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Abstract

Background Metabolic reprogramming plays an important role in therapeutic efficacy of hepatocellular carcinoma (HCC).
However, the metabolic reprogramming-related key genes associated with transcatheter arterial chemoembolization
(TACE) treatment sensitivity in HCC remain further investigation.

Methods We analyzed data from public databases, The Cancer Genome Atlas and Gene Expression Omnibus, as well as
metabolism-related genes (MRGs), to identify key genes associated with TACE treatment sensitivity. Further analysis was
conducted on the relationship between key genes and immune cell infiltration, HCC-related genes, regulatory network
construction, nomogram construction, and drug sensitivity analysis. Finally, the expression of key genes was validated
based on databases and in vitro RT-qPCR.

Results Four key genes (CDC20, LPCAT1, PONT, and SPP1) associated with TACE treatment sensitivity were identified.
Increased CDC20, LPCAT1, and SPP1 and reduced PON1 were found in tumor tissues than normal tissues, as well as in
advanced patients than early-stage patients. Lower expression of CDC20, LPCAT1, and SPP1, and higher expression
of PON1 were detected in responsive patients than non-responsive patients. Patients with high expression of CDC20,
LPCAT1, and SPP1, and low expression of PON1 had poor prognosis. They were also correlated with tumor immune
microenvironment and sensitivity to multiple chemotherapy drugs. The expressions of key genes at the gene and protein
levels were validated.

Conclusions Our study provided systematic insights into identification of biomarkers for TACE treatment sensitivity in
HCC.

Keywords Hepatocellular carcinoma - Transcatheter arterial chemoembolization - Treatment sensitivity - Metabolic
reprogramming - Biomarkers
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1 Introduction

Hepatocellular carcinoma (HCC) is the malignancy with the highest incidence among primary liver cancers worldwide
[1]. Due to its unclear early symptoms and generally poor prognosis, it faces significant challenges in treatment [2].
At present, the treatment strategy for HCC has developed into a multidisciplinary comprehensive treatment centered
on surgical procedures, including ablation therapy, interventional therapy, targeted therapy, and immunotherapy
[3]. Among them, transcatheter arterial chemoembolization (TACE) is widely used as an interventional therapy for
advanced HCC patients, controlling tumor growth by blocking the tumor blood supply [4]. However, the reduced
sensitivity of TACE treatment brings certain limitations and challenges, especially after multiple TACE treatments. It
was recommended to abandon further treatments for patients who remained non-responsive after three TACE treat-
ments, as the subsequent effectiveness rate would be less than 10% [5]. Therefore, improving the TACE treatment
sensitivity has become an urgent problem to be solved.

Metabolic reprogramming, as one of the key mechanisms for HCC treatment resistance, is an adaptive strategy for
tumor cells that adjusts their energy requirements and metabolic pathways to make them flexibly respond to changes
in growth and survival environment [6, 7]. Glutamine metabolism was promoted by aspartate aminotransferase 2
(GOT2) silencing, making HCC sensitive to glutaminase inhibitors [8]. Glycolysis energy metabolism was promoted by
BCL2 interacting protein3 (BNIP3) -mediated mitophagy, thereby enhancing the competitive growth of lenvatinib-
resistant HCC cells [9]. Lipid metabolism reprogramming of HCC cells promoted resistance for sorafenib-induced
ferroptosis in the presence of reduced IncRNA HNF4A-AS1 [10]. It has been reported that TACE treatment sensitivity
in HCC is associated with enhanced glycolytic activity due to down-regulation of fructose-1, 6-bisphosphate aldo-
lase B (ALDOB) [11]. Another study found that pharmacological inhibition of lactate dehydrogenase A (LDHA) in the
glycolytic pathway can enhance the antitumor efficacy of TACE [12]. Although there are currently clues revealing the
regulatory mechanism of metabolic reprogramming involved in TACE treatment sensitivity in HCC, it is still difficult
to effectively identify patients with poor TACE treatment response and achieve targeted treatment. Therefore, there
is an urgent need to develop a series of biomarkers and elucidate their roles in the TACE treatment response of HCC
to help achieve clinical precision therapy.

In this study, we utilized public databases, The Cancer Genome Atlas (TCGA) and Gene Expression Omnibus (GEO), as
well as metabolism-related genes (MRGs), to identify key genes associated with TACE treatment sensitivity. Subsequently,
we systematically analyzed their relationship with tumor characteristics, the disease progression and survival prognosis
of patients, and chemotherapy drug sensitivity. The transcription factor (TF) regulatory network and competitive endog-
enous RNA (ceRNA) regulatory network were constructed, and the expression of key genes at gene and protein levels
was verified. This study will provide an effective theoretical foundation for TACE treatment in HCC.

2 Materials and methods
2.1 Data collection and processing

All gene expression data were obtained from public databases and processed using R (version 3.5.3) software (https://
www.r-project.org/). The RNA-seq data (TCGA-LIHC.htseq_fpkm.tsv) of The Cancer Genome Atlas-Hepatocellular carci-
noma (TCGA-LIHC), matched survival information (TCGA-LIHC.survival.tsv), and clinicopathological characteristics data
(TCGA-LIHC.GDC_phenotype.tsv) were extracted from the Xena database (https://xena.ucsc.edu/) of the University of
California, Santa Cruz (UCSC). After excluding patients without survival information, survival information and expression
data of tumor tissue samples were integrated to obtain 365 TCGA-LIHC samples for prognostic analysis. The RNA annota-
tions file in GENCODE (https://www.gencodegenes.org/) was used to obtain the mRNA expression matrix.

The GSE104580 (https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE104580) dataset was downloaded
from the Gene Expression Omnibus (GEO) database, which included 66 TACE non-responder samples and 81 TACE
responder samples. Probes were annotated to genes using GPL570 platform files. For genes corresponding to multiple
probes, the mean expression value was taken as the gene expression value.

The metabolism related gene (MRG) list was obtained from GeneCards (https://www.genecards.org/) by using
"Metabolism" as the search term [13].
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2.2 ldentification and functional enrichment analysis of differentially expressed genes (DEGs)

The R package “limma” (version 3.36.5) [14] was applied to identify the DEGs between tumor and normal tissues, as well
as between the TACE response and non-response groups. The screening criteria for DEGs were |Log,Foldchange|> 1 and
adjusted P value <0.05 [15]. The DAVID database (https://david.ncifcrf.gov/) [16, 17] was used for functional enrichment
analysis, including Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analysis
(adjusted P value <0.05) [18].

2.3 PPl network analysis of DEGs

To uncover the interactions among DEGs, the protein-protein interaction (PPI) network was constructed using the
STRING database (https://cn.string-db.org/) with an interaction score setting to 0.4. The PPl network was visualized using
Cytoscape (version 3.8.2).

2.4 ldentification of key genes

The DEGs obtained from the TCGA-LIHC dataset and GSE104580 dataset were intersected with MRGs to obtain the shared
genes. Univariate Cox regression analysis was performed for the shared genes, and the prognostic-related genes were
screened with P<0.05 [19]. R package “randomForestSRC” (version 3.3.3) was used for the random survival forest analysis
to rank the importance of prognostic-related DEGs [20]. And genes with relative importance >0.015 were selected for
subsequent analysis, including its expression between tumor and normal tissues, TACE response and non-response
groups, different stages of disease progression, as well as survival analysis. Statistical analysis was conducted using
Wilcoxon test for comparison.

2.5 Immune infiltration analysis

The CIBERSORT algorithm, an innovative deconvolution method based on gene expression, was used to determine
differences in immune cell infiltration levels between tumor and normal samples. The method was able to quantify cell
composition of complex tissue sample from gene expression profiles, and then to parse the relative proportions of 22
human immune cell types from admixed expression data [21]. The results were visualized in box plots. Additionally, we
investigated the correlation between key genes and differentially infiltrated immune cells by Pearson correlation analysis.

2.6 Correlation analysis of key genes and immune related-genes

The immunogene set, including immunoinhibitor, immunostimulator, chemokine, major histocompatibility complex
(MHC), and MHC receptor, was downloaded from the TISIDB database (http://cis.nku.hk/TISIDB/index.php). The correlation
between key genes and immune genes was explored by Pearson correlation analysis.

2.7 Correlation analysis of key genes and disease-related genes

The HCC-related genes were obtained from the GeneCards database (https://www.genecards.org/) using “Liver
hepatocellular carcinoma” as the keyword. The correlation between key genes and HCC-related genes was explored by
Pearson correlation analysis.

2.8 Nomogram construction

The R package "rms" (version 6.2-0) [22] was used to construct the nomogram model according to the expression levels
of key genes and the clinical characteristics of patients, including age, gender, tumor stage, grade, and TNM stage, in
the TCGA-LIHC dataset. The score values corresponding to each predictive indicator can be obtained according to the
nomogram, and their sum was recorded as the total score, which corresponds to the total survival probability of 1, 3,
and 5 years. The consistency between the expected probability and the actual outcome was assessed by the calibration
curve. The R package “ggDCA” (version 1.2) [23] was used for decision curve analysis (DCA) to evaluate the clinical utility
of the nomogram model.
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Fig. 1 Identification of DEGs. A Volcano plot displays the DEGs between TACE responders and non-responders. Red indicates upregulation,
blue indicates downregulation. B Heatmap shows the expression profiles of top 50 DEGs between TACE responders and non-responders.
Red indicates upregulation, blue indicates downregulation. NR, non-responders; R, responders. € Volcano plot displays DEGs between
tumor and normal tissues. D Heatmap shows the expression profile of the top 50 DEGs between tumor and normal tissues. E Venn diagram
shows the intersection of MRGs with DEGs from the GSE104580 dataset and TCGA-LIHC dataset

2.9 Construction of TF regulatory network

The R package “RcisTarget” (version 1.16.1) [24] was used to predict TFs based on motifs. These motifs could be annotated
based on annotated source data files or gene sequences that are similar to annotated motifs. The area under the curve (AUC)
of each pair of motif-motif was calculated according to the gene-set recovery curves ranked by motif. Then, the normalized
enrichment score (NES) for each motif was calculated based on the AUC distribution for each motif in the gene set. The NES
of motif depends on the total number of motifs in the database. hg19-tss-centered-10 kb-7species.mc9nr.feather was used
as the motif ranking file.

2.10 Construction of IncRNA-miRNA-mRNA (ceRNA) regulatory network

HCC-related microRNA (miRNA) were obtained from human microRNA disease database (HMDD, http://www.cuilab.cn/
hmdd). The miRNAs interacting with key genes were predicted using the miRWalk database (http://mirwalk.umm.uni-heide
Iberg.de/). Subsequently, the HCC-related miRNAs and predicted-miRNAs from the miRWalk database were intersected to
obtain miRNA-mRNA interaction pairs. LncRNA was predicted based on known miRNAs using DIANA-LncBase Predicted
v.2 database (https://dianalab.e-ce.uth.gr/html/diana/web/index.php?r=Incbasev2), and those with scores > 0.9, the tissue
being liver, and the category being cancer or malignancy were retained. Based on IncRNA-miRNA pairs and miRNA-mRNA
pairs, the ceRNA network was visualized by Cytoscape.

2.11 Drug sensitivity analysis

Drug sensitivity information was obtained from the GDSC1 dataset (https://www.cancerrxgene.org/downloads/bulk_downl
oad) derived from the Cancer Drug Sensitivity Genomics (GDSC) database [25]. The half-maximal inhibitory concentration
(IC5) values for drug therapy were calculated using the R package “oncoPredict” [26]. The correlation between key genes
and ICy, values of drugs was explored by Pearson correlation analysis.

2.12 Verification of key genes

To verify the expression levels of key genes, the GSE25097 (https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?
acc=GSE25097) dataset was downloaded from the GEO database, which included 243 normal and 268 tumor tissue samples.
Immunohistochemical (IHC) data were downloaded from the Human Protein Atlas (HPA, http://www.proteinatlas.org) to
further validate the protein expression levels of key genes between tumor and normal tissues.

In addition, real-time quantitative polymerase chain reaction (RT-gPCR) was used to detect the expression levels of key
genes in blood samples from 15 individuals, including 5 controls, 4 TACE non-responsive HCC patients, and 6 TACE-responsive
HCC patients. The clinical information of the subjects was shown in Table S1, and the clinical-pathological characteristics
of the TACE treatment response/non-response groups were matched. The study was approved by the Ethics Committee
of the Second Affiliated Hospital of Shandong First Medical University (2024-H-059), and all participants provided written
informed consent. The total RNA was extracted using the HiPure Liquid RNA Mini Kit (Cat. No.: R4163-02, Magen, Shanghai,
China). Reverse transcription was carried out using FastQuant cDNA First Strand Synthesis Kit (Cat. No.: KR106, TIANGEN,
Beijing, China) to synthesize cDNA. RT-gPCR was performed using Gene-9660 Fluorescence Quantitative PCR Analyzer (BIOER,
Hangzhou, China). The mRNA expression levels were quantified using the 272" method and analyzed by one-way ANOVA
in GraphPad Prism software (version 8.0.1). The primer sequences were shown in Table S2.
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3 Results
3.1 Identification and functional enrichment analysis of DEGs

To reveal the gene characteristics associated with TACE treatment sensitivity, we performed differential expression
analysis on the GSE104580 dataset and identified a total of 284 DEGs between the two groups. Compared to TACE
non-responders, 160 genes were up-regulated in TACE responders, while 124 genes were down-regulated (Fig. 1A-B).
GO enrichment analysis showed that these DEGs mainly participated in substance metabolism by affecting enzyme
activity and function in extracellular and intracellular (Figure S1A). DEGs were mainly enriched in metabolism-related
pathways in KEGG analysis (Figure S1B). And PPI network analysis shows that there are complex interactions between
most DEGs (Figure S1Q).

Subsequently, 1365 HCC-related DEGs were identified from the TCGA-LIHC dataset, of which 975 were up-regulated
and 390 were down-regulated (Fig. 1C-D). Then, the DEGs screened out from the TCGA-LIHC and GSE104580 datasets
were overlapped with MRGs to obtain 89 shared genes (Fig. 1E).

3.2 Identification of four key genes

In total, 65 prognostic-related genes from 89 shared genes were screened using univariate Cox analysis (P < 0.05)
(Fig. 2A). Then, four key genes (CDC20, LPCAT1, PON1, SPP1) were ultimately identified through further random sur-
vival forest analysis (Fig. 2B-C). The results of TCGA-LIHC dataset analysis showed that compared with normal tissues,
CDC20, LPCATT1, and SPP1 were significantly up-regulated and PON1 was significantly down-regulated in tumor tis-
sues (Fig. 3A). Compared with non-responsive HCC patients, CDC20, LPCAT1, and SPP1 expression were significantly
lower in responsive HCC patients, while PON1 expression was significantly higher (Fig. 3B). Kaplan Meier survival
analysis showed that patients with high expression of CDC20, LPCAT1, and SPP1, and low expression of PON1 had
poor prognosis (Fig. 3C-F). Moreover, CDC20, LPCAT1, and SPP1 expression were higher in advanced patients, while
PON1 expression was lower (Fig. 4).

3.3 Correlation analysis of key genes with immune microenvironment and immune-related genes

The results of immune cell infiltration analysis showed that there were significant differences in the infiltration levels
of 12 types of immune cell between tumor and normal tissues (Fig. 5A). Among them, the infiltration levels of "T cells
regulation (Tregs)", " Macrophages M0", and "Dendritic cells restoration” were higher, while the infiltration levels of
"NK cells restoration”, "Monocytes", "Macrophages M2", and "Neutrophils" were lower in tumor tissues. Further cor-
relation analysis revealed that four key genes were significantly associated with multiple immune cells (Fig. 5B-E).
CDC20, LPCAT1, and SPP1 expression levels were significantly positively correlated with the infiltration levels of
"Macrosphages M0" and "T cell regulators (Tregs)", and significantly negatively correlated with the "Macrosphages
M2", "Monocytes", and "NK cell resting". PON1 expression level was significantly positively correlated with the infiltra-
tion levels of "Macrosphages M2", "Monocytes", and "NK cells resting", and significantly negatively correlated with
the "Macrosphages MQ", "T cell regulators (Tregs)", and "T cell CD4 memory activated".

In addition, four key genes were highly correlated with immune-related genes (Figure S2). For example, CDC20,
LPCAT1, and SPP1 were significantly positively correlated with the majority of chemokines, immunosuppressants,
immune activators, MHC, and MHC receptors, while PON1 was significantly negatively correlated.

3.4 Correlation analysis of key genes with HCC-related genes

HCC-related genes were obtained from the GeneCards database, and the top 20 genes (relevance score > 105) were
retained for subsequent analysis. Among them, 17 genes (APC, ATM, BRAF, BRCA1, BRCA2, CDKN2A, CTNNBT1, KRAS,
MET, MLH1, MSH2, MSH6, PIK3CA, PKHD1, PMS2, RET, TP53) showed a significant difference in expression between
tumor and normal tissues (Fig. 6A). Correlation analysis indicated that the expression of CDC20, LPCAT1, and SPP1
was significantly positively correlated with the multiple HCC-related genes, while the expression of PON1 was sig-
nificantly negatively correlated (Fig. 6B). The positive correlation between the expression of CDC20 and BRCA1 was
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Fig. 4 The expression levels of key genes in different stages of tumor grade (A), tumor stage (B) and T stage (C)

the strongest (R=0.7, P<2.2E-16), while the negative correlation between the expression of PON1 and MSH2 was
the strongest (R=0.37, P=4E-13).

3.5 Constructing nomogram for prognostic evaluation of TACE treated patients

A nomogram based on key genes and clinical characteristics was constructed using the TCGA-LIHC dataset to evaluate
the 1-year, 3-year, and 5-year survival probabilities of HCC patients. By scoring the above characteristics, patients with
a higher total score had a worse 1-year, 3-year, and 5-year survival probability (Fig. 7A). Calibration curves indicated
that the nomogram model has a good prognostic ability (Fig. 7B). DCA showed that the nomogram model was more
effective in clinical utility for patients (Fig. 7C).

3.6 Construction of TF regulatory network

Since TFs affect cell function by regulating gene expression [27], the relationship between key genes and TFs was
analyzed. It was found that CDC20, LPCAT1, PON1 and SPP1 were regulated by multiple TFs (Fig. 8A). Motif enrichment
analysis of these TFs showed that the motif with the highest NES was annotated as cisbp M0068 (NES: 8.69), followed
by “taipale _tf _ pairs _ TEAD4 _HES7 _ RCATTCCNNCRCGYYN _ CAP _ repr” (NES: 8.62), and “predrem’'nrMotif1878"
(NES: 8.34) (Fig. 8B). The genes enriched in“taipale _tf _ pairs _ TEAD4 _ HES7 _ RCATTCCNNCRCGYYN _ CAP _ repr”
were LPCAT1 and SPP1, and the predicted upstream TFs were HES7 and TEADA4.
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Fig.5 Immune microenvironment analysis. A Box plot showing the difference in immune cell infiltration levels between tumor and normal »
tissues. *P < 0.05, ***P < 0.001, ****P <0.0001. B-E Stick plot displays the correlation between CDC20 (B), LPCAT1 (C), PON1 (D), and SPP1 (E)
and differential immune cells. The horizontal axis represents the value of the correlation coefficient, where >0 indicates a positive correla-
tion and <0 indicates a negative correlation. The vertical axis represents the type of immune cells. The circle size reflects the absolute value
of the correlation coefficient, and the circle color represents the P value of the correlation

3.7 Construction of ceRNA regulatory network

In total, 25 HCC-related miRNAs were obtained from the HMDD database. Then, 23 miRNAs were predicted to interact
with 4 key genes in miRWalk database. Subsequently, 25 HCC-related miRNAs and 23 miRNAs in miRWalk database
were overlapped to obtain 2 miRNAs and 2 miRNA-mRNA interaction pairs (Figure S3A). In DIANA-LncBase Predicted v.2
database, 68 IncRNAs were predicted to interact with these two miRNAs, and 74 IncRNA-miRNA interaction pairs were
obtained. By combining the IncRNA-miRNA pairs and miRNA-mRNA pairs, the complex ceRNA regulatory network was
visualized using cytoscape software (Figure S3B).

3.8 Drug sensitivity analysis

Further drug sensitivity analysis showed that the ICy, levels of 5 commonly used chemotherapy drugs (Dasatinib, Doc-
etaxel, Lapatinib, Vinblastine, Vinorelbine) were significantly correlated with the expression levels of 4 key genes (Fig. 9).
Specifically, they were negatively correlated with the expression of CDC20, LPCAT1, and SPP1, and positively correlated
with the expression of PON1. In addition, the IC;, of Doramapimod was strongly positively correlated with the expression
of CDC20 (R=0.56, P<2.2E-16) and SPP1 (R=0.35, P=9.8E-12), the IC;, of SB505124 was strongly positively correlated
with the expression of LPCAT1 (R=0.53, P<2.2E-16), and the IC5, of AZD6482 was strongly negatively correlated with
the expression of PON1 (R=-0.41, P=3.4E-16) (Fig. 9).

3.9 Verification of the expression level of four key genes

In GSE25097 dataset, compared with normal tissues, the expressions of CDC20, LPCAT1, and SPP1 were significantly
upregulated, while PON1 was significantly downregulated in tumor tissues, which was consistent with the results in
TCGA (Fig. 10A). The IHC results based on the HPA database were consistent with the above expression trends (Fig. 10B-
E). In addition, RT-qPCR results showed that the mRNA levels of CDC20, LPCAT1, and SPP1 were higher in the TACE non-
response group than in the normal and TACE response groups, while there was no significant difference in PON1 between
the TACE non-response and normal/TACE response groups (Fig. 10F).

4 Discussion

TACE has been widely recognized as a primary treatment for advanced-stage HCC [28, 29]. However, the sensitivity to
TACE treatment varies from patient to patient [11, 30]. In recent years, metabolic reprogramming, as one of the important
characteristics of tumors, has provided a new perspective for studying the sensitivity of TACE treatment in HCC[11, 12].
Our study analyzed the metabolic reprogramming-related genes in HCC after TACE treatment, and identified four key
genes (CDC20, LPCAT1, PON1, and SPP1). It was found that their expression levels were closely related to tumor immune,
HCC-related genes, the disease progression and survival prognosis of patients, and chemotherapy drug sensitivity. In
addition, TF regulatory network and ceRNA regulatory network were constructed. Finally, their expression was validated
by GSE25097 and HPA databases and in vitro RT-qPCR.

Targeting abnormal metabolic pathways can enhance the sensitivity of HCC to existing treatment methods, such as
TACE [12, 31]. Our study identified 4 key genes, CDC20, LPCAT1, PON1, and SPP1, that were associated with metabolic
reprogramming and TACE treatment sensitivity. CDC20 is a cell cycle protein that belongs to the activation protein of
substrates in APC/C complexes [32]. It was reported that high expression of CDC20 regulated epithelial-mesenchymal
transition (EMT) to promote HCC progression [33]. A study on reversing HCC drug resistance showed that APC/C-CDC20
complex-mediated degradation of p21 ubiquitination was prevented by CMTM6, affecting HCC response to TACE
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Fig.6 Correlation analysis
between key genes and
HCC-related genes. A Box

plot shows expression levels
of 17 HCC-related genes
between normal and tumor
tissues. *P<0.05, **P<0.01,
**¥%¥P <0.0001. B Bubble

chart displays the association
analysis between the 4 key
genes expression levels and
HCC-related genes. The size of
bubbles indicates the strength
of correlation, blue bubbles
from deep to light indicate

a gradual weakening of
negative correlation, and red
bubbles from deep to light
indicate a gradual weakening
of positive correlation
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treatment [34]. Zhao et al. found that high expression of CDC20 may be associated with enhanced radiotherapy resistance
in HCC [35]. LPCAT1 is a key enzyme involved in lipid metabolism remodeling, and its elevated levels are associated with
poor prognosis and disease progression in HCC patients [36]. It was reported that highly expressed LPCAT1 promoted
EMT in HCC by activating the Wnt/B-catenin signaling pathway [37]. At present, studies on LPCAT1 and tumor resistance
have been reported in lung adenocarcinoma and breast cancer [38, 39]. However, the role of CDC20 and LPCAT1 in TACE
treatment sensitivity of HCC had not been studied.

PONT1 is an antioxidant enzyme [40]. A study revealed that downregulation of PON1 was an indicator for predicting
poor survival prognosis and high recurrence rate in HCC patients [41]. It was reported that PON1 was associated with
oxidative stress status and resistance to neoadjuvant chemoradiotherapy in patients with rectal cancer [42]. SPP1 is an
integrin binding phosphorylated glycoprotein [43], which may be involved in the metabolic pathway of HCC [44]. It was
reported that SPP1-mediated anoikis resistance and immune escape promoted invasion and metastasis of HCC [45]. To
our knowledge, there have been no relevant reports on the PON1 and SPP1 in TACE treatment of HCC. Our study found
that compared with the TACE treatment response group, the expression of CDC20, LPCAT1, and SPP1 was upregulated,
and PON1 was downregulated in the TACE treatment non-response group. Moreover, compared with normal tissues,
tumor tissues also exhibited this trend. The same was true for advanced-stage patients and patients with poor prognosis.
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Fig. 7 Construction of nomogram based on key genes and clinical characteristics. A Nomogram for predicting the overall survival at 1, 3,
and 5 years. B Calibration curve for consistency between 1-year, 3-year, and 5-year nomogram-predicted survival and actual survival. C Deci-
sion curve analysis evaluated the clinical benefit of nomogram model

In addition, the nomogram for predicting the prognosis of TACE treatment was constructed based on four key genes'’
expression and patients’ clinical characteristics. Calibration curves revealed that nomogram-predicted overall survival
was highly predictive in HCC patients. This indicated that the four key genes were closely related to the occurrence,
progression, survival prognosis, and TACE treatment sensitivity of HCC.

The tumor immune microenvironment plays an important role in influencing the sensitivity of tumor treatment. It
is of great significance to understand the roles and functions of various immune cells, as well as their relationship with
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(D) between normal and tumor tissues from the HPA database. F RT-gPCR results of CDC20, LPCAT1, PON1, and SPP1
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tumor drug resistance [46]. Liang et al. systematically reviewed that immune microenvironment regulation (abnormal
immune cell infiltration /suppressive factor expression) due to hypoxic stress was closely related to HCC progression
and prognosis [47]. Zhou et al. found that tumor associated neutrophils promoted tumor progression and sorafenib
resistance by releasing cytokines CCL2 and CCL17, recruiting macrophages and Tregs into HCC [48]. Peng et al. revealed
that monocytes can regulate the entry of neutrophils into the HCC microenvironment and inhibit their apoptosis by
activating glycolysis to mediate CXCL2 and CXCL8 production [49]. This interaction may affect the immune status of the
tumor microenvironment, leading to the development of tumor drug resistance. NK cell dysfunction led to resistance to
PD-1 immunotherapy in HCC patients [50]. Interestingly, our study found that the expression levels of CDC20, LPCAT1,
SPP1, and PON1 were significantly correlated with the infiltration levels of various immune cells, including "Macrosphages
MO0", "T cell regulators (Tregs)", "Monocytes", and "NK cell resting". Among them, "T cell regulators (Tregs)" can promote
immune escape [51], "Monocytes" can activate glycolysis [49]. This suggested that high expression of CDC20, LPCAT1,
and SPP1, as well as low expression of PON1, may affect the immune escape and cell metabolism of tumor cells, reducing
TACE treatment sensitivity.

Understanding the abnormal expression of tumor-related genes is crucial to predict and improve tumor treatment
sensitivity [52]. Our study conducted a correlation analysis between HCC-related genes and four key genes. It was
found that the expression of CDC20 had the strongest positive correlation with BRCA1 expression, and the expression
of PON1 had the strongest negative correlation with MSH2 expression. BRCA1 was a tumor suppressor gene, and its
encoded product was involved in DNA damage homologous recombination repair [53]. BRCA1 participated in tumor
immune suppression and T lymphocyte infiltration of HCC [54]. Cho et al. found that CDC20 regulated the stability and
ubiquitination of RAP80 in the BRCA1 complex, affecting the recruitment of BRCA1 at DNA damage sites and the DNA
damage response in HelLa cells [55]. MSH2 was a key participant in the human DNA mismatch repair system [56], and
its dysregulation was associated with HCC development [57]. However, the interaction between PON1 and MSH2 has
not been reported. This finding suggests that the role of CDC20 and PON1 in TACE treatment sensitivity of HCC may be
related to DNA repair damage-related genes BRCA1 and MSH.

TF regulatory network revealed that 4 key genes were regulated by multiple TFs. Motif enrichment analysis predicted
that the upstream TFs of LPCAT1 and SPP1 were HES7 and TEAD4. HES7 is one of the downstream target genes of Notch
signaling pathway. A previous study had suggested that HES7 transcriptional inhibition of Gli1 expression and Hedgehog
signaling may cause drug resistance to PD-1 therapy in classical Hodgkin lymphoma [58]. TEAD4 is a transcriptional
coactivator in the Hippo signaling pathway. It is reported that TEAD4 upregulated CDC25B in gastric adenocarcinoma,
driving cell aggressiveness and inhibiting sensitivity to cisplatin therapy through cell adhesion [59]. However, there have
been no reports on the study of HES7 and TEAD4 in HCC. Our study suggested that HES7 and TEAD4 may affect TACE
treatment sensitivity in HCC by regulating LPCAT1 and SPP1 expression, and their interaction needs further verification.
Furthermore, perturbations of ceRNA interactions may trigger or promote the development and progression of HCC
[60]. Our study found 74 "IncRNA-miRNA" relationship pairs, which may affect the TACE treatment sensitivity in HCC by
regulating the expression of PON1 and LPCAT1.

TACE is widely used as an interventional treatment for advanced HCC [4]. However, due to the treatment responsiveness
varies from patient to patient, it is necessary to explore new additional treatment methods. Our study screened
potential drugs based on the expression levels of four key genes and the IC5, values of drugs using the GDSC database.
Correspondingly, five chemotherapy drugs were identified as candidates for TACE non-responders. Previous studies have
shown that Dasatinib, Docetaxel, Lapatinib, Vinblastine, and Vinorelbine have anti-tumor activity in HCC [61-65]. This
suggests that five chemotherapy drugs may have promising applications in TACE treatment non-responsive patients.
Our study has laid a theoretical foundation for exploring the efficacy of chemotherapy combined with TACE treatment
in the future.

Overall, the four key genes, CDC20, LPCAT1, PON1, and SPP1, may have great potential value in HCC clinical practice:
(1) predict the response of HCC patients to TACE treatment by detecting gene expression in blood or tissue, identify
optimal candidate patients in advance to improve treatment success; (2) serve as prognostic assessment and monitoring
tools for TACE treatment, enabling timely evaluation of treatment efficacy and adjustment of treatment plans through
regular monitoring their level changes; (3) provide reference for personalized medication for HCC patients and assist
doctors in selecting appropriate chemotherapeutic drugs. However, there are some shortcomings in this study. The
RT-gPCR validation was limited by a small sample size, which may introduce sampling bias and reduce result reliability.
Future studies need to expand the sample size to further confirm these findings. Although our study identified key genes
for TACE treatment sensitivity in HCC via gene expression databases, other biomarkers like functional hemodynamic
parameters and structural lymphatic vessel indicators were equally crucial for predicting patient outcomes and prognosis
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[66-68]. Future studies should explore integrating these biomarkers to optimize TACE precision therapy in HCC. Moreover,
we will further carry out corresponding verification work on cell and animal models to confirm the credibility and validity
of this study.

5 Conclusion

In this study, we investigated the differences in gene expression between normal tissues and tumor tissues, as well as
TACE response and non-response groups, and intersected them with MRGs, successfully identifying four key genes
(CDC20, LPCAT1, PON1, and SPP1). It was found that their expression levels were closely related to tumor immune, HCC-
related genes, the disease progression and survival prognosis of patients, as well as chemotherapy drug sensitivity. In
short, this study provides new biomarkers and a theoretical foundation for TACE treatment sensitivity in HCC. It provided
a new perspective for developing individualized treatment plans for HCC patients.

Acknowledgements Not applicable.

Confirmation of methodological ethics The experimental protocols were designed and implemented in full compliance with the relevant
ethical guidelines, regulations, and standards.

Author contributions Yong Zhang and Tongfei Li conceived and designed this study. Tongfei Li, Shujuan Liu, Shengjun Wang, Shan Sun, Feng
Ji, and Mingliang Li participated in the data collection, analysis and visualization. Tongfei Li collected the clinical samples and related data
and completed the RT-qPCR experiments. Tongfei Li and Yong Zhang wrote and revised the manuscript. All authors read and approved the
final manuscript.

Funding Not applicable.

Availability of data and materials All data used and/or analyzed in this study are available from the corresponding author upon reasonable
request.

Declarations

Ethics approval and consent to participate All procedures involving human participants complied with: (1) the Ethical Guidelines for Biomedical
Research Involving Human Subjects (National Health Commission of China); (2) the ethical principles of medical research in the Declaration
of Helsinki; (3) institutional ethical standards of the Second Affiliated Hospital of Shandong First Medical University (Ethics Approval Number:
2024-H-059). All participants provided written informed consent. Clinical trial number: not applicable.

Consent for publication Not applicable.

Competing interests The authors declare no competing interests.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International License, which permits use, sharing, adapta-
tion, distribution and reproduction in any medium or format, as long as you give appropriate credit to the original author(s) and the source,
provide a link to the Creative Commons licence, and indicate if changes were made. The images or other third party material in this article
are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the material. If material is not included in
the article’s Creative Commons licence and your intended use is not permitted by statutory regulation or exceeds the permitted use, you will
need to obtain permission directly from the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

References

1. FuY, LiuS, Zeng S, Shen H. From bench to bed: the tumor immune microenvironment and current immunotherapeutic strategies for
hepatocellular carcinoma. J Exp Clin Cancer Res. 2019;38(1):396.

@ Discover


http://creativecommons.org/licenses/by/4.0/

Discover Oncology (2025) 16:861 | https://doi.org/10.1007/512672-025-02606-z

Research

20.

21.

22.

23.
24.

25.

26.

27.
28.

29.

30.

31.

32.

33.

34.

Ahn JC, Teng PC, Chen PJ, Posadas E, Tseng HR, Lu SC, et al. Detection of circulating tumor cells and their implications as a biomarker for
diagnosis, prognostication, and therapeutic monitoring in hepatocellular carcinoma. Hepatology. 2021;73(1):422-36.

Brown ZJ, Tsilimigras DI, Ruff SM, Mohseni A, Kamel IR, Cloyd JM, et al. Management of hepatocellular carcinoma: a review. JAMA Surg.
2023;158(4):410-20.

Amoyav B, Bloom Al, Goldstein Y, Miller R, Sharam M, Fluksman A, et al. Drug-eluting porous embolic microspheres for trans-arterial
delivery of dual synergistic anticancer therapy for the treatment of liver cancer. Adv Healthc Mater. 2023;12(30): €2301548.

Chen S, Peng Z, Zhang Y, Chen M, Li J, Guo R, et al. Lack of response to transarterial chemoembolization for intermediate-stage
hepatocellular carcinoma: abandon or repeat? Radiology. 2021;298(3):680-92.

Yang F, Hilakivi-Clarke L, Shaha A, Wang Y, Wang X, Deng Y, et al. Metabolic reprogramming and its clinical implication for liver cancer.
Hepatology. 2023;78(5):1602-24.

Wang Q, Liu J, Chen Z, Zheng J, Wang Y, Dong J. Targeting metabolic reprogramming in hepatocellular carcinoma to overcome
therapeutic resistance: a comprehensive review. Biomed Pharmacother. 2024;170: 116021.

LiY, Li B, XuY, Qian L, Xu T, Meng G, et al. GOT2 silencing promotes reprogramming of glutamine metabolism and sensitizes hepa-
tocellular carcinoma to glutaminase inhibitors. Cancer Res. 2022;82(18):3223-35.

Wang S, Cheng H, Li M, Gao D, Wu H, Zhang S, et al. BNIP3-mediated mitophagy boosts the competitive growth of Lenvatinib-resistant
cells via energy metabolism reprogramming in HCC. Cell Death Dis. 2024;15(7):484.

. ZhaoY,Han S, Zeng Z, Zheng H, Li Y, Wang F, et al. Decreased IncRNA HNF4A-AS1 facilitates resistance to sorafenib-induced ferroptosis

of hepatocellular carcinoma by reprogramming lipid metabolism. Theranostics. 2024;14:7088-110.

. Xu JX, Qin SL, Wei HW, Chen YY, Peng YC, Qi LN. Down-regulation of ALDOB during metabolic reprogramming mediates malignant

behavior in hepatocellular carcinoma and insensitivity to postoperative adjuvant transarterial chemoembolization. Clin Sci (Lond).
2023;137(4):303-16.

. LuoY,YangY, Ye M, Zuo J. Targeting metabolic reprogramming promotes the efficacy of transarterial chemoembolization in the rabbit

VX2 liver tumor model. Oncol Lett. 2024;27(3):111.

. Stelzer G, Rosen N, Plaschkes |, Zimmerman S, Twik M, Fishilevich S, et al. The GeneCards suite: from gene data mining to disease

genome sequence analyses. Curr Protoc Bioinformatics. 2016;54(1-1):3.
Ritchie ME, Phipson B, Wu D, Hu Y, Law CW, Shi W, et al. limma powers differential expression analyses for RNA-sequencing and
microarray studies. Nucleic Acids Res. 2015;43(7): e47.

. YulJ, Ma S, Tian S, Zhang M, Ding X, Liu Y, et al. Systematic construction and validation of a prognostic model for hepatocellular

carcinoma based on immune-related genes. Front Cell Dev Biol. 2021;9: 700553.

. da Huang W, Sherman BT, Lempicki RA. Systematic and integrative analysis of large gene lists using DAVID bioinformatics resources.

Nat Protoc. 2009;4(1):44-57.

. Sherman BT, Hao M, Qiu J, Jiao X, Baseler MW, Lane HC, et al. DAVID: a web server for functional enrichment analysis and functional

annotation of gene lists (2021 update). Nucleic Acids Res. 2022;50(W1):W216-21.

. SuQ,LiW, Zhang X, Wu R, Zheng K, Zhou T, et al. Integrated bioinformatics analysis for the screening of hub genes and therapeutic

drugs in hepatocellular carcinoma. Curr Pharm Biotechnol. 2023;24(8):1035-58.

. XuH, Pan H, Fang L, Zhang C, Xiong C, Cai W. A glutamine metabolish-associated prognostic model to predict prognosis and thera-

peutic responses of hepatocellular carcinoma. Biol Direct. 2024;19(1):118.

Zhao P, Zhen H, Zhao H, Huang Y, Cao B. Identification of hub genes and potential molecular mechanisms related to radiotherapy
sensitivity in rectal cancer based on multiple datasets. J Transl Med. 2023;21(1):176.

Newman AM, Liu CL, Green MR, Gentles AJ, Feng W, Xu Y, et al. Robust enumeration of cell subsets from tissue expression profiles.
Nat Methods. 2015;12(5):453-7.

Wang QW, Zhao Z, Bao ZS, Jiang T, Zhu YJ. Comprehensive analysis of multi-omics data of recurrent gliomas identifies a recurrence-
related signature as a novel prognostic marker. Am J Cancer Res. 2021;11(4):1226-46.

Zhang J, Jin. Z. ggDCA: Calculate and Plot Decision Curve. R package version 1.2.

Sara Aibar, Gert Hulselmans, Aerts. S. RcisTarget. Identify transcription factor binding motifs enriched on a gene list. R/Bioconductor
package.

Yang W, Soares J, Greninger P, Edelman EJ, Lightfoot H, Forbes S, et al. Genomics of Drug Sensitivity in Cancer (GDSC): a resource for
therapeutic biomarker discovery in cancer cells. Nucleic Acids Res. 2013;41(Database issue):D955-61.

Maeser D, Gruener RF, Huang RS. oncoPredict: an R package for predicting in vivo or cancer patient drug response and biomarkers
from cell line screening data. Brief Bioinform. 2021. https://doi.org/10.1093/bib/bbab260.

Lambert SA, Jolma A, Campitelli LF, Das PK, Yin Y, Albu M, et al. The human transcription factors. Cell. 2018;172(4):650-65.

Farmer DG, Rosove MH, Shaked A, Busuttil RW. Current treatment modalities for hepatocellular carcinoma. Ann Surg.
1994;219(3):236-47.

Zhang D, Zhang Z, Luo J, Zheng J, Mao X, Tsilimigras DI, et al. Efficacy and safety of transarterial chemoembolization alone compared to
its combination with anlotinib among patients with intermediate or advanced stage hepatocellular carcinoma: a phase Il randomized
controlled trial. J Gastrointest Oncol. 2024;15(4):1627-35.

Llovet JM, Bruix J. Systematic review of randomized trials for unresectable hepatocellular carcinoma: chemoembolization improves
survival. Hepatology. 2003;37(2):429-42.

Du D, Liu C, Qin M, Zhang X, Xi T, Yuan S, et al. Metabolic dysregulation and emerging therapeutical targets for hepatocellular carcinoma.
Acta Pharm Sin B. 2022;12(2):558-80.

Huang P, Le X, Huang F, Yang J, Yang H, Ma J, et al. Discovery of a dual tubulin polymerization and cell division cycle 20 homologue inhibi-
tor via structural modification on Apcin. J Med Chem. 2020;63(9):4685-700.

Yang G, Wang G, Xiong Y, Sun J, LiW, Tang T, et al. CDC20 promotes the progression of hepatocellular carcinoma by regulating epithelial-
mesenchymal transition. Mol Med Rep. 2021. https://doi.org/10.3892/mmr.2021.12122.

Huang, ZhuY, Yang J, Pan Q, Zhao J, Song M, et al. CMTM6 inhibits tumor growth and reverses chemoresistance by preventing ubiqui-
tination of p21 in hepatocellular carcinoma. Cell Death Dis. 2022;13(3):251.

@ Discover


https://doi.org/10.1093/bib/bbab260
https://doi.org/10.3892/mmr.2021.12122

Research

Discover Oncology (2025) 16:861 | https://doi.org/10.1007/512672-025-02606-z

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

51.
52.

53.

54,

55.

56.
57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

Zhao S, Zhang Y, Lu X, Ding H, Han B, Song X, et al. CDC20 regulates the cell proliferation and radiosensitivity of P53 mutant HCC cells
through the Bcl-2/Bax pathway. Int J Biol Sci. 2021;17(13):3608-21.

He RQ, Li JD, Du XF, Dang YW, Yang LJ, Huang ZG, et al. LPCAT1 overexpression promotes the progression of hepatocellular carcinoma.
Cancer Cell Int. 2021;21(1):442.

Shen L, Gu P, Qiu C, Ding WT, Zhang L, Cao WY, et al. Lysophosphatidylcholine acyltransferase 1 promotes epithelial-mesenchymal transi-
tion of hepatocellular carcinoma via the Wnt/beta-catenin signaling pathway. Ann Hepatol. 2022;27(3): 100680.

Ding J, Ding X, Leng Z. LPCAT1 promotes gefitinib resistance via upregulation of the EGFR/PI3K/AKT signaling pathway in lung adeno-
carcinoma. J Cancer. 2022;13(6):1837-47.

Zhang H, Zheng Y. LPCAT1 is transcriptionally regulated by FOXA1 to promote breast cancer progression and paclitaxel resistance. Oncol
Lett. 2023;25(4):134.

Camps J, Marsillach J, Joven J. The paraoxonases: role in human diseases and methodological difficulties in measurement. Crit Rev Clin
Lab Sci. 2009;46(2):83-106.

Yu Z, Ou Q, Chen F, Bi J, LiW, Ma J, et al. Evaluation of the prognostic value of paraoxonase 1 in the recurrence and metastasis of hepato-
cellular carcinoma and establishment of a liver-specific predictive model of survival. J Transl Med. 2018;16(1):327.

Rodriguez-Tomas E, Arenas M, Gomez J, Acosta J, Trilla J, Lopez Y, et al. Identification of potential metabolic biomarkers of rectal cancer
and of the effect of neoadjuvant radiochemotherapy. PLoS ONE. 2021;16(4): €0250453.

Deng G, Zeng F, Su J, Zhao S, Hu R, Zhu W, et al. BET inhibitor suppresses melanoma progression via the noncanonical NF-kappaB/SPP1
pathway. Theranostics. 2020;10(25):11428-43.

Li H, Qian F, Bao S. Identification and functional analysis of lactic acid metabolism-related differentially expressed genes in hepatocellular
carcinoma. Front Genet. 2024;15:1390882.

Zhang Z, Chen X, LiY, Zhang F, Quan Z, Wang Z, et al. The resistance to anoikis, mediated by Spp1, and the evasion of immune surveillance
facilitate the invasion and metastasis of hepatocellular carcinoma. Apoptosis. 2024;29(9-10):1564-83.

Erin N, Grahovac J, Brozovic A, Efferth T. Tumor microenvironment and epithelial mesenchymal transition as targets to overcome tumor
multidrug resistance. Drug Resist Updat. 2020;53: 100715.

Liang Y, Li L, Liu B, Gao J, Chen X, Li J, et al. Research advances in the roles of high-altitude hypoxic stress in hepatocellular carcinoma.
Sichuan Da Xue Xue Bao Yi Xue Ban. 2024;55(6):1436-45.

Zhou SL, Zhou ZJ, Hu ZQ, Huang XW, Wang Z, Chen EB, et al. Tumor-associated neutrophils recruit macrophages and T-regulatory cells
to promote progression of hepatocellular carcinoma and resistance to Sorafenib. Gastroenterology. 2016;150(7):1646-58 e17.

Peng ZP, Jiang ZZ, Guo HF, Zhou MM, Huang YF, Ning WR, et al. Glycolytic activation of monocytes regulates the accumulation and func-
tion of neutrophils in human hepatocellular carcinoma. J Hepatol. 2020;73(4):906-17.

Zhang PF, Gao C, Huang XY, Lu JC, Guo XJ, Shi GM, et al. Cancer cell-derived exosomal circUHRF1 induces natural killer cell exhaustion
and may cause resistance to anti-PD1 therapy in hepatocellular carcinoma. Mol Cancer. 2020;19(1):110.

Sakaguchi S, Yamaguchi T, Nomura T, Ono M. Regulatory T cells and immune tolerance. Cell. 2008;133(5):775-87.

QinY,Han S, YuY, Qi D, Ran M, Yang M, et al. Lenvatinib in hepatocellular carcinoma: resistance mechanisms and strategies for improved
efficacy. Liver Int. 2024;44(8):1808-31.

Mallery DL, Vandenberg CJ, Hiom K. Activation of the E3 ligase function of the BRCA1/BARD1 complex by polyubiquitin chains. EMBO J.
2002;21(24):6755-62.

Ma H, Kang Z, Foo TK, Shen Z, Xia B. Disrupted BRCA1-PALB2 interaction induces tumor immunosuppression and T-lymphocyte infiltration
in HCC through cGAS-STING pathway. Hepatology. 2023;77(1):33-47.

Cho HJ, Lee EH, Han SH, Chung HJ, Jeong JH, Kwon J, et al. Degradation of human RAP80 is cell cycle regulated by Cdc20 and Cdh1
ubiquitin ligases. Mol Cancer Res. 2012;10(5):615-25.

Jiricny J. The multifaceted mismatch-repair system. Nat Rev Mol Cell Biol. 2006;7(5):335-46.

Eso Y, Takai A, Matsumoto T, Inuzuka T, Horie T, Ono K, et al. MSH2 dysregulation is triggered by proinflammatory cytokine stimulation
and is associated with liver cancer development. Cancer Res. 2016;76(15):4383-93.

Rolf Schwarzer, Julia Godau, Hermann Einsele, Jundt F. The Notch Target Genes Hey1 and Hes7 Transcriptionally Suppress Gli1 Expression
and Hedgehog Signaling in Hodgkin-Reed/Sternberg Cells of Classical Hodgkin Lymphoma: A Novel Mechanism of Drug Resistance.
2014; https://doi.org/10.1182/blood.V124.21.275.275

Zhang T, Chen L, Li S, Shen C. Upregulation of CDC25B by transcription factor TEAD4 drives invasion and inhibits cisplatin sensitivity
through cell adhesion in stomach adenocarcinoma. Anticancer Drugs. 2024;35(10):922-31.

Niu ZS, Wang WH, Dong XN, Tian LM. Role of long noncoding RNA-mediated competing endogenous RNA regulatory network in hepa-
tocellular carcinoma. World J Gastroenterol. 2020;26(29):4240-60.

Finn RS, Aleshin A, Dering J, Yang P, Ginther C, Desai A, et al. Molecular subtype and response to dasatinib, an Src/Abl small molecule
kinase inhibitor, in hepatocellular carcinoma cell lines in vitro. Hepatology. 2013;57(5):1838-46.

Geng CX, Zeng ZC, Wang JY. Docetaxel inhibits SMMC-7721 human hepatocellular carcinoma cells growth and induces apoptosis. World
J Gastroenterol. 2003;9(4):696-700.

Ramanathan RK, Belani CP, Singh DA, Tanaka M, Lenz HJ, Yen Y, et al. Phase Il study of lapatinib, a dual inhibitor of epidermal growth fac-
tor receptor (EGFR) tyrosine kinase 1 and 2 (Her2/Neu) in patients (pts) with advanced biliary tree cancer (BTC) or hepatocellular cancer
(HCQ). A California Consortium (CCC-P) Trial. J Clin Oncol. 2006;24(18_suppl):4010.

Zhou Q, Lui VW, Lau CP, Cheng SH, Ng MH, Cai Y, et al. Sustained antitumor activity by co-targeting mTOR and the microtubule with
temsirolimus/vinblastine combination in hepatocellular carcinoma. Biochem Pharmacol. 2012;83(9):1146-58.

Ng WH, Soo KC, Huynh H. Vinorelbine improves the efficacy of sorafenib against hepatocellular carcinoma: a promising therapeutic
approach. Int J Mol Sci. 2024;25(3):1563.

Li YK, Wu S, Wu YS, Zhang WH, Wang Y, Li YH, et al. Portal venous and hepatic arterial coefficients predict post-hepatectomy overall and
recurrence-free survival in patients with hepatocellular carcinoma: a retrospective study. J Hepatocell Carcinoma. 2024;11:1389-402.
LiJ, Wang QB, Liang YB, Chen XM, Luo WL, Li YK, et al. Tumor-associated lymphatic vessel density is a reliable biomarker for prognosis of
esophageal cancer after radical resection: a systemic review and meta-analysis. Front Immunol. 2024;15:1453482.

@ Discover


https://doi.org/10.1182/blood.V124.21.275.275

Discover Oncology (2025) 16:861 | https://doi.org/10.1007/512672-025-02606-z
Research

68. LiJ, Liang YB, Wang QB, Li YK, Chen XM, Luo WL, et al. Tumor-associated lymphatic vessel density is a postoperative prognostic biomarker
of hepatobiliary cancers: a systematic review and meta-analysis. Front Immunol. 2024;15:1519999.

Publisher’s Note Springer Nature remains neutral with regard to jurisdictional claims in published maps and institutional affiliations.

@ Discover



	Identification of metabolic reprogramming-related key genes in hepatocellular carcinoma after transcatheter arterial chemoembolization treatment
	Abstract
	Background 
	Methods 
	Results 
	Conclusions 

	1 Introduction
	2 Materials and methods
	2.1 Data collection and processing
	2.2 Identification and functional enrichment analysis of differentially expressed genes (DEGs)
	2.3 PPI network analysis of DEGs
	2.4 Identification of key genes
	2.5 Immune infiltration analysis
	2.6 Correlation analysis of key genes and immune related-genes
	2.7 Correlation analysis of key genes and disease-related genes
	2.8 Nomogram construction
	2.9 Construction of TF regulatory network
	2.10 Construction of lncRNA-miRNA-mRNA (ceRNA) regulatory network
	2.11 Drug sensitivity analysis
	2.12 Verification of key genes

	3 Results
	3.1 Identification and functional enrichment analysis of DEGs
	3.2 Identification of four key genes
	3.3 Correlation analysis of key genes with immune microenvironment and immune-related genes
	3.4 Correlation analysis of key genes with HCC-related genes
	3.5 Constructing nomogram for prognostic evaluation of TACE treated patients
	3.6 Construction of TF regulatory network
	3.7 Construction of ceRNA regulatory network
	3.8 Drug sensitivity analysis
	3.9 Verification of the expression level of four key genes

	4 Discussion
	5 Conclusion
	Acknowledgements 
	References


