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Background: Hepatocellular carcinoma (HCC) is a leading cause of cancer-related mortality globally,
with complex pathogenesis and limited therapeutic options. Emerging evidence suggests that mitochondrial
DNA methylation (MTDM) plays a regulatory role in tumorigenesis, but its specific contributions to HCC
progression, prognosis, and tumor microenvironment (TME) remodeling remain poorly characterized.
This study aims to investigate MTDM-associated molecular subtypes in HCC, screen potential prognostic
biomarkers linked to MTDM dysregulation, and explore their implications for immune landscape
heterogeneity and therapeutic response.

Methods: Several HCC datasets and MTDM-related prognostic genes associated with the
clinicopathological features of HCC were collected from public databases. The ConsensusClusterPlus tool
was used for unsupervised clustering to identify the MTDM differendally expressed genes (DEGs) and then
the candidate genes. Subsequently, a univariate Cox regression analysis, least absolute shrinkage and selection
operator regression analysis, and multivariate Cox regression analysis were performed on the data of the
candidate genes to identify and validate the prognostic genes. Additionally, differences in the TME and the
enriched pathways between the high- and low-risk groups were evaluated, and drug response prediction was
performed using the pRRophetic R package.

Results: Eight MTDM-related genes were found to be differentially expressed in HCC. In relation to
these MTDM-related DEGs, two molecular subtypes of HCC (Cluster 1 and Cluster 2) were identified.
In addition, 333 candidate genes were identified. The regression analysis of the DEGs included in the risk
model identified ADH4 and DNASEIL3 as prognostic genes that could be used to predict the overall survival
of the HCC patients. The results of the differential immune recognition by immune cells using immune cell
infiltration and the prognostic genes showed that the strongest negative correlation [correlation coefficient
(r) =-0.312] was between ADH# and activated cluster of differentiation (CD)4" T cells, while the strongest
positive correlation (r=0.332) was between DNASEIL3 and effector memory CD8" T cells. The gene set
enrichment analysis revealed five Kyoto Encyclopedia of Genes and Genomes pathways in the high- and
low-risk groups that were clearly enriched in biological processes and signaling pathways, such as fatty acid
degradation and peroxisome. The chemotherapeutic drug sensitivity analysis revealed significant differences
in sensitivity to BI1.2536 [a Polo-like kinase 1 (Plkl) inhibitor], A.443654 [a protein kinase B (Akt) 1/2
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inhibitor], and ABT.888 [Veliparib, a poly(ADP-ribose) polymerase 1/2 (PARP1/2) inhibitor] between the

high- and low-risk groups.

Conclusions: This study constructed a risk model for HCC based on two identified prognostic genes
(ADH4 and DNASEILS3). It also elucidated the pathogenesis of MTDM-associated HCC. Our findings

provide novel insights that could lead to the development of future therapeutic strategies.
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Introduction

Hepatocellular carcinoma (HCC) is the most prevalent type

of primary liver cancer (1). It accounts for 75-85% of all

Highlight box

Key findings

* Based on a bioinformatics analysis, this study identified ADH# and
DNASEILS3 as key prognostic genes associated with mitochondrial
DNA methylation (MTDM) in hepatocellular carcinoma
(HCC). A risk model was then constructed based on these genes
to effectively categorize HCC patients into high- and low-risk
groups, and the results showed that the overall survival of the high-
risk group was lower than that of the low-risk group. The study
also identified different immune cell infiltration profiles and drug
sensitivity characteristics between the two groups, highlighting
potential therapeutic targets and biomarkers for HCC.

What is known, and what is new?

* Despite advances in the understanding of the pathogenesis of
HCC, the role of MTDM in HCC remains poorly understood.
Previous studies have focused on nuclear DNA methylation;
however, the effect of MTDM on mitochondrial function and
cancer progression has not yet been fully explored.

® This study sought to address this gap in the literature by exploring
MTDM-related genes using public databases. Our findings provide
novel insights into the prognostic value of these genes and the
molecular mechanisms of HCC.

What is the implication, and what should change now?

® This study provides a comprehensive understanding of the role of
MTDM in HCC, which has important implications for prognosis,
immunomodulation, and personalized therapy. The identification
of ADH4 and DNASEIL3 as prognostic markers paves the way for
targeted therapy. Further research will be conducted to validate
these findings in larger populations and explore the functional
mechanisms of these genes in HCC progression to translate these
insights into clinical applications.

© AME Publishing Company.

deaths from primary liver cancer, and is the third-leading
cause of cancer-related death worldwide (1). In the early
stages, HCC patients are often asymptomatic; however,
as the disease progresses, symptoms such as hepatic pain,
weight loss, jaundice, and ascites may occur, along with
complications such as tumor rupture hemorrhage and
hepatic encephalopathy (2). The occurrence of HCC is
associated with various factors, such as hepatotropic virus
infections, aflatoxin exposure, heavy alcohol consumption,
excess body weight, type 2 diabetes, and smoking (3).
Genetic and epigenetic aberrations are also common
in HCC. Epigenetic processes, including chromatin
remodeling, histone changes, DNA methylation, and non-
coding RNA expression, are linked to the progression and
metastasis of HCC (4).

Surgical resection or hepatectomy has long been the main
potentially curative radical treatment for HCC. However,
at approximately 50-70%, the postoperative 5-year survival
rate of HCC patients remains relatively low; thus, more
effective therapeutic approaches need to be established
(5,6). Currently, emerging therapies for HCC are being
extensively investigated, but their clinical translation and
therapeutic efficacy require further validation. Prospective
epidemiological models project that HCC—which accounts
for 75-90% of primary liver cancers—will reach one
million annual cases globally by 2025, with patients affected
by chronic liver diseases (e.g., hepatitis B/C, metabolic
dysfunction-associated steatotic liver disease) exhibiting a
markedly elevated risk, particularly those progressing to
cirrhosis (3).

In the context of chronic liver disease, persistent
hepatocyte injury and ongoing inflammatory responses
disrupt normal cellular processes. This leads to an
imbalance between cell proliferation and apoptosis, genome
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instability, and increased oxidative stress, ultimately
promoting the transformation of normal hepatocytes into
cancer cells (7). Therefore, the identification of informative
prognostic genes is of great importance to the early
diagnosis, pathogenesis research, and the development of
therapeutic targets for HCC.

Mitochondrial DNA methylation (MTDM) is an
epigenetic modification involving the addition of methyl
groups to mitochondrial DNA. The most common form
is the formation of 5-methylcytosine on cytosine residues,
which is mediated by DNA methyltransferases using
S-adenosylmethionine as the methyl donor (8). MTDM
regulates mitochondrial gene transcription and replication.
Through bidirectional interactions with the nuclear genome,
these two systems reciprocally modulate their respective
gene expression profiles and metabolic responses (9).
By regulating proteins related to mitochondrial function,
MTDM affects normal mitochondrial metabolism and
function maintenance, thereby playing a role in the
development and progression of mitochondrial function-
related diseases (10). Alterations in MTDM have been
observed in many tumors. In liver cancer stem cells,
MTDM-mediated glycolytic metabolic reprogramming
can promote self-renewal and immune escape (11). In lung
adenocarcinoma, a study has found that abnormal DNA
methylation in circulating tumor cells is associated with
tumor metastasis (12). In breast cancer, such epigenetic
dysregulation promotes tumor cell proliferation and
malignant progression (13). Additionally, changes in
MTDM levels are associated with alterations in cancer cell
behavior and the prognosis of patients (14). However, the
specific role of MTDM in HCC remains unclear.

"This study used transcriptome data from public databases
and bioinformatics approaches to delve into the prognostic
value and potential molecular regulatory mechanisms of
MTDM-related genes in HCC. Specifically, HCC datasets
and MTDM-related HCC clinicopathological information
from various databases available from the University of
Santa Cruz (UCSC) Xena and the International Cancer
Genome Consortium (ICGC) data portals were collected.
Through a series of analyses, including a differential gene
expression analysis, cluster analysis, and Cox regression
analysis, candidate genes were identified, and a risk model
for HCC was constructed. This study aimed to gain new
insights to improve the clinical prognosis of HCC patients.
We present this article in accordance with the TRIPOD
reporting checklist (available at https://tcr.amegroups.com/
article/view/10.21037/tcr-2025-546/rc).

© AME Publishing Company.
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Methods
Data source

The study was conducted in accordance with the Declaration
of Helsinki (as revised in 2013). RNA sequencing (RNA-
seq) data and HCC clinical information were downloaded
from the UCSC Xena (https://xenabrowser.net/datapages/)
database. The liver hepatocellular carcinoma (LIHC)
dataset from The Cancer Genome Atlas (TCGA) database
(i.e., TCGA-LIHC dataset) comprised 362 HCC tumor
tissue samples and 50 adjacent tissue samples, and included
the survival information, and clinical characteristics of the
patients, and was used to construct the prognostic model
in this study. The Liver Cancer-RIKEN; JP project (LIRI-
JP) dataset obtained from the ICGC (https://dcc.icgc.
org/) database comprised the tumor samples and survival
information of 231 HCC patients, and was used to validate
the prognostic model. TCGA-LIHC was used to identify
the differentially expressed genes (DEGs). Additionally,
eight MTDM-related genes were identified in the
literature (13).

Identification of the DEGs and key subtype DEGs

R software was used to generate the expression matrix of
the DEGs in TCGA-LIHC dataset. The gene expression
data were log 2 converted and background corrected using
the “DESeq2” package (version 1.42.0) (15), and the DEGs
between the HCC and control samples were identified based
on the following criteria: llog, fold change (FC)| >0.5 and an
adjusted P value <0.05. Additionally, the R ggplot2 package
(version 3.4.4) (16) was used to draw a volcano plot and
heatmap of the top 10 upregulated and downregulated DEGs.
The ConsensusClusterPlus package (version 1.66.0) (17)
was used for the unsupervised clustering analysis. Based
on the expression levels of the eight MTDM-related
genes for each HCC sample in TCGA-LIHC dataset and
according to the proportion of the principal component
analysis (PCA), different molecular subtypes associated with
HCC were identified. Additionally, to assess the survival
data obtained from T'CGA-LIHC cohort clusters, the R
survminer package (version 0.4.9) (https://CRAN.R-project.
org/package=survminer) was used to perform the survival
analysis of these data to generate Kaplan-Meier survival
curves for the HCC-associated subtypes. Differences in
overall survival (OS) between the HCC-associated subtypes
were assessed using the log-rank test, and the two subtypes
with the most significant differences in terms of OS were
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selected and defined as the key subtypes for the subsequent
analyses to identify informative prognostic genes by
assigning the HCC patients into high- and low-risk groups
based on the DEGs and clinical features.

Based on TCGA-LIHC dataset, the two isoforms
obtained in the previous step were grouped as subgroups,
and the DEGs of the key subtypes were identified using
the DESeq2 package (version 1.42.0) in the R environment
based on the following filtering criteria: P adjusted value
<0.05 and llog, FCI >2.

Candidate gene identification and enrichment analysis

To identify the candidate genes, the key isoform DEGs
and DEGs were intersected using the R package
ggVennDiagram (version 1.2.1) (18). To identify the
biological pathways of the upregulated and downregulated
candidate genes associated with HCC, including the
metabolic and signaling pathways, and to explore the
functions and mechanisms in which they were involved,
clusterProfiler R package (version 4.10.0) (19) was used to
perform the Gene Ontology (GO) and Kyoto Encyclopedia
of Genes and Genomes (KEGG) pathway enrichment
analyses (P<0.05). The GO enrichment analysis included
the following three non-overlapping categories: molecular
function (MF), cellular component (CC), and biological
process (BP).

Weighted gene co-expression network analysis WGCNA)

To identify genes associated with MTDM, we used MTDM
score as a trait and performed WGCNA analysis on tumor
samples from the training set using the R package “WGCNA”
(version 1.71) (20). First, we calculated the MTDM score
for tumor samples in the training set using the ssGSEA
algorithm from the “GSVA” package (version1.46.0) (21).
We then divided the samples into high and low score
groups based on the optimal threshold (2.98), followed by
plotting the Kaplan-Meier curve to determine if there were
significant differences between the high and low score groups
(P<0.05) (22). Next, we performed clustering on the samples
and excluded outliers to ensure the accuracy of the analysis.
After determining the optimal soft-thresholding power, we
set the minimum number of genes in each gene module to
be 100 according to the standard of dynamic tree cutting.
MEDissThres was set to 0.4 to merge similar modules
identified by the dynamic tree cut algorithm. Finally, to
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identify the modules most strongly correlated with the
MTDM score, we analyzed the correlation between each
module and the MTDM score, and plotted a heatmap of
module-trait correlations by “ggplot2” R package (version

3.5.1) (Icor| 0.4 and P<0.05) (23).

Building and validating predictive models

To identify the informative prognostic genes associated
with the prognosis of HCC patients, the HCC samples in
TCGA-LIHC dataset were divided at a ratio of 7:3, such
that seven copies of TCGA-LIHC dataset were used as
the training set in this study, and three copies of TCGA-
LIHC dataset were used as the internal validation set in
this study. Based on the candidate genes, the “survival”
R package (version 3.5-7) (24) was used to perform the
univariate Cox hazard regression analysis to calculate the
hazard ratios (HRs) and P values (HR #1 and P<0.05) in
the training set. To identify the survival-associated genes,
a univariate Cox hazard regression analysis was conducted
to identify the genes that passed the proportional hazard
(PH) assumption test (P<0.05), and a forest plot was
plotted using the “forestplot” R package (version 2.0.1) (25)
to visualize the results. To construct the risk model,
identify the prognostic genes, and prevent the model
from overfitting, a least absolute shrinkage and selection
operator (LASSO) logistic regression analysis of the
prognostic gene data from the training set was conducted
using the “glmnet” R package (version 4.1-8) (26),
and the prognostic genes were ultimately identified by
a multivariate Cox regression analysis. The risk model
was based on the prognostic genes, and the risk score
of developing HCC was calculated using the following
formula: Risk Score =h0(t)xexp(B1X1+B2X2+---+BnXn).

Based on the optimum cut-off value for the risk
assessment, the HCC training set patients in the inner
validation set and validation set were allocated to high- and
low-risk groups. Risk profiles, scatter plots, and heat maps
of the expression of the prognostic genes were then plotted
according to the risk groupings. The patients were classified
as high and low risk to produce the populations of the
prognostic genetic expression training set, and the Kaplan-
Meier survival curves were analyzed using the log-rank
test. To enhance the robustness of the predictive models,
1-, 2-, and 3-year survival receiver operating characteristic
(ROC) curves were constructed using the “survivalROC” R
package (version 1.0.3.1) (27).
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Independent prognostic analysis of risk scoves and clinical
relevance analysis

First, the clinicopathological features of the tumor
samples (n=253) from TCGA-LIHC training dataset,
including the follow-up time, were included in the
univariate Cox regression analysis (P<0.05, HR #1) to
determine the risk scores and the independent prognosis
of the clinicopathological features. Next, the significant
clinical characteristics from the univariate analysis were
included in the multivariate Cox regression analysis, and
the stepwise regression method was used to establish the
optimal regression model and construct the multivariate Cox
regression model with equal proportional risk assumptions
to obtain the final clinical features (P<0.05, HR #1). Next,
based on the independent prognostic features identified by
the multivariate Cox independent prognostic analysis, the
independent prediction model of the clinical characteristics
was constructed, and the cph function in the rms package
(version 6.7-1) in R (https://CRAN.R-project.org/
package=rms) was used to draw a column-line graph to
visualize the predictive model and predict the likelihood of
survival rates of the patients at 1, 3, and 5 years of follow-
up. Additionally, the validity of the column charts was
confirmed by plotting the overall calibration curves and
decision curve analysis (DCA) curves using the R rms package
(version 6.7-1) and ggDCA package (version 1.2) (28). To
further assess the applicability of the independent prognostic
models, ROC curves of the clinical data were plotted using
the survivalROC R package with 1, 3, and 5 years as the
survival time nodes [area under the curve (AUC) of the ROC
curve >0.6]. The distribution of the different types of clinical
characteristics between the high- and low-risk groups was
also analyzed using the chi-square test (P<0.05).

Immune cell infiltration

In the training set, the single-sample gene set enrichment
analysis (ssGSEA) algorithm (version 1.1.0) (29) was used
to estimate the relative infiltrating scores of 28 immune
cells in each sample, and the distribution and difference
in the immune system infiltrating the hazardous and
non-hazardous cell groups were found to be statistically
significant. To identify the differential immune cells,
the Wilcoxon signed rank-sum test was used to analyze
the differences in the immune system cells between the
high- and low-risk groups, and significant differences
were found between the high- and low-risk groups. The

© AME Publishing Company.
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immune cells identified as differential immune cells were
subjected to further analysis using P<0.05 as the threshold.
A Spearman’s correlation analysis between each prognostic
gene and the differentiated cells of the immune system
was then conducted to examine the correlation between
the prognostic genes and immune cells that differed from
the others using the psych R package (version 2.2.9) (30)
and the following criteria: Icorl >0.3 and P value <0.05.
Next, the Wilcoxon rank-sum test (wilcox.test) was used to
compare the immune checkpoint genes between the high-
and low-risk groups (P<0.05), and the comparisons were
visualized using box-and-line plots drawn using the ggpubr
R package (version 1.1.0) (29).

Gene set enrichment analysis (GSEA)

"To examine the differences between the high- and low-risk
groups in terms of the biological functions and pathways,
the DESeq2 package (version 1.42.0) was used to analyze
differential gene expression between the two risk groups at
low hazard-trained samples, and the log,FC was calculated,
and the log,FC values were sorted and ordered in decreasing
order. For the GSEA, the clusterProfiler R package (version
4.10.0) was used to identify the enriched pathways, and
an adjusted P<0.05 was set as the significant enrichment
screening threshold. The results were sorted according to
their significance. Ultimately, based on their significance, the
top five enriched pathways were selected for visualization.

Chemotherapy response and small-molecule drugs

In this study, the response of the HCC patients to the
chemotherapeutic drugs was predicted using the Genomics
of Drug Sensitivity in Cancer (GDSC) database (https://
ngdc.cncb.ac.cn/databasecommons/database/). The
response of the patients to the chemotherapeutic drugs was
assessed by first calculating the half-maximal inhibitory
concentration (ICy,) using the pRRophetic R package. Next,
the IC;, values between the low- and high-risk groups were
compared to identify the drugs that differed significantly
between the two groups based on a threshold P value <0.05.

Statistical analysis

All the data were analyzed using R language software
(version 4.3.2). The comparisons were analyzed using the
Wilcoxon test to determine statistical significance based on
a P value <0.05.
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Figure 1 Identification of the candidate genes. (A) Consistent clustering matrix. (B) Consistent cumulative distribution function plots. (C)

Line chart of clustering results. (D) Principal component analysis plot. (E) Survival curve for subtype 2 versus subtype 3. (F) Volcano plot of

the DEGs between the key subtypes. (G) Heatmap of the DEG expression levels for the key subtypes. (H) Venn diagram of the intersection

between the DEGs and subtype-specific DEGs. CDF, cumulative distribution function; DEGs, differentially expressed genes; FC, fold

change; FDR, false discovery rate; PC, principal component.

Results

Identification of candidate genes

In this study, the DEGs in TCGA-LIHC dataset were
analyzed, and 2,311 DEGs were identified, of which,
2,011 were upregulated and 300 were downregulated
(Figure SIA,S1B). Consistent clustering analysis is
commonly used in studies of cancer subtype classification.

© AME Publishing Company.

In this study, the clustering process was repeated 1,000
times based on HCC samples from TCGA-LIHC dataset,
with 80% of the items sub-sampled, and each sample was
assigned into groups using the k-means algorithm. The
results were then visualized using consensus matrix plots and
cumulative distribution function plots (Figure 1A,1B). Based
on the above-determined optimal number of clusters, the
HCC samples were classified into three subtypes defined as
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HCC-related subtypes to identify patterns and visualize the
dispersion of samples between the HCC-related subtypes.
The PCA revealed that the three subtypes were classified
with higher accuracy (Figure 1C,1D). As the Kaplan-Meier
survival curves for the three HCC-related subtypes show,
the most significant difference in OS was observed between
subtype 2 and subtype 3 (P<0.05), which were selected as
the most important subtypes for the subsequent analyses
(Figure 1E). The DEGs of the two subtypes were further
analyzed, and 781 significant DEGs were identified, of
which 258 were upregulated and 523 were downregulated
(Figure 1F1G). Thus, 2,311 DEGs were intersected with
781 key subtype DEGs to obtain 333 intersecting genes as
candidates for the subsequent analyses (Figure 1H).

Functional envichment of the 333 identified candidate genes

The 333 candidate genes were further subjected to a
GO enrichment analysis, yielding 81 GO-BP entries,
describing a wide range of cellular activities and locations
(Table S1). For example, ranked in order of significance
(P value in ascending order), the top four GO results
were: pattern designation process, embryonic skeletal joint
morphogenesis, regionalization, and cellular response to
cadmium ions (Figure S2A,S2B). Additionally, 16 enriched
KEGG pathways were identified (Table S2), including
entries on mineral uptake, retinol metabolism, and drug

metabolism-cytochrome P450 (Figure S2C,S2D).

Identification of key modules and genes associated with MTDM

To identify genes associated with MTDM, we used MTDM
score as a trait and performed WGCNA analysis. The
Kaplan-Meier curve indicated a significant difference in
MTDM scores between the high and low score groups
(P=0.03) (Figure S3A). The sample clustering results showed
that there were no outlier samples that needed to be excluded
(Figure S3B). Therefore, the remaining samples were used
for subsequent analysis. When the soft-thresholding power
was set to 12, the network closely resembled a distribution
with no network scale (Figure S3C). After merging, a total of
9 modules were obtained (Figure S3D). The MEturquoise
module (Cor =0.4, P<0.05) showed the strongest correlation
with the MTDM score (Figure S3E).

Construction and validation of prognostic models

To examine the robust predictive power of the risk model,

© AME Publishing Company.
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a follow-up analysis of the training set comprising the 333
candidate genes identified by the univariate Cox regression
analysis was conducted. The results revealed that 57
genes, all of which passed the Proportional Hazards (PH)
assumption test, were significantly associated with patient
survival (P<0.05) (Figure 2A). The subsequent evaluation of
the PH assumption test supported the predictive reliability
of these 57 prognostic genes (P>0.05), which were further
screened by a LASSO logistic regression analysis. Based on
the best minimum value of lambda (lambda.min =0.1106),
two prognostic genes were identified by a multivariate
Cox regression analysis. Thus, alcohol dehydrogenase
4 (class 1I), pi polypeptide (ADH4) and deoxyribonuclease
1L3 (DNASE1L3) were identified as important prognostic
indicator genes, and their risk ratios were calculated
(Figure 2B,2C). Based on these results, the following
improved risk score equation was developed: Risk Score =
ho(t) * [ADH4 * (-0.09766) + DNASEIL3 * (-0.24361)].
This equation provides a quantitative tool for the prediction
of HCC.

The optimal threshold of the training set was 0.958, and
the final training set included 129 samples from the high-
risk group and 124 samples from the low-risk group. The
plotting of the risk graphs according to the risk grouping
revealed that the survival rate and survival distribution of
the low-risk group patients were better than those of the
high-risk group patients (Figure 2D). In addition, Kaplan-
Meier survival curves showing the OS rates of the high- and
low-risk groups revealed significant differences in patient
survival between the high- and low-risk groups (P<0.0001),
with patients in the high-risk group surviving at a lower rate
(Figure 2E). The AUC values for survival at 1, 3, and 5 years
were all greater than 0.6, which provided further evidence
of the validity of the risk prediction model (Figure 2F).

Similarly, the optimal threshold for the validation set
was 0.812, while that for the internal validation set was
0.867. After assigning the samples to the high- and low-
risk groups, and plotting risk maps based on the risk
groupings, the results revealed that the survival rate and
the survival rate distribution of the low-risk group were
better than those of the high-risk group (Figure S4A,S4B).
Further, there was a significant difference in the number
of surviving patients between the high- and low-risk
groups (P<0.001). The Kaplan-Meier survival curves also
showed that patients in the high-risk group were much
less likely to survive (Figure S4C,S4D), and had AUC
values greater than 0.6 at 1, 3, and 5 years, which provided
further evidence of the accuracy of the risk prediction
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Figure 2 Construction and validation of the prognostic model. (A) Forest plot of the results of the univariate Cox regression analysis. (B)
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of the results of the multivariate Cox regression analysis. (D) Risk curve and heatmap for the high- and low-risk groups in TCGA-LIHC
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Figure 3 Prognostic analysis of the risk score as an independent factor. (A) Forest plot of the univariate Cox regression analysis results. (B)

Forest plot of the multivariate Cox regression analysis results. (C) Nomogram of the independent prognostic model. (D) Calibration curve

of the independent prognostic model. (E) Decision curve of the independent prognostic model. (F) Survival receiver operating characteristic

curve. AUC, area under the curve; CI, confidence interval; OS, overall survival.

model (Figure S4E,S4F).

Constructing a nomogram against independent prognostic
factors

The clinicopathological characteristics of the tumor samples
(n=253) from TCGA-LIHC cohort (training set), including
the follow-up time, were included in a one-way Cox
regression analysis, and a total of four factors (i.e., T stage,
stage, risk score, and M stage) were found to be significant
(P<0.05), and all passed the PH assumption test (Figure 34).
Subsequently, a multivariate Cox regression analysis with
equal proportional risk assumptions was performed, and two
clinical factors (i.e., T stage and risk score) were ultimately

© AME Publishing Company.

identified, both of which met the equal proportional risk
assumptions (Figure 3B). A nomogram, which was plotted
based on these two independent post-hoc factors, had a
Concordance index of 0.713 and a good predictive effect
(Figure 3C). In addition, after plotting the calibration
curve with either side of the diagonal line, the slope of the
1-year calibration curve was 0.6766 (Figure 3D), that of the
3-year calibration curve was 0.4357, and that of the 5-year
calibration curve was 0.363 (Figure 3E); the closer the slope
to 1, the more accurate the model in its prediction. The
survival ROC curve results at 1, 3, and 5 years also showed
that the AUCs were greater than or equal to 0.6; thus, the
independent prognostic model was able to account for the
effect on survival outcomes (Figure 3F).
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Significantly different clinical features between the bhigh-
and low-risk patients

The distribution of the different clinical characteristics
between the high- and low-risk groups was analyzed using
the chi-square test, and a significant difference was found in
the distribution of the stage, T stage, and race between the
high- and low-risk groups (P<0.05) (Figure 4A). The next
three clinical features that exhibited significant differences
were analyzed for their proportions in the high- and low-
risk groups. Specifically, 236 samples (low risk =118, high
risk =118) from TCGA-LIHC cohort (training set) (n=253)
had T stage clinical feature information, of which I, II, III,
and IV accounted for 50%, 24%, 24%, and 2%, respectively
(Figure 4B). In addition, 251 samples (low risk =122, high
risk =129) had T stage information, of which I, II, III, and
IV accounted for 50%, 24%, 21%, and 5%, respectively
(Figure 4C). Additionally, 246 samples (low risk =120, high

© AME Publishing Company.

risk =126) had Race clinical profile information, of which
White, Asian, Black or African American, and American
Indian or Alaska native accounted for 50%, 44%, 5%, and
0%, respectively (Figure 4D).

GSEA and immune infiltration analysis

We also investigated the potential biological differences
between the patients in the high- and low-risk groups
by GSEA, and found that the high- and low-risk groups
exhibited significant differences in the enrichment of
biological functions and signaling pathways, including fatty
acid degradation and peroxisome (Figure 5A).

To evaluate the differences in the immune system
infiltrating cells between the high- and low-risk groups,
and determine whether the differences were statistically
significant, 14 differential immune cells were screened

(Figure 5B,5C). The results of the analysis of the differential
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Figure 5 Functional enrichment analysis and tumor microenvironment analysis. (A) Gene set enrichment analysis between the high- and
low-risk groups. (B) Proportion of immune infiltrating cells in the high- and low-risk groups of the HCC patients in TCGA-LIHC cohort
(training set). (C) Differences in immune cell infiltration between the high- and low-risk groups. (D) Correlation between the prognostic
gene ADH4 and differential immune cells. (E) Correlation between the prognostic gene DNASEIL3 and differential immune cells. NES,
normalized enrichment score; MDSC, myeloid-derived suppressor cells; TCGA-LIHC, The Cancer Genome Atlas-liver hepatocellular

carcinoma.

immune cells and prognostic genes showed that the ESTIMATEScore and StromalScore between TCGA-

strongest negative correlation was between the ADH#4 LIHC cohort (training set) samples (n=253) and between
and activated CD4" T cells (r=-0.311) (Figure 5D). The the high- and the low-risk groups (P<0.05) (Figure 6A).
strongest positive correlation was between DNASE1L3 and Eleven immune checkpoint genes showed significant

eosinophils [correlation coefficient (r) =0.402], followed by differences in expression levels, including BTLA, HAVCR2,
that between DNASEIL3 and effector memory cluster of LGALSY, PDCDI1LG?2 and SIRPA, between the high- and
differentiation (CD)8" T cells (r=0.332) (Figure SE). low-risk groups (P<0.05). Notably, LGALSY and SIRPA
showed highly significant differences between the high- and
low-risk groups (P<0.0001) (Figure 6B).

Based on the 138 drugs obtained, the ICj, value
differences of each drug between the patients in the high-
Differences in the ImmuneScore, StromalScore, and and low-risk groups were determined, and 48 drugs with
ESTIMATEScore between the high- and low-risk groups significant differences were identified (P<0.0001), including
were compared using the Wilcoxon rank-sum test. The BI.2536 [a Polo-like kinase 1 (Plkl) inhibitor], A.443654
results revealed significant differences in the levels of [a protein kinase B (Akt) 1/2 inhibitor], and ABT.888

Comparative assessment and drug sensitivity analysis of
the high- and low-risk patients
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Figure 6 Drugs sensitivity analysis. (A) Differences in the estimate scores between the high- and low-risk groups. (B) Differences in the

immune checkpoints between the high- and low-risk group patients. (C) Sensitivity of the high- and low-risk group patients to 138 drugs.

[Veliparib, a Poly(ADP-ribose) polymerase 1/2 (PARP1/2)
inhibitor], indicating that there are still more choices of
HCC-targeted drugs (Figure 6C and Table S3).

Discussion

Mitochondrial DNA (mtDNA) methylation networks
exhibit significant heterogeneity across cell types and
diseases, driven by dynamic interactions between control
regions (e.g., D-loop, MT-ND1, and MT-CO2), enzymatic
regulators (e.g., DNMT3A, TET2/3), and environmental
or metabolic stressors. For instance, neuronal cells in
neurodegenerative disorders show elevated D-loop
methylation linked to mitochondrial dysfunction, while
hepatocytes in HCC display M'T-ND1 hypermethylation
associated with ROS accumulation (31,32). Enzymes such
as DNMT3A, which governs non-CpG methylation on the
light chain, and TET2/3, which oxidize 5SmC to ShmC, are
central to these processes but exhibit tissue-specific activity
modulated by factors like hyperglycemia or pollutant
exposure (e.g., PM2.5 exposure). To unravel these networks,
multi-omics integration is critical: single-cell epigenomics
can resolve cell-type-specific methylation patterns (e.g.,
neurons vs. P-cells) (31,33), spatial transcriptomics can map
methylation sites to mitochondrial sub-compartments, and
machine learning (e.g., dIGRN algorithms) can identify
hidden regulators like non-coding RNAs or metabolites
that fine-tune DNMT/TET activity (34,35). Key
therapeutic and functional nodes include methyltransferases
(DNMT3A as a “writer”), mt-rRNA modifications (e.g.,
12S rRNA mS5C sites influencing translation) (33,36), and
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cross-talk with nuclear pathways (e.g., SAM/SAH ratios
regulating DNMT3A localization) (34,35). Targeting these
hubs offers translational potential—selective DNMT3A
inhibitors (e.g., RG108 analogs) could reverse pathological
hypermethylation (31), while CRISPR-free base editors like
DdCBEs enable precise mtDNA editing without double-
strand breaks (32). Clinically, disease-specific methylation
hotspots (e.g., MT-CO1 in cancer, D-loop in diabetes) may
serve as liquid biopsy biomarkers, and links to immune
microenvironments (e.g., HCC-associated H4 regulators)
highlight broader therapeutic implications.

HCC is a highly prevalent and lethally malignant liver
tumor, closely associated with factors such as hepatotropic
virus infections, alcohol abuse, and non-alcoholic fatty
liver disease (3). HCC poses a significant threat to
patients’ health and lives and is a leading cause of cancer-
related death worldwide (37). In HCC, MTDM may be
involved in disease progression by affecting mitochondrial
function and related signaling pathways (10). Emerging
evidence highlights mtDNA methylation as a driver of
mitochondrial dysfunction in HCC. Hypermethylation
of the D-loop and OXPHOS-related genes (e.g., MT-
ND6) suppresses their transcription, impairing electron
transport chain activity and amplifying ROS production
(38,39). This metabolic stress triggers a compensatory shift
toward glycolysis and lipid synthesis, mediated by nuclear
pathways such as PPARa and SREBP1. Notably, ACSL3—
a key regulator of lipid metabolism—is upregulated in
HCC and correlates with poor prognosis, whereas CPT1A
perpetuates mitochondrial dysfunction. These findings
collectively suggest a feedforward loop linking mtDNA
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methylation to lipid dysregulation. Therapeutic strategies
targeting DNMT3A or critical lipid metabolic hubs (e.g.,
ACSL3/CPT1A) may disrupt this axis, thereby offering
novel avenues for HCC treatment (40,41). However, the
precise mechanisms underlying the role of MTDM in
HCC remain unclear. Thus, exploring the role of MTDM
in HCC, identifying prognosis-related genes associated
with MTDM in HCC, and investigating their potential
mechanisms of action could provide new references for the
clinical diagnosis and treatment of HCC.

In this study, we used the RNA-seq and clinical data
of HCC patients from the UCSC Xena database. By
integrating the MTDM-related genes, we first identified the
DEGs. We then identified major subtypes by unsupervised
clustering, resulting in 333 candidate genes. The univariate
Cox regression analysis of these 333 candidate genes
revealed that 57 genes were significantly associated with
patient survival. In addition, the LASSO logistic regression
analysis and multivariate Cox regression analysis further
narrowed down the selection, identifying the genes ADH4
and DNASEIL3 as key prognostic genes, leading to the
construction of a risk model for HCC. The validation
results confirmed that this model was able to effectively
distinguish between the high- and low-risk groups in the
training, validation, and internal validation sets. Further,
the results showed that the low-risk group had significantly
higher survival rates than the high-risk group.

The immune cell infiltration analysis of the high- and
low-risk HCC groups using the ssGSEA algorithm revealed
that 14 immune cells differed significantly between the
two groups. Notably, ADH4 was significantly negatively
correlated with activated CD4" T cells (r=-0.312), while
DNASEIL3 was significantly positively correlated with
effector memory CD8" T cells (r=0.332). Additionally,
differences in the expression of the immune checkpoint
genes were found between the high- and low-risk groups.
The GSEA results also revealed significant enrichment
differences in pathways such as chemical carcinogenesis-
DNA adducts and neuroactive ligand-receptor interaction
between the two groups.

An analysis of chemotherapy drug sensitivity, based on
138 identified drugs, revealed significant differences in the
sensitivity of the patients to 48 drugs, including BI.2536,
A.443654, and ABT.888, between the high- and low-risk
groups. These findings provide a potential basis for drug
selection and new research directions for the development
of clinical treatments for HCC.

In this study, ADH4 and DNASEIL3 were identified as

© AME Publishing Company.
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prognostic genes associated with MTDM in HCC. ADH4
plays a crucial role in the hepatic regulation of metabolism
associated with various lipid peroxidation processes. As a key
enzyme involved in alcohol metabolism, variations in ADH4
contribute to an increased susceptibility to alcohol and drug
dependence (42-44). In liver samples from patients with
alcoholic hepatitis, the expression of alcohol metabolism
genes, including ADHA4, is significantly downregulated (45).
Similarly, the protein levels of ADH#4 are reduced in non-
alcoholic steatohepatitis. Further, ADH4 expression is
significantly decreased in HCC (46). Moreover, many
studies have shown that the downregulation of ADH4 is
correlated with decreased OS rates in HCC patients (47,48).
In addition, ADH#4 plays a protective role in immune
metabolism, and its low level may be related to the high-risk
prognosis of HCC patients (49). These findings confirmed
that ADH4, a pivotal enzyme in alcohol metabolism, could
serve as a significant prognostic marker for HCC and wields
substantial influence on the pathogenesis and progression of
this malignancy.

DNASEILS3 is an endonuclease that belongs to the
deoxyribonuclease I family and has the ability to digest
DNA within chromatin (50). Recent studies have shown that
DNASEIL3 may also serve as a biomarker in breast, liver,
lung, colon, and stomach cancer (51), and as a favorable
prognostic factor for HCC (52). The overexpression
of DNASEILS3 in ovarian cancer cells can lead to the
degradation of the tumor cell genome and ultimately cell
death. More importantly, the expression of DNASEIL3
is closely related to the staging of clear cell renal cell
carcinoma (53). Moreover, DNASEIL3 has been shown
to play roles in immune escape and senescence-induced
angiogenesis in HCC cells (54). A reverse transcription
quantitative polymerase chain reaction (RT-qPCR) analysis
also showed that the expression of DNASEIL3 messenger
RINA was significantly lower in HCC tissues than normal
tissues. Further, positive DNASEIL3 expression was found
to be an independent prognostic factor for better survival in
HCC patients following radical resection (52). Therefore,
DNASEIL3 activators may offer a potential opportunity for
combating HCC.

Through the GSEA, we found that the high- and low-
risk groups were significantly enriched in five KEGG
pathways, including fatty acid degradation and peroxisome.
Fatty acid degradation, a critical component of lipid
catabolism, generates several fatty acids that are necessary
for cancer cells to survive (55,56), which not only can
provide the energy they require for rapid proliferation but
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also support oncogenic signals that promote tumorigenesis
and cancer progression (57,58). A study has shown that
fatty acid metabolism is closely linked to the progression of
gastric cancer (59). Notably, the liver plays a central role in
fatty acid metabolism.

Peroxisomes are single membrane organelles involved in
more than 50 different enzymatic activities in mammals (60).
These enzymes include metabolic proteins that are essential
for lipid metabolism. Various types of tumors exhibit
alterations in peroxisome abundance and activity (61).
Remarkably, in our study, peroxisome metabolism itself was
also a pathway affecting the prognosis of the HCC patients.
Peroxisome protein levels or enzymatic activities of
peroxisome metabolism were found to be greatly reduced in
colon cancer, breast cancer, renal cell cancer, and HCC (62).
Therefore, HCC may be affected by increasing peroxisome
activity.

Through an immune infiltration analysis, we found
differences in 11 types of immune cells between the high-
and low-risk patients. Activated CD4" T cells are immune
cells that express CD4 molecules on their surface. CD4"
T cells are thought to play an auxiliary immune role in
promoting cytotoxic CD8" T lymphocytes and innate
immune responses (63); however, in recent years, the
cytotoxicity of CD4" T cells in cancer has also attracted
increasing attention (64). Previous study has shown that the
early activation of CD4" T cells is crucial for establishing
an antitumor immune response (65). Multiple cytotoxic
CD4" T cell states in bladder cancer can kill autologous
tumors in a major histocompatibility complex (MHC)
class II-dependent manner (66). One study showed that an
antibody targeting human epidermal growth factor receptor
2 (HER2) and T cells inhibits breast cancer growth via
CD4" T cells rather than CD8" T cells (67). Additionally,
CD4" T cells also play an immunosurveillance role in
HCC initiation and progression (68). Our study further
confirmed that CD4" T cells are antitumor effector cells,
which corresponds with their long-standing role as central
participants and coordinators in innate and antigen-specific
immune responses (69). Thus, CD4" T cells may affect
HCC by playing a role in the immune response.

Eosinophils have been shown to play a role in the
tumor immune microenvironment (70). In recent years,
a study has shown that changes in the proportion of
eosinophils in peripheral blood may be correlated with
the efficacy of immunotherapy (71). For example, tumor
immunotherapy has shown that the eosinophil ratio in
the peripheral blood changes significantly after patients
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are treated with programmed cell death protein 1 (PD-1)
antibodies, and that such changes are correlated with the
efficacy of the treatment (72). Research has also shown that
among patients with advanced malignant tumors treated
with PD-1 antibodies, those with a significant increase
in the percentage of eosinophils in the peripheral blood
after treatment had significantly prolonged progression-
free survival and OS, which implies that eosinophils may
be used as a new biomarker for predicting the efficacy of
immunotherapy (73-76). In addition, eosinophil infiltration
in HCC has been found to be significantly correlated with
patient survival (71). In our study, there was a significant
difference in eosinophils between the high- and low-risk
groups. However, the specific mechanism of their action
remains unclear and requires further in-depth research.

In this study, two prognostic genes were identified by
a univariate analysis, LASSO analysis, and multivariate
regression analysis. Based on the two prognostic genes,
a risk model was constructed and verified. A functional
GSEA, immune infiltration analysis, and drug sensitivity
analysis were performed on the patients in the high- and
low-risk groups. Our results provide novel insights into
the prognosis and treatment of HCC patients. While our
study provides mechanistic insights into MTDM’s role in
HCC, we recognize that additional functional assays—such
as copy number karyotyping and quantitative proliferation
analysis—could further validate its impact on genome
stability and cell cycle regulation. Future studies employing
these approaches will help clarify MTDM’s broader
functional network. To fully dissect MTDM’s biological
functions, we propose integrating copy number karyotyping
(e.g., via SNP arrays) to evaluate its role in chromosomal
integrity, combined with EdU-based proliferation assays
to quantify cell cycle dynamics. These approaches will
complement our current findings and provide a more
comprehensive understanding of MTDM’s pleiotropic
effects.

Conclusions

This study identified two prognostic genes (ADH4 and
DNASE11.3) that are associated with MTDM in HCC, and
successfully constructed a prognostic risk model related to
MTDM in HCC. Our findings may provide novel insights
into the clinical management of HCC, and pave the way
for the development of novel therapeutic approaches. With
further research and practical application, these results offer
hope for the development of more effective treatments,
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and could thus improve the prognosis and quality of life of
HCC patients.
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