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1 | INTRODUCTION

Ovarian cancer (OC) is a deadly gynecological malignancy with a high

mortality rate that remains largely unchanged despite advances in
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Abstract

Ovarian cancer (OC) is a malignancy associated with poor prognosis and has been
linked to regulatory T cells (Tregs) in the immune microenvironment. Nevertheless,
the association between Tregs-related genes (TRGs) and OC prognosis remains
incompletely understood. The xCell algorithm was used to analyze Tregs scores
across multiple cohorts. Weighted gene co-expression network analysis (WGCNA)
was utilized to identify potential TRGs and molecular subtypes. Furthermore, we
used nine machine learning algorithms to create risk models with prognostic indica-
tors for patients. Reverse transcription-quantitative polymerase chain reaction and
immunofluorescence staining were used to demonstrate the immunosuppressive
ability of Tregs and the expression of key TRGs in clinical samples. Our study found
that higher Tregs scores were significantly correlated with poorer overall survival.
Recurrent patients exhibited increased Tregs infiltration and reduced CD8' T cell.
Moreover, molecular subtyping using seven key TRGs revealed that subtype B exhib-
ited higher enrichment of multiple oncogenic pathways and had a worse prognosis.
Notably, subtype B exhibited high Tregs levels, suggesting immune suppression. In
addition, we validated machine learning-derived prognostic models across multiple
platform cohorts to better distinguish patient survival and predict immunotherapy
efficacy. Finally, the differential expression of key TRGs was validated using clinical
samples. Our study provides novel insights into the role of Tregs in the immune
microenvironment of OC. We identified potential therapeutic targets derived from
Tregs (CD24, FHL2, GPM6A, HOXDS8, NAP1L5, REN, and TOX3) for personalized
treatment and created a machining learning-based prognostic model for OC patients,

which could be useful in clinical practice.
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diagnosis and treatment.! The complex immune microenvironment of
OC poses significant challenges in the development of effective thera-
pies.>® Regulatory T cells (Tregs), a subset of CD4* T cells, play a crucial

role in suppressing immune response and promoting tumor growth and
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metastasis.* Nevertheless, the association between Tregs-related genes
(TRGs) and OC prognosis remains incompletely understood.

Tregs are responsible for immune suppression through various
mechanisms, such as the expression of immune checkpoint receptors
(e.g., CTLA4), thereby interacting with and suppressing effector T-cells
and antigen-presenting cells (APCs).> Furthermore, Tregs release immu-
nomodulatory cytokines, including interleukin-10 (IL-10),° IL-35,” and
transforming growth factor-beta (T GF—ﬁ),8 to inhibit the immune
response.” Tregs produce cytotoxic molecules that trigger apoptosis in
effector immune cells.'® In addition, Tregs manipulate the metabolism of
effector immune cells,'? thus influencing their functions. Importantly,
Tregs are linked to unfavorable prognoses in solid cancers, such as pros-
tate cancer,'? OC,*® and gastric cancer,®* underscoring the need to tar-
get Tregs when treating cancer. Altering the proportion of Tregs or their
signaling pathways within the tumor microenvironment (TME) and
reversing the resultant immunosuppression may improve treatment out-
comes with immune checkpoint inhibitors.> However, the biological
function of Tregs within the TME is intricate and their targets, particu-
larly co-stimulatory molecules, are predominantly expressed on effector
T-cells or natural killer (NK) cells. As a result, targeting these molecules
may damage effector cells equally, heightening the need for current
drugs targeting Tregs to not only enhance patient outcomes but also
maintain tolerability with low autoimmune risks.>®

Several challenges arise in understanding and managing
OC. These challenges may include factors such as the complexity and
heterogeneity of the disease, the limitations of available diagnostic
tools or biomarkers, the influence of various genetic and environmen-
tal factors, and potential difficulties in accurately interpreting clinical
data. Weighted gene co-expression network analysis (WGCNA) is a
robust tool for identifying gene expression patterns and molecular
markers across several diseases, including OC® uterine
leiomyosarcoma,’” and renal cell carcinoma.'® Specifically, WGCNA
allows for the identification of biologically relevant gene modules,
which are clusters of co-expressed genes, as well as hub genes that
play a central role in gene regulation.19 In addition, WGCNA can iden-
tify disease subtypes based on gene expression, leading to more pre-
cise diagnoses and personalized treatments.?° Currently, there is a
lack of large-sample multicenter studies analyzing Tregs using
WGCNA in OC cohorts. Here, we integrate 14 multicenter studies
with complete follow-up information for bioinformatics analysis. Our
results revealed novel therapeutic targets derived from Tregs (CD24,
FHL2, GPM6A, HOXD8, NAP1L5, REN, and TOX3) for personalized
treatment and a machine learning-based prognostic model for OC

patients that can be implemented in clinical practice.

2 | MATERIALS AND METHODS

21 | Clinical samples
Ten pairs of tissue samples, including OC tissues and normal
ovarian epithelial tissues, were procured from patients who

underwent surgery at the Department of Obstetrics and

Gynecology, Affiliated Hospital 2 of Nantong University, between
January 2022 and April 2023. The Ethical Committee of Affili-
ated Hospital 2 of Nantong University approved the collection of
these tissues (2022KT142). Immunofluorescence staining was
performed on two formalin-fixed paraffin-embedded (FFPE) tis-
sue blocks (primary and recurrent tumors) obtained from our
hospital using the services of Servicebio (Wuhan, Hubei, China).
According to the company, detailed methods are available in a

previous reference.'®

2.2 | Reverse transcription-quantitative
polymerase chain reaction

RNA extraction from tissues was performed using TRIzol
(15 596 018, Thermo), according to the manufacturer's instructions.
Subsequently, PrimeScriptT-MRT Kit (R232-01, Vazyme) was used
for cDNA synthesis. Real-time polymerase chain reaction (RT-PCR)
was undertaken utilizing SYBR Green Master Mix (Q111-02,
Vazyme). The mRNA expression levels were normalized to GAPDH

mRNA level and calculated using the 272ACt

method. The primer
sequences were available in the previous references, including
CD24,2* FHL2,% GPM6A2® HOXD8,** NAP1L52° REN,?® and

TOX3.%”

2.3 | Collection of transcriptome data
Samples that lacked complete follow-up information, had zero days of
survival, or were repetitive sequencing of the same patient were
excluded. RNA sequencing (RNA-seq) data in transcripts per kilobase
per million mapped reads (FPKM) format were downloaded from The
Cancer Genome Atlas (TCGA) database for 374 samples. The raw data
was subjected to log2 [(TPM) + 1] transformation. Somatic mutation
data sourced from TCGA database and multiple databases from Gene
Expression Omnibus (GEO) were integrated, utilizing various plat-
forms, namely GPL570 (GSE19829, GSE18520, GSE9891, GSE26193,
GSE30161, and GSE63885; n = 597), GPL96 (GSE3149, GSE23554,
GSE276712, and GSE14764; n=409), GPL7759 (GSE13876,
n = 415), GPL14951 platform (GSE140082, n = 380), and GPL2986
(GSE49997, n = 204).1° Batch effect elimination was achieved using
the “sva” package.

Our transcriptome-related bioinformatics analysis included 2379
patients with complete follow-up information gleaned from the inte-

gration of 14 multicenter studies.

24 |
analysis

Weighted gene co-expression network

The “IOBR” package's xCell algorithm was utilized to calculate Tregs

abundance, which was then used as phenotypic data for subsequent

)'20 |

weighted gene co-expression network analysis (WGCNA) n
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particular, the top 25% variants in the GPL570 and TCGA-OV cohorts
were employed as input to select soft thresholds based on our previ-
ous protocol.'® The resulting adjacency matrix was clustered to iden-
tify the hub module, from which potential Tregs-related genes (TRGs)
were identified. This was achieved by calculating the Pearson correla-
tion coefficients between the modules and Treg scores.

2.5 | Consensus clustering

We performed consensus clustering analysis utilizing key TRGs. Prin-
cipal component analysis (PCA) was conducted to determine the inde-
pendence of each subtype. The number of clusters was determined
using the “ConensusClusterPlus” package and validated using rank
tests with 1000 replicates along with pltem = 0.8 parameter settings
to evaluate subtype stability.?® Differential gene analysis between
subtypes was performed using the “limma” package, with parameters
set at adjusted p < .05 and |logFC| > 1. The prognostic value of each
differential expression genes (DEG) was assessed by means of one-
way Cox regression analysis (p < .05). Based on the prognostic DEGs
obtained, a second round of consensus clustering analysis was

performed.

2.6 | Immune-related analysis

To estimate immune cell abundance in different samples, we
employed a range of methods including ssGSEA, TIMER, CIBER-
SORT, QUANTISEQ, MCP-counter, XCELL, and EPIC. Moreover,
the ESTIMATE algorithm was utilized to calculate the immune score
and stromal score, serving as indicators of the overall microenviron-
mental status.?’ Moreover, we downloaded the IMvigor-210
cohort from existing reference which had undergone immune
checkpoint treatment to generate risk scores. This enabled us to
validate the efficacy of our risk scores in the immunotherapy
cohort.

2.7 | Enrichment analysis

We employed the clusterProfiler package to perform Kyoto
Encyclopedia of Genes and Genomes (KEGG) based on all DEGs,*°
with significant enrichment pathways determined by p-value < .05
and g-value <.05. Furthermore, using FDR<0.05 as the
threshold value, we utilized Gene Set Variation Analysis (GSVA) to

evaluate differences in biological pathways between subtypes.3!

2.8 | Machine learning-derived signature

To facilitate machine learning modeling, we utilized the TCGA-OV
cohort for modeling purposes, with validation being conducted on
GSE18520, GSE19829, GSE26193, GSE30161, GSE63885, and
GSE9891. Each dataset was normalized separately, with the gene

TOXICOLOGY

mean/SD being normalized to 1. Variable screening, which required a
minimum threshold of four variables, was performed using Lasso, Cox-
Boost, random survival forest (RSF), StepCox [both], and StepCox
[backward] in the TCGA-OV cohort.?? Subsequently, a combination of
10 machine learning algorithms (lasso, RSF, GBM, Survival-SVM,
SuperPC, ridge regression, plsRcox, CoxBoost, StepCox, and enet)
were used to create a composite model, with RSF being identified as
the best prognostic model, based on the average C-index within all

cohorts.

2.9 | Statistical analysis

We conducted all statistical analyses using version 4.1.2 of the R soft-
ware. For detailed information regarding the statistical methods
implemented, please refer to the previous sections and cited refer-

ences. We set the level of statistical significance at p < .05.

3 | RESULTS

3.1 |
for OC

Tregs could be considered prognostic marker

We employed the xCell algorithm to predict the Tregs infiltration
scores, utilizing data from the TCGA-OV, GPL96, GPL14951, GPL570,
GPL2986, and GPL7759 cohorts. We classified all samples into either
a high or low Tregs score group based on the best cutoff value of the
scores. Intriguingly, except for the GPL2986 cohort, our findings
revealed a significant association between higher Tregs scores and
poorer overall survival (OS) (Figure 1A). CD8" T cells, a specific subset
of leukocytes, secrete various cytokines involved in immune actions.*®
Hence, we investigated the correlation between FOXP3, a specific
marker of Tregs, and CD8' T cells in TCGA-OV cohort. Our results
indicated that as the expression of FOXP3 increased, CD8" T cells
decreased (Figure 1B). Moreover, the immunofluorescence results
indicated a decrease in Tregs within the primary tumor compared to
the metastasis tumor, with a subsequent increase in CD8™ T cells con-

tent around Tregs (Figure 1C,D).

3.2 | Weighted gene co-expression network
analysis of Tregs

In the subsequent analysis, we conducted WGCNA on the TCGA-OV
and the GPL570 cohorts. We utilized the xCell-calculated Tregs score
as the phenotypic data for WGCNA. For the TCGA-OV cohort, nine
co-expression modules were clustered, and the turquoise color mod-
ule exhibited the strongest positive correlation with the xCell score
(Cor = 0.31, P = 8e—10) (Figure 2A). Similarly, for the GPL570 cohort,
nine co-expression modules were clustered, where the pink color
module demonstrated the strongest positive correlation with the
Tregs score (Cor = 0.15, P = 1e—04) (Figure 2B). Ultimately, seven
shared genes within the turquoise color module and pink color
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FIGURE 1

primary sample

Tregs Infiltration Scores Predict Prognosis and Correlate with CD8™ T Cells in Ovarian Cancer Samples. (A) Kaplan-Meier curves

illustrating the overall survival (OS) of ovarian cancer patients in high and low Tregs score groups, as determined by the xCell algorithm.
Significance was determined using the log-rank test, with p-values indicated on the graph. (B) Scatter plot depicting the negative correlation
between FOXP3 expression and score of CD8+ T cells in the TCGA-QV cohort. (C) Representative images of immunofluorescence staining
showing changes in Tregs and CD8+ T cells from metastasis tumors. (D) Representative images of immunofluorescence staining showing changes
in Tregs and CD8™ T cells from primary tumors.
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module were identified as key Tregs related genes (TRGs) in OC
(Figure 2C). Figure 2D illustrated the chromosomal location of the
aforementioned 7 TRGs (CD24, FHL2, GPM6A, HOXD8, NAP1LS5,
REN, and TOX3).

3.3 | Key TRGs-derived molecular subtypes

The unsupervised classification of OC patients based on the expres-

sion of key TRGs in meta cohorts proved optimal with a K value of

2. We identified two distinct molecular subtypes, with subtype A con-
sisting of 484 cases and subtype B consisting of 487 cases
(Figure 3A). The PCA displayed a relative dispersion between the two
subtypes (Figure 3B). Furthermore, the heatmap exhibited the distri-
bution of clinical features across different subtypes, with most TRGs
being notably over-expressed in subtype A (Figure 3C). To investigate
the underlying cause for their varying prognosis, we conducted GSVA.
Remarkably, subtype B exhibited significant enrichment of pathways
linked to multiple carcinogenesis compared to subtype A (Figure 3D,

E). Additionally, we analyzed mutation profiles of different subtypes
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FIGURE 3 Key Tregs-related genes (TRGs)-derived Molecular Subtypes in Ovarian Cancer. (A) Unsupervised classification of ovarian cancer
(OC) patients based on the expression of key TRGs in meta cohorts, resulting in two distinct molecular subtypes: subtype A (484 cases) and
subtype B (487 cases). (B) Principal component analysis (PCA) displaying relative dispersion between the two subtypes. (C) Heatmap showing the
distribution of clinical features across different subtypes, with the majority of TRGs over-expressed in subtype A. (D, E) Gene Set Variation
Analysis (GSVA) revealing significant enrichment of pathways linked to multiple carcinogenesis in subtype B compared to subtype A. (F) Mutation
profiles of different subtypes, with significantly higher TTN mutations observed in subtype A samples compared with subtype B.
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and observed significantly higher TTN mutations in subtype A samples
compared with subtype B (Figure 3F).

3.4 | Characteristics of immune microenvironment
in TRGs-derived molecular subtypes

Remarkably, subtype B exhibited higher mRNA expression in most
Human leukocyte antigen (HLA) and immune checkpoint-related
mRNA (Figure 4A,B). Furthermore, the ESTIMATE algorithm re-
affirmed that subtype B had a higher immune score (Figure 4C). The
box plot displayed the TME status in various molecular subtypes,
demonstrating significantly upregulated Treg cells in subtype B. This
may help to explain the poor prognosis observed in some patients
with a “hot tumor” status (Figure 4D). In addition, we predicted IC50
values of various common drugs and found that subtype B had better
sensitivity for most of them (Figure 4E). Furthermore, we compared
the differences between the two subtypes and identified 58 DEGs
(Figure 5A). The main enrichment pathways of these genes may be
related to biological processes such as the Wnt signaling pathway
(Figure 5B). These results provide evidence to support the prognosis
of the different subtypes. Using one-way cox regression analysis, we
identified 11 prognostic DEGs (TIMP3, SFRP2, AGR2, FN1, POSTN,
FAP, COL11A1, NDP, COMP, GREM1, TFF3). Patients were catego-
rized according to the expression of these prognostic DEGs, achieving
the best classification with a K value of 3. Ultimately, three different
regulatory clusters were identified (Figure 5C), of which cluster C had
the best prognosis. PCA revealed relative dispersion of the three
molecular clusters (Figure 5D). Interestingly, the heat map showed
that the expression of key TRGs also differed across the different
clusters (Figure 5E).

3.5 | Machine learning-derived Tregs signature

The TCGA-OV cohort was implemented for modeling in the machine
learning model. Validation was performed on the GSE18520,
GSE19829, GSE26193, GSE30161, GSE63885, and GSE9891
cohorts. RSF was identified as the best prognostic model based on
the mean C-index. The model incorporated the 11 previously
identified prognostic DEGs (Figure 6A). To validate the model, we
implemented it in multiple cohorts. Notably, the model better-

differentiated patient survival in most cohorts (Figure 6B-F).

3.6 | Heterogeneity of cohorts distinguished by
Tregs signature

The Sankey plot effectively displayed the relationship between risk
subtypes and molecular subtypes, indicating that there is a higher
risk of death in the high-risk group (Figure 7A). Moreover, molecular
subtypes with poorer prognosis have a higher risk score (Figure 7B,C).

Notably, the proportion of wound healing (C1) subtypes was

TOXICOLOGY

significantly higher in the high-risk subtypes and had a higher risk
score (Figure 7D,E). For immune cell analysis, multiple algorithms were
used simultaneously to estimate immune cell infiltration in various
samples. The heat map revealed that the lowe risk group had a more
active TME (Figure 7F). Moreover, mutated genes based on whole-
exome data were analyzed, and no significant differences were
observed between high- and low-risk patients (Figure 7G). In the
immunotherapy cohort, the RSF model also differentiated survival risk
(Figure 7H), with the risk score higher in the SD/PD group (Figure 7I).

3.7 | Validation of key Tregs-related genes in
clinical samples

In order to better articulate the expression levels of various TRGs in
clinical samples, we conducted an investigation into mMRNA expression
using RNA-seq technology among normal and OC samples. Our find-
ings indicated that of the TRGs examined, only CD24 exhibited high
expression in tumor samples, while GPM6A, HOXDS8, NAP1L5, REN,
and TOX showed elevated expression in normal samples. Conversely,
FHL3 demonstrated no differential expression across various sample
types (Figure 8A). Subsequently, we further explored the protein
expression patterns of these TRGs. Representative results demon-
strated a notable concordance between CD24 and NAP1L5 protein
and mRNA expression trends (Figure 8B). However, there were no
significant differences observed in the expression of GPM6A, TOX,
REN (FHL3, HOXD8 without corresponding IHC samples). In addition,
we analyzed the GSE151214 single-cell dataset across nine clusters
(Figure 8C) to examine the expression of risk score. We found that
epithelial and malignant cells exhibited particularly high-risk score,
suggesting a critical role for TRGs in the development and progression
of OC (Figure 8D). To further confirm our findings, we conducted
gRT-PCR experiments based on clinical samples obtained from our
hospital. Our results confirmed the differential expression of CD24,
REN, TOX3, and GPM6A, while the remaining data for TRGs was sta-
tistically insignificant and therefore not presented (Figure 8E). It is
worth noting that the use of clinical samples from our hospital pro-
vided additional support for the significance of these findings and

reinforces the potential importance of these TRGs in OC.

4 | DISCUSSION

OC is one of the most lethal gynecologic malignancies worldwide,
with a high mortality rate.! The current standard of care for OC
includes surgical debulking followed by chemotherapy. However,
despite advances in treatment, OC remains difficult to treat due to its
heterogeneity and lack of reliable biomarkers for diagnosis and
prognosis.®2 There has been a growing interest in the role of
tumor-infiltrating lymphocytes (TILs) in the pathogenesis of OC, and
various studies have shown that TILs can be used as potential prog-
nostic markers for this disease.>*® Tregs, a subpopulation of CD4* T

cells, are known to play a key role in suppressing immune responses
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FIGURE 4 Immune-related characteristics and drug sensitivity of key Tregs-related genes (TRGs)-derived molecular subtypes in ovarian cancer.
(A) Box plot showing the mRNA expression of most immune checkpoint-related mRNA for different subtypes, with subtype B exhibiting higher
expression in these genes. (B) Box plot showing the mRNA expression of most Human leukocyte antigen (HLA) for different subtypes, with subtype B
exhibiting higher expression in these genes. (C) ESTIMATE algorithm re-affirming the higher immune score for subtype B compared to subtype

A. (D) Box plot demonstrating the differences in tumor microenvironment (TME) status in various molecular subtypes, showing significantly upregulated

Treg cells in subtype B. (E) Predicted IC50 values of various common drugs, with subtype B exhibiting better sensitivity for most of the drugs.
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significant differences in gene expression profiles. (B) Pathway enrichment analysis indicating that the main enrichment pathways of these genes
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molecular clusters. (E) Heatmap demonstrating differences in expression of key TRGs across the three clusters.
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FIGURE 6 Machine Learning-derived Tregs signature for prognosis of ovarian cancer patients. (A) The machine learning model incorporated
the 11 previously identified prognostic DEGs and was trained using the TCGA-OV cohort. Random survival forest (RSF) was identified as the best
prognostic model based on the mean C-index. (B) Validation of the model in multiple cohorts (GSE18520, GSE19829, GSE26193, GSE30161,
GSE63885, and GSE9891), demonstrating that the model better differentiated patient survival in most cohorts.
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and promoting immune tolerance.® Tregs have long been recognized
as potent immunosuppressive cells that regulate immune responses,
and recent studies have shown that Tregs play a role in promoting
tumor growth and metastasis in various types of cancer, including OC
[5; 14; 15].

We identified a potential Tregs-related signature using an integra-
tive bioinformatics approach. Firstly, we found that several Tregs-
related genes were differentially expressed between OC tissues and
normal tissues. We also found that the expression of these genes was
associated with patient survival, suggesting that these genes may be
useful prognostic markers for OC. Moreover, the expression of
FOXP3 increased, CD8" T cells decreased. The results indicated a
decrease in Tregs within the primary tumor compared to the metasta-
sis tumor, with a subsequent increase in CD8" T cells content around
Tregs. These findings are consistent with previous studies that have
shown a correlation between TILs and patient prognosis in OC.*%

The increasing prevalence of machine learning techniques for pre-
dicting patient survival can be attributed to several reasons. These
methods have gained prominence due to their ability to handle com-
plex and high-dimensional data, which is often encountered in health-
care settings. By employing advanced algorithms, machine learning
models can effectively extract meaningful patterns and relationships
from diverse datasets comprising clinical, genomic, and other patient-
specific information. Hence, we used machine learning to develop a
prognostic model based on the Tregs-related signature. The model
incorporated 11 previously identified prognostic DEGs and was vali-
dated in multiple cohorts. We found that the model better differenti-
ated patient survival in most cohorts, suggesting that it may serve as a
reliable prognostic marker for OC. CD24, FHL2, GPM6A, HOXDS,
NAP1L5, REN, and TOX3 are seven Tregs-related genes (TRGs) that
have been identified as potential prognostic markers for various types
of cancer. Clinicians can use the signature to assess the likelihood of
disease progression, recurrence, or response to specific treatments.
This information can aid in determining appropriate follow-up inter-
vals, monitoring disease response, and facilitating early intervention if
necessary. CD24 is a cell surface glycoprotein that has been impli-
cated in various biological processes, including cell adhesion, migra-
tion, and differentiation.®* High levels of CD24 expression have been
associated with poor prognosis in several types of cancer, including
breast cancer, pancreatic cancer, and colorectal cancer (CRC).34 FHL2
is a member of the four-and-a-half LIM domain protein family that
plays a role in regulating gene expression and cell proliferation.>> On
the one hand, FHL2 functions as a tumor suppressor by down-
regulating in tumor tissue and impeding cell proliferation to inhibit
tumor growth. On the other hand, FHL2 serves as an oncoprotein by
up-regulating in tumor tissue and binding to various transcription fac-
tors to suppress cell apoptosis, promote cell proliferation and migra-
tion, and facilitate tumor progression.®> GPM6A is a glycoprotein that
is involved in regulating cell adhesion and migration.3® HOXDS is a
homeobox transcription factor that plays a role in regulating embry-
onic development and cell differentiation, and overexpression of
HOXD8 inhibits tumor growth both in vitro and in vivo by suppressing
AKT and mTOR phosphorylation and inducing apoptosis.®” Another
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study demonstrated that stable expression of HOXD8 inhibits cell
proliferation, anchorage-independent growth, and invasion, and can
induce apoptotic events in CRC cells by upregulating executioner cas-
pases 6 and 7 and cleaved PARP.3® NAP1L5 is a nucleosome assembly
protein that is involved in regulating chromatin structure and gene
expression.?® The study by Zhao and colleagues examined the func-
tion of NAP1L5 in hepatocellular carcinoma (HCC), and low expres-
sion of NAP1L5 was found in HCC, and its downregulation was
associated with shorter survival and disease-free survival.®* In addi-
tion, the study found that NAP1L5 inhibits the PI3K/AKT/mTOR sig-
naling pathway in HCC by regulating MYH9, suggesting that NAP1L5
may be a potential target.®? REN is a renal peptide hormone that plays
a role in regulating blood pressure and fluid balance.2¢ TOX3 is a tran-
scription factor that plays a role in regulating gene expression and cell
proliferation.*® Yang et al. investigated the expression and role of
TOX high mobility group box family member 3 in CRC.** Notably, the
authors found that messenger RNA and protein expression levels of
TOX3 were markedly upregulated in CRC tissues and cell lines. High
TOX3 expression was associated with high T stage, nodal invasion,
and advanced tumor stage.*?

Importantly, the Sankey plot revealed a higher risk of death in the
high-risk group and a correlation between molecular subtypes with
poorer prognosis and a higher risk score, supporting the prognostic
relevance of the Tregs-related signature. These findings are consistent
with previous studies that have shown the prognostic value of molec-
ular subtyping in OC.2842 The results of this study suggest that Tregs
and their related genes may play a critical role in OC progression and
prognosis. The identification of a Tregs-related signature that can be
used as a prognostic marker for OC has important clinical implications,
as it may enable clinicians to identify patients at high risk of recur-
rence or poor survival outcomes and tailor treatment accordingly.

One limitation of this study is that it relied on bioinformatics analysis
and machine learning algorithms, which may be subject to bias. We rec-
ognize that patient demographics can vary across different cohorts and
geographic regions. Factors such as age, gender, ethnicity, and socioeco-
nomic status may influence disease presentation, progression, and treat-
ment outcomes. While our study includes a diverse multicenter cohort,
we acknowledge that there might be inherent biases due to these demo-
graphic differences. Therefore, future studies should validate the prog-
nostic value of the Tregs-related signature using experimental methods,
such as flow cytometry, to confirm the expression levels of TILs and their
related genes in OC tissues. Another limitation is that this study focused
on public cohorts of patients with OC. Future studies should investigate
the prognostic value of the Tregs-related signature in larger and more
diverse patient populations to determine its applicability across different
subtypes of OC.

5 | CONCLUSIONS

In conclusion, the results of this study provide compelling evidence
that a Tregs-related signature can serve as a reliable prognostic

marker for OC. These findings have important implications for the
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development of personalized treatment strategies for patients with
OC and may enable clinicians to identify patients at high risk of recur-
rence or poor survival outcomes. Further research is needed to vali-
date these findings and determine the clinical utility of Tregs-related

gene signatures in OC prognosis and treatment.
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