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Background: Non-alcoholic steatohepatitis (NASH), a prominent driver of hepatocellular carcinoma
(HCC) besides virus and alcohol, induces a series of complex liver structural and immune microenvironment
changes, which make the early diagnosis and treatment of NASH-associated HCC (NASH-HCC) more
challenging. This study aims to identify signature genes and explore the role of immune cell infiltration in
NASH-HCC to improve early detection and prognosis assessment.

Methods: Differential gene and immune cell infiltration are important indicators for predicting the
progress of oncology and responsiveness of tumor patients to immunotherapy, usually confirmed through
biopsy tests with poor patient compliance. To obtain a highly correlated signature gene set and validate
immune cell infiltration status, the GSE164760 and GSE102079 datasets from the Gene Expression
Omnibus (GEO) database were analyzed using machine learning algorithms. Feature genes were identified
based on differentially expressed genes and key modular genes identified by weighted gene co-expression
network analysis (WGCNA). The signature genes were screened using the least absolute shrinkage and
selection operator (LASSO), random forest, and support vector machine recursive feature elimination (SVM-
RFE) machine learning algorithms. Subsequently, the signature genes were subjected to diagnostic efficacy
tests, gene set enrichment analysis, immune cell infiltration assessment and real-time reverse transcription
polymerase chain reaction (RT-qPCR) validation.

Results: Six signature genes were identified, including C-C motif chemokine ligand 14 (CCL14), C-type
lectin domain family 4 member G (CLEC4G), ficolin-2 (L-ficolin, FCN2), insulin-like growth factor binding
protein 3 (IGFBP3), C-X-C motif chemokine ligand 14 (CXCLI4), and vasoactive intestinal polypeptide type
I receptor (VIPRI). The area under the receiver operating characteristic (ROC) curve for the six signature
genes was between 0.927-0.958, and the calibration curves also indicated that they had high prediction
accuracy. Six signature genes were positively associated with NASH pathological process pathways including
butyric acid metabolism and fatty acid degradation. The infiltration of immune cells such as M2-type
macrophages was significantly positively correlated with the signature genes. RT-qPCR revealed a significant
decrease in the expression of CLEC4G and IGFBP3 in the NASH-HCC model.

Conclusions: CLEC4G and IGFBP3 hold potential as biomarkers for clinical surveillance, offering new

insights for early detection and prognosis evaluation.

Keywords: Non-alcoholic steatohepatitis (NASH); hepatocellular carcinoma (HCC); weighted gene co-expression

network analysis (WGCNA); signature genes; immune cell infiltration
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Introduction

The global cancer statistics reveals a consistent trend:
primary liver cancer maintains its position as the sixth most
frequently diagnosed cancer worldwide. Among these cases,
hepatocellular carcinoma (HCC) accounts for nearly 90%
(1,2). Nevertheless, the landscape of major risk factors for
HCC is undergoing a transformation. Non-alcoholic fatty
liver disease (NAFLD) and the following non-alcoholic
steatohepatitis (NASH) has emerged as prominent drivers
of the rising incidence of cirrhosis and HCC besides virus
and alcohol, primarily due to the global surge in obesity,
dyslipidemia and type 2 diabetes mellitus (3). NAFLD,
which affects approximately 25% of the global population,
is expected to see a 56% increase in NASH prevalence
from 2016 to 2030 across major countries, including China,
France, Germany, Italy, Japan, Spain, the United Kingdom,
and the United States (4). Evidence from various regions
highlights the rapid rise of NAFLD-associated HCC
(NAFLD-HCQ). For instance, NAFLD is now the fastest
growing cause of HCC in United States liver transplant
recipients and waiting list candidates (5). Moreover, a
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staggering 122% increase in HCC cases attributed to
NAFLD in the United States by the year 2030 are being
estimated (6). A study from South Korea indicated that
NAFLD is strongly associated with the development
of HCC, regardless of the presence of fibrosis, after
controlling for demographic variables (7). Furthermore, in
France, the prevalence of HCC among NAFLD patients
increased from 2.6% in 1995 to 19.5% in 2014 (8).
NAFLD-HCC poses unique diagnostic challenges.
The elevated level of alpha-fetoprotein (AFP) and des-
gamma-carboxyprothrombin (DCP) may suggest an
HCC. However, its role in the detection of small tumors
and early NAFLD-HCC is unclear. Meanwhile, visual
diagnosis of early HCC is limited in cases with complex
liver pathological changes, such as NAFLD (9,10).
Unfortunately, current clinical evidence does not support
the use of abdominal ultrasonography monitoring for
early HCC identification in individuals who do not have
cirrhosis or severe fibrosis. This difficult issue leads to
more NAFLD-HCC patients being diagnosed at later
stages of the disease (11). In addition, because the onset of
NAFLD-HCC occurs 4-6 years later than HCC caused
by other factors (12), these patients may have an older
age, more severe frailty, more comorbidities and a worse
prognosis (11). It is noteworthy that a meta-study
conducted by Younossi et 2. [2016] (13) revealed a
substantial increase in the risk of HCC development only
after the transformation of NAFLD into the NASH subtype
(annual incidence: 0.44 per 1,000 person-years to 5.29 per
1,000 person-years). This underscores the significance of
exploring potential biomarkers in distinguishing between
NASH and NASH-associated HCC (NASH-HCC) stages.
Immune cell infiltration is an important indicator for
predicting the progress of oncology and responsiveness
of tumor patients to immunotherapy, usually confirmed
through biopsy tests with poor patient compliance (14,15).
Due to the altered liver immune microenvironment caused
by NASH, NASH-HCC immunotherapy is promising but
challenging. Unfortunately, there is a paucity of studies
that have delved into potential immune cell biomarkers for
this specific distinction. Bioinformatics analysis can provide
cost-effective and high-precision results, which enhances the
understanding of the complexities of biology and provides
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valuable insights for future research. However, the sole
available study lacked robust indicators for assessing and
screening the significance of candidate genes. Furthermore,
the results were not subjected to validation using datasets
from different sources, which could potentially compromise
their accuracy and reliability (16).

To provide precise outcomes, this study used various
machine learning algorithms to bioinformatically analyze
the transcriptome sequencing data of NASH and NASH-
HCC patients to discover NASH-HCC signature genes,
which were validated in external datasets and cell model.
Finally, the immune cell infiltration of NASH-HCC was
evaluated using the cell-type identification by estimating
relative subsets of RNA transcripts (CIBERSORT)
algorithm, which provides a new direction of thinking
for the clinical diagnosis and treatment of NASH-HCC.
We present this article in accordance with the TRIPOD
reporting checklist (available at https://tcr.amegroups.com/
article/view/10.21037/tcr-2024-2291/rc).

Methods
Data sources

In this study, the data from the Gene Expression Omnibus
(GEO) database (https://www.ncbi.nlm.nih.gov/GEOQOY/)
were accessed. GSE164760 was utilized for the training set
and GSE102079 for validation. The GSE164760 dataset
includes transcriptome sequencing data from 74 NASH
patients and 53 NASH-HCC patients and is derived from
the GPL13667 platform of the Affymetrix Human Genome
U219 Array (17). The dataset was provided by Pinyol ez /.,
who reported detailed demographic characteristics and
relevant clinical indicators of the study subjects in their
research. For the validation set, we utilized the GSE102079
dataset, sourced from the Affymetrix Human Genome
U133 Plus 2.0 Array (GPL570 platform). This dataset
encompasses transcriptome sequencing data from cancerous
tissue samples of 152 HCC patients, alongside 91 adjacent
normal liver tissue samples (18,19). The study was
conducted in accordance with the Declaration of Helsinki (as
revised in 2013).

Identification of differentially expressed genes (DEGs)

The dataset was processed using the “limma” package (20)
within the R software. This involved background correction
and normalization. Subsequently, the probe names in the
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probe annotation file were converted into gene symbols.
DEGs were identified separately for the NASH and NASH-
HCC groups. The specific criteria were applied requiring
a threshold of Ilog, fold change (FC)| >1 and an adjusted
P value <0.05 (21). These DEGs were visualized using
volcano plots. Furthermore, the top 30 up-regulated and top
30 down-regulated DEGs were presented in a heat map.

Functional and pathway enrichment analyses

To assess the biological relevance the DEGs, the
“clusterProfiler” package in R was employed to analyze
Kyoto Encyclopedia of Genes and Genomes (KEGG)
pathways (22). The Gene Ontology (GO) analysis was
also conducted, which investigates the biological processes
(BP) of the DEGs across three categories: BP, cellular
component (CC) and molecular function (MF). In addition,
the KEGG analysis was performed to explore potential
signaling pathways associated with the DEGs.

WGCNA

In this study, WGCNA was performed using the R package
“WGCNA” to identify the gene modules most closely
associated with NASH-HCC (23). The WGCNA analysis
was carried out based on scale-free topology criteria.
Initially, all outliers were removed from the dataset. After
the calculating of the soft-threshold power and transforming
of topological overlap matrix, the corresponding
dissimilarity was computed for hierarchical cluster analysis.
To identify co-expressed gene modules, a dynamic tree-
cutting method was applied. Each gene module contained
a minimum of 30 genes. Then, the gene significance values
and module membership values were calculated for assessing
the correlation between gene modules and NASH-HCC.
This process allowed us to identify critical gene modules.
Furthermore, the candidate hub genes have been identified
through the examination of the overlap between DEGs and
key module genes.

Identification and assessment of signature genes

Three machine learning algorithms, the LASSO,
random forest and support vector machine recursive
feature elimination (SVM-RFE), were used to screen
for significant features (24-26). The LASSO regression
model determines variable importance by selecting optimal
regularization parameters through cross-validation and
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applying regularization to penalize regression coefficients,
with all other parameters kept at their default settings.
It is particularly effective in handling high-dimensional
data compared to traditional regression methods. In the
Random Forest analysis, two key parameters were specified:
the number of trees in the forest was set to 500, and the
number of variables used for node splitting in each tree
was set to 11, while all other parameters remained at
their defaults. Genes with importance scores greater than
0.5 were extracted from the results of the new Random
Forest model, which was constructed by determining the
number of trees corresponding to the model with the lowest
error rate. A common supervised machine learning method
for classification and regression called the SVM-RFE
algorithm was also employed. For SVM-RFE, the control
parameter for RFE was adjusted by setting the number of
folds for cross-validation to 5, with all other settings left
as default. The signature genes for NASH-HCC were
identified by finding the intersection of genes selected by
these three machine learning algorithms.

The receiver operating characteristic (ROC) curves and
calibration curves were employed to assess the diagnostic
effectiveness of the signature genes. Model calibration was
based on the Brier score, which ranges from 0 to 0.25. The
lower the Brier score, the higher the degree of calibration.
Additionally, the internal validation using 1,000-fold
bootstrap replication and external validation were
performed on a separate dataset to confirm the diagnostic
efficacy of the signature genes.

Gene set envichment analysis (GSEA)

To investigate the correlation between these selected key
genes and pathways, each gene was classified into two
categories based on its median gene expression: high and
low expression using GSEA (27) on these subgroups. The P
values were used for correction with a significance threshold
set at P<0.05.

Immune cell infiltration

CIBERSORT, a method that uses linear support vector
regression (LSVR) was used to deconvolute expression
matrices of human immune cell subtypes, to evaluate
immune cell infiltration (28). CIBERSORT is widely
recognized for its robust deconvolution analysis, particularly
when dealing with unknown mixtures and matrices
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containing similar immune cell types (29). This makes it
a reliable method for estimating immune cell infiltration.
Initially, it was calculated that the relative abundance of
22 immune cell subtypes in each NASH and NASH-HCC
sample. Subsequently, the student’s #-test was employed
to assess the potential differences in the 22 immune cell
subtypes between the two groups. Pearson correlation
analysis was conducted to determine whether immune cell
subtypes are related to signature genes.

Real-time reverse transcription polymerase chain reaction
(RT-qPCR) verified the expression of signature genes in
HCC cell models

Hepatocellular carcinoma G2 (HepG2, Cobioer, Nanjing,
China) cells were treated with 0.3 mmol/L sodium palmitate
(Meryer, Shanghai, China) for 24 hours to establish a
NAFLD-HCC cell model characterized by excessive fat
accumulation (30). Then, after staining the cells using
the Oil Red O staining kit (EallBio, Beijing, China), lipid
droplets in untreated HepG?2 cells and HepG2 cells treated
with 0.3 mmol/L sodium palmitate for 24 hours were
observed using a fluorescence microscope (KEYENCE,
Shanghai, China). Nuclear factor erythroid-2-related
factor 1 (Nrfl) was statically knocked out in HepG2 cells
to construct NASH-HCC cell model (31). Total RNA of
HepG2 and 2 model cells was extracted, and complementary
DNA (cDNA) was obtained by reverse transcription
using Hifair® III 1st Strand ¢cDNA Synthesis Kit (Yeasen,
Shanghai, China). The reaction condition of RT-qPCR
experiment: 95 °C 3 min; 95 °C 10's, 55 °C 30 s, 39 cycles;
65 °C31s;65°C 15 s, 0.5 °C/cycle gradient temperature rise,
60 cycles. Each experiment was set up with 3 replicate wells.

Glyceraldehyde-3-phosphate dehydrogenase (GAPDH) was
used as an internal reference for correction, and the 2*"
method was used to calculate the messenger RNA (mRNA)
expression of the signature genes (32). The sequence of

primers used is shown in Table S1.

Statistical analysis

The version R 4.3.0 was used for all statistical analyses.
Group differences were assessed using the student’s
t-test and correlations were examined through Pearson
correlation analysis. Statistical significance was defined as
P<0.05, unless otherwise indicated. All P values were two-
tailed. Figure I displays the flowchart of the study.
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Figure 1 Flow chart of the analysis process. DEGs, differentially expressed genes; GO, Gene Ontology; GSEA, gene set enrichment

analysis; HCC, hepatocellular carcinoma; KEGG, Kyoto Encyclopedia of Genes and Genomes; LASSO, least absolute shrinkage and
selection operator; mRNA, messenger RNA; NAFLD, non-alcoholic fatty liver disease; NASH, non-alcoholic steatohepatitis; NASH-HCC,

NASH-associated HCC; ROC, receiver operating characteristic; RT-qPCR, real-time reverse transcription polymerase chain reaction;

SVM-RFE, support vector machine recursive feature elimination; WGCNA, weighted gene co-expression network analysis.

Results
Identification of DEGs

"To study oncogenes associated with hepatocarcinogenesis
in the context of NASH, the DEGs between NASH and
NASH-HCC samples were analyzed using the “limma”
package. In total, 164 DEGs were identified, comprising
118 downregulated genes and 46 upregulated genes
(Figure 2A). Figure 2B illustrated a heat map displaying
the top 30 upregulated and top 30 downregulated DEGs
between NASH and NASH-HCC.

Function envichment analysis

To study the function of the DEGs, the GO analysis
encompassed three key categories: BP, CC and MF

© AME Publishing Company.

(Figure 34). In the BP analysis, the top three enriched
processes were steroid metabolic process, regulation of
hormone levels and response to xenobiotic stimulus. For
CC analysis, collagen-containing extracellular matrix
and blood microparticle were significantly enriched. In
MEF analysis, receptor ligand activity, signaling receptor
activator activity and carbohydrate binding were found to
play crucial roles. Additionally, the KEGG analysis revealed
the top 3 enriched pathways: drug metabolism-cytochrome
P450, cytokine-cytokine receptor interaction and chemical
carcinogenesis-DNA adducts (Figure 3B).

Weighted gene co-expression network analysis (WGCNA)

To select the gene modules most closely associated with
NASH-HCC, the scale-free co-expression networks were
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Figure 2 Screening for differential genes. (A) Volcano plots of 118 downregulated genes and 46 upregulated genes; (B) the top 30
upregulated and top 30 downregulated DEGs between NASH and NASH-HCC. DEGs, differentially expressed genes; HCC, hepatocellular
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established using the “WGCNA” package in R software.
The selection of the soft threshold was based on achieving
an initial value of the scale-free topology fitting index
exceeding 0.85, which was found to be 7 (Figure 44). The
network diagram (Figure 4B) visually demonstrates that
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the network is well-connected when the soft threshold is
set to 7. To represent gene clustering, a tree diagram was
employed, including subgroups of genes (Figure 4C). The
data were categorized into 13 modules, with the MEgreen
module displaying a notable correlation with the disease
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(Figure 4D). Correlation analysis further revealed that the signature genes, including C-C motif chemokine ligand

MEgreen module exhibited the highest correlation with 14 (CCL14), C-type lectin domain family 4 member G

the disease (r=-0.72, P<0.001, Figure 4E). Through the (CLEC4G), ficolin-2 (L-ficolin, FCN2), insulin-like growth

intersection of DEGs and key module genes, we identified a factor binding protein 3 (IGFBP3), C-X-C motif chemokine

total of 121 candidate hub genes (Figure 4F). ligand 14 (CXCL14) and vasoactive intestinal polypeptide
type I receptor (VIPRI) (Figure S1E).

Screening of signature genes via machine learning
algorithms Diagnostic performance of signature genes

Three machine learning algorithms were used to screen The expression levels of six genes—CCLI4, CLEC4G,
signature genes from the hub genes. Thirteen feature FCN2, IGFBP3, CXCL14 and VIPRI—were notably
genes were screened by LASSO regression analysis lower in NASH-HCC patients compared to NASH
(Figure S1A,S1B), and there were 29 feature genes with patients (Figure S2A-S2F). Furthermore, the area under
relative importance greater than 0.5 in random forest the curve (AUC) values for these genes were as follows:
analysis (Figure S1C), and support vector machine analysis 0.927, 0.952, 0.945, 0.933, 0.931 and 0.958, respectively
screened 13 feature genes (Figure S1D). Table S2 listed (Figure 5, A1-A6). Calibration curves showed that the
the filtered feature genes. By taking the intersection of prediction and actual probabilities of the six genes are
the results from these three algorithms, we identified six generally in agreement, with excellence noted for CCL14,
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IGFBP3 and VIPRI (Figure 5, B1-B6). Upon internal
validation using 1000 bootstrap resamples, it was reaffirmed
that the average AUC values of the six genes ranged
from 0.927 to 0.958, and the average Brier scores ranged
from 0.073 to 0.110. Notably, the six identified genes
exhibited exceptional diagnostic effectiveness and predictive
probability in the external dataset (Figure 6, Figure S3).

GSEA

The GSEA was utilized to investigate the signaling
pathways associated with the signature genes. Based on
the findings presented in Figure 7, it was identified the top
10 signaling pathways for each of the six genes. The results
revealed noteworthy patterns: “Butanoate metabolism”
and “Fatty acid degradation pathway” exhibited positive
associations with all six signature genes. In contrast, the
“extracellular matrix (ECM)-receptor interaction pathway”
displayed negative associations.

Assessment of immune cell infiltration

In comparison to NASH patients, NASH-HCC patients
exhibited increased infiltration of specific immune cells,
including naive B cells, MO macrophages, plasma cells and
activated memory CD4" T cells. Conversely, it demonstrated
that the decreased infiltration of other immune cell types,
including activated dendritic cells, M2 macrophages and
T regulatory cells (Figure 84). Furthermore, most of the
signature genes displayed negative correlations with the
infiltration of MO macrophages, plasma cells and activated
memory CD4" T cells, while showing positive correlations
with the infiltration of M2 macrophages, activated dendritic
cells and T regulatory cells (Figure 8B).

RT-qPCR validation of signature gene expression

Oil Red O staining results indicated that treatment of
HepG2 cells with 0.3 mmol/L sodium palmitate for
24 hours successfully established an NAFLD-HCC
cell model characterized by excessive fat accumulation
(Figure S4). The expression of six characteristic genes in
NAFLD-HCC, NASH HCC and HCC cell models was
compared, respectively. The results showed that compared
to HCC, the expression level of FCN2 (P=0.01) was elevated
in NAFLD-HCC cells, with no significant difference in
other genes (Figure 94). In the NASH-HCC cell model
constructed by knockout Nrfl, the expression levels of

© AME Publishing Company.

CLEC4G (P=0.002), IGFBP3 (P=0.005), and FCN2 (P=0.02)
genes were decreased, while the expressions of CXCLI4
(P=0.02) and VIPRI (P=0.001) were increased, and there
was no significant difference in CCLI4 gene expression

(Figure 9B).

Discussion

In this study, we screened six signature genes significantly
associated with NASH-HCC through comprehensive
bioinformatics analyses of two datasets from the GEO
database. Upon internal and external validation, all of these
genes demonstrated high diagnostic efficacy and predictive
ability, supporting their reliability as potential biomarkers.
In addition, RT-qPCR experiments further confirmed that
the expression levels of the CLEC4G and IGFBP3 genes were
significantly downregulated in the NASH-HCC cell model,
suggesting that they may play a key role in the progression
of NASH to HCC. This finding provides a basis for further
investigation into the functional mechanisms of these genes
in disease progression, and also provides potential new ideas
for future clinical diagnosis and targeted therapy.

CLEC4G encodes liver sinusoidal endothelial cell
lectin (LSECtin), a member of the C-type lectin receptor
family. As a key immunomodulatory receptor, CLEC4G
tends to be expressed at high levels in normal liver
tissues, but its expression decreases in malignant liver
diseases and eventually becomes undetectable (33,34).
Abundant literature has demonstrated the perturbations
of glucolipid metabolism in NASH. Hepatic IGFBP3
mRNA is proportionally associated with glycemia and
insulin resistance in NAFLD patients (35). A previous study
has shown that the level of circulate IGFBP3 decreases
progressively from the control group to NAFLD patients
and then to NASH patients (36). Moreover, IGFBP3
expression is significantly downregulated and correlated with
multiple clinicopathological characteristics in HCC (37).
All these results imply that therapeutic interventions aimed
at the CLEC4G and IGFBP3 could hold significant promise
in the treatment of NASH-HCC.

The GSEA demonstrated that CLEC4G and IGFBP3 had
positive associations with the butanoate metabolism and
fatty acid degradation pathways. The fatty acid metabolism
is essentially absent in the HCC stage (38). Besides, the
butyrate metabolism is also identified as one of the most
disturbed lipid-related signals in NASH and HCC (39-41).
The imbalance of the butyrate metabolism pathway may
relate to the uptake of fatty acids and lipid accumulation
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in the liver, which accelerate the transition from NAFLD
to NASH (42). In addition, CLEC4G and IGFBP3 were
inversely associated with the ECM-receptor interaction
pathway, which enhanced HCC growth and development
in both human and mouse studies (43,44). These findings
give important information for future research into the
metabolic abnormalities and etiology in NASH-HCC.
Immune infiltration status influences the choice of
immunotherapy for HCC. Consistent with the findings
of this study, Tang er 4/. [2009] (45) found that in a T
cell-mediated acute liver injury mouse model, CLEC4G
deficiency led to enhanced T cell immune response, thereby
aggravating liver injury. Administration of exogenous
recombinant CLEC4G protein or CLEC4G plasmid
suppressed T cell activation and alleviated liver damage.
These results further indicate that CLEC4G plays a key role
in hepatic immune tolerance and may serve as a potential
target for regulating T cell immune responses. Similarly, a
study by Scully et 4l. (46) on IGFBP3 and its role in obesity-
induced breast cancer found that in IGFBP3-deficient mice,

© AME Publishing Company.
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infiltration of CD3" T cells was significantly increased.
This suggests that IGFBP3 may play a role in immune
suppression or tumor immune evasion by inhibiting T
cell tumor infiltration. In current study, it was observed
that NASH-HCC patients exhibited elevated levels of
immune cell infiltration, including naive B cells, MO-type
macrophages, plasma cells and activated memory CD4" T
cells, within their tumor tissues when compared to NASH
patients. These findings are in concordance with previous
research outcomes in HCC patients compared to healthy
control (47). Notably, a recent study has presented varying
results when comparing immune cell infiltration in healthy
controls and NASH patients. These discrepancies involve
cell types such as naive B cells, M2-type macrophages
and activated dendritic cells (48). The diverge from these
findings suggest a potential reversal in the stage of immune
cell infiltration in NASH-HCC. Further functional research
endeavors are required to assist the immunotherapy of
NASH-HCC. Low expression of CLEC4G and IGFBP3
combined with increased M2 macrophage infiltration
and decreased plasma cell infiltration may have potential
as biomarkers or even therapeutic targets in NASH-
HCC oncology. Given that CLEC4G is associated with
immune tolerance and IGFBP3 with tumor suppression,
their downregulation, along with shifts in immune cell
composition, may contribute to immune evasion and tumor
progression in NASH-HCC. These insights emphasize
the importance of immune profiling in developing targeted
immunotherapeutic approaches for NASH-HCC.

The biomarker screening studies for NAFLD and HCC
can be mainly categorized into two types: the first category
focuses on biomarkers for diagnosing NAFLD/NASH
(49-52), while the second category targets biomarkers
for diagnosing HCC related to NAFLD/NASH (53-55).
Notably, the study by Meng ez al. (49) found that IGFBP2
is a potential biomarker for NASH, which is similar to the
IGFBP3 identified in this study. Both belong to the insulin-
like growth factor binding protein (IGFBP) family and
regulate the biological activity of insulin-like growth factor
(IGF), thereby influencing cell growth, differentiation,
and survival. This finding suggests that biomarkers may
show consistent changes as one progresses from a healthy
population to NAFLD/NASH patients, and further to
NASH-HCC. Although the detection range expands, the
specificity decreases, as NASH and NASH-HCC face
significantly different clinical treatments. In addition, in the
research on HCC-related biomarkers, Cai et /. (53) and
Wang et al. (55) constructed protein-protein interaction
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networks to screen for key genes. Although their findings
differ from those of this study, they each identified cyclin-
dependent kinase inhibitor 2A (CDKN2A) and cyclin-
dependent kinase 1 (CDKI), which are closely related to
cell cycle regulation and share some similarities. Overall,
while these studies employed similar analytical methods, the
differences in their findings may be attributed to variations
in the study population, sample size, disease progression,
and gene measurement methods.

While this study employed a comprehensive analytical
approach that gradually focused on specific genes and
identified significant signature genes, it was crucial to
acknowledge its limitations. Firstly, future studies should
expand the sample sizes to reduce individual random errors.
Additionally, due to the small sample size, this study did not
include an independent validation set during the feature
gene selection process using machine learning methods,
which may have affected the robustness of the findings.
Secondly, the datasets used in the current study did not
include data on demographic characteristics of the study
population, routine clinical test metrics and prognosis,
a limitation that hampered our ability to extend the
association between these genes and NASH-HCC survival,
thus limiting their potential clinical applicability. Lastly,
the HepG2 cell culture model cannot fully replicate real-
life NAFLD/NASH conditions. Liver fibrosis, which is
marked by an excessive deposition of extracellular matrix
components, is primarily a consequence of long-term and
continuous liver injury (56). Thus, it was difficult to observe
fibrosis formation in the cell culture model. To validate
the roles of CLEC4G and IGFBP3 in NAFLD/NASH-
HCC, further in vivo validation via animal experiments
is essential for the selected genes. Moreover, large-scale
clinical research should be conducted to avoid racial bias in
subsequent investigations. This comprehensive approach
will help to elucidate the underlying mechanisms.

Conclusions

In summary, the two identified genes in this study—namely
CLEC4G and IGFBP3—demonstrate remarkable accuracy
and reliability in distinguishing between NASH and
NASH-HCC. They hold promise as potential biomarkers
for NASH-HCC patients. Moreover, the functions
associated with these genes provide valuable insights for
interpreting the pathogenesis of NASH-HCC. The findings
necessitate further validation through more extensive
clinical population studies and iz vitro cellular experiments

© AME Publishing Company.

to confirm the potential utility of the identified signature
genes as reliable biomarkers and targets for therapy.
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