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ABSTRACT

Objective: Aimed to construct an immune-related risk signature and nomogram predicting
endometrial cancer (EC) prognosis.

Methods: An immune-related risk signature in EC was constructed using the least absolute
shrinkage and selection operator regression analysis based on The Cancer Genome Atlas
(TCGA) and Gene Expression Omnibus (GEO) databases. A nomogram integrating the
immune-related genes and the clinicopathological characteristics was established and
validated using the Kaplan-Meier survival curve and receiver operating characteristic (ROC)
curve to predict the overall survival (OS) of EC patients. The Estimation of STromal and
Immune cells in MAlignant Tumor tissues using Expression data (ESTIMATE) R tool was
used to explore the immune and stromal scores.

Results: CCL17, CTLA4, GPI, HDGF, HFE2, ICOS, IFNG, IL21R, KAL1, NR3C1, S100A2, and
S100A9 were used in developing an immune-related risk signature evaluation model. The
Kaplan-Meier curve indicated that patients in the low-risk group had better OS (p<0.001).
The area under the ROC curve (AUC) values of this model were 0.737, 0.764, and 0.782 for the
3-, 5-, and 7-year OS, respectively. A nomogram integrating the immune-related risk model
and clinical features could accurately predict the OS (AUC=0.772, 0.786, and 0.817 at 3-, 5-,
and 7-year OS, respectively). The 4 immune cell scores were lower in the high-risk group.
Forkhead box P3 (FOXP3) and basic leucine zipper ATF-like transcription factor (BATF)
showed a potential significant role in the immune-related risk signature.

Conclusion: Twelve immune-related genes signature and nomogram for assessing the OS of
patients with EC had a good practical value.

Keywords: Endometrial Cancer; Immune Signature; Nomogram; Overall Survival; FOXP3; BATF

INTRODUCTION

Endometrial cancer (EC) is the most common malignancy of the female genital tract and
accounts for 7% of new cancer cases in women in developed countries [1]. The incidence

of EC is expected to increase to 42.13 per 100,000 people in the United States by 2030 [2].
Currently, the International Federation of Gynecology and Obstetrics (FIGO) staging system,
together with histological grade and type classification, is primarily used for classifying
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EC patients with different prognoses [3]. However, various factors, including genomic and
clinical factors [4], play important roles in promoting EC development and determining the
prognosis; the present classification systems cannot comprehensively and accurately predict
the overall survival (OS) of EC patients. Hence, there is an urgent need to understand the
underlying molecular mechanisms and identify the novel targets for treatment of and the
appropriate interventions for patients with EC.

The progression of cancer is associated with the tumor microenvironment (TME) [5].

The TME is composed of immune cells, extracellular matrix, mesenchymal cells, and
inflammatory mediators, and it has a significant influence on tumor growth, metastasis,
and clinical outcomes [6]. The relationship between immune dysfunction and EC has long
been reported and studied. Blocking the interaction between CD47 and SIRPa inhibited the
proliferation of EC tumors and promoted the infiltration of macrophages with antitumor
ability in TME [7]. High microsatellite instability (MSI-H) EC has higher immune cell
infiltration than microsatellite-stable EC and showed excellent response to immunotherapy
[8]. A previous study has demonstrated that some immune-related genes were associated
with the prognosis of EC, such as TMEM150B, CACNA2D2, TRPM5, NOL4, CTSW, and
SIGLEC1 [9]. However, a nomogram prediction model combining clinical factors and
immune-related genes in EC has not been established and verified.

Currently, high-throughput data provide a comprehensive insight into the genomic and
genetic changes in patients with EC [10]. The high-throughput profiles help identify possible
biomarkers for predicting the survival of EC patients and their reaction to therapy. In this
study, large-scale gene datasets were downloaded from the Gene Expression Omnibus (GEO)
and The Cancer Genome Atlas (TCGA) databases. The Estimation of Stromal and Immune
cells in Malignant Tumor tissues using Expression data (ESTIMATE) algorithm uses gene
expression data to estimate the levels of infiltrating stromal and immune cells, and tumor
purity. The predictive ability of this method has been validated in large and independent
datasets [11]. The CIBERSORT algorithm is an analytical tool from the Alizadeh Lab
developed by Newman et al. to provide an estimation of the abundance of member cell types
in a mixed cell population, using gene expression data. Based on the immune cell-related
genes, the leukocyte subsets were analyzed using the CIBERSORT algorithms [12].

After performing an integrated analysis of both TCGA and GEO, we identified 12 immune-
related genes from the common differentially expressed genes (DEGs) and constructed a

risk signature. Then, a nomogram that comprehensively combined the clinicopathological
features and immune-related risk signature was established. The ESTIMATE and CIBERSORT
algorithms were used to conduct an integrative analysis of immune scores and immune

cells in different risk groups of the risk signature in EC patients. We further explored the
interaction between the 12 immune-related genes and their transcription factors (TFs) to
elucidate the molecular mechanism underlying the tumorigenesis of immune-induced EC.

MATERIALS AND METHODS

1. Data collection and identification of differentially expressed immune-
related genes

The expression data were downloaded from the TCGA and GEO databases. The mRNA

sequencing datasets of 412 EC tissues and 35 adjacent normal tissues including their
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corresponding clinicopathological information were downloaded from TCGA (https://tcga-
data.nci.nih.gov) database. The gene expression profile, including 91 EC samples and 12
normal samples (GSE17025) based on the GPL570 (Affymetrix Human Genome U133 Plus
2.0 Array) platform, was collected from the GEO database (http://www.ncbi.nlm.nih.gov/
geo). TCGA and GSE17025 are the 2 databases most often involved in the establishment of
EC prediction models for large tissue sample size. Information regarding the molecular
classification of TCGA was downloaded from the datasets termed Uterine Corpus
Endometrial Carcinoma (TCGA, PanCancer Atlas) from cBioportal database [13].

We downloaded immune-related gene set (GO_REGULATION_OF_IMMUNE_SYSTEM_
PROCESS, Homo sapiens)from MSigDB (Molecular Signature Database) in GSEA (Gene

Set Enrichment Analysis) [14]. The gene names and expression were extracted using the
“Practical Extraction and Report Language.” The immune-related DEGs in EC and normal
tissue samples were analyzed using the significance analysis of microarrays method with
“limma” package in R software, following the criteria log,|FC|>1 and p<0.05. The heatmap
was plotted for samples and DEGs were identified with the “pheatmap” package in R software.
A website Venn diagrams tool (http://bioinformatics.psb.ugent.be/webtools/Venn/) was used
to identify the commonly upregulated or downregulated DEGs in the TCGA and GEO groups.
These intersection genes were selected for further analysis. Open resource data were used,
and no ethical issues were involved.

2. Enrichment analysis of the intersection genes

In the current study, the “clusterProfiler” package was used to conduct the Gene Ontology
(GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analyses
of the overlapping DEGs [15]. The GO analysis included cellular composition, molecular
function, and biological process. Disease ontology (DO) annotates genes based on human
diseases. DO was vital for the annotation of a human gene, translating the obtained

key genes to clinical relevance. DOSE, an R package, is capable of analyzing semantic
similarity computations of the DO terms and genes. Therefore, DOSE is used to determine
the closeness between diseases and gene functions [16]. To investigate the underlying
mechanism of these DEGs, 111 DEGs were subjected to GO, KEGG, and DO analyses using
clusterProfiler and DOSE packages, and p-values <0.05 were set as the threshold values.

3. Construction and verification of immune-related gene risk models

The Least Absolute Shrinkage and Selector Operator (LASSO) regression analysis method

was used to construct a model for predicting the prognosis of patients with high performance
utilizing the “glmnet” R package [17]. The LASSO regression model was used to identify the
most accurate predictive genes. For example, if there were 2 different prognostic related genes
in parallel, LASSO would automatically filter out the secondary related one and assign the
selected gene a value, which equals the regression coefficient in the classifier formulas [18].

Then, 12 immune-related hub genes predicting the prognosis of EC were analyzed in TCGA
data using LASSO. The hub genes were selected for the construction of the signature, and the

coefficient for each gene was obtained using a penalized regression method. The risk score
based on the signature was calculated using the following formula:

RS = Z Coef (DX ()
i=1
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where n represents the number of modules RNAs, Coef{(i) d is the coefficient, and X(i)
denotes the z-score-transformed relative expression level of each gene identified using the
LASSO method. To compare the expression of the hub genes encoding mRNA between the
EC tissues and normal tissues, the package “pheatmap” of R software was used.

The prognostic risk value of each patient was calculated using the aforementioned formula,
and the patients were classified into high- and low-risk groups according to the median
value. Pearson correlation analysis was further performed between 12 hub genes and
clinicopathological features in TCGA database. Then, time-dependent ROC curve (tdROC)
and Kaplan-Meier survival curve analyses were conducted to validate the signature. GSEA
was also conducted to study the functions associated with different subgroups of EC. The
hallmark gene set “h.all.v6.0.symbol.gmt” and “KEGG” were applied in the GSEA.

4. Development and validation of a nomogram based on the risk signature
To identify the independent risk factors for OS, univariate and multivariate analyses of the
clinical factors and risk score signature were performed. We determined the risk factors
that were significant in the univariate analysis, and these significant factors were then
included in the multivariate analysis to assess the independent risk factors. Furthermore,
an OS-associated nomogram with independent risk factors from the multivariate analysis
was designed using the “rms” and the “Hmisc” packages by R software. Calibration curves
were drawn, and the concordance index (C-index) was obtained to assess the efficiency
of the nomogram. The accuracy of the nomogram in the diagnosis of EC was analyzed by
performing tdROC and survival curve analyses. The Kaplan-Meier curves were also used to
distinguish the specificity of the nomogram in different subgroups in terms of age, lymph
node metastasis (LNM), and recurrence.

5. Calculation of immune and stromal scores

ESTIMATE is one of the algorithms developed to evaluate the cell tumor composition by
calculating the immune and stromal scores using Pearson's correlation coefficient [19].
Using the “ESTIMATE” R package, the immune and stromal scores were calculated based on
the gene expression data of EC patients. The patients were then divided into high score and
low score groups according to the median score. The Kaplan-Meier survival curve was used to
estimate the relationship between the 2 groups.

6. Estimation of the tumor-infiltrating immune cells

RNA-sequencing data from TCGA were used to estimate the proportions of 6 types of
infiltrating immune cells, including B cells, CD4 T cells, CD8 T cells, dendritic cells,
macrophages, and neutrophils, using the CIBERSORT algorithm following the procedure as
previously reported [20].

7. Prediction of TFs for DEGs

TFs of hub genes were explored using human TF information (NetworkAnalyst, http://www.
net workanalyst.ca), recorded using ChIP Enrichment Analysis, and visualized using the
Cytoscape software [21,22].

8. Statistical analysis

Continuous variables were expressed as mean+standard deviation or median; categorical
variables were expressed as frequency (n) and proportion (%). The differences among
variables were tested using the Student’s #-tests, nonparametric tests, chi-square tests, or
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one-way analysis of variance tests. The log-rank test was used to determine the difference in
OS rate between the high-risk group and low-risk group. Statistical analyses were performed
using GraphPad Prism 8 and R software, version 3.5.1. For all analyses, p-values less than
0.05 were considered significant.

Immune signature nomogram for endometrial cancer

RESULTS

1. Identification of overlapping immune-related DEGs

The flow diagram of the present study is shown in Supplementary Fig. 1. The expression

of the immune-related genes is shown as a heatmap in the TCGA and GSE17025
(Supplementary Fig. 2). Of these 476 immune-related DEGs in the TCGA dataset, 278

were upregulated and 198 were downregulated genes (Supplementary Fig. 3A). In the GEO
dataset, 173 immune-related DEGs were found to be dysregulated, including 108 upregulated
and 65 downregulated genes (Supplementary Fig. 3B). The volcano plot shows the immune-
related DEGs in the 2 datasets (Supplementary Fig. 3C and D). The Venn diagram showed
that 111 genes overlapped in the 2 datasets (Supplementary Fig. 3E). These genes were
further analyzed in the following study.

2. Functional analysis and immune-related risk signature construction by
overlapped DEGs
To elucidate the potential function of the 111 genes, GO and KEGG analyses were carried out.
As shown in Fig. 1A, some of GO plot significant terms were as follows: “cell chemotaxis,”
“leukocyte chemotaxis,” “myeloid leukocyte migration,” and “leukocyte migration”. KEGG
analysis revealed that these 111 DEGs were significantly enriched in the following pathways:
“cytokine-cytokine receptor interaction,” “IL-17 signaling pathway,” “viral protein interaction
with cytokine and cytokine receptor,” “chemokine signaling pathway,” and “Toll-like receptor
signaling pathway” (Fig. 1B). These results indicated that these DEGs were distributed in
immune-related processes and pathways.
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Fig. 1. Functional analysis and prognostic genes constructed by the overlapped immune-related DEGs. (A) Gene Ontology analysis of 111 immune-related DEGs,
and only top 10 terms were shown. (B) KEGG analysis of 111 immune-related DEGs. The inner circle is composed of different genes and their expression (LogFC),
while the outer circle consists of different KEGG terms. (C, D) Selection of target genes to construct the Least absolute shrinkage and selection operator risk
regression model. (E) The expression of selected genes in different tissue samples in the TCGA and GEO databases. (F) Spearman correlation analysis of the
selected genes in the TCGA and GEO databases. (G) The expression of selected genes in different tissue samples in the GEO database. (H) Spearman correlation
analysis of the selected genes in the GEO database.

GEO, Gene Expression Omnibus; DEGs, differentially expressed genes; TCGA, The Cancer Genome Atlas.

(continued to the next page)
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Fig. 1. (Continued) Functional analysis and prognostic genes constructed by the overlapped immune-related DEGs. (A) Gene Ontology analysis of 111 immune-
related DEGs, and only top 10 terms were shown. (B) KEGG analysis of 111 immune-related DEGs. The inner circle is composed of different genes and their
expression (LogFC), while the outer circle consists of different KEGG terms. (C, D) Selection of target genes to construct the Least absolute shrinkage and
selection operator risk regression model. (E) The expression of selected genes in different tissue samples in the TCGA and GEO databases. (F) Spearman
correlation analysis of the selected genes in the TCGA and GEO databases. (G) The expression of selected genes in different tissue samples in the GEO database.
(H) Spearman correlation analysis of the selected genes in the GEO database.

GEO, Gene Expression Omnibus; DEGs, differentially expressed genes; TCGA, The Cancer Genome Atlas.

To develop an immune-related risk stratification to predict the prognosis of EC in TCGA
database, a LASSO regression model was conducted based on 111 genes. Twelve genes

were found with their regression coefficients: CCL17, CTLA4, GPI, HDGF, HFE2, ICOS,
IFNG, IL21R, KAL1, NR3C1, S100A2, and S100A9 (Fig. 1C and D, Table 1). The risk score
formulation for this risk signature was as follows: risk signature= -0.06267xCCL17 -0.11412x
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Table 1. Twelve immune-associated genes and corresponding coefficient value

Immune-related gene name Coefficient
ccL17 -0.06267
CTLA4 -0.11412
GPI 0.119167
HDGF 0.038758
HFE2 0.230627
ICOS -0.00657
IFNG -0.01385
IL21R -0.00177
KAL1 0.007523
NR3C1 0.170435
S100A2 0.002577
S100A9 0.001639
Risk score Low: <15.85
High: »15.85

CTLA4+0.119167xGPI+0.038758xHDGF+0.23062xHFE2-0.00657xICOS-0.01385xXIFNG
-0.00177xIL21R+0.007523%xAL1+0.170435xNR3C1+0.00257*xS100A2+0.001639xS100A9.
The expression of these 12 genes was verified, and the results of validation suggested that
the expression levels of CCL17, CTLA4, GPI, HDGF, ICOS, IFNG, IL21R, KAL1, S100A2,

and S100A9 were significantly elevated in EC tissues, while those of HFE2 and NR3C1 were
downregulated in EC samples in both datasets (Fig. 1E and F). The expression of the 12 genes
was significantly correlated with each other, especially between IFNG and ICOS, ICOS and
CTLA4, and ICOS and IL23R, CTLA4, and IL21R in the TCGA dataset. GEO showed similar
results (Fig. 1G and H).

3. Development and verification of immune-related risk signatures

The risk score of each EC patient in TCGA database was calculated according to the
abovementioned formula, and the patients were then categorized into low-risk group and
high-risk group based on the median cutoff value. The number of deaths was significantly
higher in the high-risk group (Fig. 2B). The relationship between risk score and each
clinicopathological characteristic was also explored in the present study. The expression
levels of the 12 genes in the high-risk group and low-risk group were presented in the
heatmap (Fig. 2A). The results showed that there were significant differences between the
low-risk group and high-risk group in terms of molecular subtype (p<0.001), LNM (p<0.001),
peritoneal cytology (p<0.05), recurrence (p<0.01), grade (p<0.001), histology (p<0.001),
stage (p<0.01), age (p<0.05), and living status (p<0.001).

The Kaplan-Meier survival analysis revealed that patients in the low-risk group had a
significantly longer survival time than those in the high-risk group (p<0.001, Fig. 2C). We
also analyzed the Kaplan-Meier survival between the high-risk group and low-risk group
in clinicopathological differences (Supplementary Fig. 5). The results showed that the
stratification was significantly different in EC patients with all age groups, grade 3, EEA,
stage I, 3 molecular subtypes, LNM and peritoneal negative group. The p-values in grade
1-2, stage IIl and IV were 0.0876, 0.0992 and 0.0992. The tdROC curve showed that the
risk signature can accurately predict the 3-year (AUC=0.737), 5-year (AUC=0.764), and
7-year (AUC=0.782) survival (Fig. 2D). GSEA was conducted to explore the hallmarks and
KEGG pathways of the 2 groups. As presented in Fig. 2E, the high-risk group was enriched
in the “adipocytokine_signaling_pathway,” ¢
“endometrial_cancer,” “ERBB_signaling_pathway,” and “intestinal_immune_network_for_
IGA_production.”

cytokine_cytokine_receptor_interaction,”
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Fig. 2. Differential clinicopathological factors and OS of EC in the immune-related risk signature. (A) Heatmap of clinicopathological features in high-risk and low-
risk groups ("p<0.05, Tp<0.01, and ¥p<0.0071). (B) Risk score distribution in the high-risk and low-risk groups. (C) Survival curves of the high-risk and low-risk groups.
(D) Time-dependent ROC curve for prediction of 3-, 5-, and 7-year OS. (E) Gene Set Enrichment Analysis results based on the risk groups in 302 EC patients.

AUC, area under the curve; EC, endometrial cancer; KEGG, Kyoto Encyclopedia of Genes and Genomes; OS, overall survival; ROC, receiver operating characteristic.
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4. Establishment and evaluation of a prognostic nomogram in patients with EC
To better predict the clinical outcomes of EC patients using the immune-related risk signature,
univariate and multivariate Cox regression analyses were used to identify the independent

risk factors for developing a nomogram in TCGA database. As shown in Fig. 3A, results

of the multivariate analysis suggested that age (hazard ratio [HR]=1.046, 95% confidence
interval [CI]=1.019-1.073, p<0.001), stage (HR=1.495, 95% CI=1.012-2.211, p=0.043), and risk
signature (HR=2.042, 95% CI=1.090-3.827, p=0.0206) were the independent risk factors for the
OS of EC. A nomogram was designed to predict the OS probability of each patient (Fig. 3B).

In the nomogram, each predictor was assigned with a risk score. Based on the multivariate
analysis results, 3 factors were integrated in the nomogram to predict the OS probability of
EC patients. The calibration curve suggested that the nomogram-predicted survival rate was
similar to the actual 3-, 5-, and 7-year survival rates (Fig. 3C).

In addition, we evenly categorized the patients into 2 subgroups according to their total
points and further tested the survival assessment model using the Kaplan-Meier analysis in
both the whole cohort and subgroups. Results showed that this nomogram could accurately
differentiate patients across all groups (Fig. 3D). The AUC values of the nomogram were
0.772, 0.786, and 0.817 at 3-, 5-, and 7-year OS (Fig. 3E). These findings indicated that this risk
signature-based nomogram had a certain reliability and specificity for evaluating prognosis.

5. Correlation of immune and stromal scores with different risk signature
groups (cell score)
A cohort containing 412 EC patients and 20,309 available RNAs were extracted from the TCGA
dataset according to the ENSEMBL Genomes and analyzed in this study. Based on the gene
expression and using the ESTIMATE algorithm, the immune score, stromal score, and total score
(ESTIMATE score) were calculated. The immune score, stromal score, and ESTIMATE score in
the high-risk group were significantly lower than those in the low-risk group using the Wilcoxon
signed-rank test (Fig. 4A-C). To determine the potential correlation of OS with immune score,
stromal score, and ESTIMATE score, all patients were divided into top and bottom halves (high
score vs. low score groups) based on their scores. The Kaplan-Meier survival curves (Fig. 4D-F)
showed that EC patients with high immune scores had a longer OS (p=0.003, log-rank test).
Consistently, patients with higher stromal scores or ESTIMATE scores showed longer median
OS compared with patients with lower scores, although it was not statistically significant
(p>0.05, log-rank test). We further utilized the CIBERSORT algorithm to determine the
estimated fractions of 6 immune cells in each sample. The Wilcoxon rank-sum test was utilized
to accurately compare the difference and found that these infiltrating immune cells, including B
cells (p<0.001), CD4+ T cells (p=0.002), CD8+ T cells (p<0.001), and dendritic cells (p<0.001),
had significantly lower infiltrating density in the high-risk group (Supplementary Fig. 4). These
outcomes suggested that the prognosis of EC patients in the high immune-related risk group was
correlated with lower immune scores and immune infiltrates.

6. Connections between TFs and hub genes

To further understand the regulatory network between TFs and these 12 hub genes, TFs with
adjusted p<0.05 were screened in the TCGA database. Results revealed that 104 TFs were
differentially expressed in the EC samples and normal samples, including 51 upregulated TFs
and 53 downregulated TFs (Fig. 5A and C). GPI, HDGF, HEE2, KAL1, NR3C1, S100A2, and
S100A9 were high-risk immune-related genes, while and CCL17, CTLA4, ICOS, IFNG, and
IL21R were low-risk immune-related genes (Fig. 5B). The association between the hub genes
and TFs through NetworkAnalyst was constructed using the Cytoscape software. As shown
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Fig. 3. Construction and internal validation of predictive nomogram of OS for EC patients. (A) Univariate and multivariate Cox regression analyses of the association
between clinicopathological factors (including the immune-related risk signature) and OS of EC patients in the TCGA datasets. (B) Prediction of OS in EC based on
the nomogram. Three factors were included in this nomogram. (C) Calibration curve of the 3-, 5-, and 7-year survival. (D) Kaplan-Meier survival analysis of the 2
groups divided based on the total score of the nomogram. (E) Time-dependent ROC analysis and AUC values of the 3-, 5-, and 7-year OS in the nomogram.

AUC, area under the curve; Cl, confidence intervals; EC, endometrial cancer; HR, hazard ratios; LNM, lymph node metastasis; OS, overall survival; ROC, receiver
operating characteristic; TCGA, The Cancer Genome Atlas.

in Fig. 5D, a transcription-regulated network with 51 edges and 104 nodes was obtained for
hub genes. A total of 24 transcript factors were involved in the regulation of the 11 hub genes.
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However, no TF regulated the HFE2 gene. Forkhead box P3 (FOXP3) and basic leucine zipper
ATF-like transcription factor (BATF) have been predicted to regulate IL21R, CTLA4, IFNG,
ICOS, and CCL17. ETS1 was predicted to regulate IL21R, IFNG, ICOS, and NR3C1. LYL1 was
predicted to regulate IL21R, CTLA4, ICOS, and CCL17. FLI1 was predicted to regulate NR3C1,
CTLA4, ICOS, and HDGF. STAT1 was predicted to regulate HDGF, IFNG, ICOS, and NR3C1.
Above all, we constructed a TF-regulation network of hub genes that might play an essential
role in the prognosis of EC patients.

7. External validation of prognostic nomogram in the PKUPH cohorts

The clinicopathological characteristics of EC patients in the Peking University People's
Hospital (PKUPH) cohorts were obtained from a published article (https://pubmed.ncbi.
nlm.nih.gov/31423227/). Based on the above nomogram scores, the high-risk and low-risk
groups were well divided in the PKUPH cohort (Supplementary Fig. 6A). The heatmap of
clinicopathological features in the sequencing data of PKUPH samples showed that high-risk
scores were also associated with LNM (p<0.05), myometrial infiltration (MI) (p<0.05), FIGO
stage (p<0.01) and living status (p<0.05) (Supplementary Fig. 6A). The immune-related high-
risk score and nomogram score showed worse OS (Supplementary Fig. 6B and C).

DISCUSSION

EC is the fourth most common cancer in developed countries, which seriously affects
women’s health. EC accounts for about 76,000 deaths in women worldwide [23]. Although
the prognosis of early-stage EC is good, the individual difference is extremely large.
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Approximately 14% of EC patients experienced recurrence and metastasis, and 78% showed
initial recurrence 1-2 years after surgery [24]. In recent years, many nomogram models have
been developed for prognostic prediction based on the clinicopathological factors. The
nomogram according to FIGO stage, histological grade 3, primary tumor diameter >2 cm,
and positive peritoneal cytology predicting the 3- and 5-year recurrence-free survival has been
established to predict the prognosis of EC [25]. The screening of target biomolecules with
predictive value based on bioinformatics analysis has been increasing in recent years. Wang
et al. found that EC patients with CTSW, PCSK4, LRRC8D, TNFRSF18, IHH, and CDKN2A
genes showed poor prognosis [26]. However, these studies focused only on the clinical or
molecular factors, and cannot comprehensively reveal the important prognostic factors in the
occurrence and prognosis of EC. In this study, we combined the genetic and clinical data to
establish nomogram models for predicting the prognosis of EC patients individually.

Data from TCGA and GEO databases that sequenced the whole genome of EC patients

were used to establish predictive models. In recent years, increasing attention has been

paid to the gene characteristics related to the TME. Immunotherapy targeting the immune
microenvironment has also been used in clinical practice. A previous study has demonstrated
that some immune-related genes were related to the prognosis of EC, such as TMEM150B,
CACNA2D2, TRPMS, NOL4, CTSW, and SIGLEC1 based on the TCGA database [9]. Immune-
related genes (LTA, PSMC4, KAL1, TNF, SBDS, HDGF, LTB, HTR3E, NR2F1, NR3C1, PGR,
and CBLC) in EC were associated with prognosis based on the TCGA database [27]. However,
these studies only use one TCGA database. Hence, our study integrated the data from the
TCGA and GEO databases, and the queue is larger than those used in their studies.

In this study, CCL17, CTLA4, GPI, HDGF, HFE2, ICOS, IFNG, IL21R, KAL1, NR3C1, S100A2,
and S100A9 were selected to develop a risk evaluation model. The high-risk group based on
12 immune-related gene was significant correlation with molecular subtype. The data showed
that the number of patients with high risk in POLE group and MSI-H were less than that in
CN-low, and CN-high groups; the patients with POLE group and MSI-H was more in group
of low-risk group. This further verified the correlation between immune microenvironment
characteristics and molecular typing in EC. We also analyzed the Kaplan-Meier survival
between the high-risk group and low-risk group in clinicopathological differences. The
results suggested that it was widely applicable in EC patients with different pathological
features. Then, a nomogram integrating these 12 immune-related gene risk models and
clinical features (age, stage) was constructed and showed good predictive value.

GPI, HDGF, HEE2, KAL1, NR3C1, S100A2, and S100A9 were high-risk immune-related
genes, while CCL17, CTLA4, ICOS, IFNG, and IL21R were low-risk immune-related

genes in EC. Among them, NR3Cland HDGF were also found in individuals with EC in a
previous study [27]. The nuclear receptor subfamily 3 group C member 1 (NR3C1) gene is a
glucocorticoid receptor gene associated with the development of an autoimmune blistering
disorder, which is expressed in response to stress and impairment due to long-term exposure
to continuous stress and social isolation as well as implicit social interaction related to
religious beliefs [28,29]. A previous study found that NR3C1 was related to metastatic
prostate cancer and antiandrogen resistance [30]. NR3Cl is involved in the relapse of acute
lymphoblastic leukemia [31]. Accumulating evidence suggests that a hepatoma-derived
growth factor (HDGF) promotes the occurrence and progression of various cancers. HDGF
mRNA was modified by METTL3-mediated m°4; it promotes gastric cancer progression
and has prognostic significance [32]. HDGF was positively correlated with ZEB1 expression
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and showed a positive feedback loop, promoting the pathogenesis and progression of EC
[33]. Overall, NR3C1 and HDGF are key regulatory immune-related genes that regulate the
prognosis of EC; however, the molecular mechanism needs to be explored further.

FOXP3 and BATF might have a significant role in the immune-related prognosis of EC.
Regulatory T cells (Treg cells) enhance peripheral immune tolerance by inhibiting immune
responses to autoantigens and environmentally sound antigens. Foxp3, a forkhead TF, is
essential for the differentiation and function of Treg cells [34]. Foxp3-expressing Treg cells
can suppress the immune system and are essential in maintaining immune homeostasis and
self-tolerance [35]. High expression of FoxP3+ lymphocytes was associated with poor OS in
patients with pancreatic cancer [36]. BATF plays an important regulatory role in the expression
of tumor-reactive CD8+ T cells [37]. BATF is involved in the progression of gastric cancer and
non-small cell lung cancer (NSCLC) [38-40]. BATF knockdown inhibited the proliferation

of A549 cells and promoted apoptosis [39]. BATF also promoted the immunosuppression
involved in IRF4+ Tregs regulation in NSCLC [40]. These results provide important
information about the mechanism underlying the pathogenesis of NSCLC. The 2 TFs of FOXP3
and BATF promote the occurrence and progression of cancer, which is consistent with our
results. However, the molecular mechanisms of the 2 TFs in EC should be explored further.

Compared with the traditional study of EC biomarkers, our study analyzed several clinical
samples in the public database and focused on the expression of immune-related genes

in immune cells. With the study of the characteristics of cellular immune infiltration,

the relationship between the regulation of immune-related genes and the incidence and
prognosis of EC was investigated in depth. The use of CIBERSORT also greatly improved
the efficiency of research and prevented the laborious experimental process. We can fully
examine the immune inflammation patterns of EC mentioned in previous studies, to assess
the specific distribution of immune cells and the changes in the corresponding biomarkers,
and to discover new biological relationships among them. It provides a new therapeutic
target for clinical treatment. This study has high feasibility, provides a practical method

for future EC immune research, and can serve as a reference when conducting other cancer
research. However, the markers obtained in this study still should be combined with those in
clinical studies to determine their functions and provide a basis for future clinical research.

Taken together, our study is the first to identify and validate the 12 immune-related genes
according to the nomogram scoring system; our results can further prove a connection
between the nomogram score and the prognosis of EC patients, which could indicate the
immune infiltration intensity in the EC microenvironment. In the external validation, a high-
risk score was also associated with LNM, MI, and FIGO stage. The immune-related high-risk
score group had worse OS. These selected signatures can also provide novel immune targets
for EC immune-related treatment in the future.

In conclusion, we constructed a prognostic classifier aggregating 12 immune-related genes and
an integrative nomogram that could accurately and effectively predict the clinical outcomes
and guide the individualized anticancer treatment in patients with EC. We also explored the
function of immune cell infiltration in TME for different risk groups. Although the accuracy

of the risk signature still needs to be confirmed in a large-scale cohort and through more
experimental studies, this is the first study to examine the relationship between aberrant
immune-related gene nomogram and the prognosis of EC patients. This study will help
improve our understanding of the underlying mechanisms involved in the development of EC.
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SUPPLEMENTARY MATERIALS

Supplementary Fig. 1
Workflow diagram of the study.

Click here to view

Supplementary Fig. 2
Expression of the immune-related genes shown by heatmap in (A) TCGA and (B) GSE17025.

Click here to view

Supplementary Fig. 3

Distribution characteristics of immune-related DEGs in TCGA and GEO databases. (A)
Number of upregulated and downregulated genes in the TCGA database. (B) Number of
upregulated and downregulated genes in the GEO database. (C) Volcano plot for DEGs in
tumor and normal tissues in the TCGA database. (D) Volcano plot for DEGs in tumor and
normal tissues in the GEO database. (E) Venn diagram of DEGs in the 2 databases.

Click here to view

Supplementary Fig. 4

Differential distributions of immune cells in 2 risk groups. Wilcoxon rank-sum test accurately
compared the difference and indicated that 6 immune cells conferred significantly lower
infiltrating density in the high-risk groups. (A) B cell. (B) CD4+ cell. (C) CD8+ cell. (D)
Dendritic cell. (E) Macrophage. (F) Neutrophil.

Click here to view

Supplementary Fig. 5

Kaplan-Meier survival between the high-risk group and low-risk group in clinicopathological
differences. (A) Age <60. (B) Age >60. (C) Grade 1-2. (D) Grade 3. (E) EEA. (F) None-EEA. (G)
Peritoneal negative. (H) Pertioneal positive. (I) Stage . (J) Stage II. (K) Stage III. (L) Stage IV.
(M) POLE. (N) MSL. (O) CNL. (P) CNH.

Click here to view

Supplementary Fig. 6

External validation of the prediction model in the PKUPH sequencing data. (A) Based on the
nomogram scores, the high-risk and low-risk groups were well divided in the PKUPH cohort.
The heatmap of clinicopathological features in the sequencing data of PKUPH samples was
constructed. (B) Based on 12 immune-related genes high-risk and low-risk scores, the OS was
analyzed using the sequencing data of PKUPH samples. (C) Based on nomogram high-risk
and low-risk scores, the OS was analyzed using the sequencing data of PKUPH samples.

Click here to view
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