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Abstract
Background
Most ovarian cancer patients with poor prognosis and immune microenvironment play a vital role in the
progression of ovarian cancer. We aim to develop a tumor-associated macrophage related gene
(TAMRGs) prognostic signature that can stratify and predict overall survival for ovarian cancer.
Methods
We acquired single cell and bulk transcriptome raw data of ovarian cancer from The Cancer Genome
Atlas (TCGA) and Gene Expression Omnibus (GEO). The immune landscape was identified in primary and
ascites of ovarian cancer. CIBERSORT deconvolution algorithm, Weighted gene co-expression network
analysis (WGCNA), univariate cox analysis, LASSO algorithm, and multivariate cox analysis were
performed for the identification of TAMRG and the development of prognostic signature.
Results
We identified inter-and intra-patient heterogeneity for immune infiltration cells at a single-cell resolution.
Tumor infiltration macrophages showed immunosuppressive characteristics with an M2 phenotype. T
cell CD4 memory activated, mast cell activated, neutrophils and macrophages M2 were negatively
correlated with overall survival, while macrophages M1 was positively correlated. A total of 219 TAMRGs
were identified and a novel 6-gene signature (TAP1, CD163, VSIG4, IGKV4-1, CD3E, and MS4A7) with
superior prognostic independence was established.
Conclusions
The TAMRG-based signature is expected to be a promising target for prognosis and treatment response
of ovarian cancer.

Background
Ovarian cancer (OC), accounts for the highest mortality rate among gynecological malignancies, with
13770 estimated new deaths in the United States, 2021(1). More than 70% of cases of OC are diagnosed
at advanced stages with five-year survival rates approximating 48%(2). Despite appropriate surgery and
platinum-based chemotherapy, most patients with ovarian cancer relapse and disseminates(3). It is
urgent to identify novel clinical biomarkers and develop new therapeutic strategies for ovarian cancer.
Recent evidence has unraveled the tumor microenvironment (TME) plays a vital role in the metastasis of
ovarian cancer and is considered a possible therapeutic target for ovarian cancer(4). Among solid tumors,
TME of epithelial ovarian cancer is unique because the cancer cells are frequently shed from the primary
tumor into the peritoneal cavity, build up a sole microenvironment of malignant ascites. The treatment of
ovarian cancer targeting the tumor microenvironment is developing rapidly. Targets mainly focusing on
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angiogenesis, tumor-associated macrophages, cancer-associated fibroblasts, and immune checkpoint
blockade(5, 6).
Ovarian cancer is a kind of highly heterogenous tumor; the diversified TME of ovarian cancer is one
manifestation of this fact. Jiménez-Sánchez et al reported that different metastases exhibited
concomitant regression and progression in a high-grade serous ovarian cancer (HGSOC) patient who
received multiple times of chemotherapy. Tumor progression/regression is associated with immune cell
infiltration and specific subsets oligoclonal expansion of T cells (7). Their further study found that
inflammatory microenvironment and immune-cell-excluded coexist in the same individual and tumor site
in untreated HGSOC, indicating ubiquitous variation in immune cell infiltration (8). Therefore, identifying
the subset of highly metastatic tumor cells and the diversity of OC cells at single-cell level might
contribute to the precision treatment of OC.
As an important part of the TME, immune cells include lymphocytes, macrophages, mast cells,
neutrophils, dendritic cells (DCs), myeloid-derived suppressor cells (MDSCs)(9). Tumor-associated
macrophages (TAM) are the most frequently found of immune cells that participate in inflammation and
tumorigenesis present in the ovarian TME(10). TAM mainly promotes tumor growth and is at the center of
the invasion and metastasis microenvironment(11). Clinical studies indicated that a high abundance of
TAMs is associated with poor prognosis(12). Macrophages can be classified into M1 and M2 types(13).
Most TAMs are considered to have an M2 phenotype while promoting tumor angiogenesis and tissue
remodeling. M1 and M2 macrophages are plastic and their phenotype is defined by their gene expression
profile rather than by deterministic differentiation pathways and lineage choices.
In this study, we integrated scRNA-seq and bulk RNA-seq to develop and validate a TAM-based prognostic
signature for ovarian cancer. First, we identified TME of the high-grade serous ovarian cancer ascites
samples using seRNA-seq data. Second, we explored the function status of immune cells and found that
M2-like tumor-associated macrophages were enriched. Third, we estimated TAM related genes using bulk
RNA-seq data. Then, TAP1, CD163, VSIG4, IGKV4-1, CD3E, and MS4A7 were identified as the 6 key OSpredicting gene signatures. Finally, the prognostic module was validated using the validation set from the
GEO. Identifying prognostic markers of ovarian cancer based on a large-scale public cohort of gene
expression data may provide new therapeutic targets for more efficacious treatment of OC.

Methods
Data acquisition and preprocessing
The scRNA-seq data and bulk RNA-seq data of human ovarian cancer samples were included in this
study for analysis. The scRNA-seq data of a total of 9609 cells of 6 human high grade serous ovarian
cancer (HGSOC) ascites samples, accession number GSE146026, were obtained from the Gene
Expression Omnibus (GEO, http://www.ncbi.nlm.nih.gov/geo/) database, with a reading depth of 10X
genomics based on Illumina NextSeq 500. The bulk RNA-seq profiles of ovarian cancer samples were
obtained from the TCGA database (https://portal.gdc.cancer.gov/) and the GEO database. We excluded
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samples with unavailable clinical information and ultimately included 375 ovarian cancer samples from
the TCGA cohort as the training set and 185 ovarian cancer samples from the GEO cohort (GSE26712) as
the validation set.
Single cell RNA-seq analysis
R4.0.5 was used to perform all the analyses. The Seurat 3.0 package was used for quality control,
statistical analysis, and exploration of the scRNA-seq data(14). First, genes detected in < 3 cells, cells with
< 200 total detected genes, and pre-mito ≥ 5% were used as quality control standards. In total, 9609 cells
were included in this analysis. Then, the gene expression was normalized using a linear regression model.
PCA was performed to identify significantly available dimensions with a P value < 0.05. Then, the tdistributed stochastic neighbor embedding (tSNE) algorithm was applied for dimensionality reduction
with 20 initial PCs and for performing cluster classification analysis across all cells. The differential
expression analysis among all genes within cell clusters was performed using the Wilcox to identify the
marker genes of each cluster. |log2[fold change (FC)]| > 0.5 and P value < 0.05 were considered the cutoff
criteria for identifying marker genes. Afterward, cell cluster biomarkers were found and annotated by the
singleR package.
Gene Set Variation Analysis of immune cells
Gene Set Variation Analysis (GSVA), a gene set enrichment method that estimates variation of pathway
activity over a sample population in an unsupervised manner(15). The enrichment scores of the gene sets
were evaluated using GSVA package in R. The immune cells related gene sets were obtained from
MSigDB and supplementary files provided by Woosung Chung et al(16).
Estimate of the abundance of tumor immune infiltration and survival analysis
CIBERSORT R script was performed to estimate the abundance of 22 tumor immune infiltration cell types
in TCGA OV based on the bulk RNA-seq dataset(17). According to the median of each immune cell
enrichment score, the samples were divided into two groups to compare the overall survival. R package
“survival” and “survminer” were used to perform Survival analysis.
Construction of weighted correlation network analysis (WGCNA)
WGCNA was performed with the R package “WGCNA”(18). A power of β = 3 and a scale-free R2>0.85 were
set as soft-threshold parameters to ensure a signed scale-free co-expression gene network. We used the
dynamic hybrid cutting method to classify genes with similar expression patterns, the minimum size cutoff of the module is 30. Module eigengenes were used to execute the component analysis of each
module. We estimated the correlation between tumor immune infiltration enrichment score and module
eigengenes to determine the significance of modules by Pearson test. The interested macrophages
subtypes and modules were selected for follow-up analysis. The key genes were identified by gene
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significance (GS) and module membership (MM). The genes in the module with ｜GS｜>0.2 and MM>0.8
were considered to be significant.
Identification of molecular subtype
“ConsensusClusterPlus” package in R was utilized to perform K-means-based unsupervised consensus
clustering based on the expression patterns of the TAM-related gene signature(19). Cumulative
distribution function (CDF) plots and consensus matrices were obtained with 1000 iterations, 80%
resampling rate Pearson correlation. Then, we compared overall survival between different clusters using
Kaplan-Meier survival analysis. Gene set enrichment analysis (GSEA) was performed to explore potential
molecular mechanisms. We also performed comparisons of 6 immune checkpoints (PDCD1, CTLA4,
CD274, CD80, PDCD1LG2, CD86) between different clusters.
Establishment and estimation of the prognostic risk score model
First, univariate Cox regression analysis was used to evaluate the associations between TAM-related
genes and survival in TCGA training set. Second, Least Absolute Shrinkage and Selection Operator
(LASSO) and multivariate Cox regression analyses were applied to identify the prognosis-related genes
with a P value < 0.05. Subsequently, a risk score model based on the key prognosis-related TAMRG-based
gene was established to predict the prognosis of OV patients. We calculated the risk score by a linear
method to assemble the coefficient and expression level of the prognostic gene. The formula as follows:
Risk score = Expgene1 × β1 + Expgene2 × β2 +…+ Expgenen × βn, in which “Exp” represents the
expression level of the prognostic genes, and “β” represents the regression coefficient.
Accordingly, the patients in TCGA training set were divided into the low-risk group or the high-risk group
based on the median risk score. Kaplan-Meier survival analysis was used to compare the OS of these two
groups. Time-dependent ROC curve analysis and Harrell's concordance index (C-index) were utilized by
the “survivalROC” and “survminer” packages in R to evaluate the prediction accuracy of the risk score
prognostic model. Finally, the prognostic model generated by the TCGA training cohort was verified in the
GEO validation cohort. We also performed a comparison of the C-index between the prognostic model
and age, stage, grade, debulking, and 9 published signatures.
Statistical analyses
T test was used to compare the mean values between the two groups. In the survival analysis,
associations between characteristics and overall survival were evaluated by Cox proportional hazard
models. Kaplan-Meier survival curves were drawn and compared among subgroups using log-rank tests.
The C-index and receiver operating characteristic (ROC) curve were estimated using R package survival,
survminer, and survivalROC.
Statistical analyses were performed using R version 4.0.5 (The R Foundation). P values were two-sided,
and P < 0.05 was considered statistically significant.
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Results
Tumor cell heterogeneity in ovarian cancer
A schematic diagram of the study design was shown in Figure 1. Following the quality control standard,
9609 cells from ascites samples of ovarian cancer patients were included in the analysis (Figure 2A and
B). Variance analysis showed 1500 highly variable genes in a total of 10048 corresponding genes, and
the top 10 are IGLL5, IGJ, WT1-AS, CCL17, GNLY, CCL5, MZB1, HBB, and NKG7 (Figure 2C). Principal
component analysis (PCA) was performed to identify available dimensions and screen correlated genes.
PCA showed a mixed representation of cells intra-and inter-patient (Figure 2D). PCA results revealed that
the P value of the first 20 principal components (PCs) were less than 0.05, we selected 20 PCs for followup analysis (Figure 2E). Afterward, ovarian cancer cells were successfully classified into 13 separate
clusters by the t-distributed stochastic neighbor embedding (tSNE) algorithm (Figure 2F). A total of 6453
marker genes were identified and the top 10 differential expression genes from all 13 clusters were
displayed in the heatmap (Figure 2G).
Identification of immune cells and GSVA
The resulting cell clusters were annotated as epithelial, stromal (fibroblasts, endothelial cells, and
melanocytes), or immune cells (Figure 3A) by singleR and established marker genes(20). Cluster 9 and 10
containing 419 cells, was annotated as epithelial cells; clusters 2 and 7, containing 1895 cells, were
annotated as stromal cells; cluster 0, 1, 3, 4, 5, 6, 7, 8, 11 and 12, containing 6706 cells, was annotated as
immune cells. Immune cells (n =6706) were subsetted and annotated as macrophages, B cells, T cells,
and Dendritic cells (DC); cluster0, 1, 3, and 4, containing 5930 cells, were annotated as macrophages;
clusters 6, containing 384 cells, was annotated as B cells; cluster 8, containing 320 cells, was annotated
as T cells; cluster 12, containing 72 cells, was annotated as DC (Figure 3B).
GSVA has been performed to analyze the B cell function status, such as anti-apoptosis, pro-apoptosis,
proliferation, Naïve, cytokines, and Germinal center. The function status of pro-apoptosis showed
heterogeneity in the same patient (Supplement figure1). For T cells, we estimated cytotoxic, native,
regulatory, exhausted, costimulatory, G1/S, and G2/M related gene signatures. The function status of
cytotoxic in patient2 is significantly enriched (Supplement figure2). Figure 3C showed a comprehensive
analysis of the four kinds of immune cells. Macrophages are the largest proportion (88.4%) of immune
cells. M2 up signature was highly enriched in macrophages (Figure 3C). Macrophages marked by CD163,
CSF1R, MS4A7, VSIG4; B cells marked by CD79B, MZB1; T cells marked by CD2, CD3D; DC marked by
CD1E, CD83 (Figure 3D). In summary, B cells, T cells, and macrophages showed heterogeneity in the
same patient and among different patients.
High M2 and low M1 were associated with poor survival in ovarian cancer patients
CIBERSORT based Nu support vector regression algorithm was performed to calculate the immune score
of the transcribed profile of bulk RNA seq data from TCGA-OV patients. The estimated proportion of 22
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immune cell types was shown in Figure 4A and 4B. Among them, four kinds of tumor immune infiltration
cells were negatively correlated with overall survival of OV patients, including macrophages M2
(P=0.031), mast cell activated (P=0.0033), T cell CD4 memory activated (P=0.04), and neutrophils
(P=0.027), while macrophages M1 (P=0.00042) were positively correlated with overall survival of OV
patients.
Identification of TAM-related genes
The expression values of 4043 genes with a coefficient of variation values greater than 0.1 were utilized
to construct the gene co-expression network of OV by R package WGCNA. The samples of TCGA-OV were
clustered by the average linkage and Pearson’s correlation values. We selected β = 3 (scale free R2 > 0.9)
as the soft-thresholding power to construct a scale-free network. Dynamic hybrid cutting was used to
construct a hierarchical clustering tree. Each tree leaf represented a single gene on the tree. A series of
genes with similar expression data are clustered into branches to form a gene module. Furthermore, 10
modules were constructed (Figure 5A). Among 10 modules, the turquoise module had a strong
relationship with the black and pink module (Figure 5B).
We correlated gene module and CIBERSORT fraction, found that the black module showed a higher
correlation with macrophage M1(R2=0.52, P=2e-27) and B cell naïve (R2=0.5, P=5e-25), the pink module
was highly correlated to macrophage M1 (R2=0.54, P=2e-30) and T cell CD8 (R2=0.36, P=1e-12), and the
turquoise module was highly correlated to macrophage M1 (R2=0.47, P=1e-22) and macrophage M2
(R2=0.31, P=1e-09; Figure 5C). We were interested specifically in macrophages, so focused on the black,
pink, and turquoise module that showed correlation with macrophages was identified as TAM-related
modules. The scatter diagram showed a highly positive correlation between gene significance and
module membership in the black module (cor=0.9, P=4.9e-32), turquoise module (cor=0.73, P=8.9e-124),
and pink module (cor=0.79, P=3.6e-17; Figure 5D), indicating that these modules are highly correlated
with TAMs. According to the cut-off criteria, 219 genes in 3 modules were identified as TAM-related gene
signatures (Supplement table1).
Molecular subtype based on TAM‑related gene signature
To establish a classification of the expression patterns of the 219 TAM-related gene signatures, K-meansbased unsupervised consensus clustering was performed on 375 OV patients from the TCGA database.
The cumulative distribution function (CDF) plot showed k =2 (from 2 to 6) is the optimal number of
clusters (Figure 6A). The consensus heatmap showed all OV patients were classified into two clusters:
151 (40.0%) in cluster 1 and 224 (60.0%) in cluster 2 (Figure 6B). The heatmap revealed the differentially
expressed genes between the two molecular subtypes (Figure 6C). Kaplan- Meier survival analysis
indicated that patients with cluster 1 had a significantly better OS than patients with cluster 2 (P=0.0071)
(Figure 6D). The violin plot showed that cluster 1 had significantly higher macrophages M1 scores
compared to cluster 2 (P=6.8e-13; Figure 6E). GSEA was performed on cluster one over cluster two of OV
patients. Upregulated pathways included pathways related to apoptosis, antigen processing and
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presentation, angiogenesis, epithelial mesenchymal transition (EMT), and macrophage M1 upregulation
in cluster one (Figure 6F). We compared 6 main immune checkpoints between two molecule subtypes of
OV patients. PDCD1 (PD1; P=6.2e-10), CTLA4(P=6.6e-16), CD274 (PDL1; P=5.4e-06), CD80(P=7.7e-07),
PDCD1LG2 (PDL2; P=1.9e-10), and CD86 (P=1.6e-05) were highly expressed in Cluster 1 (Figure 6G).
CD163, TAP1, VSIG4, MS4A7, CD3E, and IGKV4-1 are the 6 most significant survival-predicting TAMRGbased signature in human OV
Univariate Cox analysis was performed, and 25 prognosis-associated TAM-based signatures were
identified in the TCGA training set (Supplement figure 3A). Least absolute shrinkage and selection
operator (LASSO) followed by multivariate Cox analysis was then performed, and 6 significant survivalpredicting GDRGs were identified (Supplementary Figure 3B and 3C): CD163 (HR=1.19, 95%CI 1.05-1.34,
P<0.01), transporter 1 (TAP1, HR=0.74, 95%CI 0.63-0.87, P<0.001), V-set and immunoglobulin domain
containing 4 (VSIG4, HR=1.15, 95%CI 1.04-1.28, P<0.01), immunoglobulin kappa chain variable 4-1
(IGKV4-1, HR=0.64, 95%CI 0.47-0.86, P<0.01), CD3E (HR=0.82, 95%CI 0.70-0.96,, P=0.016), and membrane
spanning 4-domains A7 (MS4A7, HR=1.16, 95%CI 1.02-1.32, P=0.023). We explored the expression of 6
gene signatures in the scRNA-seq set (Supplement figure 4A; MS4A7, VSIG4, and IGKV4-1 were not
provided). CD163, MS4A7, and VSIG4 were significantly upregulated in macrophages. CD3E was
significantly upregulated in T cells. TAP1 was upregulated in macrophages and B cells. The expression of
IGKV4-1 was not detected. Furthermore, Gene Expression Profiling Interactive Analysis (GEPIA) database
was performed to explore the expression of these 6 gene signatures in 426 OV (TCGA) samples and 88
normal (GTEx) samples. We found that CD163 was upregulated, while TAP1, CD3E, and IGKV4-1 were
downregulated in OV compared to normal samples (Supplementary Figure 4B).
Generation and validation of the 6 gene signatures based prognostic risk score model
The prognostic risk score model was developed based on the above 6 gene signatures with the following
formula: Risk score = ExpCD163 ´ 0.0284 + ExpCD3E ´ (-0.0297) + ExpIGKV4 ´ (-0.0007) + ExpTAP1 ´
(-0.0130) + ExpVSIG4 ´ 0.0009 + ExpMS4A7 ´ 0.0487. The risk scores of all patients in the TCGA training
set were calculated, and the patients were divided into either a high-risk (high score) group or a low-risk
(low score) group using the median value of the risk score as the cutoff value (Figure 7B). Kaplan-Meier
survival analysis demonstrated that patients in the high-risk group had significantly poorer OS than those
in the low-risk group (log-rank, P = 0.00016; Figure 7A). The C-index of the 6 gene signature for OS
prediction was 0.614 (95% CI=0.593 to 0.636). Time-dependent receiver operating characteristic (ROC)
analysis also indicated that the 6 gene signature showed excellent performance in predicting the 3-, 5and 10-year OS rates, with respective area under the curve (AUC) values of 0.624, 0.68, and 0.718 (Figure
7C). The relationship between infiltration proportion of six immune cell types and the risk score was
analyzed to validate the effect of 6 gene signatures on TAM-related genes. A significantly negative
correlation was found between the risk score and infiltration proportion of the macrophages M1 (R=0.38,
P=1.4e-14). The infiltration proportion of macrophages M2 was positively correlated with the risk score
(R=0.29, P=1.3e-08; Supplement figure 4C).
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Then, the predictive formula was validated similarly using the GEO cohort. As shown in Figure 7E, 185 OV
patients were classified into high-risk or low-risk groups. Consistent with the results from the TCGA
training set, the survival analysis also demonstrated that patients in the high-risk group had significantly
poorer OS than patients in the low-risk group (log-rank, P = 0.0026; Figure 7D). The C-index of the 6 gene
signature was 0.611 (95% CI=0.584 to 0.638). Time-dependent ROC analysis also suggested favorable
values in predicting the 3-, and 5-year OS rates, with a respective area under the curve (AUC) values of
0.674, and 0.704 in the GEO validation set (Figure 7E). These results indicate that the TAM-based
prognostic risk score model can serve as a prognostic predictor for different populations of OV patients.
Comparison with clinical characteristics and other signatures
We compared the model predictive accuracy of 6 gene signatures with clinical characteristics including
age, stage, grade, and residual as well as 8 reported ovarian cancer prognostic signatures. Continuous
prognostic scores were calculated from each signature to compare among different datasets. Of the 13
survival predicted factors, MPSOV had a highest mean C-index (0.613) compared with stage (0.519),
grade (0.532), age (0.593), residual (0.556; Supplement table 2) and other signatures (0.516 to 0.584;
Supplement table 3).

Discussion
In solid tumors, malignant cells and many other types of non-malignant cells form a unique
microenvironment that can modify the tumor characteristics of tumor cells(12). We analyzed tumor
heterogeneity for tumor immune infiltration cells using scRNA-seq and bulk RNA-seq set. At a single-cell
level, most of the non-malignant cells were identified as immune cells, with four distinct clusters of B
cells, T cells, DCs, and macrophages. Inter- and intra-patient heterogeneity was observed for tumor
infiltration immune cells in HGSOC. Both macrophages and T cells showed immunosuppressive
characteristics: macrophages with an M2 phenotype and T cells with an exhausted phenotype. The
existence of M2 TAMs in tumor tissues is an important contributing factor for the formation of the
immunosuppressive TME(21). M2 macrophages express the ligand receptors for CTLA-4 and PD-1. The
activation of PD-1 and CTLA-4 inhibits cytotoxic function and regulates the cell cycle of T cells(22).
These findings suggested that an important reason for the wide tumor heterogeneity of ovarian cancer
transcriptome is distinct immune system status and dynamic immune cell interactions in the surrounding
microenvironment.
CIBERSORT was performed to estimate tumor infiltration immune cells at bulk RNA-seq resolution, and its
correlation with prognosis was analyzed. T cell CD4 memory activated, mast cell activated, neutrophils
and macrophages M2 were negatively correlated with overall survival of OC patients, while macrophages
M1 infiltration indicated better clinical outcomes. Similarly, CD4 + CD25 + FOXP3 + Treg cells infiltration
was associated with reduced survival and high death hazard in 104 individuals affected with ovarian
cancer(23). Several studies revealed the increased density of M2-like TAMs was associated with poor OS
(24–26). However, the relationship between M2 density and OS is controversial in OC. Zhang et al(27)
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reported no significant correlation between these two factors, while Lan et al(28) found a negative
correlation consistent with our results. This may be due to different types of tumor tissue.
219 TAM-related gene signatures (TAMRGs) were established by WGCNA. The patients with OC were
classified into two groups by unsupervised clustering method to evaluate the prognostic value of TAM
related gene signature. Cluster 1 with a high infiltration of macrophage M1(M1 like TAM) was associated
with a better prognosis, indicating that the TAMRG-based patient classification can be used to predict
patient survival. GSEA showed that M1like TAM not only enriched in immune-related pathways, but also
enriched in angiogenesis, EMT, and JAK-STAT3. However, macrophages M2 are the main TAM in ovarian
cancer and are associated with tumor angiogenesis, invasion, metastasis, and early recurrence(12, 29,
30). The simple dichotomy of M1/M2 macrophages may not explain the complexity of TAM
heterogeneity(31). M1 and M2 macrophages can be considered as two extremes of a continuum of
functional states(31, 32), the sub-populations of TAMs in between the two extremes can share
characteristics of both M1 and M2 types(33). For example, a recent study revealed that TAMs could coexpress M1/M2 markers, together with T cell co-inhibitory and co-stimulatory receptors(34). In addition,
Müller S identified phenotypic differences in TAMs of distinct lineages at single cell resolution in human
gliomas. The results indicated that TAMs frequently co-express M1 and M2 type genes in individual cells
which increased the difficulty of isolating them(35). TAMs are plastic, and their functional phenotypes
and distribution show reversible changes in response to different microenvironment stimuli(31, 36–38).
In summary, these findings may provide evidence to the existence of the intermediate state of TAMs.
Immunotherapy can alleviate the immunosuppression status in the tumor, which is a promising treatment
strategy. It has been reported that it can significantly prolonged progression-free survival and overall
survival of patients with melanoma(39) and non-small-cell lung cancer(40). Unfortunately, although
numerous trials have been conducted, the outcomes of trials including immune check-point inhibitors in
OC either when used as single agents or in combination with antiangiogenic therapy have not been as
effective as expected. Our results revealed that cluster 1 with increased macrophage M1 density
expressed more PD1/PDL1/PDL2, and CTLA4/CD80/CD86 molecules. Based on these findings, we
speculated that cluster 1 with increased macrophage M1 density may benefit more from anti-PD1 and
anti-CTLA4 therapies.
In the present study, CD163, TAP1, VSIG4, MS4A7, CD3E, and IGKV4-1were identified as the 6 most
significant survival-predicting TAMRG in OC. A risk score module was successfully established based on
these TAMRG and then validated in the GEO set. As far as we know, this prognostic module is the first to
incorporate a TAM-related signature for predicting OC patient survival. Although the absolute value of
prognostic module C- index is not very high, it is superior to the traditional clinical factors and has a
significant improvement in the comprehensive model. Therefore, this module can be used better to
estimate the prognosis of patients and classify them into different subgroups to benefit from different
treatments.
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We acknowledged some limitations in the present research. We downloaded data from the published
database (TCGA and GEO). Some patients' details are incomplete, such as grade, medical history, e.g., not
available for multivariate cox analysis. This study is a retrospective study, so further prospective largescale trials are needed to verify the clinical application value.

Conclusions
In the current study, We constructed a novel 6 gene signatures associated with the prognosis of OC
patients based on TAMRG. The TAMRG-based signature is expected to be a promising target for
prognosis and treatment response of ovarian cancer.
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Figure 1
Schematic diagram of the study design.
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Figure 2
Heterogeneity in OV patients based on single-cell RNA-seq data. (A and B) 9609 cells from 6 OV patients
were included in the analysis. (C) The variance diagram shows 10048 corresponding genes throughout
all cells from OV. The top 10 hypervariable genes are shown in the plot. (D) PCA could not reveal clear
separations of cells in OV. (E) PCA demonstrated the first 20 PCs with P value < 0.05. (F) Identification of
13 clusters by tSNE dimensionality reduction algorithm with the 20 PCs. (G) The heatmap showed the top
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10 differential marker genes of each cell cluster. After removing the same marker genes among clusters, a
total of 124 unique genes are listed.

Figure 3
Clustering of immune cell populations and GSVA enrichment scores. (A) Cell-type visualized using tSNE
dimensionality reduction reveals the clustering of tumor-stroma immune. (B) Tumor microenvironment
immune cells were annotated into 4 subpopulations. (C) GSVA enrichment scores from gene set
associated with B cells signature, DC signature, macrophages signature, M1 up signature, and M2 up
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signature and T cells signature reveal a high proportion of M2 up signature occupying total macrophages
in OV. (D) Violin plot indicates the important genes in immune cell subpopulations.

Figure 4
Tumor-infiltrating immune cell profile in OV samples and survival analysis. (A) Boxplot and Barplot(B)
displayed the proportion of 22 kinds of TIC in OV tumor samples. (C) Kaplan-Meier overall survival
analyses of macrophages M2, macrophages M1, mast cell activated, and neutrophils in TCGA-OV.
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Figure 5
WGCNA analysis of co-expression modules. Construction of co-expression modules by weighted gene coexpression network analysis (WGCNA) package. (A) Dendrogram of the gene modules based on dynamic
hybrid cutting, a total of 10 modules were constructed. (B) Heatmap and hierarchical clustering of the
adjacencies in the hub gene network (C) Heatmap of the correlation between module eigengenes and the
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proportion of tumor-infiltrating immune cells. (D) Scatter plot of macrophage M1 and macrophage M2
module eigengenes in three modules.

Figure 6
Identification of molecule subtype based on 219 TAM-related gene signature. (A) a CDF plot of the
consensus score (k = 2-6). (B) Consensus clustering matrix for k=2. (C) Heatmap showed the differential
expression genes between two clusters. (D) Kaplan-Meier analysis demonstrated that OV patients within
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cluster 1 exhibited favorable OS. (E) Violin plots showed that TAM abundance was differentially
distributed in identified subgroups (F) Upregulated hallmarks in the GSEA. (G) The expression of 6
immune checkpoints between two molecule subtypes.

Figure 7
Prognostic analysis of the 6 gene signature risk score model in OV patients. Kaplan-Meier survival
analysis was used to evaluate the OS of the high-risk and low-risk group in the TCGA training set (A) and
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GEO validation set (D). Risk score analysis of the 6 gene signatures in the TCGA (B) and GEO (E) set, the
dotted line represented the median risk score and divided the patients into low- and high-risk groups.
Upper panel: The curve of risk score. Middle panel: Survival status and time of the patient. Bottom panel:
Heatmaps of the expression levels of the 6 gene signature in the OV samples. Time-dependent ROC curve
analysis was executed to estimate the prognostic performance of the 6 gene signature for predicting the
3-, and 5-year OS rates in the TCGA (C) and GEO sets (F).
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