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Abstract

Cutaneous squamous cell carcinoma (cSCC) is characterized by complex interactions between tumor
cells and the immune microenvironment. Here, we performed integrated transcriptomic and single-cell
analyses to dissect immune-related molecular features and identify key regulators of CD8* T cell
exhaustion in cSCC. Differential expression analysis of GSE42677 identified 2,149 genes significantly
dysregulated in cSCC compared with normal skin, with enrichment in immune- and inflammation-related
pathways. Immune cell infiltration profiling revealed distinct patterns between tumor and normal tissues,
and weighted gene co-expression network analysis (WGCNA) highlighted modules negatively correlated
with activated CD8* T cells and other immune populations. Protein—protein interaction network analysis
and hierarchical clustering defined two molecular subtypes of cSCC with divergent immune landscapes.

Single-cell RNA sequencing analysis further revealed expansion of exhausted CD8*+ T (CD8_Exh) cells in
tumors. Subpopulation-specific pathway enrichment and hub gene analysis demonstrated distinct
functional programs across CD8* T cell subsets, including antigen processing, apoptosis, MAPK and NF-
KB signaling, and cytokine interactions. Pseudotime and trajectory analyses using CytoTRACE,
Monocle3, and Slingshot identified differentiation trajectories from naive to exhausted and effector CD8*
T cells, highlighting dynamic expression of key genes such as CCL5, CD3D, CTSD, KLRD1, and PTPN6 in
the CD8_Exh subset. Spearman correlation with pseudotime indicated a strong positive association for
KLRD1, suggesting its role in driving CD8* T cell exhaustion.

Experimental validation using quantitative PCR and immunofluorescence confirmed elevated expression
of KLRD1 in cSCC tissues. Collectively, these results provide a comprehensive landscape of immune
regulation in cSCC and identify KLRD1 as a candidate marker of exhausted CD8+* T cells, offering a
potential target for immunotherapeutic strategies.

Introduction

Cutaneous squamous cell carcinoma (cSCC) is a common skin cancer, and while most lesions are

manageable with surgery, a subset progresses to more aggressive disease'. Despite its prevalence, the
molecular and immune mechanisms underlying cSCC progression are not fully understood.

Tumor infiltrating lymphocytes (TILs), particularly CD8* T cells, are generally considered important
mediators of antitumor immunity?. However, high immune infiltration does not always correlate with
effective tumor control®. Tumors can induce functional restraint or exhaustion in T cells, leading to
heterogeneous immune responses within the tumor microenvironment*®. Such functional heterogeneity
has been reported in other solid tumors, where immune infiltration coexists with inhibitory signaling and
immune regulation®.

In cSCC, chronic inflammation and dysregulated immune signaling are common features of the tumor
microenvironment’. Studies have reported infiltration of CD8* T cells, regulatory T cells, and natural killer
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cells, alongside evidence of immune suppression and variable cytotoxic activity®. Despite this, the
diversity of CD8* T cell states including effector, memory, and exhausted populations and the
transcriptional programs associated with functional restraint remain incompletely characterized®.
Moreover, whether molecular subtypes with distinct immune microenvironments exist in cSCC, and how
they relate to potential responses to immunotherapy, has not been systematically investigated. Although
CD8* T cell exhaustion has received increasing attention as an important factor shaping antitumor
immunity and immunotherapy response, its cellular heterogeneity and molecular characteristics in cSCC

remain poorly defined®.

Recent studies have further suggested that exhausted CD8* T cells represent a heterogeneous and
dynamically regulated population, rather than a uniform dysfunctional state’®'". However, how such
exhaustion-related programs are organized and maintained within the cSCC tumor microenvironment
remains unclear.

To address these questions, we performed an integrative analysis combining bulk transcriptomics,
immune infiltration profiling, and single-cell RNA sequencing. Our study reveals intertumoral immune
heterogeneity, identifies molecular subtypes with distinct immune profiles, and characterizes
transcriptional programs associated with CD8* T cell exhaustion. Among these, KLRD1 emerges as a
candidate marker linked to exhaustion states. These results provide insight into the immune landscape
of cSCC and may inform strategies to improve immune-based interventions in this cancer type.

Methods
Data Acquisition and Preprocessing

Public transcriptomic data (GSE42677 and GSE45164) were downloaded from the GEO database using
the GEOquery R package (v2.70.0). Raw expression matrices were extracted via the exprs function, and
probe IDs were annotated with gene symbols using the platform annotation file. For probes mapping to
multiple gene symbols, only the first symbol was retained. Duplicate gene symbols and missing values
were removed using dplyr (v1.1.4) and na.omit. The final gene expression matrix, with genes as rows and
samples as columns, was log2-transformed (log2(x + 1)) to stabilize variance and exported for
downstream analyses.

Differential Expression Analysis

Differentially expressed genes (DEGs) between cutaneous squamous cell carcinoma (cSCC) and normal
samples were identified using the limma (v3.58.1). A design matrix representing the sample groups was
constructed, and linear models were fitted. Contrasts were defined for cSCC vs normal, followed by
empirical Bayes moderation. DEGs were defined as those with |log2 fold change| > 0.3 and adjusted p-
value < 0.05. Volcano plots and heatmaps were generated using ggplot2 (v3.5.2), EnhancedVolcano
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(v1.20.0), and pheatmap (v1.0.13). The top significantly up- and down-regulated genes were selected for
visualization.

Hierarchical Clustering of Key Genes

Expression values of predefined key genes (including FN1, MMP9, CXCL8, ESR1, PXDN, TIMP1, CXCL10,
TLR2, CXCL1, MMP3, SPP1, CD36, GZMB, SOX9, MMP1, KIT, GATA3, NT5E, BMP2, CXCL9, PLAUR,
S100A12, COL3A1, MMP13, CXCL13) were converted to numeric format. Sample-wise Euclidean
distances were calculated, and hierarchical clustering was performed using the Ward.D2 method via the
hclust function. Clusters were visualized using factoextra (v1.0.7) and FactoMineR (v2.11), and
dendrograms were annotated with cluster assignments.

Immune Cell Infiltration Analysis (ssSGSEA)

Gene sets representing immune cell types were constructed from CSV files of marker genes, with gene
identifiers as row names. Each column was converted into a list element for single-sample Gene Set
Enrichment Analysis (ssGSEA). Normalized gene expression matrices (genes x samples) were log2-
transformed (log2(TPM + 1) or log2-CPM + 1). ssGSEA was performed using the GSVA (v1.50.5) with the
ssgsea method and kcdf = "Gaussian”. Absolute gene ranking was applied (abs.ranking = TRUE),
generating enrichment scores for each immune cell type per sample. Scores were normalized to a 0—1
range using Min-Max scaling for comparability across samples. Raw and normalized ssGSEA scores
were saved for downstream analyses.

Immune cell infiltration patterns were visualized using heatmaps, with rows scaled to highlight relative
differences and columns grouped according to clinical classification. For detailed group comparisons,
half-violin, half-point, and boxplot overlays were generated using ggplot2 and gghalves (v0.1.4). Data
were reshaped into long format, and statistical significance between groups (e.g., C1 vs C2) was
assessed using two-sided t-tests, with significance indicated on the plots. Custom colors were applied to
violin fills and points.

Functional Enrichment Analysis

KEGG pathway enrichment analysis of differentially expressed genes (DEGs) or selected gene modules
was first performed using KOBAS (http://bioinfo.org/kobas/genelist/) to identify significantly enriched
pathways. Genes were mapped to KEGG pathway terms, and enrichment significance was assessed
using the hypergeometric test with multiple testing correction (FDR < 0.05). The resulting pathway lists,
including the number of input genes per pathway and associated p-values, were subsequently visualized
using WeightedTreemaps (v0.1.4) in R. Voronoi-based treemaps were constructed, with cell sizes
proportional to the number of genes mapped to each pathway, and colors representing distinct pathway
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categories. Gradient color schemes were applied to indicate the level of enrichment, facilitating intuitive
interpretation of pathway significance and gene involvement.

Protein—Protein Interaction (PPI) Network Analysis

To explore potential interactions among differentially expressed genes (DEGSs), protein—protein
interaction (PPI) networks were constructed using Cytoscape (v3.10.4). DEGs were uploaded to the
STRING database (https://cn.string-db.org/) to obtain predicted and experimentally validated protein
interactions, with a confidence score cutoff of 0.4 (medium confidence). The resulting network data were
imported into Cytoscape for visualization and further analysis. Key modules or clusters within the
network were identified with the MCODE, and functional enrichment of the hub genes or modules was
annotated using KEGG and Gene Ontology databases. Graphical layouts and node colors were adjusted
in Cytoscape to reflect interaction strength and gene significance.

Single Cell RNA-seq Data Processing and Quality Control

Raw count data from GSE144236 were imported into R (v5.1.0) and converted to a sparse matrix for
memory efficiency. A Seurat (v5.2.1) object was created, and patient metadata were integrated. Cells
with low gene counts or high mitochondrial gene percentage were filtered out to ensure high quality
single cell data. Normalization was performed using the LogNormalize method with a scale factor of
10,000. Highly variable genes (n = 2,000) were identified using the vst method, and all genes were scaled.
Principal component analysis (PCA) was performed on the top variable genes, and the first 10 PCs were
used to construct the K-nearest neighbor (KNN) graph (FindNeighbors) and cluster cells (FindClusters,
resolution = 0.5). Dimensionality reduction was visualized using UMAP and t-SNE.

T Cell Extraction and Subpopulation Identification

T cells were extracted from the full dataset based on level1_celltype == "Tcell" and filtered for cells with
> 500 detected genes. PCA and clustering were repeated on this subset, and UMAP was used for
visualization. Subpopulations were annotated, and the proportion of each T cell subtype per group
(Tumor vs Normal) was calculated. Differences in proportions were assessed using t-tests implemented
via ggsignif (v0.6.4).

CD8* T cells (CD8_EM, CD8_EMRA, CD8_Exh, CD8_Naive) were further subsetted and reanalyzed. PCA
(npcs = 15), KNN graph construction, and clustering (resolution = 0.6) were repeated. UMAP and t-SNE
visualizations confirmed the expression of canonical markers CD8A and CD8B using FeaturePlot and
VInPlot. Proportions of CD8* T cell subtypes in Tumor and Normal samples were visualized with stacked
bar plots.
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Differential Gene Expression and KEGG Pathway
Enrichment

For each CD8* T cell subpopulation, differential expression analysis was conducted using Seurat’s
FindMarkers function with the Wilcoxon rank-sum test. Genes with adjusted p-value < 0.05 and |log2 fold
change| > 0.3 were considered significant.

Significantly up- and down-regulated genes were subjected to KEGG pathway enrichment using
clusterProfiler (v4.10.1). Enriched pathways were visualized as bubble plots in ggplot2, where bubble
size represents the number of input genes and color indicates enrichment significance (-log10 p-value).
Pathways were manually ordered according to biological relevance.

Single-Cell Trajectory and Pseudotime Analysis

CD8* T cell differentiation was analyzed using Monocle3 (v1.3.7), CytoTRACE (v0.3.3), and Slingshot
(v2.10.0). In Monocle3, Seurat RNA counts were converted to a cell_data_set object, cells were clustered,
and pseudotime trajectories were inferred; dynamically expressed genes along pseudotime were
identified with Moran’s | and visualized. CytoTRACE estimated differentiation potential, visualized on
UMAP with gene-specific patterns. Slingshot reconstructed pseudotime trajectories on a
SingleCellExperiment object using Seurat cluster labels, and trajectories were visualized on UMAP
coordinates.

Gene Expression Dynamics along Pseudotime

To examine dynamic expression patterns, gene expression values were extracted from the Seurat RNA
assay and matched with Monocle3-calculated pseudotime. Spearman correlation coefficients were
computed to quantify the association between gene expression and pseudotime. Expression trends
were visualized using scatter plots with pseudotime on the x-axis and gene expression on the y-axis, with
LOESS curves fitted to highlight overall trajectories. Statistical significance of correlations was reported,
and results were saved for downstream integration.

Quantitative PCR (qPCR) Analysis

Total RNA was extracted from cells or tissues using TRIzol reagent (Invitrogen) according to the
manufacturer’s protocol. RNA quality and concentration were assessed with a NanoDrop
spectrophotometer (Thermo Fisher). Complementary DNA (cDNA) was synthesized using the
PrimeScript RT reagent kit (Takara). gPCR was performed on a QuantStudio 6 Flex system (Applied
Biosystems) using SYBR Green Master Mix (Takara). Relative gene expression was calculated using the
2*-AACt method with GAPDH as the internal control. Primers used for each target gene are listed in
Supplementary Table S1. Experiments were performed in triplicate.

Immunofluorescence (IF) Staining
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Cells or tissue sections were fixed with 4% paraformaldehyde for 15 min and permeabilized with 0.1%
Triton X-100 for 10 min. Samples were blocked with 5% bovine serum albumin (BSA) for 1 h at room
temperature, followed by incubation with primary antibodies overnight at 4°C. After washing, samples
were incubated with appropriate fluorophore-conjugated secondary antibodies for 1 h at room
temperature in the dark. Nuclei were counterstained with DAPI. Images were captured using a confocal
laser scanning microscope and analyzed with ZEN (v3.3).

Results

Differential gene expression and immune cell infiltration
patterns in cSCC

Differential expression analysis was performed on the GSE42677 dataset to compare cutaneous
squamous cell carcinoma (cSCC) tissues with normal skin samples. Using the criteria of [log2FC| = 0.3
and p< 0.05, a total of 2,149 differentially expressed genes (DEGs) were identified, including 1,161
upregulated and 988 downregulated genes in cSCC (Fig. 1A). The expression patterns of the top DEGs
were visualized using a heatmap. Genes such as CDHR2, PKD2L1, SLC30A3, MORN1, SPOCK2, VIPR2,
LIMK1, LHX5, and KIAA1614 were markedly upregulated in cSCC tissues, whereas CP, PTH1R, FLT4,
DSPP, PCDHAY9, PIP5K1B, RELN, STPR1, and CMAHP showed relatively lower expression compared with
normal skin samples (Fig. 1B). To characterize the immune microenvironment of cSCC, immune cell
infiltration scores were evaluated and visualized as a heatmap. Increased infiltration scores were
observed in cSCC samples for CD56dim natural killer cells, plasmacytoid dendritic cells, activated CD8*
T cells, macrophages, type 1 T helper cells, regulatory T cells, myeloid-derived suppressor cells, natural
killer cells, natural killer T cells, yd T cells, CD56bright natural killer cells, type 17 T helper cells,
neutrophils, T follicular helper cells, and activated dendritic cells. In contrast, higher infiltration levels of
activated B cells, mast cells, central memory CD4* T cells, memory B cells, activated CD4* T cells, type 2
T helper cells, effector memory CD8* T cells, eosinophils, central memory CD8* T cells, monocytes,
immature B cells, effector memory CD4+* T cells, and immature dendritic cells were predominantly
observed in normal skin tissues (Fig. 1C). Weighted gene co-expression network analysis (WGCNA) was
further conducted to explore gene modules associated with immune infiltration patterns. The MEblue
module exhibited significant negative correlations with the majority of immune cell infiltration scores,
including activated CD8* T cells (r=-0.76, p= 1x10-4), activated CD4* T cells (r=-0.70, p=6x10-%), and
natural killer T cells (r = - 0.86, p=2x10-%) (Fig. 1D). Intersection analysis between DEGs and genes
within the MEblue module identified 331 overlapping genes (Fig. 1E). Functional enrichment analysis of
these intersecting genes revealed significant enrichment in immune- and inflammation-related pathways,
including cytokine—cytokine receptor interaction, complement and coagulation cascades, JAK-STAT
signaling pathway, leukocyte transendothelial migration, NF-kB signaling pathway, TGF-B signaling
pathway, Th17 cell differentiation, NOD-like receptor signaling pathway, Th1 and Th2 cell differentiation,
TNF signaling pathway, Toll-like receptor signaling pathway, chemokine signaling pathway, viral protein
interaction with cytokine and cytokine receptor, and IL-17 signaling pathway (Fig. 1F).
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Identification of immune-related hub genes and T cell-
enriched molecular subtypes in cSCC

Protein—protein interaction (PPI) network analysis was performed based on the intersecting genes, and
hub genes were identified using a degree threshold greater than 15. A total of 25 hub genes were
screened, including PXDN, PLAUR, CXCL13, CXCL9, MMP1, MMP13, NT5E, SOX9, GZMB, MMP3, CXCL1,
GATAS3, KIT, TIMP1, COL3A1, S100A12, SPP1, CXCL8, CXCL10, BMP2, and FN1. Among these, genes
such as FN1, MMP9, CXCL8, MMP3,PXDN, CXCL10, TLR2, TIMP1, ESR1, and CXCL1 occupied central
positions within the PPI network, suggesting their potential key roles in regulating the tumor immune
microenvironment of cSCC (Fig. 2A). Based on the expression patterns of these hub genes, hierarchical
clustering analysis was applied to cSCC samples from the GSE45164 dataset, resulting in two distinct
molecular subtypes, termed C1 and C2 (Fig. 2B). Differential expression analysis between the two
subtypes identified 113 differentially expressed genes, including 58 upregulated and 55 downregulated
genes (Fig. 2C). Genes such as KRT34, FM02, ZBED2, DUOX1, CIDEA, DLX2, IL18, MAP2, FETUB, and
IL37 were upregulated in the C1 subtype, whereas IL1B, CXCL1, GOS2, SRGN, ADAMDEC1, CXCL6, SELL,
EVI2B, FCGR3B, and TDO2 were downregulated (Fig. 2D). To further characterize the immune features of
the two molecular subtypes, immune infiltration levels were compared between C1 and C2. The immune
infiltration heatmap revealed that type 2 T helper cells, CD56bright natural killer cells, plasmacytoid
dendritic cells, and mast cells exhibited higher infiltration scores in the C1 subtype. In contrast, enhanced
infiltration of activated B cells, effector memory CD8* T cells, activated CD8* T cells, and activated CD4*
T cells was observed in the C2 subtype (Fig. 2E). Functional enrichment analysis of the subtype-specific
differentially expressed genes highlighted significant enrichment in immune- and inflammation-related
pathways, including cytokine—cytokine receptor interaction, TNF signaling pathway, IL-17 signaling
pathway, NF-kB signaling pathway, chemokine signaling pathway, NOD-like receptor signaling pathway,
Th17 cell differentiation, natural killer cell-mediated cytotoxicity, JAK-STAT signaling pathway, and Toll-
like receptor signaling pathway (Fig. 2F). Furthermore, a PPI network was constructed based on the
subtype-specific differentially expressed genes, in which immune-associated genes such as IL18, MMP3,
CXCL2, IL1B, FCGR3A, SELL, FCGR3B, CXCL1, CD69, IL15, CCL18, CXCL13, LTF, IL6, PTGS2, SPP1, and
CCL20 were identified as central nodes (Fig. 2G), suggesting the presence of key immune regulatory
modules distinguishing the two cSCC subtypes.

Differential Immune Infiltration and Expansion of Exhausted
CD8* T Cells in cSCC

To establish a comprehensive cellular landscape, we first performed UMAP visualization of the entire
dataset, revealing 14 distinct cell types and clear separation between normal and tumor-derived cells
(Fig. 3A-B). Focusing on T cells, nine T cell subtypes were identified and their distribution across normal
and tumor tissues was characterized (Fig. 3C-D). The proportion of CD8* T cells was markedly higher in
tumor tissues compared to normal tissues. Quantitative comparison showed that in tumors, the
proportions of CD8_Exh, CD8_Trge, CD8_EMRA, and CD8_EM were notably higher than in normal tissue,
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whereas CD8_Naive and CD4_RGCC/CD4_Naive were more abundant in normal tissue (Fig. 3E). For a
refined analysis, CD8* T cells were extracted and clustered into five clusters, comprising CD8_Exh,
CD8_Naive, CD8_EM, and CD8_EMRA subpopulations (Fig. 3F—G). Their spatial distribution revealed that
CD8_Naive cells predominantly resided in normal tissue, while the other three clusters were mainly found
in tumor tissue (Fig. 3H). Quantitative proportion analysis confirmed the UMAP-based observations, with
CD8_Naive cells enriched in normal samples and CD8_Exh, CD8_EMRA, and CD8_EM enriched in tumors
(Fig. 31-J).

Functional characteristics and key gene expression of CD8*
T cell subsets in cSCC

Differential expression analysis was first performed among the four CD8* T cell subsets (Naive, EM,
EMRA, and Exh) with a threshold of |log2FC| = 0.3 and adjusted p-value < 0.05, yielding subset specific
differentially expressed genes (DEGs) (Fig. 4A). Each subset's DEGs were subjected to KEGG pathway
enrichment analysis, and only significantly enriched pathways (p < 0.05) are shown to highlight the main
functional features of each subset. STRING database was used to construct protein—protein interaction
(PPI) networks for the DEGs, with hub genes identified based on degree values. UMAP based expression
visualization was then performed to map key pathway related genes onto single-cell data, illustrating
their spatial distribution across subsets and thereby reflecting functional distinctions. In the Exh subset,
enriched pathways included antigen processing and presentation, apoptosis, carbon metabolism,
cellular senescence, chemokine signaling, C-type lectin receptor signaling, cytokine—cytokine receptor
interaction, glycolysis/gluconeogenesis, Jak-STAT signaling, NF-kappa B signaling, oxytocin signaling,
p53 signaling, T cell receptor signaling, TNF signaling, and Toll-like receptor signaling (Fig. 4B). Hub
genes in Exh included GAPDH, UBA52, RPS27A, EEF2, and RPS2 (Fig. 4C). Notably, PTPN6, CD3D,
TNFRSF18, CTSD, CCL5, KLRD1, CSF1, and TNFRSF1B were highly expressed in the CD8_Exh subset
(Fig. 4D). For the CD8_EMRA subset, enriched pathways included natural killer cell mediated cytotoxicity,
cytokine—cytokine receptor interaction, chemokine signaling, antigen processing and presentation, T cell
receptor signaling, MAPK signaling, NF-kappa B signaling, TNF signaling, cell cycle, and apoptosis

(Fig. 4E). Hub genes comprised RPL3, RPL11, RPL5, RPS16, and RPS14 (Fig. 4F), with KLRD1, DUSP2,
FCGR3A, and FGR showing higher expression within this subset (Fig. 4G). In the CD8_EM subset,
significant pathways included MAPK signaling, chemokine signaling, apoptosis, cytokine—cytokine
receptor interaction, lysosome, natural killer cell-mediated cytotoxicity, and antigen processing and
presentation (Fig. 4H). Hub genes comprised GAPDH, CXCR3, GZMB, SELL, GZMK, and RPL13A (Fig. 4l),
with CXCR4, CXCR3, DUSP2, and HSPA1B particularly highly expressed (Fig. 4J). For the CD8_Naive
subset, enriched pathways included cell adhesion molecules (CAMs), chemokine signaling,
hematopoietic cell lineage, intestinal immune network for IgA production, oxytocin signaling, PD-L1
expression and PD-1 checkpoint pathway in cancer, primary immunodeficiency, riboflavin metabolism,
and T cell receptor signaling (Fig. 4K). Hub genes included GAPDH, IFNG, CD4, CD44, CD8A, and GZMB
(Fig. 4L), with CD44, CD4, CCR6, and IFNGR2 highly expressed in this subset (Fig. 4M).
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Trajectory Analysis Reveals Potential Key Genes CCL5, CD3D, CTSD, KLRD1, and PTPN6 in CD8*_Exh
Cells in ¢cSCC

CytoTRACE analysis was used to predict the differentiation potential of CD8* T cells, showing that naive
cells exhibited the highest scores, followed by Exh, EM, and EMRA cells in descending order (Fig. 5A-C).
UMAP visualization of differentiation potential revealed a clear gradient across subsets, providing a
basis for subsequent pseudotime analysis. Monocle3 pseudotime analysis was performed to construct
single-cell trajectories, validating the differentiation order predicted by CytoTRACE. Two main trajectories
were identified: one progressing from naive — Exh, and the other from naive - EM — EMRA (Fig. 5D).
This analysis allowed quantification of dynamic cellular states along the differentiation path. Expression
of key Exh pathway genes was examined across subsets and along pseudotime. Genes including CCLS5,
CD3D, CTSD, KLRD1, PTPN6, TNFRSF18, and TNFRSF1B were most highly expressed in CD8_Exh cells
(Fig. 5E). Visualization of these genes along the Monocle3 pseudotime trajectories reflected their
dynamic changes, highlighting their regulatory roles during the exhaustion and effector differentiation
process (Fig. 5F). Slingshot trajectory analysis was conducted as an independent validation of the
Monocle3 results. UMAP visualization showed the spatial distribution and expression gradients of key
genes along the trajectories, emphasizing the involvement of Exh-related genes at the terminal stage of
differentiation. Two main trajectories consistent with Monocle3 were observed (Fig. 5G). UMAP mapping
of Exh key genes along the Slingshot trajectories further confirmed that these genes increased in
expression at the end of the differentiation trajectory corresponding to CD8_Exh cells. In particular, CCLS5,
CD3D, CTSD, KLRD1, and PTPN6 exhibited elevated expression in the CD8*_Exh subset (Fig. 5H).

Integrated validation identifies KLRD1 as a leading
candidate gene in exhausted CD8* T cells

To validate whether the key genes identified by single-cell analysis exhibited significant expression
differences in CD8* T cells and to assess the consistency of their expression patterns with bulk
transcriptomic data, we performed integrative analyses across multiple levels. At the single-cell level, the
expression of seven candidate genes (CCL5, CD3D, CTSD, KLRD1, PTPN6, TNFRSF18, and TNFRSF1B)
was quantified in CD8* T cells from tumor and normal tissues. All seven genes showed significantly
higher expression in tumor-derived CD8* T cells compared with those from normal skin (Fig. 6A). At the
bulk transcriptomic level, differential expression analysis between cSCC and normal skin tissues
demonstrated that CCL5, CD3D, KLRD1, and TNFRSF1B exhibited expression patterns consistent with
the single-cell results, with significantly elevated expression in cSCC samples (Fig. 6B), further
supporting the robustness of these candidate genes. To further evaluate the association of Exh-related
genes with CD8* T cell differentiation and exhaustion, Monocle3 pseudotime analysis was performed,
focusing on CTSD, KLRD1, and PTPN6. Spearman correlation analysis between gene expression and
pseudotime revealed that KLRD1 showed a strong positive correlation with pseudotime (rho =0.504, p =
1.75 x 10-%"), indicating progressively increased expression during CD8* T cell exhaustion and
suggesting its suitability as a primary candidate for subsequent functional studies. CTSD displayed a
weak but significant positive correlation (rho =0.091, p = 0.0228), supporting its potential role as a
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secondary candidate, whereas PTPN6 showed no significant correlation with pseudotime (rho =0.061, p
=0.126) (Fig. 6C). Collectively, these analyses provide a dynamic view of key Exh-related genes during
CD8* T cell differentiation and exhaustion, offering a rational basis for prioritizing candidate genes for
downstream functional validation and for exploring their roles in the immune microenvironment of
cutaneous squamous cell carcinoma.

KLRD1 is enriched in exhausted CD8* T cells in cSCC

First, quantitative PCR was performed on paired cutaneous squamous cell carcinoma (cSCC) and
adjacent normal skin tissues to validate the expression changes of KLRD1, PTPN6, and CTSD, thereby
assessing the consistency between single cell transcriptomic findings and bulk tissue samples. All three
genes were significantly upregulated in cSCC compared with normal tissues (Fig. 7A). Next, triple
immunofluorescence (IF) staining was performed to simultaneously examine the expression and spatial
distribution of CD8 (cyan), PD-1 (red), and KLRD1 (yellow) at the tissue level. This analysis aimed to
determine whether KLRD1 was localized within CD8* T cells in the tumor microenvironment and to
evaluate its spatial association with the exhaustion marker PD-1. Representative images are shown in
the order of merged view, CD8, PD-1, and KLRD1 channels, with normal skin tissues displayed in the
upper panels and cSCC tissues in the lower panels. In normal skin tissues, CD8* T cells were sparsely
distributed, with weak or barely detectable PD-1 and KLRD1 signals. In contrast, cSCC tissues exhibited a
marked accumulation of CD8* T cells (cyan), accompanied by pronounced PD-1 (red) and KLRD1
(yellow) staining. Importantly, merged images revealed frequent co-localization of KLRD1 signals with
CD8+ cells, and substantial overlap between KLRD1 and PD-1 within the same cellular regions. This
spatial pattern suggests that KLRD1 is preferentially expressed in PD-1* CD8* T cells within the tumor
microenvironment. Overall, these IF results demonstrate that CD8, PD-1, and KLRD1 are all enriched in
cSCC tissues compared with normal skin and display a coordinated spatial distribution consistent with
an exhausted CD8* T cell phenotype (Fig. 7B). Quantitative analysis of IF images was further performed
to assess the densities of KLRD1+, CD8+*KLRD1+, CD8*PD-1+, and CD8*KLRD1+PD-1* cells in tumor and
normal tissues. Although statistical significance was not reached due to limited sample size and the
rarity of certain cell subsets, all four metrics consistently exhibited higher levels in cSCC tissues. This
trend was concordant with the single-cell transcriptomic findings indicating elevated KLRD1 expression
in exhausted CD8* T cells, thereby providing supportive evidence for the involvement of KLRD1 in the
¢SCC immune microenvironment (Fig. 7C).

Discussion

Bulk transcriptomic analyses reveal immune activation and
molecular heterogeneity in cSCC

Our integrative analyses of bulk transcriptomic data and immune infiltration profiles indicate that cSCC is
far from an “immune cold” tumor; instead, it exhibits pronounced immune and inflammatory activation

alongside substantial molecular heterogeneity’>~ 4. The extensive dysregulation of inflammatory and
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immune related pathways including TNF, NF-kB, IL-17, and JAK—STAT signaling underscores the

interplay between tumorigenesis and local immune remodeling’#'°. These findings are consistent with
reports, where chronic inflammation not only drives tumor progression but also shapes the immune
contexture and therapeutic responsiveness'®718,

Immune infiltration analyses revealed notable intertumoral variability: tumor tissues were enriched in
activated CD8* T cells, regulatory T cells, and NK cells, whereas memory B and effector memory CD8* T
cells in normal skin retained cytotoxic and immune surveillance related transcriptional programs’219-21,
This observation highlights a critical distinction: immune infiltration in tumors does not automatically
translate into effective antitumor activity, as tumor-infiltrating lymphocytes display transcriptional
features of functional restraint or exhaustion, in contrast to the cytotoxic and immune surveillance
programs retained by effector memory CD8* T cells in normal skin. In this context, infiltrating T cells may
be functionally restrained by intrinsic transcriptional programs, such as the MEblue module identified in
our weighted gene coexpression network analysis. Notably, the MEblue module exhibited significant
negative correlations with the majority of immune cell infiltration scores, including activated CD8* T cells,
activated CD4+* T cells, and natural killer T cells, suggesting that this module may represent a broad
immunoregulatory or compensatory transcriptional program. Such inverse associations imply the
presence of regulatory circuits that constrain immune activation despite substantial immune infiltration.
Similar patterns have been reported in other tumor types, where high immune cell abundance coexists
with inhibitory signaling and immune exclusion, including non—small cell lung cancer??. Stratification of
cSCC samples based on immune related hub genes revealed two molecular subtypes with distinct
immune landscapes. Subtype C1 was enriched for immunoregulatory populations, including Th2 cells,
plasmacytoid dendritic cells, and mast cells, suggesting a more tolerogenic or modulatory
microenvironment. In contrast, C2 exhibited heightened cytotoxic and inflammatory signatures. This
mirrors the “immune contexture” concept in other solid tumors, where composition, activation state, and
spatial distribution of tumor-infiltrating lymphocytes predict immunotherapy outcomes and disease
progression?3. Notably, the existence of these subtypes in cSCC may partially explain variable clinical
responses to immune checkpoint blockade observed in clinical cohorts.

Dynamic expansion and exhaustion programming of CD8* T
cells in cSCC

Single cell profiling further revealed that CD8* T cell expansion in cSCC is accompanied by pronounced
functional heterogeneity. Tumor infiltrating CD8* T cells largely comprise exhausted (Exh), effector
memory (EM), and terminal effector (EMRA) populations, whereas naive cells remain largely confined to
normal skin. The preferential accumulation of exhausted and terminal effector cells suggests sustained
antigenic stimulation and immunosuppressive cues from the tumor microenvironment?42°.

Functional analyses showed that CD8_Exh cells activate TNF, NF-kB, TCR, and p53 pathways while
undergoing metabolic and inflammatory reprogramming, whereas CD8_EM and EMRA populations are
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enriched for cytotoxic, NK-like, MAPK, and cell cycle—-associated pathways. CD8_Naive cells
predominantly express adhesion molecules and baseline TCR/PD-1 signaling. Collectively, these data
suggest that exhaustion is an actively regulated, rather than passive, state a perspective increasingly
recognized in tumor immunology, where partial effector function persists to balance immune
surveillance with tissue protection?®~28,

Trajectory analyses using CytoTRACE and Monocle3 revealed that exhaustion develops progressively
along two primary differentiation axes: naive — Exh and naive - EM — EMRA, with exhausted cells
occupying terminal branches. Key genes, including CCL5, CD3D, CTSD, KLRD1, and PTPN®, exhibit
gradual upregulation along pseudotime, highlighting a coordinated transcriptional program driving
exhaustion. These findings support the emerging view that exhaustion markers should be interpreted in
a temporal and regulatory context rather than as static indicators of dysfunction, reflecting dynamic

metabolic and transcriptional remodeling within exhausted CD8* T cells?°.
KLRD1 as a marker and potential modulator of exhaustion
in cSCC

Among exhaustion-associated genes, KLRD1 stands out as a robust candidate. Its expression increases
progressively along the exhaustion trajectory, spatially colocalizes with CD8*+ and PD-1+* cells, and is
detectable at both bulk and tissue levels. Prior studies in HNSC and other squamous cell carcinomas
have linked KLRD1to terminally exhausted CD8* and NK cells, where it participates in inhibitory signaling
to prevent overactivation®. In this context, KLRD1 may function not only as a biomarker of exhaustion
but also as a regulatory element within a transcriptional module that integrates chronic antigenic
stimulation, effector differentiation, and metabolic adaptationa mechanism increasingly recognized
across tumor immunology studies.

The potential translational significance of KLRD1 is multifold. Beyond serving as a biomarker of
exhaustion, its dynamic expression profile and tissue-level detectability make it a candidate for
stratifying patients or guiding immunotherapeutic interventions. For example, combinatorial therapies
targeting PD-1 alongside modulation of KLRD1 mediated pathways could enhance cytotoxic T cell
function while limiting deleterious overactivation, although this remains speculative and requires
functional validation.

Limitations and future perspectives

Despite the multi-layered evidence supporting KLRD1 as an exhaustion-associated marker, several
limitations exist. Immunofluorescence relied on a single marker, limiting resolution of functional states
at the single-cell level, and sample size constraints prevented statistically robust tissue quantification.
Furthermore, the mechanistic role of KLRD1 in regulating exhaustion remains untested in vitro or in vivo.
Future work should assess its functional contribution to T cell exhaustion, interactions with canonical
checkpoints (e.g., PD-1, LAG-3), and predictive value forimmunotherapy response. Expanding this
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integrative framework to larger cohorts and other tumor types will further refine strategies to exploit
immune heterogeneity for clinical benefit.

Conclusion

Together, our integrative analyses reveal a highly dynamic and heterogeneous immune landscape in
cSCC, identify KLRD1 as a key exhaustion-associated gene, and provide mechanistic and translational
insights into CD8* T cell dysfunction. These findings offer a foundation for future studies aimed at
modulating exhaustion pathways to improve immunotherapeutic efficacy in cSCC and potentially other
solid tumors.
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Figure 1

Screening immune related hub genes in cutaneous squamous cell carcinoma (cSCC).

A. Volcano plot of differentially expressed genes (DEGs) between cSCC and normal samples in
GSE42677. Thresholds: |log2FC| = 0.3, p < 0.05.
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B. Heatmap showing expression of top DEGs. Orange represents high expression; cyan represents low
expression.

C. Heatmap of immune infiltration scores across samples. Orange indicates high infiltration; cyan
indicates low infiltration.

D. Correlation heatmap between WGCNA modules and immune infiltration phenotypes. Orange
represents positive correlation; cyan represents negative correlation.

E. Venn diagram showing overlap between WGCNA blue module genes and DEGs.

F. KEGG pathway enrichment analysis of intersected genes; only significantly enriched pathways are
shown (p < 0.05).
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Figure 2

CIDEA

Hub gene selection and immune related molecular subtype analysis.

A. Protein protein interaction (PPI) network of intersected genes. Hub genes with degree > 15 are
highlighted as potential key regulators in the immune microenvironment.
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B. Hierarchical clustering of 10 cSCC samples from GSE45164 based on intersected genes in the PPI
network, separating patients into two subtypes (C1 and C2).

C. Volcano plot of DEGs between C1 and C2 Thresholds: |log2FC| = 0.3, p < 0.05.

D. Heatmap of DEGs between C1 and C2 Orange indicates high expression; cyan indicates low
expression.

E. Heatmap of immune infiltration scores in C1 vs. C2 Orange indicates high scores; cyan indicates low
scores.

F. KEGG enrichment analysis of DEGs between subtypes; only significant pathways are shown (p < 0.05).

G. PPI network of DEGs between C1 and C2.
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Figure 3

T cell landscape in tumor and normal tissues from GSE144236.

A. UMAP plot showing overall cell type distribution in GSE144236.
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B. UMAP plots comparing cell distributions between normal and tumor tissues.
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C. UMAP of T cell subpopulations.
D. UMAP showing T cell distributions in tumor vs. normal tissues.

E. Left: Stacked bar plot of CD4* and CD8* T cell proportions in normal and tumor tissues; Right: stacked
bar plot of all T cell subpopulations within CD4+ and CD8* compartments.

F. UMAP of CD8* T cell clusters based on Seurat analysis.

G. UMAP showing distributions of CD8* T cell subpopulations.

H. UMAP comparing CD8* T cell distributions in tumor vs. normal tissues.

|. Stacked bar plot of CD8* T cell subpopulation proportions in tumor and normal tissues.

J. Proportions of the four CD8* T cell subpopulations in normal vs. tumor tissues.
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Figure 4

Functional analyses of CD8* T cell subpopulations based on DEGs.

A. DEG analysis of four CD8* T cell subpopulations (Naive, EM, EMRA, Exh); thresholds: [log2FC| = 0.3,
padj < 0.05.
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B. KEGG pathway enrichment of DEGs in Exh subpopulation; only significant pathways are shown.
C. PPI network of Exh DEGs; hub genes selected based on degree.

D. Expression distribution of key Exh pathway genes in UMAP (green: high, purple: low).
E. KEGG enrichment of EMRA DEGs.

F. PPl network of EMRA DEGs; hub genes highlighted.

G. Expression distribution of key EMRA pathway genes in UMAP.

H. KEGG enrichment of EM DEGs.

|. PPI network of EM DEGs; hub genes highlighted.

J. Expression distribution of key EM pathway genes in UMAP.

K. KEGG enrichment of Naive DEGs.

L. PPI network of Naive DEGs; hub genes highlighted.

M. Expression distribution of key Naive pathway genes in UMAP.

Page 25/29



CytoTRACE Phenotype L
A 6 Bs C 2
b % L.
; £ 10
4 P 4
Przdicted ] im '.. 5 3 o ... 5 0.8
By 110 (Less diff) B 2 2 g2 L] J ® CD8 Naive 32
08 5 s ° CDB Exh g 0.6 7
06 s g, & CD8EM ¢
0.4 o ® CD8_EMRA & ]
02 3 L4 3 'Y x % 0.4
0.0 (More diff) * - ® . =
-2 < foe, -2 & S g2
o e '. - ”
. o4 LY ") » e % 00
= = - g T { f T
75 -50 -25 00 25 50 75 50 -25 00 25 50 3 & &S eg?
Component1 Component1 2 >/ 1 <
o &7 00 Q Py
& Q
!
D o E
pseudotime
125

100

7.5
5.0
25
0.0

Figure 5

€ 5.0
= o
S 3 30
7] 7]
@ o
95’_ s 1.0
> w 0.5
w

*CD8_EM

. *CD8_Exh
©CD8_Naive 3

1

v somu @ " o
wnin s e @ ...-.-7‘

‘. *CD8_EMRA 10

1.0
0.5
10 .
3 3 sl w et
9 1 * oo ou,
TNFRSF1B TNFRSF1B
5.0 . 5.0
3.0 S E 3.0 -
1.0{ - ..-_....7..‘
05 i p
6 5 10 15 20 [} 5 10 15 20
pseudotime pseudotime
PTPN6 TNFRSF18 TNFRSF1B
3’ B High
~
Low

Differentiation potential and pseudotime trajectory analysis of CD8* T cells.

A. CytoTRACE predicted cell ordering overlaid on UMAP; color indicates differentiation potential.

B. CytoTRACE UMAP showing spatial distributions of different CD8* T cell subpopulations.
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C. Average CytoTRACE scores of each CD8* T cell subpopulation, ordered from high to low.
D. Monocle3 pseudotime UMAP; cells colored by pseudotime.

E. Scatter plots of key Exh pathway gene expression across four CD8* T cell subpopulations.
F. Scatter plots of key Exh pathway gene expression along Monocle3 pseudotime.

G. Slingshot pseudotime trajectory UMAP.

H. UMAP showing expression of key Exh genes along trajectory (green: high, purple: low).
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Figure 6

Comparison of key gene expression at singlecell and bulk transcriptome levels.
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A. Expression of six key genes (CCL5, CD3D, CTSD, KLRD1, PTPN6, TNFRSF18, TNFRSF1B) in CD8*+ T
cells at the single cell level. Gene expression was compared between tumor (Tumor) and normal
(Normal) tissues. Statistical significance was assessed using a t-test and indicated as follows: *p < 0.05,
**p < 0.01, ***p < 0.001, ****p < 0.0001.

B. Expression of six key genes in cSCC vs normal skin at bulk transcriptome level.

C. Correlation between pseudotime trajectory and key Exh gene expression in CD8* T cells.
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Figure 7

Validation of KLRD1, PTPN6, and CTSD expression in cSCC and localization of KLRD1 in exhausted CD8*
T cells.

A. gPCR validation of KLRD1, PTPN6, and CTSD expression in cSCC vs paired normal skin; significance
indicated (*p < 0.05, **p < 0.01).

B. Representative immunofluorescence (IF) images showing CD8, PD-1, and KLRD1 expression and
colocalization in cSCC tissues. From left to right: merged image (Merge), CD8, PD-1, and KLRD1. Scale
bars maintained across images.

C. Quantitative analysis of IF staining comparing tumor and paired normal tissues for KLRD1* cells,
CD8*KLRD1+* cells, CD8*PD-1+ cells, and CD8+*KLRD1+PD-1* cells. Despite non-significant differences, all
cell types show a trend of increased abundance in tumor tissues.
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