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Abstract
Background  Diverse cell types and cellular states in the tumor microenvironment (TME) are drivers of biological and 
therapeutic heterogeneity in ovarian cancer (OV). Characterization of the diverse malignant and immunology cellular 
states that make up the TME and their associations with clinical outcomes are critical for cancer therapy. However, we 
are still lack of knowledge about the cellular states and their clinical relevance in OV.

Methods  We manually collected the comprehensive transcriptomes of OV samples and characterized the cellular 
states and ecotypes based on a machine-learning framework. The robustness of the cellular states was validated in 
independent cohorts and single-cell transcriptomes. The functions and regulators of cellular states were investigated. 
Meanwhile, we thoroughly examined the associations between cellular states and various clinical factors, including 
clinical prognosis and drug responses.

Results  We depicted and characterized an immunophenotypic landscape of 3,099 OV samples and 80,044 cells 
based on a machine learning framework. We identified and validated 32 distinct transcriptionally defined cellular 
states from 12 cell types and three cellular communities or ecotypes, extending the current immunological subtypes 
in OV. Functional enrichment and upstream transcriptional regulator analyses revealed cancer hallmark-related 
pathways and potential immunological biomarkers. We further investigated the spatial patterns of identified cellular 
states by integrating the spatially resolved transcriptomes. Moreover, prognostic landscape and drug sensitivity 
analysis exhibited clinically relevant immunological subtypes and therapeutic vulnerabilities.
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Background
Ovarian cancer (OV) is the predominant contributor to 
mortality among gynecologic malignancies, accounting 
for 5% of cancer deaths in women [1], with an overall sur-
vival rate of 45.6% [2]. The majority of patients diagnosed 
with OV are in the advanced stages of the cancer, and 
there is currently a lack of effective means of early detec-
tion. Standard treatments for patients with OV include 
cytoreductive surgery and platinum-based chemotherapy 
[2]. Despite high response rates to chemotherapy and 
surgery, the majority of patients has a high rate of recur-
rence and ultimately succumbs to the complications of 
disease progression [3, 4].

OV is a heterogeneous disease characterized by tumors 
with varying histological subtypes and microenviron-
mental characteristics [5]. Thus, it is crucial to identify 
subtypes that are closely associated with the clinic. Pre-
vious studies have revealed immune subtypes associated 
with OV patient’s prognosis [6]. Nevertheless, this clas-
sification fails to fully take into account cell types and cel-
lular states in the TME.

Moreover, the development of single-cell mRNA 
sequencing (scRNA-seq) has been widely used to inves-
tigate the TME, characterizing cellular heterogeneity 
at single-cell resolution [7–9]. For instance, a previous 
scRNA-seq analysis has discovered that cancer-associ-
ated fibroblasts (CAF) in the TME are found to be cor-
related with lower tumor immune infiltration as well as 
shorter survival among patients [10]. Moreover, as it has 
been reported that macrophage subtypes in OV have 
different clinical and immunological behaviors [11]. 
Furthermore, there is a correlation between activated 
CD4+ T cells and tumor infiltrating lymphocytes with 
favorable survival outcomes in patients with OV [12]. 
Although scRNA-seq technology can decode the TME, 
sequencing is expensive and it is still difficult to imple-
ment large-scale cohort studies based on certain pheno-
types. Moreover, there is currently a lack of large-scale 
bulk transcriptomes analysis of OV TME. Recent studies 
have introduced EcoTyper, which deconvolves cell types 
and cellular states from large amounts of gene expression 
data to better predict cancer progression, outcome and 
response in a vast cohort of patients [13].

Here, we performed a pan-cohort characterization of 
cellular states in OV based on bulk, single-cell and spa-
tially resolved gene expression data. We identified 32 
transcriptionally defined cellular states in OV TME, 
extending the previous immunological classifications. 
We also validated these findings with multi-dimensional 

analysis. Based on the marker genes of cellular states, 
we thoroughly characterized the functional landscape 
of cellular states in OV. In addition, we discovered criti-
cal upstream regulators, suggesting that they may serve 
as potential biomarkers for OV. We also identified most 
immunological cellular states associated with clinical 
outcomes, providing a prognostic atlas of the cellular 
states in OV. In particular, we constructed spatial tumor 
microenvironments for cellular states and compared the 
differences in scores of marker genes for cellular states 
in the malignant (Mal) regions, tumor boundary (Bdy) 
regions and non-malignant (nMal) regions. Finally, we 
discovered cellular states associated with drug therapy 
responses in OV patients. To summarize, our large-scale 
study resolved the OV microenvironment and unveiled 
new avenues and targets for the treatment of cancer.

Methods
Manually collection of OV transcriptomes
Gene expression profiles and clinical information of OV 
patients were obtained from Gene Expression Omni-
bus (GEO) [14], The Cancer Genome Atlas (TCGA) 
[15] and one recent study [16]. A total of 40 public OV 
datasets were analyzed in this study, including 38 pub-
lic bulk datasets, one scRNA-seq dataset and one spatial 
transcriptome. For datasets with the original CEL files, 
we processed using the RMA algorithm from the ‘affay’ 
R package [17]. For other platforms, available transcrip-
tome data were downloaded from the original studies. 
In addition, we downloaded the annotation files of each 
platform for probe annotation. If a probe corresponds 
to multiple genes, the probe was deleted. If a gene cor-
responds to multiple probes, the probe with the highest 
expression value was selected as the expression value of 
the gene [18].

Six datasets (GSE26193, GSE9891, GSE26712, 
GSE32062, GSE49997 and GSE140082) with survival 
information were used as the discovery cohorts. It 
included 1,421 tumor samples and 5 different microarray 
platforms. The selection of discovery cohorts included 
the following two criteria: the patients were with overall 
survival information; and the datasets with a larger num-
ber of samples. The remaining 33 datasets were used as 
the validation cohorts. The datasets with incomplete sur-
vival or drug responses information were integrated by 
platform, naming them as integrate_GPL570 and inte-
grate_GPL96. Detail information about the 40 OV data-
sets was listed in Additional file 1: Table S1.

Conclusion  Our comprehensive analysis of TME helps leveraging various immunological subtypes to highlight new 
directions and targets for the treatment of cancer.
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To obtain the gene expression profile of the discovery 
cohort, the Entrez gene IDs common to each platform of 
the discovery cohort were screened for analysis and the 
Median Rank Score Normalization method (MNORM) 
was used for cross-platform standardization [19, 20]. 
Next, batch correction was performed using the ‘combat’ 
function of the ‘sva’ R package [21].

Single-cell sequencing of OV
We gathered OV scRNA-seq transcriptome data from 
the literature [22] and obtained the corresponding anno-
tation files. Notably, we screened scRNA-seq data from 
primary and metastatic tumors for subsequent analysis. 
Quality control and downstream analysis were performed 
using the ‘Seurat’ R package [23]. Cells with less than 500 
and more than 6,000 expressed genes were removed, cells 
with more than 10% mitochondrial gene expression were 
also removed, and only cells with a total count of more 
than 500 were retained.

The unique molecular identifier (UMI) counts were 
normalized based on ‘NormalizedData’. The function 
‘CellCycleScoring’ was used to calculate cell cycle scores. 
Next, the data were scaled based on ‘ScaleData’, with the 
parameters ‘vars.to.regress’ = ‘S.Score’ and ‘G2M.Score’ 
to remove the effect of the cell cycle. The function of 
‘FindVariableFeatures’ was used to identify highly vari-
able genes. Downstream analysis was performed based 
on the top 2,000 highly variable genes.

The ‘RunPCA’ function was applied to perform dimen-
sional reduction and the top 30 principal components 
(PCs) were selected for downstream analysis. Next, 
cells were divided into diverse clusters utilizing the 
‘FindNeighbors’ function and ‘FindCluster’ function. 
Finally, Uniform Manifold Approximation and Projec-
tion (UMAP) was used for visualization. All relevant 
ethical regulations were followed the original study of the 
datasets and the authors of the source studies had also 
obtained informed consent from participants.

Cell-cell interaction analysis
CellChat was used to perform cell-cell communication 
analysis for the cellular states based on the known ligand-
receptor interactions [24]. CellChat takes the normalized 
gene expression data as input to model the probability of 
cell–cell communication by combining gene expression 
with the existing database. For the main analyses, the 
main functions ‘computeCommunProb’, ‘computeCom-
munProbPathway’ and ‘aggregateNet’ were used with 
default parameter. To reveal the interactions between 
cellular states, the CXCL signaling pathway, PARs signal-
ing pathway, BAG signaling pathway and VEGF signaling 
pathway were selected for further visualization.

Cell-type specific gene profiles
To determine the cell type-specific gene expression pro-
files of OV patients, we employed CIBERSORTx [25] 
to infer gene expression profiles and estimate the abun-
dance of each cell types in mixed cells. To investigate 
the major cellular components in OV, we utilized two 
signature matrices validated in solid tumors, TR4 [25] 
and LM22 [26] in EcoTyper [27]. TR4 is a feature matrix 
that encompasses of Epithelial, Endothelial, immune 
and Fibroblast populations. LM22 contains 22 human 
immune subpopulations. The 22 subpopulations of LM22 
were aggregated into 9 major lineages which included 
B cells, CD4 T cells, CD8 T cells, NK cells, Plasma cells 
(PCs), Monocytes/Macrophages, Polymorphonuclear 
neutrophils (PMNs), Dendritic cells and Mast cells. 
Based on the transcriptome of discovery cohort, we 
obtained the abundances of 12 cell types. In each tumor 
sample, the aggregate abundance of the 12 cell types was 
normalized to 1. Finally, cell type-specific gene expres-
sion profiles were determined using the default param-
eters of CIBERSORTx [25].

Discovery of cellular States in OV
Upon getting the cell type-specific gene expression pro-
files, EcoTyper was operationalized to identify the clus-
ters of each cell type. EcoTyper primarily applied the 
non-negative matrix factorization (NMF) in conjunc-
tion with specific heuristics to identify and quantify the 
cellular states [27]. By utilizing cell type-specific gene 
expression profiles, EcoTyper determined the most stable 
number of cellular states for each cell type by calculating 
the cophenetic coefficient. We determined the number of 
cellular states corresponding to a cophenetic coefficient 
closest to 0.99. To ensure the acquisition of high-quality 
cellular states, we selectively retained cellular states with 
more than 10 marker genes. Additionally, an adaptive 
false-positive index (AFI) was used to eliminate poten-
tially false-positive cellular states [28].

Recovery of OV cellular states from external cohorts
We used the EcoTyper reference-based framework based 
on the NMF model to recover the cellular states identi-
fied from the discovery datasets in other external data-
sets [27]. Concisely, EcoTyper applied the learnt model 
from the discovery cohort to the validation cohorts of 
OV. Drawing from a gene expression matrix, EcoTyper 
created a coefficient matrix for each cell type, where each 
cellular state was depicted as a weight. Statistical evalua-
tion of the recovery of each cellular state in the external 
cohorts was conducted through permutation test, and 
the z-score was calculated as the statistical confidence 
level. Cellular states that were significantly recovered 
were identified based on the criterion that z-score was 
greater than 1.65 and one-sided p-value was less than 
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0.05. We applied this framework to all external cohorts 
and scRNA-seq data derived from OV patients.

OV ecotypes detection
Besides, EcoTyper employed algorithms that can recog-
nize co-associated networks of cellular states, referred 
to as ‘ecotype’, within different tissue specimens [27]. We 
employed EcoTyper to identify ecotypes of OV patients. 
First a binary matrix C is defined, with cellular states rep-
resent rows and samples represent columns. If cellular 
state i is assigned to sample j, Cij = 1, otherwise Cij = 0.

Next, we used the Jaccard index to quantify the degree 
of overlap between each pair of cellular states in the 
tumor samples. We calculated the pairwise combinations 
of all the cellular states in C, generating a 32*32 Jaccard 
matrix based on the number of OV cellular states. Once 
the Jaccard matrix has been generated, we performed a 
hypergeometric test for each pair of cells under the null 
hypothesis that there was no overlap between two cellu-
lar states. If the p-value > 0.01, the Jaccard index was set 
to 0 and 1 otherwise. Subsequently, unsupervised cluster-
ing of the Jaccard matrix was performed using the func-
tion ‘hclust’ in the R package ‘stats’. Finally, to determine 
the optimal number of clusters, we maximized the sil-
houette width.

Functional analysis of cellular States
Based on EcoTyper [27], we obtained the marker genes 
of cellular states. Next, we utilized the ‘org.Hs.eg.db’ and 
‘clusterProfiler’ [29] R packages to perform functional 
enrichment analysis. We calculated the ratio of ‘GeneRa-
tio’ to ‘BgRatio’ for each pathway, which was defined as 
the enrichment score. The remarkably enriched pathways 
were screened with p.adjust < 0.05.

Meanwhile, we obtained the cancer hallmark path-
ways from MsigDB [30] and the immune-related path-
ways were derived from ImmPort [31, 32] database. To 
discover the potential pathways enriched by the marker 
genes of the cellular states, hypergeometric test was used 
to calculate the enrichment p-value. It is noteworthy 
that we used FDR to correct the p-value and considered 
pathways with p.adjust < 0.01 were significantly enriched. 
Top three genes were shown based on fold change values 
of marker genes for cellular states, for repetitive marker 
genes that appeared in multiple cellular states, the genes 
with the highest fold change values were shown. To fur-
ther analyze the genes with high expression in each cel-
lular state, we utilized the ‘GSEA’ R package [33] for 
performing Gene Set Enrichment Analysis. ‘GseaVis’ 
R package (​h​t​t​p​​s​:​/​​/​g​i​t​​h​u​​b​.​c​​o​m​/​​j​u​n​j​​u​n​​l​a​b​/​G​s​e​a​V​i​s) was 
used to visualize the enriched pathways.

Identification of transcriptional regulators for cellular 
States
Available RNA-binding proteins (RBPs) and motifs were 
collected from the ATtRACT database ​(​​​h​t​t​p​:​/​/​a​t​t​r​a​c​t​.​c​n​i​
c​.​e​s​​​​​) [34]. Based on the previous study [35], we obtained 
a ranked matrix of genes corresponding to each motif 
of RBPs. Then, we selected the top 20 ranked genes to 
form the RBP-gene relationship pairs. Next, we used the 
Wilcoxon’s rank sum test to obtain the highly expressed 
genes. First, we categorized patients into two groups 
based on the cellular state within versus without cellular 
state i. All genes were sorted as follow:

	 S(i) = − log (p) ∗ sign (log (FC (i)))

Here, p was the Wilcoxon’s rank sum p-value to com-
pare the expression difference of two groups. FC, refer-
ring to fold change, represented the average expression in 
the cellular state i group divided by the average expres-
sion of patients with or without the cellular state i group. 
Secondly, the top ten genes were selected for analysis. 
Finally, according to the regulatory relationship between 
genes and RBPs, we visualized the RBPs-genes network 
based on Cytoscape [36].

Simultaneously, we selected p.adjust < 0.05 genes for 
Rcistarget analysis [37] to identify overexpressed tran-
scription factor binding motifs. We annotated the motifs 
using the ‘motifAnnotations_hgnc’ annotation file, pre-
serving only those motifs with high normalized enrich-
ment scores. Furthermore, the top ten motifs were 
visualized. The gene-motif sequencing database used by 
RcisTarget was ‘hg19-tss-center-10  kb-7species.mc9n.
feather’. We acquired the transcription factor (TF)-target 
interactions from DoRothEA [38], and the interactions 
confidence score between TFs and targets were catego-
rized into five grades from A (highest confidence) to E 
(lowest confidence). The confidence scores of the current 
study were all A.

Survival analysis of cellular States
To determine the relationship between the cellular state 
and prognostic performance, survival analysis of OV cel-
lular states was performed using the ‘survfit’ function 
from the R package ‘survival’. The survival curves were 
plotted using the ‘ggsurvplot’ function. In addition, we 
compared the survival time of patients with one cellular 
state to the other cellular states. Significantly, the ‘coef ’ 
coefficients for each cellular state were calculated using 
the ‘coxph’ function to determine the risky and protective 
cellular states in OV. It was considered that p-value < 0.05 
was statistically significant.

https://github.com/junjunlab/GseaVis
http://attract.cnic.es
http://attract.cnic.es
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Machine learning LASSO regression analysis
We performed COX univariate regression analysis of 
marker genes expression associated with adverse cellular 
states and survival data from the discovery cohort using 
the R package ‘survival’, with a threshold of p < = 0.05. 271 
genes were used for machine learning LASSO regression 
analysis using the R package ‘glmnet’. Based on lambda.
min, we selected 62 genes to construct risk model to 
predict the OV patient survival. The risk score for each 
sample was calculated by the function ‘predict’ and the 
samples were divided into high and low risk groups based 
on the median of riskscore. The R package ‘timeROC’ 
was used to evaluate the predictive performance of risk 
score. TCGA-OV dataset was used for validation.

Cellular States predict drug responses
To determine whether cellular states can predict drug 
responses, we investigated the drug therapy responses 
data in OV (GSE63885) using the ‘survfit’ function from 
the R package ‘survival’. First, cellular states were cat-
egorized into sensitive and resistant according to the 
differences of survival time between responders and 
non-responders for each cellular state. Moreover, we 
compared the differences in sensitivity and resistance of 
cellular states under both platinum/cyclophosphamide 
and platinum/taxane.

In addition, we used data from GDSC2 (​h​t​t​p​​s​:​/​​/​w​w​w​​.​c​​
a​n​c​e​r​r​x​g​e​n​e​.​o​r​g​/) [39] and CTRP (​h​t​t​p​​s​:​/​​/​o​c​g​​.​c​​a​n​c​​e​r​.​​g​o​v​
/​​p​r​​o​g​r​​a​m​s​​/​c​t​d​​2​/​​d​a​t​a​-​p​o​r​t​a​l) [40] as a training set to ​p​r​e​
d​i​c​t the drug sensitivity of TCGA-OV patients using the 
‘calcPhenotype’ function from the ‘oncoPredict’ R pack-
age [41]. A total of 743 drug responses values were pre-
dicted for all OV patients. In light of the predicted drug 
responses mean values, patients were categorized into 
sensitive and resistant groups. The p-value was calculated 
for both groups using the ‘survdiff’ function, and the 
drugs with p-value < 0.05 were considered significantly 
associated with the cellular states.

Statistical analysis
Continuous data were compared using appropriate sta-
tistical tests, including Wilcoxon rank-sum test, or Krus-
kal–Wallis test. Categorical data were analysed using 
the Fisher’s test. The log-rank test was employed to 
determine statistical significance in survival analysis. A 
P-value < 0.05 was considered indicative of a significant 
difference for all statistical tests. R software was utilized 
for all statistical analyses.

Results
Integrated multi-cohort gene expression profiling 
identifies cellular States of OV
We manually curated the OV transcriptomes and in 
total 1,421 OV samples from 6 public datasets were used 

as the discovery cohort (Additional file 1: Table S1). To 
comprehensively characterize the OV TME, we lever-
aged EcoTyper [27] to analyze the complex cellular states 
in the discovery cohort as well as the interaction patterns 
between cellular states (Fig.  1A). We first utilized CIB-
ERTSORTx to obtain 12 cell type-specific gene expres-
sion profiles. Next, we identified 32 distinct cellular states 
from the 12 cell types, each with 2 to 4 cellular states 
(Fig. 1B). In addition, the cellular states were defined by 
specific marker genes (Additional file 2: Fig. S1A). We 
next compared the proportion of patients in each cell 
type that were in different cellular states and found sig-
nificant differences across cell types (Fig. 1C). For exam-
ple, in endothelial cells and dendritic cells, patients were 
predominantly in cellular state S03, while in fibroblast 
cells and NK cells, patients were primarily in cellular 
state S01 (Fig.  1C). These results revealed the extensive 
cellular heterogeneity among OV patients.

Extensive studies have reported that tumor-infiltrating 
T cells are closely associated with clinical outcomes in 
OV [42–44]. It has been demonstrated that CD4 T cells 
are associated with improved survival in OV [12]. Here, 
we performed in-depth analysis of CD4 T cells and CD8 
T cells. We obtained three CD4 T cells states (Fig.  1D) 
and found that immune-related genes, such as CD2, 
CD96 and KLRB1, were highly expressed in the CD4 T 
cells S02 (Additional file 2: Fig. S1B-D). CD2 is a glyco-
protein that plays a crucial role in T cell activation [45]. 
Increasing evidences have indicated that CD2 may serve 
as a novel biomarker for predicting immune efficacy [46]. 
CD96 is a potential immunomodulatory factor for can-
cer [47]. Moreover, we also determined two CD8 T cells 
states (Fig. 1E), and found that the CD8 T cells S01 highly 
expressed many chemokines such as CXCL13, CCL5 and 
CXCR6 (Additional file 2: Fig. S1E-G). It has been shown 
that the high expression of CXCL13 in tumors indicates 
enhanced immunoreactivity in the TME, which tends 
to prolong patient’s survival [48]. CCL5 is a chemotactic 
ligand that may play a fundamental role in anti-tumor 
immunity in OV [49]. Together, these results suggested 
that the immune subtypes we identified are relevant to 
clinical outcomes and the subtype-specific marker genes 
play important roles in OV.

TME are composed of complex cellular communi-
ties and recent studies have demonstrated that charac-
terizing the ecotypes is essential for understanding the 
mechanisms of cancer [27, 28, 50]. We firstly identified 
the genes co-expressed in different cellular states based 
on WGCNA (Additional file 2: Fig. S1H). For example, 
PLAAT4, CXCL11, TAP1 and HLA-G collectively served 
as marker genes for dendritic cells S03 and NK cells S03. 
VCAN collectively served as marker genes for epithe-
lial cells S01 and PMNs S02. These results suggested the 
potential association between different cellular states. To 

https://www.cancerrxgene.org/
https://www.cancerrxgene.org/
https://ocg.cancer.gov/programs/ctd2/data-portal
https://ocg.cancer.gov/programs/ctd2/data-portal
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explore the interactions and co-occurrence patterns of 
different cellular states, we discovered three distinct OV 
ecotypes (Fig. 1F), comprising 3 to 18 co-occurring cel-
lular states per community (Additional file 2: Fig. S1I). 
We found significant differences in cell composition of 
these ecotypes (Fig. 1G). E1 consisted of 12 cell types; E2 
consisted of 11 cell types, while E3 consisted of three cell 
types. We next compared the distribution of cell types, 
cellular states, and ecotypes across different age groups 
and found no significant differences in immune cells or 
immune cellular states among the age groups. However, 
ecotype E1 was predominantly distributed within the age 
range of [63, 69] (Additional file 2: Fig. S1J-L). These find-
ings contributed to our exploration of the potential cel-
lular interactions of the TME in OV.

To validate the stability of the ecotypes, we recovered 
three ecotypes in multiple independent datasets (Addi-
tional file 2: Fig. S2A). Several studies have shown that 
ecotypes can predict patient clinical outcomes [27, 28]. 
We next analyzed the relationship between ecotypes and 
clinical survival in OV patients (Additional file 2: Fig. 
S2B-D). Higher E2 abundance was significantly associ-
ated with better outcomes (Additional file 2: Fig. S2C), 
whereas higher abundance of E3 was significantly associ-
ated with worse prognosis (Additional file 2: Fig. S2D). To 
further characterize the three OV ecotypes, we assessed 
the association of ecotypes abundance with therapeu-
tic responses. E2 abundance was significantly higher in 
responders than nonresponders (Additional file 2: Fig. 
S2E), whereas E3 abundance was significantly higher in 
nonresponders than responders (Additional file 2: Fig. 

Fig. 1  Framework for pan-cohort determination of cellular states and ecosystems in OV. (A) Workflow for dissecting cellular states and ecosystems in 
OV. (B) UMAP plot showing cellular states of OV tumor patients identified by EcoTyper. (C) Cellular states distribution in each cell type of OV patients, 
colored by cellular states. (D) Heat map showing three CD4 T cells states identified from OV bulk transcriptomes in the discovery cohort. (E) Heat map 
showing two CD8 T cells states identified from OV bulk transcriptomes in the discovery cohort. (F) Cellular state abundance profiles in the OV patients, 
categorized into three ecotypes. Tumor samples (columns) are ordered based on the most abundant ecotype per specimen. (G) Cell types distribution of 
each ecotype in OV patients, colored by cell types
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S2F). These findings suggested that E2 and E3 may serve 
as candidate biomarkers for predicting response to thera-
peutic drugs.

Validation of cellular States in bulk tissue and single-cell 
OV transcriptomes
To assess the robustness of identified cellular states, we 
recovered them using 33 validation cohorts (Additional 
file 1: Table S2). Next, we calculated the proportion of 
cellular states assigned to each cell type in the valida-
tion cohorts and found that 100% of the cellular states 
were significantly recovered (Fig.  2A). For instance, 
when considering fibroblasts as an example, we identi-
fied two distinct fibroblast states (Fig.  2B). We success-
fully recovered these two specific cellular phenotypes 
in independent validation cohorts including GSE17260, 

GSE63885, TCGA-OV and scRNA-seq dataset (Fig. 2C), 
suggesting the robustness of cellular states we identified 
in OV. In particular, we also observed that genes associ-
ated with OV development and progression were highly 
expressed in S01 (Fig. 2B), such as THBS2, FBN1, CTSK 
and COL5A1 (Fig. 2D). Elevated expression of THBS2 is 
correlated with unfavorable survival outcomes and can 
serve as a prognostic biomarker for OV [51]. Meanwhile, 
FBN1 promotes tumorigenesis and metastasis in OV [52] 
and CSTK [53] and COL5A1 were associated with OV 
progression and resistance to paclitaxel treatment [54].

Moreover, a growing number of studies have demon-
strated that about 85-95% of OV originate from epithelial 
cells, and epithelial OV is the most common type of OV 
[55]. We obtained two cellular states in epithelial cells and 
recovered both cellular states in bulk transcriptomes as 

Fig. 2  Validation of cellular states in independent cohorts. (A) Heat map showing the percentages of patients recovered in the validation datasets. All rep-
resents union of all cellular states. (B) Heat map showing two fibroblasts cellular states recognized from OV bulk transcriptomes in the discovery cohort. 
(C) Heat map displaying two fibroblasts cellular states recovered by validation datasets and single-cell data. (D) Boxplots showing the expression levels 
of THBS2, FBN1, CTSK and COL5A1 of patients within two fibroblasts cellular states. P-values are calculated using two-sided Wilcoxon’s rank sum tests. (E) 
UMAP plot showing the cell types in scRNA-seq transcriptome of OV patients. Cells were designated based on cell types annotated in a previous study. (F) 
Cellular states distribution of each cell type in scRNA-seq transcriptome of OV patients, colored by cellular states. (G) Bar plots depicting the distribution 
of cellular states in scRNA-seq transcriptome of OV patients derived from primary and metastatic tumor groups, colored by cellular states. (H) Scatter plot 
showing the differentially enriched cellular states between primary and metastatic tumor groups. The dotted line represents p-value = 0.05 and OR = 1. 
The OR is greater than 1 indicates that cellular states are enriched in the primary tumor, while the OR is less than 1 indicates that they are enriched in the 
metastatic tumor. P-values are calculated based on two-sided Fisher’s exact tests
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well as in scRNA-seq cohort (Additional file 2: Fig. S3A-
B). The S02 cellular state was highly expressed genes that 
were correlated with the survival outcome (Additional 
file 2: Fig. S3A-B), and including LGALS1, RARRES2, 
MXRA5 and CD69 (Additional file 2: Fig. S3C). LGALS1 
plays a critical role in tumor growth as well as invasion 
[56], and its high expression leads to poor prognosis in 
OV patients [57]. CD69 is a marker of lymphocyte acti-
vation [58], which may indicate the activation of the 
immune system.

Next, we validated each cellular state at the single-cell 
level. We collected single-cell data of OV from a recent 
study [22] with 80,044 cells from 9 cell types (Fig. 2E). We 
found that typical marker genes were specifically highly 
expressed in the corresponding cell types (Additional file 
2: Fig. S3D), such as CD8A was highly expressed in CD8 
T cells, DCN was highly expressed in fibroblasts, and 
KRT8 was highly expressed in epithelial cells. In addi-
tion, we found significant differences in the proportion 
of cellular states in each cell type (Fig. 2F). There was a 
largely consistent distribution of cellular states across cell 
types both at the bulk transcriptomes and single-cell level 
(Figs. 1C and 2F). For example, in fibroblasts and CD8 T 
cells, the majority of patients were in cellular state S01, 
and in endothelial cells, the cellular state S03 accounted 
for the highest proportion. Additionally, there existed dif-
ferences in cellular states distribution between metastatic 
and primary tumors (Fig.  2G and Additional file 2: Fig. 
S3E). We used the Fisher’s exact test to compare differ-
ences in cellular states in primary and metastatic tumors 
(Fig.  2H), and found that the B cells S01, S02, S03, the 
dendritic cells S02 and the endothelial cells S03 were pre-
dominantly enriched in the metastatic tumors, whereas 
CD4 T cells S01, S02 as well as the NK cells S01 were 
mainly enriched in primary tumors. These results indi-
cated that the cellular states we identified are stable and 
reliable.

We next analyzed the interactions between different 
cellular states in OV TME, including the number and 
the strength of interactions, and found that there were 
interactions between the immune and the stromal cel-
lular states (Additional file 2: Fig. S4A-B), such as an 
increase in the strength of interactions between CD4 
T, CD8 T, and the NK cellular states with the epithelial 
and the fibroblast cellular states. We further investigated 
the interactions between cellular states under different 
signaling pathways and observed an increase in com-
munication between CD8 T cellular states and fibroblast 
cellular states within the CXCL signaling pathway (Addi-
tional file 2: Fig. S4C). Notably, the CXCL12-CXCR4 pair 
played a critical role in this pathway (Additional file 2: 
Fig. S4D). It was shown that CXCL12-CXCR4 signaling 
drove OV cell proliferation, survival and invasion, which 
could be a promising therapeutic target for OV [59]. 

Under PARs signaling pathway, CD8 T cellular states and 
endothelial cellular states communication was increased 
(Additional file 2: Fig. S4E), with the GZMA-F2R pair 
playing a significant role (Additional file 2: Fig. S4F). The 
inefficient communication of GZMA-F2R was correlated 
with the defective PD-1 mAb therapy [60], suggesting 
that immunotherapy may benefit the two cellular states. 
Under the BAG signaling pathway, the communication 
between NK cellular states and endothelial cellular states 
was increased (Additional file 2: Fig. S4G), with BAG6-
NCR3-PS playing a significant role (Additional file 2: Fig. 
S4H). Under the VEGF signaling pathway, the communi-
cation between Mon/Mac cellular states and endothelial 
cellular states was enhanced (Additional file 2: Fig. S4I), 
with VEGFA-VEGFR1R2 playing a crucial role (Addi-
tional file 2: Fig. S4J), suggesting that the two cellular 
states may be associated with the promotion of tumor 
angiogenesis [61]. These results provided potential thera-
peutic targets for OV.

Cellular States are enriched in various cancer hallmark 
pathways
We next aimed to investigate the potential biological 
functions of the identified cellular states. To achieve this, 
we employed a hypergeometric test to perform enrich-
ment analysis of hallmark-related and immune-related 
pathways based on the marker genes of each cellular 
state. We observed that a variety of cellular states were 
significantly enriched in hallmark-related pathways 
(Fig.  3A and Additional file 1: Table S3). For example, 
epithelial cells S02, fibroblast cells S01 and endothelial 
cells S03, which were significantly enriched in ‘epithe-
lial mesenchymal transition’, PMNs S02 and CD4 T cells 
S03 were enriched in ‘tnfa signaling via nfkb’, B cells 
S02 and Monocytes/Macrophages S04 were enriched in 
‘kras signaling up’. In particular, it has been proven that 
EMT is closely associated with OV metastasis, chemo-
therapy resistance and progression, and targeting EMT 
is expected to prevent OV progression [62]. Currently, 
several experimental studies have demonstrated that 
promoting or inhibiting EMT can influence the progres-
sion of OV (Additional file 1: Table S4). Our study further 
revealed several key marker genes including LGALS1, 
THBS2 and FAP, which were closely associated with 
EMT, and all of these genes have been validated by rig-
orous experiments and confirmed to induce EMT in OV 
and promote the metastasis and invasion of OV cells 
[63–65]. In addition, several lines of evidence indicated 
that Kras signaling is related to cancer progression of sev-
eral cancers [66].

We also analyzed the BP biological pathways enriched 
by marker genes and found that lymphocyte-associ-
ated cellular states including B cells states, CD4 T cells 
states and CD8 T cells states were associated with the 
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regulation of immune cell activation (Additional file 2: 
Fig. S5). Furthermore, the marker genes for epithelial cel-
lular states were mainly enriched in pathways such as ste-
roid metabolic process and hormone transport. All these 
results revealed to some extent the functional heteroge-
neity of the diverse malignant and immunology cellular 
states.

NK cells, as part of the innate immune system, are char-
acterized as large granular lymphocytes [67]. It has previ-
ously been discovered that NK cells have dual functions: 
they participate in immune surveillance to eliminate 
tumor cells, but they also contribute to the development 
of an immune-tolerant microenvironment that facilitate 
tumor growth [68, 69]. Recent studies have identified 
that OV tumor cells can interfere with NK cell function, 
facilitating the creation of an immune-tolerant microen-
vironment [70]. Hence, it is important for us to deeply 
understand the role of NK cells in OV. Next, we analyzed 
the NK cells S01 in detail and found that cancer-related 
pathways were significantly enriched (Fig. 3B), including 
‘Myc Targets V2’, ‘G2m Checkpoint’, ‘Spermatogenesis’, 
‘Wnt Beta Catenin Signaling’ and ‘Dna Repair’, suggest-
ing that the markers of NK cells S01 may be related to 
OV development and progression. In addition, emerg-
ing studies have shown that cancerassociated fibroblasts 
can be used as biomarkers of poor survival outcome [71, 

72], which was consistent with the fibroblast S01 marker 
genes enriched in the cancer-related pathways including 
‘Epithelial Mesenchymal Transition’ and ‘Tnfa Signaling 
Via Nfkb’ (Fig. 3C). These findings delineated a functional 
landscape of diverse cellular states in OV.

Regulation of immunological cellular States in OV
To gain a deeper understanding of the functions of cel-
lular states, we investigated the upstream regulators in 
OV. In particular, we analyzed NK cells S01 in detail. By 
utilizing the marker genes of NK cells S01 as a gene set 
for transcription factor (TF) enrichment analysis, we 
identified the key transcriptional regulators that regu-
lated the cellular state (Fig.  4A). YY1 is associated with 
the development of a variety of malignant tumors [73] 
and is able to drive tumorigenesis, metastasis and drug 
resistance [74]. Previous studies have demonstrated that 
YY1 expression is negatively correlated with overall sur-
vival in OV patients [75], which aligned with our find-
ings (Fig.  4B). Meanwhile, we also observed that YY1 
was highly expressed in S01 (Fig.  4C) and showed the 
same trend in the validation cohort (Fig.  4C), suggest-
ing that YY1 may be a critical regulator of NK cells S01 
marker genes. To construct networks that may regulate 
gene expression in the NK cells S01, we used the identi-
fied the target genes of YY1, retaining only the TF-gene 

Fig. 3  Functional characterization of cellular states in OV. (A) Circos plot demonstrating the genes highly expressed of cellular states are enriched in 
immune-related pathways and cancer hallmark pathways. The top side displays the enriched pathways, and the bottom side presents the marker genes 
of the cellular states, the top three marker genes of each cellular state are shown based on the fold change. (B-C) GSEA plots showing representative 
pathways enriched by the differentially expressed genes in (B) NK cells S01 and (C) fibroblasts S01. Each line is for a pathway
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interactions with a confidence level of ‘A’. Ultimately, we 
identified 73 target genes (Additional file 2: Fig. S6A). In 
addition, we performed functional enrichment analysis 
of the target genes of YY1 and found that the genes were 
mainly enriched in the pathways of response to oxygen 
levels, response to hypoxia and cellular response (Fig. 4D 
and Additional file 1: Table S5). Hypoxia is one of the 
characteristics of cancer, and emerging evidence has sug-
gested that hypoxic TME may be one of the causes of 
resistance to antitumor therapy and treatment inefficacy 

[76], potentially explaining the low survival rate observed 
in NK cells S01 patients.

In parallel, we also investigated the RNA-binding pro-
teins (RBPs) that regulated the NK cells S01 marker 
genes. RBPs are class of proteins that specifically bound 
to RNA, and the aberrant expression of RBPs may lead 
to a variety of diseases [77]. An increasing number of 
studies have shown that RBPs-mediated RNA modifica-
tion can influence cancer progression [78]. We obtained 
19 RBPs associated with NK cells S01 based on RBP-
gene relationship pairs (Fig.  4E). We further visualized 

Fig. 4  Potential regulators of NK cells S01 in OV. (A) Representative TFs associated with NK cells S01. Top ten TFs are displayed for NK cells S01 of OV. (B) 
Kaplan–Meier curves showing overall survival in the discovery cohort and GSE9891 cohort stratified according to high vs. low expression of YY1. P-values 
are calculated based on log-rank tests. (C) Raincloud plots exhibiting the expression of YY1 with NK cells S01 and other cellular states in the discovery co-
hort and TCGA cohort. P-values are calculated based on two-sided Wilcoxon’s rank sum tests. (D) Circos plot depicting the biological processes pathways 
enriched by target genes of YY1 in OV. (E) Network visualization showing the relationship between genes and RBPs. The purple nodes represent RBPs, 
and pink nodes represent genes. (F) Hazard ratios (HRs) for expression of RBPs correlated with clinical outcome. The center point is the HR and the border 
is the 95% confidence interval. * indicates p-value < 0.05 and ** indicates p-value < 0.01. P-values are calculated using log-rank tests. (G) Kaplan–Meier 
curves showing overall survival in the discovery cohort stratified according to high vs. low expression of ZFP36, PUM1, HNRNPA1 and SRSF1. P-values are 
calculated using log-rank tests
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the RBPs-target relationship (Additional file 2: Fig. S6B), 
which contained 267 nodes and 519 interaction pairs. 
The construction of regulatory networks revealed com-
plex interaction patterns between RBPs and their targets, 
providing new insights into the mechanisms of disease 
development. In particular, we found most of the RBPs 
were associated with poor survival outcomes (Fig. 4F and 
Additional file 2: Fig. S6C-G), while SFPQ exhibited the 
opposite trend (Additional file 2: Fig. S6H). Notably, RBPs 
such as ZFP36, PUM1, HNRNPA1 and SRSF1 exhibited 
a negative correlation between their expression levels 
and patient survival rates (Fig.  4G). We next compared 
the expression of RBPs between S01 and other states in 
NK cells and found 67% of RBPs were significantly highly 
expressed in S01 (Additional file 2: Fig. S6I). In conclu-
sion, these findings provided valuable clues for us to gain 
insight into the regulatory mechanisms of NK cells S01.

Immunological cellular States are associated with clinical 
benefits
Recent studies have explored the association between 
cellular states and patients prognosis [27, 28, 50]. Thus, 
to further decipher the relationship between OV cel-
lular states and clinical benefits, we constructed a prog-
nostic atlas for 32 cellular states and categorized them 
into protective cellular states and adverse cellular states 
(Fig. 5A and Additional file 1: Table S6). Remarkably, we 
found that the cellular states corresponding to seven cell 
types were significantly associated with patient outcomes 
(Fig. 5A and Additional file 2: Fig. S7A-E). Precisely, six 
cellular states including NK cells S03, Mon/Mac cells 
S02, dendritic cells S02, PMNs S03, endothelial cells S02 
and fibroblasts S02 were associated with better outcomes 
(Fig.  5A-B and Additional file 2: Fig. S7F-J). Next, we 
confirmed the functions of these marker genes of favor-
able cellular states through the available research (Addi-
tional file 1: Table S7) and found that high expression of 
most of the marker genes inhibited tumor growth. This 
consistency in the relationship between cellular states 
and marker genes and patient’s survival validated the 
reliability of our conclusions. By contrast, eight cellular 
states including Mon/Mac cells S03, PMNs S02, den-
dritic cells S03, NK cells S01, endothelial cells S03, CD4 T 
cells S03, B cells S01 and fibroblasts S01 were associated 
with worse outcomes in OV (Fig. 5A-B and E and Addi-
tional file 2: Fig. S7K-P). Similarly, we have elucidated 
the functions of these marker genes of poor prognostic 
cellular states from existing studies and found that high 
expression of most of the marker genes promoted OV 
cells growth (Additional file 1: Table S7). These findings 
not only deepened our understanding of the mechanism 
of action of these specific key genes in tumor devel-
opment, but also reinforced the strong link between 
marker genes and cellular states, and ultimately patient’s 

survival. Further, we explored the two cellular states of 
fibroblasts and found that the patients assigned to S01 
cellular state had inferior outcomes (Fig.  5B), with con-
sistent results observed in the validation cohort (Fig. 5C 
and Additional file 2: Fig. S7Q-R). Meanwhile, we found 
that marker genes for the S01 cellular state were signifi-
cantly enriched in cancer-related signaling pathways such 
as ‘epithelial-mesenchymal transition’, ‘tgf beta signaling’ 
and ‘kras signaling up’ (Fig.  5F), which may explain the 
poor survival of patients. To further explore the associa-
tion between S01 cellular state and patient outcomes, we 
compared the proportion of patients at different stages in 
two fibroblasts cellular states, and found that the major-
ity of patients with S01 were in III and IV stages (Fig. 5G).

Next, we analyzed the association between NK cells 
states and patients survival. Remarkably, there occurred 
significant differences in survival among the three cellu-
lar states (Fig. 5D). It was worth mentioning that patients 
with NK cells S01 had shorter overall survival than other 
states (Fig.  5E), with consistent results observed in the 
validation cohort (Additional file 2: Fig. S7S). Besides, 
we found that the marker genes of NK cells S01 were 
significantly enriched in the MyD88-dependent toll-like 
receptor signaling pathway (Fig.  5H), which is a junc-
tion protein that mediates innate immune signaling 
[79]. It has been unveiled that MyD88 signaling is asso-
ciated with tumor progression and immune escape [80]. 
However, the marker genes for other cellular states were 
enriched in immune-related pathways, including chronic 
inflammatory response and response to lectin (Fig. 5H). 
The signaling pathways enriched by marker genes for 
S01 cellular state and other cellular states revealed tumor 
heterogeneity. Together, these results revealed the asso-
ciation between cellular states and patients prognosis, 
delineating a prognostic landscape of cellular states in 
OV.

The above results showed that marker genes for cel-
lular states play important roles in OV progression. To 
obtain key genes for cellular states, we performed feature 
screening for marker genes associated with adverse cel-
lular states through LASSO regression (Additional file 
2: Fig. S8A-B). A total of 62 genes were selected for risk 
model construction. We stratified the samples into high-
risk and low-risk groups based on the median value of the 
risk score. Patients in the high-risk group showed shorter 
survival than those in the low-risk group (Additional file 
2: Fig. S8C). ROC analyses revealed the diagnostic value 
of the risk score. The AUCs for 1-, 3- and 5-year survival 
were 0.75, 0.73 and 0.75, respectively (Additional file 2: 
Fig. S8D). In addition, we verified these findings in the 
validation dataset (Additional file 2: Fig. S8E-F), sug-
gested the accuracy of the risk model. The model may 
serve as promising tool to predict patient prognosis.
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Dissecting the Spatial patterns of cellular States in OV
Next, we dissected the spatial microenvironment of OV 
tumors. We used Cottrazm [81] for the construction of 
the microenvironment around tumor boundaries by 
integrating spatial transcriptomics (ST) with histologi-
cal imaging, and single-cell transcriptomics. We firstly 
adjusted gene expression data by utilizing morphology 
information and subsequently employed inferCNV to 
identify Mal spots (Fig. 6A). Next, we used Cottrazm to 
classify the spots as either Mal spots or Bdy spots based 

on the distance of the UMAP to the center of the tumor 
centroid (Fig. 6A).

We depicted Mal regions, Bdy regions and nMal 
regions of OV ST data (Fig. 6B). Notably, distinct tumor 
boundaries can be clearly observed in the tissue section 
(Fig. 6B). We next calculated the scores of marker genes 
for cellular states in Mal, Bdy and nMal spots (Fig.  6C 
and Additional file 1: Table S8), which showed that 13 
cellular states had higher scores in Mal spots and 13 cel-
lular states had higher scores in nMal spots. For example, 
we found that fibroblasts S01 and NK cells S01 had the 

Fig. 5  The prognostic landscape of cellular states in OV. (A) Associations between cellular states and survival in the OV discovery cohort. Bar plots 
depicting the -log10 (p-values). Blue represents protective and red represents the risky cellular states. P-values are calculated using log-rank tests. (B) Ka-
plan–Meier curves demonstrating overall survival differences for patients with two fibroblasts cellular states. P-value is calculated using log-rank test. (C) 
Kaplan–Meier curves showing overall survival differences for patients with two fibroblasts cellular states in validation cohort. P-value is calculated using 
log-rank test. (D) Kaplan–Meier curves depicting overall survival differences for patients with three NK cellular states. P-value is calculated using log-rank 
test. (E) Kaplan–Meier curves showing overall survival differences for patients with NK cells S01 and other cellular states. P-value is calculated using log-
rank test. (F) Dot plots depicting the functional pathways enriched by genes highly expressed in two fibroblasts cellular states. P-values are calculated 
using permutation tests. (G) Bar plots showing the proportion of different stages in two fibroblasts cellular states of patients. P-values are calculated using 
two-sided Fisher’s exact tests. (H) Bar plots showing the functional pathways enriched by genes highly expressed in NK cells S01 and other cellular states. 
Red represents the pathways for NK cells S01 and blue represents the pathways for other states
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highest scores in Mal spots, lower scores in Bdy spots, 
and the lowest scores in nMal spots (Fig.  6D-E, and 
Fig. 6G). This was consistent with our previous findings 
that fibroblasts S01 and NK cells S01 were correlated 
with poor outcomes of OV patients (Fig. 5A). Meanwhile, 
we also found that NK cells S03 had the highest scores in 
nMal spots (Fig. 6F), which was consistent with the bet-
ter outcomes of NK cells S03 (Fig. 5A). These results sug-
gested the diverse spatial patterns of the cellular states in 
OV.

Immunological subtypes are associated with drug 
responses in OV patients
Next, we explored the relationship between cellular states 
and drug responses. Initially, we categorized cellular 
states into sensitive and resistant based on the survival 
times of responders and non-responders (Additional file 
1: Table S9). Notably, we found that responders showed 
longer survival times at 18 cellular states (Fig. 7A). Fur-
thermore, we compared the drug responses of cel-
lular states to both platinum/cyclophosphamide and 
platinum/taxane (Fig. 7B). Remarkably, a majority of cel-
lular states were significantly sensitive to platinum/tax-
ane (Fig. 7B). Specifically, NK cells S01 showed favorable 
efficacy to two treatment drugs (Fig. 7B). Additionally, we 
observed that responders who underwent treatment with 
these two drugs had significantly better outcomes than 

non-responders (Fig.  7C-D). Next, we employed Wil-
coxon’s rank sum test to identify differentially expressed 
genes in sensitive and resistant patients of NK cells S01 
(Additional file 2: Fig. S9A). Obviously, SCRN1 was 
highly expressed in the drug-resistant group (Fig.  7E). 
Our observation was in line with the notion that SCRN1 
was a risk factor for OV patients (Additional file 2: Fig. 
S9B). Moreover, STARD5 is a lipid-binding protein and 
copy number variations of STARD5 were associated 
with paclitaxel-platinum chemosensitivity in OV [82]. 
We also found that STARD5 was highly expressed in the 
drug-sensitive group and was a protective factor for OV 
patients (Fig. 7F and Additional file 2: Fig. S9C).

To explore whether cellular states can broadly predict 
the drug responses, we used the ‘oncoPredict’ R package 
[41] to calculate the response values of TCGA-OV data 
for 743 drugs, including 198 drugs from GDSC2 and 
545 drugs from CTRP. We discovered that most cellular 
states can potentially predict the responses to OV drugs 
(Fig.  7G). Furthermore, we observed that patients with 
NK cells S01, dendritic cells S02 and S03 cellular states 
were sensitive to most drugs (Fig. 7G).

We analyzed in detail the survival response of patients 
with NK cells S01 cellular state to the drugs and observed 
that survival time was significantly prolonged in patients 
who were sensitive to Cisplatin, Olaparib, cediranib 
and niclosamide drug treatments (Additional file 2: Fig. 

Fig. 6  The spatial patterns of cellular states in OV. (A) Overview of delineation of tumor boundary. (B) Tissue slide of OV are annotated by malignant spots 
(Mal, red), boundary spots (Bdy, blue) and non-malignant spots (nMal, orange). (C) Heatmap showing the scores of marker genes for cellular states in Mal, 
Bdy and nMal regions. * indicates p-value < 0.05. (D-F) Violin plots showing the scores of marker genes for cellular states in Mal, Bdy and nMal regions. 
P-values are calculated using Kruskal-Wallis tests followed by Wilcoxon’s rank sum tests for pairwise comparisons. (D) for fibroblasts S01. (E) for NK cells 
S01. (F) for NK cells S03. ** indicates p-value < 0.01 and **** indicates p-value < 0.0001 (G) Spatial feature plots of marker genes scores of NK cells S01 in OV
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S9D-G). Meanwhile, we compared the distribution of cel-
lular states between chemotherapy-sensitive and chemo-
therapy-resistant groups using the Fisher’s exact test at 
the single-cell level (Fig. 7H). We observed that NK cells 
S01, dendritic cells S02, S03 cellular states were also sig-
nificantly enriched in the chemotherapy-sensitive group, 
which was consistent with the previous conclusion 
(Fig. 7G and H). This to some extent reflected the accu-
racy of cellular states in predicting drug responses.

We observed that endothelial cells S02, S03 were sig-
nificantly enriched in the chemotherapy-resistant 
group (Fig.  7H). Recent studies have revealed that the 
enrichment of IL13RA1+ Endothelial cells suggested 
that patients were resistant to chemotherapy [22]. We 

compared the expression of IL13RA1 in the discov-
ery cohort and the single-cell cohort, and found that 
IL13RA1 was highly expressed in S02, S03 cellular states 
(Fig.  7I-J). These consistent findings further validated 
specific cellular states can represent candidate predictive 
biomarkers of effective responses to chemotherapy in OV 
patients.

Discussion
TME is the complex ecosystem of non-malignant cells, 
endothelial cells, pericytes, immune cells, bone mar-
row derived cells and extracellular matrix [83]. Together, 
they play crucial roles for tumor growth, invasion, 
metastasis and therapy response [84], it is critical to 

Fig. 7  The association between cellular states and drug therapy. (A) Relationship between cellular states and drug responses in OV. Cellular states are 
sorted by -log10(p-values) of the correlations with overall survival. The dotted line represents p-value = 0.05. P-values are calculated using log-rank tests. 
(B) Heat map showing the association between cellular states with drug responses for platinum/cyclophosphamide and platinum/taxane treatment, 
separately. * indicates p-value < 0.05. P-values are calculated using log-rank tests. (C-D) Kaplan-Meier analysis of patients in the responders and non-
responders groups in NK cells S01. C for platinum/cyclophosphamide. D for platinum/taxane. P-values are calculated using log-rank tests. (E-F) Violin 
plots showing the expression of differential genes for resistant and sensitive groups in NK cells S01. (E) for SCRN1. (F) for STARD5. P-values are calculated 
using two-sided Wilcoxon’s rank sum tests. (G) Correlation between cellular states and therapeutic benefits for drugs used for OV therapy in TCGA OV 
cohort. Circles for resistance and squares for sensitivity. P-values are calculated using log-rank tests. (H) Scatter plot showing the differentially enriched 
cellular states between sensitive and resistant tumor groups. The dotted line represents p-value = 0.05 and OR = 1. The OR is greater than 1 indicates that 
the cellular states are enriched in the sensitive tumor, while the OR is less than 1 indicates that they are enriched in the resistant tumor. P-values are cal-
culated using two-sided Fisher’s exact tests. (I) Raincloud plot showing the expression of IL13RA1 of Endothelial cells in the discovery cohort. P-values are 
calculated using two-sided Wilcoxon’s rank sum tests. (J) Raincloud plot showing the expression of IL13RA1 of Endothelial cells in the scRNA-seq cohort. 
P-values are calculated using two-sided Wilcoxon’s rank sum tests
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comprehensively decode the cellular composition and 
cellular state of the TME. Recent studies have confirmed 
that parsing cellular states from gene expression data to 
define cancer subtypes has become an important tool for 
characterizing TME at high resolution [27, 28]. In this 
study, we applied EcoTyper, a machine learning frame-
work, to comprehensively characterize the TME of OV 
patients. Specifically, we obtained 32 diverse transcrip-
tional cellular states and three cellular communities from 
12 cell types, many of which were significantly prognostic 
for patient outcomes. We validated these cellular states 
using large-scale independent cohorts. These cellular 
states provided a unique perspective to characterize OV 
heterogeneity.

In addition, we identified cellular states associated with 
cancer progression and clinical outcomes. Firstly, we per-
formed functional enrichment analysis of marker genes 
for cellular states and found that numerous cancer hall-
mark pathways were significantly enriched. Further, to 
explore the upstream regulatory mechanisms of cellular 
states, we identified key TFs and RBPs in OV, focusing 
on NK cells S01 cellular state. We identified TFs included 
YY1, which was a poor prognostic marker. High expres-
sion of YY1 was correlated with patient poorer survival. 
It has been reported that that YY1 positively regulated 
the stemness of OV cells by constructing gain- and loss-
of-function experiments, which may explain the negative 
association between YY1 expression and patient out-
comes [75]. Simultaneously, 19 RBPs (e.g. ZFP36, PUM1, 
and HNRNPA1) and SRSF1 were also implicated. It was 
discovered that PUM1 can induce OV cell growth, migra-
tion and invasion based on wound-healing and transwell 
experiment. Thus, PUM1 high expression was negatively 
associated with patient survival [85], which may occur 
via the above-mentioned molecular mechanisms. Nota-
bly, most of the RBPs were significantly associated with 
worse outcomes. The discovery of these key regulators 
was expected to be potential candidate targets in future 
experimental studies. In addition, our research revealed 
key signaling pathway (epithelial mesenchymal transi-
tion, EMT). Several lines of experimental studies sug-
gested that promoting or inhibiting EMT can influence 
the progression of OV (Additional file 1: Table S4), sug-
gesting EMT played significant roles in OV development. 
We also found that the drugs we identified have been 
proven to be used for the treatment of OV validated by 
experiment (Additional file 1: Table S10). These results 
provided strong supports for our conclusions. Further-
more, in order to explore the association between cellular 
states and patients prognosis, we constructed a prognos-
tic maps for 32 cellular states, and 8 cellular states can be 
used as OV survival risk factors, whereas 6 cellular states 
can be used as OV survival protective factors. These 

findings provided a prognostic landscape of the cellular 
states that determine patient outcomes in OV.

Current studies have utilized spatial transcriptomics to 
construct the microenvironment around tumor bound-
aries [81]. Here, we used Cottrazm to dissect the spatial 
microenvironment of OV and explored differences in 
the scores of the NK cells S01 in the Mal, Bdy and nMal 
spots. It was observed that NK cells S01 exhibited the 
highest scores in the Mal regions, which was consistent 
with the poor survival. This revealed that NK cells S01 
was closely associated with OV progression. Finally, we 
explored the relationship between cellular states and OV 
therapeutic benefits. We observed that treatment effects 
of OV can be predicted based on cellular states. In par-
ticular, for patients with NK cells S01, there was a signifi-
cant prolongation of survival time after appropriate drug 
treatment. We also predicted the response values to 743 
drug treatments and found that NK cells S01 was signifi-
cantly sensitive to most drugs such as Cisplatin, Olaparib, 
cediranib and niclosamide. Moreover, we also found NK 
cells S01 significantly enriched in the chemotherapy-sen-
sitive group at the single-cell level. These results revealed 
the predictive potential of cellular states for clinical 
benefit.

Conclusion
In summary, we performed a comprehensive analysis 
of TME in OV patients by bulk, single-cell and spatially 
resolved gene expression data. The results of this study 
will help provide new directions and targets for the diag-
nosis and treatment of OV.
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