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Abstract
Liver cancer research highlights the kinome's critical role in disease initiation and progression. However, comprehensive data 
analysis on the kinome's impact on hepatocellular carcinoma (HCC) prognosis is limited. We used the TCGA-LIHC mRNA 
expression profiles, analyzing them with various R packages. Key methods included univariate Cox regression for prognostic 
gene identification, consensus clustering for subtype classification, Gene Set Enrichment Analysis (GSEA), and immune 
landscape evaluation. A prognostic model was developed using LASSO Cox regression, and chemotherapy drug sensitivity 
was assessed using the pRRophetic package. We identified 45 kinases-related differentially expressed genes (DEGs), with 
27 linked to HCC prognosis. Cluster analysis divided these genes into two subtypes, with distinct prognoses. We discovered 
157 DEGs between kinase-related subtypes, 120 of which were prognostically relevant. A kinase-related gene signature 
(KRS) was developed for prognostic prediction. The high-KRS group showed poorer survival in TCGA-LIHC and valida-
tion cohorts, with notable differences in immune cell infiltration and checkpoint gene expression. This group also showed 
varying sensitivity to common drugs and anti-PD-L1 treatment. In contrast, the low-KRS group might respond better to 
anti-PD-1 immunotherapy. Our study introduces a kinase-related gene signature as a novel tool for predicting HCC prognosis. 
This signature aids in tailoring personalized treatment strategies, potentially improving clinical outcomes in HCC patients.
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Introduction

Based on GLOBOCAN data, liver cancer stands as the sev-
enth most prevalent cancer globally, with hepatocellular 
carcinoma (HCC) constituting 90% of cases, and it ranks 
fourth among the leading causes of cancer-related fatalities 
[1–3]. The incidence of new cases amounted to 905,677, rep-
resenting 4.7% of all cancer cases, and liver cancer claimed 
830,180 lives, accounting for 8.3% of global cancer-related 
deaths [2]. Noteworthy strides have been made in the clinical 
treatment of liver cancer in recent decades, encompassing 
modalities such as surgery, radiotherapy, targeted therapy, 
systemic therapy, and liver transplantation [4]. Despite the 
availability of promising treatment modalities, the prognosis 
for HCC remains bleak, primarily due to heightened risks 
of recurrence and metastasis. Advanced HCC, in particular, 
exhibits a 5-year survival rate not exceeding 12% [5]. Fur-
thermore, individuals with HCC sharing comparable clinico-
pathological characteristics and tumor stages may encounter 
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disparate prognoses attributable to individual variabilities 
[6, 7]. Consequently, the identification of potential prognos-
tic factors assumes paramount importance in augmenting the 
overall outlook for patients grappling with HCC.

Kinases, a broad class of enzymes, play a key role in 
the process of phosphorylation, wherein they facilitate the 
transfer of high-energy phosphate groups from donor mol-
ecules, such as ATP, to specific target molecules [8]. These 
enzymes constitute about 2% of the human genome, form-
ing an extensive array known as the human kinome, which 
includes 538 kinases. These kinases are instrumental in cata-
lyzing protein phosphorylation [9]. Distributed across vari-
ous cellular compartments, including the nucleus, mitochon-
dria, microsomes, and cytoplasm [10], protein kinases are 
known to covalently attach to the hydroxyl groups of serine, 
threonine, or tyrosine residues on specific protein substrates. 
This action alters the conformation and activity of proteins 
and enzymes, playing a significant role in modulating bio-
logical processes [11]. Protein kinases are systematically 
classified into groups, families, and subfamilies, reflecting 
the complexity and diversity of their functions [12]. They are 
integral to a variety of cellular processes, including immu-
nity, cell growth and division, and metabolism, highlight-
ing their essential role in cellular signal transduction [13, 
14]. In addition to protein kinases, there exists a class of 
kinases that target small molecules such as lipids, sugars, 
amino acids, and nucleosides. These kinases are crucial for 
initiating signaling cascades and preparing substrates for a 
range of metabolic reactions [15].

Protein kinases are central to the regulation of nearly 
all cellular functions, as evidenced by extensive research 
[13, 16, 17]. Dysregulation in kinase signaling, manifested 
through various abnormalities such as overexpression, aber-
rant localization, point mutations, or disruptions in upstream 
signaling pathways, has been implicated in the development 
of cancer and a range of human disorders [12, 18–20]. The 
intricate and multifaceted roles of kinases in cellular pro-
cesses make them promising targets for therapeutic inter-
ventions in various diseases [21]. To date, the US Food and 
Drug Administration (FDA) has approved a broad spectrum 
of small molecule inhibitors designed to target specific 
kinases [12, 22]. Advancements in the understanding of 
kinase functions are not only pivotal in elucidating cancer 
biology but also instrumental in the rapid identification of 
potential agonists and antagonists for these enzymes. Such 
progress is crucial in fostering the development of targeted 
therapies for a wide array of diseases.

Initial investigations have underscored the pivotal asso-
ciation between the kinome and the initiation and progres-
sion of liver cancer. Earlier studies have concentrated on the 
capacity of kinases to provoke senescence in liver cancer 
cells[23]. Currently, the multi-kinase inhibitors sorafenib 
and lenvatinib have emerged as the first-line treatment drugs 

for liver cancer[24]. While extensive data mining studies 
have been conducted in various cancer types, research spe-
cifically examining the impact of the kinome on the pro-
gression and prognosis of hepatocellular carcinoma (HCC) 
remains limited. To address this gap, our investigation 
involved a comprehensive analysis of kinase transcriptome 
data obtained from publicly accessible databases containing 
liver cancer samples. From this analysis, we developed a 
prognostic multigene signature, consisting of eight kinase-
related genes, aimed at accurately assessing the prognostic 
risk in HCC patients. To further explore the significance of 
this gene signature, we conducted a detailed assessment to 
determine its association with several key aspects. These 
include tumor immune cell infiltration, the tumor immune 
microenvironment, response to immunotherapy, and drug 
sensitivity in HCC.

Material and methods

Data collection

In this study, we accessed transcriptomic data for hepatocel-
lular carcinoma (HCC) samples from The Cancer Genome 
Atlas (TCGA) database (https://​portal.​gdc.​cancer.​gov/). This 
dataset comprised 50 normal and 371 liver cancer samples. 
We also obtained associated clinical information for these 
patients from the UCSC Xena database (https://​xenab​rowser.​
net/​heatm​ap/). After excluding samples without survival 
data, a total of 365 tumor samples were retained for cluster 
analysis. In addition, we utilized data from the International 
Cancer Genome Consortium (ICGC) database (https://​icgc.​
org/), which provided a validation cohort comprising 231 
HCC samples, hereinafter referred to as the ICGC cohort. 
Our analysis incorporated a list of 538 kinase-related genes, 
as identified in prior research [25] and detailed in Supple-
mentary Table 1. To further support our findings, we gath-
ered data from 258 HCC patients at Zhejiang Cancer Hos-
pital to validate the identified hub genes.

Differentiated gene screening and enrichment 
analysis

For the differential expression analysis of kinome-associ-
ated genes, we employed the Limma package in R [26]. 
A stringent criterion was applied, using a false discovery 
rate (FDR) of 0.05 and a log fold change (logFC) threshold 
of 1. To better understand the biological characteristics of 
the differentially expressed genes (DEGs), we conducted 
enrichment analysis via the Metascape online database 
(https://​metas​cape.​org/​gp/​index.​html) [27]. This platform 
was instrumental in identifying protein–protein interaction 
(PPI) networks and MCODE components within our gene 

https://portal.gdc.cancer.gov/
https://xenabrowser.net/heatmap/
https://xenabrowser.net/heatmap/
https://icgc.org/
https://icgc.org/
https://metascape.org/gp/index.html
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lists. Furthermore, we utilized the Sangerbox online analy-
sis tool (http://​vip.​sange​rbox.​com/​home.​html) to investigate 
potential somatic mutations in HCC patients.

Consensus clustering

To identify prognostic kinase-related genes, univariate Cox 
regression analysis (p < 0.05) was executed utilizing the 
"survival" package in R. Subsequently, we applied unsu-
pervised consensus clustering to these genes based on their 
expression profiles, employing the "ConsensusClusterPlus" 
package in R [28]. Kaplan–Meier survival curves were gen-
erated to compare overall survival (OS) across the different 
clusters. Additionally, Principal Component Analysis (PCA) 
was conducted using the "stats" package to validate the clus-
tering results.

Development and validation of a gene signature 
associated with kinase‑related genes

For the creation of a kinase-associated gene signature, DEGs 
among clusters were pinpointed using the "limma" pack-
age in R. The criteria set for this included a threshold of 
|logFC|< 1 and an FDR < 0.05. Prognostic DEGs identified 
through univariable Cox regression analysis (p < 0.05) were 
then subjected to LASSO Cox regression analysis using the 
"glmnet" package. This process culminated in a gene model 
that calculates the Kinase-Related Score (KRS) for each 
HCC sample in the TCGA-LIHC cohort. The KRS formula 
is defined as KRS = Σ(Coef_i × Exp_i), where Coef_i rep-
resents the beta coefficient of gene i, and Exp_i indicates 
its expression level. Patients were divided into high- and 
low-KRS groups based on the median score, and the OS 
and predictive accuracy of the KRS were assessed via 
Kaplan–Meier analysis and time-dependent ROC curves, 
using the "survival" and "timeROC" packages, respectively. 
Furthermore, the KRS was validated with liver cancer sam-
ples from the ICGC cohort. Both univariate and multivariate 
Cox regression analyses were conducted in the TCGA-LIHC 
and validation cohorts to establish the independent prognos-
tic value of the KRS.

Assessment of the immune landscape

To evaluate the abundance of immune infiltrating cells 
in each hepatocellular carcinoma (HCC) patient from the 
TCGA database, we employed single-sample gene set 
enrichment analysis (ssGSEA) and CIBERSORT algorithms 
[29]. The 'estimate' R package was utilized to calculate 
immune and stromal scores for each HCC sample [30]. A 
range of algorithms, including XCELL, TIMER, QUAN-
TISEQ, MCPCOUNTER, EPIC, CIBERSORT-ABS, and 
CIBERSORT, were used to assess the infiltration levels of 

different immune cells in these samples [31]. Additionally, 
microsatellite instability (MSI) scores for each patient were 
obtained using the Sangerbox online tool (version 3.0).

Functional enrichment analysis

Gene Set Enrichment Analysis (GSEA) was conducted to 
explore the biological differences among various groups, 
utilizing gene expression data from the TCGA-LIHC cohort. 
This analysis was performed with the Sangerbox tool (ver-
sion 3.0), referencing the h.all.v7.4.symbols.gmt gene set 
[32]. Pathways with a p-value below 0.05 were deemed sta-
tistically significant. Furthermore, the ClusterProfiler, org.
Hs.eg.db, and ggplot2 packages in R were used for enrich-
ment analysis of Gene Ontology (GO) and Kyoto Encyclo-
pedia of Genes and Genomes (KEGG) databases to elucidate 
key biological characteristics of these genes [33].

Development and verification of nomogram

A nomogram was developed to predict the prognosis of 
HCC patients in the TCGA-LIHC cohort, integrating the 
prognostic gene signature and pertinent clinicopathological 
parameters, using the 'rms' R package. The accuracy of this 
nomogram in predicting actual survival outcomes was evalu-
ated through calibration curves. Its clinical utility was fur-
ther assessed via decision curve analysis (DCA) and receiver 
operating characteristic (ROC) curves, utilizing the “rms”, 
“rmda”, and “timeROC” R packages.

Drug sensitivity prediction

In this research, we examined two patient cohorts under-
going immunotherapy to assess their response in relation 
to the KRS. The first cohort, named IMvigor210, included 
patients with advanced urothelial cancer undergoing treat-
ment with atezolizumab, an anti-PD-L1 antibody. The rel-
evant data for this cohort were accessed from http://​resea​
rch-​pub.​Gene.​com/​imvig​or210​coreb​iolog​ies. The second 
cohort, GSE78220, comprised patients with melanoma 
treated with pembrolizumab, an anti-PD-1 antibody. Data 
for this cohort were sourced from https://​www.​ncbi.​nlm.​
nih.​gov/​geo/​query/​acc.​cgi?​acc=​GSE78​220. Additionally, to 
predict chemotherapy sensitivity in HCC patients, we uti-
lized the 'pRRophetic' R package. This package estimates 
the half-maximum inhibitory concentration (IC50) of vari-
ous chemotherapy drugs based on data from the Genomics 
of Drug Sensitivity in Cancer (GDSC) database [34, 35] 
(https://​www.​cance​rrxge​ne.​org/).

http://vip.sangerbox.com/home.html
http://research-pub.Gene.com/imvigor210corebiologies
http://research-pub.Gene.com/imvigor210corebiologies
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE78220
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE78220
https://www.cancerrxgene.org/
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Tissue specimen collection and qRT‑PCR analysis

Paired cancerous and normal tissues were collected from 
20 HCC patients at Zhejiang Cancer Hospital. RNA was 
isolated from these tissues using the RNA Easy Fast Tis-
sue Kit (Tiangen, China) and converted into cDNA using a 
reverse transcription kit (Monad, China). Quantitative real-
time PCR (qRT-PCR) was performed with ChamQ Univer-
sal SYBR qPCR Master Mix (Vazyme, China) to determine 
gene expression levels. The 2 − ΔΔCt method was applied 
for relative quantification. Primer sequences are provided in 
Supplementary Table 2.

Statistical analysis

For the analysis of categorical data, the chi-square test was 
applied. Continuous variables were evaluated using either 
the Mann–Whitney test or the Kruskal–Wallis test, depend-
ent on the distribution of the data. All statistical tests were 
conducted as two-sided, with a P-value threshold of less than 
0.05 set for indicating statistical significance. These analyses 
were carried out using R software (version 4.1.0).

Results

The expression and variation of kinase‑related 
genes in HCC samples

This study aimed to explore the variation patterns of genes 
related to kinases in patients with HCC using the TCGA-
LIHC cohort (Fig. 1). Out of 538 kinase-related genes, we 
found that 45 were expressed differentially between HCC 
and normal tissues. Specifically, the expression levels of 
42 genes were upregulated in cancerous tissues, while 3 
genes were downregulated, with all DEGs listed in Sup-
plementary Table 3. Figure 2A shows a heatmap of the 
key kinase-related genes, while Fig. 2B displays a volcano 
plot. The results of the enrichment analysis revealed that 
the identified key genes exhibited significant enrichment 
in diverse biological functions associated with protein 
phosphorylation. These functions encompassed a spectrum 
of processes, notably protein phosphorylation, peptidyl-
serine phosphorylation, protein autophosphorylation, 
and peptidyl-tyrosine phosphorylation. Furthermore, the 

Fig. 1   A flow diagram of the research design
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enriched biological processes extended to cancer-related 
pathways, including the mitotic cell cycle, cell popula-
tion proliferation, positive regulation of the cell cycle, 
PI3K-Akt signaling pathway, regulation of TP53 activity, 
and axon guidance (Fig. 2C). The protein–protein interac-
tion network and MCODE components were identified in 
the key gene lists, as depicted in Fig. 2D. Furthermore, 
our study involved a thorough examination of genetic 

alterations in pivotal kinase-related genes among HCC 
patients from the TCGA cohort. This analysis resulted in 
the identification of the most prevalent mutations within 
the top 15 kinase-related genes. Remarkably, the PRKDC 
gene emerged as having the highest mutation frequency, 
recorded at 29.7%. In comparison, the mutation frequen-
cies of the other genes in this group were found to range 
between 2.7 and 6.8%, as illustrated in Fig. 2E.

Fig. 2   The expression and variation of kinase-related genes in HCC 
patients. (A) Heatmap of the differentially expressed (DE) kinase-
related genes between tumor and normal tissues. (B) Volcano plot 
of the DE-kinase-related genes in tumor and normal tissues (green: 

down-regulated DEGs; red: up-regulated DEGs; grey: unchanged 
genes). (C) Enrichment analyses based on the DE-kinase-related 
genes. (D) PPI network based on the DE-kinase-related genes. (E) An 
oncoplot of DE-kinase-related genes in the TCGA-LIHC cohort
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Identification of molecular subtypes based 
on prognostic key kinase‑related genes

In this study, univariate Cox regression analysis was 
employed to pinpoint kinase-related genes with prognostic 
importance for HCC patients within the TCGA dataset. This 
analysis successfully identified 27 genes significantly cor-
related with survival (P < 0.05), as listed in Supplementary 
Table 4. Using these genes, we classified patients from the 
TCGA-LIHC cohort into two distinct clusters. These clusters 
demonstrated robust internal consistency and stability, as 
evidenced in Fig. 3A–C. PCA further highlighted a marked 
differentiation between the clusters (Fig. 3D). Notably, the 
expression levels of the majority of these 27 key prognostic 
kinase-related genes were elevated in cluster 2 relative to 
cluster 1, as shown in Fig. 3E. Survival analysis indicated 
that patients in cluster 2 had a significantly poorer prognosis 
compared to those in cluster 1 (Fig. 3F).

Immune characterization between different 
kinase‑related subtypes

Cluster 1 and Cluster 2 displayed notable differences in vari-
ous immune cell populations (Fig. 3G), encompassing B 
cells naive, B cells memory, T cells CD4 memory resting, 
T cells CD4 memory activated, T cells follicular helper, 
NK cells resting, macrophages M0/M2, and dendritic cells 
resting. Notably, Cluster 2 exhibited higher immune scores 
and lower stromal scores compared to Cluster 1 (Fig. 3H). 
Furthermore, an examination of the expression levels of 
six immune checkpoint genes, namely PDCD1, CD274, 
CTLA4, TIGIT, LAG3, and HAVCR2, revealed elevated 
expression in Cluster 2 relative to Cluster 1 (Fig. 3I).

Biological characteristics of kinase‑related subtypes

To investigate the potential reasons for the different prog-
nosis and immune characteristics observed between the two 
clusters, we examined the hallmark pathways enriched in 
each cluster. Using GSEA analysis, we found that cluster 
1 was enriched in BILE_ACID_METABOLISM, XENO-
BIOTIC_METABOLISM, and FATTY_ACID_METABO-
LISM pathways (Fig. 4A). Additionally, cluster 1 exhibited 
upregulated expression of genes involved in DNA replication 
and cell cycle-related pathways, including E2F targets, G2M 
checkpoint, MYC targets, MTORC1, and PI3K-Akt pathway 
(Fig. 4A). In contrast, cluster 2 showed enrichment in can-
cer-related pathways such as PI3K_AKT_MTOR_SIGNAL-
ING and WNT_BETA_CATENIN_SIGNALING, as well as 
cell cycle-associated G2M_CHECKPOINT and E2F_TAR-
GETS pathways (Fig. 4B). Furthermore, we identified 157 
genes with differential expression levels between the two 
clusters (Supplementary Table 5), which were enriched 

in many biological functions and pathways, including cell 
cycle, Chemical carcinogenesis, p53 signaling pathway, 
Drug metabolism, and kinase activity (Fig. 4C, D).

Establishment and verification of a kinase‑related 
gene signature in HCC

Establishment of kinase‐related gene signature

In the initial phase of our analysis, we discerned 120 DEGs 
out of a total of 157, demonstrating a significant correla-
tion with OS in HCC, as detailed in Supplementary Table 6. 
Subsequently, we employed LASSO Cox regression analysis 
to derive an 8-gene signature comprising UAP1L1, CENPA, 
TRIP13, PLGLA, CDCA8, PKIB, KIF20A, and SLC16A3 
from these prognostic-kinase-related DEGs. Among the 
eight signature genes, seven were significantly upregulated 
in tumor tissues compared to normal tissues in the TCGA 
liver cancer dataset, while PLGAL was downregulated 
(Fig. S1). To validate these findings, we collected 20 pairs 
of clinical HCC and adjacent normal tissue samples and 
performed PCR experiments, which yielded results consist-
ent with the findings from the TCGA liver cancer dataset 
(Fig. S2).

The KRS for each HCC patient was calculated using 
the following formula: KRS = (UAP1L1 × 0.0259) + (CE
NPA × 0.0336) + (TRIP13 × 0.0585) + (PLGLA × −0.0164
) + (CDCA8 × 0.1891) + (PKIB × 0.0027) + (KIF20A × 0.0
419) + (SLC16A3 × 0.0658). Based on this formula, HCC 
patients were stratified into high- and low-KRS groups, with 
the median KRS value of 0.578 serving as the threshold for 
categorization.

Evaluation and validation of kinase‐related gene signature

Figure 5A presents the relationship between KRS and sur-
vival duration for each patient within the TCGA-LIHC 
cohort. PCA successfully distinguished between the high- 
and low-KRS groups, as shown in Fig. 5B. Kaplan–Meier 
survival analysis further revealed that the high-KRS group 
had significantly inferior OS, DFI, and PFI in comparison 
to the low-KRS group (Fig. 5E–G). To assess the prognos-
tic accuracy of KRS, we constructed a ROC curve, which 
yielded AUC values of 0.746, 0.715, and 0.691 for 1-year, 
2-year, and 3-year survival, respectively (Fig. 5I). Addition-
ally, the prognostic efficacy of KRS was corroborated in a 
separate cohort of 231 HCC samples from the ICGC data-
base, utilizing the same prognostic model (Fig. 5C–D, H, 
J). Kaplan–Meier analysis of this ICGC validation cohort 
confirmed that the high-KRS group had a shorter OS com-
pared to the low-KRS group (Fig. 5H). The AUC values for 
KRS in the ICGC cohort were 0.759, 0.734, and 0.747 for 
1-year, 2-year, and 3-year survival, respectively (Fig. 5J). 
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Fig. 3   Clinical and immune characteristics of kinase-related sub-
types. (A) Consensus clustering matrix when k = 2. (B) Consen-
sus clustering CDF with k valued 2–9. (C) Relative change in area 
under the CDF curve for k = 2 through 9. (D) PCA analysis showed 
that HCC could be well differentiated into two subtypes based on 
the expression of prognostic key kinase-related genes. (E) Heatmap 

of the 27 prognostic key kinase-related genes between cluster 1 and 
cluster 2. (F) Kaplan–Meier curves of OS for two subtypes in HCC. 
The expression of immune cell infiltration (G) and immune/stroma 
score (H) between different subtypes. (I) The expression levels of 
immune checkpoint genes between different subtypes. *p < 0.05, 
**p < 0.01, ***p < 0.001
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Collectively, these results highlight the effectiveness of our 
prognostic model, which is based on eight kinase-related 
genes, as a potent predictor of prognosis in HCC patients.

KRS is an independent prognostic predictor for HCC 
patients

The results from univariate Cox regression analysis in the 
TCGA cohort revealed statistically significant correla-
tions between KRS, T-stage, M-stage, and pTNM stag-
ing, and OS, as illustrated in Fig. 6A. Subsequent mul-
tivariate Cox regression analysis identified KRS as an 

independent prognostic factor for OS, exhibiting a HR of 
4.667 (95% CI: 2.461–8.853) with a p-value of less than 
0.001 (Fig. 6B). Similar findings were replicated in the 
ICGC cohort, further substantiating KRS's role as an inde-
pendent prognostic factor (Fig. 6C, D).

Development and validation of the nomogram 
prediction model

In addition to our analyses, we integrated the collected clin-
icopathological characteristics with the kinase-related gene 
signature to construct a prognostic nomogram. This tool 

Fig. 4   Biological characterization of kinase-related subtypes. The 
GSEA pathway enrichment analysis in cluster 1 (A) and cluster 2 (B). 
(C) GO enrichment analyses based on the prognostic DEGs. adjusted 

p < 0.05. BP, biological process; CC, cellular component; MF, molec-
ular function. (D) KEGG enrichment analyses based on the prognos-
tic DEGs. p < 0.05
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is designed for accurately forecasting 1-year, 3-year, and 
5-year OS rates of HCC patients within the TCGA-LIHC 
cohort, as depicted in Fig. 6E. To validate its predictive 
accuracy, calibration curves for these OS intervals were 

compared against the ideal reference line. The close align-
ment observed in these comparisons, illustrated in Fig. 6F, 
underscores the nomogram’s robust predictive performance 
for the TCGA-LIHC cohort. Decision curve analysis (DCA) 

Fig. 5   Evaluation and validation of kinase‐related gene signature. 
Distribution of KRS and survival time, PCA analysis in TCGA-LIHC 
(A, B) and ICGC (C, D) cohorts. Kaplan–Meier curves of OS (E), 

DFI (F) and PFI (G) in TCGA-LIHC cohort. Kaplan–Meier curves 
of OS in ICGC cohort (H). ROC curves of 1-, 2-, and 3-year OS in 
TCGA-LIHC (I) and ICGC cohorts (J)
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further demonstrated the nomogram's superiority over other 
study predictors (Fig. 6G). The AUC values indicating high 
predictive accuracy for 5-year survival (Fig. 6H).

Biological features of low‑ and high‑KRS groups

In our study, we delved into the underlying hallmark path-
ways that might account for the prognostic disparities 
observed between the low- and high-KRS groups in hepato-
cellular carcinoma. The analysis indicated a distinct enrich-
ment of metabolism-related pathways in the low-KRS group, 
a finding that is clearly depicted in Fig. 7A. Conversely, the 
high-KRS group was characterized by a more pronounced 
involvement in cell cycle and cancer-related pathways, as 
detailed in Fig. 7B. This dichotomy in pathway activation 
underscores the potential mechanistic differences driving the 
varied prognoses associated with each KRS group.

KRS to assess tumor immune characteristic

To investigate the relationship between KRS and immune 
cell infiltration in HCC patients, we employed multiple 
analytical approaches to quantify the infiltration of diverse 

immune cells. This included conducting Spearman correla-
tion analysis to elucidate the association between immune 
cell infiltration levels and KRS (Fig. 8A). Our analysis 
revealed a predominantly positive correlation between KRS 
and the infiltration of most immune cell types. This sug-
gests that HCC patients with elevated KRS scores are likely 
to exhibit increased immune cell infiltration. Contrastingly, 
stroma scores demonstrated an inverse correlation with 
KRS. Utilizing the TIMER algorithm, we further delineated 
the disparities in immune cell infiltration between patients 
with high and low KRS scores. Notably, the high KRS group 
manifested significantly greater infiltration of B cells, neu-
trophils, macrophages, CD4+ T cells, and myeloid dendritic 
cells (Fig. 8B). Additionally, this group showed augmented 
expression levels of immune checkpoint genes (Fig. 8C), 
MSI scores (Fig. 8D), and MHC gene expression (Fig. 8E).

KRS to predict immunotherapy and chemotherapy 
responses

The analysis of the IMvigor210 cohort showed that patients 
with a higher KRS tended to respond better to anti-PD-
L1 immunotherapy (Fig. 9A). On the other hand, in the 
GSE78220 cohort with anti-PD-1 immunotherapy, the low 
KRS group exhibited a significant clinical response com-
pared to the high KRS group (Fig. 9B). We also evaluated 
the ability of the KRS to predict drug sensitivity for conven-
tional chemotherapy drugs. Our findings revealed that the 

Fig. 6   Predictive nomogram. Univariate and multivariate analysis 
of the clinicopathologic features and the KRS in TCGA-LIHC (A, 
B) and ICGC (C, D) cohorts. (E) Nomogram to predict the survival 
of the HCC patients. (F) Calibration curve for 1-, 3-, and 5-year OS. 
DCA (G) and ROC (H) curve of the clinicopathologic features and 
KRS

◂

Fig. 7   Biological features of low- and high-KRS groups. The GSEA pathway enrichment analysis in low- (A) and high- (B) KRS groups
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high KRS group had significantly lower IC50 values for all 
the tested drugs (Fig. 9C).

Kinase hub gene verification

To investigate the impact of genes associated with kinases 
on tumors, we performed tissue validation on the core 
genes within the aforementioned model. Firstly, sub-
sequent to thorough analysis, we identified five genes 
(CDK4, PLK1, AURKA, AURKB, BUBIB) that hold 
significant prominence among the kinase-related genes 
(Fig. S3). We commenced by validating the differential 

expression of these five genes in tumors in comparison to 
the adjacent normal tissues. Our analysis revealed expres-
sion disparities in PLK1, AURKA, and AURKB, as illus-
trated in Fig. 10A. Moreover, we scrutinized the connec-
tion between these five genes and clinical phenotypes. 
Our analysis divulged that liver cirrhosis bears associa-
tions with AURKB, CDK4, and PLK1. Notably, AURKB 
experiences downregulation while CDK4 undergoes 
upregulation in instances of liver cirrhosis, as depicted 
in Fig. 10B. Additionally, regarding tumor necrosis, we 
observed elevated expressions of AURKB and PLK1 in 
the necrotic group, as opposed to the non-necrotic group, 
as illustrated in Fig. 10C. Finally, to gauge the potential 

Fig. 8   KRS to assess tumor immune characteristic in HCC patients. 
The association between KRS and the multiple immune cell infiltra-
tion levels in TCGA-LIHC cohort (A). Boxplot for immune cell infil-
tration level (B) and immune checkpoint genes (C) between the high- 

and low-KRS groups. Violin and scatter plot for MSI scores between 
the high- and low- KRS groups (D). (E) Split violin plot for MHC 
genes between the high- and low-KRS groups
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impact on liver cancer prognosis, we conducted survival 
analysis on the five genes. Intriguingly, excluding PLK1, 
the remaining four genes demonstrated prognostic sig-
nificance for liver cancer, as depicted in Fig. 10D. Based 
on the clinical phenotypes of each patient and the differ-
ential expression of different core genes, we performed 
univariate and multivariate COX regression to identify 
independent prognostic factors for liver cancer. Our 
analysis revealed that in addition to the four core genes, 
age, HCV infection prognosis, and bile duct invasion 
were independent risk factors affecting the prognosis of 
liver cancer patients (Supplementary Table 7). Therefore, 
based on our analysis of these independent factors, we 
constructed a nomogram graph for clinical convenience 
(Fig. 10E).

Discussion

HCC is a major global health concern due to its high inci-
dence and mortality rates. Despite advancements in diagno-
sis and treatment, advanced and metastatic HCC still carries 
a poor prognosis, highlighting the urgent need for reli-
able prognostic biomarkers. Recent studies have identified 
molecular markers, including cancer-associated fibroblasts 
[36, 37], macrophages [38], ceRNA [39, 40], m6A-related 
genes [41], and hypoxia-related gene [42], that hold potential 
in predicting cancer prognosis and aiding in the selection 
of appropriate treatment strategies. These biomarkers rep-
resent promising avenues for improving clinical outcomes 
and deepening our understanding of HCC development and 
progression.

This study was designed to explore the expression pat-
terns and prognostic significance of 538 kinase group genes 
in HCC tumor tissues. Through rigorous analysis, we iden-
tified 27 critical kinase-related genes and constructed two 

Fig. 9   The role of the KRS in predicting treatment response. (A) 
Boxplot for the KRS between anti-PD-L1 immunotherapy response 
and non-response groups in the IMvigor210 cohort (blue, response; 
red, non-response). (B) Boxplot for the KRS between anti-PD-1 

immunotherapy response and non-response groups in the GSE78220 
(blue, response; red, non-response). (C) Boxplot for the the half 
maximal inhibitory concentration (IC50) values of the chemotherapy 
responses between low and high KRS patients
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distinct kinase-related subtypes within the TCGA-LIHC 
cohort. These subtypes demonstrated unique prognostic 
and immunological characteristics. Furthermore, our inves-
tigation revealed 120 DEGs associated with HCC prognosis 
across the subtypes. Employing univariate Cox and LASSO 
regression analyses, we developed a novel prognostic gene 
signature comprising eight kinase-related genes. The KRS 
derived from this signature exhibited high predictive accu-
racy for HCC patient prognosis and was established as 
an independent prognostic factor in both univariate and 

multivariate Cox regression analyses. Additionally, a sig-
nificant correlation was observed between KRS and various 
forms of immune cell infiltration. Notably, KRS proved to 
be a reliable indicator for predicting responses to immuno-
therapy and chemotherapy in HCC patients. Collectively, 
these findings illuminate the potential clinical utility of KRS 
in the personalized management of liver cancer.

UAP1L1 has been reported to regulate the function of 
O-GlcNAc transferase, a critical factor in human hepato-
cellular carcinoma cell proliferation, and is associated with 

Fig. 10   Core gene expression validation. (A) Differential expression 
of five core genes in liver cancer. (B) Association between core genes 
and liver cirrhosis. (C) Core genes associated with tumor necrosis. 

(D) Core genes impacting prognosis of liver cancer. (E) nomogram 
for the Core gene model



Clinical and Experimental Medicine          (2025) 25:170 	 Page 15 of 17    170 

breast cancer prognosis [43, 44]. Overexpression of CENPA, 
a fundamental protein unit of centromeres, is associated with 
various cancer progression types [45, 46]. TRIP13 (thyroid 
receptor-interacting protein 13), an AAA-ATPase family 
protein, is upregulated in various human cancers and pro-
motes tumorigenesis, including hepatocellular carcinoma 
[47, 48]. PLGLA (plasminogen-like A) is a pseudogene 
of the plasminogen-encoding gene, which is preferentially 
expressed in the liver and has anti-tumor effects on hepato-
cellular carcinoma [49]. CDCA8 (human cell division cycle-
associated 8), a key mitosis regulator, has been suggested 
as a potential prognostic biomarker and target for various 
cancers, such as breast, colon and hepatocellular carcinoma 
[50–53]. PKIB (protein kinase inhibitor-β) can interact with 
PKC and inhibit its activity, regulating various biological 
processes in cells, such as proliferation, differentiation, and 
apoptosis. Reports suggest that PKIB promotes the prolif-
eration and metastasis of lung cancer, supports malignant 
transformation of breast cancer, promotes the infiltration of 
colorectal carcinoma, and is involved in the metastasis and 
survival of osteosarcoma [54–57]. KIF20A (Kinesin family 
member 20A), a member of the kinesin family, plays a criti-
cal role in cell division [58]. KIF20A is highly expressed in 
nearly all cancers and promotes cell proliferation, migration, 
and invasion, including hepatocellular carcinoma [58, 59].

Previous research has consistently demonstrated a 
significant link between kinases and tumor immune 
responses, highlighting the role of NF-kappaB-inducing 
kinase (NIK) as a pivotal upstream regulator of immunity 
[60]. In our study, hepatocellular carcinoma (HCC) sam-
ples were categorized into low- and high-Kinase-Related 
Score (KRS) groups, based on a kinase-focused gene sig-
nature we developed. This stratification allowed for an 
in-depth analysis of the differences in tumor-infiltrating 
immune cells and immunotherapeutic responses between 
these groups. Notably, the high-KRS group exhibited 
elevated levels of various anti-tumor immune compo-
nents, including CD4+ T cells, macrophages, and B cells. 
Additionally, this group showed increased expression of 
immune checkpoint genes, MSI scores, and MHC genes. 
Crucially, we observed that the high KRS group was more 
responsive to anti-PD-L1 therapy, whereas the low KRS 
group showed better response to anti-PD-1 treatment. 
These findings suggest that KRS could serve as a valuable 
biomarker for tailoring therapeutic strategies and enhanc-
ing prognostic outcomes in liver cancer patients.

This study has several limitations that should be acknowl-
edged. Firstly, the prognostic model was developed using 
retrospective analysis of publicly available datasets, and 
prospective real-world data is necessary to further validate 
its clinical applicability. Secondly, the predictive value of 
KRS in determining immunotherapy response needs to be 
validated in a larger sample size of HCC patients receiving 

immunotherapy. Moreover, further investigations are 
required to understand the underlying mechanisms associ-
ated with the identified kinases in HCC.

Conclusions

In summary, our study utilized 8 kinase-related genes 
(UAP1L1, CENPA, TRIP13, PLGLA, CDCA8, PKIB, 
KIF20A) to establish and validate a prognostic gene signa-
ture model called KRS, which demonstrated independent 
predictive power for HCC prognosis. This novel integrated 
model incorporating multiple genes offers a reliable tool for 
predicting both prognosis and therapeutic response in HCC, 
and provides new insights into HCC management.
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