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Abstract 
Background and Objective: Hepatocellular carcinoma (HCC) remains a major cause 

of cancer-related mortality, and reliable prognostic biomarkers are still needed. 

Epithelial–mesenchymal transition (EMT) is involved in HCC progression, and 

EMT-related genes may serve as candidates for prognostic modeling. This study 

aimed to construct an EMT-based five-gene prognostic model for HCC and to 

investigate the cellular expression pattern of SPP1 using single-cell and 



immunohistochemical analyses.Methods: EMT-related genes were obtained from the 

dbEMT database and intersected with differentially expressed genes and WGCNA 

hub genes in the TCGA cohort. Candidate prognostic genes were screened by 

univariate Cox and LASSO regression, and an EMT-based five-gene prognostic 

model was constructed and validated in TCGA and GSE14520 datasets using survival 

analysis, C-index, and hazard ratios (HRs). Functional enrichment analysis and 

immune cell infiltration assessment were performed to compare high- and low-risk 

groups. Single-cell analysis using GSE189903 was conducted to investigate the 

cellular distribution of SPP1. Immunohistochemistry (IHC) was performed on human 

HCC tissues and paired adjacent and normal liver tissues to preliminarily assess SPP1 

protein expression.Results: The EMT-based five-gene prognostic model, consisting 

of MMP1, EZH2, SPP1, CCNA2, and MYCN, showed modest predictive 

performance in both training and validation cohorts. High-risk tumors were enriched 

in proliferation, cell cycle, and MYC target pathways, accompanied by immune 

microenvironment dysregulation. Single-cell analysis showed that SPP1 was 

expressed in multiple cell types, with relatively higher expression in myeloid cells 

(including macrophages, mast cells, and neutrophils) and detectable expression in 

hepatocarcinoma cells. Preliminary IHC analysis showed that SPP1 protein was 

elevated in HCC tissues compared with adjacent and normal liver tissues, with 

positive signals observed in hepatocellular carcinoma cells and some stromal areas, 

consistent with the single-cell finding.Conclusion: The EMT-based five-gene 

prognostic model showed modest predictive performance for survival risk in HCC 

patients. SPP1 was expressed in myeloid cells and hepatocarcinoma cells in 

single-cell data and was elevated in HCC tissues by IHC. However, the cellular source 

and functional role of SPP1 in HCC progression remain to be determined. These 

findings are descriptive and hypothesis-generating. 

Keywords: Hepatocellular carcinoma (HCC); Epithelial–mesenchymal transition 



(EMT); Prognostic model; Single-cell RNA sequencing; SPP1; 

Immunohistochemistry 

 

Introduction 

Hepatocellular carcinoma (HCC) represents the predominant histological subtype of 

primary liver cancer and continues to impose a substantial global health burden. Liver 

cancer ranks among the most frequently diagnosed malignancies worldwide and 

remains a major contributor to cancer-related mortality, with increasing death rates 

reported in several regions [1–3]. Despite improvements in surveillance and 

therapeutic strategies, the prognosis of HCC patients remains poor, largely because of 

the high propensity for tumor invasion and distant metastasis. In clinical practice, a 

considerable proportion of patients are diagnosed at advanced stages, when curative 

treatment options are limited. Moreover, even after potentially curative therapies, the 

long-term outcome remains unsatisfactory due to high recurrence and metastasis rates, 

which can exceed 70% within five years [4–8]. Therefore, identifying reliable 

prognostic biomarkers and elucidating the molecular features of HCC progression are 

essential for improving patient prognosis and developing more effective therapeutic 

strategies. 

The development of HCC is strongly associated with multiple etiological factors. 

Chronic infection with hepatitis B virus (HBV) has historically been considered the 

most important risk factor and is responsible for a substantial proportion of global 

HCC cases. However, with the implementation of large-scale vaccination programs 

and the increasing availability of antiviral therapies, the epidemiological landscape of 

HCC has gradually changed. In recent years, metabolic disorders, particularly those 

associated with non-alcoholic steatohepatitis (NASH) and metabolic 

dysfunction-associated fatty liver disease, have emerged as increasingly important 

contributors to hepatocarcinogenesis [9]. These distinct etiological backgrounds are 



closely linked to differences in tumor biology, genetic alterations, and immune 

microenvironment characteristics, thereby complicating the development of 

personalized therapeutic strategies for HCC patients. 

At present, surgical resection and liver transplantation remain the most effective 

curative treatment approaches for patients with early-stage HCC. In addition to 

surgical interventions, several locoregional therapies have been widely adopted in 

clinical practice. Radiofrequency ablation is commonly used for patients with small 

tumors who are not suitable candidates for surgery, while transarterial 

chemoembolization (TACE) has been considered the standard treatment for patients 

with intermediate-stage disease for more than two decades [10,11]. Although these 

conventional treatments have significantly improved clinical management, the high 

rates of tumor recurrence and metastasis remain major obstacles to achieving 

long-term survival benefits. In recent years, advances in molecular targeted therapies 

and immunotherapy have provided new opportunities for the treatment of HCC. 

Nevertheless, reliable molecular biomarkers for risk stratification and prognosis 

prediction are still needed to further improve therapeutic outcomes. 

HCC typically develops in a background of chronic inflammation and is characterized 

by a complex and dynamic tumor microenvironment (TME). The TME consists of 

diverse cellular and molecular components, including various immune cell 

populations, cytokines, extracellular matrix components, and multiple signaling 

pathways that collectively influence tumor behavior [12– 14]. Among these 

components, several immune cell types have been shown to contribute to 

immunosuppressive conditions within the TME. For example, regulatory T cells 

(Tregs) can impair the antitumor activity of cytotoxic T lymphocytes, while 

myeloid-derived suppressor cells (MDSCs) inhibit T-cell responses through the 

production of immunosuppressive factors such as transforming growth factor-β. In 

addition, tumor-associated macrophages (TAMs) and neutrophils have also been 



implicated in promoting tumor growth, immune evasion, and metastatic progression. 

Increasing evidence suggests that the interactions among these immune cells may play 

a crucial role in shaping the immunosuppressive microenvironment of HCC, which in 

turn may facilitate tumor progression and metastasis [15,16]. Notably, the 

immunological characteristics of the TME have been reported to closely interact with 

epithelial–mesenchymal transition (EMT), a key biological process involved in 

cancer metastasis. 

EMT is widely recognized as a fundamental mechanism underlying tumor invasion 

and metastatic dissemination [17–19]. During this process, epithelial tumor cells 

undergo a series of molecular and phenotypic changes that result in the loss of 

epithelial characteristics and the acquisition of mesenchymal features, thereby 

enhancing migratory and invasive capabilities [20,21]. Hallmark molecular events of 

EMT include the downregulation of epithelial markers such as E-cadherin and the 

upregulation of mesenchymal markers such as Vimentin. In addition, several 

transcription factors, including Snail, Slug, Twist1, ZEB1, and β-catenin, play 

essential roles in regulating EMT initiation and maintenance [22–28]. Previous 

studies have identified multiple EMT-related genes associated with HCC prognosis 

and tumor progression. However, most existing studies rely primarily on bulk 

transcriptomic data, and comprehensive analyses integrating single-cell transcriptomic 

information to investigate the cellular distribution and functional roles of EMT-related 

genes within the tumor microenvironment remain limited. 

In the present study, we aimed to identify EMT-related prognostic genes in HCC by 

integrating multiple public transcriptomic datasets. Specifically, gene expression 

profiles from The Cancer Genome Atlas and Gene Expression Omnibus were 

analyzed using machine learning-based approaches to screen for candidate prognostic 

genes from an EMT-related gene set. An EMT-based five-gene prognostic model was 

constructed and validated, and functional enrichment and immune infiltration analyses 



were performed to characterize the high- and low-risk groups. Furthermore, 

single-cell RNA sequencing data were employed to investigate the cellular expression 

pattern of SPP1, and immunohistochemistry (IHC) was performed to preliminarily 

assess SPP1 protein expression in HCC tissues, adjacent non-tumor tissues, and 

normal liver tissues. This work aimed to provide a descriptive foundation for future 

studies on SPP1 in HCC. No functional experiments were performed, and the 

mechanistic role of SPP1 remains to be determined. 

Materials and Methods 

Patients and Specimens 

The specimens used in this study consisted of three pairs of hepatocellular carcinoma 

(HCC) tissues and their corresponding cancer-adjacent (CAP) and non-cancer (CAF) 

tissues, collected from patients who underwent liver transplantation at Guangxi 

Zhuang Autonomous Region People’s Hospital between 2013 and 2024. All 

specimens were stored in accordance with institutional regulations at the Biobank of 

Guangxi Zhuang Autonomous Region People’s Hospital (Biobank Approval No.: 

Guo Ke Yi Ban Shen Zi [2023] BC0039). The study protocol was approved by the 

Ethics Committee of Guangxi University of Chinese Medicine, and all patients 

provided written informed consent for the use of their tissues. 

Data Sources 

Transcriptomic data and corresponding clinical information of patients with HCC 

were retrieved from the The Cancer Genome Atlas through the Genomic Data 

Commons portal (https://portal.gdc.cancer.gov/). The TCGA-LIHC cohort included 

369 tumor samples and 50 normal liver tissue samples, which were utilized for 

differential gene expression analysis. After removing cases lacking complete overall 

survival (OS) information, 363 HCC samples remained and were included in 

subsequent survival and prognostic analyses. 

To further validate the findings, an independent dataset (GSE14520) was obtained 



from the Gene Expression Omnibus (https://www.ncbi.nlm.nih.gov/geo/). This dataset 

contains 247 HCC samples and 241 normal liver tissue samples. Following the 

exclusion of samples with missing survival data, 221 HCC cases were retained for 

downstream analyses. 

Single-cell RNA sequencing data used for investigating the cellular distribution of key 

genes were obtained from the GSE189903 dataset in the GEO database. 

To identify epithelial–mesenchymal transition (EMT)-associated genes potentially 

involved in HCC progression, an EMT-related gene list was downloaded from the 

dbEMT database. This dataset contains 1,184 genes reported to participate in EMT 

processes [29,30]. These genes were used as candidate features for subsequent 

analyses aimed at identifying EMT-related prognostic biomarkers in HCC. 

 

 

Figure 1. The workflow of this study includes the use of the following datasets and 

analytical methods: TCGA-LIHC (The Cancer Genome Atlas Liver Hepatocellular Carcinoma 

dataset), GSE14520, GSE189903 (GEO database datasets), MSigDB (Molecular Signatures 

Database), DEG (differentially expressed genes), LASSO (least absolute shrinkage and selection 

operator) regression analysis, and WGCNA (weighted gene co-expression network analysis for 



identifying key gene modules associated with clinical traits). 

Identification and Analysis of EMT-Related Genes 

Differential gene expression analysis between hepatocellular carcinoma (HCC) tissues 

and normal liver samples in the The Cancer Genome Atlas cohort was conducted 

using the limma package in R. Genes with an absolute log2 fold change greater than 1 

and a false discovery rate (FDR) below 0.05 were defined as differentially expressed 

genes (DEGs). 

To further identify gene modules closely associated with tumor characteristics, 

Weighted Gene Co-expression Network Analysis (WGCNA) was performed [31]. 

Prior to network construction, the expression matrix was filtered to remove genes 

with low expression levels, and the top 30% of genes with the highest variance were 

retained for analysis. Pearson correlation coefficients were used to calculate pairwise 

gene correlations. A suitable soft-thresholding power (β) was selected to ensure 

scale-free network topology, after which a weighted adjacency matrix was generated 

and subsequently transformed into a topological overlap matrix (TOM). Gene 

modules were then identified through hierarchical clustering combined with the 

dynamic tree cut algorithm. Modules with highly similar expression profiles were 

merged based on module eigengene similarity. Correlation analysis between module 

eigengenes and clinical traits (tumor versus normal tissues) was performed to identify 

tumor-associated modules. Within these modules, gene significance (GS) and module 

membership (MM) were calculated, and genes meeting the criteria of |GS| > 0.15 and 

|MM| > 0.4 were considered candidate hub genes. 

Next, the identified DEGs, candidate hub genes from WGCNA, and the epithelial–

mesenchymal transition (EMT) gene set were intersected to obtain EMT-related genes 

that were aberrantly expressed in HCC. Based on the TCGA cohort, univariate Cox 

proportional hazards regression analysis was performed to evaluate the association 

between these genes and overall survival (OS). Genes with a P value less than 0.05 



were regarded as prognostically relevant. To further reduce feature dimensionality and 

avoid model overfitting, least absolute shrinkage and selection operator (LASSO) 

regression analysis was subsequently applied, resulting in the identification of the 

final set of candidate prognostic genes. 

To explore potential interactions among these genes, protein–protein interaction (PPI) 

analysis was performed using the STRING database (https://cn.string-db.org/) with a 

minimum interaction confidence score of 0.4. The resulting interaction network was 

visualized using Cytoscape software, and hub genes within the network were 

identified according to their degree values. The top 20 genes with the highest 

connectivity were selected and intersected with the genes obtained from the LASSO 

regression analysis to determine the final set of EMT-related genes associated with 

HCC. 

Subsequently, predictive models were constructed using the R package “Mime1”, 

which integrates ten commonly used machine learning algorithms [32]. Model 

performance was evaluated in both the training and validation cohorts by comparing 

the concordance index (C-index) and the area under the receiver operating 

characteristic curve (AUC) at 1, 3, and 5 years. The model demonstrating the most 

stable and superior predictive performance across datasets was selected as the optimal 

prognostic model. According to the median risk score calculated from the selected 

model, patients in the training cohort were stratified into high-risk and low-risk 

groups. Kaplan–Meier survival analysis was conducted using the survminer package 

to compare survival differences between groups, and time-dependent ROC curves 

were generated to evaluate the predictive accuracy of the model at different time 

points. 

Finally, risk scores were calculated for patients in both the TCGA cohort and the 

GSE14520 validation dataset obtained from the Gene Expression Omnibus. Samples 

were classified into high-risk and low-risk groups according to the median risk score. 



The distributions of risk scores, survival outcomes, and gene expression patterns were 

visualized and compared between groups. Principal component analysis (PCA) was 

performed to evaluate the separation of samples in multidimensional space. To further 

assess the reliability of the constructed model, its prognostic performance was 

compared with previously reported HCC prognostic models using hazard ratios (HRs) 

and concordance index values. 

Nomogram Construction and Validation 

To determine whether the constructed risk score model could independently predict 

the prognosis of patients with hepatocellular carcinoma (HCC), both univariate and 

multivariate Cox proportional hazards regression analyses were conducted using the 

survival package in R. Clinical variables together with the risk score grouping were 

analyzed in the training cohort derived from the The Cancer Genome Atlas and further 

validated in the external dataset GSE14520 from the Gene Expression Omnibus. 

Based on the independent prognostic factors identified in the multivariate Cox 

analysis, a prognostic nomogram was established using the rms package to estimate 

the probability of overall survival (OS) at 1, 2, and 3 years. The predictive accuracy 

and stability of the nomogram were subsequently evaluated using calibration curves, 

which compared the predicted survival probabilities with the observed clinical 

outcomes. 

Functional Enrichment Analysis 

Patients were stratified into high-risk and low-risk groups according to the median 

risk score derived from the EMT-related prognostic model. Differential expression 

analysis between the two groups was conducted using the limma package in R to 

identify genes potentially involved in the biological differences associated with the 

risk signature. 

To further explore the functional characteristics of these genes, Gene Ontology (GO) 

and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analyses were 



performed using the clusterProfiler package. These analyses were used to investigate 

the potential biological processes, molecular functions, and cellular components 

associated with the differentially expressed genes. 

In addition, gene set enrichment analysis (GSEA) was carried out to comprehensively 

evaluate pathway-level differences between the high-risk and low-risk groups. Gene 

sets were obtained from the Molecular Signatures Database (MsigDB, symbols.gmt 

v7.0), and the analyses were implemented using the clusterProfiler and enrichplot 

packages. This approach enabled the identification of biological pathways and 

molecular mechanisms potentially associated with EMT-related prognostic genes in 

hepatocellular carcinoma. 

Gene Mutation Analysis 

Somatic mutation data from hepatocellular carcinoma patients were obtained from the 

The Cancer Genome Atlas. The maftools package in R was used to analyze mutation 

patterns in patients classified into high-risk and low-risk groups according to the 

EMT-related risk model. 

The analysis included the overall mutation burden, mutation classifications, and the 

frequency of commonly mutated genes in each group. Differences in mutation profiles 

between the two groups were compared to identify dominant mutation types, such as 

missense mutations and splice-site alterations, as well as genes with high mutation 

frequencies. 

Furthermore, mutation patterns of key EMT-related prognostic genes included in the 

risk model were investigated. The relationship between mutation status and mRNA 

expression levels was also evaluated to explore the potential influence of gene 

mutations on EMT-related gene expression and clinical prognosis. 

Immune Infiltration and Tumor Microenvironment Analysis 

Information regarding immune cell infiltration in tumor samples was obtained from 

the The Cancer Genome Atlas. Based on the median risk score derived from the 



EMT-related risk model, patients were categorized into high-risk and low-risk groups. 

To comprehensively evaluate immune cell composition in tumor samples, multiple 

computational algorithms were applied, including TIMER, CIBERSORT, 

CIBERSORT-ABS, QUANTISEQ, MCPCOUNTER, XCELL, and EPIC. These 

methods were used to estimate the relative abundance of various immune cell 

populations across samples, and the results were normalized to minimize potential 

biases among different datasets. 

Subsequently, the immune infiltration matrices were arranged according to risk scores, 

and heatmaps were generated to visualize differences in immune cell distribution 

between the high-risk and low-risk groups across different estimation methods. In 

addition, the limma package was applied to compare the expression levels of 

commonly studied immune checkpoint genes between the two risk groups. 

To further assess the potential response to immunotherapy, the Tumor Immune 

Dysfunction and Exclusion (TIDE) algorithm was employed to calculate TIDE scores 

for each patient sample. Differences in TIDE scores between the high-risk and 

low-risk groups were analyzed to estimate the likelihood of response to immune 

checkpoint blockade therapy, with lower scores indicating a higher probability of 

therapeutic response. TIDE data were obtained from the online resource 

(http://tide.dfci.harvard.edu/faq/). 

Drug Sensitivity Analysis 

To investigate potential therapeutic options for patients with different risk profiles, 

drug response prediction was performed using the oncoPredict package in R. This 

method estimates drug sensitivity by integrating gene expression profiles with 

pharmacogenomic reference datasets, enabling the prediction of individualized 

responses to anticancer agents.A panel of 198 commonly used drugs was included in 

the analysis. For each patient sample, the half-maximal inhibitory concentration (IC50) 

was estimated, representing the drug concentration required to suppress cell 



proliferation by 50%. The predicted IC50 values were then compared between the 

high-risk and low-risk groups defined by the EMT-related prognostic model.Drugs 

showing significant differences in predicted IC50 values between the two groups were 

considered potentially differentially sensitive agents. These results may provide 

insights into personalized therapeutic strategies for hepatocellular carcinoma patients 

with distinct risk levels. 

Single-Cell Sequencing Analysis 

Raw single-cell sequencing data were imported in 10X Genomics HDF5 format, and 

the Seurat (v5) R package was used to create Seurat objects. Quality control (QC) was 

performed for each sample by calculating the proportion of mitochondrial genes 

(mt_percent) and hemoglobin genes (HB_percent). Low-quality cells were filtered out 

using the following criteria: detected genes < 300 or > 7000, UMI counts < 1000 or 

above the 97th percentile, mitochondrial gene proportion > 10%, and hemoglobin 

gene proportion > 3%. After QC, samples were merged and classified into tumor and 

normal groups according to their origin. 

The expression matrix was then normalized using NormalizeData [33], and the top 

2000 highly variable genes were selected with FindVariableFeatures. Data were 

scaled using ScaleData, with regression of the mitochondrial proportion effect. PCA 

was performed using RunPCA, and the top 30 principal components with the largest 

standard deviations were selected for downstream analyses. To reduce batch effects, 

Harmony (HarmonyIntegration) was applied for data integration. 

For clustering, FindNeighbors and FindClusters were used to classify cell populations, 

with resolutions set between 0.1 and 1.0. Dimensionality reduction and visualization 

were performed using UMAP (RunUMAP) [34] to display cellular heterogeneity and 

population distribution. Cell types were annotated by collecting known marker genes 

and referencing relevant literature and publicly available single-cell liver cancer 

datasets. Bubble plots generated by Seurat were used to visualize the expression 



patterns of marker genes across clusters, which guided the annotation of cell clusters. 

The integrated Seurat object was subsequently used for differential expression 

analysis and functional pathway enrichment analysis. 

Cell–Cell Communication Analysis 

Cell–cell communication is a crucial mechanism through which cells coordinate 

biological functions via ligand–receptor signaling. To explore interactions between 

different cell types, the CellChat package was used to construct cell communication 

networks. Based on known ligand–receptor complexes and single-cell expression data, 

CellChat computationally analyzes and reveals patterns and strengths of intercellular 

communication [35]. 

Immunohistochemistry (IHC) Analysis 

Formalin-fixed, paraffin-embedded (FFPE) tissue specimens from pathologically 

confirmed hepatocellular carcinoma (HCC) patients were collected and categorized 

into three groups: cancer tissue (CA), cancer-adjacent tissue (CAP, pathologically 

confirmed to be tumor-free), and non-cancer tissue (CAF, obtained from normal liver 

tissue distant from the tumor or from healthy donors). Tissue sections (4 μm) were 

deparaffinized, rehydrated, and subjected to antigen retrieval in citrate buffer (pH 6.0). 

Endogenous peroxidase activity was blocked with 3% hydrogen peroxide. Sections 

were incubated overnight at 4°C with anti-SPP1 antibody (1:3000), followed by 

incubation with HRP-conjugated secondary antibody. Immunoreactivity was 

visualized using DAB and counterstained with hematoxylin. 

SPP1 expression was quantified using ImageJ software. Three high-power fields 

were randomly selected per section to measure optical density, and the mean optical 

density (MOD) was calculated for each sample. Statistical analyses were performed 

using GraphPad Prism 9.5.1. One-way analysis of variance (ANOVA) followed by 

Tukey’s post hoc test was used for comparisons among the three groups. Data are 

presented as mean ±  standard deviation (SD), and P < 0.05 was considered 



statistically significant. 

Statistical Analysis 

All statistical analyses were performed using R software (version 4.4.2). Venn 

diagrams were generated using the online tool MicrobeX 

(https://www.bioinformatics.com.cn/)[36]. Data visualization was primarily 

conducted using R packages such as ggplot2, cowplot, and patchwork. Key R 

packages used in this study included limma (differential expression analysis), survival 

and survminer (survival analysis), caret (model training and cross-validation), Mime1 

(integration of multiple machine learning methods for prognostic model construction), 

and clusterProfiler (functional enrichment analysis). 

For continuous variables, comparisons between groups were conducted using 

t-tests or Wilcoxon rank-sum tests, while categorical variables were compared using 

chi-square tests or Fisher’s exact tests. Survival analyses were performed using 

Kaplan–Meier curves and the log-rank test, and univariate and multivariate Cox 

regression analyses were applied to evaluate the independence of prognostic factors. 

Time-dependent ROC curves were used to assess model predictive accuracy, and the 

C-index was used to evaluate model consistency. Differences in immune infiltration 

and drug sensitivity were analyzed using the Wilcoxon test. Statistical significance 

was set at p < 0.05, with high significance defined as p < 0.01 and p < 0.001. 

Results 

Screening of Prognostic Genes for the EMT-Related Model 
A total of 419 samples were obtained from the TCGA database, including 50 normal 

tissue samples and 369 HCC samples. Differential expression analysis identified 

3,824 DEGs between tumor and normal tissues (Figure 2A). Subsequently, WGCNA 

was used to select 1,631 tumor-associated hub genes (Figures 2B and 2C). Meanwhile, 

1,184 EMT-related genes were obtained from the dbEMT database. Intersection 

analysis of DEGs, WGCNA hub genes, and the EMT gene set yielded 68 candidate 



genes (Figure 2D). 

Univariate Cox regression and LASSO regression analyses were performed on these 

68 genes (Figures 2E and 2F). Simultaneously, these 68 genes were imported into the 

STRING database to construct a protein–protein interaction (PPI) network, and the 

top 20 genes were selected based on their degree values (Figure 2G). Finally, the 

genes identified by LASSO regression were intersected with the PPI-selected hub 

genes, resulting in five key genes used to construct the machine learning-based 

prognostic model (Figure 2H). 

 

Figure 2. Workflow for screening EMT-related genes. 

(A) Volcano plot of differentially expressed genes (DEGs) between TCGA HCC tissues and 

normal tissues.  

(B) Gene dendrogram and module classification obtained from WGCNA analysis. 



(C) Module–trait relationship heatmap showing correlations between WGCNA modules and 

clinical traits. 

(D) Venn diagram displaying the intersection of DEGs, hub genes, and EMT-related genes 

from the dbEMT database. 

(E) LASSO regression coefficient profiles of 51 EMT-related genes. 

(F) Tuning plot for the LASSO regression model parameters. 

(G) Top 20 hub genes in the PPI network ranked by degree values. 

(H) Intersection of LASSO-selected genes and PPI hub genes yielding the final set of five 

prognostic genes used for model construction. 

Construction and Validation of the EMT-Related Prognostic 
Gene Model 
Using the Mime1 machine learning package, a total of 117 predictive models were 

fitted on the TCGA dataset, covering various algorithm combinations including 

Stepwise Cox, LASSO, and RSF. The C-index of each model was calculated in both 

the training and validation cohorts (Figure 3A). The results showed that the 

StepCox[forward] model achieved the highest C-index values in both the training and 

validation cohorts, with a relatively simple model structure, yielding average C-index 

values of 0.685 and 0.66, respectively (Figure 3A). In the TCGA training cohort and 

the independent validation cohort GSE14520, the model’s C-index values were 0.71 

and 0.66, respectively (Figure 3B). 

Therefore, StepCox[forward] was selected as the optimal model, and its AUC values 

were extracted to demonstrate predictive performance (Figure 3B). The model’s 1-, 3-, 

and 5-year prognostic predictive ability in the training and validation cohorts was 

further evaluated, and the corresponding ROC curves were plotted (Figures 3C–F). 

Patient risk scores were calculated based on the StepCox[forward] model regression 

coefficients using the following formula: 

Risk score = 0.1432 × MMP1 + 0.1779 × EZH2 + 0.1130 × SPP1 + 0.0556 × CCNA2 



+ 0.2306 × MYCN. 

Patients in both the training and validation cohorts were classified into high- and 

low-risk groups according to the median risk score. Kaplan–Meier survival curves 

indicated that patients in the high-risk group had significantly lower overall survival 

(OS) (Figure 3G), and log-rank tests showed significant survival differences between 

the high- and low-risk groups, which was consistent in the validation cohort (Figure 

3H). 

 

Figure 3. Model construction and validation. 

(A) Predictive models constructed using multiple machine learning algorithms. 

(B) C-index values of the StepCox[forward] model across different datasets. 

(C) AUC values of the StepCox[forward] model for predicting 1-, 3-, and 5-year survival 



outcomes in different datasets. 

(D–F) ROC curves of the StepCox[forward] model for predicting 1-, 3-, and 5-year survival 

outcomes in each dataset. 

(G, H) Kaplan–Meier survival curves showing differences in OS between high- and low-risk 

groups in the TCGA and GSE14520 datasets. Dashed lines indicate median OS. High: high-risk 

group defined based on EMT-related gene features. Low: low-risk group defined based on 

EMT-related gene risk scores. 

Evaluation of the Risk Model 
Patients in the TCGA and GSE14520 datasets were classified into high- and low-risk 

groups based on the median risk score. PCA was performed using the expression 

matrix of risk-related genes, and the results showed clear separation between high- 

and low-risk patients in multidimensional space (Figures 4A and 4B). 

We further analyzed the distributions of gene expression levels, survival time, survival 

status, and risk scores. In the TCGA dataset, the mortality rate of patients in the 

high-risk group was significantly higher than that in the low-risk group (Figures 4C 

and 4E). A similar trend was observed in the GSE14520 dataset, where the high-risk 

group also exhibited markedly increased mortality (Figures 4D and 4F). 

Overall, these results indicate that the risk model demonstrates good predictive 

performance and robustness across different datasets. 



 

Figure 4. Performance of the prognostic model in risk subgroups of the TCGA and 

GSE14520 datasets. 

(A, C, E) Three-dimensional PCA analysis, risk score distribution, and the relationship 

between survival time and survival status for risk subgroups in the TCGA dataset. 

(B, D, F) Three-dimensional PCA analysis, risk score distribution, and the relationship 

between survival time and survival status for risk subgroups in the GSE14520 dataset. 

Comparison with Published Prognostic Models 

Through literature retrieval, we collected 43 recently published prognostic models for 

HCCand compiled the corresponding genes, regression coefficients (Coef), and PMID 

numbers for each model (Table S1). This summary provided a reference for 

evaluating our model and facilitated comparison with previous models. 

The analysis showed that, compared with existing prognostic models, our constructed 



model demonstrated good average C-index performance in both the training and 

validation cohorts (Figure 5A). In the heatmap, the HRs of individual genes were 

represented by different colors, with darker colors indicating higher HRs; statistical 

significance was indicated by symbols: ** for p < 0.01 and * for p < 0.05 (Figure 5B). 

Overall, the comprehensive analysis indicated that the model exhibited balanced and 

stable predictive performance in terms of both C-index and HR values, further 

validating its robustness and superiority in HCC prognosis prediction. 

 

Figure 5. Comparison with published HCC-related prognostic gene models. 

(A) Comparison of C-index values of different models across datasets. 

(B) Heatmap of HRs of each model across datasets, with different colors representing 



different HR values; darker colors indicate higher HRs. Statistical significance is indicated by 

symbols: * for p < 0.05 and ** for p < 0.01, representing statistical significance. 

Construction and Validation of the Nomogram 

To evaluate the independent prognostic value of the risk score and other clinical 

features in HCC, univariate and multivariate Cox regression analyses were performed 

in the TCGA cohort. Univariate analysis showed that the risk score, main tumor size, 

and ALT were significantly associated with patient prognosis (p < 0.05, Figure 6A). 

Multivariate analysis further indicated that only the risk score remained significant 

(Figure 6C), suggesting it can serve as an independent prognostic indicator for HCC. 

Based on the significant factors from multivariate analysis in the TCGA cohort, a 

nomogram was constructed to predict 3-year overall survival (OS) (Figure 6E). 

The same analyses were repeated in the external validation cohort GSE14520. 

Univariate analysis showed that TNM stage, alpha-fetoprotein levels, tumor size, 

cirrhosis status, and risk score were all significantly associated with prognosis (p < 

0.05, Figure 6B); multivariate analysis identified the risk score and TNM stage as 

independent prognostic factors (Figure 6D). The nomogram constructed based on 

these significant factors (Figure 6F) further validated its accuracy and reliability in 

predicting prognosis for HCC patients. 



 

Figure 6. Construction and validation of the nomogram. 

(A, C, E) Forest plots of univariate and multivariate Cox regression analyses for the risk 

score and clinical features in the TCGA dataset, and the nomogram constructed based on 

significant variables. 

(B, D, F) Forest plots of univariate and multivariate Cox regression analyses for the risk 

score and clinical features in the GSE14520 dataset, and the nomogram constructed based on 

significant variables. 

Functional Enrichment Analysis of DEGs between High- 
and Low-Risk Groups 

To explore the potential biological functions of DEGs between high- and low-risk 

groups in the HCC prognostic model based on EMT-related genes, we performed 

KEGG and GO enrichment analyses, as well as GSEA. 

KEGG pathway analysis showed that the DEGs were mainly enriched in metabolism 

and signal regulation-related pathways, including bile secretion, metabolism of 

xenobiotics by cytochrome P450, drug metabolism–cytochrome P450, retinol 

metabolism, steroid hormone biosynthesis, and chemical carcinogenesis–DNA 



adducts, suggesting potential roles in drug metabolism, hormone synthesis, and 

carcinogenesis. Additionally, DEGs were involved in the PPAR signaling pathway, 

complement and coagulation cascades, and tyrosine metabolism, indicating possible 

participation in lipid metabolism regulation, immune responses, and amino acid 

metabolism (Figure 7A). 

GO analysis revealed that, in terms of biological processes , DEGs were primarily 

involved in responses to exogenous stimuli, small molecule catabolic processes, and 

organic acid metabolism. Regarding cellular components , DEGs were significantly 

enriched in apical parts, apical plasma membrane, basement membrane, and 

collagen-containing extracellular matrix; for molecular functions , they were enriched 

in lipid transport, carboxylic acid transmembrane transport, iron ion binding, and 

oxidoreductase activity (Figure 7B). These findings suggest that DEGs may 

participate in metabolic regulation, transmembrane substance transport, and 

extracellular matrix remodeling. 

GSEA analysis indicated that the high-risk group was significantly enriched in cell 

cycle and proliferation-related pathways, including E2F targets, G2/M checkpoint, 

mitotic spindle, and EMT pathways, with upregulation of MYC target genes, 

suggesting active tumor cell proliferation and invasive potential (Figure 7C). The 

low-risk group was mainly enriched in metabolism-related pathways such as 

lipogenesis, bile acid metabolism, fatty acid metabolism, and oxidative 

phosphorylation, indicating relatively active metabolic homeostasis (Figure 7D). 

In immune-related GSEA, the high-risk group showed a state of immune 

overactivation, including enhanced B cell and CD8⁺ T cell activity and imbalance 

between regulatory and conventional T cell functions (Figure 7E). The low-risk group 

was primarily enriched for gene sets related to resting or specific immune cell subsets, 

indicating relatively maintained immune homeostasis and lower activation levels 

(Figure 7F). Overall, the high-risk group exhibited characteristics of enhanced 



proliferation and invasion, suppressed metabolic function, and immune overactivation, 

whereas the low-risk group maintained metabolic and immune homeostasis. 

 

Figure 7. Functional enrichment analysis of differentially expressed genes (DEGs) between 

risk score subgroups. 

(A) KEGG enrichment analysis of DEGs between high- and low-risk groups. 

(B) GO enrichment analysis of DEGs between high- and low-risk groups. 

(C, D) GSEA enrichment analysis of Hallmark gene sets. 

(E, F) GSEA enrichment analysis of C7 gene sets. 

Gene Mutation Analysis 

To explore the mutation landscape, waterfall plots were generated for the top 20 



frequently mutated genes in the TCGA dataset and in the high- and low-risk groups 

(Figures 8A, B), and the main mutation types were summarized. The results showed 

that missense mutations, single nucleotide polymorphisms , and C>T substitutions 

were the predominant mutation forms (Figures 8C, D). 

Next, the co-occurrence and mutual exclusivity of the top 20 frequently mutated 

genes in the high- and low-risk groups were analyzed, and the median changes of 

various mutation types were calculated (Figures 8E, F). Green indicates gene 

co-occurrence, red indicates mutual exclusivity, and white indicates no significant 

association; statistical significance is marked with asterisks (*p < 0.05, **p < 0.01). In 

the high-risk group, TP53 and PCLO showed significant co-occurrence (green, p < 

0.05), whereas in the low-risk group, CTNNB1 and ARID2 also displayed significant 

co-occurrence (green, p < 0.01). These findings suggest that high- and low-risk 

patients exhibit distinct mutation patterns in key genes, which may be associated with 

tumor biological behavior. 



 

Figure 8. Tumor mutation analysis. 

(A, B) Waterfall plots showing detailed mutations of the top 20 genes in the high-risk group 

(A) and low-risk group (B). 

(C, D) Mutation profiles of different mutation types in the high-risk group (C) and low-risk 

group (D). 



(E, F) Correlation heatmaps of the top 20 mutated genes in the high-risk group (E) and 

low-risk group (F). 

Correlation Analysis between Risk Score and Tumor 
Immune Microenvironment 
The heatmap showed that multiple immune cell infiltration levels were elevated in the 

high-risk group, with macrophages exhibiting the most pronounced increase (Figure 

9A). To further explore the relationship between the risk score and immune cell 

infiltration, Spearman rank correlation coefficients (ρ) were used to assess the 

correlation between the risk score and 22 immune cell types, which is suitable for 

evaluating non-linear relationships. 

The results demonstrated that M0 macrophages were significantly positively 

correlated with the risk score (ρ = 0.36, p = 7.68×10⁻¹³; Figure 9F), whereas the risk 

score was significantly negatively correlated with NK cells (ρ = -0.23, p = 7.78×10⁻⁶; 

Figure 9L) and resting mast cells (ρ = -0.26, p = 2.56×10⁻⁶; Figure 9N). The 

correlations of the remaining immune cells with the risk score were relatively weak 

(Figures9B–P). 

 



Figure 9. Correlation analysis of risk score with immune cell infiltration and tumor 

immune microenvironment features. 

(A) Heatmap showing the infiltration levels of various immune cells across risk score-defined 

groups in the tumor microenvironment. 

(B–P) Correlation plots between risk score and the abundance of different immune cell 

types. 

Analysis of Risk Score with Immune Function, Immune 
Checkpoints, and Drug Sensitivity 

Most immune function scores were significantly elevated in the high-risk group, 

suggesting a state of immune overactivation or inflammation. However, the low-risk 

group exhibited higher scores in Type I interferon response, Type II interferon 

response, and cytolytic activity, indicating potentially more effective anti-tumor 

immune activity (Figure 10A). 

TIDE analysis showed that the high-risk group had significantly higher TIDE scores 

than the low-risk group (Figure 10B), suggesting stronger immune evasion in the 

high-risk patients. 

Analysis of immune checkpoint gene expression identified 42 genes with significant 

differences between the high- and low-risk groups. Among them, IDO2 was 

upregulated in the low-risk group, while most other immune checkpoints were 

significantly upregulated in the high-risk group (Figure 10C). 

Drug sensitivity analysis revealed significant differences in IC50 levels between the 

high- and low-risk groups (Figure 10D), with 111 drugs showing significant 

differences. Overall, the high-risk group exhibited lower IC50 values for most drugs, 

suggesting greater potential responsiveness to certain targeted therapies or 

chemotherapeutic agents. 



 

Figure 10. Association of Risk Score with Immune Function, Immune Evasion, Immune 

Checkpoint Expression, and Drug Sensitivity 

(A) Comparison of immune function scores between different risk groups. 

(B) Differences in TIDE scores between high- and low-risk groups, assessing potential 

immune evasion. 

(C) Differential expression of immune checkpoint genes between high- and low-risk groups. 

(D) Comparison of drug sensitivity (evaluated by IC50) to commonly used anticancer drugs 

between different risk groups. 

Single-Cell Transcriptomic Analysis Reveals the Expression 



Features of EMT-Related Prognostic Genes 

At the single-cell transcriptome level, we further explored the cellular heterogeneity 

of the samples and the expression characteristics of EMT-related prognostic genes 

(Figure 11). UMAP clustering and cell annotation results indicated that the samples 

could be divided into multiple cell populations (Figure 11A). Differential expression 

analysis revealed significant transcriptional differences among these cell populations 

(Figure 11B). Subsequently, inferCNV analysis identified that cluster 11 exhibited 

tumor-associated copy number variation features (Figure 11C). 

The bubble plot of canonical marker genes was highly consistent with known cell 

types, validating the accuracy of cell annotation (Figure 11D). In terms of spatial 

distribution, the proportion of different cell populations differed significantly between 

tumor core and border regions (Figure 11E). 

Analysis of the expression patterns of the five EMT-related prognostic genes in the 

model showed heterogeneous distribution across different cell populations (Figures 

11F, G). Among them, SPP1 was highly expressed in macrophages and also enriched 

to some extent in hepatocellular carcinoma cells and neutrophils, whereas the other 

genes did not show obvious cell type-specific expression. 



 

Figure 11. Single-cell transcriptomic analysis reveals tumor cell heterogeneity and expression 

features of EMT-related prognostic genes. 

(A) UMAP plot of clustered and annotated cells showing the distribution of different cell 

types. 

(B) Differential gene expression analysis among cell populations. 

(C) Results of inferCNV analysis. 

(D) Bubble plot of canonical marker genes for validating the accuracy of cell annotation. 

(E) Comparison of the proportions of different cell types in the tumor core and border 

regions. 

(F) UMAP expression distribution of the five EMT-related prognostic genes in single-cell 

data. 

(G) Violin plot showing the expression of the five EMT-related prognostic genes across 

different cell populations. 



CellChat Analysis 

To explore potential cell–cell communication involving SPP1, CellChat analysis was 

performed based on the single-cell data (Figure 12A, B). Exploratory analysis 

suggested interactions between macrophages and neutrophils (Figure 12C), and the 

SPP1 signaling pathway showed relatively high predicted communication activity 

(Figure 12D, E). 

At the ligand– receptor level, SPP1–CD44 was among the interactions with 

relatively high predicted communication probability (Figure S1A). This predicted 

interaction was observed between several cell populations, including macrophages 

and neutrophils (Figure S1B). Bubble plot visualization showed that SPP1 was 

relatively highly expressed in macrophages, whereas CD44 was broadly expressed 

across multiple cell types, including neutrophils (Figure S1C). 

CellChat sender–receiver analysis indicated that macrophages were among the main 

predicted senders and mediators in the SPP1 signaling network, whereas neutrophils 

were among the predicted receivers (Figures S1D, E). These results are exploratory 

and were not functionally validated. 

Group-wise comparison showed that predicted cell–cell communication intensity 

was higher in the tumor core region than in the adjacent non-tumor region (Figure 

S2A–C), with the SPP1 signaling pathway showing relatively higher predicted 

activity in the core region (Figure S2D). However, these findings are based on 

computational prediction and should be interpreted with caution. 



 

Figure 12. Exploratory CellChat analysis of cell–cell communication and SPP1–CD44 

interactions.  

(A, B) CellChat analysis workflow and overall cell–cell communication network based on 

single-cell transcriptomic data. 

(C) Cell–cell communication relationships related to macrophages. 



(D) Communication network of the SPP1 signaling pathway. 

(E) Heatmap of the SPP1 signaling pathway. 

Immunohistochemistry Results 

Immunohistochemical analysis showed that SPP1 was markedly upregulated in 

hepatocellular carcinoma tissues (CA) compared with cancer-adjacent tissues (CAP) 

and non-cancer tissues (CAF), primarily localized in the cytoplasm of tumor cells and 

the intercellular matrix (Figure 13A). Quantitative analysis based on mean optical 

density (MOD) indicated that the average MOD in the CA group was significantly 

higher than that in the CAP and CAF groups (P < 0.01), whereas there was no 

significant difference between the CAP and CAF groups (P > 0.05) (Figure 13B). 

 
Figure 13. Immunohistochemical expression of SPP1 in liver tissues and quantitative 
analysis. 
(A) Representative IHC images of CA (hepatocellular carcinoma), CAP (cancer-adjacent), and 
CAF (non-cancer) tissues (original magnification ×200). DAB staining (brown) indicates SPP1 
expression. 
(B) Quantitative analysis of SPP1 expression shown as mean ± SD (n = 3). Statistical comparisons 
were performed using one-way ANOVA followed by Tukey’s post hoc test. ** indicates a 
significant difference compared with the CAP and CAF groups (P < 0.01), while no significant 
difference was observed between CAP and CAF (P > 0.05). 

Discussion 



In this study, we constructed an EMT-based five-gene prognostic model for 

hepatocellular carcinoma (HCC), comprising MMP1, EZH2, SPP1, CCNA2, and 

MYCN, and validated it in the TCGA training cohort and the GSE14520 validation 

cohort. The model showed modest predictive performance in terms of C-index and 

hazard ratios, and its performance was comparable to, but not clearly superior to, 

several previously published models. These findings suggest that the EMT-based 

five-gene signature may serve as a candidate tool for risk stratification, but its clinical 

utility requires further validation. 

Functional enrichment and GSEA analyses revealed molecular differences between 

the high- and low-risk groups. The high-risk group was enriched in E2F target genes, 

G2/M checkpoint, MYC target genes, and EMT pathways, suggesting enhanced 

proliferative capacity and cell cycle dysregulation. The low-risk group showed higher 

activity in pathways related to lipogenesis, bile acid metabolism, fatty acid 

metabolism, oxidative phosphorylation, and xenobiotic metabolism, suggesting 

relatively preserved metabolic homeostasis. These observations are consistent with 

the notion that proliferative and metabolic programs are differentially regulated in 

HCC subgroups. 

At the level of the immune microenvironment, the high-risk group generally exhibited 

increased infiltration of various immune cells, with M0 macrophages showing a 

significant positive correlation with risk scores, whereas NK cells and resting mast 

cells were negatively correlated. The high-risk group also displayed significantly 

higher TIDE scores, indicating a stronger potential for immune evasion, and immune 

checkpoint genes were overall upregulated in this group. In contrast, the low-risk 

group scored higher in Type I/II interferon responses and cytolytic activity, suggesting 

retention of more effective anti-tumor immune activity. Drug sensitivity analysis 

indicated that the high-risk group was more responsive to certain targeted or 

chemotherapeutic agents, providing potential guidance for individualized therapy. 



These findings are consistent with previous reports that highly proliferative HCC is 

often accompanied by immune microenvironment disturbances [37,38]. 

Among the five genes in the model, matrix metalloproteinase-1 (MMP1) degrades the 

extracellular matrix and has been associated with tumor invasion and poor prognosis 

in HCC [39,40]. EZH2, a histone methyltransferase, is involved in tumor initiation 

and progression and has been linked to poor prognosis in HCC [41]. Cyclin A2 

(CCNA2) regulates the G1/S phase transition of the cell cycle and has been identified 

as a key gene associated with poor prognosis in HCC [42]. MYCN is a member of the 

Myc family, and its amplification has been reported in various tumors; silencing 

MYCN inhibits liver cancer cell proliferation and induces cell death [43,44]. These 

genes collectively reflect proliferative and cell cycle-related programs as well as 

EMT-related features. 

SPP1 (also known as osteopontin) is a secreted glycoprotein involved in cell adhesion, 

migration, and immune regulation. In HCC, high SPP1 expression has been associated 

with tumor progression and poor prognosis [45,46]. In our single-cell analysis, SPP1 

was expressed in multiple cell types, with relatively higher expression in myeloid 

cells, including macrophages, mast cells, and neutrophils, and detectable expression in 

hepatocarcinoma cells. Other cell types, such as T cells, B cells, endothelial cells, and 

fibroblasts, showed relatively low SPP1 expression. In a preliminary IHC analysis, 

SPP1 protein was elevated in HCC tissues compared with adjacent and normal liver 

tissues, with positive signals observed in hepatocellular carcinoma cells and some 

stromal areas. The presence of SPP1 in tumor cells was consistent with the single-cell 

finding that hepatocarcinoma cells express SPP1. Because SPP1 is a secreted 

glycoprotein, IHC detects both intracellular and deposited protein, and the cellular 

source cannot be definitively assigned without double staining. 

Exploratory CellChat analysis suggested potential SPP1–CD44 communication 

between cell populations; however, these results were not functionally validated and 



are therefore not further discussed as a mechanistic axis. 

This study has several limitations. First, it primarily relies on public databases such as 

TCGA and GEO, lacking validation in large-scale prospective clinical cohorts; 

therefore, the clinical applicability of the model remains to be further confirmed. 

Second, no functional experiments were performed, and the role of SPP1 in HCC 

progression remains unknown. Third, the IHC cohort was small (n = 3), and double 

staining was not performed to confirm the cellular source of SPP1. Fourth, the 

prognostic model was constructed through multiple selection steps and may be 

overfitted; external validation and prospective studies are needed. Finally, this study 

did not fully account for the spatial heterogeneity of the tumor microenvironment or 

the potential roles of other immune cell subsets. 

In summary, the EMT-based five-gene prognostic model constructed in this study 

showed modest predictive performance and was associated with proliferation and 

immune microenvironment features. Single-cell and IHC analyses showed that SPP1 

is expressed in myeloid cells and hepatocarcinoma cells, and elevated in HCC tissues. 

These findings are descriptive and hypothesis-generating, and further functional 

studies are required to determine the biological role of SPP1 in HCC. 

Conclusion 

In this study, we constructed an EMT-based five-gene prognostic model for HCC, 

comprising MMP1, EZH2, SPP1, CCNA2, and MYCN, and validated it in the TCGA 

and GSE14520 cohorts. The model showed modest predictive performance for overall 

survival. Functional enrichment and GSEA analyses indicated that the high-risk group 

exhibited enhanced proliferative activity and cell cycle dysregulation, accompanied 

by immune microenvironment alterations. 

Single-cell analysis showed that SPP1 was expressed in myeloid cells and 

hepatocarcinoma cells, and IHC showed elevated SPP1 protein in HCC tissues with 

positivity in tumor cells and stroma. Exploratory CellChat analysis suggested 



potential SPP1–CD44 communication, but this was not functionally validated. 

However, the IHC cohort was small, double staining was not performed, and no 

functional experiments were conducted. The cellular source and functional role of 

SPP1 in HCC progression remain to be determined. 

Overall, this study provides a descriptive foundation for future studies on SPP1 in 

HCC. The findings are hypothesis-generating and do not establish a causal 

mechanism. 

Abbreviation Section 

Hepatocellular carcinoma  HCC 

The Cancer Genome Atlas  TCGA 

hepatitis B virus  HBV 

tumor-associated macrophages  TAMs 

Weighted Gene Co-expression Network 

Analysis  

WGCNA 

Protein–protein interaction PPI 

transarterial chemoembolization TACE 

Differentially expressed genes  DEGs 

immune checkpoint inhibitors ICIs 

Tumor Immune Dysfunction and 

Exclusion 

TIDE 

Epithelial–mesenchymal transition  EMT 

Overall survival OS 

Concordance Index  C-index 



Area Under the Curve  AUC 

Hazard ratio HR 

Principal Component Analysis  PCA 

Gene Ontology  GO 

Kyoto Encyclopedia of Genes and 

Genomes 

KEGG 

Gene Set Enrichment Analysis  GSEA 

Molecular Signatures Database MsigDB 

Quality control  QC 

Search Tool for the Retrieval of 

Interacting Genes  

STRING 

Tumor immune microenvironment TME 

Half maximal inhibitory concentration  IC50 

Coefficients  Coef 

pre-metastatic niche PMN 
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