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Identification of cuprotosis-
mediated subtypes, the
development of a prognosis
model, and influence immune
microenvironment in
hepatocellular carcinoma

Jingjing Xiao1,2†, Zhenhua Liu1†, Jinlong Wang3†,
Shuaimin Zhang1 and Yi Zhang1*

1Department of Hepatobiliary Surgery, Guizhou Provincial People’s Hospital, Guiyang, China,
2School of Clinical Medicine, Guizhou Medical University, Guiyang, China, 3Department of Critical
Care Medicine, Guizhou Provincial People’s Hospital, Guiyang, China
Purpose: Cuprotosis is a newly discovered form of non-apoptotic regulated

cell death and is characterized by copper-dependent and associated with

mitochondrial respiration. However, the prognostic significance and function

of cuprotosis-related genes (CRGs) in hepatocellular carcinoma (HCC) are

unknown. This study aims to develop cuprotosis-mediated patterns-related

gene (CMPRG) prediction models for the prognosis of patients with HCC,

exploring the functional underlying the CRGs on the influence of tumor

microenvironment (TME) features.

Experimental design: This study obtained transcriptome profiling and the

corresponding clinical information from the TCGA and GEO databases.

Besides, the Cox regression model with LASSO was implemented to build a

multi-gene signature, which was then validated in an internal validation set and

two external validation sets through Kaplan-Meier, DCA, and ROC analyses.

Results: According to the LASSO analysis, we screened out a cuprotosis-

mediated pattern 5-gene combination (including PBK; MMP1; GNAZ; GPC1

and AKR1D1). A nomogram was constructed for the presentation of the final

model. The ROC curve assessed themodel’s predictive ability, which resulted in

an area under the curve (AUC) values ranging from 0.604 to 0.787 underwent

internal and two external validation sets. Meanwhile, the risk score divided the

patients into two groups of high and low risk, and the survival rate of high-risk

patients was significantly lower than that of low-risk patients (P<0.01). The risk

score could be an independent prognostic factor in the multifactorial Cox

regression analysis (P<0.01). Functional analysis revealed that immune status,

mutational loads, and drug sensitivity differed between the two risk groups.
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Conclusions: In summary, we identified three cuprotosis-mediated patterns in

HCC. And CMPRGs are a promising candidate biomarker for HCC early

detection, owing to their strong performance in predicting HCC prognosis

and therapy. Quantifying cuprotosis-mediated patterns in individual samples

may help improve the understanding of multiomic characteristics and guide

the development of targeted therapy for HCC.
KEYWORDS
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Introduction

Hepatocellular carcinoma is characterized by high

malignancy, rapid progression, and poor prognosis (1).

Worldwide, HCC has the second-highest mortality rate among

cancers, and its incidence is increasing year by year (2). Under

various treatments such as surgery, radiofrequency ablation,

radiation therapy, and chemotherapy, HCC cells can still

proliferate, invade, and metastasize by evading death (3);

therefore, it is significant to find molecular markers and new

targets for treatment that can predict patient prognosis.

Cuprotosis, a newly identified mode of programmed cell death

by TODD R. GOLUB’s team in 2022 (4), has been shown to

occur through direct binding of copper to lipid acylated

components of the TCA cycle, which leads to aggregation of

lipid acylated proteins and loss of iron-sulfur cluster proteins,

resulting in proteotoxic stress and ultimately cell death. FDX1

was also an upstream regulator of proteolipid acylation, and

FDX1 and proteolipid acylation are critical regulators of

cuprotosis. Cuprotosis will gradually become a hot topic of

research in oncology. Jianghong Rao et al. (5) invented

copper-depleting nanoparticles (CDN) to deplete copper in

tumor and showed that the positive surface charge of CDN

facilitates accumulation in mitochondria and local depletion of

copper, which in turn induces apoptosis in triple-negative breast
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cancer cells. Some studies have shown that pancreatic cancer

patients are higher serum copper levels, and copper has been

shown to have tumor-promoting activity in cells (6, 7). Copper-

chelation therapy in lung adenocarcinoma can prevent

autophagy signal transduction, inhibit tumor cell proliferation

and improve survival rate (8, 9). Most studies have shown that

inhibition of cancer cell proliferation requires copper-binding

and cellular uptake of copper complexes (10–13). At present,

there is no article fully reporting the relationship between HCC

and cuprotosis-mediated patterns-related genes.

The tumor microenvironment (TME) plays a critical role in

tumor genesis and development in current studies (14). As

cancer research has intensified, the role and relationship

between cancer cells and immune cells have gradually been

emphasized and confirmed as a new feature of cancer (15). It is

c lear that , in addit ion to cancer ce l ls , the tumor

microenvironment contains a range of immune cells, stromal

cells, endothelial cells, and cancer-associated fibroblasts (14).

Cancer cells can also evade immune surveillance and destruction

using a range of mechanisms (16). tumor-infiltrating immune

cells (TIICs) within the TME can predict the prognosis of cancer

patients (16). Currently, most studies assess only one or two

cuprotosis-related genes (CRGs) and cell types, whereas

antitumor effects are characterized by many genes interacting

synergistically. Therefore, a comprehensive understanding of the

characteristics of multiple CMPRG-mediated TME cell

infiltration in hepatocellular carcinoma may provide ideas for

potential mechanisms of HCC tumorigenesis and prediction of

response to immunotherapy.

Previous studies have confirmed that copper plays an

essential role in tumorigenesis and tumor immune

microenvironment. However, some functions of cuprotosis-

mediated patterns-related genes in HCC remain unclear.

Therefore, this study identified prognostic subtypes associated

with cuprotosis patterns in HCC by exploring the expression

levels of cuprotosis-mediated patterns-related genes in HCC and

discussing the effects of these genes on tumor-associated

pathways and tumor immune infiltration. Ultimately, a model
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to predict the prognosis of HCC was constructed and validated

by an internal validation set and two external validation sets.
Materials and methods

Data collection and processing

The mRNA expression data and related clinical data of HCC

were derived from GSE76427 dataset in GEO (https://www.ncbi.

nlm.nih.gov/geo/) database and TCGA (https://portal.gdc.

cancer.gov/) database. All mRNA Expression data were

normalized using quantile normalization. To get TPMs we

first used Cufflinks to generate FPKM (fragments per kilobase

of transcript per million) and transformed these to TPM values,

and calibration for batch effects was done with the ComBat

algorithm from the sva library. After excluding patients with

missing covariate information or no follow-up data, 491 HCC

patients were included in the analysis (Supplementary Table 1).

Clinical variables included age, sex, stage, follow-up time and

survival status.
Consensus clustering analysis

To identify clusters of highly cuprotosis-related, a consensus

clustering algorithm was applied to determine the number of

clusters in the TCGA-LUAD and GSE76427 dataset, undertaken

using the ConsensuClusterPlus R package with 1000

permutations (17, 18). Here, K-means clustering was applied

to sort CRGclusters into 9 clusters.
Gene set variation analysis (GSVA), and
CIBERSORTx immuno-infiltration analysis

GSVA was performed with the R package “gsva” to evaluate

pathway enrichment for different CRGclusters. Then,

underlying mechanisms were investigated within the

“Molecular Signatures Database” of c2.cp.kegg.v6.2.symbols

through gene set enrichment analysis GSEA with a Java

program. Differences between different CRGclusters were

analyzed using the R language “limma” package, and a p-value

less than 0.05 was statistically significant.

CIBERSORTx (https://cibersortx.stanford.edu/) was used to

estimate gene expression profiles and the abundance of member

cell types in mixed cell populations using gene expression data.

First, the normalized mRNA dataset was uploaded to

CIBERSORTx, and the number of permutation permutations

was selected 1,000 times using the web analysis tool to obtain the

content of 22 immune cell types in each sample. Then, the

composition of various immune cells was compared between

different CRGclusters.
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DEG identification and function notes

The R software limma package was used to standardize the

data and screen the differential genes, and the | log FC | > 1 and

corrected P < 0.05 were used as the thresholds to screen the

differential genes. In order to further explore the potential

biological function of DEG related to cuprotosis patters, GO,

and KEGG analysis was performed on the screened differentially

expressed hub genes using DAVID online tool. P < 0.05

indicated that the difference was statistically significant.

Column and chord maps were plotted using the R language

ggplot package
Construction of the cuprotosis-mediated
patterns-related prognostic
CMPRG_score

The cuprotosis score was calculated to quantify the

cuprotosis pattern of a single tumor. Firstly, the DEGs

expression of cuprotosis pattern was analyzed using R

language “survival” package by single factor COX analysis.

According to P < 0.05, the genes related to the prognosis of

cuprotosis patterns were screened. Next, the Cox regression

model with LASSO was used to determine the critical genes

for the prognosis of cuprotosis pattern according to the best

Akaike Information Criterion (AIC) (19, 20). The prognostic

risk model was constructed, and CMPRG_score was calculated

as follows: CMPRG_score =S(Exp * coefi) n, where Coefi and

Expi represent the regression coefficients and expression levels of

each CMPRG, respectively. Secondly, according to the

expression of CMPRGs in prognosis, the patients were divided

into different subtypes (CMPRG subtype A, CMPRG subtype B,

CMPRG subtype C) by unsupervised clustering analysis. Finally,

all HCC patients were randomly divided into training sets and

test sets according to 1: 1. With the median risk value as the

limit, the patients were divided into high and low-risk groups in

the total sample, training set and test set and subjected to

Kaplan-Meier survival analysis. Concurrently, the “ggplot2”

package in R language was used for principal component

analysis (PCA), and the correlation between geneCluster,

CRGCluster, CMPRG_score and survival status were

visualized by “ggalluvial” package.
Assessment of immune status and
cancer stem cell (CSC) index between
high- and low-risk groups

To assess the proportion of TIIC in TME, this study used the

CIBERSORT deconvolution algorithm to estimate the

percentage of different immune cells and the variability of

immune cells between high and low-risk groups of liver cancer
frontiersin.org
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samples, and the ESTIMATE algorithm was used to calculate the

immune and stromal scores for each patient (21, 22). Then, the

correlation between CMPRG_score and 22 infiltrating immune

cells was explored (p<0.05). In addition, we analyzed the

relationship between the two risk groups and CSC.
Mutation and drug sensitivity analysis

To identify somatic mutations in HCC patients between the

high and low-risk groups, we annotated the mutation data in the

TCGA database into MAF format using the R language “maftools”

package and calculated the tumor mutational load (TMB) score for

each HCC patient in the high and low-risk groups. To explore the

differences in the therapeutic effects of chemotherapeutic agents in

the two groups, we calculated the semi-inhibitory concentration

(IC50) values of common chemotherapeutic agents for HCC using

the “pRRophetic” package.
Construction and validation
of nomograms

We analyzed the obtained CMPRG_score combined with

clinical information and performed univariate and multivariate

COX analysis to determine the potential value of the

CMPRG_score in clinical application. Then, the nomogram

for predicting the HCC patients at 1, 3 and 5 years was

constructed using the “rms” package according to the

contribution of each variable (magnitude of regression

coefficients). The accuracy of the nomogram was assessed by

applying the ROC and clinical decision curve (DCA), and the

calibration curve of the nomogram prediction model was also

estimated for consistency.
Statistical analysis

All statistical analyses were performed using R version 4.1.2.

Statistical tests were all considered statistically significant at

P<0.05, and estimates were considered significant at a CI of

95%. The flowsheet of this program is shown in Figure S1.
Results

Genetic and transcriptional alterations of
CRGs in HCC

To explored somatic copy-number alterations in these

CRGs (Supplementary Table 2), among them LIPT1; LIAS;

DLD; PDHA1 and GLS were found to have increased extensive

copy number variation (CNV); while FDX1; DLAT; PDHB;
Frontiers in Oncology 04
MTF1 and CDKN2A showed decreased CNV (Figure 1A) and

their CNV locations on chromatin were analyzed (Figure 1C).

Next, we assessed the relationship between somatic mutation

rate and CRGs in the HCC cohort of TCGA. While we do also

observe that 16 of 365 samples (13.63%) were mutated in

CRGs. Among them, CDKN2A had the highest mutation

frequency, but no FDX1, LIPT, and DLAT mutations were

found in any of the HCC samples (Figure 1B). Protein

interaction network analysis of DEGs was performed using

STRING online software (Figure 1D). At the expression level,

nine CRGs were identified in the TCGA and UCSCXENA

(https://xenabrowser.net/hub/) databases, respectively, that

were able to distinguish between normal and tumor samples

(Figures 1E, F), and were all upregulated in HCC samples

compared to normal samples.
Identification of cuprotosis subtypes
in HCC

The gene expression matrices of both TCGA and GSE76427

datasets were combined into a single matrix for further analysis.

We then carried out topological 10 CRGs interaction network

analysis in the merge cohort (Figure S1A), and then Kaplan-

Meier survival analyses showed that among the 10 CRGs, 9

CRGs were significantly correlated with overall survival in HCC

patients except for FDX1, which was not correlated with overall

survival (Figure S1B–J).

To understand the expression characteristics of CRGs in

HCC, we performed unsupervised clustering analysis to

categorize the patients with HCC based on the expression

profiles of the 10 CRGs (Figure S2). Subsequently, cuprotosis

mediation patterns were analysed by unsupervised clustering

analysis based on these genes. According to the CDF curves of

the consensus score, we selected the k = 2 as the optimal division

for sorting the entire cohort into sub-types A (n = 182) and B (n

= 304) (Figure 2A; Supplementary Table 3). Principal

components analysis (PCA) highlighted significant differences

between the two subtypes (Figure 2B). The Kaplan-Meier curves

showed that CRGcluster B was associated with better survival

than CRGcluster A (Figure 2C). Furthermore, A heat map was

constructed to illustrate the associations between the

CRGc l u s t e r s , CRGs g en e e xp r e s s i on l e v e l , a nd

clinicopathologic characteristics (Figure 2D).
Characteristics of the TME in
distinct subtypes

GSEA enrichment analysis showed that subtype A was

mainly enriched in the cell cycle, homologous recombination,

DNA replication, oocyte meiosis, and progesterone-mediated

oocyte maturation pathways. Subtype B was enriched primarily
frontiersin.org
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in the complement and coagulation cascades, linoleic acid

metabolism, and arachidonic acid metabolism pathways

(Figure 3A). It was, therefore, suggested that subtype A is

associated with the activation of the cell proliferation process,

and subtype B is associated with immune response. To further

confirm the correlation between different subtypes and the

immune microenvironment, the CIBERSORT algorithm was

used to analyze the differences of 23 kinds of immune cells

between HCC samples of different subtypes. We observed that

most immune cells were significantly different between different

subtypes. Among them are Activated CD4 T cell Activated

dendritic cell, CD56bright natural killer cell, CD56dim natural

killer cell, Immature dendritic cell, Type 17 T helper cell, Type 2

T helper cell in subtype A had significantly higher infiltration. In

the B subtype, Activated B cells, Activated CD8 T cells, Type 1 T
Frontiers in Oncology 05
helper cells, and Gamma delta T cells had significantly higher

infiltration (Figure 3B).
Identification of gene subtypes based on
cuprotosis-related DEGs

To explore the potential biologic functions of cuprotosis

patterns, we identified 1500 cuprotosis-related subtype

differential genes (DEGs) using the R language “limma”

package (Table S4). And the filter standard was set at

|log2FC|≥1 and the adjusted p value (FDR) < 0.05. Together,

there have 275 DEGs between the two subgroups (Figure 4A).

Then, GO, and KEGG enrichment analyses were performed

(Figure 4B; Table S5). KEGG pathway enrichment analysis on
A

B

D

E F

C

FIGURE 1

Genetic and transcriptional alterations of CRGs in HCC. (A) Frequencies of CNV gain, loss, and non-CNV among CRGs. (B) Mutation frequencies
of 10 PRGs in 364 patients with HCC, respectively, from the TCGA cohort. (C) Locations of CNV alterations in PRGs on 23 chromosomes. (D)
cuprotosis-related genes are mapped on proteins in the human protein-protein interaction network. (E, F) Expression distributions of 10 CRGs
between normal and HCC tissues from the TCGA and UCSCXENA database, respectively. NS, Not statistically significant. *P < 0.05, **P < 0.01,
***P < 0.001.
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the DEGs showed that the Cell cycle, complement, and

coagulation cascade pathway were enriched (Figure 4C;

Table S4). Next, an unsupervised clustering analysis was

performed based on the 1500 differential genes associated with

cuprotosis-related subtypes. The unsupervised clustering

algorithm also revealed three different cuprotosis-mediated

patterns-related gene subtypes. We named cuprotosis-
Frontiers in Oncology 06
mediated patterns-related genes clusters A-C (Figure 4D), with

three other gene clusters having different characteristic genes.

Kaplan-Meier curves showed that the analysis of patients with

HCC with gene subtype C had the worst prognosis and those

with gene subtype B had a better prognosis (Figure 4E);

moreover, the cuprotosis-mediated patterns-related genomic B

subtypes correlated with advanced TNM stage, age and gender
A B

FIGURE 3

Correlations of tumor immune cell microenvironments and two HCC subtypes. (A) GSVA of biological pathways between two distinct subtypes,
in which red and blue represent activated and blue inhibited pathways, respectively. (B) Abundance of 22 infiltrating immune cell types in the
two HCC subtypes. *P < 0.05, **P < 0.01, ***P < 0.001.
A B

DC

FIGURE 2

CRG subtypes and clinicopathological and biological characteristics of two distinct subtypes of samples divided by consistent clustering. (A)
Consensus matrix heatmap defining two clusters (k = 2) and their correlation area. (B) PCA analysis showing a remarkable difference in
transcriptomes between the two subtypes. (C) Univariate analysis showing 10 CRGs related to the OS time. (D) Differences in clinicopathologic
features and expression levels of CRGs between the two distinct subtypes.
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(Figure 4F). Among the three cuprotosis-mediated patterns-

related gene clusters, significant differences were observed in

the expression of four of the cuprotosis-mediated patterns-

related genes (Figure 4G).
Construction of a prognostic
risk assessment model for
hepatocellular carcinoma

To further distinguish the heterogeneity of cuprotosis-

mediated patterns-related genes in HCC individuals, a scoring
Frontiers in Oncology 07
system was constructed to quantify the regulatory patterns of

CMPRGs in individual patients with hepatocellular carcinoma,

called CMPRG_score, based on the genes associated with

phenotypic differences in three gene clusters. First, we

randomly divided the patients into a training group (n = 243)

and a test group (n = 242) using the “caret” package in the R

language in a 1:1 ratio. Univariate Cox regression analysis and

Kaplan-Meier survival analysis were performed on 942

differential genes in the three gene clusters, and the overfitted

genes were further removed by LASSO regression, and finally,

five genes (PBK; MMP1; GNAZ; GPC1; AKR1D1) were

identified by multivariate Cox regression analysis for
A B

D E

F
G

C

FIGURE 4

Identification of gene subtypes based on DEGs. (A) 1500 DEGs between different subtypes of volcano map. (B, C) GO and KEGG enrichment
analyses of DEGs among two cuprotosis subtypes. (D) Consensus matrix heatmap defining two clusters (k = 3) and their correlation area. (E)
Relationships between clinicopathologic features and the three gene subtypes. (F) Kaplan–Meier curves for OS of the three gene subtypes (log-
rank tests, p < 0.001). (G) Differences in the expression of 4 CRGs among the three gene subtypes. *P < 0.05, **P < 0.01, ***P < 0.001.
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prognostic model construction (Figures 5A, B). The risk

coefficients for the genes were 0.2391, 0.1636, 0.1604 0.2109,

and -0.1474, respectively. The risk score prognostic model was

constructed as follows: CMPRG_score = (0.2391* expression of

PBK) + (0.1636*expression of MMP1) + (0.1604* expression of

GNAZ) + (0.2109* expression of GPC1) + (-0.1474* expression

of AKR1D1) (Table S6).

The Kaplan-Meier survival curves showed that the survival

rate of low-risk patients was significantly higher than that of

high-risk patients in the overall sample, training set, validation

set, and two external validation cohorts (GSE14520 and

GSE116174), respectively (p< 0.01; Figures 5C–G), based on

the median risk score dividing all samples into high- and low-

risk groups. Meanwhile, we observed a significant difference in

CMPRG_score between ccuprotosis-related geneclusters, and

genecluster B had the lowest CMPRG_score, and genecluster

A subtype had the highest CMPRG_score (Figure 5H). Here, it

was also found that the CMPRG_score was significantly different

among the different CRGclusters, with the CRGcluster A

subtype having a significantly higher CMPRG_score than

CRGcluster B (Figure 5I). We showed the changes in
Frontiers in Oncology 08
CRGclusters, CRGscore, gene cluster, and survival status using

Sankey plots (Figure 5J). 10 cuprotosis-related genes differed

significantly in high and low-risk groups (Figure 5K).

To validate the predictive performance of CMPRG_score,

the risk scores were also divided into high and low-risk groups

according to the validation and test sets, and Figures S2B, C, E, F,

and H, I show the dynamic distribution of CMPRG_score and

OS survival status in the overall sample, training set, and test set,

respectively, all of which yielded consistent results. It shows that

CMPRG_score have good performance in predicting the

prognosis of HCC patients. The heat map also showed the

expression of the five genes in the model in the high and low-

risk groups, which performed consistently in the overall sample,

training set, and test set (Figure S2A, D, G).
Evaluation of TME between the high-
and low-risk groups

We performed the CIBERSORT algorithm to assess the

relationship between CMPRG_score and immune cell
A B D

E F G

I

H

J K

C

FIGURE 5

Construction of the CMPRG_score. (A, B) The LASSO regression analysis and partial likelihood deviance on the prognostic genes. (C–G)
Kaplan–Meier analysis of the OS between the three groups in the all sample, training set, testing set, GSE14520, and GSE116174 cohorts,
respectively. (H) Differences in CMPRG_score between pyroptosis subtypes. (I) Differences in CMPRG_score between gene subtypes. (J) Alluvial
diagram of subtype distributions in groups with different CMPRG_score and survival outcomes. (K) Differential expression of CRGs at different
high and low CMPRG_score.
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abundance, and the results showed that CMPRG_score was

significantly and positively correlated with M2 macrophages,

neutrophils (Figure S3A, B). We also observed that a low

CMPRG_score was strongly correlated with a low stromal

score (Figure S3C). Also, we evaluated the relationship

between four genes in the prognostic model and immune cells,

and we observed that most immune cells were less correlated

with these four genes (Figure S3D).
Relationship between CRG_score and
CSC index, mutation and drug
sensitivity analysis

In our study, we performed Pearson’s correlation analysis to

estimate the correlation of CMPRG_score and CSC index values

for the relapse, metastasis and chemoresistance of HCC.
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Figure 6A shows the results of linear correlation between

CMPRG_score and CSC index, and we conclude that

CMPRG_score was positively correlated with CSC index (R =

0.16, p=0.002), indicating that higher CMPRG_score was

associated with more pronounced stem cell characteristics and

a higher degree of cell differentiation in their HCC cells.

Increasing evidence suggests that Tumor mutational burden

(TMB) can be used as a predictive marker for immunotherapy,

and higher TMB may be associated with more significant

immunotherapy benefits. Our analysis of mutation data from

the TCGA cohort showed no difference in TMB scores between

high and low-risk groups (Figure 6B), implying that there may

be small immunotherapy responsiveness in high and low-risk

populations. Spearman correlation analysis showed no

correlation between TMB and risk scores in the geneCluster

group (p=0.16) (Figure 6C). We then analyzed the distribution

of somatic mutations between the high and low CMPRG_score
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FIGURE 6

Comprehensive analysis of the CMPRG_score in HCC. (A) Relationships between CMPRG_score and CSC index. (B) TMB in different
CMPRG_score groups. (C) Spearman correlation analysis of the CMPRG_score and TMB. (D, E) The waterfall plot of somatic mutation features
established with high and low CMPRG_score. (H–O) Relationships between CMPRG_score and chemotherapeutic sensitivity.
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groups in the TCGA-LIHC cohort. The top ten mutated genes in

the high- and low-risk groups were TP53, CTNNB1, TTN,

MUC16, ALB, PCLO, APOB, RYR2, MUC4, and FLG,

respectively (Figures 6D, E). Patients in the high-risk group

had a higher rate of TP53 mutations than those in the low-risk

group, while CTNNB1 had a higher rate of mutations in patients

in the low-risk group. Next, we selected chemotherapeutic

agents currently used to treat HCC patients to assess the

difference in sensitivity to these agents between the low- and

high-risk groups.

Interestingly, we found lower IC50 values for ATRA,

Rapamycin, Camptothecin, doxorubicin, cisplatin and

Epothilone. B in patients in the high-risk group; while in

patients in the low-risk group PD.0332991, AKT.inhibitor.VIII,

CI.1040, and Lapatinib chemotherapeutic agents had lower IC50

values. In conclusion, these results suggest that CMPRG is

associated with drug sensitivity (Figures 6F–O).
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Clinical correlation analysis of prognostic
CMPRG_score, construction and
validation of nomogram

To investigate the effect of CMPRG_score on clinical

characteristics, univariate Cox analysis showed that Stage

staging and riskScore were associated with OS in HCC

patients (Figure 7A). Further multifactorial Cox regression

analysis showed that riskScore was an independent risk factor

affecting OS in HCC patients (HR = 1.154, 95% CI: 1.093 to

1.218, P<0.001) (Figure 7B).

Considering the inconvenient clinical application of

CMPRG_score in predicting the prognosis of HCC patients,

we further constructed a nomogram of 1-, 3-, and 5-year overall

survival of HCC patients based on the four clinical factors of

CMPRG_score/stage/Age/gender (Figure 7A). Calibration plots

of the predicted versus actual values of the 4-factor line plot
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FIGURE 7

Construction and validation of a nomogram. (A, B) CMPRG_score and clinical characteristics of HCC were analyzed by univariate analysis and
multivariate analysis. (C) Nomogram for predicting the 1-, 3-, and 5-year OS of HCC patients in the all sample. (D) Calibration curves of the
nomogram for predicting of 1-, 3-, and 5-year OS in the TCGA and GSE76427 cohorts. (E–G) ROC curves for predicting the 1-, 3-, and 5-year
ROC curves in the all sample, training, and testing sets. (H, I) ROC curves for predicting the 1-, 3-, and 5-year ROC curves in the GSE14520 (n =
221) and GSE116174 (n=64) cohorts. (J) Decision-making curve.
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model showed high agreement between the 1-, 3-, and 5-year OS

of the line plot prognostic model and the accurate results

(Figure 7B). In addition, our AUC curve results on the

nomogram model showed that the 1-, 3-, and 5-year AUC

values were 0.711, 0.686, and 0.690 in the overall sample

(Figure 7C), and 0.704, 0.707, and 0.787 in training set for the

1-, 3-, and 5-year AUC values (Figure 7D), and the 1-, 3-, and 5-

year AUC values in the test set were 0.713, 0.666, and 0.604 in

the test set (Figure 7E), and the 1-, 3-, and 5-year AUC values

were 0.704, 0.651, and 0.671 in GSE14520 cohorts (Figure 7F);

and the 1-, 3-, and 5-year AUC values were 0.753, 0.712, and

0.710 in GSE116174 cohorts (Figure 7G). In conclusion, the 1-,

3-, and 5-year AUCs of the prognostic risk model in the overall

sample, the training set, test set, and the two external validation

cohorts (GSE14520 and GSE116174) achieved high accuracy,

and the model was highly reliable. After assessing the model’s

predictive accuracy, we further evaluated whether the addition of

the four clinical factors could benefit HCC patients in clinical

practice. The decision curve analysis (DCA) of the

CMPRG_score assessed the net benefit to patients, and the

more excellent the net benefit, the better the predictive

performance of the prognostic risk model (Figure 7H).
Discussion

Studies have concluded that cell death is mainly classified as

apoptosis and necrosis (23). As research continues, cells can also

die through autophagy, distension, scorch death, and iron death

(24, 25). In addition, cuprotosis is one of the copper-dependent

forms of programmed cell death discovered in 2022 (4), which is

involved in various diseases and is expected to be a new modality

for tumor treatment. It was found that a complex network of

genes regulates the process of cellular cuprotosis. Here, it was

shown that cuprotosis and immune cells are closely linked (26–

28). Nevertheless, the role of CMPRGs in HCC has not been

systematically elucidated. In this study, we used public databases

to reveal the heterogeneity of HCC through consistent clustering

analysis and construct prognostic models of genes associated

with cuprotosis patterns and explore the relationship between

iron death and clinical features and immune microenvironment.

Numerous studies have revealed the indispensable role of

copper-mediated cell death in innate immunity and antitumor

effects (29–31). However, most studies have focused on TME

cells from a single CRG. Therefore, the overall disease effects

and TME infiltration characteristics mediated by the combined

effects of multiple CRGs have not been fully elucidated. Our

study results reveal overall changes in CMPRGs at the

transcriptional and genetic levels in HCC, identifying two

distinct molecular subtypes based on 10 CRGs, with patients

in subtype A having a better prognosis and tumor staging than

those in subtype B. There are also significant differences in

TME characteristics between the two, with subtype B also
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characterized by significant immune activation. In addition,

mRNA transcriptome differences between cuprotosis subtypes

were significantly associated with CRG and immune-related

biological pathways. Here, we identified three genetic subtypes

based on the DEG between the two cuprotosis- related

subtypes. Our findings suggest that CMPRG may serve as a

predictor for assessing cl inical outcomes in HCC.

Interestingly, we constructed good predictive prognostic

models using CMPRG_score and validated the predictive

power of the models by ROC, DCA and consistency

ca l ibra t ion curves . Cuprotos i s -med ia ted pa t te rns

characterized by immune activation and suppression showed

lower and higher CMPRG_score, respectively. HCC patients

with high and low CMPRG_score showed significant

differences in clinicopathological characteristics, prognosis,

mutations, TME, CSC index and drug sensitivity. Finally, by

integrating gender, age, CMPRG_score and tumor stage, we

created a nomogram that further improves the model’s

performance and can guide the use of CMPRG_score in

the clinic.

This study collected ten genes associated with cuprotosis

by literature mining and analyzed them as such targets. Among

the five differentially expressed prognostic genes associated

with cuprotosis-mediated patterns, PBK, MMP1, GNAZ, and

GPC1 were risk factors, and AKR1D1 was protective. PBK is a

class of DNA damage repair factors and a member of the

MAPPK family (32). PBK expression was found to be

upregulated in various malignancies to varying degrees (33,

34). The lung cancer study confirmed that PBK was highly

expressed in lung cancer tissues, and the prognosis of 119 lung

cancer patients was correlated with PBK by statistical analysis.

Patients with high PBK expression had poor prognosis and

high tumor recurrence rate, suggesting that PBK is a predictor

of lung cancer prognosis (35). MMP⁃9 is a gelatin-like matrix

metalloproteinase with 13 exons and nine introns involved in

the degradation of the tumor basement membrane and, thus,

tumor metastasis (36, 37). In several studies of cervical cancer,

MMP⁃9 has been shown to play an essential role in the

invasion and metastasis of cervical cancer (38–40).

Recombinant Glypican 1 (GPC1) is a member of the

phosphatidylinositol glycan family of acetyl heparan sulfate

glycoproteins (41). GPC1 expression level in serum of

pancreatic ductal adenocarcinoma was 100% specific and

sensitive for the diagnosis of early pancreatic cancer, and it

is an ideal marker for early pancreatic cancer (42). In a study

by Sidong Wei et al., serum GPC1 expression levels were a

prognostic marker for hepatocellular carcinoma (43). G

protein subunit alpha Z (GNAZ) is a potential oncogene in

hepatocellular carcinoma, promoting tumor proliferation

through cell cycle arrest, apoptosis, migration and invasion

(44). Steroid 5b-reductase (AKR1D1) is an important molecule

involved in endogenous glucocorticoid inactivation and

catalyzes bile acid synthesis (45). Jeremy W Tomlinson et al.
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found that AKR1D1 expression was downregulated with the

progression of adipose lesions in NAFLD (46). The above

results suggest that PBK, MMP1, GNAZ, GPC1 and AKR1D1

can influence cancer development by regulating the cuprotosis

process. However, their role in hepatocellular carcinoma is

unclear. In our study, we found that they are closely related to

the prognosis of HCC and may be important regulators of

HCC development.

Failure to respond to conventional chemotherapy agents is

a major barrier to the successful treatment of HCC (47).

Despite recent advances in immunotherapy, the prognosis of

HCC patients remains heterogeneous, highlighting the critical

role of TME in HCC tumorigenesis and progression (48). We

found that CMPRG_score was significantly correlated with M2

macrophages and neutrophils by correlation analysis of

CRG_score with immune cells. M2 macrophages express

anti-inflammatory cytokines, scavenging receptors, and

angiogenesis in the tumor microenvironment, which can

reshape the tumor microenvironment to suppress the

immune response and thus promote tumor progression (49).

Several previous studies have shown that M2-type

macrophages promote the migration and invasion of tumor

cells and enhance EMT (50–52). Infi ltration of M2

macrophages in TME increases the metastasis of HCC,

which is associated with poor prognosis in patients with

HCC (53). Recent studies have shown that neutrophils are

an essential component of infiltrating immune cells in TME,

involved in tumor progression and inflammatory response,

and associated with tumor resistance to chemotherapy and

checkpoint blockade (54, 55). Zhou et al. (56) showed that

neutrophils secrete CC chemokine ligand 2 (CCL2) and CC

chemokine ligand 17 (CCL17), which mediate the infiltration

of M2 macrophages and regulatory T cells into tumors and

promote the development of HCC. A transparent zebrafish

larval glioblastoma study demonstrates that neutrophils

promote cancer cell proliferation in early TME in the brain

(57). These findings are consistent with our findings that

patients with high CMPRG_score have worse prognosis and

immunotherapy responsiveness, and it can be speculated that

M2 macrophages and neutrophils may also be potential

immunotherapy targets for patients with high-risk

CMPRG_score. Studies have confirmed that sorafenib is

currently the first-line treatment for advanced HCC, while

the combination of doxorubicin and cisplatin have prolonged

survival in HCC treatment (58). However, targeted therapy for

HCC is highly resistant and has a high individual non-

response rate (59). Our study also confirmed no difference

between high and low-risk groups for sorafenib, which is

consistent with previous studies.
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Undeniably, there are some limitations in the prognostic

model of HCC based on public databases. Firstly, the current

HCC database is not complete in terms of clinical characteristics,

including pathological classification, surgery, radiotherapy, HBV

status, smoking, and alcohol consumption, so these

characteristics were not included in the independent predictive

analysis of this study, which may limit the application of this

prognostic model. Secondly, as this study is based on data

mining analysis, some of the findings still need further

validation in future functional experiments.
Conclusions

In our comprehensive analysis, we identified three

cuprotosis-mediated patterns in HCC, and cuprotosis-

mediated patterns-related genes are revealed a broad range of

regulatory mechanisms that influence the tumor immune

microenvironment, clinicopathological features, and prognosis.

The predictive prognostic model constructed based on

CMPRG_score has high sensitivity and specificity and may

provide a new entry point for immune and targeted therapy

and prognostic assessment for patients with HCC.
Data availability statement

The datasets presented in this study can be found in

online repositories. The names of the repository/repositories

and accession number(s) can be found in the article/

Supplementary Material.
Author contributions

JX, JW, and ZL: Conception/design, Provision of study

material, Data analysis and interpretation, and Manuscript

writing. JX, JW, ZL, and YZ: Conception/design, Provision of

study material, and Data analysis and interpretation. JX, JW, SZ,

and YZ: Conception/design. All authors read and approved the

final version of the manuscript.
Acknowledgments

This study was supported by the Youth Foundation of

Guizhou Provincial People’s Hospital (GZSYQN [2018]01);

We thank the TCGA team of the National Cancer Institute for

using their data.
frontiersin.org

https://doi.org/10.3389/fonc.2022.941211
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org


Xiao et al. 10.3389/fonc.2022.941211
Conflict of interest

The authors declare that the research was conducted in the

absence of any commercial or financial relationships that could

be construed as a potential conflict of interest.
Publisher’s note

All claims expressed in this article are solely those of the

authors and do not necessarily represent those of their affiliated
Frontiers in Oncology 13
organizations, or those of the publisher, the editors and the

reviewers. Any product that may be evaluated in this article, or

claim that may be made by its manufacturer, is not guaranteed

or endorsed by the publisher.
Supplementary material

The Supplementary Material for this article can be found

online at: https://www.frontiersin.org/articles/10.3389/

fonc.2022.941211/full#supplementary-material
References
1. Budhu A, Forgues M, Ye QH, Jia HL, He P, Zanetti KA, et al. Prediction of
venous metastases, recurrence, and prognosis in hepatocellular carcinoma based on
a unique immune response signature of the liver microenvironment. Cancer Cell
(2006) 10(2):99–111. doi: 10.1016/j.ccr.2006.06.016

2. Singal AG, Lampertico P, Nahon P. Epidemiology and surveillance for
hepatocellular carcinoma: New trends. J Hepatol (2020) 72(2):250–61.
doi: 10.1016/j.jhep.2019.08.025

3. Teo RD, Hwang JY, Termini J, Gross Z, Gray HB. Fighting cancer with
corroles. Chem Rev (2017) 117(4):2711–29. doi: 10.1021/acs.chemrev.6b00400

4. Tsvetkov P, Coy S, Petrova B, Dreishpoon M, Verma A, Abdusamad M, et al.
Copper induces cell death by targeting lipoylated tca cycle proteins. Science (2022)
375(6586):1254–61. doi: 10.1126/science.abf0529

5. Cui L, Gouw AM, LaGory EL, Guo S, Attarwala N, Tang Y, et al.
Mitochondrial copper depletion suppresses triple-negative breast cancer in mice.
Nat Biotechnol (2021) 39(3):357–67. doi: 10.1038/s41587-020-0707-9

6. Lener MR, Scott RJ, Wiechowska-Kozłowska A, Serrano-Fernández P,
Baszuk P, Jaworska-Bieniek K, et al. Serum concentrations of selenium and
copper in patients diagnosed with pancreatic cancer. Cancer Res Treat (2016) 48
(3):1056–64. doi: 10.4143/crt.2015.282

7. Wang J, Luo C, Shan C, You Q, Lu J, Elf S, et al. Inhibition of human copper
trafficking by a small molecule significantly attenuates cancer cell proliferation. Nat
Chem (2015) 7(12):968–79. doi: 10.1038/nchem.2381

8. Tsang T, Gu X, Davis CI, Posimo JM, Miller ZA, Brady DC. Brafv600e-driven
lung adenocarcinoma requires copper to sustain autophagic signaling and
processing. Mol Cancer Res (2022) 20(7):1096–107. doi: 10.1158/1541-7786.Mcr-
21-0250

9. Li X, Li N, Huang L, Xu S, Zheng X, Hamsath A, et al. Is hydrogen sulfide a
concern during treatment of lung adenocarcinoma with ammonium
tetrathiomolybdate? Front Oncol (2020) 10:234. doi: 10.3389/fonc.2020.00234

10. Ge EJ, Bush AI, Casini A, Cobine PA, Cross JR, DeNicola GM, et al.
Connecting copper and cancer: From transition metal signalling to metalloplasia.
Nat Rev Cancer (2022) 22(2):102–13. doi: 10.1038/s41568-021-00417-2

11. Denoyer D, Clatworthy SAS, Cater MA. Copper complexes in cancer
therapy. Met Ions Life Sci (2018) 18. doi: 10.1515/9783110470734-022

12. Atakul T, Altinkaya SO, Abas BI, Yenisey C. Serum copper and zinc levels in
patients with endometrial cancer. Biol Trace Elem Res (2020) 195(1):46–54.
doi: 10.1007/s12011-019-01844-x

13. da Silva DA, De Luca A, Squitti R, RongiolettiM, Rossi L, Machado CML, et al.
Copper in tumors and the use of copper-based compounds in cancer treatment.
J Inorg Biochem (2022) 226:111634. doi: 10.1016/j.jinorgbio.2021.111634

14. Neophytou CM, Panagi M, Stylianopoulos T, Papageorgis P. The role of
tumor microenvironment in cancer metastasis: Molecular mechanisms and
therapeutic opportunities. Cancers (Basel) (2021) 13(9):2053. doi: 10.3390/
cancers13092053

15. Hui L, Chen Y. Tumor microenvironment: Sanctuary of the devil. Cancer
Lett (2015) 368(1):7–13. doi: 10.1016/j.canlet.2015.07.039

16. Karki R, Kanneganti TD. Diverging inflammasome signals in tumorigenesis
and potential targeting. Nat Rev Cancer (2019) 19(4):197–214. doi: 10.1038/
s41568-019-0123-y
17. Liu Z, Wang L, Liu L, Lu T, Jiao D, Sun Y, et al. The identification and
validation of two heterogenous subtypes and a risk signature based on ferroptosis
in hepatocellular carcinoma. Front Oncol (2021) 11:619242. doi: 10.3389/
fonc.2021.619242

18. Wang L, Liu Z, Zhu R, Liang R, Wang W, Li J, et al. Multi-omics landscape
and clinical significance of a Smad4-driven immune signature: Implications for risk
stratification and frontline therapies in pancreatic cancer. Comput Struct Biotechnol
J (2022) 20:1154–67. doi: 10.1016/j.csbj.2022.02.031

19. Liu Z, Lu T, Li J, Wang L, Xu K, Dang Q, et al. Development and clinical
validation of a novel six-gene signature for accurately predicting the recurrence risk
of patients with stage Ii/Iii colorectal cancer. Cancer Cell Int (2021) 21(1):359.
doi: 10.1186/s12935-021-02070-z

20. Zhang Y, Liu Z, Li X, Liu L, Wang L, Han X, et al. Comprehensive molecular
analyses of a six-gene signature for predicting late recurrence of hepatocellular
carcinoma. Front Oncol (2021) 11:732447. doi: 10.3389/fonc.2021.732447

21. Liu Z, Guo C, Li J, Xu H, Lu T, Wang L, et al. Somatic mutations in
homologous recombination pathway predict favourable prognosis after
immunotherapy across multiple cancer types. Clin Transl Med (2021) 11(12):
e619. doi: 10.1002/ctm2.619

22. Liu Z, Guo C, Dang Q, Wang L, Liu L, Weng S, et al. Integrative analysis
from multi-center studies identities a consensus machine learning-derived lncrna
signature for stage Ii/Iii colorectal cancer. EBioMedicine (2022) 75:103750.
doi: 10.1016/j.ebiom.2021.103750

23. Raza A, Archer SA, Fairbanks SD, Smitten KL, Botchway SW, Thomas JA,
et al. A dinuclear Ruthenium(Ii) complex excited by near-infrared light through
two-photon absorption induces phototoxicity deep within hypoxic regions of
melanoma cancer spheroids. J Am Chem Soc (2020) 142(10):4639–47.
doi: 10.1021/jacs.9b11313

24. Heckmann BL, Tummers B, Green DR. Crashing the computer: Apoptosis
vs. Necroptosis Neuroinflammation Cell Death Differ (2019) 26(1):41–52.
doi: 10.1038/s41418-018-0195-3

25. Lammert CR, Frost EL, Bellinger CE, Bolte AC, McKee CA, Hurt ME, et al.
Aim2 inflammasome surveillance of DNA damage shapes neurodevelopment.
Nature (2020) 580(7805):647–52. doi: 10.1038/s41586-020-2174-3

26. Arendsen LP, Thakar R, Sultan AH. The use of copper as an antimicrobial
agent in health care, including obstetrics and gynecology. Clin Microbiol Rev (2019)
32(4):e00125–18. doi: 10.1128/cmr.00125-18

27. Liao Y, Zhao J, Bulek K, Tang F, Chen X, Cai G, et al. Inflammation
mobilizes copper metabolism to promote colon tumorigenesis Via an il-17-Steap4-
Xiap axis. Nat Commun (2020) 11(1):900. doi: 10.1038/s41467-020-14698-y

28. Williams CL, Neu HM, Alamneh YA, Reddinger RM, Jacobs AC, Singh S,
et al. Characterization of acinetobacter baumannii copper resistance reveals a role
in virulence. Front Microbiol (2020) 11:16. doi: 10.3389/fmicb.2020.00016

29. Cao Q, Wang W, Zhou M, Huang Q, Wen X, Zhao J, et al. Induction of
antitumor immunity in mice by the combination of nanoparticle-based
photothermolysis and anti-Pd-1 checkpoint inhibition. Nanomedicine (2020)
25:102169. doi: 10.1016/j.nano.2020.102169

30. Voli F, Valli E, Lerra L, Kimpton K, Saletta F, Giorgi FM, et al. Intratumoral
copper modulates pd-L1 expression and influences tumor immune evasion. Cancer
Res (2020) 80(19):4129–44. doi: 10.1158/0008-5472.Can-20-0471
frontiersin.org

https://www.frontiersin.org/articles/10.3389/fonc.2022.941211/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fonc.2022.941211/full#supplementary-material
https://doi.org/10.1016/j.ccr.2006.06.016
https://doi.org/10.1016/j.jhep.2019.08.025
https://doi.org/10.1021/acs.chemrev.6b00400
https://doi.org/10.1126/science.abf0529
https://doi.org/10.1038/s41587-020-0707-9
https://doi.org/10.4143/crt.2015.282
https://doi.org/10.1038/nchem.2381
https://doi.org/10.1158/1541-7786.Mcr-21-0250
https://doi.org/10.1158/1541-7786.Mcr-21-0250
https://doi.org/10.3389/fonc.2020.00234
https://doi.org/10.1038/s41568-021-00417-2
https://doi.org/10.1515/9783110470734-022
https://doi.org/10.1007/s12011-019-01844-x
https://doi.org/10.1016/j.jinorgbio.2021.111634
https://doi.org/10.3390/cancers13092053
https://doi.org/10.3390/cancers13092053
https://doi.org/10.1016/j.canlet.2015.07.039
https://doi.org/10.1038/s41568-019-0123-y
https://doi.org/10.1038/s41568-019-0123-y
https://doi.org/10.3389/fonc.2021.619242
https://doi.org/10.3389/fonc.2021.619242
https://doi.org/10.1016/j.csbj.2022.02.031
https://doi.org/10.1186/s12935-021-02070-z
https://doi.org/10.3389/fonc.2021.732447
https://doi.org/10.1002/ctm2.619
https://doi.org/10.1016/j.ebiom.2021.103750
https://doi.org/10.1021/jacs.9b11313
https://doi.org/10.1038/s41418-018-0195-3
https://doi.org/10.1038/s41586-020-2174-3
https://doi.org/10.1128/cmr.00125-18
https://doi.org/10.1038/s41467-020-14698-y
https://doi.org/10.3389/fmicb.2020.00016
https://doi.org/10.1016/j.nano.2020.102169
https://doi.org/10.1158/0008-5472.Can-20-0471
https://doi.org/10.3389/fonc.2022.941211
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org


Xiao et al. 10.3389/fonc.2022.941211
31. Hu C, Cai L, Liu S, Liu Y, Zhou Y, Pang M. Copper-doped nanoscale
covalent organic polymer for augmented Photo/Chemodynamic synergistic
therapy and immunotherapy. Bioconjug Chem (2020) 31(6):1661–70.
doi: 10.1021/acs.bioconjchem.0c00209

32. Xu M, Xu S. Pbk/Topk overexpression and survival in solid tumors: A
prisma-compliant meta-analysis. Med (Baltimore) (2019) 98(10):e14766.
doi: 10.1097/md.0000000000014766

33. Ikeda Y, Park JH, Miyamoto T, Takamatsu N, Kato T, Iwasa A, et al. T-lak
cell-originated protein kinase (Topk) as a prognostic factor and a potential
therapeutic target in ovarian cancer. Clin Cancer Res (2016) 22(24):6110–7.
doi: 10.1158/1078-0432.Ccr-16-0207

34. Ishikawa C, Senba M, Mori N. Mitotic kinase Pbk/Topk as a therapeutic
target for adult T−Cell Leukemia/Lymphoma. Int J Oncol (2018) 53(2):801–14.
doi: 10.3892/ijo.2018.4427

35. Shih MC, Chen JY, Wu YC, Jan YH, Yang BM, Lu PJ, et al. Topk/Pbk
promotes cell migration Via modulation of the Pi3k/Pten/Akt pathway and is
associated with poor prognosis in lung cancer. Oncogene (2012) 31(19):2389–400.
doi: 10.1038/onc.2011.419

36. Yoon C, Cho SJ, Aksoy BA, Park DJ, Schultz N, Ryeom SW, et al.
Chemotherapy resistance in diffuse-type gastric adenocarcinoma is mediated by
rhoa activation in cancer stem-like cells. Clin Cancer Res (2016) 22(4):971–83.
doi: 10.1158/1078-0432.Ccr-15-1356

37. Jiang J, Shen S, Dong N, Liu J, Xu Q, Sun L, et al. Correlation between negative
expression of pepsinogen c and a series of phenotypic markers of gastric cancer in
different gastric diseases. Cancer Med (2018) 7(8):4068–76. doi: 10.1002/cam4.1615

38. Che Y, Li Y, Zheng F, Zou K, Li Z, Chen M, et al. Trip4 promotes tumor
growth and metastasis and regulates radiosensitivity of cervical cancer by activating
mapk, Pi3k/Akt, and htert signaling. Cancer Lett (2019) 452:1–13. doi: 10.1016/
j.canlet.2019.03.017

39. Huang G, Jiang M, Wu X, Xiang X, Zhang L, Yu J. Kgfr and Mmp9
expression are correlates with cancer growth in cervical carcinoma. Minerva Med
(2021) 112(4):524–5. doi: 10.23736/s0026-4806.19.06243-8

40. Zhang J, Wang R, Cheng L, Xu H. Celastrol inhibit the proliferation,
invasion and migration of human cervical hela cancer cells through down-
regulation of mmp-2 and mmp-9. J Cell Mol Med (2021) 25(11):5335–8.
doi: 10.1111/jcmm.16488

41. Huang G, Ge G, Izzi V, Greenspan DS. a3 chains of type v collagen regulate
breast tumour growth Via glypican-1. Nat Commun (2017) 8:14351. doi: 10.1038/
ncomms14351

42. Melo SA, Luecke LB, Kahlert C, Fernandez AF, Gammon ST, Kaye J, et al.
Glypican-1 identifies cancer exosomes and detects early pancreatic cancer. Nature
(2015) 523(7559):177–82. doi: 10.1038/nature14581

43. Chen G, Wu H, Zhang L, Wei S. High glypican-1 expression is a prognostic
factor for predicting a poor clinical prognosis in patients with hepatocellular
carcinoma. Oncol Lett (2020) 20(5):197. doi: 10.3892/ol.2020.12058

44. Tian F, Cai D. Overexpressed gnaz predicts poor outcome and promotes
G0/G1 cell cycle progression in hepatocellular carcinoma. Gene (2022) 807:145964.
doi: 10.1016/j.gene.2021.145964
Frontiers in Oncology 14
45. Nikolaou N, Arvaniti A, Appanna N, Sharp A, Hughes BA, Digweed D, et al.
Glucocorticoids regulate Akr1d1 activity in human liver in vitro and in vivo. J
Endocrinol (2020) 245(2):207–18. doi: 10.1530/joe-19-0473

46. Nikolaou N, Gathercole LL, Marchand L, Althari S, Dempster NJ, Green CJ,
et al. Akr1d1 is a novel regulator of metabolic phenotype in human hepatocytes and
is dysregulated in non-alcoholic fatty liver disease. Metabolism (2019) 99:67–80.
doi: 10.1016/j.metabol.2019.153947

47. Pinter M, Peck-Radosavljevic M. Review article: Systemic treatment of
hepatocellular carcinoma. Aliment Pharmacol Ther (2018) 48(6):598–609.
doi: 10.1111/apt.14913

48. Sangro B, Sarobe P, Hervás-Stubbs S, Melero I. Advances in immunotherapy
for hepatocellular carcinoma. Nat Rev Gastroenterol Hepatol (2021) 18(8):525–43.
doi: 10.1038/s41575-021-00438-0

49. Arango Duque G, Descoteaux A. Macrophage cytokines: Involvement in
immunity and infectious diseases. Front Immunol (2014) 5:491. doi: 10.3389/
fimmu.2014.00491

50. Ruffell B, Coussens LM. Macrophages and therapeutic resistance in cancer.
Cancer Cell (2015) 27(4):462–72. doi: 10.1016/j.ccell.2015.02.015

51. Qian BZ, Pollard JW. Macrophage diversity enhances tumor progression
and metastasis. Cell (2010) 141(1):39–51. doi: 10.1016/j.cell.2010.03.014

52. Noy R, Pollard JW. Tumor-associated macrophages: From mechanisms to
therapy. Immunity (2014) 41(1):49–61. doi: 10.1016/j.immuni.2014.06.010

53. Tian X, Wu Y, Yang Y, Wang J, Niu M, Gao S, et al. Long noncoding rna
Linc00662 promotes M2 macrophage polarization and hepatocellular carcinoma
progression Via activating Wnt/b-catenin signaling. Mol Oncol (2020) 14(2):462–
83. doi: 10.1002/1878-0261.12606

54. Raftopoulou S, Valadez-Cosmes P, Mihalic ZN, Schicho R, Kargl J. Tumor-
mediated neutrophil polarization and therapeutic implications. Int J Mol Sci (2022)
23(6):3218. doi: 10.3390/ijms23063218

55. Khalaf K, Hana D, Chou JT, Singh C, Mackiewicz A, Kaczmarek M.
Aspects of the tumor microenvironment involved in immune resistance and
drug resistance . Front Immunol (2021) 12:656364. doi : 10 .3389/
fimmu.2021.656364

56. 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. doi: 10.1053/j.gastro.2016.02.040

57. Powell D, Lou M, Barros Becker F, Huttenlocher A. Cxcr1 mediates
recruitment of neutrophils and supports proliferation of tumor-initiating
astrocytes in vivo. Sci Rep (2018) 8(1):13285. doi: 10.1038/s41598-018-
31675-0

58. Kim DW, Talati C, Kim R. Hepatocellular carcinoma (Hcc): Beyond
sorafenib-chemotherapy. J Gastrointest Oncol (2017) 8(2):256–65. doi: 10.21037/
jgo.2016.09.07

59. Heinrich S, Castven D, Galle PR, Marquardt JU. Translational
considerations to improve response and overcome therapy resistance in
immunotherapy for hepatocellular carcinoma. Cancers (Basel) (2020) 12(9):2495.
doi: 10.3390/cancers12092495
frontiersin.org

https://doi.org/10.1021/acs.bioconjchem.0c00209
https://doi.org/10.1097/md.0000000000014766
https://doi.org/10.1158/1078-0432.Ccr-16-0207
https://doi.org/10.3892/ijo.2018.4427
https://doi.org/10.1038/onc.2011.419
https://doi.org/10.1158/1078-0432.Ccr-15-1356
https://doi.org/10.1002/cam4.1615
https://doi.org/10.1016/j.canlet.2019.03.017
https://doi.org/10.1016/j.canlet.2019.03.017
https://doi.org/10.23736/s0026-4806.19.06243-8
https://doi.org/10.1111/jcmm.16488
https://doi.org/10.1038/ncomms14351
https://doi.org/10.1038/ncomms14351
https://doi.org/10.1038/nature14581
https://doi.org/10.3892/ol.2020.12058
https://doi.org/10.1016/j.gene.2021.145964
https://doi.org/10.1530/joe-19-0473
https://doi.org/10.1016/j.metabol.2019.153947
https://doi.org/10.1111/apt.14913
https://doi.org/10.1038/s41575-021-00438-0
https://doi.org/10.3389/fimmu.2014.00491
https://doi.org/10.3389/fimmu.2014.00491
https://doi.org/10.1016/j.ccell.2015.02.015
https://doi.org/10.1016/j.cell.2010.03.014
https://doi.org/10.1016/j.immuni.2014.06.010
https://doi.org/10.1002/1878-0261.12606
https://doi.org/10.3390/ijms23063218
https://doi.org/10.3389/fimmu.2021.656364
https://doi.org/10.3389/fimmu.2021.656364
https://doi.org/10.1053/j.gastro.2016.02.040
https://doi.org/10.1038/s41598-018-31675-0
https://doi.org/10.1038/s41598-018-31675-0
https://doi.org/10.21037/jgo.2016.09.07
https://doi.org/10.21037/jgo.2016.09.07
https://doi.org/10.3390/cancers12092495
https://doi.org/10.3389/fonc.2022.941211
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

	Identification of cuprotosis-mediated subtypes, the development of a prognosis model, and influence immune microenvironment in hepatocellular carcinoma
	Introduction
	Materials and methods
	Data collection and processing
	Consensus clustering analysis
	Gene set variation analysis (GSVA), and CIBERSORTx immuno-infiltration analysis
	DEG identification and function notes
	Construction of the cuprotosis-mediated patterns-related prognostic CMPRG_score
	Assessment of immune status and cancer stem cell (CSC) index between high- and low-risk groups
	Mutation and drug sensitivity analysis
	Construction and validation of nomograms
	Statistical analysis

	Results
	Genetic and transcriptional alterations of CRGs in HCC
	Identification of cuprotosis subtypes in HCC
	Characteristics of the TME in distinct subtypes
	Identification of gene subtypes based on cuprotosis-related DEGs
	Construction of a prognostic risk assessment model for hepatocellular carcinoma
	Evaluation of TME between the high- and low-risk groups
	Relationship between CRG_score and CSC index, mutation and drug sensitivity analysis
	Clinical correlation analysis of prognostic CMPRG_score, construction and validation of nomogram

	Discussion
	Conclusions
	Data availability statement
	Author contributions
	Acknowledgments
	Supplementary material
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /PageByPage
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages false
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 1
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /ENU (T&F settings for black and white printer PDFs 20081208)
  >>
  /ExportLayers /ExportVisibleLayers
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /BleedOffset [
        0
        0
        0
        0
      ]
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /ClipComplexRegions true
        /ConvertStrokesToOutlines false
        /ConvertTextToOutlines false
        /GradientResolution 300
        /LineArtTextResolution 1200
        /PresetName ([High Resolution])
        /PresetSelector /HighResolution
        /RasterVectorBalance 1
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks true
      /IncludeHyperlinks true
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MarksOffset 6
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


