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Abstract 

Uterine corpus endometrial carcinoma (UCEC) ranks as the most frequently diag-

nosed gynecologic malignancy and the second leading cause of gynecologic  

cancer-related mortality. Long non-coding RNAs (lncRNAs) have emerged as critical 

regulators of gene expression and tumor biology; however, their prognostic signifi-

cance in UCEC remains largely unexplored. To systematically identify survival- 

associated lncRNA biomarkers, we integrated clinical and transcriptomic data from 

two independent cohorts: TCGA-UCEC (548 tumor, 35 normal) and CPTAC-Uterus 

(102 tumor, 15 normal). Following upper quartile normalization and ComBat-based 

batch effect correction, differentially expressed lncRNAs (FDR < 0.01, |log2FC| > 2) 

were identified using Student’s t-test. The intersecting set of consistently dysregu-

lated lncRNAs from both cohorts was subjected to Cox proportional hazards regres-

sion to identify survival-associated candidates. Functional inference was performed 

through Spearman correlation with protein-coding genes and Gene Set Enrichment 

Analysis (GSEA) of KEGG pathways. A total of 550 lncRNAs were consistently down-

regulated and 148 were upregulated in UCEC across both cohorts. Cox regression 

identified 30 survival-associated lncRNAs (FDR < 0.01), all with elevated expression 

correlating with worse overall survival. The top two candidates, AC025811.3 and 

AC012354.6, showed significant stage-dependent expression patterns across FIGO 

stages I–IV and were functionally enriched in immune regulation and carbohydrate 

metabolism pathways. In conclusions, AC025811.3 and AC012354.6 represent novel 

candidate prognostic lncRNA biomarkers in UCEC. Experimental validation, including 

http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pone.0351323&domain=pdf&date_stamp=2026-06-12
https://doi.org/10.1371/journal.pone.0351323
https://doi.org/10.1371/journal.pone.0351323
http://creativecommons.org/licenses/by/4.0/
https://orcid.org/0000-0002-1264-2735
https://orcid.org/0009-0008-2736-5604
mailto:haojiang@scu.edu.cn


PLOS One | https://doi.org/10.1371/journal.pone.0351323  June 12, 2026 2 / 15

FISH-based tissue localization and staged quantification, and functional assays, is 

warranted to confirm their biological roles.

Introduction

Uterine corpus endometrial carcinoma (UCEC) is the most frequently diagnosed 
gynecologic malignancy and ranks second in gynecologic cancer mortality. In the 
United States, an estimated 67,880 new cases were diagnosed and 13,250 deaths 
were attributed to this disease in 2024 [1–4]. Notably, incidence and mortality rates 
have been steadily increasing. In contrast to improvements in survival for many 
other common cancers since the mid-1970s, survival outcomes for uterine corpus 
cancer have deteriorated. From 2007 to 2016, the mortality rate increased by 1.9% 
per year on average [5–7]. Significant disparities in 5-year relative survival are also 
evident across racial groups, with Black individuals experiencing poorer outcomes. 
These trends may be partially attributed to factors such as rising obesity rates, aging 
populations, and reduced use of combined menopausal hormone therapy [8–10]. 
However, the specific genomic alterations driving these adverse trends remain largely 
undefined, highlighting a critical gap in our understanding of uterine corpus cancer 
progression.

However, the specific genomic alterations driving these adverse trends remain 
largely undefined, highlighting a critical gap in our understanding of uterine corpus 
cancer progression [11]. Long non-coding RNAs (lncRNAs), defined as non-coding 
transcripts exceeding 200 nucleotides in length, were historically considered tran-
scriptional “noise”. However, recent research has revealed their significant regulatory 
potential, particularly in cancer [12]. leading to increased interest in lncRNAs as 
therapeutic targets. Aberrant expression, mutations, and altered methylation status 
of lncRNAs have been implicated in various cancer types. Indeed, several lncRNAs 
have been shown to play key roles in gynecologic malignancies, including breast and 
cervical cancers. For example, HOTAIR is upregulated in breast cancer, promoting 
invasiveness and metastasis by targeting chromatin repressor Polycomb proteins 
[13]. LINK-A mediates HIF1α stabilization, HIF1α-p300 interaction, and activation 
of HIF1α transcriptional programs, which promotes breast cancer glycolysis repro-
gramming and tumorigenesis [14]. Similarly, CCHE1 is significantly upregulated in 
cervical cancer tissues, and its depletion inhibits cervical cancer cell proliferation [15]. 
Further investigation revealed that CCHE1 physically associates with proliferating cell 
nuclear antigen messenger RNA, thereby enhancing its expression. Despite these 
advances, limited research has focused on tumor-related lncRNAs in UCEC. Thus, 
while lncRNAs are increasingly recognized as critical regulators in tumor initiation 
and progression, their specific mechanisms and functions in UCEC remain largely 
unexplored.

In this study, we aimed to identify survival-associated lncRNAs in uterine cor-
pus cancer using publicly available genomic data. The recent release of Clinical 
Proteomic Tumor Analysis Consortium (CPTAC) genomic data through the NCI’s 
Genomic Data Commons (GDC), including 322 cases from bronchus/lung, kidney, 
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and uterus, provides a valuable resource for this research. We specifically utilized 101 cases of uterine cancer within 
the CPTAC dataset. To minimize false positive findings, we also incorporated TCGA-UCEC (Uterine Corpus Endometrial 
Carcinoma) datasets, consisting of 560 uterine cancer cases. Using these combined datasets, we identified lncRNAs 
with altered expression in uterine cancer and subsequently prioritized those associated with patient survival. Finally, we 
predicted the potential biological functions of these survival-related lncRNAs.

Results

Batch effect correction and data normalization

To address experimental variations arising from differences in time, laboratory, and protocols (batch effects), we applied 
upper quartile normalization to the TCGA-UCEC and CPTAC-Uterus datasets. Spearman correlation analysis, visualized 
through heatmaps (Fig 1A), revealed distinct clustering of samples by dataset origin (TCGA vs. CPTAC), regardless of 
sample type, indicative of significant batch effects. To mitigate these effects and improve data comparability, we imple-
mented ComBat, a batch effect correction algorithm [16]. Following ComBat correction, Spearman correlations between 
TCGA-UCEC and CPTAC-Uterus samples were reduced (Fig 1B), demonstrating effective batch effect removal.

Expression profiles of protein-coding genes and lncRNAs

We then analyzed the overall expression profiles of protein-coding genes and lncRNAs within the normalized datasets 
(Fig 2). Protein-coding genes exhibited similar expression profiles in both TCGA-UCEC and CPTAC-Uterus, with a mean 
expression level of approximately 14 and a low squared coefficient of variation (approximately −2) (Fig 2A and 2C). These 
findings suggest that the majority of protein-coding genes are expressed at similar levels across samples, with minimal 
inter-sample variation. In contrast, lncRNA expression profiles differed significantly from those of protein-coding genes, 
although TCGA-UCEC and CPTAC-Uterus shared similar patterns. LncRNAs generally exhibited lower expression levels 
compared to protein-coding genes and displayed substantially greater inter-sample variation. This heightened variability in 
lncRNA expression may contribute to observed differences in patient survival outcomes.

Differentially expressed lncRNAs in UCEC

To identify lncRNAs differentially expressed between tumor and normal samples, we performed Student’s t-tests on the 
TCGA-UCEC and CPTAC-Uterus datasets. TCGA-UCEC comprised 548 tumor samples and 35 normal samples, while 
CPTAC-Uterus included 102 tumor samples and 15 normal samples. We defined differentially expressed lncRNAs as 
those with a false discovery rate (FDR) < 0.01 and an absolute log2 fold change > 2. In TCGA-UCEC, we identified 991 
downregulated and 475 upregulated lncRNAs in tumor samples (Fig 3A and 3B).

We then examined the overlap between differentially expressed lncRNAs identified in TCGA-UCEC and CPTAC-
Uterus. The overlap of downregulated lncRNAs was less than 60% between the two datasets (Fig 3C), and the overlap 
of upregulated lncRNAs was less than 40% (Fig 3D). Although these overlaps were statistically significant according 
to bootstrapping analysis, the relatively low concordance suggests a potentially high false positive rate for identifying 
tumor-related lncRNAs. This discrepancy may be attributable to the limited number of normal tissue samples, biases in 
sample populations, or other confounding factors. Therefore, we considered only the intersection of downregulated and 
upregulated lncRNAs from the two datasets as highly confident differentially expressed lncRNAs for subsequent analyses.

Survival-related lncRNAs in UCEC

To investigate the association between highly confident tumor-related lncRNAs and patient survival, we performed Cox 
proportional hazards regression analysis. Given the limited number of uncensored cases in the CPTAC-Uterus dataset (5 
out of 101), we focused our survival analysis on the TCGA-UCEC dataset. Cox regression models identified 30 lncRNAs 
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Fig 1.  Spearman correlation heatmap of samples (A) before and (B) after batch effect correction. The color scale represents the Spearman cor-
relation coefficient, as indicated by the color bar. Row side colors indicate the sample source: red for TCGA-UCEC and blue for CPTAC-Uterus.

https://doi.org/10.1371/journal.pone.0351323.g001
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Fig 2.  Expression profiles of protein-coding genes and lncRNAs in TCGA-UCEC and CPTAC-Uterus datasets, illustrating the relationship 
between mean expression and variability. The plots display the squared coefficient of variation (CV²) versus the mean expression (both on a log 
scale) for protein-coding genes and lncRNAs in TCGA-UCEC (A and B) and CPTAC-Uterus (C and D). These plots highlight differences in the distribution 
of expression levels and variability between the two gene classes (protein-coding and lncRNA) and across the two datasets.

https://doi.org/10.1371/journal.pone.0351323.g002
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significantly correlated with survival status, with a false discovery rate (FDR) < 0.01. Upregulation of all 30 survival-related 
lncRNAs was associated with poorer survival outcomes.

To visualize these associations, we stratified samples into two groups based on the median expression level of each 
lncRNA. Representative Kaplan-Meier survival curves for significant lncRNAs are shown in Figs 4, 5A and 5C.

Biologically functional analysis for survival-related lncRNAs

To elucidate the potential mechanisms of action for these survival-related lncRNAs, given that the biological functions 
of most lncRNAs remain largely unknown, we investigated the protein-coding genes correlated with their expression 

Fig 3.  Identification of differentially expressed lncRNAs between tumor and normal samples in TCGA-UCEC and CPTAC-Uterus datasets. 
Volcano plots display the relationship between log2 fold change and negative log10 FDR for lncRNA expression in TCGA-UCEC (A) and CPTAC-Uterus 
(B). Venn diagrams illustrate the overlap of downregulated (C) and upregulated (D) lncRNAs identified in the TCGA-UCEC (green) and CPTAC-Uterus 
(orange) datasets.

https://doi.org/10.1371/journal.pone.0351323.g003



PLOS One | https://doi.org/10.1371/journal.pone.0351323  June 12, 2026 7 / 15

Fig 4.  Kaplan-Meier survival curves for selected lncRNAs. Patients were stratified into high-expression (red) and low-expression (blue) groups based 
on the median expression level of the indicated lncRNA. The p-value for each comparison is indicated in the lower left corner of each plot.

https://doi.org/10.1371/journal.pone.0351323.g004
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patterns. AC025811.3 and AC012354.6, the two lncRNAs with the lowest false discovery rates (FDRs) in the Cox propor-
tional hazards regression models, were selected as representative models for biological functional analysis.

Kaplan-Meier survival analysis confirmed that median expression levels of both AC025811.3 and AC012354.6 effec-
tively separated patients into distinct survival groups (Fig 5A and 5C). Interestingly, AC025811.3 exhibited low expression 
in tumor tissues compared to normal tissues; however, higher expression of AC025811.3 within the tumor samples was 
associated with poorer prognosis (Fig 5B). Conversely, AC012354.6 showed higher expression in tumor tissues, and ele-
vated expression was correlated with decreased survival.

Since these lncRNAs lack functional annotation, we performed Gene Set Enrichment Analysis (GSEA) to predict their 
potential roles based on the protein-coding genes correlated with their expression. GSEA revealed shared enrichment of 
pathways related to immune system processes, including Graft-versus-Host Disease and Leishmania Infection, sug-
gesting a potential role in immune modulation within the tumor microenvironment (Fig 6A and 6B). Additionally, signifi-
cant enrichment was observed in pathways associated with Ribosome function and Amino Sugar and Nucleotide Sugar 
Metabolism, indicating a possible involvement in carbohydrate metabolism. While both lncRNAs showed enrichment in 
these pathways, the presence of distinct, less significantly enriched pathways hints at subtle functional differences. In 

Fig 5.  Detailed analysis of two survival-associated lncRNAs, AC025811.3 and AC012354.6. (A and C) Kaplan-Meier survival curves comparing 
patients with high (red) and low (blue) expression of AC025811.3 and AC012354.6, respectively. Dashed lines represent the 95% confidence intervals. 
(B and D) Box plots showing the normalized expression levels of AC025811.3 and AC012354.6 in normal and tumor tissues. In the tumor samples, red 
dots indicate lncRNA expression above the median, while blue dots represent expression below the median. Black dots represent expression levels in 
normal tissue samples.

https://doi.org/10.1371/journal.pone.0351323.g005
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summary, these findings suggest that AC025811.3 and AC012354.6 function through similar mechanisms, impacting 
both the immune system and carbohydrate metabolism, with potentially nuanced differences in their specific biological 
roles in UCEC.

Fig 6.  Gene Set Enrichment Analysis (GSEA) plots showing significantly enriched KEGG pathways associated with AC025811.3 (A) and 
AC012354.6 (B). The plots display the gene rank distribution for each pathway, along with the enrichment score (ES), normalized enrichment score 
(NES), and p-value.

https://doi.org/10.1371/journal.pone.0351323.g006



PLOS One | https://doi.org/10.1371/journal.pone.0351323  June 12, 2026 10 / 15

Stage-stratified expression analysis of AC025811.3 and AC012354.6

Stage-stratified analysis revealed significant associations between AC025811.3 and AC012354.6 expression and FIGO 
pathological stage (Fig 7). Box plot visualization of TCGA-UCEC data showed differential expression of AC025811.3 
across stages I–IV (Kruskal-Wallis test, p < 0.001), with pairwise comparisons indicating significantly lower expression 
in Stage I compared to Stage III (Dunn’s test, p < 0.01) and Stage IV (p < 0.001). Similarly, AC012354.6 exhibited signif-
icant stage-dependent variation (Kruskal-Wallis test, p < 0.001), with higher expression in Stage III compared to Stage I 
(p < 0.05) and Stage II (p < 0.01). Spearman correlation analysis confirmed positive associations between both lncRNAs 
and FIGO stage as a continuous variable (AC025811.3: rho = 0.18, p < 0.001; AC012354.6: rho = 0.24, p < 0.001), suggest-
ing that expression levels of both lncRNAs increase with disease progression. These findings support the potential utility 
of AC025811.3 and AC012354.6 as biomarkers for UCEC staging.

Discussion

This study set out to identify and characterize novel lncRNA biomarkers associated with patient survival in UCEC, employing 
an integrative approach that leveraged two independent, publicly available datasets: TCGA-UCEC and CPTAC-Uterus. A key 

Fig 7.  Expression levels of AC025811.3 and AC012354.6 across different pathological stages of uterine corpus endometrial carcinoma (UCEC). (A 
and B) Box plots showing the normalized expression levels of AC025811.3 (A) and AC012354.6 (B) stratified by FIGO pathological stage (Stage I, II, III, and 
IV) in the TCGA-UCEC dataset. Expression values are shown as log2-transformed FPKM. Statistical significance between stages was assessed using  
Kruskal-Wallis test followed by Dunn’s post-hoc test; ns, not significant; *, p < 0.05; **, p < 0.01; ***, p < 0.001. (C and D) Scatter plots illustrating the correla-
tion between AC025811.3 (C) and AC012354.6 (D) expression and FIGO stage as a continuous ordinal variable. Spearman’s rho and p-value are indicated.

https://doi.org/10.1371/journal.pone.0351323.g007
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methodological challenge in multi-cohort genomic analyses is the presence of systematic batch effects that may confound 
biological signal with technical variation. To address this, we applied upper quartile normalization followed by ComBat-based 
empirical Bayesian batch correction, a well-established approach for harmonizing expression data across platforms [24]. The 
rationale for requiring lncRNAs to be consistently dysregulated in both datasets was to minimize false positives inherent to 
single-cohort analyses, given the relatively small number of normal tissue samples in each cohort (35 in TCGA-UCEC; 15 in 
CPTAC-Uterus). This stringent cross-cohort validation yielded 550 downregulated and 148 upregulated lncRNAs in UCEC, 
representing a high-confidence set of differentially expressed candidates for further survival analysis.

From this refined set of tumor-related lncRNAs, we identified 30 lncRNAs whose increased expression correlated 
significantly with poorer overall survival outcomes in UCEC patients. Among these 30 survival-associated lncRNAs, 
AC025811.3 and AC012354.6 exhibited the lowest false discovery rates (FDRs) in the Cox regression models, suggest-
ing their strong potential as prognostic biomarkers. Due to the lack of direct functional annotation for these lncRNAs, 
we employed Gene Set Enrichment Analysis (GSEA) of their positively correlated protein-coding gene sets to infer their 
potential biological roles.

GSEA of protein-coding genes correlated with AC025811.3 and AC012354.6 revealed shared enrichment in immune- 
related pathways, including Graft-versus-Host Disease and Leishmania Infection, as well as carbohydrate metabolism 
pathways. The enrichment in immune pathways is consistent with the established notion that the tumor immune micro-
environment plays a pivotal role in UCEC progression and patient prognosis. Immune evasion and dysregulated immune 
cell infiltration have been linked to poor outcomes in endometrial cancer, and lncRNAs have been increasingly recognized 
as modulators of immune gene expression in various malignancies. The metabolic enrichment is also biologically plau-
sible, as aerobic glycolysis (the Warburg effect) is a hallmark of cancer metabolism, and lncRNAs such as HOTAIR and 
MALAT1 have been shown to regulate metabolic reprogramming in gynecologic cancers. It is important to note, however, 
that these GSEA results are inferential and based on co-expression patterns rather than direct functional evidence. The 
pathway associations therefore represent testable hypotheses for future experimental validation rather than established 
mechanistic conclusions.

A comprehensive literature review revealed a limited understanding of the functional roles of AC025811.3 and 
AC012354.6. While no previous studies have specifically investigated AC025811.3, our findings highlight its significant 
potential as a novel biomarker in UCEC, particularly given its near-complete absence in tumor tissues and its strong asso-
ciation with poor prognosis when expressed. The inverse correlation between AC025811.3 expression and patient survival 
presents a compelling avenue for future investigation.

Interestingly, previous studies have implicated AC012354.6 in glucose metabolism. A study on glycemic trait loci in 
China identified a significant association between the rs12712928 variant and the expression level of AC012354.6 [17], 
suggesting a potential role for this lncRNA in regulating fasting glucose levels. Furthermore, AC012354.6 has been shown 
to exhibit higher expression levels in mature β-cells compared to in vitro-differentiated insulin-positive β-like cells [18]. 
Varshney, Scott [19] identified an eQTL variant within AC012354.6 that was significantly associated with both type 2 diabe-
tes and glycemic traits, based on RNA-seq data from pancreatic islets of 112 individuals. These collective findings strongly 
suggest that AC012354.6 plays a role in glucose metabolism and potentially in the pathogenesis of type 2 diabetes.

Searching lncRNA-related databases, including LncRNADisease [20] and Lnc2Cancer [21], did not yield any direct 
functional annotations for either AC025811.3 or AC012354.6, highlighting the novelty of our findings and the need for 
further investigation. However, analysis of miRNA-lncRNA interactions using DIANA-LncBase v2 [22] predicted several 
potential miRNA binding partners for both lncRNAs, including miR-203b and miR-3618 for AC025811.3 and miR-494 and 
miR-6738 for AC012354.6. These predicted interactions suggest potential mechanisms by which these lncRNAs could 
regulate gene expression through competitive binding of miRNAs.

We acknowledge several important limitations of this study. First, our findings are exclusively based on bioinformatics 
analysis of publicly available TCGA-UCEC and CPTAC-Uterus datasets, and experimental validation has not yet been 
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performed. To substantiate the differential expression claims, fluorescence in situ hybridization (FISH) analysis should 
be conducted to directly visualize the subcellular localization and expression levels of AC025811.3 and AC012354.6 in 
paired non-cancerous and cancerous uterine tissue specimens. FISH would provide spatial resolution of lncRNA expres-
sion at the single-cell level and help confirm the bioinformatically predicted differential expression patterns in a histologi-
cal context. Second, the current analysis does not stratify lncRNA expression across the different pathological stages of 
UCEC (FIGO stages I–IV). A comprehensive stage-wise quantification of AC025811.3 and AC012354.6 expression using 
quantitative RT-PCR or RNA-seq in a clinically annotated tissue cohort would be essential to determine whether expres-
sion levels correlate with disease progression and could serve as a staging biomarker. Third, while the integration of two 
independent cohorts (TCGA-UCEC and CPTAC-Uterus) improves the robustness of our findings relative to single-dataset 
analyses, reliance solely on in silico approaches remains insufficient to establish causal relationships. Future experimen-
tal studies—including in vitro functional assays (e.g., knockdown and overexpression of AC025811.3 and AC012354.6 in 
UCEC cell lines) and in vivo xenograft models—are warranted to confirm the biological significance of these lncRNAs. 
Taken together, the experimental validation outlined above, particularly FISH-based localization studies and  
stage-stratified expression profiling, will be critical for elevating our current bioinformatics-driven findings to a level of 
mechanistic and clinical significance.

Conclusions

In summary, this integrative bioinformatics study identified AC025811.3 and AC012354.6 as candidate survival-associated 
lncRNAs in UCEC, with elevated expression correlating with poor prognosis in the TCGA-UCEC cohort. Stage-stratified 
expression analysis further revealed that both lncRNAs show differential expression across FIGO stages I–IV, suggest-
ing potential utility as staging biomarkers. Functional inference through GSEA points to roles in immune modulation and 
metabolic reprogramming within the tumor microenvironment. We emphasize, however, that these conclusions are based 
solely on computational analyses of publicly available datasets and should be interpreted with appropriate caution. To 
translate these bioinformatics findings into clinically actionable knowledge, a multi-tiered experimental validation pro-
gram is necessary. First, RNA fluorescence in situ hybridization (RNA-FISH) using fluorescently labeled probes against 
AC025811.3 and AC012354.6 should be performed in formalin-fixed, paraffin-embedded (FFPE) tissue sections from 
paired non-cancerous endometrium and UCEC tumors. This will confirm differential expression at single-cell resolution 
and provide spatial context for subcellular localization. Second, quantitative RT-PCR profiling of both lncRNAs across a 
staged clinical cohort (FIGO stages I–IV) will determine whether their expression correlates with disease progression and 
whether they have potential as staging biomarkers. Third, functional studies—including siRNA-mediated knockdown and 
overexpression in UCEC cell lines (e.g., Ishikawa, HEC-1A)—combined with in vivo xenograft models, will be required to 
establish causal roles in tumor growth, invasion, and immune modulation. Collectively, these steps will bridge the current 
computational observations with mechanistic and clinical evidence, forming a rigorous basis for evaluating AC025811.3 
and AC012354.6 as prognostic biomarkers or therapeutic targets in UCEC.

Methods

Description of datasets

Clinical data and gene expression data (mRNA-Seq) from The Cancer Genome Atlas Uterine Corpus Endometrial Carci-
noma (TCGA-UCEC) project were downloaded from the GDC Data Portal (retrieved February 16, 2025). In addition, clinical 
and proteomic data from the Clinical Proteomic Tumor Analysis Consortium (CPTAC)-Uterus project were also obtained; 
the clinical data were downloaded from the CPTAC Data Coordinating Center Portal because a comprehensive clinical file 
was not available on the GDC. The CPTAC data used in this publication were generated by the Clinical Proteomic Tumor 
Analysis Consortium (NCI/NIH). For mRNA-Seq data from TCGA-UCEC, Upper Quartile normalized FPKM (UQ-FPKM) 
values, aligned to the GRCh38/hg38 human reference genome, were used. The TCGA-UCEC dataset comprised 548 



PLOS One | https://doi.org/10.1371/journal.pone.0351323  June 12, 2026 13 / 15

tumor and 35 normal samples from 555 cases. The CPTAC-Uterus dataset included 102 tumor and 15 normal samples 
from 101 cases. A TCGA-UCEC clinical file containing follow-up information was downloaded from the GDC.

Gene annotation

Gene annotations were derived from GENCODE, a comprehensive resource for high-quality, evidence-based gene anno-
tation of the human genome [23]. GENCODE v21 annotations were used for consistency, as this version was employed 
for gene annotation in both the TCGA-UCEC and CPTAC-Uterus datasets. GENCODE v21 classifies 19,814 genes as 
protein-coding genes and 7,656 as long non-coding RNAs (lncRNAs). Gene region coordinates, gene symbols, and other 
annotation information were obtained from the GENCODE v21 GTF file.

Preprocessing of the datasets

Based on GENCODE v21 annotations, expression levels were extracted for all protein-coding genes and lncRNAs in both 
the TCGA-UCEC and CPTAC-Uterus datasets. To reduce noise, upper quartile normalization was applied to the expres-
sion data. Spearman correlation analysis revealed batch effects associated with the TCGA-UCEC and CPTAC-Uterus 
datasets. To mitigate these batch effects, the ComBat function from the sva R package was used [24]. ComBat employs 
an empirical Bayesian framework to adjust for known batch effects [16], minimizing systematic differences between data-
sets. In the ComBat implementation, the model matrix was specified to account for tumor versus normal sample status. 
Spearman correlations were visualized before and after batch effect removal to assess the effectiveness of batch correc-
tion. The resulting normalized and batch-corrected data were used for subsequent analyses.

Identification of differentially expressed lncRNAs

To visualize the expression characteristics of protein-coding genes and lncRNAs, scatterplots were generated showing 
the mean expression level of each gene plotted against its squared coefficient of variation, with smoothed color density 
representation. To identify lncRNAs differentially expressed between tumor and normal samples in the TCGA-UCEC 
and CPTAC-Uterus datasets, Student’s t-tests were performed. P-values were adjusted for multiple hypothesis testing 
using the Benjamini-Hochberg method to control the false discovery rate (FDR). Differentially expressed lncRNAs (DE 
lncRNAs) were defined as those with an adjusted p-value (FDR) < 0.01 and an absolute log2 fold change ≥ 2. To increase 
confidence in the results, only lncRNAs exhibiting consistent up- or downregulation in both the TCGA-UCEC and CPTAC-
Uterus datasets were selected for further analysis.

Identification of survival-related lncRNAs

Due to the limited number of uncensored cases in the CPTAC-Uterus dataset (5 out of 101), which would compromise the 
statistical power of survival analyses, the TCGA-UCEC dataset was used to identify lncRNAs associated with patient sur-
vival. Using the differentially expressed lncRNAs (DE lncRNAs) identified previously, Cox proportional hazards (COXPH) 
regression models were fit to determine the association between lncRNA expression levels and patient survival. P-values 
from the Cox models were adjusted for multiple hypothesis testing using the Benjamini-Hochberg method to control the 
false discovery rate (FDR). LncRNAs with an FDR < 0.01 were considered significantly associated with survival. For visu-
alization, Kaplan-Meier survival curves were generated by stratifying TCGA-UCEC samples into two groups based on the 
median expression level of each lncRNA.

Prediction of lncRNAs’ biological functions

To infer the potential biological functions of the survival-related lncRNAs, AC025811.3 and AC012354.6 (selected based 
on their low FDRs in the Cox regression models), we employed a gene set enrichment approach. Given the lack of direct 
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functional annotation for these lncRNAs, we hypothesized that their biological roles could be inferred from the protein- 
coding genes whose expression patterns were significantly correlated with their own. To identify these correlated genes, 
Spearman correlation coefficients were calculated between the expression levels of AC025811.3 and AC012354.6 and the 
expression levels of all protein-coding genes in the TCGA-UCEC dataset. By using the correlation matrix, the KEGG path-
ways [25] enriched were predicted by preranked Gene Set Enrichment Analysis (GSEA) [26]. This analysis was conducted 
using the fgsea package in R [27].

Stage-stratified expression analysis

To investigate the relationship between AC025811.3 and AC012354.6 expression and disease progression, we performed 
stage-stratified expression analysis using the TCGA-UCEC dataset. Patients were classified into four groups based on 
FIGO pathological stage (Stage I, II, III, and IV). Expression levels of AC025811.3 and AC012354.6 were extracted as 
log2-transformed FPKM values. Differences in expression across stages were assessed using the Kruskal-Wallis test, a 
non-parametric method appropriate for non-normally distributed expression data. Post-hoc pairwise comparisons were 
performed using Dunn’s test with Benjamini-Hochberg correction for multiple testing. Additionally, Spearman correlation 
analysis was conducted to evaluate the association between lncRNA expression and FIGO stage treated as a continuous 
ordinal variable (Stage I = 1, II = 2, III = 3, IV = 4). This analysis aimed to determine whether expression levels of the  
survival-related lncRNAs correlate with tumor progression and could potentially serve as staging biomarkers.
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