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Machine learning and single-cell RNA
sequencing reveal relationship between
intratumor CD8+ T cells and uveal melanoma
metastasis

Shuming Chen'?", Zichun Tang"?", Qiaogian Wan?, Weidi Huang'*, Xie Li"?, Xixuan Huang'?, Shuyan Zheng'?,
Caiyang Lu*, Jinzheng Wu?, Zhuo Li"®*'® and Xiao Liu"*"

Abstract

Purpose Uveal melanoma (UM) is adults'most common primary intraocular malignant tumor. It has been observed
that 40% of patients experience distant metastasis during subsequent treatment. While there exist multigene models
developed using machine learning methods to assess metastasis and prognosis, the immune microenvironment’s
specific mechanisms influencing the tumor microenvironment have not been clarified. Single-cell transcriptome
sequencing can accurately identify different types of cells in a tissue for precise analysis. This study aims to develop

a model with fewer genes to evaluate metastasis risk in UM patients and provide a theoretical basis for UM
immunotherapy.

Methods RNA-seq data and clinical information from 79 um patients from TCGA were used to construct prognostic
models. Mechanisms were probed using two single-cell datasets derived from the GEO database. After screening

for metastasis-related genes, enrichment analysis was performed using GO and KEGG. Prognostic genes were
screened using log-rank test and one-way Cox regression, and prognostic models were established using LASSO
regression analysis and multifactor Cox regression analysis. The TCGA-UVM dataset was used as internal validation and
dataset GSE22138 as external validation data. A time-dependent subject work characteristic curve (time-ROC) was
established to assess the predictive ability of the model. Subsequently, dimensionality reduction, clustering, pseudo-
temporal analysis and cellular communication analysis were performed on GSE138665 and GSE139829 to explore the
underlying mechanisms involved. Cellular experiments were also used to validate the relevant findings.

Results Based on clinical characteristics and RNA-seq transcriptomic data from 79 samples in the TCGA-UVM cohort,
247 metastasis-related genes were identified. Survival models for three genes (SLC25A38, EDNRB, and LURAPT) were
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then constructed using lasso regression and multifactorial cox regression. Kaplan-Meier survival analysis showed that
the high-risk group was associated with poorer overall survival (OS) and metastasis-free survival (MFS) in UM patients.
Time-dependent ROC curves demonstrated high predictive performance in 6 m, 18 m, and 30 m prognostic models.
Cell scratch assay showed that the 24 h and 48 h migration rates of cells with reduced expression of the three genes
were significantly higher than those of the si-NC group. CD8+T cells may play an important role in tumour metastasis
as revealed by immune infiltration analysis. An increase in the percentage of cytotoxic CD8+T cells in the metastatic
high-risk group was found in the exploration of single-cell transcriptome data. The communication intensity of
cytotoxic CD8 was significantly enhanced. It was also found that the CD8+T cells in the two groups were in different
states, although the number of CD8+T cells in the high-risk group increased, they were mostly in the exhausted and

undifferentiated state, while in the low-risk group, the CD8+T cells were mostly in the functional state.

Conclusions We developed a precise and stable 3-gene model to predict the metastatic risk and prognosis of
patients. CD8+T cells exhaustion in the tumor microenvironment play a crucial role in UM metastasis.

\Keywords Uveal melanoma, Prognostic models, Immune microenvironment, Tumour metastasis

Introduction

Uveal melanoma (UM) is the most common primary
intraocular malignant tumor in adults [1]. Primary UM
can be treated with either radiation or surgery and has a
low- local recurrence rate. However, distant metastases,
which often occur in the liver, are present in approxi-
mately 40% of patients during the subsequent course and
the mortality rate for the population is high, up to 50%
within a period of 4 to 5 years [2—4]. There is no effec-
tive treatment available for metastatic melanoma, which
is why it is critical to identify and screen patients who are
at high risk of developing metastases.

Previous studies have been conducted to predict the
risk of UM metastasis by clinicopathological features,
chromosomal features and gene expression profiles
(GEP) [5]. Certain clinicopathological features such as
tumor thickness, peripheral location, patient age, vision
loss, and ocular melanocytosis can be used to assess the
risk of metastasis in UM [6,7]. These data are most read-
ily available in clinical work but are slightly less accurate
in assessing metastasis and prognosis. With the develop-
ment of chromosomal and genetic testing methods, chro-
mosomal abnormalities such as monosomy 3 and GEP
analysis have shown superior predictive accuracy over
clinicopathological features 8°*9. An increasing number
of genes have been used in recent studies to predict the
risk of metastasis in UM, for example, PRAME (prefer-
entially expressed antigen in melanoma) [10], estrogen
receptors (ERs) [11], SLC25A38 [9], PRRX1 [12], etc.

Several multigene models have been developed using
machine learning methods to assess the metastasis and
prognosis of UM. The prediction model developed by
Onken et al.,, based on gene expression profiling (GEP),
demonstrated good accuracy and stability [13,14]. These
models have high accuracy and robustness. However,
each model included more than 10 genes to improve
accuracy, leading to higher genetic testing costs, limit-
ing their large-scale clinical application. Additionally,

the specific mechanisms by which the genes in the mod-
els affect UM metastasis have not been fully elaborated
upon. As a result, these models can only predict the risk
of UM metastasis and cannot provide a specific protocol
to prevent it.

The unique tumor microenvironment results from
the eye’s immune-privileged environment [15]. A study
comparing immune infiltration in all tumors in TCGA
revealed that UM had the lowest level of immune infil-
tration [16]. As a result, previous studies of metastatic
mechanisms in UM have tended to focus on tumor het-
erogeneity. Some UM cells lack immunogenicity, which
may contribute to the high risk of UM metastases [17].
However, the role played by immune cells in the tumor
microenvironment is still unclear. The main types of
immune cells infiltrating UM are T cells and macro-
phages [18]. Our study aimed to explore the function of
these immune cells preliminarily.

The model mentioned above was based on bulk tran-
scriptome sequencing data, which is easily accessible.
However, it cannot accurately distinguish between differ-
ent types of cells in tumor tissues, making it difficult to
understand how the immune microenvironment affects
tumor metastasis. In contrast, single-cell transcriptome
sequencing data is more expensive, but the sequencing
accuracy is extremely high. It can differentiate between
various types of cells in the tissue for analysis. As a result,
single-cell transcriptome sequencing technology has sig-
nificantly advanced the understanding of many disease
mechanisms in recent years [19-21].

Our study aims to develop a new model with fewer
genes to improve the applicability of GEP analysis in
clinical work. We also investigated the metastatic mecha-
nism of UM using single-cell transcriptome sequencing
data. The study builds a practical model and explores
specific mechanisms in UM metastasis. It can be used in
clinical work to assess the risk of UM metastasis and pro-
vide a theoretical basis for UM immunotherapy.
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Methods

Data resources and workflow

Data for constructing and validating prognostic mod-
els were obtained from the TCGA and GEO databases.
The TCGA-UVM dataset was used to construct the
prognostic models and contains bulk RNA-seq data and
clinical information for 80 pm patients. Another cohort
GSE22138 include 63 pm patients were chosen from
the GEO database (https://www.ncbi.nlm.nih.gov/geo/).
Baseline clinicopathological information, metastatic sta-
tus, and final clinical outcome were recorded for each
patient. The two single-cell transcriptome sequencing
datasets used to probe mechanisms were obtained from
the GEO database. The single-cell dataset GSE138665
contains tumor single-cell transcriptome data from 6 pri-
mary UM patients. The single-cell database GSE139829
contains tumor single-cell transcriptome data from 8 pri-
mary UM patients. The flowchart of this study is showed
in the Fig. 1.

Metastasis related genes identification and functional
enrichment analysis

After removing the 1 sample with missing transfer status,
the remaining 79 samples from the TCGA-UVM data-
set were divided into two subgroups according to trans-
fer status, and subsequently the R packages “DESeq2’,
“edgeR” and “limma” to assess the differential mRNA
expression between the metastatic and non-metastatic
groups. The criteria for selecting metastasis related genes
(MRGs) included |log2(fold change)| > Mean [log2(fold
change)]+2SD[log2(fold change)]and a false discovery
rate (FDR)-adjusted p<0.05.The MRGs that were co-
upregulated or co-downregulated in the three R packages
were considered to be metastasis-associated genes. The
results were visualized using the R packages “ggplot2”
and “MetaVolcanoR”

To explore potential biological processes related to
the obtained MRGs, we performed gene ontology (GO)
and Kyoto Encyclopedia of Genes and Genomes (KEGQG)
enrichment analysis using the R package “clusterPro-
fifiler” The GO enrichment analysis was conducted
based on three aspects including biological process (BP),
molecular functions (MF) and cellular components (CC).
The results were visualized using R packages “ggplot2”
and “BioEnricher”.

Survival analysis and prognostic modeling

Survival was estimated by the Kaplan-Meier method
using MGRs, and any differences in survival were evalu-
ated with log-rank test and univariate Cox regression.
Genes with p-values<0.05 for both tests were considered
to be associated with prognosis. Least absolute shrink-
age and selection operator (LASSO) regression analy-
sis was then performed using the R package “glmnet” to
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avoid overfitting. Subsequently, multivariate Cox regres-
sion analysis (significance level: p<0.05) was performed
to establish a prognostic model. According to the corre-
sponding regression coefficient calculated by multivariate
Cox regression analysis, the risk score can be calculated.
The risk score was computed as follow:

Riskscore = Z o Coef; x Exp;)

Coef; is the corresponding regression coefficient calcu-
lated by multivariate Cox regression analysis and Exp; is
the expression value of the genes selected by multivariate
Cox regression analysis.

Evaluation of prognostic model

The TCGA-UVM dataset was used as the internal valida-
tion dataset GSE22138 was used as the external valida-
tion dataset, and the samples were divided into high-risk
and low- risk groups according to the survival model,
respectively. Kaplan-Meier survival analyses were per-
formed using the R packages “survival” and “survminer”
to compare the OS and MFS between different groups. R
package “timeROC” were used to establish time-depen-
dent receiver operating characteristic curves (time-ROC)
to evaluate the predictive power of the model. The larger
the area under the curve (AUC), the stronger the predic-
tive ability of the risk model.

Cell culture

The human UM cell line MuM-2B were purchased from
iCell Bioscience Inc. (iCELL-h148; Shanghai, China).
Cells were cultured in RPMI- 1640 medium (Gibco, USA)
supplemented with 10% FBS (Gibco, USA) and 1% peni-
cillin-streptomycin in an incubator containing 5% CO2
at 37 °C. The cell experiments were performed in the log-
arithmic growth period.

Quantitative real-time PCR

Total RNA from MUM2B cells were extracted using the
SteadyPure Quick RNA Extraction kit (AG21023; Accu-
rate Biotechnology, Beijing, China). And the reverse-
transcribed using EVo M-MLV RT Mix Kit with gDNA
Clean for gPCR Ver.2 (AG11728; Accurate Biotechnol-
ogy, Beijing, China) for qPCR. The resulting cDNAs were
used for PCR using the SYBR® Green Premix Pro Taq HS
qPCR Kit (Rox Plus) (AG11718-S, Accurate Biotechnol-
ogy, Hunan). qPCR was performed using the StepOne
Real-Time PCR system (4376 600; Applied Biosystems,
Carlsbad, CA, USA). The PCR program was as follows:
pre-denaturation at 95°C for 30 s, and 40 cycles of 5 s at
95°C and30 s at 60°C. The following primer sequences
(all 5" to 3’) were used for quantita-tive real-time PCR:
EDNRD Forward: 5- CCATTGGCCATCACTGCATT
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Fig. 1 Flowchart of this study

T -3} Reverse: 5-:CCGTCTCTGCTTTAGGTGATCAT
—3’; LURAP Forward: 5- CATGGAAACCTGGCTCATC
A -3} Reverse: 5-GCTCTCTATCTTGGGTAACAGCA
-3} SLC25A38 Forward: 5- GGGTCTCCTTGGGTATG
TTCTT -3; Reverse: 5- CTCCTCTCCTCACATCCAG
TCTT -3; All data were normalized against endogenous
glyceraldehyde 3-phosphate dehydrogenase (GAPDH)
controls of each. sample Relative expressionwas

Cellchat

calculated using the 2—AACT method. Five biological
replicates were included for each assay with three techni-
cal repli-cates for each biological replicate.

Transfection experiment

The siRNA mimics (si- NC, si-EDNRB, si-LURAPI, si-
SLC25A38) and negative control (si-NC) were trans-
fected into MUM-2B cells using a RiboFECT™ CP
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Transfection Kit (RiboFECT CP, Guangzhou, China),
Transfection was carried out according to the manufac-
turer’s instructions.

Wound healing assay

MUM2B cells were seeded into 6-well plates with a den-
sity of 1.0x 10° cells per well, and they adhered to the wall
of the dish after incubating for 24 h. As described above,
add corresponding transfection kit when reagent the den-
sity of the cells grows to between 30%~50%. When cells
were cultured until 100% confluence, a straight line was
scratched with a sterile pipette tip and the cells originally
in the area of the line were removed. The medium was
then refreshed with the medium. Samples were taken at
the time points of 0, 24 and 48 h after scratching. Images
were captured under a microscope at X5 magnification.

Cell viability assay

Cell viability was evaluated by a CCK-8 kit (DOJINDO,
Japen) according to the manufacturer’s protocol. The
ratio of cell viability was calculated as Atreat/Acontrolx
100%.

Apoptosis assay

Cell apoptosis was determined with an AnnexinV-Alexa
Fluor 647/Pi kit (FXP023, 4 A Bio tech, Suzhou, China).
Briefly, cells were seeded in 6-well plates (1x10°/well).
Transfection was carried out as described previously.
After incubation with transfection kit for 48 ~72 h, cells
were harvest and resuspended with 500 pl 1x binding
buffer. 5 pL of Annexin V-FITC was added into the cells
suspension, and 5 pL of PI was added to mix by gentle
pipetting. The samples were analyzed with DxP Athena
cell analyzer (Cytek Biosciences, USA). The data analysis
was performed using Flow-Jo software.

Tumor microenvironment analysis

In order to quantify Immune cell infiltration, the R pack-
age “estimate” was first used to calculate the immunity
score, stromal score and estimate score for each sample
[22]. The scores of the various immune cells in each sam-
ple were then calculated using “TIMER” [23, 24]. After-
wards, we verified the above results with the R package
Cibersort. Finally, the R package “corrplot” was used to
calculate the correlation between the various immuniza-
tion scores and the risk scores.

Single-cell transcriptome data quality control and
integration

For each single-cell sequencing sample first screen the
cells according to the follow-ing criteria:1) unique molec-
ular identifier (UMI)>400; 2) 100<genes detected per
cell<8000; 3) percentage of mitochondrial genes<10%;
and 4) complexity (logyy (genes detected per cell))>0.8.
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Then the R package “DoubletFinder” was used to remove
double cells. Finally, the R package “harmony” was used
to remove the batch effect between samples to complete
the data integration.

Dimensionality reduction and clustering

The integrated data were analyzed for dimensionality
reduction and clustering analysis using the R package
“Seurat” First, the Log-Normalize and ScaleData func-
tion are applied to the filtered and integrated data. The
Find Variable Feature function was used to filter out
the top 2000 highly variable genes for further analysis
by principal component analysis (PCA); the percentage
change between each principal component (PC) and sub-
sequent components was calculated. If the percentage is
less than 5%, the current PC number is selected for sub-
sequent analysis. Then dimensionality reduction analysis
is performed using the t-Distributed Stochastic Neighbor
Embedding (tSNE) algorithms, and finally cluster analysis
was analyzed using the FindClusters function. Cell types
were annotated based on marker genes expression. The
markers used were as follow-s: tumor cells (MLANA,
MITF), immune cell (PTPRC), T cells (CD3D, CD3E),
T cells subset: cytotoxic CD8+T (CD8A, PRF1, GZMA,
GZMK, NKG?7), native T cells (IL7R), T regulatory cells
(FOXP3, TNFRSF4, IKZF2, IL2RA), natural killer cells
(GNLY, TRDC), myeloid cells (CSF1R), myeloid cells
subset: macrophages(CD163), mitotic macrophages
(MKI67), M2 macrophages (C1QA, C1QB, C1QC,
IL10), M1 macrophages (C1QA, C1QB, C1QC, lackof
M2 macrophage markers), monocytes (VCAN, FCNI,
CD300E, S100A12, EREG, STXBP2, ASGR1), dendritic
cells (CD1C), fibroblasts (MGP), microglial cells (FTL,
APOC1), astrocyte (CCL2, GADD45B), Schwann cells
(S100A1, CRYAB), neural progenitor cells (STMN]1,
UBE2C, TUBA1B), melanocytes (TYRP1, PMEL), Photo-
receptor cells (RCVRN).

Afterwards, the risk score of each sample was cal-
culated by the survival model described above, and the
samples were categorized into high-risk and low-risk
groups based on the risk score for downstream analyses.

Cellular communication analysis

In order to investigate the communication between
various types of cells in the UM microenvironment, we
used the R package “CellChat” for Cellular communica-
tion analysis. The Seurat objects were first divided into
two groups, high risk and low risk, leaving the cell types
that were present in both groups, then the Seurat objects
were converted to CellChat objects, and finally cellular
communication was analyzed for both groups using the
default parameters. Use mergeCellChat function to inte-
grate the data of the two groups.
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Pseudotime analysis

We used a subset of cytotoxic CD8+T cells from
Seurat objects for the proposed time analysis. Cyto-
toxic CD8+T cells were first analyzed by Dimension-
ality reduction and clustering according to the above
methods. Use the FindAllmarker function to find the
marker genes for each subset and annotate these sub-
sets using these marker genes. T cell exhaustion markers
derived from previous studies [25]: progenitor states 1
(Tex_progl):SLAMF6+CD69+, progenitor states 2 (Tex_
prog2): SLAMF6+CD69—, “effector-like” cells (Tex_int):
SLAMF6—-CD69—,terminally  exhausated (Tex_term):
SLAMF6—-CD69+.Then the R package “monocle2” was
used to perform the pseudotime analysis and calculate
the pseudotime value for each cell. The starting point of
differentiation is then inferred using the R package “Cyto-
TRACE” [26]. The BEAM function was used to infer key
regulatory genes during differentiation. The metacell
transition expression matrix was constructed using the
R package hdWGCNA. Subsequently, the correlation
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between differentiation-related genes and risk genes was
assessed using the R package corrplot.

Results

Identify metastasis related genes

Based on the metastasis status, UM patients from TCGA
were divided into two groups (61 patients without metas-
tasis, and 18 patients with metastasis). The clinical base-
line information of these patients can be found in the
Additional filel Supplementary Table 1. There were and
499 down-regulated genes 142 up-regulated genes in
metastatic UM tumors were calculated by DESeq2, 503
down-regulated genes and 162 up-regulated genes calcu-
lated by edgeR; And 350 down-regulated genes and 363
up-regulated genes calculated by limma (Fig. 2A). The
overlapping genes (176 down-regulated genes, 71 up-reg-
ulated genes and totally 247 genes) were considered to be
MRGs (Fig. 2A, B). The GO pathway of enrichment anal-
ysis reveals that the MRGs are mainly enriched in path-
ways associated with the matrix microenvironment and
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cell movement (Fig. 2C). The KEGG pathway of enrich-
ment analysis reveals that these genes are associated with
the IL-17 pathway and the metabolism (Fig. 2D).

Establish and evaluation the prognostic modeling

127 genes were significantly related to OS of UM patients
calculated by log-rank test (»p<0.05) and 143 genes were
significantly related to OS of uveal melanoma patients
calculated by Cox regression(p<0.05). The overlapping
117 genes were considered to be related to prognostic
of UM patients. The overlapping genes were included in
the LASSO regression analysis to avoid overfitting prob-
lems in the risk signature. We used 10-fold cross-vali-
dation to filter for characterized genes corresponding to
the smallest lambda value (Fig. 3A, B). The multivariate
Cox regression analysis was applied to the genes returned
from the LASSO regression analysis (5 genes) to con-
struct the prognostic model, which included three genes
(SLC25A38, EDNRB and LURAPI1). All of these genes
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are protective factors for the survival of UM patients
(Fig. 3C).

The risk scores were calculated based on models con-
structed by the multivariate Cox regression analysis.
Kaplan-Meier survival analyses showed that patients
in the low- risk group had a more likely to have bet-
ter OS (Fig. 3D) and MFS (Fig. 3E). We then compared
the OS/MFS and the expression of diagnostic biomark-
ers between the two groups. Our results revealed that
patients with low- risk score had a high-survival rate and
high-expression of diagnostic biomarkers (Fig. 3F, Q).
In addition, we evaluated the AUC values in two inde-
pendent cohorts and showed that risk score were highly
accurate in predicting 6, 18, and 30 months prognosis in
patients with UM (Fig. 3H, I).

Diagnostic biomarkers prevent tumor cell migration

We explored the effects of the genes alone in the models.
OS of samples in TCGA-UVM cohort was significantly
higher in the group with higher SLC25A38, EDNRB and
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Chen et al. Cancer Cell International (2024) 24:359

LURAP1 expression (Fig. 4A). The same result is found
in the GSE22138 cohort. Higher SLC25A38, EDNRB and
LURAP1 expression groups have higher MES (Fig. 4B).
The relative mRNA levels of si-EDNRB, si-LURAP, and
si-SLA25A38 that differed most from those of si-NC
were si-EDNRBI, si-LURAPI1, and si-SLA25A381 (see
Additional file Figure S1 A ~ C).The results of the scratch
assay showed that the migration rate of cells transfected
with si-EDNRB, si-LURAP1 and si-SLC25A38 was sig-
nificantly increased compared with the si-NC group at
24 h (Fig. 4C, D), and that the migration rate of the si-
LURAP1 and si-SLC25A38 groups was significantly
higher than that of the si-NC group at 48 h (Fig. 4C, E).
Cell viability assay showed no significant differences
between the si-LURAPI1 group, the si-SCL25A38 group,
the si-EDNRB group and the si-NC group (see Additional
file Figure S1D). The results of apoptosis assay showed
no significant difference in apoptosis between the four
groups either (see Additional file Figure S1E).

Metastatic and prognostic features of UM correlate with
immune infiltration

Afterwards, we calculated the immune infiltration in both
groups, and the immune score, stromal score, and esti-
mate score (which was negatively correlated with tumor
purity) were significantly higher in the high-risk group
than in the low- risk group (Fig. 5A). To further explore
immune cell function, we calculated scores for 8 immune
cells. CD8+ T cell scores were significantly higher and
B cell scores and Myeloid DC scores were significantly
low-er in the high-risk group than in the low- risk group
(Fig. 5B). Then, we calculated the correlation between
various immune scores and risk scores and found that
risk scores were significantly and positively correlated
with immune scores, stromal scores, and CD8+ T cell
scores (Fig. 5C).We then calculated the CD8+T cell, B
cell, and DC cell scores again using Cibersort and found
that only the CD8+T cell score was significantly different
between the two groups (Fig. 5D).Correlation analysis
between Cibersort-calculated immunization scores and
risk scores showed that CD8+T cell scores were signifi-
cantly associated with risk scores(Fig. 5E).

Single-cell transcriptome sequencing data explore tumor
microenvironment

After stringent filtering, we retained a total of 48,147
cells from 14 samples for subsequent analysis. A total
of 10 cell types were identified after first dimensional-
ity reduction and clustering analysis. Afterwards, T cells
and myeloid cells were again analyzed by dimensionality
reduction and clustering, and 21 cell types were finally
identified (Fig. 6A, B). The proportion of cells of each cell
type in each sample was then calculated (Fig. 6C). The
risk scores for each sample were then calculated based on
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the previously established model and the samples were
categorized into a high-risk portfolio low- risk group
based on the average risk scores (Fig. 6D). The percent-
age of each type of cell in the two groups was then cal-
culated and it was found that the percentage of tumor
cells decreased and the percentage of cytotoxic CD8+T
cells increased in the high-risk group (Fig. 6E). Finally,
the expression of prognostic biomarkers was explored
and found that SLC25A38 was more expressed in T cells
and EDNRB and LURAP1 were more expressed in tumor
cells (Fig. 6F-H).

CD8+T cells play an important role in cellular
communication

We first compared the number and strength of total cellu-
lar communication within the both groups. The number
and strength of cellular communications were higher in
the high-risk group than in the low- risk group (Fig. 7A).
Changes in the number and strength of communications
of individual cell types were later compared between
the two groups. There was a greater enhancement in the
communication strength of cytotoxic CD8+ T cells in
all cell types in the high-risk group (Fig. 7B). And both
high-risk and low- risk groups cytotoxic CD8+T cells
are very important in cellular communication (Fig. 7C).
We then identified the pathways that differed between
the two groups, with 42 significant pathways in the high-
risk group and 11 significant pathways in the low- risk
group (Fig. 7D). We then selected communications with
a cellular communication probability greater than 0.1 and
associated with cytotoxic CD8+ T cells and compared
the expression of ligand receptors for these pathways
between the two groups (Fig. 7E). Finally, 4 pathways
were identified that were significantly expressed in the
high-risk group for cytotoxic CD8+ T cell-tumor cell
communication: the APP pathway, the MHC-I pathway,
the CD99 pathway, and the MIF pathway, of which only
the CD99 pathway was outgoing signaling in CD8+ T
cells (Fig. 7F-I).

Exploring the differentiation trajectory of CD8+T cells

To explore cytotoxic CD8+ T cells in depth, we subdi-
vided 2650 cytotoxic CD8+T cells into 4 subsets and
named these 4 subsets according to CD8+T cell exhaus-
tion marker genes (Fig. 8A-C). We calculated the pro-
posed times for these four subgroups and ordered them
by CytoTRACE score (Fig. 8D). We found that Tex_progl
were located at the beginning of differentiation and
Tex_int and Tex_term were located at the end of dif-
ferentiation (Fig. 8E). We compared cytotoxic CD8+ T
cells differentiation between the two groups and found
that cytotoxic CD8+T cells in the high-risk group were
located at the beginning of differentiation (Fig. 8D).
Afterwards, we calculated the proportion of T cells of
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Fig.7 CD8+T cells play an important role in cellular communication A) Bar graph illustrating the quantity and strength of cell communication between
the low- and high-risk groups. B) Heatmap of the quantity and strength of cell communication among different cell types in the low- and high-risk
groups. €) Scatter plot representing the relative strength of cell communication for each cell type. D) Cellular communication pathways significantly dif-
ferent between the two groups. E) Bubble plot of ligand receptor expression for pathways associated with cytotoxic CD8+T cells. F-1) Hierarchical plots
demonstrating cytotoxic CD8+T cells -associated pathways significantly upregulated in high-risk groups: the APP pathway (F), the MHC-| pathway (H),
the CD99 pathway (G), and the MIF pathway (I)
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Fig. 8 Exploring the differentiation trajectory of CD8* T cells A) tSNE was utilized as a dimensionality reduction technique to project a reclustered Seurat
clustering system of cytotoxic CD8+T cells. B) Bubble plot of cytotoxic CD8+T cells subsets marker genes.C) Heatmap of T cell exhaustion marker expres-
sion in CD8+T cell subsets.D) Dimplot(left) and box plot(right) demonstrating CytoTRACE scores of CD8+T cell subsets. E and F) Pseudotime trajectory
analysis showing cytotoxic CD8+T cells subsets. The cells are coloured according to cell type (E) and group (F). G)Doughnut plot showing the percent-
age of each T-cell subsets seen in the two groups. H) Bar plot demonstrating the expression of SLC25A38 among various subsets of T cells. 1) Heatmap of
genes associated with cytotoxic CD8+T cells cell differentiation by BEAM analysis. J) Heatmap of correlation between differentiation-related genes and

prognostic biomarker SLC25A38

each subtype in the two groups, and found that the T
cells in the high-risk group were predominantly Tex_
progl and Tex_term, while those in the low-risk group
were predominantly Tex_int (Fig. 8G). We calculated the
expression of SLC25A38 in various subtypes of T cells
and found that SLC25A38 expression was lowest in Tex_
int (Fig. 8H). We then identified 20 genes associated with
cytotoxic CD8+ T cells differentiation by BEAM analysis
(Fig. 8I). Finally, the correlation between the prognostic
biomarker SCL25A38 expressed in T cells and these dif-
ferentiation-related genes was calculated. SLC25A38 was
significantly associated with those genes (Fig. 8J).

Discussion

In this study, we constructed a prognostic model contain-
ing three genes by a machine learning approach. And the
validity and robust of the model was verified in the exter-
nal dataset of the internal dataset. After that, the prog-
nostic biomarkers in the model were validated by cellular
experiments, and it was found that these three genes
regulate tumor metastasis by modulating the migration
of tumor cells rather than affecting tumor proliferation
or apoptosis. Then by immune infiltration analysis, CD8+
T cells were found to play an important role in this pro-
cess. Finally, the specific function of CD8+ T cells in the
immune microenvironment was further explored using
single-cell transcriptomic data.

Differential gene expression analysis is a crucial tool for
understanding cancer prognosis [27]. Studies utilizing
DNA methylation and gene expression data have identi-
fied genes that provide prognostic insights into overall
survival and metastatic risk in UM [28-30]. Our find-
ings align with previous research, which indicated that
specific immune cell populations are linked to overall
survival in UM [31,32]. Integrating immunological data
with clinical and pathological information has shown
promising results, achieving an AUC of approximately
0.8 in survival predictions. Additionally, neural networks
have been employed to assess melanoma prognosis based
on patient demographics and tumor characteristics [33].
These models have estimated a 5-year survival rate for
UM patients with tumors as high as 84% [34]. Notably,
our predictive model features a relatively small number
of genes compared to existing models, yet it achieves
an impressive AUC of 0.95 for predicting survival. This
work allows for a deeper discussion of the mechanisms

underlying metastasis and provides insights into the
tumor immune microenvironment.

In the present study prognostic biomarkers were all
able to promote the migration of tumor cells and thus
influence the prognosis of patients. Meanwhile, previ-
ous studies have reported that the three genes included
in the prognostic model developed in this study have key
regulatory roles in a variety of physiopathological pro-
cesses. SLC25A38 protein belongs to the SLC25 family of
mitochondprial carrier proteins [35]. SLC25A38 has been
reported to be involved in heme synthesis in eukaryotes
as a glycine trans-mitochondrial transporter. The early
research on it focused on anemia [36-38]. SLC25A38
acts as a transporter of glycine in the inner mitochondrial
membrane, inhibition of SLC25A38 may inhibit glycine
transport to the cytoplasm and lead to accumulation of
glycine in mitochondria. Glycine metabolism and expres-
sion of the mitochondrial glycine biosynthetic pathway
are closely associated with the proliferation rate of can-
cer cells [39]. It can be speculated that SLC28A38 has a
potential role in the proliferation and migration of cancer
cells. This has been demonstrated in some recent stud-
ies [9,40]. A recent study found that SLC25A38 plays an
important role in the metastasis of UM [9], which is con-
sistent with our findings. EDNRB is non-specific receptor
for endothelin 1, 2, and 3. Mediates its action by asso-
ciation with G proteins that activate a phosphatidylino-
sitol-calcium second messenger system [41]. Recently,
evidence has shown that EDNRB plays an important
role in the development of many cancers such as lung
cancer, glioma, breast cancer and colorectal cancer [41].
LURAP1 involved in positive regulation of I-kappaB
kinase/NF-kappaB signaling and positive regulation of
cytokine production [42]. Some studies have demon-
strated its importance in cell movements [42]. Although
a study has been conducted to incorporate LURAP1 into
prognostic models of bladder tumors [43], its role in
tumors has not been fully elucidated.

To further explore the mechanisms of this prognostic
model, we focused our attention on the immune micro-
environment. Many previous studies have demonstrated
the critical role of the immune microenvironment in
tumor initiation, proliferation, and metastasis. The
immune system not only suppresses melanoma occur-
rence and progression, but also depending on the tumor
microenvironment, can promote tumor development
through interactions with immune cells [44]. T cells
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are the most infiltrating immune cells in the melanoma
microenvironment, and higher infiltration often indicates
a better prognosis for melanoma [45]. CD8+T cells spe-
cifically influence melanoma sensitivity to immunother-
apy and their expression of immune checkpoint receptors
such as anti-CTLA-4 and PD-1 antibodies are crucial
for advanced melanoma treatment, including in cases of
melanoma brain metastases [46].

In this study, CD8+ T cells were found to infiltrate
significantly more in the metastasis high-risk group
than in the low-risk group, suggesting that it may play
a key role in the process of UM metastasis. We found
that CD8+ T cells play a very important role in cellular
communication in the UM microenvironment. Also in
the high metastasis risk group CD8+ T cell communi-
cation was significantly upregulated. Among the path-
ways we identified, only the CD99 pathway is signaling
from CD8+T cells to tumor cells, and CD99 path-
way may be a key pathway to promote UM metasta-
sis. Numerous previous studies have found that CD99
promotes the progression of hematologic tumors and
Ewing’s Sarcoma [47-49].CD99 increases cell viability,
colony formation and cell migration in leukemia cell
lines and primary leukemia cells [47]. Both the eye and
the bone marrow are immune-privileged, and their
metastatic processes are both processes in which the
tumor is re-exposed to the immune system. Thus, the
mechanisms by which CD99 affects tumor cell migra-
tion may be similar. CD99 is expressed in about 60% of
primary cutaneous melanomas [50],making it a useful
marker for differentiating between spitzoid melanoma
and Spitz nevus [51]. However, research on CD99 in
melanoma is limited. Our study found that the CD99
signaling pathway may plays an important role in cell
communication between CD8+T cells and tumors.
The MHC-I pathway of the remaining three pathways
is likely to be associated with UM antigen exposure.
In many malignancies, tumor cells lose expression
of one or more HLA alleles, thereby evading T cell-
mediated immune responses [52]. However, due to
the immune privilege of the eye, HLA antigens of UM
are not exposed to the immune system in the absence
of metastasis. Upregulation of the MHC-I pathway in
the high metastasis risk group is likely to be associated
with early metastasis. The MHC-I-mediated antigenic
peptide presentation pathway is crucial for antican-
cer immunity, with the deletion or down-regulation
of MHC-I serving as a primary mechanism for tumor
escape [53]. Research indicates that the BRAF V600E
mutation, the most prevalent activating kinase muta-
tion in melanoma, leads to the rapid internalization
of MHC-I from the melanoma cell surface, result-
ing in its accumulation in the endolysosomal com-
partment [54]. Despite this, MAPK inhibitors have
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shown limited effectiveness in clinical trials involv-
ing UM patients, suggesting that the MAPK pathway
may play a paracrine role in tumor development [15].
Moreover, immunopositivity for BRAFV600E in intra-
ocular melanoma supports its association with meta-
static disease [55]. Amyloid precursor protein (APP),
typically linked to Alzheimer’s disease, has been found
to influence metastatic melanoma cell proliferation.
Blocking APP expression not only reduces the growth
of these cells but also increases their sensitivity to
various chemotherapeutic agents. Targeting APP may
thus offer a promising strategy for melanoma treat-
ment, particularly in UM metastasis [56]. Macrophage
migration inhibitory factor (MIF) is a multifunctional
pro-inflammatory protein that acts as an immuno-
modulator [57], promoting inflammation associated
with tumor growth and metastasis across several can-
cers [58]. In pancreatic cancer, for instance, MIF’s
tautomerase inhibitor IPG1576 has been shown to
inhibit myeloid-derived suppressor cell differentiation
and reduce tumor growth, coinciding with increased
infiltration of CD8+T cells in the tumor microenvi-
ronment. This mechanism parallels our findings and
underscores the broader research potential of IPG1576
[60,61].

Finally, we initially explored the differentiation and
heterogeneity of CD8+ T cells in UM. CD8+ T cells are
pivotal in anticancer immunotherapy. Yet, persistent
antigen exposure and inflammatory stimuli can lead to
diminished proliferation and effector function, result-
ing in a state known as CD8+T cell exhaustion (Tex)
[61]. Exhausted CD8+T cells cells in tumors occupy
distinct ecological niches that influence transcrip-
tional processes during intercellular state transitions
[62]. Understanding the molecular and epigenetic
mechanisms governing the various phases of Tex may
reveal new opportunities for cancer immunotherapy
[25]. Although our study seemed to obtain the result
that CD8+T cell infiltration made the prognosis worse
in the Bulk-rna seq data analysis section, in the follow-
up single-cell transcriptome sequencing data section
we found that although the number of CD8+T cells
was increased in the high metastatic risk group, most
of these T cells were exhausted state T cells and pro-
genitor T cells. The increase in the number of T cells
was most likely due to impaired in the function of the
T cells, and resulted in a compensatory increase. This
provides a promising therapeutic direction for immu-
notherapy in UM - prevention of T cell exhaustion.

We are looking forward to more studies in the future
to elucidate the role of CD8+ T cells in UM metastasis.

In this study, we developed a stable prognostic model
for predicting the risk of metastasis and prognosis of
UM patients, and also found that CD8+ T in the tumor
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microenvironment plays a key role in the metastatic
process of UM.
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