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Abstract

Background Basal cell carcinoma (BCC) is the most common type of malignant skin tumour, and its incidence is increasing
worldwide. While it grows slowly, BCC is locally invasive, causing significant tissue damage. This study investigated the role
of mRNAs in BCC through bioinformatics and experimental validation to elucidate the molecular mechanisms involved.
Methods Differentially expressed genes (DEGs) were identified from the transcriptome data of 30 BCC patients and 16
controls from the GSE7553, GSE103439, and GSE42109 datasets. Gene Ontology and KEGG analyses were performed to
explore gene expression and pathways. A protein—protein interaction (PPI) network was constructed to identify hub
genes, and immune cell infiltration was analysed to study the tumour microenvironment. The diagnostic potential of
target genes (LEF1, LGR5, and SOX4) was assessed using ROC curves. Gene expression was validated with qPCR and
Western blotting.

Results A total of 135 DEGs were identified, with 9 hub genes selected. LEF1, LGR5, and SOX4 showed strong diagnostic
potential, with AUC values of 0.888, 0.955, and 0.996, respectively. The immune cell analysis revealed increased numbers
of B cells, NK cells, and T cells in BCC, whereas the numbers of DCs, pDCs, and Treg cells were reduced. gPCR and Western
blotting confirmed increased LEF1 and LGR5 expression in BCC. SOX4 expression was increased according to the gPCR
results but was not significantly elevated according to the Western blot results, warranting further validation.
Conclusions LEF1,LGR5, and SOX4 may play roles in BCC pathogenesis and could serve as diagnostic biomarkers. These
findings provide insights into BCC development and support future research for improved detection and treatment.
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1 Introduction

Basal cell carcinoma (BCC) is the most common malignant tumour in humans [1, 2], and its incidence has been steadily
increasing in recent years. According to the Skin Cancer Foundation, approximately 3.6 million cases are diagnosed
annually in the United States alone [3]. The incidence of BCC increases after the age of 40 years and is more common
in males [4]. However, due to increasing natural or artificial exposure to ultraviolet (UV) radiation, the incidence in
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younger populations, particularly in females, has also been increasing [5, 6]. UVB-induced DNA mutations are the
most significant risk factor for BCC. Unrepaired DNA damage, including strand breaks and cross-links, can lead to skin
cancer through mutations [7]. Furthermore, oxidative stress and UV-induced suppression of antitumour immunity
play crucial roles in BCC development [8, 9].

Most BCCs are noninvasive, with metastasis being rare, thus posing a minimal threat to life [10]. However, if left
untreated, they can invade and damage surrounding tissues [11]. Standard treatments for BCC include surgical
excision or local therapy. In advanced cases, systemic treatments such as Hedgehog pathway inhibitors orimmune
checkpoint inhibitors may be considered [12]. Nonetheless, both tumour-targeted and immune-targeted thera-
pies are not curative, as most patients experience disease progression following treatment [13]. New therapeutic
approaches targeting the tumour microenvironment (TME) are under development and offer promise for improving
the management of difficult-to-treat BCC [14]. As such, early diagnosis and personalized treatment strategies remain
essential challenges in the clinical management of BCC.

The pathophysiology of BCC involves a complex interaction of genetic factors, sporadic somatic mutations, and
environmental influences [15]. One of the most common genetic alterations involved in BCC pathogenesis is dysregu-
lation of the Hedgehog (HH) signalling pathway [16]. The patched receptor (PTCH) is a transmembrane protein that
inhibits the HH signalling cascade by suppressing the Smoothened (SMO) protein [16]. Upon binding to HH ligands,
PTCH is inactivated, leading to the release of SMO and the activation of glioma-associated oncogene (GLI) proteins.
These GLI proteins, upon dissociating from the suppressor of fused (SUFU), translocate to the nucleus, where they
act as transcription factors to promote cell proliferation, thereby activating the pathway [16, 17]. Mutations in the HH
pathway have been identified in up to 75% of BCC cases, with somatic PTCH1 mutations leading to loss of function
and SMO mutations activating the pathway in 10-20% of cases. Less common mutations include loss-of-function
alterations in SUFU, a negative regulator of the HH pathway, and mutations in PTCH2, a homologue of PTCH1 [18, 19].

The immune system plays a crucial role in both the initiation and progression of tumours, particularly within the
tumour microenvironment (TME). The degree of immune cell infiltration is closely linked to tumour invasiveness,
metastatic potential, and the response to treatment [20, 21]. Recent studies suggest that immune cell infiltration
not only facilitates tumour immune evasion and resistance but also bidirectionally regulates tumour growth and
metastasis [22-24]. In pancreatic ductal adenocarcinoma (PDAC), the immunosuppressive features of the tumor
microenvironment are primarily driven by heterogeneous stromal and tumor cells, resulting in limited immune
cell infiltration, which contributes to the poor prognosis of PDAC [25]. Recent studies reveal that certain molecular
subtypes of breast cancer, particularly HER2-positive and basal-like subtypes, exhibit significant immune infiltration
associated with favorable clinical outcomes [26]. Furthermore, research in melanoma demonstrates that tumor cell
heterogeneity is closely linked to the distribution of immune cells, with the ratio of CD8+T cells to regulatory T cells
(Tregs) exerting a profound impact on patient survival [27].

Although research on the immune microenvironment of BCC is still relatively limited, the existing studies have
highlighted the importance of immune cell infiltration in the pathogenesis of BCC. For example, tumour-infiltrating
lymphocytes (TILs) are significantly correlated with the clinical outcomes and prognosis of certain skin cancers
[28-30]. Therefore, evaluating the characteristics of immune cell infiltration within the tumour microenvironment,
along with investigating immune evasion-related biomarkers, may provide new insights into the early diagnosis and
personalized treatment of BCC.

In recent years, the rapid development of high-throughput technologies has made bioinformatics an indispensable
tool in cancer research. By analysing gene expression data, researchers can identify key genes and pathways associated
with immune cell infiltration, revealing potential molecular biomarkers for cancer diagnosis and prognosis. In the con-
text of BCC, public databases such as Gene Expression Omnibus (GEO) have provided a wealth of gene expression data,
facilitating the identification of differentially expressed genes (DEGs) that are closely linked to immune cell infiltration.

This study aims to integrate a bioinformatic analysis with experimental approaches to identify potential diagnostic
biomarkers related to immune cell infiltration in BCC. First, gene expression data from BCC samples were analysed
through GEO to identify DEGs. A protein—protein interaction (PPI) network and clustering analysis were employed to
extract key genes, and their relationships with the immune microenvironment were further examined using immune
cell infiltration scoring tools. Second, quantitative PCR (qPCR) and Western blotting (WB) were utilized to validate
the candidate genes and explore their roles within the immune microenvironment of BCC, as well as their potential
clinical applications. Through this comprehensive approach, we aimed to identify new molecular targets for the early
diagnosis of BCC and provide theoretical support for the clinical use of tumour immunotherapy.
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2 Materials and methods
2.1 Dataset collection and data preparation

Gene expression data were obtained from the GEO database (https://www.ncbi.nIm.nih.gov/geo/) as of September 8,
2024. Four gene expression profiles were downloaded: GSE7553 [31], GSE103439 [32], GSE42109 [33], and GSE125285
[34]. The training datasets (GSE7553, GSE103439, and GSE42109) used the GPL570 [HG-U133_plus_2] Affymetrix
Human Genome U133 Plus 2.0 Array platform for both GSE7553 and GSE103439, whereas GSE42109 utilized both the
GPL570 [HG-U133_Plus_2] Affymetrix Human Genome U133 Plus 2.0 Array and the GPL571 [HG-U133A_2] Affymetrix
Human Genome U133A 2.0 Array platforms. The validation dataset (GSE125285) was generated using the GPL11154
[llumina HiSeq 2000 (Homo sapiens) platform.

The GSE7553 dataset consists of 15 cases of basal cell carcinoma (BCC) and 3 normal skin samples; GSE103439
includes 4 cases of eyelid BCC and 2 normal epidermal keratinocytes; GSE42109 contains 11 cases of BCC and 10
normal skin samples; and GSE125285 includes 25 cases of BCC and 25 normal skin samples. Detailed information is
presented in Table 1.

In addition, pathological samples from 3 BCC tissues and 3 adjacent normal tissues during 2024-2025 were
enrolled in this study. This study was conducted in accordance with the principles outlined in the Declaration of
Helsinki and was approved by the Medical Ethics Committee of Hainan General Hospital.

2.2 Data normalization and identification of DEGs

The raw data were processed using the Affy package, followed by background correction and data normalization
to obtain gene expression matrices for the three datasets. The effectiveness of sample correction was visualized in
box plots generated with the ggplot2 package [35]. Principal component analysis (PCA) was performed to reduce
the dimensionality of the high-dimensional data, and the resulting PCA plot was used to assess sample-to-sample
variation. DEGs were identified using the limmal[3.52.2] package [36]. A heatmap was generated using the Complex-
Heatmap[2.13.1] package [37] to visualize the differential distribution of DEGs. A volcano plot of DEGs was created
with the ggplot2[3.3.6] package, applying the criteria of |log2FC|> 0.5 and an adjusted p < 0.05(Statistical Power
Analysis, Biological Relevance Validation,Field-Standard Alignment, Technical Replicate Verification). A Venn diagram
was generated to analyse the common DEGs (co-DEGs) across the three datasets.

2.3 Evaluation of enriched co-DEGs

Functional enrichment analyses of the co-DEGs, including Gene Ontology (GO) and Kyoto Encyclopedia of Genes
and Genomes (KEGG) pathway enrichment analyses, were conducted with the clusterProfiler R package. Gene set
enrichment analysis (GSEA) was performed to evaluate the distribution trends of genes from a predefined gene set
within a ranked gene list based on the phenotype correlation, thereby assessing their contribution to the phenotype.
GSEA was conducted separately for each of the three datasets, with a significance threshold set at P < 0.05.

Table 1 Dataset collection and data preparation

GEO Platform Tissue Sample (Number) Experiment type
(Homo sapiens) Total Basal cell carci- Epidermal
noma keratinocytes
GSE7553 GPL570 Epidermal keratinocytes 18 15 4 Array
GSE103439 GPL570 Epidermal keratinocytes 6 4 2 Array
GSE42109 GPL570+GPL571 Epidermal keratinocytes 21 11 10 Array
GSE125285 GPL11154 Epidermal keratinocytes 50 25 25 High-through-
put sequenc-
ing
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2.4 PPl network construction and identification of hub co-DEGs

The PPI network for the co-DEGs was constructed using the STRING database (https://www.string-db.org/), and inter-
actions with confidence scores greater than 0.4 were selected. The network was visualized using Cytoscape (V3.9.1),
and central genes were further identified using the "CytoHubba" plugin within Cytoscape.

2.5 Analysis of infiltrating immune cells and their functions

Immune cell infiltration analysis: Immune cell scores in tissues were calculated using transcriptomic or other omics
data, and algorithms were used to infer the composition of immune cells within the tissue. The single-sample gene set
enrichment analysis (ssGSEA) immune cell infiltration algorithm uses specific marker genes for each immune cell type
as gene sets to compute the enrichment score for each immune cell type in each sample, thereby inferring immune
cell infiltration in individual samples. Given the small sample size, this study employed the "limma" package in R
software (version 4.2.1) to merge three expression matrices (GSE7553, GSE103439, and GSE42109) and batch effects
were removed using the "sva" package. Immune cell infiltration was calculated via the ssGSEA algorithm provided in
the GSVA R package [38], which uses markers for 24 immune cell types, as outlined in the Immunity article [39]. The
results were visualized using the ComplexHeatmap (version 2.13.1) package, revealing the correlation between the
24 immune cell types and related functions. P values were compared based on a threshold of 0.05, and correlation
plots were generated for values below 0.05.

2.6 Constructing the diagnostic model

Spearman’s correlation analysis was performed using the "ggcorrplot" R package to examine the relationships
between 9 key co-DEGs, immune cells, and immune functions and to identify potential diagnostic co-DEGs. Three
representative feature genes—LEF1, LGR5, and SOX4—were identified as significantly correlated with immune cell
infiltration and were selected to predict BCC. A receiver operating characteristic (ROC) curve analysis was conducted
using the "pROC" R package (version 1.18.0) to assess the diagnostic performance of these feature genes, with
diagnostic efficacy evaluated based on the computed area under the curve (AUC) values. The 3 feature genes were
subsequently validated using the GSE125285 dataset.

2.7 Immunohistochemical (IHC) staining

Images of IHC staining normal and basal cell carcinoma samples were downloaded from the Protein Atlas
database(HPA, http://www.proteinatlas.org/) and analysed to evaluate hub gene expression at the protein level.

2.8 Quantitative PCR

Total RNA was extracted from tissues using an RNA extraction reagent, chloroform, and isopropanol. The RNA con-
centration and purity were assessed using a Nanodrop spectrophotometer. Reverse transcription was performed to
convert RNA into complementary DNA (cDNA). gPCR was performed with SYBR Green fluorescence dye and specific
primers for amplification, with data collected via a PCR instrument. The relative expression of the target gene was
calculated using the 2724¢T method. All reagents were purchased from Servicebio (Wuhan) and used according to
the manufacturer’s instructions. The sequences of all the gPCR primers used in this study are listed in Table 2. Each
analysis was performed in triplicate.

2.9 Western blot

Total protein was extracted from tissue samples using RIPA buffer supplemented with protease inhibitors. Protein
concentrations were determined using the BCA assay. Equal amounts of protein (30 pug) were separated by SDS—PAGE
on a 10% polyacrylamide gel and transferred to PVDF membranes with a semidry transfer system at a constant current
of 350 mA for 30 min. The membranes were blocked with 5% nonfat milk in TBST buffer for 1 h and then incubated
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Table 2 All the gPCR primers Primer information Primer name Primer sequence (5'-3) Fragment
length (bp)
NM_003107.3 H-SOX4-S CTCAAGCACATGGCTGACTACC 135
H-SOX4-A ACTGCCACCGACCTTGTCTC
NM_001277226.2 H-LGR5-S CTTCCAACCTCAGCGTCTTCA 133
H-LGR5-A ATGTATGTCAGAGCGTTTCCCG
NM_001130714.3 H-LEF1(1) -S GCGAATGTCGTTGCTGAGTGTA 130
H-LEF1(1) -A GCTGTCTTTCTTTCCGTGCTAA
NM_001101 H-ACTIN-S CACCCAGCACAATGAAGATCAAGAT 317
H-ACTIN-A CCAGTTTTTAAATCCTGAGTCAAGC

overnight at 4 °C with primary antibodies (anti-LEF1, anti-LGR5, and anti-SOX4, 1:1000; anti-B-actin, 1:5000). After
washing, the membranes were incubated with HRP-conjugated secondary antibodies (1:5000) at room temperature
for 1 h. The protein bands were detected using ECL reagent and quantified with AIWBwell” software. The relative
expression levels of the target proteins were normalized to those of B-actin.

2,10 Statistical analysis

Data were analysed using R software (version 4.3.3). Student’s t test was used to assess the statistical significance
of differences between two sets of continuous variables that followed a normal distribution. For continuous vari-
ables that did not follow a normal distribution, the Mann-Whitney U test (Wilcoxon rank-sum test) was applied. The
chi-square test or Fisher’s exact test was used to evaluate the statistical significance of differences between two
groups of categorical variables. Pearson’s correlation analysis was performed to calculate the correlation coefficients
(r) between different genes. A bilateral p value < 0.05 was considered statistically significant. Data from biological
triplicate experiments were presented with error bar as mean £ SD. Two-tailed unpaired Student’s t-test was used
for comparing two groups of data. Statistical signifcance was determined by p-values less than 0.05. The following
annotations were used to illustrate signifcance: *p < 0.05, **p < 0.01, ***p <0.001, and ****p <0.0001.

3 Results
3.1 Data preprocessing and DEG identification

The samples from the three datasets were subjected to combination, balancing, and normalization procedures.
The clustering distribution of high-throughput data for the samples was visualized by PCA. After preliminary data
processing, all three groups of samples showed a good balance. co-DEGs were visualized in volcano plots and heat-
maps. A Venn diagram was constructed to identify the overlap between the three datasets, resulting in the selection
of 79 upregulated co-DEGs (Table 3) and 56 downregulated co-DEGs (Table 4), yielding a total of 135 genes (Fig. 1).

3.2 Analysis of the roles and enrichment of co-DEGs

GO and KEGG functional enrichment analyses were performed to analyze the molecular functions of these co-DEGs
(Fig. 2A). The results revealed significant enrichment in biological processes such as epithelial tube morphogenesis,
epithelial cell proliferation, skin development, the moulting cycle, skin epidermis development, and the canoni-
cal Wnt signalling pathway. These biological processes are crucial for normal skin development and homeostasis,
and dysregulation of these pathways can contribute to BCC formation. In particular, the canonical Wnt signaling
pathway has been implicated in the pathogenesis of BCC, as it plays a key role in regulating cell proliferation, dif-
ferentiation, and tumorigenesis. Additionally, cellular components, including the collagen-containing extracellular
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Table3 Upregulated co-DEGS  Gog7553 and GSE103439 and GSE42109 upregulated DEGs

ADAMTS3 VCAN  SOX18 DACTT SOX11  CNIH3 TFAP2B  COL5A2
LHX2 GAS2  BLM PLEKHO1  GLI2 MYCN TRIM9 NAP1L3
KRT85 SYNPO  ARLI5 SEMA6A  CRNN  EDIL3 SORLT TPX2
LPHN3 TM4SF1  DNAJC12  CYFIP2 PAX6 PTCH1 DAPKI NCAPH
BNC2 HEPH  SDC2 BID SHOX2  RP11-119F7.5  PSRCI GINS2
SOX9 PGBD5  BEND5  EFEMP2 SH3GL3  LEF1 STMNT DNA2
ABI3BP FARP1  Cllorfos  MARCKSL1 DLGAPS  GADD45G SMARCD3  EMID1
NTRK3 LOXL1  LTBP1 GPC4 VASH2 ~ CACNA2D3  MLLT11 ZNF556
LGRS S100A9  COLT1AT  STONI CAND2  SOX4 PELI2 NRXN3
MDK BACH2  AEBPIT RBFOX1 PTPRN2  FZD7 SETBP1

Izbl';’E“G SDOW“regu'ated GSE7553 and GSE103439 and GSE42109 downregulated DEGs
MMP28 C30rf52 GNAI HECA GMPR2 BCL2L13
RNF128 EPAST ABCA7 CEBPD CSPGS AP1S1
ADRB2 EPPKI FKBPS GLUD2 ELOVL5 GDF15
MSTIR SCMLT 1S0C2 RETSAT IRS2 TMEM43
PLCH2 TNS4 SIK1 CRTAP UBE2I ECI1
PTPN3 MYC SLC35F6 GNG12 DALRD3 DNASE2
ECM2 Clorf21 ORAI3 LYST NKX2-1
TNNT2 JUN EML2 NUPRT RAB9A
FAS KLF11 ACP5 STK16 SLC50A1
SYBU ARNTL KLF6 SKAP2 TSPAN14

matrix and the transcription regulator complex, were enriched. The extracellular matrix (ECM) is critical for tissue
architecture and integrity, and alterations in ECM components can facilitate tumor cell migration and invasion,
further promoting tumor progression in BCC. The enriched molecular functions included DNA-binding transcription
activator activity, RNA polymerase I-specific transcription activator activity, extracellular matrix structural constitu-
ent activity, and transcription coregulator binding. These functions suggest that the co-DEGs may contribute to the
regulation of gene expression involved in tumorigenesis, particularly by modulating the activity of transcription
factors and other regulatory proteins that control cellular behavior in BCC. KEGG pathway analysis revealed that the
co-DEGs are closely involved in the biological processes of basal cell carcinoma, highlighting their potential role
in its development and progression. Specifically, the activation of signaling pathways such as the Wnt/-catenin
pathway and alterations in ECM components could promote aberrant cell growth and survival, two hallmarks of
BCC. Furthermore, dysregulated transcriptional regulation and cell-cell interactions may facilitate the epithelial-to-
mesenchymal transition, enhancing the invasive potential of BCC cells. These findings underscore the importance
of the identified co-DEGs in the molecular mechanisms underlying BCC pathogenesis.

3.3 Gene set enrichment analysis

GSEA is a widely used bioinformatics method for analysing gene expression data to identify whether specific gene sets
are significantly enriched under particular conditions. In this study, we performed GSEA on the GSE7553, GSE103439,
and GSE42109 datasets (Fig. 2B-D, Tables 5, 6, 7). The GSEA highlighted the following pathways and processes:
REACTOME Cell Cycle Checkpoints, REACTOME DNA Replication, REACTOME Rho GTPases Activate Formins, WP
4249 Hedgehog Signalling Pathway, REACTOME G1/S-Specific Transcription, REACTOME lon Homeostasis, REAC-
TOME Complement Cascade, WP Electron Transport Chain Oxidative Phosphorylation in Mitochondria, BIOCARTA
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Fig. 1 Data Preprocessing and DEG Identification. A Boxplot of the GSE7553 dataset after normalization. B PCA of the DEGs between sam-
ples of basal cell carcinoma and normal skin in the GSE7553 dataset. C Volcano plot of the GSE7553 dataset. D Heatmap of the GSE7553
dataset.|log2FC|> 0.5, adj. p <0.05. E Boxplot of the SE103439 dataset after normalization. F PCA of the DEGs between samples of basal cell
carcinoma and normal skin in the GSE103439 dataset. G Volcano plot of the GSE103439 dataset. |log2FC|>0.5, adj. p <0.05. H Heatmap of
the GSE103439 dataset. | Boxplot of the GSE42109 dataset after normalization. J PCA of the DEGs between samples of basal cell carcinoma
and normal skin in the GSE42109 dataset. K Volcano plot of the GSE42109 dataset. [log2FC|>0.5, adj. p <0.05. L Heatmap of the GSE42109
dataset. M Venn diagram of the upregulated DEGs. N Venn diagram of the downregulated DEGs. C, G, K Red represents the upregulated
DEGs; blue represents the downregulated DEGs; grey represents genes with no differential expression. Criteria: [log2FC|> 0.5, adj. p <0.05

Ghrelin Pathway, KEGG Complement and Coagulation Cascades, REACTOME Regulation of Insulin-like Growth Factor
(IGF) Transport and Uptake by IGF-Binding Proteins (IGFBPs), REACTOME Signaling by TGF-p Family Members, KEGG
ECM-Receptor Interaction, WP DNA Double-Strand Breaks and Cellular Response via ATM, and KEGG Focal Adhe-
sion. These pathways and processes are implicated in various biological functions, including cell cycle regulation,
DNA repair, signal transduction, ion homeostasis, and immune responses, representing the significantly enriched
biological pathways identified through GSEA.
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Fig.2 Enrichment analysis. A GO and KEGG functional enrichment analyses of the co-DEGs. B GSE7553 GSEA.adj. p<0.05. C GSE103439
GSEA.adj. p <0.05. D GSE42109 GSEA.adj. p<0.05

Table 5 GSE7553 GSEA ID Enrichment Score  NES p.adjust Rank
REACTOME_CELL_CYCLE_CHECKPOINTS 0.548307018 2.3839002 4.13E-08 4236
REACTOME_DNA_REPLICATION 0.569719773 2.280868579 2.61E-07 5375
REACTOME_RHO_GTPASES_ACTIVATE_FORMINS 0.543904514 2.200439215 2.12E-06 2190
WP_4249_HEDGEHOG_SIGNALING_PATHWAY 0.645551817 2.091570592 0.000906854 1253
REACTOME_G1_S_SPECIFIC_TRANSCRIPTION 0.706220451 2.138417818 0.000918911 4053

Table 6 GSE103439 GSEA

ID Enrichment Score NES p.adjust Rank

REACTOME_ION_HOMEOSTASIS 0.735765998 1.902579425 0.0004582 1525

REACTOME_COMPLEMENT_CASCADE 0.709104854 1.859817725 0.001327734 2141

WP_ELECTRON_TRANSPORT_CHAIN_OXPHOS_SYSTEM_IN_  0.663891425 1.807765916 0.003063468 4379

MITOCHONDRIA
BIOCARTA_GHRELIN_PATHWAY 0.877426567 1.795126009 0.004720503 1744
KEGG_COMPLEMENT_AND_COAGULATION_CASCADES 0.637239803 1.706683802 0.016085398 1629
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Table 7 GSE42109 GSEA
ID Enrichment Score  NES p.adjust Rank
REACTOME_REGULATION_OF_INSULIN_LIKE_GROWTH_FACTOR_IGF_TRANS- 0.579398295 1.849937608 0.00177198 1265

PORT_AND_UPTAKE_BY_INSULIN_LIKE_GROWTH_FACTOR_BINDING_PRO-

TEINS_IGFBPS
REACTOME_SIGNALING_BY_TGFB_FAMILY_MEMBERS 0.533694848 1.742356754 0.007867701 1194
KEGG_ECM_RECEPTOR_INTERACTION 0.570994895 1.752008102 0.014229984 1103
WP_DNA_IRDOUBLE_STRAND_BREAKS_AND_CELLULAR_RESPONSE_VIA_ATM  0.632346149 1.796539106 0.028966336 2120
KEGG_FOCAL_ADHESION 0.449107121 1.549375882 0.044006151 1447

3.4 Analysis of PPl networks

We analysed PPIs among the co-DEGs using the STRING database (https://www.string-db.org/). MCODE was utilized to
identify hub genes (Fig. 3A), whereas CytoHubba, which employs the MCC, degree, and MNC algorithms, was applied to
predict the top 10 target genes (Fig. 3B-D). A total of 9 overlapping genes were identified across the three algorithms:
MYC, JUN, SOX9, LEF1, GLI2, LGR5, SOX4, PAX6, and MYCN. A Venn diagram illustrating the hub genes was also gener-
ated (Fig. 3E).

3.5 Analysis of hub genes
A heatmap of the hub genes is presented in Fig. 4A. The expression of the hub genes MYC, JUN, SOX9, LEF1, GLI2, LGR5,

SOX4, PAX6, and MYCN in GSE125285 was analysed (Fig. 4B). The differential expression of these genes between the
disease and control groups was compared. The expression levels of MYC, JUN, SOX9, LEF1, GLI2, LGR5, SOX4, PAX6, and

Degree

Venn

Fig. 3 Protein—protein interaction network analysis of the co-DEGs. A The PPl network. B Prediction of the MCC. C Prediction of the degree.
D Prediction of the MNC. E Combined results obtained from using the three algorithms. Hub gene prediction is shown as a gradual change
from yellow to red, and the darker the red is, the higher the accuracy of the prediction
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MYCN were significantly different (p <0.001). Specifically, MYC and JUN were downregulated in BCC, whereas SOX9,
LEF1, GLI2, LGR5, SOX4, PAX6, and MYCN were upregulated in BCC. A Mann—Whitney U test (Wilcoxon rank-sum test)
was performed, with *p <0.05, **p <0.01, and ***p <0.001 indicating statistical significance.

3.6 Analysis of infiltrating immune cells and their functions

An analysis of immune cell infiltration is a key method in cancer research and focuses on examining immune cell infil-
tration in the tumour microenvironment to understand its role in tumour initiation, progression, and the response to
treatment. This analysis provides valuable insights into tumour immune microenvironments, aids in determining the
prognosis of cancer, and supports the development of immune-based therapies and novel drug discovery. With ongoing
advancements in analytical technologies, an immune cell infiltration analysis is poised to play an increasingly critical role
in both research and clinical practice.

We integrated three datasets and standardized the data to further investigate immune cell infiltration and function
in BCC patients compared with normal controls (Fig. 5A). Using ssGSEA, we assessed the enrichment scores of various
immune cell subpopulations and functions. The results are presented in a heatmap (Fig. 5B) and box plot (Fig. 5C). In BCC
tissues, the numbers of B cells, NK CD56bright cells, T cells, TFH cells, Th1 cells, and Th2 cells were increased, whereas the
numbers of DCs, pDCs, and Treg cells were decreased. NS indicates no statistical significance; *p <0.05, **p <0.01, and
***p <0.001 indicate statistical significance.

3.7 Diagnostic model

We analysed the correlations between the expression of three hub genes (LEF1, LGR5, and SOX4), immune cells, and
immune functions to identify potential diagnostic biomarkers for BCC. Based on this analysis, we selected these three
immune cell infiltration-related hub genes as candidate diagnostic markers for BCC. The diagnostic performance of
this gene-based model was evaluated using the a ROC curve analysis. The predictive model was validated using the
GSE125285 dataset. The results indicated that these three genes exhibit promising predictive value for BCC. However,
the accuracy and reliability of this diagnostic model still need to be further assessed in future clinical trials (Fig. 6).
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Fig. 5 Infiltration analysis of immune cells. Relationships between HUB genes and immune cells. D-F LEF1. L-J LGR5. K-M SOX4
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3.8 Expression of the three hub genes across cancers and basal cell carcinoma tissues

First, we used the Kaplan—Meier plotter to examine the expression of the three hub genes across various normal and
tumour tissues. The pancancer analysis revealed higher expression levels of LEF1, LGR5, and SOX4 in most tumour
tissues than in normal tissues. Additionally, through the Protein Atlas database (https://www.proteinatlas.org/), we
confirmed the expression of LEF1, LGR5, and SOX4. Images of IHC staining were downloaded from the HPA database
to evaluate the expression of the hub genes (LEF1, LGR5 and SOX4) at the protein level. As shown in Fig. 7, normal
skin had negative IHC staining, whereas tumour tissues displayed moderate staining. Furthermore, we also noted that
these genes were highly expressed in other tumour tissues, such as lung cancer and colorectal cancer (not shown).
Therefore, these hub genes may be involved in the development of several tumours, which is consistent with the
results of our previous bioinformatic analysis (Fig. 7).

LEF1 protein expression was greater in BCC tissue than in normal tissue. LGR5 protein expression was greater in
BCC tissue than in normal tissue. SOX4 protein expression was greater in BCC cancer tissue than in normal tissue.

3.9 Expression of the three hub genes in BCC

We further validated the expression of LEF1, LGR5, and SOX4 in BCC using qPCR, which confirmed the elevated
expression levels of these genes in BCC tissues (Fig. 8A), and the differences were statistically significant (P <0.05).
We subsequently conducted Western blot experiments and compared the protein expression levels between BCC
tissues and adjacent normal tissues. The results revealed significantly higher expression levels of LEF1 and LGR5 in
BCC tissues than in adjacent normal tissues (P < 0.05). However, although the SOX4 protein level was higher in BCC
tissues than in adjacent normal tissues, the difference was not statistically significant (P > 0.05) (Fig. 8B-F). These
findings collectively suggest that LEF1, LGR5, and SOX4 may play a tumour-promoting role in basal cell carcinoma.

4 Discussion

Basal cell carcinoma is the most common type of skin cancer in humans and is triggered primarily by UV radiation.
BCC usually appears on the head and face, with its incidence increasing annually. Although the pathogenesis of
BCC is not yet fully understood, advanced BCC can cause significant destruction of soft tissues, cartilage, and even
bone, leading to severe disfigurement and functional impairments, and thus imposing a substantial global health
and economic burden [40, 41]. The development of BCC is associated mainly with mutations in the HH signalling
pathway, and SMO inhibitors have been approved for the treatment of locally advanced and metastatic BCC [42].
However, significant side effects, poor drug tolerance, and resistance in SMO mutation subtypes necessitate further
exploration of the molecular mechanisms of BCC. This research is crucial for identifying more effective treatment
targets. In this study, we analysed the GSE7553, GSE103439, and GSE42109 datasets, and validated our findings with
the GSE125285 dataset. Through data mining, 135 co-DEGs were identified. GO and KEGG functional enrichment
analyses were subsequently performed, and through an analysis of the PPl network, nine key hub genes (MYC, JUN,
SOX9, LEF1, GLI2, LGR5, SOX4, PAX6, and MYCN) were identified. Among these genes, LEF1, LGR5, and SOX4 were the
most representative hub genes, and their roles in BCC were further explored. A diagnostic model was constructed
to assess the predictive ability of these three hub genes, and immune cell infiltration was analysed to explore the
tumour microenvironment of BCC.

We collected three BCC tissue samples and three adjacent normal tissue samples for qPCR experiments to verify
the changes in gene expression, ensuring the reliability of our results. The ROC curve analysis revealed that LEF1,
LGR5, and SOX4 expression in BCC patients effectively predicted disease presence. The AUC values for LEF1, LGR5,
and SOX4 were 0.888, 0.955, and 0.996, respectively (Fig. 6), indicating that these genes accurately differentiated
BCC patients from healthy individuals. Further analysis revealed that these genes are significantly expressed in other
cancer types and are classified as oncogenes. Therefore, we propose that LEF1, LGR5, and SOX4 expression may serve
as novel biomarkers for BCC.

ssGSEA indicated that BCC tissues contained increased numbers of B cells, T cells, T follicular helper (TFH) cells,
Th1 cells, Th2 cells, and NK CD56bright cells. In contrast, the levels of dendritic cells (DCs), plasmacytoid dendritic
cells (pDCs), and regulatory T cells (Tregs) were lower. In the gene-immune cell correlation analysis, LEF1 and SOX4
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Fig.6 Screening of basal cell carcinoma hub genes and evaluation of their diagnostic value. A-F Experimental Set. A, B LASSO analysis for
screening basal cell carcinoma hub genes. C Identification of the hub genes according to the importance of the variables by random forest
(RF) analysis of the hub genes. D Calibration curves of the BCC risk models. E-G ROC curves of the four hub genes used to assess their diag-
nostic value in the Experimental Set. H-N Validation Set. H, I LASSO analysis for screening basal cell carcinoma hub genes. J Identification
of the hub genes according to the importance of the variables by random forest (RF) analysis of the hub genes. K. Calibration curves of the
BCC risk models. L-N ROC curves of the four hub genes used to assess their diagnostic value in the Validation Set. Calibration curves D, K:
The x-axis represents the predicted survival probability of the model, and the y-axis represents the actual observed survival probability. The
Apparent curve represents the predicted curve, the Bias-corrected curve represents the calibration curve, and the Ideal curve represents the
ideal curve. The closer the curves are to the diagonal line, the better the fit. The distribution plot at the top of the graph shows the distribu-
tion of predicted probabilities. The more concentrated the distribution, the more samples fall within that probability.The ROC curve E-G, L-
N is a graphical representation of the relationship between sensitivity and specificity. The x-axis represents 1—specificity, also known as the
false positive rate; the closer the x-axis is to zero, the higher the accuracy. The y-axis represents sensitivity, also known as the true positive
rate; the higher the y-axis, the better the accuracy. The area under the AUC is commonly used to evaluate diagnostic tests. The AUC value
typically ranges from 0.5 to 1, with a higher AUC (closer to 1) indicating better diagnostic performance of the variable in predicting out-
comes. The optimal cutoff value of the ROC curve is the point where the sum of the false positive rate and false negative rate is minimized.
The Youden index is often used to determine the best cutoff value, calculated as Youden index = (sensitivity + specificity)—1
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Fig. 7 Expression of the three hub genes in pancancer and BCC samples. A, D, G Expression of the three hub genes in the pancancer sam-
ples. B, C, E, F, H, I Images of normal and basal cell carcinoma tissues extracted from the HPA (http://www.proteinatlas.org/) immunostained
for the hub genes. B Anti-LEF1 Antibody HPA002087, Female, age 4, Skin (T-01000),Normal tissue, Patient id: 1704, C Anti-LEF1 Antibody
HPA002087, Female, age 57, Skin (T-01000), Basal cell carcinoma (M-80903), Patient id: 2554, E Anti-LGR5 Antibody HPA012530, Female, age
41, Skin (T-01000), Normal tissue, Patient id: 2956, F Anti-LGR5 Antibody HPA012530, Female, age 84, Skin (T-01000), Basal cell carcinoma
(M-80903), Patient id: 1942, H Anti-SOX4 Antibody HPA029901, Female, age 17, Skin (T-01000), Normal tissue, Patient id: 3532; I Anti-SOX4
Antibody HPA029901, Female, age 84, Skin (T-01000), Basal cell carcinoma (M-80903), Patient id: 1983

expression were negatively correlated with DCs, pDCs, and Treg cells, whereas LGR5 expression was negatively cor-
related with DCs, pDCs, Tregs, and Th1 cells. These changes in immune cell populations can be analysed in terms
of immune activation and immune escape. The increased number of immune cells suggests an enhanced immune
response in BCC tissues. This phenomenon is particularly evident in the activation of T cells (Th1, Th2, and TFH) and B
cells, which may play significant roles in the immune response to BCC. The increase in the number of NK CD56bright
cells might be related to immune surveillance and cytotoxic activity against tumour cells. The decreases in the num-
bers of DCs, pDCs, and Treg cells may indicate that tumour cells suppress immune activation or antigen presentation,
weakening the effectiveness of the immune response. DCs and pDCs are important antigen-presenting cells, and
reductions in their numbers may impair the initiation of immune responses. The reduction in the number of Treg cells
could be associated with immune escape mechanisms, as Treg cells typically suppress excessive immune responses
to prevent autoimmune attacks, and the decrease in their numbers may diminish the ability of tumours to escape
the immune system. The analysis of gene expression patterns and immune cell data suggested that the immune
microenvironment in BCC likely exhibits some degree of immune evasion. The reductions in the numbers of DCs and
Treg cells could assist tumours in evading immune detection and attack. High levels of LEF1, LGR5, and SOX4 may
change the composition of immune cells, promoting tumour growth and helping tumours evade the immune system.
This process occurs mainly by inhibiting the functions of DCs and Treg cells, which exacerbate immunosuppression.
In summary, the immune microenvironment in BCC appears to use mechanisms of immune escape to avoid clear-
ance by the immune system. This process is accomplished by increasing the numbers of certain immune cells, such
as B cells and T cells, while suppressing the functions of DCs, pDCs, and Treg cells, thus reducing the effectiveness
of the immune system. These findings suggest a complex immune cell and gene expression pattern in BCC, with
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the upregulation of LEF1, LGR5, and SOX4 closely linked to these immune changes. Interventions targeting these
changes may provide new strategies for immunotherapy and targeted therapy for BCC.

gPCR was conducted on three samples to validate the experimental results. The statistical analysis revealed that the
expression levels of target genes in BCC tissues were significantly higher than those in adjacent normal tissues, with P <0.05
indicating statistical significance. Subsequent Western blot experiments confirmed the expression of these genes at the
protein level, providing additional insights into their potential roles in BCC. The results showed that the expression of LEF1
in BCC tissues was significantly higher than that in adjacent normal tissues, suggesting that LEF1 may play an important
regulatory role in BCC. LEF1 is a downstream transcription factor in the Wnt/B-catenin signalling pathway and plays a crucial
role in the development and progression of various cancers. Research indicates that abnormal LEF1 expression is linked to
tumour invasiveness, metastasis, and patient prognosis. Recent studies have focused on the role of LEF1 in different cancer
types. For example, in colon cancer, high LEF1 expression closely correlates with the proliferation and migratory capabilities
of tumour cells. In ovarian cancer, the long noncoding RNA LEF1-AS1 promotes tumour progression through interactions
with miR-1285-3p, and its expression level is positively correlated with lymph node metastasis and the tumour stage [43, 44].
Additionally, LEF1 regulates androgen receptor expression and promotes prostate cancer cell growth and invasion [45]. In
breast cancer, LEF1 expression is associated with tumour invasiveness, particularly in tumours lacking ErbB2 overexpression
[46]. Recent studies have suggested that LEF1 may contribute to cancer metastasis and drug resistance through multiple
molecular mechanisms. For example, the interaction between LEF1 and miR-34a plays a key role in the epithelial-mesen-
chymal transition (EMT) in prostate cancer, affecting cancer cell migration and invasion [47-49]. LEF1 can also regulate the
Wnt/(-catenin signalling pathway, influencing cancer cell growth and survival [44].

Our pancancer analysis revealed markedly increased LGR5 gene expression in several specific cancer types (Fig. 7D).
LGRS is a key stem cell marker that plays a critical role in various cancers. Recent studies have shown that LGR5 not only
maintains intestinal stem cells but also participates in cancer development and progression. LGR5 overexpression is cor-
related with a poor prognosis for multiple cancer types, including colorectal, gastric, and pancreatic cancers. In colorectal
cancer (CRC), LGR5 expression is closely related to tumour invasiveness and metastatic potential. Studies have shown that
LGR5-positive cells possess self-renewal and differentiation capabilities, endowing them with a dominant position in the
tumour microenvironment. Treatments targeting LGR5 have been shown to effectively inhibit the growth and metastasis of
colorectal cancer cells in mouse models. For example, studies have shown that LGR5-targeting antibody—drug conjugates
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(ADCs) significantly reduce the tumour burden in mouse models [50, 51]. Additionally, LGRS5 is considered a cancer stem
cell marker and is involved in drug resistance and tumour recurrence. Research indicates that LGR5-positive cells have a
higher survival rate after chemotherapy, suggesting their critical role in tumour relapse. Targeting LGR5 has emerged as a
potential strategy to overcome current drug resistance issues in cancer therapy. In gastric cancer, LGR5 expression is also
associated with chemotherapy resistance. Studies have shown that gastric cancer patients with high LGR5 expression have
poorer chemotherapy responses and prognoses. RNA interference targeting LGR5 increases the sensitivity of gastric cancer
cells to chemotherapy drugs [52]. Furthermore, the WB analysis revealed significantly higher LGR5 expression in BCC tissues
than in adjacent normal tissues, suggesting that LGR5 may participate in the progression and malignant transformation of
BCC.These results indicate that LGR5 could serve as a potential biomarker or therapeutic target for BCC, warranting further
investigation in future studies. Our pancancer analysis revealed that the SOX4 gene was significantly overexpressed in vari-
ous cancers. However, Western blot analyses revealed that although SOX4 expression in BCC tissues was higher than that
in adjacent normal tissues, the difference did not reach statistical significance. This discrepancy may be due to low SOX4
protein expression, a small sample size, or issues with antibody sensitivity. The incomplete concordance between SOX4 tran-
scriptional levels and protein expression may arise from post-transcriptional regulation [53], temporal kinetic disparities, and
methodological variables, but may also reflect that this molecule serves as a critical node in dynamic regulatory networks
during basal cell carcinoma progression [53].

The negative correlation between LEF1/SOX4 and DC infiltration suggests: Wnt/B-catenin signaling (via LEF1) and SOX4-
mediated epigenetic silencing (e.g., downregulation of FLT3L, a DC survival factor) may suppress DC recruitment/maturation.
Reduced DCs/pDCs (validated by ssGSEA) likely impair tumor antigen presentation to CD8+T cells, enabling immune escape
[54]. While Treg depletion typically enhances antitumor immunity, its reduction in BCC may reflect: Th2 cytokine dominance
(e.g., IL-4/1L-13) driving M2 macrophage polarization to maintain immunosuppression [55, 56] LGR5 + cancer stem cell (CSC)-
secreted TGF-f/IL-10 directly inhibiting Treg differentiation while inducing T-cell exhaustion [57]. BCC-elevated TGF-3 (associ-
ated with LEF1/SOX4) correlates with: Impaired NK cell cytotoxicity and IFN-y production via SMAD3-dependent pathways
[58-60]. LEF1 activation suppresses DC/T-cell chemoattractants (CCL4/CCL5) while upregulating PD-L1 [61-63]. LGR5 +CSCs
may secrete apoptosis-inducing factors (e.g., TRAIL) for DC elimination and promote Breg-mediated CD8+T-cell suppression.

This finding could also suggest that the role of SOX4 in BCC is more indirect or that its expression is heterogeneous.
Overall, the high expression of LEF1 and LGR5 in BCC supports their potential roles in tumorigenesis, whereas the role of
SOX4 may be more limited. Future studies should optimize the experimental conditions, increase the sample size, and
further investigate the mechanisms of different molecules in BCC to provide a basis for clinical treatment. The limitations
of this study primarily stem from its relatively small sample size and lack of multi-center clinical validation. Although we
identified significant findings through transcriptomic sequencing and experimental validation, the homogeneity of the
cohort may compromise the generalizability of these results. Furthermore, the incomplete consideration of environmen-
tal confounders—including patients'lifestyle factors, genetic predispositions, and external exposures affecting immune
infiltration—could introduce additional constraints. To address these limitations, subsequent studies should prioritize
expanding cohort sizes and conducting multi-center validations across diverse populations to enhance the reliability
and clinical applicability of the findings.

5 Conclusions

This study combined bioinformatics with experimental validation to identify potential gene biomarkers associated with
immune cell infiltration in basal cell carcinoma, providing valuable insights for early diagnosis and immunotherapy. These
findings underscore the potential application of these biomarkers in precision medicine. gPCR and Western blot analyses
revealed that LEF1 and LGR5 were significantly overexpressed in BCC, indicating their promise as novel biomarkers. While
the qPCR results indicated an increase in SOX4 expression in BCC, the Western blot analysis did not reveal significant
differences in SOX4 protein levels. This inconsistency may stem from factors such as antibody selection, variations in
experimental conditions, or low protein levels, highlighting the necessity for further investigation. Preliminary experi-
mental findings suggest that LEF1, LGR5, and SOX4 are likely closely associated with the development of BCC and may
serve as promising biomarkers. However, further studies are essential to refine the experimental conditions, expand the
sample size, and conduct comprehensive validation to evaluate the potential applications of these biomarkers in the
diagnosis and treatment of BCC.
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