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Abstract 

Background  Hepatocellular carcinoma (HCC) is the fourth leading cause of cancer-related death worldwide 
and shows significant heterogeneity. Cadherin 13 (CDH13) is abnormally expressed in various malignancies, but its 
role in HCC and the tumor microenvironment remains unclear.

Objective  This study aimed to systematically explore the expression, regulatory mechanisms, and potential functions 
of CDH13 in HCC using a multi-omics strategy.

Methods  We integrated transcriptomics, proteomics, spatial transcriptomics, single-cell RNA sequencing (scRNA-
seq), immunohistochemistry (IHC), clustered regularly interspaced short palindromic repeats/CRISPR-associated pro-
tein 9 (CRISPR/Cas9) gene editing, chromatin immunoprecipitation sequencing (ChIP-seq), weighted gene co-expres-
sion network analysis (WGCNA), gene set variation analysis (GSVA), immune infiltration analysis, molecular docking, 
phenotypic analysis, and survival analysis.

Results  In multiple cohorts, CDH13 mRNA was significantly upregulated in 5145 HCC samples (standardized mean 
difference (SMD) = 1.17) and associated with poor prognosis (hazard ratio (HR) = 2.06). Protein levels were elevated 
in 165 public and 476 clinical paired samples (361 from Guangxi Medical University, 115 from Yulin Red Cross Hospital; 
SMD = 2.48), mainly localized to the cytoplasm and membrane. Spatial transcriptomics showed CDH13 enrichment 
in tumor regions and spatial association with endothelial cells, which was confirmed in an independent HCC tissue 
section. Focusing on cell function, CRISPR/Cas9 knockout of CDH13 significantly inhibited proliferation in HCC cell 
lines such as SNU182, SNU739, HUH7, etc. Further analysis showed CDH13 was expressed in hepatocytes, endothelial 
cells, and hepatitis B virus (HBV)-infected regions; pseudotime analysis indicated late-stage upregulation in endothe-
lial cells and activation of the macrophage migration inhibitory factor (MIF) pathway. IHC confirmed moderate CDH13 
positivity in tumor cells and strong positivity in microvascular endothelial cells. CDH13-high endothelial cells were 
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enriched in pyrimidine metabolism, oxidative phosphorylation, and propanoate metabolism. WGCNA and GSVA 
linked CDH13-related genes to angiogenesis, invasion, and metabolic reprogramming. ChIP-seq identified binding 
of Forkhead box A1 (FOXA1) to CDH13 regulatory regions. Clinically, CDH13 negatively correlated with regulatory T 
cells (Tregs, R = −0.311) and γδ T cells (R = −0.206), and positively with stromal scores (R = 0.400). High CDH13 pre-
dicted poor immunotherapy response (Area Under the Curve (AUC) = 0.745–0.795) and prognosis. Molecular docking 
shows a binding with docetaxel (−7.6 kcal/mol), while phenotypic analysis showed no obvious physiological toxicity.

Conclusion  CDH13 is highly expressed in HCC and may promote angiogenesis, immune evasion, and metabolic 
reprogramming via the FOXA1-CDH13 axis, suggesting its potential as a therapeutic target.

Keywords  CDH13, Hepatocellular carcinoma, Endothelial cells, Angiogenesis, CRISPR/Cas9

Introduction
HCC is one of the most common primary malignant 
tumors of the liver worldwide and ranks as the fourth 
leading cause of cancer-related death [1] The develop-
ment of HCC is closely associated with chronic liver dis-
eases, including HBV infection, alcoholic liver disease, 
and nonalcoholic fatty liver disease. Although advances 
in imaging diagnosis, surgical resection, liver transplan-
tation, and targeted therapies [2] (such as sorafenib and 
lenvatinib) have improved survival in some patients, the 
5-year survival rate of HCC remains low, mainly due 
to its high heterogeneity and metastatic potential [3]. 
Therefore, exploring the molecular mechanisms of HCC 
and identifying novel diagnostic markers and therapeutic 
targets are crucial for improving patient prognosis.

CDH13 is an atypical cadherin widely expressed in 
endothelial cells, neurons, cardiomyocytes, and other 
tissues [4, 5]. Unlike classical cadherins, CDH13 is 
anchored to the cell membrane via a glycosylphosphati-
dylinositol (GPI) anchor[6], lacking transmembrane and 
cytoplasmic domains, and mainly functions as a signal-
ing molecule regulating intercellular communication[7], 
angiogenesis[8, 9], and cell migration[9]. Studies have 
shown that CDH13 is abnormally expressed in multiple 
malignancies, such as breast cancer [10] and adrenocorti-
cal carcinoma [4], and is associated with tumor invasion, 
metastasis, and prognosis. In HCC, high promoter meth-
ylation of CDH13 in peripheral blood mononuclear cells 
(PBMCs) is associated with decreased mRNA expression 
and poor prognosis, suggesting its potential as a non-
invasive biomarker for diagnosis and prognostic evalua-
tion [11]. However, that study was limited by a relatively 
small sample size (157 HCC patients) and mainly focused 
on HBV-related HCC, without sufficient representa-
tion of other etiologies such as hepatitis C virus (HCV) 
infection or nonalcoholic fatty liver disease, which may 
limit the generalizability of its conclusions. Moreover, 
it only analyzed methylation in PBMCs without explor-
ing the methylation patterns of CDH13 in tumor tissues 
or its interaction with the tumor microenvironment, 
requiring further investigation to validate its specificity 

and sensitivity as a biomarker. Nevertheless, the poten-
tial dysregulation of CDH13 and its interaction with the 
tumor microenvironment in HCC provide important sci-
entific clues for its role as a diagnostic and therapeutic 
target.

Endothelial cells are key components of the HCC 
tumor microenvironment and play critical roles in tumor 
angiogenesis, nutrient supply, and immune cell recruit-
ment. The highly vascularized nature of HCC [12] makes 
it heavily dependent on endothelial cell function, while 
metabolic reprogramming and aberrant signaling in 
these cells (e.g., through Vascular endothelial growth 
factor (VEGF)[13]or MIF [14] pathways) further pro-
mote tumor progression. The high expression of CDH13 
in endothelial cells may influence the formation of an 
immunosuppressive microenvironment in HCC by mod-
ulating cell adhesion, signal transduction, and metabolic 
pathways, thereby affecting the efficacy of immunother-
apies such as anti- programmed death  protein 1(PD-1)/ 
programmed deathligand  1(PD-L1) treatment. ScRNA-
seq and spatial transcriptomics [15] provide powerful 
tools to elucidate the role of CDH13 in the HCC micro-
environment. Spatial transcriptomics preserves tis-
sue spatial context while enabling high-resolution gene 
expression profiling, allowing precise mapping of CDH13 
expression in tumor and peritumoral regions and its spa-
tial relationship with endothelial cells, tumor cells, and 
immune cells. Compared to conventional transcriptom-
ics, spatial transcriptomics offers advantages in captur-
ing tissue heterogeneity, cell type-specific expression, and 
intercellular communication networks, thus offering a 
unique perspective on the spatial functional characteris-
tics of CDH13 in HCC.

In this study, we systematically explored the expres-
sion pattern, molecular mechanisms, and interac-
tions of CDH13 within the tumor microenvironment 
of HCC by integrating multiple omics tools, including 
scRNA-seq, spatial transcriptomics, bulk RNA sequenc-
ing (RNA-seq), proteomics, and ChIP-seq. ScRNA-seq 
and spatial transcriptomics provide cell-type-specific 
and spatially resolved gene expression data, revealing 
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CDH13 expression within tumor regions and its interac-
tions with endothelial and immune cells. Bulk RNA-seq 
and proteomics offer comprehensive insights at the gene 
and protein levels, enabling us to identify key molecular 
patterns associated with CDH13. ChIP-seq was used to 
identify transcription factors, such as FOXA1, that regu-
late CDH13 expression, uncovering the underlying tran-
scriptional mechanisms. CRISPR/Cas9 gene editing was 
employed to validate the functional role of CDH13 in 
HCC cell proliferation. Additionally, WGCNA and GSVA 
were applied to uncover co-expression relationships and 
enriched biological pathways related to CDH13, high-
lighting its role in angiogenesis and metabolic repro-
gramming. These tools were chosen for their ability to 
provide complementary, multi-dimensional insights into 
CDH13’s involvement in HCC, offering both molecular 
and functional perspectives.

Materials and methods
Differential expression analysis of CDH13 in HCC
Data collection and processing
To evaluate the differential expression of CDH13 in 
HCC, publicly available RNA-seq and microarray data-
sets containing both HCC and non-HCC liver tissue 
samples were retrieved (Table  1). Inclusion criteria: (1) 
datasets involving human HCC tissue samples; (2) com-
parison between HCC and non-HCC liver tissues; (3) at 
least 3 samples per group. Exclusion criteria: (1) insuf-
ficient sample size; (2) CDH13 expression data una-
vailable; (3) metastatic or recurrent HCC samples. For 
cross-platform integration, we implemented a multi-
step data harmonization workflow. First, raw expression 
data from each platform were individually preprocessed: 
RNA-seq data were processed using DESeq2 normali-
zation followed by variance stabilizing transformation, 
while microarray data underwent background correction, 
quantile normalization, and probe-to-gene symbol anno-
tation using platform-specific annotation packages. To 
address the heterogeneity in sample sizes across studies 
(ranging from 6–371 samples per dataset), we employed 
weighted meta-analysis approaches where each study’s 
contribution was proportional to its sample size and vari-
ance. For datasets with varying pathological conditions 
(including different tumor grades, stages, and etiologies), 
we performed subgroup analyses and sensitivity analyses 
to ensure that the observed CDH13 expression patterns 
were robust across different clinical contexts. mRNA data 
were normalized and log2(x + 1) transformed. Datasets 
sharing the same Gene Expression Platform (GPL) plat-
form were merged and batch effects removed. To achieve 
this, the "sva" R package [16], particularly the ComBat 
method [17], was used to adjust for batch effects, ensur-
ing the integration of data from different platforms 

and experiments while minimizing technical variabil-
ity. ComBat corrects for systematic differences across 
batches, improving data comparability. Principal com-
ponent analysis (PCA) was performed before and after 
batch correction to visually confirm successful removal 

Table 1  High-throughput sequencing datasets

Basic information about the high-throughput sequencing datasets included in 
this study

Study NHCC Nnon-HCC liver

E_MTAB_4171 15 15

E_MTAB_8887 23 17

GPL10553 4 4

GPL10558 523 403

GPL10687 268 268

GPL10999 3 3

GPL11154 245 246

GPL13369 88 48

GPL13667 338 342

GPL14550 47 40

GPL14951 93 18

GPL15433 21 21

GPL16043 25 25

GPL16699 5 5

GPL16791 209 114

GPL17077 3 6

GPL17586 101 89

GPL18451 8 8

GPL18461 35 34

GPL18573 215 213

GPL20115 12 12

GPL20301 48 42

GPL21047 10 10

GPL23126 3 3

GPL24676 406 135

GPL3921 225 220

GPL4133 18 9

GPL5175 48 49

GPL5474 96 96

GPL570 844 528

GPL571 96 131

GPL6244 83 83

GPL6480 83 82

GPL8973 100 100

GPL6947 104 97

GPL9052 60 67

GPL9115 4 4

GPL96 5 5

ICGC_LIRI_JP 240 197

TCGA_GTEx_HCC 371 276

Hepatocellular carcinoma
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of platform-specific effects while preserving biological 
variability. Hierarchical clustering analysis further vali-
dated that samples clustered by disease status rather than 
by study or platform origin. The R package "meta" (v4.18-
2) was used to compute SMDs for 15,379 genes, quantify-
ing expression differences between HCC and non-HCC 
tissues.

Differential gene screening
Genes were considered differentially expressed if: (1) 
detected in ≥ 3 studies; (2) 95% Confidence Interval (CI) 
of SMD did not include zero. A total of 9,296 upregu-
lated genes (SMD > 0) and 6083 downregulated genes 
(SMD < 0) were identified.

Co‑expression gene analysis
Spearman correlation analysis was used to identify 
CDH13 co-expressed genes (CEGs). Positively co-
expressed genes (POS-CEGs) were defined as R > 0.3 and 
P < 0.05; Negatively co-expressed genes (NEG-CEGs) as 
R < −0.3 and P < 0.05. Final inclusion required consistent 
co-expression across ≥ 12 datasets.

Functional and pathway enrichment analysis
Intersection genes between Differentially expressed 
genes (DEGs) and CEGs were subjected to enrichment 
analysis using the clusterProfiler package. Pairwise simi-
larity of enriched terms was computed using the Jaccard 
index and clustered with the hclust function, visualized 
by ggplot2 (v3.4.4). Enrichment networks were plotted 
using ggplot2, igraph, and ggraph. WGCNA was used 
to identify CDH13-related modules, and GSVA was per-
formed using The Cancer Genome Atlas (TCGA) HCC 
expression profiles.WGCNA [18] is a method that clus-
ters genes based on co-expression patterns, helping to 
identify gene modules linked to traits or diseases. GSVA 
[19] is used to estimate variation in gene set enrich-
ment across samples, providing insights into the bio-
logical pathways activated in different samples. These 
approaches together helped identify the key biological 
processes associated with CDH13 in HCC [20].

Prognostic analysis
Prognostic data were obtained from TCGA. Univari-
ate Cox regression assessed the impact of CDH13 and 
clinical variables on prognosis. Clinical entries marked 
"Unknown", "unreport", "Tx", "Nx", and "Mx" were 
excluded. Kaplan–Meier analysis evaluated the relation-
ship between CDH13 expression and survival.

IHC of internal cohort samples
A total of 952 samples were collected: 361 HCC and 
361 control samples from the First Affiliated Hospital of 

Guangxi Medical University, and 115 HCC and 115 con-
trols from Yulin Red Cross Hospital. IHC was performed 
using CDH13 polyclonal antibody (P55290, Protein-
tech™, 1:2000). Sections were incubated, stained, dehy-
drated, and mounted under standard protocols. Staining 
was scored on a 0–12 scale based on % positive cells (see 
Table  S1). Two pathologists independently scored IHC 
results. Cohen’s kappa (κ = 0.89, P < 0.001) indicated 
strong interobserver agreement. For diagnostic perfor-
mance analysis, the continuous IHC scores (0–12) were 
used rather than binary classification (positive/negative). 
Receiver operating characteristic (ROC) curve analy-
sis was performed to evaluate the discriminatory ability 
of CDH13 expression in distinguishing HCC from non-
HCC tissues. The AUC was calculated to quantify diag-
nostic accuracy. An optimal cutoff value was determined 
using the Youden index (sensitivity + specificity-1), which 
maximizes both sensitivity and specificity. Samples with 
scores above the cutoff were classified as CDH13-high, 
while those below were classified as CDH13-low. This 
intensity-based approach provides more refined diagnos-
tic information compared to simple binary classification, 
as it captures the full spectrum of CDH13 expression lev-
els across samples.Informed consent was obtained, and 
ethics approval was granted (2024-S503-01; 2024 Ethics 
No.8).

Proteomic data analysis
Protein expression data from the Proteomic Data Com-
mons (https://​pdc.​cancer.​gov/​pdc/) were analyzed, 
including 165 HCC and 165 control tissues. Tandem 
mass spectrometry (MS/MS) data were processed via 
standard pipelines including QC, peptide identification, 
and protein quantification. Expression values were log2-
transformed and normalized. Wilcoxon tests assessed 
statistical significance (P < 0.05).

Spatial transcriptomics of CDH13 in HCC
Spatial transcriptomics analysis used dataset GSE245908 
(sample GSM7850822, GSM7850823). Data were pro-
cessed in R using Seurat with SCTransform normaliza-
tion. SpatialDimPlot displayed spatial distribution and 
CDH13 expression. Cell types were defined using canoni-
cal HCC gene markers [21–23].

CDH13 expression and CRISPR knockout in HCC cell lines
CDH13 expression and CRISPR knockout effects were 
obtained from the DepMap database. The CERES algo-
rithm calculated dependency scores across HCC cell 
lines. Negative scores indicated growth suppression after 
CDH13 knockout, suggesting essentiality for prolifera-
tion. The CERES algorithm works by modeling the rela-
tionship between gene expression and growth inhibition 

https://pdc.cancer.gov/pdc/
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to calculate dependency scores. It uses a regression 
model that correlates the gene expression profile with 
the growth phenotypes of cell lines in response to genetic 
perturbations. A negative score indicates that the gene 
is essential for cell proliferation, meaning its knockout 
significantly reduces the growth of the cells, as observed 
for CDH13 in this study [24]. All cell line–based data-
sets in the DepMap resource undergo rigorous quality 
control (QC) procedures before data release. Cell line 
identity is confirmed through short tandem repeat (STR) 
profiling, and routine mycoplasma contamination test-
ing is performed to ensure culture purity. Lineage veri-
fication, mutation status, and transcriptomic consistency 
are cross-validated with public reference datasets such 
as Cancer Cell Line Encyclopedia (CCLE) to prevent 
cell line misidentification or cross-contamination. In 
addition, DepMap applies standardized data normaliza-
tion and batch-effect correction to minimize technical 
variability and ensure reproducibility and comparability 
across experimental replicates and cell line panels. These 
integrated QC steps guarantee the reliability and biologi-
cal validity of the CDH13 dependency data used in this 
study [25].

scRNA‑seq analysis of CDH13 in HCC
scRNA-seq data from GSE149614 were analyzed using 
Seurat. Seurat is a widely used tool for analyzing single-
cell RNA-seq data, enabling preprocessing, clustering, 
and visualization of gene expression data. In this study, 
Seurat [26, 27] was used to perform QC, removing genes 
expressed in fewer than 3 cells and cells with fewer than 
50 expressed genes. Cells with more than 200 genes and 
less than 25% mitochondrial content were retained to 
ensure high-quality data for downstream analysis. Seu-
rat was then used for PCA and t-distributed stochastic 
neighbor embedding (t-SNE) clustering, which revealed 
cellular heterogeneity. Marker genes were applied to 
define specific cell types. CellChat, monocle, and scMe-
tabolism were applied for communication, pseudotime, 
and metabolic pathway analysis.

ChIP‑seq analysis of transcription factors
To identify potential transcription factors regulating 
CDH13 expression, we first performed co-expression 
analysis to identify genes significantly co-expressed with 
CDH13 (Pearson correlation coefficient R > 0.3, P < 0.05). 
These CEGs were used as input for transcription factor 
prediction using epigenetic Landscape In Silico dele-
tion Analysis (LISA, http://​lisa.​cistr​ome.​org/). LISA [28] 
is a computational method that integrates thousands of 
ChIP-seq profiles and chromatin accessibility data to 
predict transcription factors whose binding sites are 
enriched in the regulatory regions of query genes. The 

algorithm models the regulatory potential of transcrip-
tion factors by calculating the statistical significance of 
their binding enrichment near the transcriptional start 
sites of CEGs, thereby identifying master regulators of 
the input gene set. Based on LISA predictions, FOXA1 
was identified as a top-ranked transcription factor poten-
tially regulating CDH13. To validate this prediction, 
ChIP-seq data for FOXA1 were obtained from Cistrome 
Data Browser (Cistrome DB) [29], focusing on HUH7 cell 
line. CDH13 promoter/enhancer regions were analyzed 
for FOXA1 binding sites to confirm the direct regulatory 
relationship.

Immune and immunotherapy correlation analysis
CDH13 expression data from HiPlot were used to ana-
lyze 15 immunotherapy cohorts (anti–PD-1/PD-L1, 
CAR-T, anti–MAGE-A3, etc.). Expression was com-
pared between responders (R) and non-responders (NR) 
using t-test or Wilcoxon test. Kaplan–Meier curves and 
log-rank tests assessed prognostic impact. CIBERSORT 
analysis, based on TCGA Transcripts per million (TPM) 
RNA-seq data, inferred immune cell proportions and 
correlations with CDH13.

Chemotherapy sensitivity and molecular docking
Spearman correlation analysis was performed to assess 
the associations between CDH13 expression and drug 
sensitivity, measured by AUC or half-maximal inhibitory 
concentration (IC50), using data from Cancer Therapeu-
tics Response Portal (CTRP, https://​porta​ls.​broad​insti​
tute.​org/​ctrp/), Profiling Relative Inhibition Simultane-
ously in Mixtures (PRISM, https://​depmap.​org/​portal/​
prism/), and Genomics of Drug Sensitivity in Cancer 
(GDSC, https://​www.​cance​rrxge​ne.​org/) databases. 
Drug selection was performed through a multi-step pri-
oritization process. First, drugs with available sensitivity 
data across at least 50% of HCC cell lines were retained 
to ensure statistical robustness. Second, Spearman cor-
relation coefficients and corresponding p-values were 
calculated for each drug. Drugs were then ranked based 
on the absolute value of the correlation coefficient (|R|) 
combined with statistical significance (P < 0.05). To iden-
tify the most promising candidates, we selected the top 
30 drugs showing the strongest correlations (either posi-
tive or negative) with CDH13 expression, prioritized by 
p-value in cases where correlation coefficients were simi-
lar. This approach ensured that the selected drugs had 
both statistically significant and biologically meaningful 
associations with CDH13 expression levels. Molecular 
docking simulations were conducted using CB-based 
Docking (CB-DOCK, http://​cao.​labsh​are.​cn/​cb-​dock/) 
to evaluate the binding affinity between CDH13 and 
candidate compounds. The three-dimensional structure 

http://lisa.cistrome.org/
https://portals.broadinstitute.org/ctrp/
https://portals.broadinstitute.org/ctrp/
https://depmap.org/portal/prism/
https://depmap.org/portal/prism/
https://www.cancerrxgene.org/
http://cao.labshare.cn/cb-dock/
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of CDH13 was obtained from the Alphafold (ID: AF-
P55290-5-F1-model_v6), and the chemical structure of 
docetaxel was retrieved from PubChem (CID: 148124). 
Binding affinity was quantified using the Vina score, 
with values < −4  kcal/mol indicating strong binding 
interactions.

Assessing the impact of CDH13 on phenotypic traits
The AstraZeneca phenome-wide association study 
(PheWAS) Portal (https://​www.​azphe​was.​com/) was 
utilized to investigate potential associations between 
CDH13 and diverse phenotypic traits. This plat-
form employs a PheWAS approach, integrating exome 
sequencing (ES) data from large-scale cohorts such as 
the UK Biobank. The methodology involves gene-based 
collapsing analyses of rare protein-coding variants to 
identify significant gene-phenotype associations. This 
analysis was performed to evaluate whether CDH13 
influences clinically relevant phenotypic traits, providing 
insights into its potential broader physiological roles and 
implications for drug discovery.

Statistical analysis
Wilcoxon tests compared CDH13 expression levels. 
Fixed-effects models were used when I2 < 50%; otherwise, 
random-effects models were applied. ROC and Summary 
receiver operating characteristic (sROC) curves were 
generated using pROC and STATA 18.0, respectively. 
AUC quantified diagnostic performance. Publication bias 
was evaluated using Begg’s test (P > 0.05 indicating no 
bias).

Results
Overview of analysis workflow
The overall workflow of this study is illustrated in Fig. 1.

High expression of cdh13 at mrna and protein levels 
in HCC
CDH13 was significantly upregulated at both mRNA 
and protein levels in HCC. We integrated RNA-seq and 
microarray data from 40 public platforms (Fig. 2), includ-
ing 4,000 non-HCC controls and 5,145 HCC samples. 
CDH13 mRNA expression was elevated in HCC with an 
SMD of 1.17 (95% CI 0.854–1.49). Begg’s test indicated 
no publication bias (P > 0.05; Fig.  3A), and funnel plots 
showed no heterogeneity (Fig.  3B). Correlation analysis 
confirmed consistent results (Fig.  3C). CDH13 overex-
pression was also associated with poor overall survival 
(HR = 2.06, 95% CI 1.19–3.59, P < 0.05) (Figure S1A, B).

Protein-level expression was validated by IHC using 
361 HCC and 361 non-HCC samples from the First 
Affiliated Hospital of Guangxi Medical University, 

and 115 HCC and 115 non-HCC samples from Yulin 
Red Cross Hospital. IHC showed no CDH13 staining 
in non-HCC tissues, while moderate cytoplasmic and 
partial membranous staining was observed in HCC tis-
sues (Fig.  4A). Additional validation using 165 paired 
HCC and non-HCC samples from the Proteomic Data 
Commons showed consistent overexpression with an 
SMD of 2.48 (95% CI 0.717–4.24; Fig. 4B). Funnel plots 
showed no heterogeneity (Fig.  4C), and correlation 
analysis supported the reliability (Fig. 4D).

CDH13 demonstrated high diagnostic performance 
in all three datasets: AUC = 0.935 (95% CI 0.907–
0.963) in the Proteomic Data Commons, 0.975 (95% 
CI 0.959–0.991) in Guangxi cohort, and 0.954 (95% CI 
0.924–0.985) in Yulin cohort (Figure S2A). mRNA-level 
diagnostic analysis yielded a pooled sensitivity of 0.83 
(95% CI 0.77–0.88), specificity of 0.77 (95% CI 0.71–
0.82), and AUC of 0.87 (95% CI 0.84–0.90) (Figure S2B).

Spatial transcriptomics, CRISPR, and scRNA‑seq analyses
Spatial transcriptomics analysis (Fig.  5A) showed sig-
nificant CDH13 upregulation in tumor regions (Fig. 5B, 
C). Cell abundance mapping (Fig.  5D) revealed that 
tumor cell scores were elevated in CDH13-rich areas 
and spatially associated with endothelial cells, whereas 
B, T, and NKT cells did not overlap.Spatial transcrip-
tomic mapping of an independent HCC tissue section 
showed that CDH13 expression was primarily enriched 
in tumor regions and overlapped with areas of high 
endothelial scores, further supporting the CDH13–
endothelial association (Fig. 5E).

CDH13 was highly expressed in HCC cell lines such 
as SNU182, SNU739, and HUH7 (Fig.  6A). CRISPR 
knockout significantly inhibited the proliferation of 
these cells (Fig.  6B). scRNA-seq QC indicated high-
quality data (Fig.  7A). PCA showed sample continuity 
and no batch effects (Fig.  7B); variable genes revealed 
cell heterogeneity (Fig. 7C). CNV confirmed tumor cell 
identity (Fig. 7D). Major cell clusters included endothe-
lial, fibroblast, hepatocyte, myeloid, and T/NK cells 
(Fig.  7E), from normal, tumor, PVTT, and lymph tis-
sues (Fig. 7F), stratified by HBV/HCV status (Fig. 7G). 
CDH13 was expressed in hepatocytes, endothelial, 
tumor, and HBV + regions (Fig.  7H, I); IHC confirmed 
moderate positivity in tumor cells and strong positivity 
in vascular endothelial structures (Fig. 7J).

Pseudotime analysis (Figure S3A) showed clear tra-
jectory phases with endothelial cells at the terminal 
stage and CDH13 highly expressed during late differen-
tiation. Cell identity markers validated clustering accu-
racy (Figure S3B).

https://www.azphewas.com/
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Fig. 1  Analysis Workflow. Schematic representation of the analytical workflow for the study
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Cellular communication and MIF pathway analysis
CellChat analysis revealed extensive interactions among 
fibroblasts, endothelial, hepatocytes, myeloid, and T/NK 
cells (Fig. 8A). Signal input/output activity varied among 
cell types (Fig. 8B). MIF was the dominant communica-
tion pathway, with ligand-receptor pairs (MIF-CD74-
CD44, MIF-CD74-CXCR4) highly specific (Fig.  8C). 
Communication matrices and role analysis showed 
hepatocytes and endothelial cells acted as signal send-
ers (Fig.  8D, E), with differential pathway contributions 
across cell types (Fig. 8F, G). Network analysis confirmed 
complex regulatory roles with MIF as a central axis 
(Fig. 8H).

Metabolic and molecular mechanisms of CDH13 in HCC
UMAP of scMetabolism revealed metabolic heteroge-
neity across cell types, with high scores for pyrimidine 
metabolism, oxidative phosphorylation, and glutathione 
metabolism in endothelial cells (Figure S4A, B). WGCNA 
and GSVA related to CDH13 in HCC revealed its critical 
role in the TME (Figure S5). The gene clustering dendro-
gram (Figure S5A) categorized genes into multiple mod-
ules based on expression patterns, with colored bands 
marking module classifications, illustrating the modu-
lar distribution of gene expression. Network parameter 
validation (Figure S5B) demonstrated that soft threshold 
selection was optimized through scale-free network fit-
ting (R2 > 0.8) and average connectivity, determining the 

optimal parameters for network construction. The mod-
ule-module correlation heatmap (Figure S5C) displayed 
the strength of expression associations between modules, 
suggesting potential synergistic interactions. The scat-
ter plot of module membership versus gene significance 
(Figure S5D) indicated significant correlations between 
module genes and HCC phenotypes, highlighting the 
biological significance of core genes. The module-phe-
notype association matrix (Figure S5E) showed a positive 
correlation between modules and the Q4 phenotype (cor-
relation coefficient 0.74, P < 0.05), successfully identifying 
core modules. The GSVA pathway enrichment waterfall 
plot (Figure S5F), based on TCGA expression profile data, 
ranked enriched pathways of module genes by P-value, 
with pathway enrichment represented by bar height (blue 
for low-expression group, red for high-expression group). 
Metabolic pathways, such as mannose-type O-glycan 
biosynthesis and oxidative phosphorylation, were signifi-
cantly enriched in the high-expression group (P < 0.05), 
suggesting that high expression may activate these path-
ways, with endothelial cell metabolic reprogramming 
being particularly prominent, consistent with prior meta-
bolic analysis results, validating the critical role of mod-
ule genes in endothelial cell metabolic reprogramming. 
The scatter plot of CDH13 correlation with HCC onco-
genic features (Figure S5G) showed positive correlations 
with angiogenesis (R = 0.56, P < 0.05), invasion (R = 0.36, 
P < 0.05), and apoptosis (R = 0.21, P < 0.05).

Fig. 2  Data Selection Flowchart. Flowchart illustrating the identification of HCC mRNA studies from public biomedical databases
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Further functional enrichment analysis of CDH13-
related gene sets elucidated its molecular mechanisms 
(Figure S6). Intersection analysis of CDH13 POS-CEG 
(Figure S6A) revealed that the HCC high-expression 
SMD > 0 gene set (6,802 unique genes) intersected with 
CDH13 POS-CEG to yield 2,494 genes, of which 115 
were unique to CDH13 POS-CEG, forming the core 
associated gene pool. Functional enrichment analysis of 
positively correlated genes (Figure S6B) indicated signifi-
cant enrichment in pathways such as oocyte meiosis, cell 
cycle, cellular senescence, tubulin binding, DNA catalytic 
activity, ATP-dependent DNA activity, organelle fission, 
nuclear division, chromosome segregation, chromosome 
centromeric region, chromosomal region, and condensed 
chromosome (P adj range 2.0e-07–5.0e-08, gene count 
50–150), revealing the role of CDH13 POS-CEG in key 
HCC biological processes. The enriched pathway asso-
ciation network for positively correlated genes (Figure 
S6C) demonstrated synergy among cell cycle, chromo-
some segregation, nuclear division, and organelle fission 

pathways, with node attributes consistent with Figure 
S6B (P adj color gradient, gene count size). Intersection 
analysis of CDH13 negatively correlated genes (CDH13 
NEG-CEG) (Figure S6D) showed that the HCC low-
expression SMD < 0 gene set (5843 unique genes) inter-
sected with CDH13 NEG-CEG to yield 240 genes, of 
which 4 were unique to CDH13 NEG-CEG, identifying 
negatively correlated core genes. Functional enrichment 
analysis of negatively correlated genes (Figure S6E) indi-
cated significant enrichment in pathways such as fatty 
acid degradation, tryptophan metabolism, carboxylic 
acid catabolism, small molecule catabolism, α-amino 
acid metabolism, paired donor redox, molecular oxy-
gen redox, monooxygenase activity, steroid hydroxylase 
activity, retinol metabolism, lipoprotein particles, plasma 
lipoprotein particles, and protein-lipid complexes (gene 
count 10–30), elucidating the role of CDH13 NEG-CEG 
in metabolic regulation. The enriched pathway asso-
ciation network for negatively correlated genes (Figure 
S6F) illustrated collaborative patterns among fatty acid 

Fig. 3  CDH13 mRNA Overexpression in HCC. Analysis of CDH13 mRNA expression based on 4000 non-HCC controls and 5,145 HCC patient 
samples. A Standardized mean difference (SMD) plot for CDH13 mRNA expression. B Funnel plot assessing publication bias and heterogeneity. C 
Correlation plot demonstrating result consistency
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Fig. 4  CDH13 Protein Overexpression in HCC. Analysis of CDH13 protein expression using multi-center data, including 165 non-HCC controls 
and 165 HCC samples from Proteomic Data Commons, 361 non-HCC controls and 361 HCC samples from the First Affiliated Hospital of Guangxi 
Medical University, and 115 non-HCC controls and 115 HCC samples from Yulin Red Cross Hospital. A Immunohistochemistry (IHC) images 
of CDH13 in non-HCC and HCC tissues. B Standardized mean difference (SMD) plot for CDH13 protein expression across three independent cohorts. 
Each study’s contribution is shown with its SMD, 95% confidence interval (CI), and weight percentage in the random-effects model (%W(random)). 
The overall pooled effect (Model) demonstrates significant CDH13 overexpression in HCC tissues. C Funnel plot evaluating heterogeneity. D 
Correlation plot confirming result consistency
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Fig. 5  Spatial Transcriptomics of CDH13 in HCC. Spatial transcriptomic analysis of one HCC tissue section revealing CDH13 overexpression in tumor 
regions. A Spatial distribution of sequencing data (nCount_Spatial). B Delineation of tumor and adjacent non-tumor regions. C Spatial distribution 
of CDH13 gene expression (high in tumor regions). D Spatial abundance distribution of various cell types. E Spatial distribution of CDH13 expression 
and endothelial features in HCC tissue
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Fig. 6  Effect of CDH13 Knockout in HCC Cells. Impact of knocking out highly expressed CDH13 in HCC cell lines. A CDH13 gene expression 
levels across different HCC cell lines. B Expression scores post-CRISPR knockout of CDH13 in HCC cell lines. CRISPR Score (also known as CRISPR 
dependency score or gene effect score) represents the impact of gene knockout on cell viability and proliferation. This score is derived 
from large-scale CRISPR-Cas9 screening data (such as from the DepMap project)
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degradation, small molecule catabolism, carboxylic acid 
catabolism, and lipoprotein particle pathways, with node 
attributes consistent with Figure S6E (P adj color gradi-
ent, similarity 0.4–1.0).

FOXA1‑mediated transcriptional regulation of CDH13
Candidate TFs were screened using HCC DEGs 
(SMD > 0) and integrated TF prediction databases. 
FOXA1 and RELA were selected for validation (Fig. 9A). 
ScRNA-seq and spatial transcriptomics revealed hetero-
geneous spatial patterns for FOXA1 and RELA (Fig. 9B, 
C). Both were overexpressed in HCC at the mRNA level 
(Table  2). ChIP-seq in HUH7 cells confirmed specific 
binding of FOXA1, but not RELA, to CDH13 promoter/
enhancer regions, overlapping with active histone marks 
and regulatory elements (Fig. 9D).

CDH13 and immune microenvironment/immunotherapy 
prediction
Based on the TCGA database, a systematic analysis was 
conducted to investigate the role of CDH13 in regulat-
ing the HCC immune microenvironment and predicting 
immunotherapy response. The CIBERSORT algorithm 
revealed that CDH13 expression was associated with 
22 immune cell types, showing negative correlations 
with regulatory T cells (Tregs, R = −0.311, P < 0.05), γδ 
T cells (R = −0.206, P < 0.05), and follicular helper T 
cells (R = −0.167, P < 0.05) (Figure S7A). Moreover, high 
CDH13 expression reduced the enrichment scores of 
these three T cell subtypes (Figure S7B). Immune micro-
environment scoring analysis indicated that CDH13 
expression was positively correlated with stromal score 
(StromaScore, R = 0.400, P < 0.05) and comprehensive 
score (ESTIMATEScore, R = 0.192, P < 0.05) (Figure 
S7C), with the ESTIMATE and stromal scores signifi-
cantly higher in the high CDH13 expression group com-
pared to the low expression group (Figure S7D). Scatter 
plots demonstrated statistically significant correlations 
between CDH13 expression and immune cell and stro-
mal scores (Figure S7E). Immunotherapy response pre-
diction was validated in three independent cohorts: in 
the Gao 2018 cohort (anti-PD-1/CTLA-4 therapy), high 
CDH13 expression was significantly associated with 

immunotherapy resistance, evidenced by distinct expres-
sion differences between responders and non-respond-
ers, with an ROC curve AUC of 0.745. In the Kim 2019 
cohort (anti-PD-1/PD-L1 therapy), high CDH13 expres-
sion was linked to immunotherapy insensitivity, with an 
AUC of 0.795, and the high expression group exhibited 
significantly worse overall survival compared to the low 
expression group, indicating poorer prognosis. In the 
iMvigor210 cohort (anti-PD-L1 therapy), high CDH13 
expression was similarly associated with treatment insen-
sitivity, with an AUC of 0.586 (Figure S7F).

Docetaxel targeting and phenotype association of CDH13
Molecular docking showed high binding affinity (binding 
score:−7.6  kcal/mol) (Fig.  10A).Drug sensitivity analysis 
revealed that CDH13 expression was negatively corre-
lated with docetaxel IC₅₀ values, indicating that higher 
CDH13 expression may be associated with increased 
docetaxel sensitivity (Fig. 10B).PheWAS indicated no sig-
nificant association of CDH13 with infection, immunity, 
or organ-specific phenotypes, suggesting low toxicity risk 
for CDH13-targeted therapies (Fig. 10C).

Discussion
This study integrates multi-omics data to systematically 
elucidate CDH13’s expression profile, molecular mecha-
nisms, and complex interactions with the tumor micro-
environment in HCC, providing strong evidence for its 
potential as a diagnostic biomarker and therapeutic tar-
get. A key strength is the large-scale cohort, comprising 
952 tissue samples (361 HCC and 361 non-HCC con-
trols from the First Affiliated Hospital of Guangxi Medi-
cal University, and 115 HCC and 115 non-HCC controls 
from Yulin Red Cross Hospital), alongside multi-omics 
data from 40 platforms (4000 non-HCC controls and 
5145 HCC samples). This extensive analysis enhances 
result robustness and representativeness, address-
ing limitations of prior studies with smaller cohorts, 
such as a peripheral blood mononuclear cell study of 
157 HCC patients [11] That study reported CDH13 
promoter hypermethylation linked to mRNA down-
regulation and poor prognosis but lacked tumor tis-
sue analysis. This study employs RNA-seq, proteomics, 

(See figure on next page.)
Fig. 7  Single-Cell Transcriptomics of CDH13 in HCC. Single-cell transcriptomic analysis based on principal component analysis (PC1-12) showing 
CDH13 overexpression in malignant tumor cells. A Quality control plot displaying gene expression and mitochondrial RNA proportions. B PCA plot 
illustrating sample distribution. C Heatmap of top differentially expressed genes and variance contributions for the first four principal components. 
D Chromatin accessibility and gene expression heatmap comparing tumor and normal samples. E t-SNE clustering plot by cell type. F t-SNE 
clustering plot by tissue origin (tumor, normal, etc.). G t-SNE plot showing cell distribution by hepatitis virus infection status (HBV, HCV, etc.). H 
t-SNE plot of CDH13 expression distribution. I Boxplot of CDH13 expression across cell types/tissue regions with statistical differences. J IHC images 
of HCC tissues showing CDH13 protein localization
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Fig. 7  (See legend on previous page.)
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immunohistochemistry, scRNA-seq, and spatial tran-
scriptomics to comprehensively investigate CDH13 
expression patterns, signaling pathway regulation, and 
microenvironmental roles in HCC tumor tissues and 

endothelial cells, revealing its multidimensional func-
tions in HCC progression. The following discussion 
analyzes CDH13’s molecular mechanisms, microenviron-
mental interactions, and clinical translational potential, 

Fig. 8  Cell Communication and MIF Pathway Analysis in HCC Microenvironment. Analysis of cell communication and MIF pathway interactions 
in the HCC microenvironment. A Cell communication network showing signal interactions among fibroblasts, endothelial cells, etc. (left–right 
comparison of modes). B Heatmap of outgoing and incoming signaling pathway activities. C Dot plot of MIF pathway ligand-receptor expression 
(e.g., MIF-CD74-CD44) across cell types. D MIF pathway communication matrix (top, showing sender-receiver strength) and network (bottom, 
illustrating signal transmission). E Heatmap of MIF pathway cell roles (Sender, Receiver, etc.). F Relative contribution of MIF pathway ligand-receptor 
pairs. G Violin plot of MIF pathway molecule expression (MIF, CD74, etc.) across cell types. H Multi-pathway molecular interaction network 
integrating molecular and cell type associations
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Fig. 9  FOXA1-CDH13 Transcriptional Regulation in HCC. Investigation of the FOXA1-CDH13 transcriptional regulation axis in HCC. A Venn diagram 
of transcription factor database intersection (Huh7-TF, Lisa-TF, Cistrome DB) with HCC high-expression genes (SMD > 0) for candidate selection. 
B Single-cell expression plots of FOXA1 and RELA. C Spatial transcriptomic analysis showing spatial expression distributions of FOXA1 (0.0–1.5) 
and RELA (0.0–2.0) in HCC tissue sections. D ChIP-seq results showing FOXA1-CDH13 binding score (0.4) and RELA-CDH13 binding score (0), 
validating FOXA1’s regulatory role

Table 2  Overexpression of FOXA1 and RELA mRNA in HCC

Standardized mean difference (SMD) and confidence intervals for FOXA1 and RELA mRNA expression in HCC

symbol SMD lower.CI upper.CI I2 p

FOXA1 0.250810298679635 0.11628896004006 0.385331637319211 0.802843651899592 0.000257900847727907

RELA 0.198936946939391 0.153752303447257 0.244121590431526 0.816002589936093 6.17595631773513e−18
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Fig. 10  Docetaxel as a CDH13-Targeted Drug Validation and safety assessment of Docetaxel as a CDH13-targeted drug. A Molecular docking 
analysis: 3D protein structure and 2D interaction diagrams showing Docetaxel-CDH13 binding affinity. B Forest plot of CDH13 expression 
correlations with anti-tumor drug sensitivities, highlighting Docetaxel (P < 0.001). C Manhattan plot of CDH13 full-phenotype toxicity analysis, 
assessing association strengths (−log10 P) across physiological and pathological phenotypes
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integrating potential mechanistic changes to elucidate its 
biological significance in HCC.

Multi-omics analysis confirmed distinct CDH13 
expression characteristics in HCC, particularly its high 
expression in tumor regions and endothelial cells, con-
trasting with prior peripheral blood mononuclear cell 
methylation studies. Immunohistochemistry revealed 
CDH13 expression predominantly in HCC tumor cell 
cytoplasm and partial membrane, with minimal stain-
ing in non-HCC tissues, suggesting CDH13 may regulate 
HCC’s malignant phenotype through specific expression. 
ChIP-Seq analysis identified direct binding of transcrip-
tion factor FOXA1 to CDH13 promoter and enhancer 
regions, indicating a FOXA1-CDH13 transcriptional 
regulatory axis that likely enhances tumor cell prolifera-
tion and invasion by activating CDH13 transcription. As 
a key regulator of hepatocyte differentiation and HCC 
progression, FOXA1 may cooperate with histone acetyl-
transferases (e.g., p300/CBP) [30] to open the CDH13 
locus chromatin structure, increasing transcriptional 
activity. This activation may upregulate VEGFA expres-
sion, amplifying CDH13-mediated angiogenesis [31], 
contributing to HCC’s hypervascular phenotype. More-
over, CDH13’s GPI-anchored property positions it as a 
cell membrane signaling molecule, potentially interact-
ing with lipoproteins (e.g., LDL), growth factors (e.g., 
VEGF, FGF), or extracellular matrix components to 
activate downstream pathways, such as PI3K/AKT [32], 
MAPK/ERK [33], and Wnt/β-catenin [34]. These path-
way activations may trigger mechanistic changes: PI3K/
AKT, via phosphorylation of mTOR and BAD [35, 36], 
inhibits apoptosis and promotes metabolic reprogram-
ming, enhancing HCC cell adaptation to nutrient-defi-
cient environments; MAPK/ERK, by upregulating Cyclin 
D1 and c-Myc [37], accelerates G1/S cell cycle transi-
tion, promoting tumor proliferation; Wnt/β-catenin, by 
activating EMT-related genes (e.g., Snail, Twist) [38], 
enhances HCC invasion and metastasis. WGCNA and 
GSVA showed CDH13-related genes enriched in cell 
cycle, chromosome segregation, and metabolic pathways 
(e.g., oxidative phosphorylation, pyrimidine metabolism), 
suggesting CDH13 drives HCC rapid proliferation and 
metabolic adaptability. Oxidative phosphorylation activa-
tion may provide energy for tumor cells [39], supporting 
high proliferation demands, while enhanced pyrimidine 
metabolism may supply nucleotides for DNA and RNA 
synthesis [40], accelerating HCC malignant progression.

Endothelial cells are central to HCC’s tumor micro-
environment, driving angiogenesis, nutrient supply, and 
immune cell recruitment. Recent studies have empha-
sized the importance of endothelial cell metabolic 
reprogramming in HCC progression, indicating that 
endothelial cells undergo significant metabolic shifts that 

promote tumor growth and angiogenesis. For example, 
Fidgetin-like 1 (FIGNL1) was shown to regulate the extra-
cellular matrix-receptor interaction pathway, modulating 
HCC formation, which may suggest that endothelial cells’ 
metabolic and ECM-related pathways are critical for 
tumor vascularization and progression in HCC [41, 42].
Spatial transcriptomics revealed high CDH13 expression 
in tumor regions, with clear spatial co-localization with 
endothelial cells, suggesting it shapes an immunosup-
pressive microenvironment by regulating cell adhesion, 
signal transduction, and metabolic pathways. CDH13’s 
spatial distribution correlates with endothelial cells (high 
PECAM1, VWF expression), tumor cells, and immune 
cells. ScRNA-seq confirmed CDH13 expression pat-
terns in hepatocytes, endothelial cells, and HBV-infected 
regions, with pseudotime analysis indicating high expres-
sion in late differentiation stages, implying a key role in 
HCC late-stage progression, particularly in endothelial 
cell metabolic reprogramming. GSVA showed CDH13-
related genes enriched in oxidative phosphorylation 
and pyrimidine metabolism pathways, consistent with 
endothelial cells’ high energy and nucleic acid synthesis 
demands in the tumor microenvironment [43], suggest-
ing CDH13 enhances endothelial cell metabolic activ-
ity, supporting tumor vascular network formation and 
HCC rapid proliferation. Additionally, CDH13’s interac-
tion with the MIF pathway highlights its role in immune 
microenvironment remodeling. The MIF pathway, via 
CD74 and CD44 signaling, promotes immunosuppres-
sive cell recruitment (e.g., Tregs, MDSCs) [44]. This 
study found CDH13 expression negatively correlated 
with Tregs and γδT cells, suggesting it may enhance HCC 
immune escape by downregulating immune effector cell 
activity. This aligns with previous findings suggesting that 
immune checkpoint-related immune cell dynamics play a 
key role in regulating immune responses and prognosis 
in HCC. For instance, mitochondrial lipid metabolism 
genes have been identified as diagnostic and prognos-
tic biomarkers for HCC, linking lipid metabolism with 
immune modulation in the tumor microenvironment. 
Additionally, immune cell dynamics in the HCC micro-
environment have been shown to influence the efficacy 
of immunotherapies, further supporting CDH13’s poten-
tial in immunotherapy stratification [45, 46].This immu-
nosuppression may occur via CDH13-mediated TGF-β 
or VEGF pathways, with TGF-β inducing Treg differen-
tiation [47] and VEGF upregulating PD-L1 expression 
[48], reducing anti-PD-1/PD-L1 therapy efficacy. CIB-
ERSORT analysis showed high CDH13 expression posi-
tively correlated with stromal and comprehensive scores, 
suggesting it enhances stromal cell (e.g., fibroblast) 
and endothelial cell activity, constructing a pro-tumor 
microenvironment.
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CRISPR experiments demonstrated CDH13 knock-
out significantly inhibited proliferation in HCC cell 
lines (e.g., SNU182, HUH7), highlighting its therapeutic 
target potential. Molecular docking analysis confirmed 
docetaxel’s high binding affinity to CDH13, indicating 
targeted therapy feasibility. CDH13 knockout may exert 
anti-tumor effects by regulating cell cycle and apoptosis 
pathways (e.g., p53, Bcl-2, Caspase) [49]. For instance, 
CDH13 knockout may downregulate Cyclin D1 or 
upregulate p21, arresting the cell cycle at G1/S, or induce 
apoptosis via Caspase-3/7 activation. These mechanistic 
changes may synergize with CDH13’s role in PI3K/AKT 
or MAPK/ERK pathways, amplifying anti-tumor effects. 
This study also found that CDH13 expression correlated 
with chemotherapy drug sensitivity through molecular 
docking and drug IC50 prediction analyses, particularly 
for docetaxel, suggesting that high CDH13 expression 
may be associated with altered drug binding characteris-
tics and cellular drug response. However, CDH13’s role 
across HCC subtypes and etiologies requires further 
investigation. HBV-related HCC may exhibit unique 
mechanisms due to viral regulation (e.g., HBx-medi-
ated signaling), while HCV or non-alcoholic fatty liver 
disease-related HCC may involve miRNA (e.g., miR-21, 
miR-155) [50] or lncRNA-mediated post-transcriptional 
regulation. The large-scale cohort data provide robust 
support for these findings, but future studies should 
include more non-HBV-related HCC samples, integrate 
in  vivo models (e.g., mouse xenografts, patient-derived 
organoids) to validate CDH13’s functional mechanisms, 
and explore its combination with immunotherapies (e.g., 
anti-PD-1/PD-L1, CAR-T). Additionally, CDH13’s poten-
tial as a non-invasive biomarker requires validation of its 
expression in serum, exosomes, or circulating tumor cells 
to improve HCC early diagnosis sensitivity and specific-
ity. Developing CDH13-targeted strategies, such as anti-
body-drug conjugates or nanoparticle delivery systems, 
may open new avenues for HCC treatment.

In summary, this study, through large-scale cohort data 
and multi-omics analysis, elucidates CDH13’s expression 
characteristics and molecular mechanisms mediated via 
FOXA1 transcriptional regulation, PI3K/AKT, MAPK/
ERK, MIF, and metabolic pathways in HCC. CDH13’s 
strong correlation with endothelial cells and its role in 
immunosuppressive microenvironments highlight its 
critical functions in HCC angiogenesis and immune 
escape. Docetaxel binding and CRISPR knockout results 
further support its therapeutic target potential. However, 
the lack of in vivo validation using xenograft models rep-
resents a limitation of this study, and future investiga-
tions should prioritize validating CDH13’s functional role 
in tumor growth and angiogenesis through animal mod-
els. Additionally, functional validation of the relationship 

between CDH13 expression and docetaxel sensitivity 
through cell viability assays and in  vivo efficacy studies 
is warranted to clarify whether CDH13 directly modu-
lates the therapeutic response to docetaxel. Further-
more, while our bioinformatics analyses suggest CDH13’s 
involvement in TGF-β/VEGF-mediated immune escape 
pathways, protein-level validations including West-
ern blot for TGF-β and ELISA for VEGF are lacking, 
which limits the mechanistic understanding of CDH13-
mediated immunosuppression. Future research should 
focus on CDH13’s functional heterogeneity across HCC 
subtypes, dynamic regulation of mechanistic changes, 
and synergistic effects with immunotherapy to advance 
its clinical translation in HCC precision diagnosis and 
treatment.
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Supplementary Material 1. Figure S1: Prognostic analysis of CDH13 in 
HCC. A Disease-specific survival curve of CDH13 in LIHC. B Overall survival 
curve of CDH13 in LIHC. Figure S2: Diagnostic Performance of CDH13 in 
HCC. Receiver Operating Characteristic (ROC) and Summary ROC (SROC) 
analyses demonstrating the diagnostic efficacy of CDH13 at protein and 
mRNA levels. A ROC curve for protein-level expression. B SROC curve for 
mRNA-level expression. Figure S3: Pseudotime Analysis of HCC Cell Differ-
entiation. Single-cell pseudotime analysis revealing HCC cell differentia-
tion trajectories and CDH13 expression dynamics. A Pseudotime trajectory 
plots (from left to right, top to bottom): differentiation trajectories by state, 
cell type, and tissue site; pseudotime value-colored trajectory; CDH13 
expression trajectory; line plot of CDH13 relative expression across cell 
types over pseudotime. B Histogram of marker gene expression, show-
ing expression levels (color) and proportions (dot size) of characteristic 
genes (e.g., CD19, MS4A1) across cell types (T/NK, myeloid, etc.). Figure 
S4: Single-Cell Metabolic Pathway Analysis in HCC. Single-cell metabolic 
pathway analysis in HCC. A UMAP plot showing activity distribution of 
metabolic pathways (e.g., pyrimidine metabolism, glycosphingolipid 
metabolism) across cell subtypes, with color gradients indicating pathway 
scores. B Bar plot of enriched metabolic pathways in endothelial cells, 
comparing tumor and normal states. Figure S5: WGCNA and GSVA Analysis 
of CDH13 in HCC. Weighted Gene Co-expression Network Analysis 
(WGCNA) and Gene Set Variation Analysis (GSVA) of CDH13 in HCC. A 
Gene clustering dendrogram with module assignments indicated by 
colored bands. B Network parameter validation: left, scale-free network fit; 
right, mean connectivity for soft threshold selection. C Module-module 
correlation heatmap showing expression association strengths. D Scatter 
plot of module membership versus gene significance for HCC pheno-
types. E Module-phenotype association matrix displaying correlation coef-
ficients and P-values for modules and HCC phenotypes (Q1-Q4). F GSVA 
pathway enrichment waterfall plot based on TCGA data, ranking enriched 
pathways by P-value. G Scatter plots of CDH13 correlations with HCC 
oncogenic features (e.g., angiogenesis, invasion). Figure S6: Functional 
Enrichment Analysis of CDH13-Related Gene Sets in HCC. Functional 
enrichment analysis of CDH13-related gene sets in HCC. A Venn diagram 
of CDH13 positive co-expression genes (POS-CEG) intersecting with HCC 
high-expression genes (SMD > 0). B Tree diagram of enriched functions for 
POS-CEG. C Weighted network of enriched pathways for POS-CEG, show-
ing inter-pathway associations. D Venn diagram of CDH13 negative co-
expression genes (NEG-CEG) intersecting with HCC low-expression genes 
(SMD < 0). E Tree diagram of enriched functions for NEG-CEG. F Weighted 
network of enriched pathways for NEG-CEG (e.g., lipid metabolism, fatty 
acid degradation). *POS-CEG: R > 0.3, P < 0.05; NEG-CEG: R < -0.3, P < 
0.05; SMD > 0: HCC high-expression genes; SMD < 0: HCC low-expression 
genes. Figure S7: CDH13 and Immune Microenvironment in HCC. Analysis 
of CDH13’s association with the HCC immune microenvironment and 
immunotherapy response based on TCGA data. A Correlation analysis of 
CDH13 expression with 22 immune cell types using CIBERSORT, showing 
R and P-values. B Histogram of enrichment scores for key immune cells 
(Tregs, γδ T cells, etc.) in CDH13 high- and low-expression groups. C Cor-
relation analysis of CDH13 expression with stroma, immune, and ESTIMATE 
scores. D Histogram comparing immune microenvironment scores in 
CDH13 high- and low-expression groups. E Scatter plots validating CIBER-
SORT immune score correlations. F Immunotherapy response prediction 
using ROC curves and survival analyses in independent cohorts (Gao 
2018, Kim 2019, iMvigor210). *P < 0.05, **P < 0.01, ***P < 0.0001. Table S1: 
IHC staining scoring criteria
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