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Glycolysis-related MIRNA signature
predicts prognosis, recurrence

risk, and therapeutic responses in
hepatocellular carcinoma
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Hepatocellular carcinoma (HCC) is a highly heterogeneous malignant tumor characterized by a high
recurrence rate and poor prognosis. In recent years, the study of miRNAs as potential prognostic
markers and therapeutic targets, as well as their regulation of the glucose metabolism pathway in
HCC, has attracted widespread attention. This study aims to construct a risk model for predicting the
prognosis of HCC by analyzing differentially expressed glycolysis-related miRNAs and further explore
their relationship with the immune microenvironment and drug sensitivity. In this study, the original
mRNA and miRNA expression data of HCC were downloaded from the TCGA and GEO databases,
respectively, with a total of 374 TCGA samples and 97 GSE30297 samples collected. A prognostic

risk score model for HCC was constructed using LASSO regression analysis, and survival differences
between different risk groups were analyzed using Kaplan-Meier curves. Metascape and GSEA analyses
were performed for functional enrichment to explore the potential molecular mechanisms of the model
miRNAs. Additionally, the CIBERSORT algorithm was used to analyze the immune microenvironment,
and the “pRRophetic” package was employed to predict the sensitivity of HCC patients to commonly
used chemotherapy drugs. Real-time quantitative PCR (RT-qPCR) was used to detect the expression
levels of these glycolysis-metabolism-related miRNAs with prognostic value in tumor tissues and
adjacent normal tissues of HCC patients. Through differential expression analysis, a total of 4,421
differentially expressed mRNAs and 106 differentially expressed miRNAs were screened, and 59
glycolysis-metabolism-related differential miRNAs were identified. Cox univariate regression and
LASSO regression analysis were used to select 10 prognosis-related miRNAs, and a risk score model
based on these miRNAs was constructed. The validation results of the model in both the training and
test sets showed that the overall survival (OS) of the high-risk group was significantly lower than that
of the low-risk group (P <0.05). The nomogram model further validated the independent predictive
value of the risk score for the prognosis of HCC patients. Inmune microenvironment analysis revealed
that the content of immune cells, such as MO macrophages and regulatory T cells (Tregs), was higher

in the high-risk group, while the content of immune cells, such as resting NK cells, was lower. Drug
sensitivity analysis showed that the risk score was significantly correlated with the sensitivity to
various chemotherapeutic drugs (e.g., Methotrexate, Paclitaxel). The results of RT-qPCR showed that
the expression levels of hsa-mir-454 and hsa-mir-149 were up-regulated in HCC, and the expression
level of hsa-mir-621 was down-regulated in HCC. However, the expression level of hsa-mir-653 was not
significant in HCC, and the difference was not statistically significant. In patients with recurrent and
primary HCC, the results showed significant expression differences between hsa-mir-454 and hsa-
mir-621. Specifically, hsa-mir-454 was upregulated in recurrent tumor samples, while hsa-mir-621 was
downregulated. Notably, hsa-mir-149 and hsa-mir-653 showed no statistically significant differences
between the two groups. This study established a reliable prognostic risk scoring model for HCC

by screening differentially expressed glycolysis-related miRNAs, which effectively distinguishes
between high-risk and low-risk patients and predicts patient survival. Additionally, the model is closely
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associated with the immune microenvironment and drug sensitivity, offering strong support for
personalized treatment and clinical decision-making in HCC.
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Hepatocellular carcinoma (HCC), the sixth most prevalent malignancy worldwide and the third leading cause of
cancer-related mortality, continues to exhibits increasing incidence and death rates globally'. Current treatment
modalities primarily involve surgical resection, radiotherapy, and locoregional therapies. Nonetheless, HCC
displays aggressive pathological features, including rapid cellular proliferation, high metastatic potential, and
frequent neurovascular invasion, culminating in postoperative recurrence and distant metastasis in over 70% of
cases. Consequently, the prognosis remains poor, with a 5-year survival rate below 20%, representing a substantial
global health burden®’. At present, the search for potential and reliable molecular targets is particularly
important for the prognosis, recurrence risk and therapeutic efficacy evaluation of HCC. Ye W et al.* discovered
that association between higher expression of Vavl in HCC and unfavourable clinicopathological features and
prognosis. Mu R et al.’ reported that the expression of PRDX6 may be closely related to the prognosis of HCC.
However, the underlying molecular mechanisms driving HCC development remain incompletely understood,
underscoring the clinical importance of identifying novel biomarkers for prognostic evaluation and recurrence
risk stratification.

MicroRNAs (miRNAs), a class of endogenous, single-stranded non-coding RNAs (~ 22 nucleotides),
modulate gene expression at the post-transcriptional level by binding to complementary sequences within
the 3’-untranslated regions (3'-UTRs) of target mRNAs. This interaction induces mRNA degradation or
translational repression, thereby regulating critical biological processes such as cell proliferation, cycle
progression, differentiation, and apoptosis®. Increasing evidence demonstrates that miRNAs exert context-
dependent oncogenic or tumor-suppressive functions through their interaction with diverse molecular targets’.
Aberrant miRNA expression is mechanistically associated with tumor initiation, progression, and therapeutic
resistance, positioning them as promising candidates for diagnostic and therapeutic applications.

Cellular energy metabolism is predominantly sustained through glucose catabolism via two principal ATP-
generating pathways: mitochondrial oxidative phosphorylation and cytoplasmic glycolysis®. Under normoxic
conditions, glucose is transported into cells via glucose transporters (GLUTs) and sequentially metabolized
through glycolysis, the tricarboxylic acid (TCA) cycle, and oxidative phosphorylation, yielding carbon dioxide,
water, and up to 36 ATP molecules per glucose molecule®. In contrast, tumor cells frequently undergo metabolic
reprogramming, characterized by persistent glycolysis despite adequate oxygen availability—a phenomenon
termed the Warburg effect or aerobic glycolysis'. This adaptation supplies biosynthetic precursors to sustain
uncontrolled proliferation and contributes to an acidic tumor microenvironment that facilitates immune evasion
and metastatic progression!!. As such, targeting aerobic glycolysis represents a viable strategy for disrupting
cancer-specific metabolic dependencies.

Recent studies implicate miRNA-mediated regulation of key glycolytic enzymes (e.g., HK2, LDHA) and
signaling cascades (e.g., PI3K/AKT/mTOR) in governing tumor growth, invasion, and metastatic dissemination
across multiple malignancies, including breast cancer, oral squamous cell carcinoma, prostate cancer, and
pancreatic ductal adenocarcinoma'?-1°. In light of this, a glycolysis-related miRNA-based prognostic model
was developed and validated using bioinformatics approaches to evaluate survival outcomes in HCC. The
model further investigates its associations with tumor recurrence, immune microenvironment remodeling,
and responsiveness to immunotherapy, thereby offering a robust, evidence-driven framework for prognostic
assessment and therapeutic decision-making in HCC. Despite emerging insights, the prognostic potential of
glycolysis-related miRNA signatures in HCC remains underexplored. To address this, the proposed model
integrates survival prediction for both overall survival (OS) and recurrence-free survival (RFS), while also
correlating with immune infiltration patterns, recurrence risk, and immunotherapeutic sensitivity. These
findings contribute to a translational foundation for refined risk stratification and individualized treatment
strategies in HCC.

Materials and methods

Data download and clinical data of patients with HCC

The TCGA database (https://portal.gdc.cancer.gov/) is currently the largest repository of cancer-related genetic
data, encompassing gene expression data, copy number variations, SNPs, and more. The original mRNA
expression data for HCC were downloaded, obtaining a total of 374 samples, which included 371 primary
tumor samples and 3 recurrent tumor samples. Additionally, the original miRNA expression data for HCC were
retrieved, comprising 375 samples, with 372 from primary tumors and 3 from recurrent tumors.

The GEO database (https://www.ncbi.nlm.nih.gov/geo/info/datasets.html), or Gene Expression Omnibus,
is a gene expression database maintained by the National Center for Biotechnology Information (NCBI). The
Series Matrix File for GSE30297 was downloaded from the NCBI GEO public repository, using the annotation
file GPL8786. This dataset includes 97 samples, consisting of 36 primary tumor samples and 61 recurrent tumor
samples.
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From January 2025 to September 2025, we collected fresh tumor and adjacent tissue samples from 16 HCC
patients who underwent radical surgery from the First Affiliated Hospital of Kunming Medical University.
Among them, 10 cases were primary and 6 cases were recurrent. Complete clinical history information was
available for all patients, and the diagnosis of HCC was confirmed microscopically by two pathologists. Then,
RT-qPCR was used to determine the levels of four miRNAs expression.

Ethical considerations

The Ethics Committee of the First Affiliated Hospital of Kunming Medical University examined and approved
this study, which involved human data, in accordance with the Declaration of Helsinki [(2023) Ethics L No.
205]. Every participant provided written informed permission. All participants’ personal information was kept
private, participation in the study was entirely voluntary, and all data sets were coded and maintained over the
entire data gathering and analysis process.

Model construction and prognosis

To construct a prognosis-related model, miRNAs associated with prognosis were selected and analyzed using
Lasso regression. The expression values of each selected miRNA were incorporated into a risk score formula
for each sample, with the regression coefficients derived from Lasso regression analysis. Based on the median
risk score, the samples were divided into low-risk and high-risk groups. Survival differences between the two
groups were assessed using Kaplan-Meier analysis, with comparison via the log-rank test. The prognostic
predictive value of the risk score was further evaluated through stratified analysis and Lasso regression. The
model’s prediction accuracy was assessed by generating ROC curves. The cross-validation multiple is 10,]Jambda.
min=0.03382 (the penalty coefficient corresponding to the minimum error).

Construction of nomogram model

The nomogram, based on multivariate regression analysis, was constructed by incorporating both miRNA
expression data and clinical factors. In the nomogram, line segments with scales are drawn on a shared plane
to represent the relationships between variables. Each factor’s contribution to the outcome is determined by its
regression coefficient. The values for each influencing factor are assigned scores, and the total score is calculated
by summing these values to derive a predicted outcome.

Metascape enrichment analysis

The Metascape database (www.metascape.org) was utilized for functional annotation of the model miRNAs
to explore their functional relevance comprehensively. Gene Ontology (GO) pathway analysis was conducted
on specific miRNAs, with a minimum overlap of 3 and a p-value threshold of <0.01 considered statistically
significant.

GSEA

Based on the sample risk scores, patients were stratified into high-risk and low-risk groups. Subsequently,
differences in signaling pathways between the two groups were assessed using Gene Set Enrichment Analysis
(GSEA). The background gene set used in the analysis was version 7.0 of the MsigDB annotation gene set,
serving as the reference for subtype pathway annotations. Differential expression analysis of the pathways was
performed, with significantly enriched gene sets (adjusted p-value <0.05) ranked according to their consistency
score. GSEA is commonly employed to explore the integration of disease classification and its biological
significance.

Immune microenvironment analysis

The CIBERSORT method, based on support vector regression, was employed to evaluate immune cell types
within the tumor microenvironment. This method performs deconvolution analysis on the expression matrix of
immune cell subtypes, distinguishing 22 human immune cell phenotypes, including T cells, B cells, plasma cells,
and myeloid cell subsets. In this study, the CIBERSORT algorithm was applied to analyze patient data, inferring
the relative proportions of 22 immune cell types and performing correlation analysis between gene expression
and immune cell content.

Drug sensitivity analysis

To predict the chemotherapy sensitivity of each tumor sample, the largest pharmacogenomics database, GDSC
(Cancer Drug Sensitivity Genomics Database, https://www.cancerrxgene.org/), was utilized. The R package
“pRRophetic” was applied to predict the IC50 values for each chemotherapy drug treatment. These values were
estimated using a regression method, with the prediction accuracy validated by 10-fold cross-validation using
the GDSC training set. All parameters, including “combat” for batch effect correction, were set to default values,
and the average of repeated gene expressions was taken for analysis.

RT-qPCR analysis

Total RNA was isolated from fresh tumor tissue and adjacent tissue samples of HCC by using RNAiso Plus
(TAKARA). For miRNAgs, the reverse transcription of obtained RNA to cDNA via The PrimeScript™ RT reagent
Kit (TAKARA). Then, The HieffTM qPCR SYBR Green Master Mix (YEASEN) was used to detect The expression
of miRNAs. Each sample was needed three replicates wells. The 2742 method was used to calculated the relative
expression. Total synthesized primers were purchased Beijing TsingkeBiotech and listed in Table S1.
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Statistical analysis

Statistical analyses were performed using R language (version 4.3.0) and Quantitative data were presented as
mean *standard deviation. Data of non-normal distribution were analysed with Wilcoxon test between two
groups, with p <0.05 was considered statistically significant.

Results

Differential analysis

RNA-seq expression data for HCC were downloaded from the TCGA database, comprising 374 samples,
including 371 primary tumor samples and 3 recurrent tumor samples. Additionally, original miRNA expression
data for HCC were retrieved, consisting of 375 samples, with 372 from primary tumors and 3 from recurrent
tumors. Differential gene expression analysis between the two groups was conducted using the limma package,
applying a threshold of p-value < 0.05. From the RNA-seq dataset, a total of 4421 differential genes were identified,
including 3746 upregulated genes and 675 downregulated genes (Fig. 1A-B). Similarly, 106 differential miRNAs
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Fig. 1. Differential analysis. (A) Volcano diagram of mRNA differentially expressed genes, with blue
representing downregulated differentially expressed genes and pink representing upregulated differentially
expressed genes. (B) A heatmap of mRNA differentially expressed genes, with blue representing downregulated
differentially expressed genes and pink representing upregulated differentially expressed genes. (C) Volcano
diagram of miRNA differentially expressed genes, with blue representing downregulated differentially
expressed genes and pink representing upregulated differentially expressed genes. (D) A heatmap of miRNA
differentially expressed genes, with blue representing downregulated differentially expressed genes and pink
representing upregulated differentially expressed genes. (E) Venn diagram of the intersection between mRNA
differentially expressed genes and glycolytic genes. (F) Wayne diagram of the intersection between mRNA
differentially expressed genes and metabolic genes.
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were identified from the miRNA-seq dataset, with 96 upregulated miRNAs and 10 downregulated miRNAs
(Fig. 1C-D). Subsequently, 200 glycolysis-related genes were obtained from the HALLMARK_GLYCOLYSIS
gene set of the MSigDB molecular signature database (https://www.gsea-msigdb.org/gsea/msigdb/), along with
5102 metabolism-related genes from the literature!®. Using a Venn diagram, 20 differential glycolysis genes and
528 differential metabolism genes were identified (Fig. 1E-F). To explore the relationships between differential
miRNAs and differential glycolysis and metabolism genes, correlation coefficients were calculated using the
cor.test() function, with filtering conditions set at a correlation coefficient > 0.3 and p-value < 0.05. The results
were visualized in a scatter plot, ultimately identifying 59 differentially expressed glycolysis-metabolism-related
miRNAs. Furthermore, the regulatory network between these differential miRNAs, glycolysis genes, and
metabolism genes was visualized using Cytoscape to illustrate their interactions (Fig. 2).

Construction of the prognostic model

Clinical data from HCC samples were collected from the TCGA database, and prognostic miRNAs in HCC were
identified by performing Cox univariate regression on differentially expressed glycolysis-metabolism-related
miRNAs. Ten prognostic-related miRNAs were identified (p-value <0.05) (Fig. 3A). Based on these prognostic
miRNAs, characteristic miRNAs in HCC were selected using the Lasso regression feature selection algorithm.
The processed samples with survival data from the TCGA-LIHC dataset were randomly divided into a training
set and a test set in a 4:1 ratio. After performing Lasso regression analysis (Fig. 3B-D), the optimal risk score
value for each sample was determined for subsequent analysis: RiskScore = hsa-mir-621 x (—0.121994968) + hsa-
mir-454 x (—0.047356538) + hsa-mir-653 x 0.0801983486745445 + hsa-mir-149 x 0.265842951894282. Based on
the risk score, samples were categorized into high-risk and low-risk groups. Kaplan-Meier survival analysis
revealed that the OS of the high-risk group was significantly lower than that of the low-risk group in both the
training and test sets (Fig. 3E-F). Furthermore, ROC curve analysis of both the training and test sets confirmed
the good validation efficiency of the model (Fig. 3G-H).

Verification of MiRNA differential expression by external data sets

Transcriptome data of HCC(GSE30297) was analyzed to assess the expression differences of model miRNAs
between primary and recurrent tumor samples. The results revealed significant expression differences for hsa-
mir-454 and hsa-mir-621, with hsa-mir-454 exhibiting higher expression levels in recurrent tumor samples
(Fig. 4).

Clinical correlation analysis and univariate and multivariate analysis

Clinical correlation analysis, along with univariate and multivariate analyses, categorized risk score values
according to clinical index values, presenting the results of each clinical grouping through box plots (Fig. 5A-
H). The rank sum test showed significant differences in the distribution of risk scores between groups based
on Fustat, tumor stage, and tumor T stage (p-value <0.05), demonstrating the applicability of the risk score
derived from the modeling analysis for classifying HCCsamples. Additionally, univariate and multivariate Cox
regression analyses identified the risk score as an independent prognostic factor for patients with HCC (Fig. 6A-
B).

Construction of the nomogram model

The results of regression analysis for clinical characteristics were presented in the form of a nomogram,
incorporating the risk scores of the samples. This analysis demonstrated varying contributions of different
clinical indicators and the risk score to the overall scoring process across all samples (Fig. 6C). Additionally,

Fig. 2. PPI network. Glycolysis metabolism related genes and miRNA networks, with green representing
glycolysis metabolism genes and red representing miRNAs.
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Fig. 3. Construction of prognostic model. (A) Single factor forest plot of prognostic miRNA. (B) The LASSO

coeflicient distribution of prognostic genes and the gene combination at the minimum lambda value. (C) Ten

cross validation of tuning parameter selection in LASSO model to determine the minimum lambda value. (D)
The coefficient of Lasso gene. (E-F) The survival curve of the TCGA model training set and testing set. (G-H)

The ROC curve of the training and testing sets for the TCGA model.
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Fig. 5. Clinical correlation. (A-H) Correlation between risk scores and clinical indicators.

predictive analyses for OS at 1, 2, and 3 years were performed (Fig. 6D), accompanied by ROC and DCA curves.
The findings indicated that the predicted OS closely matched the observed OS, confirming the Nomogram
model’s strong predictive efficiency (Fig. 6E-F).

Functional enrichment analysis

Metascape analysis revealed that the model miRNAs were enriched in the RISC complex pathway (Fig. 7A).
Further investigation into the signaling pathways associated with high- and low-risk models aimed to elucidate
the molecular mechanisms by which risk scores influence tumor progression. GSEA results identified several
involved pathways, including the Cytosolic DNA-sensing pathway, DNA replication, and Notch signaling
pathway (Fig. 7B-C). A total of 1503 mRNAs, corresponding to 1574 mRNA-miRNA pairs, were predicted for
the 4 model miRNAs using the miRDB database, with visualization through Cytoscape (Fig. 8).

Immune microenvironment analysis

The tumor microenvironment primarily consists of tumor-associated fibroblasts, immune cells, extracellular
matrix, growth factors, inflammatory factors, specific physical and chemical characteristics, and the cancer cells
themselves. It plays a pivotal role in influencing tumor diagnosis, survival outcomes, and clinical treatment
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responses. To further investigate the molecular mechanisms by which risk scores affect HCC progression, the
relationship between risk scores and tumor immune infiltration was analyzed. Immune cell content and immune
cell correlations were presented for high- and low-risk groups in various formats (Fig. 9A-B). Compared to the
low-risk group, the high-risk group exhibited significantly lower levels of Monocytes and resting NK cells, while
levels of Macrophages M0 and regulatory T cells (Tregs) were significantly higher (Fig. 9C). Further exploration
of the correlation between risk scores and immune cells revealed a significant positive correlation between risk
scores and resting Dendritic cells, Tregs, and Macrophages MO, as well as a significant negative correlation with
resting Mast cells, NK cells, and memory resting CD4 + T cells (Fig. 9D).

Correlation analysis between immune cell markers and risk score

Immune cell markers were obtained from the CellMarker2.0 database, and correlation analysis was performed
using the cor.test() function. The results indicated a significant positive correlation between the risk score and
immune cell markers such as T cells, Monocytes, and Dendritic cells (Fig S1). Additionally, immune regulatory
genes from the TISIDB database, including immunosuppressive factors, immunostimulatory factors, chemokines,
and chemokine receptors, were analyzed for differences between high- and low-risk groups (Fig. 10A-E).
In terms of Chemokines, genes such as CCL2, CCL20, and CCL21 were significantly more expressed in the
high-risk group. In Immunoinhibitors, the expression of genes like CSFIR, CTLA4, and HAVCR2 was also
significantly higher in the high-risk group. Similarly, Inmunostimulators such as CD86, CXCR4, and ENTPDI,
as well as MHC-related genes like HLA-DMA, HLA-DMB, and HLA-DOA, exhibited higher expression in the
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Fig. 8. miRNA network. Interaction network of key miRNA and mRNA, red represents miRNA, green
represents mRNA.

high-risk group. Receptor genes, including CCR1, CCR10, and CCR2, were also expressed at significantly higher
levels in the high-risk group.

Drug sensitivity

In early HCC, the combination of surgery and chemotherapy has proven effective. This study, utilizing drug
sensitivity data from the GDSC database, applied the R package “pRRophetic” to predict chemotherapy
sensitivity for each tumor sample and to further assess the relationship between risk scores and sensitivity to
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common HCC chemotherapy drugs. The results demonstrated a significant correlation between the risk score
and the sensitivity of patients with HCC to methotrexate, paclitaxel, docetaxel, vinblastine, gemcitabine, and
erlotinib (Fig S2).

Validation of the expression levels of four MiRNAs in HCC

RT-qPCR was used to detect fresh tumor tissue and adjacent tissue samples from 16 HCC patients, and the
results showed that the expression levels of hsa-mir-454 and hsa-mir-149 were up-regulated in HCC, and the
expression level of hsa-mir-621 was down-regulated in HCC. However, the expression level of hsa-mir-653 was
not significant in HCC, and the difference was not statistically significant (Fig. 11A). In patients with recurrent
and primary HCC, the results showed significant expression differences between hsa-mir-454 and hsa-mir-621.
Specifically, hsa-mir-454 was upregulated in recurrent tumor samples, while hsa-mir-621 was downregulated.
Notably, hsa-mir-149 and hsa-mir-653 showed no statistically significant differences between the two groups
(Fig. 11B).

Disscussion

HCC remains one of the most prevalent malignancies globally, with particularly high incidence rates in Asia!”
Traditional prognostic stratification largely relies on clinicopathological features such as tumor size, multifocality,
and vascular invasion. However, these parameters often lack the accuracy necessary to predict long-term survival
outcomesand recurrence risks'®. Asaresult, identifying novel biomarkers and developing more precise prognostic
models have become central objectives in HCC research. Wang ] et al.'’reported FIGNL1 could modulate the
ECM-receptor interaction pathway through the regulation of HMMR, thus regulating the formation of HCC. Xue
C et al®®. reported that the down-regulation of IncRNA DGCR5 expression is associated with poor prognosis of
HCC. Li X et al*!. reported that MTLT-related genes can serve as diagnostic and prognostic biomarkers for HCC
and new therapeutic targets, which may contribute to a further understanding of the molecular pathogenesis of
HCC and provide potential therapeutic strategies for HCC. Recent advancements in miRNA-based biomarkers
have provided valuable insights into the molecular mechanisms of hepatocarcinogenesis, diagnosis, and
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therapeutic strategies. Notably, the development of miRNA-derived risk signatures to predict HCC survival
and recurrence has attracted significant attention?>?*. These breakthroughs offer innovative frameworks for
optimizing personalized treatment strategies in patients with HCC.

In this study, mRNA and miRNA expression profiles for HCC were obtained from the TCGA and GEO
databases, respectively. Through a comprehensive analysis, four glycolysis-related miRNAs (hsa-mir-621, hsa-
mir-454, hsa-mir-653, and hsa-mir-149) were identified and integrated into a prognostic model for HCC.
The predictive efficacy of this model was rigorously validated using independent training and testing cohorts,
showing robust performance in stratifying survival outcomes.

Current literature suggests that hsa-mir-621 primarily functions as a tumor suppressor. For example, in
acute myeloid leukemia (AML), hsa-mir-621 inhibits cell proliferation by targeting the long non-coding
RNA SNHG10?!. Similarly, in colorectal cancer (CRC), hsa-mir-621 directly suppresses LEF1, disrupting
oncogenic signaling”. However, the role of hsa-mir-621 in HCC remains poorly defined, and its mechanistic
contributions to hepatocarcinogenesis are not fully understood. Yao Zhang et al.2 reported that downregulation
of hsa-mir-621 promotes HCC cell proliferation by targeting CAPRINI. Nevertheless, whether hsa-mir-621
participates in hepatocarcinogenesis through modulation of the glycolytic pathway remains unexplored. Our
study demonstrated an inverse correlation between hsa-mir-621 expression and poor HCC prognosis, with
its expression significantly lower in recurrent HCC samples compared to primary tumors, suggesting tumor-
suppressive functions. Further pathway analysis linked hsa-mir-621 to glycolytic metabolism, indicating its
potential role in regulating glycolysis-related genes to reprogram HCC metabolic dependencies.

hsa-mir-454 exhibits context-dependent roles across various malignancies. It functions as a tumor suppressor
in AML and non-small cell lung cancer (NSCLC) by targeting oncogenic pathways?”?%, yet paradoxically
promotes tumorigenesis in HCC and CRC?**. Our data support its oncogenic role in HCC, showing significant
upregulation in recurrent tumors compared to primary tumors. Li N et al.’! demonstrated that hsa-mir-454
regulates STAT3-driven mesothelial-mesenchymal transition and glycolysis under hyperglycemic conditions.
Identified as a glycolysis-associated miRNA in this study, hsa-mir-454 is postulated to facilitate HCC progression
by activating glycolytic pathways, thereby exacerbating clinical outcomes. Through the detection of fresh tissue
samples from HCC patients, we also found that the expression of hsa-mir-454 was up-regulated in HCC, which
may suggest that hsa-mir-454 may play a role in promoting cancer in HCC.

Dysregulated expression of hsa-mir-653 has been linked to tumor aggressiveness and unfavorable prognosis
across various malignancies®?. For example, hypoxia-induced hsa-mir-653 accelerates CRC progression via
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Fig. 11. The expression levels of four miRNAs were detected by RT-qPCR. (A) The expression levels of hsa-
mir-454 and hsa-mir-149 were up-regulated in HCC, and the expression level of hsa-mir-621 were down-
regulated in HCC. The expression level of hsa-mir-653 was not statistically significant in HCC. (B) hsa-mir-454
was upregulated in the recurrent tumor samples, while hsa-mir-621 was downregulated in the recurrent tumor
samples, and hsa-mir-149 and hsa-mir-653 showed no statistical difference between the two groups.* p <0.05;
% p<0.001; ** p<0.0001.

the circSETD3/KLF6 axis*® and modulates chondrocyte senescence in osteoarthritis*. Despite accumulating
evidence in other cancers, its mechanistic function in HCC remains elusive. The current analysis revealed marked
overexpression of hsa-mir-653 in HCC, strongly associated with glycolytic activity, implicating its potential role
as a metabolic modulator of disease prognosis. However, through the detection of clinical samples from HCC
patients, our results showed that the expression level of hsa-mir-653 in HCC was not significantly different,
which may be related to the limited number of samples. The clinical sample size should be further expanded for
further detection and analysis.

hsa-mir-149 exhibits context-dependent roles, functioning either as an oncogene or tumor suppressor
depending on cancer type®. It suppresses tumorigenesis in prostate and cervical cancers*®*” but promotes
malignancy in lung cancer and acute lymphoblastic leukemia®®3. Although Lin C et al*’. reported tumor-
suppressive activity in HCC, the present findings correlate hsa-mir-149 with poor prognosis, highlighting a
potential contradiction that underscores the need for further mechanistic clarification in HCC. In addition,
our detection results showed that hsa-mir-149 expression was up-regulated in HCC, which also suggested that
hsa-mir-149 may play a role in promoting cancer in HCC. However, in the comparison between primary HCC
and recurrent HCC, there was no significant difference in the expression of hsa-mir-149. Therefore, its potential
biological functions and mechanism of action in HCC need to be further studied.

Metascape-based pathway enrichment analysis revealed significant involvement of the model miRNAs in the
RNA-induced silencing complex (RISC) pathway (adjusted p < 0.05). MicroRNAs, in concert with Argonaute
(AGO) family proteins, assemble into the RISC to mediate gene silencing through transcriptional and post-
transcriptional suppression?!. Further, GSEA stratifying high- and low-risk groups uncovered key pathways
enriched in the prognostic model, including the cytosolic DNA-sensing pathway, DNA replication, and Notch
signaling. The cytosolic DNA-sensing pathway is primarily driven by the cGAS/STING signaling axis. Cyclic
GMP-AMP synthase (cGAS), an innate immune sensor, binds to double-stranded DNA (dsDNA) in a sequence-
independent manner, initiating its activation. This interaction induces conformational changes in cGAS, which
in turn activates the cGAS/STING cascade, playing a pivotal role in DNA damage repair and innate immune
responses??. Emerging evidence suggests that hyperactivation of the cGAS-STING DNA-sensing pathway
plays a pivotal role in the pathogenesis of liver diseases, positioning it as a promising therapeutic target®.
DNA replication, an essential process for duplicating genetic material prior to cell division, ensures accurate
transmission to daughter cells and is conserved across all living organisms. In cancer cells, DNA replication
is often compromised, leading to increased DNA damage due to defective replication machinery, elevated
reactive oxygen species (ROS), loss of tumor suppressors, and/or constant oncogene activation*. These genomic
instabilities contribute significantly to the molecular heterogeneity of HCC, emphasizing the critical need for
targeting DNA repair pathways in personalized HCC treatments*. Dysregulation of Notch signaling, marked by
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aberrant gene regulatory networks, plays a pivotal role in oncogenesis and tumor progression. Notably, Notch
signaling influences immune cell functional plasticity, modulating both anti-tumor and pro-tumor responses
while altering tumor immunogenicity?®. Montagner A et al’. demonstrated that disrupted Notch signaling
in HCC hampers immune cell activation, reducing the effectiveness of cancer immunotherapies. Collectively,
the enriched pathways within the high-risk group are integral to tumorigenesis and immune evasion, directly
contributing to HCC progression. These findings offer a solid mechanistic framework for understanding HCC
development and refining prognostic stratification approaches.

In the analysis of risk scores and their correlation with immune microenvironment alterations and
immune cell profiles, the high-risk group exhibited higher levels of immune cells, such as MO macrophages
and Tregs, alongside a reduction in resting NK cells. Additionally, significant overexpression of chemokines,
immunoinhibitors, and immunostimulators was observed in the high-risk group compared to the low-risk group.
These alterations further highlight the profound differences in the immune microenvironment between the two
risk groups. Drug sensitivity analysis revealed a strong association between risk scores and responsiveness to
various chemotherapeutic agents, including Methotrexate and Paclitaxel. While Methotrexate and Paclitaxel are
critical in HCC treatment, they are frequently associated with drug resistance*®*. In conclusion, these findings
offer valuable guidance for optimizing therapeutic choices for patients with HCC, encompassing chemotherapy,
targeted therapy, and immunotherapy. They also provide new insights for developing precision treatment
strategies aimed at improving the prognosis of patients with HCC.

Limitations

Despite the successful establishment of a glycolysis-related miRNA-based risk model for assessing prognosis,
immune microenvironment alterations, and therapeutic response in HCC, several limitations persist. These
limitations include the number of research samples, the impact of altered expression of key miRNAs on glycolytic
function indicators (e.g., glucose uptake, lactate production) in HCC, the role and efficacy of glycolysis-related
key miRNAs and their associated chemotherapeutic drugs in HCC treatment, the mechanistic validation of
interactions between model miRNAs and their predicted glycolysis-related target genes, and the proportion of
key immune cells (such as MO macrophages and regulatory T cells) in high-risk and low-risk groups detected by
immunohistochemistry (IHC) to further investigate alterations in the TMB. Future research should prioritize
large-scale, multi-center prospective studies and further explore the regulatory molecular mechanisms of key
miRNAs in the development and progression of HCC through in vivo and in vitro experiments, so as to provide
more robust references for the prognosis, recurrence, and clinical treatment of HCC.

Conclusion

This study constructed a robust risk model based on four glycolysis-related miRNAs (hsa-mir-621, hsa-mir-454,
hsa-mir-653, and hsa-mir-149) through comprehensive bioinformatics analyses. Moreover, we further verified
the expression levels of four miRNAs in HCC tissues by RT-qPCR. The model successfully evaluated prognosis,
immune microenvironment changes, immunotherapy response, and chemotherapy sensitivity in HCC. These
findings offer valuable clinical insights for early diagnosis, treatment strategies, and monitoring therapeutic
efficacy in patients with HCC.

Data availability
All data generated or analysed during this study are included in this published article [and its supplementary
information files].
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