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INTRODUCTION 
 

Liver cancer is the sixth most commonly diagnosed 

cancer and the third deadliest [1, 2]. There are 

approximately 906,000 new cases of liver cancer and 

830,000 deaths globally every year [3]. Primary liver 

cancer is the fifth most common cancer globally and 

a leading cause of cancer-related deaths. Asian 
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ABSTRACT 
 

HCC, also known as hepatocellular carcinoma, is a frequently occurring form of cancer with an unfavorable 
prognosis. This research constructed a prognostic signature related to ubiquitination and investigated its 
correlation with the response to immunotherapy in HCC. The Molecular Signatures Database provided a 
compilation of genes associated with ubiquitination. A gene signature related to ubiquitination was obtained 
through Cox regression using the Least Absolute Shrinkage and Selection Operator method. The genetic factors 
CPY26B1, MCM10, SPINK4, and TRIM54 notably impacted the outcomes of HCC. The patients were divided into 
two groups: one group had a high risk of poor survival while the other had a low risk but a greater chance of 
controlling HCC progression. Both univariate and multivariate analyses using Cox regression found the risk 
score to be an independent predictor of HCC prognosis. Gene set enrichment analysis (GSEA) indicated 
enrichment in cell cycle and cancer-related microRNAs in high-risk groups. The tumor microenvironment (TME), 
response to immunotherapy, and effectiveness of chemotherapy medications positively correlated with the risk 
score. In the high-risk group, erlotinib showed higher IC50 values compared to the low-risk group which 
exhibited higher IC50 values for VX-11e, AKT inhibitor VIII, AT-7519, BMS345541, Bortezomib, CP466722, FMK, 
and JNK-9L. The results of RT-qPCR revealed that the expression of four UEGs was higher in tumor tissue as 
compared to normal tissue. Based on the genes that were expressed differently and associated with 
ubiquitination-related tumor categorization, we have developed a pattern of four genes and a strong 
nomogram that can predict the prognosis of HCC, which could be useful in identifying and managing HCC. 
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countries have the highest incidence rates [4]. 

Hepatocellular carcinoma (HCC) is the most common 

type of liver cancer, and it is responsible for the 

majority of liver cancer cases. As a result, the 

incidence and mortality rates of liver cancer are high 

[5, 6]. However, over the last twenty years, there has 

been significant progress in the management of HCC 

in mainland China [7, 8]. In China, a meta-analysis of 

11 studies found a 5-year survival rate of 14.8% [9]. 

A retrospective study of 2887 HCC cases diagnosed 

between 2002 and 2015 indicated a median survival 

time of 9.0 months [10]. 

 

The process of ubiquitination involves attaching a 

ubiquitin molecule to the substrate and plays a crucial 

role in the adaptive mechanisms of highly-invasive, 

rapidly-multiplying cancer cells [11–13]. E3 ligase is 

necessary for ubiquitination, as it controls a wide range 

of cellular functions by transferring ubiquitin (Ub) to 

the substrate. The control mechanism that determines 

the exactness of the procedure is strongly linked to  

the development of cancer and the advancement of 

tumors [14]. Furthermore, the ubiquitination process 

could indicate the breakdown through proteasomes 

(degradative ubiquitination) or modification of function 

(regulatory ubiquitination) [15]. The previous studies 

extensively explored the incorporation of trans-

criptomics and ubiquitination, using statistical testing 

and machine learning. This led to significant 

advancements and established ubiquitination as a 

crucial characteristic of cancer [13, 16, 17]. Aberrations 

in the ubiquitination process may contribute to the 

diverse nature of lung cancer. Targeting ubiquitin could 

lead to innovative and effective cancer treatments [18, 

19]. Therefore, it is crucial to detect resilient tumor-

related ubiquitination biomarkers, which have the 

potential to enhance the detection and prediction of 

HCC and aid in the advancement of novel therapeutic 

approaches. 

 

METHODS 
 

Data profiles 

 

The transcription statistics data, which is measured in 

fragments per kilobase of exon model per million reads 

mapped (FPKM), along with important clinical 

information such as age, sex, clinic grade, pathological 

stage, and T stage, were obtained from the Cancer 

Genome Atlas (TCGA) LIHC project. If the clinical 

grade cannot be determined as GX, it is highly 

differentiated as G1, moderately differentiated as G2, 

poorly differentiated as G3, and undifferentiated as G4. 

Pathological stage I refers to tumors that exceed 2 cm, 

but none of them affect blood vessels in the liver. They 

can spread to veins, arteries, and bile ducts. Stage II 

refers to tumors with a size exceeding 2 cm but not 

exceeding 5 cm, which have spread to blood vessels, 

veins, and arteries without lymph nodes or distant 

metastasis. Phase III tumors have a diameter greater 

than 5 cm and have not spread to lymph nodes, but may 

have spread to nearby organs or peritoneum without 

distant metastasis. Phase IV tumors have already shown 

intrahepatic metastasis or spread to surrounding organs 

and lymph nodes, or distant organ metastasis. You can 

find the relevant details in Supplementary Table 1.  

To validate the signature, we obtained an additional 

microarray dataset from the database of the 

International Cancer Genome Consortium (ICGC). We 

utilized the HCC models proposed by Liu et al., Zhang 

et al., Xie et al., and Li et al. to test and demonstrate the 

advantages of our prognostic signature related to 

ubiquitination. [20–23]. 

 

Analysis of genes related to ubiquitination using 

consensus clustering 

 

A set of 79 genes related to ubiquitination (URGs) 

was obtained from the MSigDB database. You can 

find these genes listed in Supplementary Table 2. To 

categorize HCCs based on the expression of URGs, 

an unsupervised clustering analysis was performed 

using the ConsensusClusterPlus R package. This 

analysis aimed to separate the HCCs into distinct 

clusters [24]. 

 

The correlation among molecular subtypes, clinical 

characteristics, and prognosis of HCC 

 

To determine the medical relevance of the two 

subcategories discovered through harmony gathering, 

we examined the relationships among the different 

molecular subtypes, clinicopathological characteristics, 

and prognostic outcomes. The patient’s attributes 

included age, sex, clinic grade, pathological stage, and 

T stage. To assess the differences in overall survival 

(OS) between various subtypes, we used Kaplan-Meier 

curves generated by the R packages ‘survminer’ and 

‘survival’ [25]. 

 

Clusters associated with ubiquitination in the tumor 

microenvironment 

 

The presence of immune cell infiltration in the tumor 

microenvironment (TME) of ubiquitination-associated 

clusters was determined using the CIBERSORT 

algorithm. Next, the limma algorithm was used to 

identify differences in immune and stromal cell 

categories, which were then presented through violin 
plots [26]. The R software packages, limma, and 

CIBERSORT, were utilized to display this 

information. 
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Creating and verifying a prognostic marker for 

HCC 

 

We received raw mRNA expression data from the 

TCGA-LIHC project, which we then normalized. To 

identify the downstream genes affected by URGs, we 

analyzed the ubiquitination-related clusters using the R 

limma package. We considered statistical significance 

with p-values less than 0.05 and absolute log2 fold 

change greater than 1 [26]. Univariate Cox regression 

analyses were used to classify prognostic DEGs at p < 

0.05. Then, LASSO regression and multiCox analysis 

were performed to establish a predictive signature for 

HCC [27]. 

1
prognosis index (PI) = Coe ( ) Expr( )

n

i
f i i

=
  

Patients from TCGA-LIHC were divided into low and 

high-risk subgroups based on their median risk score. 

The training set was randomly selected from half of the 

TCGA-LIHC dataset, while the other half of the 

patients were assigned as the internal test set. We 

acquired an extra microarray dataset (ICGC-LIRI-JP) 

from the ICGC database to validate the ubiquitination-

related signature as the external test set. To compare the 

survival between two groups in the training and test 

sets, we utilized the Kaplan-Meier plotter from the R 

survival package. Receiver operating characteristic 

(ROC) curves were used to assess the prognostic 

capability of the ubiquitination-associated pattern for 

hepatocellular carcinoma (HCC) survival at 1-, 3-, and 

5-year intervals with area under the curve (AUC) 

benchmarks [28]. The TCGA-LIHC dataset was used to 

present the survival outcome of individuals with HCC. 

To differentiate between low- and high-risk HCC 

patients, their separation was assessed using principal 

component analysis (PCA) and t-distributed stochastic 

neighbor embedding (t-SNE) analysis [29, 30]. To 

better understand the predictive properties of the 

signature, we performed univariate and multivariate 

Cox regression analyses to identify the independent risk 

factors for HCC. The variables taken into account in the 

analysis were the risk score, age, gender, clinical grade, 

pathological stage, and T stage. 

 

Creating and validating the nomogram 

 

To improve the predictive significance, we constructed 

a nomogram using ubiquitination-associated genes and 

novel features. We used the R packages ‘rms’ and 

‘regplot’ for this purpose [31]. To predict patient 

survival rates at 1, 3, and 5 years, the nomogram was 

utilized. The accuracy of the nomogram was assessed 
using calibration curves [32]. To evaluate the robustness 

of the predictive nomogram, we conducted ROC 

analyses [33]. 

Identification and annotation of DEG functions 

 

To investigate the possible cellular roles and enriched 

pathways of downstream genes of URGs, analyses of 

functional enrichment were conducted on the DEGs 

using the ‘cluster profiler’ R package [34], which 

included GO and KEGG. By utilizing GSEA, we were 

able to identify pathways that exhibited differential 

enrichment in low- and high-risk HCC. 

 

Analysis of subgroups with low and high risk of 

HCC 

 

By examining the link between ubiquitination-related 

patterns and clinical characteristics, we could gain 

valuable insight into the risk disparities among 

subgroups of HCC patients. To achieve this, we 

thoroughly evaluated age, gender, clinic grade, 

pathological stage, and T stage. With this information, 

we could better understand the factors that contribute to 

risk. The Kaplan-Meier method was utilized to 

investigate the differences in survival rates among HCC 

patients with varying risk levels across different 

subcategories. The results provided valuable insights 

into the disparities in HCC patient outcomes. 

 

Analysis of TME and the response to 

immunotherapy in HCC with varying risk levels 

 

Pearson’s coefficient was utilized to assess the 

relationship between the ubiquitination-associated pattern 

and genes involved in immune regulation, immune 

checkpoint, and diverse immune cell types. Timer, Xcell, 

Quantiseq, MCPcounter, EPIC, and Cibersort procedures 

[35–39] were utilized to create a bubble chart illustrating 

the infiltration of immune cells in low- and high-risk 

HCC. The calculation of TIDE scores was performed  

to forecast the response to immunotherapy. The 

effectiveness of a possible anti-PD-1 treatment was 

assessed by analyzing the IMvigor 210 cohort [40]. 

 

Assessment of the susceptibility to drugs in 

hepatocellular carcinoma (HCC) with varying levels 

of risk 

 

To forecast the sensitivity of drugs in HCC patients 

with varying risks, the R package called ‘pRRophetic’ 

was utilized [41]. The raw dataset was obtained from 

the GDSC database, with the half-maximal inhibitory 

concentration (IC50) serving as the reference point. 

 

RT-qPCR 

 
TRIzol was utilized to extract Total RNA from both 

Tumor tissue and normal tissue, which was then 

reverse-transcribed into cDNA. The qPCR master mix 
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was utilized for RT-qPCR. The experiments were 

repeated three times at least, and the Ct values were 

standardized to the internal reference gene, GAPDH, 

using the 2−ΔΔCT technique. 

 

The following primer sequences were used: 5′-GGAG 

CGAGATCCCTCCAAAAT-3′ (forward) and 5′-GGCT 

GTTGTCATACTTCTCATGG-3′ (reverse) for GAPDH; 

5′-GGCAACGTGTTCAAGACGC-3′ (forward) and  

5′- TGCTCGCCCATGAGGATCT-3′ (reverse) for 

CYP26B1; 5′-TGTCCCTGCGCTACCAAGA-3′ 

(forward) and 5′-GATGAGCTTTTGGGATCTGGAG-

3′ (reverse) for MCM10; 5′-CAGTGGGTAATCGCC 

CTGG-3′ (forward) and 5′-CACAGATGGGCATTCT 

TGAGAAA-3′ (reverse) for SPINK4; and 5′-ATC 

GTGCAGGCATGAGGTTG-3′ (forward) and 5′-CCTC 

GCACATGAGGTGCTG-3′ (reverse) for TRIM54. 

 

 Immunohistochemistry 

 

Immunohistochemistry was utilized to investigate the 

expression of CYP26B1, MCM10, SPINK4, and 

TRIM54 in liver tissue. Tumor tissues were collected 

from patients after surgery confirmed HCC by pathology. 

Normal tissues were collected from patients after surgery 

confirmed not HCC by pathology. All patients were 

informed consent before surgery. Formalin-fixed, 

paraffin-embedded sections (5 μm) were treated with 

xylene to remove the wax and subsequently rehydrated in 

a descending gradient of alcohol solutions. Sections were 

then incubated with sodium citrate (0.01 mol/L, pH 6.0) 

at 100°C for 15 minutes to repair the antigen. To 

eliminate the influence of endogenous peroxidases, 3% 

hydrogen peroxide was used. The sections were then 

blocked and incubated with antibodies overnight at 4°C. 

Following this, the sections were washed and incubated 

with secondary antibodies for 2 hours at 37°C. The 

immunocomplexes were visualized as brown pigments 

using diaminobenzidine. After staining with hematoxylin, 

the slides were dehydrated with alcohol and cleared in 

xylene. Representative images were captured with light 

microscopy. 

 

Statistical analysis 

 

All calculations and statistical data were generated with 

the R software (version 4.0.3). p < 0.05 was deemed to 

be statistically significant. 

 

RESULTS 
 

Detecting clusters associated with ubiquitination in 

HCC 

 

To comprehend the importance of URGs in the process 

of tumor development, we employed a consensus 

clustering algorithm to categorize HCC based on the 

mRNA expression of 79 URGs. Figure 1A, 1B 

displayed the agreement cumulative distribution 

function (CDF) of reliable clustering for values of k 

ranging from 2 to 9. The cohort in our dataset was 

organized into clusters 1 and 2 (Figure 1C), with k = 2 

being deemed the optimal selection. We separated the 

HCCs from the TCGA-LIHC project into two clusters. 

Compared with cluster 1, cluster 2 has a better 

prognosis. Cluster 1 showed higher clinical grade, 

pathological stage, and T-stage, indicating a possible 

association between cluster 1 and increased tumor 

stage in HCC. According to the data presented in 

Figure 1D–1F, cluster 2 exhibited a stronger 

association with a lower T stage, pathological stage, 

and clinic grade compared to cluster 1. Cluster 2 

exhibited a greater survival rate than cluster 1 based on 

the Kaplan–Meier curve (p = 0.006; Figure 1G), 

indicating that lower T staging, pathological staging, 

and clinical grading are associated with good 

prognosis. Furthermore, the clinicopathological 

distributions of the various HCC subtypes 

demonstrated significant variations in URG expression 

and clinicopathological features (Figure 1H), which 

reminded us to further study the relationship between 

URG expression and the prognosis of HCCs. 

 

According to the CIBERSORT algorithm, cluster 2 

exhibited a notable increase in immune cell infiltration, 

specifically M1 macrophages, masting cells, M2 

macrophages, Monocytes, and resting CD4 memory 

T cells, in comparison to cluster 1 (Figure 2). 

 

Identification and validation of a prognostic 

signature related to ubiquitination in HCC 

 

Limma, a preset program of R, was utilized to identify 

ubiquitination-related DEGs to understand the 

biological function of the ubiquitination process. To 

understand the potential interrelation between survival 

rate and gene expression of patients, we analyzed the 

prognostic significance of DEGs during the progression 

of HCC. Univariate Cox regression analysis was 

utilized to examine the correlation between two survival 

clusters and gene expression levels. The analysis of 

LASSO Cox regression confirmed the strong gene 

signature associated with ubiquitination. Through 

LASSO analysis, a set of 7 genes was identified (Figure 

3A, 3B) that can be utilized for the development of  

a prognostic model. Subsequently, a 4-gene signature 

(CYP26B1, MCM10, SPINK4, and TRIM54) was 

obtained by conducting a multiCox analysis. Based on 

Figure 3C, HCC patients were categorized into low- and 
high-risk groups using the median value. According to 

our maps indicating survival and risk status, the groups 

classified as high-risk experienced a higher number of 
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fatalities compared to the low-risk groups. Figure 3D 

shows a heatmap that was created to exhibit the levels 

of expression of different expressed URGs in both 

groups. Furthermore, a significant distinction was noted 

between the two groups via t-SNE and PCA 

examination (Figure 3E, 3F). According to Figure 3G, 

the curve of Kaplan–Meier showed a notable variation 

in OS between the low- and high-risk groups 

(p < 0.001). To assess the predictiveness of the HCC 

signature, we generated ROC curves. The analysis of 

the ROC curve showed a notable prognostic impact for 

HCC using the risk model, with AUC values of 0.784, 

0.730, and 0.773 for 1-, 3-, and 5-year survival, 

respectively (Figure 3H), indicating that patients who 

had low risk experienced better prognosis compared to 

those with high risk. 

 

 

 
Figure 1. Clinical pathology and prognostic value of two distinct subgroups of patients divided by consistent clustering.  

(A) Consensus CDF in consistent clustering (k = 2–9). (B) Delta area curve of consensus clustering. (C) Consensus clustering matrix. (D–F) 
Differences in clinical pathology features between the two clusters. C1, cluster 1; C2, cluster 2. (G) Kaplan–Meier (K–M) survival analysis of 
the three subgroups. (H) Heatmap of DEG expression profiles in three subgroups. 
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The construction and verification of the risk 

signature 

 

To ensure the stability and precision of the prediction 

signature, we evenly split all HCC patients in TCGA-

LIHC into the internal training and test set. We 

obtained an additional microarray dataset (ICGC-

LIRI-JP) from the ICGC database as an external test 

set for validating the risk-related signature. Survival 

analysis using the K-M method was performed on the 

internal-test set, internal-all set, and external-test set. 

We found that low-risk HCC patients had a 

considerably more favorable prognosis compared to 

high-risk HCC patients (p = 0.010, p < 0.001, and  

p < 0.001, respectively) (Figure 4A–4C). The analysis 

of the ROC curve demonstrated that the AUCs  

of survival rate in the internal-test set were 0.753  

(1-year), 0.706 (3-year), and 0.681 (5-year). In the 

internal-all set, the AUCs were 0.762 (1-year), 0.702 

(3-year), and 0.673 (5-year). Furthermore, in the 

external-test set, the AUCs were 0.736 (1-year), 0.716 

(3-years), and 0.856 (5-years), indicating the 

consistent and reliable predictive ability of the 

signature (Figure 4D, 4E). These results further 

confirmed that the prognosis of high-risk patients was 

worse than low-risk patients. 

 

 

 
Figure 2. Infiltration of immune cells in the two groups. The two clusters display a violin plot illustrating dendritic cells, M0 

macrophages, M1 macrophages, M2 macrophages, resting mast cells, monocytes, CD4 memory-activated T cells, CD4 memory resting 
T cells, and regulatory T cells (Tregs). Cluster 1 is referred to as C1, while Cluster 2 is known as C2. 
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Evaluation of the practical usefulness of the 

prognostic indicator 

 

Afterward, an examination was conducted to explore 

the correlation between the clinical attributes and risk 

scores. Subgroup analysis was conducted to validate the 

trustworthiness of the risk model. We confirmed the 

variations in survival rates among different cancer 

subgroups, such as age, gender, Grade stage, T stage, 

and clinic stage (Figure 5). The results indicate that 

 

 
 

Figure 3. Creation of a signature related to ubiquitination from four genes in various clusters of HCC patients.  LASSO Cox 

regression analysis penalizes genes that are expressed differentially (DEGs). (A, B) Cross-validation of potential genes using the lowest 
lambda value. (C) The risk score determines the survival time and status of every patient with HCC. (D) The expression of the four URGs in 
the low- and high-risk groups can be visualized through a heatmap. (E, F) Analysis of the signature using principal component analysis (PCA) 
and t-distributed stochastic neighbor embedding (t-SNE) was performed. (G) Comparative analysis of survival rates in two different risk 
subcategories. (H) The accuracy of the signature can be evaluated by analyzing the ROC curves for 1, 3, and 5 years. 
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compared to the low-risk group, the high-risk group had 

a more unfavorable prognosis. Multivariate Cox 

analysis demonstrated that our risk-related signature 

possessed autonomous predictive significance. The 

existing analysis of additional stratification for different 

clinical features had also established robust prediction 

capabilities for signature. 

The construction and verification of the prognostic 

nomogram 

 

Compared to another four published signatures for 

HCC, our signature had more advantages. To assess the 

precision and consistency of the predictive signature, 

we discovered that our signature had a concordance 

 

 
 

Figure 4. Validation of the risk signature. Survival analysis using the K-M method was performed on three different sets: the TCGA-test 

set (A, D), the TCGA-all set (B, E), and the ICGC-LIRI-JP set (C, F). To assess the precision of the signature, we utilized ROC curves for 1-, 3-, 
and 5-year intervals. 
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index (C-index) of 0.7, which outperformed the C-index 

values of the other four predictive signatures for HCC 

(0.631, 0.658, 0.624, 0.641, respectively) as shown in 

Figure 6A. Risk scores were considered as independent 

analytical indicators by using analyses of multivariate 

and univariate Cox regression (Figure 6B, 6C). A 

prognostic nomogram was utilized to generate distinct 

numerical probabilities for OS (Figure 6D), with 

considering various risk scores and clinical characters. 

We generated the calibration curve of the nomogram, 

and accurately predicted the 1, 3, and 5-year OS in 

comparison to the ideal model (Figure 6E). ROC curves 

were employed to assess the accuracy of the prognostic 

of the nomogram and the other signatures. As was 

shown in Figure 6F–6H, the AUC values for survival 

were 0.649 (1-year), 0.744 (3-year), and 0.811 (5-year). 

The nomogram had a stronger long-term predictive 

ability for prognosis than risk scores and other clinical 

characters. 

 

Analyzing the immune response variations within 

different subcategories 

 

Prior research has indicated that tumor micro-

environment (TME) plays an important role in the 

progression of tumors. To examine the variations  

in immune-related annotations and immune cell 

infiltration among subtypes, we conducted ssGSEA. 

Using seven distinct algorithms, we estimated the 

variances in infiltration of immune cells among 

subtypes, as depicted in Figure 7A. The bubble chart 

demonstrated the correlation between the immune cells 

and risk score. According to the prior investigation, we 

categorized individuals with HCC into four subtypes of 

 

 
 

Figure 5. Comparative survival analysis among high- and low-risk groups across various clinical subgroups. 
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tumor immune microenvironment (TIME), which are 

immune activation (C1), immune suppression (C2), 

immune exclusion (C3), and immune residence (C4) 

phenotypes (as shown in Figure 7B). The C1 and C2 

subtypes have a higher proportion of individuals in the 

group of high-risk, whereas the C3 and C4 subtypes 

have a higher proportion of individuals in the group of 

low-risk. In the low-risk subgroup, B cells, DC, CD8+ 

T cells, neutrophils, mast cells, NK cells, T helper cells, 

pDC, and TIL infiltrated more frequently, whereas 

aDCs, Th1 cells, iDC, Th2 cells, macrophages, Tfh, and 

Tregs infiltrated more frequently in the group of  

high-risk (Figure 7C). The group of low-risk typically 

exhibited greater significance in terms of CCR, 

cytolytic function, promotion of inflammation, response 

to Type I IFN, response to Type II IFN, and co-

stimulation of T cells. Figure 7D demonstrates that the 

high-risk group typically exhibits greater importance in 

terms of other immune-related functions. High TIDE 

was also linked to the low-risk score (Figure 7E). 

Immunotherapy responses were significantly correlated 

with groups containing low- and high-risk samples, and 

it was observed that therapy responses were better in 

HCC patients classified as high-risk (Figure 7F). 

 

Conducting functional enrichment analysis for HCC 

with high and low risk 

 

To further explore the presumed cellular role and 

pathway of HCC patients at high and low risk, the 

 

 
 

Figure 6. Assessing the durability of the gene signature associated with ubiquitination and creating the nomogram.  (A) 

Evaluating four HCC models for comparison. (B) Cox analysis for TCGA-all set, considering only one variable at a time. (C) Cox analysis for 
TCGA-all set, considering multiple variables as independent factors. (D) The risk score and clinicopathological factors were used to create a 
predictive nomogram. (E) Calibration curves were created to compare the suggested nomogram with a perfect model. ROC curve analysis 
using multiple indices was conducted to examine the clinicopathological manifestations and nomogram for survival at 1-, 3-, and 5-year 
intervals (F–H). 
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DEGs between the two subgroups were determined 

using the benchmarks of FDR < 0.05 and p < 0.05. 

According to the BP analysis, the three most enriched 

functions were processes related to the division of 

organelles, processes related to nuclear division, and 

processes related to chromosome segregation (Figure 

8A). According to the CC analysis, the chromosomal 

region, spindle, and microtubule were identified as the 

 

 
 

Figure 7. Evaluation of the infiltration of immune cells. (A) The XCELL, TIMER, QUANTISEQ, MCPCOUNTER, EPIC, CIBERSORT-ABS, 
and CIBERSORT algorithms were utilized to conduct correlation analysis between risk score and various immune cells. (B) The prevalence of 
TIME subtypes among TCGA patients. (C) Graphical representation of the infiltration of immune cells using a boxplot. (D) Boxplot 
illustrating the functionality of the immune system. (E) The TIDE score difference between the high-risk and low-risk groups. (F) Evaluating 
the risk score between the CR/PR and SD/PD groups. CR represents complete response, PR represents partial response, SD represents 
stable disease, and PD represents progressive disease. 
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three most enriched functions (Figure 8A, 8B). 

According to the MF analysis, it was confirmed that the 

functions of binding to tubulin, binding to microtubules, 

and hydrolyzing ATP were the most enriched activities 

(as shown in Figure 8A, 8B). Based on the KEGG 

analysis, the five most enriched pathways were cell 

cycle, microRNAs in cancer, cellular senescence, 

oocyte meiosis, and infection of human T-cell leukemia 

virus 1 (as shown in Figure 8C, 8D). These four URGs 

may utilize the P53 signaling pathway as a potential 

 

 
 

Figure 8. Investigation of the gene signature related to ubiquitination in the entire TCGA dataset using functional analyses.  

(A, B) Performing GO enrichment analysis on differentially expressed genes (DEGs) between the high-risk and low-risk groups. (C, D) 
Performing KEGG enrichment analysis on differentially expressed genes (DEGs) between the high-risk and low-risk groups. (E) Analysis of 
gene set variation (GSVA) in the high-risk and low-risk groups. 
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pathway. Furthermore, as depicted in Figure 8E, the 

GSVA heatmap revealed notable variations in 

enrichment functions between the high and low-risk 

cohorts. 

 

Anticipating responsiveness to chemotherapy 

medications 

 

At present, chemotherapy continues to be the primary 

approach for adjuvant treatment in patients diagnosed 

with HCC. Nevertheless, numerous individuals tend to 

acquire resistance to medications used in chemotherapy. 

In this present investigation, we anticipated the reaction 

of subsets to specific chemotherapy medications 

(Figure 9). The findings indicated that VX-11e, AKT 

inhibitor VIII, AT-7519, BMS345541, Bortezomib, 

CP466722, FMK, and JNK-9L exhibited greater 

effectiveness in treating low-risk HCC patients, 

implying potential benefits for this specific group of 

patients. Furthermore, it was discovered that HCC 

patients at high risk exhibited elevated estimated IC50s 

for erlotinib compared to those at low risk. 

 

Real-time quantitative polymerase chain reaction 

 

Predictive biomarkers for HCC were confirmed to be 

four genes that formed the ubiquitination-related 

signature. As shown in Figure 10, the mRNA 

expression of CYP26B1, MCM10, SPINK4, and 

TRIM54 was compared and measured using RT-qPCR

 

 
 

Figure 9. Prediction of the response to chemotherapy using a gene signature associated with ubiquitination. 
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to determine transcription levels. Tumor tissues 

exhibited elevated expression levels of CYP26B1, 

MCM10, SPINK4, and TRIM54 compared to normal 

liver tissues, as indicated by the results.  

 

 Immunohistochemistry of the UEGs in liver tissue 

 

Immunohistochemistry analysis showed that CYP26B1, 

MCM10, SPINK4, and TRIM54 were highly expressed 

in tumor tissue compared to normal tissue (Figure 11). 

Tumor tissues exhibited high expression levels of 

CYP26B1, MCM10, SPINK4, and TRIM54 in the 

current study. 

 

DISCUSSION 
 

HCC ranked among the most prevalent cancers 

globally, leading to significant mortality rates. It was 

highly significant to identify dependable and efficient 

biomarkers for the prognosis of HCC. Extensive 

research has been conducted on various genes expressed 

in HCC tissues. The growth and spread of tumors can 

be facilitated by cancer cells through the targeted 

inhibition or enhancement of certain mRNA 

translations, ultimately resulting in reduced survival 

rates for individuals with cancer. In a comprehensive 

HCC cohort, consisting of a validation dataset and a 

testing dataset, we discovered a unique signature 

associated with ubiquitination. This signature exhibited 

high levels of sensitivity and specificity. 

 

The process of protein dynamic modulation associated 

with proliferation, cell growth, and survival was 

important for different cellular processes through 

ubiquitination. Prior studies have shown that E3 

ubiquitin ligases and deubiquitinases play an important 

role in regulating tumor spread [42, 43]. Nevertheless, 

the precise function of protein ubiquitination in the 

HCC microenvironment remained unclear. Therefore, 

further investigation on URG in the TME is quite 

important for research on novel clinical treatment 

methods. In our current investigation, it was observed 

that HCC exhibited significant upregulation of 

CYP26B1, MCM10, SPINK4, and TRIM54, which 

were associated with an unfavorable prognosis.  

A novel prognosis prediction method of HCC was 

generated by constructing a 4-gene signature using 

DEGs from ubiquitination-related tumor classification. 

Additionally, a multifactorial analysis was employed to 

assess the signature’s significance in risk stratification, 

immune activity, and chemotherapy response among 

HCC patients. 

 

 
 

Figure 10. Validation of CYP26B1, MCM10, SPINK4, and TRIM54 through prognostic analysis and RT-qPCR. 
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For hepatocellular carcinoma (HCC), we performed a 

tumor classification using a 4-gene signature 

(CYP26B1, MCM10, SPINK4, and TRIM54) derived 

from differentially expressed genes (DEGs) associated 

with ubiquitination. The functions of these genes were 

significant in different types of cancers, including HCC. 

According to Wang and colleagues was discovered that 

CYP26B1 had a significant presence in the retinoic acid 

metabolic process and the retinol metabolism pathway, 

exerting a crucial influence on the advancement of 

cervical cancer across various age brackets [44]. 

According to Chen and colleagues was documented that 

oral squamous cell carcinoma exhibited a notable 

upregulation of CYP26B1 [45]. The overabundance of 

MCM10 was linked to unfavorable outcomes in cases of 

ovarian cancer and prostate cancer [46, 47]. The authors 

Hu et al. SPINK4 was discovered to enhance the growth 

of colorectal cancer cells while suppressing ferroptosis 

[48, 49]. TRIM54 was highly expressed in gastric 

cancer cells and tissues, and high expression of 

TRIM54 was correlated to decreased survival rate of 

patients with gastric cancer [50]. Despite the unknown 

connection between these genes and HCC, we 

showcased their ability to predict the prognosis of HCC 

and verified the unfavorable result of high-risk HCC 

determined by the signature derived from gene 

expression. 

 

Although multiple staging and prognostic systems have 

been developed, none are universally applicable or 

agreed upon for predicting survival, and most of them 

do not include effective biomarkers. As was previously 

published, Liu et al. [20] found that mitophagy was 

closely related to the immune microenvironment, 

immune checkpoint (IC) related genes, Cancer stem 

cells (CSCs), and prognosis in HCC patients. They

 

 
 

Figure 11. Immunohistochemistry of CYP26B1, MCM10, SPINK4, and TRIM54 expression in tumor tissue and normal tissue. 
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constructed a signature containing four mitophagy-

related genes (MRGs) to predict the prognosis of HCC 

patients. However, the results have not been further 

elucidated and validated in vitro and in vivo. Zhang 

et al. [21] constructed and validated a stemness-

hypoxia-related prognostic signature that can be used to 

predict the efficacy of IC inhibitor therapy. They also 

verified that C7, CLEC1B, and CXCL6 were indeed 

associated with stemness and hypoxia through a 

hypoxic cell model. Similarly, there was no result of 

in vitro and in vivo experiments. Xie et al. [22] 

constructed and validated a prognostic risk model based 

on 5 cuproptosis-related immune checkpoint genes 

(CRICGs). In the meantime, they evaluated the 

potential correlation between the signature and 

clinicopathological characteristics, tumor immunity, and 

somatic mutation. In this paper, they applied the cell 

lines for expression level validation. Li et al. [23] 

established a new prediction signature of eight genes 

related to cuproptosis and the tricarboxylic acid cycle 

(TCA) process. These research findings had their 

advantages and disadvantages, but our signature had a 

higher C-index of 0.7, which outperformed the C-index 

values of the other four predictive signatures for HCC 

(0.631, 0.658, 0.624, 0.641, respectively). 

 

Two clusters of ubiquitination were created and 

validated in our research to enhance the prediction of 

HCC outcomes. Cluster 2 had a better prognosis 

compared to Cluster 1. Cluster 1 exhibited higher clinic 

grade, pathological stage, and T stages compared to 

cluster 2, suggesting a potential correlation between 

cluster 1 and an elevated tumor stage of HCC. 

 

Upon comparing the immune cell infiltration in the two 

clusters, it was observed that cluster 2 exhibited 

significant enrichment of M1 macrophages, M2 

macrophages, resting CD4 memory T cells, masting 

cells, and Monocytes. The analysis of LASSO Cox 

regression confirmed the strong gene signature 

associated with ubiquitination. The patients who had 

low risk experienced better prognosis compared to those 

with high risk. The positive performance of the 

signature was confirmed by the ROC curves at 1, 3, and 

5-year intervals. To ensure the stability and precision of 

the prediction signature, we evenly split all HCC 

patients in TCGA-LIHC into the internal training and 

test set. To validate the risk-related signature, we 

obtained an additional microarray dataset (ICGC-LIRI-

JP) from the ICGC database as an external test set. The 

existence analysis of additional stratification for 

different medical subgroups has also established robust 

prediction capabilities for features. Both multivariate 
and univariate Cox analysis demonstrated that our risk-

related signature possessed autonomous predictive 

significance. Compared to another four published 

signatures for HCC, our signature had more advantages. 

Next, we utilized a nomogram approach to enhance the 

effectiveness of the prognostic indicator by taking into 

account clinical characteristics such as age, gender, 

clinical grade, pathological stage, T stages, and risk 

scores. Overall survival of HCC patients was accurately 

predicted by this significant model. 

 

Afterward, we conducted a functional examination of 

DEGs between the low and high-risk groups to 

investigate the potential pathways and functions 

associated with the 4-gene signature. The GO 

enrichment analysis showed that these DEGs were 

associated with the ‘chromosomal region’, ‘organelle 

fission’, and ‘nuclear division’, indicating a correlation 

between these DEGs and cell proliferation. The 

outcome aligned with the KEGG enrichment analysis, 

indicating notable enrichment of terms such as ‘cell 

cycle’, ‘microRNA in cancer’, and ‘P53 signaling 

pathway’. Tumorigenesis is primarily driven by 

abnormalities in the progression of the cell cycle. An 

increasing amount of evidence suggests that the cell 

cycle regulatory pathway connects with other 

characteristics of cancer, such as alterations in 

metabolism and evasion of the immune system. 

Therefore, these four differentially expressed genes 

(DEGs) could potentially serve as viable targets for 

anti-cancer treatment. 

 

The role of TME is crucial in HCC immunotherapy. 

Examining TME can enhance our comprehension of 

how ubiquitination impacts the prognosis of individuals 

with HCC. Consequently, we evaluated the distribution 

of different immune cells in HCC by employing six 

widely utilized algorithms. B cells, DC, CD8+T cells, 

mast cells, NK cells, neutrophils, T helper cells, pDC, 

and TIL significantly infiltrated the TME in patients 

with low risk. Regulating the immune response against 

tumors, these immune cells have the potential to impact 

the development of HCC. Additional investigations 

uncovered that the low-risk group exhibited enrichment 

in CCR, cytolytic function, promotion of inflammation, 

co-stimulation of T cells, response to Type I IFN, and 

response to Type II IFN. Furthermore, we assessed the 

efficacy of specific chemotherapy treatments for various 

subcategories of HCC. The findings indicated that 

patients classified as low-risk exhibited greater 

estimated IC50 values for 8 chemotherapy medications 

(VX-11e, AKT inhibitor VIII, AT-7519, BMS345541, 

Bortezomib, CP466722, FMK, and JNK-9L) compared 

to those classified as high-risk. The potential of these 

findings can help in determining the choice of treatment 

for every patient with HCC. 
 

The diversity of HCC can be observed through our 

distinctive mark in terms of ubiquitination, and we 
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validate its potential as a predictive tool for survival 

rate, immune activity, and treatment response. 

 

To summarize, our research discovered a four-URG 

pattern linked to immune infiltration and responsiveness 

to medication. The accuracy of the prediction model 

was verified by utilizing both training and test sets. The 

findings indicated that this unique marker has the 

potential to serve as a new indicator for predicting 

survival and prognosis, offering an individualized 

approach to treating HCC. Nevertheless, the precise 

mechanism of URG remains undisclosed and 

necessitates further investigation. 

 

AUTHOR CONTRIBUTIONS 
 

Xue-Feng Feng and Re-Guang Pan designed the study; 

Re-Guang Pan, Jingyao Zhou and Xiao-Wu Wang 

performed the experiments; Xi-Kai Cen and Yang-Yang 

Guo acquired and analyzed the data; Xue-Feng Feng, 

Yang-Yang Guo and Re-Guang Pan interpreted the 

data; Re-Guang Pan and Yang-Yang Guo wrote the 

paper; and Xue-Feng Feng and Yu-Ping Zhou revised 

the manuscript. All authors read and approved the final 

manuscript. 

 

CONFLICTS OF INTEREST 
 

The authors declare no conflicts of interest related to 

this study. 

 

ETHICAL STATEMENT AND CONSENT 
 

Tumor and normal tissues were collected from patients 

after surgery confirmed HCC by pathology in the First 

Affiliated Hospital of Ningbo University (previously 

Ningbo First Hospital). The approval number of the 

Ethical Statement is 2022 068A-01. All patients 

provided informed consent before surgery. 

 

FUNDING 
 

This work was supported by grants from the Key 

Specialty of General Surgery Foundation of Ningbo, 

China (No. NBS-2023-1). 

 

REFERENCES 
 
1. Forner A, Reig M, Bruix J. Hepatocellular carcinoma. 

Lancet. 2018; 391:1301–14. 
https://doi.org/10.1016/S0140-6736(18)30010-2 
PMID:29307467 

2. Hepatocellular carcinoma. Nat Rev Dis Primers. 2021; 
7:7. 
https://doi.org/10.1038/s41572-021-00245-6 

PMID:33479233 

3. Sung H, Ferlay J, Siegel RL, Laversanne M, 
Soerjomataram I, Jemal A, Bray F. Global Cancer 
Statistics 2020: GLOBOCAN Estimates of Incidence 
and Mortality Worldwide for 36 Cancers in 185 
Countries. CA Cancer J Clin. 2021; 71:209–49. 
https://doi.org/10.3322/caac.21660 
PMID:33538338 

 4. Bray F, Ferlay J, Soerjomataram I, Siegel RL, Torre LA, 
Jemal A. Global cancer statistics 2018: GLOBOCAN 
estimates of incidence and mortality worldwide for 
36 cancers in 185 countries. CA Cancer J Clin. 2018; 
68:394–424. 
https://doi.org/10.3322/caac.21492 
PMID:30207593 

 5. Gao YX, Yang TW, Yin JM, Yang PX, Kou BX, Chai MY, 
Liu XN, Chen DX. Progress and prospects of 
biomarkers in primary liver cancer (Review). Int J 
Oncol. 2020; 57:54–66. 
https://doi.org/10.3892/ijo.2020.5035 
PMID:32236573 

 6. Anwanwan D, Singh SK, Singh S, Saikam V, Singh R. 
Challenges in liver cancer and possible treatment 
approaches. Biochim Biophys Acta Rev Cancer. 2020; 
1873:188314. 
https://doi.org/10.1016/j.bbcan.2019.188314 
PMID:31682895 

 7. Chen JG, Chen HZ, Zhu J, Yang YL, Zhang YH, Huang 
PX, Chen YS, Zhu CY, Yang LP, Shen K, Qiang FL, Wang 
GR. Cancer survival in patients from a hospital-based 
cancer registry, China. J Cancer. 2018; 9:851–60. 
https://doi.org/10.7150/jca.23039 
PMID:29581763 

 8. Chen JG, Li WG, Shen ZC, Yao HY, Zhang BC, Zhu YR. 
Population-based cancer survival in Qidong, People's 
Republic of China. IARC Sci Publ. 1998; 27–35. 
PMID:10194625 

 9. Hassanipour S, Vali M, Gaffari-Fam S, Nikbakht HA, 
Abdzadeh E, Joukar F, Pourshams A, Shafaghi A, 
Malakoutikhah M, Arab-Zozani M, Salehiniya H, 
Mansour-Ghanaei F. The survival rate of hepatocellular 
carcinoma in Asian countries: a systematic review and 
meta-analysis. EXCLI J. 2020; 19:108–30. 
https://doi.org/10.17179/excli2019-1842 
PMID:32038120 

10. Wang CY, Li S. Clinical characteristics and prognosis of 
2887 patients with hepatocellular carcinoma: A single 
center 14 years experience from China. Medicine 
(Baltimore). 2019; 98:e14070. 
https://doi.org/10.1097/MD.0000000000014070 
PMID:30681563 

11. Han S, Wang R, Zhang Y, Li X, Gan Y, Gao F, Rong P, 

10158

https://doi.org/10.1016/S0140-6736(18)30010-2
https://pubmed.ncbi.nlm.nih.gov/29307467
https://doi.org/10.1038/s41572-021-00245-6
https://pubmed.ncbi.nlm.nih.gov/33479233
https://doi.org/10.3322/caac.21660
https://pubmed.ncbi.nlm.nih.gov/33538338
https://doi.org/10.3322/caac.21492
https://pubmed.ncbi.nlm.nih.gov/30207593
https://doi.org/10.3892/ijo.2020.5035
https://pubmed.ncbi.nlm.nih.gov/32236573
https://doi.org/10.1016/j.bbcan.2019.188314
https://pubmed.ncbi.nlm.nih.gov/31682895
https://doi.org/10.7150/jca.23039
https://pubmed.ncbi.nlm.nih.gov/29581763
https://pubmed.ncbi.nlm.nih.gov/10194625
https://doi.org/10.17179/excli2019-1842
https://pubmed.ncbi.nlm.nih.gov/32038120
https://doi.org/10.1097/MD.0000000000014070
https://pubmed.ncbi.nlm.nih.gov/30681563


www.aging-us.com 18 AGING 

Wang W, Li W. The role of ubiquitination and 
deubiquitination in tumor invasion and metastasis. 
Int J Biol Sci. 2022; 18:2292–303. 
https://doi.org/10.7150/ijbs.69411 
PMID:35414786 

12. Morrow JK, Lin HK, Sun SC, Zhang S. Targeting 
ubiquitination for cancer therapies. Future Med 
Chem. 2015; 7:2333–50. 
https://doi.org/10.4155/fmc.15.148 
PMID:26630263 

13. Popovic D, Vucic D, Dikic I. Ubiquitination in disease 
pathogenesis and treatment. Nat Med. 2014; 
20:1242–53. 
https://doi.org/10.1038/nm.3739 
PMID:25375928 

14. Koo SY, Park EJ, Noh HJ, Jo SM, Ko BK, Shin HJ, Lee 
CW. Ubiquitination Links DNA Damage and Repair 
Signaling to Cancer Metabolism. Int J Mol Sci. 2023; 
24:8441. 
https://doi.org/10.3390/ijms24098441 
PMID:37176148 

15. Dorogova NV, Galimova YA, Bolobolova EU, Baricheva 
EM, Fedorova SA. Loss of Drosophila E3 Ubiquitin 
Ligase Hyd Promotes Extra Mitosis in Germline Cysts 
and Massive Cell Death During Oogenesis. Front Cell 
Dev Biol. 2020; 8:600868. 
https://doi.org/10.3389/fcell.2020.600868 
PMID:33240894 

16. Li Y, An L, Jia Z, Li J, Zhou E, Wu F, Yin Z, Geng W, Liao 
T, Xiao W, Deng J, Chen W, Li M, Jin Y. Identification 
of Ubiquitin-Related Gene-Pair Signatures for 
Predicting Tumor Microenvironment Infiltration and 
Drug Sensitivity of Lung Adenocarcinoma. Cancers 
(Basel). 2022; 14:3478. 
https://doi.org/10.3390/cancers14143478 
PMID:35884544 

17. Guo Y, Chen Q, Zhang Y, Cheng X, Cen K, Dai Y, Mai Y, 
Hong K. Prognostic implication and immunotherapy 
response prediction of a ubiquitination-related gene 
signature in breast cancer. Front Genet. 2023; 
13:1038207. 
https://doi.org/10.3389/fgene.2022.1038207 
PMID:36685928 

18. Chen Q, Zheng W, Guan J, Liu H, Dan Y, Zhu L, Song Y, 
Zhou Y, Zhao X, Zhang Y, Bai Y, Pan Y, Zhang J, Shao C. 
SOCS2-enhanced ubiquitination of SLC7A11 promotes 
ferroptosis and radiosensitization in hepatocellular 
carcinoma. Cell Death Differ. 2023; 30:137–51. 
https://doi.org/10.1038/s41418-022-01051-7 
PMID:35995846 

19. Lin X, Li AM, Li YH, Luo RC, Zou YJ, Liu YY, Liu C, Xie YY, 
Zuo S, Liu Z, Liu Z, Fang WY. Silencing MYH9 blocks 

HBx-induced GSK3β ubiquitination and degradation 
to inhibit tumor stemness in hepatocellular 
carcinoma. Signal Transduct Target Ther. 2020; 5:13. 
https://doi.org/10.1038/s41392-020-0111-4 
PMID:32296025 

20. Liu C, Wu Z, Wang L, Yang Q, Huang J, Huang J. A 
Mitophagy-Related Gene Signature for Subtype 
Identification and Prognosis Prediction of 
Hepatocellular Carcinoma. Int J Mol Sci. 2022; 
23:12123. 
https://doi.org/10.3390/ijms232012123 
PMID:36292980 

21. Zhang G, Zhang K, Zhao Y, Yang Q, Lv X. A novel 
stemness-hypoxia-related signature for prognostic 
stratification and immunotherapy response in 
hepatocellular carcinoma. BMC Cancer. 2022; 22:1103. 
https://doi.org/10.1186/s12885-022-10195-1 
PMID:36307751 

22. Xie Y, Zhang W, Sun J, Sun L, Meng F, Yu H. A novel 
cuproptosis-related immune checkpoint gene 
signature identification and experimental validation 
in hepatocellular carcinoma. Sci Rep. 2022; 12:18514. 
https://doi.org/10.1038/s41598-022-22962-y 
PMID:36323801 

23. Zhang Q, Ma L, Zhou H, Zhou Y, Liu S, Li Q. A 
prognostic signature of cuproptosis and TCA-related 
genes for hepatocellular carcinoma. Front Oncol. 
2022; 12:1040736. 
https://doi.org/10.3389/fonc.2022.1040736 
PMID:36324575 

24. Wilkerson MD, Hayes DN. ConsensusClusterPlus: a 
class discovery tool with confidence assessments and 
item tracking. Bioinformatics. 2010; 26:1572–3. 
https://doi.org/10.1093/bioinformatics/btq170 
PMID:20427518 

25. Rich JT, Neely JG, Paniello RC, Voelker CC, 
Nussenbaum B, Wang EW. A practical guide to 
understanding Kaplan-Meier curves. Otolaryngol 
Head Neck Surg. 2010; 143:331–6. 
https://doi.org/10.1016/j.otohns.2010.05.007 
PMID:20723767 

26. Ritchie ME, Phipson B, Wu D, Hu Y, Law CW, Shi W, 
Smyth GK. limma powers differential expression 
analyses for RNA-sequencing and microarray studies. 
Nucleic Acids Res. 2015; 43:e47. 
https://doi.org/10.1093/nar/gkv007 
PMID:25605792 

27. Tibshirani R. The lasso method for variable selection 
in the Cox model. Stat Med. 1997; 16:385–95. 
https://doi.org/10.1002/(sici)1097-
0258(19970228)16:4<385::aid-sim380>3.0.co;2-3 
PMID:9044528 

10159

https://doi.org/10.7150/ijbs.69411
https://pubmed.ncbi.nlm.nih.gov/35414786
https://doi.org/10.4155/fmc.15.148
https://pubmed.ncbi.nlm.nih.gov/26630263
https://doi.org/10.1038/nm.3739
https://pubmed.ncbi.nlm.nih.gov/25375928
https://doi.org/10.3390/ijms24098441
https://pubmed.ncbi.nlm.nih.gov/37176148
https://doi.org/10.3389/fcell.2020.600868
https://pubmed.ncbi.nlm.nih.gov/33240894
https://doi.org/10.3390/cancers14143478
https://pubmed.ncbi.nlm.nih.gov/35884544
https://doi.org/10.3389/fgene.2022.1038207
https://pubmed.ncbi.nlm.nih.gov/36685928
https://doi.org/10.1038/s41418-022-01051-7
https://pubmed.ncbi.nlm.nih.gov/35995846
https://doi.org/10.1038/s41392-020-0111-4
https://pubmed.ncbi.nlm.nih.gov/32296025
https://doi.org/10.3390/ijms232012123
https://pubmed.ncbi.nlm.nih.gov/36292980
https://doi.org/10.1186/s12885-022-10195-1
https://pubmed.ncbi.nlm.nih.gov/36307751
https://doi.org/10.1038/s41598-022-22962-y
https://pubmed.ncbi.nlm.nih.gov/36323801
https://doi.org/10.3389/fonc.2022.1040736
https://pubmed.ncbi.nlm.nih.gov/36324575
https://doi.org/10.1093/bioinformatics/btq170
https://pubmed.ncbi.nlm.nih.gov/20427518
https://doi.org/10.1016/j.otohns.2010.05.007
https://pubmed.ncbi.nlm.nih.gov/20723767
https://doi.org/10.1093/nar/gkv007
https://pubmed.ncbi.nlm.nih.gov/25605792
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://pubmed.ncbi.nlm.nih.gov/9044528


www.aging-us.com 19 AGING 

28. Hajian-Tilaki K. Receiver Operating Characteristic 
(ROC) Curve Analysis for Medical Diagnostic Test 
Evaluation. Caspian J Intern Med. 2013; 4:627–35. 
PMID:24009950 

29. Ringnér M. What is principal component analysis? 
Nat Biotechnol. 2008; 26:303–4. 
https://doi.org/10.1038/nbt0308-303 
PMID:18327243 

30. Belkina AC, Ciccolella CO, Anno R, Halpert R, Spidlen J, 
Snyder-Cappione JE. Automated optimized 
parameters for T-distributed stochastic neighbor 
embedding improve visualization and analysis of large 
datasets. Nat Commun. 2019; 10:5415. 
https://doi.org/10.1038/s41467-019-13055-y 
PMID:31780669 

31. Iasonos A, Schrag D, Raj GV, Panageas KS. How to 
build and interpret a nomogram for cancer prognosis. 
J Clin Oncol. 2008; 26:1364–70. 
https://doi.org/10.1200/JCO.2007.12.9791 
PMID:18323559 

32. Austin PC, Harrell FE Jr, van Klaveren D. Graphical 
calibration curves and the integrated calibration 
index (ICI) for survival models. Stat Med. 2020; 
39:2714–42. 
https://doi.org/10.1002/sim.8570 
PMID:32548928 

33. Van Calster B, Wynants L, Verbeek JFM, Verbakel JY, 
Christodoulou E, Vickers AJ, Roobol MJ, Steyerberg 
EW. Reporting and Interpreting Decision Curve 
Analysis: A Guide for Investigators. Eur Urol. 2018; 
74:796–804. 
https://doi.org/10.1016/j.eururo.2018.08.038 
PMID:30241973 

34. Yu G, Wang LG, Han Y, He QY. clusterProfiler: an R 
package for comparing biological themes among gene 
clusters. OMICS. 2012; 16:284–7. 
https://doi.org/10.1089/omi.2011.0118 
PMID:22455463 

35. Sun H, Zhang L, Wang Z, Gu D, Zhu M, Cai Y, Li L, Tang 
J, Huang B, Bosco B, Li N, Wu L, Wu W, et al. Single-
cell transcriptome analysis indicates fatty acid 
metabolism-mediated metastasis and immuno-
suppression in male breast cancer. Nat Commun. 
2023; 14:5590. 
https://doi.org/10.1038/s41467-023-41318-2 
PMID:37696831 

36. Yao Z, Xu N, Shang G, Wang H, Tao H, Wang Y, Qin Z, 
Tan S, Feng J, Zhu J, Ma F, Tian S, Zhang Q, et al. 
Proteogenomics of different urothelial bladder cancer 
stages reveals distinct molecular features for papillary 
cancer and carcinoma in situ. Nat Commun. 2023; 
14:5670. 

https://doi.org/10.1038/s41467-023-41139-3 
PMID:37704624 

37. Kim Y, Kang JW, Kang J, Kwon EJ, Ha M, Kim YK, Lee H, 
Rhee JK, Kim YH. Novel deep learning-based survival 
prediction for oral cancer by analyzing tumor-
infiltrating lymphocyte profiles through CIBERSORT. 
Oncoimmunology. 2021; 10:1904573. 
https://doi.org/10.1080/2162402X.2021.1904573 
PMID:33854823 

38. Qin H, Abulaiti A, Maimaiti A, Abulaiti Z, Fan G, Aili Y, 
Ji W, Wang Z, Wang Y. Integrated machine learning 
survival framework develops a prognostic model 
based on inter-crosstalk definition of mitochondrial 
function and cell death patterns in a large multicenter 
cohort for lower-grade glioma. J Transl Med. 2023; 
21:588. 
https://doi.org/10.1186/s12967-023-04468-x 
PMID:37660060 

39. Racle J, Gfeller D. EPIC: A Tool to Estimate the 
Proportions of Different Cell Types from Bulk Gene 
Expression Data. Methods Mol Biol. 2020; 
2120:233–48. 
https://doi.org/10.1007/978-1-0716-0327-7_17 
PMID:32124324 

40. Balar AV, Galsky MD, Rosenberg JE, Powles T, Petrylak 
DP, Bellmunt J, Loriot Y, Necchi A, Hoffman-Censits J, 
Perez-Gracia JL, Dawson NA, van der Heijden MS, 
Dreicer R, et al, and IMvigor210 Study Group. 
Atezolizumab as first-line treatment in cisplatin-
ineligible patients with locally advanced and 
metastatic urothelial carcinoma: a single-arm, 
multicentre, phase 2 trial. Lancet. 2017; 389:67–76. 
https://doi.org/10.1016/S0140-6736(16)32455-2 
PMID:27939400 

41. Wang W, Lu Z, Wang M, Liu Z, Wu B, Yang C, Huan H, 
Gong P. The cuproptosis-related signature associated 
with the tumor environment and prognosis of 
patients with glioma. Front Immunol. 2022; 
13:998236. 
https://doi.org/10.3389/fimmu.2022.998236 
PMID:36110851 

42. Park HB, Baek KH. E3 ligases and deubiquitinating 
enzymes regulating the MAPK signaling pathway in 
cancers. Biochim Biophys Acta Rev Cancer. 2022; 
1877:188736. 
https://doi.org/10.1016/j.bbcan.2022.188736 
PMID:35589008 

43. Shiromizu T, Yuge M, Kasahara K, Yamakawa D, 
Matsui T, Bessho Y, Inagaki M, Nishimura Y. Targeting 
E3 Ubiquitin Ligases and Deubiquitinases in Ciliopathy 
and Cancer. Int J Mol Sci. 2020; 21:5962. 
https://doi.org/10.3390/ijms21175962 

10160

https://pubmed.ncbi.nlm.nih.gov/24009950
https://doi.org/10.1038/nbt0308-303
https://pubmed.ncbi.nlm.nih.gov/18327243
https://doi.org/10.1038/s41467-019-13055-y
https://pubmed.ncbi.nlm.nih.gov/31780669
https://doi.org/10.1200/JCO.2007.12.9791
https://pubmed.ncbi.nlm.nih.gov/18323559
https://doi.org/10.1002/sim.8570
https://pubmed.ncbi.nlm.nih.gov/32548928
https://doi.org/10.1016/j.eururo.2018.08.038
https://pubmed.ncbi.nlm.nih.gov/30241973
https://doi.org/10.1089/omi.2011.0118
https://pubmed.ncbi.nlm.nih.gov/22455463
https://doi.org/10.1038/s41467-023-41318-2
https://pubmed.ncbi.nlm.nih.gov/37696831
https://doi.org/10.1038/s41467-023-41139-3
https://pubmed.ncbi.nlm.nih.gov/37704624
https://doi.org/10.1080/2162402X.2021.1904573
https://pubmed.ncbi.nlm.nih.gov/33854823
https://doi.org/10.1186/s12967-023-04468-x
https://pubmed.ncbi.nlm.nih.gov/37660060
https://doi.org/10.1007/978-1-0716-0327-7_17
https://pubmed.ncbi.nlm.nih.gov/32124324
https://doi.org/10.1016/S0140-6736(16)32455-2
https://pubmed.ncbi.nlm.nih.gov/27939400
https://doi.org/10.3389/fimmu.2022.998236
https://pubmed.ncbi.nlm.nih.gov/36110851
https://doi.org/10.1016/j.bbcan.2022.188736
https://pubmed.ncbi.nlm.nih.gov/35589008
https://doi.org/10.3390/ijms21175962


www.aging-us.com 20 AGING 

PMID:32825105 

44. Wang T, Dai L, Shen S, Yang Y, Yang M, Yang X, Qiu Y, 
Wang W. Comprehensive Molecular Analyses of a 
Macrophage-Related Gene Signature With Regard to 
Prognosis, Immune Features, and Biomarkers for 
Immunotherapy in Hepatocellular Carcinoma Based 
on WGCNA and the LASSO Algorithm. Front Immunol. 
2022; 13:843408. 
https://doi.org/10.3389/fimmu.2022.843408 
PMID:35693827 

45. Chen PH, Lee KW, Chen CH, Shieh TY, Ho PS, Wang SJ, 
Lee CH, Yang SF, Chen MK, Chiang SL, Ko YC. CYP26B1 
is a novel candidate gene for betel quid-related oral 
squamous cell carcinoma. Oral Oncol. 2011; 47:594–
600. 
https://doi.org/10.1016/j.oraloncology.2011.04.024 
PMID:21641851 

46. Cui F, Hu J, Ning S, Tan J, Tang H. Overexpression of 
MCM10 promotes cell proliferation and predicts poor 
prognosis in prostate cancer. Prostate. 2018; 
78:1299–310. 
https://doi.org/10.1002/pros.23703 
PMID:30095171 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

47. Chen J, Wu S, Wang J, Han C, Zhao L, He K, Jia Y, Cui 
M. MCM10: An effective treatment target and a 
prognostic biomarker in patients with uterine corpus 
endometrial carcinoma. J Cell Mol Med. 2023; 
27:1708–24. 
https://doi.org/10.1111/jcmm.17772 
PMID:37246638 

48. Hu FJ, Li YJ, Zhang L, Ji DB, Liu XZ, Chen YJ, Wang L, 
Wu AW. Single-cell profiling reveals differences 
between human classical adenocarcinoma and 
mucinous adenocarcinoma. Commun Biol. 2023; 6:85. 
https://doi.org/10.1038/s42003-023-04441-w 
PMID:36690709 

49. Hu BL, Yin YX, Li KZ, Li SQ, Li Z. SPINK4 promotes 
colorectal cancer cell proliferation and inhibits 
ferroptosis. BMC Gastroenterol. 2023; 23:104. 
https://doi.org/10.1186/s12876-023-02734-2 
PMID:37013514 

50. Cao H, Li Y, Chen L, Lu Z, You T, Wang X, Ji B. Tripartite 
motif-containing 54 promotes gastric cancer 
progression by upregulating K63-linked ubiquitination 
of filamin C. Asia Pac J Clin Oncol. 2022; 18:669–77. 
https://doi.org/10.1111/ajco.13747 
PMID:35098666 

 

10161

https://pubmed.ncbi.nlm.nih.gov/32825105
https://doi.org/10.3389/fimmu.2022.843408
https://pubmed.ncbi.nlm.nih.gov/35693827
https://doi.org/10.1016/j.oraloncology.2011.04.024
https://pubmed.ncbi.nlm.nih.gov/21641851
https://doi.org/10.1002/pros.23703
https://pubmed.ncbi.nlm.nih.gov/30095171
https://doi.org/10.1111/jcmm.17772
https://pubmed.ncbi.nlm.nih.gov/37246638
https://doi.org/10.1038/s42003-023-04441-w
https://pubmed.ncbi.nlm.nih.gov/36690709
https://doi.org/10.1186/s12876-023-02734-2
https://pubmed.ncbi.nlm.nih.gov/37013514
https://doi.org/10.1111/ajco.13747
https://pubmed.ncbi.nlm.nih.gov/35098666


www.aging-us.com 21 AGING 

SUPPLEMENTARY MATERIALS 
 

Supplementary Tables 
 

Supplementary Table 1. Clinical information such as age, sex, clinic grade, pathological stage, and T stage, were 
obtained from the Cancer Genome Atlas (TCGA) LIHC project. 

Covariates Type Total Test Train P-value 

Age ≤65 232 (62.7%) 105 (56.76%) 127 (68.65%) 
0.024 

Age >65 138 (37.3%) 80 (43.24%) 58 (31.35%) 

Gender FEMALE 121 (32.7%) 61 (32.97%) 60 (32.43%) 
1 

Gender MALE 249 (67.3%) 124 (67.03%) 125 (67.57%) 

Grade G1 55 (14.86%) 23 (12.43%) 32 (17.3%) 

0.2791 

Grade G2 177 (47.84%) 97 (52.43%) 80 (43.24%) 

Grade G3 121 (32.7%) 57 (30.81%) 64 (34.59%) 

Grade G4 12 (3.24%) 5 (2.7%) 7 (3.78%) 

Grade Unknow 5 (1.35%) 3 (1.62%) 2 (1.08%) 

Stage Stage I 171 (46.22%) 85 (45.95%) 86 (46.49%) 

0.5399 

Stage Stage II 85 (22.97%) 44 (23.78%) 41 (22.16%) 

Stage Stage III 85 (22.97%) 45 (24.32%) 40 (21.62%) 

Stage Stage IV 5 (1.35%) 1 (0.54%) 4 (2.16%) 

Stage Unknow 24 (6.49%) 10 (5.41%) 14 (7.57%) 

T T1 181 (48.92%) 89 (48.11%) 92 (49.73%) 

0.8288 

T T2 93 (25.14%) 48 (25.95%) 45 (24.32%) 

T T3 80 (21.62%) 41 (22.16%) 39 (21.08%) 

T T4 13 (3.51%) 5 (2.7%) 8 (4.32%) 

T Unknow 3 (0.81%) 2 (1.08%) 1 (0.54%) 

M M0 266 (71.89%) 135 (72.97%) 131 (70.81%) 

0.1313 M M1 4 (1.08%) 0 (0%) 4 (2.16%) 

M MX 100 (27.03%) 50 (27.03%) 50 (27.03%) 

N N0 252 (68.11%) 121 (65.41%) 131 (70.81%) 

0.5738 
N N1 4 (1.08%) 2 (1.08%) 2 (1.08%) 

N NX 113 (30.54%) 61 (32.97%) 52 (28.11%) 

N Unknow 1 (0.27%) 1 (0.54%) 0 (0%) 
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Supplementary Table 2. A set of 79 genes related to ubiquitination (URGs) was obtained from the MSigDB 
database. 

BCL10 

CDC34 

CDC73 

CTR9 

DERL1 

H2BC1 

H2BC10 

H2BC11 

H2BC12 

H2BC13 

H2BC14 

H2BC15 

H2BC17 

H2BC3 

H2BC4 

H2BC5 

H2BC6 

H2BC7 

H2BC8 

H2BC9 

HLA-A 

HLTF 

LEO1 

OTULIN 

PAF1 

PCNA 

PEX10 

PEX12 

PEX13 

PEX14 

PEX2 

PEX5 

PRKDC 

RAD18 

RNF144A 

RNF152 

RNF181 

RNF20 

RNF40 

RPS27A 

RRAGA 

RTF1 

SELENOS 

SHPRH 

TMEM129 
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UBA1 

UBA52 

UBA6 

UBB 

UBC 

UBE2A 

UBE2B 

UBE2C 

UBE2D1 

UBE2D2 

UBE2D3 

UBE2E1 

UBE2E3 

UBE2G1 

UBE2G2 

UBE2H 

UBE2J2 

UBE2K 

UBE2L3 

UBE2N 

UBE2Q2 

UBE2R2 

UBE2S 

UBE2T 

UBE2V2 

UBE2W 

UBE2Z 

UCHL3 

USP5 

USP7 

USP9X 

VCP 

WAC 

WDR61 
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