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Abstract
Background: Increasing evidence has revealed that tumor-in�ltrating immune cells (TIICs) are involved in
the development of endometrial carcinoma (EC). In this study, we aimed to reveal the signi�cance of 28
TIIC types in the classi�cation and prognosis of EC.

Methods: Single-sample gene set enrichment analysis (ssGSEA) was used to calculate the abundance of
the 28 TIIC types in EC patients from TCGA database. A consensus clustering algorithm was used to
group the EC patients. Principal component analysis (PCA) algorithms were performed to calculate an ICI
score for each sample to predict the sensitivity to ICIs therapy based on the 28 TIIC types.

Results: The EC patients from The Cancer Genome Atlas (TCGA) database were classi�ed into two
groups (cluster.A and cluster.B) based on the 28 types of TIIC using a consensus clustering algorithm.
The patients in the cluster.B group had increased immune cell in�ltration, and higher expression of
human leucocyte antigen (HLA) genes, immune checkpoint molecules, and immune activation-related
genes, suggesting that they may be more sensitive to immune checkpoint inhibitors (ICIs) therapy.
Differential analysis between cluster.A and cluster.B identi�ed 591 immune-related genes. We validated
the immune regulation mechanism based on the 591 immune-related genes using another consensus
clustering algorithm. The EC patients were divided into two groups (gene.cluster.A and gene.cluster.B)
based on the 591 immune-related genes. The patients in the gene.cluster.B group had increased immune
cell in�ltration, and higher expression of HLA genes, immune checkpoint molecules, and immune
activation-related genes. In addition, we also calculated an ICI score for each patient with EC to predict
the sensitivity to ICIs therapy based on the 28 TIIC types using principal component analysis algorithms.

Conclusions: In summary, the 28 types of TIIC play non-negligible roles in the development of EC. Our
investigation of the 28 types of TIIC may help to guide ICIs treatment strategies for patients with EC.

Background
Endometrial carcinoma (EC) is a common malignancy of the female reproductive system, the incidence
of which is increasing [1]. EC is a heterogeneous tumor, and the prognosis of patients is closely related to
the tumor grade and stage. Early, accurate, and effective diagnosis is helpful to improve the prognosis of
EC patients [2]. Surgery and postoperative radiotherapy are routine methods for treating this condition,
but there is still a lack of effective treatment for recurrent or progressive EC [3]. Therefore, there is an
urgent need to further explore biological markers for the early diagnosis and prognostic assessment of
EC. Recently, immune checkpoint inhibitors (ICIs) therapy has been explored as a way of treating EC. In
2019, lenvatinib and pembrolizumab combination therapy was approved for the treatment of advanced
endometrial cancer by the US Food and Drug Administration (FDA) [4]. However, the response rates of EC
patients to ICIs were limited [4]. Therefore, we need to explore new ways to predict the sensitivity of
endometrial cancer to ICIs therapy.
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A recent study has shown that a large number of immune cells in�ltrate into EC tissues, which are
involved in the development of EC [5]. Some studies have reported that EC patients with high levels of
in�ltration of CD8+ T cells and CD45RO+ T cells have a better prognosis, while those with a high level of
in�ltration of tumor-associated macrophages (TAMs) have a poor prognosis [6]. For the immunotherapy
of EC, it is important to elucidate the role and regulatory mechanism of tumor-in�ltrating immune cells
(TIICs) in EC [7]. However, most of the studies on TIICs in EC have been limited to a single sample or one
type of immune cell, so comprehensive evaluation has not been carried out [4, 8]. In this research, we
comprehensively analyzed the signi�cance of 28 TIIC types in the classi�cation and prognosis of EC. The
EC patients from The Cancer Genome Atlas (TCGA) database were classi�ed into two groups (cluster.A
and cluster.B) based on the 28 types of TIIC using a consensus clustering algorithm. The patients in the
cluster.B group had increased immune cell in�ltration, and higher expression of human leucocyte antigen
(HLA) genes, immune checkpoint molecules, and immune activation-related genes, suggesting that they
may be more sensitive to ICIs therapy. In addition, we also calculated an ICI score for each patient with EC
to predict the sensitivity to ICIs therapy based on the 28 TIIC types using principal component analysis
(PCA) algorithms. 

Materials And Methods

Data acquisition
The transcriptome pro�ling datasets and corresponding clinical information of 551 EC patients were
downloaded from TCGA database (https://portal.gdc.cancer.gov/). The clinical information included
stage, grade, histological type, overall survival time, and survival status. 

Single-sample gene set enrichment analysis
Single-sample gene set enrichment analysis (ssGSEA) was used to calculate the abundance of the 28
TIIC types in EC patients from TCGA database. We obtained the marker genes of each immune cell type.
Next, we searched for these genes in the RNA transcriptome pro�les of EC patients from TCGA database.
We calculated the abundance of the 28 immune cell types in each sample based on the expression levels
of the label genes.

Consensus clustering of the 28 TIIC types
A consensus clustering algorithm was used to group the EC patients based on the abundance of the 28
TIIC types. Consistent clustering �rst generates multiple sample clusters through some basic clustering
algorithms, and then fuses these sample clusters to form the �nal clustering result by designing the
consistent clustering function. The “ConsensusClusterPlus” package in R software was used and 1,000
repetitions were performed to ensure the stability of the classi�cation [9]. 

https://portal.gdc.cancer.gov/
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Consensus clustering of the immune-related genes
Genes that were differentially expressed between the different groups of patients were screened using the
“limma” package in R. The genes with P < 0.01 and |log2 fold change ≥ 2| were considered to have
signi�cantly different expression and were categorized as immune-related genes [10]. Then, a consensus
clustering algorithm was used to ensure the stability of the classi�cation based on the immune-related
genes.

Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes
(KEGG) functional enrichment analyses
We used the DAVID (http://david.ncifcrf.gov/home.jsp) website to perform functional annotation for
immune-related genes. GO analysis is a common method that can be used to identify the enrichment of
genes in the main categories of biological process, cellular component, and molecular function. KEGG
(http://www.kegg.jp/) is a comprehensive database containing genomic, chemical, and system functional
information. Therefore, KEGG was used to identify the major signaling pathways of the differentially
expressed genes [11, 12].

Calculation of ICI score for each sample
Principal component analysis (PCA) algorithms were performed to calculate an ICI score for each sample
to predict the sensitivity to ICIs therapy based on the 28 TIIC types. This score was calculated using the
following formula: ICI score = ∑(PC1i + PC2i), where PC1 represents principal component 1, PC2
represents principal component 2, and i represents the abundance of the 28 TIIC types [10, 13].

Statistical analysis
All statistical analyses and visualizations of the data were performed using R version 4.0.0. Kruskal-
Wallis tests were performed to analyze differences between groups. All parametric analyses were based
on two-tailed tests, the statistical signi�cance for which was set at P < 0.05 [14]. Survival analysis was
visualized using Kaplan-Meier curves.

Results

Establishment of two distinct groups based on the 28 TIIC types
Figure 1A presents the correlations among the 28 TIIC types. The notes of the network diagram represent
the TIIC types. The thickness of the connecting lines between the TIICs indicates the degree of correlation.
We classi�ed the EC patients into two distinct groups (cluster.A and cluster.B) based on the abundance of
the 28 TIIC types using a consensus clustering algorithm (Figure 1B). The heat map indicated that the EC
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patients could be completely divided into two groups (consensus matrices k=2). PCA indicated that the
28 TIIC types could fully distinguish the EC patients in cluster.A and cluster.B (Figure 1C). In addition, a
histogram of the difference analysis showed that the 28 TIIC types were more abundant in the cluster.B
group than in the cluster.A group, with the exceptions of memory B cells and type 2 T helper cells (Figure
1D). Kaplan-Meier curves indicated that the patients in the cluster.A group had a poorer survival outcome
than those in the cluster.B group (Figure 1E). Finally, as shown in Figure 2, it was revealed that the
patients in the cluster.B group had increased immune cell in�ltration, and higher expression of HLA genes,
immune checkpoint molecules, and immune activation-related genes.

GO and KEGG functional enrichment analyses
We obtained 591 immune-related genes that were differentially expressed between cluster.A and cluster.B
using the “limma” package in R. We then submitted these genes to the DAVID website to perform GO and
KEGG functional annotations for immune-related genes. The results of the GO functional annotation
revealed that the immune-related genes were mainly enriched in GO:0006955, GO:0006954, GO:0050776,
and GO:0002250, all of which are associated with immune response and in�ammatory response (Figure
3A). Meanwhile, KEGG functional annotation showed that the immune-related genes were mainly
enriched in cytokine–cytokine receptor interaction, chemokine signaling pathway, and cell adhesion
molecules (CAMs) (Figure 3B).

Establishment of two distinct immune gene patterns based on the
immune-related genes
To ensure the stability of the classi�cation, we also revealed two distinct immune gene patterns
(gene.cluster.A and gene.cluster.B) based on the 591 immune-related genes using a consensus clustering
algorithm (Figure 4A). The heat map revealed that the EC patients were also completely divided into two
groups (consensus matrices k=2). Kaplan-Meier curves indicated that the patients in the gene.cluster.A
group had poorer survival than those in the gene.cluster.B group (Figure 4B). The histogram indicated
that all TIICs except effector memory CD4+ T cells, memory B cells, and type 2 T helper cells were more
abundant in the gene.cluster.B group than in the gene.cluster.A group (Figure 4C). In addition, the patients
in the gene.cluster.B group had higher expression of HLA genes, immune checkpoint molecules, and
immune activation-related genes (Figure 5). All of these results demonstrated that the gene.cluster.B
group corresponded to cluster.B, suggesting the robustness of the consensus clustering algorithm in
sample classi�cation.

Signi�cance of the ICI score in EC
PCA algorithms were performed to calculate an ICI score for each EC sample and the patients were
divided into two groups according to the median score. A histogram indicated that the 28 TIIC types are
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more abundant in the high-score group than in the low-score group (Figure 6A). We then investigated the
correlation between clinicopathological parameters and ICI score. The results indicated that ICI score was
negatively correlated with endometrial cancer grade (Figure 6B). However, this score showed no
statistically signi�cant correlation with the stage (Figure 6C) or histological type (Figure 6D) of EC
patients. As we expected, the patients in the cluster.B group and gene.cluster.B group had higher ICI
scores than those in the cluster.A and gene.cluster.A groups (Figure 7A and B). Moreover, the patients with
a higher ICI score had longer survival than those with a low score (Figure 7C). Finally, we created a sankey
diagram to reveal the relationships between cluster, gene cluster, ICI score, grade, and event (Figure 7C).
The expression levels of HLA genes, immune checkpoint molecules, and immune activation-related genes
were higher in the high-score group than in the low-score group (Figure 8).

Discussion
In addition to cancer cells, stromal cells such as endothelial cells, and tumor-in�ltrating immune cells are
also important components of the tumor microenvironment. Among them, tumor-in�ltrating immune cells
are considered to be useful for predicting the prognosis of patients and may become an effective target
of drugs [15]. Immunotherapy has become the most promising treatment for cancer after surgery,
radiation, and chemical therapy [16]. Clinically, tumor immunotherapy has shown bene�cial effects and is
currently a research hotspot in cancer therapy internationally. At the same time, the current pathological
staging system is insu�cient to accurately predict the prognosis of patients with EC. Therefore, there is a
strong need to actively explore and verify the tumor immunological characteristics of patients with EC,
and to construct a new effective approach for predicting the prognosis and immunotherapeutic response
of such patients.

In our research, the EC patients from TCGA database were classi�ed into two distinct groups (cluster.A
and cluster.B) based on the abundance of the 28 TIIC types using a consensus clustering algorithm.
Patients in cluster.B had higher abundances of TIICs than those in cluster.A, indicating that cluster.B was
related to elevated immune activity. We then tested this conjecture and found that the expression levels of
immune activation-related genes were higher in the cluster.B group than in the cluster.A group. The HLA
system is a genetic complex located on the short arm of chromosome 6 that encodes the human major
histocompatibility complex (MHC) proteins. The MHC plays a key role in T-cell activation, which requires
the T-cell receptor (TCR) and peptide of a complementary antigen to bind to the MHC. HLA molecules
comprise two major families: MHC classes I and II. MHC class I molecules are expressed in almost all
nucleated cells, with which the peptides derived from intracellularly expressed proteins are presented to
CD8+ T cells. In contrast, MHC class II proteins are usually expressed by antigen-presenting cells (such as
dendritic cells) and present internalized exogenous proteins to CD4+ T helper lymphocytes [17]. In view of
the importance of HLA in adaptive immune responses, we compared the expression levels of HLA genes
between cluster.A and cluster.B. As expected, these genes were more highly expressed in the cluster.B
group than in the cluster.A group. The expression of immune checkpoint molecules increases when the
immune system is activated. This study showed that the expression levels of immune checkpoint
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molecules were higher in the cluster.B group than in the cluster.A group, as expected. Numerous previous
studies have shown that there is a signi�cant correlation between tumor immunity and prognosis [18–
20]. In this study, we found that the cluster.B group with elevated immune activity exhibited better
survival. To ensure the robustness of the classi�cation, we obtained 591 immune-related genes that were
differentially expressed between the cluster.A and cluster.B groups, based on which we revealed two
distinct immune gene patterns (gene.cluster.A and gene.cluster.B) using a consensus clustering
algorithm. We found that the patients in the gene.cluster.B group had increased immune cell in�ltration,
and higher expression of HLA genes, immune checkpoint molecules, and immune activation-related
genes. This suggested that gene.cluster.B corresponds to cluster.B, supporting the robustness of the
consensus clustering algorithm in sample classi�cation. To predict the sensitivity to ICI therapy, we also
calculated an ICI score for each patient with EC based on the 28 TIIC types using PCA algorithms. We
found that a higher ICI score corresponded to cluster.B and gene.cluster.B. In addition, the expression
levels of HLA genes, immune checkpoint molecules, and immune activation-related genes were higher in
the high-score group than in the low-score group.

Conclusions
In conclusion, this study determined the abundance of 28 TIIC types using a consensus clustering
algorithm and calculated an ICI score for each sample to predict the sensitivity to ICI therapy using PCA
algorithms. The �ndings showed that a higher ICI score represents greater sensitivity to ICIs and may help
to guide decision-making on the treatment strategy for EC patients.
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Figure 1

Consensus clustering of the 28 TIIC types visualized by Cytoscape. (A) The correlations between the 28
TIIC types. (B) Consensus matrices of the 28 TIIC types for k = 2. (C) Principal component analysis (PCA)
showed a remarkable difference in expression levels between the cluster.A group and cluster.B group. (D)
Differential expression histogram of the 28 TIIC types in cluster.A and cluster.B. (E) Kaplan-Meier curves
indicated the prognoses of patients in the cluster.A group and cluster.B group. Differences in activated
CD8 T-cell in�ltrates between m6Acluster.A and m6Acluster.B (*P < 0.05, **P < 0.01, and ***P < 0.001).
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Figure 2

Differences in biological phenotypes in cluster.A and cluster.B. (A) Differences in the expression levels of
HLA genes in cluster.A and cluster.B. (B) Differences in the expression levels of immune checkpoint
molecules in cluster.A and cluster.B. (C) Differences in the expression levels of immune activation-related
genes in cluster.A and cluster.B (*P < 0.05, **P < 0.01, and ***P < 0.001).
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Figure 3

GO and KEGG functional enrichment analyses. (A) GO analysis exploring the potential mechanism
underlying the effects of the 591 immune-related genes on the occurrence and development of EC. (B)
KEGG functional annotation showed the pathways in which the immune-related genes were particularly
enriched.
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Figure 4

Consensus clustering of the 591 immune-related genes. (A) Consensus matrices of the 591 immune-
related genes for k = 2. (B) Kaplan-Meier curves showing the prognoses of the patients in the
gene.cluster.A and gene.cluster.B groups. (C) Differential expression histogram of the 28 TIIC types in
gene.cluster.A and gene.cluster.B (*P < 0.05, **P < 0.01, and ***P < 0.001).
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Figure 5

Differences in biological phenotypes in gene.cluster.A and gene.cluster.B. (A) Differences in the
expression levels of HLA genes in cluster.A and cluster.B. (B) Differences in the expression levels of
immune checkpoint molecules in cluster.A and cluster.B. (C) Differences in the expression levels of
immune activation-related genes in cluster.A and cluster.B (*P < 0.05, **P < 0.01, and ***P < 0.001).
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Figure 6

Signi�cance of the ICI score in EC. (A) Differential expression histogram of the 28 TIIC types between
high and low ICI scores. (B) Differences in ICI score among tumor grade (G)1, G2, and G3. (C) Differences
in ICI score among tumor stages I, II, III, and IV. (D) Differences in ICI score among different histological
types (endometrioid endometrial adenocarcinoma, serous endometrial adenocarcinoma, and mixed
serous and endometrioid) (*P < 0.05, **P < 0.01, and ***P < 0.001).
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Figure 7

The relationships of ICI score, cluster, and gene.cluster. (A) Differences in ICI score between cluster.A and
cluster.B. (B) Differences in ICI score between gene.cluster.A and gene.cluster.B. (C) Kaplan-Meier curves
showing the prognoses of patients with high and low ICI scores. (D) Sankey diagram revealing the
relationships among cluster, gene.cluster, ICI score, grade, and event (*P < 0.05, **P < 0.01, and ***P <
0.001).
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Figure 8

Biological phenotypes associated with ICI score in EC. (A) Differences in the expression levels of HLA
genes in those with high and low ICI scores. (B) Differences in the expression levels of immune
checkpoint molecules in those with high and low ICI scores. (C) Differences in the expression levels of
immune activation-related genes in those with high and low ICI scores (*P < 0.05, **P < 0.01, and ***P <
0.001).


