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Abstract

Background Uterine corpus endometrial carcinoma (UCEC) is a gynecological malignant tumor with high incidence
and poor prognosis. Although immunotherapy has brought significant survival benefits to advanced UCEC patients,
traditional evaluation indicators cannot accurately identify all potential beneficiaries of immunotherapy. Con-
sequently, it is necessary to construct a new scoring system to predict patient prognosis and responsiveness of
immunotherapy.

Methods CIBERSORT combined with weighted gene co-expression network analysis (WGCNA), non-negative matrix
factorization (NMF), and random forest algorithms to screen the module associated with CD8" T cells, and key genes
related to prognosis were selected out by univariate, least absolute shrinkage and selection operator (LASSO) and
multivariate Cox regression analyses to develop the novel immune risk score (NIRS). Kaplan—Meier (K-M) analysis was
used to compare the difference of survival between high- and low- NIRS groups. We also explored the correlations
between NIRS, immune infiltration and immunotherapy, and three external validation sets were used to verify the
predictive performance of NIRS. Furthermore, clinical subgroup analysis, mutation analysis, differential expression of
immune checkpoints, and drug sensitivity analysis were performed to generate individualized treatments for patients
with different risk scores. Finally, gene set variation analysis (GSVA) was conducted to explore the biological functions
of NIRS, and gRT-PCR was applied to verify the differential expressions of three trait genes at cellular and tissue levels.

Results Among the modules clustered by WGCNA, the magenta module was most positively associated with CD8* T
cells. Three genes (CTSW, CD3D and CD48) were selected to construct NIRS after multiple screening procedures. NIRS
was confirmed as an independent prognostic factor of UCEC, and patients with high NIRS had significantly worse
prognosis compared to those with low NIRS. The high NIRS group showed lower levels of infiltrated immune cells,
gene mutations, and expression of multiple immune checkpoints, indicating reduced sensitivity to immunotherapy.
Three module genes were identified as protective factors positively correlated with the level of CD8™ T cells.

Conclusions In this study, we constructed NIRS as a novel predictive signature of UCEC. NIRS not only differentiates
patients with distinct prognoses and immune responsiveness, but also guides their therapeutic regimens.
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Introduction

Uterine corpus endometrial carcinoma (UCEC) is an epi-
thelial tumor associated with excessive estrogen secre-
tion, obesity, and Lynch syndrome [1-3]. Among the top
10 cancer categories projected by the American Cancer
Society for new cancer cases and deaths in 2023, UCEC
ranks fourth in terms of morbidity and sixth in mortality,
accounting for seven percent and five percent of female
cancers, respectively [4]. Currently, its morbidity and
mortality are still rising [3—-6]. High incidence and poor
prognosis of UCEC pose a significant threat to women’s
health. Traditional treatment approaches for UCEC
include surgery, chemotherapy, radiotherapy, hormonal
therapy, and targeted therapy. However, these treatments
have not significantly improved the prognoses of some
advanced patients [7]. In recent years, immunotherapy
has emerged as a promising avenue for advanced UCEC
patients. Combined immunotherapy has shown poten-
tial in providing better survival outcomes for advanced
patients: Pembrolizumab in combination with Lenvatinib
has significantly improved the objective response rate
(ORR) and long-term survival in UCEC patients with
disease progression [8—11]. In addition to the anti-angi-
ogenic drugs, the combination of immunotherapy and
chemotherapy is being explored as well, with Pembroli-
zumab combined with doxorubicin being shown to exert
substantial anti-tumor activity and controllable safety in
advanced UCEC patients who did not respond to plati-
num-based chemotherapy [12]. Thus, immunotherapy is
assuming an increasingly important role in the remedy of
UCEC.

The remarkable efficacy of immunotherapy in UCEC
can be attributed to several factors. Firstly, the tumor
immune microenvironment (TIME) of UCEC exhib-
its an abundance of immune cells, which play a crucial
role in tumor development and impact the effectiveness
of immunotherapy as well as the prognosis of patients
[13-15]. Moreover, there is a high incidence of gene dif-
ferent mismatch repair (AMMR) in UCEC cells. It has
been confirmed that tumor subtypes of microsatellite
instability-high (MSI-H)/dMMR are correlated with high
tumor mutation burden (TMB), which regulates immune
infiltration and improves the PD-1/PD-L1 expression lev-
els; thus, improving the efficiency of immunotherapy [16,
17]. Immune checkpoint inhibitors (ICIs) primarily func-
tion by blocking inhibitory immune receptors and acti-
vating dysfunctional T cells [17-19]. Notably, CD8" T
cells, which play a crucial role in adaptive immunity, are
actively involved in the process and significantly contrib-
ute to the efficacy of immunotherapy as the most influ-
ential effectors of the anti-tumor immune response [20,
21]. Numerous studies have demonstrated the significant
impact of CD8* T cell infiltration density and activity
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on the response to immunotherapy in UCEC. Further-
more, the abundance of CD8" T cells is considered as an
independent prognostic biomarker for UCEC patients
[22-24]. However, there is currently no corresponding
criteria to clearly distinguish the patients who would
benefit from immunotherapy based on CD8* T cell infil-
tration levels. In addition, the existing predictive markers
cannot accurately identify all patients who would derive
benefits from immunotherapy [25, 26]. Hence, it is indis-
pensable to identify biomarkers which can accurately
predict the responsiveness of immunotherapy in UCEC
patients and their prognoses.

With the rapid advancements in bioinformatics, large
medical datasets can now be leveraged to identify mol-
ecules with specific functions in the development and
progression of UCEC. These molecules can be utilized
to construct a novel prediction system that can guide
clinical decision-making. As a novel algorithm, weighted
gene co-expression network analysis (WGCNA) seeks
out highly co-expressed gene modules and identifies
the module and genes which are highly correlated with
tumors; thus, analyzing gene association patterns among
different samples [27-29]. This algorithm has been
widely used for various tumors such as lung cancer, blad-
der cancer, prostate cancer, and breast cancer [30-34].
In this study, we employed WGCNA to investigate the
target module and genes associated with immune cells
in UCEC. Furthermore, we developed a new immune
risk scoring system based on CD8* T cells and demon-
strated its important role in forecasting the prognosis of
patients and responsiveness of immunotherapy. Lastly,
we explored potential correlations between the system
and the TIME, immune checkpoints, gene mutation and
sensitivities of other anti-tumor therapies.

Methods

Data acquisition and arrangement

Combined with the downloaded clinical information,
541 UCEC samples with complete expression profiles
and corresponding clinical information were acquired
(Table 1). The expression profiles, initially provided in
fragments per kilobase million (FPKM) format, were
converted into transcripts per million (TPM) format
[35], rows and columns with missing values exceed-
ing 50% were removed, and a logarithmic conversion
was applied to obtain the final expression profile data in
log2(TPM +1) format. The simple nucleotide variation
data of the TCGA-UCEC cohort were obtained from the
GDC database in ‘“maf’” format and utilized to calculate
the TMB values of each sample. The formula used is as
follows: TMB (mut/mb) =total mutation amount (includ-
ing synonymous, non-synonymous, substitution, inser-
tion, and deletion mutations)/size of target coding area.
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Table 1 Baseline Data Sheet for the Cohort of TCGA-UCEC

Characteristic levels N (%)
Age >65 years old 233 (43.0)
<65 years old 308 (56.9)
Grade Gl1 99 (18.3)
G2 22 (22.6)
G3 320 (59.1)
stage | 336 (62.1)
Il 52 (9.6%)
Il 23(22.7)
v 30 (5.6)
histological_type ~Endometrioid endometrial adenocarci- 405 (74.9)
noma
Serous endometrial adenocarcinoma 114 (21.1)
Mixed serous and endometrioid 22 (4.0

Downloaded TCGA-UCEC cohort data on four immu-
nophenoscores (IPS) and microsatellite instability (MSI)
data from the TCIA database (https://tcia.at). The data
of the immunotherapy cohort PRJEB23709 comes from
the TIGER database (http://tiger.canceromics.org/), and
the immunotherapy cohort IMvigor210 data was derived
from the study of Mariathasan et al.[36].

Assessment of infiltration level of immune cells in UCEC
CIBERSORT is an immune infiltration analysis soft-
ware used to evaluate the abundance of immune cells in
tumor and normal tissue using the differential expres-
sion of marker genes in 22 immune cells [37]. Using the
“e1701” R package as the precondition, CIBERSORT was
repeated 1000 times to calculate the immune infiltra-
tion and filter immune cells with no content in all sam-
ples. Samples with P<0.05 were subsequently screened
to determine the immune cell distribution in UCEC
immune microenvironment.

Construction of co-expression network and selection

of key module

During the processing of the whole-genome expres-
sion profile of the TCGA-UCEC cohort, we filtered out
genes with minimal fluctuations, performed sample
clustering, and removed outliers to obtain the input
gene expression matrix. The gene expression matrix
was then integrated with the immune infiltration level
results obtained from CIBERSORT, leading to the con-
struction of WGCNA. The “WGCNA” R package was
employed to construct a weighted matrix using the
Pearson correlation analysis [38]. The PickSoftThresh-
old function was applied to generate the power scatter
plot, and the optimal softpower () value was selected
according to fitting index and average connectivity.
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Subsequently, we used the formula AMN=|CMN|f3
(CMN represents the Pearson correlation value of the
paired genes; AMN represents the adjacency relation-
ship between the paired genes; B was the best soft-
power value) to construct the weighted adjacency
matrix. Genes with comparable expression levels were
divided into different modules using the dynamic tree
cutting method, and hierarchical clustering was car-
ried out in light of the difference degree of topologi-
cal overlap matrix (TOM) to generate the gene tree.
Genes with similar expression profiles were assigned to
separate modules, each consisting of at least 60 genes.
Determining 0.25 as the threshold of module similarity,
we merged similar modules and identified the magenta
module (key module) to be highly positively associated
with the level of CD8" T cell infiltration.

Clustering recognition and evaluation based on CD8*T
Cells

Based on the list of marker genes of immunocytes pro-
vided by BindeaG et al.[39], we employed the non-neg-
ative matrix factorization (NMF) algorithm to cluster
the samples from the UCEC patient cohort according
to the gene expression profile of CD8+ T cells [40]. The
NMEF algorithm used the Brunet method with 10 itera-
tions. We utilized principal component analysis (PCA)
and t-distributed stochastic neighbor embedding
(tSNE) to achieve dimensionality reduction and visuali-
zation of the expression characteristics of CD8*T cells
among different clusters, and compared the differences
of OS among different CD8'T cell related clusters by
Kaplan—Meier (K-M) survival analysis. Estimation of
stromal and immune cells in malignant tumors using
expression data (ESTIMATE) algorithm is a method
to assess infiltrated mesenchymal and immune cells in
various tumor types [41]. The “ESTIMATE” R package
was used to calculate the immune microenvironment-
related scores for each patient within the TCGA-UCEC
cohort, including: StromalScore, ImmuneScore, and
ESTIMATEScore. StromalScore indicates the matrix
score, ImmuneScore reflects the immune score, and
both scores provide insights into the relative infiltration
richness of matrix and immune components, respec-
tively, while ESTIMATEScore represents the sum of
these two scores, serving as an overall indicator of the
immune microenvironment. We performed the differ-
ential analysis to compare the differences in these three
scores among different subgroups of patients, and con-
ducted CIBERSORT and ssGSEA algorithms to quan-
tify the level of immune cell infiltration in the TIME of
UCEC, in which ssGSEA algorithm was implemented
using the “GSVA” R package [42].
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Random forest classification and screening of differential
genes

The “limma” R package was used to analyze the gene
differences between CD8'T cells related subtypes in
UCEC patients, and finally the differentially expressed
genes (DEGs) were obtained by applying log fold change
(logfFC)>1, P<0.05 as the screening criterion (P value
was corrected by “FDR” method). Furthermore, the ran-
dom forest algorithm, implemented through the “ran-
domForest” R package, was used to filter the features of
the DEGs [43]. The default number of iterations was set
to100, and with the construction of 500 trees, the model
was considered to be sufficiently robust. The importance
of DEGs was scored using the Gini coefficient method,
and genes with a score>1 were selected as characteristic
genes, the screened characteristic DEGs were then inter-
sected with the genes from the WGCNA magenta mod-
ule and the set of protein-coding genes. Univariate Cox
analysis was performed to identify the intersection genes
closely related to the prognosis of UCEC patients.

Construction of the novel immune risk score

After excluding samples with a follow-time of 0, 539
UCEC samples from the TCGA cohort were divided
into the training (N=325) and validation sets (N=214)
in a ratio of 6:4, which allowed for internal validation
of the predictive capacities of the novel immune risk
score (NIRS). The “glmnet” R package was applied to
carry out Least absolute shrinkage and selection opera-
tor (LASSO) regression algorithm. LASSO regression
is used for dimension reduction and filtering by con-
structing a penalty function and compressing some coef-
ficients that are set to zero. Finally, using multivariate
Cox regression analysis, genes significantly correlated
with overall survival (OS) in UCEC patients were fur-
ther screened to construct the NIRS. The NIRS was cal-
culated using the following formula: NIRS=hgtxexp
(Byx; + Baxy+ ... +PsX5), where B refers to the regression
coefficient, obtained by calculating the inverse natural
logarithm exp(p), and hgt is the benchmark risk func-
tion. All enrolled patients were divided into high NIRS
and low NIRS groups according to the median of the risk
score. K-M survival analysis was employed to predict
and compare OS in both cohorts. Risk factor association
plots were utilized to visualize the prognostic landscape
of patients in different NIRS groups. Time-dependent
receiver operating characteristic (ROC) curve analysis
was constructed to evaluate the NIRS prediction accu-
racy for OS at different time points, and calibration curve
was used to test the agreement between the OS predicted
by NIRS and the actual OS of patients. Additionally, uni-
variate as well as multivariate Cox regression analyses
were carried out, taking into account UCEC common
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clinical features, to validate the clinical independence of
NIRS in predicting OS. Pearson correlation analysis was
employed to investigate the interrelationships between
the expression levels of pairwise model genes.

Estimation of immune cell abundance

First of all, we used CIBERSORT and ssGSEA algorithms
to evaluate the level of immune cell infiltration in the
TIME of UCEC, and compared the landscape of immune
infiltration between the high- and low- NIRS groups by
differential analysis. Correlation analysis was used to
explore the relationship between NIRS and infiltration
levels of immunocytes, as well as between CDS8™T cells
infiltration level and model genes. Furthermore, the
ESTIMATE algorithm was performed to evaluate and
compare the differences in the relative infiltration abun-
dance of matrix components and immune components
between patients in high- and low- NIRS groups. This
analysis allowed us to gain insights into the overall infil-
tration patterns of these components within the tumor
microenvironment.

Comparison of immune checkpoints and prediction

of immunotherapy effects

To explore the relationship between NIRS and immune
checkpoints, we constructed the correlation matrix
between NIRS, specific genes and 46 commonly used
immune checkpoints. We selected the six most fre-
quently applied immune checkpoints in clinical settings
and examined their expression patterns between high-
and low- NIRS groups. Next, to assess the responsive-
ness of patients with different NIRS scores to immune
checkpoint inhibitors (ICIs), four IPSs obtained from the
TCIA database were used for prediction [44]. The four
IPSs were classified as ips_ctlad_pos_pd1_pos, ips_ctlad_
neg_pdl_pos, ips_ctlad_pos_pdl_neg, and ips_ctlad_
neg_pdl_neg, respectively, which were distinguished
by different responses to PD-1 and CTLA-4 inhibitors.
Higher IPS values indicate greater sensitivity to the cor-
responding ICIs. The Tumor Immune Dysfunction and
Exclusion (TIDE) database (http://tide.dfci.harvard.edu/)
[45] was employed to speculate the function of genes
regulating tumor immunity and comprehensively analyze
the mechanisms related to tumor immune evasion caused
by immune dysfunction and exclusion, so as to effectively
predict the therapeutic effects of ICIs. We focused on the
tumor immune exclusion score, which is closely related to
CDS8*T cells inhibition, as a predictive index. The expres-
sion profile data of patients with high- and low- NIRS
were input into TIDE database to analyze the differences
in exclusion scores between the two groups. In addition,
we employed the submap algorithm [46] available on
the GenePattern cloud server to compare the expression
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profiles of the cohort samples with those of a previously
published dataset containing 47 melanoma patients who
had responded to immunotherapy [47]. After apply-
ing the Bonferroni correction, we explored the correla-
tion between high- and low- NIRS patients and their
responses to PD-1 and CTLA-4 inhibitors. Furthermore,
we selected two external validation sets, IMvigor210
and PRJEB23709, to verify the predictive performance
of NIRS. K-M survival analysis was performed to com-
pare the differences in OS between high- and low- NIRS
groups in these two validation cohorts. Additionally, we
analyzed the distribution proportions of the four-level
efficacy assessments based on the recistl.1 criteria in the
patients with high- and low- NIRS, and compared the
differences in NIRS scores among the patients with the
four efficacy assessed outcomes.

Mutation analysis based on NIRS

The TMB values for each sample were derived from the
gene mutation data in the “maf” format. All enrolled
patients were categorized into high TMB and low TMB
groups according to the level of somatic mutations. K-M
survival analysis was conducted to investigate the rela-
tionship between TMB, in combination with NIRS, and
OS of the patients. In addition, differential analysis and
Spearman correlation analysis were used to explore the
association between NIRS and TMB. In addition, MSI is
a mutation-related index that is always used to predict
prognosis and immunotherapy efficacy in various tumors
including UCEC, gastric cancer, and colorectal cancer.
Assessment of MSI mainly relies on four mismatch repair
(MMR) proteins: MLH1, MSH2, MSH6 and PMS2 [48].
Differential analysis and Spearman correlation analy-
sis were used to explore potential associations between
NIRS and TMB, MSI, and dMMR.

Clinical subgroup analysis and pharmacotherapy
sensitivity analysis

“Stage” and “Grade” are regarded as significant clinical
subgroup features closely associated with the progno-
sis of UCEC. We analyzed the distribution proportion
of these clinical subgroup characteristics in high- and
low- NIRS groups, and compared the differences in
NIRS among patients with different clinical subgroup
characteristics using variance analysis, so as to explore
the potential relationship between NIRS and common
clinical subgroup features. K-M survival analysis was
conducted to investigate the prognostic role of NIRS in
patients with different Grade and Stage subgroups. Next,
based on the Genomics of Drug Sensitivity in Cancer
(GDSC) (https://www.cancerrxgene.org/) data source,
we constructed the ridge regression model using the
“oncoPredict” R package to calculated the predicted half
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maximal inhibitory concentration (ICj;) values of com-
monly used chemotherapeutic agents and targeted thera-
peutics. The sensitivities of these drugs were reflected by
comparing the IC; values in patients with high- and low-
NIRS. A lower ICg, value indicates greater sensitivity of
the patient to the drug.

Gene set variation analysis

Gene set variation analysis (GSVA) based on the pack-
age “GSVA” focused on assessing changes in pathway
activity [49], and we obtained four gene sets, “c2.cp.kegg.
v7.5.1.symbols.gmt,”  “c2.go.v7.5.1.symbols.gmt,”  “c2.
cp.reactome.v7.5.1. symbols.gmt,” and“h.all.v7.5.1. sym-
bols.gmt’, from the MsigDB database, and explored the
significantly different pathways between high- and low-
NIRS groups from the four perspectives of the Kyoto
Encyclopedia of Genes and Genomes (KEGG) pathway,
the Gene Ontology (GO) pathway, the Reactome pathway
and the HALLMARK pathway.

Preparation for UCEC samples and cell lines

The UCEC tissue samples were collected from patients
after surgery in the Third Xiangya Hospital of Central
South University, China. The histological diagnosis was
independently confirmed by two pathologists. All sam-
ples were immediately cryopreserved in liquid nitrogen
within 30 min. For further analysis, we isolated total
RNA from the cancer tissue and performed quantitative
reverse transcription polymerase chain reaction (qRT-
PCR). The study was conducted in accordance with the
approval of the Ethics Committee of the Third Xiangya
Hospital of Central South University, China. Informed
consent was obtained from all patients involved in the
study. Additionally, two human UCEC cell lines, HEC-1A
and Ishikawa (ISHI), were purchased from Wuhan Pro-
cell Life Technology (Wuhan, China), and Wuhan Pricells
Biotechnology & Medicine Co., Ltd (Wuhan, China) pro-
vided primary endometrial cells. Details of the culture
media used for all cell lines and their respective manu-
facturers are listed in Additional file 1: Table S1. The
media were supplemented with 10% fetal bovine serum
(Biosharp Life Sciences, Hefei, China) and 1% penicillin—
streptomycin (Biosharp Life Sciences). All cell lines were
cultured in the constant temperature incubator at 37 °C
and 5% CO,, ensuring an environment free from bacte-
ria, yeasts, fungi, or mycoplasma contamination. Finally,
siRNA transfection was performed to silence three spe-
cific genes in two UCEC cell lines, all RNA inhibitors,
including negative control siRNA, were purchased from
Tsingke Biotechnology Co., Ltd (Beijing, China). Detailed
information regarding the siRNA sequences can be found
in Additional file 2: Table S2. HEC-1A and ISHI cell lines
were transfected with siRNAs using jetPRIME® siRNA
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Table 2 Characteristics of selected UCEC tissue samples

Patients Age Tissue origin Pathology type Pathological grading  LVSI FIGO stage
Risk-H 53 Primary Tumor Adenocarcinoma G3 + plitb

Risk-M 63 Primary Tumor Adenocarcinoma G3 - plb

Risk-L 54 Primary Tumor Adenocarcinoma G2 - plb

G1: well differentiated carcinoma with tumor solid growth area < 5%; G2: moderately differentiated carcinoma with solid growth area accounting for 6-50%; G3:
Poorly differentiated carcinoma with solid growth area > 50%. LVS/ lympho-vascular space invasion, refers to pathologically demonstrated infiltration of a vascular
tumor thrombus, including the presence of cancer cells on lymphatic vessels or blood vessel walls. p/b The depth of tumor infiltration was > 1/2, and no cervical
interstitial invasion was observed. plllb The tumor spreads locally or regionally, and the vagina or uterus is involved

transfection reagent (Polyplus). Subsequent analyses
were conducted 24 h post-transfection.

Quantitative Real-Time RT-PCR

Comparison was performed among HEC-1A, ISHI and
the primary endometrial cells, and three UCEC samples
with risk scores ranging from low to high were selected
for differential expression analysis of model genes based
on clinical stage, pathological grade, and histological type
determined using pathological reports. Additionally, the
expression levels of target genes in HEC-1A cells after
transfection with different siRNAs were compared to
validate the gene knockdown efficiency of each specific
siRNA. Furthermore, the interrelationships among the
three specific genes were further confirmed. To further
validate the conclusions, ISHI cells transfected with the
siRNA demonstrating more pronounced gene knock-
down effects were selected, and the expression levels of
model genes were explored. Using the RNAex Pro rea-
gent (Accurate Biology) to extract total RNA. Residual
genomic DNA contamination was removed from total
RNA using 4 X GDNA wiper mix (Vazyme R223-01) and
cDNA was reverse transcribed using the 5x HiScript® II
qRT SuperMix II. Finally, ChamQ Universal SYBR qPCR
Master Mix (Vazyme#Q711) was used for real-time
quantification. GAPDH was selected as internal refer-
ence and the 2724 method was applied to standardize
the comparative expression levels of target genes. Patient
clinical information corresponding to the tissue samples
is listed in Table 2 and the primers for qRT-PCR are listed
in Additional file 3: Table S3.

Statistical analysis

All bioinformatics statistical analyses in this study were
performed using R (version 4.2.1) and Perl languages,
among which perl language was mainly used for exten-
sive data cleaning. Unless otherwise specified, differential
analysis in this study was carried out via the “limma” R
package. The Wilcoxon test was utilized for comparing
two groups, while the Kruskal-Wallis test was used for
comparisons involving more than two groups. Addition-
ally, correlations were determined using the Spearman

correlation analysis. The K-M method and log-rank test
were utilized for survival analysis and to compare the
difference in prognosis among different groups (by “sur-
vival” and “surviminer” R packages). Statistical signifi-
cance was determined using Graphpad Prism (version
9.0). The differential expressions of HEC-1A, ISHI and
primary endometrial cells, as well as the differences in the
expression levels of target genes between SiRNA-trans-
fected cells and the negative control group, were ana-
lyzed using independent Student’s ¢-test, while one-way
ANOVA was applied to compare the difference between
UCEC samples. All statistical tests were bilateral, and
P-values < 0.05 were considered statistically significant.

Results

Immune infiltration composition of samples in TCGA-UCEC
cohort

The workflow of this study is shown in Fig. 1. The CIB-
ERSORT algorithm was performed to assess immune cell
infiltration of all samples in the TCGA-UCEC cohort.
A bar graph was generated to visualize the landscape of
immune infiltration among 22 immunocyte types in 544
UCEC samples (Fig. 2A). We discovered that the infil-
tration level of “T cells CD4 naive” was 0 in all UCEC
samples, leading us to eliminated them from subsequent
analysis. Next, we drew a heatmap to compare the dif-
ference in immunological cell infiltration levels between
UCEC samples and normal samples (Fig. 2C). Further,
we analyzed the correlation between the infiltration lev-
els of 21 types of immunocytes (Fig. 2B), among which
CDS8" T cell infiltration had the highest positive corre-
lation with active CD4" T cell infiltration (correlation
coefficient=0.56). The infiltration of resting CD4* T
cells and macrophage MO had the highest negative cor-
relation with that of CD8™ T cells (coef=-0.48 and -0.49,
respectively).

Screening of related genes in CD8™ T cells based

on WGCNA

We performed WGCNA based on UCEC expression
profiles containing 56,719 genes to identify genes closely
related to immune cells. The 544 UCEC samples were
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Fig. 1 The workflow chart of this study
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UCEC samples. The heatmap utilizes a color gradient, with darker shades of red indicating higher degrees of infiltration, and darker shades of blue

indicating lower degrees of infiltration

clustered and any outliers were removed to generate the
dendrogram of the samples. According to the trend of
fitted index and average connectivity, softpower (f)=18
(scalefreeR>=0.8510) was determined as the optimal
soft threshold (Fig. 3A), the gene correlation matrix
was obtained, and genes with similar expressions were
grouped together to form a module. The dynamic clip-
ping module identification (Fig. 3D) was carried out,
the hierarchical clustering tree was constructed, and

19 modules were formed (Fig. 3B). The modules with
high similarity were combined to obtain 10 modules
(Fig. 3D). Further generated the heatmap of the relation-
ship between the 10 modules and 21 immunocytes, and
discovered that magenta modules had the highest asso-
ciation with CD8* T cells. In addition, magenta modules
had higher correlation with M1 macrophage than other
modules (Fig. 3C). The magenta module (464 genes) was
selected for further analysis.
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Unsupervised clustering and subtype identification

of CD8*T cells

We performed NMF clustering and subtype identifi-
cation based on the gene expression profile of CD8*T
cells in the TCGA-UCEC cohort. It was found that
the silhouette coefficient reached the maximum when
K=2, indicating the presence of two distinct clus-
ters, designated as C1 and C2 (Fig. 4A). Additionally,
a significant variation in the cophenetic coefficient
was observed when K=3, further supporting the divi-
sion of samples into two clusters. The dimensional-
ity reduction of two subtypes of patients by PCA and
tSNE algorithms showed the distinguishability of their
characteristics of gene expression profile marked by

CDS8T cells (Fig. 4B, C). Moreover, there was a sig-
nificant difference in OS between the two groups. K-M
survival analysis manifested that patients in group C2
exhibited significantly better prognosis than those in
group C1 (P<0.001, Fig. 4D). Furthermore, we per-
formed the ESTIMATE package in R to quantify the
TIME of the two subtypes, and the matrix, immune,
and comprehensive ESTIMATE scores were sig-
nificantly higher in group C2 compared to group Cl1
(P<0.001, Fig. 4E). Finally, the abundance of immune
cell infiltration in the TIME was evaluated by CIB-
ERSORT and ssGSEA algorithms, and the results
indicated a significant difference in the landscape
of immune infiltration between the two subtypes.
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Fig. 5 Secondary classification and screening of differentially expressed genes (DEGs). A Volcano plot depicting the DEGs between two groups
of CD8™ T cell molecular subtypes (C2vs.C1). B Random forest analysis identified 370 significantly upregulated DEGs in the C2 subtype. The green
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prognosis of UCEC, revealing 37 protective genes

Notably, the infiltration level of CD8"T cells in group
C2 was significantly higher than that in group C1
(P <0.001, Fig. 4F, G).

The secondary screening of DEGs in random forest

To identify key molecules influencing the immunologi-
cal features and prognosis of UCEC patients, we analyzed
the differences in gene expression profiles between the

two patient subtypes, the volcano plot revealed a set of
significantly up-regulated and down-regulated genes of
group C2 when compared to group C1 (Fig. 5A). Sub-
sequently, we selected 370 DEGs between the two clus-
ters for random forest feature filtering. When 116 trees
were established, the error of all samples reached the
minimum (Fig. 5B). Importance ratings were assigned
to DEGs based on the Gini coefficient, and genes with
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a score above 1 were selected as disease-characteristic
genes (Fig. 5C). To further identify genes specifically
associated with CD8* T cells in UCEC, we intersected
the 43 screened DEGs with WGCNA magenta module
genes, as well as the set of protein-coding genes. Conse-
quently, we obtain 38 relevant genes (Fig. 5D). Further-
more, univariate Cox regression analysis was performed
on these 38 genes, and 37 genes were found to be closely
related to OS in UCEC patients (P <0.05, Fig. 5E).

Identification of system genes and construction of NIRS

Furthermore, we conducted LASSO regression analy-
sis of these 37 genes for feature screening and selected
six genes for further analysis (Fig. 3C, D). Subsequently,
through multivariate Cox regression analysis, we iden-
tified three key genes and constructed the NIRS. Based
on the median NIRS value as a cutoff, patients were
separated into high- and low- NIRS groups. The risk fac-
tor correlation chart visualized the survival distribution
of the enrolled patients according to increasing NIRS
scores, indicating higher mortality in the high NIRS
group. The heatmap displayed significant differences
in the expression patterns of the three system genes
between the high- and low- NIRS groups, with all three
genes showing high expression in the low NIRS group
(Fig. 6I). According to the K-M survival analysis in the
training set, we found that the prognosis of patients in
the high NIRS group was significantly worse than that
in the low NIRS group (P <0.001, Fig. 6D), and this find-
ing was validated in the validation set (P =0.006, Fig. 6E).
Analyzing the entire cohort, patients in the low NIRS
group achieved longer OS and PFS (P<0.001, Fig. 6C,
6F). The area under curve (AUC) was used to reflect the
predictive efficacy of clinical factors and NIRS, the result
showed that the AUC values of NIRS for years 3-, 5-, and
7-are 0.676, 0.691, and 0.745, respectively, and the pre-
dictive ability increased with longer time points (Fig. 6G).
The calibration curve showed that the OS predicted by
NIRS had a high concordance with the actual situation
(Fig. 6H). Finally, univariate (Fig. 6]) and multivariate
(Fig. 6K) Cox regression analyses confirmed that stage
(P<0.001), grade (P=0.015), and NIRS (P=0.043) were
independent factors affecting the prognosis of UCEC.

Analyses of immune microenvironment of UCEC based

on NIRS

To explore the potential relationship between NIRS and
UCEC immune microenvironment, we performed CIB-
ERSORT and ssGSEA algorithms to evaluate the abun-
dance of immune cell infiltration in the samples. Box plots
generated by the two algorithms showed that the level of
CDS8T cell infiltration in the low NIRS group was signifi-
cantly higher than that in the high NIRS group (Fig. 7A,
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B). Correlation analysis was used to explore the tightness
of association between NIRS and immune cell infiltra-
tion, which revealed that there was the strongest negative
correlation between NIRS and CD8*'T cells (Fig. 7C, D).
Subsequently, we employed the ESTIMATE R package to
score the TIME. The matrix, immune and comprehensive
ESTIMATE scores were significantly higher in patients
with low NIRS compared to those with high NIRS (Fig. 7E),
suggesting that the stromal and immune components in
the TIME of the low NIRS group were more abundant
than those in the high NIRS group. Moreover, we used
CIBERSORT and ssGSEA algorithms to explore the cor-
relation between the three system genes and the infil-
tration of CD8*T cells. The results showed that CTSW
(Remersort =0-52; Rygspa =0.75, P<0.001, Fig. 7F), CD48
(Remersorr=062; Rygspa =0.93, P<0.001, Fig. 7G) and
CD3D (Regersort =0-38; Ryggspa =0.83, P<0.001, Fig. 7H)
were positively correlated with the infiltration level of
CDS8™T cells.

Exploration of related checkpoints and efficacy

of immunotherapy based on NIRS

To explore the potential relationship between NIRS and
immunotherapy, we constructed a correlation matrix
between the three system genes, NIRS, and 46 common
immune checkpoints (Fig. 8A). The expression levels of
most immune checkpoints were positively correlated
with the expression of three system genes, while nega-
tively correlated with the expression of NIRS. Further-
more, we compared the expression levels of the six most
commonly studied checkpoints in clinical trials, PD-1,
PD-L1, CTLA-4, LAG-3, TIM-3 and TIGIT between
patients with the high- and low- NIRS groups. Box plots
demonstrated that the expression levels of above targets
in patients with low NIRS were significantly higher than
those in patients with high NIRS (Fig. 8B). In addition, we
analyzed the differences in the responsiveness of patients
in different NIRS groups to PD-1 and CTLA-4 inhibitors
based on the TCIA database. The results showed that the
four IPS scores of patients in the low NIRS group were
significantly higher than those in the high NIRS group
(P<0.001, Fig. 9A-D), indicating that the responsiveness
of patients in the low NIRS group to PD-1 and CTLA-4
inhibitors was higher than that in the high NIRS group.
Meanwhile, the probability of tumor immune exclusion
in the high NIRS group was significantly higher than that
in the low NIRS group, as indicated by the TIDE data-
base (P<0.001, Fig. 9L). To further validate the predic-
tive efficacy of NIRS on immunotherapy outcomes, we
included external cohorts for analysis. Firstly, the submap
algorithm was used to predict the correlation between
high- and low- NIRS patients and the response to immu-
notherapy based on a published cohort. After Bonferroni
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Fig. 6 Constuction of novel immune risk score (NIRS). A Ten-fold cross-validation of the coefficients of 37 protective genes in the LASSO regression
model. B Robustness test of the LASSO model with varying number of protective genes revealed the highest stability when the number was 6,
and a total of six characteristic genes were obtained. C K-M survival curve of patients with high- and low- NIRS in the TCGA-UCEC cohort, and the
ordinate represented the progression-free survival (PFS). D-F K-M survival curves of patients with high- and low- NIRS in the training set, validation
set and the overall cohort, and the ordinate represented the overall survival (OS). G, H Time-dependent ROC curve analysis and calibration curve
of NIRS at 3-, 5-,and 7-year intervals. I Distribution plot, survival scatter plot and expression profiles of model genes in patients with high- and

low- NIRS in the cohort. Red represented high expression and green represented low expression. J, K Univariate and multivariate Cox regression
analyses of NIRS and key prognostic clinical features of UCEC

correction, a significant positive correlation was observed
between patients with low NIRS and the response to
PD-1 inhibitors (P=0.008, Fig. 9E). Subsequently, we
downloaded the data from the IMvigor210 cohort,

comprising 348 patients with bladder cancer treated
with Atezolizumab and 91 samples from the PRJEB2309
cohort with melanoma treated with PD-1 inhibitors, for
prognostic analysis. We found that in the IMvigor210
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validation set, patients with low NIRS displayed a bet-
ter trend towards improved OS compared to those with
high NIRS (P=0.056, Fig. 9F), although the result did
not reach statistical significance. The proportion of pro-
gression after receiving Atezolizumab in the high NIRS
group was significantly higher than that in the low NIRS
group (63% vs.49%, Fig. 9]), and the four efficacy out-
comes evaluated based on recistl.1 criteria showed that
patients with progressive (PD) disease had significantly
higher NIRS scores than those with partial response (PR)
(P=0.024, Fig. 9H). Similarly, in the external validation of
the PRJEB2309 cohort, patients in the high NIRS group
not only had worse prognoses (P =0.003, Fig. 91), but also
had a significantly lower proportion of objective remis-
sion than those in the low NIRS group after treatment
with PD-1 inhibitors (33% vs.74%, Fig. 9]). The box plot
displayed that the NIRS scores of patients with complete
response (CR) and PR were significantly lower than those
with stable disease (SD) and PD (P <0.05, Fig. 9K).

Mutation analysis based on NIRS

To explore the variations in gene mutations among
patients in different NIRS groups, we mapped the
gene mutations between the two groups (Fig. 10A).
We observed a higher frequency of PTEN mutation in
patients with low NIRS, while the frequency of TP53
mutation was lower than that in patients with high
NIRS. TMB is an important indicator to predict the

efficacy of immunotherapy, with higher TMB gener-
ally associated with better immunotherapy outcomes.
The potential correlation between NIRS and TMB
was explored, it showed that the TMB value of high
NIRS group was significantly lower than that of low
NIRS group (P <0.001, Fig. 10B), and there was a sig-
nificant negative correlation between NIRS and TMB
(R=- 0.3, P<0.011, Fig. 10C). Combining NIRS and
TMB predictions, our comprehensive prognosis com-
parison showed that patients in the high TMB +low
NIRS group had the highest OS among the four groups,
while the low TMB +high NIRS group had the lowest
OS (P<0.001, Fig. 10D). MSI status is one of the most
definite markers for evaluating the efficacy of immuno-
therapy in UCEC patients, and patients with MSI-H are
generally considered to be more responsive to immu-
notherapy. MSI is determined by the expression of four
MMR proteins, and lower expression levels indicate
higher MSI. Differential analysis based on the expres-
sion of MMR proteins showed that the expression lev-
els of MLH1,MSH2,MSH6 and PMS2 in the low NIRS
group were significantly lower than those in the high
NIRS group (P <0.001, Fig. 10E), and there was a posi-
tive correlation between NIRS and the expression of
four MMR proteins (Fig. 10F). Based on the TCIA data-
base, we analyzed the correlation between MSI status
and NIRS in the TCGA-UCEC cohort, and found that
the proportion of MSS cases in the high NIRS group
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was higher than that in the low NIRS group, while
the proportion of MSI-H cases was lower than that in
the low NIRS group (Fig. 10G). The box plot revealed
that the comprehensive NIRS score was the highest in
the MSS group, while the MSI-H group had the low-
est overall NIRS score, with a significant difference

between the two groups (P <0.001, Fig. 10H).

analysis of NIRS

Clinical subgroup analysis and antineoplastic susceptibility

To explore the potential association between NIRS and
important clinical prognostic features, we assessed the
distribution proportion of clinical stage and pathologi-
cal grade between the high- and low- NIRS groups and

visualized the result using bar plots. The analysis revealed
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(N), olaparib (0) and tamoxifen (P) were compared between the two groups

that the proportion of patients with G3 and III-IV stage
in the high NIRS group was higher than that in the low
NIRS group (Fig. 11A, C). Moreover, patients with G3
grade had significantly higher NIRS scores compared to
those with G1 and G2 (Fig. 11B), and the NIRS scores
of patients in stage III and stage IV were significantly
higher than those in stage I (Fig. 11D). In addition to

immunotherapy, conventional chemotherapy, targeted
therapy and endocrine therapy are common treat-
ment options for UCEC as well. Based on the oncoPre-
dict algorithm, we further predicted the sensitivities of
these treatments in patients with different NIRS groups
(Fig. 11I-P). Box plots revealed that patients with low
NIRS were more sensitive to cisplatin (P<0.00001),
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docetaxel (P<0.0001), topotecan (P <0.00001), olaparib
(P=0.00026) and tamoxifen (P <0.00001), while the high
NIRS group exhibited higher sensitivity to tesirolimus
(P<0.026). For paclitaxel (P=0.37), there was no signifi-
cant difference in predicted drug sensitivity between the
two groups.

GSVA analyses related to NIRS

To unravel the potential biological functions of NIRS in
UCEC, we conducted a comparative analysis of pathways
exhibiting significant variation between the high- and
low- NIRS groups using four sets of pathway databases:
KEGG, GO, REACTOME and HALLMARK, employ-
ing the GSVA method (Fig. 12A-D). The result indicated
that in the high NIRS group, compared to the low NIRS
group, several pathways related to inflammatory factors,
immune cell receptor signaling, and response of estrogen
were significantly down-regulated. Notably, we observed
a positive correlation between the high NIRS group and
the MMR of genes, highlighting its potential biological
significance in UCEC.

Evaluating expression differences of three specific
genes in UCEC

To further investigate the expression disparities of the
three system genes between UCEC and normal samples,
we used qRT-PCR to compare their expression levels in
HEC-1A, ISHI tumor cells and primary endometrial epi-
thelial cells (Fig. 13A—C). The results demonstrated a
significantly higher expression level of CTSW in primary
cells compared to HEC-1A and ISHI cell lines (Fig. 13A).
However, no significant difference in the expression lev-
els of CD48 and CD3D was observed among these cell
lines (Fig. 13B, D). Moreover, to validate whether the
expression of these target genes varied among UCEC
patients with different clinical risk profiles, we selected
three UCEC cancer tissues representing low, medium,
and high-risk factors for comparison using qRT-PCR
(Fig. 13D—-F). Intriguingly, we observed a step-like distri-
bution of CTSW and CD48 expression from low to high
in the Risk-H, Risk-M, and Risk-L groups, aligning with
our previously predicted trend (Additional file 4: Figure
S1A).

Investigation of the correlation between specific genes

The expression of the three selected genes (CD48, CD3D,
and CTSW) showed significant correlations with the
infiltration level of immune cells in the TIME of UCEC
and patient prognosis in our study. To further explore
potential associations between the expression levels of
these three model genes, Pearson correlation analysis was
conducted to examine the pairwise relationships. The
results revealed significant positive correlations between
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CTSW and CD3D, CD3D and CD48, as well as CD48
and CTSW, with Pearson correlation coefficients of 0.76,
0.85, and 0.71, respectively (Fig. 14A-C). To further vali-
date these findings, specific siRNAs were designed and
successfully employed to downregulate the expression
levels of the three target genes in HEC-1A and ISHI cells
(Fig. 14D-I). Furthermore, the relative expression levels
of the remaining two target genes in the gene knockdown
cells were explored compared to the negative control.
The results demonstrated varying degrees of inhibition in
the expression levels of the other two model genes in the
gene knockdown cells of HEC-1A (Fig. 14J-L) and ISHI
(Fig. 14M-O) cell lines, indicating the potential interplay
among these genes.

Discussion

UCEC is one of the most prevalent malignant tumors
affecting the female reproductive tract, poses a significant
health burden. According to the latest data published
by GLOBOCAN2020, there were 417,367 new cases
of UCEC worldwide, and 97,370 cases [50] of UCEC-
related deaths. The constraint of clinical treatment lies
in the high heterogeneity of the tumor morphology and
molecular buildup. Currently, pathological classifica-
tion categorized UCEC in two main groups with distinct
biological behaviors: low-grade (G1-2) and high-grade
(G3) tumors [51]. In addition, the Cancer Genome Atlas
(TCGA) proposed four molecular subtypes: POLE-ultra-
mutated, mismatch repair-deficient, P53-mutated, and
no-specific molecular profile endometrioid carcinoma
[52-54]. Histopathological classification, based on tumor
morphology and grading, plays a pivotal role in UCEC
treatment as it can classify the prognosis into differ-
ent risk categories and guide surgery as well as adjuvant
therapy. However, tumors of the same pathological type
may exhibit substantial genomic variations, leading to
divergent prognoses [55]. The current evaluation meth-
ods, which rely on patient characteristics, histological
type, and clinical stage, still exhibit significant limitations
in accurately predicting the patients’ OS. Immunother-
apy has emerged as an increasingly important treatment
modality for advanced endometrial cancer. Both micro-
satellite status and TMB play important roles in direct-
ing the efficacy of immunotherapy and guiding clinical
decision-making. However, the existing molecular typing
methods cannot adequately distinguish populations with
distinct immunotherapy responses, hence the establish-
ment of more refined molecular typing is necessary. It is
noteworthy that there is a large number of immune cell
infiltration in UCEC tumors, and studies [56—59] have
demonstrated the strong predictive value of tumor-infil-
trating immune cell density in UCEC. The significant var-
iations in T-cell infiltration among tumors may explain
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Fig. 13 Differential expression validation of system genes. (A-C) based on qRT-PCR: The expression levels of CTSW (A), CD48 (B) and CD3D (C) in
HEC-1A, ISHI cell lines and primary endometrial cells. (D-F) Expression results of CD48 (D), CD48 (E) and CD3D (F) in UCEC cancer tissue of three
patients with different risk levels. Among them, ns: no significant statistical difference, *P <0.05, **P <0.01, ***P <0.001, ***P <0.0001. gRT-PCR data

are means=+SD, with n=3

the differential survival outcomes observed within the
same subgroups. To address this, we have developed a
novel predictive model aimed at more accurately assess-
ing patient risk stratification and treatment sensitivity in
this context.

CDS8™ T cells play a critical role in the host’s immune
response against tumors. They possess the ability to
secrete cytotoxic molecules such as granzyme and per-
forin to eliminate tumor cells [60-62] as well as secrete
IFN-y to induce tumor ferroptosis [63]. It has been con-
firmed that the infiltration density of CD8" T cells has
predictive value for UCEC prognosis [23, 64, 65]. Refer-
ring to the modeling methods of published relevant
research [66-69], we focused CD8' T cell as the pri-
mary subject of investigation to construct a predictive
system and aimed at assessing the TIME and respon-
siveness to immunotherapy. CIBERSORT and ssGSEA
algorithms were used to evaluated the infiltration levels
of immune cells in the TIME of UCEC patients. More-
over, the WGCNA algorithm explored the genes highly
related to the expression of CD8*T cells in UCEC. NMF
and random forest algorithms were used to cluster and
screen the DEGs of different CD8T cell-related clusters.
Finally, a novel scoring system, NIRS, which is composed

of CTSW, CD48 and CD3D, was constructed by univari-
ate Cox regression, Lasso regression and multivariate
Cox regression.

By assessing the comprehensive expression levels of the
three target genes, we calculated the NIRS score for each
patient and divided them into two cohorts of low- and
high- NIRS. Survival analysis showed that patients in the
low NIRS group exhibited significantly higher OS than
those in the high NIRS group. ROC curve analysis and
Cox regression analysis confirmed that NIRS was a highly
sensitive, specific, and clinically independent prognostic
risk factor. Moreover, subgroup analysis based on clini-
cal characteristics demonstrated a significant correlation
between NIRS and two conventional clinical assessment
indicators, grade and stage. Patients with high NIRS were
associated with a higher clinical stage and pathological
grade, which was consistent with the risk factors men-
tioned in international guidelines [70, 71].

NIRS is a scoring system closely related to CD8* T
cells, and the analysis of the immune microenvironment
revealed a negatively correlation between NIRS and most
immune cells, while the strongest negative correlation
was with CD8" T cells, patients with high NIRS exhib-
ited significantly lower levels of CD8*T cell infiltration
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Fig. 14 Exploration and Validation of the Interrelationships among the Three Model Genes. (A—C) Pearson correlation analysis revealed significant
positive regulatory associations between CTSW and CD3D (A), CD3D and CD48 (B), as well as CD48 and CTSW (C) among the three model genes.
(D-F) gRT-PCR validation of the designed siRNAs targeting CTSW (D), CD3D (E), and CD48 (F) in HEC-1A cell line, showing the downregulated
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and ESTIAMTE scores. All the above findings suggest
that a high NIRS score may represent a lower degree
of immune infiltration, especially CD8'T cells. Addi-
tionally, NIRS holds the potential to guide treatment

selection for UCEC patients. The results demonstrated
that NIRS was negatively associated with the expression
levels of six common immune checkpoints: PD-1, PD-L1,
CTLA-4, LAG-3, TIM-3 and TIGIT. In addition, the four
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different IPS in the TCIA database showed greater sen-
sitivity in the low NIRS group, suggesting that patients
with low NIRS may have higher benefits from PD-1 and
CTLA-4 inhibitors. The immunotherapy cohorts used
for external validation further confirmed the efficacy of
NIRS in determining immunotherapy responsiveness.
Across the three external validation sets, patients in the
low NIRS group had better responsiveness and efficacy
evaluation to ICIs, and patients in the IMvigor210 and
PRJEB23709 cohorts with high NIRS had lower OS and
a higher proportion of patients with progression after
immunotherapy; Regarding other antineoplastic drugs,
we found that patients with low NIRS had better cura-
tive effect on chemotherapy drugs represented by cis-
platin and docetaxel; PARP inhibitors represented by
olaparib and endocrine drugs represented by tamoxifen.
However, temsirolimus exhibited greater sensitivity in
the high NIRS group, suggesting it may become a treat-
ment option for patients with high NIRS. Clinicians can
formulate precise treatment plans for patients based on
the prediction results from the NIRS system to achieve
individualized treatment for UCEC patients.

NIRS exhibits potential crosstalk with other markers
for evaluating the efficacy of immunotherapy in UCEC.
TMB reflects the extent of gene mutations in tumor cells,
which is processed into neoantigens and presented to
T cells by major histocompatibility complex proteins.
Multiple studies have confirmed that TMB as a predic-
tor of ICIs efficacy and long-term survival rates following
immunotherapy [72-76]. In our study, the low-risk group
showed a significant increase in TMB, while the TMB-H/
NIRS-L group had the highest long-term survival rate
among the four groups, indicating that NIRS combined
with TMB improves predictive efficacy. Mutation analy-
sis revealed that the high-NIRS group had a higher TP53
mutation load, which may contribute to a poor prognosis
[77-79]. Alternatively, the high-NIRS group had a lower
PTEN mutation load, which is considered to be one of
the causes of MSI-H [80-82]. MSI defines one of the
four molecular subgroups of UCEC identified by TCGA,
which reflects the loss of MMR function [83]. Immuno-
histochemical (IHC) detection of four MMR proteins is
widely used clinically for the screening for Lynch syn-
drome, prognostic assessment analysis and screening of
ICIs beneficiaries [84—86]. UCEC patients with MSI-H/
dMMR typically have stronger immunogenicity and
extensive T cell infiltration, making them more respon-
sive to immunotherapy [86—88]. Our results demon-
strated a significant negative correlation between NIRS
and the mutation rate of MMR proteins. Similarly, the
proportion of patients with the MSS subtype was higher
in the high NIRS cohort, and the comprehensive NIRS
score of patients with MSS type was significantly higher
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than that of the MSI type. In summary, we propose NIRS
as a supplementary tool to classical molecular typing and
predictive markers for immunotherapy, thereby bringing
more accurate assessments of immunotherapy efficacy
and the immune microenvironment in UCEC patients.
The findings obtained from CIBERSORT and ssGSEA
analyses showed that the expression of the three sys-
tem genes was positively correlated with the infiltration
of CD8*T cells. Survival analysis further revealed that
the OS among patients with high expression of system
genes was significantly increased (Additional file 1:
Figure S1B-D). The above results suggest that CTSW,
CD3D, and CD48 may serve as predictive markers for
the prognosis and immunotherapy responsiveness of
UCEC, and we observed a significant positive correla-
tion in their expression levels in UCEC. CD3D encodes
a component of the T-cell receptor/CD3 (TCR/CD3)
complex, which participates in the development and
signal transduction of T cells [89]. The integrity of
TCR/CD3 complex is crucial for the effect and regu-
latory functions of peripheral T cells [90]. CD3D has
been closely related to tumor prognosis, immune
microenvironment and immunotherapy responsive-
ness. It has been confirmed that CD3D participates in
regulating the expression of tumor infiltrating lympho-
cytes (TILs) and immune checkpoints in gastric cancer,
breast cancer, bladder cancer and other diseases [91—
94], highlighting its potential as a predictor of immu-
notherapy efficacy across various tumor types. As an
adhesion and co-stimulatory molecule, CD48 activates
T cells, antigen presenting cells, and granulocytes [95].
It has been reported that CD48 can be used as a prog-
nostic marker for diseases such as lung cancer, glioma,
and colon cancer [96-98]. CTSW, another system gene,
is an immune-specific cysteine proteinase belonging to
the papain family [99, 100]. Other members of this fam-
ily have been confirmed to be secreted into the TIME
by tumors or immune cells during tumorigenesis and
development [101-103], making them potential drug
targets. CTSW exhibits specific expression in CD8" T
and NK cells [104, 105]. Zhang et al. [106] found that
CTSW is a candidate tumor suppressor gene of breast
cancer, which has specific regulatory functions on the
infiltration level and lethal activity of CD8* T cells, and
has a positive correlation with the survival of patients.
The predictive model constructed by Chen et al. [107]
found that CTSW may become a potential indicator
for judging prognosis and the efficacy of immunother-
apy. As relevant molecules involved in immune acti-
vation, the coordinated expression of CTSW, CD3D,
and CD48 in UCEC may be attributed to their shared
regulation by common transcription factors or regu-
latory elements, or their involvement in overlapping
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signaling pathways or regulatory networks, thus facili-
tating their correlated expression. The dysregulation of
Tth (follicular helper T) cells induced by the interaction
between CD48 and CD3D has been reported as a com-
mon pathogenic mechanism underlying the co-occur-
rence of dilated cardiomyopathy and atrial fibrillation
[108]. However, there is currently no clear exploration
or elucidation of the correlation among these three
characteristic genes in the field of oncology. Further
investigations such as gene expression profiling, func-
tional analysis, and analysis of regulatory elements
are warranted to unravel the precise mechanisms and
functional significance of the interplay among CTSW,
CD3D, and CD48 in UCEC.

In our study, analysis of the TCGA database predic-
tions revealed a significantly lower expression of CTSW
in tumor cells compared to normal cells. This prediction
was further confirmed by qRT-PCR experiments, which
showed an up-regulated expression of CTSW in primary
cells compared to HEC-1A and ISHI cells. The consist-
ent expression trend was observed in patients with dif-
ferent risk factors. However, the exact mechanism by
which CTSW regulates immunity in UCEC, particularly
its impact on CD8+T cell expression, remains unclear.
Further research in this area holds significant value.
The GSVA results indicated numerous significant dif-
ferences in immune pathways between the high- and
low-NIRS groups, providing potential insights for future
investigations.

Lastly, our study has certain limitations that need to
be acknowledged. Firstly, this study is mainly based on
bioinformatical analyses, and further clinical studies are
necessary to confirm the predictive power of our model,
as well as further basic research to explore the molecular
mechanism through which system genes affect biologi-
cal functions in UCEC. In addition, several other clinical
risk factors for UCEC, such as obesity, estrogen levels,
and vessel carcinoma embolus, were not included in the
analysis of this study, and the combination of these clini-
cal factors may continue to optimize the predictive effi-
cacy of NIRS.

Conclusion

In this study, we identified three system genes based on
the infiltration level of CD8" T cells and constructed a
novel predictive scoring system for UCEC. NIRS not only
distinguished patient populations with varying prognos-
tic risks and immunotherapy responses, but also demon-
strated potential associations with microsatellite status,
TMB, MMR and even alternative anti-tumor treatment
options.
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Contribution to the field statement

Uterine corpus endometrial carcinoma (UCEC) is one
of the most prevalent malignant tumors of the female
reproductive tract. Despite various treatment options
available, such as surgery, radiotherapy, chemother-
apy, hormonal therapy and targeted therapy, the over-
all prognosis for UCEC patients remains unsatisfactory.
Therefore, the development of novel methods to assess
prognosis and guide therapeutic regimes is paramount.
This study describes the development of a novel immune
risk score (NIRS) meant to predict UCEC patient prog-
nosis and their responsiveness to different therapeutics.
We used CIBERSORT, weighted gene co-expression
network analysis (WGCNA), non-negative matrix fac-
torization (NMF), and random forest algorithms to
screen the module associated with CD8* T cells and
key related genes. Through these analyses, we identified
three genes (CTSW, CD48 and CD3D) that were closely
associated with CD8'T cells and other immune-related
processes. These genes were then utilized to construct
the NIRS through multiple screening procedures. The
results of our study revealed that NIRS was closely asso-
ciated with the infiltration level of many kinds of immune
cells, especially CD8T cells, and the expression of multi-
ple immune checkpoints. In addition, the scoring system
efficiently predicts patient’s responsiveness to differ-
ent immune checkpoint inhibitor therapeutics as well.
NIRS not only distinguished populations with different
prognostic risks and immunotherapy responses, but also
showed potential associations with microsatellite status,
TMB, dMMR and alternative treatment options, provid-
ing valuable insights for personalized therapeutic strate-
gies in UCEC.
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