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Background: Hepatocellular carcinoma (HCC) necessitates novel immunotherapeutic targets. PBK, a cancer/testis antigen (CTA),
was identified as a pivotal hub gene influencing prognosis, tumor mutation burden (TMB), and immune microenvironment remodeling.
Methods: PBK was prioritized using weighted gene co-expression network analysis (WGCNA) and differential expression screening
in the TCGA-LIHC cohort, intersected with curated CTAs. Analyses assessed correlations with clinicopathological features (TNM
stage, survival), genomic characterization (mutation frequencies), and functional validation via siRNA-mediated PBK knockdown in
Huh7 cells (migration assay). Single-cell RNA sequencing (scRNA-seq) profiled of the tumor immune microenvironment.

Results: PBK overexpression was significantly correlated with advanced TNM stage (P < 0.05) and poor survival (log-rank P =
0.003). Genomic analysis revealed distinct mutation profiles: high-PBK tumors exhibited increased 7P53 mutation frequency (39%
vs 17%) but decreased CTNNBI mutations (20% vs 31%). Patients exhibiting with combined PBK overexpression and high TMB
demonstrated the poorest prognosis. Functional validation confirmed that PBK knockdown significantly inhibited Huh7 cell
migration capacity (P < 0.05). scRNA-seq analysis showed PBK-enriched tumors contained elevated proportions of immunosup-
pressive SPP1(+) macrophages (22.33% vs 6.6%, FDR corrected P < 0.001) and CD8(+) SLC4A10(+) MAIT cells (9.82% vs 4.7%,
FDR corrected P < 0.001).

Conclusion: PBK synergistically drives HCC progression through three synergistic mechanisms: (1) promoting oncogenic mutation
accumulation (eg, TP53), (2) increasing metastatic potential, and (3) reprogramming an immune-suppressive microenvironment
enriched for SPP1(+) macrophages and CD8(+)SLC4A10(+) MAIT cells. This establishes PBK as a dual-purpose biomarker for
prognostic stratification and immunotherapy resistance prediction, providing a mechanistic rationale for developing PBK-targeted
therapies in HCC.
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Introduction

Heatocellular carcinoma (HCC), accounting for 75-85% of primary liver cancer cases,' poses a formidable clinical
challenge, with 5-year survival rates for advanced-stage disease below 20%.? This dismal prognosis underscores
the critical need to develop innovative therapeutic strategies targeting molecular vulnerabilities.® Cancer-testis
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antigens (CTAs), initially characterized as tumor-specific immunogens through serological analysis of recombinant
cDNA expression libraries (SEREX),* have emerged as dual-functional biomarkers with both prognostic and
immunotherapeutic significance.” The CTA family comprises X chromosome-encoded (XCTA) and autosomal
members, with approximately 50% mapping to the X chromosome.® These evolutionarily conserved proteins
exhibit restricted physiological expression in germline cells within immune-privileged sites like the testes,’
while demonstrating aberrant reactivation in diverse malignancies including breast cancer, non-small cell lung
cancer (NSCLC), and melanoma.® In HCC, systematic analyses reveal that overexpression of melanoma-associated
antigen A (MAGEA)1/3/4, melanoma-associated antigen C2(MAGEC?2), and the New York esophageal squamous
cell carcinoma (NY-ESO-1) correlates with aggressive clinicopathological features, including metastatic progres-
sion, early recurrence, and reduced 5-year survival.”'> This tumor-selective expression pattern, coupled with
inherent immunogenicity, positions CTAs as promising targets for immunotherapy development.'®

Despite these advances, critical knowledge gaps persist regarding the hierarchical regulatory networks governing
CTA-mediated oncogenesis. Recent single-cell transcriptomic studies have unveiled the dynamic heterogeneity of tumor-
infiltrating immune cells,'” particularly highlighting CD8(+) T cell exhaustion as a key mediator of immune evasion.'®
However, the precise mechanisms by which CTAs modulate the immune microenvironment remodeling in HCC remain
incompletely understood. Furthermore, a lack of systematic multi-omics analyses has hindered the identification of
master regulatory CTAs that concurrently drive tumor progression and immune suppression.

To address these limitations, we performed an integrative multi-omics investigation of CTA networks in HCC. Using
weighted gene co-expression network analysis (WGCNA) of TCGA-LIHC data combined with functional enrichment
studies, we identified PDZ-binding kinase (PBK) as a pivotal regulatory hub. Building on PBK’s established role in
maintaining genomic stability during spermatogenesis, we hypothesized that its oncogenic reactivation in HCC may: (1)
potentiate mutational accumulation through DNA repair dysregulation, (2) enhance metastatic capacity via cytoskeletal
remodeling, and (3) promote an immunosuppressive microenvironment through cytokine signaling. Leveraging the unique
immunobiological properties of CTAs, we hypothesized that PBK is involved in modulating immune cell infiltration patterns
and the tumor mutational burden (TMB) in HCC. To test these hypotheses, we employed a multi-faceted approach: (1)
systematic analysis of associations between PBK expression, clinicopathological features, TMB, and immune cell abun-
dance; (2) in vitro functional validation of PBK’s role in HCC progression; and (3) single-cell RNA sequencing (scRNA-seq)
to dissect PBK mediated immune evasion mechanisms. This systematic approach establishes PBK as a novel prognostic
biomarker, but also elucidates its dual role in promoting oncogenesis and immune evasion, providing a mechanistic rationale
for developing PBK-targeted strategies to overcome immunotherapy resistance in HCC.

Materials and Methods

Data Collection and Preprocessing

RNA-seq gene expression data, clinical information and immune subtypes from 33 tumor types were obtained from The
Cancer Genome Atlas (TCGA) and UCSC Xena databases (https://xenabrowser.net/). The TCGA-LIHC dataset was
analyzed using weighted gene co-expression network analysis (WGCNA) to construct co-expression networks. The

IMvigor210 immunotherapy cohort was utilized to assess response to immunotherapy across various cancer types.'® Two
external scRNA-seq datasets, GSE149614*° and GSE151530%" were retrieved from NCBI Gene Expression Omnibus
(GEO) databases and included pre-annotated clinical data.

WGCNA Module Construction, Functional Annotation, and Pathway Enrichment
Analysis

The TCGA-LIHC dataset, consisting of 343 HCC samples, was utilized to construct a co-expression network using the
WGCNA R package. The key gene modules were identified based on their correlation(Pearson) with clinical variables
including survival time, survival status, gender, age, and TNM stage. Gene Ontology (GO) and Kyoto Encyclopedia of
Genes and Genomes (KEGQG) analyses were conducted for the functional annotation of module genes. Gene set
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enrichment analysis (GSEA) and gene set variation analysis (GSVA) were employed to assess pathway enrichment
differences between PBK-high and PBK-low expression groups.

Immune Microenvironment Profiling via CIBERSORT and ESTIMATE Algorithms

Using the LM22 gene signature (characterizing 22 immune cell subtypes), the relative abundance of tumor-infiltrating
immune cells using the CIBERSORT algorithm. The ESTIMATE algorithm was to calculate stromal score, immune
score, and estimate tumor purity. Differences in PBK expression stratified by immune cell infiltration, stromal score,
immune score, and immune checkpoint expression status were evaluated in the TCGA-LIHC dataset. Sankey plot
visualizing PBK expression levels and immune subtypes using the R packages “ggplot2” and “ggalluvial”.

Genomic Instability and Mutation Burden Analysis

Somatic mutation data were analyzed using the “Maftools” R package to visualize genomic alterations and calculate
tumor mutation burden (TMB). Oncoplots depicting mutation landscapes for PBK-high and PBK-low groups were
generated using the “oncoplot” function.

Immunohistochemical Staining

Formalin-fixed paraffin-embedded (FFPE) HCC tissue microarray (TMA) sections were deparaffinized, rehydrated, and
subjected to antigen retrieval using citrate buffer. Endogenous peroxidase activity was quenched with 0.3% hydrogen
peroxide. Non-specific binding was blocked with 5% bovine serum albumin. Anti-PBK antibody (Cell Signaling
Technology, 4942T) overnight at 4 °C, washed, and incubated with a species-appropriate secondary antibody. PBK
protein expression was visualized using 3,3'-diaminobenzidine (DAB) substrate and counterstained with hematoxylin.

Cell Culture and Transient Transfection

Huh7, L02, SMMMC-7721, MHCC97H, PLC-RPF-5, Hep3B, and HCCLM3 cell lines were sourced from the Institute of
Liver Cancer at Fudan University (Shanghai, China). These cells were cultured in either Dulbecco’s Modified Eagle
Medium (DMEM) or Roswell Park Memorial Institute Medium 1640 (RPMI-1640), supplemented with 10% fetal bovine
serum, 100 U/mL penicillin, and 100 png/mL streptomycin, and maintained at 37 °C in a humidified incubator with 5%
CO2. Cells were transiently transfected with PBK-targeting or control small interfering RNAs (siRNAs; Genomeditech,
Shanghai, China) using Lipofectamine 3000 (Invitrogen, Carlsbad, CA, USA) according to the manufacturer’s protocol.

Reverse Transcription-Polymerase Chain Reaction (qQRT-PCR)

Total RNA was extracted using TRIzol (Invitrogen, Carlsbad, CA, USA) and reverse transcripted into cDNA using
a commercial kit (Yeasen Biotech, Shanghai, China). The concentration and purity of RNA was assessed spectrophotome-
trically. qRT-PCR was performed using SYBR Green Master Mix Kit (Yeasen Biotech, Shanghai, China). Primer sequences
used were: GAPDH, 5-GAGTCAACGGATTTGGTCGT-3' (forward) and 5-GACAAGCTTCCCGTTCTCA-G-3'
(reverse); PBK, 5-CCAAACATTGTTGGTTATCGTGC-3' (forward) and 5-GGCTGGCTTTATATCGTTCTTCT-3'
(reverse). Relative gene expression was calculated using the 2 “*Ct method with GAPDH as the endogenous control.

Western Blotting

Total cellular protein was extracted using RIPA lysis buffer. The protein concentration was determined using a BCA
protein assay kit (Beyotime Biotechnology, China). Proteins were separated by sodium dodecyl sulfate-polyacrylamide
gel electrophoresis (SDS-PAGE) and transferred to polyvinylidene fluoride (PVDF) membranes. Membranes were
blocked with 5% non-fat milk and probed with primary antibodies against PBK (Cell Signaling Technology, 4942T;
1:1000), B-actin (Cell Signaling Technology, 4970S; 1:1000), or GAPDH (Cell Signaling Technology, 2118S;
1:1000) overnight at 4 °C. After washing, membranes were incubated with horseradish peroxidase (HRP)-conjugated
secondary antibodies. Protein bands were detected using a Western Bright ECL kit (Beyotime Biotechnology, China) and
visualized using a chemiluminescence imaging system.
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Transwell Migration and Invasion Assays

Cell migration and invasion were assessed using 24-well Transwell chamber (Corning, USA) with 8.0-pum pore polycarbonate
membranes. For invasion assays, membranes were pre-coated with Matrigel (BD Biosciences, USA). Briefly, 2x10* Huh7 cells
in 200 pL serum-free medium were seeded to the upper chambers. The lower chamber contained 500 pL. medium supplemented
with 10% FBS as a chemoattractant. After incubation for 24h (migration) or 48h (invasion), non-migrated/invaded cells on the
upper surface were removed. Cells on the lower surface were fixed with 4% paraformaldehyde and stained with 0.1% crystal
violet, and counted in five random fields per membrane under a light microscope. Experiments were performed in triplicate.

scRNA-Seq Datasets Analysis

Data Preprocessing, Filtering, and Normalization

Single-cell RNA sequencing (scRNA-seq) data from GSE149614?° and GSE151530' were processed independently
using the Seurat R package. Quality control filtering was applied: For GSE149614, cells with 500-6000 detected genes,
1000-100,000 unique molecular identifiers (UMls), and <15% mitochondrial gene content were retained. For
GSE151530, cells with 300-8000 genes, 1000-80,000 UMIs, and <30% mitochondrial gene content were retained.
UMI counts were normalized and variance-stabilized using the SCTransform function. The top 3000 highly variable
genes (HVGs) were identified for downstream analysis.

Clustering and Cell Type Annotation

To distinguish malignant hepatocytes, inferCNV** was applied to predict copy number alterations (CNAs), using non-
malignant cell annotations (eg, immune, stromal) from the original GEO metadata as the reference. Batch effects between
samples/datasets were corrected using Harmony (v0.1.1),>* and uniform manifold approximation and projection (UMAP)
was used for dimensionality reduction and visualization. Graph-based clustering was performed at a resolution of 0.5.
Cell clusters were annotated based on the expression of canonical marker genes (Table S1).

Cell Distribution Patterns and Phenotypic Signature Scoring

The spatial distribution of cell types across PBK expression groups was quantified by using the observed-to-expected
(R_o/e) cell ratio.”* Expected frequencies were derived from chi-square tests based on overall tissue and cluster
distributions. Phenotypic signatures (eg, T/NK cell exhaustion: hepatitis A Virus Cellular Receptor 2(HAVCR2),
ectonucleoside triphosphate diphosphohydrolase 1 (ENTPD1), layilin(LAYN), LAG3(lymphocyte activation gene 3); co-
inhibitory receptor expression: programmed cell death protein 1(PDCDI1), cytotoxic T lymphocyte-associated antigen 4
(CTLA4), T cell immunoreceptor with immunoglobulin and ITIM domain(TIGIT) were scored at the single-cell level
using the AUCell algorithm.*’

Differential Expression and Functional Enrichment

Differentially expressed genes (DEGs) between specialized cell clusters or conditions were identified using the
“FindMarkers” or “FindAllMarkers” functions in Seurat, with significance defined as an adjusted P-value < 0.05
(Benjamini-Hochberg method). Enriched Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways among
DEGs were identified using the cluster Profiler R package.”®

Statistical Analysis

Statistical analyses were performed using R software (version 4.1.0). Continuous variables were analyzed using the Mann—
Whitney U-test, while categorical variables were assessed using Fisher’s exact test. Bivariate correlations between continuous
variables were evaluated using Pearson’s correlation coefficients. Multivariable Cox proportional hazards regression models
were employed to estimate hazard ratios (HRs) and corresponding 95% confidence intervals (CIs). Survival curves were
generated using the Kaplan-Meier method, and between-group differences were assessed using the Log rank test. For all
differentially expressed gene (DEG) analyses, appropriate multiple testing corrections (eg, Benjamini-Hochberg) were applied.
Statistical significance was defined as a two-sided P < 0.05 for all analyses.
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Results
Identification of PBK as a Prognostic Hub Gene in HCC

HCC is characterized by poor clinical outcomes attributable to its aggressive biological behavior, including high-grade
malignancy, propensity for extrahepatic metastasis, and limited therapeutic response. To systematically identify prog-
nostic biomarkers, we integrated weighted gene co-expression network analysis (WGCNA) with clinicopathological
parameters. Module-trait association analysis revealed that the turquoise module demonstrated the strongest correlation
with survival status (Pearson’s r = 0.16, P < 0.001) and tumor grade (Pearson’s r = 0.37, P < 0.001) in patients diagnosed
with HCC (Figure 1A). This module contained 948 candidate genes (Table S2), suggesting their collective involvement
in HCC pathogenesis.

Subsequent differential expression analysis within the turquoise module identified 340 significantly upregulated and
26 downregulated genes (|log2(fold change)| > 1, false discovery rate [FDR] < 0.05) in HCC tumor tissues compared
with paired adjacent non-tumor tissues (Figure 1B and C; complete gene list in Table S3). Given the tumor-specific
expression pattern characteristic of CTAs, we integrated 276 experimentally validated CTAs from the Cancer-Testis
Antigen Database (CTAdb) into our screening pipeline. Through intersection analysis of prognosis-associated DEGs and
CTAs within the turquoise module, PBK emerged as the unique hub gene (Figure 1D). The selection of PBK was further
supported by two key considerations: (1) Limited existing data regarding its expression dynamics and functional role in
HCC pathogenesis, particularly within tumor microenvironment interactions; (2) Preliminary evidence suggesting its dual
regulatory capacity in both cell cycle progression and immune modulation. These knowledge gaps position PBK as
a priority candidate for mechanistic exploration in HCC biology.

Elevated PBK Expression Associates with Aggressive HCC Phenotypes and Poor

Prognosis

Elevated PBK expression demonstrated significant clinicopathological correlations in HCC. Comparative analysis
revealed age-dependent PBK upregulation, with patients < 65 years exhibiting higher mRNA levels than those > 65
years (P = 0.007; Figure 2A). High-grade tumors (G3) showed elevated PBK expression compared to low-grade (G1)
lesions (P < 0.001; Figure 2B), while stage III tumors displayed higher PBK levels than stage I tumors (P < 0.001;
Figure 2C). Survival analysis further confirmed PBK’s prognostic impact: high expression correlated with significantly
reduced median overall survival (P = 0.003), accelerated disease progression (P < 0.001), and early recurrence (P =
0.005; Figure 3D-F). These multi-dimensional associations support PBK as a key driver of HCC aggressiveness and
a candidate therapeutic target.

Genome Mutation Spectrum and TMB in PBK-High and PBK-Low Groups

Comparative genomic analysis revealed distinct mutation profiles between PBK-high and PBK-low HCC groups.
Analysis of the top 20 most frequently mutated genes identified differential mutation frequencies: TP53(39%),
CTNNBI1(20%), TTN (24%), and MUC16(17%) showed elevated rates in PBK-high tumors, whereas CTNNBI(31%),
TTN (23%), TP53(17%), and ALB (15%) were more frequently mutated in PBK-low tumors (Figure 3A and B).
Integrated analysis of tumor mutational burden (TMB) demonstrated synergistic prognostic effects: PBK-high/TMB-
high patients exhibited the worst median overall survival (P < 0.001), contrasting with PBK-low/TMB-low subgroup
outcomes (Figure 3C and D). These findings establish PBK expression as a molecular modulator of oncogenic
mutagenesis and TMB-mediated immune evasion in HCC progression.

PBK Regulates Signaling Pathways Involved in the Cell Cycle

Functional enrichment analysis of TCGA-LIHC data revealed PBK’s central role in cell cycle regulation. Gene Set
Enrichment Analysis (GSEA) demonstrated significant enrichment pathways related to cell cycle checkpoints, G2/M
transition, and DNA replication pathways in PBK-high tumors (Figure 4A). Conversely, Gene Set Variation Analysis
(GSVA) identified suppression of metabolic processes in PBK-low group, particularly in branched-chain amino acid
catabolism and fatty acid metabolism (Figure 4B and C). The reciprocal regulation between proliferative signaling and

Journal of Hepatocellular Carcinoma 2025:12 hetps: 1457


https://www.dovepress.com/article/supplementary_file/493907/Supplementary%20materials.xlsx
https://www.dovepress.com/article/supplementary_file/493907/Supplementary%20materials.xlsx

Zhang et al

A
Module-trait relationships
0.11 -0.12 0.17 0. 15 -0.28 -0.23
Purple (0.04)  (0.02) (0.001) (0.005) (3e-08) (8e—06) 1
A -0.082 0.032 0.046 0.23 -0.041 0.18
Midnightblue (0.1) (0.5) (04) (5e-06) (0.4) (6e—04)
-0.019 0.011 0.071 0.065 0.039 0.079
Darkred ©.7) (0.8) (02) (0:2) (05) (0.1)
0.021 0.019 0.061 0.1 -0.046 0.016 -
Grey60 (0.7) (0.7) (02)  (0.04) (0:4) (0.8) 0.5
0.086 -0.012 -0.16 -0.08 0.0089  -0.039
Green (0.1) (08)  (0.002)  (0.1) (0.9) (0.5)
0.059 -0.0022 -0.028 -0.017 -0.047 0.085
Magenta (0.3) 6} (0.6) (0.8) (04) (0.1)
-0.032 -0.0043 -0.18 -0.25 0.087 0.15 0
Cyan (0.5) (0.9) (4e-04) (1e-06) (0.1)  (0.003)
. -0.074 -0.044 -0.058 -0.11 0.077  -0.0067
Lightyellow 0.2) (0.4) (0.3) (0.04) (0.1) (0.9)
-0.12 -0.017 -0.23 -0.083 0.054 0.035
Royalblue (0.02)  (0.7) (1e-05)  (0.1) (03) (0.5) 05
. -0.11 12 0.24 -0.011 0.064 0.093
Lightcyan (0.03)  (0.03) (4e-06) (0. 8) (02)  (0.07)
. -0.19 0.16 -0.13 -0.1 0.21 0.37
—» Turquoise (3e-04) (0.001) (0.01) (0. 02) (4e-05) (3e-13)
-0.099 0.13 -0.19 =02 0.21 0.27 -1
Grey (0.06)  (0.01) (2e-04) (9e-05) (4e-05) (2¢-07)
&
N & & & 2
& ¥ MRS N
B c Gene p-value Hazard ratio
. TONSL 0.028 1.294(1.029-1.628) ,_._,"'
. SMARCD1 0040 1.363(1.015-1.831) -
* . BK 0047 1.171(1.002-1.369) ——
VIPR1 0,004 0.647(0.483-0.868) —
.. SLBP 0,026 1.386(1.040-1.848) A
20 RCC1 0019 1360(1.050-1.736) -
PRKDC 0023 1.289(1.036-1.604) U -
) RUSC1 0,038 1276(1 0a- 1605) R
£ . Significant DKC1 0014  1.406(1.071-1.845) PR
=] Down MZT1 0038 1.323(1.015-1.724) i —
> ¢ INTS7 0042 1.336(1.011-1.766) -
S « Not LCAT 0016 0.859(0.758-0.973) .
T . Up TUBG1 0,012 1.375}1.072—14764) ——
10 CSTF2 0.016 1.353(1.059-1.728) ——
ANKRD52 ~ 0.047 1.288(1.003-1.654) PR -
015 1.298(1.052-1.602) -
s <o oampien s
SPATS2 0006 1.438(1.112-1.860) —.
0cs 0oz 1435110301 0s0) A ~—
0 CAD 0.002 1.487(1.157-1.911) [
NPC1 0002 1.483(1.152-1.908) -
2 0 2 BRI 0% 1210151 4%e) =
logFC NEIL3 <0001 1.434(1.161-1.773) P -a——
INTS8 0019  1.414(1.058-1.890) .
TRIP13 0032 1.214(1.017-1450 e
MYO19 0020 1.354(1.049-1747 N
P ~ G R ==
oot G et S 5
Progn05|s-relate antigens KPNA2  0.001 1373(1.136-1660) i =
OLA1 0012  1.477(1.090-2.001 H e
PRPF3 0048 1.309(1.003-1.708 ———
KBTBD11 0039 0.809(0.662-0.989) -
ACACA  <0.001 1.541(1.203-1.973) L
G6PD 0045 1.144(1.003-1.305) i
TFRC 0.020 1258(1 037-1.526) e
PDSS1 0015 1.415(1.069-1.872) e
FANCE 0023 1.313(1.039-1.660) e
CK2 0001 1499(1.177-1.909) .
(R 0005 1de0(112-1900) i _—
UPF3B 0.005 1.
CYP1 0044 1.355(1.009-1:819) — .
DUSP12 0022 1.406(1.050-1.883) =
ZFP36 0013 1.221(1.043-1.429) Al
cBX2 0,001 1.371(1.130-1.663) .
ORC6 0045 1.255(1.005-1567) —
WDR4 0015 1.409(1.068-1.860) .
PCNA 0045 1.251(1.005-1.558) e R
MAST2 0002 1.528(1.175-1.987) -
HMGA1 0011 1.211(1.044-1.405) —
ccL14 0012 0.771(0.630-0.943) ;
T —
CHML X '
FLVCR1 0001 1.453(1.156-1.825) 5
I T f T 1
00 05 1.0 15 20

Hazard ratio

Figure | Identification of PBK as a hub gene. (A) Correlation of module signature genes with clinical features. The values in the cells are presented as “Pearson r (P-value).
(B) Differential gene expression within the turquoise module by tumor grade. Volcano plot showing significantly upregulated (red) and downregulated (green) genes (|log,
(fold change)| > I, FDR < 0.05). (C) Prognostic impact of PBK expression. Forest plot displaying hazard ratios (HRs) and 95% confidence intervals (Cls) for overall survival.
HR > | indicates worse prognosis with high PBK expression; dashed line indicates HR = |. (D) Identification of PBK as the overlapping hub gene. Venn diagram illustrating
the intersection of prognosis-associated differentially expressed genes (DEGs) from the turquoise module, cancer-testis antigens (CTAs), and WGCNA-selected genes.

https:

1458

Journal of Hepatocellular Carcinoma 2025:12



Zhang et al

A Agers <6553 265 D
| 0.0072 PBK levels =+ high -+ low
’ : 1.00/
. T 0.751
5 20] 3
2 ee, . 3 0.50
o ° e %
Q- —
g X, . £9%%1 p=0.003
Ne *
& 1] . 0.00
0 2 4 6 8 10
X%) Time(years)
[
>
Lhighy 183 62 27 11 1 1
0 X 0w 184 80 38 17 5 0
1 @ 0 2 4 6 8 10
Time(years)
B E
Grade =1 G1 %1 G2 #1G3 =1 G4
PBK levels = high = |
065 B evels -+ hig ow
40 0.bo6 S 1.00
6.8e-06 2
: 0.025 , 2075
S 30| . 2.5e-05 . g
2 — 008 = 0.50
o M & o
1]
5 : 8 0.25 . )
& ) cor . ) p<0.001
o ° & 0.00{ ' ' ‘
104 N s ‘ee ®o 0 2 4 6 8 10
e’ N, Time(years)
o g Tee ;3 L. P
: oo o olpe —d-o— [o]
=== E&Q —— 3 highy 186 36 13 2 1 1
0 * < [ow1 186 50 19 8 2 0
G1 G2 G3 G4 & 0 2 4 6 10
Grade Time(years)
c Stage 1 Stage 152 Stage |l =3 Stage Il =1Stage IV F oBK lovel —_—
evels -+ high -+ low
0.012
40, . 0.029 <1.00
0068 £
. 0.062 ;0_75
S 8.5e-06 ! 2
(o} r
2% 0032 £0.50
o . . 9
3 (]
3 30.25 - — +
v ’ =0.005
% . : 2% »
£ ’ : 0.00
% e . 0 2 4 6 8 10
10 . Time(years)
.‘: . L) L
1 . 3 highy 159 36 14 3 1 1
0 —— v S 138 47 17 8 2 0
om
o 0 2 4 6 8 10
Stage | Stage IIStagSetage Il Stage IV Time(years)

Figure 2 Association of PBK expression with clinicopathological features and prognosis in HCC. (A-C) PBK mRNA expression stratified by (A) patient age (< 65 vs = 65
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(F) Disease-free survival (DFS). Log-rank P-values are shown.
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Figure 3 Genomic mutation profiles and tumor mutational burden (TMB) in PBK-high and PBK-low HCC cohorts. (A and B) Mutation spectra of the top 20 most
frequently altered genes in the (A) PBK-low and (B) PBK-high groups. Waterfall plots detail mutation types per sample; adjacent bar plots show mutation frequencies and
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metabolic reprogramming suggests that PBK orchestrates HCC progression through dual mechanisms: driving mitotic
acceleration while constraining energy metabolism - a hallmark of aggressive tumor phenotypes.

PBK Promotes HCC Tumorigenesis via Epithelial-Mesenchymal Transition

Both mRNA and protein levels of PBK were significantly higher in HCC tissues compared to adjacent non-cancerous
tissues (Figure 5A, D and E). Immunohistochemical analysis revealed detectable PBK expression in 73.14% of HCC
tissues (Figure SE-F). qRT-PCR analysis showed that among eight tested HCC cell lines, Huh7 cells exhibited the
highest expression level of PBK (Figure 5B). Consistent with clinical observations, statistical analysis confirmed that
high PBK expression was significantly associated with a poor prognosis in patients diagnosed with hepatocellular
carcinoma (P = 0.031, Figure 5G). To further investigate the functional role of PBK, we employed small interfering
RNA (siRNA) to knock down PBK expression in Huh7 cells and subsequently evaluated cell migration and invasion
capabilities. Results demonstrated that PBK knockdown significantly reduced both the migration and invasion rates of
Huh7 cells (Figure 5C and H-J).
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Interplay Between PDZ-Binding Kinase (PBK) and the Tumor Immune

Microenvironment in HCC

To investigate the association between PBK expression and immune heterogeneity in HCC, we performed comparative
analyses of immune cell infiltration between PBK-high and PBK-low subgroups. The PBK-high group exhibited elevated
infiltration of naive B cells, monocytes, and M2 macrophages, whereas the PBK-low group showed increased proportions
of plasma cells, resting memory CD4(+) T cells, follicular helper T cells, NK cells, MO macrophages, resting dendritic cells,
and stromal cells (Figure 6A). Immune subtype stratification revealed significant enrichment of PBK-high tumors in the C1
and C2 subtypes, while PBK-low tumors predominated in the C3 and C4 subtypes (Figure 6B). Consistent with overall
prognostic trends, PBK-high patients exhibited poorer survival within C1/C2 subtypes. Notably, PBK-high tumors
displayed significant enrichment of T-cell exhaustion markers, including programmed cell death protein 1(PD-1), pro-
grammed death-ligand 1(PD-L1), cytotoxic T lymphocyte-associated antigen 4(CTLA-4), and T cell immunoreceptor with
immunoglobulin and ITIM domain (TIGIT) (Figure 6C-F). Paradoxically, in the IMvigor210 immunotherapy cohort,
elevated PBK expression correlated with improved clinical response to immunotherapy (P = 0.0027; Figure 6G), despite its
association with adverse overall survival. Considering PBK’s classification as a cancer-testis antigen and its potential role in
MHC-I-mediated antigen presentation, these findings suggest PBK may serve as a dual biomarker, indicative of both an
immunosuppressive microenvironments and potential sensitivity to immunotherapy in HCC.

Single-Cell Profiling Reveals PBK Expression-Driven Heterogeneity in the HCC Tumor

Microenvironment

To delineate tumor microenvironment heterogeneity between PBK-high and PBK-low HCC, we analyzed scRNA-seq
data from 24 treatment-naive HCC samples (GSE149614/GSE151530). After rigorous quality control, 119,095 cells were
retained (23,687 non-tumor cells, 84,437 tumor cells, 5971 tumor thrombus cells). Utilizing the original dataset
annotations, we categorized tumor and tumor thrombus-derived cells into five major lineages, visualized via uniform
manifold approximation and projection (UMAP; Figure 7A). PBK-high tumors demonstrated significantly higher
infiltration of T/NK and B cells, while PBK-low tumors showed increased proportions of endothelial cells and fibroblasts
(Figure 7B). Differentially expressed gene (DEG) analysis identified upregulation of SPP1 in myeloid cells of PBK-high
tumors (Figure 7C). Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analysis revealed distinct
pathway activation in macrophages and CD8(+)T cells (Figure 7D). Unsupervised clustering of myeloid and T/NK cells
resolved eight functional subsets. Notably, PBK-high tumors exhibited higher frequencies of CD8 Trm ZNF683,
CD8 Tem GZMK, CD4 Treg FOXP3, and CD4 Tfh CXCRS cells, alongside elevated T-cell exhaustion and co-
inhibitory receptor scores (P < 0.05; Figure 7E). Conversely, CD8(+) SLC4A10(+) MAIT cells were reduced in PBK-
high tumors (4.7% vs 9.82%, FDR-adjusted P < 0.001), while immunosuppressive SPP1(+) macrophages predominated
(22.33% vs 6.6%, FDR-adjusted P < 0.001; Figure 7F). These findings suggest that PBK expression drives the
remodeling of an immunosuppressive niche in HCC, warranting mechanistic validation.

PBK as a Pan-Cancer Prognostic Biomarker

To evaluate the pan-cancer role of PBK, we analyzed its expression across 33 human malignancies. PBK was
consistently overexpressed in all tumor types examined (Figure 8A and B) and its expression strongly correlated
with advanced clinical stages and higher tumor grades, underscoring its prognostic relevance (Figure 8C and D).
Univariate analysis of 10,071 TCGA samples revealed that elevated PBK expression was associated with increased
mortality risk in cholangiocarcinoma (CHOL), renal cancers (KICH/KIRC/KIRP), low-grade glioma (LGG), HCC,
lung adenocarcinoma (LUAD), mesothelioma (MESO), pancreatic adenocarcinoma (PAAD), pheochromocytoma/
paraganglioma (PCPG), and sarcoma (SARC). Conversely, higher PBK levels were associated with improved survival
in ovarian cancer (OV) and thymoma (THYM) (Figure 8E). Leveraging the TISIDB database, we further identified
widespread significant positive correlations between PBK expression and the infiltration of activated CD4(+) T cells
and Th2 cells across 30 cancers, implicating PBK as a potential regulator of tumor immune microenvironment
(Figure 8F).
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Figure 7 Single-cell characterization of the HCC tumor microenvironment stratified by PBK expression. (A) UMAP visualization of major TME cell populations from
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Discussion

Our integrative multiomics analysis establishes PBK as a central regulator of HCC pathogenesis, with critical roles in
tumor proliferation, genomic instability, and immune microenvironment modulation. Mechanistically, PBK coordinates
cell cycle progression through dual pathways: (1) activation of the polycomb repressor complex 1 (PRCI1) to ensure
mitotic spindle formation and chromosomal segregation,?’ (2) suppression of p53-mediated tumor suppression via p21
downregulation.”® These oncogenic functions are corroborated by pathway enrichment analyses demonstrating significant
activation of cell cycle-related signaling in PBK-high tumors. The therapeutic relevance of these findings is further
evidenced by PBK knockdown experiments showing reduced tumor growth through p38 pathway modulation and
enhanced DNA damage repair.”’

Notably, PBK expression shows a significant correlation with elevated tumor mutation burden (TMB) and TP53
mutation prevalence, indicating its potential role in driving genomic instability. This association mirrors observations in
lung adenocarcinoma where PBK synergizes with mutant p53 to promote carcinogenesis.*® The genomic destabilization
induced by PBK likely accelerates clonal evolution through accumulation of driver mutations,®' providing a plausible
mechanism for its association with aggressive HCC phenotypes.

Tumor microenvironment analysis further reveals PBK’s immunosuppressive influence, characterized by enrichment
of SPP1(+) macrophages (marked by pro-angiogenic signatures and MHC-II suppression) and exhausted CD8(+) T cells.
This immunoevasive landscape presents a notable therapeutic paradox, as PBK-high tumors nevertheless exhibit
enhanced responsiveness to immune checkpoint blockade (ICB). We hypothesize that PBK’s cancer-testis antigen
properties may bolster tumor immunogenicity transiently, while its long-term effects induce chronic immunosuppressive
remodeling, creating a TME primed for ICB-mediated reinvigoration of exhausted T cells. However, the precise
molecular crosstalk between PBK and immune checkpoint regulation warrants further investigation.

Several limitations merit consideration: First, the signaling networks linking PBK to immune cell polarization remain
elusive. Second, while bioinformatics analyses and in vitro models provide valuable mechanistic insights, preclinical
validation in immunocompetent HCC models is essential. Third, the predictive value of PBK expression for ICB
response requires prospective validation in dedicated clinical cohorts. Finally, the functional heterogeneity of PBK
across HCC molecular subtypes warrants systematic exploration.

Conclusion

Our multiomics framework defines PBK as both a key driver of HCC oncogenesis and a factor that correlates with
immune checkpoint responsiveness. By simultaneously coupling mitotic regulation with TME remodeling, PBK emerges
as a promising target for precision immunotherapy in HCC. Future studies should prioritize the mechanistic dissection of
PBK’s immunomodulatory functions and the clinical validation of its biomarker potential to realize its translational
relevance.
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