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Abstract

Background The complex metabolic and immune characteristics of ovarian cancer and their interconnections can
promote tumor immune evasion, ultimately leading to immunotherapy failure. A comprehensive understanding of
these relationships can inform the development of diagnostic markers and more effective therapeutics.

Methods Mendelian randomization analysis identified the metabolic and immune characteristics of non-mucinous
ovarian cancer. Glycosphingolipid metabolic gene signature was selected using Lasso and univariate Cox regression.
Single-cell transcriptomics, proteomics, and spatial transcriptomics were applied to elucidate the expression of these
genes and their association with immunological features, while cell-cell communication analysis explored potential
molecular mechanisms. Prognostic models were constructed using multiple machine learning algorithms.

Results 13 metabolic and immune characteristics showed causally associations with non-mucinous ovarian cancer,
including CD20+ B cells and the glycosphingolipid metabolism. PPIA-BSG mediated the cell-cell communication
between CD20+ B cells and SUMF1 +malignant cells, promoting immune evasion driven by extracellular matrix
remodeling. Prognostic models based on extracellular matrix genes co-experessed with SUMF1 demonstrated good
predictive accuracy and generalizability across multiple independent datasets (maximum AUC=0.732).

Conclusions In non-mucinous ovarian cancer, we identified two distinct cell subpopulations: CD20+ B cells and
SUMF1 +malignant cells, which interact through the PPIA-BSG signaling axis. These findings may aid in identifying
diagnostic markers and clinical therapeutic targets for this disease.
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Background

Ovarian cancer (OC) is the eighth most common can-
cer in women and the second leading cause of death
from gynecologic cancers [1]. Its significant variations
in immune and metabolic profiles further intensify the
disease’s heterogeneity. This complexity consequently
undermines the effectiveness of immunotherapy [2, 3].

The tumor immune microenvironment (TIME) of OC
is notably heterogeneity, characterized by genetic varia-
tions in tumor cells, diverse immune cell infiltration
patterns, and varied immune responses. These all signifi-
cantly influence tumor biological behavior and response
to immunotherapy [4]. In high-grade serous ovarian car-
cinoma (HGSOC), HLA-E upregulation and impaired
natural killer (NK) cell function frequently coincide with
TP53 mutations [5, 6]. These alterations promote pro-
grammed death ligand 1 (PD-L1) overexpression and
enhance glycolysis and glutamine catabolism via the
mTOR pathway. Ovarian endometrioid carcinoma (OEC)
is characterized by high tumor-infiltrating lymphocytes
(TILs) infiltration due to microsatellite instability (MSI)
or POLE mutations, while diminished B cell infiltration
correlates with a poorer prognosis [7, 8]. Local immuno-
suppressive regulatory T cells (Tregs) activate the PPARy
pathway through lipid metabolites like prostaglandin E2
(PGE2), thereby promoting fatty acid oxidation (FAO)
and cholesterol synthesis [9]. In clear cell ovarian carci-
noma (CCOC), ARID1A loss and HIF-1a pathway activa-
tion cause defects in antigen presentation and abnormal
angiogenesis. This low-immunogenicity microenviron-
ment sustains hypoxia-adaptive metabolism through
HIF-1la-dependent glycolysis and the pentose phosphate
pathway (PPP) [10].

Furthermore, OC exhibits complex metabolic char-
acteristics that influence the function of immune cells,
promoting tumor immune evasion [11]. In serous ovar-
ian carcinoma (SOC), the Warburg effect causes lactate
accumulation in the tumor microenvironment (TME),
directly suppressing anti-tumor immunity [12] and pro-
moting Treg proliferation [13]. SOC cells utilize exog-
enous glutamine metabolism to release N-acetylaspartate
(NAA), which induces macrophage polarization toward
the M2 phenotype and upregulates PD-L1 expression
[14-16]. In CCOC, hypoxia-induced abnormal glyco-
gen accumulation and elevated reactive oxygen species
(ROS) metabolism can impair immune responses by
inhibiting T cell receptor signaling, while nicotinamide
adenine dinucleotide phosphate (NADPH) generated
via the PPP pathway strengthens antioxidant defenses
to facilitate immune evasion [17]. OEC typically shares
molecular features with endometrial cancer but may be
metabolically more similar to CCOC [18]. Nevertheless,
the metabolic characteristics of OC also provides poten-
tial therapeutic targets. For example, folate-targeted
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nanoparticles that inhibit glutamine metabolism have
been shown to suppress tumor proliferation while
enhancing antitumor immunity [19].

Here, a multi-omics analysis reveals the immune and
metabolic characteristics of non-mucinous ovarian can-
cer and explores the relationship between metabolic
changes and tumor immunity, thereby establishing a
foundation for targeted therapies and biomarker explora-
tion of non-mucinous ovarian cancer.

Methods

Data sources

The GWAS Catalog (accessions GCST90001391 to
GCST90002121) provides genome-wide association
study (GWAS) summary statistics for 731 immune cell
traits, as reported by Zhao et al. in a study of 3,757 Euro-
pean individuals [20]. Summary statistics for 1,400 serum
metabolites were obtained from the GWAS by Chen et
al. (GCST90199621 to GCST902010209), which included
data from 8,299 individuals covering 1,091 metabolites
and 309 metabolite ratios [21]. Cathepsin GWAS data
comprised two parts: data for 9 cathepsins from Li et
al. (prot-a-718, prot-a-720, prot-a-722, prot-a-723, prot-
a-725 to prot-a-729), derived from 3,301 individuals of
European descent [22], supplemented with Cathepsin L1
data (GCST90012073) from 13 European cohorts total-
ing 21,758 participants, yielding 10 cathepsin datasets
in total [23]. Inflammatory protein GWAS summary sta-
tistics for 91 traits (GCST90274758 to GCST90274848)
were sourced from the study by Jing Hua Zhao et al. [24].
Summary statistics for 179 plasma lipids (GCST90277238
to GCST90277418) came from a GWAS by Ottensmann
et al., which involved 7,147 Finnish individuals [25]. OC
GWAS data encompassed non-mucinous epithelial ovar-
ian carcinoma (NMEOC), HGSOC, low-grade serous
epithelial ovarian carcinoma (LGSOC), endometrioid
epithelial ovarian carcinoma (EEOC), CCOC, mucinous
and mucinous cystic tumor, and SOC. OC GWAS data
encompassed non-mucinous epithelial ovarian carci-
noma (NMEOC), HGSOC, low-grade serous epithelial
ovarian carcinoma (LGSOC), endometrioid epithelial
ovarian carcinoma (EEOC), CCOC, mucinous and muci-
nous cystic tumor, and SOC. Histotype-specific epithe-
lial ovarian carcinoma (EOC) data were obtained from
a GWAS by Eileen O Dareng et al. (GCST90244167 to
GCST90244171), including 23,394 cases of NMEOC,
15,588 cases of HGSOC, 2,729 cases of LGSOC, 2,877
cases of EEOC, and 1,427 cases of CCOC, totaling 25,981
EOC cases and 105,724 controls of European ancestry
[26]. Mucinous and mucinous cystic tumor data origi-
nated from the FinnGen database (finngen_R11_C3_
OVARY_MUCINO_EXALLC: 141 cases vs. 201,494
controls; finngen_R11_C3_OVARY_SEROUS_EXALLC:
1,016 cases vs. 201,494 controls) [27]. Further details on
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all GWAS summary statistics are available in Supplemen-
tary Table S1.

We obtained RNAseq data and corresponding clini-
cal information for 264 non-mucinous ovarian cancer
patients from the The Cancer Genome Atlas (TCGA)
database. Additional data were sourced from the Gene
Expression Omnibus (GEO) under accession number
GSE63885, which contains gene expression data from
101 ovarian cancer surgical samples, including 73 serous
ovarian carcinoma, 12 endometrioid epithelial ovarian
carcinoma, 9 clear cell ovarian carcinoma, and 7 undif-
ferentiated types.

Single-cell transcriptome samples and associated
clinical information for non-mucinous ovarian can-
cer were acquired from the GEO under accession num-
bers GSE115007, GSE118828, GSE130000, GSE147082,
GSE151214, GSE154600, GSE154763, GSE158722, and
GSE211956, as well as from the ArrayExpress database
(E-MTAB-8107).

We obtained spatial RNA-seq matrices of primary
tumor slices from 8 HGSOC patients from GEO [28],
which were labeled OC1-OC8 (OCI1: GSE211956-
GSM6506110-SP1, OC2: GSE211956-GSM6506111-SP2,
OC3: GSE211956-GSM6506112-SP3, OC4: GSE211956-
GSM6506113-SP4, OC5: GSE211956-GSM6506114-SP5,
OC6: GSE211956-GSM6506115-SP6, OC7: GSE211956-
GSM6506116-SP7, OC8: GSE211956-GSM6506117-SP8).

69 glycosphingolipid metabolism genes and 568 extra-
cellular matrix genes were obtained from the MsigDB
database, specifically from the GOBP_GLYCOSPHIN-
GOLIPID_METABOLIC_PROCESS, GO_EXTRACEL-
LULAR_MATRIX gene sets.

Proteomics data is obtained from the Prospective ovar-
ian JHU Proteome (PDC Study Identifier: PDC000110),
with samples obtained from ovarian serous carcinoma.

Mendelian randomization (MR) analysis

In MR studies, single nucleotide polymorphisms (SNPs)
serve as effective instrumental variables (IVs), and the eli-
gible IVs are based on three assumptions: [1] Relevance
assumption: The IVs are closely related to the exposure
factor; [2] Independence assumption: The IVs should not
be influenced by known or unknown confounding fac-
tors; [3] Exclusion assumption: The IVs affect the out-
come factor only through the exposure factor. This study
selected SNPs with a significance threshold of P < 1e-05.
GWAS datasets for HGSOC, LGSOC, EEOC, mucinous
and mucinous cystic tumor, SOC and CCOC were used
as outcome datasets. The threshold for SNP linkage dis-
equilibrium (LD) is r* < 0.001 and the genetic distance
> 10, 000 kb. An F statistic greater than 10 is used as a
threshold to mitigate bias caused by weak IVs. Finally,
Steiger filtering is applied to ensure causal direction.
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SNPs with inconsistent alleles or palindrome variants are
excluded.

Protein expression analysis

We obtained 69 glycosphingolipid metabolism genes and
used a non-parametric Wilcoxon rank-sum test to com-
pare differences in protein expression levels of pathway
genes. We obtained immunohistochemistry and immu-
nofluorescence slides of non-mucinous ovarian cancer
and normal tissues from the HPA database to validate
differential gene expression levels. Sample and corre-
sponding antibody information are provided in Supple-
mentary Table S2, 3.

Survival analysis

We performed univariate Cox survival analysis using
the survival package, fitting a Cox proportional hazards
model with the coxph() function. Subsequently, a meta-
analysis approach was employed to calculate the pooled
hazard ratio (HR) and its 95% confidence interval (CI).

Gene set variation analysis

To investigate the function of MS4Al, we performed
Gene Set Variation Analysis (GSVA). We utilized the
z-score parameter algorithm from the GSVA package to
assign scores to metabolic gene sets obtained from the
Kyoto Encyclopedia of Genes and Genomes (KEGG)
database. Differences in GSVA scores between the high
and low MS4A1 expression groups were then analyzed
with the Limma package.

Spearman correlation analysis

We employed Spearman correlation analysis to evaluate
the relationship between immune checkpoints and glyco-
sphingolipid metabolic gene signature selected by Lasso
regression, with P < 0.05 considered statistically signifi-
cant. This analysis used the GSE63885 dataset from the
GEO database, which contains gene expression data from
101 °C surgical samples, including 73 SOC, 12 EEOC, 9
CCOC, and 7 undifferentiated types, representing the
non-mucinous ovarian cancer category under investiga-
tion. ITPRIPL1, SIGLEC15, TIGIT, CD274, HAVCR?2,
PDCD1, CTLA4, LAG3, and PDCD1LG2 are key genes
associated with immune regulation [29-33].

Immune microenvironment analysis

Tumor immune subtypes were classified according to
the approach established by Thorsson V et al. [34], which
assigned immune subtypes to each of more than 10,000
tumor samples representing 33 cancer types in TCGA.
The Kruskal-Wallis rank sum test evaluated whether
MS4A1 gene expression levels differed significantly
across molecular subtypes in the OC dataset. Molecular
subtype data originated from the UCSC Xena database.
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Tumor samples were divided into groups based on the
median value of gene expression. The easier package was
used to quantify the levels of chemokines, tertiary lym-
phoid structures (TLS), IFN-y, and inflammatory T cells
in OC to evaluate corresponding immune features. Dif-
ferences in the scores of different characteristics between
the high- and low-expression groups were assessed with
the Wilcoxon Rank Sum and Signed Rank Tests. Accord-
ing to the quartiles of gene expression, all patients were
divided into four types: Q1, Q2, Q3, and Q4, where
Q1 denotes the highest 25% and Q4 the lowest 25% of
expression. In line with Thorsson V et al’s framework
for immune response and genomic status [34], average
scores for each feature across the four patient groups
were computed (excluding missing values) and visualized
with the pheatmap package.

Immune infiltration data of OC was obtained from
the public database TIMER2.0, and a comprehensive
assessment of the content of different cell types and their
Spearman correlation with gene expression was con-
ducted using various algorithms (ABS, XCELL, TIMER,
CIBERSORT, QUANTISEQ, MCPCOUNTER, EPIC),
visualized with scatter plots and heatmaps. Differences in
immune cell content between high- and low-expression
groups, as estimated by the different algorithms, were
compared using the non-parametric Wilcoxon rank-sum
test and displayed in a heatmap.

The Tracking Tumor Immunophenotype (TIP) data-
base systematically integrates ssGSEA and CIBERSORT
to track, analyze, and visualize anti-tumor immune status
and tumor-infiltrating immune cell proportions across
seven stages of the cancer-immunity cycle. Spearman
correlation analysis was employed to assess the cor-
relation between target gene expression levels and TIP
scores, as well as the self-correlation between TIP scores,
and used the linkET package for visualization.

Single-cell transcriptome analysis

We processed and quality-controlled all single-cell
sequencing matrices from the datasets EMTAB8107,
GSE115007, (GSE118828, GSE130000, GSE147082,
GSE151214, GSE154600, GSE154763, and GSE158722
using the Seurat package. Cells selection was based on
the following criteria: a Unique Molecular Identifier
(UMI) count exceeding 1,000, between 500 and 4,000
expressed genes, and mitochondrial gene expression
comprising less than 25% of the total UMI count. Cell
type annotation was completed using the FindCluster
function, with the resolution parameter set to 0.6 (resolu-
tion =0.6) to balance between the number of clusters and
the data structure. Expression levels of genes of interest
across cell types were assessed using the Kruskal-Wallis
rank-sum test.

Page 4 of 17

Spatial transcriptomics analysis

Based on the single-cell transcriptomics quality con-
trol and clustering methods from the previous step,
we performed deconvolution analysis preprocessing.
Employing the get enrichment_matrix and enrichment_
analysis functions in the Cottrazm package, we generated
an enrichment score matrix. The SpatialDimPlot func-
tion in the Seurat package visualized the predominant
cell type within each spot, thereby achieving cell localiza-
tion. Subsequently, we used the SpatialFeaturePlot func-
tion to visualize the gene expression landscape across
spots for each samples. Finally, we performed Spearman
correlation analysis to assess the correlation between the
content of each cell in all spots and gene expression lev-
els, with results visualized using the linkET package.

Cell-cell communication analysis

We used the CellChat package to analyze gene expres-
sion patterns that regulate intercellular communication,
thereby providing a comprehensive view of signaling
across different cellular environments. The intensity of
intercellular communication was visualized using the
netVisual_heatmap and netVisual_circl functions; The
primary senders and receivers of intercellular commu-
nication and their connectivity were displayed using
the netAnalysis_signalingRole_scatter and netVisual
aggregate functions, respectively; The netVisual_bubble
function was used to demonstrate the ligand-receptor
signaling pathways of intercellular communication.

Protein-protein interaction network

We constructed a protein-protein interaction network
using the STRING database (string-db.org), imported the
resulting network into Cytoscape (version 3.10.3), and
scored each node with the cytoHubba plugin. The nodes
were then ranked according to their Degree algorithm
scores, and the top 50 genes were identified as key genes.

Weighted gene co-expression network analysis (WGCNA)

The top 5000 genes with the highest coefficient of varia-
tion (CV) was selected for analysis after low-quality sam-
ples and genes were excluded. A similarity matrix was
constructed by calculating the Pearson correlation coef-
ficient between genes, and a weighted adjacency matrix
was generated using the soft-threshold power parameter
B to confer scale-free properties on the network. The
selection of the soft-threshold p is based on the scale-free
topology model fitting index, with a fitting index>0.85.
The topological overlap measure (TOM) was then com-
puted from the weighted adjacency matrix to evaluate the
relative connectivity and neighborhood overlap among
genes. Hierarchical clustering of genes was performed
using the Dynamic Tree Cut method, a bottom-up algo-
rithm, to identify co-expression modules. Modules with
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a dissimilarity threshold of less than 0.25 were merged
to reduce the number of modules and enhance their bio-
logical significance. Gene significance (GS) and module
significance (MS) quantified the correlation of genes and
modules, with stringent thresholds applied: |GS| >0.5
and [IMM| >0.8.

Construction of prognostic models by various machine
learning algorithms

Following previous research and optimizing the meth-
odology [35, 36], we constructed prognostic models by
using input genes directly as features and applied several
machine learning algorithms: Lasso regression, Elas-
tic Net, Ridge regression, Stepwise Cox regression, and
CoxBoost. Lasso regression was implemented with the
glmnet package, specifying the family parameter as cox,
setting the alpha parameter to 1, and performing 10-fold
cross-validation using the cv.glmnet function to select
the optimal A value. Both Elastic Net and Ridge regres-
sion were also implemented with the glmnet package,
with the alpha parameter for Elastic Net tested across a
range from 0.1 to 0.9 and set to O for Ridge regression.
For Stepwise Cox regression, we first built a multifac-
tor Cox regression model with the coxph function and
then performed stepwise regression using the stepAIC
function, evaluating all directions (both, forward, and
backward). The CoxBoost model was developed by first
optimizing the penalty parameter with optimCoxBoost-
Penalty, followed by cross-validation with cv.CoxBoost to
finalize the model using the CoxBoost function. Model
coefficients and their corresponding genes were extracted
either with the coef function or from the model’s regres-
sion coefficient slot.

Evaluation of the prognostic models

To evaluate the performance of the prognostic mod-
els, we employed the Receiver Operating Characteris-
tic curve (ROC) and Area Under the Curve (AUC). The
timeROC package calculated AUC values at 1, 3, and 5
years. These average AUC values were then visualized
with the ComplexHeatmap package. Finally, a univari-
ate Cox analysis was performed via the coxph function
to calculate the HR values of the risk scores computed by
the top-ranked algorithm across the datasets.

Statistics

The meta-analysis employed a random effects model to
calculate a pooled hazard ratio (HR) with a 95% confi-
dence interval (CI) from the included studies. Hetero-
geneity among the studies was assessed using a standard
statistical test. All statistical analyses and visualizations
were conducted with the Meta package in R (version
4.3.2). We used the glmnet package in R to perform Lasso
regression for feature selection, setting family = cox to fit
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the Cox proportional hazards model. This model applies
an L1 regularization constraint, automatically selecting
variables significant for survival and shrinking the coef-
ficients of insignificant variables to zero. The cv.glmnet
function was used to perform 10-fold cross-validation.
The optimal regularization parameter X value was deter-
mined through cross-validation. When building the
model, we set the maximum number of iterations to 1000
to ensure the convergence of the algorithm. Finally, use
the coef function to extract the genes with non-zero coef-
ficients and their regression coefficients at the optimal A
value. We used the VennDiagram package in R to draw
Venn diagrams.

Results

CD20 +B cell and glycosphingolipid metabolism are key
immune and metabolic characteristics of non-mucinous
ovarian cancer

After excluding results that did not pass sensitivity analy-
sis in MR analysis, we identified 13 immune and meta-
bolic characteristics causally associated with more than
three subtypes of non-mucinous ovarian cancer. Among
them, CD20 on IgD + CD38+B cell was negatively cor-
related with NMEOC (OR =1.089, 95%CI: [1.046—1.134],
P=3.48e-05), HGSOC (OR =1.080, 95%CI: [1.030-1.133],
P=0.002), and CCOC (OR=1.164, 95%CI: [1.009-1.343],
P=0.037). Sphingomyelin (d18:1/19:0, d19:1/18:0) lev-
els were positively correlated with NMEOC (OR=1.110,
95%CIL: [1.041-1.183], P=0.002), HGSOC (OR=1.097,
95%CIL:  [1.028-1.170], P=0.005), and LGSOC
(OR=1.187, 95%CI: [1.008-1.398], P=0.040). Hydroxyp-
almitoyl sphingomyelin (d18:1/16:0 (OH)) levels were
positively correlated with NMEOC (OR =1.074, 95%Cl:
[1.019-1.131], P=0.008), EEOC (OR=1.228, 95%CL:
[1.077-1.400], P=0.002), and CCOC (OR =1.252, 95%CI:
[1.043-1.504], P=0.016). (Fig. la, see Supplementary
Files for complete results of MR and sensitivity analysis).
Both sphingomyelin and hydroxypalmitoyl sphingomy-
elin participate in glycosphingolipid (GSL) metabolism.
Among the 69 GSL metabolism genes, the protein expres-
sion levels of GM2A, HEXA, HEXB, and SUMF1 were
significantly increased in OC (Fig. 1b). We applied Lasso
regression to remove collinearity in the gene set and
obtained the GSL metabolic signature: B3GALNTI,
GBA2, GM2A, HEXA, ITGBS8, SCARB2, SUMFI,
TMOISF2 (Fig. 1c, d). Intersection of this characteristic
gene set with high-expression genes identified SUMF1
as a key GSL metabolism gene (Fig. le). The gene encod-
ing CD20 is MS4A1l. Univariate Cox regression analysis
showed that MS4A1 was associated with progression-
free survival (PFS) in OC (P=0.020) and was a protective
factor (HR=0.92, 95%CI: [0.86-0.99]). A meta-analysis
corroborated these findings (HR=0.75, 95%CI: [0.60—
0.94]), with low heterogeneity across survival periods
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Fig. 1 Identification of the metabolic and immune characteristics of non-mucinous ovarian cancer. (@) The forest plot of the potential positive causal
relationship between six non-mucinous ovarian cancer subtypes and immune and metabolic exposure factors; (b) Protein expression differential analysis
of genes involved in GSL metabolism; (c) Lasso regression coefficient path plot. The horizontal axis represents the logarithm of the regularization param-
eter A, and the vertical axis represents the magnitude of the regression coefficients; (d) Error analysis based on 10-fold cross-validation. The horizontal axis
represents Log(A), and the vertical axis represents the partial likelihood deviation; e) Venn Diagram illustrating the common factors shared by the feature
gene set and the highly expressed gene set; (f) and (g) Forest plots of meta-analysis results for the univariate Cox survival analysis of MS4A1 and SUMF1,

across four survival periods (DSS, OS, PFl, and DFI) in OC

(P=0.82) (Fig. 1f). SUMF1 was associated with disease-
specific survival (DSS) (HR=0.75, 95%CI: [0.58-0.98]),
Overall survival (OS) (HR=0.78, 95%CI: [0.61-0.99),
and PFS (HR=0.75, 95%CI: [0.60-0.94]) and was a pro-
tective factor. Meta-analysis confirmed these findings
(HR=0.79, 95%CI: [0.69—-0.89]), with low heterogeneity
across survival periods (P=0.63) (Fig. 1g).

High expression of MS4A1 is associated with GSL
metabolism and the activation of immune response in OC
The GSVA results revealed activation of specific meta-
bolic pathways in the MS4A1l high-expression group,
including glycosphingolipid biosynthesis in the ganglio,
globo, and isoglobo series (Fig. 2a). Several GSL meta-
bolic signature genes, including SUMF1, SCARB2, and
GM2A, exhibited significant positive correlations with
immune checkpoint genes such as PDCD1, HAVCR?2,
and LAG3 (Fig. 2b, c¢). Chemokine expression, IFN-y
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(See figure on previous page.)

Fig. 2 Association between differential MS4A1 expression and metabolic pathways and the TIME. (a) Differences in GSVA scores for metabolic pathways
between high and low MS4A1 gene expression groups. The horizontal axis represents the t-value of the GSVA score, while the y-axis represents different
metabolic gene sets. Gray indicates no significant difference; (b) The heatmap illustrating the results of Spearman correlation analysis between key genes
involved in GSL metabolism and immune checkpoints; (c) The scatter plots displaying the outcomes of Spearman correlation analysis for pairs exhibit-
ing significant positive relationships. (d) The cloudrain plots displaying differences in the expression levels of chemokines, TLS, IFN-y, and inflammatory
T cells between the high and low MS4A1 expression groups; (e) Relationship between MS4A1 gene expression levels and different immune subtypes in
264 TCGA patients; (f) Violin plots illustrating the differential expression of MS4A1 in different molecular subtypes; (g) The lollipop plot demonstrating the
correlation between MS4A1 gene expression and TIME evaluated using seven algorithms. Each cell type is identified by a specific color or pattern; (h) The
heatmap revealing the differences in TIME between the high and low MS4A1 gene expression groups; i) Gene immune response scores and genomic in-
stability scores within four phenotypes (Q1, Q2, Q3, Q4) based on quartile divisions of MS4A1 expression levels. Q1 corresponds to the top 25% of samples

with the highest expression levels of MS4A1, whereas Q4 represents the bottom 25% with the lowest expression

levels, T-cell inflammation, and tertiary lymphoid struc-
ture (TLS) formation were also significantly upregu-
lated in the MS4A1 high-expression group (all P<0.001,
Fig. 2d). The proportion of the C2 (IFN-y dominant) sub-
type was significantly higher in the MS4A1 high-expres-
sion group than in the low-expression group, whereas the
C4 (lymphocyte depletion) subtype was less frequent,
and the C1 (tissue healing) subtype remained unchanged
(P<0.001, Fig. 2e). Among different molecular subtypes,
MS4A1 expression was elevated in the Immunoreactive
and Mesenchymal subtypes, but reduced in the Differ-
entiated and Proliferative subtypes (P<0.001, Fig. 2f).
Immune infiltration analysis demonstrated positive cor-
relations between MS4A1 and myeloid dendritic cells,
M1 macrophages, CD8+T cells, cytotoxicity score,
immune score, and microenvironment score (Fig. 2g). In
the MS4A1 high-expression group, the levels of immune
cells—except for NK cells—and TME score were signifi-
cantly elevated, while the levels of NK cells, cancer cells,
and endothelial cells showed no significant difference
compared to the MS4A1 low-expression group (Fig. 2h).
We further explored the relationship between MS4A1l
expression and immune infiltration as well as genomic
status. These results indicated that MS4A1 overexpres-
sion corresponds to enhanced immune activity and
altered genome state (Fig. 2i).

Expression patterns of MS4A1 and SUMF1 in non-
mucinous ovarian cancer from the perspective of single-
cell transcriptomics and spatial transcriptomics
Meticulous annotation identified the following cell types:
CD8+T cells, plasma cells, B cells, endothelial cells,
monocytes, myofibroblasts, malignant cells, M1 mac-
rophages, fibroblasts (Fig. 3a). The expression levels of
MS4A1 and SUMF]1 differed significantly across cell clus-
ters (Fig. 3b); MS4A1 was primarily expressed in B cells,
while SUMF1 exhibited high expression in malignant
cells and fibroblasts (both P<0.001, Fig. 3c). Though spa-
tial transcriptomic analysis revealed no significant spa-
tial localization for MS4A1, its expression was higher in
low/mixed malignancy tissues and normal tissues. This
suggested potential associations between MS4A1l and
B cells and T cells in TME, as further demonstrated by

Spearman correlation analysis. SUMF1 colocalized with
tumor cells and showed its highest expression in (high)
malignancy tissues. Spearman correlation analysis indi-
cated that SUMF1 expression was significantly positively
correlated with tumor cells. Notably, SUMF1 expression
was negatively correlated with immune cells, including B/
plasma cells, macrophages, and NK cells (Fig. 3d).

Cell-cell communication mediated by PPIA-BSG between
SUMF1 + malignant cells and CD20 + B cells

Subsequently, cell-cell communication analysis was
employed. Malignant cells, fibroblasts, and M1 mac-
rophages acted as the principal signal senders, while B
cells and M1 macrophages were the main receivers. The
incoming interaction strength was greater for MS4A1+B
cells than for MS4A1-B cells, and similarly stronger
for SUMF1 + malignant cells than for SUMF1 - malig-
nant cells (Fig. 4a). Among all signaling pathways iden-
tified by CellChat package, the macrophage migration
inhibitory factor (MIF) pathway exhibited the highest
communication intensity. Malignant cells, fibroblasts,
M1 macrophages, epithelial cells, myofibroblasts, and
plasma cells served as the primary senders of MIF sig-
nals, which were received mainly by M1 macrophages,
monocytes, and MS4A1+B cells (Fig. 4b). Analysis
of ligand-receptor pairs indicated that, as receivers,
MS4A1 +and MS4A1 - B cells did not differ significantly
in their communication pathways with other cell types.
As senders, MS4A1+B cells interacted with malignant
cells via the PPIA-BSG pathway, whereas this interaction
was not observed between MS4A1-B cells and malig-
nant cells (Fig. 4c, d). Similarly, as senders, SUMF1 +and
SUMF1 - malignant cells exhibited no significant differ-
ences in their communication pathways with other cells.
As receivers, the key difference was that SUMF1 + cells
primarily interacted with B cells, CD8 + T cells, and endo-
thelial cells via the PPIA-BSG pathway, whereas whereas
SUMF1 - malignant cells did not (Fig. 4e, f). These find-
ings suggested that MS4A1+B cells can communicate
with SUMF1 + malignant cells via PPIA-BSG.
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Fig. 3 Expression patterns of MS4A1 and SUMF1 at single-cell transcriptome and spatial transcriptome resolutions. (@) UMAP plot annotated with cell
types; (b) Differential expression levels of MS4AT and SUMF1 among different cell clusters; (c) Distribution and differential expression of MS4A1 and
SUMF1 genes across different cell types; (d) Spatial transcriptomics analysis results from eight ovarian cancer samples. The labels of each tissue section
are listed on the top of each column. The first row shows the localization of all cells after spatial transcriptome deconvolution. The second row displays
the spatial localization of different malignant regions. The third and sixth rows depict the spatial transcriptome localization of MS4A1 and SUMF1 genes,
respectively. The fourth and seventh rows exhibit the expression of MS4A1 and SUMF1 genes in high malignant/malignant, low/mixed malignant, and
normal regions, respectively. The fifth and eighth rows present Spearman’s correlation analysis between gene expression and TIME at the spatial transcrip-

tome resolution for MS4A1 and SUMF1 genes, respectively
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Fig.4 Analysis of cell-cell communication between SUMF1+malignant cells and CD20+ B cells. (a) Scatter plot illustrating the intensity of outgoing and
incoming interactions in a two-dimensional manifold. The circle size indicates the number of significantly expressed ligand-receptor pathways in differ-
ent cell populations; (b) Signal pathway strengths between different cell types. The vertical axis represents the cell sending or receiving the signal, while
the horizontal axis denotes the pathway that receives or sends the signal. The pillars on the upper and right sides represent the accumulated strength of
the vertical and horizontal axes, respectively; (c) MS4A1 + B cells, (d) MS4A1- B cells, (€) SUMF1 +malignant cells, and (f) Comparison of ligand-receptor
pairs in cell-cell communication between SUMF1+and SUMF1- malignant cells. Bubble color reflects communication probabilities, while bubble size
represents computed P
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Co-expressed extracellular matrix genes with SUMF1 are
associated with OC prognosis

SUMEF1 regulates diverse biological processes, including
extracellular matrix (ECM) remodeling, through its role
in sulfatase activation. To further investigate the bio-
logical functions of SUMF1, we performed WGCNA to
identify gene modules strongly associated with SUMF1
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in OC. The analysis revealed that samples in the high-
est 25% of SUMF1 expression (Q1l) showed a signifi-
cant positive correlation with the turquoise module
(cor=0.69, P<1e-200), whereas those in the lowest 25%
(Q4) were significantly negatively correlated (cor = -0.66,
P<1e-200) (Fig. 5a, b). By intersecting the ECM gene set
with the turquoise module, 191 ECM genes co-expressed
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Fig. 5 Construction and evaluation of prognostic models based on ECM genes co-expressed with SUMF1 and multiple machine learning algorithms.
(@) The heatmap illustrating the Pearson correlation between SUMF1 gene expression levels and various gene modules. Based on the quartile values of
SUMF1 expression, four phenotypes are identified: Q1, Q2, Q3, and Q4. Q1 corresponds to the top 25% of samples with the highest expression levels of
SUMF1, whereas Q4 represents the bottom 25% with the lowest expression; (b) Scatter plot demonstrating the correlation between Module Membership
and Gene Significance; (c) Venn diagram displaying the overlapping genes between the ECM gene set and the turquoise module gene set; (d) The top
50 hub genes identified through Protein-Protein Interaction analysis using Cytoscape; (e) Comparison of the average AUC values at 1, 3, and 5 years for
prognostic models constructed by various algorithms. The heatmap showcases the average AUC values for prognostic models constructed by various
algorithms at 1, 3, and 5 years. The algorithms are ranked from top to bottom based on their average AUC values, from highest to lowest; (f) Coefficients
of each gene in different prognostic models; (g) Meta-analysis of survival hazard ratios for prognostic models
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with SUMF1 were obtained (Fig. 5¢). From these, the top
50 hub genes were selected using Cytoscape (Fig. 5d) for
prognostic model construction. Prognostic models were
constructed with various machine learning algorithms,
and a comprehensive evaluation was performed by com-
paring the average AUC values at 1 year, 3 years, and 5
years. Ultimately, the Ridge model achieved the high-
est predictive performance (maximum AUC=0.732)
(Fig. 5e). Genes including SDC3, LAMB2, COL4AS6,
LAMB4, COL20A1, FGFR2, and WNT58 contributed
substantially across multiple models. As shown in Fig. 5g,
the prognostic model exhibited consistent performance
across different survival periods in multiple datasets,
indicating robust predictive accuracy and generalization
ability.

High expression of BSG in non-mucinous ovarian cancer
and its association with immunosuppression

We analyzed BSG expression in non-mucinous ovar-
ian cancer across multiple resolutions. Immunohisto-
chemistry revealed BSG upregulation in tumor tissues
(Fig. 6a), while immunofluorescence localized the pro-
tein primarily to vesicles and membranes at the sub-
cellular level (Fig. 6b, Supplementary Table S2, 3).
Single-cell transcriptomics analysis indicated that BSG
expression was highest in malignant cells and fibroblasts
(P<0.001, Fig. 6¢, d). BSG negatively correlated with
cancer immune cycle scoring (Fig. 6e). Under various
computational algorithms, immune cell infiltration was
significantly reduced in the BSG high-expression group
relative to the low-expression group (Fig. 6f). Inflam-
matory T cell expression was also markedly lower in the
BSG high-expression group (P=0.008, Fig. 6g). Finally,
spatial transcriptomics analysis further demonstrated
that BSG colocalized with malignant cells and fibroblasts.
Interestingly, BSG expression was elevated at the inter-
face between malignant and normal tissue. Across mul-
tiple OC samples, BSG was was more highly expressed in
regions of low/mixed malignancy regions (Fig. 6h). These
findings imply a potential role for BSG in ECM formation
or function in non-mucinous ovarian cancer.

Discussion

The metabolic state and immune infiltration in TME
significantly influence antitumor immune responses.
This study is the first to confirm a causal relationship
between non-mucinous ovarian cancer and CD20 + B
cells, which is a protective factor for prognosis. CD20 is
highly expressed on B cells at low differentiation stages
and serves as a marker for naive, germinal center, and
memory B cells [37]. Elevated CD20 + B cell infiltra-
tion indicates active B cell proliferation in TME, which
may explain the improved prognosis observed in non-
mucinous ovarian cancer with high infiltration. Previous
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studies have also identified CD20 + B cells as significant
prognostic factors in HGSOC [38]. A separate large
cohort study further reported that infiltrating CD20 + B
cells exert an independent favorable prognostic effect in
primary tumors of colorectal cancer [39].

The immune subtyping of non-mucinous ovarian can-
cer in this study was based on the framework established
by Thorsson V et al. in The Immune Landscape of Cancer
[40], which has since been extensively validated by the
TCGA consortium and numerous independent investi-
gations [41-44]. Thorsson V et al. delineated these sub-
types using a range of immunological features, including
macrophage and lymphocyte signatures, the Th1:Th2 cell
ratio, intratumoral heterogeneity, aneuploidy, neoantigen
load, overall cellularity, immunomodulatory gene expres-
sion, and prognostic correlates. Nevertheless, because
the specific gene sets applied for subtyping were not dis-
closed by Thorsson V et al,, validating this classification
in external datasets remains unfeasible at present.

Although external validation of the immune subtyp-
ing could not be conducted, our characterization of the
TIME aligned closely with these subtypes. Notably, 70%
of samples in the MS4A1 high-expression group were
classified as the C2 immune subtype, a proportion signif-
icantly greater than that in the low-expression group (P
< 0.001). The C2 subtype is distinguished by a predomi-
nant IFN-y signature, heightened M1/M2 macrophage
polarization, and a robust CD8 + T cell signal [45]. In the
present study, IFN-y expression was markedly upregu-
lated in the MS4A1 high-expression group (P < 0.001).
Immune infiltration analysis employing seven computa-
tional algorithms revealed a positive correlation between
MS4A1 expression and the abundances of both M1/M2
macrophages and CD8 + T cells. Moreover, comparative
assessment of the TIME confirmed significantly elevated
levels of M1/M2 macrophages and CD8 + T cells in the
MS4A1 high-expression group. These results corroborate
the subtype classification and underscore the reliability of
the subtype classification.

The study by Miner Yang et al. classified OC into three
subtypes based on metabolic and immune characteris-
tics: immune-suppressive glycan metabolic subtype (C1),
immune-inflammatory amino acid metabolic subtype
(C2), and immune-desert endocrine subtype (C3) [46].
In the present work, non-mucinous ovarian cancer with
high infiltration of CD20 + B cells exhibited immune
characteristics closely resembling those of the C2 sub-
type, including abundant adaptive immune cell infiltra-
tion, such as M1 macrophages and CD8 + T cells, high
expression of IFN-y-related genes, T cell activation, and
effective immune responses.

GSLs are potential biomarkers for OC [47] that func-
tion as signaling molecules within membrane micro-
domains (lipid rafts) [48] and play critical roles in cell
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Fig. 6 Multi-dimensional analysis of BSG expression levels in non-mucinous ovarian cancer. (@) Immunohistochemical staining results of BSG in “Nor-
mal tissue’, “Carcinoma, endometroid’, and “Carcinoma, endometroid, Cystadenocarcinoma, serous NOS’, respectively; (b) Immunofluorescence staining
results of BSG in HEK293, SiHa, and U20S cell lines. Green represents the expression of the target gene BSG, red represents microtubules, and blue rep-
resents nucleus; (c) The distribution of BSG in different cell types and differences in gene expression; (d) Expression levels of BSG in various cell types; (e)
Spearman correlation between the TIP score and gene expression level, as well as autocorrelation between the scores; (f) Seven algorithms assesse differ-
ences in TIME between the high/low BSG expression groups; (g) The cloudrain plot illustrating the differences in inflammatory T cell expression levels be-
tween the high and low BSG expression groups; (h) Spatial transcriptomics analysis results of eight NOMC tissue sections. The lables of each tissue section
are indicated at the left of each row. The first column shows the localization of the identified cells after spatial transcriptomics deconvolution. The second
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migration, adhesion, signal recognition, and differen-
tiation [49]. Immunotherapy targeting GSLs is receiv-
ing increasing attention. Antibodies recognizing specific
GSLs, designated as stage-specific embryonic antigens
(SSEAs), are widely utilized to characterize GSL profiles
in embryonic stem cells (ESCs) [50-54]. GD2, a disialo-
ganglioside and member of the glycosphingolipid family,

is overexpressed in tumors of neuroectodermal origin.
The anti-GD2 monoclonal antibody (MAB) Dinutuximab
has been approved for the treatment of high-risk neuro-
blastoma [55]. GHCer is emerging as a promising non-
protein antigen target for cancer immunotherapy. The
GHCer tumor vaccine can significantly prolonging the
PES in metastatic breast cancer patients during Phase II
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clinical trials [56]. Future applications of novel technolo-
gies—such as high-resolution single-molecule imaging
and enzyme-mediated activation of radical sources/mass
spectrometry (EMARS/MS)—will further elucidate the
functions and mechanisms of GSLs in cancer, advanc-
ing immunotherapeutic strategies directed at these mol-
ecules [48, 57].

The correlation between immune checkpoints and
GSL metabolic gene signature suggest that upregulation
of GSL metabolism may promote immune checkpoint
expression, thereby contributing to tumor immune eva-
sion. Although direct evidence for the regulatory role
of GSL metabolism on immune checkpoint expression
is currently limited, GSL metabolism has been shown
to mediate tumor immune evasion. In a recent study in
Nature, Soula M et al. proposed that glycosphingolipid
synthesis is an essential metabolic pathway for tumor
immune evasion. Impairment of GSL synthesis increases
IFNGR1 expression on the tumor cell surface, render-
ing tumors more sensitive to IFN-y signaling. This allows
IFN-y to more effectively induce growth arrest and pro-
inflammatory signaling, thereby enhancing immune-
mediated cytotoxicity. In animal models, combining
inhibitors of GSL synthesis with PD-1 blockers yielded
superior efficacy compared to monotherapy [58]. The
efficacy of immune checkpoint blockers in ovarian can-
cer remains unclear [59]; however, these findings suggest
that strategically reprogramming or selectively inhibiting
GSL metabolism may be more effective than targeting
immune checkpoints alone [60].

In this study, proteomic findings were integrated with
single-cell and spatial dimensions through transcrip-
tomic analysis and subsequently leveraged to interpret
immune profiling results. The combination of transcrip-
tomics, proteomics, and machine learning enabled the
development of a prognostic model, offering clinical
insights and demonstrating the power of multi-omics
integration in revealing molecular expression patterns
and functions. Specifically, proteomic analysis identi-
fied elevated SUMF1 expression in non-mucinous ovar-
ian cancer. Subsequent immune profiling revealed that
immune response scores—including leukocyte frac-
tion, IFN-y response, lymphocyte infiltration signature
score, and TCR Shannon diversity index—decreased
with increasing SUMF1 expression. Further single-cell
and spatial transcriptomic analyses demonstrated that
SUMEF1 expression colocalized with malignant cells and
was negatively correlated with immune cells such as B/
plasma cells, macrophages, and NK cells.

These findings suggest that tumor cells may upregu-
late SUMF1 to remodel the TIME, thereby facilitating
immune evasion. One potential mechanism involves
SUMF1-mediated post-translational modification and
activation of sulfatases, which regulate ECM remodeling.
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Through degradation of glycosaminoglycans such as
chondroitin sulfate and other ECM components, SUMF1
alters matrix structure and function [61-63]. The result-
ing changes in ECM stiftness and architecture can form
a physical barrier [64—67], impeding the infiltration
of immune cells such as CD8 + T cells and promoting
tumor immune evasion [68—71].

To further evaluate the prognostic relevance of the
ECM, we employed transcriptomic and proteomic
approaches—weighted gene co-expression network
analysis (WGCNA) and protein-protein interaction
(PPI) analysis—to identify ECM genes co-expressed with
SUMF1 and constructed a corresponding prognostic
model. These multi-algorithm-based models confirmed
the ECM as a key prognostic factor in ovarian cancer and
support future combination therapeutic strategies target-
ing the ECM. We also identified genes with substantial
contributions to the prognostic model, providing a basis
for subsequent model refinement. Future studies may
explore targeting these GSLs or ECM remodeling path-
ways to develop novel immunotherapies approaches and
improve clinical outcomes in ovarian cancer.

Peptidylprolyl isomerase A (PPIA) promotes inflamma-
tory diseases, tumor progression, and tumor resistance
[72]. Extracellular PPIA can catalyze the isomerization
of its sole known cellular receptor, extracellular matrix
metalloproteinase inducer (EMMPRIN, also known as
BSG, CD147) [73], which activates downstream signal-
ing pathways and regulating various diseases including
inflammatory diseases, coronavirus infections, and can-
cer [74-76].

Although we were unable to perform experimentals to
validate subtype-specific molecular or functional changes
due to limitations in funding and time, the expression
pattern and functional role of BSG in tumors have been
documented in prior studies.

BSG acts as a potent inducer of matrix metallopro-
teinases (MMPs) and plays a key regulatory role in ECM
remodeling. Previous studies have confirmed high BSG
expression in ovarian cancer [77, 78]. Our findings fur-
ther reveal the elevated BSG expression in malignant
cells and fibroblasts, with spatial localization at the inter-
face between malignant and normal tissue, consistent
with its role in ECM remodeling.

MMPs induced by BSG initiate processes related to
ECM degradation, cell adhesion, and cell-cell interac-
tions; BSG also promotes the differentiation of myofibro-
blasts, which are associated with ECM deposition and
contraction [79]. Furthermore, BSG stimulates TGF33
expression, thereby upregulating fibronectin and type V
collagen [80]. Increased deposition and rearrangement of
ECM components such as collagen elevate matrix stiff-
ness, creating a physical barrier that limits the infiltra-
tion of T cells and other immune cells into deep tumor
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tissues [81]. Moreover, BSG negatively regulates T cell
responses through selective inhibition of the Vavl/Racl
pathway [82] and suppresses T cell-mediated immunity
[83]. These mechanisms may explain the negative cor-
relation observed in our study between BSG expression
and immune scores, as well as immune cell abundance in
the TIME.

The role of BSG in lactate metabolic reprogramming
is also well established. Through its specific interaction
with monocarboxylate transporter 1 (MCT1), BSG facili-
tates lactate efflux and prevents intracellular acidosis.
This process supports energy metabolism and growth
in glycolysis-dependent tumors [84]. In human colon
adenocarcinoma cell lines, BSG silencing significantly
reduced glycolytic flux and suppressed tumor growth
[85]. Furthermore, Zhang et al. used CCK-8, wound heal-
ing, Transwell, and flow cytometry assays to show that
BSG silencing inhibited tumor cell proliferation, migra-
tion, and invasion, disrupted lipid metabolism, and pro-
moted apoptosis [86]. These findings provide important
insights into the role of BSG in ovarian cancer immunity,
metabolism, and progression.

Despite these novel findings, this study has some limi-
tations. Experiments validation through qPCR, meta-
bolic flux analysis, or immune phenotyping such as
CD8+T cell infiltration would provide deeper insight
into the expression pattern and function of BSG in non-
mucinous ovarian cancer. However, due to limitations
in funding and time, it is not feasible to conduct these
experiments within the current study. Our future work
will therefore foucus on this to further investigate the
subtype-specific molecular or functional alterations. In
the spatial transcriptomics analysis, the expression pat-
terns of MS4A1 and SUMF1 across highly malignant, low
malignant, and non-malignant tissues were inconsistent
across 8 samples. On one hand, this inconsistency may
reflect inherent tumor heterogeneity. On the other hand,
because the classification of malignant tissues depends
on the proportion of malignant cells within each spatial
transcriptomics spot, the resolution of these spots and
the performance of the markers used to identify malig-
nant cells could also affect the results. The absence of
mucinous ovarian carcinoma data in the TCGA public
database precluded an investigation of the metabolic and
immune characteristics of this subtype. However, since
serous ovarian carcinoma represents the most common
histological type, the findings retain broad practical sig-
nificance. Future studies should explore whether these
conclusions extend to mucinous ovarian carcinoma and
other tumor types.
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Conclusions

In conclusion, CD20+B cells and glycosphingolipid
metabolism are key immune and metabolic charac-
teristics of non-mucinous ovarian cancer. The PPIA-
BSG-mediated cell communication can facilitate tumor
immune evasion through ECM remodeling. Future
research should further clarify the interaction between
GSL metabolism and TIME, thereby advancing person-
alized treatment strategies based on immune and meta-
bolic characteristics.
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