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Abstract
Purpose  The complex tumor microenvironment (TME) in ovarian cancer (OC), 
particularly the role of macrophage clusters, plays a pivotal role in driving cancer 
progression and determining patient prognosis. Metabolic reprogramming is a 
hallmark of tumorigenesis and is crucial in reshaping the TME and driving tumor 
progression.

Methods  Through a comprehensive single-cell RNA sequencing analysis of 
macrophage clusters in OC, this study integrated data from four independent datasets 
and identified hypermetabolic subpopulations within nine distinct mononuclear 
phagocyte clusters.

Results  The identified clusters were notably enriched in pathways related to the TCA 
cycle, glycolysis, and HIF-1 signaling, which are closely linked to tumor invasiveness 
and immune modulation. Transcriptional regulation analysis revealed key drivers 
of these metabolic changes, including ZNF574, BRCA1, and ATF5, which might be 
potential therapeutic targets. Cell-cell communication analysis demonstrated that 
hypermetabolic macrophage clusters engaged in extensive signaling with tumor 
epithelial cells, thereby influencing the immune TME and potentially contributing 
to immune evasion. A metabolism-related prognostic model was also established 
based on differentially expressed genes within hypermetabolic macrophages, which 
exhibited robust predictive power for overall survival in OC patients.

Conclusions  Our findings reveal strong associations between metabolic 
reprogramming in tumor-associated macrophages and OC progression, suggesting 
their potential importance in shaping the TME. This study provides novel insights into 
possible therapeutic strategies and prognostic tools for OC, which warrant further 
functional validation.

Clinical trial number  Not applicable.
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Introduction
Ovarian cancer (OC) is a lethal gynecological malignancy worldwide, with high mortal-
ity rates primarily due to late-stage diagnosis and resistance to conventional therapies 
[1]. This aggressive malignancy typically presents at advanced stages, with approximately 
75% of cases diagnosed after metastasis (stages III and IV) [2]. Patients with advanced 
OC exhibit a dismal five-year survival rate, hovering around 30% [3]. A better under-
standing of the tumor microenvironment (TME) is essential for developing novel thera-
peutic strategies for OC.

Within the complex and multifaceted TME of OC, immune cells are particularly prom-
inent among multiple critical components, which may either promote or block tumor 
progression [4]. Notably, tumor-associated macrophages (TAMs) represent an abun-
dant population and are known to stimulate tumor progression and chemoresistance 
[5]. Macrophages within the TME exhibit notable plasticity and can polarize into dis-
tinct phenotypes according to the local signals they encounter [6]. These phenotypes are 
typically classified into two main categories: the classically activated M1 macrophages, 
which boast anti-tumor properties, and the alternatively activated M2 macrophages, 
which promote tumor growth, angiogenesis, and immune suppression [7]. Hence, it is 
essential to elucidate the roles of different macrophage subtypes in OC.

Single-cell RNA sequencing (scRNA-seq) is an established powerful tool that unveils 
cellular heterogeneity within tumors at an unprecedented resolution [8]. This technol-
ogy can identify rare cell populations, map cellular developmental trajectories, and 
analyze intercellular communication [9]. Recent advances in scRNA-seq have provided 
novel ideas for cellular compositions and diverse functions of the OC TME. In particular, 
scRNA-seq investigations have unveiled the heterogeneity of TAMs within the OC TME 
and revealed macrophage clusters with distinct metabolic and immunological properties 
[10]. These findings suggest that it is necessary to gain insight into the molecular mecha-
nisms of macrophage heterogeneity and its role in OC progression. Our analysis reveals 
metabolic reprogramming in mononuclear phagocyte clusters (MPCs) in OC at the sin-
gle-cell level, showing significant enrichment in TCA cycling, fatty acid metabolism, and 
amino acid metabolism. These metabolic pathways facilitate rapid tumor growth and 
increase resistance to platinum-based drugs.

Metabolic reprogramming, similar to TAMs, is a hallmark of cancers. Macrophages 
within the TME frequently experience metabolic shifts that support tumor progression. 
For example, TAMs can switch from oxidative phosphorylation to glycolysis in response 
to hypoxia within the tumor, thus promoting tumor growth and immune evasion [11]. 
Hypermetabolic TAMs, in particular, support tumor cell proliferation and invasion by 
secreting pro-inflammatory cytokines and growth factors. Analyzing the metabolic 
reprogramming of TAMs in OC could uncover new therapeutic strategies, as target-
ing key metabolic pathways may disrupt the supportive role of macrophages in tumor 
progression. Metabolic reprogramming in OC promotes the survival and proliferation 
of cancer cells, improves their adaptation to unfavorable environments, and stimulates 
immune escape and tumor progression. Targeting metabolic reprogramming has been 
used to enhance the anti-tumor efficacy of lysosomal viral therapy for OC by modulating 
energy metabolism within cancer or immune cells.

OC treatment is mainly limited by chemoresistance. TAMs promote chemoresis-
tance through various mechanisms, for example, secreting cytokines interleukin (IL)-6 



Page 3 of 18Qi et al. BioData Mining           (2026) 19:40 

and tumor necrosis factor-α (TNF-α), which activate survival pathways in tumor cells 
[12]. TAMs can also promote chemoresistance by enhancing drug efflux transporters 
and anti-apoptotic proteins in cancer cells [13]. Hence, targeting TAMs can curb tumor 
growth and overcome chemoresistance. Emerging therapies that aim at reprogram-
ming TAMs from a pro-tumorigenic (M2-like) to an anti-tumorigenic (M1-like) phe-
notype are investigated to enhance the efficacy of existing treatments. Several studies 
have stated that primary tumor growth and metastasis of breast cancer and OC can be 
effectively inhibited using Toll-like receptor (TLR) agonists in combination with inter-
feron gamma (IFNγ). This strategy enhances the immune response to tumors by pro-
moting the polarization of M1 macrophages [14]. In terms of immunotherapy for OC, a 
prospective clinical trial has revealed the differences in the TME between homologous 
recombination repair-deficient and homologous recombination repair-intact OC based 
on multi-omics data from and has provided new targets for immunotherapy and combi-
nation regimens for homologous recombination repair-deficient OC. This suggests that 
the effect of immunotherapy can be enhanced by remodeling the TME [15].

In summary, the TME of OC is highly dynamic and complex and is critical in tumor 
progression and chemoresistance. TAMs are crucial components of the TME, exhibit-
ing significant plasticity and functional diversity. The scRNA-seq technology has offered 
new insights into the heterogeneity of TAMs within OC, revealing distinct macrophage 
clusters with varying metabolic and immunological properties. Understanding the 
molecular mechanisms of TAM heterogeneity and their interplays with other cells in the 
TME is essential for developing novel strategies for reprogramming the immune micro-
environment and improving OC patient outcomes.

Materials and methods
Public data sources

The public scRNA-seq datasets (GSE154600, GSE158937, GSE184880, GSE165897) 
and bulk RNA-seq (GSE26712) were downloaded from the Gene Expression Omnibus 
database (https://www.ncbi.nlm.nih.gov/geo). The expression dataset from bulk ​R​N​A​-​s​
e​q and the dataset of TCGA OC phenotypes were downloaded from UCSC Xena [16] 
(http://xena.ucsc.edu/).

Quality control and data integration

Cells were filtered for detected genes (300–7000), mitochondrial gene percent (0–50%), 
hemoglobin gene percent (0–10%), unique molecular identifier (1000–30000), and ribo-
somal gene percent (min: 1–50%). Genes that were expressed in fewer than 3 cells were 
removed. Doublet cells (doublet) were removed in batches via the scDblFinder.

Reciprocal principal component analysis was performed to correct batch effects in 
data [17]. The FindVariableFeatures function in the Seurat package was utilized to pin-
point the top 2000 highly variable genes [18], with default parameters. Principal com-
ponent analysis was performed with these variable genes after Z-score normalization. 
Dimensionality reduction was performed using uniform manifold approximation and 
projection (UMAP) with the top 30 significant principal components. Additionally, clus-
ters were examined using the FindClusters function (resolution = 0.3). Marker genes 
with a fold change > 2 were identified for each cluster using the Seurat FindMarkers 
function. Cell types were annotated with marker genes using CellMarker 2.0 [19] and 

https://www.ncbi.nlm.nih.gov/geo
http://xena.ucsc.edu/
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PanglaoDB [20]. Subclustering analysis was performed on the MPC population after 
integration across samples. Clustering was conducted at multiple resolutions (0.01–1.2), 
and resolution 0.3 was selected based on cluster separation and marker gene expression. 
Marker genes were identified using FindAllMarkers, with logfc.threshold ≥ 0.5 and p < 
0.05 (Bonferroni-corrected).

Gene set variation functional analysis (GSVA)

GSVA analyses were conducted with clusterProfiler [21] and AddModuleScore functions 
in the Seurat package. Hallmark, Kyoto Encyclopedia of Genes and Genomes (KEGG) 
[22], and Reactome pathway databases obtained from R package msigdbr ​(​​​h​t​t​p​:​/​/​w​w​w​.​g​s​
e​a​-​m​s​i​g​d​b​.​o​r​g​/​g​s​e​a​/​m​s​i​g​d​b​/​​​​​) were applied for GSVA analyses.

Pseudotime analysis

Single-cell pseudotime trajectory of Slingshot [23] was constructed using R package 
SCP. The RunSlingshot function was adopted to derive trajectories; the FeatureDim-
Plot function was utilized to plot the trajectories downscaled; subsequently, the genes 
over pseudotime were identified by the RunDynamicFeatures function and visualized by 
DynamicHeatmap.

Cell-cell communication analysis

R package CellChat was employed for cell-cell communication analysis [24], with a mini-
mum cell number of 10. 500 cells from each cluster were randomly selected using the 
subset function. Secreted Signaling, ECM-Receptor, and Cell-Cell Contact in the Cell-
chat database were used.

TCGA and TME analysis

The overall survival (OS) was determined with the survival package (R package 3.4) using 
the log-rank test. The BayesPrism algorithm was utilized to infer the scRNA-seq datas-
ets. BayesPrism is a sophisticated Bayesian inference tool designed to extract detailed 
information from scRNA-seq data and map this information onto bulk RNA-seq data. 
This process can infer both the cellular composition and gene expression profiles within 
the TME. In the TME, immune cells and stromal cells are two primary types of normal 
cells. An estimate algorithm can predict their scores using the expression data and cal-
culate tumor purity in each tumor sample [25]. The ESTIMATE score, immune score, 
stromal score, and tumor purity of different clusters were computed via the estimate R 
package [26].

Establishment and validation of the prognostic risk model

LASSO analysis was employed to identify prognostic biomarkers in the TCGA-OC 
cohort. Then, univariate Cox analysis was utilized to select the final variables. Ten MPC-
related genes were verified as significant hub genes with P < 0.05. The prognostic risk 
model was constructed and shown in forest plots. The risk score was computed: risk 
score = β1* Gene1 Expression Level + β2* Gene2 Expression Level + … + βx* GeneX 
Expression Level (β represents the regression coefficient). The Kaplan‒Meier curves and 
time-dependent receiver operating characteristic (ROC) curves were drawn to check the 
clinical accuracy.

http://www.gsea-msigdb.org/gsea/msigdb/
http://www.gsea-msigdb.org/gsea/msigdb/


Page 5 of 18Qi et al. BioData Mining           (2026) 19:40 

Statistical analyses

R software 4.1.3 was applied for statistical analyses, and p-values and FDR (false discov-
ery rate) q-values < 0.05 implied statistical differences.

Results
Characterization of the single-cell transcriptomic landscape of macrophage clusters in OC

scRNA-seq data were integrated from four datasets (GSE154600, GSE158937, 
GSE184880, GSE165897) related to OC. After removing batch effects and implement-
ing rigorous quality control, we retained 136,193 high-quality cells for further analysis. 
Dimensionality reduction and clustering identified 17 clusters (Supplementary Fig. 1A-
D). Cell annotation based on marker genes revealed 14 distinct cell types (Fig.  1A), 
including mast cells, dendritic cells, MPC cells, plasma cells, B cells, CD8 T cells, CD4 T 
cells, gamma delta T cells, stromal cells, vascular smooth muscle cells, fibroblasts, endo-
thelial cells, Sertoli cells, and epithelial cells. Marker genes for these cell types are shown 
in Fig. 1B. The optimal clustering resolution of 0.3 was selected based on a systematic 
evaluation of the trade-off between cluster separation (silhouette) and granularity (clus-
ter count) (Supplementary Fig. 2). MPCs were further extracted for in-depth analysis, 
and the clustering of 19,544 MPCs identified 9 distinct clusters (Fig. 1C-D). Analysis of 
differentially expressed genes (DEGs) in these clusters showed that MPC1 and MPC2 
primarily exhibited characteristics of ovarian resident MPCs; MPC3, MPC5, and MPC7 
were characteristic of TAMs; MPC4 exhibited monocyte features; and MPC6, MPC8, 
and MPC9 exhibited dendritic cell characteristics (Fig.  1E). The screening criteria for 
differential analysis were |avg_log2FC| > 0.5 and FDR < 0.05. In summary, we for the first 
time depict the single-cell landscape of macrophage clusters in OC.

Functional differences among MPCs

Tumor progression is characterized by malignant transformation in key cancer hall-
marks, including cellular metabolism, signal transduction, cell proliferation, and apop-
tosis [27]. Gene ontology (GO), KEGG, and WikiPathway analyses of DEGs across 9 
MPCs (Fig. 2A) revealed significant functional differences. Clusters MPC1, MPC4, 
MPC6, MPC8, and MPC9 were predominantly associated with immune responses, 
showing enrichment in the IL-17, hypoxia-inducible factor-1 (HIF-1), and NF-kappa B 
signaling pathways. MPC3 was notably enriched in pathways related to cellular metabo-
lism, including the TNF and IL-17 pathways. MPC5 was primarily associated with cell 
proliferation pathways, like the cell cycle and DNA replication. MPC7, enriched in the 
HIF-1 pathway, glycolysis, and gluconeogenesis, was potentially linked to apoptosis and 
metabolic reprogramming. Pathways were screened based on FDR < 0.05. The analysis 
of marker genes for each subpopulation (Fig. 2B-C) and their regulatory gene networks 
(Supplementary Fig. 3) indicated that MPCs were different in metabolic activities and 
mechanisms of tumor invasion. Understanding these functional differences in both 
scRNA-seq and bulk RNA-seq data enhances our insight into the mechanisms of OC 
progression.

Identification of hypermetabolic MPCs

To further investigate the specific functions of different clusters, we constructed meta-
bolic profiles for MPCs (Fig. 3A). MPC5 exhibited the highest metabolic activity across 
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all clusters, showing robust involvement in pathways such as the TCA cycle, fatty acid 
metabolism, and amino acid metabolism, followed by MPC7 and MPC3. Given the con-
nection between energy metabolism and cell invasion in the TME, our focus was on 
the three hypermetabolic clusters: MPC3, MPC5, and MPC7. KEGG pathway analysis 
(Fig. 3B) indicated that these clusters were predominantly associated with hypoxia and 
glycogen metabolism-related signaling pathways, including the HIF-1, glucagon, and 
phosphatidylinositol signaling pathways. GSVA analysis of Hallmark gene sets further 
underscored the importance of these clusters in cellular metabolism (Fig. 3C). Reactome 
pathway analysis also highlighted that MPC3, MPC5, and MPC7 were the most enriched 

Fig. 1  Single-cell transcriptomic landscape of mononuclear phagocyte clusters in ovarian cancer. (A) UMAP di-
mensionality reduction visualization of 136,193 high-quality single cells from four integrated ovarian cancer data-
sets, colored by 14 distinct cell types identified through marker gene annotation. MPC: mononuclear phagocytes; 
DC: dendritic cells; CD8T: CD8 + T cells; CD4T: CD4 + T cells; GDT: gamma delta T cells; VSM: vascular smooth muscle 
cells; Str: stromal cells; Endo: endothelial cells; Fib: fibroblasts; Plm: plasma cells; Mast: mast cells; Sertoli: Sertoli 
cells. (B) Bubble plot showing the expression levels (color intensity) and percentage of expressing cells (bubble 
size) of canonical marker genes across the 14 identified cell clusters. (C) UMAP visualization of 19,544 mononuclear 
phagocyte cells after subclustering analysis, colored by sample origin, demonstrating the distribution of MPCs 
across datasets. (D) UMAP visualization of the 19,544 MPC cells, colored by 9 distinct MPC subclusters (MPC1-
MPC9) identified at resolution 0.3. (E) Volcano plots displaying differentially expressed genes between selected 
MPC subclusters. Red dots indicate significantly upregulated genes (|avg_log2FC| > 0.5, FDR < 0.05); blue dots 
indicate significantly downregulated genes; and gray dots represent non-significant genes
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clusters (Fig. 3D). In summary, our results suggest that MPC3, MPC5, and MPC7 are 
highly metabolic macrophage clusters in OC, displaying metabolic reprogramming fea-
tures that are associated with tumorigenesis and progression of OC.

Transcriptional regulation and developmental trajectory analysis of MPCs

Furthermore, transcription factors enriched in each subpopulation were identified based 
on their areas under the curve (AUC) scores (Fig. 4A). In MPC3, ZNF574, an oncogene 
in OC by regulating the AKT and AMPK pathways, was notably enriched, potentially 
serving as a prognostic marker and therapeutic target [28]. In MPC5, BRCA1, OVOL2, 
and CNOT3 were enriched. Numerous studies confirmed the association of BRCA1/2 
mutations with OC [29]. In MPC7, ATF5, HSF4, and BARX1 were enriched. ATF5 dys-
function considerably enhanced OC cell apoptosis, making it a potential therapeutic tar-
get for epithelial OC [30]. In MPC9, CDX2, TBX21, and RELB were enriched. CDX2 
potentially served as a prognostic biomarker for OC [31].

To better understand the changes in macrophages across disease stages, Slingshot was 
utilized to model the developmental trajectories of the 9 tumor cell clusters (Fig. 4B). 

Fig. 2  Functional characterization of different mononuclear phagocyte clusters. (A) Heatmap showing the ex-
pression levels of representative marker genes across the 9 MPC subclusters. Color intensity represents gene ex-
pression levels (red: high expression; blue: low expression). Clusters MPC1, MPC4, MPC6, MPC8, and MPC9 are 
predominantly enriched in immune response pathways, while MPC3, MPC5, and MPC7 are enriched in metabolic 
and proliferative pathways. (B) Word cloud plot visualizing the most significantly enriched biological processes in 
each MPC subcluster. Word size reflects the enrichment significance. (C) Word cloud plot displaying the top marker 
genes for each MPC subcluster. Word size corresponds to gene expression level or statistical significance
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Five differentiation states were represented by different colors. Combined with previ-
ous functional analyses, the results indicated that the initial monocyte-like cells pre-
dominantly differentiated into MPC3, MPC5, and MPC7 clusters along lineages 1, 2, 
and 3, exhibiting macrophage-like characteristics, while a smaller proportion differenti-
ated into MPC6 and MPC9 along lineages 4 and 5, showing dendritic cell-like features 
(Fig. 4C). Collectively, high-energy metabolism is crucial in tumor invasion, and TAMs 
are important end-effector cells.

Fig. 3  Metabolic pathway enrichment analysis of mononuclear phagocyte clusters. (A) Heatmap of KEGG meta-
bolic pathway enrichment scores across the 9 MPC subclusters. Color intensity represents the degree of pathway 
enrichment. MPC5 exhibits the highest metabolic activity and is strongly enriched in TCA cycle, fatty acid metabo-
lism, and amino acid metabolism pathways, followed by MPC7 and MPC3. (B) Heatmap of KEGG signaling pathway 
enrichment scores across MPC subclusters. Hypermetabolic clusters (MPC3, MPC5, MPC7) are notably enriched 
in hypoxia-related pathways (HIF-1 signaling), glucagon signaling, and phosphatidylinositol signaling pathways. 
(C) Heatmap of Hallmark gene set enrichment scores across MPC subclusters, further confirming the elevated 
metabolic activity in MPC3, MPC5, and MPC7. **Asterisks indicate statistically significant enrichment (*p < 0.05; 
**p < 0.01; *p < 0.001). (D) Heatmap of Reactome pathway enrichment scores across MPC subclusters, highlighting 
the enrichment of metabolic reprogramming-related pathways in hypermetabolic clusters

 



Page 9 of 18Qi et al. BioData Mining           (2026) 19:40 

Cell-cell communication analysis

Cell-to-cell communication analysis was conducted across all cell clusters (Fig. 5A). 
MPC5, MPC7, and MPC9 clusters closely interacted with tumor epithelial cells. SPP1 
and ALCAM pathways were notably increased in the tumor group (Fig. 5B). MPC5 and 
MPC7 showed significant communication in the tumor group compared to other clus-
ters (Fig. 5C-D). Within MPC5 and MPC7 cells, SPP1 and FN1 pathways were notably 
enriched (Fig. 5E-F). In MPC5, the SPP1-CD44 interaction was significantly enhanced, 
which activated multiple ligand-receptor pairs, such as MIF-(CD74 + CXCR4) and FN1-
CD44 (Fig. 5G-H). In MPC7, the SPP1-CD44 interaction was also greatly increased, 
along with the activation of additional ligand-receptor pairs such as MIF-(CD74 + 
CD44) and COL1A2-CD44 (Fig. 5I-J). Functional enrichment and scRNA-seq data 
revealed the involvement of SPP1 + TAMs in metastasis, angiogenesis, and cancer stem 
cell activation [32]. The SPP1 + TAM subpopulation was initially identified in colorectal 

Fig. 4  Transcriptional regulation and developmental trajectory analysis of mononuclear phagocyte clusters. (A) 
Heatmap showing the relative activity scores of key transcription factors across the 9 MPC subclusters. Red indi-
cates high transcriptional regulatory activity, while blue indicates low activity. Notable transcription factors en-
riched in hypermetabolic clusters include ZNF574 (MPC3), BRCA1 (MPC5), and ATF5 (MPC7). (B) Two-dimensional 
projection of the pseudotime developmental trajectories inferred by Slingshot analysis for the 9 MPC subclusters. 
Each point represents a single cell, colored by differentiation state along the inferred lineages. (C) Individual visu-
alization of five distinct developmental lineages (Lineages 1–5) showing the differentiation paths from progenitor-
like cells (MPC4, monocyte-like) toward terminal states, including macrophage-like clusters (MPC3, MPC5, MPC7) 
and dendritic cell-like clusters (MPC6, MPC9). Lineages are overlaid on the UMAP embedding from Fig. 4B
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cancer [33] and later in lung and breast cancers [34, 35]. A subpopulation of SPP1 + 
TAMs was also presented in squamous lung cancer. SPP1 + macrophages were consider-
ably enhanced in the TME, which was associated with poor prognosis in patients with 
squamous lung cancer [32]. Overall, cell-to-cell communication patterns are markedly 
distinct among different MPCs in tumor tissue, and this heterogeneity may be related to 
OC progression.

Fig. 5  Cell-cell communication networks between mononuclear phagocyte clusters and other cell types in thetu-
mor microenvironment of ovarian cancer. (A) Heatmap showing the differential number of interactions between 
source cells (x-axis) and target cells (y-axis) across all identified cell types. Warmer colors indicate a higher number 
of predicted ligand-receptor interactions. (B) Relative information flow of signaling pathways differentially en-
riched between tumor and normal tissue conditions. Pathways with greater information flow in tumor samples 
are shown in red, while those enriched in normal samples are shown in blue. (C) Scatter plot comparing inter-
action strength between normal (NC) and tumor conditions for each MPC cluster. The x-axis represents outgo-
ing interaction strength, while the y-axis represents outgoing interaction strength. Each circle represents an MPC 
cluster. (D) Scatter plot showing outgoing interaction strength for each MPC cluster. The x-axis represents outgo-
ing interaction strength, while the y-axis represents differential outgoing interaction strength. (E-F) Circle plots 
depicting signaling pathway changes (shared, incoming-specific, outgoing-specific) between normal and tumor 
conditions for MPC5 (E) and MPC7 (F). Circle size reflects the number of signaling pathways. (G-H) Circle plots 
showing upregulated ligand-receptor pairs in MPC5 for sending (G) and receiving (H) signaling in the tumor mi-
croenvironment. The outer circle represents different cancer types or cell populations, and the inner connections 
represent ligand-receptor interactions. Line thickness and color intensity indicate the strength of communication 
probability (darker/thicker lines represent higher interaction strength). Different colors represent distinct cell states 
as indicated in the legend. (I-J) Circle plots showing upregulated ligand-receptor pairs in MPC7 for sending (I) and 
receiving (J) signaling in the tumor microenvironment. Key interactions include SPP1-CD44, MIF-(CD74 + CXCR4), 
and FN1-CD44. Color scheme and line thickness follow the same annotations as in (G-H)
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Immune TME of hypermetabolic MPCs

The proportions of 14 single-cell compositions were calculated in 379  OC patients 
from the TCGA dataset using BayesPrism (Fig.  6A). Based on marker genes of differ-
ent MPCs, samples were grouped to examine differences in immune cell infiltration. In 
MPC3, fibroblasts, CD4 T cells, and dendritic cells were greatly elevated in the high-
expression group (Fig. 6B). In MPC5, dendritic cells were notably increased in the low-
expression group (Fig.  6C). CD4 T cells were greatly elevated in the high-expression 
group. In MPC7, B cells were significantly higher in the low-expression group (Fig. 6D). 
MPC3 was positively correlated with fibroblasts, B cells, CD4 T cells, CD8 T cells, den-
dritic cells, and gamma delta T cells (Fig. 6E). MPC5 showed negative correlations with 

Fig. 6  Immune tumor microenvironment characterization of hypermetabolic mononuclear phagocyte clusters. 
(A) Stacked bar plot showing the inferred proportions of 14 immune and stromal cell types in 379 TCGA-OV patient 
samples using BayesPrism deconvolution, based on the single-cell reference from Fig. 1. (B-D) Boxplots comparing 
the abundance of immune cell types between high-expression and low-expression groups for MPC3 (B), MPC5 (C), 
and MPC7 (D). Significance levels: *p < 0.05; **p < 0.01; ***p < 0.001; ns: not significant. (E-G) Lollipop plots showing 
the correlation between MPC3 (E), MPC5 (F), and MPC7 (G) expression and the abundance of various immune 
cell types. The x-axis represents the correlation coefficient, and dot size reflects the absolute correlation strength. 
Dot color represents the p-value. (H-J) Kaplan–Meier survival curves comparing overall survival between high-
expression and low-expression groups for MPC3 (H), MPC5 (I), and MPC7 (J) in the TCGA-OV cohort. The log-rank 
test p-value is shown for each comparison. (K-M) Boxplots comparing tumor purity, StromalScore, ImmuneScore, 
and ESTIMATEScore between high-expression and low-expression groups for MPC3 (K), MPC5 (L), and MPC7 (M). 
High-expression groups in all three clusters show higher tumor purity compared to low-expression groups
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dendritic cells, fibroblasts, and mast cells (Fig. 6F). MPC7 was positively correlated with 
fibroblasts but negatively correlated with B cells and dendritic cells (Fig. 6G). Survival 
analysis indicated no significant differences in OS between the high- and low-expression 
groups in MPC3 and MPC5 (Fig. 6H-I), while the high-expression group in MPC7 had 
poorer OS (Fig.  6J). Furthermore, StromalScore, ImmuneScore, and ESTIMATEScore 
were calculated for MPC3, MPC5, and MPC7 using the Estimate tool. Results showed 
that the high-expression groups in these clusters had higher tumor purity than the low-
expression groups (Fig. 6K-M).

MPC metabolism-related signature prognostic model

DEGs were identified from MPC3, MPC5, and MPC7 cells, and LASSO regres-
sion refined the list of candidate genes (Fig.  7A-B). Afterward, univariate Cox 
regression identified 10 genes significantly associated with prognosis (Fig.  7C), 
including CH25H, SLC7A11, RETN, NRGN, GPAT3, CCR7, TNS1, ISG20, 
UBD, and RAMP1. Based on these genes, risk score could be calculated: Risk 
score = 0.405*CH25H − 0.277*SLC7A11 + 0.509*RETN − 0.142*NRGN + 0.539*GPAT3–
0.508*CCR7 + 0.211*TNS1–0.248*ISG20–0.184*UBD + 0.191*RAMP1. The ROC curve 
analysis demonstrated an AUC of 0.616 for 1-year OS and 0.714 for 3-year OS, indicat-
ing robust prediction performance (Fig. 7D). Kaplan-Meier survival curves revealed that 
the high-risk group had worse prognoses (P < 0.0001) (Fig. 7E). Additionally, statistically 
significant differences were found between the high- and low-risk groups as stratified by 
the risk score (Fig. 7F and G). Similarly, in the GSE26712 dataset, this risk score still dis-
tinguished prognosis, confirming its predictive validity across datasets. (Supplementary 
Fig. 4). In univariate Cox regression analysis, riskScore, Stage, and Age were all associ-
ated with patient prognosis (P < 0.05). However, in the multivariate Cox regression analy-
sis, after adjusting for other variables, the significance of Stage diminished (P > 0.05) and 
no longer reached statistical significance. This suggests that Stage may be influenced by 
other factors, whereas the effects of riskScore (P < 0.001) and Age (P < 0.001) remained 
relatively stable (Fig. 7H and I).

Discussion
The characterized single-cell transcriptomic landscape of macrophage clusters in OC 
enhances our understanding of cellular heterogeneity and functional diversity of the 
TME. The scRNA-seq data were integrated from four independent datasets, and 17 
MPCs critical in tumor progression and immune modulation [6] were identified, includ-
ing 9 macrophage subtypes, highlighting the complex immune responses in OC [7]. 
Our analysis showed unique transcriptional signatures of MPCs, with MPC3, MPC5, 
and MPC7 demonstrating particularly high metabolic activity [36]. Consistently, previ-
ous studies have demonstrated the metabolic plasticity of macrophages within the TME 
[37]. Our study demonstrates metabolic reprogramming in MPCs at the single-cell level 
in OC, revealing notable alterations in key pathways such as the TCA cycle, fatty acid 
metabolism, and amino acid metabolism. These metabolic shifts facilitate tumor pro-
liferation and resistance to platinum-based chemotherapeutic agents. Specifically, the 
MPC5 subset, exhibiting elevated fatty acid metabolism, may be implicated in chemo-
resistance. These insights underscore that targeting metabolic pathways may be a novel 
therapeutic option to improve outcomes in OC patients.
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Significant heterogeneity of macrophages was observed among MPCs in OC, with 
MPC3, MPC5, and MPC7 exhibiting distinct roles in metabolic reprogramming, cell 
proliferation, and tumor invasion [10]. Macrophages within the TME are not homo-
geneous but exhibit diverse phenotypes from pro-inflammatory to immunosuppres-
sive types [38]. Macrophage heterogeneity is well-recognized as a key factor for tumor 

Fig. 7  Development and validation of an MPC metabolism-related prognostic risk model in ovarian cancer. (A) 
LASSO coefficient profiles of metabolism-related genes from MPC3, MPC5, and MPC7 across different log(λ) val-
ues. Each colored line represents the trajectory of an individual gene coefficient. (B) Partial likelihood deviance 
plot from LASSO Cox regression analysis for gene selection. The two vertical dashed lines indicate the optimal λ 
values: the left line corresponds to the λ value with minimum partial likelihood deviance (λ.min), and the right line 
corresponds to the λ value within one standard error of the minimum (λ.1se). The optimal log(λ) value (vertical 
dashed line) corresponding to the minimum partial likelihood deviance was used to select the most informative 
prognostic genes. (C) Forest plot showing the results of univariate Cox regression analysis for the 10 selected 
genes significantly associated with overall survival in the TCGA-OV cohort. Hazard ratios (HR) with 95% confidence 
intervals and p-values are displayed for each gene. (D) Time-dependent receiver operating characteristic (ROC) 
curves evaluating the predictive performance of the risk score for 0.5-, 1-, 2-, 3-, and 4-year overall survival. AUC 
values range from 0.5 to 1.0, with higher values indicating better predictive accuracy (AUC = 0.5 indicates random 
prediction, AUC = 1.0 indicates perfect prediction). (E) Kaplan–Meier survival curves comparing overall survival 
between high-risk and low-risk groups stratified by the median risk score in the TCGA-OV cohort. The log-rank test 
p-value indicates a significant survival difference between groups. (F) Risk factor plot showing the distribution of 
risk scores (top panel) for individual patients in the TCGA-OV cohort, ordered by increasing risk score. The dashed 
line indicates the median cut-off between high-risk and low-risk groups. (G) Heatmap showing the expression 
levels of the 10 model genes in high-risk and low-risk groups. Color scale represents relative gene expression (red: 
high expression; blue: low expression). (H) Forest plot from univariate Cox regression analysis evaluating the prog-
nostic value of risk score, stage, and age. (I) Forest plot from multivariate Cox regression analysis adjusting for risk 
score, stage, and age. Risk score and age remained independent prognostic factors (p < 0.001), while no statistical 
significance for stage was found
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growth, metastasis, and immune evasion [39]. Our study highlighted diverse functions of 
macrophage subtypes, shedding light on their distinct contributions to OC pathogenesis 
[40]. MPCs in OC exhibited significant heterogeneity across function, signaling, metab-
olism, interaction, and prognostic impact. MPC subgroups were involved in immune 
response, cell cycle regulation, and metabolic processes and differentially enriched in 
IL-17, HIF-1, and TNF pathways. MPC5 showed high activities in the TCA cycle and 
fatty acid metabolism, contributing to tumor growth and chemoresistance. MPCs inter-
acted differently with tumor cells and immune cells, among which MPC5 and MPC7 
were closely related to tumor invasion. Additionally, MPC7 was associated with worse 
OS. Targeting these specific subclusters may represent potential anti-tumor options.

GO, KEGG, and WikiPathway analyses uncovered that these MPCs were involved 
in distinct biological processes during tumor progression [41]. MPC1, MPC4, MPC6, 
MPC8, and MPC9 were primarily involved in immune responses, while MPC3, MPC5, 
and MPC7 were implicated in metabolic pathways [5]. Notably, MPC5 showed high 
enrichment in cell cycle and DNA replication pathways, suggesting its promoting role 
in tumor cell proliferation [42]. Similarly, an earlier study has demonstrated that TAMs 
support cancer cell proliferation by releasing cytokines and regulating the cell cycle [8].

MPC3, characterized by high metabolic activities, was enriched in the TNF and 
IL-17 pathways, suggesting its involvement in inflammatory responses and metabolic 
reprogramming [43]. Similarly, MPC7 exhibited strong associations with hypoxia and 
glycolysis-related signaling pathways, further emphasizing the role of metabolic repro-
gramming in driving tumor progression [44]. Research has confirmed the link between 
metabolic pathways and tumor invasion because cancer cells often experience metabolic 
shifts to support their rapid growth and evade immune surveillance [9].

Hypermetabolic clusters, particularly MPC3, MPC5, and MPC7, may be novel 
approaches for targeting the metabolic vulnerabilities of OC. The metabolic reprogram-
ming observed in these clusters may result from the hypoxic TME, which drives the 
switch from oxidative phosphorylation to glycolysis [45]. This phenomenon, known as 
the Warburg effect, is well documented in cancer research as a hallmark of aggressive 
tumors [46].

The transcriptional regulation of MPCs provides valuable insights into key transcrip-
tion factors that drive their differentiation and functional specialization. Our analysis 
identified key transcription factors, such as ZNF574 in MPC3, BRCA1 in MPC5, and 
ATF5 in MPC7, which are involved in OC progression [47]. For instance, BRCA1, a well-
established tumor suppressor, is critical in DNA repair and cell cycle regulation, and its 
mutations are strongly linked to a high risk of OC [48]. The enrichment of BRCA1 in 
MPC5 suggests that this cluster may contribute to tumor progression through defects in 
DNA-repair pathways [12].

The analysis of developmental trajectories revealed that MPCs differentiated into dis-
tinct macrophage subtypes along multiple lineages [49]. MPC4, for example, differenti-
ated into macrophage-like cells (MPC3, MPC5, and MPC7) and dendritic cell-like cells 
(MPC6 and MPC9) [50]. These findings suggest that macrophage plasticity within the 
TME may be a key driver of immune evasion and tumor progression [51]. Previous stud-
ies have highlighted that TAMs can transform into diverse phenotypes in response to 
TME signals, which further supports that macrophages can switch between pro-tumori-
genic and anti-tumorigenic states under specific circumstances [52].
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Cell-cell communication analysis using CellChat revealed intricate signaling networks 
between MPCs and tumor epithelial cells. MPC5, MPC7, and MPC9 tightly interacted 
with tumor epithelial cells, particularly through the SPP1 and ALCAM signaling path-
ways [53]. The increased communication in tumor cells underscores the importance 
of these pathways in facilitating tumor growth and metastasis [54]. Notably, the SPP1-
CD44 interaction was significantly enriched in both MPC5 and MPC7, suggesting that 
these clusters may contribute to tumor cell invasion and immune suppression [55].

The ligand-receptor pairs MIF-(CD74 + CXCR4) and FN1-CD44 were activated, 
which highlighted the role of MPCs in suppressing the immune response and promoting 
tumor cell survival [56]. Consistently, previous evidence has confirmed that TAMs can 
promote tumor progression by secreting pro-tumorigenic cytokines and growth factors 
[57]. Targeting these cell-cell communication networks may be a promising strategy for 
disrupting the supportive role of macrophages in OC progression [58].

The correlations between MPCs and various immune cell types provide further insight 
into the complex interactions within the TME. For example, MPC3 was positively linked 
to fibroblasts, which are known to promote tumor progression by secreting pro-inflam-
matory cytokines [6]. In contrast, MPC5 exhibited a negative correlation with DC cells, 
which are typically associated with immune suppression [47].

The prognostic model based on DEGs in MPC3, MPC5, and MPC7 may advance per-
sonalized medicine in OC. The metabolic genes, such as CH25H, SLC7A11, and RETN, 
highlight the importance of metabolism in determining patient outcomes. The risk score 
derived from these genes could stratify patients into high- and low-risk groups, thus 
potentially guiding therapeutic decisions in clinical practice.

While our sc-RNA-seq analysis revealed the metabolic reprogramming characteris-
tics of TAM clusters in OC and identified potential therapeutic targets and prognostic 
models, these findings still need to be substantiated through in vitro cell cultures, ani-
mal models, or clinical samples to ascertain their biological functions and therapeutic 
efficacy of prognostic genes. Moreover, the heterogeneity within our dataset may have 
affected the consistency and interpretability of the analytical results. Therefore, future 
studies with larger and more diverse patient cohorts are warranted to ensure broader 
clinical relevance and applicability of these findings. Additional experimental validation 
and datasets will enhance the assessment accuracy of the influence of metabolic repro-
gramming in OC progression and provide a more solid foundation for developing novel 
therapeutic strategies and prognostic tools.

Conclusion
Our study comprehensively analyzes the single-cell transcriptomic landscape of macro-
phage clusters in OC, revealing significant heterogeneity and diverse functions among 
MPCs. These hypermetabolic clusters, such as MPC3, MPC5, and MPC7, underscore 
the importance of metabolic reprogramming in driving tumor progression. Our findings 
highlight the critical role of cell-cell communication and immune modulation in shap-
ing the TME, offering new ideas for the mechanisms of OC progression. The prognostic 
model based on MPC metabolism-related signatures represents a promising step toward 
personalized medicine in OC. Future investigations should further elucidate the molec-
ular mechanisms of macrophage heterogeneity and explore novel therapeutic strategies 
targeting metabolic vulnerabilities in OC.
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Supplementary Information
The online version contains supplementary material available at https://doi.org/10.1186/s13040-026-00542-4.

Supplementary Material 1: Supplementary Fig. 1. Quality control and batch effect correction of single-cell RNA 
sequencing data from ovarian cancer samples. (A) UMAP visualization of 136,193 single cells from four ovarian cancer 
datasets before batch effect correction, colored by cluster. (B) UMAP visualization of the same cells before batch 
effect correction, colored by original dataset origin (GSE154600, GSE158937, GSE184880, GSE165897). (C) UMAP 
visualization after batch effect correction using reciprocal principal component analysis, colored by cluster. (D) UMAP 
visualization after batch effect correction, colored by original dataset origin, demonstrating effective removal of 
batch effects

Supplementary Material 2: Supplementary Fig. 2. Optimization of clustering resolution for mononuclear phagocyte 
subpopulation identification. Line plot showing the trade-off between clustering resolution (0.25 to 1.20), the 
number of identified clusters (right y-axis), and the average silhouette score (left y-axis). The optimal resolution of 0.3 
(red dashed line) was selected based on the balance between cluster separation (silhouette score) and granularity 
(cluster count), yielding 9 distinct MPC clusters

Supplementary Material 3: Supplementary Fig. 3. Gene regulatory networks and enriched biological processes in 
mononuclear phagocyte subpopulations. Supplementary Fig. 3 depicts the regulatory gene networks of nine mono-
nuclear phagocyte clusters (MPCs) in ovarian cancer: (A) MPC1, (B) MPC2, (C) MPC3, (D) MPC4, (E) MPC5, (F) MPC6, 
(G) MPC7, (H) MPC8, and (I) MPC9. Nodes represent cluster-specific genes, and edges indicate functional associa-
tions. Gene Ontology Biological Process (GO BP) enrichment analysis highlights distinct functional programs across 
MPC subpopulations, including antigen processing and presentation and complement activation in MPC1–MPC2, 
monocyte-like immune features in MPC4, inflammatory and metabolically active tumor-associated macrophage 
characteristics in MPC3, highly proliferative and hypermetabolic programs in MPC5, hypoxia- and glycolysis-associat-
ed inflammatory signaling in MPC7, and dendritic cell–like immune regulatory functions in MPC6, MPC8, and MPC9, 
collectively revealing pronounced functional heterogeneity of MPCs within the microenvironment of ovarian cancer

Supplementary Material 4: Supplementary Fig. 4. Validation of the MPC metabolism-related prognostic risk model 
in the GSE26712 cohort. (A) Kaplan–Meier survival curves comparing overall survival between high-risk and low-risk 
groups stratified by the MPC metabolism-related risk score in the GSE26712 dataset (n = 153). The log-rank test p-
value indicates a significant survival difference between groups. (B) Time-dependent receiver operating character-
istic (ROC) curves evaluating the predictive performance of the risk score for 1-, 2-, 3-, 4-, and 5-year overall survival. 
AUC values range from 0.5 to 1.0, with higher values indicating better predictive accuracy (AUC = 0.5 indicates 
random prediction, AUC = 1.0 indicates perfect prediction). (C) Risk factor plot showing the distribution of risk scores 
(top), survival status (middle), and expression heatmap of the 10 model genes (bottom) for individual patients in the 
GSE26712 cohort. Patients are ordered by increasing risk score. The vertical dashed line indicates the median cut-off 
between high-risk and low-risk groups
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