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Identification and Validation of
Immune-Related Gene for Predicting
Prognosis and Therapeutic
Response in Ovarian Cancer

Zhao-Cong Zhang'?, Jun-Nan Guo?', Ning Zhang', Zhi-Qiang Wang', Ge Lou”,
Bin-Bin Cui?* and Chang Yang™*

7 Department of Gynecology Oncology, Harbin Medical University Cancer Hospital, Harbin, China, 2 Department of Colorectal
Surgery, Harbin Medical University Cancer Hospital, Harbin, China

Ovarian cancer (OC) is a devastating malignancy with a poor prognosis. The complex
tumor immune microenvironment results in only a small number of patients benefiting from
immunotherapy. To explore the different factors that lead to immune invasion and
determine prognosis and response to immune checkpoint inhibitors (ICls), we
established a prognostic risk scoring model (PRSM) with differential expression of
immune-related genes (IRGs) to identify key prognostic IRGs. Patients were divided into
high-risk and low-risk groups according to their immune and stromal scores. We used a
bioinformatics method to identify four key IRGs that had differences in expression between
the two groups and affected prognosis. We evaluated the sensitivity of treatment from
three aspects, namely chemotherapy, targeted inhibitors (Tls), and immunotherapy, to
evaluate the value of prediction models and key prognostic IRGs in the clinical treatment of
OC. Univariate and multivariate Cox regression analyses revealed that these four key IRGs
were independent prognostic factors of overall survival in OC patients. In the high-risk
group comprising four genes, macrophage MO cells, macrophage M2 cells, and
regulatory T cells, observed to be associated with poor overall survival in our study,
were higher. The high-risk group had a high immunophenoscore, indicating a better
response to ICls. Taken together, we constructed a PRSM and identified four key
prognostic IRGs for predicting survival and response to ICls. Finally, the expression of
these key genes in OC was evaluated using RT-gPCR. Thus, these genes provide a novel
predictive biomarker for immunotherapy and immunomodulation.

Keywords: ovarian cancer, immune-related genes (IRGs), prognosis, tumor immune microenvironment, immune
checkpoint inhibitors (ICI)

Abbreviations: OC, ovarian cancer; ICIs, immune checkpoint inhibitors; PRSM, prognostic risk scoring model; TCGA, The
Cancer Genome Atlas; GEO, Gene Expression Omnibus; WGCNA, weighted gene co-expression network analysis; IRGs,
immune-related genes; TTs, targeted inhibitors; HRG, high-risk group; LRG, low-risk group; RS, risk score; DEGs, differentially
expressed genes; AM, adjacency matrix; TOM, topological overlap matrix; CC, correlation coefficient; GS, gene significance;
TLR4, Toll-like receptor 4; BTK, Bruton’s tyrosine kinase; CTLA-4, cytotoxic T-lymphocyte antigen 4; PD-1, programmed cell
death protein 1; MM, module membership; ROC, receiver operating characteristics; GO, Gene Ontology; KEGG, Kyoto
Encyclopedia of Genes and Genomes; GSEA, gene set enrichment analysis; HH, Hedgehog; OS, overall survival; aDC, activated
dendritic cells.
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INTRODUCTION

Ovarian cancer (OC) is one of the most lethal gynecological
malignancies. Because the early symptoms are not obvious and
progress is rapid, it is usually diagnosed during the late stages (1).
At present, the clinical treatment of OC is based on surgery and
chemotherapy; however, they do not substantially improve
survival (2). Therefore, immunotherapy for OC has attracted
widespread attention. A consensus that OC is an immunogenic
tumor has been reached among researchers (3). The combined
application of OC immunotherapy and traditional treatment
methods can improve the treatment effect (4, 5), but the
prognosis is important differences. Therefore, further insights
into the mechanisms underlying these differences are essential
for the discovery of tumor prognostic markers.

The tumor microenvironment plays a vital role in tumor
occurrence and development. Among the slew of micro-
environment factors, the heterogeneity of the immune tumor
microenvironment affects the treatment effect of patients and is
a potential obstacle to the development of personalized
immunotherapy (6, 7). Thus, looking for differentially expressed
genes (DEGs) in the tumor immune microenvironment, along
with evaluating their functions, is expected to result in new
immune checkpoints.

Herein, we investigated the ability to predict disease prognosis
based on immune-related genes (IRGs) differentially expressed
in the tumor microenvironment. Differentially expressed gene
data for patients with OC were downloaded from The Cancer
Genome Atlas (TCGA) database. For module detection, we
applied a weighted gene co-expression network analysis
(WGCNA) to select the module gene with the highest
correlation with the immune score in order to construct
immune-related gene pairs (IRGPs). Furthermore, a prognostic
risk scoring model (PRSM) was created using the IRGPs. We
used the Gene Expression Omnibus (GEO) database to verify the
PRSM, which was used to calculate the patient’s risk score (RS),
and then divided the patients into low-risk and high-risk groups
(LRG and HRG, respectively). We then identified key prognostic
(IRGs). Finally, we downloaded response data to chemotherapy
drugs from CellMiner"™ (https://discover.nci.nih.gov/cellminer/)
to analyze the relationship between IRGs and drug resistance.

MATERIALS AND METHODS

OC Samples Data Collection

and Processing

In our study, we used tissue samples from different high-
throughput platforms, namely TCGA (https://portal.gdc.cancer.
gov/) and GEO (http://www.ncbi.nlm.nih.gov/geo/). We
gathered 664 OC high-throughput gene datasets containing
379 samples from TCGA and 285 samples from GEO
(GSE9891). Only 505 patients with complete information were
included in the analysis, comprising 375 OC samples from
TCGA and 130 OC samples from GEO (GSE103479). We
converted the gene ID to the matching gene symbols according

to the annotation package corresponding to each dataset. TCGA
data were chosen as the model group and GEO data were used as
the verification group. In the analysis, we excluded RNA that
could not be detected in >10% of the samples.

Preliminary Screening of IRGs

The R package “ESTIMATE” (8) is an algorithm based on
ssGSEA, which is used to evaluate the immune infiltration in
TCGA samples. The expression matrix of each tumor sample was
scored using two related gene sets: stromal and immune. Then,
the R package “maxstat” (9) was employed to calculate the cut-oft
values of the immune and matrix scores. Subsequently, all
samples were divided into the high/low immune and stromal
score groups. The R package “survcomp” (10) was used for
visualization, and a Kaplan-Meier survival curve was obtained.
Moreover, the same R package was used to compare survival
differences between the two groups based on the log-rank test.
The R package “Limma” (11) was used to analyze DEGs
([log2foldchange| > 0.5, p-adj < 0.05). Subsequently, we took
the intersection between up- and down-regulated DEGs, and
screened out the IRGs in OC, displaying them using a
Venn diagram.

Establishment of Co-Expression

Algorithm of IRGs

A WGCNA (12) was used to identify consensus gene modules
from IRGs, analyze modules, and calculate the correlation of
results using “ESTIMATE”. First, we constructed an adjacency
matrix (AM) of paired genes using a power function. An
appropriate power index was selected to increase the similarity
of the matrix and build a scale-free co-expression network. The
AM was then converted into a topological overlap matrix
(TOM). Based on the TOM dissimilarity measurements, we
performed an average linkage hierarchical cluster analysis. The
correlation coefficient (CC) was determined between module
eigengene and stromal and immune scores. Gene significance
(GS) was defined as the mediated p-value of each gene (GS =1gP)
in the linear regression between gene expression and scores.
Finally, a gene clustering tree was constructed based on the
correlation between the expression levels of genes and the
gene module.

Further Screening of IRGs and
Construction of IRGPs

To further identify IRGs and construct immune gene pairs, we
selected the module with the highest CC with the immune score
and calculated the GS and module membership (MM) in this
module. MM is a measure of the connectivity between genes and
modules. The threshold was defined as a cor. gene MM > 0.7 and
cor. gene GS > 0.7. We constructed gene pairs for the selected
IRGs to eliminate sequencing errors between different platforms
and samples. Specifically, the expression levels of any two genes
were compared in each sample. If the former was greater than the
latter, it was recorded as 1, and vice versa. After removing the
IRGPs with minimal expression and uneven distribution (MAD
= 0), univariate Cox proportional hazards regression analysis was
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performed on the remaining IRGPs in the model group. The
IRGPs with p < 0.05 in Cox regression were retained for Lasso-
Cox proportional hazards regression with 1000 simulations using
the R package “glmnet” (13). The receiver operating
characteristics (ROC) for 5 years was drawn using R package
“survival ROC” (14) and the area under the curve was
determined. The best cut-off points were marked on the ROC
curves. Finally, a predictive model was applied to the validation
group. All patients were classified into either the HRG or LRG
based on the optimal cut-off of the RS.

Validation of the Predictive Model

Prognostic analysis was performed on high- and low-risk
patients and validation groups using the log-rank test to verify
the accuracy and consistency of the PRSM. Then, in the model
group with complete clinical information, the risk score was
combined with other clinical factors to perform single-factor and
multi-factor Cox regression analysis to further verify the
independent influence of the RS.

Immune Infiltration in the HRG and LRG

To elucidate differences in immune cell infiltration between the
HRG and LRG, we adopted another algorithm to estimate the
relative infiltration abundance of 22 immune cells in different
samples by using the R package “CIBERSORT” (15). Then, we
reserved the samples with p < 0.05, estimated using
“CIBERSORT”, and performed a differential analysis of the
content of various immune cells in the HRG and LRG using a
Wilcoxon rank-sum test.

Functional Enrichment Analysis

For the purpose of studying the biological functions of differential
IRGs and genes in the PRSM, we employed the bioconductor
package “fgsea” (16) to perform Gene Ontology- (GO)- and
Kyoto Encyclopedia of Genes and Genomes- (KEGG)- related
gene set enrichment analysis (GSEA) with 10,000 permutations.
To compare genes between the HRG and LRG, we performed log2
multiple conversions and sorted the ratio of gene expression. The
threshold values were set to p < 0.05.

Identification of Key Prognostic IRGs

To further screen the key prognostic IRGs, we performed protein
interaction network analysis using STRING (https://www.string-db.
org) on the IRGPs. We selected the top 30 genes in the network and
the genes in the model to intersect and analyze the prognosis of the
intersection genes. After obtaining the key prognostic IRGs, we used
the DisNor database (https://disnor.uniroma2.it/) to analyze their
upstream and downstream related proteins and mode of action.
DisNor is a disease-focused resource that uses the causal interaction
information annotated in SIGNOR and the protein interaction data
in Mentha to generate and explore protein interaction networks
linking disease genes.

Validation of DEGs Using RT-qPCR

The expression of these key prognostic IRGs in fresh frozen OC
tissue samples was determined using RT-qPCR. Fresh ovarian
cancer tissues and normal ovarian tissues were obtained from

Harbin Medical University Cancer Hospital. Trizol reagent
(Ambion, Shanghai, China) was added to OC tissues, and total
RNA was extracted according to the manufacturer’s instructions.
After elution with RNase-free water, RNA was stored at — 80°C
until further analysis. RNA quality was evaluated using a
spectrophotometer (Eppendorf), and then reverse-transcribed
into cDNA using a reverse transcription kit (Vazyme, Nanjing,
China). RT-qPCR was performed using SYBR Green PCR kit.
The RT-qPCR primers for CD163, Toll-like receptor 4 (TLR4),
Bruton’s tyrosine kinase (BTK), and C3AR1 were designed using
the Prime Bank website (17). GAPDH was used as an internal
control. PCR cycling conditions were as follows: 95°C for 2 min,
followed by 94°C for 20 s, 58°C for 20 s, and 72°C for 30 s for 40
cycles. For RT-qPCR experiments, all samples were prepared in
triplicate. Expression of these genes was calculated using the
comparative cycle threshold (2724YY method.

A Sensitivity Analysis of Different
Treatment Modalities

To evaluate the value of prediction models and key prognostic
IRGs in the clinical treatment of OC, we analyzed the treatment
sensitivity from three aspects: chemotherapy drugs, targeted
inhibitors (TIs), and immunotherapy.

First, we calculated the 50% reduction growth (IC50) concentration
caused by TIs using the R package “pRRophetic” (18), including AKT,
Hedgehog (HH), VEGFR, and JNK/STAT inhibitors. The Wilcoxon
rank- sum test was used to compare the difference in IC50 between the
different risk groups. In addition, we downloaded gene expression data
and response data to chemotherapy drugs from CellMiner"™ (https://
discover.ncinih.gov/cellminer/) from the same batch. Drugs that were
clinically tested and not approved by the FDA were excluded. We then
extracted key prognostic IRGs from gene expression data and analyzed
the correlation between their expression and drug sensitivity.

Immunogenicity is determined by a variety of IRGs, including
genes related to effector cells, immunosuppressive cells, major
histocompatibility complex molecules, and immune regulatory
factors. Using machine learning, the immune-phenotyping score
(IPS) can unbiasedly assess and quantify immunogenicity. To
evaluate the effect of immunotherapy, we downloaded the IPS of
patients with OC from the TCIA database (https:/tcia.at/) and
compared the IPS between the HRG and LRG in different
immunotherapy decisions. In addition, we analyzed the differences
in the expression of seven important immuno-suppressive
checkpoint genes in the HRG and LRG.

RESULTS

Grouping of DEGs Based on Immune and
Stromal Scores

To study the differentially expressed IRGs of OC, TCGA data were
filtered, grouped, normalized, and differentially expressed. Through
these processes, 1,408 DEGs were screened out, which were divided
into HRG and LRG according to their immune and stromal scores.
The Kaplan- Meier survival curve, based on immune score, was
plotted for patients in the HRG and LRG, and the results showed that
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the overall survival (OS) of the HRG was significantly lower than that
of the LRG (p = 0.003) (Figure 1A). However, there was no
statistically significant difference in OS between the HRG and LRG
based on the stromal score (p = 0.266) (Figure 1B). Subsequently, we
analyzed the DEGs in different groups of samples separately based on
the two scores through the R package “Limma” and divided them into
high expression and low expression (Figures 1C, D). The Venn
diagrams (Figures 1E, F) demonstrate the overlap of both
upregulated and downregulated IRGs in two independent scores.

Screening of the Most Significant Modules
and IRGs Using WGCNA

WGCNA was utilized to frame a gene co-expression network to
identify biologically meaningful gene modules, to further
understand the genes causing the differences in OC immune
infiltration. A Power index of = 4 was selected as the optimal
soft-thresholding parameter after excluding the outlier data (scale-
free R* = 0.981) (Figure 2A). A scale-free co-expression network
was constructed using 1,408 DEGs (Figure 2B). Finally, nine
modules, CC, and p values were obtained (Figure 2C). We
determined that the turquoise module had the highest correlation
with the immune score (CC = 0.89, p < 0.001) and ESTIMATE
score (CC = 0.86, p < 0.001). Therefore, we chose the turquoise
module for subsequent analysis.

Construction of the PRSM Using IRGPs

We screened 173 relatively critical IRGs (cor. gene MM > 0.7 and
cor. gene GS > 0.7) (Figure 2D). The establishment of 14,878
IRGPs was conducted by pairwise alignment of these 173 genes.
After the removal of the IRGPs with small variation (0 or 1<
20%), the remaining 771 IRGPs were analyzed using univariate
Cox proportional hazards regression. There were significant
differences in the 36 IRGPs (p < 0.01) (Supplementary Table
S1). We then performed the analysis of these IRGPs in the model
group using Lasso-Cox proportional hazards regression. In the
final PRSM, 15 prognostic-related IRGPs and their
corresponding risk coefficients were determined (Table 1). The
RS of each patient in the model group was calculated using the
PRSM. We conducted an ROC analysis using the R package
“survivalROC” to measure the prognostic ability of the RS model.
Based on the 5-year ROC curve, we set the best cut-off value to
0.665 to classify the patients into either the HRG or the LRG
(Figure 3A). The survival curves of the HRG and LRG indicated
that the OS in the HRG was worse than that in the LRG, and the
difference between the two groups was statistically significant
(p < 0.001) (Figure 3B). To verify the predictive capability of
different datasets, we applied the PRSM to 130 OC samples from
GEO (GSE9891) as a validation group. The log-rank test was
performed to test the difference in OS between the HRG and
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FIGURE 1 | (A) A survival curve based on immune score for patients in the HRG and LRG. (B) A survival curve based on stromal score for patients in the HRG and
LRG. (C) Heatmap plots of DEGs in immune score of OC. (D) Heatmap plots of DEGs in stromal score of OC. (E) Venn diagram depicting the number of
upregulated DEGs based on two scores. (F) Venn diagram depicting the number of downregulated DEG based on two scores.
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LRG compared to the validating groups. The results were
consistent with those of the model group, because the OS of
the HRG was significantly worse than that of the LRG (p = 0.026)
(Figure 3C). We performed univariate and multivariate Cox
regression analyses of RS and clinical variables for OS of OC

TABLE 1 | Prognostic risk scoring model information including 15 immune-
related gene pairs.

patients. The results suggested that RS was an independent
prognostic factor for OC (Figures 3D, E).

Immune Infiltration Within Different

Risk Groups

To explore the specific cell types that cause the difference in immune
infiltration between the HRG and LRG, we applied “CIBERSORT”
to estimate the relative infiltration abundance of immune cell type
abundance of 21 types of immune cells in different samples. The
Wilcoxon rank- sum test was used to analyze the differences in the

Gene Coef contents of various immune cells in the HRG and LRG (Figure 4A).
The results indicated that macrophage MO (p = 0.011), macrophage
BTKIMEF2C 0.29 . .
FERMT3|C5AR 0417 M2 (p = 0.048), and Tregs (p < 0.001) were highly expressed in the
SNX20|PIK3R5 0.05 HRG. In addition, activated memory CD4" T cells (p = 0.049), T
C3AR1|DRAM1 0.07 follicular helper cells (p = 0.045), and activated dendritic cells (aDC)
E&ig;tgﬁgi{g _%.12‘; (p < 0.001) were hig}.lly e?xpressed in the LRG (Figure 4B). The
MPEG1|EVi2A 040 results showed specific immune-related reasons for the poor
MPEG1|CD163 008  Prognosis in the HRG.
GIMAPSINPL 0.05 . . L
GIMAPBIGLIPRT 011 Functional Analysis and Identification of
TLR4|LACC1 0.04 Key IRGPS
SI?CKS‘ZC;F\CZSTQW _00.33 To study the prognosis of the differences between the HRG and
GIMAPS|LACCH 0.08 LRG in molecular functions, biological processes, and cellular
MPP1|GAL3ST4 -0.09 components, we conducted GO-related GSEA (Figure 5A).
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Collectively, these immune-related alterations offer a basis for the
molecular mechanism of the PRSM. Through KEGG pathway
analysis, we obtained information on the pathways of key IRGPs
(Figure 5B). We selected the genes with nodes ranked among the
top 30 in the selected network that intersected with IRGPs in the
PRSM (Figure 6A). We then selected genes related to prognosis by
plotting Kaplan- Meier survival curves. The key intersection genes
included BTK, CD163, TLR4, and C3AR1. In the OS curve, patients

in the high expression group had a significantly poorer prognosis
than those in the low expression group (all p < 0.05) (Figure 6B).
The DisNor database was used to analyze the upstream and
downstream proteins of these four genes and their modes of
action. These results strongly suggested that the genes directly
interacted with key genes and their binding sites (Figure 6C).
The results revealed that these key genes were involved in the
immune response, inflammation, and vascular penetration.
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FIGURE 4 | (A) Summary of the 22 immune cell types abundance estimated by “CIBERSORT” within different risk groups. (B) The differences of 22 immune cell
types abundance within different risk groups. Macrophage MO (p = 0.011), macrophage M2 (p = 0.048), and Treg cells (o < 0.001) were significantly highly
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FIGURE 5 | (A) GO-related GSEA between different risk groups. (B) Functional enrichment analysis of KEGG for key IRGs.

RT-qPCR Analysis of the Candidate Genes
To explore whether the expression of these candidate genes was
altered in OC, we performed RT-qPCR on OC tissues and
normal ovarian tissues. As shown in Figure 7, all four key
prognostic IRGs displayed meaningful results in the RT-qPCR
assay. These four key prognostic IRGs were expressed at low
levels in normal tissues and were highly expressed in tumor
tissues (p < 0.01). This result is in line with our previous results
from TCGA and GEO validation.

Sensitivity Analyses of Different
Treatments

Chemotherapy is one of the most important therapeutic methods
for treating OC. Gene expression data and response data for
chemotherapy drugs were downloaded from CellMiner ™
(https://discover.nci.nih.gov/cellminer/). The results revealed a
positive correlation between the CD163 expression pattern and
oxaliplatin efficacy (p < 0.05). The higher the expression of BTK,
the better the therapeutic effect of oxaliplatin, carboplatin, and
cyclophosphamide (p < 0.05). The expression of C3AR1 was more
positively correlated with the therapeutic effects of oxaliplatin,
carboplatin, etoposide, ifosfamide, and cyclophosphamide (p <
0.05) (Figure 8).

Because resistance to chemotherapy drugs limits their
therapeutic effect, immunotherapy is an emerging treatment
method for OC. Recently, immune checkpoint inhibitors (ICIs)
have been identified as promising cancer immunotherapeutic
approaches. Therefore, based on the immunophenotypic score,
we evaluated seven important immunosuppressive checkpoints.
We verified the expression of these immune suppression
checkpoints in the HRG and LRG, confirmed that they were
all highly expressed in the HRG (Figure 9). These seven immune
genes are expected to become immune suppression checkpoints.
In addition, we separately calculated the IC50 concentrations of

AKT inhibitor VIII, GDC0941, JNK inhibitor VIII, lapatinib, and
GDC-0449 in the HRG and LRG. Except for GDC0449, other
inhibitors had lower IC50 concentrations in the HRG (p < 0.05)
(Figure 10). These results showed that the key IRGs we screened
may be potential immunotherapy targets. When their expression
is high, the effect of treatment is better, which provides a basis for
the targeted therapy in patients.

Recent studies have shown that IPS can predict the
therapeutic effects of ICIs in cancer patients. This was based
on the existing high immunogenic potential. We applied the
immunophenotypic score to compare the HRG and LRG after
applying different ICIs (Figure 11). As shown in the figure,
regardless of whether cytotoxic T-lymphocyte antigen 4 (CTLA-
4) or programmed cell death protein 1 (PD-1) was used for
treatment, the immunophenotypic score of the HRG was higher
than that of the LRG. This finding indicated that treatment with
ICIs was more effective for patients in the HRG.

DISCUSSION

OC is the second most common gynecological malignancy, with a
high recurrence rate and chemoresistance. Primary debulking
surgery followed by chemotherapy is the standard treatment for
OC (19, 20). The application of anti-angiogenic drugs and targeted
drugs has been applied in recent years (21, 22). However, these
treatment options are still not ideal for improving patient survival.
In recent years, immune cell-based treatment has become a
promising method that can better treat and potentially cure
malignant tumors that are difficult to cure using chemotherapy,
surgery, or radiotherapy (23-25). Immunotherapy of OC has made
considerable progress in the past two decades, such as with the use of
PD-1 targeted therapy (26). However, some patients cannot benefit
from immunotherapy, which may be due to the tumor
immunosuppressive microenvironment (27, 28). Therefore,
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searching for differentially expressed immune-related biomarkers
in the tumor immune microenvironment can provide important
prognostic value and regulatory targets for immunotherapy, and
provide a molecular basis for immunotherapy.

In the present study, based on the OC immune-related gene
dataset, we screened IRGPs related to the OS of patients through the
use of a PRSM. To avoid deviation of the results caused by a single
database, we used the GEO database for verification. By analyzing the
differences in immune cell infiltration between the HRG and LRG, we
found that Tregs, MO macrophages, and M2 macrophages had
significantly high infiltration in the HRG. This infiltration of
immune cells might favorably change the immunosuppressive
status of the tumor microenvironment, as well as pathways
involved in tumor metastasis and invasion (29, 30). It has been
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test < 0.01; ***p- value t-test < 0.001.

demonstrated that immune suppressor cells, including Tregs, MO
macrophages, and M2 macrophages, are associated with poorer
outcomes (31, 32). Tregs induce T cell cycle arrest (33), produce
granzyme and perforin to kill T cells (34), release cytokines, inhibit
the expression of antigen-presenting cells, CD80,and CD86 (35), and
directly inhibit T cell activation and promote tumorigenesis. In
addition, a number of studies have demonstrated that M2
macrophages had tumor-promoting properties (36) and Stat6 was
the major transcription factor responsible for the induction of M2
genes (37). Associated with this, we observed strong enrichment for
STAT pathway members in GSEA. In a recent study, Izar et al.
demonstrated that JAK STAT pathway activation and the
enrichment of M2 macrophages in high-grade serous OC were
associated with poor prognosis through single-cell sequencing
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FIGURE 7 | RT-qPCR analysis of four key IRGs in the ovarian cancer tissues and normal ovarian tissues. All experiments were performed in triplicate. *p- value t-
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technology (38). In the LRG, T follicular helper cells, activated
memory CD4" T cells, and dendritic cells were highly expressed.
Tth cells are the key to enhancing the immune response and
understanding their functions will help in the development of
vaccines. In addition, in many studies, CD4" T cells have been
shown to enhance antitumor immune function by regulating
dendritic cells or stimulating other pro-inflammatory myeloid cells
(39-41). These findings provide strong evidence that tumor-
infiltrating immune cells have prognostic value in patients.

In our study, we screened four prognostic key IRGs from the
PRSM, in which CD163 and TLR4 are type I transmembrane
proteins, BTK is a key regulator of the B-cell receptor signaling
pathway, and C3ARI is a transmembrane G protein-coupled
receptor protein with seven membrane-spanning domains. CD163
is considered to be a highly specific marker of M2 macrophages,
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which is a scavenger receptor expressed on monocytes and
macrophages (42). CD163 can be used as an immune modulator
and aids in the inflammatory response (43), and as a member of the
tumor-associated macrophage family, it has an important impact on
tumor proliferation and metastasis (44). TLR4 triggers immune
responses via the TLR4 signaling pathway (45, 46) and promotes
tumor development and progression via pro-inflammatory
responses (47). BTK is a member of the Tec family of tyrosine
kinases. As a component of the TLR pathway, BTK plays an
important role in innate and adaptive immune functions (48). BTK
inhibitors are currently approved by the FDA for the treatment of
lymphoma and leukemia (49). Complement C3a is important in the
regulation of immune response as well as in organ inflammation and
injury (50). C3a/C3aR (C3a receptor) signaling promotes tumor
growth by promoting immunosuppression through modulated
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tumor-associated macrophages, thereby repressing antitumor
immunity (51). C3aR1 has been shown to be expressed abnormally
in a variety of human cancers, and it predicts resistance to
chemoradiation and poor prognosis in osteosarcoma (52).
Although these IRGs are not exactly the same, they were all mainly
enriched in pathways closely associated with the microenvironment
and could predict the prognosis of related cancers. Therefore, the
above studies have shown that these genes are key genes that affect
prognosis, and should hopefully become targets for immunotherapy.

A series of studies have shown that ICIs are of great significance in
the treatment of OC (4). However, only a small percentage of cancer
patients respond to immunotherapy, presumably because of
differences in the immunophenotypic, and tumor microenvironment
characteristics (53). Thus, it is important to identify biomarkers for
immune checkpoint blockade therapies in this specific setting. With the
advent of the era of precision medicine, the model for assessing disease
with a single prognostic marker has gradually been abandoned.
Therefore, efforts to develop an effective immune-related model to
provide a more adequate basis for evaluating the therapeutic effect of
patients have been increased. We analyzed the relationship between
IRG expression and chemotherapy sensitivity and found that the
expression of the four IRGs we screened was positively correlated
with chemotherapy sensitivity. Another important result was that the
expression levels of immune checkpoints in the high-risk cohort were
significantly higher than those in the low-risk cohort, which was
consistent with the positive correlation between the RS and the
expression level of immune checkpoints. Additionally, in the
determination of the IC50 of the TIs, we found that the HRG was
more sensitive to these drugs. However, owning to no published data
regarding immunotherapy in ovarian cancer, we need other methods
to predict the sensitivity of immunotherapies. Zlatko et al. created The
Cancer Immunome Atlas (https:/tcia.at/) and developed a scoring
scheme for the quantification termed IPS (54). In this publication, IPS
as a scoring scheme for solid cancers was a predictor of response to
checkpoint blockade. We downloaded the IPS of patients with OC
from the TCIA database (https://tcia.at/). The Cancer Immunome
Atlas (TCIA) can be queried for the gene expression of specific
immune-related gene sets, cellular composition of immune
infiltrates, neoantigens and cancer-germline antigens, HLA types,
and tumor heterogeneity. The IPS was proved to be a predictor of
response to checkpoint blockers in patients with melanoma. IPS may
serve as a useful tool for evaluating the efficacy of ICIs (55) and this view
was verified in recent study. Furthermore, the close associations of
sensitivity to tumor immunotherapy with immune checkpoint genes
and tumor immune infiltration (56, 57). By compared the IPS between
the HRG and LRG in different immunotherapy decisions, we found the
immunophenotypic score of the HRG was higher than that of the LRG.
We infer that these signatures were able to predict the sensitivity of
immunotherapies via the methods described above.

Despite these promising results, this study has some limitations.
First, the PRSM, established based on gene expression, was formed
based on limited data from retrospective studies. Thus, a large
number of studies are required to explore the specific functions of
these key prognostic IRGs. Second, although our results uncovered
these four IRGs as potentially useful biomarkers, these data will
need to be further validated in large, prospective clinical trials.

In summary, we constructed a PRSM based on the difference in
IRGs between the HRG and LRG. Among the differentially
expressed IRGs, four key genes were identified through analysis of
their prognostic impact. Through the study of these genes, we have a
deeper understanding of immune-related mechanisms. These genes
may be potential predictive markers for immunotherapy and
immunotherapeutic targets, which in turn may open up a new
chapter in OC immunotherapy.

DATA AVAILABILITY STATEMENT

The datasets presented in this study can be found in online
repositories. The names of the repository/repositories and accession
number(s) can be found in the article/Supplementary Material.

ETHICS STATEMENT

The studies involving human participants were reviewed and
approved by Ethics Committee of Affiliated Tumor Hospital of
Harbin Medical University. The patients/participants provided
their written informed consent to participate in this study.
Written informed consent was obtained from the individual(s)
for the publication of any potentially identifiable images or data
included in this article.

AUTHOR CONTRIBUTIONS

B-BC, CY, and GL designed the manuscript. Z-CZ, ]-NG and NZ
drafted the manuscript. Z-CZ and J-NG drew figures and tables.
Z-QW, CY, and B-BC revised the manuscript. GL made several
revisions to the manuscript. All authors contributed to the article
and approved the submitted version.

FUNDING

This work was supported by the National Natural Science
Foundation of China (nos. 81872507), Key Program of Natural
Science Foundation of Heilongjiang Province (ZD2020H007),
the Nn10 program (Nn10py2017-01), and the fund of the Cancer
Hospital, Harbin Medical University, China (JJZD2017-01).

ACKNOWLEDGMENTS

We apologize to those colleagues whose important work could
not be cited due to space constraints.

SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found online at:
https://www.frontiersin.org/articles/10.3389/fimmu.2021.763791/
full#supplementary-material

Frontiers in Immunology | www.frontiersin.org

November 2021 | Volume 12 | Article 763791


https://tcia.at/
https://tcia.at/
https://www.frontiersin.org/articles/10.3389/fimmu.2021.763791/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fimmu.2021.763791/full#supplementary-material
https://www.frontiersin.org/journals/immunology
http://www.frontiersin.org/
https://www.frontiersin.org/journals/immunology#articles

Zhang et al.

Prognostic Analysis of Ovarian Cancer

REFERENCES

1.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

Huang B, Wei M, Hong L. Long Noncoding RNA HULC Contributes to
Paclitaxel Resistance in Ovarian Cancer via Mir-137/ITGB8 Axis. Open Life
Sci (2021) 16(1):667-81. doi: 10.1515/biol-2021-0058

. Meyer LA, Cronin AM, Sun CC, Bixel K, Bookman MA, Cristea MC, et al. Use

and Effectiveness of Neoadjuvant Chemotherapy for Treatment of Ovarian
Cancer. ] Clin Oncol (2016) 34(32):3854-63. doi: 10.1200/jc0.2016.68.1239

. Kandalaft LE, Powell DJ Jr, Singh N, Coukos G. Immunotherapy for Ovarian

Cancer: What’s Next? J Clin Oncol (2011) 29(7):925-33. doi: 10.1200/
j€0.2009.27.2369

. Yang C, Xia B-R, Zhang Z-C, Zhang Y-J, Lou G, Jin W-L. Immunotherapy for

Ovarian Cancer: Adjuvant, Combination, and Neoadjuvant. Front Immunol
(2020) 11:577869. doi: 10.3389/fimmu.2020.577869

. Huyghe L, Van Parys A, Cauwels A, Van Lint S, De Munter S, Bultinck J, et al.

Safe Eradication of Large Established Tumors Using Neovasculature-Targeted
Tumor Necrosis Factor-Based Therapies. EMBO Mol Med (2020) 12(2):
e11223. doi: 10.15252/emmm.201911223

. Tekpli X, Lien T, Rossevold AH, Nebdal D, Borgen E, Ohnstad HO, et al. An

Independent Poor-Prognosis Subtype of Breast Cancer Defined by a Distinct
Tumor Immune Microenvironment. Nat Commun (2019) 10(1):5499.
doi: 10.1038/s41467-019-13329-5

. Shen YC, Hsu CL, Jeng YM, Ho MC, Ho CM, Yeh CP, et al. Reliability of a Single-

Region Sample to Evaluate Tumor Immune Microenvironment in Hepatocellular
Carcinoma. ] Hepatol (2020) 72(3):489-97. doi: 10.1016/j.jhep.2019.09.032

. Yoshihara K, Shahmoradgoli M, Martinez E, Vegesna R, Kim H, Torres-

Garcia W, et al. Inferring Tumour Purity and Stromal and Immune Cell
Admixture From Expression Data. Nat Commun (2013) 4:2612. doi: 10.1038/
ncomms3612

. Laska E, Meisner M, Wanderling J. A Maximally Selected Test of Symmetry

About Zero. Stat Med (2012) 31(26):3178-91. doi: 10.1002/sim.5384
Schroder MS, Culhane AC, Quackenbush J, Haibe-Kains B. Survcomp: An R/
Bioconductor Package for Performance Assessment and Comparison of
Survival Models. Bioinformatics (2011) 27(22):3206-8. doi: 10.1093/
bioinformatics/btr511

Ritchie ME, Phipson B, Wu D, Hu Y, Law CW, Shi W, et al. Limma Powers
Differential Expression Analyses for RNA-Sequencing and Microarray
Studies. Nucleic Acids Res (2015) 43(7):e47. doi: 10.1093/nar/gkv007
Langfelder P, Horvath S. WGCNA: An R Package for Weighted Correlation
Network Analysis. BMC Bioinf (2008) 9:559. doi: 10.1186/1471-2105-9-559
Friedman J, Hastie T, Tibshirani R. Regularization Paths for Generalized
Linear Models via Coordinate Descent. J Stat Softw (2010) 33(1):1-22. doi:
10.18637/jss.v033.i01

Heagerty PJ, Zheng Y. Survival Model Predictive Accuracy and ROC Curves.
Biometrics (2005) 61(1):92-105. doi: 10.1111/j.0006-341X.2005.030814.x
Newman AM, Liu CL, Green MR, Gentles AJ, Feng W, Xu Y, et al. Robust
Enumeration of Cell Subsets From Tissue Expression Profiles. Nat Methods
(2015) 12(5):453-7. doi: 10.1038/nmeth.3337

Subramanian A, Tamayo P, Mootha VK, Mukherjee S, Ebert BL, Gillette MA,
et al. Gene Set Enrichment Analysis: A Knowledge-Based Approach for
Interpreting Genome-Wide Expression Profiles. Proc Natl Acad Sci USA
(2005) 102(43):15545-50. doi: 10.1073/pnas.0506580102

Yang C, Zhang ZC, Liu TB, Xu Y, Xia BR, Lou G. E2F1/2/7/8 as Independent
Indicators of Survival in Patients With Cervical Squamous Cell Carcinoma.
Cancer Cell Int (2020) 20:500. doi: 10.1186/s12935-020-01594-0

Geeleher P, Cox N, Huang RS. Prrophetic: An R Package for Prediction of
Clinical Chemotherapeutic Response From Tumor Gene Expression Levels.
PloS One (2014) 9(9):e107468. doi: 10.1371/journal.pone.0107468

Cheng S, Xu G, Jin Y, Li Y, Zhong C, Ma J, et al. Artificial Mini Dendritic Cells
Boost T Cell-Based Immunotherapy for Ovarian Cancer. Adv Sci (Weinh)
(2020) 7(7):1903301. doi: 10.1002/advs.201903301

Liu D, Zhang XX, Li MC, Cao CH, Wan DY, Xin BX, et al. C/Ebpf Enhances
Platinum Resistance of Ovarian Cancer Cells by Reprogramming H3K79
Methylation. Nat Commun (2018) 9(1):1739. doi: 10.1038/s41467-018-03590-5
Monk BJ, Sill MW, Walker JL, Darus CJ, Sutton G, Tewari KS, et al.
Randomized Phase II Evaluation of Bevacizumab Versus Bevacizumab Plus
Fosbretabulin in Recurrent Ovarian, Tubal, or Peritoneal Carcinoma: An

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

NRG Oncology/Gynecologic Oncology Group Study. J Clin Oncol (2016) 34
(19):2279-86. doi: 10.1200/jc0.2015.65.8153

Monk BJ, Minion LE, Coleman RL. Anti-Angiogenic Agents in Ovarian
Cancer: Past, Present, and Future. Ann Oncol (2016) 27 Suppl 1(Suppl 1):
i33-9. doi: 10.1093/annonc/mdw093

Menzel ], Black JC. Epigenetic Modulation of the Tumor Immune
Microenvironment to Potentiate Immune Checkpoint Blockade Therapy.
Cancer Discov (2020) 10(2):179-81. doi: 10.1158/2159-8290.Cd-19-1349

Yi M, Jiao D, Xu H, Liu Q, Zhao W, Han X, et al. Biomarkers for Predicting
Efficacy of PD-1/PD-L1 Inhibitors. Mol Cancer (2018) 17(1):129. doi: 10.1186/
$12943-018-0864-3

Griinewald TG, Alonso M, Avnet S, Banito A, Burdach S, Cidre-Aranaz F,
et al. Sarcoma Treatment in the Era of Molecular Medicine. EMBO Mol Med
(2020) 12(11):e11131. doi: 10.15252/emmm.201911131

Ogino S, Nowak JA, Hamada T, Phipps Al Peters U, Jr DAM, et al. Integrative
Analysis of Exogenous, Endogenous, Tumour and Immune Factors for
Precision Medicine. Gut (2018) 67(6):1168-80. doi: 10.1136/gutjnl-2017-
315537

Le Y, Gao H, Bleday R, Zhu Z. The Homeobox Protein Ventx Reverts Immune
Suppression in the Tumor Microenvironment. Nat Commun (2018) 9
(1):2175. doi: 10.1038/s41467-018-04567-0

Marigo I, Zilio S, Desantis G, Mlecnik B, Agnellini AHR, Ugel S, et al. T Cell
Cancer Therapy Requires CD40-CD40L Activation of Tumor Necrosis Factor
and Inducible Nitric-Oxide-Synthase-Producing Dendritic Cells. Cancer Cell
(2016) 30(3):377-90. doi: 10.1016/j.ccell.2016.08.004

Efremova M, Vento-Tormo R, Park JE, Teichmann SA, James KR.
Immunology in the Era of Single-Cell Technologies. Annu Rev Immunol
(2020) 38:727-57. doi: 10.1146/annurev-immunol-090419-020340

Cejalvo T, Perise-Barrios AJ, Del Portillo I, Laborda E, Rodriguez-Milla MA,
Cubillo I, et al. Remission of Spontaneous Canine Tumors After Systemic
Cellular Viroimmunotherapy. Cancer Res (2018) 78(17):4891-901.
doi: 10.1158/0008-5472.Can-17-3754

Ali HR, Chlon L, Pharoah PD, Markowetz F, Caldas C. Patterns of Immune
Infiltration in Breast Cancer and Their Clinical Implications: A Gene-
Expression-Based Retrospective Study. PloS Med (2016) 13(12):e1002194.
doi: 10.1371/journal.pmed.1002194

Cooks T, Pateras IS, Jenkins LM, Patel KM, Robles AI, Morris J, et al. Mutant
P53 Cancers Reprogram Macrophages to Tumor Supporting Macrophages via
Exosomal Mir-1246. Nat Commun (2018) 9(1):771. doi: 10.1038/s41467-018-
03224-w

Leen AM, Rooney CM, Foster AE. Improving T Cell Therapy for Cancer. Annu
Rev Immunol (2007) 25:243-65. doi: 10.1146/annurev.immunol.25.022106.141527
Salminen A. Activation of Immunosuppressive Network in the Aging Process.
Ageing Res Rev (2020) 57:100998. doi: 10.1016/j.arr.2019.100998

Reyes Garcia MG, Garcia Tamayo F. The Importance of the Nurse Cells and
Regulatory Cells in the Control of T Lymphocyte Responses. BioMed Res Int
(2013) 2013:352414. doi: 10.1155/2013/352414

Wu J, Frady LN, Bash RE, Cohen SM, Schorzman AN, Su YT, et al. Mertk as a
Therapeutic Target in Glioblastoma. Neuro Oncol (2018) 20(1):92-102.
doi: 10.1093/neuonc/nox111

Yu T, Gan S, Zhu Q, Dai D, Li N, Wang H, et al. Modulation of M2
Macrophage Polarization by the Crosstalk Between Stat6 and Trim24. Nat
Commun (2019) 10(1):4353. doi: 10.1038/s41467-019-12384-2

Izar B, Tirosh I, Stover EH, Wakiro I, Cuoco MS, Alter 1, et al. A Single-Cell
Landscape of High-Grade Serous Ovarian Cancer. Nat Med (2020) 26
(8):1271-9. doi: 10.1038/s41591-020-0926-0

Batich K, Sanchez-Perez L, Schaller T, Cui X, Xie W, Archer G, et al. Immu-
23. Antigen-Specific Effector Memory Cd4+ T Cells and Ccl3 Potentiate
Dendritic Cell Vaccines and Antitumor Immunity. Neuro Oncol (2018) 20
(Suppl 6):vi126. doi: 10.1093/neuonc/noy148.526

Gomez-Tourino I, Kamra Y, Baptista R, Lorenc A, Peakman M. T Cell Receptor -
Chains Display Abnormal Shortening and Repertoire Sharing in Type 1 Diabetes.
Nat Commun (2017) 8(1):1792. doi: 10.1038/s41467-017-01925-2

Guo JN, Li MQ, Deng SH, Chen C, Ni Y, Cui BB, et al. Prognostic Immune-
Related Analysis Based on Differentially Expressed Genes in Left- and Right-
Sided Colon Adenocarcinoma. Front Oncol (2021) 11:640196. doi: 10.3389/
fonc.2021.640196

Frontiers in Immunology | www.frontiersin.org

November 2021 | Volume 12 | Article 763791


https://doi.org/10.1515/biol-2021-0058
https://doi.org/10.1200/jco.2016.68.1239
https://doi.org/10.1200/jco.2009.27.2369
https://doi.org/10.1200/jco.2009.27.2369
https://doi.org/10.3389/fimmu.2020.577869
https://doi.org/10.15252/emmm.201911223
https://doi.org/10.1038/s41467-019-13329-5
https://doi.org/10.1016/j.jhep.2019.09.032
https://doi.org/10.1038/ncomms3612
https://doi.org/10.1038/ncomms3612
https://doi.org/10.1002/sim.5384
https://doi.org/10.1093/bioinformatics/btr511
https://doi.org/10.1093/bioinformatics/btr511
https://doi.org/10.1093/nar/gkv007
https://doi.org/10.1186/1471-2105-9-559
https://doi.org/10.18637/jss.v033.i01
https://doi.org/10.1111/j.0006-341X.2005.030814.x
https://doi.org/10.1038/nmeth.3337
https://doi.org/10.1073/pnas.0506580102
https://doi.org/10.1186/s12935-020-01594-0
https://doi.org/10.1371/journal.pone.0107468
https://doi.org/10.1002/advs.201903301
https://doi.org/10.1038/s41467-018-03590-5
https://doi.org/10.1200/jco.2015.65.8153
https://doi.org/10.1093/annonc/mdw093
https://doi.org/10.1158/2159-8290.Cd-19-1349
https://doi.org/10.1186/s12943-018-0864-3
https://doi.org/10.1186/s12943-018-0864-3
https://doi.org/10.15252/emmm.201911131
https://doi.org/10.1136/gutjnl-2017-315537
https://doi.org/10.1136/gutjnl-2017-315537
https://doi.org/10.1038/s41467-018-04567-0
https://doi.org/10.1016/j.ccell.2016.08.004
https://doi.org/10.1146/annurev-immunol-090419-020340
https://doi.org/10.1158/0008-5472.Can-17-3754
https://doi.org/10.1371/journal.pmed.1002194
https://doi.org/10.1038/s41467-018-03224-w
https://doi.org/10.1038/s41467-018-03224-w
https://doi.org/10.1146/annurev.immunol.25.022106.141527
https://doi.org/10.1016/j.arr.2019.100998
https://doi.org/10.1155/2013/352414
https://doi.org/10.1093/neuonc/nox111
https://doi.org/10.1038/s41467-019-12384-2
https://doi.org/10.1038/s41591-020-0926-0
https://doi.org/10.1093/neuonc/noy148.526
https://doi.org/10.1038/s41467-017-01925-2
https://doi.org/10.3389/fonc.2021.640196
https://doi.org/10.3389/fonc.2021.640196
https://www.frontiersin.org/journals/immunology
http://www.frontiersin.org/
https://www.frontiersin.org/journals/immunology#articles

Zhang et al.

Prognostic Analysis of Ovarian Cancer

42,

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

Komohara Y, Fujiwara Y, Ohnishi K, Takeya M. Tumor-Associated
Macrophages: Potential Therapeutic Targets for Anti-Cancer Therapy. Adv
Drug Delivery Rev (2016) 99(Pt B):180-5. doi: 10.1016/j.addr.2015.11.009
Saha B, Tornai D, Kodys K, Adejumo A, Lowe P, McClain C, et al. Biomarkers
of Macrophage Activation and Immune Danger Signals Predict Clinical
Outcomes in Alcoholic Hepatitis. Hepatology (2019) 70(4):1134-49.
doi: 10.1002/hep.30617

Asgharzadeh S, Salo JA, Ji L, Oberthuer A, Fischer M, Berthold F, et al. Clinical
Significance of Tumor-Associated Inflammatory Cells in Metastatic
Neuroblastoma. J Clin Oncol (2012) 30(28):3525-32. doi: 10.1200/
jco.2011.40.9169

Qiao X, Yang H, Gao J, Zhang F, Chu P, Yang Y, et al. Diversity,
Immunoregulatory Action and Structure-Activity Relationship of Green Sea
Turtle Cathelicidins. Dev Comp Immunol (2019) 98:189-204. doi: 10.1016/
j.dci.2019.05.005

Zhang J, Zhang Q, Lou Y, Fu Q, Chen Q, Wei T, et al. Hypoxia-Inducible
Factor-1o/Interleukin-1f Signaling Enhances Hepatoma Epithelial-
Mesenchymal Transition Through Macrophages in a Hypoxic-Inflammatory
Microenvironment. Hepatology (2018) 67(5):1872-89. doi: 10.1002/hep.29681
Koliaraki V, Chalkidi N, Henriques A, Tzaferis C, Polykratis A, Waisman A,
et al. Innate Sensing Through Mesenchymal TLR4/Myd88 Signals Promotes
Spontaneous Intestinal Tumorigenesis. Cell Rep (2019) 26(3):536-545.e4.
doi: 10.1016/j.celrep.2018.12.072

Hasan M, Lopez-Herrera G, Blomberg KE, Lindvall JM, Berglof A, Smith CIE,
et al. Defective Toll-Like Receptor 9-Mediated Cytokine Production in B Cells
From Bruton’s Tyrosine Kinase-Deficient Mice. Immunology (2008) 123
(2):239-49. doi: 10.1111/j.1365-2567.2007.02693.x

Fiirstenau M, Hallek M, Eichhorst B. Sequential and Combination Treatments
With Novel Agents in Chronic Lymphocytic Leukemia. Haematologica (2019)
104(11):2144-54. doi: 10.3324/haematol.2018.208603

Matsumoto N, Satyam A, Geha M, Lapchak PH, Dalle Lucca J], Tsokos MG,
et al. C3a Enhances the Formation of Intestinal Organoids Through C3arl.
Front Immunol (2017) 8:1046. doi: 10.3389/fimmu.2017.01046

Zha H, Wang X, Zhu Y, Chen D, Han X, Yang F, et al. Intracellular Activation
of Complement C3 Leads to PD-L1 Antibody Treatment Resistance by
Modulating Tumor-Associated Macrophages. Cancer Immunol Res (2019) 7
(2):193-207. doi: 10.1158/2326-6066.Cir-18-0272

Zou T, Liu W, Wang Z, Chen ], Lu S, Huang K, et al. C3ARI Mrna as a
Potential Therapeutic Target Associates With Clinical Outcomes and Tumor

Microenvironment in Osteosarcoma. Front Med (Lausanne) (2021) 8:642615.
doi: 10.3389/fmed.2021.642615

Ruiz-Aparicio PF, Vanegas NP, Uribe GI, Ortiz-Montero P, Cadavid-Corteés
C, Lagos J, et al. Dual Targeting of Stromal Cell Support and Leukemic Cell
Growth by a Peptidic PKC Inhibitor Shows Effectiveness Against B-ALL. Int J
Mol Sci (2020) 21(10):3705. doi: 10.3390/ijms21103705

Charoentong P, Finotello F, Angelova M, Mayer C, Efremova M, Rieder D,
et al. Pan-Cancer Immunogenomic Analyses Reveal Genotype-
Immunophenotype Relationships and Predictors of Response to Checkpoint
Blockade. Cell Rep (2017) 18(1):248-62. doi: 10.1016/j.celrep.2016.12.019
Xu'Y, Wang Z, Li F. Survival Prediction and Response to Immune Checkpoint
Inhibitors: A Prognostic Immune Signature for Hepatocellular Carcinoma.
Transl Oncol (2021) 14(1):100957. doi: 10.1016/j.tranon.2020.100957

Xiong Y, Xiong Z, Cao H, Li C, Wanggou S, Li X, et al. Multi-Dimensional
Omics Characterization in Glioblastoma Identifies the Purity-Associated
Pattern and Prognostic Gene Signatures. Cancer Cell Int (2020) 20:37.
doi: 10.1186/512935-020-1116-3

Kang Y, Huang J, Liu Y, Zhang N, Cheng Q, Zhang Y, et al. Integrated
Analysis of Immune Infiltration Features for Cervical Carcinoma and Their
Associated Immunotherapeutic Responses. Front Cell Dev Biol (2021)
9:573497. doi: 10.3389/fcell.2021.573497

53.

54.

55.

56.

57.

Conflict of Interest: The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be construed as a
potential conflict of interest.

Publisher’s Note: All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated organizations, or those of
the publisher, the editors and the reviewers. Any product that may be evaluated in
this article, or claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

Copyright © 2021 Zhang, Guo, Zhang, Wang, Lou, Cui and Yang. This is an open-
access article distributed under the terms of the Creative Commons Attribution
License (CC BY). The use, distribution or reproduction in other forums is permitted,
provided the original author(s) and the copyright owner(s) are credited and that the
original publication in this journal is cited, in accordance with accepted academic
practice. No use, distribution or reproduction is permitted which does not comply with
these terms.

Frontiers in Immunology | www.frontiersin.org

November 2021 | Volume 12 | Article 763791


https://doi.org/10.1016/j.addr.2015.11.009
https://doi.org/10.1002/hep.30617
https://doi.org/10.1200/jco.2011.40.9169
https://doi.org/10.1200/jco.2011.40.9169
https://doi.org/10.1016/j.dci.2019.05.005
https://doi.org/10.1016/j.dci.2019.05.005
https://doi.org/10.1002/hep.29681
https://doi.org/10.1016/j.celrep.2018.12.072
https://doi.org/10.1111/j.1365-2567.2007.02693.x
https://doi.org/10.3324/haematol.2018.208603
https://doi.org/10.3389/fimmu.2017.01046
https://doi.org/10.1158/2326-6066.Cir-18-0272
https://doi.org/10.3389/fmed.2021.642615
https://doi.org/10.3390/ijms21103705
https://doi.org/10.1016/j.celrep.2016.12.019
https://doi.org/10.1016/j.tranon.2020.100957
https://doi.org/10.1186/s12935-020-1116-3
https://doi.org/10.3389/fcell.2021.573497
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/journals/immunology
http://www.frontiersin.org/
https://www.frontiersin.org/journals/immunology#articles

	Identification and Validation of Immune-Related Gene for Predicting Prognosis and Therapeutic Response in Ovarian Cancer
	Introduction
	Materials and Methods
	OC Samples Data Collection and Processing
	Preliminary Screening of IRGs
	Establishment of Co-Expression Algorithm of IRGs
	Further Screening of IRGs and Construction of IRGPs
	Validation of the Predictive Model
	Immune Infiltration in the HRG and LRG
	Functional Enrichment Analysis
	Identification of Key Prognostic IRGs
	Validation of DEGs Using RT-qPCR
	A Sensitivity Analysis of Different Treatment Modalities

	Results
	Grouping of DEGs Based on Immune and Stromal Scores
	Screening of the Most Significant Modules and IRGs Using WGCNA
	Construction of the PRSM Using IRGPs
	Immune Infiltration Within Different Risk Groups
	Functional Analysis and Identification of Key IRGPs
	RT-qPCR Analysis of the Candidate Genes
	Sensitivity Analyses of Different Treatments

	Discussion
	Data Availability Statement
	Ethics Statement
	Author Contributions
	Funding
	Acknowledgments
	Supplementary Material
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /PageByPage
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages false
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 1
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /ENU (T&F settings for black and white printer PDFs 20081208)
  >>
  /ExportLayers /ExportVisibleLayers
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /BleedOffset [
        0
        0
        0
        0
      ]
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /ClipComplexRegions true
        /ConvertStrokesToOutlines false
        /ConvertTextToOutlines false
        /GradientResolution 300
        /LineArtTextResolution 1200
        /PresetName ([High Resolution])
        /PresetSelector /HighResolution
        /RasterVectorBalance 1
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks true
      /IncludeHyperlinks true
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MarksOffset 6
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


