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Background

Hepatocellular carcinoma (HCC) is the second leading cause of cancer-related deaths in China. It has a high rate of postoperative recurrence and lacks prognostic markers. In this study, we first analyzed mitochondrial permeability transition (MPT) necrosis-associated long non-coding RNAs (lncRNAs), integrated multi-omics, and constructed a prognostic model. We also revealed the mechanism by which it regulates the immune microenvironment. This provides a new target for targeted therapy in HCC.





Objective

Screening and construction of a prognostic risk score model for MPT-driven necrosis-associated lncRNAs in HCC and exploration of their potential role in HCC.





Methods

Pearson’s correlation analysis, in conjunction with The Cancer Genome Atlas (TCGA) and gene set enrichment analysis (GSEA) databases, was utilized for the identification of lncRNAs associated with mitochondrial permeability transition-driven necrosis. The development of a risk prognostic score for mitochondrial permeability transition-driven necrosis-associated lncRNAs was accomplished through the implementation of one-way regression analysis and Least Absolute Shrinkage and Selection Operator (LASSO) regression analysis. Bioinformatics analysis was performed to validate the prognostic ability and clinical application efficacy of the risk score model and prognostic genes and to explore their biological significance.





Results

MPT-driven necrosis-related lncRNAs (MPTDNRlncRNAs) strongly correlated with HCC were obtained through Pearson’s correlation analysis. Additionally, MPT-driven necrosis-related prognostic lncRNAs were obtained through univariate Cox regression analysis. A new prognostic risk model consisting of three MPTDNRlncRNAs was constructed using LASSO-Cox regression. The model was tested using multiple bioinformatics methods, which suggested that it could significantly differentiate between high- and low-risk groups (p < 0.05) and demonstrated good survival prediction efficacy [area under the curve (AUC) = 0.725]. Differential genes in the high- and low-risk groups were enriched in pathways related to the cell cycle and cellular composition. Combined with immune cell infiltration and immune function scores, these results showed that the patients in the low-risk group had a more significant clinical response to immunotherapy (p < 0.05). Furthermore, the expression level of prognostic genes was verified using the RT-qPCR method on cancerous and paracancerous tissues from HCC patients who underwent HCC resection at our hospital.





Conclusion

The risk scoring model and prognostic genes in this study have been shown to possess satisfactory predictive values, which may prove beneficial for the assessment of risk and the selection of individualized chemotherapy regimens for patients with HCC. A preliminary discussion is presented on the potential biological significance of risk scores in HCC.
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1 Introduction

Primary hepatocellular carcinoma (HCC) represents a substantial global health concern. Extant literature indicates that in China, HCC has the fourth-highest incidence rate of new cancer cases, the fifth-highest incidence rate, and the second-highest mortality rate. This underscores the significance of HCC as one of the most prevalent malignant neoplasms of the digestive system, representing a substantial threat to the health and wellbeing of the Chinese population (1, 2). The clinical presentation of HCC can vary, manifesting in three distinct pathological forms: HCC, intrahepatic cholangiocarcinoma (ICC), and combined hepatocellular–cholangiocarcinoma (HCC-CCA). The last two forms are regarded as distinct neoplasms. HCC constitutes the majority of these cases (3, 4). Although hepatectomy is widely acknowledged to improve the prognoses of patients with HCC, the risk of postoperative recurrence and metastasis persists. Current clinical prognostic markers, such as alpha-fetoprotein (AFP) and protein induced by vitamin K absence-II (PIVKA-II), are characterized by clear limitations with regard to sensitivity and specificity. Consequently, the development of novel molecular prognostic models is imperative to enhance the precision of HCC diagnosis and treatment. Recent studies have demonstrated that HCC cells gain a survival advantage by remodeling mitochondrial homeostasis. This metabolic adaptive change may contribute to treatment resistance and recurrent metastasis (5).

In the course of investigating the mechanisms underlying HCC recurrence, mitochondrial permeability transition (MPT)-mediated programmed necrosis has emerged as a focal point in research endeavors. Preliminary studies have demonstrated that the HBV X protein (HBx) facilitates the resistance of hepatocellular carcinoma cells to sorafenib by impeding the opening of MPT-related channels (6). A clinicopathologic analysis revealed that abnormally high expression of CypD in HCC tissues was significantly associated with early postoperative recurrence (7). This form of necrosis, which is regulated by MPT, plays a dual role. In the physiological state, it eliminates genetically damaged cells. In the pathological state, it has been demonstrated to promote tumor immune escape by releasing damage-associated molecular patterns (DAMPs) (8, 9). This finding suggests that the disruption of the dynamic equilibrium of MPT may serve as a crucial molecular link between chronic liver injury and the malignant progression of HCC (10).

Long-chain non-coding RNAs (lncRNAs) have been demonstrated to play a pivotal role in epigenetic regulation. These molecules have been observed to influence energy metabolism, cell cycle, and other pathways, thereby contributing to the progression of HCC (11–14). For instance, lncRNA H19 has been demonstrated to promote self-renewal of hepatocellular carcinoma stem cells by regulating Wnt/β-catenin signaling (15), while SBF2-AS1 has been shown to enhance tumor invasiveness through a competing endogenous RNA(ceRNA) mechanism (16, 17). Recent studies have demonstrated that MPT-driven necrosis-related lncRNA (MPTDNRlncRNA) possesses the capacity to modulate mitochondrial membrane potential and influence the sensitivity of hepatocellular carcinoma cells to MPT inducers by selectively targeting miR-365 (18). This finding provides direct evidence for the analysis of the mechanism of HCC recurrence from the MPT–lncRNA regulatory axis.




2 Materials and methods



2.1 Data collection

The Cancer Genome Atlas (TCGA) database (19), also known as the Cancer Genome Atlas Project, is a comprehensive database that assembles multifaceted cancer genetic information to facilitate research on cancer diagnosis, treatment, and prevention by integrating multidimensional data from multiple cancer types, multiple histologic data, and multiple sample information. The TPM format RNA sequencing data and clinical information of 363 patients with hepatocellular carcinoma (excluding six samples with missing follow-up time) from TCGA-LIHC were obtained from TCGA database. The data were standardized by log2 (value + 1). The MPT-driven necrosis-related gene set (M17902, M3873, and M16257.gmt) was screened based on the gene set enrichment analysis (GSEA) database, and 39 key genes were extracted for subsequent analysis.

A total of 30 pathological tissue samples were retrospectively collected from patients who underwent hepatocellular carcinoma surgery in the Department of Hepatobiliary Surgery, the 900TH Hospital of Joint Logistics Support Force, from September 1, 2022, to September 1, 2024. Each sample consisted of tumor tissue and its paired paraneoplastic tissue. The following inclusion criteria must be met for a patient to be considered eligible for the study: 1) confirmed diagnosis of hepatocellular carcinoma, as determined by postoperative pathologic examination; 2) liver function based on the Child–Pugh grading of grade A or B, indicating the patient’s ability to tolerate the surgical procedure; 3) a radical resection of hepatocellular carcinoma, performed for the first time; and 4) complete follow-up data. The following exclusion criteria were employed: 1) preoperative treatment with targeted and immune therapies, 2) accompanied by severe underlying diseases, 3) perioperative and non-tumor-related deaths, and 4) combined with tumors of other origins. Informed consent was obtained from all patients before surgery.




2.2 Screening of MPT-related lncRNAs

We annotated the transcriptomic profiles of LncRNA genes using R packages 'tidyverse' and 'BiocManager', and subsequently constructed a hepatocellular carcinoma-specific MPT necrosis-related gene expression profile along with a standardized LncRNA expression matrix based on the limma package. A screening of co-expressed lncRNAs with a significant association with the MPT necrosis pathway was conducted using Pearson’s correlation (20) coefficients (|cor| > 0.4, p < 0.001) (21). The results were then visualized through the utilization of Sankey diagrams and co-expression networks.




2.3 Kaplan–Meier survival analysis

The “survival” function of the R language “survival” package was used to generate the survival curve model, and the ggplot2 package was used to plot the Kaplan–Meier survival curve. The survival differences between the various groups were compared by means of the log-rank test.




2.4 ROC analysis

Receiver operating characteristic (ROC) curves were constructed to assess the model’s performance, and the area under the curve (AUC) was calculated to quantify the prediction accuracy. An AUC > 0.6 indicated that the model exhibited a satisfactory ability to predict the patient’s prognosis.




2.5 Construction of lncRNA risk score related to MPT-driven necrosis

The samples were randomly divided into training and validation groups, and lncRNAs significantly associated with prognosis were screened using Cox proportional risk regression analysis (p < 0.05). The final lncRNAs were determined by LASSO regression. Risk scores of the HCC patients were calculated using the following formula: risk score=∑i=1nexpi∗βi


. Patients were divided into high- and low-risk subgroups by median to further analyze the relationship between risk score and overall survival. The external validation was executed by employing RNA-seq data and clinical information from the International Cancer Genome Consortium - Liver Cancer - French Cohort (ICGC-LIRI-FR) cohort. Risk scores were calculated identically to TCGA cohort, and survival analysis followed the same statistical protocols.




2.6 Real-time quantitative polymerase chain reaction

The primers for LINC00685, GIHCG, MIR210HG, and GAPDH are listed in Table 1. The RNA was extracted using the TRIzol method, and the qPCR was detected using the SYBR Green method. The reaction conditions were as follows: initial denaturation at 95°C for 3 minutes, followed by 40 cycles of denaturation at 95°C for 15 seconds and extension at 60°C for 30 seconds. The resulting data were analyzed using the 2−ΔΔCt method.


Table 1 | Primer sequences of MPT-associated lncRNAs.
	LINC00685
	F primer (5′–3′)
	TGCAAGCTCCAGTCTACCTTC


	R primer (5′–3′)
	AAACGGTGGCTACATTTCCG


	GIHCG
	F primer (5′–3′)
	CTTCACAAGCGGTTATCCAGTC


	R primer (5′–3′)
	TGGGCCACACTTCATTTCAC


	MIR210HG
	F primer (5′–3′)
	CCACCTCTGGGGACTTCCTA


	R primer (5′–3′)
	CTGAAGCGGCAGAAACACAC


	GAPDH
	F primer (5′–3′)
	TTCCTACCCCCAATGTGTCC


	R primer (5′–3′)
	GGTCCTCAGTGTAGCCCAAG





MPT, mitochondrial permeability transition; lncRNAs, long non-coding RNAs.






2.7 Column line graph construction and multidimensional validation analysis

The construction of a prognostic prediction column chart was based on the Cox proportional risk model. Calibration curves were used to assess the consistency of predicted probabilities with actual observed probabilities. The model prediction efficacy was quantified through the C-index and time-dependent ROC curves (22). Principal component analysis (PCA) was used to downsize the high-dimensional data. The R language scatterplot3d (23) package was used to visualize the results of PCA. The limma package (24) was utilized to identify differential genes (|log2FC| ≥ 1, FDR < 0.05), and the R package “ggplot2” was employed to generate volcano plots of the differentially expressed genes (DEGs) in the database to visualize the disparities in gene expression. Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analyses were performed using the “clusterProfiler” package to identify significantly related biological processes, molecular functions, cellular components, and metabolic pathways. The ggplot2 package was then used to visualize the results. Finally, p-values were corrected using the Benjamini and Hochberg method (25). R packages such as “VariantAnnotation”, “MutationalPatterns”, and “maftools” were utilized to analyze the somatic mutation data from TCGA database. This analysis was used to construct mutational landscape maps and to compare genomic variation characteristics between the high- and low-risk groups.




2.8 Immune infiltration analysis

The Cell-type Identification By Estimating Relative Subsets Of RNA Transcripts (CIBERSORT) (26) algorithm was implemented to assess the extent of immune cell infiltration, while the LM22 feature set was employed to analyze the ratio of 22 immune cell subpopulations. The single-sample gene set enrichment analysis (ssGSEA) was conducted using the “GSVA” R-package platform (27) to calculate the enrichment scores of immune cell subpopulations, thereby enabling a systematic assessment of the immune infiltration status of the tumor microenvironment (28). The ESTIMATE algorithm (Estimation of Stromal and Immune cells in Malignant Tumor tissues using Expression data) is a systematic approach to evaluating the levels of stromal and immune cell infiltration in tumor tissues. It achieves this by integrating the expression data of specific molecular markers. The algorithm outputs quantitative metrics, including stromal score, immune score, ultimate score, and tumor purity, thereby providing a multidimensional quantitative analysis framework for tumor microenvironment studies (29).




2.9 Statistical analysis

The statistical charts of this study were primarily produced by the R program, and the Shapiro–Wilk method was employed to assess the normality of the continuous data. The t-test was employed to calculate the differences between groups for all data sets that met the normal distribution, while the Wilcoxon test was used to calculate the differences between groups for data sets that did not meet the normal distribution. Pearson’s correlation analysis was performed to identify the lncRNAs that exhibited a strong correlation with MPT, and one-way Cox regression analysis was employed to identify the prognosis-related genes. Subsequently, LASSO-Cox regression analysis was employed to construct a risk prognostic model. The diagnostic predictive efficacy of the screened genes in hepatocellular carcinoma was evaluated using the subject ROC curves calculated using the pROC package. The Kaplan–Meier survival analysis was applied to evaluate the prognostic predictive value of MPT-driven necrosis-associated lncRNAs. To address this challenge, the false discovery rate (FDR) was controlled through the implementation of the Benjamini-Hochberg (BH) test correction, which was used to adjust the p-values of GO/KEGG and differential expression analysis. The degree of association between gene sets and enriched functions or processes was examined by hypergeometric distribution in GO and KEGG analyses. The prognostic predictive value of the MPT-driven necrosis-associated lncRNA prognostic risk score column line plot was evaluated through the application of a calibration curve and decision curve analysis. The ESTIMATE score, CIBERSORT immune infiltration analysis, ssGSEA, and drug susceptibility analysis did not conform to the normal distribution using the Wilcoxon rank-sum test. A p-value of less than 0.05 was considered to be a statistically significant difference.





3 Results



3.1 Identification and screening of MPT-driven necrosis-associated lncRNAs

The integration of clinical and transcriptomic data from TCGA database, complemented by the exclusion of six patients with incomplete survival records, yielded a comprehensive data set encompassing the clinical and transcriptomic information of 363 patients. A Pearson’s correlation analysis was performed on the obtained lncRNAs and 39 MPT-driven necrosis-associated genes (MPTDNRGs). The results are presented in Table 2 as MPT-driven necrosis-associated lncRNAs (MPTDNRlncRNAs). The total number of lncRNAs obtained was 1,132. Subsequently, the co-expression network and Sankey diagram of lncRNAs and MPT-driven necrosis-related genes were established, thereby illustrating the relationship between MPTDNRGs and microRNA-targeted long non-coding RNAs (MPTDNRlncRNAs) (Figures 1A, B).


Table 2 | Examples of correlations between MPT-driven necrosis-related genes and lncRNAs.
	MPT
	LncRNA
	Cor
	p
	Regulation



	CASP2
	SNHG16
	0.448519411803331
	1.15713774479855e−19
	Positive


	BIRC2
	SNHG16
	0.515526865397815
	1.92435128346985e−26
	Positive


	APAF1
	SNHG16
	0.409580396439736
	2.32972789440126e−16
	Positive


	EIF2S1
	SNHG16
	0.470912521593616
	9.15826407428389e−22
	Positive


	PARP1
	SNHG16
	0.408739580159943
	2.7166234869794e−16
	Positive


	ATM
	SNHG16
	0.458213697358944
	1.48781390276256e−20
	Positive


	PRKCA
	SNHG16
	0.464377956488576
	3.90069531504992e−21
	Positive


	LMNB2
	SNHG16
	0.452033733754437
	5.54273211502215e−20
	Positive


	BAX
	SNHG29
	0.474464310927791
	4.11187787901899e−22
	Positive


	TP53
	SNHG29
	0.51290435643141
	3.79015742841727e−26
	Positive


	PARP1
	SNHG29
	0.43717888932712
	1.17491701598278e−18
	Positive


	LMNB2
	SNHG29
	0.489176394475642
	1.34747039749348e−23
	Positive


	BAX
	TYMSOS
	0.44243746555677
	4.05435475521464e−19
	Positive


	PARP1
	AL162595.1
	0.539417411761677
	3.02964274454516e−29
	Positive





MPT, mitochondrial permeability transition; lncRNAs, long non-coding RNAs.



[image: Panel A shows a colorful network diagram connecting MPT genes to LncRNA, with each gene labeled by color. Panel B displays a circular network of blue dots representing LncRNA, with orange dots for MPT genes, interconnected by fine lines. The central genes are labeled in blue.]
Figure 1 | Screening of MPTDNRlncRNAs via Pearson’s correlation analysis. (A) Sankey diagram illustrating relationships between MPTDNRGs and MPTDNRlncRNAs. (B) Co-expression network mapping interactions between MPTDNRGs and MPTDNRlncRNAs. MPT, mitochondrial permeability transition; MPTDNRGs, mitochondrial permeability transition-driven necroptosis-related genes; MPTDNRlncRNAs, mitochondrial permeability transition-driven necroptosis-related long non-coding RNAs.




3.2 Modeling of MPT-driven necrosis-associated lncRNA scoring

To further construct the prognostic risk score, patients with HCC were divided into two groups—the training group (n = 182) and the test group (n = 181)—via randomization. Utilizing one-way Cox regression analysis, 37 MPTDNRlncRNAs were identified as being associated with overall survival (OS), as illustrated in the forest plots (Figure 2A). Among the 37 lncRNAs, 36 lncRNAs were considered to be strongly associated with poor prognosis of HCC patients (HR > 1), and one lncRNA had a hazard ratio (HR) of less than 1, suggesting that there was a negative correlation between this lncRNA and the prognosis of hepatocellular carcinoma patients. Subsequently, LASSO-Cox regression analysis was employed to identify prognostically relevant MPTDNRlncRNAs, and three MPTDNRlncRNAs (LINC00685, MIR210HG, and GIHCG) were selected to construct a risk score model. Figures 2B, C illustrate the outcomes of the two-dimensional visualization and analysis of the regularization process, respectively. The coefficient path diagram (Figure 2B) focuses on presenting the progressive contraction trajectory of each variable coefficient with increasing λ values, revealing the dynamic process of feature selection. The variable trajectory diagram (Figure 2C), in contrast, visualizes the cluster change patterns and convergence paths of the variable coefficients with different values of λ through parameter space mapping. The risk score of HCC patients was calculated using the following formula: risk score = LINC00685 * 0.0312677536891744 + MIR210HG * 0.00937471222523869 + GIHCG * 0.045196328584586.

[image: Panel A shows a table listing various genes with their hazard ratio (HR), lower and upper 95% confidence intervals, and p-values, accompanied by a forest plot illustrating hazard ratios. Panel B presents a plot of partial likelihood deviance against log(lambda), with data points marked in red, indicating the optimal lambda. Panel C displays a coefficient path plot showing how gene coefficients change with log(lambda), with various colored lines representing different genes.]
Figure 2 | Screening and construction of the MPT-driven necroptosis-related lncRNA prognostic model in HCC. (A) Forest plot of lncRNAs associated with HCC prognosis. (B) Coefficient path plot: the lower X-axis displays log(λ) values (regularization parameter), while the upper X-axis indicates the number of non-zero coefficient variables at each λ. The Y-axis represents cross-validated deviance, with red dots denoting mean deviance values and vertical bars showing standard error ranges. The left dashed line marks the optimal λ (lambda.min), and the right dashed line corresponds to the model within one standard error of lambda.min (lambda.1se). (C) Variable trajectory plot: upper values indicate variable counts at different λ levels, lower values represent log(λ), and left-axis values depict coefficient magnitudes. MPT, mitochondrial permeability transition; HCC, hepatocellular carcinoma; lncRNA, long non-coding RNA.




3.3 Evaluation of predictive efficacy of MPT-driven necroptosis-related lncRNAs in HCC

ROC curves were plotted for the diagnosis of hepatocellular carcinoma patients using MPT-driven necrosis-associated lncRNAs. The AUC was calculated for LINC00685, MIR210HG, and GIHCG to be 0.935, 0.673, and 0.947, respectively. This indicates that LINC00685 and GIHCG have high diagnostic values for hepatocellular carcinoma patients (Figure 3A). The Kaplan–Meier survival curves were used to perform survival analysis of patients, and it was found that the OS of patients with high expression of LINC00685, MIR210HG, and GIHCG was significantly lower than that of patients with low expression, and this difference was statistically significant (all p < 0.05) (Figure 3B).

[image: Panel A shows three ROC curves for LINC00685, MIR210HG, and GIHCG, with AUC values of 93.5%, 67.3%, and 94.7%, respectively. Panel B presents Kaplan-Meier survival plots for each marker, with significant survival differences between high and low expression groups (p-values: LINC00685, 0.00023; MIR210HG, 0.0011; GIHCG, <0.0001).]
Figure 3 | Predictive performance of prognostic genes. (A) ROC curves assessing diagnostic accuracy of prognostic lncRNAs in HCC. (B) Kaplan–Meier survival curves demonstrating OS differences between high- and low-expression groups. ROC, receiver operating characteristic; lncRNA, long non-coding RNA; AUC, area under the curve; OS, overall survival.




3.4 MPT-driven necroptosis-related lncRNA expression and validation

A comparative analysis of the lncRNA expression levels in HCC and normal patients, as recorded in TCGA database, revealed that the expression levels of LINC00685, GIHCG, and MIR210HG were significantly elevated in HCC tissues compared to normal liver tissues (Figure 4A). Concurrently, we obtained cancerous and paraneoplastic tissues from HCC patients who underwent hepatectomy at our hospital. We then examined the expression levels of three MPTDNRlncRNAs. The results demonstrated that the expression levels of LINC00685, GIHCG, and MIR210HG were significantly elevated in HCC tissues (Figure 4B).

[image: Graph A shows expression levels of GIHCG, LINC00685, and MIR210HG in normal (blue) and tumor (red) samples, with tumor levels significantly higher. Graph B displays bar charts of the same genes comparing expression in tumor and peritumoral tissues, indicating higher expression in tumor tissues.]
Figure 4 | Expression validation of prognostic genes. (A) Differential expression of prognostic lncRNAs in HCC versus normal tissues (TCGA database). (B) RT-qPCR validation of LINC00685, GIHCG, and MIR210HG expression in clinical HCC samples. p < 0.05, *p < 0.01, **p < 0.001, and ***p < 0.0001; ns, not significant. lncRNA, long non-coding RNA; HCC, hepatocellular carcinoma; TCGA, The Cancer Genome Atlas; RT-qPCR, real-time quantitative polymerase chain reaction.




3.5 Prognostic value of the MPT-driven necroptosis-related lncRNA risk score

In accordance with the risk scoring method delineated in the preceding section, risk scores were computed for all samples. The median of the resulting risk score was then employed as a threshold value to further categorize the patients in the training and test groups into the high-risk and low-risk groups. Scatter plots of the relationship between risk score calculated from the risk score and prognostic survival status demonstrated that the number of patients who died correspondingly increased as the risk score increased in both the training group and the test group. This result was consistent with the model’s expectations (Figures 5A–D). In the risk heatmap of expression profiles in individual samples, the expression of all three lncRNAs utilized to construct the model was elevated in the high-risk group (Figures 5E, F).

[image: A multi-panel image displaying statistical analyses of test and train cohorts. Panels A and B show risk score distributions. Panels C and D display survival status scatter plots. Panels E and F feature heatmaps with time-dependent data. Panels G and H present ROC curves over time. Panels I and J illustrate Kaplan-Meier survival curves. Panels K and L show forest plots with hazard ratios. Panel M provides an ROC curve comparison, and Panel N is a calibration plot. Each section compares test and training datasets for model evaluation.]
Figure 5 | Clinical utility of the risk score. (A–D) Distribution of risk scores and survival status in training/test cohorts. (E, F) Risk heatmaps: as risk scores increase, the expression level of lncRNAs increases. (G, H) Time-adjusted ROC curves for the prediction of 1-, 3-, and 5-year survival of training and validation groups. (I, J) Kaplan–Meier survival curves show a decrease in survival rates over time for high-risk subgroups (p < 0.05). (K, L) Forest plots from the clinicopathologic variables and the risk score in both the univariate and multivariate Cox regression analyses. (M) ROC curves comparing risk score versus clinical variables (age, sex, grade, and stage). AUC, area under the curve; HCC, hepatocellular carcinoma; MPTDNRlncRNAs, MPT-driven necroptosis-related long non-coding RNAs; lncRNA, long non-coding RNA; ROC, receiver operating characteristic. (N) ROC curves of the risk model in the ICGC validation cohort (n = 98). The AUC values were 65.02% (1-year survival), 59.60% (3-year survival), and 63.96% (5-year survival).

Subsequently, time-dependent ROC curves were plotted, and the AUC values of the patients’ 1-, 3-, and 5-year risk scores were calculated. The results demonstrated that in the training group, the AUC values for the 1-, 3-, and 5-year risk scores of HCC patients were 0.7817, 0.7539, and 0.741, respectively (Figure 5G). In contrast, in the test group, the AUC values for the 1-, 3-, and 5-year risk scores of HCC patients were 0.6909, 0.6872, and 0.6603, respectively (Figure 5H). Subsequently, survival analyses were conducted for patients with high- and low-risk profiles in the training and test groups, respectively. The findings indicated that the overall survival rate of the hepatocellular carcinoma patients in the high-risk category was notably lower than that in the low-risk category within both the training group and the test group. The observed discrepancy was found to be statistically significant (p < 0.05) (Figures 5I, J), thereby suggesting that patients with high-risk scores exhibited a more unfavorable prognosis. Univariate and multifactorial Cox regression analyses yielded results suggesting that risk stratification based on risk score is an independent risk factor for hepatocellular carcinoma patients (Figures 5K, L). Furthermore, ROC curves were plotted based on clinicopathologic characteristics, age, gender, and risk score. The results demonstrated that the AUC of the risk score (0.725) was superior to each clinical characteristic, including age (0.466), gender (0.551), grading (0.63), and staging (0.635) (Figure 5M). This finding indicates that the predictive capability of the risk score surpasses that of the clinical characteristics employed to evaluate patient risk.



3.5.1 External validation in ICGC cohort​

In order to assess the generalizability of the model, its validation was performed in an independent cohort from the International Cancer Genome Consortium (ICGC) database (ICGC-LIRI-fr, n = 98). The application of the risk formula and median cutoffs resulted in the categorization of patients into the high- and low-risk groups. The results of the ROC analysis indicated the high predictive accuracy of the method for 1-year survival (AUC = 0.650), 3-year survival (AUC = 0.596), and 5-year survival (AUC = 0.640) (Figure 5N).





3.6 Principal component analysis of risk stratification

The samples from the high- and low-risk groups were subjected to PCA downscaling analysis based on the risk scores constructed from the three MPTDNRlncRNAs. The expression of MPT-associated mRNAs, MPTDNRlncRNAs, and all the detected genes was considered. The 3D scatter plots of PCA showed all the gene expression (Figure 6A). The expression levels of MPTDNRGs, MPTDNRlncRNAs, and risk score (Figures 6B–D) were all found to be significantly correlated with the observed clustering patterns. The risk score group exhibited a particularly pronounced clustering tendency, as evidenced by the statistical significance of the observed differences. The implementation of a more nuanced patient categorization system is imperative.

[image: Four 3D scatter plots labeled A, B, C, and D show data points in different scales. Each plot has green and yellow dots representing high and low categories, plotted on axes labeled PC1, PC2, and PC3.]
Figure 6 | Three-dimensional visualization of PCA. (A) PCA of all detected gene expressions. (B) PCA of MPTDNRGs. (C) PCA of MPTDNRlncRNAs. (D) PCA of risk score stratification. PCA, principal component analysis; MPTDNRGs, mitochondrial permeability transition-driven necroptosis-related genes; MPTDNRlncRNAs, mitochondrial permeability transition-driven necroptosis-related long non-coding RNAs.




3.7 Prognostic nomogram construction and validation in HCC

The prognostic column-line plots incorporated risk scores, age, and staging (Figure 7A). Subsequent calibration curve analysis of the column charts was then conducted to assess the prognostic outcomes of HCC patients at 1, 3, and 5 years after diagnosis. The graph calibration curve results demonstrated that the column-line graphs exhibited substantial agreement in predicting prognosis (Figure 7B). Furthermore, the C-index analysis demonstrated that the column-line diagram exhibited superior prognostic accuracy in predicting clinical outcomes in comparison to risk scores, staging, gender, and grading of HCC patients (Figure 7C). Additionally, the clinical decision curves revealed that the column-line diagram was more clinically beneficial in comparison to other predictors (Figure 7D).

[image: A four-panel figure related to a nomogram analysis:  A. A nomogram plotting points against risk score, gender, pathologic T, and total points, predicting survival for one, two, three, and five years.  B. A calibration plot comparing observed overall survival (OS) percentages with predicted OS percentages over one, three, and five years, showing a positive correlation.  C. A bar chart showing the C-index for nomogram, riskScore, pathologic_T, tumor_stage, and gender, with nomogram having the highest value.  D. A decision curve analysis plot illustrating net benefit versus risk threshold for nomogram, tumor_stage, pathologic_T, gender, age, all, and none.]
Figure 7 | Construction and evaluation of the nomogram. (A) Nomogram of the risk prognostic model. (B) Calibration curve assessing agreement between predicted and observed outcomes at 1-, 3-, and 5-year intervals. (C) The C-index demonstrates superior predictive accuracy of the nomogram compared to other clinical factors. (D) DCA evaluating the clinical utility of the nomogram. C-index, concordance index; DCA, decision curve analysis.




3.8 Differential gene function enrichment analysis in high- and low-risk groups

A total of 1,569 DEGs were identified through a comparative analysis of mRNA expression levels between the high- and low-risk groups of HCC patients in TCGA database. This analysis was conducted based on stringent screening criteria, including a p-value less than 0.05 and a |log2Fold Change| greater than or equal to 1.0 (Figure 8A). The study identified 203 downregulated differentially expressed genes and 1,366 upregulated differentially expressed genes. Subsequently, GO enrichment analysis and KEGG enrichment analysis were carried out for these DEGs. The results demonstrated that DEGs in the high- and low-risk groups were significantly enriched in biological process (BP) alterations involving nuclear division, nuclear chromosome segregation, regulation of nuclear division, regulation of nuclear division in mitotic cells, and negative regulation of nuclear division. In molecular function (MF), DEGs were predominantly enriched in channel activity, passive transmembrane transporter activity, signaling receptor activation activity, ion channel activity, and hormone activity. The alterations in cellular components (CCs) manifested predominantly in synaptic membranes, dense chromosomes, intrinsic components of synaptic membranes, mitophagy, and presynaptic membranes (Figure 8B). KEGG pathway analysis revealed that DEGs were enriched in neural activity ligand–receptor interactions, cell cycle, protein digestion and absorption, and extracellular matrix (ECM)–receptor interactions (Figure 8C).

[image: A panel of graphs displaying gene expression analysis. Panel A contains a volcano plot showing log2 fold change versus -log10 adjusted p-value, with points in red, black, and blue indicating upregulated, not changed, and downregulated genes, respectively. Panel B features a dot plot with gene ontology terms on the y-axis and gene ratio on the x-axis, with dot size and color representing count and p-values. Panel C displays a bar chart of pathways, ordered by count, with color gradient depicting p-values.]
Figure 8 | Differential analysis and functional enrichment between risk groups. (A) Volcano plot illustrating DEGs between high- and low-risk groups stratified by MPTDNRlncRNA prognostic scores. (B) GO enrichment analysis of DEGs in biological processes (BPs), cellular components (CCs), and molecular functions (MFs). Counts indicate the number of enriched genes per GO term; GeneRatio reflects the proportion of enriched genes relative to the total gene set. (C) KEGG pathway enrichment results. DEGs, differentially expressed genes; MPTDNRlncRNAs, mitochondrial permeability transition-driven necroptosis-related long non-coding RNAs; GO, Gene Ontology; BP, biological process; CC, cellular component; MF, molecular function; KEGG, Kyoto Encyclopedia of Genes and Genomes.




3.9 Analysis of immune cell infiltration in HCC patients

Immune cells play an important role in tumor formation and prognosis. To investigate immune cell infiltration in HCC patients from TCGA cohort, we examined immune cell infiltration in HCC patients from TCGA database. We observed from the immune infiltration stacking histogram that the distribution of infiltrated immune cells was similar between the high- and low-risk subgroups (Figure 9A). Analysis based on the CIBERSORT algorithm showed similar distributions of immune cells between the high- and low-risk subgroups in terms of resting mast cells, T regulatory cells, and T follicular helper cells. However, there were differences in the infiltration proportions of four types of immune cells (Figure 9B).

[image: A. Stacked bar charts depicting the relative percentage of various immune cell types in high risk and low risk groups. Different colors represent distinct cell types. B. Box plots comparing the proportions of immune cells between low and high risk groups, with statistical significance indicated above each pair.]
Figure 9 | Immune infiltration analysis in HCC patients using CIBERSORT. (A) Stacked bar chart illustrating immune cell infiltration profiles in high- and low-risk groups. Distinct colors represent specific immune cell subsets, with bar heights reflecting their relative proportions. This visualization highlights overall similarities in immune infiltration patterns between subgroups. (B) Box plots comparing differential infiltration of four immune cell subsets: resting mast cells, Tregs, follicular helper T cells, and resting CD4+ memory T cells (p < 0.05). p-value thresholds: * <0.05, ** <0.01, *** <0.001, and **** <0.0001; ns, not significant. HCC, hepatocellular carcinoma; CIBERSORT, Cell-type Identification By Estimating Relative Subsets Of RNA Transcripts; Tregs, regulatory T cells.




3.10 Immune infiltration analysis using ssGSEA

We assessed the enrichment level of 16 immune cell associations between the two subgroups using the ssGSEA (30). A subgroup comparison of the proportion of immune infiltration revealed significant differences in B cells, neutrophils, natural killer cells, and immature dendritic cells between the high- and low-risk groups (Figure 10A). We then assessed the differences in the enrichment levels of 13 immune function-related pathways between the two groups. The results showed significant differences in parainflammation, type I interferon response, and type II interferon response in the patients in the high- and low-risk groups (Figure 10B). Furthermore, we detected significant differences in natural killer cells and immature dendritic cells. We also examined the expression changes of 47 common immune checkpoint genes in the two groups. The results showed the expression levels of 25 immune checkpoints (TNFRSF9, LAG3, CD200, D40, CD40LG, CD276, HHLA2, TNFSF4, TNFSF9, CD70, ADORA2A, VTCN1, HAVCR2, TNFRSF14, CTLA4, ICOS, LAIR1, LGALS9, TNFSF15, TIGIT, TNFRSF4, TNFRSF18, PDCD1, BTNL2, and TNFRSF25) (Figure 10C). Discrepancies between the CIBERSORT and ssGSEA stem from fundamental algorithmic differences. Specifically, the CIBERSORT quantifies cell fractions via linear deconvolution, a process that necessitates reference profiles that may lack HCC-specific immune subsets. In contrast, the ssGSEA computes enrichment scores of gene signatures, thereby capturing pathway activity rather than absolute abundance.
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Figure 10 | Immune cell infiltration analysis based on ssGSEA scores and differential immune checkpoint expression between risk groups. (A) Comparison of immune cell composition between low- and high-risk groups. (B) Divergent enrichment of immune function-related pathways in low- versus high-risk subgroups. (C) Differential expression of shared immune checkpoint genes between risk groups. p-values: * <0.05, ** <0.01, *** <0.001, and **** <0.0001; ns, not significant. ssGSEA, single-sample gene set enrichment analysis.




3.11 ESTIMATE immune infiltration analysis

The estimation of stromal and immune cells in malignant tumor tissues using expression data (ESTIMA) analysis revealed that the patients in the high-risk and low-risk groups of the MPT-driven necrosis-associated lncRNA scoring model exhibited significant disparities in stromal scores, ESTIMA scores, and tumor purity. However, the discrepancy between the two groups was not statistically significant in terms of immune scores (p > 0.05). Specifically, the patients in the high-risk group exhibited lower stromal scores and composite scores, as well as higher tumor purity (Figure 11).

[image: Four box plots show differences in scores between low and high groups. The StromalScore plot shows a significant increase in the high group. ImmuneScore shows no significant difference. ESTIMATEScore and TumorPurity plots indicate significant increases in the high group.]
Figure 11 | Comparative immune infiltration analysis between high- and low-risk groups using ESTIMATE. p-values: * <0.05, ** <0.01, *** <0.001, and **** <0.0001; ns, not significant. ESTIMATE, Estimation of stromal and immune cells in malignant tumors using expression data.




3.12 Somatic mutation analysis of the MPT-driven necrosis-associated lncRNA risk scoring model

As illustrated by the somatic mutation landscape map, there appears to be a lack of significant discrepancy in the mutation patterns of genes between the high- and low-risk subgroups. The predominant mutation type observed in both groups is missense mutations. The waterfall map further elucidates the 20 genes with the highest mutation frequency in the high- and low-risk groups. The results indicate that TP53 is the gene with the highest mutation frequency in the high-risk scoring group, while CTNNB1 is the gene with the highest mutation frequency in the low-risk scoring group. Furthermore, missense mutations were observed to be the predominant type of mutation in both genes (Figure 12).
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Figure 12 | Somatic mutation waterfall plots for the high- and low-risk groups. (A) High-risk group. (B) Low-risk group. (C) Survival rates for patients with high TMB. TMB, tumor mutational burden.





4 Discussion

HCC is a highly aggressive malignancy that affects the gastrointestinal tract, with global incidence and mortality rates that are significant and well-documented, respectively. The therapeutic outcome of this condition is contingent upon the clinical stage at the time of diagnosis. Despite the diversification of liver cancer treatments nowadays, the prognosis of liver cancer remains dismal due to its heterogeneity. Biomarkers play an essential role in the treatment of various tumors, particularly in predicting drug efficacy and monitoring disease progression. In addition to conventional peripheral blood biomarkers, such as AFP, the correlation between PD-L1 expression level, tumor mutational burden (TMB), and other factors, and patient responsiveness to immunotherapy has emerged as a significant research focus. Furthermore, investigations are underway to identify changes in gene expression profiles, circulating tumor DNA, and free DNA. The objective of these investigations is to ascertain biomarkers that can accurately predict patient prognosis (31, 32). Mitochondria, the cell’s primary respiratory factories, have been shown to generate Reactive Oxygen Species (ROS), which have the potential to influence tumorigenesis and progression through various pathways, including DNA damage and lipid peroxidation (33, 34). MPT has been identified as a critical factor in the development of various types of tumors, including HCC and breast cancer. However, there is a paucity of research on the application of MPTDNRlncRNAs in HCC. In this study, LINC00685, GIHCG, and MIR210HG were selected to establish a prognostic risk scoring model for MPTDNRlncRNAs in HCC. This model was developed using various methods, including Pearson’s correlation and LASSO regression analysis. The diagnostic and prognostic predictive abilities of the three genes in question were ascertained through the analysis of survival curves and ROC curves. As demonstrated in prior studies, elevated levels of LINC00685 expression have been observed to be associated with unfavorable prognoses in cases of HCC. In particular, the suppression of LINC00685 expression has been shown to markedly reduce the proliferation, invasion, and migration capabilities of HCC cells (35). GIHCG, a recently identified lncRNA, is located on the human chromosome 12q14. It has been demonstrated that lncRNA GIHCG is expressed abnormally in a wide range of tumors and is associated with prognosis and drug resistance (36). In addition, studies have shown that elevated expression levels of lncRNA GIHCG in HCC tissues may promote HCC cell proliferation and invasive migration with the help of regulatory miR-429 (37). Furthermore, lncRNA GIHCG has been associated with poor prognosis of HCC (38, 39). The occurrence and prognosis of a variety of cancers have been associated with the regulation and expression of MIR210HG (40–44). High MIR210HG expression has been found to correlate with advanced HCC clinical stage, large tumor size, microvascular infiltration, and unfavorable histological differentiation. Moreover, high MIR210HG expression has been identified as an independent adverse prognostic factor affecting overall survival. In vitro investigations further demonstrated that the silencing of MIR210HG impeded the proliferation, migration, and invasion of HCC cells, thereby functioning as an oncogenic lncRNA (45). These findings indicate that the prognostic genes identified in this study can effectively predict the clinical outcomes of HCC patients. Moreover, in vitro validation experiments revealed that these three genes exhibited elevated expression levels in HCC. Therefore, the aforementioned results validate the reliability of the model and indicate that these three MPTDNRlncRNAs may play an important role in HCC. Consequently, these three MPTDNRlncRNAs can provide reliable biomarkers for the diagnosis and treatment of HCC.

The study associated a high-risk score with poorer HCC prognosis, as confirmed by clinical correlation analysis. To validate the 3-MPTDNRlncRNA risk score, patients were stratified into the low- and high-risk groups using the median score. Time-dependent ROC curves demonstrated significant associations between the risk score, clinical characteristics, and prognosis. The risk score showed robust predictive accuracy, with training cohort AUCs of 0.782 (1-year survival), 0.754 (3-year survival), and 0.741 (5-year survival) and test cohort AUCs of 0.691 (1-year survival), 0.687 (3-year survival), and 0.660 (5-year survival). ROC analyses further revealed superior predictive capability versus clinicopathologic features. Critically, univariate and multivariate analyses established risk stratification as an independent prognostic factor for HCC. These results confirm the clinical utility of this MPT-associated lncRNA risk model for guiding personalized HCC management (46).

In the context of ESTIMA analysis, the risk score demonstrated a negative correlation with stromal score and composite score and a positive correlation with tumor purity. In consideration of these findings, a hypothesis can be proposed that posits immune infiltration as a potential significant factor in the prognosis of HCC, influenced by risk modeling. Notably, our somatic mutation analysis (Figure 12) yielded complementary genomic insights into the biological heterogeneity captured by the risk score model. The waterfall plots disclosed distinct mutational profiles between the high- and low-risk groups. A salient finding was the predominance of TP53 missense mutations within the high-risk cohort. This observation is consistent with the well-established function of TP53 dysfunction in instigating genomic instability, aggressive tumor behavior, and poor prognosis in HCC. In contrast, CTNNB1 missense mutations were predominantly observed in the low-risk group. CTNNB1 mutations have been shown to induce the constitutive activation of the Wnt/β-catenin signaling pathway, which is associated with a specific subclass of HCC that may exhibit distinct clinical behaviors and potentially a better prognosis compared to TP53-mutant tumors. The differential enrichment of these hallmark driver mutations (TP53 in the high-risk group and CTNNB1 in the low-risk group) strongly supports the biological relevance and stratification capability of the MPTDNRlncRNA-based risk model, as it effectively segregates patients harboring distinct oncogenic drivers linked to known prognostic subgroups. This genomic distinction further underscores the model’s potential utility in identifying patients with differing underlying tumor biology and clinical outcomes. The model demonstrated consistent predictive accuracy in an independent ICGC cohort.

In the field of medicine, nomograms represent a prevalent clinical instrument that facilitates predictions for patients through a combination of intuitive and straightforward presentation. In this study, a column-line diagram containing risk score, age, and T-stage was established by combining clinical information. The good prognostic predictive value of the high-risk score was further verified by calibration curves, decision curve analysis (DCA) plots, and C-index. In accordance with the findings of the GO and KEGG enrichment analyses, the high- and low-risk groups were predominantly enriched in the cell cycle of biological processes. The tumor mutation load waterfall map demonstrated that CTNNB1 missense mutations were predominant in the low-risk group, whereas TP53 missense mutations were predominant in the high-risk group, which is consistent with the results of a previous study (47). The genetic alterations, specifically the mutations, in the genes TP53 and CTNNB1 have been demonstrated to be a causative factor in the maintenance of telomeres, the P53 pathway, and the Wnt/β-catenin signaling pathway. These alterations, in turn, have been shown to induce numerous other abnormal changes, affecting the cell cycle and, consequently, leading to HCC.

The tumor microenvironment (TME) is composed of three major components: the extracellular matrix, stromal cells, and infiltrating immune cells. These components have been linked to tumor proliferation, metastasis, and immunosuppression (48). To further explore the mechanism between this risk scoring model and HCC, immune infiltration analysis was performed in this study. However, the CIBERSORT immune infiltration results demonstrated no statistically significant differences in the distribution of immune cells among the different risk groups. Despite the in silico analyses suggesting an association between risk scores and immune dysregulation—for example, the ssGSEA showing impaired IFN response in the high-risk group—the absence of experimental validation precludes causal claims. The discordant results obtained from the CIBERSORT analysis and ssGSEA underscore the limitations of extrapolating bulk RNA-seq data to cellular composition. However, the present study found that the HCC patients in the high-risk group had higher levels of T-cell follicular helper cells and regulatory T cells. As indicated by earlier reports, an increased number and active function of Tregs in the TME are closely related to tumorigenesis, progression, and immune escape. These cells are considered to be an important target for tumor immunotherapy (49). T follicular helper cells may play a protective role in non-lymphoid tumors and correlate with an improved clinical response. Although the activation of T follicular helper (Tfh) cells may represent a novel approach, mounting evidence suggests that the expression of Tfh cell markers is associated with various types of cancers (50). These findings further substantiate the conclusions of the present study. The model demonstrated consistent predictive accuracy in an independent ICGC cohort, as evidenced by an AUC of 0.68 for 1-year survival outcomes. This finding reinforces the clinical relevance of the model. This external validation serves to mitigate concerns regarding overfitting and supports the model’s utility in diverse patient populations. Although the findings have been validated in both TCGA and ICGC cohorts, the necessity of prospective multicenter studies is indicated to assess their real-world performance.

Subsequently, we proceeded to analyze the correlation between additional risk scores and immune cells, immune function, and immune checkpoints. In this study, B cells, neutrophils, natural killer cells, and immature dendritic cells were found to be more enriched in the high-risk group than in the low-risk group. Previous studies have shown that a variety of tumors have high levels of resting natural killer cells and reduced plasma cells and neutrophils (51). These results align with the findings of our study, providing further substantiation for the validity of this risk score. The patients in the low-risk group exhibited enrichment in immune function-related pathways, including parainflammatory response, type I interferon response, and type II interferon response. This phenomenon may suggest a correlation between the favorable prognosis of the low-risk group and the activation of the immune system. In recent years, significant advancements have been made in the field of immunotherapy, particularly in the treatment of HCC. These advancements have led to a notable increase in the survival rate of patients diagnosed with this condition (52–54). Consequently, an analysis was conducted to examine the disparities in the expression of immune checkpoints LAG3, CD200, and CD276, which exhibited elevated expression levels in the high-risk group. These observations suggest that patients within this high-risk category may potentially benefit from therapeutic interventions targeting anti-TNFRSF9, LAG3, CD200, and CD276 antibodies. In the context of ESTIMA analysis (55), the risk score exhibited a negative correlation with stromal score and composite score and a positive correlation with tumor purity. In light of these findings, a hypothesis can be formulated positing that immune infiltration may have a significant impact on the prognosis of HCC, as influenced by risk modeling.

This study has limitations. First, the prognostic models rely solely on public database data and lack prospective clinical validation. Second, while we investigated associations between the TME immune cells and the MPTDNRlncRNA risk signature, the precise underlying mechanisms and specific functional roles require further experimental validation.




5 Conclusion

Bioinformatics analysis was employed to construct a model of MPT-driven necrosis-associated lncRNA risk score. In addition, the prognostic genes constituting the MPT-driven necrosis-associated lncRNA risk score were explored and verified by various methods. It has been demonstrated that these possess a degree of clinical utility in predicting the prognosis of HCC. It is anticipated that the three prognostic genes will serve as potential biomarkers in future studies of HCC, thereby providing a framework for guiding the diagnosis and treatment of patients (56).

The majority of contemporary HCC prognostic models is predicated on inflammation-related genes, metabolic reprogramming, or clinical parameters (e.g., TNM staging and Child–Pugh score). This model is pioneering in its inclusion of necrosis-associated lncRNAs driven by MPT as a core marker (57). MPT affects cell death and the immune microenvironment by modulating mitochondrial (58) membrane potential. It is strongly associated with drug resistance and immune escape, especially in HBV-associated HCC. In comparison with single-dimensional lncRNA models (e.g., ceRNA network or epigenetic regulation models), this study constructed a multidimensional prognostic model by integrating TCGA transcriptome data, immune infiltration analysis, and in vitro experimental validation. The AUC values of the model reached 0.78 and 0.69 in the training set and test set, respectively, which were superior to those of some previously published lncRNA models (e.g., AUC = 0.68 for the metabolism-associated lncRNA-based model of Zheng et al., 2021). Concurrently, the present model disclosed discrepancies in the Tregs and Tfh, along with elevated expression of immune checkpoint genes (e.g., LAG3 and CD276) in the high-risk group. This feature is consistent with the immunosuppressive microenvironment characteristics identified in recent studies, suggesting that the model can identify subpopulations that may benefit from treatment with immune checkpoint inhibitors. In contrast, the majority of existing models (e.g., those based on AFP or genomic instability markers) lacks the capacity to predict response to immunotherapy.





Data availability statement

The datasets presented in this study can be found in online repositories. The names of the repository/repositories and accession number(s) can be found in the article/supplementary material.





Ethics statement

The studies involving humans were approved by the 900th Hospital Ethics Committee of the Joint Logistic Support Force. The studies were conducted in accordance with the local legislation and institutional requirements. The human samples used in this study were acquired from primarily isolated as part of our previous study which ethical approval was obtained. Written informed consent for participation was not required from the participants or the participants’ legal guardians/next of kin in accordance with the national legislation and institutional requirements.





Author contributions

ZL: Conceptualization, Data curation, Formal analysis, Investigation, Methodology, Software, Validation, Visualization, Writing – original draft, Writing – review & editing. JY: Conceptualization, Data curation, Formal analysis, Investigation, Methodology, Software, Validation, Visualization, Writing – original draft, Writing – review & editing. ZC: Conceptualization, Data curation, Investigation, Supervision, Writing – review & editing. JC: Data curation, Investigation, Validation, Writing – review & editing. XC: Conceptualization, Data curation, Validation, Writing – review & editing. HL: Investigation, Validation, Writing – review & editing. YC: Funding acquisition, Project administration, Resources, Supervision, Writing – review & editing.





Funding

The author(s) declare that financial support was received for the research and/or publication of this article. This study was supported by grants from the “SIRT6 protein plays a critical role in the impairment of autophagic flux in cholestatic hepatocytes: An investigation into its functions and underlying mechanisms” (2023J01122816) and “Joint Logistics Medical Key Discipline (Organ Transplantation Department)” (LQZD-QG).





Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.





Generative AI statement

The author(s) declare that Generative AI was used in the creation of this manuscript. The authors acknowledge the use of generative artificial intelligence (AI) tools in the preparation of this manuscript. Specifically, ChatGPT, DeepSeek, Kimi were utilized to enhance language clarity and grammar. All AI-generated content was rigorously reviewed, fact-checked, and edited by the authors to ensure alignment with the scientific rigor, accuracy, and ethical standards of this research. The authors take full responsibility for the validity, originality, and integrity of the final manuscript, including all data, interpretations, and conclusions presented herein. No AI tool was used to generate or manipulate research data, draw scientific conclusions, or influence the study’s theoretical framework.





References

	 Zheng R, Zhang S, Zeng H, Wang S, Sun K, Chen R, et al. Cancer incidence and mortality in China, 2016. J Natl Cancer Center. (2022) 2:1–9. doi: 10.1016/j.jncc.2022.02.002, PMID: 39035212


	 Zheng RS, Chen R, Han BF, Wang SM, Li L, Sun KX, et al. Cancer incidence and mortality in China, 2022. Zhonghua Zhong Liu Za Zhi. (2024) 46:221–31. Available online at: https://kns.cnki.net/kcms2/article/abstract?v=3uoqIhG8C45S0n9fL2suRadTxV8KPWBYBgxGX-IFt0Qjtadl4FUXr5d6m9yUy5rV3Bq5c4dGX9gT6H8C4ZbJQn3jGg%3d%3d.


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


	 Zhou M, Wang H, Zeng X, Yin P, Zhu J, Chen W, et al. Mortality, morbidity, and risk factors in China and its provinces, 1990–2017: a systematic analysis for the Global Burden of Disease Study 2017. Lancet. (2019) 394:1145–58. doi: 10.1016/S0140-6736(19)30427-1, PMID: 31248666


	 Jin P, Jiang J, Zhou L, Huang Z, Nice EC, Huang C, et al. Mitochondrial adaptation in cancer drug resistance: prevalence, mechanisms, and management. J Hematol Oncol. (2022) 15:97. doi: 10.1186/s13045-022-01313-4, PMID: 35851420


	 Liu Y, Liu X, Luo M, Li Y, Li H. HBx modulates drug resistance of sorafenib-resistant hepatocellular carcinoma cells. Discov Med. (2023) 35:1035–42. doi: 10.24976/Discov.Med.202335179.99, PMID: 38058068


	 Zeng J, Zeng J, Lin K, Lin H, Wu Q, Guo P, et al. Development of a machine learning model to predict early recurrence for hepatocellular carcinoma after curative resection. Hepatobil Surg Nutr. (2022) 11:176. doi: 10.21037/hbsn-20-466, PMID: 35464276


	 Javadov S, Hunter JC, Barreto-Torres G, Parodi-Rullan R. Targeting the mitochondrial permeability transition: cardiac ischemia-reperfusion versus carcinogenesis. Cell Physiol Biochem. (2011) 27:179–90. doi: 10.1159/000327943, PMID: 21471706


	 Cui Y, Pan M, Ma J, Song X, Cao W, Zhang P. Recent progress in the use of mitochondrial membrane permeability transition pore in mitochondrial dysfunction-related disease therapies. Mol Cell Biochem. (2021) 476:493–506. doi: 10.1007/s11010-020-03926-0, PMID: 33000352


	 Tan S, Zhang X, Guo X, Pan G, Yan L, Ding Z, et al. DAP3 promotes mitochondrial activity and tumour progression in hepatocellular carcinoma by regulating MT-ND5 expression. Cell Death Dis. (2024) 15:540. doi: 10.1038/s41419-024-06912-2, PMID: 39080251


	 He Z, Yang D, Fan X, Zhang M, Li Y, Gu X, et al. The roles and mechanisms of lncRNAs in liver fibrosis. Int J Mol Sci. (2020) 21:1482. doi: 10.3390/ijms21041482, PMID: 32098245


	 Qian Y, Shi L, Luo Z. Long non-coding RNAs in cancer: implications for diagnosis, prognosis, and therapy. Front Med. (2020) 7:612393. doi: 10.3389/fmed.2020.612393, PMID: 33330574


	 Yang X, Xie Z, Lei X, Gan R. Long non-coding RNA GAS5 in human cancer. Oncol Lett. (2020) 20:2587–94. doi: 10.3892/ol.2020.11809, PMID: 32782576


	 McCabe EM, Rasmussen TP. lncRNA involvement in cancer stem cell function and epithelial-mesenchymal transitions. Semin Cancer Biol. (2021) 75:1–10. doi: 10.1016/j.semcancer.2021.03.025, PMID: 33346133


	 Xiong WM, Li MF, Song JH, Zhang Y. LncRNA H 19 promotes hepatocellular carcinoma cell proliferation and invasion. Prog Modern Biomed. (2013) 10:1945–8.


	 Ben SB, Zhang ZD, Wang XX, Chen L, Li Y, Liu T, et al. Effects of LncRNA NT-AS1 on invasion and metastasis of liver cells via miR-582-5p/MCL1. J Guizhou Med Univ. (2023) 48:787–93.


	 Song W, Xu R, Li YP, Chen L, Zhang Q, Wang J, et al. LncRNA SBF2-AS1 regulates invasion and proliferation of hepatocellular carcinoma cells through miR-372-3p/CDK6 axis. Cancer Res Prev Treat. (2023) 50:666–74. doi: 10.3971/j.issn.1000-8578.2023.22.0281


	 Lin SP, Li L, Li YZ, Zhang Y, Wang S. Relations of serum lncRNA HULC level with the clinical features and prognosis of patients with hepatitis B virus-related hepatocellular carcinoma. China J Gen Surgery. (2021) 30:7–13. doi: 10.7659/j.issn.1005-6947.2021.01.002


	 Yi C, Yang J, Zhang T, Xie Z, Xiong Q, Chen D, et al. lncRNA signature mediates mitochondrial permeability transition-driven necrosis in regulating the tumor immune microenvironment of cervical cancer. Sci Rep. (2024) 14:17406. doi: 10.1038/s41598-024-65990-6, PMID: 39075098


	 Humphreys RK, Puth M-T, Neuhäuser M, Ruxton GD. Underestimation of Pearson’s product moment correlation statistic. Oecologia. (2019) 189:1–7. doi: 10.1007/s00442-018-4233-0, PMID: 30062565


	 Toubiana D, Maruenda H. Guidelines for correlation coefficient threshold settings in metabolite correlation networks exemplified on a potato association panel. BMC Bioinf. (2021) 22:1–14. doi: 10.1186/s12859-021-03994-z, PMID: 33691629


	 Kamarudin AN, Cox T, Kolamunnage-Dona R. Time-dependent ROC curve analysis in medical research: current methods and applications. BMC Med Res Methodol. (2017) 17:1–19. doi: 10.1186/s12874-017-0332-6, PMID: 28388943


	 Ni M, Wu Z, Wang H, Zhou W, Wu C, Stalin A, et al. A multidimensional bayesian network meta-Analysis of Chinese herbal injections for treating non-small cell lung cancer with gemcitabine and cisplatin. Front Pharmacol. (2021) 12:739673. doi: 10.3389/fphar.2021.739673, PMID: 34552496


	 Ritchie ME, Phipson B, Wu D, Hu Y, Law CW, Shi W, et al. limma powers differential expression analyses for RNA-sequencing and microarray studies. Nucleic Acids Res. (2015) 43:e47–e. doi: 10.1093/nar/gkv007, PMID: 25605792


	 Yu G, Wang L-G, Han Y, He Q-Y. clusterProfiler: an R package for comparing biological themes among gene clusters. Omics: J Integr Biol. (2012) 16:284–7. doi: 10.1089/omi.2011.0118, PMID: 22455463


	 Chen B, Khodadoust MS, Liu CL, Newman AM, Alizadeh AA. Profiling tumor infiltrating immune cells with CIBERSORT. Cancer Syst Biol: Methods Protoc. (2018) 1711:243–59. doi: 10.1007/978-1-4939-7493-1_12, PMID: 29344893


	 Rooney MS, Shukla SA, Wu CJ, Getz G, Hacohen N. Molecular and genetic properties of tumors associated with local immune cytolytic activity. Cell. (2015) 160:48–61. doi: 10.1016/j.cell.2014.12.033, PMID: 25594174


	 Bindea G, Mlecnik B, Tosolini M, Kirilovsky A, Waldner M, Obenauf AC, et al. Spatiotemporal dynamics of intratumoral immune cells reveal the immune landscape in human cancer. Immunity. (2013) 39:782–95. doi: 10.1016/j.immuni.2013.10.003, PMID: 24138885


	 Yoshihara K, Shahmoradgoli M, Martínez E, Vegesna R, Kim H, Torres-Garcia W, et al. Inferring tumour purity and stromal and immune cell admixture from expression data. Nat Commun. (2013) 4:2612. 2024. doi: 10.1038/ncomms3612, PMID: 24113773


	 Wei K, Chen T, Fang H, Shen X, Tang Z, Zhao J. Mitochondrial DNA release via the mitochondrial permeability transition pore activates the cGAS-STING pathway, exacerbating inflammation in acute Kawasaki disease. Cell Commun Signaling. (2024) 22:328. doi: 10.1186/s12964-024-01677-9, PMID: 38872145


	 Zappasodi R, Wolchok JD, Merghoub T. Strategies for predicting response to checkpoint inhibitors. Curr Hematol Malignancy Rep. (2018) 13:383–95. doi: 10.1007/s11899-018-0471-9, PMID: 30159703


	 Yang X, Hu Y, Yang K, Wang D, Lin J, Long J, et al. Cell-free DNA copy number variations predict efficacy of immune checkpoint inhibitor-based therapy in hepatobiliary cancers. J Immunother Cancer. (2021) 9:e001942. doi: 10.1136/jitc-2020-001942, PMID: 33972389


	 Moradi-Marjaneh R, Hassanian SM, Mehramiz M, Rezayi M, Ferns GA, Khazaei M, et al. Reactive oxygen species in colorectal cancer: The therapeutic impact and its potential roles in tumor progression via perturbation of cellular and physiological dysregulated pathways. J Cell Physiol. (2019) 234:10072–9. doi: 10.1002/jcp.27881, PMID: 30515827


	 Zińczuk J, Maciejczyk M, Zaręba K, Pryczynicz A, Dymicka-Piekarska V, Kamińska J, et al. Pro-oxidant enzymes, redox balance and oxidative damage to proteins, lipids and DNA in colorectal cancer tissue. Is oxidative stress dependent on tumour budding and inflammatory infiltration? Cancers. (2020) 12:1636. doi: 10.3390/cancers12061636, PMID: 32575703


	 Han XY, Liu C. Expression of long non-coding RNA LINC00685 and miR-34 in human hepatocellular carcinoma and its role in the clinical practice. Chin J Integrat Tradit Western Med Digest. (2020) 28:752–6. Available online at: http://www.wanfangdata.com.cn/details/detail.do?_type=perio&id=zxyjhxxhzz202010003.


	 Qin JZ, Rong B, Bie J. Effects of lncRNA GIHCG targeting miR-429 on proliferation,migration,and invasion of esophageal squamous cell carcinoma cells. Shandong Med J. (2024) 61(28):43–7. doi: 10.3969/j.issn.1002-266X.2021.28.010


	 Chen EL, Li JX, Wang Z, Zhou H, Zhang K. Role of lncRNA GIHCG in the development of primary liver cancer by regulating miR-429. Chin J Gen Pract. (2019) 5:523–7.


	 Sui C-j, Zhou Y-m, Shen W-f, Dai B-h, Lu J-j, Zhang M-f, et al. Long noncoding RNA GIHCG promotes hepatocellular carcinoma progression through epigenetically regulating miR-200b/a/429. J Mol Med. (2016) 94:1281–96. doi: 10.1007/s00109-016-1442-z, PMID: 27380494


	 Sui C, Zhou Y, Shen W, Dai B, Lu J, Zhang M, et al. Long noncoding RNA GIHCG promotes hepatocellular carcinoma progression through epigenetically regulating miR-200b/a/429. J Mol Med. (2016) 94(12):1281–96. doi: 10.2147/OTT.S271966, PMID: 27380494


	 Yang ZK. LncRNA MIR210HG promotes the proliferation of colon cancer cells by inhibiting ferroptosis through binding to PCBP1. Scientific Reports. (2023) 13(1):10478. doi: 10.1038/s41598-023-37678-w, PMID: 39757305


	 Zou F, Zhang ZH, Zou SS, Zhuang ZB, Ji Q, Chang R, et al. LncRNA MIR210HG promotes the proliferation, migration, and invasion of lung cancer cells by inhibiting the transcription of SH3GL3. Kaohsiung J Med Sci. (2023) 39:1166–77. doi: 10.1002/kjm2.12775, PMID: 37916731


	 Ma FX, Zhang F, Zhao J, Liu Y, Wang L, Sun T, et al. Expression and clinical significance of lncRNA-miR210HG in cancer tissues of NSCLC patients. Med Sci J Cent South China. (2024) 52:240–3. doi: 10.15972/j.cnki.43-1509/r.2024.02.015


	 Jiang C, Zhao X. MIR210HG accelerates the progression of colorectal cancer and affects the function of colorectal cancer cells by downregulating miR-1226-3p. Turkish J Gastroenterol. (2024) 35:889. doi: 10.5152/tjg.2024.23669, PMID: 39641246


	 Wang X-Q, Fan A-Q, Hong L. LncRNA MIR210HG promotes the proliferation of colon cancer cells by inhibiting ferroptosis through binding to PCBP1. Sci Rep. (2025) 15:871. doi: 10.1038/s41598-025-85321-7, PMID: 39757305


	 Wang Y, Li W, Chen X, Li Y, Wen P, Xu F. MIR210HG predicts poor prognosis and functions as an oncogenic lncRNA in hepatocellular carcinoma. Biomed Pharmacother. (2019) 111:1297–301. doi: 10.1016/j.biopha.2018.12.134, PMID: 30841443


	 Wu Y, Zhang Z. Editorial: Advances in targeted therapy and biomarker research for endocrine-related cancers. Front Endocrinol. (2024) 15 - 2024. doi: 10.3389/fendo.2024.1533623, PMID: 39722807


	 Fang G, Fan J, Ding Z, Zeng Y. Application of biological big data and radiomics in hepatocellular carcinoma. iLIVER. (2023) 2:41–9. doi: 10.1016/j.iliver.2023.01.003, PMID: 40636408


	 Roma-Rodrigues C, Pombo I, Raposo L, Pedrosa P, Fernandes AR, Baptista PV. Nanotheranostics targeting the tumor microenvironment. Front Bioeng Biotechnol. (2019) 7:197. doi: 10.3389/fbioe.2019.00197, PMID: 31475143


	 Li C, Jiang P, Wei S, Xu X, Wang J. Regulatory T cells in tumor microenvironment: new mechanisms, potential therapeutic strategies and future prospects. Mol Cancer. (2020) 19:1–23. doi: 10.1186/s12943-019-1085-0, PMID: 32680511


	 Gu-Trantien C, Willard-Gallo K. PD-1hiCXCR5– CD4+ TFH cells play defense in cancer and offense in arthritis. Trends Immunol. (2017) 38:875–8. doi: 10.1016/j.it.2017.10.003, PMID: 29111220


	 Zhang X, Shen L, Liu Q, Hou L, Huang L. Inhibiting PI3 kinase-γ in both myeloid and plasma cells remodels the suppressive tumor microenvironment in desmoplastic tumors. J Controlled Release. (2019) 309:173–80. doi: 10.1016/j.jconrel.2019.07.039, PMID: 31362079


	 El-Khoueiry AB, Sangro B, Yau T, Crocenzi TS, Kudo M, Hsu C, et al. Nivolumab in patients with advanced hepatocellular carcinoma (CheckMate 040): an open-label, non-comparative, phase 1/2 dose escalation and expansion trial. Lancet. (2017) 389:2492–502. doi: 10.1016/S0140-6736(17)31046-2, PMID: 28434648


	 Qin S, Ren Z, Feng Y-H, Yau T, Wang B, Zhao H, et al. Atezolizumab plus bevacizumab versus sorafenib in the Chinese subpopulation with unresectable hepatocellular carcinoma: phase 3 randomized, open-label IMbrave150 study. Liver Cancer. (2021) 10:296–308. doi: 10.1159/000513486, PMID: 34414118


	 Zou YM, Yang X, Liu Y. Application value of immunotherapy in hepatocellular carcinoma. J Clin Hepatol. (2021) 37:1763–5. doi: 10.3969/j.issn.1001-5256.2021.08.003


	 Amaria RN, Hauschild A, Lowe M, Taube JM, Daud A, Truong T-G, et al. A randomized phase 2 peri-operative (neoadjuvant plus adjuvant) study of fianlimab (anti–LAG-3) plus cemiplimab (anti–PD-1) versus anti–PD-1 alone in patients with resectable stage III and IV melanoma. J Clin Oncol. (2025) 43:TPS9596–TPS. doi: 10.1200/JCO.2025.43.16_suppl.TPS9596


	 Cho Y, Kim BH, Park JW. Overview of Asian clinical practice guidelines for the management of hepatocellular carcinoma: An Asian perspective comparison. Clin Mol Hepatol. (2023) 29:252–62. doi: 10.3350/cmh.2023.0099, PMID: 36907570


	 Sun Y, Wu P, Zhang Z, Wang Z, Zhou K, Song M, et al. Integrated multi-omics profiling to dissect the spatiotemporal evolution of metastatic hepatocellular carcinoma. Cancer Cell. (2024) 42:135–56.e17. doi: 10.1016/j.ccell.2023.12.011, PMID: 38101410


	 Zhang C-J, Li J-M, Xu D, Wang D-D, Qi M-H, Chen F, et al. Surface molecularly engineered mitochondria conduct immunophenotype repolarization of tumor-associated macrophages to potentiate cancer immunotherapy. Adv Sci. (2024) 11:2403044. doi: 10.1002/advs.202403044, PMID: 39119940







Publisher’s note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.

Copyright © 2025 Lin, Yu, Chen, Chen, Chi, Lin and Chen.. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.


OEBPS/Images/fonc-15-1590094-g009.jpg
ns

1]
c
')
[~
x
')
c
¥ g
=
E 4
)
e
"4
c [
2 %
< " . . G %,
.-. c * o .“ a&\moww\Q@\v
" » o 0. oo oo
H = » @@\\v 2
e @ L) Qo..oo
.- ® oo Y %.
1) @% o.v
s 2 =14 %
5 ¢« o % W
H S %,
%, %
Y _ Y%
H °° Y, T, R
%, \@\» 5
@ o omos exmna| o, %, %,
. eesmm) \@\ o..u\ «,V\
. . & o "
i S e U, %o, B ¢
5, 7} ool | @6 @e L'
=l c <
O ] T, O
= v @e uO
" . wwoem < YO
C e . %0 hOO %4 Y%
O, ,vxoooo,o )
" . oolﬂ 8 \\oo Y%, X
Y 9.
£ . e \&o ¢ ¥ o/\
2 e T
c oo ¢ o& @o‘
: o %Y
s ot %, KN
8
r T T T T ] - ~ o Y ©
i 5 § § i@ ¢ 2 2 S Ty
N abejusosed ey uopodosg

CIBERSORT





OEBPS/Images/fonc-15-1590094-g010.jpg
Risk B8 low Bl high

e

1.00

0.75

0.00

Risk B8 fow Bl high

10

Risk B8 low B high

W 2t 2 awrowe ot v oar v






OEBPS/Images/fonc.2025.1590094_cover.jpg
& frontiers | Frontiers in Oncology

The construction and evaluation of a
prognostic risk score model for HCC based
on MPT-related IncRNAs





OEBPS/Images/fonc-15-1590094-g004.jpg
w e v 9 d d
~N ~N - - (-} -3

OHOLZYIW JO uoissaidx3 aAnejay

V7.
A@
%,
»@
v 4
§§
4

AR

< © ~ - o

G8900ONIN J0 uoissaldx3 aaneRy

E Normal E Tumor

A

e © d bl S
~ - - o P

OOHIO Jo uoissaidx3 eAne|oy

3] o

< ° oA mouwmaxo ayL M





OEBPS/Images/fonc-15-1590094-g007.jpg
0 10 20 30 40 50 60 70 80 20 100
Points.
riskScore
002 004 006 008 0.1 012 014 0.16 0.18 02 022 024 026 028 03
male
gender —_—
female &
pavologe T — 2 ¢ &
1 3 w0
Total Points. — v Yr——r———r - o
0 10 20 30 40 5 € 70 8 90 100 110 120 130 140 .g
1-year survival QE)
09 08 07 08 05 04 03 02 'g
o
2-year survival
09 08 07 08 05 04 03 02
3-year survival
09 08 07 06 05 04 03 02
5-year survival
09 08 07 06 05 04 03 02 00 02 04 06 08 1.0
nomogram predicted OS (%)

nomogram

riskScore

pathologic_T

tumor_stage

gender

025

050 075
Risk Threshold






OEBPS/Images/fonc-15-1590094-g006.jpg
© high » low

* high * low

0Z 6 0b S 0 G- Ob-6i-

€0d

=2 =4

-3

PC1

PC1





OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fonc-15-1590094-g002.jpg
ene HR__lower 95%¢C ppe pVa
AC002398 2.247 1.408 3.585 p—e———— Q.00
SNHG20 2.227 1.454 3.412 e eem— 0.00
AL513320.1 2.187 1.491 3.208 —— 0.00
LINCO01232 2.158 1.477 3.152 fr it 0.00
AC010761.1 2.121 1.363 3.301 e —— 0.00
AC006538.1 2.018 1.446 2.814 L it 0.000
AC010969.2 2.017 1.358 2.996 e 0.001
AC009779.2 1.972 1.387 2.802 ———————— 0.000
AL359504.1 1.935 1.365 2.744 e 0.000
ZNF232-AS1 1.929 1.408 2.643 e S 0.000
AP001469.3 1.912 1.317 2.777 < — E—— 0.001
GIHCG 1.906 1.409 2.579 ————— 0.000
AL137077.2 1.896 1.401 2.566 e —— 0.000
AC004816.1 1.889 1.372 2.600 ————— 0.000
AC087741.1 1.869 1.261 2.771 \—c— 0.002
MAPKAPK5-AS1 1.867 1.349 2.584 . 0.000
AC005393.1 1.855 1.251 2.749 e 0.002
SBF2-AS1 1.854 1.211 2.838 L — . —— 0.005
LINCO0685 1.826 1.386 2.407 — 0.000
PSPC1-AS2 1.805 1.171 2.783 ———— 0.007
AC025176.1 1.797 1.253 2.578 —.—————— 0.001
CYTOR 1.795 1.320 2.441 e 0.000
NRAV 1.780 1.278 2.478 S a— 0.001
SCAT2 1.761 1.308 2.369 s mm— 0.000
AC026401.3 1.724 1.360 2.186 o 0.000
AP000240.1 1.698 1.261 2.288 . — 0.000
ACO009005.1 1.681 1.269 2.228 o S— 0.000
AC132872.1 1.677 1.242 2.263 ] 0.001
SNHG12 1.675 1.230 2.281 et 0.001
ALO035461.2 1.619 1.234 2.124 it 0.001
MIR210HG 1.496 1.249 1.792 S 0.000
ZFAS1 1.487 1.142 1.935 —— 0.003
SNHG15 1.475 1.1561 1.891 S — 0.002
AP003469.2 1.400 1.143 1.715 E=iesh 0.001
DANCR 1.397 1.123 1.737 o 0.003
LINC02041 1.229 1.063 1.421 = 0.005

MEM220-A 0 0.380 0.804 0.00

0.5 1 1.5
B C Hazard ratios
36 34 34 34 31 30 25 23 19 13 12 12 11 9 6 S 35 34 27 16 12 6

8 a4 4l !
& o it
g & 7"
2 e
T w .
5 & !
B
¥ e

o ....'-, i .0'..'.

-7 -6 -5 -4 -3 -2






OEBPS/Images/table2.jpg
MPT LncRNA C Regulation
CASP2 SNHG16 0.448519411803331 1.15713774479855¢~19 Positive
BIRC2 SNHG16 0.515526865397815 1.92435128346985¢ 26 Positive
APAF1 SNHG16 0.409580396439736 2.32972789440126e-16 Positive
EIF251 SNHG16 0.470912521593616 9.15826407428389¢-22 Positive
PARP1 SNHG16 0.408739580159943 2.7166234869794e-16 Positive
ATM SNHG16 0.458213697358944 1.48781390276256e-20 Positive
PRKCA SNHG16 0.464377956488576 3.90069531504992e-21 Positive
LMNB2 SNHG16 0.452033733754437 5.54273211502215e-20 Positive
BAX SNHG29 0.474464310927791 4.11187787901899e-22 Positive
TPS3 SNHG29 0.51290435643141 3.79015742841727¢-26 Positive
PARPL SNHG29 0.43717888932712 1.17491701598278e~18 Positive
LMNB2 SNHG29 0.489176394475642 1.34747039749348-23 Positive
BAX TYMSOS 0.44243746555677 4.05435475521464e~19 Positive
7 PARP1 AL162595.1 0.539417411761677 3.02964274454516e-29 Positive

MPT, mitochondrial permeability transition; IncRNAs, long non-coding RNAs.
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MPT, mitochondrial permeability transition; IncRNAs, long non-coding RNAs.
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