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Objective: Anoikis is an anchorage-dependent programmed cell death implicated in multiple pathological processes of cancers; 
however, the prognostic value of anoikis-related genes (ANRGs) in hepatocellular carcinoma (HCC) remains unclear. Our study aims 
to develop an ANRGs-based prediction model to improve prognostic assessment in HCC patients.
Methods: The RNA-seq profile was performed to estimate the expression of ANRGs in HCC patients. The univariate Cox regression 
and the least absolute shrinkage and selection operator (LASSO) Cox regression analysis were applied in the model construction to 
predict the prognosis in terms of differentially expressed ANRGs in the Cancer Genome Atlas (TCGA) training cohort. The TCGA test 
cohort and the International Cancer Genome Consortium (ICGC)-originated cohort were set to verify the predictive capacity. 
Nomogram was built on the basis of risk score (RS), gender, age, grade, and T_stage, with the hope of extending the predictive 
ability of ANRGs to evaluate the HCC prognosis. The expression of differentially expressed ANRGs was assessed in HCC cell lines 
and orthotopic tumor-bearing mice.
Results: Six ANRGs (ANXA5, BIRC5, BSG, DAP3, SKP2 and CDKN3) demonstrated the critical prognostic significance in HCC 
patients. The prognostic RS model on the basis of these ANRGs was capable of properly predicting 1-, 3-, and 5-year survivals. The 
Kaplan-Meier results displayed the increased death and decreased survival in the high-risk group. The RS acted as the independent 
factor for the survival evaluation. Our nomogram model was able to directly reflect the survival probabilities of each patient, which 
was confirmed through various validations. The transcription and translation of six ANRGs were significantly enhanced in HCC cell 
lines and tumor tissues.
Conclusion: Despite the lack of mechanistic validation, our anoikis-linked RS model serves as a promising tool for predicting HCC 
prognosis in clinical practice, and provides valuable insights into the decision of individualized therapeutic approaches.
Keywords: liver cancer, anoikis, tumor prognosis, risk model, nomogram, validation

Introduction
Hepatocellular carcinoma (HCC) remains the most commonly primary liver cancer, annually causing new morbidity and 
mortality over 670,000 and 620,000 worldwide.1 HCC can be induced by different etiologies, such as hepatitis B virus and 
hepatitis C virus infections, obesity, diabetes mellitus, and alcohol abuse.2 HCC development generally experiences liver 
injury, chronic inflammation, liver fibrosis, cirrhosis, and carcinogenesis.3 Despite the great progression of therapeutic 
modalities, the prognosis of HCC is still poor, with the lower five-year survival rate.4 Recent advancements in gene detection 
technologies, alongside a deepening understanding of molecular mechanisms, have facilitated improvements in both 
prognosis and therapeutic strategies for HCC.5 Immunotherapy, in particular, represents a promising treatment approach. 
For example, studies have shown that ginsenoside Rh1 can upregulate MHC-I expression in MHC-I positive cells by 
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suppressing the glucocorticoid receptor, thereby increasing the infiltration of CD8+ T cells and mature dendritic cells.6 

Furthermore, immune checkpoint inhibitors (ICIs), such as antibodies targeting programmed cell death 1 (PD-1) or 
programmed death ligand 1 (PD-L1), have demonstrated significant success in the treatment of HCC and other cancers. 
Supporting this advancement, the immunoscore model, based on immune-related molecules, has been developed to predict 
therapeutic response to anti-PD-1 immunotherapy specifically in HCC patients.7 Consequently, the robust predictive models 
constructed based on gene signatures are favorable to achieve the accurate judgment on the prognosis of HCC patients.8–11

Anoikis is the anchorage-dependent programmed cell death, which is caused through the cell detachment from 
the extracellular matrix (ECM).12 Anoikis suppresses the cell attachment on the inappropriate ECM and therefore 
prevents the detached epithelial cells from colonizing the distant site.13 Increasing evidence suggests that anoikis 
resistance is responsible for tumor development.14 Indeed, it has been reported that the expression of pro-apoptosis 
proteins is frequently inhibited in HCC cells, causing the blockade of anoikis-related signaling pathways.15 In 
addition, the anoikis resistance promotes the upregulation of the pro-survival factors, leading to intrahepatic spread 
and extrahepatic metastasis of tumor cells.16

Recently, several established risk score (RS) models based on anoikis-related genes (ANRGs) have demonstrated the 
potential for predicting the prognosis of diverse cancers.17–20 However, ANRGs, which can fully achieve the prognostic 
prediction, are still deficient for HCC patients. In this study, we identified 6 differentially expressed ANRGs that were 
highly associated with the prognostic activities, demonstrating great potential for establishing a risk-predictive model to 
promote HCC management.

Materials and Methods
Data Collection and Process
The dataset of HCC patients (N=418) was selected and obtained in the Cancer Genome Atlas (TCGA) database 
(see a link in portal.gdc.cancer.gov/repository), and the RNA sequencing (RNA-seq) and clinical results were 
processed with the unified standardization.21 The gene expression in malignant and adjacent normal tissues in 
HCC patients was classified and profiled by the “limma” package R software. In this present work, 403 clinical 
samples were assigned to either training or test cohorts via digital randomization. The inclusion criteria are to 
meet (1) histological confirmation of hepatocellular carcinoma, and (2) samples including the complete TNM 
stages. The exclusion criteria include (1) patient accompanied with the history of other malignant tumors, and (2) 
general clinical data, such as survival information, are incomplete. The transcriptome and clinical information of 
232 tumor tissues were collected in the International Cancer Genome Consortium (ICGC) database, and were 
employed in the external validation (see the link in dcc.icgc.org/projects/LIRI-JP).

The TCGA and ICGC databases are publicly accessible repositories that contain data from patients who have 
provided informed consent. Consequently, researchers are allowed to freely download and utilize this data for research 
purposes, and the publication of findings derived from these data is permitted. Given that the data is already anonymized 
and consented for research use, the clinical research ethics committee of Shanghai University of Traditional Chinese 
Medicine has exempted this study from the need for ethical approval.

ANRG Analysis Between Healthy and Tumor Tissues
In total, 434 ANRGs (see the information in Supplementary Table 1) were acquired in the GeneCards database (see the 
link in www.genecards.org).22 The “Limma” package R software (|log2FC|>1, false discovery rate (FDR)<0.05) was 
applied for identifying differentially expressed genes (DEGs) in tumoral and adjacent non-tumroal tissues. The co- 
expressed relation and heatmap drawing of DEGs were described by means of “reshape2”, “igraph”, and “pheatmap” 
R software. The Search Tools for the Retrieval of Interacting Genes (STRING version11.0, see the link in string-db.org/) 
were utilized for plotting the protein/protein interaction (PPI) network.
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Consensus Clustering
The clustering analysis was carried out to describe the relation of differentially expressed ANRGs and HCC subtypes. 
Patients were categorized to diverse clusters in terms of the “ConsensuClusterPlus” package, and the heatmap was 
plotted to display the clinical information and the differentially expressed ANRGs among these clusters. The KM 
analysis using the “survminer” R package was conducted to evaluate the difference of patient survival.

Establishment and Verification of ANRG-Related Prognostic Model
The univariate Cox regression analysis was performed in determining the prognostic role of differentially expressed 
ANRGs in the training cohort, with the purpose to screen candidates that have the significant relation to the overall 
survival (OS). The penalty parameter of the minimum standard was determined via the LASSO Cox regression analysis 
in “glmnet” R package. A formula of RS = ΣXiYi (X and Y separately represent the regression coefficient and the gene 
expression) was utilized to calculate the RS. Patients were split to low- and high-risk groups on a basis of the median RS. 
The OS times in two groups were evaluated through the KM analysis in the “Survminer” package. The principal 
component (PCA) and t-distributed stochastic neighbor embedding (t-SNE) analyses were performed using “Prcomp” 
package. A receiver operating curve (ROC) was built through the “time ROC” R package. The predictive potential of our 
prognostic model was validated by estimating the value of the area under the curve (AUC). Subsequently, to verify the 
applicability and superiority of the risk model, we used logistic regression, a traditional machine learning method, to 
construct a prognostic scoring system based on the six candidate genes and calculated the AUC value. The result shows 
that the risk model exhibits superior performance. TCGA test and ICGC-originated cohorts were also used to validate the 
reliability of the model. The levels of prognostic ANRGs were retrieved in the Gene Expression Profiling Interactive 
Analysis (GEPIA) (see the link in gepia.cancer-pku.cn).23 The protein expressions of malignant and adjacent normal 
tissues were confirmed in the human protein atlas (HPA) database (see a link in www.proteinatlas.org).24

Independent Predictive Ability of ANRG-Related Prognostic Model
The univariate and multivariate Cox regression modalities were selected and applied for exploring the link between the 
ANRG-related prognostic model (in terms of the RS) and the clinicopathological factors.

Functional Enrichment and Analysis of Immune Cell Infiltration
To analyze the difference of gene function and signaling pathway between low- and high-risk groups, the “Limma” 
R package (|log2FC|>2, FDR<0.05, set as significant difference) was carried out to identify the DEG expression. The 
“clusterProfiler” R package was selected and applied in the analysis of Gene ontology (GO) and Kyoto Encyclopedia of 
Gene and Genomes (KEGG). The “CIBERSORT” R package was set for depicting tumor immune microenvironment.

Construction and Validation of Nomogram
Using the “rms” R package, a Nomogram was constructed in term of the RS of HCC patients, derived from the ANRG 
formula, and the clinical characteristics such as age, gender, grade and T_stage. The corresponding 1-, 3- and 5-year 
survival probabilities were evaluated according to the scores of each patient. The calibration, KM, and ROC curves were 
developed using “rms”, “Survminer”, and “Time ROC” R packages, respectively, with the purpose to determine the 
predictive accuracy of Nomogram. In addition, the TCGA test and ICGC-originated external validation cohorts were 
used to verify the reliability of Nomogram.

Cell Culture and HCC Mouse Model
The cell lines used in this experiment were mouse HCC cell line Hepa1-6, human HCC cell line Huh7, and human 
normal hepatic cell line HL-7702, derived from the American Typical Culture Collection Center (ATCC). All cells were 
inoculated in DMEM medium supplemented with 10% fetal bovine serum, 100 U/L penicillin, and 100 mg/L strepto
mycin, and cultured in the cell incubator at 37°C, and 5% CO2.
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5-week-old male C57BL/6 mice were obtained from the SLAC Laboratory Animal Company. Following established 
protocol previously described, 5×106 of Hepa1-6 cells were injected into the liver lobe to create the orthotopic HCC 
model, as compared to the control group.25

The study design was reviewed and approved by the Animal Experimentation Ethics Committee of Shanghai 
University of Traditional Chinese Medicine. All animal experiments were conducted in accordance with the 
“Helsinki” Declaration for the welfare of the laboratory animals.

Quantitative RT-PCR
Total RNAs were extracted using the Trizol agent (Invitrogen) and subsequently quantified. These RNA samples were 
then reverse transcribed into cDNAs. The cDNAs corresponding to the genes ANXA5, BIRC5, BSG, DAP3, SKP2 and 
CDKN3 were amplified using a real-time fluorescent quantitative PCR kit. The transcription levels of these genes were 
measured and normalized against GAPDH that served as the loading control. The specific primer sequences used for 
amplification were shown in the Supplementary Table 2.

Immunohistochemistry
Tissue samples obtained from the mice were treated with formalin, embedded with paraffin, dehydrated, and sliced to the 
5-μm sections. These sections were subsequently deparaffinized, rehydrated, and washed. For antigen retrieval, the 
sections were boiled in the citrate repair solution (pH=6.0) for half an hour, and endogenous peroxidase activity was 
deactivated for ten minutes. The sections were then incubated with primary antibodies, including anti-mouse ANXA5 
(ab108321; 1:100), anti-mouse BIRC5 (ab76424; 1:1000), anti-mouse BSG (ab108308; 1:3000), anti-mouse DAP3 
(ab302889; 1:100), anti-mouse SKP2 (ab183039; 1:50), and anti-mouse CDKN3 (Invitrogen PA5-120764; 1:100). 
Finally, the sections were incubated with secondary antibodies before the analysis.

Statistical Analysis
The transcriptomic data and clinical information were analyzed using R software (v4.1.0). The integration and acquisi
tion of transcriptomic data were executed by Perl language. The DEGs in normal and tumor samples were analyzed using 
one-way analysis of variance test. The KM method and the log-rank Mantel-Cox test were utilized in the OS 
determination. The univariate and multivariate Cox regression modalities were utilized to estimate the independent 
prognostic value. The Cox risk proportional regression modality was performed to determine the prognostic factor with 
risk ratio and 95% confidence interval (CI). The GraphPad Prism8 software was selected for data analysis and image 
process. Results were shown as mean ± SEM.

Results
Most ANRGs Show Increased Expression in HCC Tissues
In this study, 101 DEGs were identified by assessing the transcription level of ANRGs in 31 adjacent normal tissues and 
355 malignant tissues in the TCGA database. Top 50 genes with the significant (P<0.05) changes in their RNA level were 
selected according to the setting of |Log2FC|>1, and most of them are at higher level in HCC tissues than in normal ones 
(Figure 1A). In addition, when exploring the interaction of the genes with anoikis, PPI analysis was carried out in 
a setting of the minimum interaction score of 0.9 with the best confidence. Accordingly, ITGB1, ITGA2, ITGB4, PTK2, 
BSG, HGF, and SRC were confirmed as the hub genes (Figure 1B). The link of these genes was exhibited in Figure 1C.

Consensus Clustering Analysis Divides HCC Patients Into Two Clusters with Different 
Clinical Characteristics
In order to reveal the connection of differentially expressed ANRGs with the clinical characters, the consensus clustering 
analysis was performed for stratifying the patients with HCC in the TCGA dataset. By testing the clustering variable (k) 
from two to nine, patients were optimally classified into two clusters (k=2), exhibiting the lowest intergroup correlation 
and the highest intragroup correlation (Figure 2A). The heatmap displayed gene expression profiles and clinical 
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characters in two clusters, including metastasis (N, M, and T sub-phases), stage (stage I–IV), differentiation (G1-4), 
gender, and age (over or less 65 years). The Pearson Chi-square test was utilized for assessing the difference among these 
characters of two clusters (Figure 2B), indicating the significance in age (P<0.05) and tumor differentiation (P<0.001). 
When the OS was evaluated in two clusters (Figure 2C), cluster 1 displayed the advantage with statistical significance 
(P<0.001) in the long survival condition over cluster 2.

Specific ANRGs are Selected to Construct Prognostic Risk Model
In the TCGA database, 403 HCC samples were matched to patients with complete survival information. They were split 
into the training and test cohorts using the digital randomization method, and the clinical characteristics between two 

Figure 1 Expression levels and mutual interactions of ANRGs. (A) A heatmap showed the levels of the top 50 ANRGs with significant expression change between normal 
tissues (N, blue) and tumor tissues (T, red). *P<0.05; **P<0.01; ***P<0.001. (B) A PPT network displayed the interactions of ANRGs. (C) The correlation network of the 
ANRGs was constructed. (Red line, positive correlation).
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cohorts showed no significant difference (Supplementary Table 3). When DEGs were evaluated by the univariate cox 
regression modality in training cohort, 10 candidate prognosis-related ANRGs were screened (Figure 3A). Six prognostic 
signatures (ANXA5, BIRC5, BSG, DAP3, SKP2 and CDKN3) were then identified via the LASSO Cox regression 
modality. Moreover, the risk model was established at the optimum λ value (Figure 3B and C). RS = (0.0071×ANXA5 
exp.) + (0.0465×BIRC5 exp.) + (0.0164×BSG exp.) + (0.0574×DAP3 exp.) + (0.0646×SKP2 exp.) + 
(−0.0195×CDKN3 exp.).

The RS was calculated and arrayed in order, and the 202 HCC patients in training cohort were categorized in low- and 
high-risk groups by the median RS (Figure 3D). Patients well corresponded to low- and high-risk groups, as confirmed by 
the T-distributed stochastic neighbor embedding (t-SNE) analysis and the principal component analysis (PCA) (Figure 3E 
and F). In comparison to the results recorded by the low-risk group, the higher mortality and shorter survival were shown 
by the high-risk group (Figure 3G). Two groups showed the profound difference (P=0.012) in the total survival via the 
KM analysis (Figure 3H). The time-dependent ROC analysis was conducted for evaluating the sensitivity and specificity 
of prognostic model, indicating that the AUC at 1, 3, and 5 years was 0.731, 0.660, and 0.669, respectively (Figure 3I). In 
addition, to validate the applicability and the superiority of the risk model, we conducted ROC analysis using 
a traditional model with an AUC value of 0.651. Therefore, compared with the traditional dichotomous model, logistic 
regression showed that the risk model performs better in predicting the survival status of patients (Figure S1).

Internal and External Validation of Prognostic Risk Model
Next, TCGA Test and ICGC-originated cohorts were applied to corroborate the validity of prognostic model. Two cohorts 
were split in low- and high-risk groups in terms of the median RS obtained in TCGA training cohort (Figure S2A and B). 
PCA and t-SNE analyses demonstrated that patients with diverse RS have been well assigned into two groups in both the 
TCGA test and ICGC-originated cohorts (Figure S2C–F). The high-risk group exhibited significantly higher death rates 

Figure 2 Classification of HCC cases based on DEGs. (A) HCC cases were separated into two clusters in the consensus clustering matrix in the condition of k=2. (B) 
A heatmap showed the gene expression profile concomitant with clinical pathological characteristics in the two clusters. The color coding used to represent these 
characteristics are as follows: Clinical Stage I, gray-green; Stage II, rose-red; Stage III, brick-red; Stage IV, deep green; Unknown, silver-gray. Pathological Grade I, tender green; 
Grade II, Orange; Grade III, yellow-green; Grade IV, grass green; Unknown, silver-gray. (C) The comparison of OS in the two clusters was shown in Kaplan–Meier survival 
curves. *P<0.05; ***P<0.001.
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and shorter survival periods compared to the low-risk group (Figure S2G and H). The KM analysis revealed that the OS 
in the low-risk group was significantly longer in either TCGA test or ICGC-originated cohorts, with statistical 
significance at P<0.001 and P=0.005, respectively (Figure S2I and J). The model reliability was also verified using 
the ROC analysis (Figure S2K and L). As demonstrated in Figure S2K, AUC at 1 year, 3 years, and 5 years at TCGA test 
cohort was 0.755, 0.747, and 0.659. As demonstrated in Figure S2L, AUC for 1-, 3-, and 5-year survivals at ICGC- 
originated cohort was 0.716, 0.669, and 0.677. These data confirm the reliability of our prognostic risk model.

Risk Score Is Validated to Be Independent Factor in the Prognostic Analysis
Apart from investigating the relevance of RS and clinical profile in HCC patients, we explored whether RS was the 
independent factor in predicting the OS of the cohorts. The univariate Cox regression modality illustrated that RS was 
a statistically significant independent prognostic factor for assessing patient survival in both the training cohort (P<0.001; 
HR=3.703, 95% CI: 2.042–6.713; Figure 4A) and test cohort (P<0.001; HR=3.390, 95% CI: 1.899–6.053; Figure 4B). 
By adjusting various confounding variables, the multivariate Cox regression modality also confirmed the role of RS as an 
independent prognostic factor, demonstrating a significant positive correlation between RS and poor survival outcomes in 
both the training cohort (P<0.001; HR=3.562, 95% CI: 1.946–6.521; Figure 4C) and test cohort (P<0.001; HR=2.887, 
95% CI: 1.608–5.182; Figure 4D). Furthermore, the heatmap, integrating differentially expressed ANRGs and clinical 

Figure 3 Construction of ANRG-related prognosis model in TCGA training cohort. (A) A total of 10 ANRGs were identified with significant difference in the training 
cohort via the univariate Cox regression analysis (P<0.05). (B) LASSO Cox regression was performed to assess the 10 ANRGs for the construction of a prognosis model. 
(C) The 10 ANRGs were under the cross validation for tuning parameter selection in LASSO regression. (D) Patients in the training cohort were aligned in order of risk 
score. (E) Survival condition of HCC patients was displayed in T-SNE based on the risk score. (F) Survival condition of HCC patients was displayed in PCA based on risk 
score. (G) Survival condition of each patient was shown in two groups (low-risk group: left side of the dotted line; high-risk group: right side of the dotted line). (H) The 
survival condition of patients in high- and low-risk group were analyzed by Kaplan-Meier survival curves. (I) The predictive effect of the prognostic model was assessed by 
ROC curve.
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Figure 4 Independent prognostic value of prognostic risk model for HCC. (A and B) Univariate and multivariate Cox regression analysis of TCGA training cohort. (C and 
D) Univariate and multivariate Cox regression analysis of TCGA test cohort. (E) Heatmap displayed the relationship between the expression of DEGs and clinical 
characters. **P<0.01; ***P<0.001.
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characteristics, showed significant differences in age (P<0.05) and tumor grade (P<0.001) between low- and high-risk 
groups (Figure 4E).

Functional Analysis in Low- and High-Risk Groups
Next, DEGs were extracted from the training cohort using the “limma” R software (|log2Fc|≥1, FDR<0.05), and gene 
functions and signaling pathways were analyzed in low- and high-risk groups clustered by our prognostic model. The 
analyses of GO and KEGG were conducted for evaluating the classification and function of DEGs. In the set of 
biological process, DEGs were concentrated on ribonucleoprotein complex biogenesis, RNA splicing, and protein 
targeting; in the set of cellular components, DEGs were enriched in cell-substrate junction, focal adhesion, and vesicle 
lumen; in the set of molecular functions (MF), cadherin binding, transcription coregulatory activity and ubiquitin-like 
protein ligase binding were highly linked to DEGs (Figure 5A). The KEGG analysis showed that the ribosome and 
carbon metabolism and the COVID-19 course were the top signaling pathways enriched by DEGs (Figure 5B).

Analysis of Immune Cell Infiltration in HCC Cohorts
To explore the relationship between immune cell infiltration and survival outcomes, in HCC cohorts, we employed the 
CIBERSORT algorithm to analyze immune cell profiles in both low- and high-risk groups. Twenty-two sets of immune 
cells were found to accumulate in both tumor and normal tissues across the training and test cohorts (Figure 6A–D). 
Notably, there was a significant difference in the infiltration of resting memory CD4+ T cells and monocytes, which were 
more prevalent in the low-risk group compared to the high-risk group. In contrast, follicular T helper cells and M0 
macrophages were significantly more abundant in the high-risk group than in the low-risk group (Figure 6E and F). These 
findings suggest a differential pattern of immune cell infiltration associated with risk stratification in HCC, which may 
have implications for understanding the tumor microenvironment and its impact on patient survival.

Figure 5 Analysis of gene function in high and low-risk groups. (A) Bubble diagram of GO enrichment (the larger the bubble, the more genes are enriched; and the 
increasing depth of red, the more obvious the difference). (B) Circle plot through KEGG analysis visualizing the signaling pathways enriched by DEGs.
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Nomogram Construction to Predict the Survival
A nomogram was developed to enhance prognostic prediction by utilizing clinical characteristics obtained from the TCGA 
database and the HCC training cohort, excluding patients with missing information. This nomogram classified patients based on 
percentage survival coefficients (1-, 3-, and 5-year) derived from the cumulative information scores of relevant clinical 
characteristics (Figure 7A). Calibration curves demonstrated that the nomogram’s predictions closely aligned with actual 
observed probabilities (Figure 7B–D). Furthermore, the KM curve indicated that the mean survival time was significantly 
shorter for patients in the high Nomo-risk group compared to those in the low Nomo-risk group (P = 0.00016, Figure 7E). The 
AUCs for the ROC curves were 0.806 for 1-year, 0.729 for 3-year, and 0.800 for 5-year predictions, confirming the nomogram’s 
precision (Figure 7F). Additionally, the effectiveness of the nomogram was validated through decision curve analysis (DCA) 
(Figure 7G).

Figure 6 Analysis of immune cell infiltration in HCC cohort. (A and C) Histogram of different immune cell contents in the TCGA training cohort and test cohort. (B and 
D) Correlation between immune cells. Red represented positive correlation genes and blue represented negative correlation genes. Point size represented P value. X axis 
and Y axis indicated immune cell type. (E and F) Violin diagram showed the difference of content of each immune cell in high- and low-risk group in the TCGA training 
cohort and test cohort. (Red, high expression; green, low expression.).
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Internal and External Validation of Nomogram
The validity of the Nomogram was corroborated using cohorts derived from the TCGA test and ICGC. In the TCGA 
internal test cohort, the Nomogram demonstrated the accuracy in predicting OS for HCC patients, as evidenced by the 
AUC values of 0.799 at 1-year, 0.761 at 3-year, and 0.697 at 5-year (Figure S3A). The KM curves further illustrated that 
the mean survival time was significantly shorter in the high Nomo-risk group compared to the low Nomo-risk group (P = 
0.00016; Figure S3B). Additionally, DCA indicated the clinical utility of the Nomogram (Figure S3C). Similarly, in the 

Figure 7 Nomogram construction and TCGA internal training cohort validation. (A) Histograms predicting 1-, 3-, and 5-year overall survival in patients with HCC. (B–D) 
Calibration curves for survival outcome prediction. (E) Receiver Operating Characteristic (ROC) Curves for Nomogram’s 1-, 3-, and 5-year overall survival. (F) Kaplan- 
Meier (KM) curves between Nomogram risk groups. (G) Decision Curves Analysis (DCA) to analyze the clinical value of nomogram.
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ICGC-originated cohort, the Nomogram maintained AUC values exceeding 0.6, specifically 0.839 at 1-year, 0.797 at 
3-year, and 0.699 at 5-year (Figure S3D). The KM curves for this cohort also showed a significantly shorter mean 
survival time for the high Nomo-risk group compared to the low Nomo-risk group (P < 0.0001; Figure S3E). The DCA 
results further supported the clinical value of the Nomogram (Figure S3F). Collectively, these findings confirm the robust 
performance and significant predictive value of the Nomogram in forecasting OS for HCC patients.

The mRNA Level and Protein Expression of Specific ANRGs Were Significantly 
Upregulated in Tumor Samples
The expression levels of six DEGs were investigated to validate ANRG expression in both normal and tumor samples. 
Initially, transcriptional analysis using the GEPIA database revealed that the mRNA levels of these DEGs were 
significantly elevated in tumor samples compared to normal tissues (Figure 8A). Complementary to this, protein 
expression analysis using the HPA database indicated a significantly higher protein level in tumor tissues relative to 
normal tissues (Figure 8B).

Figure 8 Validation of the ANRGs expression in the GEPIA database and HPA database. (A) The mRNA levels of ANXA5, BIRC5, BSG, DAP3, SKP2 and CDKN3 between 
normal and HCC tissues in the GEPIA, *P<0.05. (B) Immunohistochemistry of the ANXA5, BIRC5, BSG, DAP3, SKP2 and CDKN3 were detected in normal and HCC 
tissues from the HPA database.
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Further validation was conducted through in vivo and in vitro experiments. Tumor growth was induced by inoculating 
Hepa1-6 cells into the liver, where a marked increase in the mRNA levels of ANRGs was observed in tumor tissues 
compared to normal liver tissues (Figure 9A–C). Additionally, in vitro analysis demonstrated that the mRNA levels of the 
six ANRGs were significantly elevated in Huh7 cells compared to HL-7702 cells (Figure 9D). Immunohistochemical 
evaluation further confirmed that the protein levels of ANRGs were significantly upregulated in the tumor tissues of HCC 
patients (Figure 9E). These findings collectively underscore the heightened expression of ANRGs in tumor samples, both 
at the transcriptional and translational levels, thereby reinforcing their potential role in tumorigenesis.

Discussion
Despite substantial advances in HCC therapy, the five-year survival rates remain low, primarily due to poor prognosis.26 

Anoikis, a form of programmed cell death that is dependent on cell anchorage, plays a crucial role in preventing the 
colonization of cells in inappropriate location.27 Accumulating studies indicate that the failure of anoikis in cancer cells is 
closely linked to tumor growth and metastasis, including HCC.28 Although several RS models have been developed based 

Figure 9 Validation of the ANRGs expression in vivo and in vitro. (A) Typical diagrams of normal and tumor liver tissue from mice were presented. (B) Tumor volumes and 
liver weight between normal and HCC models from mice (n=5, per group). (C) The mRNA levels of ANXA5, BIRC5, BSG, DAP3, SKP2 and CDKN3 were determined in the 
normal and HCC livers of mice (n=5 per group). (D) The mRNA levels of ANXA5, BIRC5, BSG, DAP3, SKP2 and CDKN3 between HL-7702 and Huh7 cells (n=3). **P<0.01; 
***P<0.001. (E) Immunohistochemistry showed that the expression of ANXA5, BIRC5, BSG, DAP3, SKP2 and CDKN3 in HCC tissues and non-tumor tissues from human 
samples.
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on anoikis-related gene signatures in recent years, there remains a deficiency in ANRGs that can fully predict the 
prognosis of HCC.29–32

In this study, six differentially expressed ANRGs (ANXA5, BIRC5, BSG, DAP3, SKP2 and CDKN3) were identified in 
HCC and normal tissues, and these genes were found to be closely linked to the prognosis of HCC treatment. To leverage 
this association, a prognostic RS model was developed using univariate Cox and LASSO Cox regression analyses based 
on these DEGs. This model demonstrated a robust capacity for predicting patient survival, and was able to independently 
assess the risk for patients in both TCGA and ICGC cohorts. Additionally, GO enrichment and KEGG pathway analyses 
were conducted to further profile the ANRGs. These analyses revealed that the genes were significantly associated with 
ribonucleoprotein complex biogenesis, cell-substrate junction, and cadherin binding. Moreover, they were highly 
enriched in signaling pathways related to the ribosome, carbon metabolism and the coronavirus disease COVID-19.

The involvement of immune cells within tumors is crucial for tumor initiation, development, metastasis, and therapy 
resistance.33 Among these immune cells, CD4+ T cells are particularly significant, acting as key coordinators of both 
innate and antigen-specific immune responses.34 Recent studies have further highlighted the role of CD4+ T cells as anti- 
tumor effector cells.35 Consequently, an increased recruitment of resting memory CD4+ T cells is associated with a better 
prognosis in low-risk groups. In contrast, macrophages in their resting or naïve state (M0), which originate from the bone 
marrow, have the potential to polarize into either pro-inflammatory (M1) or anti-inflammatory (M2) states in response to 
various stimuli.36 Notably, a high infiltration of M0 macrophages has been closely linked to the poor OS in patients with 
HCC.37,38 Thus, the presence of M0 macrophages in high-risk groups may indicate an unfavorable prognosis.

Monocyte subpopulations are known to perform distinct functions that can either promote or inhibit tumor immune 
responses.39 Similarly, follicular T helper cells, which are essential for support to B cells in generating antibody-mediated 
immune activities, may also exhibit pro- or anti-tumor roles depending on the type of cancer involved.40–42 

Consequently, the potential of monocytes and follicular T helper cells, along with their subtypes, as predictive markers 
for HCC prognosis requires further investigation in future studies.

Annexin A5 (ANXA5) is a member of the calcium-dependent phospholipid binding protein family, typically found in 
the cytoplasm.43 The protein encoded by ANXA5 serves as an endogenous regulator in various physiological processes, 
including cell signal transduction, inflammation, tumor proliferation, metastasis, and therapy resistance.44–46 

Mechanistically, research indicates that ANXA5 can facilitate the malignant transformation of murine liver cancer 
Hca-F cells by activating the ERK2/c-Jun/pc-Jun (Ser73) and ERK2/E-cadherin pathways,47 suggesting its involvement 
in metastasis, particularly lymph node metastasis (LNM).48 Baculoviral inhibitor of apoptosis repeat-containing protein 5 
(BIRC5) is a key gene encoding the inhibitor of apoptosis protein family, playing a significant role in suppressing 
apoptosis. BIRC5 is highly expressed in various cancers, contributing to malignant metastasis and recurrence, which are 
associated with patient prognosis.49,50 For instance, the transcriptomic analyses of circulating tumor cells have shown 
that BIRC5, the key regulator of anoikis, can be upregulated during the dissemination of pancreatic ductal 
adenocarcinoma.51 Mechanistically, BIRC5 functions to promote HCC cell proliferation by inhibiting apoptosis and 
promoting G2/M cell cycle transition, while knockdown of BIRC5 in HepG2 cells leads to decreased proliferation by 
disrupting cell division. Furthermore, BIRC5 deletion inhibits epithelial-mesenchymal transition (EMT) and reduces the 
levels of AURKA and CDK1/2, ultimately suppressing cell migration.52 Basigin (BSG), a glycosylated transmembrane 
protein widely distributed on the cell surface, is instrumental in cell-cell interaction and ECM attachment.53 Recent 
studies have reported that BSG is largely expressed in different cancers, promoting malignant invasion by inducing the 
release of matrix metalloproteinases from mesenchymal cells within the tumors.54 Other studies indicated that lncRNA 
BSG-AS1 stabilized BSG mRNA, leading to increased BSG expression. This promotes HCC proliferation and migration, 
making high levels of poor HCC prognosis.55 Death-associated protein 3 (DAP3), a member of the death-associated 
protein (DAP) family, is linked to mitochondrial morphological changes during apoptosis.56 Functionally, DAP3 has 
been shown to stimulate cancer development and correlate with poor prognosis and survival in patients.57,58 In HCC, 
DAP3 promotes proliferation, migration and invasion in vitro and in vivo by enhancing mitochondrial respiration, 
inducing the EMT, and inhibiting cellular senescence. Mechanistically, DAP3 increases the activity of mitochondrial 
complex I in HCC cells by regulating the translation and expression of MT-ND5.59 S-phase kinase associated protein 2 
(SKP2), a member of F-box protein family, is implicated in tumor initiation, development, and metastasis.60 For example, 
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SKP2-mediated transcriptional addiction has been reported to induce anoikis resistance and promote the malignant 
metastasis in triple-negative breast cancer.61 In HCC cells, SKP2 expression levels correlate positively with cell 
proliferation and microvascularization, and inversely with apoptosis and survival. Accordingly, siRNA-mediated SKP2 
knockdown in HCC cells reduces proliferation and the ubiquitination of cell cycle regulators, whereas SKP2 over
expression increased proliferation and reduces the expression of cell cycle regulators.62 Cyclin-dependent kinase 
inhibitor 3 (CDKN3), a key regulator within the cell cycle network, exhibits aberrant expression in a variety of 
malignancies, including breast,63 prostate,64 liver,65 and esophageal cancers.66 Notably, an inverse correlation has been 
observed between CDKN3 expression levels and the pathological stage of tumors. Specifically, in HCC tissues, CDKN3 
inhibition enhances clonogenic capacity and chemotherapeutic tolerance relative to control conditions. Mechanistically, 
CDKN3 knockdown leads to the downregulation of p53 and p21 protein levels, concurrent with the upregulation of AKT 
serine/threonine kinase 1. These findings suggest that CDKN3 expression may modulate tumor cell survival and 
influence the sensitivity to therapeutic agents, potentially through the AKT/P53/P21 signaling pathway.67

Nomograms are extensively utilized as prognostic tools in oncology and medicine.49 In this study, we developed 
a Nomogram incorporating RS, gender, age, grade, and T_stage to enhance the predictive capacity of ANRGs for 
evaluating HCC prognosis. Our Nomogram effectively illustrated the survival probabilities for individual patients, as 
validated through various methods, including AUC values, KM analysis and DCA. Analysis using HPA and GEPIA 
datasets revealed that the mRNA and protein levels of six ANRGs were significantly elevated in tumor tissues of HCC 
patients, which were further verified by in vitro and in vivo experimental models.

It is important to acknowledge certain limitations in our anoikis-associated prognostic model for HCC. The results 
presented in this study are based on retrospective analysis and require validation in prospective studies. Future research 
will focus on elucidating the mechanisms by which ANRGS influence the prognosis of HCC patients, utilizing clinically 
relevant experimental models.

Conclusion
This study presents a prognostic risk model established using six ANRGs, specially designed to predict the survival 
outcomes of patients with HCC. Additionally, a Nomogram has been constructed to directly reflect the survival 
probabilities for individual patients. In summary, our research does offer a promising risk-predictive tool that has the 
potential to enhance management strategies for HCC patients, as it can assess HCC risk and identify high-risk patients, 
thereby facilitating the rational allocation of healthcare resources. Next, it can guide clinical decision-making and provide 
personalized treatment recommendations for HCC patients. Finally, it can provide a research base for subsequent clinical 
trials.
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