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A B S T R A C T

Introduction: A deadly gynecological cancer, ovarian cancer (OV), has a poor prognosis because of 
late-stage diagnosis and few targeted therapies. Addressing the tumor microenvironment (TME) 
in solid tumors has shown promise since it is crucial in promoting cancer progression.
Methods: We obtained bulk RNA-seq data from TCGA-OV, GSE26712, GSE102073, and ICGC 
cohorts, as well as scRNA-seq data from EMTAB8107, GSE118828, GSE130000, and GSE154600 
cohorts using the TISCH2 database. The ConsensusClusterPlus package was used to cluster the OV 
tumor tissues hierarchically to determine two molecularly different groups (C1 and C2). A total of 
ten different types of machine learning techniques with 101 combinations were used for prog
nostic model construction. Using eight TME algorithms integrated into the IOBR R package, the 
bulk RNA-seq dataset was analyzed. For in vitro experiments, OVCAR3 and SKOV3, two OV cell 
lines, were used. The migratory potential of the ovarian cancer cells was assessed using Transwell 
assay, while proliferation was assessed using CCK8 assay.
Results: Based on TME-related gene set expression, two distinct molecular subgroups (C1 and C2) 
were identified through consensus clustering, with C1 showing higher TME activity. Further 
analysis indicated that C1 had increased cancer-associated fibroblasts (CAFs), M1 macrophages, 
and CD8+ T cells, suggesting a more activated and pro-inflammatory TME. Drug sensitivity 
analysis revealed that 5-Fluorouracil might be beneficial to C1 patients. Functional differences 
between C1 and C2 were identified, including cell adhesion, mononuclear cell differentiation, and 
leukocyte migration. A machine learning model was developed to create a TME-related prog
nostic signature, demonstrating strong prognostic capabilities across multiple datasets. High-risk 
patients showed a more immune-suppressive TME and higher tumor stemness. ScRNA-seq dis
closed a highly activated TME-related signature in OV. Cancer cell lines had significantly higher 
SH2D1A mRNA expression than normal ovarian epithelial cells. We observed that SH2D1A 
knockdown in 2 ovarian cancer cell lines (OVCAR3 and SKOV3) reduced migration and prolif
eration through a series of in-vitro experiments.
Conclusion: TME-associated genes were efficient in ovarian cancer molecular subtyping. A TME- 
based prognosis model was constructed for vigorous prognostic stratification efficacy across 
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multiple datasets. Moreover, we identified a pivotal role of SH2D1A in promoting proliferation 
and migration in ovarian cancer.

1. Introduction

Global Cancer Statistics states that over 200,000 patients globally lost their lives to ovarian cancer (OV) [1]. OV is considered one of 
the deadliest gynecological malignancies. Due to a lack of distinguishing signs and symptoms, most patients get diagnosed during 
advanced stages, reducing survival rates [2,3]. The late-stage diagnosis and limited accuracy in early detection pose significant 
challenges. The overall five-year survival rate for ovarian cancer remains unsatisfactory despite significant advancements in treatment 
approaches such as surgery, radiation therapy, and chemotherapy [4–6]. However, the availability of suitable targeted therapies is still 
limited. It is urgent to investigate the molecular pathways and identify potential targets to improve the ovarian cancer diagnosis and 
treatment approach. It will ultimately improve patient outcomes and survival rates.

The tumor microenvironment (TME), which includes signaling molecules, extracellular matrix, tumor cells, and non-cancerous 
cells, is vital in driving cancer cell progression [7]. TME genes play a role through various pathways in the proliferation, survival, 
and immune evasion of tumor cells in multiple cancers, including breast, ovarian, lung, colorectal, prostate, and pancreatic cancers. 
Among these, TME genes regulate the secretion of cytokines that support tumor cell survival and proliferation, enhancing the 
aggressiveness of tumors. Additionally, interactions between ovarian cancer cells and surrounding stromal cells alter tumor behavior, 
including resistance to chemotherapy. TME genes are essential for the initiation, progression, and metastasis of multiple cancers, 
involving various aspects of cell progression, such as immune modulation, stromal interaction, angiogenesis, and extracellular matrix 
remodeling. Targeting the TME has become a more viable treatment option for solid tumors in recent years [8,9]. The landscape of 
cancer treatment has changed due to the development of immune checkpoint inhibitors (ICIs), which target pathways such as 
PD-1/PD-L1 and CTLA-4 [10–12]. Clinical trials employing ICIs as monotherapy or in combination with chemotherapy have not shown 
significant survival benefits in the case of ovarian cancer. This could be attributed to the complex and highly immunosuppressive 
nature of the OV TME. To overcome these obstacles, a deeper understanding of the relationships between OV tumor cells and their 
milieu is needed. Thus, further characterization and exploration of the OV TME may be key to improving therapeutic outcomes in OV 
patients. Muti-omics analysis and novel machine-learning approaches are useful in improving prognosis and untangling the intricate 
TME of multiple types of solid tumors [13–15]. Hence, we aimed to explore TME’s role in ovarian cancer using computational analysis 
methods.

In this study, 4 TME-related gene sets were analyzed, revealing a heterogeneous expression pattern in the TME of ovarian cancer. 
Consensus clustering identified two distinct molecular subgroups (C1 and C2) based on TME scores, with C1 exhibiting higher TME 
activity. The immune infiltration study’s findings showed that C1’s TME was more active and pro-inflammatory than C2’s, with C1 
having more Cancer-associated fibroblasts (CAFs), M1 macrophages, and CD8+ T cells. Drug sensitivity analysis revealed that C2 
patients had a superior response to many drugs, while C1 patients may benefit more from 5-Fluorouracil. Functional differences were 
identified between C1 and C2, including cell adhesion, mononuclear cell differentiation, and leukocyte migration. The development of 
a TME-related prognostic signature by machine learning showed good prognostic ability across multiple datasets. High-risk patients 
had a more immune-suppressive TME and higher tumor stemness. Single-cell analysis identified different cell types and their asso
ciated gene expression patterns in the TME [16]. Comparing normal ovarian epithelial cells to cancer cell lines, the mRNA expression 
of SH2D1A was significantly higher. In vitro experiments on 2 ovarian cancer cell lines (OVCAR3 and SKOV3) showed decreased 
migration and proliferation with SH2D1A knockdown. Overall, the study provided insights into the TME in ovarian cancer, high
lighting potential therapeutic strategies and prognostic markers. Moreover, we identified a pivotal role of SH2D1A in promoting 
proliferation and migration in ovarian cancer.

2. Methods

2.1. Sequencing data collection and processing

We enrolled bulk RNA-seq data of OV cancer patients from the TCGA-OV cohort (https://portal.gdc.cancer.gov/) using the TCGA 
bio links R package, GSE26712 (https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE26712) and GSE102073 (https://www. 
ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE102073) using the GEO query R package, and the ICGC cohort from the ICGC (https:// 
dcc.icgc.org/) database. The normal ovarian tissue data was collected from the GTEx (https://www.gtexportal.org/home/downloads/ 
adult-gtex/overview) database. Regarding scRNA-seq analysis, we enrolled the OV samples from the EMTAB8107 (https://www.ebi. 
ac.uk/biostudies/arrayexpress/studies/E-MTAB-8107), GSE118828 (https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi? 
acc=GSE118828), GSE130000 (https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE130000), and GSE154600 (https:// 
www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE154600) cohorts using the TISCH2 database. Data set integration was carried 
out using the ComBat functions of Sva packages. All data are organized into bulk matrices in TPM format. The TISCH database was used 
for annotation purposes. Differential gene expression and enrichment pathways of cell subsets were analyzed using the SCP R package. 
The data employed in this study were exclusively sourced from openly accessible databases, which permit unrestricted downloading 
and utilization, thereby necessitating no additional ethical approval.
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2.2. Collection of TME gene set

Four TME-related gene sets, TMEscoreA_CIR, TMEscoreB_CIR, TMEscoreA_plus, and TMEscoreB_ plus, were found using the 
signature collection function of the IOBR package.

2.3. Consensus clustering analysis

The unsupervised clustering ConsensusClusterPlus package was used to cluster the OV tumor tissues hierarchically to find two 
significantly different groups (C1 and C2). PAC scores, CDF curves, and the consensus score matrix were used to determine the optimal 
number of clusters during the clustering procedure, which was carried out with particular parameters and repetitions.

2.4. Cancer cell stemness analysis

Stemness index evaluation (mRNAsi), which evaluates stem cell gene expression characteristics, was used to evaluate the potential 
tumor stemness in OV patients. The training dataset includes human stem cell data recruited from the Progenitor Cell Biology Con
sortium (PCBC) (https://www.synapse.org).

2.5. Machine learning-based model construction

A total of ten different types of machine learning techniques with 101 combinations were used in this study: Elastic net (Enet), 
Ridge, Lasso, supervised principal components (SuperPC), generalized boosted regression modeling (GBM), random survival forest 
(RSF), CoxBoost, stepwise Cox regression, and survival support vector machine (survival-SVM). Harrell’s concordance index (C-index) 
was used to assess a model’s performance in each dataset; the model with the highest average C-index was selected as the best 
prognostic model.

2.6. Intratumor immune characterization and drug sensitivity analysis

The TISIDB database (http://cis.hku.hk/TISIDB/) was used to extract information on 150 immunomodulators and chemokines. 
Among these were 41 chemokines, 24 immuno-inhibitors, 46 immuno-stimulators, 21 MHCs, and 18 receptors. To analyze the immune 
cell infiltration, the bulk RNA-seq dataset was processed using eight TME analysis algorithms: TIMER, CIBERSORT, EPIC, xCell, ES
TIMATE, quanTIseq, MCPcounter, and IPS. These algorithms are integrated into the IOBR R package (https://github.com/IOBR/ 
IOBR). The oncoPredict R package was used to predict drug sensitivity.

2.7. Cell culture

The IOSE80 human ovarian epithelial cell line and the OVCAR3 and SKOV3 ovarian cancer cell lines were acquired from the 
Shanghai Bank of Cells, part of the Chinese Academy of Science. These cells were grown in DMEM/high glucose medium at 37 ◦C in a 5 
% CO2 environment with a 10 % fetal bovine serum (FBS) supplement.

2.8. Real-time quantitative PCR (RT-qPCR) analysis

The PCR analysis was conducted as previously described [16,17]. Using Trizol reagent (Invitrogen, USA), total RNA was extracted 
from OVCAR3, SKOV3, and IOSE80 cells. The Mir-X™ miRNA qRT-PCR SYBR® Kit (Takara, Japan) was used to synthesize cDNA in 
compliance with the manufacturer’s instructions. The primers of SH2D1A used for mRNA expression analysis were AGGCGTG
TACTGCCTATGTG (forward) and TGCAGAGGTATTACAATGCCTTG (reverse), which was normalized to actin (forward primer: 
GCCATCTCTTGCTCGAAGTCCAG; reverse primer: ATGTTTGAGACCTTCAACACCCC). Relative gene expression levels were deter
mined using the 2-ΔΔCt method.

2.9. Transwell analysis

The migratory potential of OV cells was assessed using the Transwell assay. An 8 μm pore size transwell insert’s upper chamber was 
seeded with cells at a density of 5 × 104 (Corning, USA). The chamber was maintained at 37 ◦C for 2 h to promote cell adhesion. The 
cells were cultured for 24 h, then fixed with 4 % paraformaldehyde and stained using 1 % crystal violet.

2.10. Cell counting kit-8 (CCK8) assay

After being seeded into a 96-well plate, transfected OV cells were treated as described. The culture medium was incubated for 1 h at 
predefined intervals with 10 L of WST-8 solution (Beyotime Biotech, China). At 450 nm, the cells’ absorbance was determined.
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2.11. Statistical analysis

For the data processing, statistical analysis, and visualisation in this study, R 4.1.3 software was used. The Pearson correlation 
coefficient was used to assess the correlation between continuous variables. The study utilized the survival package to conduct Cox and 
Kaplan-Meier regression analyses to evaluate the association between predictor variables and survival outcomes. These statistical 
methods provided valuable insights into the associations and prognostic implications of the variables investigated in this study. A 
statistically significant p-value is defined as p < 0.05.

Fig. 1. Expression profiles of TME-related signatures in OV. The expression patterns of four TME-related signatures: (a) TMEscoreA_CIR, (b) 
TMEscoreA_plus, (c) TMEscoreB_CIR, and (d) TMEscoreB_plus.
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3. Results

3.1. Expression profiles of TME-related signatures in OV

To characterize the TME associated phenotypes in the OV cancer, a total of four TME-related gene sets were enrolled. Fig. 1a–d 
shows all of the TME-related gene’s expression patterns. A unanimous elevation of TME-related gene expression could be observed in 
the TME score A and TME score plus set. However, an opposed expression pattern was found in the TME score B set, suggesting a high 
intratumor heterogeneity in the OV cancer TME.

Fig. 2. Distinct TME landscapes in different molecular subclusters of OV patients. (a) The variation in GSVA scores for each TME-related signature 
between the two TME subclusters (b) The forest plot, which is a product of Univariate Cox regression analysis, shows each TME-related signature’s 
hazard ratio. (c) The OV samples’ consensus score matrix in TCGA-OV with k = 2 as the clustering number. The consensus score shows the degree of 
interaction between the two samples. (d) The CDF curves of the consensus matrix, and (e) the PAC scores for each k-value. (f) Boxplots in the two 
TME subclusters show the distribution of GSVA scores for each TME-related signature. (g) Kaplan-Meier curves were analyzed, and the survival 
disparities between the two TME subclusters were assessed using the log-rank test (h). Plots with stacked bars show the age and stage distributions 
among the TME subclusters. Chi-squared tests were used to get P values.
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3.2. Distinct TME landscapes in different molecular subclusters of OV patients

We used the GSVA package to score the four TME-related gene sets in the TCGA-OV data set (Fig. 2a). The forest plot analysis 
showed that TME score A showed the highest hazard ratio (Fig. 2b). According to the score, unsupervised consensus clustering was 
used to cluster the OV tumor tissues hierarchically to find two significantly different molecular subgroups (C1 and C2, Fig. 2c–e). Given 
the highest hazard ratio of TME score A, we calculated TME score A for further analysis. C1 displayed an overall elevation in the TME 
score A and TME score A plus value, compared to C2, suggesting the C1 group of OV samples was found with higher TME activity 
(Fig. 2f). However, the overall clinical outcomes of the C1 and C2 clusters did not show any significant differences (Fig. 2g). The C1 
group was characterized by a higher proportion of the younger population of OV patients (Fig. 2h). The clinical staging study revealed 
no significant differences between the C1 and C2 groups.

Fig. 3. The C2 TME subcluster shapes a cold-TME in OV. (a) The level of immune cell subset infiltration in the two TME subclusters was measured 
using CIBERSORT, MCP-counter, quanTIseq, EPIC, and TIMER (b) For each of the two TME subclusters, the immunoregulator expression profiles 
were analyzed.
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3.3. The C2 TME subcluster shapes a cold-TME in OV

To delineate the association between the immune microenvironment and TME of OV cancer, we implemented a series of ap
proaches to characterize the extent of immune infiltration within the OV cancer. M0 and M1 subtypes of macrophages displayed a 
significantly higher degree of abundance in the C1 subcluster of the OV cancer (Fig. 3a). Consistently, the CD8+ T cells had elevated 
abundance in the C1 subgroup, suggesting a relatively activated and pro-inflammatory TME in the C1 group. A similar infiltration 
pattern was found using the MCPcounter and quanTIseq algorithm. Intriguingly, CAFs, regularly deemed one of tumor tumor- 
facilitating TMEcell groups, were also found to have higher abundances in the C1 group. Moreover, a concurrent expression 
pattern was found in the chemokine expression levels within the C1 subgroup, probably accounting for the marked elevation in a 
plethora of intratumor immune cells (Fig. 3b). However, most immune inhibitors, except for IL-10R and KDR, were highly expressed in 
the C1 subgroup. These results might be attributed to the overall higher number of infiltrated immune cells and/or higher abundance 
of CAFs in C1. In contrast, a cold TME was identified in C2 OV samples, given lower expression of generally all immune-associated 
marker genes.

3.4. Drug sensitivity difference between the two TME subclusters

Drug sensitivity analysis in the two TME subclusters showed that the C2 group of OV patients was featured with significantly lower 
IC50 values of Axitinib, Sorafenib, and Vinblastine, suggesting an overall superior response to these drugs for the C2 group of OV 
patients (Fig. 4a). On the other hand, C1 group of OV patients may be more beneficial from 5-Fluorouracil. The immune phenotype 

Fig. 4. Drug sensitivity between the two TME subclusters. (a) An illustration of the estimated IC50 values for chemotherapeutic drugs in each of the 
two TME subclusters using a violin plot. (b) A raincloud plot that compares the two TME subclusters’ IPS scores.
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score (IPS) analysis showed a higher expression of CTLA4 and PD-1 in the C1 group (Fig. 4b).

3.5. Identification of functional differences between the two TME subclusters

DEGs between C2 and C1 were found using the Limma package and subsequently subjected to enrichment analysis (Fig. 5a). The 
functional difference between C2 and C1 was mainly found in cell adhesion, mononuclear cell differentiation, and leukocyte migration 
(Fig. 5b), highly consistent with the elevated abundance of M1 macrophages in the C1 group. GSEA was implemented to identify the 
differentially activated pathways between C2 and C1. TNF signaling was prominently enriched in the C1 subgroup, suggesting an 
ongoing cytotoxic activity of C1 OV samples (Fig. 5c). In contrast, mTOR signaling was highly activated in the C2 subgroup, along with 
notch and TGF-β signaling, presumably exerting immune suppression effects. Because the C2 group had more significantly upregulated 
DEGs and cold-TME characteristics, WGCNA was used to perform coexpression analysis on the TCGA-OV data set, and three modules 
significantly related to C2 were found (Fig. 6a–d). Through functional analysis of the interested genes in the 3 mentioned clusters, we 
found consistent results that C2 was featured with immune response regulatory pathways (Fig. 6e), further suggesting a cold TME 
within the C2 group of OV samples.

3.6. Machine learning-based TME-related prognostic signature construction

In order to optimize the TME-related prognostic signature construction for OV patients, we combined 10 machine learning methods 
to select the best algorithm combination in the training set (TCGA-OV) and the test set (2 GEO datasets and 1 ICGC dataset). Stepcox 
[backward] and RSF had the best prognostic ability (Fig. 7a). The hub genes for prognostic model construction and the corresponding 
coefficient have been shown in Fig. 7b. CD40LG was identified with the lowest coefficient, suggesting a protective role of CD40LG in 
OV. In a total of 4 cohorts, including the training set (TCGA-OV) and the test set (2 GEO datasets and 1 ICGC dataset), our TME 
prognostic model displayed a satisfactory prognosis stratification efficacy across all datasets, featured an AUC value close to 0.8 at 
different time points (Fig. 7c and d).

Fig. 5. DEGs between the two TME subclusters. (a) The Volcano plot that compares the two TME subclusters reveals the elevated genes (colored in 
red) and downregulated (colored in blue). (b) Displayed are the hub genes’ top ten enriched GO keywords. (c) GSEA data shows the downregulated 
pathways on the right panel and the upregulated pathways on the left for the C2 TME subcluster.
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3.7. Detailed functional landscaping between 2 risk groups of OV patients

In the high-risk group, the total macrophage infiltration was higher, while the M1 macrophages featured with pro-inflammatory 
characteristics were significantly lower (Fig. 8a). The expression difference of the M2 marker was addressed, showing upregulated 
expression of IL-10, TGF-β, and CXCR2,4 expression in a high-risk group (Fig. 8b). The T cell exhaustion markers LAG3, PDCD1, and 
HAVCR2 were strongly elevated in the high-risk OV patients (Fig. 8c), indicating a general immune-suppressive TME in the high-risk 
group. Moreover, the mRNAs index indicated the general tumor stemness was higher in a high-risk group (Fig. 8d). To provide 
treatment guidelines for OV patients of different risk values, we observed lower IC50 values in the Dactinomycin, Docetaxel, Dac
tolisib, and Eg5 in the low-risk group (Fig. 9a). In contrast, high-risk patients might receive a better response from Dasatinib. The IPS 
analysis is presented in Fig. 9b. Moreover, the high-risk group, characterized by inferior clinical outcomes, was enriched with EMT and 
hypoxia pathways (Fig. 10).

Fig. 6. WGCNA identifies C2-related modules and hub genes inside. (a) Network topology studies across various power levels demonstrate the 
impacts of a soft-threshold power of 3. The right panel shows how power affects mean connectivity, while the scale-free topology fit index is shown 
in the left panel. (b) The dendrogram shows the grouping of coexpression modules. Every hue represents a coexpression module. (c) A heatmap 
illustrating the correlation between module eigengenes and clinical traits (d) The relationship between module membership and the relevance of 
genes in each of the three modules. For that module, the hub genes were those with colored dots and MM > 0.6 and GS > 0.3. (e) The top ten 
enriched GO terms for the hub gene.
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3.8. Identification of highly activated TME-related signature in OV

All cells qualified were de-batched and subjected to dimensionality reduction (Fig. 11a). We identified 12 main cell categories 
(Fig. 11b) using the maker genes presented in Fig. 11c [18]. The up-and-down-regulated genes for each cell group are determined using 
the SCP pipeline. Compared to identified fibroblasts, activated CAFs had a prominent expression of PDGFRB, SOD3, and PLN 
(Fig. 11d). The CAFs were found with high extracellular matrix (ECM) formation activity. CD8 T cells were identified as the main cell 
type, carting out the cytotoxicity towards malignant cells, while macrophages and plasma cells displayed little effect (Fig. 11e). Results 
from the single-cell analysis of signature gene expression showed that positive TME activity was present in a significant proportion of 
malignant and CD8 T cells (Fig. 11f).

Fig. 7. Machine learning-based TME-related prognostic signature construction. (a) 101 distinct prediction models were developed using TCGA-OV 
data and validated across three additional cohorts. The average of the C-index across all datasets was used to rank the model. (b): A Lollipop chart 
displaying the signature gene coefficients ascertained through stepwise Cox regression and RSF. Figure (c): Variations in survival between two 
groups across the four datasets. (d) shows the model’s time-dependent ROC analysis across the four datasets.
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3.9. SH2D1A knockdown contributed to reduced migration and proliferation of OV cancer cell lines

Given that SH2D1A ranked as the top hub gene with the highest coefficient value, we asked whether the loss of SH2D1A could exert 
a certain influence on OV cancer progression. Using RT-qPCR, we first assessed the mRNA expression of SH2D1A in the human ovarian 
epithelial cell line IOSE80 and the ovarian cancer cell lines OVCAR3 and SKOV3. The results showed that the levels of SH2D1A mRNA 
in the cancer cell lines were much higher than those in the normal cell line, indicating a potential role in the disease (Fig. 12a). We used 
siRNA to conduct knockdown experiments in the OVCAR3 and SKOV3 cell lines to investigate the function of SH2D1A in ovarian 
cancer cells (Fig. 12b). The effect of SH2D1A knockdown on the rate of proliferation of the OVCAR3 and SKOV3 cell lines was then 
examined. In comparison to control cells, we observed a significant drop in cell growth at various stages of the cell culture (Fig. 12c). 
We observed the reduced migratory potential of OVCAR3 and SKOV3 cells with SH2D1A knockdown, reflected by down-regulated 
transmembrane OV cancer cells (Fig. 12d). This finding suggests that SH2D1A is necessary for ovarian cancer cells to migrate and 
proliferate.

4. Discussion

This study used computational analysis to explore the role of TME in ovarian cancer. Four TME-related gene sets were analyzed, 
revealing heterogeneous TME expression patterns. Consensus clustering identified two molecular subgroups with distinct TME ac
tivity. The high TME activity subgroup had increased immune infiltration and pro-inflammatory markers. Drug sensitivity analysis 
showed different responses between subgroups. Functional differences were detected, resulting in the development of a TME-related 
prognostic signature. Higher tumor stemness and an immune-suppressive TME were present in high-risk patients.

The C1 group of OV samples was observed with higher TME activity, reflected by an increased abundance of M1 macrophages and 
CD8+ T cells. The infiltration of cytotoxic tumor-infiltrating lymphocytes is considered a positive prognostic biomarker, specifically 
within the tumor epithelium rather than stromal areas. A compilation of ten studies involving 1815 OV patients reveals that a defi
ciency of intraepithelial cytotoxic TILs is significantly linked to poorer survival outcomes, with a hazard ratio of 2.24 with a 95 % 
confidence interval ranging from 1.71 to 2.91 [19]. Improved survival was observed in advanced-stage ovarian cancer patients with 
higher levels of CD8(+)/FoxP3(+) ratios in tumor tissue, as well as increased CD45R0(+), FoxP3(+), or CD8(+) cytotoxic 

Fig. 8. TME phenotypes between risk groups. (a) In the box plot, we can see how the two risk groups distribute, according to CIBERSORT, 22 
different subsets of immune cells. (b) The expression levels of M2 polarization regulators are contrasted between the two risk groups using the box 
plot. (c) The TEXterm features’ expression levels between the two risk groups are shown in another box plot. (d) The mRNAsi index disparities 
between the two risk groups are shown by a violin plot.
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T-lymphocytes in the tumor. A better prognosis was also associated with higher CD45R0(+) memory T-lymphocyte levels in omental 
metastases [20]. The study’s results show that T-lymphocytes in ovarian cancer’s primary and metastatic sites improve patient out
comes, particularly in cases of advanced-stage disease. In terms of M1 macrophages, the low-risk group of OV patients and the C1 
cluster both showed increased M1 infiltration and a superior prognosis. A high TME ratio of M1 to M2 macrophages is consistently 
associated with improved survival in patients with ovarian cancer [21]. M1 was widely considered to exert antitumor effects by 
triggering inflammation within the OV tumors. Thus, many studies were conducted to re-educate M2 into M1 macrophages. TLR 7/8 
agonists can potentially repolarize macrophages from an M2 to an M1 state. However, these agonists have limitations, such as 
off-target effects and poor pharmacokinetic profiles. One of the TLR 7/8 agonists, resiquimod, was loaded into large, anionic liposomes 
[22]. In murine ovarian cancer models, intraperitoneal administration of these liposomes successfully targeted and repolarized TAMs 
into the M1 state. Another approach involves targeting specific signaling pathways in ovarian cancer progression and chemoresistance. 
These processes depend on the NF-kβ signaling pathway, which is regulated by STAT6 and IKKβ. Macrophages can be repolarized from 
M2-to-M1 both in vivo and in vitro by delivering a STAT6 inhibitor and IKKβ siRNA via a pH-sensitive micellular compound [23].

These findings highlight the potential of utilizing TLR 7/8 agonists in liposomal formulations and targeted inhibition of key 
signaling pathways to promote macrophage repolarization towards an M1 state. This strategy could have significant implications in 
developing immunotherapies for improving outcomes in ovarian cancer.

The high expression of T cell exhaustion markers, LAG3, PDCD1, and HAVCR2, in high-risk ovarian cancer patients indicates an 
immune-suppressive TME in this group. Improved progression-free survival in ovarian cancer has been linked to immune infiltration 
by CD8+ cytotoxic T cells; recent research suggests that a significant portion of these cells express co-inhibitory molecules, indicating a 
functionally exhausted state. Poor clinical outcomes and functional exhaustion are associated with the presence of double-positive 

Fig. 9. Therapeutic sensitivity between two risk groups. (a) The violin plot illustrates the distribution of estimated IC50 values for therapeutic 
agents across the two risk groups. (b) The raincloud plot demonstrates the differences in IPS scores between the two risk groups.
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CD8+ T cells expressing PD-1 and TIM-3 in high-grade serous ovarian cancer (HGSCs). PD-L1 and TIM-3 are prognostic biomarkers for 
suppressed immune responses against HGSC [24]. Coexpression of LAG3 and PD1 on T cells invading murine ovarian tumors suggests 
that these molecules are involved in tumor evasion. Through genetic knockout or antibody blockade, inhibiting both LAG3 and PD1 
improved T effector function and delayed the growth of tumors. Additionally, it was found that LAG3 is associated with SHP1/2, which 
PD1 recruits during T-cell signaling. These results show that the association between LAG3 and PD1 facilitates their trafficking into the 
OV tumor, which has a mutually synergistic inhibitory effect on T-cell signaling [25]. A higher abundance of CD8+ T cells in OV cancer 
cells was associated with a higher proportion of mesenchymal cancer cells. LGALS3, associated with EMT, was highly expressed in 
tumors with EMT phenotypes. Further examination of the tumor microenvironment showed that mesenchymal cancer cells interact 
with CD8+ T cells via the receptor LAG3, a marker of T cell exhaustion. These findings suggest that EMT in ovarian cancer cells may 
facilitate interactions between cancer cells and T cells, leading to T cell exhaustion and a diminished immune response to tumors [26]. 
Using clinical and RNA sequencing expression data, a cohort of 371 OV patients showed that a higher proportion of SPP1 + Tex cells 
was linked to a poor prognosis. The researchers confirmed that ovarian cancer cells expressed more SPP1 than normal ovarian cells and 
that suppressing SPP1 promoted apoptosis [27] in tumor cells. Poor survival in HGSC patients was correlated with a novel subpop
ulation of CD8+ Tex cells that had high expression of TNFRSF1B. Further experiments confirmed that TNFRSF1B upregulation on CD8+

T cells inhibited interferon-γ secretion and was closely correlated with the clinical malignancy of ovarian cancer. Blocking TNFRSF1B 
also reduced tumor growth and altered the immune microenvironment in a mouse model of ovarian cancer [28]. These findings shed 
light on potential immune dysfunction mechanisms in ovarian cancer. CD8+ T cells in ovarian cancer can become functionally 
exhausted, leading to poor disease outcomes. Understanding how co-inhibitory molecules function to attenuate CTL-mediated anti
tumor immunity could result in the development of novel therapeutic strategies to combat immune exhaustion and enhance the 
effectiveness of immunotherapies in OV patients.

We found that SH2D1A is a hub gene associated with TMEs in our study, and machine learning analysis gave it the highest co
efficient. In the activation of immune cells, SH2D1A is known to play a vital role. Elevated SH2D1A expression in hepatocellular 
carcinoma (HCC) promoted cell invasion, migration, and proliferation. The Nf-κB signaling pathway was activated, as evidenced by the 
correlation between this effect and elevated levels of BCL2A1 and p-Nf-κB proteins. SH2D1A expression in HCC was found to be 
associated with several features of the immune microenvironment. These features include the presence of immune cells, including T 
cells, B cells, and CD8+ T cells, as well as stromal, ESTIMATE, and immunological scores. Moreover, the expression levels of immune 
cell markers PDCD1, CD8A, and CTLA4 were found to be correlated with the expression of SH2D1A [29]. SH2D1A protein has been 
found in Burkitt lymphoma (BL) lines that carry EBV and have a germinal center phenotype. EBV-negative BL lines and those with an 

Fig. 10. Dysregulated cancer hallmarks between two risk groups.
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immunoblastic phenotype were SH2D1A-negative [30,31]. However, there is no evidence available to link SH2D1A with OV carci
nogenesis. In accordance with our results, these findings suggest that SH2D1A may provide insights into its involvement in OV tumor 
growth and metastasis, potentially by modulating the immune microenvironment. We found that in two ovarian cancer cell lines 
(OVCAR3 and SKOV3), SH2D1A knockdown decreased migration and proliferation through a series of in vitro experiments. Cancer cell 
lines had significantly higher SH2D1A mRNA expression than normal ovarian epithelial cells. Knockdown of SH2D1A reduced cell 
growth and impaired migratory potential. These findings indicate the important role of SH2D1A in promoting proliferation and 
migration in ovarian cancer. The results of this study are primarily based on computational analysis and in vitro experiments, lacking 
large-scale clinical validation. As a result, further confirmation is still needed to determine the data’s safety and efficacy in clinical 
applications. Although the research found that SH2D1A plays an important role in the proliferation and migration of ovarian cancer, 
our understanding of its specific mechanisms and signaling pathways is still not deep enough. Further study of the molecular 
mechanisms behind SH2D1A in ovarian cancer is necessary for future research.

5. Conclusion

TME-associated genes were efficient in the molecular subtyping of ovarian cancer. Moreover, a TME-based prognosis model was 

Fig. 11. The highly activated TME-related signature in scRNA-seq datasets of OV. (a) 88,089 cells from four publicly available OV scRNA-seq 
cohorts visualized using UMAP. (b) A manual annotation of the 12 major cell types was done. (c) Vlnplots that show the marker expression 
values specific to cell types. (d) The top five labeled markers in each cell cluster are displayed as volcano plots, where the colors blue and red 
correspond to down- and upregulated, respectively. (e) Dot plot with each cell cluster’s enriched GO_BP terms displayed. (f) The AddModuleScore(.) 
function in Seurat determines the signature gene expression at the single-cell level.
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constructed for vigorous prognostic stratification efficacy across multiple datasets. This study provides significant insights into TME of 
ovarian cancer, including potential therapeutic strategies and prognostic markers.
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Fig. 12. SH2D1A knockdown contributes to reduced migration and proliferation of OV cancer cell lines. (a) RT-qPCR analysis measured the 
expression levels of SH2D1A mRNA in the normal human ovarian epithelial cell line IOSE80 and two ovarian cancer cell lines, OVCAR3 and SKOV3. 
(b) A notable decrease in mRNA expression levels in the ovarian cancer cell lines SKOV3 and OVCAR3 confirmed that SH2D1A knockdown was 
effective (c) The hampered proliferation rate in the OVCAR3- SH2D1A-KD and SKOV3- SH2D1A-KD cell lines are reflected by reduced OD 450 
values. (d) The hampered migratory potential of OVCAR3- SH2D1A-KD and SKOV3- SH2D1A-KD cell lines and corresponding cell counting of 6 
different HP. HP, high power lens.
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