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Background: Hepatocellular carcinoma (HCC) is one of the most common
malignancies in the world, with high incidence, high malignancy, and low
survival rate. Cuproptosis is a novel form of cell death mediated by lipoylated
TCA cycle proteins-mediated novel cell death pathway and is highly associated
with mitochondrial metabolism. However, the relationship between the
expression level of cuproptosis-related genes (CRGs) and the prognosis of
HCC is still unclear.

Methods: Combining the HCC transcriptomic data from The Cancer Genome
Atlas(TCGA) and Gene Expression Omnibus (GEO) databases, we identified the
differentially expressed cuproptosis-related genes (DECRGs) and obtained the
prognosis-related DECRGs through univariate regression analysis.LASSO and
multivariate COX regression analyses of these DECRGs yielded four genes that
were used to construct the signature. Next, we use ROC curves to evaluate the
performance of signatures. The tumor microenvironment, immune infiltration,
tumor mutation load, half-maximum suppression concentration, and
immunotherapy effects were also compared between the low-risk and high-
risk groups. Finally, we analyzed the expression level, prognosis, and immune
infiltration correlation on the four genes that constructed the model.

Results: Four DECRGs s were used to construct the signature. The ROC curves
indicated that signature can better assess the prognosis of HCC patients.
Patients were grouped according to the signature risk score. Patients in the
low-risk group had a significantly longer survival time than those in the high-
risk group. Furthermore, the tumor mutation burden (TMB) values were
associated with the risk score and the higher-risk group had a higher
proportion of TP53 mutations than the low-risk group.ESTIMATE analysis
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showed significant differences in stromal scores between the two groups.N6-
methyladenosine (m6A) and multiple immune checkpoints were expressed at
higher levels in the high-risk group. Then, we found that signature score
correlated with chemotherapeutic drug sensitivity and immunotherapy
efficacy in HCC patients. Finally, we further confirmed that the four DECRGs
genes were associated with the prognosis of HCC through external validation.

Conclusions: We studied from the cuproptosis perspective and developed
a new prognostic feature to predict the prognosis of HCC patients. This
signature with good performance will help physicians to evaluate the overall
prognosis of patients and may provide new ideas for clinical decision-making

and treatment strategies.

KEYWORDS

cuproptosis, hepatocellular carcinoma, immune infiltration, prognostic signature,
immune microenvironment

Introduction

Liver cancer is a malignant disease of the digestive system
and ranks the third cause of cancer-related deaths worldwide (1).
Only a small proportion of patients with early liver cancer can be
cured by surgical resection (2). Hepatocellular carcinoma (HCC)
is the majority of primary liver cancer, with up to 850,000 new
cases occurring each year (3). Although it has been shown that
the main risk factors for HCC are associated with a sustained
virological response to hepatitis C, hepatitis B virus suppression
in treatment, and alcoholic and nonalcoholic fatty liver disease
(4). But its etiology and molecular mechanisms remain largely
unknown (5).HCC is a highly heterogeneous disease, with
intratumoral morphological and genetic heterogeneity further
complicating our understanding of hepatocarcinogenesis (6).

Copper is an essential nutrient involved in various biological
functions, and its redox properties make it both beneficial and
toxic to cells (7). The imbalance of copper can cause oxidative
stress in the body and thus affect tumor development (8).
Copper has recently been found to induce cell death by
targeting lipoylated TCA cycle proteins (9). Cuproptosis is a
new form of programmed cell death (10), which is different from
the cell death associated with oxidative stress (such as cell
apoptosis (11), ferroptosis (12), and necroptosis (13). The
finding of cuproptosis reinforces the idea that mitochondria
are multifaceted regulators of cell death (14)and also challenges
the conventional idea that oxidative stress is the fundamental
molecular mechanism of metal-induced toxicity (15). Some
recent reports suggest that mitochondria can affect drug
resistance in cancer, leading to poor chemical therapy effects
in HCC patients (16, 17). Zhang et al. (18) showed that copper
content is closely related to hepatocellular carcinoma (HCC),
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and that serum copper and ceruloplasmin levels can be used as
markers to detect HCC. In addition, the study by Koizumi et al.
(19) demonstrated that elevated levels of redox-active free
copper are closely associated with HCC due to acute hepatitis.
Additionally, Siddiqui et al. (20)showed that CuO NPs can
induce apoptosis in human hepatocellular carcinoma (HepG2)
cells via ROS through the mitochondrial pathway. The above
studies show that copper plays an important role in the
development of HCC, indicating that cuproptosis may be
closely related to the development of HCC. However, whether
cuproptosis is related to the prognosis of liver cancer patients has
not been studied.

Tumor mutational burden (TMB) is the number of somatic
mutations per megabase of the interrogated genome sequence in
a tumor sample, with the potential for predictive biomarkers
(21).TMB plays an important role in the immunotherapy of
tumors, and the higher the TMB, the better the immunotherapy
benefits (22, 23). It has been shown that non-small-cell
lung cancer and colorectal cancer with high TMB values
may have a poor prognosis (24, 25). It has been shown that
high TMB in HCC patients has a worse prognosis than patients
with low TMB (26). However, it has also been suggested that
higher TMB levels indicate longer overall survival (27).
Therefore, whether TMB can be used as a biomarker for HCC
remains unclear.

To explore the prognostic value of cuproptosis-related genes
(CRGs) and the relationship with tumor mutations and
immunotherapy, differential expression was performed by
analysis and prognostic analysis of CRGs. We then
constructed a new prognostic gene signature using four
differentially expressed cuproptosis-related genes (DECRGsS).
Our data suggest that risk scores and staging were identified as
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independent prognostic factors. Furthermore, we explored the
impact of risk scores on TMB and immunotherapy to further
assess the value of signature in molecular therapy. Finally, we
performed external validation of the expression levels and
prognostic value of the four genes in the signature.

Materials and methods

Multiomics data collection
and processing

In the first, we downloaded the gene transcriptome data
(n = 424), clinical data (n = 377), and gene mutation data
(n = 364) of patients with HCC from The Cancer Genome Atlas
(TCGA) database (https://portal.gdc.cancer.gov/). Fragments per
Kilobase million were used for the transcriptome data, which
subsequently transformed into transcripts per million (TPM).
We processed the survival information of HCC patients and
deleted one sample with incomplete survival information. Next,
we downloaded the GSE76427 dataset from the Gene Expression
Omnibus (GEO) database (https://www.ncbi.nlm.nih.gov/geo/)
and retained the tumor sample information for merging with the
TCGA data. The clinical characteristics of all HCC patients are
shown in Table 1. Digital focal-level copy number variation (CNV)
was downloaded from the GDC TCGA Liver Cancer (LIHC)
project on the UCSC Xena server(https://xena.ucsc.edu/).

In addition, we downloaded the LIRI-JP data from the
International Cancer Genomics Consortium (ICGC) database
(https://dcc.icgc.org/).

Differential expression analysis and
identification of prognostic-related CRGs

We used Wilcoxon rank-sum test for differential analysis to
identify differential expression levels of cuproptosis-related
genes (CRGs) between HCC samples and non-tumor samples.
Kaplan-Meier (KM)analysis and univariate Cox regression were
then used to further determine the CRGs associated
with prognosis.

Consensus clustering analysis of CRGs
GSVA and ssGSEA

Consensus clustering analysis, cumulative distribution
function (CDF), and consensus matrix were performed to
determine the optimal number of types. The correlation
between types, overall survival (OS) status, and risk score was
explored by the “GGalluvial” R package. Gene Set variation
analysis (GSVA) analysis of pathway differences between
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TABLE 1 The clinical characteristics of the TCGA cohort and
GSE76427 cohort.

Variables TCGA cohort GSE76427 cohort
(N =376) (N =115)
Age
< 65 years 235 65
>65 years 141 50
Sex
Female 122 22
Male 254 93
Grade
Gl 55 NA
G2 180 NA
G3 123 NA
G4 13 NA
unknow 5 NA
Stage
I 175 55
1II 86 35
1T 86 31
v 5 3
unknow 24 1
T classification
T1 185 NA
T2 94 NA
T3 81 NA
T4 13 NA
X 1 NA
unknow 2 NA
M classification
MO 272 NA
M1 4 NA
MX 100 NA
N classification
NoO 257 NA
N1 4 NA
N2 114 NA
unknow 1 NA
Survival status(OS)
Death 132 23
Survival 244 92

NA: Not available.

different types. Then we assessed immune cell infiltration in
different classifications using ssGSEA analysis.

The intersection of genes and

enrichment analysis

We integrated TCGA liver cancer data with GSE76427 data.
We considered it as statistically significant when [log2(fold
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change) | > 0.585 and adjust P value< 0.05.Next, we used the
“org.Hs.eg.db” and “enrichplot” packages to perform the Gene
Ontology (GO) enrichment analyses to explore the relevant
biological functions and structures, and the related pathways
were obtained using the Kyoto Encyclopedia of Genes and
Genomes (KEGG) enrichment analyses.

Signature generation and validation

We obtained univariate significant genes by univariate Cox
regression analysis. Next, LASSO Cox regression analysis
was performed on univariate significant genes to minimize the
risk of overfitting between signatures (28, 29). Multivariate Cox
regression further screened out the four best genes for risk model
construction and calculated their correlation coefficients. Then
we calculated the risk score for each patient using the following
formula: Riskscore = >, exp (Xi) x coef  (Xi), here “exp(Xi)”,
“coef(Xi),” and “n” represented the expression level, the
coefficient, and the four genes, respectively.

Based on the median risk score of the training group, all
HCC patients were divided into a high-risk group and a low-risk
group. Log-rank test was used to analyze the different OS
between high-risk and low-risk groups. The sensitivity and
specificity of the signature were assessed by time-dependent
receiver operating characteristics (ROC) analysis. Next, we
constructed the programs using risk score, age, sex, and
clinical stage. In addition, we plotted the calibration curves for
years 1,3, and 5 to verify the accuracy of the nomogram.
Furthermore, we analyzed the prognostic differences between
subgroups stratified by age, gender, and clinical stage.

Assessing the tumor microenvironment,
tumor mutation burden correlation, and
immune checkpoints

We used the ESTIMATE algorithm to assess the immune
score, stromal score, and ESTIMATE score in the tumor
microenvironment (TME) (30, 31). The algorithm was able to
estimate the levels of stromal cells and immune cells in
malignant tumor tissues using gene expression signatures. The
ESTIMATE algorithm is implemented using the R package
(estimate, https://sourceforge.net/projects/estimateproject/).
The proportion of the corresponding component in the TME
is indicated by the score. The TMB scores for each HCC patient
in the TCGA cohort were assessed using somatic mutation
analysis. We constructed correlation scatter plots and boxplots
based on Pearson correlation analysis to search for the effect of
risk score on TMB. Waterfall plots regarding high- and low-risk
groups were generated by R package “maftools”. We identified
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m6A genes and potential immune checkpoints based on
previously published literature (32-35).

Evaluation of drug sensitivity and efficacy
of immunotherapy

We used the R package “pRRophetic” to measure the 50%
maximum inhibitory concentration (IC50) of different groups of
samples by ridge regression to predict chemotherapeutic
sensitivity (36). Wilcoxon sign-rank test was used to compare
the IC50 of different groups. Next, we used the Tumor Immune
Dysfunction and Exclusion (TIDE) Tool to predict
immunotherapy responsiveness(http://tide.dfciharvard.edu/).

Tissue specimens and
immunohistochemical staining

We collected tissue samples from 16 HCC patients at the
Second Affiliated Hospital of Nanchang University. This study
was reviewed by the Medical Ethics Committee of the Second
Affiliated Hospital of Nanchang University. Patients included in
this experiment were informed and written consent was obtained,
and this study met the criteria set by the Declaration of Helsinki.
Tissue specimens were fixed with 4% paraformaldehyde and then
embedded in paraffin. Slice the tissue into 5 um slices using a
slicer. This was followed by dewaxing with xylene and water
incorporation with ethanol solutions of varying concentrations for
antigen repair. They were then sealed with 10% goat serum. Then
we used anti-TAF6(1:100) to incubate overnight at 4°C. Following
three washes, slides were incubated with secondary antibody for
30 mins at 25°C. After incubation, DAB was used to stain for

10 min, and hematoxylin was re-stained for 2 min.

Cell culture and transfection

The human HCC cell line (HCCLM3) was purchased from
the Shanghai Institute of Cell Research, Chinese Academy of
Sciences, and the cells were validated by the cell bank of short
tandem repeats. The HCCLM3 cell lines were cultured in
DMEM culture media with penicillin G (100 pg/mL),
streptomycin (100pg/mL), and 10% fetal bovine serum (FBS;
Gibco; USA), and the cells were grown at 37°C with 5% CO,.
The logarithmic growth cells were taken for the experiment. We
used Lipofectamine 3000 Transfection Reagent (Invitrogen,
Waltham, Massachusetts, USA) and interfering fragment
siRNA and negative control si-NC (Hanheng Biotechnology
Co. Ltd. Shanghai, China) to make transfection in HCCLM3
cells based on provided directions. Western blot (WB) and qRT-
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PCR were used to detect cell transfection efficiency. The
sequences of siRNA are shown in Table SI.

Quantitative real-time PCR and protein
extraction and western blot

First, we used the Trizol method to extract total RNA from
tissues and cells. Next, we reverse transcribed it into cDNA
(TaKaRa, RR047A) and used it for real-time quantitative PCR
(TAKARA, RR420A). Data analysis was performed using the 2°
A2Ct method. The primer sequences used are listed in Table S1.
Total protein from HCCLM3 cells transfected with or without
si-TAF6 was extracted, and western blotting was performed
using the following primary antibodies:anti-TAF6 (1:500,
Bioss, Beijing, China), anti-PD1/CD279 (1:2000, Proteintech,
Wuhan, China) and anti-GAPDH (1:8000, Proteintech,
Wuhan, China).

Cell counting kit-8 assay and EdU assay

The proliferative capacity of HCCLM3 with/without TAF6
downregulation was observed by CCK-8 assay and EdU assay.
Three group cells were seeded in 96-well plates at 3x10? cells per
well for the CCK-8 assay. Cell proliferation was detected using a
CCKS kit(Bioss, Beijing, China). 10l CCK-8 reagent was added
to each well at Oh, 24h, 48h, and 72h after transfection, and the
cells were incubated at 37°C for 1.5h without light. The
absorbance was measured at 450nm and we repeated each
experiment at least three times. In addition, three group cells
were seeded in 96-well plates at 1.5x10* cells per well for EQU
assay. According to the instructions of the YF®594 Click-{T
EDU(UE, Shanghai, China) staining kit, the EDU was diluted to
50 umol/L by the complete medium. Then we added 100 uL to
each well and incubated for 2 h. Next, the medium was removed,
and the cells were fixed in 4% paraformaldehyde and neutralized
with 2mg/mL glycine solution, and washed twice with 3%BSA.
0.5%Triton X-100 was used as the osmotic enhancer, and the
required Click-iT working solution was configured and
incubated for 30min under dark conditions.1xHoechst 33342
solutions were used for Nuclear redyeing. Finally, Images were
taken with a fluorescence microscope and analyzed with Image
J(version1.8).

Wound healing assay and transwell
migration assay

The migration ability of HCCLM3 with/without TAF6
downregulation was observed by wound healing assay and
transwell migration assay. The cells were digested, centrifuged,
resuspended, and counted. Then seed plate in a 6-well plate by
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6x10° per well. Then the cells were placed in incubators and
incubated. When the monolayer was adherent to the wall, the
scratch test was performed with a 200uL sterile pipette. Then the
cells were washed with PBS 3 times, added to a serum-free
medium, and placed in an incubator at 37°C. Finally, images
were taken at Oh, 24 h, and 48h with a microscope and analyzed
by Image]. In addition, HCCLM3 cells with/without TAF6
downregulation were seeded in transwell chambers at 2x10*
cells per group. Serum-free medium was used for the upper layer
of the chamber, and a complete medium with 10% FBS was used
for the lower layer of the chamber. Then we cultured HCCLM3
cells at 37°C with 5% carbon dioxide. After 24 hours of culture,
wash, fix and stain. Finally, images were taken with a microscope
and analyzed with ImageJ(versionl.8).

Statistical analysis

We performed a descriptive statistical analysis of HCC
patients in TCGA and GEO. Continuous variables were
described as the mean + standard deviation, and categorical
variables were described as frequency and proportions. The
Kruskal-Wallis rank-sum test was applied to examine the
differences in CRGs and DECRGs expression in the various
classifications of the pathological stage and histological grade of
HCC patients. The chi-square test was used to analyze
clinicopathological features between the training and test set.
The log-rank test was used to compare the OS and the median
OS. The Wilcox test was used to assess the correlation between
signature genes and immune checkpoint expression levels. All
statistical analyses were performed using R version 4.1.3 and
GraphPad Prism 8. P< 0.05 represented a statistical difference.

Results

Differential expression and genetic
alterations of CRGs

The general process of this study is shown in Figure 1. First,
we obtained 19 CRGs (NFE2L2, NLRP3, ATP7B, ATP7A,
SLC31A1, FDX1, LIAS, LIPT1, LIPT2, DLD, DLAT, PDHAI,
PDHB, MTF1, GLS, CDKN2A, DBT, GCSH, DLST) from
previous studies (37). Next, we analyzed the differentially
expressed genes of the CRGs between the tumors and the
normal tissues of the HCC patients in the TCGA database.
The results showed that APT7A, LIAS, LIPT1, LIPT2, DLD,
DLAT, PDHAIL, PDHB, MTFI, GLS, CDKN2A, and DLST
showed significantly higher expression in tumor tissues than
in normal tissues, and NLRP3, SLC31A1, and DBT had higher
expression levels in normal tissues(Figure 2A). The correlation
analysis of CRGs expression showed a strong positive
relationship between MTF1 and ATP7A (Figure 2B). Next, we
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Flow chart of this study.

constructed the protein-protein interaction (PPI) networks
(Figure 2C) by String (https://string-db.org/). We performed
the copy number variation(CNV) frequency analysis of CRGs.
The results showed that the increasing frequency of ATP7B and
CDKN2A copies was significantly higher than the deletion
frequency, and the deletion frequency of NLRP3 and LIAS
copies was significantly higher than the deletion frequency
(Figures 2D, E). We also found that 38 somatic cells (10.24%)
out of 371 liver cancer samples had mutations and CDKN2A
(3%) showed a higher mutation frequency (Figure 2F).
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Next, we used KM analysis and COX analysis to assess the
prognosis significance of CRGs of HCC patients in the TCGA
and GSE76427 datasets collection files. Studies showed that 15
genes in the KM analysis were associated with OS prognosis
(Figures 3A-0). The COX analysis showed those genes were
associated with HCC patients (Table 2). Prognostic network
maps of CRGs indicate LIAS, FDX1, SLC31A1, and ATP7B as
protective factors in HCC, while NFE2L2, NLRP3, ATP7A,
LIPT1, DLD, DLAT, PDHA1, PDHB, MTF1, GLS, CDKN2A,
DBT, GCSH, and DLST are the risk factors (Figure 3P).
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TABLE 2 UniCOX and KM analysis of CRGS.

id HR HR.95L
LIPT1 2.041268484 1.400769396
DLAT 1.318058945 1.107153366
GLS 1.199420121 1.043613805
ATP7A 1.409013614 1.05092514
PDHB 1.422772785 1046290093
CDKN2A 1.151808608 1.016979706
NFE2L2 1.244314507 1.010434898
PDHA1 1.322017444 1.001537181
MTF1 1.330351119 0.998711
GCSH 1.384991055 0.969040108
NLRP3 1.301558707 0.957318834
DLD 1.154216856 0.907978458
DLST 1.098050387 0.84537204
ATP7B 0.939395043 0.763851007
SLC31A1 0.969486093 0.782805565
DBT 1.015629815 0.791019231
FDX1 0.988440028 0.767063253
LIAS 0.992922625 0.694396004

Division subtypes, GSVA, and ssGSEA
analysis based on consensus
cluster analysis

The consistency matrix of the subtypes works best when
K=3. Accordingly, we divided all HCC patients into three main
subtypes (cluster A, cluster B, and cluster C) (Figure 4A). Next,
we performed survival analysis on the three clusters and the KM
curve showed significant differences in the prognosis between

consensus matrix k=3 B

10.3389/fimmu.2022.990790

HR.95H pvalue km
2974634537 0.000203862 6.66E-06
1.569140677 0.001908279 0.000401478

1.37848754 0010429257 0.003546961
1.889115873 0.021906859 0.008726055

1.93472385 0024543058 0.000414516
1.304512826 0026078951 0.002017522
1.532328897 0039620311 0.00505845
1.745047669 0.048745858 6.45E-05
1.772118361 0051039522 0018175397

1.97948486 007387713 0.01826058
1.769582929 0092635707 0.025387446
1.467233655 0.241409877 0024130156
1.426253288 0.483289071 0.00517199
1.155281643 0.553616744 0.027650563
1.200685491 0776427617 0.065469526
1.304018766 0.903203134 0.16315505
1.273706809 092838493 0045997776
1.419788324 0.96894854 0.079838689

the different clusters, and the HCC patients with cluster B had
the best prognosis (Figure 4B). A complex cluster-based heat
map (Figure 4C) was constructed by combining the age, sex, and
clinical stage of HCC patients in TCGA and GSE76427. Gene set
variation analysis(GSVA) shows the differences between the top
20 most significant pathways in cluster A, cluster B, and cluster
C (Figures 4D-F). The boxplot showed the difference in the
proportions of different immune cells across the three
clusters (Figure 4G).

\‘ 1 1
|

Survival probabiliy

p<0.001

4

I v
L

i
"M‘” i

‘ M”u\ J\m b K "I"W!lﬂ
\r‘ | \’” T

il

[

Number at risk

A 1 3 3
I EEE
:

CRGeluster

5§
Timeyears)

il i
| Wv' it "‘f”}'u “M"

I‘H
] \

EE]

{
\‘ \‘ i
I I - \ I
HI\H‘I‘M \ HH |

l w' S m{g‘h’\‘i‘“‘!m

u‘\l | *.‘

FIGURE 4

m‘f'p'!'r‘ |
W H|U”|“l;\

FESEES

Q//f'fi’i’ i\‘;—?’:’z}f"ff g’g’g’j
Y A f;f

Clustering analyses of the signature. (A, B) Concordance matrix and K-M survival curve of the three clusters. (C) Complex heat maps show
clinical correlations among the three clusters. (D—F) The GSVA heat map showed the differences in pathways in the three clusters. (G) The
differential analyses between immune cells and the scale of fraction for cluster A and cluster B and cluster C. *p<0.05, **p<0.01, ***p<0.001.

Frontiers in Immunology

08

frontiersin.org


https://doi.org/10.3389/fimmu.2022.990790
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Peng et al.

Acquisition of intersection genes and
enrichment analysis

The principal component analysis (PCA) results showed that
we can segment cluster A, cluster B, and cluster C (Figure 5A)
according to the expression level of CRGs. Next, we performed a
differential analysis of the three clusters to obtain differentially
expressed cuproptosis-related- genes (DECRGs) among different
types. The Venn diagram shows the intersection of DECRGs
(Figure 5B). Then, possible functions and pathways were
identified using the GO and KEGG enrichment analysis. The
GO analysis showed that the DECRGs were closely related to the
endoplasmic reticulum lumen and basolateral plasma membrane
in the Cellular Component (CC). Biological processes (BP) are
mainly involved in the response to xenobiotic stimulus and
regulation of body fluid levels. The Molecular Function (MF)
can affect iron ion binding and monooxygenase activity
(Figure 5C). The results of KEGG enrichment analysis showed
that DECRGs are involved in chemical carcinogenesis—DNA
adducts, alcoholic liver disease, xenobiotics by cytochrome P450,
and drug metabolism — cytochrome P450, bile secretion, and
retinol metabolism (Figure 5D).

CRGcluster

FIGURE 5

10.3389/fimmu.2022.990790

Consensus clustering analysis for
partition subtype and prognostic model
construction

First, we randomly divided 487 patients in a 1:1 ratio into the
training set (n = 244) and the testing set (n = 243). Then we
screened the 77 DECRGs by univariate Cox regression analysis
to obtain the univariate significant genes (uniSigGenes)
(Supplementary S1) and subtyped the uniSigGenes.

Based on the k-value selected by the highest correlation
coefficient, we classified all HCC patients into three major
subtypes (cluster A, cluster B, and cluster C) (Figures 6A, B).
Patients in Cluster B had better OS compared to clusters A and
clusters C (Figure 6C). A complex cluster-based heat map
(Figure 6D) was constructed by combining the age, gender,
and clinical stage of HCC patients in TCGA and GSE76427.
Furthermore, we analyzed the differential expression of genes
associated with CRGs between different clusters. The boxplot
indicated that SLC31A1, FDX1, FDX1, and GCSH have the
highest expression levels (Figure 6E) in cluster B. Next, we
performed a LASSO regression analysis to reduce the
overfitting of genes during signature generation and identified
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gene cluster (J).The differential analysis of CRGs expression (K). *p<0.05, **p<0.01, ***p<0.001.

11 significant genes (LASSOSigGenes) (Figures 6F, G). Then, the
multivariate COX regression analysis of the LASSOSigGenes was
performed, which finally identified the best four genes (TAF6,
SPP2, CFHR4, DNASEI1L3).The data in the training set was used
to build the prognostic model, and the signature formula is as
follows: Risk score = expTAF6x0.257 + expSPP2x (-0.093) +
expCFHR4x (-0.112) + expDNASEIL3x (-0.205). The 244
patients in the training set were divided into low and high-risk
groups according to the median score calculated by the risk score
formula. Then 243 patients were divided into low-risk and high-
risk groups based on the median value of the risk score of the
training group. Next, we combined the training set and
the testing set files to get all set files. The Sankey diagram
shows the construction of the prognostic model (Figure 6H).
Boxplots indicate the differences in risk scores in the CRGs
cluster (Figure 6I) and the gene cluster (Figure 6]). The
differential analysis of CRGs expression in the collection file
was performed and the boxplot results (Figure 6K).

Validation of the prognostic value of
the signature

We performed prognostic analysis on all set, training set, and
testing set data. The KM curve indicates that the low-risk group
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showed a better OS probability (Figures 7A-C) compared with the
high-risk group. In addition, we plotted 1-year, 2-year, and 3-year
ROC curves to assess the sensitivity and specificity of the signature
(all AUC > 0.600, Figures 7E-G). Univariate and multivariate
COX regression analysis was performed in all sets. Univariate Cox
regression analysis indicated that the risk score and clinical stage
were significantly associated with OS (Figure 7D). Multivariate
Cox regression analysis also identified risk score and clinical stage
as independent predictors of OS (Figure 7H). Next, we
constructed OS-related nomograms to test the proportional
hazards hypothesis (Figure 7I) in the multivariate Cox model.
The subsequent calibration curve further validated the accuracy of
the nomogram (Figure 7]). Finally, we performed a clinically
stratified analysis of clinical factors(age, gender, and tumor stage)
to understand the applicability of the signature. We observed that
for HCC patients aged<= 65 or > 65 years, the survival rate was
significantly higher in the low-risk group than in the high-risk
group (Figures 7K, L, all p< 0.001). Furthermore, for male or
female HCC patients, the low-risk group was significantly higher
than the high-risk group (Figures 7M, N, all p< 0.05). Similarly,
for patients with tumor stage I-II (p< 0.001) or III-IV (p<0.001),
survival in the low-risk group was significantly higher than in the
high-risk group (Figures 7P, O).

Next, we analyzed the expression differences of the four
genes constructing the signature in the all set (Figure 8A),
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training set (Figure 8B), and testing set (Figure 8C). By mapping
the heat map, we found that TAF6 was upregulated but SPP2,
CFHR4, and DNASE1L3 had higher expression in the low-risk
group. In addition, we also analyzed the mutation situation of
TP53 with a higher mutation frequency in the three groups. We
found that TP53 had a higher proportion of mutations in the
high-risk group for the all-set (Figure 8D), training-set
(Figure 8E), and testing-set (Figure 8F).

Association of signature with immune
cell infiltration and mutational load and
immune checkpoints

Immunotherapy had revolutionized cancer treatment,
enabling longer survival for cancer patients (38). However,
immune cell infiltration and immune checkpoints are important
factors in immunotherapy (39, 40). Therefore, we performed a
multifaceted analysis of the relationship between signatures and
immunity. The results showed that there was no difference
between the two groups, and the stromal score and estimated
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score of the risk group were significantly higher than the high-risk
group (Figure 9A). Next, we analyzed the correlation of the four
genes with immune cells. The correlation heatmap (Figure 9B)
shows the immune correlation results. Next, we analyzed the
expression of the checkpoint genes between the high-risk and
low-risk groups. The boxplot results showed that the expression of
all checkpoint genes was statistically significant (Figure 9C),
especially IDO2, TNFRSF14, CTLA4, TNFRSF18, TNFRSF4,
LGALS9, CD276, HHLA2, CD80, VICN1, HAVCR2, TNFSF4,
and TNFSF15 (p<0.001). Studies have shown that the recurrence,
metastasis, and chemotherapy resistance of liver cancer are
associated with the presence of cancer stem cells (41).

So we performed a stem-cell correlation analysis. The
correlation scatters plot (Figure 9D) indicates a higher risk
score and a higher stem cell content. In addition, we analyzed
the differences in m6A-related gene expression between the
high-risk and low-risk groups. The results(Figure 9E) showed
that METTL3, ALK8H5, WTAP, RBM15, YTHDCI,
YTHDC2, HNRNPC, FTO, YTHDEF2, and YTHDF1 showed
higher expression in the high-risk group compared to the low-
scoring risk group. Next, we analyzed the differences in
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FIGURE 8
Analysis of gene expression and mutation correlation. (A—C) The risk curve consists of genes expression heat map, risk score curves, and survival status
point plot. (D—F) Comparison of the proportion of the TP53 mutation status in the high- and low-risk groups in the training, testing, and all sets.
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mutation frequency in the high-risk groups and low-risk
groups. The waterfall map shows (Figures 9F, G) that the
mutation frequency of TP53 is much higher in the high-

risk group than in the low-risk group. Furthermore, the

KM survival curves showed a combination of higher TMB
values and higher risk scores associated with worse OS
(Figures 9H, I).
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Signature predict the efficacy of
response to chemotherapy and
immunotherapy

We compared the relationship between high-risk and low-
risk populations and the efficacy of the drug to assess the

predictive effect of this signature on HCC drug therapy. Our
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To assess the tumor microenvironment, immune checkpoint genes, and tumor mutation burden (TMB) in different groups. (A) Comparison of
ESTIMATE scores, stromal scores, and immune scores between the high-risk and low-risk groups. (B) Correlation between the model-
constructed genes and immune cells. (C) Differential expression of immune checkpoint genes between the high-risk group and the low-risk
groups. (D) Correlation between the stem cell content and the risk score. (E) Differential expression of m6A-related genes (F, G) and the
frequency of mutations in the high-risk and low-risk groups. (H, ) The KM curve of the tumor mutation burden versus the OS. *p<0.05,

**p<0.01, ***p<0.001; ns, not statistically different.

study showed that the low-risk group was significantly
associated with higher IC50 with chemotherapy drugs such
as Axitinib, Imatinib, Lapatinib, Gefitinib, and Bicalutamide
(Figures 10A-E).In contrast, the high-risk group was more
sensitive to Cisplatin, Gemcitabine, Doxorubicin, Etoposide,
Rapamycin, and Nilotinib treatment (Figures 10F-K).
Furthermore, we assessed differences in immunotherapy
between high-risk and low-risk patients by TIDE score. The
results showed that the TIDE score is significantly lower
(Figure 10L) in high-risk patients compared with low-risk
patients. Next, we used TIMER2.0 (http://timer.cistrome.org/)
to perform the correlation analysis of the four genes
constituting the signature with PDC1, LMTK3, and CTLA4
expression (42). After adjusted by purity, the results
(Supplementary Figures 1A-C) revealed that the expression
level of CFHR4, DNASEIL3, and SPP2 were significantly
negatively correlated with PDCD1, LMTK3, and CTLA4 in
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HCC, but TAF6 was positively correlated with PDCDI,
LMTK3, and CTLA4 in HCC.

Differential expression analysis and
prognostic analysis of the
signature genes

To further explore the credibility of the signature. We
performed the differential analysis of the expression of signature
genes on data from TCGA and CPTAC (http://ualcan.path.uab.
edu/analysis-prot.html). The analysis of TCGA data showed that
(Figures 11A-D), CFHR4, DNASEI1L3, and SPP2 were
significantly higher in adjacent non-tumor tissues, while TAF6
was upregulated in HCC tissues. Then we analyzed the CPTAC
dataset, and the results were consistent with previous studies
(Figures 11E-H). Furthermore, we used TIMER2.0 to analyze the
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higher IC50 for (F) Cisplatin, (G) Gemcitabine, (H) Doxorubicin, (I) Etoposide, (J) Rapamycin and (K) Nilotinib treatment. (L) Differences in TIDE

score between high- and low-risk groups

expression differences of the signature genes between the two
groups of wild TP53 and mutated TP53 in HCC patients. Boxplots
(Figures 111-L) indicated that CFHR4, DNASEIL3, and SPP2 had
higher expression levels in the wild TP53 group, while TAF6
showed higher levels in the mutated TP53 group.

Next, we analyzed the relationship of the label genes with the
prognosis. We used Kaplan-Meier Plotter (http://kmplot.com/
analysis/index.php?p=service) to analyze the association of the
signature genes with overall survival (OS) in HCC patients. The
KM (Supplementary Figure 2A) curve of OS showed that all four
genes were significantly associated with the prognosis of HCC
patients. We then performed a prognostic analysis of the liver
cancer data (Supplementary Figure 2B) from the ICGC database.
The results indicate that low expression of CFHR4 and
DNASEI1L3 is associated with poor prognosis in HCC patients,
while high expression of TAF6 is associated with poor prognosis
in patients. In addition, we analyzed the differential expression
of the signature genes in the different histological grades,
pathological stages, and T stages of HCC in the TCGA
database. The expression levels of the four genes (CFHR4,
DNASE1L3, SPP2, and TAF6) varied in the different
histological grades, pathological stages, and T stages of HCC,
except for DNASE1L3, which did not show any statistical
differences between the T stages (Supplementary Figure 3).
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Validation of signature genes
expression levels

We collected tissue samples from 16 HCC patients for the
analysis of signature gene expression levels at the Second
Affiliated Hospital of Nanchang University. The real-time
quantitative PCR results showed that CFHR4, SPP2, and
DNASE1L3 were expressed higher in non-tumor tissues (Non-
Tumor) (Figures 12A-C) than in tumor tissues (Tumor), and
TAF6 was expressed higher in tumor tissues (Figure 12D) than
in non-tumor tissues. Due to the importance of TAF6 in the four
signature genes, we further evaluated it. IHC results showed that
TAF6 was highly expressed in liver cancer (Figures 12E, F).
These results further verified the correctness of the above
bioinformatics research. In addition, we assessed the
expression level of TAF6 in the cell lines in liver cancer cell
lines. including HepG2,SMCC7721,MHCC97H,Huh-7 and
HCCLM3.As shown in (Figure 12G), compared with HL7702
(normal liver cells), TAF6 was expressed at relatively higher
levels in liver cancer cell lines. Next, we used the HCCLM3 with
the highest TAF6 mRNA expression level for subsequent trials.
The real-time quantitative PCR was used to test the knockdown
efficiency. The bar graphs (Figure 12H) indicate better silencing
for si-TAF6#1 and si-TAF6#2.
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TAF6 expression was associated with
poor prognosis in HCC

The better knockdown si-TAF6#1 and si-TAF6#2 were used
for subsequent trials. To assess the effect of TAF6 on
proliferation in HCC, we used CCK-8 and EdU staining assays
in HCCLM3 with/without TAF6 knockdown. After interfering
with TAF6 expression in HCCLM3 cells, the cell proliferation
rate in thesi-TAF6#1 and si-TAF6#2 groups was significantly
lower than that in the si-NC group (Figures 13A, D, E). The
effect of inhibiting TAF6 expression on HCC cell migration was
further analyzed. Transwell assays and wound-healing
experiments together showed that the migratory ability of
HCCLM3 cells was significantly reduced upon inhibition of
TAF6 expression (Figures 13B, C, F, G). Furthermore, we
explored the relationship between the immune checkpoint PD-
1 and TAF6 in HCC cells. Interestingly, we found that inhibiting
the expression of TAF6 reduced the protein expression of PD-1
by western blotting (Figures 13H-J). In summary, in vitro,
experimental data suggest that high expression of TAF6 is

Frontiers in Immunology

15

closely related to better immunotherapy results and poor
prognosis in patients with HCC.

Discussion

The incidence of liver cancer has been on the rise in recent
years, and it is estimated to exceed 1 million cases by 2025 (43,
44). As the major histological type of liver cancer, hepatocellular
carcinoma (HCC) accounts for the vast majority of liver cancer
diagnoses and death (45). Although enhanced diagnostic
techniques and treatments have enabled improved outcomes
for early-stage HCC patients, the overall prognosis of HCC
remains poor (46). Therefore, seeking a valid signature is
significant for evaluating the prognosis and treatment of
patients with HCC. Recent studies have shown that
cuproptosis is a new form of programmed cell death, different
from oxidative stress-related cell death, such as apoptosis,
ferroptosis, and necroptosis (9). Studies have shown that
copper death-related genes play important roles in clear-cell
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SPP2 (C) were expressed higher in non-tumor tissues (Non-Tumor) than in tumor tissues (Tumor), TAF6 (D) was expressed higher in tumor
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and si-TAF6#2. *p< 0.05, **p< 0.01, and ***p< 0.001.

renal cell carcinoma (47), neuroinflammation (48), and
chemotherapeutic drugs (49). In addition, numerous studies
have shown the importance of pyroptosis (50), ferroptosis
(51), and necroptosis (52) in the development and treatment
of HCC. However, no study has analyzed the relationship
between cuproptosis and prognosis prediction and targeted
therapy in HCC patients.

In this study, we performed a clustering analysis of
cuproptosis -related genes(CRGs) that yielded differentially
expressed cuproptosis-related- genes (DECRGs). Then, the
univariate regression analysis, LASSO Cox regression analysis,
and multivariate regression analysis yielded four DECRGs. Next,
we used four DECRGs to construct a novel prognostic risk
signature and identify potential molecular subtypes to better
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predict the prognosis of HCC. Furthermore, we evaluated the
performance of the signature through survival analysis,
mutation correlation analysis, and independent prognostic
analysis. In conclusion, our results indicate that the signature
is better predictive. Our signature genes include TAF6, SPP2,
CFHR4, and DNASEI1L3, all of which are cuproptosis -related
differential genes with a strong correlation with cuproptosis —
related- genes (Supplementary Figure 4). Our signature genes
have the potential to be a prognostic risk gene for HCC patients.
Xiao et al. showed that DNASE1L3 inhibits HCC progression by
inducing apoptosis and weakening glycolysis (53). Lu et al.
found that SPP2 is involved in regulating aerobic glycolysis
and affecting HCC tumorigenesis (54). Fan et al. have suggested
that SPP2 can serve as a biomarker to predict the prognosis of
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Adverse effects of TAF6 on HCC in vitro. (A, D) Compared with the control group, the proliferation rate of HCCLM3 cells was significantly
inhibited after TAF6 silencing by EdU staining. (B, E) Transwell experiments showed that the migratory ability of HCCLM3 was inhibited after
TAF6 silencing. (C) After TAF6 silencing, the cell viability of HCCLM3 was significantly inhibited by the CCK- 8 assay. (F, G) The wound healing
array showed that LTAF6-downregulated HCCLM3 cells exhibited significantly delayed wound healing compared with controls. (H-J) Effects of
with or without inhibition of TAF6 expression on PD-1 protein expression levels by western blotting. Scale bar: EdU,50um; Transwell

experiments and Wound healing array,200um. **p<0.01, ***p<0.001

patients with oral squamous cell carcinoma (55). The study of
Wang et al. has demonstrated the great potential of TAF6 in the
development of glioblastoma therapy (56). Furthermore, we
analyzed the differential expression of signature genes in the
TCGA database of genes and HCC data in the GSE76427
datasets and found significant differences in signature genes
between adjacent non-tumor samples and HCC samples. Our
results from qQRT-PCR have also demonstrated the same results,
with the GEPIA2 and ICGC data survival analysis results
indicating those signature genes are significantly associated
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with prognosis, increasing the confidence of our signature
genes as prognostic models. Based on the regression
coefficients, TAF6 is considered the most important DECRG
in risk factors and prognosis prediction. We analyzed the
expression of TAF6 in normal hepatocytes and hepatoma cell
lines, and the results of real-time quantitative PCR indicated that
TAF6 expression was significantly higher in hepatoma cell lines
than in normal hepatocytes. In addition, we performed in vitro
experiments and found that interference with TAF6 expression
significantly inhibited HCC proliferation and migration.
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Interestingly, we found for the first time that TAF6 inhibition
causes downregulation of CD279 (PD-1) protein expression,
which may provide new insights into immunotherapy

Our GO enrichment analysis indicates that the presence of
DECRGs mainly in the basolateral plasma membrane and in the
ER lumen may be associated with ER stress in regulating tumor
growth and antitumor immunity (57). It may also affect immune
responses by affecting iron ion binding (58). Accordingly, we
performed the immune correlation analysis, and the results
showed that there was no difference in the immune scores for
the data from the high-risk and low-risk groups, and the
significant differences in the stromal and estimated scores.
This suggests that our DECRGs have the potential to predict
the composition of the TME. The risk score was positively
correlated with T cells CD4 memory activated and NK cells
resting, and negatively correlated with T cells CD4 memory
resting and B cells naive (59, 60) (Supplementary Figure 5).
These results suggest that the high-risk group may have better
immune cell therapy effects. Furthermore, the results of KEGG
enrichment analysis indicated that DECRGs are involved in
chemically oncogenic DNA adducts, alcoholic liver disease, and
drug metabolism cytochrome P450. This result suggests that our
signature may be used for the treatment of HCC and for
developing chemotherapy drugs (61-63). Given the
therapeutic importance of drug therapy for HCC, we evaluated
the predictive effect of the signature on drug therapy for HCC.
Our study showed that Cisplatin (64), Gemcitabine (65),
Doxorubicin (66), Etoposide (67), Rapamycin (68), and
Nilotinib (69)have higher drug sensitivity in the high-risk
group, consistent with previous studies suggesting that our
signature has the potential to predict drug efficacy. TMB has
been proven to be an important and independent biomarker that
plays an important role in the prognosis and treatment of HCC
(70, 71). Our study showed that HCC patients in the high-score-
risk group had a higher frequency of TP53 mutations and a
worse prognosis, which is consistent with the study by Tang et al
(72).In recent years, the use of immunotherapy in the treatment
of HCC has attracted increasing attention (73), and checkpoint
inhibitor immunotherapy plays an important role in HCC
patients (74). We analyzed the expression levels of checkpoint
genes and the TIDE scores in the high-risk and low-risk groups.
The results showed that the checkpoint gene expression levels
were generally higher in the high-risk group than in the low-risk
group, while the high-risk patients had significantly lower TIDE
scores. This suggests that our signature may be used to evaluate
the expression of immune checkpoint genes and the effect of
immunotherapy. Furthermore, we used TIMER2.0 to analyze
the correlation analysis of the signature genes with the immune
checkpoint genes PDCD1, LMTK3, and CTLA4. The results
showed a significant correlation of the signature genes with both
PDCDI, LMTK3, and CTLA4.In conclusion, our signature has a
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good predictive prognostic power and facilitates the selection of
patients suitable for immunotherapy.

However, our study also has limitations. First, most of our
data are derived from the TCGA, GEO, and ICGC databases,
and we find a lack of comprehensive validation from the external
datasets. Furthermore, we performed partial expression volume
validation at the tissue level and cell level but the sample number
was small. In the future, we will continue to collect samples to
evaluate this signature with immunotherapy and to verify
whether there are differences in immunotherapy benefits
between high-risk and low-risk populations.

In conclusion, we constructed a new prognostic CRGs
signature to better predict the prognosis in HCC. This signature
will help clinicians to evaluate the overall patient prognosis and
provide new ideas for developing treatment strategies.

Data availability statement

The original contributions presented in the study are
included in the article/Supplementary Material. Further
inquiries can be directed to the corresponding authors.

Ethics statement

This study was reviewed and approved by Medical Ethics
Committee of the Second Affiliated Hospital of Nanchang
University. The patients/participants provided their written
informed consent to participate in this study.

Author contributions

XP conducted the formal analysis and wrote the original
draft. YL and RY performed the project administration. SL and
JZ conducted the experiments. CL and XW participated in
software analysis. XP, JZ, and ZL conducted data curation. XP,
JZ, and RY contributed to writing, reviewing, and editing the
article. RY provided funding acquisition. All authors contributed
to the article and approved the submitted version.

Funding

This study was supported by the National Natural Science
Foundation of China (No0s.81960436, 81560396 and
82260460) the Project of the Jiangxi Provincial Department of
Science and Technology (Nos. 20202BBGL73037 and
20192BCB23023), Double Thousand Talents Project of Jiangxi
Province (No.jxsq2019201100).

frontiersin.org


https://doi.org/10.3389/fimmu.2022.990790
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Peng et al.

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

References

1. Sung H, Ferlay J, Siegel RL, Laversanne M, Soerjomataram I, Jemal A, et al.
Global cancer statistics 2020: GLOBOCAN estimates of incidence and mortality
worldwide for 36 cancers in 185 countries. CA Cancer J Clin (2021) 71(3):209-49.
doi: 10.3322/caac.21660

2. Anwanwan D, Singh SK, Singh S, Saikam V, Singh R. Challenges in liver
cancer and possible treatment approaches. Biochim Biophys Acta Rev Cancer
(2020) 1873(1):188314. doi: 10.1016/j.bbcan.2019.188314

3. Forner A, Reig M, Bruix J. Hepatocellular carcinoma. Lancet (2018) 391
(10127):1301-14. doi: 10.1016/S0140-6736(18)30010-2

4. Kulik L, El-Serag HB. Epidemiology and management of hepatocellular
carcinoma. Gastroenterology (2019) 156(2):477-491.e471. doi: 10.1053/
j.gastro.2018.08.065

5. Yang JD, Hainaut P, Gores GJ, Amadou A, Plymoth A, Roberts LR. A global
view of hepatocellular carcinoma: trends, risk, prevention and management. Nat
Rev Gastroenterol Hepatol (2019) 16(10):589-604. doi: 10.1038/s41575-019-0186-y

6. Nault JC, Villanueva A. Intratumor molecular and phenotypic diversity in
hepatocellular carcinoma. Clin Cancer Res (2015) 21(8):1786-8. doi: 10.1158/1078-
0432.CCR-14-2602

7. Babak MV, Ahn D. Modulation of intracellular copper levels as the
mechanism of action of anticancer copper complexes: Clinical relevance.
Biomedicines (2021) 9(8):852. doi: 10.3390/biomedicines9080852

8. Ge EJ, Bush Al, 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

9. Wang Y, Zhang L, Zhou F. Cuproptosis: a new form of programmed cell
death. Cell Mol Immunol (2022) 19(8):867-8. doi: 10.1038/s41423-022-00866-1

10. Tang D, Chen X, Kroemer G. Cuproptosis: a copper-triggered modality of
mitochondrial cell death. Cell Res (2022) 32(5):417-8. doi: 10.1038/s41422-022-
00653-7

11. Wang N, Liu H, Liu G, Li M, He X, Yin C, et al. Yeast beta-d-glucan exerts
antitumour activity in liver cancer through impairing autophagy and lysosomal
function, promoting reactive oxygen species production and apoptosis. Redox Biol
(2020) 32:101495. doi: 10.1016/j.redox.2020.101495

12. Zhang X, Du L, Qiao Y, Zhang X, Zheng W, Wu Q, et al. Ferroptosis is
governed by differential regulation of transcription in liver cancer. Redox Biol
(2019) 24:101211. doi: 10.1016/j.redox.2019.101211

13. Seehawer M, Heinzmann F, D'Artista L, Harbig J, Roux PF, Hoenicke L,
et al. Necroptosis microenvironment directs lineage commitment in liver cancer.
Nature (2018) 562(7725):69-75. doi: 10.1038/s41586-018-0519-y

14. Bock FJ, Tait SWG. Mitochondria as multifaceted regulators of cell death.
Nat Rev Mol Cell Biol (2020) 21(2):85-100. doi: 10.1038/s41580-019-0173-8

15. Ercal N, Gurer-Orhan H, Aykin-Burns N. Toxic metals and oxidative stress
part I: mechanisms involved in metal-induced oxidative damage. Curr Top Med
Chem (2001) 1(6):529-39. doi: 10.2174/1568026013394831

16. Wu H, Wang T, Liu Y, Li X, Xu S, Wu C, et al. Mitophagy promotes
sorafenib resistance through hypoxia-inducible ATAD3A dependent axis. | Exp
Clin Cancer Res (2020) 39(1):274. doi: 10.1186/s13046-020-01768-8

17. He H, Lin X, Guo J, Wang J, Xu B. Perimitochondrial enzymatic self-
assembly for selective targeting the mitochondria of cancer cells. ACS Nano (2020)
14(6):6947-55. doi: 10.1021/acsnano.0c01388

Frontiers in Immunology

19

10.3389/fimmu.2022.990790

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/
fimmu.2022.990790/full#supplementary-material

18. Zhang YJ, Zhao DH, Huang CX. The changes in copper contents and its
clinical significance in patients with liver cirrhosis and hepatocarcinoma.
Zhonghua nei ke za zhi Chin J Internal Med (1994) 33(2):113.

19. Koizumi M, Fujii J, Suzuki K, Inoue T, Inoue T, Gutteridge J, et al. A marked
increase in free copper levels in the plasma and liver of LEC rats: An animal model
for Wilson disease and liver cancer. Free Radical Res Commun (1998) 28(5):441-
50. doi: 10.3109/10715769809066881

20. Siddiqui MA, Alhadlaq HA, Javed A, Al-Khedhairy AA, Javed M, Maqusood
A, et al. Copper oxide nanoparticles induced mitochondria mediated apoptosis in
human hepatocarcinoma cells. PLoS One (2013) 8(8):¢69534. doi: 10.1371/
journal.pone.0069534

21. Merino DM, McShane LM, Fabrizio D, Funari V, Chen SJ, White JR, et al.
Establishing guidelines to harmonize tumor mutational burden (TMB): in silico
assessment of variation in TMB quantification across diagnostic platforms: phase I
of the friends of cancer research TMB harmonization project. J Immunother Cancer
(2020) 8(1):e000147. doi: 10.1136/jitc-2019-000147

22. Valero C, Lee M, Hoen D, Zehir A, Berger MF, Seshan VE, et al. Response
rates to anti-PD-1 immunotherapy in microsatellite-stable solid tumors with 10 or
more mutations per megabase. JAMA Oncol (2021) 7(5):739-43. doi: 10.1001/
jamaoncol.2020.7684

23. Chalmers ZR, Connelly CF, Fabrizio D, Gay L, Ali SM, Ennis R, et al.
Analysis of 100,000 human cancer genomes reveals the landscape of tumor
mutational burden. Genome Med (2017) 9(1):34. doi: 10.1186/s13073-017-0424-2

24. Owada-Ozaki Y, Muto S, Takagi H, Inoue T, Watanabe Y, Fukuhara M,
et al. Prognostic impact of tumor mutation burden in patients with completely
resected non-small cell lung cancer: Brief report. ] Thorac Oncol (2018) 13(8):1217—
21. doi: 10.1016/j.jtho.2018.04.003

25. Innocenti F, Ou FS, Qu X, Zemla TJ, Niedzwiecki D, Tam R, et al.
Mutational analysis of patients with colorectal cancer in CALGB/SWOG 80405
identifies new roles of microsatellite instability and tumor mutational burden for
patient outcome. ] Clin Oncol (2019) 37(14):1217-27. doi: 10.1200/JC0O.18.01798

26. Shrestha R, Prithviraj P, Anaka M, Bridle KR, Crawford DHG, Dhungel B,
et al. Monitoring immune checkpoint regulators as predictive biomarkers in
hepatocellular carcinoma. Front Oncol (2018) 8:269. doi: 10.3389/fonc.2018.00269

27. Liu S, Tang Q, Huang J, Zhan M, Zhao W, Yang X, et al. Prognostic analysis
of tumor mutation burden and immune infiltration in hepatocellular carcinoma
based on TCGA data. Aging (Albany NY) (2021) 13(8):11257-80. doi: 10.18632/
aging.202811

28. Simon N, Friedman J, Hastie T, Tibshirani R. Regularization paths for cox's
proportional hazards model via coordinate descent. J Stat Softw (2011) 39(5):1-13.
doi: 10.18637/js5.v039.i105

29. Tibshirani R. The lasso method for variable selection in the cox model. Stat
Med (1997) 16(4):385-95. doi: 10.1002/(sici)1097-0258(19970228)16:4<385::aid-
$im380>3.0.co;2-3

30. Yoshihara K, Shahmoradgoli M, Martinez E, Vegesna R, Kim H, Torres-

Garcia W, et al. Inferring tumour purity and stromal and immune cell admixture
from expression data. Nat Commun (2013) 4:2612. doi: 10.1038/ncomms3612

31. 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):
€619. doi: 10.1002/ctm2.619

frontiersin.org


https://www.frontiersin.org/articles/10.3389/fimmu.2022.990790/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fimmu.2022.990790/full#supplementary-material
https://doi.org/10.3322/caac.21660
https://doi.org/10.1016/j.bbcan.2019.188314
https://doi.org/10.1016/S0140-6736(18)30010-2
https://doi.org/10.1053/j.gastro.2018.08.065
https://doi.org/10.1053/j.gastro.2018.08.065
https://doi.org/10.1038/s41575-019-0186-y
https://doi.org/10.1158/1078-0432.CCR-14-2602
https://doi.org/10.1158/1078-0432.CCR-14-2602
https://doi.org/10.3390/biomedicines9080852
https://doi.org/10.1038/s41568-021-00417-2
https://doi.org/10.1038/s41423-022-00866-1
https://doi.org/10.1038/s41422-022-00653-7
https://doi.org/10.1038/s41422-022-00653-7
https://doi.org/10.1016/j.redox.2020.101495
https://doi.org/10.1016/j.redox.2019.101211
https://doi.org/10.1038/s41586-018-0519-y
https://doi.org/10.1038/s41580-019-0173-8
https://doi.org/10.2174/1568026013394831
https://doi.org/10.1186/s13046-020-01768-8
https://doi.org/10.1021/acsnano.0c01388
https://doi.org/10.3109/10715769809066881
https://doi.org/10.1371/journal.pone.0069534
https://doi.org/10.1371/journal.pone.0069534
https://doi.org/10.1136/jitc-2019-000147
https://doi.org/10.1001/jamaoncol.2020.7684
https://doi.org/10.1001/jamaoncol.2020.7684
https://doi.org/10.1186/s13073-017-0424-2
https://doi.org/10.1016/j.jtho.2018.04.003
https://doi.org/10.1200/JCO.18.01798
https://doi.org/10.3389/fonc.2018.00269
https://doi.org/10.18632/aging.202811
https://doi.org/10.18632/aging.202811
https://doi.org/10.18637/jss.v039.i05
https://doi.org/10.1002/(sici)1097-0258(19970228)16:4%3C385::aid-sim380%3E3.0.co;2-3
https://doi.org/10.1002/(sici)1097-0258(19970228)16:4%3C385::aid-sim380%3E3.0.co;2-3
https://doi.org/10.1038/ncomms3612
https://doi.org/10.1002/ctm2.619
https://doi.org/10.3389/fimmu.2022.990790
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Peng et al.

32. Abril-Rodriguez G, Ribas A. SnapShot: Immune checkpoint inhibitors.
Cancer Cell (2017) 31(6):848-848.e841. doi: 10.1016/j.ccell.2017.05.010

33. Heinhuis KM, Ros W, Kok M, Steeghs N, Beijnen JH, Schellens JHM.
Enhancing antitumor response by combining immune checkpoint inhibitors with
chemotherapy in solid tumors. Ann Oncol (2019) 30(2):219-35. doi: 10.1093/
annonc/mdy551

34. Patil DP, Chen CK, Pickering BF, Chow A, Jackson C, Guttman M, et al. m
(6)A RNA methylation promotes XIST-mediated transcriptional repression.
Nature (2016) 537(7620):369-73. doi: 10.1038/nature19342

35. Chen XY, Zhang J, Zhu JS. The role of m(6)A RNA methylation in human
cancer. Mol Cancer (2019) 18(1):103. doi: 10.1186/s12943-019-1033-z

36. Geeleher P, Cox N, Huang RS. pRRophetic: an r package for prediction of
clinical chemotherapeutic response from tumor gene expression levels. PLoS One
(2014) 9(9):€107468. doi: 10.1371/journal.pone.0107468

37. 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

38. Zhu S, Zhang T, Zheng L, Liu H, Song W, Liu D, et al. Combination
strategies to maximize the benefits of cancer immunotherapy. ] Hematol Oncol
(2021) 14(1):156. doi: 10.1186/s13045-021-01164-5

39. Varade J, Magadan S, Gonzalez-Fernandez A. Human immunology and
immunotherapy: main achievements and challenges. Cell Mol Immunol (2021) 18
(4):805-28. doi: 10.1038/541423-020-00530-6

40. Bagchi S, Yuan R, Engleman EG. Immune checkpoint inhibitors for the
treatment of cancer: Clinical impact and mechanisms of response and resistance.
Annu Rev Pathol (2021) 16:223-49. doi: 10.1146/annurev-pathol-042020-
042741

41. Nio K, Yamashita T, Kaneko S. The evolving concept of liver cancer stem
cells. Mol Cancer (2017) 16(1):4. doi: 10.1186/s12943-016-0572-9

42. Li T, Fan J, Wang B, Traugh N, Chen Q, Liu JS, et al. TIMER: A web server
for comprehensive analysis of tumor-infiltrating immune cells. Cancer Res (2017)
77(21):e108-10. doi: 10.1158/0008-5472.CAN-17-0307

43. Siegel RL, Miller KD, Fuchs HE, Jemal A. Cancer statistics, 2022. CA Cancer
J Clin (2022) 72(1):7-33. doi: 10.3322/caac.21708

44. Llovet JM, Kelley RK, Villanueva A, Singal AG, Pikarsky E, Roayaie S, et al.
Hepatocellular carcinoma. Nat Rev Dis Primers (2021) 7(1):6. doi: 10.1038/s41572-
020-00240-3

45. McGlynn KA, Petrick JL, El-Serag HB. Epidemiology of hepatocellular
carcinoma. Hepatology (2021) 73 Suppl 1:4-13. doi: 10.1002/hep.31288

46. Kanwal F, Singal AG. Surveillance for hepatocellular carcinoma: Current
best practice and future direction. Gastroenterology (2019) 157(1):54-64.
doi: 10.1053/j.gastro.2019.02.049

47. Bian Z, Fan R, Xie L. A novel cuproptosis-related prognostic gene signature
and validation of differential expression in clear cell renal cell carcinoma. Genes
(Basel) (2022) 13(5):851. doi: 10.3390/genes13050851

48. Mangalmurti A, Lukens JR. How neurons die in alzheimer's disease:
Implications for neuroinflammation. Curr Opin Neurobiol (2022) 75:102575.
doi: 10.1016/j.conb.2022.102575

49. Oliveri V. Selective targeting of cancer cells by copper ionophores: An
overview. Front Mol Biosci (2022) 9:841814. doi: 10.3389/fmolb.2022.841814

50. Liu Z, Wang M, Wang X, Bu Q, Wang Q, Su W, et al. XBP1 deficiency
promotes hepatocyte pyroptosis by impairing mitophagy to activate mtDNA-
cGAS-STING signaling in macrophages during acute liver injury. Redox Biol
(2022) 52:102305. doi: 10.1016/j.redox.2022.102305

51. Yao F, Deng Y, Zhao Y, Mei Y, Zhang Y, Liu X, et al. A targetable LIFR-NF-
kappaB-LCN2 axis controls liver tumorigenesis and vulnerability to ferroptosis.
Nat Commun (2021) 12(1):7333. doi: 10.1038/s41467-021-27452-9

52. Gong Y, Fan Z, Luo G, Yang C, Huang Q, Fan K, et al. The role of
necroptosis in cancer biology and therapy. Mol Cancer (2019) 18(1):100.
doi: 10.1186/512943-019-1029-8

53. Xiao Y, Yang K, Liu P, Ma D, Lei P, Liu Q. Deoxyribonuclease 1-like 3
inhibits hepatocellular carcinoma progression by inducing apoptosis and
reprogramming glucose metabolism. Int J Biol Sci (2022) 18(1):82-95.
doi: 10.7150/ijbs.57919

54. Lu C, Fang S, Weng Q, Lv X, Meng M, Zhu J, et al. Integrated analysis
reveals critical glycolytic regulators in hepatocellular carcinoma. Cell Commun
Signal (2020) 18(1):97. doi: 10.1186/s12964-020-00539-4

Frontiers in Immunology

20

10.3389/fimmu.2022.990790

55. Fan WL, Yang LY, Hsieh JC, Lin TC, Lu MJ, Liao CT. Prognostic genetic
biomarkers based on oncogenic signaling pathways for outcome prediction in
patients with oral cavity squamous cell carcinoma. Cancers (Basel) (2021) 13
(11):2709. doi: 10.3390/cancers13112709

56. Wang J, Wang F, Li Q, Wang Q, Li J, Wang Y, et al. Proteomics and
molecular network analyses reveal that the interaction between the TAT-DCF1
peptide and TAF6 induces an antitumor effect in glioma cells. Mol Omics (2020) 16
(1):73-82. doi: 10.1039/c9mo00068b

57. Mohamed E, Cao Y, Rodriguez PC. Endoplasmic reticulum stress regulates
tumor growth and anti-tumor immunity: a promising opportunity for cancer
immunotherapy. Cancer Immunol Immunother (2017) 66(8):1069-78.
doi: 10.1007/500262-017-2019-6

58. Dellagi A, Segond D, Rigault M, Fagard M, Simon C, Saindrenan P, et al.
Microbial siderophores exert a subtle role in arabidopsis during infection by
manipulating the immune response and the iron status. Plant Physiol (2009) 150
(4):1687-96. doi: 10.1104/pp.109.138636

59. Wiggins BG, Pallett L], Li X, Davies SP, Amin OE, Gill US, et al. The human
liver microenvironment shapes the homing and function of CD4(+) T-cell
populations. Gut (2022) 71(7):1399-411. doi: 10.1136/gutjnl-2020-323771

60. Rohr-Udilova N, Klinglmuller F, Schulte-Hermann R, Stift J, Herac M,
Salzmann M, et al. Deviations of the immune cell landscape between healthy liver
and hepatocellular carcinoma. Sci Rep (2018) 8(1):6220. doi: 10.1038/s41598-018-
24437-5

61. Moeini A, Torrecilla S, Tovar V, Montironi C, Andreu-Oller C, Peix J, et al.
An immune gene expression signature associated with development of human
hepatocellular carcinoma identifies mice that respond to chemopreventive agents.
Gastroenterology (2019) 157(5):1383-1397.e1311. doi: 10.1053/j.gastro.2019.07.028

62. Seitz HK, Bataller R, Cortez-Pinto H, Gao B, Gual A, Lackner C, et al.
Alcoholic liver disease. Nat Rev Dis Primers (2018) 4(1):16. doi: 10.1038/s41572-
018-0014-7

63. Bao MH, Wong CC. Hypoxia, metabolic reprogramming, and drug
resistance in liver cancer. Cells (2021) 10(7):1715. doi: 10.3390/cells10071715

64. Nouso K, Miyahara K, Uchida D, Kuwaki K, Izumi N, Omata M, et al. Effect
of hepatic arterial infusion chemotherapy of 5-fluorouracil and cisplatin for
advanced hepatocellular carcinoma in the nationwide survey of primary liver
cancer in Japan. Br J Cancer (2013) 109(7):1904-7. doi: 10.1038/bjc.2013.542

65. Stephenson AA, Cao S, Taggart DJ, Vyavahare VP, Suo Z. Design, synthesis,
and evaluation of liver-specific gemcitabine prodrugs for potential treatment of
hepatitis ¢ virus infection and hepatocellular carcinoma. Eur ] Med Chem (2021)
213:113135. doi: 10.1016/j.ejmech.2020.113135

66. Fang Y, Yang W, Cheng L, Meng F, Zhang ], Zhong Z. EGFR-targeted
multifunctional polymersomal doxorubicin induces selective and potent
suppression of orthotopic human liver cancer. vivo. Acta Biomater (2017)
64:323-33. doi: 10.1016/j.actbio.2017.10.013

67. Petitjean A, Cavard C, Shi H, Tribollet V, Hainaut P, Caron de Fromentel C.
The expression of TA and DeltaNp63 are regulated by different mechanisms in
liver cells. Oncogene (2005) 24(3):512-9. doi: 10.1038/sj.onc.1208215

68. Lu X, Paliogiannis P, Calvisi DF, Chen X. Role of the mammalian target of
rapamycin pathway in liver cancer: From molecular genetics to targeted therapies.
Hepatology (2021) 73 Suppl 1:49-61. doi: 10.1002/hep.31310

69. Yu HC, Lin CS, Tai WT, Liu CY, Shiau CW, Chen KF. Nilotinib induces
autophagy in hepatocellular carcinoma through AMPK activation. J Biol Chem
(2013) 288(25):18249-59. doi: 10.1074/jbc.M112.446385

70. Schrock AB, Ouyang C, Sandhu J, Sokol E, Jin D, Ross JS, et al. Tumor
mutational burden is predictive of response to immune checkpoint inhibitors in
MSI-high metastatic colorectal cancer. Ann Oncol (2019) 30(7):1096-103.
doi: 10.1093/annonc/mdz134

71. CuiY, LiH, Zhan H, Han T, Dong Y, Tian C, et al. Identification of potential
biomarkers for liver cancer through gene mutation and clinical characteristics.
Front Oncol (2021) 11:733478. doi: 10.3389/fonc.2021.733478

72. Tang B, Zhu ], Zhao Z, Lu C, Liu S, Fang S, et al. Diagnosis and prognosis
models for hepatocellular carcinoma patient's management based on tumor
mutation burden. J Adv Res (2021) 33:153-65. doi: 10.1016/j.jare.2021.01.018

73. Greten TF, Mauda-Havakuk M, Heinrich B, Korangy F, Wood BJ.
Combined locoregional-immunotherapy for liver cancer. J Hepatol (2019) 70
(5):999-1007. doi: 10.1016/j.jhep.2019.01.027

74. XuF, Jin T, Zhu Y, Dai C. Immune checkpoint therapy in liver cancer. ] Exp
Clin Cancer Res (2018) 37(1):110. doi: 10.1186/s13046-018-0777-4

frontiersin.org


https://doi.org/10.1016/j.ccell.2017.05.010
https://doi.org/10.1093/annonc/mdy551
https://doi.org/10.1093/annonc/mdy551
https://doi.org/10.1038/nature19342
https://doi.org/10.1186/s12943-019-1033-z
https://doi.org/10.1371/journal.pone.0107468
https://doi.org/10.1126/science.abf0529
https://doi.org/10.1186/s13045-021-01164-5
https://doi.org/10.1038/s41423-020-00530-6
https://doi.org/10.1146/annurev-pathol-042020-042741
https://doi.org/10.1146/annurev-pathol-042020-042741
https://doi.org/10.1186/s12943-016-0572-9
https://doi.org/10.1158/0008-5472.CAN-17-0307
https://doi.org/10.3322/caac.21708
https://doi.org/10.1038/s41572-020-00240-3
https://doi.org/10.1038/s41572-020-00240-3
https://doi.org/10.1002/hep.31288
https://doi.org/10.1053/j.gastro.2019.02.049
https://doi.org/10.3390/genes13050851
https://doi.org/10.1016/j.conb.2022.102575
https://doi.org/10.3389/fmolb.2022.841814
https://doi.org/10.1016/j.redox.2022.102305
https://doi.org/10.1038/s41467-021-27452-9
https://doi.org/10.1186/s12943-019-1029-8
https://doi.org/10.7150/ijbs.57919
https://doi.org/10.1186/s12964-020-00539-4
https://doi.org/10.3390/cancers13112709
https://doi.org/10.1039/c9mo00068b
https://doi.org/10.1007/s00262-017-2019-6
https://doi.org/10.1104/pp.109.138636
https://doi.org/10.1136/gutjnl-2020-323771
https://doi.org/10.1038/s41598-018-24437-5
https://doi.org/10.1038/s41598-018-24437-5
https://doi.org/10.1053/j.gastro.2019.07.028
https://doi.org/10.1038/s41572-018-0014-7
https://doi.org/10.1038/s41572-018-0014-7
https://doi.org/10.3390/cells10071715
https://doi.org/10.1038/bjc.2013.542
https://doi.org/10.1016/j.ejmech.2020.113135
https://doi.org/10.1016/j.actbio.2017.10.013
https://doi.org/10.1038/sj.onc.1208215
https://doi.org/10.1002/hep.31310
https://doi.org/10.1074/jbc.M112.446385
https://doi.org/10.1093/annonc/mdz134
https://doi.org/10.3389/fonc.2021.733478
https://doi.org/10.1016/j.jare.2021.01.018
https://doi.org/10.1016/j.jhep.2019.01.027
https://doi.org/10.1186/s13046-018-0777-4
https://doi.org/10.3389/fimmu.2022.990790
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

	Signature construction and molecular subtype identification based on cuproptosis-related genes to predict the prognosis and immune activity of patients with hepatocellular carcinoma
	Introduction
	Materials and methods
	Multiomics data collection and processing
	Differential expression analysis and identification of prognostic-related CRGs
	Consensus clustering analysis of CRGs GSVA and ssGSEA
	The intersection of genes and enrichment analysis
	Signature generation and validation
	Assessing the tumor microenvironment, tumor mutation burden correlation, and immune checkpoints
	Evaluation of drug sensitivity and efficacy of immunotherapy
	Tissue specimens and immunohistochemical staining
	Cell culture and transfection
	Quantitative real-time PCR and protein extraction and western blot
	Cell counting kit-8 assay and EdU assay
	Wound healing assay and transwell migration assay
	Statistical analysis

	Results
	Differential expression and genetic alterations of CRGs
	Division subtypes, GSVA, and ssGSEA analysis based on consensus cluster analysis
	Acquisition of intersection genes and enrichment analysis
	Consensus clustering analysis for partition subtype and prognostic model construction
	Validation of the prognostic value of the signature
	Association of signature with immune cell infiltration and mutational load and immune checkpoints
	Signature predict the efficacy of response to chemotherapy and immunotherapy
	Differential expression analysis and prognostic analysis of the signature genes
	Validation of signature genes expression levels
	TAF6 expression was associated with poor prognosis in HCC

	Discussion
	Data availability statement
	Ethics statement
	Author contributions
	Funding
	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


