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Abstract
Background

Endometrial cancer (EC) is a malignant neoplasm of the uterine epithelial lining. Triaptosis is a kind of
cell death induced by endosomal dysfunction due to PI3P depletion. Triaptosis is suggested to correlate
with EC, but the mechanism remains unclear. We aimed to identify triaptosis-related prognostic markers
in EC and reveal their mechanisms via bioinformatics..

Methods

Weighted correlation network analysis (WGCNA) screened triaptosis related genes (TRGs) in TCGA-
UCEC, defined as WGCNA-TRGs. Candidate genes (CGs) were derived by intersecting WGCNA-TRGs with
differentially expressed genes (DEGs) extracted from the TCGA-UCEC. Prognostic markers were
screened through univariate Cox proportional hazards model and LASSO regression. Prognostic model
was constructed and validated in TCGA-UCEC and validation set. A nomogram estimated independent
prognostic factors. Immune infiltration and gene set enrichment analysis (GSEA) profiled tumor-
infiltrating immune cells and related pathways..

Results

There were 110 CGs were identified and 4 prognostic markers (SDF2L1, STK26, TDRKH and USP18) were
determined. Prognostic model performed well in TCGA-UCEC and validation set. Both tumor stage and
risk score were validated as independent prognostic determinants, with the nomogram built upon these
two factors yielding robust predictive accuracy for patient prognosis. Among immune cell subsets,
several populations—most notably activated B cells—exhibited substantial abundance differences
across the high- and low-risk strata. There were common 12 pathways shared by prognostic markers.
Drugs like ZINC were commonly shared by prognostic markers.

Conclusion

SDF2L1, STK26, TDRKH, and USP18 were characterized as triaptosis-associated prognostic markers in
EC, offering a theoretical foundation for the development of targeted therapies.

1. Introduction

Endometrial cancer (EC), arising from the malignant transformation of the uterine epithelial lining,
typically presents with abnormal uterine bleeding; endometrial hyperplasia is widely regarded as its
precancerous lesion. It is associated with reproductive endocrine disorders, excessive estrogen
stimulation, early menarche, late menopause, and infertility[1]. EC typically arises under conditions of
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prolonged estrogen dominance, where estrogen induces mitogenic stimulation, ultimately leading to
malignant transformation of endometrial glandular epithelium[2]. Key risk factors include advanced age,
obesity, hypertension, and diabetes[3]. Visceral fat secretes adipokines that promote endometrial
hyperplasia and tumorigenesis, and adipose tissue serves as a source of mesenchymal stem cells
supporting tumor growth and progression[4], as well as the primary site of postmenopausal estrogen
synthesis via aromatase-mediated conversion of androgens to estrogen, underscoring the strong link
between obesity and EC[5]. Metabolic alterations in EC include aberrant cholesterol uptake and
increased fatty acid synthesis[6]. Additionally, changes in microbiota composition, immune cell profiles,
and inflammatory gene expression patterns significantly influence EC progression[7]. Estrogen
modulates the female reproductive microenvironment by enhancing Lactobacillus abundance and
lactate production[8] and may promote inflammation[9], while chronic inflammation, through free radical
formation, elevates DNA damage risk and correlates with endometrial cell proliferation[10]. Glycosylation
modifications of endometrial cell surface proteins, such as N-linked glycoproteins, regulate cell
proliferation and apoptosis in EC[11], whereas in healthy tissues, glycosylation facilitates embryo
positioning and trophoblast adhesion and invasion for successful implantation[12]. The heterogeneity of
EC histological subtypes and molecular phenotypes influences surgical and adjuvant therapy
choices[13], necessitating further research into pathogenesis and novel molecular targets to refine
classification and enable more efficient, personalized treatment.

Triaptosis, a recently identified cell death mechanism, is closely linked to endosomal dysfunction and
adverse cellular responses induced by oxidative stress. This pathway involves the inhibition of
phosphatidylinositol 3-kinase VPS34 (PIK3C3/VPS34) by oxidative stress, leading to depletion of
phosphatidylinositol triphosphate (PI3P)—a key lipid product catalyzed by VPS34—and ultimately
resulting in cell death[14]. As a lipid kinase, VPS34 functions as a key regulatory node linking autophagy
to glycolysis via lactylation, thereby facilitating both autophagy flux and endolysosomal transport[15].
Furthermore, VPS34 occupies a pivotal position in endosome-lysosome vesicle trafficking: PI3P
generated by its kinase activity directs the fate of derived vesicles, either routing them back to the
plasma membrane through recycling pathways or channeling them into the lysosomal degradation
system[16]. In the context of endometrial physiology and pathology, autophagy and cell death are key
players in various processes, such as eliminating senescent endometrial cells during the secretory and
menstrual phases[17] and facilitating endometrial stromal cell differentiation into epithelioid cells to
support pregnancy[18]. In EC progression, dysregulation of these pathways is evident; for instance,
overexpression of estrogen-related receptor a promotes glycolysis to limit pyroptosis, thereby enhancing
EC invasion and metastasis[19], while active components from lotus seeds induce mitochondrial
apoptosis and endoplasmic reticulum stress to trigger EC cell death[20]. Although research on Triaptosis
remains limited, existing evidence suggests its relevance: niclosamide treats EC by inducing autophagy
and lysosome-dependent cell death[21], and oxidative stress with ROS accumulation promotes
pyroptosis to inhibit EC growth[22]. Oxidative stress and the endosomal system are key aspects of
inositol trisphosphate-mediated apoptosis, suggesting a link to EC and potentially serving as important
targets for limiting EC progression.
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An integrated multi-omics analytical framework was applied to systematically uncover triaptosis-related
prognostic biomarkers in EC along with their underlying molecular regulatory mechanisms. Drawing on
transcriptomic data from EC patients available in the TCGA database, candidate prognostic biomarkers
were filtered through univariate Cox regression analysis and Least Absolute Shrinkage and Selection
Operator (LASSO) regression analysis. Furthermore, bioinformatics methods were applied to
comprehensively analyze the biological characteristics and functional mechanisms of these biomarkers
from multiple dimensions, including functional enrichment, immune microenvironment regulation, and
molecular interaction networks. Additionally, through targeted drug screening, this study evaluated the
potential therapeutic value of the prognostic biomarkers, providing new targets and theoretical support
for the clinical treatment of EC.

2. Materials and methods

2.1 Data source

The TCGA-UCEC dataset was downloaded from The Cancer Genome Atlas Program (TCGA) public
repository (http://cancergenome.nih.gov/), encompassing tissue specimens from 550 EC patients
alongside 35 matched samples collected from healthy controls. We further divided the 546 samples with
survival information by 3:7 ratio and took the 30% (383 samples) as validation set for prognostic model
validation. In addition, 21 triaptosis related genes (TRGs) were obtained from previous researches[23]
(Table S1) .

2.2 Weighted correlation network analysis (WGCNA)

Gene set variation analysis (GSVA) scores for TRGs were computed using the GSVA package (v 1.50.0)
[24], enabling quantitative comparison between EC and control groups within the TCGA-UCEC cohort at a
significance threshold of P < 0.05; the resulting data were subsequently visualized with the ggplot2
package (v 3.5.2)[25]. Subsequently, we conducted WGCNA analysis to obtain the related modules of
TRGs, using WGCNA package (v 1.7.1)[26]. First, we clustered the samples by Hclust function to remove
those outliers. Based on topology model and mean connectivity of WGCNA, we selected the best power
to construct scale-independence network by PickSoftThreshold function, scale-independent R2 value
(R2) > 0.85 and mean connectivity < 200. Modules were divided by blockwiseModules with
minModuleSize = 100. Next, we calculated the correlation coefficients (cor) and P value of modules and
TRGs scores, and selected key modules with cor > 0.3 and pvalue < 0.05. Genes assigned to the key
modules identified by WGCNA were collectively designated as WGCNA-TRGs.

2.3 Screening of differentially expressed genes (DEGs) and
candidate genes (CGs)
DEGs between EC patient samples and healthy controls were screened from the TCGA-UCEC dataset via

the DESeq?2 package (v. 1.42.2)[27], applying thresholds of |log,FC| > 1.5 and adjusted (adj.) P value <
0.05. The top 10 upregulated and downregulated genes, ranked by ascending log,FC, were displayed in a
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heatmap generated with ComplexHeatmap (v. 2.18.0)[28] and a volcano plot rendered with ggplot2 (v.
3.5.2). The overlap between WGCNA-TRGs and DEGs was subsequently determined using the
VennDiagram package (v. 1.7.3)[29], and the resulting intersection constituted the CGs for downstream
analyses.

2.4 Function enrichment analysis and acquisition of key
CGs

To delineate the potential biological functions of the CGs, Gene Ontology (GO) and Kyoto Encyclopedia
of Genes and Genomes (KEGG) enrichment analyses were carried out using ClusterProfiler (v. 4.10.1)[30]
at a significance threshold of P < 0.05. The GO analysis encompassed three principal categories:
biological process (BP), cellular component (CC), and molecular function (MF). The top five enriched GO
terms and KEGG pathways were ranked by ascending P value for visualization. PPl Networks among the
CGs were additionally retrieved from the STRING database (www.string-db.org), retaining only
interactions with a confidence score exceeding 0.4.

2.5 Screening prognostic markers

Candidate prognostic markers among the key CGs were filtered by univariate Cox analysis (P < 0.05, HR
# 1) combined with a PH assumption test (P > 0.05), both implemented via the survival package (v. 3.7.0)
[31]. The resulting Cox analysis outputs were presented as forest plots generated by the forestplot
package (v. 3.1.3)[32].

The LASSO regression model were conducted through ten-fold cross-validation and confirmed the
prognostic markers with coefficient # 0, based on minimum lambda value (lambda.min), using gimnet
package (v. 4.1.4)[33].

2.6 Prognostic model construction and validation

Based on the LASSO coefficient (Table S2), we calculated the risk score of each patient in TCGA-UCEC
and validation set by (i represented each sample) : Risk score = i Coefficient (LASSO)*Expression of

gene(i)

An optimal cutoff was applied to stratify patients from the TCGA-UCEC cohort and the external validation
set into high- and low-risk categories. Inter-group survival disparities were then quantified through K-M
survival analysis (P < 0.05) via the survival package (v. 3.7.0), and the discriminatory capacity of the risk
score was further assessed by ROC curves for 3-, 5-, and 7-year overall survival generated with the
survivalROC package (v 1.0.3)[34], where area under curve (AUC) > 0.6 was taken as the criterion for
adequate discrimination.

2.7 Nomogram of prognostic markers

Age, race, tumor stage, and the TCGA-UCEC-derived risk score were collectively evaluated through
univariate Cox regression (P <0.05, HR # 1) and a PH assumption test (P > 0.05) using the survival
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package (v. 3.7.0), with the aim of pinpointing clinically meaningful prognostic factors. Those meeting
the screening criteria were subsequently incorporated into multivariate Cox regression (P < 0.05, HR # 1)
alongside a PH test (P > 0.05) to confirm their status as independent prognostic contributors.

A nomogram incorporating the identified prognostic markers was developed with the rms package (v.
6.5.0)[35], drawing on the complete set of tissue samples available in the TCGA-UCEC dataset, so as to
quantify their individual and combined predictive contributions. The nomogram assigned scores to each
the independent prognostic factor. Aggregating individual item scores into a total point value allowed
estimation of the 3-, 5-, and 7-year probability of EC occurrence. The regplot package (v. 1.1)[36] was
further used to generate a calibration curve, enabling quantitative evaluation of how closely the model's
predictions aligned with actual clinical observations. Decision curve analysis (DCA) alongside ROC
curves (AUC > 0.7) were further applied to appraise the clinical net benefit and overall predictive
performance of the nomogram.

2.8 Gene set enrichment analysis (GSEA)

The KEGG gene set "c2.cp.kegg.v7.5.1.symbols.gmt" downloaded from the Molecular Signatures
Database (MSigDB)[37] served as the reference collection for examining pathway-level differences
between risk groups. Differential expression profiling of the TCGA-UCEC cohort was performed using the
DESeq2 package (v 1.40.2), and DEGs were ordered according to their log2FC values prior to GSEA.
GSEA was then carried out through the ClusterProfiler package (v 4.10.1), retaining results with [NES| > 1
and adj.P < 0.05. The five leading pathways in each risk group were displayed in descending order of
adj.P. The signaling pathways functionally linked to the prognostic markers were further characterized by
Spearman correlation analysis performed with the psych package (v 2.4.3); genes ranked in descending
order of their Spearman correlation coefficients were then subjected to GSEA, and the top five resultant
pathways were visualized in descending order of adj.P using the enrichplot package (v 1.22.0)[38].
Finally, the common pathways shared by prognostic markers were revealed using ggvenn package (v
0.1.10)[39].

2.9 Immune infiltration analysis

Infiltration abundance scores across 28 immune cell types[40] were computed by single-sample gene
set enrichment analysis (ssGSEA) and displayed as heatmaps through the pheatmap package (v 1.0.12)
[40] enabling side-by-side comparison of immune landscapes between risk groups. Immune cell subsets
exhibiting statistically significant differences between the high- and low-risk groups were then identified
by Wilcoxon test (P < 0.05) and graphically presented using the ggplot2 package (v 3.5.2). Within the
TCGA-UCEC dataset, pairwise Spearman correlation analysis—implemented via the psych package (v
2.4.3)[41]—was performed to quantify co-variation among differentially infiltrated immune cells and
between each prognostic marker and those immune cell subsets, retaining associations with |cor| > 0.3
and P < 0.05.

Immune dysfunction and immune exclusion within the tumor microenvironment (TME) were evaluated
using the Tumor Immune Dysfunction and Exclusion (TIDE) algorithm, with scores retrieved from the
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TIDE database (http://tide.dfci.harvard.edu/). Differences in TIDE-derived metrics between the high- and
low-risk groups were then compared at a significance threshold of P < 0.05.

2.10 Drug sensitivity analysis and drug target prediction

Per-patient median inhibitory concentration (IC50) values within the TCGA-UCEC cohort were predicted
by feeding drug sensitivity data from the Genomics of Drug Sensitivity in Cancer (GDSC) database into
the oncoPredict package (v 1.2)[42]. Between-group IC50 disparities were compared using the Wilcoxon
rank-sum test (P < 0.05), with distributions illustrated through the ggplot2 package (v 3.5.2)[43].
Candidate therapeutic agents for EC were identified by querying the Drug Signatures database (DSigDB)
[44] for compounds targeting the prognostic markers, with queries executed through the enrichR
package (v 3.2)[45]. The interaction relationships between prognostic markers and candidate drugs were
mapped into a network diagram using Cytoscape software (v 3.9.1)[46].

2.11 Statistical analysis

Statistical analyses throughout this study were carried out in R (v 4.3.1); between-group comparisons
relied on the Wilcoxon test, with P < 0.05 serving as the threshold for statistical significance.

3. Results
3.1. Acquisition of 4,253 WGCNA-TRGs

TRG-based GSVA scores differed markedly between EC and control groups (P < 0.001) (Fig. 1A), and an
optimal cutoff of 1.305393 enabled reliable stratification of samples into high- and low-risk groups (P <
0.05) (Fig. 1B). No outliers were detected, and a soft-thresholding power of 10 was selected as optimal
(Fig. 1C, D). Two modules — brown and turquoise — were designated as key modules and collectively
harbored 4,253 genes, which were defined as WGCNA-TRGs (Fig. 1E, F, Table S3, 4).

3.2 Acquisition of 110 CGs and functional enrichment
analysis

A total of 3,442 DEGs between EC and control groups in TCGA-UCEC dataset were obtained. Among
them, 2,039 genes, such as DKK4 and FGF3, were upregulated and 1,403 genes, such as PAEP and C7
were downregulated in EC samples compared with control samples (Figure.2A, B; Table S5).
Subsequently, 110 CGs were obtained by taking the intersection of WGCNA-TRGs and DEGs (Figure.2C,
Table S6) .

In GO enrichment analysis, 202 items were significantly enriched in BPs such as regulation of cell cycle
phase transition and ribonucleotide metabolic process; 42 items were significantly enriched in CCs, such
as mitochondrial inner membrane and cell cortex; 35 items were significantly enriched in MFs such as
monoatomic ion channel activity and actin binding (Figure.2D, Table S7). CGs were also significantly
enriched in 16 KEGG pathways, including fructose and mannose metabolism, tight junction, RNA
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polymerase etc. (Figure.2E, Table S8). These pathways were mainly associated with metabolism and cell
cycle, which suggested the function of CGs. A PPl network contained 51 core proteins and interactions
such as GAPDH-LDOA and FLNA-FERMT2, was constructed (Figure.2F)

3.3 Prognostic model of 4 prognostic markers performed
well

Univariate Cox model (P < 0.05) first screened out 16 genes passing the PH test (P > 0.05) (Figure.3A, B).
When log(lambda.min) = -3.3572, SDF2L1, STK26, TDRKH and USP18 were identified as prognostic
markers (Figure.3C, D; Table S9).

At the optimal cutoff of 0.02599047, TCGA-UCEC samples were partitioned into 177 high-risk and 206
low-risk patients (Table S10); applying a cutoff of -0.0145242 to the validation set yielded 77 high-risk
and 86 low-risk patients (Table S11). Across both cohorts, risk scores corresponded closely to survival
outcomes (Fig. 3E, F), and high-risk patients experienced markedly inferior prognosis relative to low-risk
counterparts in both TCGA-UCEC (P < 0.0001) and the validation set (P <0.001) (Fig. 3G, H). Prognostic
model performed well in prediction of overall survival in 3, 5, 7 years in both TCGA-UCEC (AUC > 0.7) and
validation set (AUC > 0.6) datasets (Fig. 31, J) .

3.4 Stage and risk score were the independent prognostic
factors

Tumor stage and risk score emerged as statistically significant risk factors in univariate Cox regression
(P < 0.05) validated by a Proportional Hazards (PH) test (P > 0.05) (Fig. 4A, B); their independence as
prognostic determinants was subsequently corroborated through multivariate Cox regression (P < 0.05)
with a PH test (P > 0.05) (Fig. 4C, D). In nomogram, when the total points of the two factors was 168, the
probability of death was 0.183, 0.264 and 0.314 in 3, 5, 7 years (Figure.4E). Calibration curves for the 3-,
5-, and 7-year time points tracked closely along the reference diagonal, indicating a high degree of
concordance between model-predicted probabilities and actual outcomes (Fig. 4F). In the DCA curve,
nomogram curve was higher than two extreme curves, suggesting good clinical efficacy of the model
(Figure.4G). Further, nomogram also exhibited high accuracy in prediction with AUC > 0.7 in 3, 5, 7 years
(Figure.4H).

3.5 Pathways and immune infiltration between high-risk
and low-risk groups

The most prominent pathway differences between high- and low-risk groups involved ribosome
biogenesis, cytokine-cytokine receptor interaction, and oxidative phosphorylation, collectively shedding
light on molecular mechanisms underlying EC onset (Fig. 5A). Among the 28 immune cell types profiled
across risk groups in the TCGA-UCEC cohort (Fig. 5B), 19 showed statistically significant differences,
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including, activated CD4 T cells, activated dendritic cells and activated B cells (P < 0.05) (Fig. 5C, Table
S12).

The strongest positive inter-cellular correlation was observed between macrophages and myeloid-
derived suppressor cells (MDSC) (cor = 0.83, p<0.001); conversely, type 2 T helper cells and CD56dim
natural killer cells were the sole pair exhibiting a significant negative correlation (cor = -0.36, P < 0.05)
(Fig. 5D). Regarding the associations between immune cells and prognostic markers, monocytes
demonstrated the highest positive correlation with SDF2L1 (cor = 0.43, p < 0.001) and the steepest
negative correlation with TDRKH (cor =-0.38, p < 0.001) (Fig. 5E, Table S13), suggesting that SDF2L1
may exert an antagonistic role relative to the other prognostic markers in modulating immune cell
activity.

Exclusion (cor=0.18, P =0.00051) and dysfunction (cor =-0.51, P < 0.001) were associated with risk
score while only the dysfunction was significantly lower in high-risk group (p < 0.0001), suggesting the
potential dysfunction and exclusion tendency. TIDE had no correlation with risk score and difference in
high-risk group, which indicated the slight probability of significant immunologic escape (Fig. 5F-H) .

3.6. Common pathways and drugs of prognostic markers

Specifically, there were pathways such as adherens junction enriched by SDF2L1, colorectal cancer
enriched by STK26, basal transcription factors enriched by TDKH and DNA replication enriched by USP18
(Fig. 6A-D, Table S14-17). There were 12 common pathways shared by prognostic markers (Fig. 6E, Table
S18), such as oxidative phosphorylation and cell cycle. Except cardiac muscle contraction, many
pathways negatively enriched by SDF2L1, which was totally contrary to other prognostic markers

(Fig. 6F) .

IC50 of 117 drugs, including AZD5991, GSK269962A etc., were notably different between high-risk and
low-risk groups (Fig. 6G, Table S19). Risk scores were positively correlated to 35 drugs and negatively
correlated to 8 drugs, such as UMI.77 showing the most significant correlation (Fig. 6H, Table S20).
Drugs prediction results showed, 115 drugs were identified, including 7646-79-9 and ZINC commonly
shared by prognostic markers, while there was no drugs predicted to target TDKH (Fig. 6l) .

4. Discussion

EC is a uterine malignancy arising from the epithelial lining[1], whose pathogenesis involves multiple
contributing factors including obesity[5], abnormal lipid metabolism[6], and dysregulated chemokine
signaling[47]. Triaptosis — an emerging mode of cell death driven by oxidative stress — has recently
attracted attention for its potential involvement in EC progression[14]. This study utilized transcriptomic
data from EC patients and integrated triaptosis-related genes to identify four key prognostic biomarkers
(SDF2L1, STK26, TDRKH, USP18) through bioinformatic analysis. A prognostic risk model was
established, through which the candidate biomarkers were found to potentially govern immune
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microenvironmental remodeling, metabolic reprogramming, and susceptibility to targeted therapeutic
interventions in EC.

SDF2L1 (Stromal cell-derived factor 2-like 1), a member of the stromal-derived factor family, is involved
in endoplasmic reticulum (ER) stress, prevents the aggregation of misfolded proteins[48], and regulates
metabolism. Its knockdown leads to increased glucose and triglyceride levels[49], while its expression
inhibits cancer cell proliferation, migration, and invasion[50]. ER stress induces oxidative stress and
autophagy[51], and SDF2L1 further participates in triaptosis through these processes[14]. ER stress-
mediated apoptosis is an effective therapeutic approach for EC[52]; for example, the bioactive
compound Wogonoside inhibits EC tumor growth and metastasis via ER stress[53]. Thus, targeting
SDF2L1 to modulate ER stress may engage triaptosis and other cell death mechanisms, exerting anti-
tumor effects. Additionally, impaired glucose metabolism accelerates EC progression promoted by
dyslipidemia[54], indicating that SDF2L1’s role in metabolic regulation may represent another avenue of
involvement in EC. In summary, as a key regulator of ER stress, SDF2L1 may exert anti-tumor effects by
suppressing misfolded protein aggregation and modulating glucose metabolism.

STK26 (Sterile 20-like kinase 26), classified as a serine/threonine protein kinase, phosphorylates
downstream signaling molecules to drive processes including cell proliferation, epithelial-mesenchymal
transition, cell death, and autophagy[55], while additionally governing immune cell polarization and
inflammatory responses[55]. Overexpression of STK26 has been documented across multiple cancer
types, where it sustains tumor cell survival through activation of autophagy-related signaling and
concurrent suppression of apoptotic pathways[56], a profile consistent with unfavorable clinical
outcomes. STK26 is also involved in oxidative stress, such as stabilizing ATF6 in the unfolded protein
response induced by oxidative stress[57], as well as in immune inflammation. In summary, STK26 may
be involved in regulating cell death processes such as phosphoinositide-mediated apoptosis through
oxidative stress, and is associated with adverse clinical outcomes in EC.

TDRKH (Tudor and KH domain-containing) is a conserved mitochondrial Tudor domain protein
expressed in immature oocytes, responsible for cleaving the 3' end of PIWI-interacting RNA (piRNA)
during its maturation[58]. piRNA regulates meiotic and post-meiotic gene expression, suppresses
harmful transposons to maintain DNA integrity, and promotes germ cell development[59, 60]. Reports on
the biological function of TDRKH remain scarce; however, the significantly enriched pathways identified
in this analysis point toward a putative regulatory role in cell cycle progression. Beyond this, mutations
affecting DNA mismatch repair pathway genes represent an established etiological factor in EC, and
aberrant upregulation of piRNA has been linked to enhanced tumor proliferation, migration, invasion,
growth, and distant metastasis[61]. These studies suggest that TDRKH may contribute to EC progression
by influencing piRNA function, and silencing TDRKH has been shown to inhibit EC proliferation and
invasion[62]. In summary, TDRKH may influence malignant transformation in EC by maintaining genomic
integrity and regulating the cell cycle. Studies indicate that aberrant piRNA upregulation is associated
with EC proliferation and invasion, and silencing TDRKH inhibits these processes|2].
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USP18 (Ubiquitin-specific protease 18) primarily removes ubiquitin or ubiquitin-like protein ISG15 from
substrate proteins, positively regulating innate antiviral immunity[63]. Elevated ISG15 levels in EC
promote G1/S phase transition and immune escape[64]. USP18 deletion triggers apoptosis and reduces
cancer cell growth[65], while oxidative stress downregulates USP18 to induce inflammation and disrupt
immune tolerance, promoting autoimmunity and cellular senescence[66], suggesting that USP18 may
participate in triaptosis by responding to oxidative stress. Members of the USP18 family can maintain
estrogen receptor a stability through deubiquitination activity, promoting adverse EC progression[67],
indicating that USP18's deubiquitination activity may play a similar role. In summary, USP18’s roles in
immune response, oxidative stress, and cell death may be linked to EC progression.

This study's GSEA results identified a set of nine significantly enriched pathways differentiating the high-
and low-risk endometrial carcinoma groups, most notably including ribosome and oxidative
phosphorylation pathways[68, 69]. The enrichment of the ribosome pathway underscores its critical role
in EC, where its biogenesis is essential for protein synthesis and cell growth, and its dysregulation is
linked to oncogenesis[68, 70]; our key prognostic biomarkers align with this, as SDF2L1 may reduce
ribosome numbers via ER stress[71], USP18 could modulate ribosomal activity through ISG15
conjugation[72], and TDRKH might influence it indirectly via piRNA processing[73]. Concurrently, the
enrichment of oxidative phosphorylation highlights its relevance to EC progression[69], a process
potentially regulated by SDF2L1 and STK26 through metabolic stress[51, 52], and interconnected with
USP18-mediated deubiquitination of IGF2BP3 that promotes a glycolytic shift[74].

Immune infiltration profiling revealed markedly divergent immune landscapes between the two EC risk
groups. Of note, monocyte and MDSC infiltration was substantially elevated in the high-risk group; both
cell populations are well-established drivers of immunosuppressive signaling within the tumor
microenvironment[75, 76]. In contrast, the low-risk group showed a higher infiltration level of Effector
memory CD4 T cells, indicating a more active and favorable adaptive anti-tumor immune response. This
differential immune landscape underscores the association between an immunosuppressive, pro-
tumoral milieu and poor prognosis in EC.

The observed immune phenotype is intricately linked to the dysregulation of core cellular processes
driven by the key prognostic biomarkers identified in this study—SDF2L1, USP18, and TDRKH. These
biomarkers converge on perturbing ribosome biogenesis/function and oxidative phosphorylation[68, 69],
which in turn reshape the immune microenvironment. For instance, SDF2L1, implicated in ER stress and
oxidative stress regulation[51, 52, 77], may promote a milieu conducive to the recruitment and
immunosuppressive function of MDSCs, whose activity relies on ROS and ER stress responses|[78].
Similarly, the positive correlation between monocytes and SDF2L1, along with the negative correlation
with TDRKH, suggests these biomarkers critically influence monocyte recruitment or polarization into
pro-tumor macrophages, a process exacerbated under tumor conditions[79, 80]. Simultaneously,
suppression of oxidative phosphorylation — likely attributable to the actions of these biomarkers —
contributes to diminished anti-tumor immune responses, a finding consistent with the observed
depletion of effector memory CD4 T cells in high-risk patients. Taken together, these results outline an
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integrated mechanistic axis in which biomarker-induced perturbations in ribosomal function and
metabolic reprogramming synergistically promote cancer cell expansion while cultivating an MDSC- and
monocyte-enriched immunosuppressive niche, ultimately accelerating EC progression and conferring
resistance to therapy[81, 82].

This study's drug prediction analysis, based on the common targeting of the key prognostic biomarkers
SDF2L1, STK26, and USP18, identified two potential therapeutic agents: Cobalt chloride and zinc (ZINC).

The prediction of these agents aligns with known mechanisms relevant to cancer therapy. Cobalt
chloride, a metal coordination compound, has been experimentally validated to suppress proliferation
across multiple cancer cell types, trigger apoptotic pathways, and arrest the cell cycle, collectively
reflecting its broad-spectrum anti-neoplastic activity[83]. Zinc, an essential trace element and cofactor
for numerous metalloenzymes, is vital for cell membrane repair, proliferation, growth, and immune
function[84]. Its role in cell death is highlighted by the ability of lysosomes to release zinc ions to trigger
mitochondrial-mediated apoptosis[85]. Notably, zinc deficiency has been negatively correlated with EC
risk, suggesting a protective effect[85]. Given the established roles of SDF2L1 and STK26 in oxidative
stress and cell death pathways, and USP18 in deubiquitination and proliferation, cobalt chloride and zinc
may exert therapeutic effects in EC by targeting these very mechanisms. Therefore, these
computationally screened agents represent promising candidates for further investigation as they may
influence EC progression by simultaneously targeting multiple prognostic biomarkers and regulating
critical cell death processes.

5. Conclusions

This study utilized an integrated bioinformatics pipeline to identify four triaptosis-associated prognostic
markers-SDF2L1, STK26, TDRKH, and USP18-in endometrial cancer, and constructed a prognostic model
that reliably stratified patients. The risk score and tumor stage were confirmed as independent
prognostic factors, and the derived nomogram exhibited robust predictive accuracy. Mechanistically,
these markers appear to orchestrate endoplasmic reticulum stress, oxidative stress responses, immune
microenvironment remodeling, and metabolic reprogramming, potentially converging on
triaptosis-related cell death pathways. The observed enrichment of immunosuppressive cells in the
high-risk group and the identification of common pathways and candidate drugs (e.g., cobalt chloride
and zinc) further underscore the translational potential of these findings. Nevertheless, the work remains
limited by its reliance on retrospective public datasets and computational predictions; functional
experiments and prospective cohorts are necessary to validate the mechanistic links and clinical utility.
Collectively, this study offers a novel triaptosis-centered prognostic framework for endometrial cancer
and highlights avenues for mechanism-driven therapeutics.
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Acquisition of WGCNA-TRGs. (A) TRGs scores between EC and control groups, *** represents P < 0.001.
(B) Kaplan-Meier (K-M) curve, showing the survival state and time. (C) Sample clustering in GSE57338,
cutHeight = 100. (D) Scale independence model and mean connectivity of power, R2 > 0.85 and mean
connectivity < 200. (E) Cluster dendrogram, minModuleSize = 100. (F) 5 modules with minModuleSize =
100 and mergeCutHeight = 0.3, key modules with cor > 0.3 and P < 0.05.
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Acquisition of candidate genes (CGs) . (A) Volcano plot and (B) Heatmap of differentially expressed
genes in EC. (C) Venn diagram of genes related to Triaptosis and DEGs in TCGA-UCEC, showing their
intersecting genes as CGs. (D) GO pathways and (E) KEGG pathways enriched by CGs. (F) PPI network of
CGs, different nodes represent distinct proteins and lines represent the potential interaction among each
genes.
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Determination of prognostic markers. (A) PH test of candidate prognostic markers. (B) Forest plot of
univariate Cox model. (C) Lambda selection plot, the horizontal axis symbolizes log (Lambda) values and
the vertical axis symbolizes regression cross-validation errors. (D) Coefficient Path Plot, showing
prognostic markers with coefficient z 0, when lambda.min = 0.0087. Risk score and survival time of
patients in (E) TCGA-UCEC and (F) validation set. Survival probability between high-risk and low-risk
groups in (G) TCGA-UCEC and (H) validation set. ROC curve of the survival rate in 3, 5, 7 years of (I)
TCGA-UCEC and (J) validation set.
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Figure 4

Stage and risk score were the independent prognostic factors. (A) PH test and (B) forest plot of
univariate Cox analysis. (C) PH test and (D) forest plot of multivariate Cox analysis. (E) Nomogram of
prognostic factors, where "Point" represents individual scores on the scale; "Total Point" represents the
combined score of the prognostic factors, "Pr" represents the probability of EC death. (F) Calibration
between the actual curve and predicted curve of nomogram. (G) DCA curves of the nomogram,
demonstrating good clinical efficacy. (H) ROC curves of the nomogram, demonstrating good predictive
performance.
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Figure 5

Pathways and immune infiltration between high-risk and low-risk groups. (A) The significantly different
pathways between high-risk and low-risk groups. (B) The proportions of 28 immune cells. (C) Different
immune cells between high-risk and low-risk groups. (D) Correlation among immune cells. (E)
Correlation between immune cells and prognostic markers. (F-H) Correlation of risk score with exclusion,
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dysfunction and TIDE, and their differences between high-risk and low-risk groups. * represents the
significant level, * P < 0.05, ** p < 0.01, *** p < 0.001, ns represents no significant difference.
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Figure 6

Common pathways and drugs of prognostic markers. Top5 pathways enriched by (A) SDF2L1, (B)
STK26, (C) TDKH and (D) USP18. (E) Venn plot of common pathways shared by prognostic markers. (F)
NES heatmap of common pathways, purple represent negative enriched, yellow represent positive
enriched. (G) Drug sensitivity between high-risk and low-risk groups. (H) Correlation between IC50 and
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risk scores, red represents positive-related, blue represents negative-related. (I) potential drugs targeting
prognostic markers. * represents the significant level, * P < 0.05, ** p < 0.01, *** p < 0.001.
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