Bzl SPANDIDOS
7] ,§, PUBLICATIONS

ONCOLOGY LETTERS 31: 31, 2026

Machine learning-based signature for prognosis and
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Abstract. Hepatocellular carcinoma (HCC) is one of the most
prevalent tumors in the world and poses a considerable threat
to global healthcare. The reprogramming of glucose metabo-
lism in tumor cells has demonstrated a notable association with
the genesis, advancement and resistance to the chemotherapy
of malignancies. In the present study, 10 integrative machine
learning algorithms were used to develop a glycolysis-related
signature (GRS) using four datasets. Several predictive
approaches were used to evaluate the performance of GRS
in predicting the immunology response. In addition, in vitro
experiments were performed to explore the biological func-
tions of monocarboxylic acid transporter 1 (MCT1) in HCC.
The optimal GRS developed by the Least Absolute Shrinkage
and Selection Operator algorithm served as a risk factor for
patients with HCC. Patients with HCC and a high-risk score
experienced a poor prognosis, with the area under the curves
of 1, 3 and 5-year receiver operating characteristic curves
being 0.777, 0.787 and 0.766, respectively. A low-risk score
indicated higher levels of CD8* cytotoxic T cells and M1
macrophages, as well as an increased estimation of stromal
and immune cells in malignant tumors score. Moreover,
increased tumor mutational burden score and programmed
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cell death protein 1 and cytotoxic T-lymphocyte-associated
protein 4 immunophenoscores, as well as decreased Tumor
Immune Dysfunction and Exclusion and tumor escape scores
were found in patients with HCC that had low-risk scores. The
IC4, values of docetaxel, oxaliplatin, crizotinib and osimertinib
were lower in HCC cases with a high-risk score. In addition,
the gene set scores that were associated with angiogenesis
and Notch signaling were higher in the high-risk score group.
Downregulation of MCT1 inhibited the proliferation, migra-
tion and invasion of HCC cells and promoted the apoptosis of
HCC cells. In conclusion, the present study developed a novel
GRS for HCC, serving as an indicator for predicting clinical
outcomes and responses to immunotherapy.

Introduction

Hepatocellular carcinoma (HCC) is a primary malignancy of
the liver and remains one of the most lethal cancers world-
wide (1). A previous study indicated that >900,000 new cases
are diagnosed annually, with >830,000 mortalities attributed
to HCC, underscoring its critical burden on global health
systems (2). Due to the fact that HCC is typically discovered at
an advanced stage, numerous patients are denied the chance to
have surgery (3). Although a number of approaches are avail-
able for patients with HCC in addition to surgery, including
percutaneous ablation, liver transplantation and immuno-
therapy, the clinical prognosis for patients with HCC remains
unfavorable, as <20% survive beyond 5 years (3). The main
factors contributing to the poor clinical outcomes in patients
with HCC are high heterogeneity, invasiveness and metastatic
potential (4). Additionally, reliable biomarkers for predicting
prognosis and guiding personalized therapeutic decisions in
HCC remain scarce.

An important function of tumor cells is metabolic repro-
gramming. The ‘Warburg effect’ refers to the concept that
tumor cells utilize ~80% of glucose for ATP synthesis by
aerobic glycolysis, which is also characterized by the produc-
tion of lactic acid, even in the presence of adequate oxygen (5).
This aberrant glucose metabolism not only sustains rapid
cell proliferation but also serves pivotal roles in cancer


https://www.spandidos-publications.com/10.3892/ol.2025.15384

2 ZHOU et al: GLYCOLYSIS-RELATED SIGNATURE FOR HEPATOCELLULAR CARCINOMA

progression, metastasis and resistance to chemotherapy (6).
Enhanced glycolytic activity has been identified as a hallmark
of HCC, with multiple glycolysis-related genes (GRGs) having
been implicated in its development and progression (7). By
promoting glycolysis, a number of genes are involved in the
progression of HCC (8). Numerous intracellular and extracel-
lular proteins are susceptible to the effects of lactylation (9).
In addition, histone lactylation is also involved in numerous
processes, including macrophage polarization under hypoxic
conditions and tumorigenesis (10).

Previous efforts have explored glycolysis-related signa-
tures (GRS) as prognostic tools across various malignancies,
including breast cancer (11), bladder cancer (12) and HCC (13).
Due to the central role of glucose metabolism in tumor biology,
identifying glycolysis-associated genes that predict patient
outcomes and therapeutic responses could offer valuable
insights into HCC management.

In the present study, transcriptomic data from The Cancer
Genome Atlas (TCGA) was used to construct a 7-GRS using
10 integrative machine learning algorithms. In addition,
immune scores and immune cell infiltration associated with
the glycolysis-associated gene signatures were investigated.
The present study aimed to fully explore the role of GRGs in
the prognosis of patients with HCC.

Materials and methods

Data acquisition. TCGA (n=329; https://portal.gdc.cancer.
gov/), GSE72094 (n=90) (14), ICGC (n=228; https://dcc.icgc.
org/) and GSE14520 (n=218) (15) datasets provided the mRNA
level data of HCC. The present study excluded metastatic HCC
cases. The GSE91061 (melanoma; n=89) (16) and IMvigor210
(bladder cancer; n=298) (17) datasets were used to investigate
the relationship between immunotherapy response and GRS.
GRG lists (Table SI) were acquired from three studies (18-20)
and hallmark gene sets of gene set enrichment analysis
(GSEA).

Integrative machine learning algorithms constructed an
optimal GRS. Differentially expressed genes (DEGs) were
obtained using the R package ‘limma’ (version 4.2.1; RStudio,
Inc.) (21), with a cut-off level of LogFC =2. Univariate Cox
analysis was carried out to determine the potential prognostic
biomarkers within GRGs. These potential biomarkers were
then utilized to develop a stable prognostic GRS through
integrative machine learning analysis. The process encom-
passed 10 machine learning techniques: i) Random survival
forest; ii) survival support vector machine; iii) ridge; iv) elastic
network; v) supervised principal components; vi) stepwise Cox;
vii) generalized boosted regression modelling; viii) partial
least squares regression for Cox; ix) CoxBoost; and x) Least
Absolute Shrinkage and Selection Operator (LASSO). The
regularization parameter A in the LASSO models was deter-
mined through 10-fold cross-validation, while the tradeoff
parameter o was set between 0 and 1 (interval=0.1). When a
is equal to 1, LASSO is executed. The GRS was developed
in the following four steps using R scripts (https://github.
com/Zaoqu-Liu/IRLS) obtained from a previous study (22):
i) In order to investigate prognostic biomarkers in TCGA
dataset, univariate Cox regression was used; ii) after which,

algorithm combinations were fitted to the prediction model of
TCGA dataset; iii) all algorithm combinations were carried
out in Gene Expression Omnibus cohorts; and iv) the C-index
was computed for each cohort. After obtaining the GRS
score of the patients with HCC, the R package ‘survminer’
(https://cran.r-project.org/web/packages/survminer/index.html)
containing the ‘surv_cutpoint’ function was used to identify
the optimal cut-off for separating patients with HCC into
high and low GRS score groups. Using the R package ‘rms’
(https://cran.r-project.org/web/packages/rms/index.html), the
C-index curves for prognostic signatures and clinical
features were also determined. The prognosis of HCC was
examined using univariate and multivariate Cox analyses to
investigate potential risk factors. Based on GRS score and
additional clinical factors, the R package ‘nomogramEx’
(https:/lcran.r-project.org/web/packages/nomogramEx/index.html)
was used to construct a predicting nomogram.

Immune infiltration analysis. Estimation of stromal and
immune cells in malignant tumors (ESTIMATE) score
of patients with HCC was determined using ESTIMATE
analysis (23). The R package ‘Immunedeconv’ (24), a tool that
integrates six algorithms, was utilized to explore the associa-
tion between immune cells and GRS scores. The single sample
GSEA method was applied to evaluate the levels of immune
cells and scores related to immune activities or functions.
Additionally, the R package ‘GSVA’ (25) was used to calculate
the scores for the ‘h.all.v7.4.symbols.gmt’ gene set (https:/data.
broadinstitute.org/gsea-msigdb/msigdb/release/7.4/).

Drug sensitivity analysis. GRS may predict the potential
benefits of immunotherapy for patients with HCC and its
ability to do this was examined through various prediction
scores, such as the Tumor Immune Dysfunction and Exclusion
(TIDE) score, immunophenoscore, tumor escape score and
tumor mutational burden (TMB) score. Individuals with a
lower TIDE score and a higher TMB score are more likely
to respond positively to immunotherapy and have reduced
chances of immune evasion. Subsequently, the IC;, values
for each drug in each HCC case were determined using the
R package ‘oncoPredict’ (26).

Cell culture. The human normal liver cell line (THLE-2)
was maintained in bronchial epithelial cell growth medium
(ScienCell Research Laboratories, Inc.) and HCC cell lines
(MHCC97H, HCCLM3 and SNU449) were maintained
in DMEM (Thermo Fisher Scientific, Inc.). The medium
was supplemented with 10% fetal bovine serum (Biological
Industries; Sartorius AG) and 1% penicillin/streptomycin. All
cells were cultured in a humidity incubator with 5% CO, at
37°C.

Western blotting. Total protein was extracted by lysing cells
in RIPA buffer containing protease inhibitors (Soochow
New Cell & Molecular Biotech Co., Ltd.). Protein concentra-
tion was determined using a BCA assay kit (Thermo Fisher
Scientific, Inc.). Equal amounts proteins (40 pg/lane) were
then separated by SDS-PAGE on a 12% gel (Soochow New
Cell & Molecular Biotech Co., Ltd.), and further transferred
onto PVDF membranes (Soochow New Cell & Molecular
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Biotech Co., Ltd.). After blocking with 5% skimmed milk at
room temperature for 2 h, the membranes were incubated over-
night with specific primary antibodies at 4°C. The membranes
were detected using an ultra-sensitive ECL kit (Soochow New
Cell & Molecular Biotech Co., Ltd.), and the grayscale values
of the protein bands were analyzed using ImageJ 1.0 software
(National Institutes of Health). The following antibodies were
used: Anti-MCT1 (1:1,000; cat. no. 20139-1-AP; Proteintech
Group, Inc.), anti-epithelial cadherin (E-cadherin; 1:1,000;
cat. no. 3195; Cell Signaling Technology, Inc.), anti-neural
cadherin (1:1,000; cat. no. 13116; Cell Signaling Technology,
Inc.), with anti-GAPDH (1:2,000; cat. no. 5174; Cell Signaling
Technology, Inc.) and anti-heat shock protein 90 (1:1,000; cat.
no. 4784; Cell Signaling Technology, Inc.) used as the loading
control.

Lentiviral transduction for MCTI knockdown. MHCC-97H
cells were transduced with MCTI-targeting lentivirus
(Shanghai GeneChem Co., Ltd.) following the supplier's
protocol. Puromycin selection (2 pg/ml) was applied 48 h
post-transduction to establish stable knockdown clones. In
the maintenance phase, MHCC-97H cells were cultured
in medium containing puromycin (0.5 pg/ml). After cells
were cultured for 7-10 days, subsequent experiments were
continued. Knockdown efficiency was demonstrated through
western blotting. The short hairpin RNA (shRNA) sequences
were as follows: ShRNA1 sense, 5'-GCTCCGTATTGTTTG
AAACAT-3";, anti-sense, 5'-"ATGTTTCAAACAATACGG
AGC-3'; shRNA2 sense, 5'-GCAGGGAAAGATAAGTCT
AAA-3"; anti-sense, 5S-TTTAGACTTATCTTTCCCTGC-3";
short hairpin control sense, 5'"TTCTCCGAACGTGTCACG
T-3"; anti-sense, 5'-ACGTGACACGTTCGGAGAA-3'.

Colony formation assay. A total of 500 MHCC-97H cells
were plated in each well of a 6-well plate and incubated for
2 weeks in a humidity incubator with 5% CO, at 37°C. After
removing culture medium, the cells were fixed with 100%
methanol at room temperature for 20 min, and stained by 0.1%
crystal violet (Beyotime Biotechnology) at room temperature
for 30 min. Finally, the colonies defined as clusters containing
>50 cells were counted under a light microscope.

Flow cytometry. Flow cytometry was performed using a
CytoFLEX™ flow cytometer (Beckman Coulter, Inc.). For cell
cycle analysis, MHCC-97H cells were fixed with 70% ethanol
at -20°C overnight, and stained with 5 yg/ml PI (MultiSciences
Biotech Co., Ltd.) at room temperature in the dark for 30 min.
The cycle distribution of cells was analyzed using CytExpert
2.0 software (Beckman Coulter, Inc.). The cell apoptosis
was detected using the Annexin V-FITC apoptosis assay kit
(MultiSciences Biotech Co., Ltd.) according to the manufac-
turer's instructions. Cell apoptosis rate was analyzed using
CytExpert 2.0 software (Beckman Coulter, Inc.).

Wound-healing assays. Cell migration was evaluated using
a wound healing assay. A total of 5x10° MHCC-97H cells
were cultured in each well of a 6-well plate until they reached
~90% confluency in a humidified incubator with 5% CO, at
37°C. Confluent monolayers in 6-well plates were scratched
with a 100 ul pipette tip, and the medium was replaced with a
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complete medium containing 1% FBS (Biological Industries;
Sartorius AG). At the time points of 0 h and 24 h, the gap
distances after the wound were captured by a light microscopy
(magnification, x10; Olympus Corporation). The cell migra-
tion rate was calculated using the following formula: Cell
migration rate (%)=[(width at O h-width at 24 h)/width at O h]
x100%.

Transwell assay. Invasion was assessed using Matrigel-coated
Transwell chambers (Corning, Inc.). Matrigel (BD Biosciences)
was diluted with PBS buffer (1:8) at 4°C, with 100 ul evenly
precoated on the surface of polycarbonate membrane in upper
chamber at 37°C for 2 h. A total of 5x10* MHCC-97H cells
were seeded in the upper chamber with serum-free medium
and 500 pl complete medium containing 10% FBS (Biological
Industries; Sartorius AG) was added to the lower chamber. The
cells were cultured in a humidity incubator with 5% CO, at
37°C for 24 h. Then the cells invaded to bottom membrane
of chamber were fixed with 4% paraformaldehyde for 30 min
and stained with 0.1% crystal violet (Beyotime Biotechnology)
at room temperature. A total of five fields of vision were
randomly selected and counted under an inverted microscope
(magnification, x50; Olympus Corporation).

Statistical analysis All statistical analyses were conducted
using R software and GraphPad Prism (version 9.2.0;
Dotmatics). All results represent the mean + standard deviation
of assays performed at least three independent experiments.
A two-sided unpaired Student's t-test was used for intergroup
comparison, while a one-way ANOVA with a Tukey's post-hoc
test was used for comparisons between multiple groups. The
relationships between two continuous variables were assessed
through Pearson correlation analysis. To compare differences
in Kaplan-Meier survival curves, the two-sided log-rank test
was applied. P<0.05 was considered to indicate a statistically
significant difference.

Results

Integrative machine learning algorithms develop an optimal
prognostic GRS. Using LogFC =2 as the cut-off, 2,898 DEGs
in total were obtained in HCC (Fig. S1A) and 215 differen-
tially expressed GRGs were identified among these DEGs
(Fig. S1B). A total of 80 differentially expressed GRGs were
shown to have a significant association with the prognosis
of patients with HCC according to Cox univariate analysis
(Fig. S1C; P<0.05). Using 10 machine learning-based methods,
30 different types of prognostic models were developed
(Fig. 1A) and the C-index for each prognostic model was
determined. The model built using the LASSO approach
achieved the highest mean C-index of 0.78 and was selected
as the final signature. This final GRS comprised the following
seven genes: Treacle ribosome biogenesis factor 1 (TCOF1),
replication factor C subunit 4 (RFC4), ribonucleic acid
export 1 (RAEI), kinesin family member 2C (KIF2C), DEP
domain containing 1 (DEPDC1), activity dependent neuro-
protector homeobox (ADNP) and MCT1. The risk score was
calculated using the following formula: Risk score=(-0.0825
x TCOF1erpressiony + (0.0254 x RFC4epressiony 4+ (0.1454 x
RAEI19Pesiom)4(0.01 58 XKTF2CPression) +(0.1254x DEPDC] #*pression)
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Figure 1. Construction and validation of the GRS. (A) C-index values of prognostic models developed using 10 different machine learning algorithms in
training and validation datasets. Kaplan-Meier survival curves and corresponding time-dependent receiver operating characteristic curves for patients with
high vs. low GRS in (B) TCGA, (C) ICGC, (D) GSE14520 and (E) GSE76427 cohorts. GRS, glycolysis-related signature; TCGA, The Cancer Genome Atlas;
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ICGC, International Cancer Genome Consortium; AUC, area under the curve.

(0.0354 x ADNP expression) 1 (0768 x MCT1 epressiom) HCC cases
were divided into high-risk and low-risk categories using the
optimal cut-off. The results showed 1, 3 and 5-year area under
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the curves (AUCs) of 0.777,0.787 and 0.766 in TCGA cohort;
0.777, 0.844 and 0.823 in the ICGC cohort; 0.732, 0.789 and
0.793 in the GSE14520 cohort and 0.771, 0.865 and 0.767 in the
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GSE76427 cohort. Furthermore, a poor overall survival (OS)
rate was found in patients with HCC with a high-risk score in
TCGA, ICGC, GSE14520 and GSE76427 cohorts (all P<0.001;
Fig. IB-E).

Evaluation of the performance of GRS. Multivariate and
univariate Cox regression analyses demonstrated that GRS
was an independent prognostic factor across all four datasets
(all P<0.05; Fig. 2A and B). When compared with conven-
tional clinical features such as age, sex and tumor stage, the
GRS-based risk score achieved superior prognostic discrimi-
nation as reflected by its higher C-index value (Fig. 2C-F).
Notably, among 31 existing HCC prognostic signatures, GRS
outperformed all others with regards to the C-index value
(Table SII; Fig. 2G).

A predictive nomogram was also constructed incorporating
the GRS and clinical variables to estimate 1, 3 and 5-year
survival probabilities (Fig. 2H). Calibration plots consistency
between predicted and observed outcomes (Fig. 2I), further
validating the clinical utility of the model.

GRS-based distinct immune microenvironment in HCC.
Immune microenvironment analysis revealed notable correla-
tions between GRS and immune cell infiltration. Risk scores
were positively or negatively associated with specific immune
populations, including CD8* T cells, M1 and M2 macrophages
(Fig. 3A-D). Patients in the low-risk group showed elevated
levels of immune-activated cell types, including B cells, natural
killer cells, neutrophils, tumor-infiltrating lymphocytes and
CD8* T cells, compared with the high-risk group (Fig. 3E).
Moreover, patients in the low-risk group also demonstrated
higher enrichment scores in immune-related functions such as
antigen-presenting cell co-stimulation, cytolytic activity, human
leukocyte antigen (HLA) molecule expression, inflammation
promotion and T cell co-stimulation (Fig. 3F). Additionally,
stromal score, immune score and ESTIMATE scores were
significantly higher in the low-risk group compared with the
high-risk group, indicating a more active and immunologically
enriched tumor microenvironment (TME; Fig. 3G-I; all P<0.05).

GRS acts as an indicator for drug sensitivity in HCC.
Predictive efficacy of the GRS-based risk score in immuno-
therapy responses was assessed using a number of methods.
Firstly, TMB acted as a biomarker of immunotherapy
response (27). In patients with HCC, the low-risk score group
had a higher TMB score compared with the high-risk score
group (Fig. 4A; P<0.001). In addition, the immunophenoscore
acted as a predictor of the response to checkpoint blockade.
Patients with HCC that had a low-risk score demonstrated a
higher programmed cell death protein 1 (PD-1) immunophe-
noscore and cytotoxic T-lymphocyte-associated protein 4
(CTLA4) immunophenoscore (Fig. 4B; all P<0.05). Moreover,
low-risk score patients with HCC had a lower immune escape
score (Fig. 4C; P=0.02). Furthermore, TIDE scores can predict
responses to cancer immunotherapy (28). As shown in Fig. 4D,
patients with HCC that had a low-risk score demonstrated a
lower T cell dysfunction score, T cell exclusion score and
TIDE score (all P<0.05). Additionally, HLA serves a vital
role in antigen processing and antitumor immunity (29), with
a high risk score indicating a higher level of HLA-related
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genes (Fig. 4E). Immunological checkpoints are essential in
promoting self-tolerance and stifling immunological responses
in malignancy.

Patients with HCC that had a low-risk score in the
present study demonstrated higher levels of major immu-
nological checkpoints (Fig. 4F; all P<0.05). These data
suggested that patients with HCC that had a low-risk score
would be more responsive to immunotherapy. Additionally,
two immunotherapy cohorts were used to demonstrate the
aforementioned findings. In patients that received immuno-
therapy, non-responders had a higher risk score (Fig. 4G),
with this high-risk score indicating a poor OS rate (Fig. 4G).
Additionally, there was a notably decreased response rate in
patients with a high-risk score (Fig. 4G). The IMvigor210
cohort also showed similar outcomes (Fig. 4H). The IC;, value
of common medications used in targeted therapy and chemo-
therapy for HCC was also explored. Findings indicated that
patients with high-risk scores for HCC had lower ICs, values
for chemotherapy drugs, such as 5-fluorouracil, camptothecin,
docetaxel, oxaliplatin and paclitaxel and targeted therapy
drugs, such as afatinib, crizotinib, dasatinib, erlotinib and
osimertinib (Fig. 5A and B). Consequently, patients with HCC
and a high-risk score may respond more favorably to targeted
therapy and chemotherapy.

Distinct differences in cancer-related hallmarks in different
GRS-based risk score groups. In order to investigate the
molecular mechanisms in patients with HCC with varying
GRS scores, GSEA was performed. Gene set score was associ-
ated with angiogenesis, DNA repair, epithelial mesenchymal
transition (EMT) signaling, glycolysis, hypoxia, IL2-STATS
signaling, mTORC]1 signaling and the p53 pathway, and were
all higher in patients with high-risk HCC (Fig. 6A-I). Patients
with HCC that had a high-risk score indicated a higher apop-
tosis gene set score (Fig. 6J). This suggests that these biological
processes may be crucial in the initiation and progression of
HCC tumors.

Biological functions of MCTI in HCC. MCT]1, the gene with
the maximum coefficient in the risk score calculation formula
for further analysis, was selected. As shown in Fig. 7A, MCT1
was upregulated in HCC cell lines, including MHCC97,
HCCLM3 and SNU449, compared with the normal liver cell
line, THLE-2. Subsequently, MCT1 was knocked down in
MHCC97H cell lines (Fig. 7B). EMT-related proteins were
also detected, and the results indicated that downregulation of
MCT1 inhibited EMT in MHCCO97H cell line (Fig. 7C). The
results showed that the downregulation of MCT]1 inhibited
colony formation in HCC and resulted in cell cycle arrest and
apoptosis (Fig. 7D-F). Moreover, downregulation of MCT1
inhibited the migration and invasion of MHCC97H cell line
(Fig. 7G and H).

Discussion

In the present study, a GRS was established by integrating 10
machine learning algorithms, and its prognostic value was
evaluated across three independent cohorts. Among these, the
model constructed using the LASSO method demonstrated
a superior performance and was selected as the optimal


https://www.spandidos-publications.com/10.3892/ol.2025.15384

ZHOU et al: GLYCOLYSIS-RELATED SIGNATURE FOR HEPATOCELLULAR CARCINOMA

1D HR Low 95% CI High 95% CI _P-value Unicox TEDGA HR Low 95% CI High 95% CI _P-value Multicox
TCGA
Sex 1323 0817 1852 0580 —+o— Sex 1201 0678 1748 0664 —t—
Age 1297 0.804 2249 0534 —fo— Age 1124 03861 1538 0550 o
Stage 1988 1214 2726  5.390x10° —— Stage 1985 1.167 2680  8.631x10°5 e
Risk score  2.149  1.307 3.675 3.990x10-8 —— Risk score  2.130 1.429 3.051 2.842x10% ——
ICGC ICGC
Sex 0729 0221 1824 0809 | — Sex 0.961 0.758 1795  0.540 .4
Age 1269 0595 2889 0777 —_— Age 1543 0.606 3238 0984 ———
Stage 2253 1.246 2.910 5.429x10° —— Stage 1.628 1.183 2.403 2.746x10* ——
Risk score  2.144  1.392 3601 2:460x10-' e Risk score 1.846 _ 1.363 2,668 1.600x10-" ——
GSE14520 GSE14520 2
Sex 0920 0.726 1185 0496 —o- Sex 0.955  0.526 1688  0.639 4
Age 1039 0773 2310  0.554 N Age 1112 0752 1695 0564 e
Stage 2122 1.498 2613 1.280x10° —o- Stage 1702 1354 2238 1.800x107 -
Risk score 2.196 _ 1.284 3.648 1.420x10® — Risk score 1.894 = 1159 : 2394 1451x10% vy = AR
GSE76427 GSE76427
Sex 1009 0.942 1496 0682 ¢ Sex 0999 0842 1302 0638 s
Age 1558 0270 9068  0.695 * Age 1101 0198 8927 0754
Stage 1504  1.051 2660  9.672x10° > Stage 2632 1.886 4309  6.572x107 .
Risk score 2.673  1.208 3.909 8.660x10° *]kl : Risk score 2.542 1.494 3.530 2.310x10% . |+ ’ :
logHR -1 0 1 2 3 log, HR 1 0 1 2 3
TCGA ICGC GSE14520 GSE76427
@© @ @ ®
X O x O _— x O S
3 ® —~— ® o ©
2 < ! gt | T —_ 2« , e «
8o —— Risk score 8o — Risk score g o = Risk score 83 - Risk score
SI —gex Q o =—Sex @ o5 =—Sex SIS = Sex
S - Stage S = Stage Q = Stage —
o Q ISH=} 9 3o g 8o Stage
(=4 I T T T 1 S T T T ] o T T T 1 S T T T 1
2 4 6 8 10 1 2 3 4 5 1 2 3 4 5 1.0 20 3.0 40 50
Time (years) Time (years) Time (years) Time (years)
0.785
0.75 S 0738 07135 0718 0715 0703 %737 0721 0.707 0.705 0.704
' S [ o631 0652 0668 1092 0663 0085 - 0575 0ces 00 gaso D101 108 Qass 082 OB | o 0681 |, 0oz 0675 0587 6Bt
x
% 0.50
°
£
:
O 0.25
0.00
O £ £ 353 3 ©»c O o o O o c O [} o D 3 TS
% >:- E 8 3 8 IL @ &€ § ¢ &8 ¢ © € < %, c %, o < '5 T >é) c é cx 2 O
[0} > 0 ] c = © c 8 O & S 2 £ o 5 2 = S =
© c g L. N o290 S 80 £~ g O 2 ¢
O ey = X ; (@] = © N
N 2
H  poins 8 20 70 ) 80 T00 I Q | T "
hoe L " %
Sex L‘l @ | : }
Female *Male ;@‘ o
Stage ~
8 © |
) o
Risk score Ee)
b g
; 5 <
Total points % S
o
(e}
1 180 200 220 240 260 280 W e 1{-year OS
=}
. 078 ——
Pr( futime >75 g 06 04 02 01 0035001 3-years OS
o o === 5-years OS
Pr( futime > 3§ g 07 05 03 0.160.08 o L . T T T T
Q9 0.0 0.2 0.4 0.6 0.8 1.0
Pr( tutime S {55555 0B85 0.5 0.5 055045

Namogram-predicted OS (%)

Figure 2. Assessment of the predictive performance of the GRS. (A) Univariate and (B) multivariate Cox regression analyses identified risk factors associated
with HCC prognosis. C-index curves comparing GRS with clinical parameters across (C) TCGA, (D) ICGC, (E) GSE14520 and (F) GSE76427 training
and testing datasets. (G) Comparison of C-index values between GRS and previously published HCC prognostic models. (H) Prognostic nomogram inte-
grating age, sex, clinical stage and GRS score. (I) Calibration plots showing agreement between predicted and actual 1, 3 and 5-year survival probabilities.
GRS, glycolysis-related signature; HCC, hepatocellular carcinoma; TCGA, The Cancer Genome Atlas; ICGC, International Cancer Genome Consortium;

HR, hazard ratio; OS, overall survival.

prognostic tool. Patients with elevated GRS scores exhibited
notably worse clinical outcomes, as reflected by 1, 3 and 5-year
AUCs of 0.777,0.787 and 0.766, respectively. In addition to the
prognostic value, the GRS also proved effective in predicting
therapeutic responsiveness in HCC.

The final GRS was comprised of seven GRGs: TCOFI,
RFC4, RAE1, KIF2C, DEPDC1, ADNP and MCT1. TCOF1
has been reported to drive tumorigenesis by regulating ribo-
somal RNA synthesis and promoting oncogenic pathways (30).
RFC4 acts as a powerful prognostic indicator and serves a role
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in cell proliferation within HCC (31). Moreover, RFC4 serves  and showed an association with clinicopathological character-
as a novel biomarker in pan-cancer due to its association with istics (33). In addition, the silencing of KIF2C has been shown
immune infiltration and drug response (32). A previous study  to enhance chemosensitivity through the PI3K/AKT/MAPK
also demonstrated that RAE1 was a prognostic marker for HCC  axis (34), and DEPDCI1 promotes proliferation, invasion
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and angiogenesis in HCC through the C-C motif chemokine
ligand 20/C-C motif chemokine receptor 6 pathway (35,36).
Furthermore, ADNP is linked to both immune modulation and
radiosensitivity in liver cancer (37). Finally, MCT1, a key glyco-
Iytic transporter, has been implicated in autophagy-mediated
metastasis and metabolic reprogramming through activation
of the Wnt/B-catenin pathway (38).

Immunotherapy is a promising treatment alternative for
patients who are unable to undergo surgery (39). However,
reliable biomarkers that predict immunotherapy responses
remain limited. The efficacy of GRS in predicting the benefits
a patient may receive from immunotherapy was examined in
the present study, with findings indicating that the GRS may
offer predictive value in this context. Patients with HCC
and higher TIDE scores, indicative of immune evasion,
benefited less from immunotherapy (40), with an improved
immunotherapy benefit being indicated by a higher TMB
score (41). In patients with HCC that had a low-risk score, a
higher TMB score as well as lower TIDE and tumor escape

scores were observed. The immunophenoscore was estab-
lished to forecast patient reactions to immune checkpoint
inhibitor therapies, mainly using TCGA RNA-sequencing
data (42). A higher immunophenoscore supports the concept
that immunotherapy is more effective in patients with HCC
and a low-risk score, which was in line with the findings of
the present study. A worse response to immunotherapy may
therefore be indicated by a higher GRS-based risk score in
HCC.

The potential mechanisms underlying the association
between patients with HCC with a high GRS score and poor
immunotherapy benefits must be further explored. Notably,
the findings of the present study align with prior studies by
Zhang et al (43) and Peng et al (44), which systematically
outlined the role of altered glycolysis in mediating drug
resistance across diverse cancer types and other disease.
Zhang et al (43) found that the N6-methyladenosine
demethylase fat mass and obesity-associated protein (FTO)
attenuates cardiac dysfunction by regulating glucose uptake
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Figure 7. Biological functions of MCT1 in HCC. (A) Western blotting was applied to detect MCT1 expression levels in normal hepatic and HCC cell lines.
(B) Western blotting was applied to detect MCT1 knockdown efficiency in MHCC97H cells. (C) Western blotting was applied to detect EMT-related proteins
expression levels, including E-cadherin and N-cadherin protein. (D) Colony formation assay showed colony formation was impaired following MCT1 silencing.
Flow cytometry showed reduced MCT1 expression caused (E) cell cycle arrest and (F) increased apoptosis. (G) Cell migratory detected by wound healing
assay and (H) invasive capacities detected by Transwell assay were diminished upon MCT1 downregulation. “P<0.05 and “P<0.01. MCT1, monocarboxylic
acid transporter 1; HCC, hepatocellular carcinoma; E-cadherin, epithelial cadherin; N-cadherin, neural cadherin; sh, short hairpin; Ctrl; control; ns, not

significant.

and glycolysis in mice with pressure overload-induced
heart failure, suggesting FTO is a potential target for heart
failure prevention and treatment. Peng er al (44) suggested
that glycolysis-driven suppression of IFN-vy signaling
may contribute to immunotherapy resistance. By contrast,
excessive glycolytic activity driven by STATS-induced
lactate production may also sensitize certain tumors to
a PD-1/programmed death-ligand 1 (PD-L1) blockade,

indicating a complex relationship between metabolic status
and immune response (45). These studies emphasized that
excessive lactate production and acidification of the TME
impairs drug delivery and fosters immune evasion, both of
which contribute to reduced therapeutic efficacy.

In the present study, high-risk patients demonstrated
elevated glycolytic activity and upregulation of MCTI, a
monocarboxylate transporter responsible for lactate export,
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supporting the hypothesis that glycolysis-driven acidosis may
underlie poor immunotherapy and chemotherapy responses.
The upregulation of glycolytic genes and enrichment of
pathways such as EMT, mTORCI and hypoxia signaling in
high-risk HCC, further reinforces the mechanistic links
between metabolic reprogramming and treatment resistance.
These observations underscore the translational potential of
combining glycolysis inhibitors, such as MCT1 antagonists,
with existing therapeutic regimens to overcome resistance and
improve outcomes in HCC.

Functional enrichment analysis further demonstrated
that several oncogenic pathways, including angiogenesis,
glycolysis, hypoxia, mTORC1, EMT and p53 signaling, were
upregulated in patients with a high-risk score. These biological
programs promote tumor development, immune evasion and
treatment resistance in HCC. Angiogenesis is important in
the development of HCC (46) and hypoxia is associated with
innate immunity and tumor progression in HCC (47). In addi-
tion, glycolysis is notably associated with the prognosis of
HCC (48) and phenylalanyl-tRNA synthetase subunit 3 has
been shown to promote tumor progression by activating the
mTORCI1 signaling pathway (49).

Notably, HCC progression may also be associated with
therapeutic resistance. EMT is a mechanism in which
E-cadherin expression is lost during tumor progression (50).
E-cadherins are crucial cell-cell adhesion proteins with
tumor suppression properties (51). Loss of E-cadherin
during EMT is associated with tumor progression and
broad-spectrum treatment resistance. In multiple cancers,
EMT programs, occasionally precipitated or reinforced
during exposure to cytotoxic agents such as cisplatin or
paclitaxel, are associated with reduced drug sensitivity and
increased survival of motile, detached cells (52). Recent
structural and single-molecule work by Xie er al (53)
identified 66ES8, a conformation-specific monoclonal
antibody against E-cadherin that stabilizes the adhesive
strand-swap dimer of E-cadherin by strengthening electro-
static contacts around the N-terminal swapped B-strand and
its hydrophobic pocket, thereby impeding conformational
changes that favor dimer dissociation under force (53). The
‘swapped B-strand’ refers to the N-terminal 3-strand in the
extracellular cadherin domain 1 that exchanges between
two E-cadherin protomers to form the strand-swap dimer,
the high-affinity adhesive state that underpins epithelial
cell-cell junctions. Functionally, stabilizing cadherin-medi-
ated adhesion is expected to reduce detachment and
anoikis resistance, blunt EMT-like migratory programs
and re-sensitize tumors to therapy by restoring mechano-
transduction and immune engagement at tumor-immune
interfaces. Complementing this, pro-inflammatory IL-17A
can downregulate E-cadherin and upregulate PD-L1,
fostering immune evasion (54). Thus, therapeutic angles
for future studies in HCC include: i) Adhesion-stabilizing
biologics (such as 66E8 or E-cadherin-stabilizing peptides)
to curb dissemination and enhance chemotherapy efficacy;
ii) combination strategies pairing adhesion stabilization
with immune checkpoint blockade to counter IL-17A-driven
PD-L1 induction; and iii) rational combinations with
metabolic modulators (such as inhibitors targeting
glycolysis/MCT1 in GRS-high, EMT-enriched tumors) to
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simultaneously relieve acidosis-driven EMT and reinforce
junctional adhesion. Collectively, these approaches support
the concept that enhancing E-cadherin adhesion may inhibit
HCC progression and improve therapeutic benefits.

There are several limitations of the present study which must
be acknowledged. Firstly, although the expression and func-
tion of MCT1 was evaluated in vitro, in vivo experiments are
required to demonstrate its role in tumor progression. Secondly,
the analyses were primarily based on transcriptomic data, which
may not fully capture protein-level or functional dynamics.
Lastly, external validation within an in-house or prospective
cohort would further strengthen the generalizability of the find-
ings of the present study.

In conclusion, the present study developed a novel GRS for
HCC, serving as an indicator for predicting clinical outcomes
and immunotherapeutic responses.
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