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Background: Hepatocellular carcinoma (HCC) is a severe hazard to human health and has a high fatality
rate. While deregulated gene expression has been widely linked to hepatocarcinogenesis, many details of how
these alterations drive tumor initiation and progression remain to be elucidated. We therefore combined
bioinformatics and machine learning strategies to screen for and validate candidate driver genes in HCC.
Methods: Three datasets (GSE78737, GSE98383, and GSE121248) were obtained from the Gene
Expression Omnibus (GEO) database. GSE78737 and GSE98383 were combined to form the training set,
while GSE121248 was used as the validation set. Initially, differentially expressed genes (DEGs) between
HCC and non-HCC (nHCC) in the training set were identified. Enrichment analysis of these DEGs was
performed using Gene Ontology (GO), Kyoto Encyclopedia of Genes and Genomes (KEGG), and Gene
Set Enrichment Analysis (GSEA). To identify diagnostic genes, machine learning algorithms including
support vector machine-recursive feature elimination (SVM-RFE) and least absolute shrinkage and selection
operator (LASSO) were applied. The validation set was employed to confirm the DEGs. Furthermore,
immune cell infiltration differences between nHCC and HCC were analyzed using CIBERSORT. GEPIA2.0
was subsequently used to analyze the prognostic significance of the diagnostic genes in HCC, identifying
key genes. Finally, the key genes were validated using data from The Cancer Genome Atlas (TCGA) and
the International Cancer Genome Consortium (ICGC), as well as through immunohistochemistry (IHC)
experiments, single-cell, and spatial transcriptomics analysis.

Results: A total of 80 DEGs were identified, with 8 upregulated and 72 downregulated. The GO pathways
associated with these DEGs were primarily related to responses to alcohol, humoral immune response,
vacuolar lumen, chemokine activity, and mannose binding. KEGG pathway analysis revealed that the DEGs
were primarily focused on viral protein interactions with cytokines and cytokine receptors. GSEA indicated
that the most active processes in HCC included DNA replication, cell cycle, and mismatch repair. Immune
cell analysis showed significant overexpression of naive B cells, CD8" T cells, activated natural killer (NK)
cells, MO macrophages, and dendritic cells in HCC. In contrast, naive CD4" T cells, gamma delta T cells,
and monocytes were significantly lower in HCC compared to nHCC. Machine learning and risk prognosis
analysis identified FAMS83D as a key gene in HCC, serving as an independent variable affecting HCC
prognosis. Increased FAM83D mRINA and protein expression correlated with poor overall survival and

prognosis in HCC patients. Additionally, FAMS&3D expression was significantly related to various immune
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cells. Further single-cell analysis revealed that FAMS&3D is predominantly upregulated in malignant cells, and

its high expression is strongly associated with poor response to immunotherapy in HCC patients.

Conclusions: FAMS$3D may be a key gene involved in the development and progression of HCC,

contributing to early diagnosis and prognosis assessment. It has the potential to serve as a biomarker for

HCC.
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Introduction

Hepatocellular carcinoma (HCC) is the most common
form of liver cancer, accounting for approximately 90% of
cases (1). It is reported to be the sixth most common tumor
worldwide and the third leading cause of cancer-related

mortality (2). Despite significant improvements in overall

Highlight box

Key findings

* FAMS3D is highly expressed in hepatocellular carcinoma (HCC)
malignant cells and positively correlates with tumor proliferation,
migration, and an immunosuppressive microenvironment.

¢ Single-cell RNA sequencing revealed that FAM&3D-high
malignant cells display stronger receptor-ligand communication
with cancer-associated fibroblasts (CAFs) and endothelial cells,
predominantly via the Laminin and MK (midkine) pathways.

® [In vitro knockdown of FAMS83D markedly inhibited HCC
cell proliferation, migration, and invasion, and reduced M2
macrophage polarization, indicating that FAM83D may serve as a

target for reprogramming the immune niche.

What is known and what is new?

® FAMSE3D overexpression has been linked to poor prognosis in

several solid tumors, but its role in shaping the HCC immune
microenvironment has not been systematically defined.

® Our study is the first to demonstrate, at single-cell resolution,
that FAMS$3D fosters an immunosuppressive milieu by enhancing
malignant cell-CAF/endothelial crosstalk, and that targeting EAM83D
simultaneously curbs tumor aggressiveness and immune evasion.

What is the implication, and what should change now?
® FAMS&3D may act as both a prognostic biomarker and a novel

therapeutic target for HCC. Future pre-clinical studies should
evaluate combined FAM§3D inhibition plus immune-checkpoint
blockade to improve patient outcomes.
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survival (OS) rates for HCC patients through surgical
intervention, chemotherapy, and targeted therapies, the
mortality rate remains high. This is primarily due to the fact
that early symptoms of HCC are often subtle and difficult
to detect, resulting in many patients being diagnosed at an
advanced stage of the disease. Although the tumor-node-
metastasis ('NM) and Barcelona Clinic Liver Cancer
(BCLC) staging systems are still utilized in clinical practice
to evaluate HCC prognosis, their accuracy is suboptimal
(3,4). Furthermore, patients with HCC at similar stages
may exhibit markedly different prognoses. Therefore, there
is an urgent need for more accurate prognostic assessment
techniques to develop tailored treatment strategies for
HCC patients. Research has indicated that tumor diagnosis
and survival prognosis are closely associated with cancer
susceptibility genes (5). Accordingly, we employed machine
learning and bioinformatics approaches to predict key
genes in HCC, aiming to facilitate early diagnosis, effective
treatment, and comprehensive prognostic evaluation of this
condition.

Recently, machine learning has been used in a variety
of medical fields (6-8). Machine learning has an advantage
over most conventional statistical techniques in that it can
discover and identify potential patterns in massive amounts
of data (9). High-throughput sequencing technology has
made it possible to identify cancer signature genes using
machine learning (10). Therefore, researchers have used
machine learning to discover cancer prognostic signature
genes and categorize tumors. Koppad er /. (11) used
machine learning to identify candidate colon cancer
diagnosis genes. Najm ez a/. (12) created a machine-learning
algorithm for predicting popular molecule protein drug
targets. All these findings illustrate machine learning’s
enormous potential in precision medicine research. It can
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Table 1 Details on microarray data
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Set Microarray HCC (n) nHCC (n) Platforms

Training GSE78737 37 66 (HGU133_Plus_2) Affymetrix Human Genome U133 Plus 2.0 Array
GSE98383 16 58

Validation GSE121248 70 37

HCC, hepatocellular carcinoma; nHCC, non-HCC.

learn to carry out particular classification tasks from high-
dimensional gene expression data. However, there has
been little research on machine learning aimed at trying to
identify signature genes appropriate for HCC diagnosis.
Therefore, more in-depth investigations are necessary.

The advent of next-generation sequencing (NGS)
technologies and bioinformatics tools has greatly facilitated
the identification of novel biomarkers for cancer diagnosis
and precision medicine. In this study, we downloaded and
analyzed three Gene Expression Omnibus (GEO) datasets
using bioinformatics methods to identify differentially
expressed genes (DEGs) in HCC. Subsequently, we
conducted analyses on these DEGs, including Gene
Ontology (GO), Kyoto Encyclopedia of Genes and
Genomes (KEGG), Gene Set Enrichment Analysis
(GSEA), and immune cell infiltration analyses. Additionally,
we employed the least absolute shrinkage and selection
operator (LASSO) regression and support vector machine-
recursive feature elimination (SVM-RFE) methods to
identify key genes among the DEGs. Finally, we validated
the transcriptional expression of these key genes using the
Gene Expression Profiling Interactive Analysis (GEPIA),
The Cancer Genome Atlas (TCGA), The International
Cancer Genome Consortium (ICGC) and constructed a
risk model. We also collected tissue samples from HCC
patients and used immunohistochemistry (IHC) to validate
the protein expression of key genes. In summary, our
study identified key genes involved in the progression and
prognosis of HCC, which are of significant importance for
the diagnosis, treatment, and prognostic evaluation of HCC.
We present this article in accordance with the TRIPOD
and MDAR reporting checklists (available at https://tcr.
amegroups.com/article/view/10.21037/tcr-2025-1067/rc).

Methods
Datasets source

The NCBI-GEO (https://www.ncbi.nlm.nih.gov/gds/)

© AME Publishing Company.

database, which has gene profiles, is open to the public
and free to use. From the GEO database, we were able to
retrieve three microarray datasets (GSE78737, GSE98383,
and GSE121248) (Tuble 1). The samples of HCC and
non-HCC tissues were then defined as HCC and non-
HCC (nHCC), respectively. In addition, depending on
the annotation data, we used the “Per]” programming
language to switch the probe matrix into a gene matrix.
Consequently, we created a training set by combining the
GSE78737 and GSE98383 cohorts. Finally, the batch
correction was performed, as well as the identification of
various genes between the HCC and the nHCC by the R
language’s “sva” and “limma” packages. The validation set
for the following validation was the GSE121248 cohort.

DEGs analysis

We used the “limma” package for screening the DEGs
between HCC and nHCC in the training set, setting the
screening condition to |llog, fold change (FC)| >2 and
P<0.05. If log,FC >2, it means that this gene is highly
expressed in HCC. If log,FC <-2, the gene is poorly
expressed in HCC. Finally, the results obtained from the
analysis were presented via a heat map and a volcano map.

Bio-functional enrichment analysis

We determined the functional enrichment of DEGs
for GO, KEGG, and GSEA by using three R packages:
“clusterProfiler”, “ enrichplot”, and “ggplot2”. Therein,
GO terms included biological process (BP), cellular
component (CC), and molecular function (MF). For these
functional enrichment analyses, we considered it statistically
significant if P<0.05.

Immune cell infiltration analysis

We used the CIBERSORT program in R software to
compare the infiltration of 22 types of immune cells
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between nHCC and HCC. The analysis results are
displayed as scatter plots, violin plots, and lollipop plots.
Additionally, the association between key diagnostic genes
and immune cell infiltration was evaluated.

Macbhine learning analysis

Utilizing the LASSO and SVM-RFE as machine learning
algorithms, the precise HCC biomarkers were screened,
and a reliable prediction system was obtained. LASSO
regression is useful for processing high-dimensional
data and is implemented by the “glmnet” package of R
software. SVM-RFE has a gradual elimination of inter-
variate interaction features to determine the prediction
function in a cross-validated manner and is implemented
by the “caret” package of R software. Finally, the receiver
operating characteristic (ROC) curve was utilized to check
the diagnostic gene accuracy.

Clinical prognostic and early-diagnostic analysis

GEPIA2.0 (http://gepia2.cancer-pku.cn/#index) was used
to evaluate the influence of diagnostic genes on OS and
prognosis of HCC patients, to determine the key diagnostic
genes.

The GSE63898 dataset, including 228 HCC and 168
nHCC samples, was used to validate the performance of the
FAMS83D gene in diagnosing early-stage HCC. Early-stage
HCC was defined as BCLC stage 0-A (13).

Risks and prognosis analysis

The key diagnostic genes for HCC were evaluated in
relation to patient prognostic risk using data accessed from
the TCGA (https://portal.gdc.cancer.gov). The TCGA
dataset includes HCC RINA sequencing expression (level 3)
data along with corresponding clinical information. Log-
rank was used to test the survival differences between the
two groups in Kaplan-Meier (K-M) survival analysis, and
timeROC analysis was conducted to compare the prediction
accuracy of FAMS83D gene. To select the most significant
variables for inclusion in the model, both univariate and
multivariate Cox regression analyses were performed,
presenting P values, hazard ratio (HR), and 95% confidence
interval (CI) for each factor using the forestplot package in
R software. A nomogram was generated based on the results
of the multivariate Cox proportional hazards analysis,
indicating the specific risk of OS for patients, as determined

© AME Publishing Company.
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by scores related to each risk factor using the “rms” package
in R. The predictive accuracy of mRNA for key diagnostic
genes was then compared using ROC analysis.

ICGC validation analysis

In order to further verify the accuracy of the key diagnostic
genes, we made an in-depth analysis by using the relevant
data in ICGC (https://dcc.icgc.org/releases/current/
Projects). RNA-seq data (level 3) and corresponding clinical
information for 240 cases of HCC were obtained from the
ICGC database. The log-rank test was employed to assess
survival differences between the aforementioned two groups
using K-M survival analysis. Additionally, timeROC analysis
was conducted to evaluate the predictive accuracy of the

FAMS3D gene.

Single cell and spatial transcriptomics analysis

Single-cell and spatial transcriptomic data of HCC were
obtained from GSE166635 and skrx2fz79n. Cells were
filtered based on the following criteria: retaining genes
expressed in a quantity of 500 to 10,000; removing
genes expressed in fewer than 3 cells; retaining cells with
gene expression levels between 1,000 and 100,000; and
retaining cells with a mitochondrial gene percentage of
less than 20%. Batch effects between different samples
were eliminated using the “harmony” package. Clustering
and dimensionality reduction analysis of cells was
performed using the “Seurat” package. Receptor-ligand
communication between different cell types was calculated
using the “cellchat” package.

IHC validation analysis

In order to verify the accuracy of key diagnostic genes again,
we collected tissue samples from HCC patients for IHC
analysis. Controls were also collected as adjacent tissues
(>3 cm from the HCC tissues edge). A total of 100 HCC
samples were collected from January 2022 to December
2023 at the First Affiliated Hospital of Bengbu Medical
University. All HCC tissue samples and corresponding
paracancerous tissue samples were fixed in 4% formalin
solution, paraffin-embedded, and consecutively sectioned
at 4 pm intervals. Subsequent to sectioning, the samples
underwent deparaffinization, were washed with xylene
solution, and dehydrated using an ethanol gradient of
varying concentrations. The study was conducted in
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Figure 1 DEGs analysis of GSE78737 and GSE98383 datasets. (A) Heat map; (B) volcano map. DEGs, differentially expressed genes; FC,

fold change; HCC, hepatocellular carcinoma.

accordance with the Declaration of Helsinki and its
subsequent amendments. The study was approved by the
Human Ethics Committee of Bengbu Medical University
(No. 2024-156). Informed consent was not obtained due to
the retrospective nature of the study.

FAMS83D antibody (339-470AA, 1:200) was procured from
Wuhan Huamei Bioengineering Co., Ltd. A known positive
sample served as the positive control, whereas for the negative
control, the samples were incubated in phosphate-buffered
saline without the addition of the antibody. The proportion
of positive cells and staining intensity was comprehensively
scored. The percentage of stained cells among all counted
cells was categorized as follows: 0 points for <5% positive
cells; 1 point for 5-25% positive cells; 2 points for 26-50%
positive cells; 3 points for 51-75% positive cells; and 4 points
for >75% positive cells. Based on the appearance of the
stained cells, the following scoring was used: 0 points for no
yellow coloration, 1 point for light-yellow granules, 2 points
for brown granules, 3 points for deep brown staining, and
4 points for very intense brown staining. For each section,
4 randomly selected fields at 200x magnification were
examined, and each field was scored for the proportion of
stained cells and staining intensity according to the following
criteria: >6 points indicated high expression; <6 points
indicated low expression.

Statistical analysis

In this study, differences between the two groups were

© AME Publishing Company.

compared using the 7-test. Log-rank was used to test
the survival differences between the two groups in K-M
analysis. Cox regression analysis was employed to assess
the impact of key genes on the prognosis of HCC patients,
while ROC analysis evaluated the diagnostic accuracy of the
genes. Additionally, Pearson correlation coefficient was used
to analyze the correlation between key genes and immune
cells. Statistical analyses were performed using R software
(Version 4.3.2), with a two-sided P<0.05 considered
significant.

Results
DEGs

A total of 80 DEGs were found, including 8 upregulated
and 72 downregulated genes. Additionally, the volcano plot
and heat map were made to visualize (Figure I).

Bio-functional enrichment of DEGs

GO, KEGG, and GSEA analyses were performed using
the clusterprofiler package based on the retrieved DEGs.
The findings revealed that DEGs in BP were significant
related to opsonization, humoral immune response, and
complement activation. CC was strongly linked to collagen
trimer, collagen-containing extracellular matrix, and serine-
type peptidase complex. MF showed a significant association
with chemokine activity, chemokine receptor binding, and
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Figure 2 Enrichment analysis. (A) GO; (B) KEGG; (C,D) GSEA. BP, biological process; CC, cellular component; GO, Gene Ontology;
GSEA, Gene Set Enrichment Analysis; HCC, hepatocellular carcinoma; KEGG, Kyoto Encyclopedia of Genes and Genomes; MF,

molecular function; nHCC, non-HCC.

mannose-binding (Figure 24). DEGs were predominantly
focused on viral proteins’ interaction with cytokines and
cytokine receptors, TGF-B signaling pathway, and IL-
17 signaling pathway in the KEGG pathway (Figure 2B).
The GSEA enrichment analysis showed that complement
and coagulation cascades, cytokine-cytokine receptor
interaction, neuroactive ligand-receptor interaction,
chemokine, and JAK-STAT signaling pathways, DNA
replication, cell cycle, base excision repair, homologous
recombination, mismatch repair were mainly active in
nHCC and HCC (Figure 2C,2D).

Immune cell infiltration

Analysis of HCC and nHCC immune cell differential
expression revealed significantly higher levels of naive B

cells, CD8" T cells, T regulatory cells (Tregs), activated
natural killer (NK) cells, MO macrophages, resting dendritic
cells, and activated dendritic cells. However, CD4" T
cells naive, gamma delta T cells, and monocytes were
significantly lower than in the nHCC (Figure 34). The heat
map was used to visualize immune cell correlations in tumor
microenvironment. Red represents positive correlation and
blue represents negative correlation (Figure 3B).

Machine learning

LASSO algorithm identified 13 genes, whereas the SVM-
RFE method chose 16 genes (Figure 44,4B). Seven genes,
including CXCL14, EPCAM, HSD17B2, LY6E, FAMS83D,
CDHR?2, and SMIM?24, were obtained by taking their
intersection (Figure 4C). P<0.05 indicates differences in
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Figure 3 Immune cell infiltration analysis. (A) The violin plot shows differences in immune infiltration between nHCC and HCC; (B) the
relationship between immune cells in the training set. HCC, hepatocellular carcinoma; nHCC, non-HCC.
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the seven diagnostic genes between nHCC and HCC.
The HCC group is depicted in red, and the nHCC
group in blue. In the training set, suspected HCC genes
CXCL14, HSD17B2, LY6E, CDHR2, and SMIM?24 were
putatively upregulated, while EPCAM and FAMS83D were
downregulated (Figure 5A-5G). The definitive diagnosis of
HCC was assessed using ROC curves, and all seven gene
area under the curve (AUC) was >0.95 (Figure 64-6G).
Moreover, seven genes (CXCLI14, HSD17B2, LY6E,
CDHR?2, SMIM?24, EPCAM, and FAM$&3D) had AUCs >0.9.
In the validation set, the AUCs of CXCLI14, LY6E, CDHR?2,
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and FAMS83D were greater than 0.9. However, the AUCs
of EPCAM, SMIM24, and HSD17B2 were less than 0.9
(Figure 7A-7G). Because of HCC'’s high lethality, we used
the potential genes identified in the two sets. As a result,
the CXCLI14, LY6E, CDHR2, and FAMS§3D genes were all
utilized as diagnostic genes.

Clinical and early-diagnostic prognostic

The four gene effects (CXCLI14, LY6E, CDHR2, and
FEAMS83D) on the OS and prognosis of HCC patients were
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analyzed through the GEPIA 2.0 database, revealing that
only FAMS83D significantly affected HCC patient OS and
prognosis (Figure 84,8B). For early-stage HCC diagnosis,
FAMS83D expression was significantly up-regulated in
early-stage HCC patients (P<0.05, Figure §C). ROC-curve
analysis showed an AUC of 0.916 (95% CI: 0.886-0.945)
in discriminating early-stage HCC from nHCC patients,
indicating a robust diagnostic performance (Figure §D).
Consequently, FAMS83D is the key diagnostic gene finally
determined.

Immune cell correlation of FAM83D

Subsequently, we looked at the connection between
FAMS$3D and immune cell infiltration (Figure 94). The
analysis indicated that FAM§3D and immune cells were
significantly correlated and that the correlation between
them was related to the size of circle representing the score
and its color defining the test P value. Correlations with
P<0.05 indicate significant relationships between immune
cells and the target gene (shown in red). FAMS83D had a
significant positive correlation with immunosuppressive
cells, such as Tregs (R=0.34, P<0.001), M2 macrophages
(R=0.28, P=0.002), resting dendritic cells (R=0.27, P=0.003),
resting mast cells (R=0.24, P=0.01), and M0 macrophages
(R=0.20, P=0.03), and a significant negative relation
to immune-stimulating cells, like gamma delta T cells

© AME Publishing Company.

(R=-0.20, P=0.02), activated mast cells (R=-0.21, P=0.02),
plasma cells (R=-0.22, P=0.01), B cells naive (R=-0.23,
P=0.01), and CD4" T cells naive (R=-0.37, P<0.001) (Figure

9B-9M).

Risk and prognosis of FAM§3D

By analyzing the expression data of FAME83D and the
corresponding clinical information of HCC patients from
TCGA database, it was found that higher expression of
FAMGE3D is associated with an increased risk of HCC,
higher mortality, and poorer prognosis (Figure 10).

Furthermore, FAM&3D was identified as an independent
prognostic factor affecting the outcomes of HCC patients
(Figure 11A). Risk nomograms and calibration curves
demonstrate that patients with HCC have a worse prognosis
when FAMS83D expression is raised (Figure 11B,11C). The
1- and 3-year AUC values of patients with HCC diagnosed
with FAMS83D were 0.731 (95% CI: 0.674-0.788) and 0.65
(95% CI: 0.585-0.716), respectively (Figure 11D).

Verification of FAM83D

By analyzing the expression data of FAM83D and the
corresponding clinical information of HCC patients from
ICGC database, it was found that higher expression of
FAMS83D is associated with an increased risk of HCC,
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higher mortality, and poorer prognosis (Figure 124,12B).
The 1-year and 3-year AUC values of patients with HCC
diagnosed with FAMS83D were 0.709 (95% CI: 0.628-0.789)
and 0.693 (95% CI: 0.605-0.780), respectively (Figure 12C).

Expression of FAM83D

The expression of FAMSE3D is localized in the cytoplasm,
with a high expression rate of 92.0% in 100 HCC tissues
samples, whereas it is minimally expressed in adjacent
tissues (Figure 134), showing a significant difference.

We classified 10 different cell types (Figure 13B).
Among them, FAMS83D is mainly expressed in malignant
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cells, followed by hepatocytes (Figure 13C,13D). Further
analysis of marker genes (Figure 13E) for each cell type
and intercellular communication revealed that malignant
cells have significantly stronger communication with
cancer-associated fibroblasts (CAFs) and endothelial cells
compared to other cells (Figure 13F13G). The intensity of
receptor-ligand communication is mainly concentrated on
the laminin and MK pathways (Figure 13H). Therefore,
FAMS$3D may promote tumor growth by enhancing these
cellular communication processes.

Additionally, we further explored the potential
relationship between FAMS§3D gene expression and
immunotherapy in HCC using spatial transcriptome data.
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The results indicated that FZAM83D is highly expressed in
malignant cells in both responder and non-responder to
immunotherapy, with a significant increase in expression
in non-responder (Figure 13I). This suggests that the
expression of FAME83D may be closely associated with the
nonresponse to immunotherapy in HCC patients.

Discussion

HCC is the most common primary liver malignancy and
represents a major global health burden, being the third
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leading cause of cancer-related deaths worldwide (14). Despite
advancements in surgical techniques and therapeutic
interventions, the prognosis for HCC patients remains
dismal, largely due to late-stage diagnosis and high
recurrence rates (15,16). The molecular heterogeneity of
HCC further complicates treatment strategies, necessitating
the identification of reliable prognostic biomarkers and
therapeutic targets. In this context, our study leveraged
machine learning and bioinformatics approaches to
systematically identify key prognostic genes associated
with HCC, aiming to enhance the predictive accuracy of
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clinical outcomes and provide a foundation for personalized
treatment strategies.

In this study, we utilized three GEO datasets and employed
bioinformatics and machine learning methods to screen and
identify the key gene FAMSE3D involved in the development
and progression of HCC. To validate the accuracy of the
identified key gene, we conducted validation analyses using
the ICGC and TCGA datasets. Additionally, we performed
IHC experiments on tissue samples collected from HCC
patients to further confirm the accuracy of the key gene.
Therefore, FAMS83D may serve as a potential biomarker for
the diagnosis and treatment of HCC in the future.

© AME Publishing Company.

The identification of FAMS&3D as a key diagnostic
and prognostic biomarker in HCC presents significant
implications for understanding the molecular mechanisms
of this malignancy and for developing potential therapeutic
strategies. FAM&3D, also known as CHICA, belongs to
the FAMS83 family and plays a crucial role in multiple
tumor cell signaling pathways (17). This protein,
encoded by the human chromosomal region 20q, is
involved in spindle regulation and the maintenance of
cell division (18). Consequently, FAMS3D is associated
with key regulators of mitosis and cytoplasmic division
in tumors. FAMS&3D directs the protein kinase CKla to
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the mitotic spindle, which is essential for proper spindle
localization (19). It is significantly upregulated in various
cancers, including breast, ovarian, pancreatic, non-small
cell lung cancers, and glioma, impacting the OS of patients
(20-23). FAMS83D can inhibit the FBXW7/MCLL1 signaling
pathway, induce the proliferation and migration of tumor
cells, and inhibit apoptosis, thus promoting the progression
of HCC (24). Moreover, FAMS83D expression is linked
to MCF-7 cell proliferation, suggesting that FAM&§3D
could be a prospective prognostic biomarker across cancer
types (25). Then, FAMS&3D is post-transcriptionally
regulated by PRMT1, enhancing its interaction with other
proteins (26). Additionally, the study found that miRNA-495
targeted FAMS§3D to inhibit the proliferation and migration
of colorectal cancer cells (27). FAM§3D influences HCC
migration and invasion through the Notchl and MEK/ERK
signaling pathways (28,29). These findings suggest that
FAMS$3D is involved in HCC development and is associated
with patient OS. Overexpression of FAMS§3D in HCC leads
to reduced OS in HCC patients and is related to several
immune cells in the HCC microenvironment. Therefore,
FAMS83D may serve as a valuable prognostic biomarker for
HCC.

A study has demonstrated that tumorigenesis, invasion,
and metastasis are significantly influenced by the
tumor microenvironment, which plays a crucial role in
determining patient survival and prognosis (30). The tumor
microenvironment is a complex ecosystem composed of
tumor cells, immune cells, and non-immune cells, with
intricate interactions among these cell types (31). Although
immune cell infiltration in HCC has been previously
reported, no study has employed machine learning
algorithms and big data to analyze the relationship between
prognostic diagnostic genes and immune cells in HCC.
In this study, we utilized these tools, and our correlation
findings may enhance the sensitivity of HCC diagnosis and
contribute to understanding the impact of specific genes on
immunotherapy outcomes in HCC patients.

The immune cell infiltration analysis provided insights
into the tumor microenvironment of HCC. Our analysis
revealed significant overexpression of CD8" T cells, Tregs,
activated NK cells, MO macrophages, and resting dendritic
cells in the HCC microenvironment. Conversely, naive
CD4" T cells and gamma delta T cells were significantly
underexpressed. Therefore, the final key diagnostic gene
screened, FAMS83D, may play an immune-related role in
causing and treating HCC. Ma ez 4l. (32) concluded that

© AME Publishing Company.
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FAMS83D had a significant prognostic value in pancreatic
ductal adenocarcinoma (PDAC), which may be crucial in
controlling tumor progression and immune cell infiltration
after discovering through bioinformatics analysis that
FAMS83D was related to CD8" T cells, gamma delta T cells,
and CD4" T cell infiltration in PDAC. Moreover, FAM83D
is significantly overexpressed in gastric adenocarcinoma
(STAD). It has a significant correlation to tumor stage
in STAD patients and with B cells, CD8" T cells, CD4"
T cells, macrophages, and dendritic cell infiltration (33).
However, due to the tumor microenvironment complexity,
the individual immune cell function in tumorigenesis,
invasion, and metastasis cannot be explored in isolation and
requires additional analysis of their interactions.

Although we employed bioinformatics and machine
learning algorithms to identify the diagnostically valuable
key gene FAMS&3D in HCC and conducted extensive internal
and external validations, our study has certain limitations at
the genomic level. Utilizing multi-omics data or immune-
related non-coding RNA signals could provide a more
comprehensive understanding of the pathogenic mechanisms
of HCC and improve survival rate predictions. In addition,
we lack further functional experiments to prove how
FEAMS3D affects the occurrence and development of HCC.

Conclusions

In summary, we successfully identified the key gene
FAMS83D in HCC using bioinformatics and machine
learning algorithms, and conducted multiple validation
analyses to demonstrate that FAMS83D could serve as a
critical biomarker for HCC. Furthermore, we discovered
that the expression of FAME3D is closely associated
with the infiltration of immune cells within the HCC
microenvironment. Therefore, our findings may also have
significant implications for advancing immunotherapy in
HCC. These findings contribute to the growing body of
knowledge on HCC and offer promising avenues for future
research and clinical applications. Further exploration of
FAMS$3D and its role in HCC could lead to new insights
into the molecular mechanisms of this malignancy and the
development of novel therapeutic strategies.
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