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Abstract
Copper death is a newly identi�ed unique form of regulated apoptosis. Studies suggest that it may be the mode of apoptosis
in cancer cells. Therefore, copper death-related genes may become therapeutic targets for hepatocellular carcinoma. Also,
SARS-CoV-2 is currently the most widely spread virus in the world with no curative drug available. Liver cancer is the most
common fatal malignancy in the world. By the time a patient presents to the clinic, liver cancer has progressed to an
advanced stage and the prognosis is often poor. In this study, the prognosis of patients with liver cancer when they get SARS-
CoV-2 was predicted by examining the relationship between SARS-CoV-2, copper death and liver cancer.

1. Introduction
Hepatocellular carcinoma is one of the most common cancers in the world and its incidence is increasing year by year[1].
Hepatitis B virus, hepatitis C virus, alcohol, and other factors cause liver cancer, while in China, there are about 200 million
hepatitis B patients. These patients will eventually develop liver cancer. Diagnosis of hepatocellular carcinoma  the most
commonly used biological marker for liver cancer is now alpha-Fetoprotein (AFP)[2], but the diagnostic e�cacy of AFP is
limited[3-6]. And treatment of hepatocellular carcinoma mainly includes liver transplantation, hepatectomy, radiofrequency
ablation, hepatic artery chemoembolization (TACE), and radioembolization, and the choice of these treatments modalities
depends on the load and location of the hepatocellular carcinoma[7]. Current treatment has seen rapid growth in HCC
immunotherapy research in the last decade and has changed the treatment paradigm, with immune checkpoint inhibitors
(ICIs) having been identi�ed for the treatment of advanced liver cancer [8-12]. However  hepatocellular carcinoma still is the
second most common cause of cancer death worldwide[13]. Therefore, it is necessary to determine the survival time of each
patient to reduce the burden on each family.

    Copper ions are an essential component for the survival of every cell in the body[14]. Normal cells are able to maintain
intracellular copper ion levels at a healthy level [14-17],. When the intracellular concentration of copper ions rises to a certain
level, copper ion carriers will regulate cell death in a distinct form targeting lipoylated TCA cycle proteins [18].

    SARS-CoV-2 is still prevalent worldwide and is causing signi�cant economic stress and burden on people [19, 20]. Although
there is now a vaccine against SARS-CoV-2 that boosts immunity to the virus [21-25], many countries are still in the midst of a
serious epidemic and there is no cure for SARS-CoV-2 in the short term.

In this study, we obtained RNA-seq data and clinical data from public databases to investigate a copper death and SARS-CoV-
2 related prognostic model to predict overall survival in patients with hepatocellular carcinoma. High-risk scores were
associated with advanced clinicopathological features and poor prognosis. The reliability of the model was developed and
validated.

2. Methods
2.1 Publicly available data and processing

The gene expression and clinical information were obtained from The Cancer Genome Atlas project (
https://cancergenome.nih.gov/), including 374 Liver cancer samples and 50 normal samples. Gene expression pro�le data for
GSE4236(n=81) were downloaded from the Gene Expression Omnibus (GEO) database (https://www.ncbi.nlm.nih.gov/geo/).
We used annotation �les to convert the identi�cation probes into gene symbols. To identify the DRGs, we applied the R
software "limma" package with a criterion of |fold change| greater than or equal to 1.5 and an adjusted p-value of <0.05.
Differentially expressed copper death genes between LIHC tissue and normal liver tissue were analyzed. Patients with TCGA
were classi�ed according to differentially expressed genes associated with copper death. The differential genes in the
different subgroups of patients were then analyzed and these genes were used as alternative genes for our model. The TCGA
dataset was used as a training group and the GSE54236 dataset from the GEO database was used as a validation group.
Institutional ethics committee approval was not required for the current study for the TCGA and GEO are publicly available.
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2.2 SARS-CoV-2 related gene screening and Risk score establishment

Selected overlap of SARS-CoV-2 related genes and differentially expressed genes. A follow-up analysis was done based on
these overlapping genes. In addition  SARS-CoV-2  related genes were selected from the OMIM database, the Genecard
database, and NCBI gene unction module. All genes associated with prognosis were screened by univariate Cox regression
analysis. After this, we used a lasso Cox regression analysis to pick out the best genes. The LASSO regression model was
used to calculate the coe�cients for each gene. The equation for the prognostic model: risk score= gene A  expression ×
corresponding coefficient+ gene B  expression × corresponding coefficient + gene C  expression × corresponding
coefficient+...+ +gene Z  expression × corresponding coefficient. Patients were divided into high-risk and low-risk clusters
based on the median risk score. Kaplan-Meier survival curves and time-dependent ROC curves were used to compare survival
differences between the two clusters and to assess the predictive power of the model using the 'survival ROC' package
respectively.

2.3 External validation of prognostic

 GSE54236 was used for validation. The same copper death and SARS-CoV-2 related prognostic genes were used to calculate
a risk score for each patient. Risk scores were used in ROC curves and Kaplan-Meier analyses.

2.4 Strati�cation analysis of the copper death and SARS-CoV-2 related prognostic signature

  To explore the impact of prognostic genes on the clinicopathological characteristics of gastric cancer, we assessed risk
scores against six clinicopathological factors (age, sex, grade, stage, T-stage, M-stage, and N-stage).

2.5 Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) Functional Enrichment Analysis

The "limma" package and the "clusterPro�ler" R package were used to analyze the differences between high- groups and low-
risk groups, GO and KEGG-related enrichment pathways. Control the FDR and adjust the P-value according to the BH method.

2.6 Immune in�ltration analysis

To distinguish between immune cell in�ltration in the TCGA and GEO databases, we calculated the in�ltrating score of16
immune cells, and 13 immune-related pathways separately. These correlation analyses were inferred from the gene
expression of LIHC by single-sample gene set enrichment analysis (ssGSEA)[26].

2.7 Statistical Analysis

We applied Student's t-test to distinguish genes differentially expressed in tumor and normal tissues. differences in ssGSEA
scores of immune cells or pathways between risk groups were assessed by the Man-n-Whitney test, with p-values adjusted by
the BH method. Kaplan-Meier analysis and the log-rank test were used to compare OS between groups. independent
predictors of OS were identi�ed by univariate and multivariate Cox regression analysis. All statistical analyses were
performed using R software (version 4.1.1). Differences were considered statistically signi�cant when the p-value was less
than 0.05.

3. Results
3.1 Identi�cation of differentially expressed genes and classi�cation of patients

To investigate the expression of genes associated with copper death in HCC, we compared relevant genes in normal and
tumour tissues. The results revealed that LIAS, LIPT1, DLD, DLAT, PDHA1, PDHB, MTF1, GLS, and CDKN2A were highly
expressed in tumour tissues and FDX1 in normal tissues (�gure 2a, 2b). We also showed the correlation between the 10 genes
(�gure 2c). Based on the 10 genes, we divided the patients into three categories (�gure 2d) and analysed the overall survival
(OS) between them and found P<0.001 (�gure 2e).
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3.2 Development and validation of a prognostic model for copper death and SARS-CoV-2 association

The analysis identi�ed 2443 differentially expressed genes between the three patient groups, which were found to be mainly
associated with T-stage, stage, and gender (�gure 3a). These genes were intersected with SARS-CoV-2-related genes, and
there were 275 intersected genes in total (�gure 3b). A single gene prognostic regression analysis was done based on the 275
genes and all 62 genes P<0.01 were associated with prognosis (�gure 3c). Using these 62 genes for lasso regression analysis
and lasso regression models (�gure 3d, 3e), four genes were �nally identi�ed as our prognostic model risk score =
SSX2IP*0.00100336665126057+RNF145*0.040899709061588+GTSE1*0.120514296049806+SLC1A5*0.166208688574242.
Patients with TCGA and GEO were scored according to these four genes. The difference in their OS was by signi�cance,
P<0.001 for the training group (�gure 3f),P=0.01 for the validation group (�gure 3g).

3.3 Analysing the effects of prognostic models

The training and validation sets were analysed for area under the curve (AUC) and the AUC for the training set was found to
be 0.804 (�gure 4a), a very high value, and 0.676 (�gure 4b) for the validation set. PCA (�gure 4c-d) and t-SNE (�gure 4e-f)
analyses of patients in the high-risk and low-risk groups demonstrated a signi�cantly different distribution of patients in the
two groups. The validity of our model was further con�rmed. Finally, we did a single-factor regression analysis (�gure 4g) and
a multi-factor regression analysis (�gure 4h) of the riskscore. Again, it was validated that our riskscore can be used as an
independent predictor of patient prognosis as well as clinical characteristics.

3.4 Clinical correlation and associated pathway analysis of 4 genes

SSX2IP, RNF145, GTSE1, SLC1A5 major T staging, stage staging, grade grading, gender related (�gure 5a) were found. After
this, all differential genes were analysed for related pathways and found to be enriched in the Biological Process mainly in the
fatty acid metabolic, mitotic nuclear division pathway, and in the Cellular Component mainly in the chromosome, The cellular
component was mainly enriched in chromosome, centromeric region, collagen-containing extracellulae. oxidoreductase
activity, acting on CH-OH group of donors was enriched in Molecular Function (�gure 5b, 5c). In KEGG-related pathways, the
main focus is on Metabolism of xenobiotics by cytochrome P450, Drug metabolism - cytochrome P450, etc. (�gure 5d, 5e ).

3.5 Analysis of immune in�ltration of TCGA and GEO

Analysis of 16 immune cells and corresponding immune pathways in patients with TCGA showed that aDCs, iDCs,
macrophages, neutrophils, NK cells, T helper cells, Tfh, Th2 cells, TIL and Treg cells were signi�cantly elevated in the high-risk
group (�gure 6a). . There were also corresponding differences in 11 of the 13 immune pathways (�gure 6c). This suggests
that immune factors may be an important factor in the prognosis of patients. Correspondingly, �ve immune cells were also
upregulated in the high-risk group in patients with GEO (�gure 6b), and eight immune-related pathways were also differentially
represented (�gure 6d).

3.6 Predicting drug sensitivity and drug correlation analysis

By predicting 12 drugs, we found that six were more effective for the low-risk group (�gure 7a-f) and, similarly, six were more
effective for the high-risk group (�gure 7g-l). Drug correlations were analysed for four genes and �gure 8 showed that 16
drugs were associated with different genes.

4. Discussion
In this study, we �rst analysed their expression in hepatocellular carcinoma species through the 10 copper death-related genes
obtained. It turned out that all genes were differentially expressed in the tumours. Afterwards, these 10 genes were used to
classify patients into 3 categories, and there was a difference in survival between these 3 categories of patients. Currently, the
world is in the midst of a covid-19 epidemic. To further investigate copper death and covid-19-related genes in the prognosis
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of patients with hepatocellular carcinoma, we have developed a prognostic model consisting of four labels, which has been
validated by an external dataset.

There are four genes(SSX2IP, GTSE1, SLC1A5, RNF145) in our copper death and Covid-19 related prognostic model. Three of
four(SSX2IP, GTSE1, SLC1A5) have been shown to be associated with the development or metastasis of liver cancer[27-33].
And RNF145 regulates cholesterol in cells through the sterol-responsive Liver X Receptors (LXRs)[34]. LXRs play a critical role
in regulating cellular cholesterol. It was found that inactivation or knockdown of RNF145 expression enhanced cholesterol
biosynthesis gene expression and increased liver and plasma cholesterol levels[35]. RNF145 controls cholesterol levels
through intact SREBP signaling(SREBP2). Studies suggest that RNF145 is associated with cholesterol regulation[36, 37]. A
study in Xinjiang, China, showed that mutations in RNF145 affect changes in blood lipids[38]. Diets high in cholesterol
promote the progression of liver cancer through the Penny Flora[39]. Similarly, dietary cholesterol promotes steatohepatitis-
associated hepatocellular carcinoma through metabolic dysregulation and calcium signaling[40]. Therefore, RNF145 can
indirectly in�uence the development of hepatocellular carcinoma by affecting cholesterol and thus hepatocellular carcinoma.
In our study, the coe�cient of RNF145 was only 0.04, which is much different compared to GTSE1, SLC1A5. On the other
hand, RNF145 is mainly associated with cholesterol transport and in�uences the concentration of cholesterol in the blood. So
this prognostic model associated with copper death and SARS-CoV-2, is still reliable.

Synovial sarcoma, X breakpoint 2 interacting protein (SSX2IP) is also expressed in many cancers and its high expression
shows poor patient prognosis [27, 41-43]. SSX2IP has been shown to be a potential target for immunotherapy in
leukaemia[42]. High expression of SSX2IP in hepatocellular carcinoma would imply larger tumors, more cancer thrombi, and
shorter survival times. Also, elevated expression of this gene promotes hepatocellular carcinoma metastasis in the
peritoneum and liver metastasis. High expression of SSX2IP stimulates wound healing, metastasis, and invasion of
hepatocellular carcinoma cells and reduces the sensitivity of hepatocellular carcinoma cells to 5-Fu and CDDP[27]. SSX2IP is
predominantly positively correlated in our model. It has also been demonstrated in previous studies that upregulation of
SSX2IP further promotes metastasis and drug resistance in hepatocellular carcinoma. This is consistent with the results
analysed in this model.

The G2 and S phase-expressed-1 (GTSE1) is speci�cally expressed in the G2 and S phases of the cell cycle and it is located
on chromosome 22q13.2-q13.3 [44]. A study found that the protein GTSE1 is predominantly located in the cytoplasm and is
associated with the activity of cytoplasmic microtubule proteins and microtubules during mitosis[45]. Chromosome
movement and spindle integrity are key steps in mitosis, and GTSE1 is a key regulator in this process[46]. In addition, GTSE1
is able to degrade P53 by binding to it and transporting it out of the nucleus [47, 48]. GTSE1 has been shown to be
overexpressed in HCC and to act as a marker of poor prognosis. It not only reduces the sensitivity of HCC cells to 5-FU but
also promotes malignant biological behavior of HCC by increasing the proliferation and metastatic capacity of HCC and
upregulating it[28-30]. The patient treated with cisplatin for myeloma had his GTSE1 upregulated in the cells, leading to drug
resistance. Patients treated with cisplatin for myeloma had their GTSE1 upregulated in cells, leading to drug resistance[49]. In
addition, GTSE1 was able to inhibit apoptotic signaling of P53 in cells after cisplatin treatment in patients with gastric
cancer[50]. It has been demonstrated that GTSE1 promotes metastasis, growth and confers multidrug resistance in breast
cancer when upregulated[51-53]. The analysis revealed that GTSE1 is in this model and his upregulation promotes the
progression of hepatocellular carcinoma. Interestingly, of all the studies that have been con�rmed, we found that GTSE1 also
promotes the progression of hepatocellular carcinoma.

SLC1A5 is a key component of the amino acid exchanger, which is also one of the genes with the highest aberrant expression
and lymphocyte activation in cancer cells [54-59]. SLC1A5 is interrelated with DDR1 and regulates hepatocellular carcinoma
progression through the mTORC1 signaling pathway. expression of SLC1A5 and DDR1 are positively correlated. in HCC DDR1
and SLC1A5 are upregulated [31, 60]. The STAT3-MYC axis has been reported to promote leukaemia stem cell survival, which
is achieved through regulation of SLC1A5 and oxidative phosphorylation[61]. In addition, in the immune microenvironment,
SLC1A5 is altered by the uptake of glutamine and thus the microenvironment. Therefore this would be a target for enhancing
anti-tumour immune function[62]. In previous studies SLC1A5 has been shown to promote the development of hepatocellular
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carcinoma mainly through the metabolism of glutamine. According to the model we have analysed, SLC1A5 also promotes
hepatocellular carcinoma. The results of these two studies are equally consistent.

In summary, this study developed a prognostic model based on copper death and SARS-CoV-2 related genes. This model
consisted of four genes. Three of these genes are directly in�uencing the development of hepatocellular carcinoma, while
RNF145 is in�uencing cholesterol metabolism and thus indirectly in�uencing hepatocellular carcinoma. This prognostic
model is therefore very reliable.

5. Conclusion
In this study, we have developed a prognostic model through copper death and SARS-CoV-2 related genes. This prognostic
model has a high predictive power. Also, three of the four genes in the model have been directly involved in the development
of liver cancer. And 1 gene is indirectly involved.
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  TCGA GSE54236

Number 377 81

Survival time average 809.75 292.74

Age average 59.45 \

Grade1 55 \

Grade 2 108 \

Grade 3 124 \

Grade 4 13 \

Unknow 5 \

Stage I 175 \

Stage II 87 \

Stage III 86 \

Stage IV 5 \

Unknow 24 \

T1 185 \

T2 95 \

T3 81 \

T4 13 \

Unknow 3 \

M0 272 \

M1 4 \

Unknow 101 \

N0 257 \

N1 4 \

Unknow 116 \
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Figure 1

work of �ow in this study
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Figure 2

Identi�cation of differentially expressed genes a Expression of 10 copper death-associated genes in hepatocellular
carcinoma b Box line plot of differential expression of 10 copper death-related genes in normal tissue and hepatocellular
carcinoma c Correlation between 10 copper death-associated genes d Breakdown of the three categories of patients e
Kaplan-Meier curve between three types of patients.
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Figure 3

Identi�cation and validation of prognostic models (a) Heat map of differential gene expression pro�les and clinical features,
(b) Intersecting genes for differential and COVID-19-related genes, (c) Genes associated with prognosis, (d) lasso regression
analysis and(e) lasso regression models, (f) Kaplan-Meier curve for the training group (TCGA)and(g)the testing group (GEO).
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Figure 4

Area under the curve for the training(a) and validation groups(b), PCA for the training(c) and validation groups(d), t-SNE for
the training(e) and validation groups(f), A forest plot of univariate Cox regression analysis in the cohorts(g). A forest plot of
multivariate Cox regression analysis in the cohorts(h).
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Figure 5

(a) Heat map of 4 prognostic model genes and clinical features, (b) GO clustering map of differential genes, (c) GO bubble
plots for the top 30 genes, (d) KEGG clustering map of differential genes, (f) KEGG bubble plots for the top 30 genes.
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Figure 6

In�ltration of 16 types of immune cells in TCGA(a) and GEO(b), Differential expression of 13 immune-related pathways in
TCGA(c) and GEO(d).
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Figure 7

Differences in sensitivity between the 12 drugs in the high and low risk groups.
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Figure 8

Correlation between genes and drugs


