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Abstract
A new mode of cell death, disul�dptosis, has been discovered. Clinical prognostic signi�cance of
disul�dptosis related pattern in hepatocellular carcinoma(HCC). In this study, a risk score model was
established based on disul�dptosis model to analyze the role of risk score in clinical prognosis, immune
cell in�ltration, drug sensitivity and immunotherapy response. Disul�dptosis subtype were constructed
based on the transcriptional pro�les of 15 disul�dptosis-related genes(DRGs). All 601 samples were
de�ned as high risk group(HRG) and low risk group(LRG) based on the disul�dptosis risk score. Drug
sensitivity and response to immunotherapy were calculated by immunophenotypic score(IPS), tumor
prediction, tumor immune dysfunction and rejection(TIDE). RT-qPCR was used to determine the mRNA
level of disul�dptosis prognostic gene. Risk groups was identi�ed as potential predictors of immune cell
in�ltration, drug sensitivity, and immunotherapy responsiveness. HRG may bene�t from immunotherapy.
Classi�cation is very effective in predicting the prognosis and therapeutic effect of patients, and provides
a reference for accurate individualized treatment. This study suggests that new biomarkers related to
Disul�dptosis can be used in clinical diagnosis of liver cancer to predict prognosis and treatment targets.

Introduction
HCC is the most common liver tumor with the highest degree of malignancy, and its incidence is
increasing year by year. HCC already ranks third among cancer deaths[1]. Among the causative factors of
hepatocellular carcinoma, hepatitis B virus, hepatitis C, a�atoxin exposure and nonalcoholic
steatohepatitis are the most dangerous[2]. Clinical treatment of hepatocellular carcinoma has been a
problem that has plagued mankind. Despite efforts in treating hepatocellular carcinoma, recurrence and
metastasis rates remain high in most patients[3]. Immune checkpoint inhibitor(ICI) therapy against PD-
1/PD-L1, CTLA-4 has progressed in various cancers[4]. Nivolumab(PD1 inhibitor) has prolonged patient
survival to some extent, but is effective in less than 20% of patients with hepatocellular carcinoma[5].
Therefore, there is an urgent need to understand the combination of patient strati�cation and biomarkers
to improve hepatocellular carcinoma treatment outcomes.

Accidental cell death(ACD) and regulatory cell death(RCD) are common types of cell death[6]. Apoptosis
is involved in a variety of pathophysiological processes, including tumor progression and in vivo
stabilization[7]. In recent years, many emerging modalities of RCD have attracted signi�cant attention,
including: apoptosis, necroptosis, cytoplasmic division, iron death cuproptosis, autophagy-dependent cell
death, immunogenic cell death, basal prolapse, lysosome-dependent cell death, endogenous cell death,
reticulocyte death, etc[8, 9]. Induction of tumor cell apoptosis is the key to target cell survival or
proliferation pathways, and is an important tool for tumor microenvironment therapy[10]. The inhibitory
role of the death inhibitor RIPK3 in colorectal cancer has been reported, and reduced RIPK3 expression
signi�cantly reduces OS[11]. Ferroptosis has the ability to activate immune cells in tumors by delivering
chemotactic signals, and iron death inducers play a role in suppressing tumor immunotherapy[12].
Recently, a study by Xiaoguang Liu et al. identi�ed a new mode of cell death: disul�dptosis[13]. This
study found that disul�destress caused by excessive intracellular cystine accumulation can cause rapid
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cell death. In glucose-de�cient cancer cells with high expression of SLC7A11, the accumulation of
disul�de material disrupts the normal binding of disul�de bonds between cytoskeletal proteins, resulting
in the collapse of the histone skeleton and cell death. So far, the role of disul�dptosis in HCC is unclear.

In this study, we establish a risk score for disul�dptosis-related patterns to predict prognosis and guide
clinical treatment. First, two disul�dptosis subtypes were identi�ed to be associated with survival and
immune in�ltration. Risk scores were constructed on the basis of differentially expressed genes(DEGs)
and were found to be accurate in predicting clinical prognosis, immune in�ltration, tumor mutation
compliance, and immunotherapy response. Our study successfully demonstrated the role of
disul�dptosis patterns in HCC in prognosis prediction, immune in�ltration, and immunotherapy response.
It provides new ideas and methods for clinical immunotherapy planning and patient management.

Materials And Methods

Sample collection and processing
Patients' data were obtained from the TCGA(http://portal.gdc.cancer.gov/repository) and ICGC
databases(https://dcc.icgc.org/). Mutation information for TCGA samples was also downloaded. The
221 HCC samples downloaded from GSE14520 in the GEO database were used as an external validation
dataset. The "SVA" R software package was used to standardize the patient data from the TCGA-
LIHC(371 samples) and ICGC-LIRI-JP(231 samples).

Consensus Clustering Analysis For Disul�dptosis-related Genes
15 DRGs(FLNA, FLNB, MYH9, TLN1, ACTB, MYL6, MYH10, CAPZB, DSTN, IQGAP1, ACTN4, PDLIM1,
CD2AP, INF2, SLC7A11) were obtained from Liu's study[13]. The data were clustered and scored based on
the expression pro�les of the 15 DRGs using the "ConsensusClusterPlus" R package for consistency
analysis. "Survival" R was used to analyze the survival differences between clusters. Heatmap can re�ect
the differences in clinical characteristics between clusters, and "pheatmap" was used to complete the
analysis.

Assessment Of The Tumor Microenvironment Of Molecular Subtypes
To examine the correlation between subtypes identi�ed by clustering and the presence of TME,
imputation was used to assess all sample scores. TME scores, matrix scores, and immune scores were
derived for all HCC patients using the R “ESTIMATE” procedure package. To evaluate differential immune
signature in clustering, we used a single-sample gene set enrichment analysis(ssGSEA)[14]. "GSEABase"
and "GSVA" were used to achieve the immune assessment. The analysis of immune-related genes
between Clusters was applied to the "limma" R package, and the analysis results used "ggpubr" to draw
the boxplot.
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The Functional Enrichment Analysis Between Molecular Subtypes
In order to explore the potential of biological function among clusters, gene set variation analysis was
performed. Function enrichment requires "c2.cp.kegg.symbol s.gmt" and "c5.go.symbol s.gmt" data from
MSigDB. The "GSVA" package was used to identify genomic enrichment pathways. The criterion for
statistical signi�cance between clusters was set at an adjusted P < 0.05.

Identi�cation Of Differentially Expressed Genes In Disul�dptosis
Subtypes
The identi�cation of DEGs in disul�dptosis clusters was achieved by the "limma" software package. We
identi�ed DEGs between clusters based on adjusted P < 0.001 and |log2FC|>1. To investigate the possible
functional pathways of DEGs in each disul�dptosis cluster, the "clusterPro�ler" was used to analyze the
functional enrichment of GO and KEGG[15].

Establishment And Validation Of Disul�dptosis-related Prognostic
Model
To quantitatively assess the relationship between disul�dptosis pattern and HCC, the disul�dptosis-
related prognostic model was introduced. On the basis of cluster DEGs, Univariate Cox analysis was used
to identify survival-related genes in DEGs. Subsequently, we developed a prognostic risk model for
disul�dptosis using Lasso-Cox analysis. All HCC samples were de�ned as train set(n = 301) and test
set(n = 300) according to 1:1. The disul�dptosis risk score was calculated using the model equation
based on the key gene expression pro�les in the model. Model Formula: Risk socre=
(expi: gene expression, coef: gene risk factor). According to the common risk score classi�cation rules
(median method), all HCC patients participating in the study were de�ned as high-risk group and low-risk
group. The signi�cance of risk score in clinical prognosis was evaluated by Kaplan-Meier survival
analysis. The accuracy of the model prediction is veri�ed by Receiver-operator characteristic(ROC) curve.
The constructed disul�dptosis model is also veri�ed by the external dataset GSE14520.

Tumor Microenvironment And Immune Status In Risk Groups
The in�ltration characteristics of immune cells in the tumor microenvironment(TME) were quanti�ed
using the CIBERSORT(https://cibersort.stanford.edu/about.php) algorithm for 22 immune cell species.
Based on the results of the CIBERSORT algorithm, we analyzed the enrichment of immune cells in the
disul�dptosis risk group. Heatmap of correlations between immune checkpoint genes and risk scores
was analyzed using the "corrplot" R package. Futhermore, we quanti�ed the differences in TME scores
and immune-related gene expression between the two risk groups.

∑n
i=1

expi ∗ coefi
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Analysis Of Tumor Mutation And Drug Sensitivity
Tumor mutation burden(TMB) generates new immunogenicity and is thought to predict immune
checkpoint blockade response[16]. "maftools" R was used to map the mutation pro�les of two risk groups
to visualize the frequency and type of mutant genes. We used violin diagrams to visually show the
differences between risk groups on TMB. The expression data and sensitivity data of targeted drugs are
from genetics of drug sensitivity in cancer(GDSC)(https://www.cancerrxgene.org/) obtained. In order to
analyze the difference of sensitivity between the two risk groups in different therapeutic drugs, the drug
sensitivity between groups is calculated by “oncopredict” and “parallel” packages[17].

Construction And Veri�cation Of Nomogram
We designed a nomogram based on the disul�dptosis risk score to predict the prognosis of HCC.
Nomogram was constructed based on multiple clinical characteristics and risk scores of HCC patients,
and the corresponding 1, 3 and 5 year survival probabilities can be queried according to the different
scores of each patient. The "rms" R package is used to develop this nomogram. Calibration curves and
ROC curves were used to quantify the accuracy of nomogram predictions.

Quantitative Reverse Transcription Pcr(Rt-qpcr)
According to the operation details of Tissue RNA Puri�cation Kit Plus manual, the total tissue RNA of
HCC patients was extracted. EvoM-MLVRTPremixcDNASynthesis Kit(Accurate Biotechnology, China) was
used for reverse transcription of total RNA into cDNA. SYBR Green Premix Pro Taq HS qPCR
Kit(AccurateBiotechnologv. China) was added during the real-time quantitative polymerase chain
reaction. The sequence of primers used in the detection is shown in Supplementary Table S1.

Statistical Analyses
R version 4.2.2, GraphPad Prism 8 and SPSS25 were used for statistical analysis. Survival analysis was
operated by Log-rank test. The difference analysis between groups is completed by Wilcoxon test.
Spearman analysis was applied to correlation analysis. Chi-square tests or Fisher's exact tests is used for
the analysis of clinical features. The set statistical difference is: P < 0.05.

Result

Genetic ro�le of DRGs in HCC
To explore the role of DRGs in hepatocellular carcinoma, we described their genetic map. Among the 364
patients with HCC in the TCGA cohort, 26(7.14%) occurred to be regulated by disul�dptosis gene-related
mutations(Fig. 1a). The mutation frequencies of FLNB and TLN1 were higher, while SLC7A11 and other
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mutations did not occur in the samples. The CNV ampli�cation frequency of 9 genes was higher than the
deletion frequency, and the CNV deletion frequency of 6 genes was higher than the ampli�cation
frequency(Fig. 1b). The location of 15 DRGs on chromosomes was demonstrated in Fig. 1c. Compared to
normal tissues, all DRGs except MYH10 and IQGAP1 were up-regulated in HCC(Fig. 1d). Our study also
showed that the up-regulated expression of 13 DRGs suggested a poor prognosis of this
HCC(Supplementary Fig. 1). There was no difference between MYH10 and IQGAP1 in survival difference.
This suggests a role for DRGs in the prognosis of HCC patients.

Identi�cation Of A Classi�cation Pattern Of Hcc Based On The
Phenotype Of Disul�dptosis
To explore the expression characteristics of DRGs in HCC, 602 study samples from the TCCA-LIHC and
ICGC-LIRI-JP cohorts were clustered using a consensus clustering algorithm based on the expression
data of 15DRGs. Two disul�dptosis clusters A(253 samples) and B(349 samples) were obtained by
cluster analysis(Fig. 2a-c). PCA, tSNE and UAMP reduced-dimension analysis showed that the samples of
An and B types were signi�cantly clustered(Fig. 2d-f). Patients in group B had better survival in the
Kaplan-Meier curve than in group A(Fig. 2g).The heatmap showed that DRGs were more abundantly
expressed in subtype A than subtype B. The heatmap showed that DRGs were more abundantly
expressed in subtype A than subtype B(Fig. 2h).

Tme Characteristics And Immune In�ltration Between Two
Disul�dptosis Subtypes
To clarify the characteristics of the two disul�dptosis subtypes in TME, immune scores and gene
expression between the two clusters were calculated in this study. In contrast to previous perceptions,
cluster A was higher than cluster B in immune score, stromal score and ESTIMATE score(Fig. 3a). In
addition, most immune cells were more enriched in group A than in group B(Fig. 3b-c). Among them, CD8 
+ Tcells, Macrophages, NK cells, Treg, APC co-inhibition, aDCs and other immunostimulatory factors were
signi�cantly expressed in patients with subtype A.This suggests that both co-stimulators and co-
inhibitors may play their respective roles in cluster A. T cells in immune response are mainly activated by
two signaling modes: binding of MHC to T cell receptor, co-stimulation and co-inhibition of molecular
signals.Furthermore, we analyzed the expression differences of MHC-related genes, co-stimulatory/co-
inhibitory factors and immune-related genes among genotypes.The expression of most HLA family genes
was signi�cantly up-regulated in cluster A(Fig. 3d). In recent years, the newly discovered expressions of
MICA and MICB are also consistent. Co-stimulatory and co-repressor factors also showed expression
predominance in cluster A as seen in Fig. 3e-f. Therefore, we analyze the combined effect of high immune
in�ltration and immunosuppression in the tumor microenvironment of HCC.

Biological Functional Analysis Of Different Disul�dptosis Subtypes
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GSVA was applied to analyze the biological behavior of the two clusters. The samples of cluster A were
mainly enriched in a variety of cancer-related pathways, immune system-related pathways and
cytoskeleton protein-related pathways(Fig. 3g). Cluster B was enriched in biosynthesis-related
pathways(Fig. 3g). To further explore the pathway relevance of the respective gene enrichment in clusters
A and B, we used GSEA analysis. Highly expressed genes in cluster A were enriched in cytokine
interactions and ECM receptor interactions(Fig. 3h). Low expression group genes were in concentrated in
multiple amino acid metabolism and bile acid biosynthesis(Fig. 3h). Notably, the high enriched group in
the B subtype was enriched in multiple amino acid metabolism, chlorophyll metabolism and bile acid
biosynthesis(Fig. 3i). The low enriched group was mostly concentrated in cytokine interactions and ECM
receptor interactions(Fig. 3i). Cytokines play a bidirectional role in tumors. IL-18 promotes angiogenesis,
induces cancer cell proliferation and invasion, and prevents apoptosis by activating NF-κB. IL-6 similarly
promotes chronic in�ammatory carcinogenesis and drives intrinsic tumor progression. High doses of
recombinant IL-2 were approved by the FDA in 1992 and 1998 for the treatment of metastatic renal cell
carcinoma(RCC) and melanoma, respectively. The extracellular matrix(ECM) is associated with the
progression of a variety of tumors including hepatocellular carcinoma, pancreatic ductal
adenocarcinoma, and breast cancer. sclerosis of the ECM promotes cell proliferation, epithelial-
mesenchymal transition, cancer cell metastasis, and the development of drug resistance. Sclerosis of the
ECM has been reported to promote the release of tumor exosomes and activate the NORTH pathway to
promote tumor invasion.The functional enrichment of these two subtypes may be responsible for the
differences in patient prognosis.

Construction And Validation Of A Prognostic Model For Disul�dptosis
The classi�cation of disul�dptosis has great potential in the clinical prognosis of hepatocellular
carcinoma(HCC). In order to better understand the characteristics of disul�dptosis, we constructed a
prognostic model. Initially, we identi�ed 681 DEGs from the clusters and identi�ed 331 prognostic-related
genes through univariate Cox analysis(Supplementary Fig. 2 and Supplementary Table S2).
Subsequently, Lasso-Cox regression analysis was performed on 331 prognostic genes(Fig. 4a-b), and
four key genes were identi�ed �nally(Table 1). Based on these key genes, we constructed a risk score for
disul�dptosis. Risk score=(-0.1806*APOC1) + (-0.2229*IL7R) + (0.0851*SPP1) + (0.2528MYBL2). We
divided all HCC samples into high-risk and low-risk groups based on risk scores. The high disul�dptosis
risk group had a signi�cantly worse prognosis compared to those with a low disul�dptosis risk(Fig. 4c, P 
< 0.001). This result was con�rmed by Kaplan-Meier survival curves for the test and train groups(Fig. 4d-e,
P < 0.001). Risk curve analysis showed that increasing risk scores increased their risk of death(Fig. 4f).
Risk survival analysis showed increased mortality in the high-risk group of patients, whose survival time
was relatively short(Fig. 4g). In addition, we con�rmed the high accuracy of the disul�de risk score in
predicting prognosis after 1, 3 and 5 years. The area under the curve (AUC) values for the overall sample
were 0.766, 0.736 and 0.699 for 1, 3 and 5 years(Fig. 4h). The AUC values in the internal train set were
0.808(1 year), 0.749(3 years), and 0.757(5 years)(Fig. 4i). The AUC values in the test set were 0.716,
0.704, 0.637 for 1, 3 and 5 years(Fig. 4j).
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Finally, we used GSE14520 as an external independent dataset to validate the ability of the disul�dptosis
risk score. We applied a risk score based on disul�dptosis to the out validation group and divided it into
high and low risk groups. It has been proved that low-risk patients have a signi�cant survival
advantage(Fig. 4k). More importantly, the ROC curves showed a signi�cant prognostic signi�cance for
the validation set cohort, with AUC values above 0.65 at 1, 3, and 5 years(Fig. 4l). Overall, our results
demonstrate the good potential of the disul�dptosis risk score in evaluating prognosis.

Table 1
Multifactorial Cox regression analysis of prognosis-related DEGs.

id coef HR HR.95L HR.95H pvalue

APOC1 -0.18059647 0.834772147 0.731772689 0.952269123 0.00719094

IL7R -0.222889579 0.800203204 0.654681576 0.978071159 0.029519535

SPP1 0.085147213 1.088877352 1.012623953 1.170872843 0.021526195

MYBL2 0.252818907 1.287650072 1.13364786 1.462572961 0.000100197

Independent Predictive Value Of Disul�dptosis Risk Prognostic Model
We constructed a disul�dptosis risk prognostic model that demonstrated differences in survival. To
further investigate, we integrated clinical information from all samples and identi�ed three common
clinical features(age, sex, stage). Our analysis showed that stage and risk score were prognostic factors
for HCC(Fig. 5a and 5b). The ROC curves for risk score and stage showed their high accuracy in
predicting prognosis(Fig. 5c).We also found that the risk was signi�cantly lower in cluster B than in
cluster A(Fig. 5d, P < 0.001). The sankey diagram illustrated that the low-risk group primarily consisted of
patients belonging to subtype B, while most of the surviving patients originated from this group.
Conversely, patients who passed away had higher risk scores and were predominantly from subtype A,
aligning with previous analysis(Fig. 5e).

To further validate the applicability of our disul�dptosis feature model to HCC patients, we compared it
with previously reported models. In the TCGA-LIHC cohort, the Tang signature[18], Wang signature[19],
Zhang signature[20], and Deng signature[21] all demonstrated signi�cant differences in survival with P
values less than 0.01(Supplementary Fig. 2a-d). The AUC values for the four HCC feature models were all
greater than 0.60 at 3 and 5 years(Supplementary Fig. 2e-h). Comparing the ability of the disul�dptosis
feature model and the four other models to predict survival events, we found that among the C-index
values of the �ve feature models, the disul�dptosis feature model had the highest value of 0.708, which
was closer to the perfect model, followed by Tang signature(0.663), Wang signature(0.657), Deng
signature(0.659), and Zhang signature(0.604)(Fig. 5f). Additionally, the RMS value of the disul�dptosis
feature model was also the highest among the �ve models(Fig. 5g).
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Disul�dptosis Risk Score Had Considerable Potential In The
Prediction Of Tumor Treatment Effect
In this study, we analyzed the proportion of immune in�ltration between different HCC risk
groups(Supplementary Fig. 3a) and found that plasma cells were more abundantly in�ltrated in the high-
risk group(Fig. 6a, P = 0.006). The correlation between immune cells is shown in Supplementary Fig. 3b.
Activated dendritic cells(R = 0.33, P = 0.018) were positively correlated with risk score(Supplementary
Fig. 3c). CD8T cells, neutrophils, macrophages, activated CD4 memory cells and activated dendritic cells
showed signi�cant correlations with risk genes and scores(Supplementary Fig. 3d). Immune checkpoints
are important targets for immunotherapy.The expression of CTLA4, HAVCR2, ATIC and OLA1 remained
consistent with the risk score(Fig. 6b). Immunotherapy for HCC has always been a focus of attention. We
also analyzed the relationship between disul�dptosis risk groups and drug treatment. The suppressive
immune checkpoint genes CTLA4, HAVCR2, ATIC and OLA1 were higher in the high risk group(Fig. 6c, P < 
0.01). The IPS was higher in the low risk group(Fig. 6d, P < 0.01). Low risk patients have stronger
immunogenicity. In the IMvigor210 immunotherapy cohort, risk values were higher in the CR/PR(Complete
Response, Partial Response) group than in the SD/PD(Progressive Disease, Stable Disease)(Fig. 6e).
When comparing the proportions of patients with different immune therapy outcomes, We observed a
higher proportion of CR/PR patients in the high-risk group compared to the low risk group(Fig. 6f). The
lower proportion of low risk patients with high immunogenicity may be due to certain immune
suppression.

Furthermore, In addition, the TIDE score assessed the clinical response to immune checkpoint inhibitor
therapy. A high TIDE score indicates a low response to ICB and unfavorable tumor outcomes. TIDE score,
dysfunction score were lower in the high-risk group(Fig. 6g, P < 0.001). The lower composite TIDE score
obtained in the high risk group may be due to the higher proportion of immunotherapy remissions.

Analysis Of Tumor Mutations And Drug Sensitivity
Due to the increased antigenicity associated with high mutation burden, high-risk HCC tends to have a
longer survival time. Tumor mutations were relatively high in high-risk groups of TCGA-LIHC(Fig. 7a, P = 
0.05). Although the prognosis of the high mutation group was worse than the low mutation
group(Fig. 7b), its immunotherapy effect prevailed in previous experience[22]. Subsequently, we analyzed
the mutation spectrum between the high and low risk groups. The proportion of mutations observed in
the 171 high risk patients was as high as 88.89%(Fig. 7c), and the mutation rate in the 190 low risk
patients was 82.63%(Fig. 7d), with TP53, CTNNB1, TTN, MUC16, and PCLO genes having a high mutation
frequency in both risk groups.

To identify sensitive drugs for high and low risk patients, we analyzed the sensitivity of 197
chemotherapy drugs. The sensitivity results showed that Afuresertib, KRAS(G12C), Doramapimod,
Mitoxantrone, and Oxaliplatin had higher sensitivity in the high risk group(Fig. 7e-i, P < 0.001). These
drugs may improve the prognosis of high risk HCC patients with disul�dptosis. Cediranib, Dasatinib,
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Docetaxel, Paclitaxel, and Tozasertib had lower sensitivity in the high-risk group(Fig. 7j-n, P < 0.001), while
the low-risk group may bene�t from treatment with these drugs.

Construct A Nomogram To Predict The Survival Of Hcc
To better predict the prognosis of HCC, we constructed a nomogram for the disul�dptosis risk score.
According to the constructed nomogram, each patient can obtain a 1, 3 and 5 year percentage survival
coe�cient according to the sum of the corresponding scores of clinical information(Fig. 8a). The 1, 3 and
5 year survival rates of the patients with a score of 236 were 0.756, 0.496 and 0.248, respectively. The
cumulative hazard was higher in the high risk group(Fig. 8b). The calibration curve shows that the
prediction result of the nomogram was close to the actual probability(Fig. 8c). DCA analysis shows that
the nomogram and risk values have better effectiveness(Fig. 8d). The AUC values for the nomogram at 1,
3, and 5 years are 0.762, 0.743, and 0.702, respectively(Fig. 8e). The AUC values of the internal train set
are all greater than 0.75(0.804 for 1 year, 0.760 for 3 years, and 0.763 for 5 years, Supplementary Fig. 4a).
The internal test set con�rms the high accuracy of the overall survival for 1, 3, and 5 years of the
nomogram(Supplementary Fig. 4b). Additionally, in the external validation set GSE14520, the AUC values
for the nomogram predicting 1, 3, and 5 years are all greater than 0.6(Supplementary Fig. 4c). The
calibration curve shows that the internal train set, test set, and external validation set are all very close to
the actual accuracy values (Supplementary Fig. 4d-f). All of these indicate that the disul�dptosis-related
nomogram has high value in predicting the survival time of HCC patients.

Spp1 And Mybl2 Can Predict The Prognosis Of Hcc
We also analyzed the ability of four genes to predict the prognosis of HCC. The AUC of ROC curve was
APOC1(0.425), SPP1(0.651), IL7R(0.487) and MYBL2(0.636), respectively(Fig. 8f). It can be seen that
SPP1 and MYBL2 play an important role in predicting the prognosis of HCC. Based on the four
biomarkers in the disul�dptosis model, we explored their ability in HCC. First of all, we collected 10 pairs
of HCC and corresponding adjacent normal tissues for local tissue veri�cation, extracted and collected
RNA from the tissues for reverse transcription, and then used cDNA for qPCR experiment. The results of
PCR showed that the mRNA content of APOC1, SPP1 and MYBL2 in HCC tissues was higher than that in
paracancerous tissues(Fig. 8g-i). The mRNA level of IL7R is relatively low in HCC organizations(Fig. 8j).
The protein immunohistochemical staining results of APOC1, SPP1 and MYBL2 were obtained from the
HPA. It can be seen from Fig. 8k that APOC1, SPP1 and MYBL2 are moderately or highly stained in HCC
tissues and weakly stained in normal liver tissues. This is consistent with the level of mRNA.

Discussion
As a common malignant tumor, hepatocellular carcinoma is usually asymptomatic and rapidly
progressive, and the prognosis of patients is generally poor. Patients with early stage hepatocellular
carcinoma are usually treated with traditional therapies: surgical resection, radiofrequency ablation,
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TACE[23–25]. Liver transplantation is recognized as the most effective radical treatment for
hepatocellular carcinoma, but it is not yet widely available due to lack of liver resources. For patients with
advanced disease, only palliative treatment is available. In recent years, with the rise of immunotherapy,
treatment options for patients with advanced hepatocellular carcinoma have advanced signi�cantly.
Many studies have shown that the prognosis and treatment response of patients with hepatocellular
carcinoma are closely related to the immune cell component[26–31].

As a new mode of cell death, the role of disul�dptosis in tumorigenesis is unclear. Disul�de plays a
recurrent role in cancer. Reports have shown that the polymerization of disul�de bonds in mitochondria
can alter tumor progression[32]. A disul�de molybdenum disul�de(MoS2) can target cancer treatment
diagnostics when combined with a metal organic skeleton[33]. Xiaoguang Liu et al proposed that the
accumulation of disul�de in tumor cells leads to cell disintegration and death, which provides a new
direction for the treatment of tumors[13].

The current classi�cation methods regarding HCC are mainly based on the pathological characteristics of
cancer cells. With many studies, HCC subtypes based on different features can also reveal clinical
relevance and prognostic value[34, 35]. Our study classi�ed patients into 2 disul�dptosis subtypes based
on unsupervised clustering in an attempt to provide a role for discovering new feature patterns in HCC for
tumor progression and treatment.

It is found that the change of their expression can lead to differences in prognosis(except MYH10 and
IQGAP1). 13 highly expressed DRGs bring poor prognosis in patients with HCC. The expression of DRGs
with increased copy number in HCC is up-regulated, indicating that copy number ampli�cation can
promote the overexpression of the gene. In the 602 samples we included in the study, combined with
prognosis, we found that high disul�dptosis subtypes predicted a poor prognosis.

Low disul�dptosis subtype can bring better prognosis to patients. The degradation and death of redox
system of cancer cells can be saved by the accumulation of disul�de bonds in tissues and cells[36]. This
reveals the key pathway of disul�dptosis as an anti-tumor cell. We also found the immune in�ltration of
disul�dptosis subtypes in TME. It is worth noting that the high disul�dptosis subtypes had higher
immune cells and immune scores. This is different from previous perceptions. After analyzing the
stimulation mode of immune activation pathway, it was found that there was not only high expression of
CD274, ICOS and other costimulatory factors in high isul�dptosis subtypes, but also up-regulated
expression of co-suppressors such as CTLA4, BTLA, LAG3 and TIGIT. Co-signaling pathway targeting T
cells has become the main category of immunotherapy[37]. In general, the high degree of in�ltration of
CD8 + T cells often indicates a better survival prognosis. However, there was more CD8 + T cell in�ltration
in the high disul�dptosis subtype with poor prognosis. A study of melanoma found that upregulation of
CD8 + T cells was associated with shorter overall survival[28]. Colorectal cancer-related studies suggest
that hyperosmosis of CD8 + T cells leads to up-regulation of FOXP3 and down-regulation of E-cadherin,
resulting in a poor prognosis[38]. The in�ltration of CD8 + T cells may lead to further mutation and
evolution of tumor cells, thus increasing their ability of immune escape. In non-small cell lung cancer,
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high content of CD8 + T cells is consistent with tumor cell mutation load and genomic instability[39]. CD8 
+ T cell in�ltration is an important index of tumor immune surveillance. High level of CD8 + T cell
in�ltration may lead to tumor immune escape and deterioration of prognosis.

In order to explore the role of disul�dptosis features in HCC, we screened four key genes from DEGs
between subtypes: APOC1, IL7R, SPP1 and MYBL2. A prognostic risk model is constructed based on four
genetic characteristics, and its accuracy is veri�ed internally and externally. Disul�dptosis characteristic
model plays an important role in independently predicting prognosis, tumor immune in�ltration and
tumor mutation load. Compared with regular stage, disul�dptosis characteristic risk score is more
prominent in predicting prognosis. In the previous study, Tang, Wang, Zhang and and Deng constructed
four HCC prognostic models and veri�ed them. Compared with their model, the disul�dptosis
characteristic model in this study has the best ability in predicting prognosis. This con�rms the direction
of our research. Subsequently, we discussed the role of high and low risk in immunotherapy response.
Four immunosuppressive checkpoints, CTLA4, HAVCR2, ATIC and and OLA1, were upregulated in the high
disul�dptosis risk group, which may explain their poor prognosis. IPS obtains immune checkpoints from
the TCIA database(https://tcia.at/), and is often used as a reference indicator of the degree of bene�t of
immune checkpoint inhibitors[40]. The low disul�dptosis risk group showed higher IPS, and the immune
checkpoint effect may be better. In the analysis of the results of immunotherapy for metastatic bladder
cancer, it was found that the proportion of remission patients in the low disul�dptosis risk group was
lower[41]. The different result may be the immunosuppression of the tumor. The results of the TIDE score
con�rmed our conjecture that there was a higher immunosuppression score in the low disul�dptosis risk
group. This explains why the high disul�dptosis risk group bene�ts from immunotherapy. TIDE is more
accurate and effective than other indicators in predicting the prognosis of melanoma patients receiving
anti-PD1 or CTLA4 therapy[42]. Immune dysfunction score and rejection score are used to guide clinical
medication and improve the accuracy of treatment.

There is a certain correlation between TMB and tumor prognosis and survival. Some clinical trials have
shown that tumor patients with high TMB have a better prognosis when receiving immunotherapy.For
example, a study of patients with NSCLC found that patients with high TMB had longer overall survival
when treated with PD-1/PD-L1 antibodies[43]. There are similar results in colorectal cancer[44]. In our
study, patients with high disul�dptosis risk scores had more TMB and were likely to have a longer survival
period. Patients with high risk of disul�dptosis were more sensitive to Afuresertib, KRAS(G12C),
Doramapimod, Mitoxantrone and and Oxaliplatin. As a new inhibitor of AKT signal pathway, Afuresertib
can be used to treat a variety of tumors. Studies in esophageal cancer have found that Afuresertib
antagonizes tumor progression mainly by inhibiting the expression of PI3K and Akt pathway proteins[45].
Ceritinib can increase the sensitivity of Afuresertib in gastric cancer and lead to the increase of tumor cell
apoptosis[46]. Afuresertib can also signi�cantly proliferate malignant pleural mesothelioma cells[47].
Colon cancer patients with KRAS(G12C) mutations can bene�t from treatment with KRAS(G12C)
inhibitors[48]. Doramapimod is a p38 MAPK inhibitor, which can inhibit the proliferation of NSCLC by
activating p38-MAPK pathway[49]. Oxaliplatin interferes with DNA synthesis and repair by binding to
DNA, thus inhibiting the proliferation and spread of tumor cells[50]. In recent years, Oxaliplatin has been
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frequently used in gastrointestinal tumors and achieved good results[50]. These drugs have a signi�cant
inhibitory effect on tumor cells and are undoubtedly a good choice for high disul�dptosis risk.

Finally, this study studies the key genes of disul�dptosis characteristics, and SPP1 and MYBL2 have
excellent ability to predict the survival of HCC patients. SPP1(secretory phosphoprotein 1) is an acidic
glycoprotein expressed in many cell types. Its role in tumor has been widely studied[51–53]. SPP1 is
involved in the proliferation, migration, invasion and metastasis of tumor cells. Overexpression of SPP1
maintained the activation of P13K/AKT pathway in prostate cancer, while low expression inhibited the
invasion and migration of tumor cells[54]. The overexpression of SPP1 in melanoma is associated with
poor prognosis of melanoma[55]. SPP1 also plays a role in the regulation of immune process. SPP1
regulates the immune system of mice by up-regulating IL-12 and IFN γ[56]. The role and mechanism of
SPP1 in HCC has not been elucidated. Our study found that it is highly expressed in HCC and may also
play the role of oncogenes. It has been reported that MYBL2, as a transcription factor, plays a role in
tumors. MYBL2 can regulate cell proliferation and differentiation and participate in the process of cell
cycle. MYBL2 promotes the proliferation and metastasis of bladder cancer cells through high
expression[57]. ABRACL is regulated by MYBL2 transcription factors and promotes the malignant
progression of breast cancer cells[58]. OPA3 is highly expressed in HCC and participates in tumor cell
proliferation and aerobic glycolysis. MYBL2 can regulate OPA3 to increase its effect[59]. Our study also
shows that the expression of transcription factor MYBL2 in HCC is up-regulated, which may lead to poor
prognosis by enhancing the expression of oncogenes. In order to make the disul�dptosis model more
practical in clinic, we created the nomogram diagram. It can directly re�ect the survival probability of
each patient.

However, our research also has some limitations. First of all, our research needs more independent
queues and larger sample size to verify the accuracy of the model, although this study has used some
independent queues for veri�cation. Our research is a retrospective study of HCC, and we need to
continue to improve the basic experiments to verify the function and mechanism of genes, which will be
the direction of our future efforts.

Overall, our study is the �rst to combine the disul�dptosis subtype pattern with immune in�ltration in
patients with hepatocellular carcinoma. The cluster identi�cation helps to understand the immune
in�ltration of patients at different levels. We quantitatively constructed the disul�dptosis risk score, which
has an accurate predictive role in prognostic assessment of tumor patients, immunotherapy response,
and is a new biomarker for prognosis and treatment. This study also identi�ed key prognostic genes
associated with hepatocarcinogenesis and validated their expression in HCC, providing new targets and
directions for the prognosis and treatment of hepatocellular carcinoma. In summary, this study provides a
new quantitative scoring method for clinicians to develop accurate and personalized treatment plans,
which is equally applicable to prognosis prediction and immunotherapy prediction
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Figures

Figure 1

Genetic and transcriptional alterations of DRGs in HCC. aMutation frequency of DRGs in the TCGA cohort
of 364 HCC patients. bCopy number variation of 15 DRGs. c Distribution of DRGs on chromosomes. d
Expression of 15 DRGs in HCC (TCGA) tissue versus normal. *p < 0.05, *p < 0.01, *p < 0.001
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Figure 2

HCC subgroups associated with disul�dptosis. a-c Consensus matrix heat map of TCGA and ICGC cohort
samples de�ning two clusters(k = 2). d-f PCA, tSNE, and UAMP analysis showed signi�cant differences in
transcriptome between the two subtypes. g Kaplan-Meier survival curves showed signi�cant differences
between the two subtypes(P = 0.002). hHeatmap of clinical characteristics between the two subtypes.
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Figure 3

TME cell in�ltration and biological properties of two subtypes of HCC. a Differences in immune score,
stromal score and ESTIMATE score between subtypes. b, c Differences in in�ltration of 29 immune cells
between HCC subtypes. d Differences in expression of MHC family proteins between subtypes.e, f
Expression of co-stimulatory and co-repressor molecules in 2 subtypes. g Biological pathways of major
enrichment in 2 subtypes. h Pathways of enrichment of highly and lowly expressed genes in subtype A. i
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Pathways of enrichment of highly and lowly expressed genes in subtype B. *p < 0.05, *p < 0.01, *p <
0.001.

Figure 4

Construction of prognostic models for 4 genetic traits. a, b Lasso regression results of and cross-
validation errors. c-e Survival curves for risk score groups in total sample, train, and test data. f, g Survival
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status curves for risk scores. h-j ROC curves for total sample, train, and test data. k GSE14520 validation
cohort risk groups for Kaplan-Meier survival curves.

Figure 5

Survival predictive value of disul�dptosis risk model. a Forest plot of risk scores and clinical
characteristics for univariate Cox regression analysis. b Forest plot of risk scores and clinical
characteristics for multivariate Cox regression analysis. c Differences in risk scores between the two
subtypes. d ROC curves for each clinical characteristic and risk score in the disul�dptosis model. e
Association between disul�dptosis subtypes, disul�dptosis risk groups, and survival status. f Comparison
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of C-index values of the disul�dptosis trait model with the four HCC trait models. g RMS curves of the
disul�dptosis characteristic model versus the four HCC characteristic models.

Figure 6

Tumor immune in�ltration analysis with disul�dptosis risk score. a In�ltration abundance of 22 tumor
immune cells in high and low risk groups. bCorrelation between immune checkpoint genes and risk score.
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Relative percentages of 22 immune cell subsets in 1160 samples from all LUSD cohorts. Differences in
expression of AITC(c), CTLA4(d), HAVCR2(e),OLA1(f) between the two risk groups. g-j Differences in risk
scores among the four immune check treatment groups. k Differences in treatment responsiveness
among the risk groups in the IMvigor210 cohort. l Proportion of treatment response effect in different risk
groups in the IMvigor210 cohort. m TIDE scores in different risk groups. n dysfunction scores in different
risk groups.*P < 0.05.
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Figure 7

Mutation pro�le and drug sensitivity analysis of disul�dptosis risk score in HCC. a TMB differences
between risk score groups. b TMB survival curves in the TCGA cohort. c Top 20 genes in the high risk
group in terms of mutation frequency. d Top 20 genes in the low risk group in terms of mutation
frequency. e-n The relationship between risk groups and drug sensitivity.
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Figure 8

Nomogram plot construction and prognostic validation of the disul�dptosis model. a Columnar plots
predicting 1, 3, and 5 year overall survival in patients with HCC. bCumulative curves between nomogram
risk groups. c Calibration curves for nomogram-predicted survival outcomes. d DCA curves to analyze the
clinical value of each clinical feature, nomogram and risk score. e ROC curves for nomogram-predicted
overall survival. f ROC curves for four risk genes in predicting HCC prognosis. The mRNA levels of
APOC1(g), SPP1(h), MYBL2(i),IL7R(j) in 10 pairs of HCC and their paired adjacent normal tissues were
measured by real-time �uorescence quantitative PCR. k Protein expression of APOC1, SPP1, MYBL2 in
HCC and normal liver tissues. Data were obtained from the Human Protein
Atlas(http://www.proteinatlas.org) online database.
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