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Abstract

Background: Endometrial cancer (EC) is strongly associated with metabolic disorders,
while glycolytic reprogramming contributes to tumor progression and adverse out-
comes. This study aimed to identify glycolysis-related prognostic genes and develop a
machine learning-based signature for EC risk stratification.Methods: Transcriptomic
and clinical data were obtained from The Cancer Genome Atlas. Glycolysis-related
genes were collected from KEGG, MSigDB, and Reactome. Differential expression and
univariate Cox analyses were used to identify prognostic candidates. Multiple machine
learning algorithms and combinations were evaluated to construct a prognostic model.
Functional enrichment, immune infiltration, somatic mutation, tumor mutational bur-
den, and drug sensitivity analyses were performed. Single-cell RNA sequencing datasets
GSE179640 and GSE173682 were analyzed to characterize CENPA expression across cell
types and its clinical relevance.Results: Among 5,990 differentially expressed genes, 99
overlapped with 290 glycolysis-related genes, and 16 were associated with overall sur-
vival. Among 117 model combinations, random survival forest plus generalized boosted
model generated a seven-gene signature comprising CLDN9, CENPA, GPI, TFF3, FBP1,
SPAG4, and AURKA. The 1-, 3-, and 5-year AUCs were 0.88, 0.81, and 0.84 in the train-
ing cohort and 0.73, 0.77, and 0.76 in the internal validation cohort, respectively. High-
risk patients had poorer survival and distinct pathway, immune, and genomic features.
Single-cell analysis showed heterogeneous CENPA expression, while elevated CENPA
was associated with advanced stage and poorer survival.Conclusions: The glycolysis-
related signature stratified EC patients by survival risk and was associated with distinct
biological features. CENPA emerged as a candidate prognostic biomarker requiring in-
dependent external validation and experimental investigation.

Keywords: Endometrial cancer; Glycolysis; CENPA; Machine learning; Prognostic signa-
ture; Single-cell RNA sequencing;

1. Introduction

EC is one of the most common gynecological malignancies in women, and its inci-
dence and mortality have continued to increase in recent years[1], particularly in devel-
oped countries[2]. According to the GLOBOCAN database of the International Agency
for Research on Cancer (IARC), approximately 420,242 new cases of EC and 97,704 EC-
related deaths were reported worldwide in 2022[3]. Although patients with early-stage
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EC generally have a favorable prognosis following surgical treatment, and considerable
advances have been made in radiotherapy, chemotherapy, endocrine therapy, and immu-
notherapy, clinical outcomes remain unsatisfactory for patients with advanced, recurrent,
or metastatic disease[4, 5]. Therefore, elucidating the molecular mechanisms underlying
EC initiation and progression and identifying biomarkers and therapeutic targets with
potential for clinical translation are of considerable importance.

Metabolic reprogramming is a hallmark of cancer, and aerobic glycolysis plays a piv-
otal role in sustaining tumor cell proliferation and malignant progression. Glycolysis not
only provides a rapid source of energy but also generates metabolic intermediates re-
quired for the biosynthesis of nucleotides, lipids, and other macromolecules[6]. Moreover,
glycolytic reprogramming can promote tumor progression through redox regulation, ep-
igenetic modifications, and remodeling of the tumor microenvironment. Accumulating
evidence suggests that aberrant glycolysis is closely associated with tumor invasion, ther-
apeutic resistance, and poor prognosis in gynecological malignancies[7, 8], while glucose
metabolic reprogramming represents one of the prominent metabolic alterations in EC.

Recent studies have further highlighted the critical role of glycolysis in EC develop-
ment and progression. Metabolic parameters derived from 18F-fluorodeoxyglucose posi-
tron emission tomography/magnetic resonance imaging (18F-FDG PET/MRI) can reflect
tumor metabolic activity in EC and have been associated with tumor risk and aggressive
clinicopathological features, including lymphovascular space invasion[9]. At the molec-
ular level, several regulatory networks, including
E2F1/TROAP,STAT3/LDHB/MDH2,FBXW7/ETV6/GLUT1,and IGF2BP3/MUC1/HIFE-
1a/ENO1, have been reported to promote EC progression by enhancing glycolysis or
reprogramming glucose metabolism[10-12]. In addition, lactate, a major product of gly-
colysis, can induce M2 macrophage polarization and contribute to the establishment of
an immunosuppressive tumor microenvironment, thereby further facilitating EC pro-
gression[13]. Collectively, these findings indicate that glycolytic reprogramming not
only contributes to the malignant phenotype of EC cells but also plays an important role
in shaping the tumor microenvironment.

Based on these observations, targeting glucose metabolism and its regulatory net-
works has emerged as a potential therapeutic strategy for cancer. A variety of glycolysis-
related molecules, including HK2, PFK1, LDHA, PK, G6PD, GLUT, and HIF-1a, have
been extensively investigated and have demonstrated potential as therapeutic targets[14].
However, current studies in EC have largely focused on individual metabolic enzymes or
specific signaling pathways, whereas the systematic integration of glycolysis-related
genes for prognostic assessment remains limited. In particular, robust glycolysis-related
molecular signatures for prognostic risk stratification in EC have yet to be fully estab-
lished.

Therefore, in the present study, we sought to systematically identify glycolysis-re-
lated genes associated with the prognosis of EC and to develop a prognostic model by
integrating multiple machine learning algorithms.We further characterized the biological
and immune features associated with different risk groups and investigated key candidate
genes using single-cell transcriptomic and clinicopathological analyses. Through these
analyses, we aimed to establish a robust glycolysis-related prognostic signature for risk
stratification, identify potential prognostic biomarkers, and provide further insights into
glycolytic reprogramming and its potential clinical implications in EC.

2. Materials and Methods

2.1. Data Sources and Processing
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Transcriptomic data and corresponding clinical information used in this study were
obtained from TCGA database. Transcriptomic profiles of EC, comprising 539 EC tissue
samples and 35 normal endometrial tissue samples, were downloaded for subsequent
analyses. Glycolysis-related genes were collected from the KEGG, the Hallmark gene sets
in the MSigDB, and the Reactome database. After integration and removal of duplicate
genes, a total of 290 glycolysis-related genes were retained for further analysis. In addi-
tion, the GSE179640 and GSE173682 datasets were obtained from the Gene Expression
Omnibus (GEO) database for scRNA-seq analysis and characterization of the cell type-
specific expression patterns of key genes.

2.2. Differential Expression Analysis

Differential expression analysis between EC tissues and normal endometrial tissues
was performed using the edgeR package in R. DEGs were identified based on fold change
(FC) and false discovery rate(FDR), with the significance thresholds set at [log2FC| > 1
and FDR < 0.05. The EC-related DEGs were then intersected with the 290 glycolysis-re-
lated genes to identify differentially expressed glycolysis-related genes in EC. These genes
were subsequently used for prognostic analysis and machine learning-based model con-
struction.

2.3. Identification of Prognostic Glycolysis-Related Genes

Clinical follow-up data from the TCGA(The Cancer Genome Atlas) cohort were inte-
grated with gene expression profiles. Univariate Cox proportional hazards regression
analysis was performed using the survival package in R to assess the associations between
differentially expressed glycolysis-related genes and OS in patients with EC. Genes with
p <0.05 were considered significantly associated with OS and were subsequently included
as candidate prognostic genes for machine learning-based model construction.

2.4. Construction and Validation of the Machine Learning-Based Prognostic Model

Based on the identified prognostic glycolysis-related genes, multiple machine learn-
ing algorithms were employed to construct prognostic models for EC, including Cox-
Boost, elastic net (Enet), survival support vector machine (survival-SVM), least absolute
shrinkage and selection operator (LASSO), partial least squares regression for Cox
(plsRcox), ridge regression, random survival forest (RSF), stepwise Cox regression (Step-
Cox), supervised principal components (SuperPC), and generalized boosted regression
model (GBM). Patients with EC in the TCGA cohort were randomly divided into a train-
ing cohort and an internal validation cohort at a ratio of 8:2. The training cohort was used
for model development and parameter optimization, whereas the internal validation co-
hort was used to assess model generalizability.

Using the Mime package in R, the aforementioned machine learning algorithms were
integrated in various combinations, resulting in a total of 117 candidate models[15]. Model
training and hyperparameter optimization were performed in the training cohort using
cross-validation, and model performance was subsequently evaluated in the internal val-
idation cohort. The concordance index (C-index) was used to compare the overall discrim-
inatory performance of the 117 candidate models, and the model showing favorable per-
formance across the training and internal validation cohorts was selected for subsequent
analysis. Time-dependent receiver operating characteristic (ROC) curve analysis was fur-
ther performed to evaluate the predictive performance of the selected model at predefined
time points.

Candidate genes were further ranked and selected according to their variable im-
portance scores derived from the optimal model, ultimately identifying the key genes con-
stituting the glycolysis-related prognostic signature for EC. Individual risk scores were
calculated based on the optimal model, and patients were stratified into high- and low-
risk groups using the median risk score derived from the training cohort as the cutoff. The
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association between the resulting prognostic signature and patient survival outcomes was
subsequently evaluated.
2.5. Functional Enrichment Analysis

To investigate the biological processes(BP) and molecular pathways potentially asso-
ciated with the glycolysis-related prognostic signature, Gene Ontology (GO) and KEGG
pathway enrichment analyses were performed using the cluster Profiler package in
R[16].GO enrichment analysis encompassed three categories: BP, cellular component
(CC), and molecular function (MF). In addition, gene set enrichment analysis (GSEA) was
performed to characterize differences in biological pathways between the high- and low-
risk groups, using the Hallmark gene sets from the MSigDB as the reference gene set.
Pathways or gene sets with p < 0.05 were considered statistically significant.
2.6. Immune Cell Infiltration Analysis

The CIBERSORT algorithm was used to characterize immune cell infiltration in EC
tissues and to compare differences in the immune microenvironment between the high-
and low-risk groups[17]. CIBERSORT was applied to estimate the relative abundances of
22 immune cell subsets, including different subtypes of T cells, B cells, and other immune
cell populations. Furthermore, the associations between risk scores and the infiltration
levels of individual immune cell types were assessed to explore the potential relationship
between the glycolysis-related prognostic signature and the immune microenvironment
of EC.
2.7. Somatic Mutation and TMB Analysis

Somatic mutation data in Mutation Annotation Format (MAF) for patients with uter-
ine corpus endometrial carcinoma (UCEC) were obtained from the TCGA database. TMB
was calculated as the number of nonsynonymous somatic mutations per megabase of the
coding region[18]. The maftools package in R was used to summarize, analyze, and visu-
alize the somatic mutation profiles[19]. Oncoplots were generated separately for the high-
and low-risk groups to characterize and compare the distributions of frequently mutated
genes between the two groups.
2.8. Drug Sensitivity Prediction

Potential sensitivity to candidate anticancer agents in patients with EC was predicted
based on data from the Genomics of Drug Sensitivity in Cancer (GDSC) database[20].
Drug sensitivity was predicted using the oncoPredict package in R based on phar-
macogenomic data from the GDSC database.The half-maximal inhibitory concentration
(IC50) of each drug was estimated based on the transcriptomic expression profiles of EC
samples, with a lower predicted IC50 value indicating greater predicted drug sensitivity.
Predicted IC50 values were compared between the high- and low-risk groups. In addition,
Spearman correlation analysis was performed to evaluate the association between risk
scores and predicted drug sensitivity.
2.9. Single-Cell RNA Sequencing Analysis

ScRNA-seq data from the GSE179640 and GSE173682 datasets were analyzed using
the Seurat package in R. Data processing was performed according to a standard scRNA-
seq analysis workflow, including quality control, normalization, identification of highly
variable genes, dimensionality reduction, cell clustering, and visualization. Batch effects
across different samples were corrected using the Harmony algorithm. Following dimen-
sionality reduction and clustering, Uniform Manifold Approximation and Projection
(UMAP) was used to visualize the cellular landscape. Cell types were annotated based on
the expression of canonical marker genes with reference to the PanglaoDB and Cell
Marker 2.0 databases. Subsequently, cell populations were further subjected to subpopu-
lation analysis to identify distinct cellular subclusters.
2.10. Association of CENPA Expression with Clinicopathological Characteristics and Survival
Outcomes
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The associations between CENPA expression and clinicopathological characteristics
were evaluated using data from the TCGA-UCEC cohort. The optimal cutoff value for
CENPA expression was determined using the surv_cutpoint function in the survminer
package based on OS data. Patients were subsequently stratified into high- and low-ex-
pression groups according to this cutoff. Kaplan—-Meier survival curves were generated,
and differences in OS between the two groups were evaluated using the log-rank test.
Patients were subsequently stratified into high- and low-CENPA expression groups ac-
cording to the optimal cutoff, and the association between CENPA expression and patient
survival outcomes was evaluated.

2.11. Statistical Analysis

All statistical analyses were performed using R software. Differences between two
groups were assessed using the Wilcoxon rank-sum test or Student's t-test, as appropriate.
Correlations between continuous variables were evaluated using Spearman or Pearson
correlation analysis, as appropriate. Survival curves were generated using the Kaplan-
Meier method, and differences in survival between groups were assessed using the log-
rank test. Cox proportional hazards regression analysis was performed to evaluate the
associations between candidate genes and survival outcomes. Unless otherwise specified,
all statistical tests were two-sided, and p < 0.05 was considered statistically significant.

3. Results
3.1. Identification of Differentially Expressed and Prognostic Glycolysis-Related Genes

Comparison of transcriptomic profiles between EC and normal endometrial tissues
identified a total of 5,990 DEGs(Figure 1a,b). A total of 290 glycolysis-related genes were
obtained by integrating gene sets from the KEGG, the Hallmark gene sets in the MSigDB,
and the Reactome database, followed by removal of duplicate genes. Intersection of the
5,990 DEGs with the 290 glycolysis-related genes identified 99 differentially expressed
glycolysis-related genes (Figure 1c).

Univariate Cox proportional hazards regression analysis further identified 16 candi-
date glycolysis-related genes significantly associated with OS in patients with EC (p <0.05;
Figure 1d). Comparison of the expression levels of these 16 prognostic glycolysis-related
genes between EC and normal endometrial tissues revealed marked differences for most
candidate genes (Figure le).

Among the 16 prognostic genes, 10 genes, including DEPDC1, LHX9, CENPA,
HMMR, PFKM, IRS2, CLDNY, GPI, PSMC4, and AURKA, had hazard ratios (HRs) > 1,
indicating that higher expression levels of these genes were associated with an increased
risk of death. Further integration of the differential expression patterns revealed that
AURKA, CENPA, CLDN9, DEPDC1, GPI, HMMR, and PSMC4 were upregulated in EC
tissues and had HRs > 1, suggesting that their elevated expression may be associated with
poorer prognosis in patients with EC.
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Figure 1. Identification of differentially expressed glycolysis-related genes and prognostic genesin 233
EC.(a) Heatmap showing the expression patterns of DEGs between EC and normal endometrial tis- 234
sues in the TCGA cohort. (b) Volcano plot of DEGs between EC and normal tissues. Red dots indi- 235
cate upregulated genes, blue dots indicate downregulated genes, and gray dots indicate genes with- 236
out significant differential expression. DEGs were defined as |1og2FC| >1 and FDR <0.05. (c) Venn 237
diagram showing the intersection between EC-associated DEGs and glycolysis-related genes, iden- 238
tifying 99 differentially expressed glycolysis-related genes. (d) Forest plot of univariate Cox regres- 239
sion analysis showing 16 glycolysis-related genes significantly associated with OS in patients with 240

EC. HRs and 95% confidence intervals (CIs) are shown. (e) Comparison of the expression levels of 241

the 16 prognosis-associated glycolysis-related genes between EC and normal endometrial tissues. 242
3.2. Construction and Validation of a Machine Learning-Based Prognostic Model for EC 243

Based on the previously identified prognostic glycolysis-related genes, multiple ma- 244
chine learning algorithms and their combinations were employed to construct prognos- 245
tic models for EC. The concordance indices (C-indices) of 117 candidate machine learn- 246

ing models were compared between the training cohort (Dataset 1) and the internal vali- 247
dation cohort (Dataset 2). Among these models, the integrated random survival forest 248
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and generalized boosted model (RSF+GBM) demonstrated favorable overall predictive
performance and was therefore selected as the optimal model (Figure 2a). Based on vari-
able importance derived from the optimal model, seven key prognostic genes were fur-
ther selected, including CLDN9, CENPA, GPI, TFE3, FBP1, SPAG4, and AURKA.

The prognostic performance of the RSF+GBM model was further evaluated using
time-dependent ROC curve analysis. In the training cohort, the areas under the ROC
curves (AUCs) for predicting 1-, 3-, and 5-year OS were 0.88, 0.81, and 0.84, respectively.
In the internal validation cohort, the corresponding AUCs were 0.73, 0.77, and 0.76, re-
spectively (Figure 2b), indicating that the model maintained good discriminatory perfor-
mance across different time points, with relatively stable predictive performance in the
internal validation cohort. Consistently, C-index analysis yielded values of 0.82 and 0.72
in the training and internal validation cohorts, respectively (Figure 2c). Specifically, the
time-dependent ROC curves for 5-year OS yielded AUCs of 0.844 and 0.759 in the train-
ing and internal validation cohorts, respectively (Figure 2d), further supporting the abil-
ity of the model to discriminate long-term survival outcomes in patients with EC.

Risk scores were subsequently calculated using the RSF+GBM model, and patients
were stratified into high- and low-risk groups. Kaplan—-Meier survival analysis demon-
strated significantly poorer OS in the high-risk group than in the low-risk group in both
the training and internal validation cohorts (Figure 2e). In the training cohort, patients in
the high-risk group had a significantly higher risk of death than those in the low-risk
group(HR=7.98,95%Cl:4.33-14.71, p < 0.001).A consistent survival difference was ob-
served in the internal validation cohort (HR=4.81, p <0.001). These findings indicate that
the glycolysis-related prognostic model effectively stratified patients with EC into
groups with distinct survival outcomes.

To further improve individualized prognostic assessment, age, tumor stage, and the
model-derived risk score were integrated to construct a prognostic nomogram for pa-
tients with EC (Figure 2f).The nomogram enabled individualized estimation of 1-, 3-,
and 5-year OS probabilities based on the risk score and clinical characteristics. Calibra-
tion curves were subsequently used to assess the agreement between nomogram-pre-
dicted and observed survival probabilities. The calibration curve for 1-year OS showed
close agreement between the predicted and observed survival probabilities, indicating
favorable calibration performance of the nomogram (Figure 2g).
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Figure 2. Construction and validation of the machine learning-based prognostic model for EC.
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(a) Comparison of the predictive performance of 117 machine-learning model combinations based
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on the C-index in the training (Dataset 1) and validation (Dataset 2) cohorts. The random survival
forest combined with generalized boosted regression model (RSF+GBM) showed favorable overall
performance and was selected as the optimal model. (b) Time-dependent area under the AUC val-
ues of the RSF+GBM model for predicting 1-, 3-, and 5-year OS in Dataset 1 and Dataset 2. (c) Com-
parison of the C-index of the RSF+GBM model between the two datasets. (d) Time-dependent ROC
curves evaluating the 5-year OS predictive performance of the RSF + GBM model in Dataset 1 and
Dataset 2. (e) Kaplan-Meier survival curves comparing OS between the high- and low-risk groups
stratified by the RSF+GBM-derived risk score in Dataset 1 and Dataset 2. (f) Nomogram incorporat-
ing age, tumor stage, and the model-derived risk score for predicting 1-, 3-, and 5-year OS in patients
with EC. (g) Calibration curve evaluating the agreement between nomogram-predicted and ob-

served 1-year OS probabilities.

3.3. Potential Biological Mechanisms Associated with the Risk Score

To further investigate the biological differences between patients with EC stratified
into different risk groups, differential expression analysis was performed between the
high- and low-risk groups. A total of 1,502 DEGs were identified, including 1,036 upreg-
ulated and 466 downregulated genes (Figure 3a). GO enrichment analysis was subse-
quently performed based on these DEGs. In the BP category, the DEGs were primarily
enriched in intermediate filament organization, intermediate filament-based processes,
keratinization, keratinocyte differentiation, and epidermal cell differentiation. In the cel-
lular component (CC) category, the enriched terms were mainly associated with inter-
mediate filaments and the intermediate filament cytoskeleton. In the MF category, the
DEGs were predominantly enriched in ion channel activity, transmembrane transporter
activity, protease inhibitor activity, and hormone activity (Figure 3b). These findings
suggest that the two risk groups may differ in cytoskeletal remodeling, epithelial differ-
entiation, and transmembrane transport processes.

KEGG pathway enrichment analysis further revealed that the DEGs were signifi-
cantly enriched in multiple hormone regulation- and metabolism-related pathways, in-
cluding hormone signaling-related pathways, retinol metabolism, fat digestion and ab-
sorption, steroid hormone biosynthesis, calcium signaling, cAMP signaling, thyroid hor-
mone synthesis, estrogen signaling, PPAR signaling, and cholesterol metabolism (Figure
3c). These findings indicate that risk stratification was accompanied by alterations in
hormone signaling, lipid metabolism, and other metabolic processes, suggesting that
these biological processes may be associated with the malignant phenotypes of EC re-
flected by the glycolysis-related prognostic signature.

GSEA was further performed to characterize differences in pathway activity be-
tween the high- and low-risk groups. The results showed positive enrichment of several
canonical cancer-related gene sets, including the G2M checkpoint, E2F targets, and
KRAS-related signaling, whereas WNT/[-catenin-related signaling exhibited negative
enrichment (Figure 3d). Collectively, these findings suggest that the two risk groups dif-
fer not only in metabolic and hormone-related processes but also in cell cycle regulation,
proliferation-associated transcriptional programs, and oncogenic signaling pathways,
providing further biological insights into the potential link between the glycolysis-re-
lated prognostic signature and clinical outcomes in EC.
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Figure 3. Differential expression and functional enrichment analyses associated with the glycol-
ysis-related prognostic risk signature in EC. (a) Volcano plot showing DEGs between the high-
and low-risk groups. Red dots represent upregulated genes, blue dots represent downregulated
genes, and gray dots represent genes without significant differential expression. (b) GO enrich-
ment analysis of the DEGs. The top enriched terms in BP, cellular component (CC), and MF cate-
gories are shown. (c) KEGG pathway enrichment analysis of the DEGs. Bubble size represents the
number of enriched genes, and bubble color indicates the statistical significance of enrichment.

(d) GSEA based on the Hallmark gene sets from the MSigDB. The bubble plot shows
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representative enriched Hallmark pathways, with bubble size indicating gene-set size and color

indicating the corresponding P value; representative enrichment curves are shown on the right.

3.4. Association Between the Glycolysis-Related Risk Score and Immune Cell Infiltration

To further investigate the association between the glycolysis-related prognostic sig-
nature and the tumor immune microenvironment in EC, the relative infiltration levels
of 22 immune cell subsets were estimated using the CIBERSORT algorithm. Considera-
ble heterogeneity in immune cell composition was observed across EC samples (Figure
4a). Comparison of immune cell infiltration between the high- and low-risk groups re-
vealed significantly lower infiltration levels of CD8+T cells and regulatory T cells
(Tregs) in the high-risk group (Figure 4b), indicating distinct immune infiltration pro-

files between patients with different risk stratifications.

Correlations among the different immune cell subsets were subsequently evalu-
ated. CD8+T cell infiltration showed a strong positive correlation with activated CD4+
memory T cells and a strong negative correlation with M0 macrophages. Although both
CD8+T cells and Tregs exhibited reduced infiltration in the high-risk group, the corre-
lation between these two cell populations was relatively weak, suggesting that their al-
terations within the tumor immune microenvironment may not occur in parallel (Figure
4¢).

Further correlation analysis revealed that the risk score was negatively correlated
with the infiltration levels of CD8+T cells and Tregs, with Tregs showing a relatively
pronounced negative correlation. In contrast, activated myeloid dendritic cells were
positively correlated with the risk score, whereas resting myeloid dendritic cells were
negatively correlated with the risk score. In addition, naive B cells, plasma cells, yd T
cells, M1 macrophages, eosinophils, and resting mast cells showed varying degrees of
positive correlation with the risk score (Figure 4d). Collectively, these findings indicate
that the glycolysis-related risk score is associated with distinct patterns of immune cell
infiltration in EC, suggesting that patients in different risk groups may exhibit distinct

tumor immune microenvironmental characteristics.
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Figure 4. Immune infiltration landscape and its association with the glycolysis-related risk score
in EC.(a) Relative proportions of 22 tumor-infiltrating immune cell subsets estimated using the
CIBERSORT algorithm in individual EC samples. Different colors represent distinct immune cell
populations. (b) Comparison of the relative abundance of 22 immune cell subsets between the
high- and low-risk groups. Statistical significance is indicated above each comparison. (c) Corre-
lation heatmap showing pairwise relationships among the 22 immune cell subsets. Red indicates

positive correlations, whereas blue indicates negative correlations; the intensity of the color
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reflects the strength of the correlation. (d)Correlation between the glycolysis-related risk score
and the abundance of significantly associated immune cell subsets. Red dots indicate positive

correlations with the risk score, whereas blue dots indicate negative correlations.

3.5. Genomic Alterations and Predicted Drug Sensitivity Across Risk Groups

To further characterize the genomic features of patients with EC across different
risk strata, somatic mutation profiles and TMB were analyzed using TCGA somatic mu-
tation data. Across the overall cohort, missense mutations were the most common type
of somatic alteration, followed by nonsense mutations, frameshift deletions, splice-site
mutations, and frameshift insertions. Among single-nucleotide variants (SNVs), C>T

transitions represented the predominant nucleotide substitution pattern (Figure 5a).

Comparison of somatic mutation profiles between the high- and low-risk groups
revealed broadly similar overall mutation types and distribution patterns, although dif-
ferences were observed in the mutation frequencies of several frequently mutated
genes. TP53 was the most frequently mutated gene in the high-risk group, with a mu-
tation frequency of approximately 51%, whereas PTEN was the most frequently mu-
tated gene in the low-risk group, with a mutation frequency of approximately 80% (Fig-
ure 5b). These findings suggest that the two risk groups may exhibit distinct mutation
patterns involving key cancer-associated genes, although the biological relationship be-
tween these genomic alterations and risk stratification requires further investigation.
TMB analysis showed comparable overall mutation burdens between the two groups,
with median TMB values of approximately 1.26 and 1.28 mutations/Mb in the high- and
low-risk groups, respectively, and no apparent overall difference was observed (Figure
5¢).

Potential differences in drug sensitivity between the two risk groups were further
evaluated based on the GDSC database, using predicted half-maximal inhibitory con-
centration (IC50) values as an indicator of drug response. The high-risk group exhibited
lower predicted IC50 values for AZD6482, doramapimod, and NU7441 than the low-
risk group. Consistently, risk scores were negatively correlated with the predicted IC50
values of these agents, suggesting that higher risk scores may be associated with greater
predicted sensitivity to these drugs. In contrast, the high-risk group exhibited higher
predicted IC50 values for Palbociclib, selumetinib, and trametinib, and risk scores were
positively correlated with their predicted IC50 values, suggesting relatively lower pre-
dicted sensitivity to these agents among high-risk patients (p < 0.05; Figure 5d). Collec-
tively, these findings indicate that the glycolysis-related risk stratification is associated
with distinct genomic alteration patterns and may also capture differences in predicted
drug responses, providing potential clues for further investigation of risk-adapted ther-

apeutic strategies in EC.
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genes. (b) Oncoplots showing the distribution and frequency of somatic mutations in the high-
and low-risk groups. Different colors represent distinct mutation types, and the bar plots indicate
the mutation frequencies of individual genes. (c¢) Distribution of tumor mutation burden in pa-
tients from the high- and low-risk groups. (d) Comparison of predicted drug sensitivity between
the high- and low-risk groups and correlation analysis between the glycolysis-related risk score
and the estimated sensitivity to selected therapeutic agents. Boxplots show differences in pre-
dicted drug response between risk groups, whereas scatter plots illustrate the correlations be-

tween risk scores and drug sensitivity.
3.6. Prioritization of CENPA and Its Single-Cell Expression Characteristics

To further characterize the cell type-specific expression patterns of candidate prog-
nostic genes within the EC tumor microenvironment, the GSE179640 and GSE173682
scRNA-seq datasets were obtained from the GEO database, comprising five EC samples
and three normal endometrial samples. Following quality control, data integration, di-
mensionality reduction, clustering, and cell type annotation, the cellular composition
and transcriptional characteristics of different cell populations were characterized at
single-cell resolution. Uniform Manifold Approximation and Projection (UMAP) anal-
ysis revealed relatively distinct clusters corresponding to different cell types, highlight-
ing the cellular heterogeneity of EC tissues. Further examination of CENPA expression
revealed that it was expressed across multiple cell populations, with relatively high ex-
pression levels in specific cellular subpopulations (Figure 6a). These findings indicate
heterogeneous CENPA expression across different cellular populations within the EC

microenvironment.

The preceding machine learning analysis identified seven key prognostic genes,
including CLDN9, CENPA, GPI, TFF3, FBP1, SPAG4, and AURKA. The ML.Coref-
eature.Prog.Screen function in the Mime package was subsequently used to evaluate
the selection frequency of candidate genes across different machine learning model
combinations. CENPA was frequently selected across multiple models and, together
with genes such as CLDN9 and GP], exhibited relatively robust feature selection across
different modeling approaches (Figure 6b). Considering the machine learning results,
its single-cell expression characteristics, and existing evidence regarding its biological
relevance?- 22, CENPA was selected as the primary candidate gene for subsequent anal-

yses to further investigate its potential biological and clinical significance in EC.
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Figure 6. Single-cell characterization and further validation of CENPA in EC.(a) UMAP visuali-
zation of major cell populations identified by scRNA-seq analysis in EC tissues (left) and the cell-
type-specific expression distribution of CENPA across the identified cell populations (right). Ma-
jor cell types included epithelial cells, ciliated epithelial cells, T cells, macrophages, myometrial
cells, fibroblasts, endothelial cells, and smooth muscle cells. (b) Screening frequency of the seven
key prognostic genes, including CLDN9, CENPA, GPI, TFF3, FBP1, SPAG4, and AURKA, across

the machine-learning model combinations.

3.7. Association of CENPA Expression with Clinicopathological Characteristics and Patient

Prognosis

To further evaluate the clinical significance of CENPA, its associations with patient
age, tumor stage, and OS were analyzed using the TCGA-UCEC cohort. Patients were
stratified into four age groups: <50, 50-59, 60-69, and =70 years. CENPA expression dif-
fered across age groups, with statistically significant differences observed in some pair-
wise comparisons. However, no consistent increasing or decreasing trend in CENPA
expression was observed with advancing age (Figure 7a), suggesting that the relation-
ship between CENPA expression and age may be complex and does not exhibit a clear

age-dependent pattern.

We next investigated the association between CENPA expression and tumor stage.
CENPA expression was significantly higher in patients with advanced-stage EC (FIGO
stages III-IV) than in those with early-stage disease (FIGO stages I-II) (p = 0.00013; Fig-

ure 7b). These findings demonstrate an association between elevated CENPA
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CENPA axprassian {legZ(TPM + 1])

expression and advanced tumor stage, suggesting that CENPA may be linked to more

aggressive clinicopathological features of EC.

Patients were subsequently stratified into high- and low-CENPA expression
groups according to the optimal cutoff value, and Kaplan-Meier survival analysis was
performed to evaluate the association between CENPA expression and OS. Patients
with high CENPA expression exhibited significantly poorer OS than those with low
CENPA expression (log-rank p = 0.0013; Figure 7c). Together with the preceding uni-
variate Cox regression results, these findings consistently demonstrate an association
between elevated CENPA expression and unfavorable survival outcomes, supporting

the potential utility of CENPA as a prognostic biomarker for EC.
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Figure 7. Association of CENPA expression with clinicopathological characteristics and progno-
sis in EC.(a) Comparison of CENPA expression among patients with EC in different age groups
(<50, 50-59, 60-69, and =70 years). Pairwise P values are indicated above the boxplots. (b) Com-
parison of CENPA expression between patients with early-stage (stage I-II) and advanced-stage
(stage III-IV) EC. CENPA expression was significantly higher in patients with stage III-IV disease
than in those with stage I-II disease ( p = 0.00013). (c) Kaplan—-Meier survival analysis comparing
OS between patients with high and low CENPA expression. Survival distributions differed sig-
nificantly between the two groups (log-rank p = 0.0013).
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4. Discussion

In this study, we integrated EC-related DEGs with glycolysis-related genes using
transcriptomic data from the TCGA-UCEC cohort and developed a glycolysis-related
prognostic model by combining multiple machine learning approaches. Seven key prog-
nostic genes, including CLDN9, CENPA, GPI, TFF3, FBP1, SPAG4, and AURKA, were
ultimately identified. The resulting RSF+GBM model demonstrated good discriminatory
performance in both the training and internal validation cohorts and effectively stratified
patients with EC into groups with distinct survival outcomes. Further functional enrich-
ment, immune infiltration, genomic alteration, drug sensitivity, and single-cell tran-
scriptomic analyses suggested that this risk signature was not only associated with patient
survival but also reflected multidimensional biological differences involving cell prolifer-
ation, metabolic reprogramming, hormone regulation, and remodeling of the tumor mi-
croenvironment.

Metabolic reprogramming is a fundamental hallmark of cancer. Enhanced glycolysis
provides rapidly proliferating tumor cells with both energy and biosynthetic intermedi-
ates and may also influence tumor progression through lactate accumulation, alterations
in redox homeostasis, and epigenetic regulation. EC is closely associated with metabolic
abnormalities, including obesity, diabetes mellitus, and insulin resistance, suggesting that
altered glucose metabolism may play an important role in its development and progres-
sion. In the present study, the glycolysis-related risk signature was significantly associ-
ated with OS, further supporting a potential link between dysregulated glucose metabo-
lism and aggressive biological behavior in EC. Importantly, the model developed in this
study was designed to predict survival outcomes and facilitate prognostic risk stratifica-
tion rather than to directly support the early diagnosis of EC. Therefore, its potential clin-
ical utility requires further validation in independent prospective cohorts.

Functional enrichment analyses provided additional insights into the potential bio-
logical basis underlying the glycolysis-related risk signature. DEGs between the high- and
low-risk groups were predominantly involved in intermediate filament organization, ke-
ratinization, epithelial cell differentiation, transmembrane transport, and ion channel-re-
lated processes, suggesting that cytoskeletal remodeling and alterations in epithelial phe-
notypes may accompany different prognostic risk states. KEGG analysis further revealed
enrichment of pathways associated with hormone regulation, retinol metabolism, lipid
metabolism, steroid hormone biosynthesis, and PPAR signaling. Given the pronounced
hormone responsiveness of endometrial tissue, these findings raise the possibility of
crosstalk between glycolysis-related metabolic alterations, hormone signaling, and lipid
metabolic networks in EC. GSEA further revealed positive enrichment of G2M check-
point, E2F target, and KRAS-related gene sets, whereas WNT/[3-catenin-related signaling
showed negative enrichment. Both G2M checkpoint and E2F-related programs are closely
involved in cell-cycle progression and proliferative activity. Thus, enhanced cell cycle-
associated transcriptional programs may partially account for the poorer survival out-
comes observed in patients with higher risk scores. Nevertheless, these enrichment anal-
yses reveal associations rather than causal relationships and do not establish that glyco-
lytic reprogramming directly drives alterations in these pathways.

Distinct immune infiltration patterns were also observed between the two risk
groups. CD8+T-cell infiltration was significantly reduced in the high-risk group and was
negatively correlated with the risk score, suggesting that the high-risk state may be ac-
companied by reduced cytotoxic antitumor immune activity. Interestingly, Treg infiltra-
tion was also decreased in the high-risk group and negatively correlated with the risk
score, indicating that the immune differences associated with risk stratification cannot be
simply characterized as conventional immunosuppression. In addition, activated den-
dritic cells were positively correlated with the risk score, whereas resting dendritic cells
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showed a negative correlation, suggesting alterations in immune cell composition and
functional states across different risk groups. Taken together, these findings are more con-
sistent with remodeling of the tumor immune microenvironment than with a unidirec-
tional increase in immunosuppression. Glycolytic metabolites, particularly lactate, have
been implicated in the regulation of T cells, macrophages, and dendritic cells. It is there-
fore plausible that metabolic reprogramming and immune microenvironmental altera-
tions interact in EC; however, this hypothesis requires further functional validation.

At the genomic level, the high- and low-risk groups exhibited broadly comparable
overall mutation profiles and TMB levels, although differences were observed in the fre-
quencies of several commonly mutated cancer-associated genes. TP53 mutations were
more frequent in the high-risk group, whereas PTEN mutations were more prevalent in
the low-risk group. Aberrant TP53 has been associated with genomic instability and ag-
gressive tumor phenotypes, whereas loss or dysfunction of PTEN is closely linked to
dysregulation of the PI3K/AKT signaling pathway. These findings suggest that the gly-
colysis-related risk signature may, at least in part, reflect the biological heterogeneity of
EC arising from distinct molecular backgrounds. However, because the independent or
causal relationships between individual mutations and the risk score were not specifically
evaluated in the present study, TP53 or PTEN alterations should not be interpreted as
direct determinants of risk stratification. Moreover, the absence of a marked difference in
overall TMB between the two groups suggests that the prognostic information captured
by the glycolysis-related risk model may not be primarily driven by the overall somatic
mutation burden.

Drug sensitivity prediction further suggested potential differences in therapeutic re-
sponse across risk groups. The high-risk group exhibited lower predicted IC50 values for
AZD6482, doramapimod, and NU7441, but higher predicted IC50 values for Palbociclib,
selumetinib, and trametinib. These findings suggest that risk score-based stratification
may potentially provide information relevant to differential drug response. However,
these results were computational predictions derived from GDSC data and transcriptomic
profiles and therefore cannot be considered equivalent to actual clinical responses to these
agents. Their potential therapeutic relevance will require validation in cellular and animal
models, as well as in real-world or prospective treatment cohorts.

Among the seven key prognostic genes identified in the present study, CENPA was
further prioritized as a candidate gene for detailed investigation. CENPA is a centromere-
specific histone H3 variant that plays an essential role in centromere identity, accurate
chromosome segregation, and mitosis. Aberrant CENPA expression has been reported in
multiple malignancies and has frequently been associated with increased cellular prolif-
eration, chromosomal instability, and unfavorable clinical outcomes. In the present study,
CENPA was upregulated in EC tissues, and elevated CENPA expression was significantly
associated with advanced tumor stage and poorer OS, consistent with the HR > 1 observed
in the preceding univariate Cox regression analysis. Single-cell transcriptomic analysis
further demonstrated that CENPA was expressed across multiple cellular populations,
with relatively high expression in specific subpopulations, Single-cell transcriptomic anal-
ysis further demonstrated heterogeneous CENPA expression across multiple cellular pop-
ulations within the EC microenvironment. Because CENPA expression was not restricted
to a specific cell population, however, the current findings do not support its interpreta-
tion as a malignant cell-specific marker in EC. Nevertheless, because CENPA expression
was not restricted to a specific cell population, the current findings do not support its
interpretation as an EC malignant cell-specific marker.

Importantly, the inclusion of CENPA within a glycolysis-related prognostic frame-
work does not establish that CENPA directly regulates glycolysis. Rather, the present
findings primarily support an association among CENPA, glycolysis-related
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transcriptional characteristics, and unfavorable clinical outcomes in EC. Given its estab-
lished role in cell-cycle progression and chromosome segregation, increased CENPA ex-
pression may accompany enhanced proliferative activity and the consequent increase in
metabolic demand. Alternatively, CENPA and glycolytic programs may be coordinately
regulated by shared upstream mechanisms, resulting in parallel changes during tumor
progression. Further mechanistic studies are therefore required to determine whether a
direct regulatory relationship exists between CENPA and glycolytic reprogramming in
EC.

Several limitations of this study should be acknowledged. First, the prognostic model
was primarily developed using the retrospective TCGA cohort and validated through an
internal split of the same cohort. A completely independent external clinical cohort was
not available, and the generalizability of the model therefore requires further evaluation.
Second, although scRNA-seq datasets were integrated to characterize the cellular expres-
sion pattern of CENPA, heterogeneity in sample sources, sequencing platforms, and clin-
ical characteristics across public datasets may have influenced the results. Third, several
potentially relevant confounding factors, including treatment regimens, molecular sub-
types, metabolic comorbidities, and other clinical variables, could not be comprehensively
incorporated into the model. In addition, the immune infiltration, drug sensitivity, and
pathway enrichment analyses were predominantly based on computational inference and
lacked experimental validation. Finally, the present study did not directly demonstrate
that CENPA participates in glycolytic reprogramming in EC. Its specific molecular func-
tions and potential regulatory relationship with glucose metabolism therefore warrant
further investigation using in vitro and in vivo experimental models.

5. Limitations

Several limitations of this study should be acknowledged. First, this study was based en-
tirely on publicly available datasets, including TCGA and GEO, and the sample sizes of
the included cohorts may limit the statistical power and generalizability of the findings.
Second, differences in sample characteristics, sequencing platforms, and data processing
methods across datasets may introduce potential heterogeneity and batch effects. Third,
although functional enrichment analyses and computational drug sensitivity assessments
provided insights into potential biological mechanisms and therapeutic implications,
these findings remain exploratory and cannot establish causal relationships or confirm
actual drug responses. Importantly, no experimental validation, such as quantitative real-
time PCR, Western blotting, or in vitro functional assays, was performed in this study.
Therefore, the findings should be interpreted with caution, and further validation using
larger independent cohorts and experimental investigations is necessary to establish their
robustness and biological relevance.

6.Conclusions

In conclusion, we developed and internally validated a machine learning-based gly-
colysis-related prognostic signature for EC that effectively stratified patients according to
survival risk. The risk signature was associated with distinct metabolic, cell cycle-related,
immune, and genomic characteristics. CENPA was further prioritized as a candidate
prognostic biomarker, with elevated expression associated with advanced tumor stage
and unfavorable survival outcomes. These findings provide a framework for further in-
vestigation of glycolysis-related prognostic heterogeneity in EC. Independent external
validation and experimental studies are required to confirm the clinical utility of the prog-
nostic signature and elucidate the biological role of CENPA in EC.
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Functional enrichment and pathway analyses were performed using the Kyoto Encyclopedia of
Genes and Genomes (KEGG; https://www.kegg.jp/), the Molecular Signatures Database (MSigDB;
https://www.gsea-msigdb.org/gsea/msigdb/), and Reactome (https://reactome.orgy/).

Drug sensitivity data were obtained from the Genomics of Drug Sensitivity in Cancer (GDSC) da-

tabase (https://www.cancerrxgene.org/).

Ethical Approval and Accordance: Not applicable.

Abbreviations

The following abbreviations are used in this manuscript:

EC Endometrial cancer

GEO Gene Expression Omnibus
TCGA The Cancer Genome Atlas

FDR false discovery rate

C-index  concordance index

ROC receiver operating characteristic
GSEA gene set enrichment analysis
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