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Abstract

Background: Endometrial carcinoma (UCEC) exhibits high molecular heterogeneity, and the lack
of precise prognostic biomarkers and therapeutic targets severely limits the clinical management
of high-risk patients. This study aimed to identify a robust multi-omics biomarker and elucidate
its intrinsic oncogenic mechanisms and extrinsic immune-remodeling roles in the UCEC microen-
vironment.

Methods: We systematically integrated transcriptomic data from TCGA and GEO cohorts.
WGCNA coupled with four machine learning algorithms (LASSO, SVM-RFE, XGBoost, Boruta)
were employed for feature selection. Single-cell RNA sequencing and spatial transcriptomics were
integrated to map the cellular landscape. In silico virtual knockout, virtual overexpression, and
pharmacogenomic analyses were conducted. Computational predictions were experimentally val-
idated using Western blot, qRT-PCR, and immunohistochemistry in paired clinical specimens, and
corroborated by CPTAC proteomic analysis.

Results: PTTG1 was identified as an independent prognostic biomarker, with significant overex-
pression confirmed at both mRNA and protein levels and predominant nuclear localization in tu-
mor epithelium. Mechanistically, virtual knockout revealed PTTG1 drives malignant progression
through hyperactivation of cell cycle, ribosome biogenesis, and glutathione metabolism, whereas
virtual overexpression activated immune-related transcriptional networks including MHC class 11
antigen presentation. Integrated scCRNA-seq and spatial transcriptomics demonstrated PTTG1 en-
richment in malignant epithelial cells and tumor-associated macrophages. Drug sensitivity predic-
tions identified selective vulnerability to MEK inhibitors, including selumetinib and trametinib.

Conclusion: PTTG1 serves as a multidimensional oncogenic driver and independent prognostic
biomarker in UCEC, intrinsically fueling tumor proliferation while extrinsically orchestrating an



immunosuppressive microenvironment. Bidirectional in silico perturbation revealed distinct tran-
scriptional consequences, substantiated by multi-level experimental validation. Drug sensitivity
predictions identified selective MEK inhibitor vulnerabilities, providing a rationale for PTTG1-
guided prognostic stratification and targeted therapeutic strategies in high-risk UCEC.

Keywords: Endometrial carcinoma; PTTG1; Machine Learning; Single-cell RNA sequencing;
Spatial transcriptomics; Tumor immune microenvironment.

Background

Uterine corpus endometrial carcinoma (UCEC) is one of the most prevalent gynecological malig-
nancies globally, with a continuously rising incidence and mortality rate in recent years'. While
early-stage UCEC patients generally exhibit favorable outcomes following standard surgical re-
section, the prognosis for patients with advanced, recurrent, or metastatic disease remains unac-
ceptably poor? . This clinical dilemma is predominantly attributed to the high molecular and spa-
tial heterogeneity inherent to UCEC tumors, which limits the efficacy of conventional chemother-
apy and radiotherapy. Consequently, there is an urgent and unmet clinical need to identify highly
robust prognostic biomarkers and explore actionable therapeutic targets to improve the personal-
ized management of UCEC patients.

The progression of UCEC is driven not only by the intrinsic genetic and epigenetic alterations
within malignant epithelial cells but also by the complex interactions within the tumor immune
microenvironment (TIME)*””. The TIME of UCEC is highly dynamic ecosystem composed of
stromal components, extracellular matrix, and various infiltrating immune cells, notably tumor-
associated macrophages (TAMs), regulatory T cells (Tregs), natural killer (NK) cells®. Recent
multi-omics studies have highlighted that TAMs, which often polarize toward an immunosuppres-
sive M2-like phenotype, play a pivotal role in remodeling the extracellular matrix, promoting tu-
mor angiogenesis, and establishing an “immune desert” or “cold” tumor phenotype’. This highly
immunosuppressive microenvironment severely dampens anti-tumor immune surveillance and
acts as a major barrier to the efficacy of emerging immunotherapies, particularly immune check-
point blockades (ICBs)'*!!:1>. However, only a limited subset of UCEC patients derive durable
clinical benefits. Traditional bulk RNA sequencing (RNA-seq) has provided valuable insights into
tumor transcriptomics, but it fundamentally obscures cellular heterogeneity by averaging out ex-
pression signals across diverse cell populations. The advent of single-cell RNA sequencing
(scRNA-seq) and spatial transcriptomics (ST) has revolutionized our ability to dissect the TIME
at unprecedented resolution, enabling the precise mapping of oncogenic drivers and their intricate
crosstalk with immune cells, such as tumor-associated macrophages, within their native architec-
tural context'>.

To systematically mine core prognostic drivers from massive transcriptomic datasets, advanced
machine learning algorithms have proven to be highly efficient and robust'®. In this context, Pitu-
itary tumor-transforming gene 1 (PTTG1), originally identified as a pivotal mammalian securin
protein, has garnered significant attention. Physiologically, PTTGI plays an indispensable role in
maintaining genomic stability by tightly regulating sister chromatid segregation during the mitotic



anaphase'>"!7. However, beyond its cell cycle functions, accumulating multi-dimensional evidence
has firmly established PTTG1 as a potent oncogene across a broad spectrum of human malignan-
cies. Aberrant overexpression of PTTG1 has been frequently documented in diverse solid tumors,
including breast cancer'®, hepatocellular carcinoma!®?’, colorectal cancer?!, lung adenocarci-
noma??, and pituitary adenomas?, where its elevated levels robustly correlate with aggressive

clinicopathological traits, tumor immune evasion, and poor clinical outcomes?*?°.

Mechanistically, contemporary oncological research highlights that PTTGI serves as a central or-
chestrator of malignant progression. It actively drives tumor hyperproliferation, facilitates epithe-
lial-mesenchymal transition (EMT) to promote distant metastasis, and stimulates tumor angiogen-
esis through the transactivation of downstream signaling cascades, such as the PI3K/AKT, MAPK,
and c-Myc pathways>*?°, Furthermore, emerging evidence suggests that PTTG1 is deeply involved
in remodeling tumor cellular metabolism and overriding DNA damage repair checkpoints, endow-
ing cancer cells with enhanced survival advantages and profound therapeutic resistance®’. Despite
these extensive pan-cancer insights, the precise prognostic landscape, cell-intrinsic multi-omics
dependencies, and spatial-temporal dynamics of PTTG1 specifically within the UCEC immune
microenvironment remain largely elusive.

To address these critical knowledge gaps, the present study employed a comprehensive integrative
framework. By systematically combining bulk RNA-seq cohorts, WGCNA, and four distinct ma-
chine learning algorithms (LASSO, SVM-RFE, XGBoost, and Boruta), rigorously screened and
identified PTTG1 as a core independent prognostic biomarker for UCEC. Furthermore, integrating
scRNA-seq and spatial transcriptomics, combined with an in silico virtual simulation and phar-
macogenomic profiling, we aimed to decipher the exact cellular origins, internal downstream reg-
ulatory mechanisms, and extrinsic immune-remodeling functions of PTTGI. Ultimately, our study
seeks to provide a multidimensional understanding of PTTG1 and offer insights into personalized
risk stratification and targeted interventions for high-risk UCEC patients.

Methods

Data Acquisition and Preprocessing

Publicly available transcriptomic and clinical data of UCEC were systematically collected from
multiple databases. The RNA sequencing (RNA-seq) data (Transcripts Per Million, TPM format)
and corresponding clinical metadata for the TCGA-UCEC cohort were downloaded from the
UCSC Xena browser (https://xenabrowser.net/). Additionally, independent microarray datasets
(GSE17025, GSE115810, GSE63678) along with their clinical annotations were obtained from the
Gene Expression Omnibus (GEO) database (https://www.ncbi.nlm.nih.gov/geo/). Additionally,
single-cell RNA sequencing data (GSE173682, 5 UCEC samples) and spatial transcriptomics data
(GSE203612, UCEC tissue sections) were also obtained from the GEO database. Detailed infor-
mation is presented in Table 1.

To integrate the three training GEO datasets (GSE17025, GSE115810, GSE63678) and minimize
systematic errors caused by different experimental platforms and batches, batch effect correction



was performed using the removeBatchEffect function from the limma package, with auxiliary ad-
justment by the sva package. Batch information was extracted from the original dataset metadata
and set as a covariate in the correction model. Boxplots and principal component analysis (PCA)
scatter plots were generated using the ggplot2 and FactoMineR packages before and after batch
correction to visualize the correction effect. Boxplots were used to display the distribution of gene
expression values across samples, while PCA plots (based on the first two principal components)
illustrated sample clustering to confirm the elimination of batch effects and clear separation be-
tween tumor and normal samples.

Table 1 Characteristics of multiple datasets used in this study:

Dataset ID Platform Sample type Sample size (Tumor/Normal)
GSE17025 Bulk microarray Endometrial tissue 103 (91/12)

GSE115810 Bulk microarray Endometrial tissue 27 (24/3)

GSE63678 Bulk microarray Endometrial tissue 12 (7/5)

TCGA-UCEC Bulk RNA-seq Endometrial tissue 589 (554/35)

GSE173682 scRNA-seq Endometrial tissue 5 tumor tissues

GSE203612 Spatial transcriptomics Endometrial tissue 1 tumor tissue

Differentially Expressed Genes Screening and WGCNA

Differential expression analysis (DEA) was performed on the batch-corrected integrated GEO da-
taset using the limma package. For GEO datasets, background correction and normalization were
conducted prior to DEA to construct high-quality expression matrices. Linear models were fitted
using the ImFit function, followed by Bayesian correction with the eBayes function to compute
differential expression statistics. Differentially expressed genes (DEGs) were identified with the
cutoff criteria of |log: fold change (FC)| > 1 and adjusted p-value (adj. P. Val) < 0.05.

Subsequently, to explore the highly coordinated gene networks, Weighted Gene Co-expression
Network Analysis (WGCNA) was performed using the WGCNA R package. First, the hierarchical
clustering function was used to detect and remove outlier samples. A soft-thresholding power B
was calculated and selected to ensure a scale-free network topology (R? > 0.85). The adjacency
matrix was then transformed into a Topological Overlap Matrix (TOM) to evaluate network inter-
connection. Modules containing highly correlated genes were assigned to different colors using
the dynamic tree cut algorithm. The correlations between module eigengenes (MEs) and clinical
traits were computed. The module with the highest significance for UCEC was defined as the key
module. Finally, the intersecting genes between the DEGs and the key WGCNA module were
extracted as core candidate genes for further feature selection.

Functional Enrichment Analysis

To explore the underlying biological functions and signaling pathways of the consensus candidate
genes, Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway
enrichment analyses were conducted using the clusterProfiler, org.Hs.eg.db, and enrichplot pack-
ages in R. Initially, gene symbols were converted to Entrez IDs to generate the input gene list. The



GO enrichment analysis comprehensively covered three categories: biological processes (BP), cel-
lular components (CC), and molecular functions (MF), utilizing the enrichGO function. Significant
enrichment terms were selected based on a p-value < 0.05 and a g-value < 0.05. Concurrently,
KEGG pathway enrichment analysis was performed using the enrichKEGG function against the
KEGG database (https://www.kegg.jp/)**?°, with the human genome serving as the reference, ap-
plying the same statistical thresholds. Finally, the results were visualized as bar plots displaying
the top enriched pathways, sorted by gene ratio, to intuitively present the functional characteristics
of the consensus DEGs. Permission for the use of the KEGG pathway database in this publication
has been obtained from the Kanehisa laboratories.

Machine Learning -Based Core Gene Screening

To identify the most biologically and clinically relevant core genes from the consensus DEGs, four
complementary machine learning algorithms were employed: LASSO Regression, Support Vector
Machine-Recursive Feature Elimination (SVM-RFE), XGBoost, and Boruta. The expression ma-
trix of consensus DEGs and corresponding sample grouping information (tumor/normal) were
standardized using the scale function to ensure the stability of model training. The glmnet package
was used to perform LASSO regression. 5-fold cross-validation was applied to determine the op-
timal penalty parameter A (lambda.min), and genes with non-zero coefficients after LASSO shrink-
age were selected as candidate genes. The e1071 and caret packages were used to implement SVM-
RFE. The radial basis function (RBF) was set as the kernel function, and the algorithm iteratively
eliminated features with the lowest importance scores until the optimal feature subset was obtained
(determined by peak cross-validation accuracy). The xgboost package was used to construct the
extreme gradient boosting tree model. Feature importance was evaluated by the gain value (re-
flecting the total contribution of a feature to model performance), and genes with top importance
scores were selected as candidates. The Boruta package was used for stable feature selection. This
algorithm generates random shadow features (permutations of real features) to compare with gen-
uine features. Genes with a mean Z-score significantly higher than the maximum Z-score of
shadow features were retained as candidate genes, ensuring the stability of selected features. The
VennDiagram package was used to identify the intersection of candidate genes selected by all four
algorithms, which were defined as the final core genes of UCEC. This multi-algorithm cross-val-
idation strategy minimized model bias and overfitting, ensuring the robustness of core genes.

Expression and Prognostic Value of Core Genes

To further validate the clinical significance of the five consensus core genes (PNP, CDC20, PTTG1,
S100A11, and KLF5) identified by the machine learning algorithms, their expression patterns,
diagnostic efficacy, and prognostic values were systematically evaluated using the TCGA-UCEC
dataset. First, the differential expression levels of these five genes between UCEC tumor tissues
and adjacent normal tissues were analyzed using the Wilcoxon rank-sum test. The log2 fold-change
(log2FC) and corresponding p-values were calculated and visualized via boxplots. Subsequently,
to assess the diagnostic accuracy of these core genes in distinguishing tumor samples from normal
tissues, Receiver Operating Characteristic (ROC) curves were constructed, and the Area Under the



Curve (AUC) along with 95% Confidence Intervals (Cls) were calculated using the pROC function
of R package. To determine the long-term prognostic significance of these genes, Kaplan-Meier
(K-M) survival analyses for both overall survival (OS) and progression-free interval (PFI) were
conducted using the TCGA-UCEC clinical annotation. UCEC patients were stratified into high-
expression and low-expression cohorts based on the median expression value of each respective
gene. Survival curves were generated using the survival and survminer R packages, and statistical
differences between the strata were evaluated via the log-rank test. Hazard Ratios (HR) and 95%
CIs were computed using univariate Cox proportional hazards regression. Only the gene that
demonstrated statistically significant associations with both OS and PFI (p < 0.05), alongside ro-
bust diagnostic and differential expression profiles, was selected as the ultimate independent prog-
nostic biomarker for subsequent downstream multi-omics and mechanism analyses.

Clinicopathological Correlation Analysis of PTTG1

To evaluate the clinical relevance of PTTG1 in UCEC, the correlation between PTTG1 expression
levels and various clinicopathological characteristics of patients within the TCGA-UCEC cohort
was systematically analyzed. The clinical traits evaluated included patient age, FIGO stage, histo-
logical grade, BMI (body mass index) and primary tumor classification, among others. For clinical
variables stratified into two distinct groups, the Wilcoxon rank-sum test was employed to assess
the statistical significance of the differences in PTTG1 expression. For variables with multiple
categories (such as FIGO stages I, II, III, and IV, or histological grades 1, 2, and 3), the Kruskal-
Wallis test was applied for multi-group comparisons. Pairwise post-hoc comparisons were subse-
quently conducted to identify specific inter-group differences. All statistical analyses were two-
tailed, and a p-value < 0.05 was considered statistically significant. The clinical correlation land-
scapes were visualized as boxplots or violin plots using the ggplot2 and ggpubr R packages.

Single gene Co-expression Network and Functional Enrichment Analysis

To explore the underlying biological mechanisms and regulatory networks mediated by PTTG1 in
UCEC, a gene co-expression analysis was conducted. The Spearman correlation coefficients be-
tween the mRNA expression levels of PTTGI and all other genes within the TCGA-UCEC cohort
were systematically calculated. Genes significantly correlated with PTTG1 were identified based
on strict statistical thresholds (|[Spearman r| > 0.4 and p < 0.05). The top highly positively and
negatively co-expressed genes were selected, and their linear relationships with PTTG1 were vis-
ualized using scatter plots equipped with regression lines and confidence intervals via the ggplot2
and ggpubr R packages. Subsequently, to decipher the downstream biological functions and sig-
naling cascades associated with this PTTG1-driven co-expression network, GO and KEGG en-
richment analyses were performed on the significantly co-expressed genes. A statistical signifi-
cance threshold of p-value < 0.05 was applied. The top enriched functional terms were visualized
using bar plots to intuitively delineate the molecular mechanisms, such as cell cycle regulation and
mitotic chromosomal segregation, orchestrated by PTTGI1. To capture pathway-level transcrip-
tional shifts driven by PTTG1 expression, Gene Set Enrichment Analysis (GSEA) was performed
using the clusterProfiler package. TCGA-UCEC patients were stratified into PTTGI1-high and



PTTGI1-low groups by median expression. All genes were ranked by log. fold change between
groups, and enrichment was evaluated against the MSigDB KEGG legacy gene sets (v2025.1).
Pathways with an FDR-adjusted p-value < 0.05 were considered significant. NES > 0 indicated
activation in the PTTGI1-high group, and NES < 0 indicated activation in the PTTG1-low group.

Tumor Immune Microenvironment Evaluation

To comprehensively evaluate the association between PTTG1 expression and the tumor immune
microenvironment (TIME) in UCEC, both macroscopic and microscopic immune infiltration anal-
yses were performed. At the macroscopic level, the ESTIMATE (Estimation of STromal and Im-
mune cells in tumor tissues using expression data) algorithm was utilized via the estimate R pack-
age to infer the overall infiltration of non-tumor cells. For each UCEC sample, the Stromal Score,
Immune Score, and ESTIMATE Score were calculated based on specific gene expression signa-
tures, which inversely reflected the tumor purity. Differences in these microenvironmental scores
between the PTTG1-high and PTTG1-low expression groups (stratified by the median value) were
evaluated using the Wilcoxon rank-sum test. At the microscopic level, the relative proportions of
22 distinct immune cell types within the TCGA-UCEC cohort were quantified using the CIBER-
SORT (Cell-type Identification by Estimating Relative Subsets of RNA Transcripts) deconvolution
algorithm with 1,000 permutations. To ensure the reliability of the immune cell estimation, only
samples with a CIBERSORT output of p-value < 0.05 were included in the subsequent comparative
analysis. The correlation between PTTG1 expression and the abundance of individual infiltrating
immune cell types (such as macrophages) was assessed using Spearman correlation analysis. Fur-
thermore, differences in immune cell fractions between the PTTG1-high and PTTG1-low groups
were compared using the Wilcoxon rank-sum test. All microenvironmental landscapes and corre-
lation profiles were visualized using the ggplot2 and ggpubr R packages.

Drug Sensitivity and Targeted Therapy Prediction

To translate our molecular findings into potential clinical applications, we evaluated the differ-
ences in chemotherapeutic and targeted drug sensitivity among UCEC patients based on their
PTTGI1 expression profiles. The half-maximal inhibitory concentration (IC50) values for a wide
array of anti-cancer compounds were imputed for each patient in the TCGA-UCEC cohort using
the oncoPredict R package, which represents an advanced machine-learning framework for in vivo
drug response prediction. The extensive pharmacogenomic training datasets, including the Ge-
nomics of Drug Sensitivity in Cancer (GDSC), were utilized as reference baselines. The predicted
IC50 values inversely correlate with drug sensitivity, lower IC50 scores indicate a higher predicted
sensitivity (efficacy) to the specific agent. Statistical differences in the predicted IC50 values be-
tween the PTTG1-high and PTTG1-low expression groups were evaluated using the Wilcoxon
rank-sum test. Furthermore, Spearman correlation analysis was conducted to establish the contin-
uous linear relationship between PTTG1 mRNA expression levels and drug sensitivity scores. The
key identified targeted therapies (e.g., MEK inhibitors such as Selumetinib and Trametinib)
demonstrating significantly different efficacies across groups were visualized via boxplots using
the ggplot2 and ggpubr packages.



Single-Cell RNA Sequencing Analysis

To characterize the cellular heterogeneity and precise origin of PTTG1 expression in UCEC, the
raw scRNA-seq dataset GSE173682, consisting of 5 clinical UCEC tissue samples, was down-
loaded from the GEO database. Data analysis was primarily executed using the Seurat (v5) R
package. Strict quality control (QC) filters were applied to eliminate low-quality cells or doublets.
Cells were retained for downstream analysis only if they met the following criteria: (1) number of
detected genes (Features) between 300 and 6,000; (2) total RNA counts between 1,000 and 40,000;
(3) percentage of mitochondrial gene expressions (percent.mt) < 20%; (4) percentage of erythro-
cyte gene expressions (percent. HB) < 1%. Following QC, the data were normalized using the Nor-
malizeData function, and the top 3,000 highly variable genes (HVGs) were identified via the Find-
VariableFeatures function using the vst method. To integrate the samples and eliminate potential
non-biological patient-specific batch effects, the Harmony algorithm was implemented via the har-
mony R package, using the patient identity (orig.ident) as the grouping variable. Principal Com-
ponent Analysis (PCA) was performed on the integrated matrix, and the top 30 principal compo-
nents (PCs) were selected for graph-based clustering (FindNeighbors and FindClusters functions)
and non-linear dimensionality reduction via Uniform Manifold Approximation and Projection
(UMAP). Major cell lineages were comprehensively annotated into eight distinct types—Fibro-
blasts, T cells, Epithelial cells, Endothelial cells, Macrophages, NK cells, B cells, and Mast cells—
based on Canonical Cell Type Marker Genes. The expression percentage and specific intensity of
PTTGI across individual clusters and designated cell lineages were determined and visualized
using feature plots and violin plots. To investigate intercellular communication networks, the Cell-
Chat R package was employed. Ligand-receptor interactions were inferred from the scCRNA-seq
data using the curated CellChatDB database. The number and strength of signaling interactions
among the eight annotated cell types were calculated and visualized as circle plots and bar plots.

Spatial Transcriptomics Analysis and Spatial Mapping

To validate the spatial distribution and architectural localization of PTTG1 within the native tumor
context, the spatial transcriptomics dataset GSE203612 was acquired from the GEO database. ST
data processing, alignment, and visualization were performed utilizing the Seurat framework. The
raw spatial expression counts were normalized and variance-stabilized using the SCTransform
function to account for technical variations across spatial spots while preserving biological signals.
Dimensionality reduction was performed using PCA, and unsupervised clustering was carried out
to identify spatially distinct tissue domains. Corresponding Hematoxylin and Eosin (H&E) histo-
logical staining images were utilized to register and align the spatial coordinate matrix. The
scRNA-seq annotated cell type signatures were projected onto the ST tissue sections to map the
spatial organization of the UCEC microenvironment. Finally, the spatial feature plot function was
utilized to visualize the in situ physical expression intensity and topographical coordinates of
PTTG]1 across the tissue landscape, allowing direct correlation with tumor parenchymal and stro-
mal boundaries.

In Silico (Virtual) Knockout Analysis of PTTG1



To decipher the direct causal regulatory network and functional dependencies governed by PTTG1
at single-cell resolution, an in silico virtual knockout analysis was conducted using the processed
scRNA-seq expression matrix. The network-based perturbation simulation was performed via the
scTenifoldKnock pipeline®®. Briefly, a single-cell gene regulatory network (scGRN) was con-
structed for the target cell populations using a multi-layer tensor decomposition approach based
on consensus conditional mutual information. To simulate the biological knockout of PTTGI, its
corresponding row and column profiles within the adjacency matrix of the control network were
synthetically set to zero, generating a perturbed (knockout) network. The structural divergence and
edge-weight distances between the wild-type control network and the PTTG1-knockout network
were quantified. The systemic gene-specific perturbation levels were mathematically evaluated
and normalized into Z-scores. Genes with significantly high absolute Z-scores were identified as
critical downstream targets responsive to PTTG1 depletion. To identify the specific biological vul-
nerabilities and metabolic pathways modulated by PTTG1, the top perturbed genes were subjected
to GO and KEGG functional enrichment analyses using the clusterProfiler R package, as described
previously.

Virtual Overexpression Analysis of PTTG1

To complement the virtual knockout and explore the gain-of-function consequences of PTTGI, a
virtual overexpression analysis was performed using the scTenifoldNet framework?!. While the
virtual knockout simulates PTTG1 depletion, the virtual overexpression models the transcriptional
network perturbation induced by PTTG1 upregulation. Using the same scRNA-seq expression ma-
trix described above, a wild-type (WT) single-cell gene regulatory network (scGRN) was con-
structed via multi-layer tensor decomposition (nNet = 10, nCells = 500, nComp = 3). To simulate
PTTG1 overexpression, the row profile corresponding to PTTGI in the adjacency matrix was ar-
tificially amplified by a factor of 100 with an additive constant of 10, generating the overexpressed
(OE) network. Manifold alignment was then performed to align the WT and OE networks, and the
dRegulation function was applied to quantify gene-specific perturbation magnitudes as Z-scores
and fold changes (FC). Significantly perturbed genes were identified using an adjusted p-value
(Benjamini-Hochberg false discovery rate) threshold of < 0.05. The biological functions and sig-
naling pathways enriched among the perturbed genes were subsequently characterized via GO and
KEGG enrichment analyses using the clusterProfiler R package.

Experimental Validation

Tissue Specimen Collection

Six paired fresh-frozen tumor tissues and matched adjacent normal endometrial tissues (>2 cm
from the tumor margin, histologically confirmed tumor-free) were obtained from patients who
underwent total hysterectomy at First Affiliated Hospital of Zhengzhou University between Janu-
ary 2025 and March 2025. None of the patients had received preoperative radiotherapy, chemo-
therapy, or hormonal therapy. Written informed consent was obtained from all participants, and
the study was approved by the Institutional Ethics Committee of first affiliated hospital of Zheng-
zhou University (Approval No: 2025-KY-0029). All tissue specimens were immediately snap-



frozen in liquid nitrogen after surgical resection and stored at —80°C until use. The same six paired

specimens were used for both Western blot and qRT-PCR analyses to enable direct cross-method

comparison. For immunohistochemistry (IHC) staining, formalin-fixed paraffin-embedded (FFPE)
tissue blocks from five paired UCEC tumor and adjacent normal endometrial tissues were collected

from the same institutional cohort under identical inclusion criteria and ethical approval.

Western Blot Analysis

Total protein was extracted from the above tissue specimens (approximately 50 mg each) using
RIPA lysis buffer (R0010, Solarbio, China) supplemented with 1 mM phenylmethylsulfonyl fluo-
ride (PMSF) and protease inhibitor cocktail (P0100, Solarbio, China). Protein concentrations were
quantified using the BCA Protein Assay Kit (PC0020, Solarbio, China). Equal amounts of protein
(30 pg per lane) were separated by 12% SDS-PAGE and transferred onto Nitrocellulose mem-
branes (0.42um, HATF00010, Merck Millipore,Ireland). Membranes were blocked with protein-
free rapid blocking buffer (Servicebio, G2052-500ML, Wuhan, China) at room temperature for 30
minutes, followed by overnight incubation at 4°C with primary antibodies against PTTG1 (rabbit
monoclonal antibody, 1:1000; Proteintech, 18040-1-AP, China) and B-actin (mouse Recombinant
Anti-B-actin antibody, 1:5000; AC240324001, Servicebio, UK). After washing with TBST, mem-
branes were incubated with HRP-conjugated goat anti-rabbit and goat anti-mouse secondary anti-
bodies (1:2000; Proteintech, RGAR001/ RGAMO01, China) at room temperature for 2 hours. Pro-
tein bands were visualized using ECL substrate (Millipore, WBKLS0500, USA) and detected with
the ChemiDoc XRS+ imaging system (Bio-Rad, USA). Densitometric quantification was per-
formed using ImagelJ software (NIH, USA), with PTTG1 band intensity normalized to -actin.

RNA Extraction and Quantitative Real-Time PCR

Total RNA was extracted from the same six paired frozen tissue specimens (30 mg each) using
TRIzol Reagent (15596018CN, Thermo, USA) according to the manufacturer's protocol. Briefly,
tissues were homogenized in 1 mL TRIzol, followed by phase separation with chloroform and
isopropanol precipitation. RNA pellets were washed with 75% ethanol, air-dried, and dissolved in
RNase-free water. RNA concentration and purity were assessed by NanoDrop One (Thermo Fisher,
USA). One microgram of total RNA was reverse transcribed into cDNA using the RevertAid First
Strand ¢cDNA Synthesis Kit (3328929, Thermo, USA). The qRT-PCR was performed on a
QuantStudio 5 Real-Time PCR System (Applied Biosystems, USA) with the following thermal
cycling profile: 95°C for 30s, followed by 40 cycles of 95°C for 5s and 60°C for 30s. The primer
sequences used were:PTTG1forward 5'- GCCTCTCATGATCCTTGACG-3', reverse 5'-AAGGG-
CACTTGCTCACTTAC-3"; B -actin forward 5'-GCGAGCATCCCCCAAAGTTC-3', reverse 5'-
AGTGGGGTGGCTTTTAGGATG-3'. Each reaction was performed in technical triplicate. Melt
curve analysis confirmed single-product amplification. PTTG1 mRNA expression in tumor tissue
was calculated relative to its matched adjacent normal tissue using the 2-*4°* method, with B -
actin as the internal reference.

Immunohistochemistry (IHC)



Formalin-fixed paraffin-embedded (FFPE) tissue sections (4 pm) from five paired UCEC tumors
and adjacent normal endometrial tissues were deparaffinized in xylene, rehydrated through graded
ethanol, and subjected to heat-induced antigen retrieval in citrate buffer (pH 6.0). Endogenous
peroxidase activity was blocked with 3% H2O: for 15 minutes. Sections were incubated with anti-
PTTGI1 primary antibody (rabbit monoclonal, 1:200 dilution, Proteintech, 18040-1-AP, China)
overnight at 4°C, followed by HRP-conjugated goat anti-rabbit secondary antibody (ab6721,
Abcam) incubation at room temperature for 30 minutes. DAB chromogen (Dako) was used for
visualization, and sections were counterstained with hematoxylin. Staining intensity and distribu-
tion were evaluated under light microscopy. A representative pair of tumors and adjacent normal
sections were selected for presentation.

CPTAC Proteomic Analysis

PTTGTI protein expression data in UCEC were obtained from the Clinical Proteomic Tumor Anal-
ysis Consortium (CPTAC) via two independent sources. (1) Tumor versus normal protein Z-score
comparison was retrieved from UALCAN (http://ualcan.path.uab.edu/), which provides precom-
puted CPTAC proteomic data for 31 normal endometrial and 100 primary UCEC tumor samples.
(2) Paired mRNA and protein abundance data for PTTG1 (n = 42 samples with matched proteomic
and transcriptomic profiles) were downloaded from the CPTAC-UCEC 2020 study deposited in
cBioPortal (https://www.cbioportal.org/study/summary?id=ucec_cptac 2020). For the mRNA-
protein correlation analysis, RNA-Seq values (log: RSEM) and protein abundance values (log:
ratio) were extracted, and the Pearson correlation coefficient was computed. Statistical signifi-
cance of the tumor versus normal comparison was assessed by the Mann-Whitney U test.

Statistical Analysis

All statistical analyses and data visualizations in this study were permanently executed using R
software (version 4.4.3). Continuous variables between two independent groups were compared
using the non-parametric Wilcoxon rank-sum test. For multi-group comparisons of continuous
variables, the Kruskal-Wallis test was employed, followed by pairwise post-hoc comparisons
where appropriate. The correlation between continuous variables (such as gene co-expression net-
works and immune cell infiltration abundances) was evaluated using the Spearman correlation
coefficient (r). The diagnostic efficacy of the identified hub genes was quantified by establishing
ROC curves and calculating the AUC along with 95% ClIs. For prognostic evaluation, K-M sur-
vival curves for both OS and PFI were generated using the TCGA-UCEC clinical annotation. Pa-
tients were stratified into high- and low-expression groups based on the median PTTG1 mRNA
expression level, and statistical significance was evaluated using the log-rank test. Hazard Ratios
HR and 95% CIs were computed via the Cox proportional hazards model. Variables contributing
to patient survival were further examined using univariate and multivariate Cox proportional haz-
ards regression models to calculate HR and corresponding 95% ClIs. All statistical tests performed
were two-tailed, and a p-value < 0.05 (or adjusted p-value < 0.05 for multiple testing corrections,
such as Benjamini-Hochberg False Discovery Rate) was considered statistically significant. All
experimental data were presented as mean + standard deviation (SD) from at least three



independent experiments. The paired Student's t-test was used to compare PTTGI expression be-
tween tumor and matched normal tissues at both the protein (WB densitometry) and mRNA (qRT-
PCR) levels. Pearson correlation coefficient was used to evaluate the association between tissue
gRT-PCR fold change and WB densitometry ratios (mRNA-protein concordance). A p-value <
0.05 was considered statistically significant, statistical analyses and graphing were performed us-
ing GraphPad Prism 9.0 (GraphPad Software, USA).

Results

Differential Expressing Analysis

To identify robust transcriptomic alterations associated with UCEC, we systematically integrated
three independent GEO microarray datasets (GSE17025, GSE115810, and GSE63678). Given the
inherent technical biases across different platforms, the ComBat algorithm was applied to remove
batch effects. PCA revealed that prior to correction, samples clustered predominantly by their da-
taset of origin (Fig. 1A, left). Following correction, the dataset-specific clustering was eliminated,
and samples from all three cohorts were uniformly mixed while maintaining a distinct separation
between normal and cancer groups (Fig. 1A, right). Box plots further confirmed the efficacy of
normalization, demonstrating that the disparate expression distributions were successfully aligned
across all samples (Fig. 1B). Based on the batch-corrected integrated dataset, differential expres-
sion analysis was performed using the limma package. With the cutoff criteria of |logFC| > 1 and
adjusted p -value < 0.05, a total of 531 DEGs were identified, comprising 254 significantly upreg-
ulated and 277 downregulated genes in UCEC tissues compared to normal tissues (Fig. 1C). Hier-
archical clustering of the top 50 DEGs visualized in a heatmap exhibited highly consistent intra-
group expression patterns and stark contrasts between cancer and normal samples (Fig. 1D).

To uncover the biological implications of the identified DEGs, GO and KEGG enrichment anal-
yses were conducted. KEGG pathway analysis indicated significant enrichment in the Cell cycle,
IL-17 signaling pathway, Apoptosis, and Chemokine signaling pathways (Fig. 1E). Consistently,
GO analysis revealed that these DEGs were primarily enriched in cell cycle-related biological
processes, such as mitotic sister chromatid segregation and nuclear division. Cellular components
were enriched in spindle and kinetochore, while molecular functions were associated with micro-
tubule binding and tubulin binding (Fig. 1F). These findings suggest that the DEGs play pivotal
roles in tumor proliferation and the immune microenvironment in UCEC.
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Figure 1. Data integration, identification of differentially expressed genes (DEGs), and functional enrichment analysis in endo-
metrial cancer. (A) Principal component analysis (PCA) plots of the merged GEO datasets before (left) and after (right)
ComBat batch effect correction. Colors represent different GEO cohorts, and shapes indicate sample groups (Normal vs.
Cancer). (B) Box plots illustrating the gene expression distributions across all samples before (left) and after (right) batch effect
correction. (C) Volcano plot showing DEGs between cancer and normal tissues in the integrated dataset. Red and blue dots
denote significantly upregulated (n =254) and downregulated (n = 277) genes, respectively (|logFC| > 1 and adjusted p < 0.05).
(D) Hierarchical clustering heatmap of the top 50 DEGs, displaying distinct expression patterns between cancer and normal
groups. (E) Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analysis of the DEGs. (F) Gene Ontolo-
gy (GO) enrichment analysis of the DEGs across biological processes, cellular components, and molecular functions.

Identification of Hub Genes via WGCNA

To systematically identify highly coordinated gene modules associated with UCEC, WGCNA was
performed on the integrated GEO dataset. To ensure a scale-free network topology, an optimal
soft-thresholding power of f=5 was selected (Fig. 2A, B). Through hierarchical clustering and
dynamic tree cutting, genes were assigned into distinct co-expression modules, which are repre-
sented by different colors under the gene dendrogram (Fig. 2C, Supplementary Fig.1A). Subse-
quently, module-trait relationship analysis was conducted to correlate these modules with the tissue
type. As shown in the heatmap, several modules were significantly correlated with UCEC (Fig.
2D). Notably, the turquoise and yellow modules exhibited highly significant positive correlations
with the cancer phenotype (Fig. 2E, F), while the blue module showed a strong negative correlation
(Supplementary Fig.1B). Scatter plots of Gene Significance (GS) versus Module Membership
(MM) further demonstrated a highly significant positive correlation within these key modules,



indicating that genes within these modules play a crucial role in UCEC progression. Therefore,
genes from the most significantly cancer-associated modules were extracted as tumor-related mod-
ule genes for downstream analysis.

To pinpoint the most robust genes driving UCEC development, we intersected the cancer-related
module genes identified via WGCNA (n = 100) with the previously identified DEGs (n = 531). As
illustrated in the Venn diagram, a total of 65 consensus candidate genes were identified in the
intersection (Fig. 2G). To explore the biological significance of these 65 candidate genes, GO and
KEGG enrichment analyses were performed. GO analysis indicated that these genes are highly
enriched in cell cycle-related functions, including mitotic sister chromatid segregation, spindle
organization, and microtubule binding (Fig. 2H). Consistently, KEGG pathway analysis high-
lighted their involvement in critical oncogenic and immune-related signaling pathways, such as
Apoptosis, Cell cycle, and the IL-17 signaling pathway (Fig. 2I). These 65 genes were thus selected
as the core candidate pool for subsequent machine learning screening.
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Figure 2. Weighted gene co-expression network analysis (WGCNA) and identification of consensus candidate genes in
UCEC. (A) Analysis of the scale-free fit index (scale independence) for various soft-thresholding powers. (B) Analysis of
the mean connectivity for various soft-thresholding powers. (C) Gene dendrogram and module colors generated by hierar-
chical clustering, with branches representing individual genes and colors representing co-expression modules. (D) Heatmap
of module-trait relationships evaluating the correlation between module eigengenes and clinical status (Normal vs. Cancer).
(E-F) Scatter plots of gene significance (GS) for cancer versus module membership (MM) in the key tumor-related mod-
ules (e.g., turquoise and yellow modules). (G) Venn diagram illustrating the intersection between differentially expressed
genes (GEO_DEGs) and key WGCNA module genes (GEO_WGCNA), yielding 65 consensus candidate genes. (H) GO
enrichment analysis of the 65 consensus genes across biological processes (BP), cellular components (CC), and molecular
functions (MF). (I) KEGG pathway enrichment analysis of the 65 consensus genes.

Screening of Core Genes Using Machine Learning Algorithms

To further narrow down the 65 consensus candidate genes and identify the most robust diagnostic
biomarkers for UCEC, a comprehensive screening framework integrating four complementary ma-
chine learning algorithms was utilized: LASSO, SVM-RFE, XGBoost, and Boruta. First, LASSO
logistic regression with 5-fold cross-validation was applied to penalize less informative features,
selecting a robust subset of genes based on the optimal lambda value (Fig. 3A, B). Concurrently,
the SVM-RFE algorithm was employed to recursively eliminate features and determine the opti-
mal subset that maximized the classification performance. The model achieved a peak cross-



validation accuracy of 0.9089 and a minimum error of 0.0911 when the feature number was nar-
rowed to 25 (Fig. 3C, D). Next, the XGBoost algorithm evaluated feature importance based on
predictive Gain and SHAP values. The SHAP summary plot and Gain ranking prominently high-
lighted genes such as CDC20, PTTGI, and PNP as the top contributors to the model's predictive
capability (Fig. 3E, F). Furthermore, the Boruta algorithm iteratively compared original attributes
with randomized shadow features, confirming a subset of robust genes with significantly higher
Z-scores than the maximum Z-score of shadow features (Fig. 3G, H). Finally, to ensure the highest
reliability and generalizability of the biomarkers, the overlapping genes identified by all four ma-
chine learning algorithms were extracted. As shown in the Venn diagram, exactly 5 consensus core
genes—PNP, CDC20, PTTGI1, S100A11, and KLF5—were successfully identified at the intersec-
tion (Fig. 31). These 5 core genes were thus advanced for downstream independent clinical valida-
tion.
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Figure 3. Machine learning-based screening of core diagnostic genes from the 65 consensus candidate genes. (A, B) LASSO
logistic regression analysis. (A) Ten-fold cross-validation deviance curve for selecting the optimal penalty parameter (lamb-
da). (B) LASSO coefficient paths of the candidate genes at varying lambda values. (C, D) Support Vector Machine-Recursive
Feature Elimination (SVM-RFE) algorithm. (C) Cross-validation accuracy curve peaking at 25 features. (D) Cross-validation
error curve reaching the minimum at 25 features. (E, F) Extreme Gradient Boosting (XGBoost) feature importance analysis.
(E) SHAP (SHapley Additive exPlanations) summary plot demonstrating the impact of the top features on the model output.
(F) Bar plot showing the top features ranked by predictive Gain. (G, H) Boruta algorithm feature selection.(G) Boxplots of
Z-scores for confirmed (green), tentative (blue/yellow), and rejected (red) features compared to shadow features. (H) Density
distribution of the mean Z-scores for the different feature categories. (I} Venn diagram illustrating the intersection of key
features selected by the LASSO, SVM-RFE, XGBoost, and Boruta algorithms, identifying 5 consensus core genes.

Validation, Diagnostic Value, and Prognostic Significance of Core Genes

To evaluate the clinical applicability of the machine learning-derived core genes (PNP, CDC20,
PTTGI, S100A11, and KLFS), we first verified their expression profiles. As depicted in Fig. 4A,
all five genes were significantly upregulated in UCEC tissues compared to normal tissues (all p <
0.001), consistent with our initial differential expression analysis. Next, ROC curves were gener-
ated to assess their diagnostic performance in distinguishing UCEC from normal samples. All five
genes demonstrated strong diagnostic efficacy, with CDC20 (AUC = 0.983; 95% CI: 0.961-1.000)
and PTTG1 (AUC = 0.971; 95% CI: 0.938-1.000) displaying exceptional sensitivity and specific-
ity (Fig. 4B).



To further screen for genes with crucial prognostic value, we performed Kaplan-Meier survival
analyses utilizing the TCGA-UCEC clinical cohort. Patients were stratified into high and low ex-
pression groups based on median gene expression levels. Remarkably, while all five genes pos-
sessed high diagnostic value, only the overexpression of PTTGI1 was significantly associated with
a poorer OS in UCEC patients (p = 0.002, Hazard Ratio = 1.93, 95% CI: 1.27-2.93) (Fig. 4E). The
expression levels of PNP, CDC20, S100A11, and KLF5 did not show significant correlations with
patient overall survival (all p > 0.05, Fig. 4C, 4D, 4F, 4G). Considering that overall survival in
UCEC patients may be confounded by non-tumor-related mortality, particularly in the typically
elderly female population, we extended our prognostic analysis to the PFI, a more disease-specific
endpoint that captures tumor recurrence and progression events. In line with the OS findings, pa-
tients in the PTTG1-high group experienced a markedly worse PFI compared with the PTTG1-
low group, with a Hazard Ratio of 2.10 (95% CI: 1.46-3.02, p <0.001) (Fig. 4H). The convergence
of the OS and PFI analyses—the latter reflecting an even more pronounced hazard than OS—
further substantiates the prognostic robustness of PTTG1 and underscores its potential to predict
not only cancer-related mortality but also early disease progression in UCEC. Consistent with these
findings, paired differential expression analysis of the 23 matched tumor-normal pairs from the
TCGA-UCEC cohort confirmed that PTTG1, PNP, and CDC20 were robustly upregulated in tumor
tissues (all p <0.0001), while ST00A 11 was moderately upregulated (p <0.001) and KLF5 showed
no significant difference (Supplementary Fig. 2A—E). Given the lack of significant OS associations
for the four non-PTTG1 core genes, we further interrogated their prognostic value using progres-
sion-free interval (PFI) as a more disease-specific endpoint. Among these, only CDC20 exhibited
a statistically significant association with worse PFI (p = 0.003; Supplementary Fig. 2G), whereas
PNP (p = 0.350), SI00AT11 (p = 0.279), and KLF5 (p = 0.463) showed no significant prognostic
value (Supplementary Fig. 2F, H, I). Consequently, PTTG1 stood out as the most robust and clin-
ically relevant biomarker, prompting us to focus our subsequent multi-dimensional analyses ex-
clusively on PTTGI.
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Figure 4. Expression validation, diagnostic efficacy, and prognostic significance of the five consensus core genes in
UCEC. (A) Boxplots illustrating the significant upregulation of the five core genes (PNP, CDC20, PTTGI1, S100A11, and
KLF5) in tumor tissues compared to normal tissues. p-values and log2 fold-changes are indicated above each gene. (B)
Receiver Operating Characteristic (ROC) curves evaluating the diagnostic accuracy of the five hub genes. The Area Under
the Curve (AUC) values are provided, demonstrating excellent diagnostic performance, particularly for CDC20 (AUC =
0.983) and PTTGI1 (AUC = 0.971). (C—G) Kaplan-Meier overall survival (OS) analysis for UCEC patients stratified by
high and low expression levels of (C) PNP, (D) CDC20, (E) PTTGI, (F) S100A11, and (G) KLF5. Only PTTG1 exhibited
a statistically significant association with overall survival (p =0.002, Hazard Ratio = 1.93), establishing it as an independent
prognostic biomarker.(H) Progression-free interval (PFI) analysis of PTTGI1 in the TCGA-UCEC cohort. High PTTG1
expression was significantly associated with a markedly worse PFI (HR = 2.10, 95% CI: 1.46-3.02, p < 0.001), further
validating the prognostic value of PTTG1 from a disease-progression-oriented perspective and establishing it as an indepen-
dent prognostic biomarker for both overall survival and tumor progression in UCEC.

Correlation of PTTG1 Expression with Clinicopathological Features

Given the robust prognostic value of PTTGI, we further investigated its relationship with various
clinicopathological characteristics in the TCGA-UCEC cohort. A comprehensive heatmap visually
demonstrated that high PTTG1 expression was significantly enriched in patients with advanced
tumor stages, higher histological grades, and specific histological types (Fig. 5SA). Detailed quan-
titative analyses using violin plots further substantiated these findings. PTTG1 expression was



significantly elevated in older patients (> 65 years, p = 0.024, Fig. 5B) and showed striking dis-
parities across histological subtypes, with the highly aggressive Serous carcinoma exhibiting sig-
nificantly higher PTTG1 levels compared to Endometrioid carcinoma (p = 1.2e-05, Fig. 5D). Im-
portantly, PTTGI expression increased stepwise with disease progression; its expression was re-
markably higher in advanced tumor stages (Stage III/IV) compared to early stages (Stage I/II) (p
=3.9¢-05, Fig. SE, F). Furthermore, a highly significant positive correlation was observed between
PTTGI expression and histological grade, peaking in poorly differentiated G3 tumors (p < 2e-16,
Fig. 5G). No significant correlations were observed between PTTG1 expression and overall sur-
vival status at baseline without time-to-event adjustment (p = 0.1, Fig. 5C). Although PTTG1 ex-
pression did not differ significantly across BMI categories overall (p =0.061, Fig. 5SH), comparison
revealed significantly elevated PTTG1 expression in obese patients compared with normal weight
patients (p < 0.05). Collectively, these clinicopathological correlations strongly indicate that ele-
vated PTTGI expression is intricately associated with aggressive tumor phenotypes, advanced
clinical stages, and poor differentiation in UCEC, underscoring its potential role as a driver of
malignant progression.
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Figure 5. Association between PTTGI expression and clinicopathological characteristics in the TCGA-UCEC cohort. (A) Compre-
hensive heatmap illustrating the distribution of clinicopathological features (Age, Grade, Stage, Residual tumor, BMI, and Histology)
ranked by PTTG1 expression levels (Low vs. High). Asterisks denote statistical significance. (B—H) Violin plots evaluating the differ-
ential expression of PTTGI stratified by (B) Age (<65 vs. > 65), (C) Survival Status (Alive vs. Dead), (D) Histological Type (Endo-
metrioid, Serous, and Mixed), (E) Tumor Stage (Normal, Stage 1, 11, 11, and 1V), (F) Early (I+1l) versus Late (LLI+1V) Stage, (G)
Tumor Grade (G1, G2, and G3), and (H) Body Mass Index (BMI). P-values were calculated to determine statistical significance.
Asterisks denote the level of statistical significance (* p<0.05, ** p<0.01, *** p<0.001, **** p<0.0001; ns, not significant).
Co-expression Network and Biological Functions of PTTG1 in UCEC

To elucidate the potential molecular mechanisms by which PTTG1 drives UCEC progression, we
constructed a co-expression network based on the TCGA-UCEC transcriptomic data. Genes sig-
nificantly correlated with PTTG1 were screened using Spearman correlation analysis (threshold:
> 0.4 and p < 0.001). Our analysis identified a robust cluster of genes tightly co-expressed with
PTTGI1. Notably, the top three genes exhibiting the strongest positive correlations with PTTG1
were CDC25C (r = 0.858), UBE2C (r = 0.881), and CDCA3 (r = 0.850) (Fig. 6A—C), all of which
are well-documented critical regulators of the cell cycle and mitosis. Conversely, genes such as
FAM189A2, FCERI1A, and IGFBP4 exhibited the strongest negative correlations with PTTG1 ex-
pression (Fig. 6D-F). To further decipher the biological implications of this PTTG1-driven net-
work, we performed GO and KEGG pathway enrichment analyses on the significantly correlated

genes. GO analysis vividly demonstrated that these co-expressed genes are predominantly



enriched in mitosis-related and chromosome segregation processes, including nuclear division,
condensed chromosome, spindle organization, and microtubule binding (Fig. 6G). Consistently,
KEGG pathway analysis highlighted a massive enrichment in the Cell cycle pathway, along with
other critical cellular processes such as DNA replication and Homologous recombination (Fig. 6H).
To further dissect the pathway-level implications of PTTG1 expression, GSEA was performed. In
the PTTG1-high expression group, five hallmark pathways—cell cycle, DNA replication, mis-
match repair, proteasome, and spliceosome—were significantly activated (Supplementary Fig. 1C).
Conversely, the PTTG1-low expression group exhibited enrichment in immune-related pathways,
including complement and coagulation cascades, cytokine-cytokine receptor interaction, graft-ver-
sus-host disease, hematopoietic cell lineage, and intestinal immune network for IgA production
(Supplementary Fig. 1E). These bidirectional GSEA findings corroborate the dual intrinsic prolif-
erative and extrinsic immune-modulatory roles of PTTG1.Collectively, these robust bioinformat-
ics findings strongly imply that PTTG1 acts as a pivotal oncogene in UCEC by orchestrating a
complex network of cell cycle regulators, thereby continuously promoting uncontrolled tumor cell
proliferation and division.
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Figure 6. Co-expression network and functional enrichment analysis of PTTG1 in UCEC. (A—C) Scatter plots with
linear regression lines demonstrating the top three genes most significantly positively correlated with PTTGI
expression in the TCGA-UCEC cohort: (A) CDC25C, (B) UBE2C, and (C) CDCA3. (D-F) Scatter plots demon-
strating the top three genes most significantly negatively correlated with PTTG1 expression: (D) FAM189A2, (E)
FCERI1A, and (F) IGFBP4. Spearman correlation coefficients (r) and P-values are displayed at the top of each plot.
(G) Bubble plot of GO enrichment analysis for the PTTGI1-correlated gene network, categorized by biological
processes, cellular components, and molecular functions. (H) Bubble plot of KEGG pathway enrichment analysis
for the PTTG1-correlated genes.

PTTG1 Reshapes the Tumor Immune Microenvironment



Given the pivotal role of TIME in tumor progression and therapy resistance, we comprehensively
investigated the impact of PTTG1 expression on the UCEC microenvironment. First, the CIBER-
SORT algorithm was utilized to evaluate the relative infiltration fractions of 22 immune cell sub-
populations. Significant differences in immune cell composition were observed between the
PTTGI1-High and PTTG1-Low groups (Fig. 7A). To further quantify these relationships, global
Spearman correlation analysis was performed (Fig. 7B). Specifically, PTTGI1 expression was sig-
nificantly and positively correlated with the proportions of T cells follicular helper (r = 0.26), T
cells CD4 memory activated (r = 0.20), and Macrophages M1 (r = 0.18). Conversely, it exhibited
strong negative correlations with T cells regulatory (Tregs) (r = -0.33), Dendritic cells resting (r =
-0.20), and T cells CD4 memory resting (r = -0.14) (Fig. 7C). These findings suggest that PTTG1
critically alters the microscopic composition of infiltrating immune cells. To comprehensively map
the immune-associative landscape of the machine-learning-derived core genes, Spearman correla-
tion analysis was performed between the five core genes (PTTG1, PNP, CDC20, S100A11, and
KLF5) and 22 infiltrating immune cell subtypes. PTTG1 exhibited significant positive correlations
with multiple immunosuppressive and effector cell populations (Supplementary Fig. 1D).

While CIBERSORT evaluates the relative proportions of immune cells, we subsequently applied
the ESTIMATE algorithm to assess the absolute macroscopic TME scores. Strikingly, patients in
the PTTG1-High group exhibited drastically lower StromalScores and ImmuneScores compared
to the PTTG1-Low group (all p<s 0.0001, Fig. 7D). Consequently, the overall ESTIMATEScore
was highly significantly decreased in the PTTG1-High cohort (p=<<0.0001). Since a lower ESTI-
MATEScore is mathematically indicative of a higher tumor purity, these compelling macro-level
results strongly suggest that PTTG1 overexpression drives the formation of a highly pure, cold
tumor microenvironment. The severe overall depletion of stromal and immune cell infiltration,
combined with the altered microscopic immune composition, may facilitate immune evasion and
contribute to the highly aggressive phenotype observed in PTTG1-high UCEC patients.
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Figure 7. Macroscopic and microscopic landscape of the tumor immune microenvironment (TME) regulated by PTTGI in
UCEC. (A) Boxplots comparing the relative fractions of 22 immune cell types between the PTTG1-High and PTTG1-Low
expression groups. (B) Lollipop plot illustrating the global Spearman correlations between continuous PTTG1 expression
and the infiltration levels of the 22 immune cell subpopulations. Red lines indicate positive correlations, while blue lines
indicate negative correlations. (C) Representative scatter plots depicting the most significant positive (top row: T cells
follicular helper, T cells CD4 memory activated, and Macrophages M1) and negative (bottom row: T cells regulatory
[Tregs], Dendritic cells resting, and T cells CD4 memory resting) correlations between PTTG1 expression and specific
immune cells. (D) Violin plots comparing the macroscopic TME profiles, including StromalScore, ImmuneScore, and
ESTIMATEScore, between the PTTG1-High and PTTGI1-Low groups. Asterisks denote the level of statistical significance
(* p<0.05, **p<0.01, *** p<0.001, **** p< 0.0001; Wilcoxon rank-sum test or Spearman correlation test).

Drug Sensitivity Prediction for Personalized Therapy Guided by PTTG1

Given the poor prognosis and the highly immunosuppressive tumor microenvironment associated
with PTTGI1 overexpression, it is imperative to explore alternative targeted therapies or chemo-
therapeutic strategies for these high-risk UCEC patients. Using the oncoPredict algorithm based
on large-scale pharmacogenomics databases, we comprehensively evaluated the sensitivities of
UCEC patients to various anti-cancer drugs. Our global screening revealed extensive and highly
significant differences in drug sensitivities between the PTTG1-High and PTTG1-Low groups (Fig.
8A). To pinpoint the most clinically relevant agents, we calculated the median sensitivity differ-
ences and ranked the top 10 drugs most effective for each group (Fig. 8B). Notably, patients in the
PTTG1-High group exhibited significantly higher predicted sensitivities to specific targeted ther-
apies, including the MEK inhibitors Selumetinib and Trametinib, as well as the MDM2 inhibitor
Nutlin-3a (-) (all p <0.0001) (Fig. 8C—E). Spearman correlation analysis further confirmed a ro-
bust positive correlation between PTTGI1 expression levels and the predicted sensitivity to



Selumetinib (r = 0.46, p < 2.2e-16) (Fig. 8F). Conversely, patients with high PTTG1 expression
demonstrated remarkable resistance to another subset of drugs, including AZD5991, P22077, and
WEHI-539 (all p < 0.0001) (Fig. 8G-I). Continuous expression profiling verified a significant
negative correlation between PTTG1 expression and the sensitivity to AZD5991 (r = -0.22, p =
2.4e-07) (Fig. 8J). Collectively, these robust pharmacogenomic predictions indicate that PTTG1 is
not merely a prognostic biomarker but also a critical predictive indicator for drug response. For
high-risk, PTTG1-overexpressing UCEC patients who may not benefit from conventional immu-
notherapies, targeted interventions utilizing MEK or MDM2 inhibitors could represent a highly
promising and personalized therapeutic strategy.
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Figure 8. Prediction of targeted therapy and chemotherapeutic drug sensitivity based on PTTG1 expression in UCEC.
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Single-Cell and Spatial Transcriptomic Characterization of PTTG1

To dissect the precise cellular origins and anatomical distribution of PTTG1 at unprecedented res-
olution, we integrated scRNA-seq with ST data from UCEC. Following stringent quality control,
unsupervised clustering mapped the single cells into 21 distinct clusters (Fig. 9A, Supplementary
Fig. 3A, 3B), The top 3,000 highly variable genes were identified for downstream dimensionality
reduction (Supplementary Fig. 3C), which were subsequently annotated into eight major cell lin-
eages, including Fibroblasts, T cells, Epithelial cells, Endothelial cells, Macrophages, NK cells, B
cells, and Mast cells (Fig. 9B, Supplementary Fig. 3D). Furthermore, intercellular communication
network analysis via CellChat revealed that fibroblasts serve as the central communication hub,
exhibiting the largest number and strongest interactions with all other cell types, particularly mac-
rophages and epithelial cells (Supplementary Fig. 3E, F). Feature plot visualization across the
UMAP space revealed a highly specific and heterogeneous expression pattern for PTTG1 (Fig.
9C). Quantitative analysis via violin plots further demonstrated that PTTG1 was predominantly
overexpressed in malignant Epithelial cells (specifically enriched in cluster 20) and Macrophages
(cluster 7) (Fig. 9D, E). To validate these findings within the native tissue context, we projected
our data onto corresponding spatial transcriptomic sections. Compared with the histological archi-
tecture delineated by H&E staining (Fig. 9F), spatial mapping successfully localized the distinct
cell types across the tissue slide (Fig. 9G). Crucially, the spatial expression profile of PTTG1 per-
fectly mirrored the scRNA-seq findings, showing robust and dense expression signals physically
localized within the epithelial tumor parenchyma and regions densely infiltrated by macrophages
(Fig. 9H). This powerful dual-omics approach intrinsically confirms that PTTG1 operates actively
within malignant tumor cells while simultaneously reshaping the surrounding macrophage-domi-
nated immune microenvironment.
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Figure 9. Single-cell and spatial transcriptomic landscape of PTTG1 expression in UCEC. (A) UMAP displaying the initial unsu-
pervised clustering of scRNA-seq data into 21 distinct clusters. (B) UMAP visualization of the annotated single cells, categorized
into eight major cell lineages. (C) Feature plot demonstrating the expression distribution of PTTG1 across the UMAP space, with
red indicating high expression. (D, E) Violin plots detailing the expression levels of PTTG1 across individual clusters (D) and
major annotated cell types (E), highlighting its significant enrichment in Epithelial cells (particularly cluster 20) and Macro-
phages. (F) Hematoxylin and Eosin (H&E) staining image of the UCEC spatial transcriptomics tissue section. (G) Spatial mapping
of the identified cell types onto the tissue section architecture. (H) Spatial feature plot illustrating the physical localization and
expression intensity of PTTG1, demonstrating its prominent enrichment in epithelial/tumor domains and macrophage-infiltrated
regions.

In Silico Perturbation of PTTG1 Unveils Downstream Transcriptional and
Metabolic Dependencies

To infer the direct causal regulatory network of PTTG1 in UCEC, we performed complementary
in silico loss-of-function (virtual knockout) and gain-of-function (virtual overexpression) analysis.
For the loss-of-function arm, PTTG1 was virtually depleted from the single-cell gene regulatory
network (scGRN), and the resulting downstream perturbation was quantified by Z-scores. The
virtual knockout of PTTG] triggered a profound systemic shift in the downstream regulatory net-
work, identifying a cohort of highly sensitive perturbed genes that were significantly up- or down-
regulated upon PTTG1 suppression, such as PPP1R12B, AHCYLI1, CFH, and GTF3C2 (Fig. 10A).
Functional enrichment of these knockout-perturbed genes revealed massive disruptions in cell-



intrinsic biosynthetic machinery. GO analysis highlighted ribonucleoprotein complex biogenesis
and RNA splicing in Biological Process (Fig. 10C), ribosomal subunit and spliceosomal complex
in Cellular Component (Fig. 10D), and structural constituent of ribosome in Molecular Function
(Fig. 10E). KEGG pathway analysis further revealed a strong dependency on specific metabolic
pathways, notably glutathione metabolism and N-glycan biosynthesis (Fig. 10B).

In striking contrast, the overexpression of PTTG1 systematically activated immune-related tran-
scriptional networks rather than cell-intrinsic pathways. A total of 31 genes were identified as sig-
nificantly perturbed (FDR < 0.05), and remarkably, all 31 exhibited positive log. fold changes,
indicating a uniform upregulation response (Fig. 10F). The top-ranked differentially regulated
genes included TSC22D3, IKZF1, TYROBP, and three MHC class II molecules: HLA-DRA,
HLA-DQAI1, and HLA-DPBI1 (Fig. 10F). Additionally, the interleukin-2 receptor alpha chain
(IL2RA), the pan-leukocyte marker PTPRC (CD45), the chemokine receptor CXCR4, the macro-
phage marker CD68, the integrin alpha X (ITGAX/CDlIc), and the Fc receptor gamma chain
(FCER1G) were prominently activated. KEGG enrichment analysis of these 31 positively per-
turbed genes revealed a striking and exclusive enrichment in immune regulatory processes (Fig.
10G), including Th1 and Th2 cell differentiation, Th17 cell differentiation, antigen processing and
presentation, and phagocytosis. GO Biological Process analysis corroborated these findings, iden-
tifying positive regulation of lymphocyte activation, antigen processing and presentation of exog-
enous peptide antigen via MHC class II, and Fc receptor signaling pathway as the top enriched
terms.

Collectively, these bidirectional in silico perturbation analyses reveal that PTTGI functions as a
dual-faceted oncogenic driver: intrinsically hijacking RNA splicing, ribosome biogenesis, and glu-
tathione metabolism to sustain malignant proliferation, while extrinsically reprogramming the
transcriptional landscape toward an immune-activated state dominated by MHC-II-mediated anti-
gen presentation and lymphocyte signaling.



A C GO Biological Process Enrichment Analysis

ey
o TR fﬂ -]
o 5
AL —_—---
il E —_—
ACT2357.3 .
Fi1R —— o
100ais _— ey
osTe = .
MEAss g
i3 _—
PIGR (— ——————
Hax1 — c
ToRIAPY 1
HOGF — "
L = —_—
e - A |
st = —
RPss 1= 5
ST fa e ————
ADAS ; 1 —
® e i |
5 NCOAY ." -
G aeo : Number of Gene _—_——.—
ARHGEFZ : i
orsy D GO Cellular Companent Enrichment Analysis ———
PREARS = e
MAGO1 1 |
chst ) 2 . '
= e
s —
PENKZ
BT = G KEGG Enrichment Analysis
s0cv3
B4 = ogtsiahiel
sz ps
GALNT2
PEXIS
erFcz
CFH production
2 -1 0 1 2
Z score
Th1 and Th2 cell differentiation
HLA-DRA L7 HLA-DOAY. HLA-0F?
G T
B Number of Gene:
Hematopoietic cell lineage og3ipusiie)
KEGG Enrichment Analysis = > < HLA-DRA, (L2RA, HLA-DGAT, HLA-OPDT P
V! E GO Molecular Function Enrichment Analysis §
g
Z
Allograft rejection
LA-DRA HA-DOAT HEA-DBE
P Th17 cell differentiation
= ~log10(pualus] e e s HLA-DRA 1704, HLA-DOAY, HLA-0FD]
? > o1 ke
g $ | oxiioreductase aciviy,acting on parcide an sccapior ! .
& £ o Toxoplasmosis
[ PR ————— 5 HLA-DRA 1L 10%A, HLA-DOA, HLA-P5H
usiquibn—protan transterase it actty Type | diabetes mellitus
Various types of N-glycan biosynthesis el e
D0ST, 0574 EAGALTS, KRTGAP2, MAN1AZ BAGALT2
Graft-versus-host disease
v e i ke HLA-DRA HEA-DIAY HA-CoB1

Number of Gene * Woiber orcRnE Number of Gene

Figure 10. In silico perturbation of PTTGI reveals bidirectional transcriptional and functional consequences at
single-cell resolution.(A—E) Virtual knockout of PTTG]1. (A) Z-scores of top significantly perturbed genes. (B) KEGG
enrichment, highlighting N-glycan biosynthesis and glutathione metabolism. (C—E) GO enrichment across Biological
Process (C), Cellular Component (D), and Molecular Function (E), revealing disruption of ribonucleoprotein complex
biogenesis, RNA splicing, and ribosomal subunits.(F and G) Virtual overexpression of PTTGI. (F) log: fold change of top
perturbed genes (all positive, indicating uniform upregulation). (G) KEGG enrichment, dominated by immune-related path-
ways including Th1/Th2/Th17 differentiation, antigen processing and presentation, and phagocytosis.

Experimental Validation and CPTAC Proteomic Confirmation of PTTG1 in
UCEC

Having established the prognostic and mechanistic significance of PTTG1 through comprehensive
bioinformatics analyses, we next sought to experimentally validate its overexpression pattern using
clinical specimens. Western blot analysis of six paired UCEC tumors and adjacent normal tissues
confirmed that PTTG1 protein expression was significantly elevated in tumor specimens (Fig. 11A,
B), with five of six cases (83.3%) exhibiting clear protein overexpression. Immunohistochemical
(IHC) staining of PTTG1 was subsequently performed on five paired UCEC tumor and adjacent
normal endometrial tissues to assess protein expression in situ. PTTG1 immunoreactivity was
markedly stronger in tumor epithelial cells compared to the weak or absent staining in normal
endometrial glands, with predominantly nuclear and moderate cytoplasmic localization, consistent
with the protein expression pattern observed by WB (Fig. 11C). To achieve orthogonal validation
at the transcript level within the same clinical specimens, total RNA from the six paired tissues
was subjected to qRT-PCR. Consistent with the WB findings, PTTG1 mRNA was significantly



upregulated in tumor tissues (Fig. 11E). The degree of PTTG1 mRNA elevation demonstrated a
positive, albeit not statistically significant at this sample size, correlation with the corresponding
WB densitometry ratios (Pearson r = 0.3690, p = 0.4717; Fig. 11F). To further corroborate these
tissue-level findings in an independent cohort, we queried the CPTAC-UCEC proteomic dataset.

Consistent with our in-house validation, PTTG1 protein abundance was significantly higher in
primary UCEC tumors compared to normal endometrium (Mann-Whitney U test, p =4.1 x 1075;

Fig. 11D). Moreover, among the 42 patients with paired mRNA and protein data in the CPTAC

cohort, PTTGI transcript and protein levels were strongly correlated (Pearson r=0.822, p <0.0001;
Fig. 11G), indicating faithful translation of transcriptomic upregulation to the functional protein
level. Collectively, these concordant multi-platform results — spanning in-house WB, qRT-PCR,

and THC analyses, as well as independent CPTAC proteomic validation — firmly establish PTTGI

overexpression as a reproducible, protein-level oncogenic event in UCEC.
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Figure 11. Experimental Validation and CPTAC Proteomic Confirmation of PTTG1 Overexpression in UCEC.
(A) Western blot showing PTTG1 protein expression in six paired UCEC tumor (T) and adjacent normal (N) endometrial
tissues. B-actin served as the loading control. (B) Quantification of PTTG1 protein expression normalized to B-actin in
the six paired tissues (n=6). (C) Representative immunohistochemistry (IHC) staining of PTTG!1 in paired UCEC tumor
and adjacent normal endometrial tissues (n=5 pairs). Scale bar, 50 pum. (D) PTTG1 protein expression (Z-score) in
normal endometrial tissues (n=31) versus primary UCEC tumors (n=100) from the CPTAC dataset, analyzed via
UALCAN. (E) Relative PTTG1 mRNA expression measured by qRT-PCR in six paired UCEC tumor and adjacent
normal tissues. Fold change (T/N) was calculated by the 2-AACT method with B-actin was used for normalization. (F)
Correlation between PTTG1 mRNA levels (QRT-PCR, ACt) and PTTG1 protein levels (Western blot, normalized intensi-
ty) in the six paired tissue samples. Pearson r=0.3690, p=0.4717. (G) Correlation between PTTG1 mRNA (log: RSEM)
and protein abundance (log: ratio) in CPTAC UCEC samples with matched profiles (n=42; cBioPortal, ucec cpta-
¢ 2020). Data in (B) and (E) are presented as mean += SEM. *p <0.05, **p <0.01, ***p <0.001, ****p <0.0001; paired
t-test for (B) and (E), Mann—Whitney U test for (D). Pearson correlation coefficients are reported in (F) and (G).

Discussion

UCEC remains one of the most prevalent gynecological malignancies worldwide, with its inci-
dence and mortality rates steadily rising*>. Despite continuous advancements in surgical and sys-
temic therapeutic modalities, the prognosis for patients with advanced or recurrent UCEC remains
dismal®. This clinical challenge is largely attributed to the high spatial and temporal heterogeneity
of the tumors, as well as a critical shortage of precise prognostic biomarkers and therapeutic tar-

gets’*¥. PTTG1 originally identified as a mammalian securin, plays an indispensable role in



regulating sister chromatid separation during mitosis and maintaining overall genomic stability®.
Accumulating biological evidence has characterized PTTGI as a potent oncogene, with its aber-
rant overexpression being implicated in the initiation, proliferation, and metastasis of various ma-
lignancies, including breast, prostate, and hepatocellular carcinomas'®. However, its comprehen-
sive multi-omics landscape, definitive prognostic value, and dynamic spatio-temporal role within
the tumor immune microenvironment of UCEC have remained largely unexplored. In the present
study, by systematically integrating bulk transcriptomics, advanced machine learning algorithms,
single-cell RNA sequencing, and spatial transcriptomics, we robustly identified PTTG1 not merely
as a core independent prognostic biomarker, but as a critical multidimensional driver that intrinsi-
cally fuels UCEC progression and extrinsically orchestrates an immunosuppressive microenviron-
ment.

Intrinsically, our findings elucidate the multifaceted mechanisms by which PTTGI drives the ma-
lignant proliferation and metabolic adaptation of UCEC cells. Through WGCNA and co-expres-
sion network analyses, we observed that PTTG1 is heavily integrated into pathways governing the
cell cycle and mitosis. This perfectly aligns with its canonical function as a securin that regulates
chromosomal segregation; however, its aberrant overexpression in UCEC appears to override crit-
ical cell cycle checkpoints, thereby fueling uncontrolled tumor replication. To move beyond mere
transcriptomic correlation and establish a causal regulatory hierarchy, we uniquely applied an in
silico virtual knockout algorithm at the single-cell resolution. Strikingly, the simulated depletion
of PTTGI triggered a systemic collapse in downstream targets predominantly associated with
RNA splicing and ribosome biogenesis. Given that sustained malignant proliferation places an
exponentially high demand on cellular protein synthesis, our virtual knockout evidence robustly
suggests that PTTGI acts as a pivotal upstream orchestrator. By hijacking the spliceosomal com-
plexes and ribosomal translational machinery, PTTG1 ensures a constant supply of oncogenic pro-
teins required for rapid tumor expansion'®. Furthermore, the virtual knockout analysis uncovered
a profound dependency of PTTG1-driven UCEC on specific stress-response pathways, particularly
glutathione metabolism. As the master intracellular antioxidant, glutathione is critical for neutral-
izing reactive oxygen species (ROS) generated during hyperactive tumor growth®37. Thus,
PTTGI not only accelerates cell division but also reprograms the metabolic and antioxidant de-
fense systems to confer survival advantages and stress resistance to UCEC cells.

To further disentangle the dual mechanistic roles of PTTGI as both an intrinsic proliferative driver
and an extrinsic immune modulator, we complemented the virtual knockout analysis with a virtual
overexpression simulation. Whereas the knockout exposed the cell-autonomous biosynthetic de-
pendencies of PTTG1 — namely cell cycle progression, ribosome biogenesis, and glutathione me-
tabolism — the overexpression remarkably triggered a uniform, systemic activation of immune-
related transcriptional networks. The near-exclusive enrichment in MHC class II antigen presen-
tation, Fc receptor signaling, and lymphocyte activation pathways suggest that PTTG1 overex-
pression has the potential to prime the tumor for immune recognition, potentially through enhanced
antigen presentation machinery. This dichotomy — where PTTG] intrinsically fuels proliferation
while extrinsically engages immune signaling — reveals a nuanced mechanistic duality. It posits



that the clinically observed immunosuppressive phenotype in PTTG1-high UCEC patients may
arise from a dominant pro-proliferative transcriptional program that outcompetes or actively sup-
presses the potentially immunogenic signals triggered by PTTG1 overexpression. This bidirec-
tional causal evidence, derived from orthogonal in silico perturbation strategies, provides a
uniquely comprehensive regulatory map of PTTG1's oncogenic architecture and reconciles its ap-
parent paradox as both a proliferation driver and an immune network activator.

Extrinsically, our integrated multi-omics approach uncovered a critical role for PTTG1 in orches-
trating an immunosuppressive cold tumor microenvironment. Through scRNA-seq and spatial
transcriptomics, we made the striking observation that PTTGI is not only expressed in the malig-
nant epithelial cells but also profoundly enriched in tumor-associated macrophages. This physical
and transcriptional spatial colocalization suggests a complex, bidirectional crosstalk between
UCEC cells and the innate immune system. Furthermore, CellChat-mediated intercellular commu-
nication analysis revealed that fibroblasts serve as the central signaling hub within the UCEC mi-
croenvironment, exhibiting the strongest outgoing interactions with macrophages and epithelial
cells. This suggests that fibroblast-driven paracrine signaling may constitute a critical mediator of
the PTTG1-associated tumor-stroma-immune axis. Consistently, macroscopic TME evaluation us-
ing the ESTIMATE algorithm revealed that PTTG1-High patients suffered from a severe depletion
of both stromal and active immune cell infiltration, resulting in an immune desert phenotype with
exceptionally high tumor purity. Such highly immunosuppressive and cold TMEs are notoriously
associated with therapeutic resistance, particularly to conventional immune checkpoint blockades.
To bridge this critical translational gap, we leveraged large-scale pharmacogenomic profiling to
identify alternative personalized therapeutic strategies. Our drug sensitivity predictions strikingly
revealed that while PTTG1-High patients exhibit resistance to certain agents, they present remark-
able, highly significant vulnerabilities to specific targeted therapies, most notably MEK inhibitors
(e.g., Selumetinib and Trametinib) and MDM2 inhibitors (e.g., Nutlin-3a). The robust positive
correlation between PTTG1 expression and MEK inhibitor sensitivity conceptually aligns with the
hyperactive mitotic and proliferative state driven by PTTG1, as the MAPK/MEK signaling cas-
cade is a central regulator of these very survival pathways. Consequently, our findings propose a
paradigm shift: rather than relying on standard regimens, high-risk UCEC patients overexpressing
PTTG1 may derive substantial clinical benefit from targeted kinase inhibition.

Notably, Selumetinib (AZD6244) and Trametinib (GSK1120212) warrant particular emphasis, as
both compounds are selective, allosteric MEK1/2 inhibitors that converge on the very cell cycle
machinery aberrantly activated by PTTG1 overexpression. The RAS-RAF-MEK-ERK signaling
cascade serves as a critical conduit linking extracellular mitogenic stimuli to the core cell cycle
apparatus, driving the G1/S transition through transcriptional upregulation of cyclin D1 and sup-
pression of CDK inhibitors®®*. In the context of PTTG1-driven UCEC—where our co-expression
network, functional enrichment, and in silico perturbation analyses collectively establish a pro-
foundly hyperactive proliferative program, the MEK/ERK axis represents a mechanistically co-
herent therapeutic bottleneck. By locking MEK1/2 in an inactive conformation, Selumetinib and
Trametinib abrogate ERK1/2 phosphorylation, effectively intercepting the proliferative output of



the PTTGI oncogenic network at a central signaling node, resulting in G1 cell cycle arrest and
apoptosis***!. Clinically, Trametinib has demonstrated significant single-agent and combinatorial
efficacy in BRAF-mutant melanoma and non-small cell lung cancer, and is currently under inves-
tigation in gynecologic malignancies, with a recent phase II/III trial demonstrating its activity in
recurrent low-grade serous ovarian carcinoma, a tumor type that shares RAS-pathway dependency
with certain aggressive UCEC subtypes*’. Selumetinib has similarly shown clinical benefit in
RAS-driven tumors and received FDA approval for NF1-associated plexiform neurofibromas®.
The convergence of this established clinical experience with the robust biological rationale emerg-
ing from our multi-omics framework strongly positions MEK inhibition as a mechanistically
grounded and clinically actionable therapeutic strategy for PTTGI1-overexpressing, high-risk
UCEC patients.

The experimental validation presented in this study provides multi-level, orthogonal confirmation
of the computational framework established above. Western blot and qRT-PCR analyses of the six
paired clinical specimens demonstrated that PTTG1 overexpression is a consistent and robust
event at both the protein and mRNA levels, with five of six cases exhibiting concordant upregula-
tion across the two measurement platforms. This bridges a critical gap between computational
prediction and biological reality, substantiating that the PTTG1 upregulation identified in our
multi-omics analysis is a genuine multi-layered oncogenic event rather than a transcriptomic arti-
fact.

Furthermore, we validated PTTG1 protein overexpression in an independent external cohort using
CPTAC proteomic data, which corroborated our tissue-level findings in a larger sample set. The
strong mRNA-protein correlation observed in the CPTAC cohort supports the reliability of PTTG1
transcript-level analyses performed throughout this study. Meanwhile, our immunohistochemistry
results confirmed that the elevated PTTG1 signal originates from tumor epithelium and is not con-
founded by stromal expression. The relatively weak mRNA-protein correlation in our clinical sam-
ples may reflect the limited sample size and highlights the necessity of multi-cohort validation.
Taken together, the convergence of in-house experimental data with external CPTAC proteomic
evidence provides robust, multi-layer confirmation of PTTG1 overexpression in UCEC.

Several limitations should be considered when interpreting these results. First, the experimental
validation cohort was limited to six paired specimens for western blot/qPCR and five for immuno-
histochemistry, all from a single institution, which constrains statistical power and generalizability;
larger multi-center validation is warranted. Second, the virtual gene perturbation analyses (scTen-
ifoldKnock and scTenifoldNet) are computational predictions that require experimental confirma-
tion through CRISPR-mediated approaches. Third, the CPTAC tumor-versus-normal comparison
was derived as precomputed summary statistics from UALCAN rather than raw mass spectrometry
data, and the paired mRNA-protein cohort comprised only 42 samples. Fourth, the single-cell RNA
sequencing dataset (GSE173682) included five specimens, and the resolution of spatial tran-
scriptomics may preclude detection of rare cell subpopulations. Fifth, drug sensitivity predictions
were computationally inferred from GDSC/CTRP pharmacogenomic databases; the predicted



MEK inhibitor vulnerabilities require experimental validation in PTTG1-high versus PTTG1-low
UCEC cell lines and patient-derived models before clinical translation.

Conclusions

In summary, this comprehensive integrative multi-omics analysis identifies PTTG1 as a profound
and independent prognostic biomarker and a multidimensional oncogenic driver in UCEC. Intrin-
sically, PTTG1 fuels malignant cell proliferation through hyperactivation of cell cycle, ribosome
biogenesis, and glutathione metabolism pathways. Extrinsically, it remodels the tumor immune
microenvironment toward an immunosuppressive state characterized by immune cell depletion
and macrophage crosstalk. Bidirectional in silico perturbation analyses revealed that PTTGI loss
disrupts core proliferative programs, while its overexpression activates immune-related transcrip-
tional networks, including MHC class II antigen presentation and lymphocyte activation pathways.
These computational findings were substantiated by multi-level experimental validation—Western
blot, QRT-PCR, and immunohistochemistry in paired clinical UCEC specimens—and further cor-
roborated by independent CPTAC proteomic analysis. Drug sensitivity predictions identified se-
lective vulnerability to MEK inhibitors, including selumetinib and trametinib. Collectively, these
findings provide a compelling rationale for PTTG1-guided prognostic stratification and MEK in-
hibitor-based targeted therapeutic strategies in high-risk UCEC.
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Figure legends
Figure 1. Batch effect correction and differential expression analysis.

(A) PCA plots before (left) and after (right) batch effect correction of the three integrated GEO
datasets. (B) Box plots showing gene expression distribution before and after batch correction. (C)
Volcano plot of differentially expressed genes (DEGs) between UCEC tumor and normal tissues
(log2FC| > 1, adjusted p <0.05). (D) Heatmap of the top 50 DEGs. (E) KEGG pathway enrichment
analysis of DEGs. (F) GO enrichment analysis of DEGs.

Figure 2. Weighted gene co-expression network analysis (WGCNA).

(A) Scale-free topology fit index across soft-thresholding powers. (B) Mean connectivity analysis.
(C) Gene dendrogram with module color assignment. (D) Module-trait relationship heatmap. (E,
F) Scatter plots of Gene Significance vs. Module Membership for the turquoise (E) and yellow (F)
modules. (G) Venn diagram of DEGs and WGCNA module genes. (H) GO enrichment analysis of
consensus candidate genes. (I) KEGG pathway enrichment analysis of consensus candidate genes.

Figure 3. Machine learning-based core gene screening.

(A) LASSO coefficient profiles. (B) Cross-validation for optimal lambda selection. (C) SVM-RFE
accuracy across feature subsets. (D) SVM-RFE error rate across feature subsets. (E) XGBoost



SHAP summary plot. (F) XGBoost feature importance ranking. (G) Boruta Z-score distribution.
(H) Boruta decision plot. (I) Venn diagram of overlapping genes selected by all four algorithms.

Figure 4. Expression validation, diagnostic value, and prognostic significance of core genes.

(A) Box plots showing differential expression of PNP, CDC20, PTTG1, S100A11, and KLF5 in
TCGA-UCEC. (B) ROC curves for the five core genes. (C—G) Kaplan-Meier overall survival
curves for PNP (C), CDC20 (D), PTTG1 (E), S100A11 (F), and KLF5 (G). (H) Kaplan-Meier
progression-free interval curve for PTTGI.

Figure 5. Correlation of PTTG]1 expression with clinicopathological features in UCEC.

(A) Comprehensive heatmap of PTTG1 expression across clinicopathological features. (B) PTTG1
expression by age. (C) PTTG1 expression by overall survival status. (D) PTTG1 expression by
histological subtype. (E) PTTG1 expression by FIGO stage. (F) PTTGI expression by tumor stage
(I/IL vs. II/IV). (G) PTTGI expression by histological grade. (H) PTTG1 expression by BMI cat-
egory.

Figure 6. PTTG1 co-expression network and functional enrichment in UCEC.

(A—C) Scatter plots of top positively co-expressed genes with PTTG1: CDC25C (A), UBE2C (B),
and CDCA3 (C). (D-F) Scatter plots of top negatively co-expressed genes: FAM189A2 (D),
FCERIA (E), and IGFBP4 (F). (G) GO enrichment analysis of PTTG1 co-expressed genes. (H)
KEGG pathway enrichment analysis of PTTG1 co-expressed genes.

Figure 7. Tumor immune microenvironment remodeling associated with PTTG1 in UCEC.

(A) CIBERSORT immune cell composition in PTTG1-high and PTTG1-low groups. (B) Global
Spearman correlation matrix between PTTG1 expression and immune cell subtypes. (C) Detailed
correlations between PTTGI and individual immune cell subtypes. (D) ESTIMATE scores (Stro-
malScore, ImmuneScore, ESTIMATEScore) in PTTG1-high vs. PTTG1-low groups. Data are pre-
sented as box plots with Wilcoxon rank-sum test p values.

Figure 8. Drug sensitivity prediction guided by PTTG1 expression.

(A) Heatmap of drug sensitivity differences between PTTGI1-high and PTTG1-low groups. (B)
Top 10 drugs with greatest sensitivity differences between groups. (C—E) Box plots of predicted
ICso values for Selumetinib (C), Trametinib (D), and Nutlin-3a (E). (F) Spearman correlation be-
tween PTTG1 expression and Selumetinib sensitivity. (G—I) Box plots of drugs with increased
resistance in the PTTG1-high group. (J) Spearman correlation between PTTG1 expression and
AZD5991 sensitivity.

Figure 9. Single-cell and spatial transcriptomic characterization of PTTG1 in UCEC.

(A) UMAP visualization of 21 single-cell clusters. (B) UMAP plot annotated by eight major cell
lineages. (C) Feature plot showing PTTG1 expression across the UMAP space. (D) Violin plot of
PTTGI1 expression across cell clusters. (E) Dot plot of PTTG1 expression by cell type. (F) H&E-
stained tissue section. (G) Spatial mapping of cell type annotations on tissue section. (H) Spatial
feature plot of PTTG1 expression.



Figure 10. In silico perturbation analysis of PTTGI1.

(A) Volcano plot of perturbed genes after virtual PTTG1 knockout. (B) KEGG enrichment of
knockout-perturbed genes. (C—E) GO enrichment of knockout-perturbed genes: Biological Process
(C), Cellular Component (D), and Molecular Function (E). (F) Volcano plot of differentially ex-
pressed genes after virtual PTTGI1 overexpression. (G) KEGG enrichment of overexpression-per-
turbed genes.

Figure 11. Experimental validation and CPTAC proteomic confirmation of PTTG1 in UCEC.

(A) Representative Western blot images of PTTG1 in six paired UCEC tumor (T) and adjacent
normal (N) tissues. (B) Densitometric quantification of Western blot results (n = 6). (C) Repre-
sentative immunohistochemistry images of PTTG1 in UCEC tumor and adjacent normal tissues.
Scale bar: 100 um. (D) CPTAC proteomic comparison of PTTGI1 protein abundance between
UCEC tumors (n = 100) and normal endometrium (n = 31). (E) qRT-PCR analysis of PTTGI
mRNA expression in six paired specimens. (F) Correlation between Western blot densitometry
ratios and qRT-PCR fold changes. (G) Pearson correlation between PTTG1 mRNA and protein
levels in the CPTAC cohort (n = 42).
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