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Background: Hepatocellular carcinoma (HCC) exhibits significant molecular heterogeneity and complex immune microenvironment,
which to some extent limits the accuracy of prognosis assessment and the formulation of individualized treatment strategies. This
study aims to identify immune-derived molecular signatures based on multi-omics data and machine learning methods for the
prognosis prediction and risk stratification of HCC.

Methods: Based on weighted gene co-expression network analysistWGCNA) and differential gene analysis,immune-derived mole-
cular signature (IDMS) were screened in both single-cell and bulk transcriptomes. Prognostic model was constructed by multi-machine
learning approachs. Subsequently, we investigated the differences in mutations, biological functions, and immune cell infiltration
within the tumor microenvironment between the high- and low-risk groups.In addition, we comprehensively analyzed the drug
sensitivity of IDMS and predicted potential drugs.

Results: We identified seven hub genes at the single-cell and bulk transcriptome levels. Based on multiple machine learning, we
constructed a prognostic model that demonstrated excellent performance in predicting overall survival for patients with HCC. IDMS
-integrated normograms provide a promising and quantitative tool for clinical risk management.Notably, a significant difference in
microsatellite instability (MSI) was observed between the high- and low-risk groups. This indicates that patients in the high-risk group
might have a better response to immunotherapy. Additionally, we predicted potential drugs targeting to these risk subgroups.
Conclusion: Our research developed an IDMS that could serve as an effective tool for patient stratification management and
prognosis prediction. This signature could provide a reference for immunotherapy for patients with HCC and improve their prognosis.
Keywords: hepatocellular carcinoma, single-cell RNA-seq, machine learning, multi-omics, biomarkers, immunotherapy response

Introduction

The incidence of hepatocellular carcinoma (HCC) is on the rise, making it the third most prevalent cause of cancer-
related mortality globally.'> HCC typically presents with an insidious onset and rapid progression, contributing to a
global five-year survival rate of less than 30%.> Over the past decades, despite the establishment of a multidisciplinary
treatment approach—including surgery, radiotherapy, radiofrequency ablation, molecular targeted therapy, and transcath-
eter arterial chemoembolization—morbidity and mortality have remained largely unchanged, and the overall prognosis
remains poor.* Given the significant heterogeneity of HCC, predictive, preventive, and personalized medicine (PPPM)
represents a critical strategy for improving patient outcomes.” Although several biomarkers related to HCC have been
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identified in recent years,® ® their clinical application remains limited. First, bulk transcriptomic analyses often fail to
capture the pronounced heterogeneity of the tumor microenvironment (TME). Second, the robustness and generalizability
of biomarker signatures developed across independent research groups show considerable variability in validation

cohorts,”°

thereby diminishing their reliability for guiding individualized therapeutic decisions.

Currently, the intricate interactions between immune and cancer cells have emerged as a crucial focus of research
efforts.'’!> The TME consists of stromal cells, fibroblasts, immune cells, endothelial cells, and cancer cells.'* The
significant association of the immune cells and various tumor cells in the TME have been demonstrated.'*'® Cancer cells
can maintain an immunosuppressive microenvironment and evade antitumor responses through multiple mechanisms,
such as secreting immunosuppressive factors or recruiting regulatory T cells (Tregs).'”'® Meanwhile, chemotherapy,
radiotherapy, and targeted therapies have been shown to enhance the immunogenicity of tumor cells and stimulate
immune responses, thereby improving the efficacy of anticancer treatments.'® 2! These findings suggest that immune-
related genes (IRGs) serve as pivotal molecular mediators bridging tumor heterogeneity and personalized therapeutic
strategies, underscoring their substantial translational and research significance.

With the advancement of sequencing technology, the integrated analysis of multi-omics has provided a new approach
for exploring the biological characteristics of tumors. Herein, we employed a multi-omics approach combined with
machine learning to investigate the potential clinical value of IRGs in HCC and identify an immune-derived molecular
signature (IDMS). Our research indicates that the IDMS could be used as an innovative biomarker for predicting the
prognosis and immunotherapy response in HCC, thereby contributing to improving patient outcomes through targeted
prevention and personalized medical care.

Materials and Methods

Acquisition and Processing of Data

The single-cell dataset GSE162616% was sourced from the Gene Expression Omnibus (GEO), converted into a Seurat
object, and screened to retain high-quality cells (mitochondrial gene content < 20%, number of features > 300, log;o-
GenesPertUMI . (0.80). The functions “Harmony” was employed to eliminate the impact of batch effects, followed by data
normalization. The “FindMarkers” function was then employed to identify single-cell differentially expressed genes
(scDEGs) with |logFC| > 0.25 and an adjusted p-value < 0.05. Bulk RNA-seq data were downloaded from The Cancer
Genome Atlas (TCGA), and the associated clinical information was retrieved from the UCSC Xena platform. After
excluding samples lacking clinical information, a final cohort of 424 patients from The Cancer Genome Atlas Liver
Hepatocellular Carcinoma (TCGA-LIHC) was obtained. To robustly identify key genes exhibiting consistent differential
expression while minimizing the risk of overlooking biologically relevant molecules due to excessively stringent
statistical thresholds, this study applied a DEG screening criterion of [log,FC| > 0.3 and an adjusted p-value < 0.05.
Additionally, three independent datasets (GSE14520, GSE76427, GSE121248) were obtained from GEO,>*?° and a
comprehensive dataset composed of 2,483 IRGs was retrieved from the ImmPort database. The full gene list is provided
in Table 1.

Weighted Gene Co-Expression Network Analysis (WGCNA)

The “WGCNA™® was utilized to compute correlation coefficients between gene pairs and apply these weighted
coefficients to construct a gene co-expression network consistent with a scale-free topology. Subsequently, the TCGA-
LIHC dataset was analyzed to calculate gene variance, and the top 5,000 genes with the highest median absolute
deviation were selected. We then assessed correlations between HCC and control groups across various modules. Genes
within modules that exhibited an absolute correlation coefficient (|t|) greater than 0.50 were selected for further analysis.

|dentification of Immune-Derived Molecule Signature and Prognosis Model

We obtained hub genes by intersecting of IRGs, scDEGs, DEGs and module genes from WGCNA. Hub genes were
selected by five machine learning algorithms: the least absolute shrinkage and selection operator (LASSO), Boruta,
random forest (RF), learning vector quantization (LVQ), and Bagged Trees. The overlapping genes detected by these five
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Table | Immune-Related Genes (IRGs)

Immune-Related Genes

AZGPI APOBEC3H CXCLI1 SAA2 KIR3DLI
B2M TMPRSS6 CXCLI2 SBDS KIR3DL2
CALR SPINKS CXCLI3 SCG2 KIR2DLI
CANX MARCO CXCL14 SCGB3AI KIR2DL2
CDIA BECNI CXCLI6 SCT KIR2DL3
CDIB TNFSFI | CXCLI17 AIMPI KIR2DL4
CDIC KNGI CXCL2 SECTMI KIR2DL5A
CDID CSK CXCL3 SEMA3A KLRCI
CDIE KLRKI CXCL5 SEMA3B KLRC2
CD4 KCNH2 CXCL6é SEMA3C KLRC3
CD8A JUND CXCL9 SEMA3D KLRDI
CcD8B JAKI CCNI SEMA3E PTPNé6
CD74 CREBI DEFAI SEMA3F PTPNI I
CREBI CLDN4 DEFA3 SEMA3G ICAMI
CTSB CCL28 DEFA5 SEMA4A ICAM2
CTSE RNASE3 DEFBI SEMA4B ITGAL
CTSL RN7SLI DEFBI103B SEMA4C ITGB2
CTSS IRF7 DEFBI04A SEMA4D PTK2B
FCERIG IREB2 DEFB4A SEMA4F VAV3
FCGRT ILK EDNI SEMA4G VAV
PDIA3 IL18 EDN2 SEMASA VAV2
HFE ILI7A EDN3 SEMA5B RACI
HLA-A LTB4R FGFI0 SEMAG6A RAC2
HLA-B APOBEC3A FGF2 SEMA6B RAC3
HLA-C MASP2 HTN3 SEMA6C PAK
HLA-DMA TRIM27 CXCL8 SEMA6D MAP2K
HLA-DMB RELA LECT2 SEMA7A MAP2K2
HLA-DOA IL7R PF4 SLITI MAPKI
HLA-DOB ILTA PF4V1 SLIT2 MAPK3
HLA-DPAI PTX3 PLAU SLURPI TNF
HLA-DPBI IFNAR2 PPBP SPP1 CSF2
HLA-DQAI IFNI@ PPBPPI SST IFNG
HLA-DQA2 SYTLI PROK2 STCI KIR2DSI
HLA-DQBI APOBEC3C RNASE2 sTC2 KIR2DS3
HLA-DRA DDXI17 SAAI TACI KIR2DS4
HLA-DRBI PTGS2 SAA2 TDGFI KIR2DS5
HLA-DRB3 HTRIA SBDS TDGFIP3 NCR2
HLA-DRB4 SEPTIN7 SEMA3A TG TYROBP
HLA-DRB5 CD40LG SEMA3B TGFA LCK
HLA-E CDI4 SEMA3C TGFBI FCGR3A
HLA-F CDS8A SEMA3D TGFB2 FCGR3B
HLA-G CD4 SEMA3E TGFB3 NCRI
HLA-H MASPI SEMA3F THPO NCR3
MRI PROC SEMA3G TNC FCERIG
HSPAITA MAP2K2 SEMA4A TNF CD247
HSPAIB MAP2K | SEMA4B TNFRSFI 1B ZAP70
HSPAIL HRG SEMA4C TNFSFI0 SYK
HSPA2 NDRGI SEMA4D TNFSFI | LCP2
HSPA4 IRF9 SEMA4F TNFSF12 LAT
HSPAS TRIM22 SEMA4G TNFSFI13 PLCGI
HSPA6 LANCLI SEMASA TNFSFI3B PLCG2
(Continued)
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Table | (Continued).

Immune-Related Genes

HSPA8 PPP4C SEMASB TNFSF14 SH3BP2
HSP90AAI HMOXI SEMA6A TNFSFI5 PIK3CA
HSP90AB | HMGBI SEMA6B TNFSFI8 PIK3CB
ICAMI HLA-B SEMA6C TNFSF4 PIK3CD
IFNAI RNASE7 SEMA6D TNFSF8 PIK3CG
IFNA2 ABCC4 SEMA7A TNFSF9 PIK3R5
IFNA4 HGF SLITI TOR2A PIK3RI1
IFNAS HDACI SLIT2 TRH PIK3R2
IFNA6 IFNLRI TNC TSHB PIK3R3
IFNA7 PLSCRI TYMP TSLP FYN
IFNA8 B2M XCLI TXLNA SHC2
IFNAIO BACH2 XCL2 TYMP SHC4
IFNAI3 TANK C5ARI UCN SHC3
IFNAT4 PIK3CG ACKR2 UCN2 SHCI
IFNAI6 ARRBI CCRI UCN3 GRB2
IFNAI7 RSAD2 CCRI0 uTsS2 SOSI
IFNA2I STAB2 CCR3 UTS2B SOS2
IFNG TBKI CCR4 VEGFA HRAS
KIR2DLI PDYN CCR5 VEGFB KRAS
KIR2DL2 PDGFRB CCRé6 VEGFC NRAS
KIR2DL3 PDCDI CCR7 VGF ARAF
KIR2DL4 PCSK2 CCR8 VIP BRAF
KIR2DSI PCSKI CCR9 XCLI RAFI
KIR2DS3 ARG2 ACKR4 XCL2 MICA
KIR2DS4 AQP9 CCRL2 ACVRIB MICB
KIR2DS5 FASLG CMKLRI ACVRIC ULBP3
KIR3DLI APOH CX3CRI ACVR2A ULBP2
KIR3DL2 BIRCS CXCR3 ACVR2B ULBPI
KLRCI ANXA6 CXCR4 ACVRLI KLRKI
KLRC2 IL22 CXCR5 ADCYAPIRI HCST
KLRC3 VTN CXCRé6 ADIPORI CD48
KLRDI VIM ACKR3 ADIPOR2 CD244
LTA VCAMI CYSLTRI ADRBI PPP3CA
CIITA PRDXI CYSLTR2 ADRB2 PPP3CB
MICA GFAP ACKRI AGTRI PPP3CC
MICB GBP2 EDNRA AGTR2 CHPI
NFYA ALB EDNRB AMHR2 PPP3R1
NFYB SLC29A3 FPRI ANGPTI PPP3R2
NFYC OASI FPR2 ANGPT4 CHP2
LGMN AGER FPR2 ANGPTLI NFATS
PSMB8 UNC93BI GPR17 ANGPTL2 NFATCI
PSMCI TNFSF4 GPR32 ANGPTL3 NFATC2
PSMC2 NOSI GPR33 ANGPTL4 NFATC3
PSMC3 ACTGI PTGDR2 ANGPTL6 NFATC4
PSMC4 ACTAI C5AR2 APLNR PRKCA
PSMC5 ACOI CXCRI AR PRKCB
PSMCé SERPINA3 CXCR2 AVPRIA PRKCG
PSMDI CXCRI LTB4R AVPRIB SH2DIB
PSMD2 CCLI5 LTB4R2 AVPR2 SH2DIA
PSMD3 CCLI4 PLAUR BMPRIA IFNGRI
(Continued)
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Table | (Continued).

Immune-Related Genes
PSMD4 CCL4 PLXNAI BMPRIB IFNGR2
PSMD5 CCLI6 PLXNA2 BMPR2 IFNAI
PSMD7 CCLI9 PLXNA3 BRD8 IFNA2
PSMD8 CCLI3 PLXNA4 C3ARI IFNA4
PSMD10 CCLI8 PLXNBI C5ARI IFNAS
PSMDI | CCLI7 PLXNB2 CALCR IFNA6
PSMDI3 CCL26 PLXNB3 CALCRL IFNA7
PSMEI CCL22 PLXNCI ACKR2 IFNAS8
PSMEI CCR3 PLXNDI CCRI IFNAI0
PSME2 CCL28 PTAFR CCRI0 IFNAI3
PSME2 CCLA4LI ROBOI CCR3 IFNA14
RELB ACKR2 ROBO2 CCR4 IFNAIl6
RFX5 CCR7 ROBO3 CCR5 IFNAI17
RFXAP CCL27 RXFP3 CCR6 IFNA21
SLCI10A2 CCR8 XCRI CCR7 IFNBI
TAPI ACKR4 ADIPOQ CCR8 IFNARI
TAP2 CCRI0 ADM CCR9 IFNAR2
TAPBP CCL2 ADM2 ACKR4 TNFSFI0
THBSI ccL2l AGRP CCRL2 TNFRSFI0D
SEMI CCL7 AGT CD40 TNFRSFI0C
KLRC4 CCL5 AMBN CMKLRI TNFRSFI0B
AP3BI CCL3 AMELX CNTFR TNFRSFI0A
RFXANK CCL20 AMH CRHRI FASLG
PSMD6 CCLI | ANGPTL5 CRHR2 FAS
PSME3 CCR5 ANGPTL7 CRIMI GZMB
PSMD 14 CCL23 APLN CRLFI PRFI
CLEC4M CCL25 AREG CRLF2 CASP3
IFI30 CCLI MANF CRLF3 BID
PROCR CCL3L3 CDNF CSFIR CD3D
ADRMI CCL4L2 ARTN CSF2RA CD3E
ECPAS CXCLI2 AVP CSF2RB CD3G
TRPC4AP XCLI AZUI CSF3R CD247
CD209 CCL8 BDNF CX3CRI CD4
UBXNI CCL3LI BMPI CXCR3 CD8A
ERAPI CCRI BMPI10 CXCR4 CD8B
TAPBPL CCL24 BMPI5 CXCR5 PTPRC
KIR2DL5A XCL2 BMP2 CXCR6 LCK
ERAP2 CXCLI BMP3 ACKR3 FYN
ULBP3 CXCLIO0 BMP4 CYSLTRI ZAP70
ULBP2 CXCR4 BMP5 CYSLTR2 LCP2
ULBPI CXCL2 BMP6 ACKRI LAT
KIR3DL3 CXCR6 BMP7 EDNRA ITK
RAETIE CCR4 BMP8SA EDNRB TEC
RAETIL CXCLI BMP8B EGFR NCKI
UBRI TAFAS BTC ENG NCK2
RAETIG TAFA3 MYDGF EPOR VAV3
PDIA2 TAFA4 Cc3 ESRI VAV
HAMP TAFAI C5 ESR2 VAV2
PI3 TAFA2 CALCA ESRRA GRAP2
CAMP CCLI5-CCLI4 CALCB ESRRB GRB2

(Continued)
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Table | (Continued).

Immune-Related Genes

DEFB4A IL6 CAMP ESRRG PAK
PPBP TNF CAT FGFRI PAK?2
REG3G ILIB CCK FGFR2 PAK3
CXCL14 ILI8 CCLI FGFR3 PAK4
CXCLI6 PTK2B CCLII FGFR4 PAKé
SLPI VEGFA CCLI3 FGFRLI PAK5
CXCL8 L4 CCLI4 FLTI RHOA
CXCLI0 CDHI CCLI5-CCLI4 FLT3 CDC42
CXCL9 CD40 CCLI5 FLT4 PPP3CA
CXCL5 DEFBI103B CCLI6 FPRI PPP3CB
CXCLI | F2RLI CCLI7 FPR2 PPP3CC
CXCLé6 MMP9 CCLI8 FPR2 CHPI
CXCLI LTBPI CCLI9 FSHR PPP3R1
CXCLI2 DEFB4A CCL2 GALR2 PPP3R2
CXCLI3 TNFSFI0 CCL20 GALR3 CHP2
CXCL2 ILI3 CCL2I GCGR NFAT5
PF4 ILIO CCL22 GHR NFATCI
XCLI IL2 CCL23 GHRHR NFATC2
CXCL3 PPARG CCL24 GHSR NFATC3
DEFBI103B FGR CCL25 GIPR NFATC4
CCLI3 MIF CCL26 GLPIR SOSI
CCLI CRP CCL27 GLP2R SOSs2
DEFBI JAK2 CCL28 GNRHR HRAS
CCL8 ILIA CCL3 GPERI KRAS
ELANE PTK2 CCL3LI GPRI7 NRAS
DEFBIO3A PTGDR CCL3PI GPR32 FOS
DEFA3 CD86 CCL3L3 GPR33 JUN
DEFAI HCK CCL4 PTGDR2 CARDI |
TMSBIO ARRBI CCL4L2 C5AR2 BCLIO
DEFA6 GNAII CCLA4LI HNF4A MALTI
DEFAS VDR CCL5 HNF4G CHUK
DEFA4 OLRI CCL7 HTR3A IKBKB
LCN2 GRK2 CCL8 HTR3B IKBKG
LCNI TXK CD320 HTR3C NFKBI
COLECIO RNASE2 CD40LG HTR3D RELA
BPI CD79A CD70 HTR3E NFKBIA
SI00A9 CD79B ADA2 IFNARI NFKBIB
SI00A8 LYN CERI IFNAR2 NFKBIE
DCD SYK CGA IFNGRI CD28
LCNé6 BTK CGB3 IFNGR2 ICOS
SI00AI12 BLNK CGBI IGFIR CD40LG
HTN3 VAV3 CGB2 IGF2R PIK3R5
LCN8 VAVI CGB5 ILIORA PIK3RI
DEFAIB VAV2 CGB7 ILIORB PIK3R2
CCRI0 RACI CGB8 ILTIRA PIK3R3
CELAI RAC2 CHGA ILI2RBI PIK3CA
DEFBI06A RAC3 CHGB ILI2RB2 PIK3CB
PENK PPP3CA CKLF ILI3RAI PIK3CD
BPIFC PPP3CB CLCFI ILI3RA2 PIK3CG
MMPI2 PPP3CC CLECIIA ILI5RA AKT3
(Continued)
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Table | (Continued).

Immune-Related Genes

BPIFB6 CHPI CMAI IL2RB AKTI
LEAP2 PPP3RI CMTMI ILI7RA AKT2
SFTPD PPP3R2 CMTM2 ILI7RB MAP3K8
LCN9 CHP2 CMTM3 ILI7RC MAP3K 14
BPIFB2 NFATS CMTM4 ILI7RD PDCDI
PTGDS NFATCI CMTM5 ILI7RE CTLA4
TMSB4X NFATC2 CMTMé ILI8RI PTPNé
PGLYRPI NFATC3 CMTM7 ILI8RAP CBLC
ZC3HAVI NFATC4 CMTM8 ILIRI CBL
TMSBI5A HRAS CNTF ILIR2 CBLB
S100B KRAS CORT ILIRAP IL2
SI00AI3 NRAS CRH ILIRLI IL4
S100A6 FOS CSFI ILIRL2 IL5
DEFBI 19 JUN CSF2 IL20RA ILIO0
DEFBIO7A CARDI I CSF3 IL20RB IFNG
DEFBI05A BCLIO CSHI IL2IR CSF2
SERPIND MALTI CSH2 IL22RAI TNF
DEFBI129 CHUK CSHLI IL22RA2 CDK4
DEFBI127 IKBKB CSPG5 IL23R RASGRPI
S100P IKBKG CTFI IL27RA PDKI
SI00A7 NFKBI CCN2 IFNLRI PLCGI
DEFB104A RELA CTSG IL2RA PRKCQ
DEFBI26 NFKBIA CX3CLI IL2RB TRAC
DEFB106B NFKBIB CXCLI IL2RG TRAJI
DEFB104B NFKBIE CXCLI0 IL31RA TRAJ2
DEFB107B CDs8lI CXCLI I IL3RA TRAJ3
PGLYRP3 CDI19 CXCLI2 IL4R TRAJ4
PGLYRP2 CR2 CXCLI3 IL5SRA TRAJ5
SI00AI0 PIK3R5 CXCLI4 IL6R TRAJ6
S100A2 PIK3RI1 CXCLI6 IL7R TRAJ7
DEFBI125 PIK3R2 CXCLI17 CXCRI TRAJ8
DEFBI123 PIK3R3 CXCL2 CXCR2 TRAJ9
DEFB105B PIK3CA CXCL3 IL9R TRAJ10
DEFBI132 PIK3CB CXCL5 INSR TRAJI
BPIFB3 PIK3CD CXCL6 KDR TRAJI2
LCNI2 PIK3CG CXCL9 LEPR TRAJI3
PGLYRP4 AKT3 CCNI LGR4 TRAJ 4
SI00AI | AKTI DEFAI LGR5 TRAJI5
SI00AS5 AKT2 DEFA3 LGRé TRAJI6
SI00A3 GSK3B DEFAS LHCGR TRAJI7
SI00AI INPP5D DEFBI LIFR TRAJI8
DEFBI128 CD22 DEFBI103B LTB4R TRAJI9
DEFB108B CD72 DEFBI104A LTB4R2 TRAJ20
HTNI PTPNé6 DEFB4A LTBR TRAJ21I
LMBRIL LILRB3 DKKI MCIR TRAJ22
SI00A7A FCGR2B EBI3 MC2R TRAJ23
DEFBI 18 RASGRP3 EDNI MC3R TRAJ24
COLECI2 PLCG2 EDN2 MC4R TRAJ25
TMSB4Y PRKCB EDN3 MCHRI TRAJ26
DEFBI3IA IFITMI EGF MCHR2 TRAJ27
(Continued)
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Table | (Continued).

Immune-Related Genes

DEFBI134 IGH EPGN MET TRAJ28
DEFBI130A IGHAI EPO MLNR TRAJ29
DEFBI124 IGHA2 EREG MPL TRAJ30
DEFBI2I IGHD ESMI MTNRIA TRAJ3I
DEFBI 16 IGHDI-1 FAM3B MTNRIB TRAJ32
DEFBI IS IGHDI-14 FAM3C NGFR TRAJ33
DEFBI 14 IGHD-20 FAM3D NMBR TRAJ34
DEFBI 13 IGHD-26 FASLG NPR1 TRAJ35
DEFBI 12 IGHDI-7 FGFI NPR3 TRAJ36
DEFBI 10 IGHD2-15 FGF10 NROBI TRAJ37
TMSBI5B IGHD2-2 FGFI I NROB2 TRAJ38
DEFBI133 IGHD2-21 FGFI2 NRIDI TRAJ39
S100Z IGHD2-8 FGFI3 NRI1D2 TRAJ40
MAVS IGHD3-10 FGFI14 NRIH2 TRAJ41
TMSB4XP8 IGHD3-16 FGFl6 NRIH3 TRAJ42
SI00AI14 IGHD3-22 FGF17 NRI1H4 TRAJ43
LCNIO IGHD3-3 FGF18 NR112 TRAJ44
SI00AI16 IGHD3-9 FGFI9 NRI13 TRAJ45
DEFB136 IGHDA4-11 FGF2 NR2CI TRAJ46
DEFBI35 IGHD4-17 FGF20 NR2C2 TRAJ47
DEFBI17 IGHD4-23 FGF21 NR2EI TRAJ48
DEFBI 10 IGHD4-4 FGF22 NR2E3 TRAJ49
ZC3HAVIL IGHDS5-12 FGF23 NR2FI TRAJ50
SI00A7L2 IGHD5-18 FGF3 NR2F2 TRAJ52
MBL3P IGHD5-24 FGF4 NR2F6 TRAJ53
DEFB4B IGHDS5-5 FGF5 NR3CI TRAJ54
BPIFB4 IGHDé6-13 FGFé6 NR3C2 TRAJ56
IFNARI IGHD6-19 FGF7 NR4A| TRAJ57
AZUI IGHD6-25 FGF8 NR4A2 TRAJ58
DEFBI3IB IGHDé6-6 FGF9 NR4A3 TRAJ59
DEFAIA3 IGHD7-27 VEGFD NR5AI TRAJ6I
LCNIPI IGHE FIGNL2 NR5A2 TRAVI-I
S100G IGHGI FLT3LG NRé6AI TRAVI-2
DEFA7P IGHG2 FSHB NRPI TRAV2
DEFBI130B IGHG3 GAL NRP2 TRAV3
DEFB|08F IGHG4 GALP OGFR TRAV4
DEFBI3IC IGH]J | GAST OPRDI TRAVS
TCHHLI IGHJ2 GCG OPRKI TRAV7
TINAGLI IGH)3 GDFI OPRLI TRAVS-|
IFNGRI IGHJ4 GDFI10 OPRMI TRAVS-2
SLC22A17 IGHJ5 GDFI | OSMR TRAVS-3
WEFIKKNI IGHJ6 GDFI5 OXTR TRAVS-4
WEFDC2 IGHM GDF2 PGR TRAVS-6
IL6 IGH GDF3 PGRMC2 TRAVS-7
UMODLI IGHVI-18 GDF5 PLAUR TRAVY-1
TGFBI IGHVI-2 GDFé PLXNAI TRAV9-2
PF4VI IGHV1-24 GDF7 PLXNA2 TRAVIO
MMP9 IGHVI-3 GDF9 PLXNA3 TRAVI2-1
ANOSI IGHV1-45 GDNF PLXNA4 TRAVI2-2
TLR4 IGHV1-46 GHI PLXNBI TRAVI2-3
(Continued)
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Table | (Continued).

Immune-Related Genes

IFNG IGHV1-58 GH2 PLXNB2 TRAVI3-1
SPAGI IB IGHVI-69 GHRH PLXNB3 TRAVI3-2
A2M IGHV1-8 GHRL PLXNCI TRAVI4DV4
CTSL IGHV1-38-4 GIP PLXNDI TRAVI6
NFKBI IGHV-69-2 GKNI PPARA TRAVI7
APOBEC3G IGHV2-26 GMFB PPARD TRAVI8
FABP6 IGHV2-5 GMFG PPARG TRAVI9
NOD2 IGHV2-70 GNRHI PRLHR TRAV20
MBL2 IGHV3-11 GNRH2 PRLR TRAV2I
SFTPAI IGHV3-13 GPHA2 PTAFR TRAV22
RBPI IGHV3-15 GPHB5 PTGDR TRAV23DVé6
TLR2 IGHV3-16 GPI PTGDS TRAV24
SLC40AI IGHV3-20 GREMI PTGERI TRAV25
PLAU IGHV3-21 GREM2 PTGER2 TRAV26-1
ILIB IGHV3-23 GRN PTGER3 TRAV26-2
PAEP IGHV3-30 GRP PTGER4 TRAV27
HV IGHV3-30-3 GUCA2A PTGFR TRAV29DV5
MUCS5AC IGHV3-30-5 HAMP PTHIR TRAV30
CTSS IGHV3-33 HBEGF PTH2R TRAV34
OBP2A IGHV3-35 HDGF RARA TRAV3S5
PLTP IGHV3-38 HDGFL3 RARB TRAV36DV7
MX1 IGHV3-43 HGF RARG TRAV38-1
DDX58 IGHV3-48 HTN3 ROBOI TRAV38-2DV8
IFNLI IGHV3-49 IAPP ROBO2 TRAV39
IRF3 IGHV3-53 IFNAI ROBO3 TRAV40
SFTPA2 IGHV3-64 IFNAIO RORA TRAV4|
LPA IGHV3-66 IFNAI3 RORB TRBCI
LBP IGHV3-7 IFNAT4 RORC TRBC2
RBP4 IGHV3-72 IFNAT6 RXFPI TRBDI
SFTPAI IGHV3-73 IFNAL7 RXFP2 TRBD2
NOX4 IGHV3-74 IFNA2 RXFP3 TRBJI-1
LTF IGHV3-9 IFNA21 RXRA TRBJI-2
IFNBI IGHV3-38-3 IFNA4 RXRB TRBJI-3
RBP5 IGHV3-69-1 IFNAS RXRG TRBJI-4
FABP7 IGHV4-28 IFNA6 SIPRI TRBJI-5
FABP5 IGHV4-30-1 IFNA7 SIPR2 TRBJI-6
FABP3 IGHV4-30-2 IFNA8 SCTR TRBJ2-1
FABP2 IGHV4-30-4 IFNBI SDCI TRBJ2-2
FABP4 IGHV4-31| IFNE SDC2 TRBJ2-3
R3HDML IGHV4-34 IFNG SDC3 TRBJ2-4
BPIFA3 IGHV4-39 IFNK SDC4 TRBJ2-5
BPIFBI IGHV4-4 IFNWI SORTI TRBJ2-6
OASL IGHV4-59 IGFI SSTRI TRBJ2-7
CRABP2 IGHV4-61 IGF2 SSTR2 TRBV2
CRABPI IGHV4-38-2 ILIO SSTR5 TRBV3-I|
RBP7 IGHVS5-51 ILT1 ST2 TRBV4-|
DUOXI IGHV5-10-1 ILI2A TACRI TRBV4-2
OBP2B IGHVé-1 IL12B TEK TRBV4-3
RBP2 IGHV7-4-1 ILI3 TGFBRI TRBVS5-1
LCNI5 IGHV7-81 ILIS TGFBR2 TRBV5-4
(Continued)
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Table | (Continued).

Immune-Related Genes

CETP IGK IL16 TGFBR3 TRBVS5-5
FABPI2 IGKC ILI7A THRA TRBV5-6
FABP9 IGKDEL IL17B THRB TRBV5-7
BPIFAI IGK] ILI7C TIEI TRBV5-8
LCNLI IGK] I ILI7D TNFRSFI0A TRBVé-1
C8G IGK]J2 ILI7F TNFRSFI10B TRBV6-2
SPAGI 1A IGKJ3 ILI8 TNFRSFI0C TRBV6-3
PIIS IGKJ4 ILI9 TNFRSFI0D TRBVé6-4
NOXI IGK]J5 ILIA TNFRSFITA TRBV6-5
PMP2 IGKV@ ILIB TNFRSFI2A TRBV6-6
APOD IGKVI-12 ILIFI0 TNFRSFI3B TRBV6-7
ORM2 IGKVI-13 IL36RN TNFRSFI3C TRBV6-8
ORMI IGKVI-16 IL36A TNFRSF 14 TRBV6-9
TNF IGKVI-17 IL37 TNFRSFI17 TRBV7-2
CTSG IGKV1-27 IL36B TNFRSF18 TRBV7-3
PRTN3 IGKVI-33 IL36G TNFRSF19 TRBV7-4
MAPKI IGKV1-37 ILIRN TNFRSFIA TRBV7-6
PML IGKV1-39 IL2 TNFRSFIB TRBV7-7
AEN IGKVI-5 1L20 TNFRSF21 TRBV7-8
CYBB IGKVI-6 IL21 TNFRSF25 TRBV7-9
BPIFA2 IGKV1-8 1L22 TNFRSF4 TRBV9
1SG20 IGKVI1-9 IL23A TNFRSF6B TRBVI10-1
BCL3 IGKVID-12 1L24 TNFRSF8 TRBV10-2
1SG20L2 IGKVID-13 IL25 TNFRSF9 TRBVI10-3
NOX5 IGKVID-16 IL26 TRHR TRBVII-I
NOX3 IGKVID-17 IL27 TSHR TRBVII1-2
DUOX2 IGKVID-33 IFNL2 TUBB3 TRBVII-3
TLR3 IGKVID-37 IFNL3 VDR TRBVI12-3
TFRC IGKVID-39 IFNLI VIPRI TRBVI12-4
IFIH1 IGKVID-42 IL3 VIPR2 TRBVI12-5
LRPI IGKVID-43 IL31 XCRI TRBVI3
TRIMS IGKVID-8 IL32 IFNAIO TRBVI14
IDOI IGKV2-24 IL33 IFNAI3 TRBVI5
GDFI5 IGKV2-28 IL34 IFNAT4 TRBV16
NEDD4 IGKV2-30 IL4 IFNAT6 TRBVI7
ADIPOQ IGKV2-40 ILS IFNAI7 TRBVI8
STAT3 IGKV2D-24 IL6é IFNA2 TRBVI9
STATI IGKV2D-28 IL6ST IFNA2| TRBV20-1
IFNL2 IGKV2D-29 IL7 IFNA4 TRBV24-1
SOCS3 IGKV2D-30 CXCL8 IFNAS TRBV25-1
SEMGI IGKV2D-40 IL9 IFNA6 TRBV27
TNFSFI0 IGKV3-11 INHA IFNA7 TRBV28
CCL20 IGKV3-15 INHBA IFNA8 TRBV29-1
SOCSI IGKV3-20 INHBB IFNBI TRBV30
RNASEL IGKV3-7 INHBC IFNE TRDC
IRFI IGKV3D-I | INHBE IFNG TRDDI
ILI5 IGKV3D-15 INS IFNK TRDD2
APOBEC3F IGKV3D-20 INS-IGF2 IFNWI1 TRDD3
PLAAT4 IGKV3D-7 INSL3 IFNAR2 TRDJI
CHITI IGKV4-1 INSL4 IFNGRI1 TRDJ2
(Continued)
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Table | (Continued).

Immune-Related Genes

IFNAI IGKV5-2 INSL5 IFNGR2 TRDJ3
CD40 IGKV6-21 INSL6 ILT1 TRDJ4
TLR7 IGKV6D-21 JAGI ILI2A TRDVI
PPIA IGKV6D-41 JAG2 ILI2B TRDV2
HFE IGL FGF7P6 ILI3 TRDV3
ZYX IGLCI FGF7P3 ILIS TRGV9
NLRXI IGLC2 KITLG IL16 TRGV8
PGC IGLC3 KL ILI7A TRGV5
VEGFA IGLCé LACRT ILI7B TRGV4
IKBKE IGLC7 LECT2 ILI7C TRGV3
ISGI15 IGL) LEFTYI ILI7D TRGV2
DHX58 IGLJI LEFTY2 ILI7F TRGJP2
TNFAIP3 IGLJ2 LEP IL18 TRGJPI
TFR2 IGLJ3 LHB IL19 TRGJP
FCN2 IGL)4 LIF ILT1A TRGJ2
MUC4 IGLJ5 LRSAMI ILIB TRGJI
F2R IGLJ6 LTA ILIFI10 TRGC2
ELN IGL)7 LTB IL36RN TRGCI
IL27 IGLV@ LTBPI IL36A TRAVé6
MAPT IGLVI-36 LTBP2 IL37 BMPI
LYz IGLVI-40 LTBP3 IL36B BMP10
CCL5 IGLVI-44 LTBP4 IL36G BMPI15
LEP IGLVI-47 MDK ILIRN BMP2
CYLD IGLVI-50 MIA IL2 BMP3
KLKBI IGLVI-51 MIF IL20 BMP4
CST4 IGLV10-54 MLN IL21 BMP5
CSRPI IGLVII-55 MSTN 1L22 BMPé
MAPK 14 IGLV2-11 NAMPT IL23A BMP7
JUN IGLV2-14 NDP 1L24 BMP8A
ITGAV IGLV2-18 NENF IL25 BMP8B
IRF5 IGLV2-23 NGF IL26 GDFI
CCR6 IGLV2-33 NMB IL27 GDFI0
IL12B IGLV2-8 NODAL IFNL2 GDFI I
TLR8 IGLV3-1 CCN3 IFNL3 GDFI5
GNLY IGLV3-10 NPFF IFNLI GDF2
CD8l IGLV3-12 NPPA IL3 GDF3
EIF2AK2 IGLV3-16 NPPB IL31 GDF5
APOM IGLV3-19 NPPC IL32 GDFé
CACYBP IGLV3-21 NPY IL33 GDF7
NODI IGLV3-22 NRGI L34 GDF9
MAPKS8 IGLV3-25 NRG2 L4 GDNF
MAPK3 IGLV3-27 NRG3 IL5 INHA
BST2 IGLV3-32 NRG4 IL6 INHBA
BPHL IGLV3-9 NRTN IL6ST INHBB
PLA2G2A IGLV4-3 NTF3 IL7 INHBC
GRN IGLV4-60 NTF4 CXCL8 INHBE
NEWENTRY IGLV4-69 NTS IL9 LEFTYI
PDGFRA IGLV5-37 NUDTé TXLNA LEFTY2
GNAII IGLV5-39 OGN ILIORA NODAL
WNT5A IGLV5-45 OSGINI ILIORB TGFBI
(Continued)
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Table | (Continued).

Immune-Related Genes

FURIN
ADAR
TYK2
NOS2
TRAF3
TPTI
TPM2
NEOI
AHNAK
TLRI
TK2
PRDX2
MX2
FGF2
FGA
TCF7L2
F2RLI
TKFC
MSRI
NFKBIZ
LMBRI
EPPIN
SRC
MPO
ELAVLI
ROBO3
SPI1
SODI
PDF
DLL4
ECD
SLCIIAI
DMBTI
STINGI
SKIV2L
SEMG2
LTA
DES
DCK
DAXX
TNFRSFI0A
TNFRSFI10B
EED
CCL4
LIMSI
LALBA

IGLV5-48
IGLV5-52
IGLV6-57
IGLV7-43
IGLV7-46
IGLV8-61
IGLV9-49
C3

C5
CAMP
CCLI
CCLII
CCLI3
CCLI4
CCLI5-CCLI4
CCLIS
CCLI6
CCLI7
CCLI8
CCLI9
CCL2
CCL20
CCL21
CCL22
CCL23
CCL24
CCL25
CCL26
CCL27
CCL28
CCL3
CCL3LI
CCL3PI
CCL3L3
CCL4
CCL4L2
CCLALI
CCL5
CCL7
CCL8
CKLF
CMAI
CTSG
CX3CLI
CXCLI
CXCLIO

OsM
OSTN
OXT
ENDOU
PDGFA
PDGFB
PDGFC
PDGFD
PDGFRA
PDGFRB
PDGFRL
PDYN
PENK
PF4
PF4VI
PGF
PLAU
PMCH
PNOC
POMC
PPBP
PPBPPI
PPBPP2
PPY

PRL
PRLH
PROK |
PROK2
PSPN
PTH
PTH2
PTHLH
PTN
PYY
QRFP
RABEP|
RABEP2
REGIA
RETN
RETNLB
RLNI
RLN2
RLN3
RNASE2
S100A6
SAAI

ILIIRA
ILI2RBI
ILI2RB2
ILI3RAI
ILI3RA2
ILI5SRA
IL2RB
ILI7RA
ILI7RB
ILI7RC
ILI7RD
ILI7RE
ILI8RI
ILI8RAP
ILIRI
ILIR2
ILIRAP
ILIRLI
ILIRL2
IL20RA
IL20RB
IL2IR
IL22RAI
IL22RA2
IL23R
IL27RA
IFNLRI
IL2RA
IL2RB
IL2RG
IL31RA
IL3RA
IL4R
IL5RA
IL6R
IL7R
CXCRI
CXCR2
IL9R
ST2
HLA-A
HLA-B
HLA-C
HLA-E
HLA-G

TGFB2
TGFB3
ACVRIB
ACVRIC
ACVR2A
ACVR2B
ACVRLI
AMHR2
BMPRIA
BMPRIB
BMPR2
TGFBRI
TGFBR2
TGFBR3
TNFRSFIIB
TNFSFI0
TNFSFI |
TNFSFI12
TNFSFI3
TNFSF13B
TNFSF14
TNFSFI5
TNFSF18
TNFSF4
TNFSF8
TNFSF9
TNFRSFI0B
TNFRSFI0C
TNFRSFI0D
TNFRSFI 1A
TNFRSFI2A
TNFRSFI3B
TNFRSFI3C
TNFRSF14
TNFRSFI7
TNFRSFI8
TNFRSFI9
TNFRSFIA
TNFRSFIB
TNFRSF21
TNFRSF25
TNFRSF4
TNFRSF6B
TNFRSF8
TNFRSF9

algorithms were utilized to determine the IDMS for HCC. Subsequently, using GSE14520 as the validation set, six
machine learning algorithms—LogitBoost, support vector machine (SVM), Naive Bayes (NB), RF, k-nearest neighbors
(KNN), and AdaBoost—were applied to construct HCC classification models using the TCGA-LIHC dataset. Five-fold
cross-validation was performed on each model to optimize para-meters. To guarantee the reliability of the results, the
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optimization process was repeated ten times, each time using different random seeds for the resampling. The model that
yielded the highest area under the curve (AUC) on the GSE14520 validation set was selected as the optimal prognosis
model. In addition, for assessing the predictive performance of the prognosis model, we compared the predictive
capabilities of IDMS with those of previously reported HCC markers across the TCGA-LIHC, GSE76427,
GSE121248, and GSE14520.

Survival Analysis and Establishing a Nomogram

To evaluate the prognostic efficacy of the model, the TCGA-LIHC dataset was stratified into high- and low-risk groups
based on the median value of predicted values. Kaplan-Meier survival curves were identify differences in OS between the
two groups.Time-dependent receiver operating characteristic (ROC) curves were generated to calculate AUC using
“survivalROC”. Furthermore, clinical characteristics and the predicted value of the diagnostic model were incorporated
into multivariate Cox regression analysis. Based on these factors, a nomogram was developed to assess the risk of HCC,

and the predictive performance of the nomogram was evaluated using calibration curves.

Gene Set Enrichment Analysis (GSEA) and Gene Set Variation Analysis (GSVA)

The “limma” and “clusterProfiler” packages were used to perform GSEA and GSVA on all genes in the TCGA-LIHC
dataset. Functional enrichment differences between the high- and low-risk groups were then calculated. Genes with an
adjusted p-value < 0.05 were considered statistically significant. All p-value adjustments were performed using the

Benjamini-Hochberg method.

Analysis of Mutation and Immune Characteristics

SM data for HCC patients in the TCGA-LIHC dataset were processed using “VarScan”. CNV analysis was performed
using GISTIC2.0.?” The Mann—Whitney U-test was used to evaluate differences in microsatellite instability (MSI), tumor
mutation burden (TMB), and tumor immune dysfunction and exclusion (TIDE) scores among the subgroups.

Analysis of Immune Infiltration and Drug Sensitivity

The abundance of immune cell types was evaluated using CIBERSORT. The Drug—Gene Interaction Database (DGIdb)
was used to explore interactions between IDMS and small-molecule compounds for identifying potential therapeutic
candidates. Predicted binding sites from CB-Dock2 (https://cadd.labshare.cn/cb-dock2/php/index.php) were used to
visualize molecular docking between candidate drugs and their target proteins.

Quantitative Real-time Polymerase Chain Reaction (qRT-PCR)

Total RNA was isolated using the RNAiso plus RNA extraction kit (Takara,9019, Japan), following the manufacturer’s
guidelines. The PrimeScript RT reagent kit (Perfect Real Time, Takara, RR037A, Japan) was employed to conduct reverse
transcription. JRT-PCR was conducted using the LineGene 9600Plus fluorescence qPCR system (Bioer, Hangzhou,
China). Cycle threshold (Ct) values for each gene were normalized using GAPDH as an internal reference, and relative
gene expression was calculated using the comparative Ct method. Data were derived from three biological replicates and
analyzed employing Student’s #-test. The primer sequences and detailed cell lines are available in Tables 2 and 3.

Statistical Analysis
All data analyses were carried out with R software version 4.2.1 and the corresponding R packages. Student’s ¢-test was
employed to compare data that followed a normal distribution,while the Mann—Whitney U-test was used for data with

non-normal distribution.
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Table 2 The Source of Cell Lines

Cell Line Source

THLE-2 CL-0833,Pricella Biotechnology Co., Ltd, Wuhan,China,2024
MHCC97H SCSP-5092,Chinese Academy of Sciences,Beijing,China,2024
HCCLM3 BNCC342335,BeNa Culture Collection,Beijing,China,2024
Hep3B BNCC360312,BeNa Culture Collection,Beijing,China,2024
BEL-7405 BNCC359897,BeNa Culture Collection,Beijing,China,2024

Table 3 Primer Sequences for IDMS

HSP90AAI FW (H) AACCTATGGGTCGTGGAACA

HSP90AAI RV (H) CAGCCTCATCATCGCTTACTT

NR4AI FW (H) CACGGACCAGGGAAGTGAGGAGA
NR4AI RV (H) GGACAAGAGGCGGCGAAACC

SI00AI0 FW (H) CTTATCAGGGAGGAGCGAACT

SI00AIO0 RV (H) AAAGGCTACTTAACAAAGGAGGA
GAPDH FW (H) ATGACATCAAGAAGGTGGTGAAGCAGG
GAPDH RV (H) GCGTCAAAGGTGGAGGAGTGGGT
TMSBI0 FW (H) AAGAACACCCTGCCGACCAAA

TMSBI0 RV (H) GGCTCTTCCTCCACATCACGACT

Results

Research Process and Immune-Derived Genes in Single-Cell Transcriptome

The overall analysis workflow is shown in Figure 1A. Following quality control of scRNA-seq dataset, a total of 61,763
cells were retained. After being annotated with the “SingleR” package, we identified six distinct cell types and 590
scDEGs (Figure 1B and C).

|dentification of the Hub Genes in Bulk RNA-Seq

Using the “limma” R package, we identified 10,533 DEGs in the TCGA-LIHC dataset, including 9,175 upregulated and 1,358
downregulated genes (Figure 2A). Co-expression modules were constructed using WGCNA, and the optimal soft-threshold-
ing power was determined to be 8 (Figure 2B). Correlations between module eigengenes and the HCC and control groups were
evaluated based on the expression profiles of the top 5,000 genes with the highest median absolute deviation (MAD)
(Figure 2C-E). And three modules containing genes were filtrated, namely: MEblue, MEblack, and MEbrown.
Subsequently, seven hub genes—NR4A2, TMSB10, S100A10, NR4A1,MAP3KS8, HSPA1A, and HSP90AA 1—were identi-
fied for further investigation (Figure 2F).

Screening Immune-Derived Molecular Signature by Multi-Machine Learning

Five machine learning algorithms were applied to select the biological significance biomarkers in hub genes (Table 4).
Seven genes (HSP90OAA1, HSPATA, MAP3KS, NR4A1l, NR4A2, S100A10, TMSB10) were identified using LASSO
algorithm (Figure 3A). Both the Boruta and LVQ algorithms selected seven genes, respectively (Figure 3B and C).
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Figure | Flowchart and clustering analysis of scRNA-seq (A) Overall analytical workflow. (B) UMAP plot illustrating six identified cell types. (C) Heatmap of marker genes
for each cell type.

Bagged Trees identified four genes (SI00A10, NR4A1, HSP90AA1, TMSB10) (Figure 3D), while the random forest
algorithm identified six genes (HSP90AAI1, SI00A10, NR4A1, NR4A2, TMSB10, MAP3KS8) (Figure 3E). Finally, we
selected four overlapping genes as IDMS: HSP90AA1, NR4A1, S1I00A10, and TMSB10 (Figure 3F).

Identifying Prognosis Model by Integrated Machine Learning Analysis

Based on 4 characteristic genes identified above, we evaluated the predict potential of IDMS using 6 machine learning
algorithms. The ROC curve analysis showed that SVM model could effectively distinguish HCC from the control groups,
with an AUC value of 0.957 (Figure 4A and B). Furthermore, compared with four previously published HCC signatures
developed by Liu et al, Shen et al, Qian et al, and Zhou et al,”>**>° the IDMS exhibited consistently high predictive
accuracy across multiple independent datasets, including TCGA-LIHC, GSE76427, and GSE14520. In the GSE121248
dataset, the predictive performance of IDMS was comparable to that of the biomarkers developed by Qian et al, with a
higher meanAUC observed for IDMS (Figure 4C and D). Based on these findings, we selected the SVM as the optimal
risk model for HCC. Subsequently, we performed annotation of IDMS and found that these genes were located on human

chromosomes 1, 2, 12, and 14 (Figure 4E).

Predictive Performance of SVM for HCC Prognosis

Using the median predicted value generated by the SVM model, a risk factor plot was created to visualize stratification
between high- and low-risk groups (Figure 5A). The analysis showed that the expression levels of SI00A10, TMSB10
and HSP90AAI are significantly elevated in the high-risk group, and the mortality is also higher (Figure 5B). Kaplan-
Meier survival analysis revealed that increased expression of these genes, along with the predicted value, was
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Figure 2 Identification of the hub genes (A) Volcano plot of differential gene expression analysis in the TCGA-LIHC. (B) Selection of the optimal soft-thresholding power
and assessment of network connectivity. (C) Module clustering results for the top 5,000 genes based on MAD. (D) Correlation between module eigengenes and HCC/
control groups. (E) Gene dendrogram and module clustering results. (F) Venn diagram of IRGs, scDEGs, DEGs, and module genes.

significantly associated with poor prognosis (Figure SC—F). Moreover, time-dependent ROC analysis demonstrated that
these markers had strong prognostic value at 1-, 3-, and 5-year intervals (Figure 5G-J).

Establishment of a Nomogram Integrating with Clinical Characteristics

Clinical characteristics from the TCGA-LIHC dataset were integrated with the predicted values of the SVM model for
multivariate Cox regression analysis. Based on this analysis, a nomogram was constructed to estimate the survival
probability of patients with HCC (Figure 6A). Among all the included variables, the predicted value of SVM demon-
strated the strongest prognostic value, while the effect of gender was relatively weak. The calibration curve showed that
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Table 4 The Parameters of the Five Machine Learning Algorithms for Feature Selection

Methods Key Function Parms

LASSO Glmnet::cv.gimnet() Family: “binomial”
s(A): “lambda.min”
nfolds: 5
iter.times: 1000

LvQ Caret:train() trControl: trainControl(method="repeatedcv”, number=5)

Method = “Ivq” Preprocess: “scale”
tuneGrid: data.frame(size = 6, k = 1:2)
cutoff_line: 0.5

Bagged Trees (Treebag) | Caret:rfe() Rfecontrol: rfeControl(functions=treebagFuncs, method="“cv”, number=3)

Functions = treebagFuncs | Sizes: c¢(2:ncol(df))

Boruta Boruta::Boruta() Dotrace: 3

Tentative: TentativeRoughFix()

Random Forest (RF) Caret:rfe() Rfecontrol: rfeControl(functions=rfFuncs, method="cv”)

Functions = rfFuncs Sizes: c(2:ncol(df))

Abbreviations: LASSO, Least Absolute Shrinkage and Selection Operator; LVQ, Learning Vector Quantization; RFE, Recursive Feature Elimination; RF,
Random Forest.

the nomogram exhibited optimal clinical predictive performance at the 5-year (Figure 6B). Additionally, DCA demon-
strated that the net clinical benefit of the prognostic model followed the pattern: 5-year > 3-year > 1-year (Figure 6C-E).

Underlying Molecular Mechanisms of IDMS

To investigate the biological processes underlying the prognostic relevance of IDMS, we performed GSEA and GSVA
using transcriptomic data. The results revealed that oncogenic signaling pathways—including PI3K _AKT MTOR,
NOTCH, and WNT BETA—were significantly activated in the high-risk group (Figure 7A—E and Table S1). In contrast,
the low-risk group exhibited marked alterations in bile acid and fatty acid metabolism (Figure 7F and G and Table S2).
These findings indicate a strong association between HCC risk stratification and dysregulated biological processes and
metabolic pathways relevant to cancer progression.

Analysis of Mutation and Immune Characteristics in Different Subgroups

SMs in IDMS were analyzed and visualized using “maftools” (Figure 8A). The results showed two types of SMs, with
missense mutations being the most prevalent. In addition, single nucleotide polymorphisms represented the predominant
mutation type, and C >T transitions were the most frequently observed single nucleotide variants in HCC samples. CNVs
were present in all IDMS-related genes in the TCGA-LIHC samples (Figure 8B and C). Among them, SI00A10 showed
the highest frequency of CNV amplification and the lowest frequency of CNV deletion, particularly in the variant group
compared to the non-variant group. We further evaluated immunotherapy sensitivity in HCC samples by comparing risk
groups classified by SVM model. No statistically significant were observed in TIDE scores or TMB among risk
subgroups. In contrast, the MSI score was significantly higher in the high-risk group (Figure 8D and F). MSI is an
established biomarker for predicting tumor response to immunological therapy.®' These findings indicate that patients in
the high-risk group might have a greater likelihood of benefiting from immunotherapeutic strategies.

The Correlation Between the IDMS and Single-Cell Characteristics
A large amount of evidence shows an inseparable connection between the immune microen- vironment and HCC. In this
study, the CIBERSORT algorithm was employed to quantify the abundance of 22 immune cell types and to compare their

Journal of Hepatocellular Carcinoma 2026:13 hetps: 17


https://www.dovepress.com/article/supplementary_file/574690/574690%20Revised%20%09Supplementary%20Table%20S1-2.xlsx
https://www.dovepress.com/article/supplementary_file/574690/574690%20Revised%20%09Supplementary%20Table%20S1-2.xlsx

Wu et al

Frequency

Importance

Accuracy (Cross—Validation)

Fra n f model
LASSO equency of models
703
600
400
200
46
) e
5genes C 6 genes B 7 genes A
Boruta
j—
251 =
o .
20 —
—_
154 =
) = .
==
==
5 o ==
o
———
o
04 o mEEm
L _
T 1 T 1 T T T T T 1
c c X < © o - o -
E © © -— X - g < -~
s £ x ¢ 3 3 § § £
3 = 9] %] < = z z =4 e
8 5 k] T = [ (%] %]
@» k- S T
w
Random Forest
1 1 1 1 1 1
o L]
0.94 4 °
o o
0.93 4
0.92 4
0.91 4
0904 °
T T L) T T L
2 3 4 5 6 7

B

HSP90AA1
S100A10
NR4A1

HSPA1A

Feature

TMSB10

NR4A2

MAP3K8

0.00 0.25 0.50 0.75
Importance

Bagged Tree

1 1 1 1 1 1 1

0.936 L

0.934 + o

Accuracy (Cross—Validation)
o
©
w
N
1
T

0.930 A L

T T T
4. 6.0 6.5 7.0

[S)
IS
)
oy
[S)
o
)

Intersection Size

04
I b2 gedtree
I ref
I oV
I boruta [
e——

6 4 2 0
Set Size

Figure 3 Screening immune-derived genes (A) Gene frequency distribution derived from the LASSO algorithm. (B) Genes selected using LVQ algorithm.The red dotted line
indicating the threshold of importance for gene screening. (C) Gene selection using the Boruta algorithm. (D) Variable importance and model performance from the Bagged
Trees. (E) Variable contribution and model accuracy from the random forest model. (F) The Upset diagram shows the intersection of the screening results of five machine
learning algorithms and determines the final key genes.

18

https:

Journal of Hepatocellular Carcinoma 2026:13



Wu et al

A B ROC for svm in validation
svm 0.957 e 4 -’J_‘_,—
nb 0.615 @ |
o
3 adaboost 0.528 B
£ 2 °
2 =
= 2 AUC: 0.957
rf 0517 &< |
o
logitboost 0.5 ~
o
knn 0.5
4
o
1 1 1 1 1 1
0.00 0.25 /(:USg 0.75 1.00 10 08 06 04 02 00
D Specificity
Liu.sig Auc
. 0.8
Shen.sig I
L | [ s |
Signature
i 0.6
[ Zhou.sig

IDMS 0.5

Shen.sig

GSE76427
MeanAUC

o
I
0
<
S
L
(2]
O}

TCGA_LIHC
GSE121248

Figure 4 ldentification of risk model and comparison with other HCC signatures (A) AUC values of risk models constructed using six machine learning algorithms. (B)
ROC curve of the SVM model. (C) Circos plot comparing the performance of various published HCC signatures. (D) Heatmap showing predictive performance of the risk
model across datasets. (E) Chromosomal mapping of IDMS.

distribution across risk subgroups (Figure 9A). Additionally, a more in-depth analysis of immune cell infiltration
uncovered intricate correlations among various immune cell populations. For instance, Plasma cells are positively
correlated with naive B cells, whereas monocytes are negatively correlated with follicular helper T cells (Figure 9B).
Interestingly, Tregs exhibited a significant negative correlation with NR4A1, while displaying significant positive
correlations with SI00A10 and TMSB10. Moreover, HSP9OAA1 demonstrated a significant negative association with
M1-type macrophages, suggesting a potential role of IDMS in immune tolerance mechanisms (Figure 9C).

Analysis of Drug Sensitivity and Molecular Docking

To predict potential therapeutic agents for high-risk patients, we carried out a comprehensive drug sensitivity analysis
using DGIdb and the DrugBank database to screen for drugs or small-molecule compounds interacting with IDMS
(Figure 10A and Table 5). In addition, candidate therapeutic compounds and their target genes were evaluated using the
Connectivity Map (CMap) (Figure 10B and Table 6). Based on compound susceptibility scores, the top two drugs were
selected for molecular docking. The results indicated that HSP90OAA1 exhibited moderate binding affinity with gelda-
namycin (Figure 10C). This interaction involved amino acid residues TYR493, GLU527, VAL530, GLN531, LEU533,
LYS534, THR540, LEU541, VAL542, SER543, LYS546, THR603, TYR604, GLY 605, TRP606, THR607, and MET610,
which engaged in hydrogen bonding, weak hydrogen bonding, and hydrophobic interactions. Furthermore, HSP90AA1
also demonstrated moderate binding affinity with alvespimycin (Figure 10D). The interacting residues included TYR493,
VALS530, GLN531, LYS534, THR540, LEUS41, VAL542, SER543, LYS546, THR603, TYR604, and GLY 605, forming
similar hydrogen bonds and hydrophobic contacts. Finally, we evaluated the expression of IDMS in five cell lines and
found HSP90AA1, NR4A1, and S100A10 significantly upregulated in tumor cell lines versus the liver cell line
(Figure 10E-H).
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Figure 5 Prognostic performance of the SVM for HCC (A) Risk factor plot within risk subgroups. (B) Compare gene expression levels among risk subgroups. (C-F)
Kaplan—Meier survival curves for predicted value (C), HSP90AAI (D), SIO0AI0 (E), and TMSBIO (F). (G-J) Time-dependent ROC curves for predicted value (G),
HSP90AAI (H), SI00AI0 (I), and TMSBIO (J). ***p < 0.001.

Discussion

HCC remains a major malignancy that significantly threatens human health. Previous studies investigating the molecular
basis of HCC have identified numerous potential biomarkers for diagnosis and prevention.>?** For instance, alpha-
fetoprotein (AFP) is a commonly used biomarker for HCC diagnosis, however, its limited sensitivity and specificity
restrict its clinical utility. In addition, vascular endothelial growth factor A has demonstrated potential for predicting the
efficacy of sorafenib treatment.*® Promising molecular markers have also been identified in circulating tumor DNA
(ctDNA) and circulating tumor cells.’” Nevertheless, due to a lack of large-scale prospective studies, robust molecular
biomarkers for clinical decision-making in HCC remain limited. At present, pathological classification remains a primary
tool for determining treatment strategies. However, substantial differences in patient prognosis are frequently observed
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under this model. Therefore, in the context of HCC—characterized by limited diagnostic and therapeutic options and
marked heterogeneity—identifying reliable molecular biomarkers to support the implementation of PPPM is a critical
and urgent need.

Advancements in multi-omics technologies have facilitated the elucidation of tumor molecular mechanisms.>® In this
work, we integrated bulk and single-cell transcriptome datasets to explore potential biomarkers and characteristics of
immune cell infiltration in HCC. To minimize bias stemming from a single algorithm, this study applied five machine
learning algorithms with cross-validation to identify four immune-derived genes that exhibit greater stability and
biological significance. Subsequently, we comprehensively analyzed the predictive performance of six machine learning
approaches and selected the optimal risk model. Compared with the previous immune-related prognostic models

constructed based on single-cell transcriptomes and bulk RNA-seq,*”*

through cross-validation with multiple algo-
rithms and independent validation across multiple cohorts, immune-derived molecular features with higher generalization
ability were obtained.More importantly, survival analysis and nomogram indicated that IDMS exhibits a robust capacity
for risk stratification and prognostic value. This result indicates that IDMS not only has better predictive performance in
the prognosis of HCC, but can also more effectively identify high-risk patients and guiding the development of targeted
surveillance and intervention strategies. For high-risk individuals, clinicians may consider increasing monitoring
frequency and recommending lifestyle interventions such as routine liver ultrasounds, smoking cessation, and reduced
alcohol intake. Furthermore, detecting ctDNA can enhance the early diagnosis of HCC and prevents its occurrence.*!
In the past few years, immunotherapy has become a major focus of basic and clinical oncology research, with
promising advances in its application to HCC.**** However, challenges persist, including low objective response rates
and adverse treatment effects.*® Therefore, identifying patients most likely to benefit from immunotherapy is a key
strategy for improving outcomes and personalizing treatment plans. Multi-omics and drug sensitivity analysis in this
study indicated that patients in the high-risk group were more likely to benefit, potentially reducing overall treatment
costs. Moreover, geldanamycin and alvespimycin may exhibit superior therapeutic efficacy. Geldanamycin inhibits the
function of HSP90AAI, leading to the degradation of multiple tumor-related proteins, thereby preventing the prolifera-
tion of tumor cells and inducing apoptosis.*>*® Alvespimycin inhibits tumor proliferation, metastasis and angiogenesis by
suppressing pathways such as PI3K/AKT and MAPK, and enhances the sensitivity to chemotherapy.*’ **Taken together,
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these findings suggest that IDMS are superior to previous markers in the prediction and personalized treatment of HCC,
and are more conducive to the clinical management of PPPM for HCC patients.

Through the analysis of heterogeneity of IDMS at the Inter-cellular level, we found that all genes included in the
IDMS are implicated in immune evasion or tumorigenesis. Tregs are a subset of T cells with immunosuppressive
functions. Within the tumor microenvironment (TME) of HCC, persistent infiltration of Tregs promotes an immunosup-

pressive niche, thereby facilitating tumor progression and immune escape.lg’5 051 NR4AL, a transcription factor, has been
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Figure 9 The correlation between the IDMS and single-cell characteristics (A) Stacked bar chart showing the distribution of immune cell types across risk subgroups. (B) Heatmap
illustrating correlations among immune cell infiltration levels. (C) Heatmap showing correlations between immune cell abundance and IDMS expression levels.*p <0.05.

shown to promote the differentiation of naive T cells into Tregs and enhance immunosuppression by modulating

signaling pathways downstream of the T cell receptor (TCR).>*?> SI00A10 has been reported by Wang et al to activate

the cPLA2 and 5-LOX axis, leading to CD8" T cell exhaustion in HCC and promoting sustained tumor progression and

metastasis.>

TMSBI10, a member of the B-thymosin family, is overexpressed in various cancers.”® Knockdown of

TMSBI10 has been shown to facilitate the polarization of macrophages towards the M1 phenotype, thereby improving

antitumor immunity.”” HSP90AA1, a molecular chaperone, interacts with numerous client proteins and is involved in

multiple biological processes related to cancer. Notably, plasma levels of HSP90AAT1 are significantly elevated in HCC

patients and exhibit superior diagnostic performance compared to AFP, with strong associations with tumor progression
and metastasis.’®> Importantly, both SI00A10 and TMSB10 are positively correlated with Treg abundance and are

highly expressed in HCC tissues, suggesting that they may play key roles in mediating Treg-associated immune escape

mechanisms. However, the molecular mechanisms involved are not yet fully elucidated. Moreover, the potential biases

that may arise from the publicly available data also require further investigation.

We investigated the underlying mechanisms of the IDMS using multi-omics analysis. DEGs between the risk

subgroups were primarily correlated with cell signaling pathways—such as the PI3K, WNT, and MYC pathways—as
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Figure 10 Drug sensitivity and molecular docking analysis of IDMS (A) Interaction network between IDMS and candidate drugs or small-molecule compounds based on
DGldb and DrugBank analysis. (B) Predicted interactions between NR4A|, HSP90AAI, and candidate drugs based on CMap analysis. (C—D) Molecular docking results of
HSP90AAI with geldanamycin and alvespimycin, showing overall docking structure and interaction strength diagrams from left to right. The protein is color-coded from
green (hydrophilic) to red (hydrophobic) to reflect amino acid properties. Hydrogen bonds are indicated by dashed blue lines; weak hydrogen bonds by light blue dashed
lines; and hydrophobic interactions by gray dashed lines. (E-H) Validation of mMRNA expression levels of HSP90AA| (E), NR4Al (F), TMSBI0 (G), and SI00A10 (H) in one
liver cell line (THLE-2) and four HCC cell lines (Hep-3B, BEL-7405, MHCC97H, and HCCLM3) via qRT-PCR.
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Table 5 List of Drugs Related IDMS
From DGIdb Database

Gene Drug

HSP90AAI | TRICLABENDAZOLE
HSP90AAI | TOXYLOXANTHONE C
HSP90AAI | TRIADIMENOL
HSP90AAI | XL-888

HSP90AAI | ZEARALANONE
HSP90AAI | TRICLOSAN

HSP90AAI | ZEARALENONE
HSP90AAI | WORTMANNIN
HSP90AAI | ZERANOL

HSP90AAI | TOTAROL

NR4AI LEVODOPA

NR4A | NICOTINE

NR4A CHEMBL35482

NR4AI HALOPERIDOL

NR4A | IONOMYCIN

NR4A | MORPHINE

NR4A CYTOSPORONE B
NR4AI ACETYLCYSTEINE

NR4A | CHEMBL547833

NR4A ETOPOSIDE PHOSPHATE

SI00AI0 DEXAMETHASONE
TMSBIO MELATONIN

Table 6 List of Drug-Related IDMS and Drug
Susceptibility Scores in CMap Database

Target Name Score
HSP90AAI Geldanamycin 90.43
HSP90AAI Alvespimycin 84.94
HSP90AAI HSP90-inhibitor 83.02
HSP90AAI NVP-AUY922 58.76
HSP90AAI Dihydro-7-desacetyldeoxygedunin | 52.11
HSP90AAI PU-H7I 30.86
HSP90AAI BIIBO2I 27.64
HSP90AAI Rifabutin 9.57
HSP90AAI Gedunin —22.02
NR4AI Cytosporone-b —43.98

well as metabolic processes including glycolysis, xenobiotic metabolism, and fatty acid metabolism. These results may
partially explain the differences in prognosis observed between IDMS-defined subgroups. Furthermore, metabolism-
associated biological pathways may represent promising directions for future research, and the development of targeted
inhibitors against these pathways could offer therapeutic benefit in preventing HCC progression.

Nevertheless, there are certain limitations in this investigation. First of all, all data were sourced from publicly
databases. Although the immune-derived molecular signature evaluated in this study demonstrated consistent prognostic
predictive performance across multiple independent datasets, their clinical utility requires further validation in large-
scale, prospective cohort studies. Additionally, our findings are derived from computational bioinformatics analyses, and

functional experimental validation is lacking to confirm the biological roles of the genes comprising the IDMS. We hope
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that the publication of this study will attract broader research interest in the IDMS and contribute to a deeper under-
standing of its function in the pathogenesis and progression of HCC.

Conclusion

We identified an IDMS that shows potential as a valuable tool for predictive, preventive, and personalized medicine in
HCC. Through multi-omics analysis, this study may offer novel perspectives on the molecular mechanisms that underlie
the occurrence and development of HCC.

Data Sharing Statement

The raw data in this study are available from the following databases: TCGA database (https://portal.gdc.cancer.gov/), GEO
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