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Abstract

Introduction: Ovarian carcinoma (OC) is one of the most common malignan-
cies in women worldwide. Immune checkpoint inhibitors are routinely used
to treat OC, but with little clinical success. Here, we aimed to explore novel
immune-effective biomarkers for OC management.

Material and methods: Datasets from The Cancer Genome Atlas, Geno-
type-Tissue Expression, and the Clinical Proteomic Tumor Analysis Consortium
were used to identify hub genes significantly associated with CD8* T effectors
and immune checkpoint signatures and to explore the potential oncogenic
role of cluster of differentiation 74 (CD74) in OC. The Immune Checkpoint
Inhibitor Score (IMS) was constructed to predict immunotherapy responsive-
ness and prognosis. CD74 expression was further validated using immunohis-
tochemistry in OC tissues.

Results: The yellow gene module showed a significant correlation with the
CD8* T effector and immune checkpoint profiles. Functional enrichment anal-
ysis showed that the yellow gene module was associated with immune re-
sponse and antigen binding. Thus, IMS can accurately predict immunotherapy
responsiveness and prognosis. In addition, CD74 was significantly upregulated
at both the mRNA and protein levels in OC, and the high expression of the
CD74 protein was related to the activation of various tumor-related pathways.
Kaplan-Meier analysis showed that high CD74 expression correlated with poor
prognosis in OC. Furthermore, CD74 expression remarkably correlated with
inflammatory cytokines, immune cells, the tumor immune microenvironment,
and immune checkpoints. Finally, CD74 expression in pericarcinomatous and
cancer tissues from OC patients was verified via immunohistochemistry (IHC)
analysis, which corresponded to the public database results (all p < 0.05).
Conclusions: CD74 may represent a novel immune biomarker to predict the
prognosis of OC patients, as well as a potential therapeutic target related to
immunotherapy, providing new ideas for the treatment of OC.

Key words: CD74, ovarian carcinoma, immune checkpoints, prognosis,
tumor immunity.

Introduction

Ovarian carcinoma (OC) is one of the most common malignancies in
women worldwide, diagnosed in over 313,000 patients each year [1]. Pa-
tients are usually diagnosed at an advanced stage and present with low
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five-year survival rates [2], a high risk of reappear-
ance [3], and high rates of side effects after treat-
ment [4]. Many developments have been made
in the treatment of OC in the past two decades,
mainly involving immune checkpoint inhibitors
(ICls). To date, a wide range of ICls have displayed
significant clinical benefits in various tumor types
[5]. However, ICl optimal use remains a major issue
in their application [6]. Furthermore, the clinical
use of ICls in OC has had little success, with objec-
tive single-agent remission rates of approximately
6—-15% in clinical trials [7, 8]. Therefore, considering
the enormous financial burden and toxic effects of
OC treatment, it is necessary to explore novel im-
mune-effective biomarkers for OC management.

The programmed cell death protein 1/pro-
grammed cell death ligand 1 (PD-1/PD-L1) axis is
the most important target of ICls that can main-
tain immune function and downregulate the mag-
nitude of the inflammatory response [9]. PD-L1 is
expressed at elevated levels in cancer cells and
tumor-infiltrating lymphocytes [10]. T cells can-
not function because of the combination of PD-L1
and PD-1, thus evading the host immune system
[11]. By targeting PD-1 or other immune check-
points, inhibiting their downregulatory signaling,
reversing malfunctioning states, and restoring
a depleted state of T cell activity, ICls can improve
patient prognosis [12]. Progression-free survival
and overall survival were most strongly associated
with high levels of intra-epithelial CD8* T cells in
a meta-analysis of 21 OC studies [13]. This positive
correlation suggests that the use of ICls may be
effective; however, surprisingly, early clinical trials
suggest that their efficacy in OC remains limited.
Thus, exploration of new potential immunother-
apeutic targets for OC is crucial. Previous studies
have explored the use of PD-L1/PD-1 expression
levels, tumor neoantigen load, molecular subtypes,
and microsatellite instability to predict responsive-
ness to immunotherapy [14, 15]. However, these
methods are operationally complex, expensive,
and have several unmet clinical requirements.

With the rapid development of bioinformatics
technology, many tools have been developed to
identify biomarkers [16]. These include weighted
gene co-expression network analysis (WGCNA)
and single-sample gene set enrichment analysis
(ssGSEA) algorithms, which have been employed
to screen numerous tumor biomarkers [17, 18]. In
this study, we aimed to identify new immune ther-
apeutic targets for OC using bioinformatic analy-
sis combined with experiments.

Material and methods
Data retrieval

We collected data from The Cancer Genome
Atlas (TCGA) OC cohort and normal ovarian data

from the Genotype-Tissue Expression (GTEx) da-
tabase (downloaded from http://xena.ucsc.edu).
The data from the two databases were merged
using the R software. The TCGA cohort contained
379 OC samples, and the GTEx cohort contained
88 normal ovarian tissue samples. Demographic
details, including race and ethnicity, for OC pa-
tients in the TCGA cohort were recorded (Supple-
mentary Table Sl). To facilitate data homogeniza-
tion, the above sequencing samples were used
with fragments per kilobase of exon model per
million mapped fragment values. Open access is
available to the above databases, and the study
followed the data access policies and publication
guidelines of these databases.

A total of 64 OC microarrays (F801401), which
included 57 cases of OC and seven cases of distal
ovarian tissues, were purchased from Bioaitech
Company (Xian, China) and used to further vali-
date cluster of differentiation 74 (CD74) expres-
sion and its prognostic value in OC. This study was
approved by the Medical Ethics Committee of the
First Affiliated Hospital of Shandong First Medical
University (Shandong Provincial Qian Foshan Hos-
pital, China).

Differentially expressed gene
screening

The “limma” package in the R/Bioconductor
software was used for differentially expressed
gene (DEG) analysis. Differential expression was
considered for an adjusted p-value < 0.05 (false
discovery rate set at 5%) and |logFC| > 2. The R
package “pheatmap” [19] was applied to the re-
sults to prepare heatmaps using all DEGs.

Weighted gene co-expression network
analysis construction

Using the existing literature, we obtained two
gene sets for CD8* T effectors and immune check-
points constructed by Mariathasan et al. [20, 21].
The R package “GSVA” [22] was used to perform
SSGSEA to derive enrichment scores for CD8" T
effectors and immune checkpoints, constructing
gene co-expression networks using WGCNA [23].
First, to construct the gene expression similarity
matrix, a Pearson correlation coefficient between
genes { and j was calculated as an absolute value
using the following equation:

S;= [(1 + cor (x. +y))/2|

The expression of genes { and j is represented
by i and j, respectively. Additionally, a matrix of
gene expression similarities was translated into
an adjacency matrix. A soft threshold parameter
represents the Pearson correlation coefficient for
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each gene pair, B [24]. It enhances the strong and
weak correlations at the index level:

a, = [(1 + cor (x,+y))/2|°

Genes that are representative of each module
are named signature vector genes or MEs, and
they indicate the overall level of gene expression
within the module. This is calculated as:

ME = princomp (x{)

where ( represents the genes in module g and j
represents the microarray sample in module g. The
expression profile of genes in all samples and the
ME expression profile of the signature vector gene
were used to measure the identity of the genes in
the module using Pearson correlation. We refer to
this as module membership (MM),

MM = (corx, ME9)
where ME represents the gene i expression profile.

Analysis of functional and pathway
enrichment

The yellow module genes were analyzed with
a corrected p-value < 0.05 and an absolute value
of log fold change > 0.5 as criteria for determining
the significance of differential expression using
Gene Ontology (GO) and the Kyoto Encyclopedia
of Genes and Genomes (KEGG) [25, 26]. GO en-
richment analysis consisted of three components:
molecular function, biological process, and cellular
composition. Significant enrichment of mRNA-re-
lated biological pathways was provided via KEGG
analysis. The functional enrichment analysis de-
scribed above was performed using the “cluster-
Profiler” R package, and the results were visual-
ized using the “ggplot2” R package [27].

Construction of a single-sample
immunomodulation pattern scoring system

To develop robust biomarkers for predicting
OC prognosis and responsiveness, we used the
ssGSEA algorithm to construct a scoring system
based on mRNA expression levels in a single sam-
ple of the yellow module gene to assess the immu-
noregulatory patterns of individual OC patients,
which we termed the Immune Checkpoint Inhib-
itor Score (IMS), for in depth analysis.

Prediction of response to immunotherapy
and prognosis

The tumor immune dysfunction and exclusion
(TIDE) algorithm is a computational approach to pre-
dict immune-checkpoint blockade (ICB) responsive-

ness using gene expression profiles [28]. The TIDE
algorithm was used to validate the impact of IMS in
predicting the clinical responsiveness to ICls. Three
cell types that limit T cell infiltration into tumors
were assessed using the TIDE algorithm, including
the M2 subtype of tumor-associated fibroblasts,
myeloid-derived suppressor cells, and tumor-asso-
ciated macrophages. A score for tumor immune es-
cape was provided using two different mechanisms,
including a score for dysfunction of tumor-infiltrat-
ing cytotoxic T lymphocytes (dysfunction) and their
rejection by immunosuppressive factors (exclusion).

To assess the impact of CD74 expression on im-
munotherapy in OC patients, we calculated TIDE
scores for OC patients using the TIDE website
developed by Harvard University (http://tide.dfci.
harvard.edu/).

Protein-protein interaction networks
and filtering hub genes

In this study, an online tool named Search Tool
of Interacting Genes (STRING, https://string-db.
org/), which is specifically designed to predict pro-
tein-protein interactions (PPIs), was used to con-
struct PPl networks for selected genes [29]. The
construction of network models was visualized
using Cytoscape (version 3.9.0, https://cytoscape.
org/) using the STRING database, selecting genes
with a score > 0.4 [30]. In co-expression networks,
the maximum cluster centrality (MCC) algorithm is
considered the most efficient method for finding
hub nodes. Furthermore, the MCC of each node
was computed using the CytoHubba plug-in in Cy-
toscape [31]. These genes with the top 10 MCC
values were considered hub genes.

GEPIA2 database and Kaplan-Meier survival
curve analysis

CD74 expression in OC and normal tissues was
compared using the Gene Expression Profiling
Interactive Analysis (GEPIA2, http://gepia2.can-
cer-pku.cn/) online website, which contains both
TCGA and GTEx database expression gene data
[32]. In addition, Kaplan-Meier survival analysis
(Kaplan-Meier plotter database, http://www.km-
plot.com/) and immune cell infiltration analyses
were performed.

Human Protein Atlas database analysis

The Human Protein Atlas (HPA) (https://www.
proteinatlas.org/) is a database that provides re-
searchers with access to large amounts of pro-
teomic and transcriptomic data in specific human
cells and tissues [33]. The immunohistochemistry
(IHC) database from the HPA was used to verify
the CD74 protein expression levels in normal ova-
ry tissues and OC tissues.

Arch Med Sci



Yixin Zhang, Xinhui Zhang, Li Zhang, Yuli Zhao, Sen Wang, Li Feng

Tumor Immune Single Cell Center database
analysis

We gained access to OC single-cell sequencing
data (OV_GSE118828) from the Tumor Immune
Single Cell Center (TISCH) online database (http://
tisch.compgenpmics.org/) [34, 35]. The database
is used to categorize malignant cell, immune cell,
and stromal cell hierarchical clustering. CD74 was
then performed in these cells, and the results
were obtained using a heatmap.

Clinical Proteomic Tumor Analysis
Consortium and UALCAN database analysis

Clinical Proteomic Tumor Analysis Consortium
(CPTAC) (https://proteomics.cancer.gov/programs/
cptac) applies proteomics techniques to character-
ize protein composition and proteomes using mass
spectrometry analysis of tumor biospecimens and
quantitative identification of each tumor sample
[36]. UALCAN (http://ualcan.path.uab.edu/) is a us-
er-friendly online resource for analyzing publicly
available cancer data [37]. In this study, we used
UALCAN to analyze CD74 protein expression and
its correlation with the activation of multiple tu-
mor-related pathways based on CPTAC.

The immunohistochemistry analysis

Tissue samples were dewaxed in xylene and
hydrated using different ethanol gradients. Endog-
enous peroxidase was inactivated with 3% hydro-
gen peroxide. After washing with distilled water
three times for 3 min, the antigen was repaired
under high pressure using citric acid antigen re-
pair solution. The sections were then blocked with
5% goat serum in PBS and incubated overnight at
4°C with anti-human CD74 antibody (1:50, Abcam,
mouse #ab9514, UK). After washing three times,
the secondary antibody (1:10000, Abcam, Cat
#ab205719, UK) was then used for HRP linking,
followed by diaminobenzidine tetrahydrochloride
(DAB) treatment (no. ZIL-9018; ZSGB-BIO, Beijing,
China) and hematoxylin staining of the nuclei. The
criterion for judging the staining grade of anti-
bodies stained in cytoplasm was as follows: dou-
ble-blind reading by two experienced pathologists.
Integrin 1 was positively expressed as brown-yel-
low granules on the cytoplasm or nucleus or both;
the percentage of positive cells and the intensity of
the staining under a microscope were recorded us-
ing semi-quantitative judgment. The frequency of
positive cells was defined as follows: 0 — less than
5%; 1 — 5-25%; 2 — 26-50%; 3 — 51-75%; and 4 —
greater than 75%. The intensity was specified as
follows: 0 — colorless; 1 - light yellow; 2 — brownish
yellow; and 3 — brown. The staining index (values,
0-12) was determined by multiplying the score for
staining intensity with the score for the frequen-

cy of positive cells. The staining index was estab-
lished as follows: 0 — negative (-); 1-4 — weak (+);
5-8 — moderate (++); 9-12 — strong (+++).

Analysis of upstream and downstream
regulators

We divided the 379 patients with OC into high
and low CD74 expression groups based on median
expression levels. A maximum threshold of 1.0 and
an adjusted p-value under 0.05 were set as pa-
rameters for the R package “DESeq2” [38] to iden-
tify DEGs between the two groups, where a large
logarithmic fold change was used. It was applied
to the R packages ‘pheatmap’ [19] and ‘Enhanced-
Volcano’ [39] to develop heatmaps and volcano
plots. Enriched pathways were determined using
gene set enrichment analysis (GSEA) [22].

c-BioPortal database analysis

Analysis of hub gene alterations in the TCGA
dataset from the cBioPortal database (http://
www.cbioportal.org/) was performed. Alterations
and mutation site information for hub genes were
identified using the ‘Oncoprint,” ‘Cancer Type
Summary,” and ‘Mutations’ modules.

Statistical analysis

Bioinformatic and IHC experiment outcome
analyses were implemented using R (version 4.0.5,
http://www.R-project.org) and Image) software.
Spearman’s correlation analysis was performed to
calculate the association coefficients between the
two factors. The Kaplan-Meier method was used
to generate survival curves for prognostic analy-
sis, and the log-rank test was used to determine
significant differences. Multiple comparisons were
adjusted for p-values using the false discovery
rate method, with statistical significance set at
p < 0.05 and the false discovery rate < 0.05.

Results
Research procedure

An illustrated flow diagram (Supplementary
Figure S1) was produced to present the process of
this study in detail.

Differentially expressed gene selection

The induction cohort consisted of 88 normal
and 379 OC samples. Standardized before and
after data were visualized using a box plot and
examined via principal component analysis. The
results showed that a total of 2253 DEGs were ob-
tained following |logFC| > 2 and a p-value < 0.05.
The DEGs are shown in the heatmap in Supple-
mentary Figure S2.
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Weighted gene co-expression network
analysis construction and key module
identification

We included 379 OC samples and 88 normal
samples from the GTEx cohort and selected genes
with greater variance than all quartiles of variance
in the different samples. In addition, all genes ob-
tained were subjected to WGCNA, and a clustering
dendrogram was used to assign these genes to
seven different modules (Figure 1 A). In our study,
a standard scale-free network was constructed
with the Pick-Soft Threshold function by choosing
B = 4 (Supplementary Figure S3). After choosing
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gene expression modules related to the features
of CD8* T effectors and immune checkpoints, the
yellow gene module was found to be significant-
ly associated with CD8* T effectors and immune
checkpoint profiles (CD8* T effectors: r = 0.77,
p = 6e-58; immune checkpoint: r= 0.86, p = 2e-86)
(Figure 1 B), indicating that the genes contained
inside the yellow module may play a critical role in
the clinical success of patients. Moreover, a strong
correlation was found between the number of yel-
low module members and the genetic character-
istics of CD8*T effectors and immune checkpoints
(CD8*T effectors: r = 0.96, p = 8.7e-136; immune
checkpoint: r=0.93, p = 3.5e-107) (Figures 1 C, D).
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Figure 1. Co-expressed genes and module-trait relationship networks. A — Dendrogram of clusters based on differ-
ent indicators of differentially expressed genes. Each branch of the diagram represents a gene; each color denotes
a module containing a co-expressed weighted gene. B — Heatmap of associations between modular signature
genes and CD8*T effectors and immune checkpoint signaling in ovarian cancer. Every column includes the corre-
sponding p value and correlation. C, D — Scatterplot of the module signature genes in the yellow module
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Furthermore, GO analysis indicated that genes
in the yellow block were predominantly enriched
for immune response, immunoglobulin com-
plex, and antigen-binding functions (Figure 2 A,
Supplementary Table Sll). KEGG analysis of the
yellow modular gene correlated with antigen
processing and presentation, the tuberculosis
pathway, Thl and Th2 cell differentiation, and
systemic lupus erythematosus (Figure 2 B, Sup-
plementary Table SllI). The majority of these sig-
naling pathways are involved in different core
biological processes, including those related to
immune regulation, and some have shown rele-
vancy to immunotherapy [40, 41]. This demon-
strates that the yellow module genes are of
great importance and provide the foundation for
analyzing the association between yellow gene
modules and immune phenotypes.

Immune Checkpoint Inhibitor Score:
a potential biological predictor

A scoring system using ssGSEA was construct-
ed based on the individual variability and com-

A humoral immune response mediated by circulating immunoglobulin
humoral immune response
complement activation, classical pathway
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B cell mediated immunity

complement activation
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plexity of the prognosis of OC patients treated
with anti-PD-L1 therapy using 244 genes from the
yellow gene module and quantifying the level of
prognosis for each sample, which we refer to as
a scoring system, IMS.

Immunotherapy responsiveness
and prognosis in IMS

The TIDE algorithm was evaluated using TCGA
of 379 OC samples to further assess the general
applicability of IMS in predicting responsiveness
to immunotherapy (Figure 3 A). We found a neg-
ative correlation between IMS and myeloid-de-
rived suppressor cell levels and tumor-associated
M2 macrophages (r = —0.63, p < 2.2e-16 and r =
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relation with tumor-associated fibroblast levels
(r=0.34, p = 1.5e-11). Moreover, there was a neg-
ative association with exclusion (r = =0.22, p =
2.2e-05) and a positive association between IMS
and dysfunction (r = 0.58, p < 2.2e-16). The asso-
ciation between TIDE scores and IMS was strong
(TIDE: r=10.55, p < 2.2e-16). Jiang et al. [28] stated
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that high TIDE scores could benefit from immuno-
therapy, which confirms that our IMS can predict
responsiveness to immunotherapy.

Based on the optimal cutoff values, we di-
vided the IMS into high- and low-expression
groups. Subsequently, we conducted an IMS sur-
vival analysis, showing the prognosis of a lower
survival benefit in the low IMS cohort than in the
group with anti-PD-L1 immunotherapy (p < 0.05,
Figure 3 B). Furthermore, we linked IMS to gene
scores for biologically important pathways in OC
(Figure 3 C), and IMS was positively associated
with antigen processing machinery, immune
checkpoint, CD8* T effector, EMT1, and EMT3
scores and was negatively associated with DNA
damage repair and mismatch repair. In addition,
we assessed the relationship between IMS and
immune cells (Figure 3 D), and a positive cor-
relation was confirmed with most immune cells
(p < 0.001). These results further validated the
positive relationship between IMS and the level

of immune cell infiltration in the tumor microen-
vironment.

Protein-protein interactions network
construction and hub gene identification

To identify the hub genes in OC, we uploaded
244 key genes to the STRING database and con-
structed PPl networks under an interaction score
threshold of 0.4 (Figure 4 A). The interaction
data were then downloaded and imported into
the Cytoscape software. The top 10 hub genes
with the highest degree filtered by CytoHubba
calculations were CD74, HLA-DRA, CTSS, TYROBP,
SPI1, C1QA, FCGR3A, FCERIG, C1QB, and CI1QC
(Figure 4 B).

CD74 expression and prognostic
significance in OC patients

CD74 expression was compared between OC
samples and normal peritumoral tissues. Using
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the GEPIA2 database, we observed CD74 overex-
pression in OC patients (Figure 5 A). Interestingly,
we found that high CD74 expression was associat-
ed with poor prognosis in OC patients (Figure 5 B).
The relationship between CD74 and tumorigen-
esis has not been well characterized. A compre-
hensive analysis of 33 tumors was performed to
identify CD74 expression in other carcinomas. Of
these tumors, 15 exhibited CD74 overexpression
(Figure 5 C). Finally, we validated CD74 expression

in normal ovarian and OC tissues using the HPA
database. The results showed that CD74 expres-
sion was significantly higher in tumor tissues than
in normal ovarian tissues (Figure 6).

No correlation was observed between CD74
expression and cancer stage, patient race, tu-
mor grade, TP53 mutation status, or patient age
(Supplementary Figures S4 A-E). Based on TCGA
data, no significant relationships were observed
between patient race or ethnicity and CD74 ex-

10
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Figure 6. The Human Protein Atlas (HPA) database for immunohistochemistry of normal tissues and the CD74 gene
in OC. A — Protein levels of CD74 in normal ovary. B — Protein levels of CD74 in OC tissue
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pression (Supplementary Figure S5). GEPIA2 data
showed that expression of CD74 in patients with
OC did not differ significantly between disease
stages (Supplementary Figure S4 F). These find-
ings indicate that CD74 could be used as a novel
diagnostic marker in OC, regardless of the patho-
logical parameters.

Correlation between CD74 and the tumor
immune microenvironment

We used a dataset from the TISCH database
(OV_GSE118828) to assess CD74 expression in
tumor  microenvironment-associated immune
cells. Figure 7 A shows the distribution of various
immune cells involved in the OV_GSE118828 da-
tabase. CD74 expression levels in myofibroblasts
and fibroblasts were relatively low compared to
those in malignant cells and mono/macro cells
in the OV_GSE118828 dataset (Figure 7 A, B). For
other elements of the tumor microenvironment,
relatively high levels of CD74 expression were ob-
served in CD4* T cells and endothelial cells in the
dataset. A violin diagram showed the same CD74
expression trend in the microenvironment of OC
cells (Figures 7 A, Q). Single-cell sequencing has
shown that CD74 is predominantly expressed in
malignant cells, as well as in mono/macro cells
in OC, and that macrophages in the tumor micro-
environment are usually tumor-promoting and
induce an immunosuppressive environment [42].
These results indicate that CD74 is closely related
to the malignant degree of OC cells and the im-
mune process of OC patients.

CD74 expression and immune-related
genes

The relevance of CD74 to immune-related
genes, such as inflammatory cytokines and im-
mune checkpoints, was assessed to further ex-
plore CD74 profiles. A list of genes encoding in-
flammatory cytokines and immune checkpoints
was selected from previous studies [43, 44]. The
results showed that immune checkpoints, such
as PD-L1, PD-1, LAG3, and CTLA4, were correlated
with high expression of CD74 (Figure 8 A). In addi-
tion, some inflammatory cytokines, such as IL-10,
CCL2, and IL-6 were positively correlated with
CD74 expression (Figure 8 B).

Protein expression of CD74 in patients
with OC

To comprehensively analyze CD74 protein ex-
pression, CPTAC was analyzed using the UALCAN
database. The results demonstrated that CD74
protein expression was markedly higher in OC tis-
sues than in normal tissues (Figure 9 A). At the
same time, the results also showed that high ex-
pression of the CD74 protein was related to the
activation of various tumor-related pathways (Fig-
ures 9 B-E).

CD74 expression in patients with OC

To further validate the role of CD74 in OC, we
examined the protein levels of CD74 via IHC us-
ing tissue microarrays. Typical images of CD74
expression in OC tissues and corresponding para-
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Figure 8. A — Relevance of CD74 to immune checkpoints PD-L1, PD-1, LAG3 and CTLA4. B — Correlation between
CD74 and inflammatory cytokines IL-10, CCL2 and IL-6
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neoplastic tissues are shown in Figure 10 A. The
findings of our study suggest that CD74 is an
oncogene that is highly expressed in OC tissues,
compared with para-tumor tissues (p = 0.028)
(Figures 10 A, B).

Function enrichment analysis
of CD74 in OC

We used GSEA to explore the potential cellular
mechanisms of CD74 and identify DEGs between
high- and low-CD74 expression groups (|logFC| >
1, adjusted p-value < 0.05) (Figure 11 A, B). The
GSEA results demonstrated that co-expressed
genes were mainly associated with the NOD-like
receptor signaling pathway and Epstein-Barr virus
infection pathways (Figure 11 C). Moreover, the

ed pathways based on CPTAC. A — normal tissue vs.
tumor; B — RTK pathway-altered; C — HPPO path-
way-altered; D — WNT pathway-altered; E — mTOR
pathway-altered

top five differentially expressed regulators were
significantly upregulated in OC patients when
compared with levels in healthy patients (all p <
0.05) (Supplementary Figure S6).

Genetic alteration of CD74 in OC

We explored CD74 genomic alterations in pa-
tients with OC using TCGA, Firehose Legacy; TCGA,
PanCancer Atlas; and TCGA, Nature 2011 datasets
in the cBioPortal database and found that the
most common genetic alterations in OC were am-
plification, deep deletion, and missense mutation.
Moreover, genomic alterations to CD74 occurred
in 1.7% of OC patients, and the frequency of ma-
jor mutations in CD74 was 0.19% (TCGA, Pan-
Cancer Atlas) (Figure 12 A, B). R108H alteration
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was detected in OC, and CD74 missense mutation
was the predominant type of alteration. The most
common putative copy number changes for CD74
were gain, diploid, and shallow deletion (Figure
12 Q). Further information on the types, sites, and
number of cases of CD74 gene modifications is
shown in Figure 12 D.

Discussion

Currently, despite the widespread development
of OC therapies, it remains the deadliest malig-
nancy in women, and the prognosis for most OC
patients remains dismal [45]. To date, OC has
mainly been treated using surgery and chemo-
therapy [46]. In addition, OC is highly metastatic
and invasive, and neoplasms can migrate directly
into the peritoneal cavity through the peritoneal
fluid, thereby spreading metastases within the
peritoneal cavity and leading to deteriorating
health [47]. Metastasis — the biggest obstacle
in cancer treatment — has long been a research
hotspot [48]. Therefore, there is an urgent need to

Figure 10. A — Representative specimen of CD74
expression levels in ovarian cancer tissues and cor-
responding paracancerous tissues by immunohis-
tochemistry (IHC). B — IHC was used to detect that
CD74 was significantly upregulated in the tumor
tissues of an OV cohort (n = 57) relative to control
paracancerous tissues (n = 7) (p = 0.028)

identify new biomarkers, particularly in the early
stages, to improve the survival rate and patient
quality of life. According to our analysis, CD74
was highly expressed in OC patients and strong-
ly associated with poor patient prognosis. More-
over, a positive correlation was observed between
CD74 and immune infiltration in the OC immune
microenvironment. These findings suggest that
CD74 could be used as a treatment for OC and as
a novel biomarker for predicting the prognosis of
patients with OC. Therefore, further development
of CD74 as a potential target for OC treatment is
essential.

In recent years, ICl therapies have rapidly
changed the treatment landscape for many tumor
types, resulting in unprecedented survival rates
for some patients [49]. PD-1, PD-L1, CTLA-4, and
other immune targets have shown effectiveness
against a wide range of tumors, and immune cell
activation checkpoints have proven to be the most
effective activation of the antitumor immune re-
sponse [50]. New ICls, such as CD80, CD86, and
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PD-L2, have been developed in recent years [51, ules with similar expression patterns were iden-
52]. Oncology immunotherapy has been further tified using WGCNA. Finally, we determined that
promoted as a research hotspot, and it has be- genes in the yellow module were most closely
come the main treatment for some cancers. Bio-  associated with the CD8* T lymphocyte content.
markers closely related to immunotherapy include ~ We also constructed a scoring system to assess
PD-L1, PD-1, CD8* T cells, and tumor mutation immunotherapy in patients with OC and found
load. Immunotherapy is reportedly more effective  that higher IMS scores correlated with response
in the presence of proliferating T cells [53]. There-  to immunotherapy and better prognosis. Then, we
fore, a CD8* T cell-related co-expression network selected the yellow gene model, resulting in hub
was constructed by estimating the proportion of  genes with truly remarkable p-values, and CD74
CD8* T lymphocytes in each sample. Gene mod-  expression was most prominent in hub genes.
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CD74, a type Il transmembrane glycoprotein,
is related to the main histocompatibility complex
class Il alpha and beta chains and is involved in
several steps in the immune system, including
antigen presentation and inflammation [54]. In
recent years, the role of CD74 in malignant tu-
mors has stimulated the interest of researchers.
Previous studies have shown that CD74 upregu-
lates the ability of pancreatic cancer cells to mi-
grate and invade via the AKT/EGR-1/GDNF sig-
naling pathway [55]. Meanwhile, overexpression
of CD74 in many other cancers, such as thyroid
carcinoma and cervical carcinoma, often leads
to poor patient prognosis [56, 57]. In addition,
a correlation between CD74 and the immune in-
filtration of tumor patients has been confirmed
in a variety of neoplasms. According to Noer et al.
[58], CD74 is related to PD-L1 expression, which
in turn is involved in the prevention of anti-can-
cer immune responses, particularly in triple-neg-
ative subtypes and metastatic breast cancer. The
expression of CD74, which is also involved in
glioma immune infiltration, is closely associated
with the existence of multiple immune cells [59].
Our study also confirmed a correlation between
CD74 and various immune cells and functions.
Therefore, CD74 may serve as a novel immune
biomarker of OC.

As a key element in antigen presentation, CD74
is thought to have implications in immune re-
sponses and immune infiltration. A study by Wang
Z-Q et al. [60] showed CD74 association with poor
prognosis and high tumor-infiltrating leukocytes
in breast cancer, which is consistent with our find-
ings. CD74 expression was positively correlated
with the expression of immune checkpoints and
inflammatory cytokines in our study. On one hand,
regulating CD8* T cell responses has been a cen-
tral focus of immunotherapy for the treatment of
cancer, as CD8* T cells are the primary mediators
of anti-cancer immunity [61]. Tumor-specific T cells
are often dysfunctional owing to the presence of
inhibitory signals at the tumor site. The elimina-
tion of these signals via immune checkpoint in-
hibition leads to T cell rejuvenation and clinical
efficacy, although only in a small proportion of
patients [62]. On the other hand, biological evi-
dence suggests that inflammation is a hallmark
of cancer [63]. Some studies have suggested that
the chemokines and cytokines released by cancer
and stromal cells are mediators of inflammation
[64]. The activation of inflammatory cytokines can
lead to cancer, including OC [65]. Next, we charac-
terized the immunological profile of CD74 in OC
patients. GO and KEGG pathway enrichment anal-
yses indicated that CD74 positive co-expression
genes were mainly enriched in immune responses
and antigen processing and presentation. These

results provide preliminary evidence of the immu-
nological properties of CD74 in OC.

The immune microenvironment also plays a sig-
nificant role in cancer progression. Macrophage
migration inhibitory factor (MIF) is a cell surface
membrane receptor for cytokine CD74 [66]. The
interactions between CD74 and MIF have been
shown to play a vital role in initiating oncogenic
signaling pathways that promote tumor growth
and an immunosuppressive environment [67-69].
Therefore, the association between CD74 expres-
sion and the abundance of infiltrating immune
cells has also been explored. Previous studies have
shown that the promotion of CD74 and MIF could
enhance tumor growth of pancreatic cancer and
hepatocellular carcinoma in a mouse model [70,
71]. Activation of the CD74-MIF signaling path-
way in the tumor microenvironment restores the
antitumor activity of macrophages and dendritic
cells against melanoma [69]. For further studies
on the regulatory relationship between CD74 and
immune cells, this analysis provides preliminary
evidence of the immunological properties of CD74.

A new immunotherapy drug targeting CD74,
milatuzumab, is currently undergoing clinical
trials. As a membrane protein, CD74 is preferen-
tially expressed in hematopoietic cancers and
some solid tumors [72]. Twenty-five patients with
relapsed or refractory multiple myeloma were
treated with miralizumab infusion in a phase
I multicenter clinical trial [73]. In the end, 19 pa-
tients completed treatment. Antibody-drug couples
are attractive targets for CD74 therapy. Kaufman
et al. [73] investigated the cytotoxicity of milatu-
zumab-doxorubicin and two milatuzumab-SN-38
couples in vitro and conducted in vivo therapeutic
studies in different human cancer cell lines. There-
fore, milatuzumab may be a potential therapeutic
agent for various cancers. Nevertheless, little is
known about the function of drugs targeting CD74
in OC. It is necessary to conduct further research in
the future to discover new opportunities for treat-
ment modalities for patients with advanced OC.

Additional experiments will contribute to
a better understanding of the potential mecha-
nisms of CD74 in OC development and progres-
sion. Although CD74 has shown involvement in
a variety of immune processes, further research
is needed to investigate its impact on specific im-
mune cells.

In conclusion, the results of our bioinformat-
ics analysis combined with experiments showed
that high CD74 expression was correlated with
poor prognosis and high immune infiltration in
patients with OC. Therefore, CD74 could be used
as a potential target for OC therapy and as a nov-
el immune biomarker to predict the prognosis of
patients with OC.
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