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Abstract: Background: Visceral obesity-related genes (VORGs) have been implicated in cancer progression, but their
biological and clinical relevance in ovarian cancer (OC) remains uncertain. Methods: Prognostic modeling of VORGs
was carried out using the The Cancer Genome Atlas (TCGA) and GSE53963 datasets. This model was further inves-
tigated in its association with tumor immunity, immune checkpoint inhibitor (ICl) response, and chemotherapy out-
comes. Additionally, single-cell data were analyzed to explore gene expression within the tumor microenvironment of
this model, specifically identifying high expression of the key gene MARVELD1 in tumor stem cells. The functionality
of MARVELD1 was validated experimentally through Cell Counting Kit-8 (CCK-8), transwell, and colony formation
assays. Results: OC patients were stratified into four molecular subtypes based on overall survival (0OS)-associated
VORG expression profiles. Differentially expressed genes (DEGs) between subtypes with prognostic relevance were
identified and subsequently analyzed using least absolute shrinkage and selection operator (LASSO) regression
and stepwise Cox modeling, resulting in a robust four-gene prognostic model comprising CXCL9, IGF2, FCGBP, and
MARVELD1. This model effectively classified patients into high- and low-risk groups, with the high-risk group demon-
strating significantly poorer outcomes (P < 0.001). In addition, risk scores showed strong correlations with immune
checkpoint gene expression and predicted chemotherapy sensitivity, underscoring their utility in forecasting thera-
peutic responses. Single-cell transcriptomic analysis revealed heterogeneous expression of model genes across
subpopulations, with MARVELD1 prominently enriched in tumor stem cells. MARVELD1 was found to modulate early
cellular processes through pathways such as reactive oxygen species. Finally, in vitro experiments confirmed that
MARVELD1 knockdown significantly inhibited OC cell proliferation, invasion, and colony formation, further validating
its oncogenic role. Conclusion: A VORG-based prognostic model was established that correlates with OC prognosis,
tumor immune microenvironment, and treatment sensitivity. These findings suggest that MARVELD1 and related
pathways may serve as potential targets to improve prognostic stratification and guide therapy in OC.
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Introduction [1-3]. As mechanistic insights into OC pathogen-
esis have advanced, increasing emphasis has

Ovarian cancer (OC) has been recognized as been placed on targeted therapeutic approach-

one of the most prevalent gynecologic malig-
nancies, frequently associated with a poor
prognosis. The primary approaches to treating
OC encompass surgical intervention, chemo-
therapy, and targeted therapy, among others

es. Among the most widely implemented agents
are PARP inhibitors, such as olaparib, and anti-
angiogenic therapies, including bevacizumab
[4, 5]. Nevertheless, the clinical utility of these
targeted treatments has remained limited, as
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they are designed to act selectively on tumor-
specific pathways and may not be universally
applicable across all patient subgroups [6-8].
This limitation has underscored the urgent
need for the identification of novel biomarkers
that could serve as actionable targets for
broader therapeutic applicability in OC.

Visceral adiposity, which serves physiological
roles such as organ protection and structural
support, has been shown to increase the risk
of cardiovascular and metabolic disorders. In
parallel, elevated levels of visceral fat have
been correlated with heightened susceptibility
and worse outcomes in several malignancies,
including colorectal, pancreatic, and small-cell
lung cancers [9-12]. These associations are
thought to arise from the complex interplay
between metabolic dysregulation and altera-
tions in the tissue microenvironment, which col-
lectively facilitate cancer initiation and progres-
sion. Previous studies have demonstrated that
stromal cells derived from visceral or obesity-
associated adipose tissues can promote ovari-
an tumor growth. Moreover, obesity has been
associated with increased tumorigenesis in
murine models of OC and has been linked to
heightened postoperative complication rates
among OC patients [13, 14]. Despite these find-
ings, the molecular underpinnings that connect
visceral obesity and the pathobiology of OC
have remained poorly elucidated.

In the present study, a systematic characteriza-
tion of visceral obesity-related genes (VORGS)
in OC was conducted through the integration of
single-cell RNA sequencing (scRNA-seq) and
bulk RNA sequencing datasets. A prognostic
model was developed based on the expression
of key VORGs, enabling the assessment of their
relevance to OC prognosis, tumor microenviron-
ment (TME) characteristics, and therapeutic
response. To further explore the functional
implications of these genes, single-cell analy-
ses were performed to examine gene expres-
sion heterogeneity within distinct cellular sub-
populations. Particular attention was directed
toward the role of MARVELD1 in tumor stem-
like cells, and its oncogenic potential was inves-
tigated using in vitro experimental validation.
Collectively, the findings presented herein have
provided mechanistic insight into the contribu-
tion of visceral obesity to OC progression and
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have highlighted potential molecular targets for
the development of precision therapies in this
high-risk patient population.

Materials and methods
Acquisition of OC data

RNA-seq data and clinical information for OC
patients were derived from GSE53963 and
The Cancer Genome Atlas (TCGA) database.
The microarray dataset GSE24883, containing
MRNA expression profiles, was acquired for
analysis. Differential gene expression between
8 subjects with visceral obesity and 8 lean sub-
jects was assessed using criteria of [log, fold
change (FC)| > 1 and P < 0.05. This analysis
identified differential genes, classified as
VORGs. Cox regression analysis screened out 8
VORGs that were significantly correlated with
OC. Kaplan-Meier (KM) method was used to
evaluate the prognostic value of VORGs.

Consensus unsupervised clustering of obesity
related genes

Firstly, a univariate Cox regression analysis was
used to determine the differentially expressed
genes (DEGs) in relation to prognosis of OC
patients. Based on the expression level of
VORGs, we used the R software package
“ConsensusClusterPlus” to perform consensus
unsupervised cluster analysis, and divided
patients into different Obesity-related clusters
(ORG clusters) [15]. In addition, comparison of
survival probabilities of different subgroups of
patients using the R software packages
“Survival” and “Survival Miner” was analyzed
by KM curves and log-rank tests.

Tumor immune infiltration

Single sample gene set enrichment analysis
(ssGSEA) was used to detect the degree of
immune infiltration of different subtypes. The
ESTIMATE package serves as a tool for predict-
ing tumor purity by estimating stromal and
immune cells in malignant tissue through the
utilization of expression data. It generates
three scores: i) StromalScore, which docu-
ments the presence of stroma in the tumor tis-
sue; ii) ImmunityScore, representing the infiltra-
tion of immune cells in the tumor tissue; and iii)
EstimatedScore, inferring the purity of the
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tumor [16, 17]. CIBERSORT algorithm was used
to quantify the immune infiltration of different
groups [18].

Construction of the obesity related prognostic
model

Then, to improve the accuracy of prediction, we
performed least absolute shrinkage and selec-
tion operator (LASSO) regression shipping and
stepwise Cox regression analysis to construct a
4-gene signature. Patients in the TCGA and
GSE53963 databases were randomized into a
training group (n = 297) and a test group (n =
297). We calculated the risk score (risk score =
expression * coefficient for each gene). Based
on the median value derived from the risk
score, patients were categorized into high-risk
and low-risk groups. To assess the prognostic
predictive reliability of the risk scoring system,
overall survival (OS) was explored using KM
analysis and time-dependent receiver operat-
ing characteristic curves (ROCs) were plotted
using “survivalROC” from the R software
package.

Comprehensive analysis of pathways, TME,
immune checkpoints, TIDE and chemotherapy
effects

We used the Kyoto Encyclopedia of Genes and
Genomes (KEGG) pathway enrichment analysis
to explore the biological function of VORGs [19,
20]. Wilcoxon test was used to compare the
immune checkpoint gene expression between
two groups. Using the pRRophetic R package in
R (version 4.1.0), the IC50 of molecular therapy
and chemotherapy was calculated, and then
the difference between two groups was com-
pared [21, 22].

Single-cell RNA sequencing data analysis

Download the RNA-seq dataset GSE184880
from the GEO database for analysis. We ana-
lyzed the RNA-seq dataset using the RSeurat
software package, retaining cells containing <
10% mitochondrial genes [23]. At the same
time, we filtered out cells with a gene number
(nFeature RNA) < 300 or > 5000. After scaling
gene expression levels, we normalized the data
using the LogNormalize function, performed
principal component analysis (PCA), and com-
pleted cell cluster labeling using the SingleR
software package.
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Cell culture and short interfering RNA (siRNA)
cell transfection

OC cell lines OVCAR3 and A2780 were pur-
chased from the Meisen CTCC (Hangzhou,
Zhejiang, China). OVCAR3 were cultured in
RPMI-1640 medium (Gibco, USA) supplement-
ed with 20% fetal bovine serum (Excell Bio,
New Zealand) and 1% penicillin-streptomycin
(NCM, China) at 37°C in an incubator with 5%
COZ. Unlike OVCAR3, A2780 was cultured in
RPMI-1640 medium containing 10% fetal
bovine serum. All siRNAs were obtained from
GenePharma (Suzhou, lJiangsu, China) and
transfected into cells using Lipofectamine
2000 (Invitrogen, Carlsbad, CA, USA) follo-
wing the manufacturer’s instructions. The
siRNAs used were as follows: MARVELD1 siRNA
1# 5-CCGGCAUCAUGAGCGACCA-3’; MARVEL-
D1 siRNA 2# 5-GCUGCCUUCUGGAUCACUA-3’;
NC siRNA 5-UUCUCCGAACGUGUCACGU-3.

RNA extraction and reverse-transcription quan-
titative PCR (RT-qPCR)

Total RNA was extracted with TRIzol (Vazyme)
according to the manufacturer’s instructions.
Total RNA was reverse-transcribed into cDNA
using HiScript lll RT Super Mix with a gPCR kit
(R323-01, Vazyme). Real-time PCR was per-
formed on a 7500 system (Applied Biosystems,
Foster City, CA, USA) with SYBR Green Master
Mix (Novoprotein Scientific Inc., Shanghai,
China). We normalized the relative level of gene
expression to that of 18s rRNA by the 244C
method. The primers used were as follo-
ws: MARVELD1 5-TTGTGCTCACTCTGTCTGCC-3’
and 5-GACCTATGCAACTGCCTCCA-3’; 18s rRNA
5-AAACGGCTACCACATCCAAG-3’ and 5-CCTC-
CAATGGATCCTCGTTA-3". All primers were syn-
thesized by Beijing Tsingke Biotech Co., Ltd.

Cell proliferation and migration assays

Cells were plated at a density of 2500 cells per
well in 96-well plates. At different points in
time, we added 20 ul Cell Counting Kit-8 (CCK-
8) solution (Beyotime Institute of Biotechnology,
Nantong, Jiangsu, China) to each well and incu-
bate for 4 h, as previously described [24]. Then
we use a microplate reader (Bio-Rad Model
680, Richmond, CA, USA) to evaluate Cells at
450 nm. For the colony formation tests, 1000
cells were seeded into six-well plates and cul-
tured for 2 weeks. The colonies were fixed with
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methanol for 15 min, stained with 0.1% cry-
stal violet (Beyotime) for 30 min, and counted
under a bright-field microscope (Carl Zeiss,
Oberkochen, Germany). To detect cell migration
ability, we used a transwell assay. Transfected
cells were seeded into the upper chamber at a
density of 50000 cells per well (Corning, NY
14831, USA). After 48 h the cells on the lower
membrane were immobilized and stained as
previously described.

Statistical analysis

The analysis and manipulation of data were
executed utilizing R 4.1.0, in conjunction with
RStudio version 4.1.0 as the integrated devel-
opment environment. To determine related
genes and their prognostic value, univariate
Cox regression analysis was performed. The
survival analysis was conducted via the KM
method, and log-rank tests were employed
to identify the significance of differences.
Correlation coefficients were evaluated by
Spearman analysis. Wilcoxon test was used for
comparisons between two groups. One-way
ANOVA and Kruskal-Wallis tests were used for
comparisons across multiple groups. For data-
sets involving continuous time points (such as
cell proliferation assays), Repeated Measures
ANOVA was performed to account for the cor-
relation between repeated measurements
within the same sample. Data were expressed
as mean * standard deviation (SD). P < 0.05
was considered significant.

Results

Gene alterations and transcriptional expres-
sion of VORGs in OC

A total of 42 differentially expressed VORGs
were initially identified from the GSE24883
dataset by applying a significance threshold of
P < 0.05 and [log, FC| > 1. Subsequently, uni-
variate Cox regression analysis was conducted,
and eight VORGs were found to be significantly
associated with OS in patients with OC (Figure
1A). These genes included TRIM13, BAG3,
HOXC9, zBP1, MED13L, MAPT, PYHIN1, and
ZNF146, with several functioning as either risk
or protective factors. Furthermore, somatic
mutations analysis in these eight VORGs
revealed a mutation frequency of 5.41% in 462
OC patients from the TCGA cohort (Figure S1A).
Copy number variation (CNV) analysis of eight
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VORGs, showing ZNF146 with the most fre-
quent amplifications, while BAG3 and MED13L
exhibited the highest deletion rates (Figure
S1C). Using the expression profiles of these
eight prognostic VORGs, consensus clustering
was performed on samples from the TCGA and
GSE53963 cohorts. As a result, four distinct
molecular subtypes (Clusters A-D) were delin-
eated (Figure 1B). The heatmap visualization
illustrated clear subtype-specific expression
patterns and their relationships with clinico-
pathological features. Of note, Cluster D was
characterized by elevated expression of
TRIM13, BAG3, MED13L, and ZNF146, which
was associated with high-grade tumors and
increased mortality.

To assess the clinical significance of these sub-
types, KM survival analysis was carried out.
Significant differences in OS were observed
among the four clusters (P < 0.001 by log-rank
test), with Cluster A exhibiting the most favor-
able prognosis and Cluster D the least favor-
able (Figure 1C). Accordingly, Clusters A and D
were selected for further comparative analysis.
Differential gene expression analysis between
Clusters A and D identified 970 DEGs. KEGG
pathway enrichment analysis revealed that
Cluster A was primarily enriched for oxidative
phosphorylation and xenobiotic/drug metabo-
lism pathways, particularly those mediated by
cytochrome P450 enzymes. In contrast, Cluster
D showed significant enrichment in the neuro-
trophin signaling pathway and ERBB signaling
pathway, both of which are associated with
tumor progression and resistance to therapy
(Figure 1D).

Lastly, the immune landscape across the
molecular subtypes was evaluated using ssG-
SEA. Cluster D was found to have significantly
higher levels of immune infiltration across mul-
tiple immune cell types - including activated
dendritic cells, eosinophils, immature B cells,
mast cells, regulatory T cells, and type 1 T help-
er cells - compared to Cluster A (Figure 1E).
These results indicate that the VORGs-defined
subtypes are associated with distinct tumor
immune microenvironments.

Construction and evaluation of VORGSs prog-
nostic model

To investigate the prognostic relevance of DEGs
between molecular subtypes A and D, univari-
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Figure 1. Gene alterations and transcriptional expression of visceral obesity-related genes (VORGSs) in ovarian can-
cer (OC). A. Cox regression analysis of obesity-related genes and OC. B. The heat map presented the expression
patterns of VORGs in conjunction with clinicopathological factors. C. Kaplan-Meier (KM) survival analysis of different
subtypes. D. Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analysis of different subtypes. E. The
immune infiltration score of VORG subtypes was analyzed by single sample gene set enrichment analysis (ssSGSEA).
*P < 0.05, **P < 0.01, ***P < 0.001.

ate Cox regression analysis was performed on significantly associated with OS (OS-related
970 DEGs. This analysis identified 336 genes DEGs; P < 0.05). Based on the expression pro-
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based on the expression profiles of 336 overall survival (OS
clusters. C-E. Four differential genes were screened by least

)-related DEGs. B. KM survival analysis of two gene
absolute shrinkage and selection operator (LASSO)

regression analysis (CXCL9, IGF2, FCGBP and MARVELD1). F, G. The relationship between VORGs clusters, gene
clusters, and prognostic model scores. H. The expression of VORGs were predominantly up-regulated in OC high-risk

group. *P < 0.05, ***P < 0.001.

files of these genes, unsupervised clustering
was applied to categorize OC patients into two
transcriptional subgroups, designated as gene
Cluster E and gene Cluster F (Figure 2A). Not-
ably, KM survival analysis demonstrated that
gene Cluster E had significantly better survival
outcomes than gene Cluster F (Figure 2B).

To further refine the prognostic signature, the
336 0S-related DEGs were subjected to LASSO
regression followed by stepwise multivariate
Cox modeling. Through this iterative process,
four core prognostic genes- CXCL9, IGF2,
FCGBP, and MARVELD1 - were identified (Figure
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2C-E). These genes were subsequently used
to construct a multigene prognostic model.
Analysis of somatic mutations in these model
genes revealed a mutation frequency of 4.76%
(Figure S1B). CNV profiling demonstrated prom-
inent CNV alterations involving all four genes,
with FCGBP displaying the most frequent ampli-
fications, while IGF2 showed the highest dele-
tion rates, further underscoring their genomic
instability (Figure S1D).

The relationships among VORG-defined molec-
ular subtypes, gene clusters, and the prognos-
tic model were next explored. Risk scores

Am J Cancer Res 2025;15(11):4982-4998
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Figure 3. Evaluation of the VORG prognostic model. A-F. Patients in the high-risk group had significantly worse 0OS
compared to those in the low-risk group. G-l. Receiver operating characteristic curves (ROCs) curves showcased 1-,
3-, and 5-year AUC values within the ranges of 0.629-0.663, 0.618-0.660, and 0.626-0.654 for the training, testing,

and all groups respectively.

derived from the four-gene model were found to
be significantly elevated in VORGs Cluster D
compared to Cluster A (Figure 2F). Similarly,
risk scores in gene Cluster F were markedly
higher than those in Cluster E (Figure 2G), indi-
cating a consistent pattern across transcrip-
tomic and genomic layers. Patients were then
stratified into high-risk and low-risk groups
using the median risk score as the cutoff.
Expression analysis revealed that VORGs were
predominantly and markedly upregulated in the
high-risk group, suggesting a tight association
between elevated VORGs expression, higher
risk scores, and more aggressive tumor pheno-
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types (Figure 2H). These findings indicate that
the integrative prognostic model not only
reflects transcriptomic alterations but also cap-
tures biologically and clinically meaningful het-
erogeneity in OC.

To assess the predictive performance of the
four-gene prognostic signature, survival risk
stratification was evaluated across the training
cohort, internal testing cohort, and the entire
cohort. In all three groups, patients classified
into the high-risk category exhibited significant-
ly reduced OS compared to those in the low-risk
group, as demonstrated by KM analysis (Figure

Am J Cancer Res 2025;15(11):4982-4998



MARVELD1 in visceral obesity - related ovarian cancer

A Altered in 135 (94.41%) of 143 samples. Altered in 134 (97.81%) of 137 samples. B
248
g} I g} i l I Risk Elow [E]high
F F
M ONo. of sampieh'” 0 ONo. of sampiel® 6000
TP53 -_l 82%_ P53 UYL OO T 889 I— * ok l
TTN 269
CSMD3 F CSMD3 i I 14%m
USH2A I F 3% l USH2A [[N] I | 18% i 3000-
LT m | 7% 0 RYr2 Wl L 1 9% B
NF7 T | 1 16% 1 NFT 1l ]| 1 7% 1 o I\
HMCNT | I | | 13% HMCN1 I ] 7%l 9
mycel | | 17% 1 MUC16 1 m 9% @ ]
FAT3 1 m 16% 1 FAT3 1| ] m 17% 1 0
| 145 1 S Immpp i | 7% w = L]
FLG2 I 1 13% 1 FLG2 I [N | 8% 0l =
MACF1 | I 1l I 4% 1 IACF1 (I NI | 1 7% 1 =
AHNAK NI l | III gzﬁ I A)zgé}é | III | | I 9://: =| \
il ai i 18% 1 MUgz Il 151 ~3000
] 6% FLG iy Il 5% I
DNAH3 | | | 1 4% 1 DNAH3 1 1a% 1
DST | 1 1 3% | DST ] { 0 1L W A 8% Il
LRP1 I | 113% 1 LRP1 I I 6%l @ 3 @
SYNE2 I 11 11°"8% 0 SYNE2 | | 1% | 6°° = R’
High risk Low risk & (\e‘::' «Q/G"
«Missense_Mutation =Frame_Shift_Del = Missense_Mutation = Nonsense_Mutation e & @?‘
In_Frame_Del = Frame_Shift_Ins In_Frame_Del = In_Frame_lns B2 & é\\
=Nonsense_Mutation =Multi_Hit *Frame_Shift Ins = Multi_Hit &
= Frame_Shift_Del
C T cells regulatory (Tregs) D < 64
T cells gamma delta whx - * Ll K]
T cells follicular helper | e wee [ 2
TcellsCD8 |+ e I o 4 & low
T cells CD4 memory resting | *«* * oo * p<0.001 I3 8 high
T cells CD4 memory activated wok _— p<0.01 :’, 24
Plasma cells e * p<0.05 s *l “
NK cells resting 8 [
NK cells activated 3 w  Correlation
Neutrophils * 0.50 1 g b( 7, m c, \ p. o gA O% O'L r;,
Monocytes sk = [ ] 025 © &\ﬁ’ 00‘\ pey \?\\ﬂ © \}‘ @6‘? MO o ¢ “\\0 ©
Mast cells resting ** :
Mast cells activated o = oD 0.00
Macrophages M2 o o
Macrophages M1 = = wox [ e -0.25 s 8
Macrophages MO0 e o - ~0.50 = .
Dendritic cells resting ** nx * o o § .
Dendritic cells activated | = o g4 -~ - g & high
B cells naive = 13} e . ey
B cells memory o g 2 ! y I
3 3 el ﬂl e T T b s S
Q}’o 0@3 \6'("' .\9\9 & 8o “ F ek e
AL [ NS D g D ®
& & NN @ P (O O @ P (K
& R of @@ T B T 0P g8 WO T O P
E Risk [Jll Low-risk [Hll High-risk F Risk E2low B8 high G Risk B8 low B8 high H Risk B8 /ow B8 high
Sk 14e-09 00001 | —95e-07 |
25 > >
2 = s 3 26
3 4
=0 2 @ 9 )
= el
23 £ £4
s = Ky
-2 3 s 2
82 21 (S
Low-risk High-risk high high high
Risk Risk Risk

Figure 4. Analysis of immune checkpoint expression, stromal scores and immunotherapy and chemotherapy predic-
tions. A. Assessment of gene mutation levels between high and low risk groups. B. Comparison of tumor microen-
vironment (TME) scores between the two groups. C. Degree of immune infiltration of risk genes. D. The expression
of immune checkpoint genes was different in high-risk group and low-risk group. E. Comparison of TIDE scores
between different groups. F-H. Comparison of drug treatment effect between high-risk group and low-risk group. *P

<0.05, **P < 0.01, ***P < 0.001.

3A-F). This consistent pattern underscores the
model’s prognostic robustness across different
datasets. Time-dependent ROC curves were
generated to further evaluate the model’s dis-
criminatory capacity. The AUC values for pre-
dicting 1-, 3-, and 5-year OS were 0.629, 0.663,
and 0.654 in the training set; 0.629, 0.618,
and 0.660 in the testing set; and 0.626, 0.638,
and 0.654 in the full cohort, respectively
(Figure 3G-1). These moderate but consistent
AUCs confirmed the model’s stability and pre-
dictive applicability across multiple temporal
endpoints.

In culmination, an inter-VORGs network was
constructed to unveil the association between

4989

VORGs and the prognostic model’s significance
in OC, with MARVELD1 occupying a central
position within this network (Figure S1E).

Integrative analysis of the prognostic model
with genomic alterations, immune landscape,
and therapeutic response

To elucidate the genomic characteristics asso-
ciated with different risk groups, the mutational
landscape of OC patients was profiled across
high- and low-risk subgroups. As illustrated in
Figure 4A, a notably higher mutation frequency
was observed in the low-risk group, suggesting
distinct genomic architectures between the two
prognostic strata.
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To further explore the relationship between the
prognostic signature and the tumor immune
microenvironment, TME scores were compared.
The high-risk group exhibited a significantly
elevated StromalScore, indicating a more stro-
ma-rich tumor microenvironment, while the
ImmuneScore was slightly lower and the
EstimateScore showed no significant differ-
ence (Figure 4B). Immune cell infiltration was
then analyzed using correlation analyses
between immune cell types, risk scores, and
the expression of the four model genes. The
risk score was positively correlated with resting
CD4 memory T cells, monocytes, and activated
mast cells infiltration, and negatively correlated
with CD8 T cells, activated CD4 memory T cells,
and plasma cells infiltration (Figure S2). Among
the four genes, MARVELD1 displayed the stron-
gest concordance with overall immune infiltra-
tion patterns (Figure 4C).

To assess the implications of risk stratification
on immunotherapy responsiveness, we exam-
ined the expression profiles of key immune
checkpoint molecules. A substantial upregula-
tion of checkpoint-related genes - such as
CD48, LAG3, TNFRSF18, CTLA4, IDO1, ICOS,
TMIGD2, CD27, VTCN1, PDCD1, and TIGIT - was
detected in the low-risk group (Figure 4D). This
elevated checkpoint expression reflects the
“immune-hot” nature of the TME, typically
indicative of significant T-cell activation and
infiltration. In addition, the Tumor Immune
Dysfunction and Exclusion (TIDE) algorithm
was employed to evaluate immune evasion
potential. Despite high checkpoint expression,
TIDE scores were significantly lower in the low-
risk group, suggesting that immune escape
mechanisms are less pronounced and that
T-cells retain functionality. This finding sug-
gests a more permissive TME, which may be
more responsive to immune checkpoint block-
ade therapy. In contrast, the high-risk group
exhibited significantly higher TIDE scores,
reflecting more pronounced immune escape
mechanisms, such as T-cell exhaustion or
exclusion. These immune dysfunctions contrib-
ute to impaired immune surveillance, rendering
the tumor less responsive to immune check-
point inhibitors (Figure 4E).

Drug sensitivity analysis further revealed that
compared to the low-risk group, the high-risk
group demonstrated increased predicted sen-
sitivity to angiogenesis inhibitors such as cedi-
ranib and foretinib, along with reduced sensitiv-
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ity to cisplatin (Figure 4F-H). These observa-
tions highlight the potential utility of the prog-
nostic model in guiding personalized therapeu-
tic strategies, including the selection of target-
ed agents and cytotoxic chemotherapy.

Functional analysis of 4 prognostic model
genes in SCRNA seq data

To delineate the cellular origin and functional
implications of the prognostic gene signature,
we leveraged the OC scRNA-seq dataset
GSE184880. Unsupervised clustering and Uni-
form Manifold Approximation and Projection
(UMAP) dimensionality reduction identified a
heterogeneous tumor ecosystem composed of
mesenchymal stem cells (MSCs), fibroblasts,
macrophages, epithelial cells, tissue stem
cells, and other cell types (Figure 5A). Tissue
stem cells refer to a cell population character-
ized by high expression of stemness-related
genes. In normal tissues, these cells represent
normal stem cells with self-renewal and differ-
entiation potential. In tumor tissues, we refer to
them as “malignant stem-like cells” due to their
enrichment in the cancer microenvironment
and potential role in driving tumorigenesis.
Expression mapping of the four signature genes
- CXCL9, IGF2, FCGBP, and MARVELD1 - demon-
strated distinct cell-type specificity, with
MARVELD21 exhibiting particularly broad and
high expression in MSCs, macrophages, fibro-
blasts, epithelial cells, and tissue stem cells
(Figure 5B, 5C).

Comparative analyses between normal and
cancer samples revealed a significant elevation
of MARVELD1 in malignant tissue, especially
within tissue stem cells (Figure 5D-F). This
observation suggested a potential role of
MARVELD1 in stem-like compartments contrib-
uting to tumorigenesis.

To further dissect the heterogeneity within tis-
sue stem cells, we stratified these cells into
MARVELD1-high and MARVELD1-low groups
based on mean expression levels. UMAP analy-
sis revealed distinct spatial segregation of
these subpopulations (Figure 6A), with MAR-
VELD1-high cells markedly enriched in cancer-
derived tissues (Figure 6B). This enrichment
implicates MARVELD1 as a potential determi-
nant of malignant stem-like cell identity.

Gene Ontology (GO) enrichment analysis of
DEGs between the two subgroups highlighted
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pathways associated with ribosomal structure,
electron transport activity, and oxidoreduction-
driven transmembrane transporter functions
(Figure 6C). KEGG pathway analysis revealed
prominent associations of MARVELDZ1 with oxi-
dative phosphorylation, Parkinson’s disease,
and prion disease, underscoring its mitochon-
drial and metabolic regulatory roles (Figure
6D). Furthermore, immune-related gene set
enrichment analysis (irGSEA) indicated that
MARVELD1-high tissue stem cells displayed
inhibition of angiogenesis, along with acti-
vation of the unfolded protein response, reac-
tive oxygen species (ROS) pathways, protein
secretion, and PIBK-AKT-mTOR signaling (Figure
6E). Collectively, these findings suggest that
MARVELD1 delineates a functionally distinct
subpopulation of tumor-propagating stem-like
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cells with heightened metabolic activity and
immune-modulating capacity.

MARVELD1 promotes the proliferation and mi-
gration ability of OC cells

In our analysis, MARVELD1 emerged as the fac-
tor most closely linked to OC, prompting our
speculation regarding the cancer-promoting
potential of the obesity-related gene MARVELD1
in OC. Subsequently, we sought to validate the
cancer-promoting phenotype of MARVELD1 in
two OC cell lines, namely OVCAR3 and A2780.
Our approach commenced by transfecting
these cells with both negative control (NC) and
two distinct types of siRNA, thereby enabling us
to gauge the efficiency of MARVELD1 knock-
down through RT-gPCR (Figure 7A, 7B).
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Following this, a CCK-8 experiment was under-
taken, revealing a substantial attenuation in
the proliferation ability of OC cells after
MARVELD1 knockdown (Figure 7C, 7D). Fur-
thermore, the colony formation experiment
unveiled a notable reduction in the number of
colonies formed upon MARVELD1 knockdown,
relative to the NC group (Figure 7E, 7F). In addi-
tion, the transwell assay demonstrated a sig-
nificant decrease in the migration capacity of
OC cells upon MARVELD1 silencing (Figure 7G,
7H). Collectively, the outcomes of these cell
function experiments collectively highlight the
role of MARVELD1 in promoting the progres-
sion of OC.

Discussion

Visceral obesity has been identified as a signifi-
cant factor in the development of various dis-
eases, including complex disease phenotypes
such as Crohn’s disease and tumor progression
[25, 26]. Research has shown that visceral
obesity induces an overactive state of plate-
lets, which, in turn, influences the onset and
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metastasis of colon cancer by secreting growth
factors and cytokines such as TGF-B and
PDGF7, and through direct interaction with can-
cer cells and endothelium [27]. Additionally, a
Mendelian randomization study has suggested
that visceral fat is a potential driver for an
increased risk of OC, particularly in tissue types
like endometrioid and clear cell OC [28].
Nevertheless, the precise mechanisms and
associations between visceral obesity and met-
abolic processes in OC remain inadequately
elucidated [29, 30]. A systematic investigation
was conducted to explore the molecular char-
acteristics of VORG expression in OC. Two dis-
tinct VORG subtypes with significantly different
prognostic outcomes were identified. Based on
the selected VORGs, a four-gene prognostic
model comprising CXCL9, IGF2, FCGBP, and
MARVELD1 was constructed. This model
enabled the reliable stratification of patients
into high- and low-risk subgroups. Notably, sig-
nificant differences were observed in immune
infiltration profiles and immune checkpoint
expression between the subgroups. The low-
risk group was characterized by an “inflamed”
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Figure 7. MARVELD1 promotes the migration and proliferation of OC cells. A, B. Reverse transcription quantitative
polymerase chain reaction (RT-qPCR) was used to verify cell knock-down efficiency. C, D. Cell Counting Kit-8 (CCK-8)
suggested that the proliferation of OC cells decreased after MARVELD1 silencing. E, F. The number of clones in the
si-MARVELD1 group was significantly lower than that in the NC group. G, H. Transwell assay showed that the migra-
tion ability of the si-MARVELD1 group cells was reduced (200x). Scale bar: 100 ym. **P < 0.01, ***P < 0.001.

immune microenvironment, whereas the high-
risk group exhibited higher TIDE scores, indicat-
ing enhanced immune escape potential.
scRNA-seq analysis revealed that MARVELD1
was specifically overexpressed in tumor stem-
like cell subpopulations, with enrichment in
metabolic and immune-related pathways. The
pro-oncogenic role of MARVELD1 was further
confirmed through functional experiments.
Collectively, these findings elucidated the link
between obesity-related molecular subtypes
and the development of OC, providing novel
insights into disease stratification and thera-
peutic decision-making.

Through Cox regression analysis, we identified
eight VORGs that exhibited significant correla-
tions with OC. Notably, one of these genes,
BAG3, has been demonstrated to enhance plat-
inum-resistant OC by epigenetically upregulat-
ing GALNT10 through WDR5 [31]. Additionally,
another VORG, ZBP1, regulates necrotic apop-
tosis in OC via the RIP3/MLKL pathway [32].
Subsequently, we categorized OC patients into
four distinct clusters based on the expression
levels of 8 VORGs. Subsequently, KM survival
analysis revealed that the prognosis of patients
in group A was significantly more favorable than
that of patients in group D. Further analysis
using KEGG enrichment demonstrated that
subtype A was primarily associated with oxida-
tive phosphorylation and cell metabolism of
drugs, suggesting that the activation of these
pathways may serve as a predictive indicator
for improved OC outcomes. Furthermore, our
analysis using ssGSEA unveiled that subtype D
exhibited elevated immune infiltration scores in
activated dendritic cells, eosinophils, immature
B cells, mast cells, regulatory T cells, and type
1 T helper cells. Despite this high immune cell
infiltration, subtype D likely reflects an immune-
suppressive or dysregulated immune state,
promoting tumor immune evasion rather than
effective immune surveillance.

We performed an analysis of 970 DEGs
between subtypes A and D, utilizing univariate
Cox regression, leading to the identification of
336 OS-related genes (P < 0.05). Subsequently,
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OC patients were categorized into gene Clusters
E and F based on these OS-related DEGs
through unsupervised cluster analysis. Notably,
Cluster E displayed a more favorable prognosis
(Figure 2B). Employing LASSO and stepwise
Cox regression, we selected four pivotal genes:
CXCL9, IGF2, FCGBP, and MARVELDZ1, for con-
structing prognostic models. CXCL9, a chemo-
kine, is associated with B cell function and can
modify the tumor immune microenvironment in
breast cancer, with high CXCL9 levels improv-
ing outcomes in triple-negative subtypes [33].
IGF2, an insulin-like growth factor primarily
secreted by the liver, is overexpressed in vari-
ous cancers and linked to poor prognosis [34].
MARVELD1, a nuclear protein with MARVEL
domains, plays a significant role in cancer [35,
36]. Concurrently, OC patients were stratified
into high-risk and low-risk groups based on the
risk score. The results indicated that VORG
expression was upregulated in the high-risk
group, suggesting a close association between
high-risk scores and elevated VORG expression
in OC.

Cancer immune surveillance refers to the pro-
cess by which the immune system identifies
and manages nascent tumor cells [37].
Currently, various immunotherapy approaches
aim to tackle heightened immunosuppression,
encompassing immune checkpoint blockade,
antibody-based therapy, cancer vaccines, cyto-
kines, adoptive cell transfer, and chimeric anti-
gen receptor-modified T cells [38]. In this study,
we assessed the expression levels of immune
checkpoint genes in two patient groups, reveal-
ing elevated CD48 and LAG3 expression in the
low-risk group. The low-risk group was charac-
terized by an “inflamed” immune microenviron-
ment with substantial infiltration of activated T
cells, leading to upregulated checkpoint exp-
ression. Importantly, these T cells maintained
functional capacity as evidenced by lower TIDE
scores, creating an optimal environment for
immunotherapy. In contrast, the high-risk group
exhibited higher TIDE scores, indicating more
profound immune escape mechanisms through
T-cell exhaustion or exclusion, resulting in poor
responsiveness to checkpoint inhibitors. These
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findings expand our understanding of OC immu-
notherapy and the intricate interplay between
visceral obesity and OC. Furthermore, the high-
risk group displayed enhanced sensitivity to
cediranib and foretinib but reduced sensitivity
to cisplatin relative to the low-risk group, under-
lining the prognostic model’s relevance for drug
efficacy.

In this study, scRNA-seq results reveal robust
MARVELD1 expression across various cell
types, notably elevated in tissue stem cells
within tumor samples, underscoring its close
association with OC. However, a limitation of
our current single-cell analysis is the lack of
explicit annotation of malignant tumor cells as
an independent cluster. Future research should
incorporate computational methods such as
inferred copy number variation (inferCNV) to
clearly annotate tumor cells, enabling precise
identification of malignant cells at the single-
cell level. This would allow for direct validation
of the expression patterns of MARVELD1 in
malignant tumor versus benign epithelial cell
populations. MARVELD1, a member of the
MARVEL domain-containing protein family,
exhibits tumor suppressor activity in breast,
cervical, prostate, hepatocellular, and other
cancers [39-42]. However, emerging eviden-
ce also supports a pro-cancer function of
MARVELD1. For example, MARVELD1 has
been shown to promote the invasiveness of
pancreatic adenocarcinoma by activating epi-
thelial-mesenchymal transition [43], and Xia
et al. demonstrated that the upregulation of
MARVELDZ1 through activation of the JAK/STAT
signaling pathway contributes to the malignant
phenotype of glioma cancer cells [44]. Thus,
the function of MARVELD1 may be influenced
by the TME, genetic background, or cell-type-
specific signaling pathways, which likely acc-
ounts for its differential roles across various
tumor types. Recent studies have reported
an elevation in MARVELD1 expression in OC,
which aligns with our findings [45]. We propose
that MARVELD1 plays a pro-cancer role in OC,
where its increased expression may be closely
linked to tumorigenesis and the maintenance
of stem cell properties. KEGG and irGSEA anal-
yses highlight significant associations between
MARVELD1 and Parkinson’s disease, prion dis-
ease, oxidative phosphorylation, along with
activation of unfolded protein response, ROS
pathways, protein secretion, and the PI3K-AKT-
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mTOR signaling pathway. Among these, the
ROS pathway regulates the proliferation and
survival of tumor cells by modulating redox
homeostasis, while excessive ROS accumula-
tion can induce DNA damage and genetic insta-
bility, thereby facilitating tumor progression
[46]. The PIBK-AKT-mTOR pathway, as a key
regulator of cell growth, survival, and metabo-
lism, is aberrantly activated in most OC and
drives tumor cell proliferation and invasion
[47]. Given their roles in cellular metabolism
and survival, these pathways are likely pivotal
in MARVELD1-mediated tumorigenesis. These
pathways are likely pivotal in MARVELD1-
mediated tumorigenesis. Additionally, cell func-
tion experiments reveal MARVELD1's capacity
to enhance OC cell proliferation and migration.

This study provides new insights into
MARVELD2's multifaceted role in promoting OC
and highlights its potential as a therapeutic tar-
get. Future investigations will focus on the
druggability of MARVELD1, exploring small
molecule inhibitors, RNA interference (RNAI),
and targeted delivery systems. Given that
MARVELD1 affects the PISBK-AKT-mTOR path-
way, indirect targeting via PI3K-AKT-mTOR
inhibitors may offer a promising therapeutic
strategy for patients with MARVELD1-high
tumors. These approaches could open the door
to novel therapies for OC.

The stability and clinical relevance of our four-
gene prognostic model were confirmed through
multidimensional validation. However, the lack
of fully independent external validation may
limit its generalizability. Future studies will
incorporate additional public datasets and pro-
spective clinical samples to enhance the exter-
nal validation of the model.

Conclusion

In summary, the molecular mechanisms by
which obesity-related genes contribute to the
initiation and progression of OC were elucidat-
ed through integrative multi-omics analyses.
The associations between obesity-related mo-
lecular subtypes and both immune and meta-
bolic features were defined. A risk model cen-
tered on CXCL9, IGF2, FCGBP, and MARVELD1
was constructed, and the potential tumor-pro-
moting pathways and clinical implications
mediated by these genes were identified. The
findings expanded the current understanding of

Am J Cancer Res 2025;15(11):4982-4998



MARVELD1 in visceral obesity - related ovarian cancer

the impact of obesity on OC and suggested
potential therapeutic targets and biomarkers
for precision treatment in obese patients.
Future studies should be undertaken to vali-
date the clinical applicability of these findings
and to explore targeted intervention strategies
aimed at improving therapeutic outcomes and
survival in obesity-associated OC.
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Altered in 22 (4.76%) of 462 samples.
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Figure S1. Genetic and transcriptional variations of VORGs and OC core prognostic genes. A. Genetic variation land-
scape of eight VORGs in 462 OC patients from the The Cancer Genome Atlas (TCGA) cohort. B. Genetic variation
landscape of four core prognostic genes in 462 OC patients from the TCGA cohort. C. Copy number variation (CNV)
analysis of the eight VORGs, with ZNF146 displaying the most frequent amplifications, while BAG3 and MED13L
showed the highest deletion rates. D. CNV analysis of the four core prognostic genes, with FCGBP displaying the
most frequent amplifications, while IGF2 showed the highest deletion rates. E. The network reflected the relation-
ship between VORGs and OC core prognostic genes, with MARVELD1 occupying a central position in the network.
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Figure S2. Correlation between risk score and immune cell infiltration. A-C. Risk score was positively correlated with
resting CD4 memory T cells, monocytes, and activated mast cells infiltration. D-F. Risk score was negatively corre-
lated with CD8 T cells, activated CD4 memory T cells, and plasma cells infiltration.



