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ABSTRACT
Background: Uveal melanoma (UVM) is the most common primary intraocular malignancy in adults and exhibits a high pro-
pensity for liver metastasis, often leading to poor prognosis. However, effective prognostic biomarkers and therapeutic strategies 
for metastatic UVM remain limited.
Methods: We comprehensively analyzed transcriptomic data from both single-cell and bulk RNA sequencing cohorts, integrat-
ing data from TCGA and GEO (GSE139829, GSE22138, and GSE84976). After batch effect correction and cell type annotation, 
differentially expressed genes (DEGs) between primary and metastatic malignant cells were identified. These were intersected 
with 900 prognosis-related genes from TCGA, and 11 key prognostic genes were selected via least absolute shrinkage and se-
lection operator (LASSO) regression to construct a risk prediction model. Model performance was evaluated across multiple 
cohorts. Furthermore, immune infiltration was assessed using CIBERSORT, and drug sensitivity was predicted based on chem-
otherapeutic IC50 values.
Results: The 11-gene risk model effectively stratified UVM patients into high-risk and low-risk groups with distinct survival out-
comes. High-risk patients exhibited a more immunosuppressive tumor microenvironment and were associated with altered sen-
sitivity to multiple chemotherapeutic agents. Immune checkpoint gene expression also varied significantly between risk groups, 
indicating potential implications for immunotherapy response.
Conclusion: This study identifies critical molecular features underlying UVM metastasis and immune remodeling, providing 
novel prognostic markers and potential therapeutic targets for clinical management of UVM.

1 | Introduction

Uveal melanoma (UVM) is the most common primary intraoc-
ular malignancy in adults, originating from melanocytes within 
the uveal tract, which includes the iris, ciliary body, and choroid 
[1]. The incidence is approximately 5–7 cases per million people 
per year, with significantly higher rates observed in white popu-
lations, and the typical patient is a middle-aged to elderly white 
individual (aged 50–70 years) [2]. Although the relationship 
with ultraviolet exposure remains unclear, light-colored iris, 

fair skin, and sun exposure have been associated with increased 
risk. UVM most commonly arises in the choroid (accounting for 
about 85%–90%), followed by the ciliary body (5%–8%), which is 
associated with a poorer prognosis, and the iris (3%–5%), which is 
usually diagnosed earlier and has a more favorable prognosis [3]. 
In early stages, UVM is often asymptomatic, and as the disease 
progresses, symptoms such as decreased vision, visual distortion, 
photopsia, or visual field defects may occur [2]. Larger tumors 
may cause intraocular hemorrhage, secondary glaucoma, or oc-
ular pain. On examination, fundus elevation, pigmented lesions, 
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or masses may be observed. Current diagnostic approaches in-
clude fundus examination with slit-lamp biomicroscopy and in-
direct ophthalmoscopy. Ultrasound is commonly used to assess 
tumor thickness, whereas optical coherence tomography (OCT) 
and magnetic resonance imaging (MRI) help evaluate retinal 
structure and local or distant invasion [4]. The primary treat-
ments for UVM include radiotherapy and local surgical excision. 
Enucleation is reserved for large tumors, those causing severe 
vision loss, or extensive local invasion. Chemotherapy has lim-
ited efficacy, and both immunotherapy and targeted therapy 
remain under investigation. Approximately 50% of patients de-
velop distant metastases within 10 years of diagnosis, most com-
monly to the liver, followed by the lungs and bones [5]. Once 
metastasis occurs, the median survival is approximately 6–12 
months. Therefore, identifying effective molecular markers for 
early diagnosis and treatment is urgently needed.

Current treatment of UVM faces multiple challenges and dif-
ficulties, particularly in the context of effective local control 
but poor outcomes in the prevention and management of dis-
tant metastases. One of the most notable biological features 
of UVM is its strong tropism for the liver. This is attributed to 
the unique liver-homing capability of UVM cells (e.g., via the 
CXCR4/SDF-1 axis) and the immunosuppressive characteris-
tics of the hepatic microenvironment [6]. Approximately 50% of 
patients develop metastases within 10 years of diagnosis, with 
about 95% presenting with liver-only metastases. Once metas-
tasis occurs, current therapeutic strategies fail to significantly 
prolong survival, with a median survival time of no more than 
12 months [7]. Furthermore, UVM exhibits a low tumor muta-
tional burden (TMB), lacks neoantigen expression, displays an 
immunologically “cold” tumor microenvironment, originates 
from an immune-privileged site (the eye), and frequently har-
bors BAP1 loss-of-function mutations—all contributing to its 
extremely poor response to immune checkpoint inhibitors (ICIs) 
such as anti-PD-1 and anti-CTLA-4 antibodies, especially com-
pared with cutaneous melanoma [8]. In addition, the rarity of 
UVM severely limits clinical trials due to the small number of 
eligible patients, difficulties in recruitment, low commercial re-
turns, limited pharmaceutical investment, and a lack of suitable 
animal models and clinical specimens [9]. Therefore, the identi-
fication of validated serum biomarkers for early prediction and 
dynamic monitoring of liver metastasis is urgently needed.

The pathological staging of UVM is primarily based on the 
AJCC 8th edition TNM system, incorporating factors such as 
tumor size, ciliary body involvement, and extrascleral extension 
(ESE) [10]. It is classified into stages I to IV. Stage I corresponds 
to small, early tumors (T1a–c) without ciliary body involve-
ment or metastasis and is associated with a favorable progno-
sis. Stages IIA and IIB represent medium-sized tumors or those 
with ciliary body involvement or focal ESE. Stages IIIA to IIIC 
include larger tumors or those with significant ESE, indicating 
more advanced local disease. Stage IV encompasses any distant 
metastasis, most commonly to the liver, and carries a poor prog-
nosis. This staging system is valuable for clinical risk assess-
ment, therapeutic decision-making, and follow-up management.

Based on the above characteristics, we conducted a comprehen-
sive investigation combining bioinformatics techniques and gene 
expression database, aiming to analyze the expression of genes 

among different clinical stages of disease progression, expecting 
to identify potential early predictive biomarkers and therapeutic 
targets for the clinical diagnosis and treatment of UVM.

2 | Methods

2.1 | Single-Cell RNA Sequencing Data Analysis

In this study, we utilized the publicly available scRNA-seq data-
set GSE139829 from the GEO database, which includes pri-
mary and metastatic UVM samples. Quality control (QC) was 
performed to remove low-quality cells and potential doublets. 
Specifically, cells with < 200 detected genes were excluded to 
eliminate empty droplets, while those with > 5,000 detected 
genes or > 25,000 unique molecular identifiers (UMIs) were re-
moved to minimize the impact of potential doublets and mul-
tiplets. In addition, cells with a mitochondrial gene expression 
percentage greater than 10% were filtered out, as high mito-
chondrial transcript levels are widely recognized as indicators of 
low-quality or apoptotic cells in scRNA-seq analysis [11]. After 
QC, a total of 50,933 high-quality single cells were retained for 
downstream analysis. Data preprocessing was carried out using 
the Seurat R package (v4.1.0), including normalization, identifi-
cation of highly variable genes, centering, and scaling.

Data preprocessing was carried out using the Seurat R package 
(v4.1.0), including log-normalization, identification of highly 
variable genes (top 2,000), centering, and scaling. To correct for 
batch effects among different samples, we applied the Harmony 
algorithm (R package v0.1.0) with the parameters theta = 2 , 
lambda = 1 , and max. iter. harmony = 20 , which have been com-
monly used in scRNA-seq studies to balance integration while 
preserving biological variability [12]. Following data integration, 
dimensionality reduction was performed using principal com-
ponent analysis (PCA) and visualization with uniform manifold 
approximation and projection (UMAP). Unsupervised cluster-
ing was conducted using the Louvain algorithm at a resolution 
of 0.8, and the resulting cell clusters were manually annotated 
based on the expression of canonical marker genes.

2.2 | Identification of Prognosis-Related Genes

To identify key regulatory genes associated with UVM prog-
nosis, we first performed differential gene expression analysis 
between primary and metastatic tumor cells at the single-cell 
level using the Wilcoxon rank-sum test, as implemented in the 
Seurat R package (v4.1.0). Differentially expressed genes DEGs 
were identified using a threshold of |log2FoldChange| > 0.25 and 
adjusted p value < 0.05. Functional enrichment analysis, includ-
ing gene ontology (GO) and Kyoto Encyclopedia of Genes and 
Genomes (KEGG) pathway enrichment, was conducted using 
the ClusterProfiler R package (v4.2.2) to investigate the biologi-
cal roles of DEGs.

To screen for genes significantly associated with patient prog-
nosis, we utilized the TCGA-UVM cohort and conducted uni-
variate Cox regression analysis using the survival R package 
(v3.5-5), identifying 900 genes with significant prognostic value 
(p < 0.05). These genes were intersected with the DEGs derived 
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from malignant cells in the single-cell dataset to narrow down 
the candidate gene set.

Subsequently, we performed LASSO regression analysis using 
the glmnet R package (v4.1-2) to avoid overfitting and identify 
robust predictors. The optimal penalty parameter (lambda) was 
determined by 10-fold cross-validation. To ensure model stabil-
ity and parsimony, we selected the lambda 1se value. This analy-
sis resulted in the selection of 11 UVM-specific prognostic genes, 
which were used to construct a polygenic risk score model. The 
risk score for each patient was calculated using the formula:

Risk score = Σ (expression level of each gene×coef).

Based on the distribution of risk scores, patients were divided 
into high-risk and low-risk groups using the median risk score 
as the cutoff threshold for downstream survival and clinical cor-
relation analyses.

The prognostic performance of the model was assessed using 
Kaplan–Meier survival analysis (via the survminer R package, 
v0.4.9) and time-dependent receiver operating characteristic 
(ROC) curve analysis (via the timeROC R package, v0.4), based 
on TCGA-UVM data. To validate the model's robustness and 
generalizability, independent validation was conducted using 
two external GEO datasets: GSE22138 and GSE84976.

2.3 | Immune Infiltration and Drug Sensitivity 
Analysis

To investigate the immune landscape associated with different 
risk groups in UVM, we employed the CIBERSORT algorithm 
to estimate the relative proportions of 22 immune cell types 
from bulk RNA-seq data in the TCGA-UVM cohort. Gene ex-
pression profiles were normalized and formatted according to 
the CIBERSORT input requirements, and the LM22 signature 
matrix was used as a reference. The analysis was conducted 
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FIGURE 1   |   Single-cell transcriptomic landscape of primary and metastatic UVM. (a) UMAP visualization of 50,933 single cells from primary and 
metastatic UVM after batch correction using the Harmony algorithm, (b) Clustering analysis at a resolution of 0.8 identified 26 distinct cell clusters, 
(c) heatmap showing expression of canonical marker genes across clusters, (d) UMAP plot displays annotated major cell types, (e) bar plot showing 
the proportion of each cell type in primary and metastatic UVM samples, (f) volcano plot displaying differentially expressed genes between primary 
and metastatic malignant cells, (g) KEGG pathway enrichment of differentially expressed genes, and (h) GO enrichment analysis highlighting mito-
chondrial metabolic processes and ribosomal functions.
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FIGURE 1   |  (CONTINUED)
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using the CIBERSORT R script with 1,000 permutations to 
ensure robustness. Differences in immune cell infiltration be-
tween the high-risk and low-risk groups were evaluated using 
the Wilcoxon rank-sum test.

To further explore the immunological context, we analyzed the 
expression patterns of a panel of immune checkpoint-related 
genes (e.g., PDCD1, CTLA4, LAG3, and TIGIT) between the 
two groups. Statistical comparisons were performed using the 
Wilcoxon test to identify potential differences in immune escape 
or suppression mechanisms.

For drug sensitivity analysis, the pRRophetic R package (v0.5) 
was used to estimate the half-maximal inhibitory concentration 
(IC50) of standard chemotherapeutic agents for each sample 
based on gene expression profiles. The algorithm applies ridge 
regression models trained on the Genomics of Drug Sensitivity 
in Cancer (GDSC) dataset to predict individual responses to 
drugs. We focused on commonly used antitumor drugs such as 
cytarabine, methotrexate, and mitomycin C. The predicted IC50 
values were then compared between the high-risk and low-risk 
groups using the Wilcoxon test, aimed at assessing potential dif-
ferential drug responsiveness and identifying candidate agents 
for risk-group-specific treatment.

2.4 | Statistical Analysis

All statistical analyses were conducted using R software 
(Version 4.2.0). For comparisons between two groups, the 
Wilcoxon rank-sum test was used for nonnormally distributed 

data, whereas the log-rank test was applied for survival com-
parisons. Univariate Cox proportional hazards regression was 
performed to identify prognosis-associated genes. LASSO re-
gression was conducted using the glmnet package to reduce di-
mensionality and select key prognostic variables. Kaplan–Meier 
survival curves were generated using the survival and sur-
vminer packages, and time-dependent ROC curves were plotted 
using the timeROC package to evaluate predictive accuracy. A 
two-tailed p value < 0.05 was considered statistically significant 
unless otherwise specified.

3 | Results

3.1 | Single-Cell Transcriptomic Landscape 
of Primary and Metastatic Uveal Melanoma

To investigate the cellular composition and transcriptomic 
changes in primary and metastatic UVM, we analyzed scRNA-
seq data comprising 50,933 cells from both tumor types. Batch 
effects were corrected using the Harmony algorithm, followed by 
dimensionality reduction with UMAP. The results demonstrated 
good integration of single-cell data (Figure 1a), with cells from 
primary and metastatic UVM samples broadly distributed but 
partially distinguishable. Using a clustering resolution of 0.8, we 
identified 26 distinct cell clusters (Figure 1b). Based on the expres-
sion of classic cell type markers (Figure 1c), these clusters were 
ultimately annotated into seven major cell types, including ma-
lignant cells (MITF and MLANA), T/NK cells (CD3E and CD3D), 
monocytes/macrophages (CD14, CD68, CD163, and C1QA), B 
cells/plasma cells (MS4A1, CD38, and SDC1), endothelial cells 
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FIGURE 1   |  (CONTINUED)
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(PECAM1, CD34, and CLDN5), fibroblasts (DCN, C1R, and C1S), 
and photoreceptor cells (RCVRN) (Figure 1d). Comparative anal-
ysis of the cellular composition between primary and metastatic 
tissue sources revealed a significantly increased proportion of 
monocytes/macrophages and T/NK cells in metastatic UVM, 
suggesting that the immune microenvironment in metastatic le-
sions had undergone remodeling (Figure 1e).

To explore changes in the intrinsic state of tumor cells, we ex-
tracted malignant cells and performed differential expression 
analysis. The resulting volcano plot (Figure 1f) showed multiple 
DEGs that were significantly upregulated or downregulated in 
metastatic UVM, indicating substantial transcriptional repro-
gramming during the metastatic process. Based on these DEGs, 
we conducted KEGG pathway enrichment analysis (Figure 1g), 

which revealed that metastatic tumor cells were enriched in 
pathways related to immune regulation, metabolic remodeling, 
and neurodegenerative diseases, including leukocyte transendo-
thelial migration, proteasome pathway, antigen processing and 
presentation, and glutathione metabolism, as well as Parkinson's 
disease, Alzheimer's disease, and Huntington's disease. These 
results suggest that metastatic cells may acquire an invasive 
phenotype through regulation of protein homeostasis, immune 
evasion, and oxidative stress responses. Further GO enrichment 
analysis (Figure 1h) showed that the DEGs were significantly 
involved in mitochondrial metabolism-related processes, such 
as oxidative phosphorylation, ATP synthesis–coupled electron 
transport, and respiratory chain activity. At the cellular compo-
nent level, these genes were enriched in the mitochondrial inner 
membrane and cytoplasmic ribosomes, whereas molecular 

S100A1

MLANA

CITED1

IGFBP7

TYRP1

TMSB4X

SRGN

CD74
CCL5

NKG7

IL32

CXCR4

CST7

CCL5

NKG7

MLANA

PMEL

APOE

CST3

IGFBP7

TYROBP

C1QB

HLA−DRA
C1QA

C1QC

MLANA

CITED1

IGFBP7
PMEL

TYRP1

IGLV3−1

IGKV3−20

IGLV2−14

IGLV1−40

IGLV3−10

CITED1

S100A1

IFITM3

APOC1

IGFBP7

TM4SF1

RAMP2

PLVAP

DNASE1L3
IGFBP5

PMEL
S100A1

MLANA

CITED1

TYRP1

FN1

COL3A1

MGP

COL1A1

TIMP1

PMEL
MLANA

TYRP1

CITED1

DUSP2

RCVRN

NRL

GNGT1

ROM1

RHO

SDCBP

SRGN

MTRNR2L8
CD74

TMSB4X

Malignant cells T/NK cells
Monocytes/

Macrophage cells B/Plasma cells Endothelial cells Fibroblast cells Photoreceptor cells

−5

0

5

Percentage di�erence

Lo
g 2−

Fo
ld

 ch
an

ge

0.50.0−0.5 0.50.0−0.5 0.50.0−0.5 0.50.0−0.5 0.50.0−0.5 0.50.0−0.5 0.50.0−0.5

(f)

FIGURE 1   |  (CONTINUED)



7 of 19

Herpes simplex virus 1 infection
Leukocyte transendothelial migration

Human cytomegalovirus infection
Fluid shear stress and atherosclerosis

Vibrio cholerae infection
Th17 cell di�erentiation

Retrograde endocannabinoid signaling
Rheumatoid arthritis

Glycolysis / Gluconeogenesis
Proteasome

Glutathione metabolism
Phagosome

Carbon metabolism
Antigen processing and presentation

Epstein−Barr virus infection
Human T−cell leukemia virus 1 infection

Viral myocarditis
Thermogenesis

Coronavirus disease − COVID−19
Pathways of neurodegeneration − multiple diseases

Alzheimer disease
Amyotrophic lateral sclerosis

Huntington disease
Diabetic cardiomyopathy

Non−alcoholic fatty liver disease
Chemical carcinogenesis − reactive oxygen species

Prion disease
Oxidative phosphorylation

Parkinson disease
Ribosome

0 25 50 75 100
Count

p.adjust

0.0004

0.0008

0.0012

(g)

Count

BP
CC

M
F

0 50 100

Cellular respiration
Aerobic electron transport chain

Generation of precursor metabolites and energy
Oxidative phosphorylation

Aerobic respiration
Respiratory electron transport chain

Mitochondrial ATP synthesis coupled electron transport
ATP synthesis coupled electron transport

ATP metabolic process
Cytoplasmic translation

Respiratory chain complex
Oxidoreductase complex

Focal adhesion
Cell−substrate junction

Cytosolic ribosome
Large ribosomal subunit

Mitochondrial inner membrane
Ribosome

Mitochondrial protein−containing complex
Ribosomal subunit

rRNA binding
oxidoreductase activity, acting on NAD(P)H

oxidoreductase activity, acting on NAD(P)H as acceptor
Oxidoreduction−driven active transmembrane transporter activity

NADH dehydrogenase (ubiquinone) activity
Electron transfer activity

NADH dehydrogenase activity
NADH dehydrogenase (quinone) activity

NAD(P)H dehydrogenase (quinone) activity
Structural constituent of ribosome

p.adjust

3.0e−12

6.0e−12

9.0e−12

(h)

FIGURE 1   |   (CONTINUED)



8 of 19 International Journal of Genomics, 2026

function analysis revealed enrichment in oxidoreductase activ-
ity and NADH dehydrogenase activity.

3.2 | Constructing a Risk Model by Integrating Bulk 
and Single-Cell Transcriptome Data

To identify key regulatory factors associated with UVM progno-
sis, we first downloaded the TCGA-UVM dataset and performed 

univariate Cox regression analysis, identifying 900 prognosis-re-
lated genes (Table S1). These genes were then intersected with 
DEGs from malignant cells at the single-cell level. The overlap-
ping genes were subjected to LASSO regression analysis, result-
ing in the identification of 11 UVM-specific prognostic genes: 
serpin family B member 9 (SERPINB9), poly polymerase family 
member 8 (PARP8), programmed cell death 4 (PDCD4), seizure 
related 6 homolog like 2 (SEZ6L2), KDEL endoplasmic reticu-
lum protein retention receptor 3 (KDELR3), perilipin-2 (PLIN2), 
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FIGURE 2   |   Construction and validation of the UVM prognostic risk model. (a) LASSO coefficient profiles of candidate genes, (b) 10-fold cross-val-
idation for optimal � selection in the LASSO model, (c–d) ROC curve and Kaplan–Meier survival analysis in the TCGA-UVM cohort, (e–f) ROC 
curve and survival analysis in the GSE22138 validation cohort, and (g–h) ROC curve and survival analysis in the GSE84976 validation cohort.
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interferon stimulated exonuclease gene 20 (ISG20), S100A13, 
solute carrier family 45 member 2 (SLC45A2), GABA Type A 
receptor associated Protein like 1 (GABARAPL1), and CTSF 
Cathepsin F (Table S2). As shown in Figure 2a, the LASSO co-
efficient trajectory plot illustrates the variation in gene coeffi-
cients under different values of the regularization parameter �. 

Ten-fold cross-validation identified the optimal � corresponding 
to the minimum partial likelihood deviance (Figure 2b). Based 
on the 11 selected genes, we constructed a multigene risk pre-
diction model and calculated a risk score for each sample in the 
TCGA cohort. Samples were then divided into high-risk and 
low-risk groups according to the median risk score.
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10 of 19 International Journal of Genomics, 2026

We evaluated the predictive performance of the model across 
multiple independent datasets. In the TCGA-UVM training 
set, the model exhibited excellent predictive accuracy, with 
AUCs of 0.897, 0.973, and 1.000 for 1-year, 3-year, and 5-year 
survival, respectively (Figure 2c). Kaplan–Meier survival analy-
sis demonstrated significantly worse outcomes in the high-risk 
group (p = 2.71e–10; Figure 2d). The model was further vali-
dated in the GSE22138 cohort, where the 1-year, 3-year, and 

5-year survival AUCs were 0.655, 0.758, and 0.703, respectively 
(Figure 2e), and high-risk patients showed significantly poorer 
survival outcomes (p = 5.61e–04; Figure 2f). In another inde-
pendent validation dataset, GSE84976, the model maintained 
strong predictive performance, with AUCs of 0.932 and 0.898 
for 3-year and 5-year survival (Figure 2g), and a statistically sig-
nificant difference in survival between high-risk and low-risk 
groups (p = 2.106e-04; Figure 2h).
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3.3 | Prognostic Independence and Nomogram 
Validation of the UVM Risk Score

To evaluate whether the constructed risk model is an indepen-
dent prognostic factor for overall survival (OS) in UVM patients, 
we performed univariate and multivariate Cox regression anal-
yses in the TCGA-UVM cohort. As shown in Figure 3a, univari-
ate analysis indicated that both age (HR = 1.046 , p = 0.019 ) and 
risk score (HR = 7.591 , p < 0.001 ) were significantly associated 
with OS. In the multivariate model (Figure 3b), only the risk 
score remained an independent prognostic factor (HR = 6.983 , 
p < 0.001), demonstrating the robustness of the risk model re-
gardless of clinical covariates.

To facilitate clinical application, we constructed a nomogram 
integrating age and risk score to predict 1-year, 3-year, and 
5-year OS probabilities (Figure 3c). Each variable was as-
signed a point score based on its contribution to survival, and 
the total points corresponded to the predicted survival prob-
ability. The predictive accuracy of the nomogram was eval-
uated using a calibration curve (Figure 3d), which showed 
good agreement between the predicted and observed survival 
outcomes at 1 and 3 years, indicating high predictive perfor-
mance and clinical utility of the risk model when combined 
with clinical features.

3.4 | UVM Immune Microenvironment 
Characteristics and Drug Sensitivity Differences

To explore differences in the tumor immune microenvironment 
between high-risk and low-risk UVM groups, we performed 
CIBERSORT algorithm-based immune infiltration analysis. As 

shown in Figure 4a, the infiltration levels of multiple immune 
cell types were significantly different between the two groups. 
Specifically, high-risk patients exhibited increased enrichment 
of activated CD4+ and CD8+ T cells, NK cells, T helper 1 (Th1) 
and regulatory T (Treg) cells, MDSCs, and various antigen-pre-
senting cells, indicating a more immunologically active yet po-
tentially immunosuppressive microenvironment.

We further examined the expression of immune checkpoint 
genes between the two groups. As shown in Figure 4b, sev-
eral immune checkpoint molecules—such as CD276 (B7-H3), 
HAVCR2 (TIM-3), LAG3, PDCD1LG2 (PD-L2), and TIGIT—
were significantly upregulated in the high-risk group. This 
suggests that high-risk patients may exhibit greater immune ex-
haustion and immune escape potential and may respond differ-
ently to immune checkpoint blockade (ICB) therapies.

To evaluate differences in potential drug sensitivity, we esti-
mated the half-maximal inhibitory concentration (IC50) of com-
mon chemotherapeutic agents. As shown in Figures 4c, 4d, and 
4e, the estimated IC50 values for cytarabine and methotrexate 
were significantly lower in the high-risk group (both p < 0.001), 
indicating higher sensitivity. In contrast, the IC50 of mitomycin 
C was significantly higher in the high-risk group (p < 0.01), sug-
gesting lower sensitivity.

3.5 | Expression Validation of Prognostic Genes at 
Single-Cell and Bulk Transcriptome Levels

To validate the expression patterns of prognostic genes 
across different cell types, we examined their distribution 
in the UVM single-cell dataset. As shown in Figure 5a, the 
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11-risk model–related genes exhibited distinct cell type–spe-
cific expression profiles. For instance, S100A13 and ISG20 were 
mainly expressed in endothelial and B/plasma cells, whereas 
SERPINB9 was highly enriched in malignant cells. PLIN2 was 

predominantly expressed in macrophages, and SEZ6L2 was 
abundant in endothelial and plasma cells. These results suggest 
that the prognostic genes are functionally associated with spe-
cific cell populations within the tumor microenvironment.
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riskscore
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0.975

0.676

1.86e−08

(c)

FIGURE 3   |   Prognostic independence and nomogram validation of the UVM risk score. (a) Univariate Cox regression analysis of clinical variables 
and risk score, (b) multivariate Cox regression showing risk score as an independent prognostic factor, (c) nomogram integrating age and risk score 
for predicting 1-year, 3-year, and 5-year overall survival, and (d) calibration curves evaluating the accuracy of nomogram-predicted survival.
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We further validated gene expression levels at the bulk tran-
scriptomic level across UVM clinical stages (Figures 5b, 5c, and 
5d). Although PLIN2 and S100A13 showed no significant dif-
ferences across stages (p > 0.05), SERPINB9 displayed a statisti-
cally significant variation, with increased expression in Stage III 
tumors and decreased expression in Stage IV (p < 0.05), indicat-
ing its potential relevance to disease progression.

4 | Discussion

UVM is the most common primary intraocular malignancy in 
adults. Although local treatment options—such as radiotherapy, 
local resection, and enucleation—can achieve satisfactory tumor 
control, significant challenges remain in clinical management 
[13]. The most critical issue is the high rate of distant metasta-
sis: approximately 50% of patients develop metastases within 10 
years of diagnosis, with over 95% involving the liver [14]. UVM 
exhibits strong hepatic tropism, and the immunosuppressive 
microenvironment of the liver further limits treatment efficacy. 
Once metastasis occurs, current therapeutic strategies fail to sig-
nificantly prolong survival, with median survival typically less 
than 1 year. In addition, UVM has a low TMB, weak immuno-
genicity, and frequently harbors BAP1 loss, contributing to its 
poor response to ICIs, which is markedly inferior to that of cuta-
neous melanoma [15]. Although driver mutations such as GNAQ 
and GNA11 have been identified, no effective targeted therapies 
have been established. Research efforts are further hampered 
by the rarity of UVM, limited availability of clinical samples, 
challenges in clinical trial recruitment, and insufficient phar-
maceutical investment [16]. Therefore, it is urgently necessary 
to develop reliable early diagnostic biomarkers and explore more 
effective immunotherapeutic and targeted strategies to improve 
long-term outcomes for UVM patients.

In this study, we conducted a comprehensive investigation to 
analyze the expression of genes among different clinical stages 
of disease progression, and found that the expression of CTSF, 
GABARAPL1, ISG20, KDELR3, PARP8, PDCD4, SEZ6L2, and 
SLC45A2 showed no significant differences among different 
clinical stages of UVM. CTSF is a lysosomal cysteine protease 
involved in protein degradation and antigen processing, whereas 
ISG20 is an exonuclease that participates in antiviral responses, 
and higher expression of both genes has been associated with 
tumor invasiveness and metastasis [17, 18]. GABARAPL1 is an 
autophagy-related protein that contributes to the formation and 
transport of autophagosomes, PARP8 belongs to the poly (ADP-
ribose) polymerase family and is involved in DNA repair and 
cell apoptosis, PDCD4 is a tumor suppressor gene that regulates 
cell proliferation, apoptosis, and transcription, which the ex-
pression levels of these three genes have been correlated with 
tumor growth and metastasis across various cancers [19–21]. 
KDELR3 is involved in protein recycling and transport between 
the ER and Golgi, and its high expression is linked to poor 
prognosis in multiple cancer types [22]. SEZ6L2 is a transmem-
brane protein associated with neural development and synaptic 
function, and its overexpression has been correlated with poor 
outcomes and drug resistance in several cancers [23]. SLC45A2 
is a melanocyte-associated antigen involved in melanin synthe-
sis and transport, and is highly expressed in melanoma [24]. 
Mechanistically, SLC45A2 localizes to melanosomes and regu-
lates their internal pH, which is critical for maintaining tyros-
inase activity and melanin production; silencing of SLC45A2 
leads to acidification of melanosomes, reduced tyrosinase ac-
tivity, and decreased melanin content [25]. Studies have shown 
that autologous SLC45A2-specific cytotoxic T lymphocyte (CTL) 
therapy demonstrates therapeutic efficacy and durability in met-
astatic UVM, indicating its potential as a target for immunother-
apy [26]. In addition, early-phase clinical trials of endogenous 
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FIGURE 4   |   Immune characteristics and drug sensitivity analysis between high-risk and low-risk UVM groups. (a) Differences in immune cell 
infiltration levels estimated by ssGSEA (b) differential expression of immune checkpoint genes between the two risk groups, (c–e) predicted IC50 
values of (c) cytarabine, (d) methotrexate, and (e) mitomycin C in high-risk and low-risk groups, indicating distinct drug sensitivity profiles.
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T cell (ETC) therapy targeting SLC45A2 in patients with uveal 
melanoma are currently underway [27].

Apart from these genes, we found the expression of PLIN2 was 
much higher in the Stage II subgroup compared with Stage 
IV patients, whereas the same differences were not shown in 
patients between Stage II and III as well as Stage III and IV. 
PLIN2, also known as adipophilin or adipocyte differenti-
ation-related protein (ADRP), is a key member of the lipid 
droplet-associated protein family [28]. It is widely expressed 
in various tissues and primarily functions to regulate the for-
mation, stabilization, and metabolism of lipid droplets [28]. 
PLIN2 contributes to tumor development by influencing path-
ways such as the cell cycle, ferroptosis, endoplasmic reticulum 
stress, and reactive oxygen species generation [29]. Studies have 
shown that the expression level of PLIN2 is closely correlated 
with the survival rate of patients with UVM [30]. Furthermore, 
changes in PLIN2 expression are linked to immunosuppression 
and metabolic reprogramming within the tumor microenvi-
ronment [30]. Meanwhile, we found the expression of S100A13 
showed the same trend in patients with UVM. S100A13 is a 

member of the S100 protein family and is widely distributed 
in both the cytoplasm and nucleus. It is involved in regulating 
various cellular processes, including cell cycle progression, dif-
ferentiation, inflammatory responses, and cell migration [31]. 
In several types of cancer, such as non–small cell lung can-
cer, high expression of S100A13 has been associated with en-
hanced metastatic potential and poor patient prognosis [32, 33]. 
Notably, recent studies on other S100 family members have fur-
ther revealed the family's pivotal role in inflammation-related 
tissue injury and immune regulation. For example, studies have 
reported that S100A8/A9-overexpressing macrophages mediate 
renal tubular epithelial cell injury in acute kidney injury fol-
lowing acute Type A aortic dissection surgery, suggesting the 
significant role of S100 family proteins in shaping the inflam-
matory microenvironment and regulating disease progression 
[34]. Although S100A8/A9 and S100A13 exhibit functional dif-
ferences, they share structural similarities and participate in 
overlapping inflammatory signaling pathways. This suggests 
that abnormal expression of S100 family members may con-
tribute to pathological remodeling through immune-related 
mechanisms. However, previous studies have not investigated 
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the relationship between S100A13 and UVM. This study first 
reveals the expression profile of S100A13 in UVM and its po-
tential significance, expanding the functional spectrum of S100 
family proteins in disease.

Additionally, we also found the expression of SERPINB9 showed 
significant differences among Stage II, III, and IV subgroups. 
SERPINB9 is a serine protease inhibitor that primarily func-
tions to prevent apoptosis by inhibiting granzyme B released by 
immune cells [35]. Studies have shown that high expression of 
SERPINB9 is associated with poor prognosis in patients with 
UVM [36]. It impairs CTL and natural killer (NK) cell-medi-
ated tumor cell apoptosis, thereby promoting immune evasion 
[37, 38]. Furthermore, research has demonstrated that knockout 
of SERPINB9 enhances tumor cell susceptibility to T cell-me-
diated cytotoxicity, suggesting its potential as a therapeutic tar-
get [37]. Notably, several studies have indicated that SERPINB9 
contributes to tumor immune evasion through multiple mecha-
nisms. In a pancancer analysis, Ibáñez-Molero and colleagues 
identified SERPINB9 as the most DEG in tumor cells resistant 
to ICB therapy. Its expression was further elevated in melanoma 
samples following ICB treatment, and rare SERPINB9-positive 
cells were also detected in non–small cell lung cancer [39]. In 
functional assays, Jiang's group demonstrated that genetic de-
letion or pharmacological inhibition of SERPINB9 markedly 
increased tumor cell susceptibility to T cell- and CAR-T cell–
mediated cytotoxicity [40]. Complementing these findings, a 
clinical cohort study by Soriano et al. reported that tumor cells 
frequently upregulate PI-9/SERPINB9 as a defense against 
granzyme B–dependent cytotoxicity [41]. Together, these obser-
vations highlight a consistent role of SERPINB9 in facilitating 
immune escape and underscore its potential as a therapeutic 
target in UVM.

There also remain several limitations in our study. Firstly, as 
this work is based on publicly available transcriptomic data-
sets, the innate technical constraints of bioinformatics analysis 
may introduce potential bias. Secondly, our immune infiltration 
and drug sensitivity analyses were derived from computational 
predictions based on the 11-gene risk model. These stratified 
trends cannot be directly replicated by in vitro assays, and 

clinical validation would require additional tumor tissue col-
lection and multigene testing, which are not currently feasible 
in routine UVM practice. Thirdly, deeper mechanistic studies 
using cellular or animal models are warranted to further verify 
the biological functions of the model genes and to strengthen the 
translational significance of our findings.

In conclusion, our comprehensive investigation combined bio-
informatics techniques and gene expression databases, aimed 
at analyzing the expression of genes among different clinical 
stages of disease progression, and found significant expression 
differences of PLIN2, S100A13, and SERPINB9, which could be 
potential early predictive biomarkers and therapeutic targets for 
the clinical diagnosis and treatment of UVM.
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