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Dual tissue mRNA and serum protein
signatures improve risk stratification in
hepatocellular carcinoma
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Ding-Fan Guo1,3, Lin-Wei Fan2,3, Qi Wen1, Jin-Ke Wang1, Yun-Hui Liang1, Qi Feng1, Ting Wang1 &
Kun-He Zhang1

Hepatocellular carcinoma (HCC) is highly heterogeneous, making prognosis and treatment prediction
challenging. Using multi-omics data from multiple HCC cohorts, we identified five biomarkers
(AKR1B10, ANXA2, COL15A1, SPARCL1, and SPINK1) and developed dual serum and tissue
signatures by machine learning. The tissue mRNA signature could stratify prognostic risk and reflect
alterations in the tumor’s genome, metabolism, and immune microenvironment. High-risk HCC
responded poorly to sorafenib and transarterial chemoembolization (TACE) but sensitively to agent
ABT-263 in silico, in vitro, and in vivo experiments. The serum protein signature outperformed the
clinical tumor staging systems in predicting 24-month disease-free survival, with median time-
dependent areas under the receiver operating characteristic curve (AUC(t)) of 0.79 and 0.75 in two
postoperative cohorts, and the AUC was 0.90 for predicting treatment benefit in a TACE-treated
cohort. Interpretability analysis revealed consistent biomarker contributions in both signatures.
Conclusively, thedual signatures showpromise forHCC risk stratification, pendingexternal validation.

Liver cancer is the sixthmost prevalent tumor and the fourth primary cause
of cancer-related deaths, with hepatocellular carcinoma (HCC) constituting
roughly 85–90% of cases1. Traditional HCC clinical staging, aimed at
improving overall prognosis through stratified management, involves
radical hepatectomy for early-stage cases, transarterial chemoembolization
(TACE) for intermediate-stage cases, and systemic therapy for advanced-
stage cases1,2.However, due toHCCheterogeneity, patients at the same stage
exhibit varied responses to standardized treatments, highlighting the lim-
itations of traditional clinical staging in treatment guidance3,4.

Multi-omics sequencing techniques provide an opportunity to estab-
lish amolecular-drivenHCC stratificationmethod5–8. The standard process
involves analyzing tissue samples to identify disease-driving andprognostic-
associated biomarkers, followed by constructing a predictive model for
prognosis assessment and treatment stratification. The Cancer Genome
Atlas (TCGA) identified HCC molecular subtypes with prognostic differ-
ences through the integrationofmulti-dimensional genomicdata5. The fatty
acidmetabolism-related classification developed by Li et al. was valuable for
guiding individualized treatment8. However, these approaches rely on
tissue-based sequencing, and their invasive nature impedes clinical
translation.

Blood biomarkers offer the advantage of non-invasive sample collec-
tionandare thus ideal fordisease evaluation9,10.Many studies have evaluated
theprognostic valueof traditional and emergingbloodbiomarkers forHCC.
Classical biomarkers, such as alpha-fetoprotein (AFP), reflect tumor
aggressiveness, with elevatedAFP levels linked to higher recurrence risk and
poorer survival11. Protein induced by vitamin K absence or antagonist-II
(PIVKA-II) levels are correlated with radiological responses and patient
outcomes, highlighting its potential for predicting treatment efficacy12,13.
AFP and PIVKA-II have been incorporated into several prognostic models
for recurrence risk stratification following liver transplantation, surgical
resection, or local therapy, thereby supporting the design of long-term
follow-up strategies14–16. Nonetheless, their predictive value varies across
populations, and their value is limited when biomarker levels are low.
Emerging blood biomarkers, including quantitative levels and mutation or
methylation profiles of circulating tumor DNA (ctDNA) or cell-free DNA
(cfDNA), aswell as circulating non-codingRNAs, are gaining application in
recurrence surveillance and treatment-response prediction17–20. Dynamic
changes in these biomarkers during the postoperative period or systemic
therapy can indicate minimal residual disease and signal an elevated risk of
early recurrence.Moreover, specificDNAmethylation signatures have been

1Department of Gastroenterology, Jiangxi Provincial Key Laboratory of Digestive Diseases, Jiangxi Clinical Research Center for Gastroenterology, Digestive Disease
Hospital, The First AffiliatedHospital, JiangxiMedical College, NanchangUniversity, Nanchang, Jiangxi, China. 2First Clinical
Medical College, The First Affiliated Hospital, Jiangxi Medical College, Nanchang University, Nanchang, Jiangxi, China.
3These authors contributed equally: Ding-Fan Guo, Lin-Wei Fan. e-mail: tingwang@ncu.edu.cn; khzhang@ncu.edu.cn

npj Precision Oncology |           (2025) 9:354 1

12
34

56
78

90
():
,;

12
34

56
78

90
():
,;

http://crossmark.crossref.org/dialog/?doi=10.1038/s41698-025-01142-x&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41698-025-01142-x&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41698-025-01142-x&domain=pdf
mailto:tingwang@ncu.edu.cn
mailto:khzhang@ncu.edu.cn
www.nature.com/npjprecisiononcology


associated with therapeutic responses to transarterial chemoembolization
(TACE), targeted agents, and immunotherapy. Despite these advances, the
clinical use of biomarkers for risk stratification remains hindered by limited
reproducibility across cohorts, insufficient standardization of detection
methods and diagnostic thresholds, and constraints related to high cost and
accessibility21. Therefore, ongoing research is focusingheavily ondeveloping
and validating novel blood biomarkers to enhance precision stratification,
recurrence monitoring, and efficacy prediction in HCC.

Proteins are the main type of blood biomarker, directly reflecting
pathophysiological processes and benefiting from advanced detection
technologies,whichhold greaterpromise for clinical translation10. Xing et al.
employed a “discovery-verification-validation” strategy to identify a com-
bination of serum protein biomarkers for early HCC diagnosis22. However,
identifying biomarkers solely from blood samples is limited by the difficulty
of tracing their tissue origins23,24. Inflammatory interference can influence
blood proteins originating from multiple tissues, making the identification
ofHCC-specific biomarkers challenging. By integrating bioinformatics data
on secreted proteins and analyzing the conversion from organ-specific
transcriptomes to circulating secreted proteomes, tissue-specific blood
protein prediction models can be established25. The TexSEC method
achieves this by transforming liver transcriptomes into secreted proteome
prediction models, thereby enabling HCC risk stratification in cirrhosis
patients25.

In prior studies26,27, we employed aptamers to identify a set of protein
biomarkers elevated in the serumofHCCpatients. Based on thisfinding, we
analyzed the multi-omics expression profiles of these biomarkers and their
correlation with patient prognosis in the present study. Using data from
independent clinical cohorts, we developed and validated a tissue mRNA
signature and explored the associated genomic variations, epigenetic reg-
ulation, metabolic reprogramming, and tumor immunemicroenvironment
in signature-stratified groups. Further, we constructed a corresponding
serum protein signature using machine learning and validated it in clinical
settings, including curative resection and TACE. Results demonstrate that
dual signatures hold potential clinical utility and may offer a novel tool for
HCC clinical management.

Results
Candidate biomarkers identified through integratedmulti-omics
analysis
We identified biomarkers and systematically evaluated their expression
consistency across multi-omics levels (Fig. 1A). Analyzing transcriptomic
data from the TCGA-LIHC and ICGC (LIRI-JP) cohorts of HCC, we
identified 3041 and 3004 differentially expressed genes that were upregu-
lated in HCC tissues compared to adjacent normal tissues (ANT), respec-
tively (Fig. 1B). By intersecting these findings with our previous aptamer-
based serum proteomics dataset of HCC patients, eight preliminary bio-
markers were identified: AKR1B10, ANXA2, COL15A1, SPARCL1,
SPINK1, LYZ, MMP9, and PIP (Fig. 1C). Furthermore, we integrated 24
human multi-omics datasets to further validate the expression levels of the
biomarkers (Supplementary Fig. 1A). The results showed that, compared
with control samples, COL15A1, SPINK1, AKR1B10, ANXA2, LYZ, and
SPARCL1 were upregulated in HCC tissue or serum in at least 80% of the
cohorts and demonstrated diagnostic utility (Fig. 1D, Supplementary Table
1). Single-cell sequencing analysis demonstrated that AKR1B10, ANXA2,
COL15A1, SPARCL1, and SPINK1 were upregulated across different cell
types of HCC tissue (Fig. 1E). In particular, AKR1B10 exhibited a multi-
cellular origin in the HCC tumor microenvironment. It was overexpressed
in hepatocytes,fibroblasts, endothelial cells, andT/NKcells, which indicates
that AKR1B10 as a serum biomarker may involve a multicellular secretory
mechanism (Supplementary Fig. 1B). Animalmodel datasets demonstrated
that in NASH-related (Fig. 1F), adenovirus-induced (Supplementary Fig.
1C), and HBV-related (Supplementary Fig. 1D) HCC mouse models, the
expression levels ofAKR1B10,ANXA2,COL15A1, SPARCL1, and SPINK1
increased with HCC development.

Next,we evaluated theprognostic value of the abovebiomarkers.Using
the optimal cutoff value for transcriptomic expression, we divided samples
from the TCGA-LIHC cohort into high and low-expression groups. Uni-
variateCox regressionanalysis revealed thatAKR1B10,ANXA2,COL15A1,
SPARCL1, and SPINK1 had statistically significant survival prediction
efficacy (Fig. 2A). Moreover, after adjusting for age, sex, and Tumor Node
Metastasis (TNM) stage, multivariate Cox analysis confirmed that high
expression of AKR1B10, ANXA2, and SPINK1 was independently asso-
ciated with a shorter overall survival (OS), whereas high expression of
COL15A1 and SPARCL1 exhibited a protective prognostic effect (Fig. 2A).
To verify the stability of the prognostic value, we performed log-rank sur-
vival analysis in the independent CLCA and CHCC-HBV cohorts, and the
results indicated that these five biomarkers consistently maintained good
prognostic value (Supplementary Fig. 2).

Based on the above analyses, we compiled a comparative analysis table
of the eight candidate biomarkers and evaluated them using a decision
matrix (Supplementary Tables 1 and 2). ANXA2, AKR1B10, SPINK1,
COL15A1, and SPARCL1 exhibited significant prognostic value in tissue
samples, consistent expression direction across cohorts (≥80%), and avail-
ability of commercial enzyme-linked immunosorbent assay (ELISA) kits,
and were therefore selected for further investigation.MMP9was eliminated
due to low cross-cohort consistency in expression, LYZ due to a non-
significant prognostic value, and PIP due to inadequate expression stability.

Considering the secretory characteristics of these candidate bio-
markers, we verified the correlation between their serum and tissue
expression levels. In 35 paired serum and tissue samples fromHCCpatients
that were collected at the First Affiliated Hospital of Nanchang University
(FAHNU), the results of immunohistochemistry (IHC) and ELISA indi-
cated that serum levels of the five biomarkers were significantly positively
correlated with tissue protein expression (R > 0.8, p < 0.001; Fig. 2B, C).
Further analysis revealed a significant positive correlation between bio-
marker protein levels in the supernatants of six HCC cell lines and the
correspondingmRNAexpression levels (R > 0.85,p < 0.001; Supplementary
Fig. 3A, B).

Additionally, we selected ANXA2 and AKR1B10, which are closely
associated with a poor prognosis inHCC, andmanipulated their expression
using gene knockdown and overexpression (Supplementary Fig. 3C, D).
Knockdown of either gene significantly suppressed the proliferation and
invasion potential of Huh-7 and MHCC97H cells, whereas overexpression
exerted theopposite effects (SupplementaryFig. 3E–H).Thesefindingswere
consistent with the results of the survival analysis.

In summary, the selection of five biomarkers was based on: (1) con-
sistent prognostic significance (HR > 1.5 or <0.67, p < 0.05) across ≥3
cohorts, (2) technical feasibility for ELISA detection, and (3) expression
correlation between tissue and serum (r > 0.8).

Development and multi-cohort validation of tissue mRNA
signature
To prevent data leakage that could affect model construction, we excluded
the CHCC-HBV and CLCA cohorts and used seven other independent
cohorts to build a validation set (n = 839; Fig. 3A, B). Based onfive candidate
biomarkers (AKR1B10, ANXA2, COL15A1, SPARCL1, and SPINK1), a
tissue mRNA signature for HCC was built using LASSO-Cox regression
(Fig. 3C–E). Patientswere stratified intohigh- and low-risk groups using the
optimal cutoff value of the signature-derived risk score as the threshold
(Supplementary Fig. 5A). Survival analysis of the training set showed that
the high-risk group had significantly worse overall survival (HR 1.99, 95%
CI1.36–2.91) anddisease-free survival (DFS;HR1.61, 95%CI1.12–2.32), as
shown in Fig. 3F. Validation set confirmed the robust predictive perfor-
mance of this signature for OS andDFS (Fig. 3G). The signature’s risk score
was significantly and positively correlated with pathological grading but not
correlated with TNM staging (Supplementary Fig. 4B). Moreover, the sig-
nature retained its prognostic significance across various subgroups,
including age (≥60 years and <60 years), gender (male and female),
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pathological grading (G3–4 and G1–2), and clinical staging (III–IV and
I–II) (Fig. 3H).

In using the signature to predict the response to non-surgical treat-
ments, we integrated data from the GSE109211 (n = 67), GSE14520
(n = 104), andGSE104580 (n = 147) cohorts for analysis. Subgroup analysis

based on the risk score showed that the treatment failure rate for sorafenib
and TACE increased with higher risk scores, and non-responders exhibited
significantly higher risk scores than responders (p < 0.001) (Supplementary
Fig 4C, D). The high-risk group had a significantly higher treatment failure
rate than the low-risk group (Fig. 3I).Moreover, the signature demonstrated

Fig. 1 | Multi-omics identification and analysis for candidate biomarkers.
A Biomarker screening flowchart.BVolcano plots depicting differentially expressed
genes between HCC and ANT tissues in the TCGA-LIHC (left) and ICGC-LIRI-JP
(right) datasets. Red dots indicate genes with statistically significant upregulation
(FC ≥ 2, FDR < 0.05); gray dots indicate genes without statistically significant dif-
ferential expression (FDR ≥ 0.05). C Venn diagram showing the intersection of
upregulated biomarkers in the three datasets.D Bar charts indicating the diagnostic
performance (AUC) of biomarkers (left); Pie charts illustrating the expression status
of candidate biomarkers in the datasets (right): red indicates upregulation, blue
indicates downregulation, and gray indicates no significant difference. The
expression levels of biomarkers in HCC and control tissue were compared using the

Wilcoxon rank sum test with Benjamini–Hochberg multiple correction analysis to
determine statistical significance. E Expression of candidate biomarkers at the
single-cell level. UMAP plot showing cell type identification for 47670 high-quality
single cells (upper left); Inset comparing expression levels of candidate biomarkers
between ANT and HCC tissues (lower right). F Heatmap of NASH-related HCC
progression in a mouse HCC model. ICGC International Cancer Genome Con-
sortium, TCGAThe Cancer GenomeAtlas, ANT adjacent normal tissues, AUC area
under the receiver operating characteristic curve, FC fold change, FDR false dis-
covery rate, FAHNU the First Affiliated Hospital of Nanchang University, HCC
hepatocellular carcinoma, NASH non-alcoholic steatohepatitis, UMAP uniform
manifold approximation and projection.
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significant predictive efficacy for sorafenib response (AUC= 0.850) and
TACE response (AUC = 0.679) (Supplementary Fig. 4C, D).

Integrated multi-omics characterization in tissue mRNA sig-
nature risk stratification
Using the TCGA-LIHC genomic data, we further investigated the differ-
ences in genomic, epigenetic, metabolic, and tumor microenvironmental

features between the high- and low-risk groups of the tissue mRNA sig-
nature. The high-risk group exhibited significantly higher mutation fre-
quencies of TP53 (39% vs. 18%) and KEAP1 (7% vs. 2%) compared to the
low-risk group (Fig. 4A, B). Although the intergroup difference in tumor
mutation burden (TMB)was not statistically significant (p = 0.06), the high-
risk group had a highermeanTMB (Supplementary Fig. 5A). Copy number
variation (CNV) analysis indicated that the high-risk group displayed

Fig. 2 | Prognostic value and expression correlations for the candidate bio-
markers in HCC. A Univariate and multivariate Cox regression analysis based on
biomarker gene expression levels in the TCGA-LIHC dataset. Sex, age, and TNM
stage were the adjustment variables in the multivariate Cox regression. B Pearson
correlation analysis between biomarker protein expression levels in HCC tissue

samples and corresponding serum biomarker levels. C IHC images showing bio-
marker protein expression in HCC tissue samples. Scale bars: upper image, 100 μm;
lower image, 50 μm. HCC hepatocellular carcinoma, IHC immunohistochemistry,
TCGA The Cancer Genome Atlas, TNM tumor node metastasis.
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amplification patterns in the chromosomal regions 1q22, 2q35, 8q22, and
8q24 (SupplementaryFig. 5B).GSVAenrichment analysiswith theMSigDB
C1 gene sets revealed significant activation of these CNV regions at the
transcriptome level in high-risk patients (Supplementary Fig. 5C).

Based on methods reported in previous studies, an analysis was con-
ducted of the disparities in genomic alteration patterns associated with
oncogenic signaling pathways between the high- and low-risk groups28,29.
Compared to the low-risk group, the high-risk group had significantly

higher amplification frequencies in the Hippo (p < 0.05) and RTK-RAS
(p < 0.01) pathways, as well as a higher TP53 pathway mutation rate
(p < 0.001, Fig. 4C). In contrast, the low-risk group exhibited a significantly
higher PI3K pathway mutation rate (p < 0.05, Fig. 4C). No significantly
different pathways for copy number deletion were identified between the
two groups.

Epigenetic regulation analysis revealed that COL15A1 methylation
levels were positively correlated with mRNA expression (Fig. 4D). In

Fig. 3 | Construction and validation of a multi-cohort-based tissue mRNA sig-
nature. A Flowchart of tissue mRNA signature development. B Bar chart showing
patient distribution across technical platforms. C Cross-validation for tuning
parameter selection in the LASSO-Cox regression model. The x-axis shows log(λ);
the y-axis shows partial likelihood deviance. The optimal λ was selected by mini-
mizing the deviance through 10-fold cross-validation. D LASSO coefficient
shrinkage path plot. The lower x-axis indicates λ values; the upper x-axis indicates
the number of retained variables. E Bar plot displaying weight coefficients of

biomarkers in the tissue mRNA signature. F and G Kaplan–Meier curves showing
statistically significant differences in survival probability between the high-risk
(yellow) and low-risk (blue) groups in the training set (F, n = 360) and validation set
(G, n = 839). H Forest plot of univariate Cox regression analyses for specific sub-
groups. I Proportions of responders and non-responders to sorafenib (left) and
TACE (right) treatments in high- and low-risk HCC patient groups. HCC hepato-
cellular carcinoma, LASSO least absolute shrinkage and selection operator, yrs years,
TACE transarterial chemoembolization.
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contrast, ANXA2, AKR1B10, SPINK1, and SPARCL1 exhibited negative
correlations (Fig. 4D). Risk stratification analysis showed that ANXA2
methylation levelswere significantly higher in the low-risk group than in the
high-risk group (Fig. 4E).

Hallmark gene set enrichment analysis showed that the high-risk group
had a significantly activated inflammatory response pathway (NES = 1.64,
FDR< 0.001),while the low-risk grouphadmore activebile acidmetabolism-
related pathways (NES =−2.54, FDR< 0.001) (Fig. 5A). KEGGmetabolism-
related pathway analyses across multiple HCC cohorts revealed that the risk
score was positively correlated with glycan and nucleotide metabolism and
negatively correlated with amino acid metabolism (Fig. 5C).

In the tumormicroenvironment analysis, assessment using the Tumor
Immune Dysfunction and Exclusion (TIDE) algorithm revealed a sig-
nificant positive correlationbetweenTcell exclusion levels and the risk score
(r = 0.27, p < 0.001, Fig. 5D). The infiltration scores of cancer-associated
fibroblasts (CAFs) and myeloid-derived suppressor cells (MDSCs), which
possess immunosuppressive functions,were significantlyhigher in thehigh-
risk group than in the control group (Fig. 5D, E). Analysis via the Scissor
algorithm, which integrates single-cell sequencing data, demonstrated that
after secondary clustering of the myeloid cell subset, the proportion of
MDSCs in Scissor+ cells of the high-risk phenotype was higher than that in
negative control cells (Supplementary Fig. 6). Immunophenoscore (IPS)

confirmed that the enrichment scores of MDSCs and regulatory T cells
(Tregs) were significantly elevated in the high-risk subgroup compared to
the control group, along with increased expression levels of the immune
checkpoints PD-1 and CTLA-4 (Supplementary Fig. 7A, B). Furthermore,
immune infiltration assessment using cytolytic activity score (CYT),
TIMER, MCPcounter, and IPS showed no significant difference in the
infiltration levels of CD8+ T cells between the two groups (Supplementary
Fig. 7C, D), indicating that the immune feature differences in risk stratifi-
cationmainly lie in the immunosuppressivemicroenvironment rather than
the effector immune response. Preliminary validation based on the HCC
immunotherapy GSE202069 cohort (n = 17) indicated that the high-risk
subgroup exhibited a higher immunotherapy response rate, with a higher
median risk score in the responder group than in the non-responder group
(Supplementary Fig. 7E). These findings suggest that although the high-risk
group exhibits immunosuppressive microenvironment characteristics, its
higherTMBandpreserved effector immune cellsmayoffer immunotherapy
opportunities for patients in the high-risk group.

In silico prediction and experimental validation of risk-stratified
HCC therapeutics
Numerous studies have shown that drug repositioning based on molecular
characteristics has a reliable biological basis30–32. To explore the potential

Fig. 4 | Genomic analysis between high- and low-risk groups. A Comparison of
mutational landscapes between high- and low-risk groups. B Distribution of TP53
mutations and KEAP1 mutations in high- and low-risk groups. C Genomic
alterations in ten oncogenic pathways between high- and low-risk groups. Color
coding indicates alteration type (green: Mut; red: Amp; blue: Del); color intensity

represents alteration frequency. D Scatter plot of methylation-gene expression
correlation. E Methylation level comparison between high- and low-risk groups.
***p < 0.001; **p < 0.01; *p < 0.05; NS: p ≥ 0.05. Amp amplification, Mut mutation,
Del deletion.
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sensitivity of high-riskHCCpatients to existing drugs, we conducted a two-
stage drug screening using bioinformatics approaches (Fig. 6A). In the first
stage, we used the transcriptional profiles of HCC cell lines from the
LIMORE to perform risk stratification through the mRNA signature
(Supplementary Fig. 8A). By integrating drug responses, we identified that
ABT-263,Afatinib, and Ibrutinib exhibited efficacy differences between risk
groups (Fig. 6B). In the second stage, we combined the CTRP, GDSC, and
PRISM pharmacogenomic datasets and applied ridge regression to predict
drug sensitivity in the TCGA-LIHC cohort. Correlation analysis revealed
that the AUC values of Afatinib and ABT-263 were negatively correlated
with the risk scores (Fig. 6C). The integrated analysis demonstrated that
these two drugs have selective effects on high-risk HCC patients (Fig. 6D,
Supplementary Fig. 9A, B). Additionally, the target genes of ABT-263
(BCL2L1/BCL2L2) exhibited significantly elevated expression in the high-
risk patients (p < 0.001, Fig. 6E, Supplementary Fig. 9C), while Afatinib’s
target genes showed no significant expression differences between groups
(Supplementary Fig. 9D).

Based on the above findings, we selected ABT-263 for experimental
validation. Using HCC cell line transcriptomic data from the CCLE, we
applied the mRNA signature to conduct risk stratification of HCC cell lines

and integrated stratification information from the LIMORE for verification
(SupplementaryFig. 8A,B).Ultimately,we selected 10 cell lineswithdistinct
risk stratification for further study. As shown by colony formation assays,
high-risk cells demonstrated significantly reduced colony formation capa-
city compared to low-risk cells following ABT-263 treatment (Fig. 6F,
Supplementary Fig. 10A). CCK-8 assays confirmed that the IC50 of ABT-
263 was lower in high-risk cells compared to low-risk cells (Fig. 6G). Flow
cytometry analysis revealed that after 24 h of treatment with 2.5 μMABT-
263, high-riskHCCcells showed significantlyhigher rates of early apoptosis,
late apoptosis, and total apoptosis compared to low-risk cells (Fig. 6H,
Supplementary Fig. 10B).

In vivo experiments utilized subcutaneous xenograft models of Huh-7
(low-risk) and MHCC97H (high-risk) cell lines in nude mice. Figure 5I
indicates that the ABT-263 treatment significantly inhibited tumor growth
in the MHCC97H model, with tumor volumes significantly smaller in the
treatment group than those in the control group. Conversely, no statistically
significant difference in tumor volumewas observed between the treatment
and control groups in the Huh-7 model. After 20 days of treatment, mice
were anesthetized and euthanized, and the tumors were harvested for fur-
ther analysis. Figure 5J and K indicate that tumor weights were significantly

Fig. 5 | Pathway and tumor immune microenvironment analyses between high-
and low-risk groups. A GSEA enrichment plot displays pathways significantly
downregulated or upregulated in the high-risk group. The statistical results were
corrected using the Benjamini–Hochberg method. B Bar plot shows upregulated
(yellow) and downregulated (blue) Hallmark gene sets in the high-risk group.CDot
plot illustrating correlations between risk scores and metabolic pathway activity
levels across cohorts. Yellow denotes positive correlation; blue denotes negative

correlation. The statistical results were corrected using the Benjamini–Hochberg
method. D Assessment of the tumor immune microenvironment using the TIDE
algorithm, illustrated by scatter plots demonstrating correlations of risk scores with
T-cell exclusion and MDSC infiltration. E Box plot compares immune features
between risk groups. ***p < 0.001; **p < 0.01; *p < 0.05. FDR false discovery rate,
GSEA gene set enrichment analysis, NES normalized enrichment score, TIDE tumor
immune dysfunction and exclusion, MDSC myeloid-derived suppressor cells.
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Fig. 6 | Identification of high-risk group-specific therapeutics for HCC.
A Flowchart for in silico drug screening. B Differential drug sensitivity analysis
between high- and low-risk HCC cell lines based on the LIMORE dataset. Yellow
dots denote drugs with higher sensitivity in high-risk cell lines; blue dots denote
drugs with higher sensitivity in low-risk cell lines. The statistical results were cor-
rected using the Benjamini–Hochberg method. C Correlation of pharmacogenomic
database-predicted drug AUC values with risk scores in TCGA-LIHC cohort.
Negative correlation (yellow) implies greater drug sensitivity in high-risk patients.
The statistical results were corrected using the Benjamini–Hochberg method.
D Differences in predicted ABT-263 AUC values between risk groups across
pharmacogenomic databases for TCGA-LIHC patients. E Expression levels of ABT-
263 targets (from Drug Repurposing Hub) in high- vs. low-risk groups of TCGA-
LIHC. FColony formation assay evaluating responses to ABT-263 in high- and low-

risk HCC cell lines. G Cell viability curves and IC50 values of ABT-263 in high- and
low-riskHCC cell lines.H Flow cytometry analysis of apoptosis: proportions of early
apoptotic (Annexin V+/PI−) and late apoptotic/necrotic (Annexin V+/PI+) cells
in low-risk (Huh7) and high-risk (MHCC-97H)HCC cell lines, untreated or treated
with ABT-263 (2 μM, 48 h). I Line graph illustrating tumor volume changes in the
ABT-263 treatment group and the control group within Huh-7 and MHCC97H
xenograft mouse models. J Images of tumors collected at the experimental endpoint.
K Box plot illustrating the comparison of tumor weights at the experimental end-
point. ***p < 0.001; **p < 0.01; *p < 0.05; NS: p ≥ 0.05. FDR false discovery rate,
CTRPCancer Therapeutics Response Portal, GDSCGenomics ofDrug Sensitivity in
Cancer, HCC hepatocellular carcinoma, IC50 half-maximal inhibitory concentra-
tion, LIMORE liver cancer model repository, PI propidium iodide, PRISM profiling
relative inhibition simultaneously in mixtures, TCGA The Cancer Genome Atlas.
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lower in theABT-263 treatment group compared to the control group in the
MHCC97Hmodel, while no significant reductionwas observed in theHuh-
7 model.

Collectively, these results indicate that ABT-263 may serve as a pro-
mising therapeutic candidate for high-risk HCC patients.

Development, validation, and interpretability analysis ofmachine
learning-driven serum protein signature
As described in the “Methods” section, we established four HCC cohorts
based on serum samples from our hospital. Cohort 1 (n = 155) was used to
develop a serum protein signature, cohort 2 (n = 109) for validation, cohort
3 (n = 50) topredict the efficacyofTACE,and cohort 4 (n = 35) for temporal
validation (Fig. 7A). Supplementary Table 3 presents the baseline char-
acteristics of each cohort.

First,we evaluated theprognostic value of eachbiomarker inpredicting
postoperative recurrence in cohort 1 (Supplementary Fig. 11A). Univariate
Cox regression analysis revealed that ANXA2 (HR = 5.73, 95% CI:
2.70–12.15), AKR1B10 (HR = 4.11, 95% CI: 2.05–8.24), and SPINK1
(HR = 3.09, 95% CI: 1.56–6.24) exhibited a better prognostic capacity than
AFP (HR = 2.48, 95% CI: 1.23–5.05). Meanwhile, COL15A1 (HR = 0.44,
95% CI: 0.22–0.88) and SPARCL1 (HR = 0.36, 95% CI: 0.16–0.83)
demonstrated significant predictive performance.

Next, we integrated three sub-models based on data from cohort 1 to
construct a serum protein biomarker signature and evaluated the predictive
performance of each sub-model as well as the protein signature (Fig. 7A).
The results showed that (Supplementary Fig. 11B), in cohort 1, the random
survival forest (RSF) model exhibited the best predictive performance
(AUC: 0.908, 95%CI: 0.845–0.972), followed by the signature (AUC: 0.877,

Fig. 7 | Development, validation, and clinical evaluation of the serum protein
signature. A Flowchart for serum protein signature development and validation.
B Kaplan–Meier DFS curves for cohort 1 (left); AUC(t) analysis comparing DFS
prediction by the serum protein signature versus conventional clinical staging sys-
tems (right). C Kaplan–Meier DFS analysis for cohort 2 (left); AUC(t) comparison
(right).DROC curve assessing the signature’s predictive accuracy for TACE clinical
benefit. E The confusion matrix illustrates the correspondence between the
signature-based predictions and the actual clinical outcomes at the optimal cutoff
value. F Box plot of risk scores in TACE responders vs. non-responders. GDot plot
of aggregated SHAP values for global interpretability of the serum protein signature.
Elevated protein expression with negative SHAP values (blue) associates with lower

risk scores; elevated expression with positive SHAP values (yellow) associates with
higher risk scores. H Individualized SHAP explanations for representative TACE-
responsive HCC cases. Left: Bar plot visualizing direction and magnitude of serum
protein contributions to risk predictions. Right: Pre-/post-treatment CT or MRI.
***p < 0.001. FAHNU the First Affiliated Hospital of Nanchang University, RCOX
regularized Cox, FSSVM fast survival support vector machine, ROC receiver
operating characteristic, AUC area under the curve, PPV positive predictive value,
NPV negative predictive value, BCLC Barcelona Clinic Liver Cancer, CNLC China
Liver Cancer Staging, TNM tumor node metastasis, SHAP Shapley Additive
exPlanations, CT computed tomography, MRI magnetic resonance imaging, TACE
transarterial chemoembolization.
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95%CI: 0.800–0.955). However, the signature outperformed the RSFmodel
in cohort 2 (AUC: 0.736, 95% CI: 0.585–0.888 vs. 0.719, 95% CI:
0.571–0.867).

Then, patients were stratified into high- and low-risk groups using the
optimal cutoff value of the risk score from cohort 1 (Supplementary Fig.
12A). Survival analysis demonstrated that in the two postoperative cohorts
(cohorts 1 and 2), the high-risk grouphad significantly shorterDFS than the
low-risk group (Fig. 7B, C). Time-dependent receiver operating character-
istic curve analysis confirmed that the risk score outperformed clinical
tumor staging systems, including Barcelona Clinic Liver Cancer (BCLC),
TNM, andChina LiverCancer Staging (CNLC), as well as prognostic scores
such as Albumin-Bilirubin (ALBI), Platelet-Albumin-Bilirubin (PALBI),
and Aspartate Aminotransferase-to-Platelet Ratio Index (APRI), in pre-
dicting early postoperative recurrence of HCC (Fig. 7B, C and Supple-
mentary Fig. 12C, D). Multivariate Cox regression analysis revealed that,
after adjusting for confounding factors such as age, sex, microvascular
invasion (MVI), and tumor stage, risk stratification was an independent
predictor of early HCC recurrence (Supplementary Fig. 12B).

In cohort 3, the risk score exhibited good performance in distin-
guishing TACE treatment responders, with an AUC of 0.903 (Fig. 7D). At
the optimal threshold, 43 out of 50 patients were correctly classified (Fig.
7E), with the sensitivity, specificity, PPV, and NPV of 0.829, 0.933, 0.967,
and 0.700, respectively (Fig. 7D). Risk scoreswere significantly higher in the
non-responder group than in the responder group (Fig. 7F). Analysis of the
SMOTE-adjusted cohort 3 data confirmed that the predictive performance
of the risk score for the TACE treatment response remained stable (Sup-
plementary Fig. 12E).

In cohort 4, we performed temporal validation of the protein signature
using prospectively collected samples. The high-risk group exhibited a
higher hazard ratio (HR = 2.41) compared to the low-risk group, although
there was no significant difference, likely due to the short follow-up period
and the relatively few postoperative recurrence events (Supplementary Fig.
12F). Nonetheless, patients who experienced recurrence had significantly
higher risk scores than those without recurrence (Supplementary Fig. 12G).

Using cohort 1 data, we applied SHAP to assess the contribution of
each biomarker within the serum protein signature. SHAP beeswarm plots
for sub-models (Supplementary Fig. 13, left) revealed that biomarkers with
identical concentration ranges exhibited heterogeneous SHAP value dis-
tributions across individuals, suggesting that their effects are modulated by
interactions with other biomarkers. Bootstrap resampling of each sub-
model revealed the overall direction of effect for each biomarker at the sub-
model level (Supplementary Fig. 13, right). The integration of SHAP ana-
lyses across all sub-models demonstrated directional consistency between
the biomarkers in the serum protein signature and the tissue mRNA sig-
nature (Fig. 7G). Local interpretability analysis further characterized the
direction andmagnitude of each biomarker’s contribution to the signature’s
prediction in a representative low-risk patient (Fig. 7H).

Discussion
Although tumor tissue-based multi-omics molecular subtyping has pro-
vided insights for the precision therapy of HCC, its clinical application
remains limited by invasive sampling procedures and cost-prohibitive
diagnostic assays. Here, we developed dual signatures as research tools for
risk stratification by integrating publicly available multi-omics datasets and
in-house serum protein data, using a combination of bioinformatics and
machine learning algorithms.

Firstly, we integrated serum protein biomarkers withmulti-omics data
to identifyHCC-related prognostic biomarkers acrossmultiple omics levels.
The identified biomarkers (AKR1B10, SPINK1, ANXA2, COL15A1, and
SPARCL1) exhibited prognostic significance, which was validated in three
independent cohorts, with consistent risk or protective effects across mul-
ticenter datasets. Mechanistically, these biomarkers exert diverse regulatory
functions in cancer. AKR1B10 promotes a chemotherapy resistance phe-
notype through metabolic reprogramming, a mechanism validated within
the SMARCA4-IRAK1 signalingpathway33, consistentwith ourfinding that

it is associated with poor prognosis. SPINK1 mediates radiotherapy resis-
tance via the EGFR/Nrf2 pathway34. ANXA2 drives MEK/ERK pathway
activation via plasma membrane localization and mediates autophagy-
related radiotherapy resistance35,36, reinforcing its clinical significance as a
prognostic risk factor. SPARCL1 inhibits invasion and metastasis by med-
iating themesenchymal–epithelial transition in colorectal cancer37, whereas
in prostate cancer, it is epigenetically suppressed by androgen receptor
signaling38; its loss disrupts the extracellular matrix–cytoskeleton mechan-
ical coupling, driving tumor progression. Collectively, these findings sup-
port SPARCL1’s role as a tumor suppressor, consistentwithour observation
that its high expression correlates with a favorable prognosis. Clinically, the
diagnostic advantage of AKR1B10 in early-stage and AFP-negative HCC
cases39,40, combined with the potential of SPINK1 as a biomarker for
radiotherapy resistance34, demonstrates the potential value of these bio-
markers for monitoring tumors in diagnosis, treatment, and prognosis.

Subsequently, we constructed an mRNA signature for HCC based on
these biomarkers. We enhanced the signature’s generalizability by incor-
porating multi-etiology and multi-center cohorts and expanded its prog-
nostic prediction function to evaluate responses to TACE and sorafenib
therapies. By integrating multi-omics data, we analyzed the association
between risk stratification and biological behavior. Our results revealed that
high-riskHCCwas characterized byTP53 high-frequencymutations,MYC
pathway hyperactivation, and tumor-specific metabolic reprogramming.
These findings align with the observation byWoo et al. that stem-like gene
expression profiles and aggressive phenotypes are present in TP53-mutated
HCC41, suggesting thatTP53mutationsmaydrivemalignantprogressionby
preserving tumor cell stemness. Furthermore, reduced fatty acid metabo-
lism in high-risk patients was correlated with an unfavorable prognosis,
aligning with the report that it is associated with adverse clinical features,
such as advanced clinical stages, larger tumor size, and elevated AFP levels8.
These findings suggest thatHCCmay enhance tumor adaptability of cells to
microenvironmental stress through lipid metabolic reprogramming,
thereby accelerating disease progression.

In tumormicroenvironment analysis, the high-risk group displayed an
immunosuppressivemicroenvironment,markedby increased infiltrationof
T cell exclusion, MDSC, and Treg immune suppressor cells, alongside
upregulated immune checkpoint molecules. High MDSC and Treg infil-
trationhasbeen connected to clinical benefits fromtheT+A(atezolizumab
plus bevacizumab) regimen42, implying that high-risk HCC patients may
better respond to this combination therapy. The biological basis lies in
bevacizumab blocking the VEGF pathway to inhibit MDSC tumor homing
and inducing vascular normalization to boost T cell infiltration43. The
IMbrave050 study validated the T+A regimen’s clinical worth, cutting
post-hepatectomy HCC patients’ disease progression risk by 28%44.
Although we have not validated direct links between risk stratification and
therapeutic response, this study offers preliminary guidance for identifying
patients with HCC likely to benefit from the T+A regimen.

In drug repositioning, we found that high-risk HCC cells are more
sensitive to the Bcl-2/Bcl-xl multitarget inhibitor ABT-263. While ABT-
263’s single-agent use is limited by thrombocytopenia, it inhibits HCC
progression by selectively clearing senescent hepatic stellate cells, providing
a rationale for senescence-targeting therapies aimed at the tumor
microenvironment45. This suggests that mRNA signature-based patient
stratification may inform the development of ABT-263-related drug.

To validate the clinical translational potential of these biomarkers, we
performed a tissue origin investigation of serum biomarkers and assessed
the correlation between circulating protein levels and their corresponding
tissue expression in HCC. Paired tissue pathological (IHC) and circulating
protein (ELISA) levels demonstrated a significant positive correlation
between tissue and serum biomarker expression. This finding confirms the
reliability of computational methodologies for inferring serum protein
origins from tissue gene expression profiles25, while underscoring its
translational significance: the concordance between tissue and serum bio-
marker expression establishes a basis for tissue and serum signatures;
additionally, the inherent secretory nature of these proteins supports their
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translational potential into liquid biopsy applications, providing a basis for
future development of minimally invasive detection.

To develop the serumprotein signature, we used ELISA tomeasure the
serum protein concentrations and applied machine learning algorithms.
ELISA is a classic clinical laboratory assay. Its absolute concentration data
meet protein quantification requirements and satisfy the accuracy needs of
machine learning algorithms. We developed the protein signature through
ensemble learning methodology, wherein the risk scores from three
machine learning algorithms were averaged. This retains the predictive
efficacy of the single algorithms, enhances generalization through colla-
borative optimization of multiple algorithms, and shows excellent risk
stratification ability. Also, circulating proteins, carrying genomic encoding
information, and reflecting environmental exposure-related risk changes,
can dynamically monitor individuals’molecular health changes46–48. These
explain the advantage of the protein signature over the mRNA signature at
the biological level. Besides, the SHAP value explanation analysis of the
protein signature reveals that the contribution direction of biomarkers is
consistent with that in the mRNA signature, confirming the biological
rationality of the dual signatures.

Previous studies report costs for common HCC surveillance
modalities49: abdominal ultrasound $142, AFP $19, and non-contrast CT
$274. The standard semiannual ultrasound and AFP surveillance incurs
$322/patient/year. In contrast, the five biomarkers evaluated here can be
assayed via ELISA for ≤$42/sample, substantially below imaging costs (e.g.,
CT is about 6.5-fold more expensive than ELISA). However, prospective
clinical studies are required for a comprehensive cost-effectiveness assess-
ment. Such studies should evaluate potential benefits, including reducing
the frequency of unnecessary imaging and lowering advanced-stage treat-
ment costs through early intervention in high-risk patients.

Although the serum protein signature demonstrated good predictive
performance for TACE response, several issues merit consideration before
clinical application. The signature showed favorable specificity and PPV,
suggesting that patients predicted to benefit from TACE are likely to
respond. However, its relatively low sensitivity and NPV indicate a risk of
false-negative predictions, whereby patients who might respond to TACE
could be incorrectly excluded from this treatment and thus lose the
opportunity for potential survival benefits. Therefore, for patients classified
as non-responders by the model, clinical decision-making regarding TACE
should be made with caution, taking into account other relevant clinical
factors. Given that TACE response prediction represents a secondary
application of this signature and considering limitations such as its single-
center design, limited sample size, and class imbalance, further validation in
large-scale multicenter studies is required.

In clinical practice, the serum protein signature enables preoperative
risk stratification, thereby informing treatment planning and prognosis
evaluation. If a patient is considered suitable for biopsy or surgery, tissue
samples can be obtained for further evaluation using the tissue mRNA
signature. Integrating the assessments fromboth signatures (Supplementary
Fig. 12I) into clinical decision-making may enable more precise clinical
strategies.

This study has several limitations. First, the serum protein signature
wasdeveloped andvalidated in single-center cohorts, and its generalizability
requires prospective multicenter validation. Second, we mainly focused on
biomarker selection and their application, without investigating the
mechanism by which the biomarkers are secreted from tissue to blood.
Future studies should investigate the specific secretion pathways (e.g., the
exosome-mediated pathway). Third, due to the limited availability of HCC
tissue samples, we were unable to perform a paired analysis linking tissue
mRNA with circulating protein. Previous studies23,24 have demonstrated
that paired tissue–serum samples are critical for tracing the tissue origin of
circulating biomarkers. Moreover, multimodal models have been shown to
provide complementary prognostic information and achieve better pre-
dictive performance compared with single-modality models50. Considering
the potential complementarity between serum protein signatures (enabling
minimally invasive monitoring) and tissue mRNA signatures (providing

mechanistic insights), paired tissue-serum studies should be performed in
the future. Such integration may not only improve predictive accuracy and
clinical utility but also advance understanding of the mechanisms under-
lying treatment response.

In conclusion, we developed dual signatures for HCC prognostic
assessment by integrating novel tissuemulti-omics data with serum protein
biomarkers. The dual signatures enable risk stratification while revealing
preliminary molecular correlates of risk strata, offering a potentially
actionable tool for precision oncology in HCC. While our dual signature
approach shows promise, several limitations need to be addressed before
clinical implementation, including external validation, standardization
protocols, and prospective evaluation.

Methods
Clinical sample acquisition
Serum samples were obtained from the First Affiliated Hospital of Nan-
changUniversity (FAHNU) between January 2020 andMay 2025, and their
serum biomarker levels were determined using the ELISA method. The
study cohorts were constructed as follows: patients who underwent curative
resection forHCCwere selected fromFAHNU.Cohort 1 (n = 155)wasused
to develop the serum protein signature (including 35 patients with paraffin-
embedded tumor tissue sections for immunohistochemical analysis).
Cohort 2 (n = 109) was used to validate the protein signature. Cohort 3
(n = 50, received TACE) was used to evaluate the value of the protein sig-
nature for the treatment response. Cohort 4 (n = 35) served as a pro-
spectively collected temporal validation cohort. Cohorts 1–3 were collected
from January 2020 to October 2024, while cohort 4 was collected from
October 2024 toMay2025.Clinical characteristics and baseline information
for all cohorts are presented in Supplementary Tables 3 and 4.

This studywas approvedby theMedical ResearchEthicsCommittee of
the First Affiliated Hospital of Nanchang University (ethics approval
number: (2023)CDYFYYLK(01-070)) and was conducted in accordance
with theDeclaration ofHelsinki and relevant guidelines and regulations. All
participants provided written informed consent to participate in the study.
Samples were anonymized and identified only by study codes for analysis.

Patient treatment response assessment
TACE treatment response was evaluated according to the Response Eva-
luation Criteria in Solid Tumors (RECIST 1.1), assessed by comparing the
maximumdiameter of lesions in pre- and post-treatment CT orMRI scans.
Two researchers independently evaluated the medical imaging data, cate-
gorizing patients into response group (complete response or partial
response) and non-response group (stable disease or progressive disease)
based on the objective response rate. The classifications were validated by a
radiologist. Of the 50 patients included in the study, 35 demonstrated a
treatment response, while 15 showed no response.

Public data collection and processing
We re-analyzed a total of 36 publicly available datasets, comprising 21
microarray datasets, 11 RNA-seq datasets, 3 proteomics datasets, and 1
single-cell RNA-seq dataset. The samples were derived from tumor tissues,
adjacent normal tissues (ANT) ofHCCpatients, normal liver tissues, serum
samples, as well as tissues frommouse HCCmodels, normal mouse tissues,
and human HCC cell lines.

Data from TCGA and ICGC were downloaded via the Xena platform
(https://xenabrowser.net/datapages/). The remaining datasets were sourced
from the Gene Expression Omnibus (GEO, http://www.ncbi.nlm.nih.gov/
geo/), ArrayExpress (https://www.ebi.ac.uk/arrayexpress/), or supplemen-
tary materials of relevant publications. Detailed information for all datasets
is provided in Supplementary Table 5.

For the tissue mRNA signature, we normalized the gene expression.
For batch effect correction, we applied the ComBat function (R package sva
v.3.48.0)51 to five tumor microarray datasets (GSE14520, GSE76427,
GSE109211, GSE104580, and GSE10141), with the parameters set as:
par.prior = TRUE, mean.only = FALSE. The batch-corrected microarray
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datasets were subsequently used as the reference set for cross-platform
normalization. Specifically, we employed the training distributionmatching
(TDM) method (R package TDM v.0.3)52 to normalize seven RNA-seq
datasets, including TCGA-LIHC, ICGC (LIRI-JP), GSE144269,
GSE148355, GSE202069, CCLE, and LIMORE, using the following para-
meter settings: filter_p = FALSE, inv_reference = TRUE, log_target =
TRUE, tdm_factor = 1. This process yielded a cross-platform normalized
expression matrix. Normalized expression matrices have been deposited in
the Zenodo repository (doi.org/10.5281/zenodo.16469089).

Human HCC cell line culture
We utilized ten human HCC cell lines in this study. Huh-1, JHH7, and
SNU878 were obtained from Shanghai Zhongqiao Xinzhou Biotechnology
Co., Ltd. (China); SK-Hep1, PLC/PRF/5, SNU387, and SNU182 were
obtained fromZhejiang BaiDi BiotechnologyCo., Ltd. (China); andHep3B,
MHCC97H, and Huh-7 were obtained from the National Collection of
Authenticated Cell Cultures (China). All cell lines were authenticated using
short tandem repeat profiling to ensure their identity. The cell lines were
cultured in basal medium supplemented with 10% fetal bovine serum and
0.1%penicillin–streptomycinmixture (100U/mLpenicillin and 100 μg/mL
streptomycin). The specific culturemediausedwere as follows: high-glucose
DMEM for SK-Hep1, Huh-1, Huh-7, JHH7, andMHCC-97H; RPMI 1640
for SNU878, SNU387, and SNU182; andMEM forHep3B and PLC/PRF/5.
Cultures were maintained in a cell culture incubator at 37 °C with 5% CO₂.

RNA extraction and quantitative real-time PCR (qPCR)
Total RNA was extracted from cells using the MolPure Cell Total RNA Kit
(#19221ES60; YEASEN, China) following the manufacturer’s instructions.
Reverse transcription to cDNA was performed with Hifair RT SuperMix
(#11151ES60; YEASEN, China). qPCR assays were conducted using SYBR
GreenMasterMix (#11184ES08; YEASEN, China) on a StepOnePlus Real-
Time PCR System (Thermo Fisher Scientific, USA). Relative gene expres-
sion was normalized to GAPDH and calculated via the 2(−ΔΔC) method.
Primer sequences are provided in Supplementary Table 6.

Western blot analysis
Total proteinwas extracted following cell lysis inRIPAbuffer supplemented
with protease inhibitors and quantified using a BCA assay kit. Samples were
mixed with loading buffer, denatured by boiling, resolved via sodium
dodecyl sulfate-polyacrylamide gel electrophoresis (SDS-PAGE), and
transferred to Nitrocellulose membranes. After blocking with 5% skimmed
milk, primary antibody incubation was performed overnight at 4 °C using
anti-ANXA2 (1:20,000; #11256-1-AP) and anti-AKR1B10 (1:2000; #18252-
1-AP) (Proteintech, China). Membranes were then incubated with horse-
radish peroxidase (HRP)-conjugated secondary antibodies. Protein bands
were visualized by enhanced chemiluminescence using an iBright FL1000
imaging system (Thermo Fisher Scientific, USA).

Cell transfection
Plasmids for the overexpression ofANXA2andAKR1B10were constructed
by the Public Protein Plasmid Library (China), while siRNAs for gene
knockdownwere synthesized by GenePharma (China). siRNA transfection
was performed using Lipofectamine RNAiMAX (Invitrogen, USA), and
overexpression plasmids were transfected using jetPRIME (Polyplus
Transfection, USA), following the manufacturer’s instructions. Human
HCC cells were transfected accordingly, with empty vector-transfected cells
used as controls. The siRNA sequences used for gene knockdown are listed
in Supplementary Table 7.

Cell invasion assay
24-well Transwell chambers with polycarbonate membranes pre-coated
withMatrigel (Corning, #356237, USA) were placed into cell culture plates.
A total of 600 μl complete medium was added to the lower chamber, while
4 × 10⁴ cells suspended in 200 μl serum-free medium were seeded into the
upper chamber. Cells were incubated at 37 °C in a humidified atmosphere

with 5% CO₂ for 48 h. After incubation, non-invading cells on the upper
surface of themembranewere gently removedwith a cotton swab. Cells that
had invaded the lower surface were fixed with 4% paraformaldehyde and
stained with 0.1% crystal violet. Images were captured under an inverted
phase-contrastmicroscope (NikonEclipseTi, Japan) at 200×magnification,
and cells were counted in three randomly selected fields.

Colony formation assay
Cells were seeded at a density of 1–2 × 10³ cells per well in a six-well plate
and cultured in complete medium for 24 h. Subsequently, the medium was
replacedwith a completemediumcontaining 0.1, 0.5, or 2.5 μMofABT-263
(#S1001, Selleck, China) or DMSO. The medium containing the corre-
sponding drug concentration was refreshed every 3 days for a total treat-
ment period of 10–14 days. At the end of the experiment, the medium was
removed, and the cells werefixedwith 4%paraformaldehyde. The cells were
then stained with a 0.1% crystal violet solution. After staining, the back-
ground dye was gently washed away with running water. Colonies were
counted after drying.

Cell viability assay
Cells were seeded at a density of 5 × 10³ cells per well in a 96-well plate and
cultured overnight. On the following day, the medium was replaced with
completemediumcontaining0.125, 0.25, 0.5, 1, 2, 4, 8, or16 μMofABT-263
(#S1001, Selleck, China). The cells were then incubated for 72 h. After the
drug treatment, CCK-8 reagent was added, and the plate was incubated at
37 °C in thedark for 3 hours.The absorbanceat 450 nmwasmeasuredusing
amicroplate reader. A four-parameter logistic regressionmodel was used to
fit the dose-response curve and calculate the half-maximal inhibitory con-
centration (IC50).

Flow cytometry
Cell apoptosis was evaluated using an apoptosis detection kit (#BB-4101,
BestBio, China) following the manufacturer’s instructions. After treatment
with 2 μMABT-263 for 48 h, cells were harvested, washed with pre-cooled
PBS, and resuspended to form a single-cell suspension. The cell suspension
was thenmixedwith FITC-AnnexinVandpropidium iodide and incubated
at room temperature in the dark. Apoptosis was assessed using a FACS-
Canto II (BD Biosciences, USA) flow cytometer. Data analysis was per-
formed using FlowJo (v.10.4) to distinguish live cells (AnnexinV⁻/PI⁻), early
apoptotic cells (Annexin V⁺/PI⁻), and late apoptotic/necrotic cells (Annexin
V⁺/PI⁺).

Immunohistochemistry (IHC)
Paraffin-embedded HCC tissue samples were obtained from the Depart-
ment of Pathology at the First Affiliated Hospital of Nanchang University.
The corresponding paraffin blocks and pathological diagnostic reports were
retrieved through the hospital’s pathology information system. The
paraffin-embedded tissue blockswere sectioned continuously andmounted
onto slides. The sections were processed sequentially for dewaxing and
rehydration, antigen retrieval, blocking of endogenous peroxidase activity,
and blocking. Subsequently, the sections were incubated overnight at 4 °C
with the following primary antibodies: AKR1B10 antibody (1:100; #121558,
Zenbio, China), SPINK1 antibody (1:100; #R389023, Zenbio, China),
ANXA2 antibody (1:100; #861473, Zenbio, China), COL15A1 antibody
(1:100; #PK13762,Abmart,China), andSPARCL1antibody (1:200;#13517-
1-AP, Proteintech, China). The next day, the sections were incubated with
biotinylated secondary antibodies, developed with 3,3’-diaminobenzidine,
counterstainedwithhematoxylin fornuclei, andmountedwithneutral gum.

Animal experiments
Huh-7 orMHCC97H cells (2.5 × 10⁶ cells per mouse) were subcutaneously
injected into the right axillary region of 6-week-old female BALB/c nude
mice. When tumor volumes reached ~80mm³, the mice were randomized
to receive either ABT-263 (100mg/kg/day administered by oral gavage) or
vehicle control for 20 days. Tumor volumes were measured using the
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formula: volume = (width² × length)/2. Themice were anesthetized with an
intraperitoneal injection of sodium pentobarbital (50mg/kg) and eutha-
nized by cervical dislocation after unconsciousness was confirmed. All
animal experiments were conducted under specific pathogen-free condi-
tions at the Experimental Animal Center of the First Affiliated Hospital of
Nanchang University and in accordance with protocols approved by the
Institutional Animal Care and Use Committee of the hospital (ethics
approval number: CDYFY-IACUC-202507GR023).

Enzyme-linked immunosorbent assay (ELISA)
Serum biomarker quantification was performed using ELISA kits
(AKR1B10 #EH1225, ANXA2 #EH2012, SPINK1 #EH0276, SPARCL1
#EH0275, and COL15A1 #EH0540; FineTest, China) according to the
manufacturer’s protocols. Thevalidationdata fromeach lot of the kits, along
with the serum dilution ratios for each biomarker, are detailed in the Sup-
plementary Table 8. All samples were assayed in duplicate. Each batch
incorporatedquality control (QC) samples, and the inter-assay coefficient of
variation (CV) was required to be ≤15%. Batches were reassayed if any QC
value exceeded predefined limits. Each 96-well plate contained an 8-point
calibration curve, QC samples, blank controls, and diluted serum samples.
Absorbance at 450 nm was measured using a Varioskan Flash multimode
reader (Thermo Scientific, USA), and concentrations were calculated via
four-parameter logistic curve fitting. Data were corrected for batch effects
using the ELISAtools (R package v.0.1.8)53. Additional quality control
measures included pre-experimental validation of kit performance (stan-
dard curve R² ≥ 0.99) and re-assaying absorbance values outside the linear
range of the calibration curve.

Construction of the tissue mRNA signature
The tissue mRNA signature was constructed using normalized tran-
scriptome data and clinical survival data from the TCGA-LIHC cohort. The
expression matrices of five biomarkers (AKR1B10, ANXA2, COL15A1,
SPARCL1, and SPINK1) were selected as input variables. A LASSO-Cox
signature was developed using the glmnet (R package v.4.1-8)54,55. The sig-
nature parameters were optimized through 10-fold cross-validation, with
deviance serving as the evaluation metric to determine the optimal reg-
ularization parameter (lambda.min). This parameter was used to derive the
following formula:

Risk score ¼
Xk

j¼1

coef ðjÞ×ExpðjÞ ð1Þ

The formula (1)was then applied to calculate the risk scores for eachpatient.
The risk score was used to stratify patients into high- and low-risk groups
using the survminer (R package v.0.4.8), and its optimal cutoff value for
grouping was determined by the maximally selected rank statistics
algorithm. The HCC cohorts used for the analysis included six cohorts
with prognostic information (TCGA-LIHC, ICGC (LIRI-JP), GSE14520,
GSE76427, GSE10141, and GSE144269), two cohorts with treatment
information (GSE148355 and GSE202069), and two cohorts with both
treatment and prognostic information (GSE109211 and GSE104580). Risk
stratification of HCC cell lines was performed using data from the CCLE
and LIMORE.

Construction of the serum protein signature
Serum concentrations of five biomarkers (AKR1B10, ANXA2, COL15A1,
SPARCL1, and SPINK1) quantified via ELISAwere utilized as input data to
develop three survival sub-models: regularized Cox (RCOX)56, fast survival
support vector machine (FSSVM)57, and random survival forest (RSF)58,
using the scikit-survival (Python package v.0.24.1)59, with disease-free sur-
vival (DFS) and survival status as clinical endpoints. During the data pre-
processing phase, the input features for the RCOXmodel were standardized
usingZ-scorenormalization,while the othermodels used theoriginal serum
concentration data. Then, we performed nested cross-validation in cohort 1

to tune the hyperparameters for each sub-model. The outer loop employed
5-fold cross-validation to evaluate model performance, and the inner loop
used 4-fold cross-validation to select hyperparameters. In each outer fold,
the dataset was split into training and testing subsets. Within the outer
training set, inner cross-validation was conducted using the concordance
index (C-index) as the evaluation metric. The average C-index across the
inner validation folds was then calculated for each hyperparameter com-
bination, and the combination with the highest average C-index was
selected. The model was then trained on the entire outer training set using
the optimal hyperparameters, and its performance was evaluated on the
corresponding outer test set using the C-index. Finally, the optimal
hyperparameter was determined by evaluating C-index values from the
inner and outer loops.

Given the differences in the scales of risk scores among the sub-models,
we normalized the risk scores of each cohort usingmin–max normalization
basedon the extremevalues of cohort 1, as referenced inprevious studies60,61.
The arithmetic mean of the normalized scores from the three sub-models
was calculated as the final risk score. The optimal cutoff value for risk
stratification in cohort 1 was determined using themaximally selected rank
statistics algorithm, whichwas then applied to stratify patients in all cohorts
into high- and low-risk groups.

When predicting TACE therapeutic outcomes using the risk score in
cohort 3, we reported the area under the receiver operating characteristic
curve (AUC) value, sensitivity, specificity, F1 score, positive predictive value
(PPV), and negative predictive value (NPV) at the optimal threshold to
account for class imbalance in treatment response. Furthermore, the syn-
thetic minority over-sampling technique (SMOTE) was applied to process
cohort 3 data and to mitigate potential evaluation bias induced by imbal-
anced class distribution62.

Model interpretability
To analyze the interpretability of the serum protein signature, we employed
the SHapley Additive exPlanations (SHAP) framework (Python package
v.0.45.1)63. This framework elucidates feature importance and influence
direction through global and local explanations. For the three sub-models of
the signature, wematched corresponding SHAP explainers. Specifically, the
Explainer function was applied to RCOX and RSF, while the KernelEx-
plainer function was used for FSSVM.

In global interpretation, SHAP analysis was implemented with 50-
iteration bootstrap resampling for each model. For each bootstrap sample,
the corresponding model’s adapted SHAP interpreter was applied to
compute the SHAP values for all instances. Themean absolute SHAP value
of each feature was calculated for each iteration. The results from all 50
iterationswere aggregated to estimate the average feature importance, along
with the corresponding 95%CI. Then, we applied a two-step normalization
process to the SHAP values output by each algorithm. First, we performed
min-max normalization based on the extreme values of the training set.
Second, we determined the influence direction based on the Spearman
correlation coefficient between the original feature values and the SHAP
values (two-sided test, with p < 0.05 considered significant)61,64. If the cor-
relationwas significant andnegative,we inverted thenormalizedvalues.The
aggregated SHAP values of the integrated model were obtained by inte-
grating the normalized SHAP values of the three algorithms.

In local interpretation, we performed sample-level min-max normal-
ization based on the extreme values of cohort 1 for individual patient
samples. The direction of feature contribution was quantified by combining
the signs of the SHAP values. The sample-level interpretation results of the
three sub-models were integrated using the arithmetic mean method.

All normalizations and direction determinations mentioned above
were implemented using native functions of the SHAP library.

Bioinformatics analysis
We conducted bioinformatics analyses using R (v.4.3.1) and Bioconductor
(v.3.20) packages (e.g., maftools v2.16.0, clusterProfiler v.4.8.3, DESeq2
v.1.40.2) to assess features and heterogeneity related to genomic variation,
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epigenetic regulation, metabolic reprogramming, and the tumor micro-
environment. Additionally, we identified potential therapeutic drugs for
high-riskHCC patients by integrating pharmacogenomic data. The specific
analysis workflow adhered to the standard guidelines outlined in the official
documentation of each software package. Detailed analysis parameter set-
tings are provided in the Supplementary Notes 1–9.

Statistical analysis
All experiments were conducted at least three times. Quantitative data were
presented as mean ± standard deviation, two-group comparisons were
analyzed using Student’s t-test or the Mann–WhitneyU test, and multiple-
group comparisons were performed using the Kruskal–Wallis H test.
Categorical variables were analyzed using the Pearson χ² test or Fisher’s
exact test. Correlation analysis was performed using Pearson’s or Spear-
man’s correlation coefficients. Survival curves were plotted using the
Kaplan–Meiermethod, and differences between groupswere assessed using
the log-rank test. Statistical calculations and model construction were per-
formed using R (v.4.3.1), GraphPad Prism (v.9.6.2), or Python (v.3.12.0). P
values obtained from differential expression analysis during biomarker
selection, drug sensitivity prediction, andpathway enrichment analysiswere
corrected formultiple testingusing theBenjamini–Hochberg false discovery
rate (FDR). A two-sidedP value of less than 0.05was considered statistically
significant.

Data availability
TCGA and ICGC datasets can be accessed via the Xena platform (https://
xenabrowser.net/datapages/), while other public datasets are downloadable
from GEO (http://www.ncbi.nlm.nih.gov/geo/) and ArrayExpress (https://
www.ebi.ac.uk/arrayexpress/). All accession numbers and sources for these
public datasets are detailed in Supplementary Table 5. The ELISA data and
cross-platform normalized data used to train the dual signatures have been
deposited in Zenodo (https://doi.org/10.5281/zenodo.16469089).

Code availability
The code used for signature development is publicly available in the Zenodo
repository (https://doi.org/10.5281/zenodo.16469089). Additional code for
bioinformatics analyses and data processing is available from the corre-
sponding author (K.-H.Z.) upon reasonable request via email.
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