as reli-
able and obscure the performance of biomarkers,
resulting in a lack of clinical significance. Rather,
genetic ancestry, which is more accurately measurable,
provides a clearer understanding of the genetic factors
involved.

DNA methylation (DNAm), an important epigenetic
modification influencing gene regulation, can be influ-
enced by inherited DNA sequence variations as well as
a diverse array of environmental factors, including the
socioeconomic status, nutrition, and exposure to harm-
ful pollutants [14,15]. DNAm has been shown to vary
between racial groups across different types of cancer,
and many studies have utilized differentially methyl-
ated CpG sites (DMCs) as biomarkers for cancer
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detection due to their stability and efficient detection
using multiple assays [16—19]. Our previous work had
uncovered racial differences in DNA methylation that
revealed endometrial tumors from self-reported Black
women were hypervariable and hypomethylated com-
pared to tumors from White women [20]. Despite pre-
vious findings, the complex interplay between genetic
ancestry and DNA methylation patterns in endome-
trial tumors remains poorly understood, as race, being
a social construct, does not fully capture the genetic
influences involved.

In this study, we used machine learning to identify
epigenetic signature genes linked to endometrial cancer
in tumors from Black and White patients, considering
race and ancestry-specific changes in DNA methyla-
tion patterns. We propose that these signatures can be
used to develop prognostic models for personalized
treatment and endometrial cancer risk stratification,
which can help identify high-risk individuals and pre-
dict recurrence, progression, and response to treatment
in diagnosed patients.

2. Materials and methods

2.1. Sample source for biomarker discovery and
data preprocessing

We downloaded clinical and methylation data of 393
endometrial tumor samples (294 White samples and
99 Black samples) from The Cancer Genome Atlas
(TCGA) [21] using the TCGABiolinks package
(v2.18.0) [22]. The methylation data was produced uti-
lizing the Illumina Infinium Human Methylation 450
Beadchip (450 K array). The methylation levels were
quantified as beta values, calculated using the formula
Meth/(UnMeth + Meth),  wherein ~ ‘Meth’  and
‘UnMeth’ denote the intensities of methylated and
unmethylated probes, respectively, on the Illumina
450 K array. To reduce false positives, we excluded
probes affected by SNPs (those containing SNPs with
a minor allele frequency < 0.05), probes with missing
values, and cross-reactive probes (those that mapped
to multiple locations in the genome) [23]. To enhance
statistical interpretation, the beta values were trans-
formed into M values, calculated as log2 (B/1 — B)
[24].

2.2. Ancestry information

We extracted the ancestry data of each sample using
genomic ancestry calls provided by Carrot-Zhang
et al. [25], employing the computational methods out-
lined in their research. We combined the samples with
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ancestry information and methylation data using
patient IDs.

Briefly, the global ancestry of each TCGA patient in
the Carrot-Zhang et al. paper [25] was determined
using five independent classification methods: Wash-
ington University, University of California San Fran-
cisco (UCSF), University of Trento, Broad Institute,
and the Exome Aggregation Consortium (ExAC)
methods, each employing SNP array and/or exome
sequencing data.

In the Washington University method, Birdseed geno-
type files were converted to individual VCF files and
merged into combined VCFs. Ancestry estimates were
derived using PC1 and PC2 after conducting PCA,
implemented by PLINK 1.9 [26]. In the ucsF method [25],
ancestry calls were computed based on partition around
medoids (PAM) clustering of principal components
(PCs) generated from quality-controlled genotyping
files. In the University of Trento method, ancestry esti-
mates were generated using ETHSEQ [27]. In the Broad
Institute method, ancestral groups were defined using
the 1000 Genome cohort, and ADMIXTURE version 1.23
was used to estimate the percentage of global ancestry
[28]. The ExAC dataset’s ancestry calls were generated
through principal component analysis (PCA) of com-
mon exome SNPs, which stratified the exomic data into
principal components and identified major clusters
representing continental ancestry [29]. Finally, consen-
sus ancestry calls were determined based on the ances-
tral population that had the majority of assignments for
each sample using all methods. Tumor patients with a
main ancestry proportion below 80% or a secondary
ancestry proportion above 20% were classified as
admixed [25].

2.3. Identification of differential methylated
CpGs (DMCs) and pathway enrichment analysis

Differentially methylated CpGs (DMCs) analysis was
performed using the Linear Models for Microarray
Data (Limma) R package (v3.46.0) in tumors with low
African ancestry (TLA) (tumors with less than 80%
African ancestry) compared to tumors with high Afri-
can ancestry (tumors with greater than 80% African
ancestry) (THA). Our analysis specifically focuses on
tumor samples within each racial/ancestral group. How-
ever, due to the limited number of normal samples in
each group, tumor vs. normal comparisons were not
possible. DMCs with a false discovery rate (FDR) cor-
rected P value of 0.01 and an absolute log fold change
> (.5 were extracted [30]. DMCs with average methyla-
tion levels greater in TLA than THA were classified as
hypermethylated in TLA or hypomethylated in THA.
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Genome annotation of these DMCs was performed
using the Illumina protocol, that is, IlluminaHuman-
Methylation450kanno.ilmn12. hgl9. Functional enrich-
ment (Kyoto Encyclopedia of Genes and Genomes;
KEGQG) analysis for DMCs was performed using the
CLUSTERPROFILER package (v.4.2.2), with a false discov-
ery rate threshold of < 0.05.

2.4. Correlation of promoter-associated ESGs
with gene expression

We assessed the correlation of promoter-associated
DMCs with gene expression. Initially, we identified
promoter-associated CpGs and calculated the absolute
mean methylation differences (delta) between tumors
with high and low African ancestry, filtering CpGs
with a delta greater than 10% (n = 82 CpGs). Subse-
quently, RNA-sequencing data, along with clinical
information for the selected tumor samples, was
obtained from The Cancer Genome Atlas (TCGA)
using the TcGABIOLINKS package (v2.18.0) [22]. Raw
count data were normalized to log2-counts per million
(CPM) using the voom function [30]. We conducted
differential expression gene (DEGs) analysis compar-
ing TLA vs. THA using the EDGER-limma workflow
and filtered DEGs with Benjamini-Hochberg (BH)
adjusted P values < 0.05, resulting in 1853 statistically
significant differentially expressed genes. We extracted
DEGs showing statistically significant methylation dif-
ferences (71/82 genes) and conducted Pearson correla-
tion analysis, filtering CpG-gene pairs with [r] > 0.3
and adjusted P values < 0.05.

2.5. Identification of epigenetic signature genes
(ESGs) and Core-ESGs

The DMCs that showed statistically significant differ-
ences between Black and White women with EC
(Table S4) were extracted for racial information and
methylation values (M-values) for the subsequent clas-
sifier model building. The pandas package was
imported and categorical race values were one-hot
encoded as binary outcome using the pandas.get_dum-
mies  function  (https://pandas.pydata.org/pandas-
docs/stable/reference/api/pandas.get_dummies.html).

For all machine learning experiments performed in this
paper, we used Scikit-learn library (sklearn) and
Python and R programming language (R version
4.1.1). Sklearn use Numpy arrays so both predictors
(DMCs) and outcome (Race) variables were converted
into Numpy arrays. Data was randomly split into
training and test data using ‘train_test_split’ at an
approximate ratio of 70: 30. Finally, the variable
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values were centered and scaled using scikit-learn’s
StandardScaler (https://scikit-learn.org/stable/modules/
generated/sklearn.preprocessing.StandardScaler.htm)
which subtracts the mean of the values in a variable in
the training set and then divides it by the standard
deviation of those values. We use two-step hybrid fea-
ture selection technique to reduce the number of
DMCs into epigenetic signature genes (ESGs) and
Core-ESGs. In the first step, Recursive feature elimina-
tion (RFE) [31,32] wrapped in binary logistic regres-
sion was used for DMCs selection. Model
performance was evaluated after every DMC removal
and terminated when highest accuracy score was
found. Model prediction accuracy was selected by
plotting receiver operating characteristic (ROC) curves
and highest area under the curve (AUC) values from
the results of 10 cross-validations. To select the final
model for our ESGs, binary logistic regression models
were fitted to predict race (White/Black) using differ-
ent combinations of these RFE filtered DMCs values
as predictors, with a total of 8000 combinations tried.
In the second step, we performed a redundancy filter-
ing based on K-means clustering in R software, to
remove DMCs with similar information. We use both
Elbow and Silhouette method for number of clusters
(or K) selection. Clusters were visualized using the fac-
toextra R package function fviz_cluster(). We selected
15 closest neighbors using get.knnx() function from
FNN Rr package and final core-ESGs were selected
based on highest logistic regression odds. Binary logis-
tic regression was fitted to predict race using these
Core-ESGs and model performance was evaluated
using ROC like the one described above for ESGs. We
used drug-Gene Interaction Database (DGIdb,
http://www.dgidb.org) to find potential therapeutic
drugs.

2.6. Performance of epigenetic signature genes
(ESGs) based on disease type

To predict the performance of ESGs based on disease
type, we stratified the tumor samples into aggressive
and less aggressive subtypes. We classified the tumor
samples with primary diagnosis as endometrioid ade-
nocarcinoma (stage IA, IB, ITA, IIB) with grade I and
IT as less aggressive disease type (Type 1) and those
with primary diagnosis as Serous, Adenocarcinomas
and endometrioid adenocarcinoma (stage III, IV, and
grade III, IV) as aggressive subtype (Type 2). We then
fit logistic regression to predict aggressive and less
aggressive disease type using different combinations of
these RFE filtered 38 DMCs values as predictors. We

Epigenetic signatures reveal disparities in cancer

performed three different analyses where in the first
analysis we ran the model independent of race to
check how well it performs in separating aggressive
and less aggressive subtype. In second and third analy-
sis, we split Black and TWP samples into more aggres-
sive and less aggressive subtypes and evaluated their
performance in each group.

2.7. Visual performance of ESGs and core-ESGs
using unsupervised hierarchical clustering and
t-SNE

Unsupervised hierarchical clustering of endometrial
tumor samples based on ESGs and Core-ESGs was
performed using Euclidean distance and complete link-
age method with dist(), hclust() and cutree() functions
in R software. The Elbow and Silhouette method was
used for number of clusters (or K) selection. Clusters
were visualized using the factoextra R package function
fviz_cluster() and pheatmap R package. To confirm the
clusters identified, t-SNE analysis was performed using
TSNE from sklearn.manifold.

2.8. Overall survival analysis of ESGs and
core-ESGs

Overall survival data for each endometrial tumor sam-
ple used in the analysis was downloaded from the ucsc
XENA  Browser (https://xenabrowser.net/datapages)).
Overall survival was measured in days from the date
of diagnosis to either the date of death or the last
follow-up for living samples (Os.time). Tumor samples
from patients who died during the follow-up period
were coded as 1 (= dead), while those from patients
still alive at their last follow-up were coded as
0 (= censored) and stored in the variable vital_status.
The Cox proportional hazards regression model was
used for multivariate and univariate survival analyses.
The response variable was a Surv object containing
OS.time and vital_status, created using the Surv com-
mand. Ancestry proportions (low/high African) and all
core-ESGs were used as predictors.

For univariate analysis, the coxph from survival rR
package was used to analyze the association of methyl-
ation profile of each ESG with patient survival in each
tumor sample [33]. Any gene with P < 0.05 was con-
sidered as survival correlated ESG and can be used as
promising prognostic biomarker. For multivariate
analysis with core-ESGs, each predictor in the multi-
variate model was checked for violations of the pro-
portionality assumption using the function cox.zph
from the survival rR package.
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Table 1. Ancestry and clinical features of tumor samples used in the analysis.
European African African-admix
Clinical features women (%) women (%) (%) Missing_ancestry Total
BMI 286 (72) 65 (16.5) 33 (8.3) 9 393
<25%* 57 (19.9) 4(6.2) 1(3.04) 62
25-40%* 146 (51) 40 (61.5) 19 (57.57) 205
> 40*** 69 (24.1) 14 (21.5) 9(27.27) 92
BMI_not_reported 14 (5) 7 (10.8) 4(12.12) 25
Race 393
White (294) 284 (99.3) 1(0.35) 1(0.35) 9 286
Black (99) 2 (2.02) 64 (64) 32 (33) 98
Age (years)
<50 23 (8.0) 3 (4.61) 1(3.0) 27
50-64 123 (43) 29 (44.6) 15 (45.4) 167
> 65 139 (48.6) 33 (50.7) 17 (51.5) 189
Age_not_reported 1 NA NA 1
FIGO_Stage
| 181 (63) 31 (47.7) 21 (63.6) 233
Il 25 (8.7) 9(13.8) 3(9) 37
I 65 (22.7) 22 (33.89) 7 (21.2) 94
Vi 15 (5.24) 3 (4.6) 2 (6.0) 20
Histology
Endometrioid adenocarcinoma Not otherwise specified 208 (72) 43 (66) 19 270
(NOS)
Endometrioid adenocarcinoma, secretory variant 2 (0.7) NA NA 2
Papillary serous cystadenocarcinoma 4 (1.39) 1(1.53) NA 5
Serous cystadenocarcinoma, NOS 72 (25.1) 21 (32.3) 12 105
Carcinoma, undifferentiated, NOS NA NA 1 1
Adenocarcinoma, NOS NA NA 1 1
Grade
G1 46 6 6 58
G2 61 17 7 85
G3 170 41 20 231
High 9 1 NA 10
3. Results Africans (comprising 65% of self-reported TBP), while

3.1. Differential methylation analysis of
endometrial tumors in black and white women
based on ancestry

We analyzed genome-wide methylation data from a
total of 393 endometrial tumor samples. Among these
samples, 75% were from self-reported White women
(tumors from White patients — TWP), and 25% were
from self-reported Black women (tumors from Black
patients — TBP). The genetic ancestry and self-reported
race were matched in TWP (99% self-reported TWP,
with European ancestry). TBP exhibited a varied pro-
portion of African ancestry and were categorized into
two groups: African and African-admixed, based on
their proportion of African ancestry. Tumors with
greater than 80% African ancestry were designated as

those with an African ancestry proportion less than
80% were classified as African-admixed (constituting
33% of self-reported TBP). Patients with African
ancestry had a higher percentage of advanced-stage
samples (stage III and IV) compared to those with
African-admix and European ancestry (38.4% African
compared to 27.2% African-admix and 27.9% Euro-
pean). Clinical and ancestry details of samples are
given in Table 1.

To identify differentially methylated CpGs (DMCs)
in our tumor samples based on ancestry, we divided
the samples into two groups: high Africans (tumors
with greater than 80% African ancestry) and low Afri-
cans (tumors with less than 80% African ancestry).
Differentially methylated CpGs (DMCs) were identi-
fied between these two groups. We identified 471 sta-
tistically significant DMCs (Padj = 0.01; abs(logFC)
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Fig. 1. (A) Volcano plot for differentially methylated CpGs (DMCs) in TLA (tumors with less than 80% African ancestry, n = 319) versus THA
(tumors with greater than 80% African ancestry; n = 65). The x axis represents the log fold change and y axis represent —log10 false
discovery rate (FDR) adjusted P values. Significance thresholds are shown by red dotted lines (FDR adj P value = 0.01 (—log10(0.01) = 2)
and absolute log fold change greater than and equal to 0.5). A total of 471 differentially methylated CpGs (DMCs) were identified. Red dots
indicate hypermethylated CpGs in TLA compared to THA (total 325) while turquoise dots represent hypermethylated DMCs in THA relative
to TLA (total 146). Insignificant CpGs are shown in gray. Overall, THA showed more hypomethylation as compared to TLA (69% in THA vs.
31% in TLA tumor samples). (B) Distribution of DMCs in different genomic regions.

> (.5; Fig. 1A). Most DMCs were hypomethylated in
tumors from high African ancestry (69%) compared to
tumors with low African ancestry (31%). Approxi-
mately 27% of the DMCs had a log fold change
(10g2FC) greater than 1, indicating that these DMCs
had a greater than two-fold difference in methylation
levels between the two ancestral groups. The complete
list of DMCs is provided in Table S1. The
complete distribution of DMCs in different genomic
regions is shown in Fig. 1B.

We previously reported 704 DMCs between tumors
from Black and White patients based on self-reported
race [20]. We found that 67% of these DMCs were
shared between the self-reported race and ancestry,
while 33% were unique to this ancestry-specific analy-
sis (Fig. S1, Table S2). KEGG pathway analysis of
hypomethylated genes in tumors from high African
ancestry revealed enrichment in several pathways,
including the Wnt signaling pathway, retinol metabo-
lism, drug metabolism-cytochrome P450, Metabolism

of xenobiotics by cytochrome P450, Drug metabolism-
other enzymes, and Chemical carcinogenesis-DNA
adducts (Fig. 2).

In contrast, analysis of hypomethylated genes in
tumors from European ancestry revealed enrichment
in proteoglycans in cancer, the mTOR signaling path-
way, cellular senescence, oocyte meiosis, and the
AMPK signaling pathway (Fig. S2A). Notably, none
of these drug metabolism-related pathways identified
in this ancestry-specific analysis appeared in our previ-
ous race-based analysis, emphasizing the importance
of integrating ancestry into such analyses.

3.2. PCA reveals epigenetic heterogeneity in
African-admixed populations

PCA analysis reveals that African-admixed samples
exhibit diverse methylation profiles. Some samples
cluster closer to European samples, while others resem-
ble African samples. Additionally, certain samples
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Fig. 2. (A) Violin plot of significant differentially methylated CpGs (DMCs) between tumors with high African ancestral proportions (n = 65)
and tumors with low African ancestral proportions (n=319). CpG sites cg19933311, cg03150409, showed that as African ancestral
proportion increases the hypomethylation increases. The line in the center represents average methylation in each group. The whiskers
represent the upper and lower quartiles, extending to +1.5 times the interquartile range (IQR). Turquoise color is showing CpG sites in
tumors with African ancestry proportion < 80% i.e., Low_AFR samples and dark olive green is for tumors with African ancestry
proportion > 80% i.e., High_AFR. (B) KEGG pathway enrichment analysis of hypomethylated genes in THA. Pathways with FDR < 0.05 are
shown. Genes with hypomethylation in tumors from African women are enriched in drug metabolism pathways.

form distinct clusters, particularly those with PCI
values between 0.20 and 0.33 and PC2 values below 0
(Fig. S2B). These findings highlight the epigenetic het-
erogeneity within African-admixed populations, which
is influenced by varying proportions of African and
European ancestry. A comparison of methylation
beta values between African and African-admixed indi-
viduals shows that the median methylation value is
lower in African individuals (0.22) compared to
African-admixed individuals (0.44). However, these
differences did not reach statistical significance, likely
due to the small sample size (Fig. S2B).

3.3. Effects of DNA methylation on gene
regulation

To examine the correlation between methylation sites
and gene expression, we identified differentially
expressed genes (DEGs) in our tumor samples based on
ancestry by comparing the high African and low Afri-
can groups as described for the DMCs analysis. This
comparison revealed 1853 statistically significant DEGs

3602

(Padj < 0.05). Pre-ranked gene set enrichment analysis
(GSEA) of all expressed genes revealed downregulation
of genes associated with oxidative phosphorylation,
MTORCI signaling, cholesterol homeostasis, DNA
repair, and interferon gamma and alpha responses,
while genes linked to hedgehog signaling and KRAS
signaling DN (downregulated) were upregulated in
tumors from African women. Downregulation of cho-
lesterol homeostasis and MTORCI1 pathways, along
with upregulation of KRAS signaling DN, were novel
findings not observed in our previous race-based analy-
sis (Fig. S3 and Table S3).

The relationship between methylation and gene
expression in tumors from high and low African ances-
try was determined by extracting sites with absolute
mean methylation differences (delta) greater than 10%
within the promoter region. We identified 82 CpG-
gene pairs associated with a delta greater than 10 %
(Table S4A). We performed Pearson correlation
analysis between the 82 CpG-gene pairs and the differ-
entially expressed genes. This analysis identified 22
CpG-gene pairs with a statistically significant

Molecular Oncology 19 (2025) 3596-3612 © 2025 The Author(s). Molecular Oncology published by John Wiley & Sons Ltd on behalf of

Federation of European Biochemical Societies.



H. Asif and J. J. Kim

correlation between methylation and gene expression
values.

Integrating the results from our previous race-based
analysis revealed that the top significantly correlated
genes were C20rf43 (LDAH) and LINCO00667 consis-
tent with previous report [20]. Additionally, we identi-
fied 11 sites that were unique to this analysis
(Table S4B). One of the unique ancestry-specific
CpGs (cgl3648501) was found to be associated with
the NR3Cl1 gene, which codes for the glucocorticoid
receptor protein. This receptor is involved in the
human response to environmental stress. This gene is

Differentially methylated

analysis (DMCs)

DMCs filtering

Padj FDR 0.01, logFC > 1

Feature extraction

Redundancy filtering

Clustering
K-means clustering
Core —-ESGs(4)

Epigenetic signatures reveal disparities in cancer

hypomethylated in tumors with high African

ancestry.

3.4. Machine learning integration of racial and
ancestry-specific differential methylation CpGs
(DMCs) in EC

To integrate the differential methylation patterns iden-
tified in our previous study focusing on racial differ-
ences between Black and White women with
endometrial cancer into this ancestry-based analysis,
we employed a machine learning approach (Fig. 3).

Model Building
Binary Logistic regression

Final Model
38 ESGs

Quantitative measures of
Model Performance

Visualization of Model
Performance

Fig. 3. Schematic Diagram lllustrating Epigenetic signature genes (ESGs) and Core-ESGs Identification Methods.
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We utilized the DMCs identified in our previous race-
based analysis as input features for developing a pre-
dictive model [20].

Specifically, we trained a logistic regression classifier
model using the methylation m-values of the 704
DMCs obtained from 393 tumor samples, which
included 294 samples from self-reported White women
and 99 from TBP samples (Table S5).

3.5. Building a predictive multi-gene epigenetic
signature (ESGs) model using hybrid feature
selection technique

First, to correctly adjust the predictive model, we split
the standardized data into 70/30 training/validation
test sets and ran recursive feature elimination program
(RFE) of a Scikit-learn (sklearn) [34]. We ran Scikit-
learn Logistic Regression program with regularization
using L2 (Ridge) penalty, and sklearn.metrics for mea-
suring model performance. After RFE, we were left
with 38 DMCs (now referred to as epigenetic signature
genes (ESGs)). The model was validated using tenfold
cross-validation.

With these ESGs, an AUC of 98%, sensitivity of
100% and specificity of 97% were achieved. Higher
accuracy and sensitivity of the model suggest that
these ESGs are main drivers of CpGs variance and
can serve as predictors of differentiating TBP samples
from TWP samples (Table 2, Fig. 4A).

To test the ESGs in their accuracy to distinguish
between the two racial groups using ancestry, we
divided the samples into two groups. One group con-
sisted of tumors with predominantly African ancestry,
while the other included tumors with a mix of African
ancestry and European ancestry (African-admix).
Importantly, these samples were not categorized based
on disease aggressiveness (aggressive vs. less aggres-
sive). Using regularized logistic regression models, we
compared these groups. Interestingly, the markers
consistently performed well across all tumors in sepa-
rating whether they had predominantly African ances-
try or a mix of African and European ancestry
(Fig. 4B).

3.6. T-distributed stochastic neighbor
embedding (t-SNE) analysis

To support visual exploration potential of these ESGs,
we performed t-Distributed Stochastic Neighbor
Embedding (t-SNE) analysis. We began by using all
704 DMCs. The initial t-SNE analysis with all 704
DMC s divided the TBP and TWP into two clusters
(Fig. 5A). After the initial 704 DMCs t-SNE analysis,

H. Asif and J. J. Kim

we used ESGs. The overall pattern of tumor samples
separation with ESGs t-SNE analysis produced a very
similar view of the data further confirming that these
ESGs were performing well in subsetting important
structure in the data (Fig. 5B). We performed t-SNE
using this ancestry information and our results showed
no difference when compared with the t-SNE plots
obtained using self-reported race (Fig. S4).

3.7. Unsupervised hierarchical clustering of
tumor samples based on signature genes

Unsupervised clustering of tumor samples based on
signature genes showed near-perfect separation
between tumors. Most tumors with European ances-
try were clustered together in cluster 1, while tumors
with African and African-admix ancestry were
grouped in cluster 2, except for one African-admix
sample which clustered uniquely in cluster 3. This
sample had an aggressive disease type (serous cysta-
denocarcinoma stage 4) and had 52% African and
48% European ancestry (Fig. S5). Clustering based
on self-reported race showed a similar pattern. The
fine separation of samples into their respective groups
further confirms the potential of these genes as
markers associated with race and ancestry in endome-
trial tumor samples.

3.8. Performance of epigenetic signature genes
in a disease-stratified model by race and ancestry

To predict the performance of ESGs based on dis-
ease aggressiveness, tumor samples were stratified
into aggressive and less aggressive subtypes (see the
Section 2 for details of subtype stratification), then
regressed using a regularized logistic regression
model. AUC based on this disease-stratified model
was 0.70 for TWP samples while in case of TBP
samples the AUC dropped to 0.56. The model
achieved an AUC of 0.64 when more aggressive and
less aggressive samples were analyzed independent of
race (Fig. 6A). These results suggest that perfor-
mance of these markers according to the tumor
aggressiveness is better in TWP samples than the
TBP samples.

Next, we predicted the performance of ESGs based
on disease aggressiveness using different proportions
of African ancestry. In this disease-stratified model,
the performance of ESGs decreased as the percentage
of African ancestry increased (Fig. 6B). Model that
consisted mainly of African ancestry had poor perfor-
mance, compared to the performance observed in
European and African-Admix (Fig. 6B).
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3.9. K-means clustering based redundancy
. filtering to find Core-ESGs with prognostic
E% % % potential
E § é % In a subsequent step, to reduce redundancy between
55 B 5 neighboring ESGs with similar methylation patterns in
2 § § § £ t-SNE plots, we performed unsupervised K-means clus-
i tering to further refine and minimize the number of
ESGs. We identified three separate clusters. For filter-
2lnoy ing, we selected CpGs closest to the cluster centroid and
g § %r: S § with highest odd ratios based on logistic regression,
é §§§§ resulting in four potential core epigenetic signature
o genes (Core-ESGs) (cg19933311: TRPCS; cg09651654:
= APOBECI1; ¢g27299712: PLEKHGS; ¢g03150409:
g % WHSC1). To examine the relationship between Core-
<3| 58T § 3 ESGs and prognosis, we conducted an overall survival
g ‘g g ‘g A § analysis using both univariate and multivariate Cox
3 223 8| 2 proportional hazards regression models [35]. The multi-
IR variate analysis included ancestry proportions and
glggegae methylation values of Core-ESGs. Kaplan-Meier anal-
s §§5 S § ysis showed that decreased methylation levels of two
c|loaa>oa Core-ESGs i.e., APOBECI and PLEKHGS5 showed sta-
= tistically significant overall survival differences between
(%I tumors from Black and White women, considering
Q both race and ancestry (Likelihood ratio test; P
3 value = 0.006) (Fig. 7 and Fig. S6).
in)l o o
18555 N .
Sleggge 3.10. Relationship between methylation and
" admixture proportion
§ We performed a Pearson correlation analysis using the
oc)' methylation beta values of ESGs and the proportions
Q;'_’ of African and European ancestry. Interestingly, the
é':’l @ g(‘; < o rc?sults showeq that corg—ESG.s had a statistically sig-
§ % x § ,_,Q‘j izz) nlﬁcgnt negatlye gorrelahon with Afr1c.an ancestry pro-
S|o<omaw portions, indicating lower methylation levels with
o higher African ancestry. Conversely, the methylation
= beta values of core-ESGs increased with higher Euro-
;: pean ancestry proportions (Fig. S7 and Table S6).
c [ 3
Slez=te
elsnsss 3.11. Identification of potential drug targets
. within the ESG list
~ 2B S . . . .
CBAIY We identified nine ESG genes reported in DGIdb as
§ g§§§§ potential drug targets: TNFRSF25, TRPCS5, ADK,
FANCA, PSMD5, GPBARI, CDK11B, TCF7L2, and
|t oo NSD2. Among these, three genes (ADK, PSMDS5,
%é 5666565 and NSD?2) are approved as antineoplastic agents.
=
S AEEEEE 4. Discussion
H (@) D O 0O — I~
; 8 § %_? § § § Epigenetic modification, particularly abnormal DNA
E % % 273 % % methylation, which serves as a biomarker for variation
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Fig. 4. (A) Receiver Operator Characteristic curve analysis to differentiate Black endometrial tumor samples (n=99) from White
endometrial tumor samples (n = 294) using epigenetic signature genes (ESGs). (B) Receiver Operator Characteristic curve analysis using
epigenetic signature genes (ESGs) after incorporating ancestry. AUC was calculated separately for African versus European (n = 65 in each
group) and African-Admix versus European models (n = 33 in each group).
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Fig. 5. Race-specific biomarkers classification potential revealed by t-Distributed Stochastic Neighbor Embedding (t-SNE). (A) The full 704
DMCs matrix embedded using t-SNE. (B) t-SNE Embeddings of epigenetic signature genes (ESGs). Each point represents a tumor sample.
TWP samples (294) are shown in purple color and TBP samples (99) are in orange color. A total of 393 tumor samples are plotted.

in gene regulation, has great potential to transform the
diagnosis and treatment of different diseases, including
cancer [14]. Several studies have shown that DNA
methylation differences exist between major ethnic
groups, highlighting the potential contribution of epi-
genetic modifications to human phenotypic variation,

such as response to drugs and vulnerability to com-

mon diseases [14,36,37].

Considering the role of DNA methylation in cancer
and its potential applications in diagnosis and therapy,
our study combined machine learning and differential
methylation analysis to identify epigenetic signature

Molecular Oncology 19 (2025) 3596-3612 © 2025 The Author(s). Molecular Oncology published by John Wiley & Sons Ltd on behalf of

Federation of European Biochemical Societies.

3607



Epigenetic signatures reveal disparities in cancer

ESGs-Disease-stratified-Race

1.0
2
b 0.8~
(- 4
9 o.6-
]
0O 0.4-
o
5
0.2 |
= {1/ -~ AuC_white = 0.70
{37 ---- AUC_Black = 0.56
o.0- ¥ ---- No skill
I I I I I I
00 02 04 0.6 08 1.0

False Positive Rate

H. Asif and J. J. Kim

ESGs-Disease-stratified-Ancestry

1.0_ (R
el
] L
0.8 R A Aia.
1 X3
: 1
|.-“l 1 ’/,
m 1 I/
— N S
.2 0-6 :_l /l
II v
] 14
° 0.4 |ms==== ",yl *
o -
o |F 7 -
S g | —=- AUC_Afr_Admix = 0.60
) Je— r=0.
= Lo AUC_Afr = 0.19
t /=== AUC_Eur=0.63
0.0 ¥ ---- No skill
| | 1 | | |
00 02 04 0.6 0.8 1.0

False Positive Rate

Fig. 6. (A) Receiver Operator Characteristic curve analysis to differentiate aggressive endometrial tumor samples (n = 171) from less
aggressive endometrial tumor samples (n = 222) using epigenetic signature genes (ESGs) based on race (B) Ancestry-specific Receiver
Operator Characteristic curve analysis to differentiate aggressive endometrial tumor samples from less aggressive endometrial tumor
samples using epigenetic signature genes (ESGs) and ancestry. Black samples were split into two groups based on ancestral proportion (1)
African (TBP with greater than 80% African ancestral proportion; n = 65 (aggressive = 34, less-aggressive = 31)), (2) African-Admix (TBP
with less than 80%) African ancestral proportion (n = 33 (aggressive = 15; less-aggressive = 18)) and White samples with European

ancestry (n = 286 (aggressive = 118; less-aggressive = 168)).
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Fig. 7. Multivariate cox regression model of survival associated
core-ESGs (APOBEC1 and PLEKHGH). Tumors with a high
proportion of African ancestry (THA; n=65) exhibited worse
survival rates compared to those with a low proportion of African
ancestry (TLA; n= 319).

genes (ESGs) and core-ESGs with substantial discrimi-
natory power between Black and White women, incor-
porating genetic ancestry estimations. Overall, we
observed 99% European ancestry in TWP, while TBP
showed an admixture of African and European

3608

ancestry, highlighting the underlying genetic heteroge-
neity in TBP. Women with African ancestry had a
higher proportion of aggressive, advanced-stage sam-
ples than those with African-admixed or European
ancestry. However, this difference did not reach statis-
tical significance, likely due to the small number of
self-reported Black patients in TCGA. Further stratifi-
cation of self-reported Black into African and African-
admixed subgroups, along with cancer stage division,
further reduced statistical power. Our study is in
accordance with a previous report showing that Afri-
can ancestry is associated with aggressive tumors (both
serous and high copy number), although that study
was based on demographic, genomic, and clinical
data [38].

To determine ancestry-specific methylation differ-
ences in these tumor samples, we classified them into
high and low African ancestry groups. Our result
showed a higher percentage of genes with hypomethy-
lation in tumors with high African ancestry compared
to in tumors with low African ancestry (69% vs.
31%). Genomic DNA hypomethylation has been rec-
ognized as a hallmark of cancer and a contributing
factor in the generation of chromosomal instability by
initiating heterochromatic-euchromatic interactions,
which favor oncogenic transformation [39]. This hypo-
methylation may also contribute to the aggressive
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disease type observed in tumors with high African
ancestry. Our comparison with our previous self-
reported race-based analysis focusing on methylation
differences between these samples showed that 33% of
these DMCs are unique to this ancestry-specific
analysis.

Pathway enrichment analysis showed that the hypo-
methylated genes in tumors with high African ancestry
are mostly related to drug metabolism and chemical
carcinogenesis-DNA adducts. Our analysis is in agree-
ment with previous studies, indicating that genetic
diversity in drug-metabolizing enzymes in the African
population may contribute to drug-induced adverse
events and drug resistance reported in African popula-
tions compared to European populations [40,41].

We examined the relationship between promoter
hypermethylation and gene transcription using genes
associated with the promoter. We discovered that 22
CpG-gene pairs exhibited a statistically significant cor-
relation between methylation and expression. Notably,
out of these 22 pairs, 11 were unique to the
ancestry-specific analysis, differing from our previous
self-reported race-based analysis including the
ancestry-specific CpGs (cgl13648501) located in NR3Cl1
gene. Previous studies have shown that increased
methylation at specific sites of the NR3CI1 gene may
contribute to vulnerability to anxiety and other psy-
chopathologies and may moderate the effects of inter-
ventions on alcohol abuse development among African
American adolescents compared with Europeans
[42-45].

To shortlist potential methylation signature genes,
we screened all DMCs by integrating race and ancestry
using machine learning techniques. We used recursive
feature selection to filter candidate epigenetic signature
genes (ESGs). To evaluate the performance of ESGs
in separating tumor samples based on DNA methyla-
tion, we developed a comprehensive model (without
adjusting for disease phenotype) and a stratified
model. In our comprehensive model, the ESGs perfor-
mance was strongly correlated with self-reported race
and ancestry. However, in our disease-stratified model,
ESGs showed improved performance in tumor samples
with decrease African ancestry proportion, that is,
European, and African-admixed ancestry. One poten-
tial explanation for the relatively diminished perfor-
mance of our proposed ESGs in patients with African
ancestry is the increased underlying genetic diversity
and reduced linkage disequilibrium [46,47], which
likely contribute to greater methylation variability in
Black aggressive tumor samples compared to White
aggressive tumor samples, as highlighted in our previ-
ous analysis [20]. We then performed redundancy

Epigenetic signatures reveal disparities in cancer

filtering using unsupervised KMeans clustering to fur-
ther filter the Core-ESGs. Survival analysis based on
methylation values of Core-ESGs, that is, APOBECI
and PLEKHGS showed that tumors with high African
ancestry had poorer survival than tumors with low
African ancestry, which is in agreement with previous
studies on survival, where patients with increased
levels of African ancestry showed worse outcomes
[4,48]. Both PLEKHGS5 and APOBECI1 were previ-
ously suggested as valuable prognostic biomarkers and
potential anti-tumor targets for different cancers
[46,49]. PLEKHGS (Pleckstrin homology and Rho-
GEF domain containing G5) gene has been reported
to promote tumor cell migration and invasion [47]
while APOBEC1 (Apolipoprotein B mRNA editing
enzyme, catalytic polypeptide 1) was shown to exert its
oncogenic potential by triggering genetic alterations as
reported by a study on esophageal adenocarcinomas
[46].

4.1. Strengths and limitation

The major strengths of this study lie in integrating
both race and ancestry proportions of tumor samples
with machine learning techniques and leveraging large
datasets like TCGA to identify biomarkers for targeted
endometrial cancer treatments, whereas previous stud-
ies have solely relied on race. Unlike previous studies
that have compared tumor vs. normal samples, this
study focuses exclusively on tumor samples to explore
tumor-specific changes in these two ancestral/racial
groups. Although an in-depth in silico analysis was
performed to shortlist ESGs and Core-ESGs, the study
is limited by a small number of tumors from Black
women, which was further reduced when samples were
categorized into high and low African ancestry propor-
tions. Additionally, we have not yet located another
large dataset to further validate the performance of
these ESGs. Future research should focus on validat-
ing these markers in larger sample size, particularly
focusing on Black tumor samples, to fully understand
their clinical usefulness and to develop more effective,
ancestry-specific diagnostic tools.

5. Conclusion

Expanding on our previous research into methylation
markers, we employed machine learning techniques to
integrate ancestry into the differential methylation
analysis of TCGA data. By combining differential
methylation analysis and machine learning techniques,
we were able to shortlist highly robust and selective
DMCs (referred to here as ESGs and Core-ESGs) in
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Black and White women with endometrial cancer. Our
findings indicate that these ESGs can efficiently differ-
entiate between aggressive and less aggressive tumors
within the TWP, considering both self-reported race
and ancestry. However, their performance may be
more limited in TBP, particularly when integrating
genetic ancestral proportions. An increase in sample
size for TBP would be required. We confirmed our
previous finding of increased methylation hypervaria-
bility in Black women using ESGs in the disease-
stratified model. Methylation levels of ESGs showed
significant associations with survival outcomes, with
THA exhibiting decreased methylation linked to worse
overall survival (OS) compared to TLA. We proposed
that these novel signature genes can be used as poten-
tial therapeutic targets for diagnosis and treating Black
and White women with endometrial cancer and can
serve as novel race/ancestry biomarker for determining
the prognosis of patients with endometrial cancer.
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Fig. S1. Venn diagram showing shared and unique
DMCs from race and ancestry analyses.

Fig. S2. (A) KEGG pathway enrichment analysis of
hypomethylated genes in tumors from patients of
European ancestry. (B) Epigenetic Heterogeneity in
African-Admixed Populations. (Left) PCA analysis
reveals that African-admixed samples display diverse
methylation profiles, with some clustering closer to
European samples (blue), others resembling African
samples (red), and some forming distinct clusters (e.g.,
PC1 > 0.20 & PC1 <0.33 & PC2 < 0). (Right): Com-
parison of methylation beta values between African
and African-admixed individuals.

Fig. S3. Gene Set Enrichment Analysis of Differen-
tially Expressed Genes. Pathways with a P value < 5%
and FDR g¢-value < 25 are shown.

Fig. S4. (A) Comparison of t-SNE Embeddings of epi-
genetic signature genes (ESGs) using self-reported race
and ancestry (First model: European vs. African).
Each point represents a tumor sample. White tumor
samples (And European ancestry: 64 tumor samples)
are shown in orange color and Black tumor samples
(African ancestry: 64 tumor sample with > 80% Afri-
can ancestry proportion) are in purple color. A total
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of 128 tumor samples are plotted. (B) Comparison of
t-SNE Embeddings of epigenetic signature genes
(ESGs) using self-reported race and ancestry (Second
model: European vs. African-Admix). Each point rep-
resents a tumor sample. White tumor samples (and
European ancestry: 32 tumor samples) are shown in
orange color and Black tumor samples (African ances-
try: 32 tumor sample with < 80% African proportion)
are in purple color. A total of 64 tumor samples are
plotted.

Fig. SS. Unsupervised hierarchical clustering of endo-
metrial tumor samples based on methylation beta
values of ESGs. Black endometrial tumor samples
(Purple) and White endometrial tumor samples
(Green) are in rows. The dendrogram shows the
Euclidean distance between individual tumor samples.
Fig. S6. Multivariate cox regression model of survival
associated core-ESGs based on race (APOBECI and
PLEKHGS). TBP exhibited worse survival rates com-
pared to TWP.

Fig. S7. (A) Correlation of ESGs methylation with
African ancestry. (B) Correlation of ESGs methylation
with European ancestry. Correlations are color-coded,
with more significant ones in blue and significant ones
in red. Red boxes represent four potential core epige-
netic signature genes (Core-ESGs) (cgl19933311:
TRPCS5;  cg09651654:  APOBECI1;  cg27299712:
PLEKHGS; cg03150409: WHSC1).

Table S1. Differentially methylated CPGs (DMCs)
genes (Tumors from Low Africans (TLA) vs. Tumors
from High Africans (THA)).

Table S2. Common DMCs based on race and ancestry
analysis.

Table S3. Differentially expressed genes (DEGrs)
(Tumors from Low Africans (TLA) vs. Tumors from
High Africans (THA)).

Table S4. (A) CpGs-Gene pairs with absolute mean
methylation differences (delta) greater than 10%
within the promoter region. (B) Ancestry-specific
CpGs-Gene pairs with absolute mean methylation dif-
ferences (delta) greater than 10% within the promoter
region.

Table S5. Race-specific Differentially methylated CPGs
(DMCs) genes (Tumors from white vs. Tumors from
black).

Table S6. (A) Correlation of core-ESGs methylation
with African ancestry. (B) Correlation of core-ESGs
methylation with European ancestry.
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