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Background: Glioma is a common brain tumour that is associated with poor prognosis. Immunotherapy
has shown significant potential in the treatment of gliomas. Herein, we proposed a new prognostic risk
model based on immune- and mitochondrial energy metabolism-related differentially expressed genes
(IR&MEMRDEGsS) to enhance the accuracy of prognostic assessment in patients with glioma.

Methods: Data from samples from 671 glioma patients and 5 normal controls with available follow-up data
and prognostic outcomes were downloaded from the Gene Expression Omnibus (GEO) and The Cancer
Genome Atlas (TCGA) databases. All data were downloaded on 13 November 2023. IRKMEMRDEGs
were screened from the GeneCards website and published literature. Prognostic prediction models were
constructed and analysed using Cox and Least Absolute Shrinkage and Selection Operator (LASSO)
regression, Kaplan-Meier (KM) curve, and receiver operating characteristic (ROC) curve analyses. Single-
sample gene set enrichment analysis (ssGSEA) was further performed to ascertain the percentage of immune
cell infiltration in the glioma specimens.

Results: Bioinformatics analysis of the GEO and TCGA databases identified eleven MEMRDEGs with
dysregulated expression in gliomas: EIF4EBPI, TP53, IDHI, PRKCZ, CD200, GPI, PGM?2, PKLR, AK2,
ATP4A, and ALDH3BI1. Further analysis identified EIF4EBPI, TP53, IDHI, PRKCZ, CD200, GPI, PGM?2,
AK2, and ALDH3BI as separate predictive factors for glioma, among which PGM?2 and AK?2 exhibited
superior accuracy [area under the ROC curve (AUC) >0.9], while EIF4EBPI, TP53, IDHI1, PRKCZ, GPI, and
ALDH3BI demonstrated slightly lower accuracy (0.7< AUC <0.9), and CD200 displayed poor accuracy (0.5<
AUC <0.7). Among these genes, the levels of AK2, ALDH3B1, EIF4EBPI1, GPI, IDHI, PGM2, and TP53
were significantly higher in the high-risk group (HRG) compared with the low-risk group (LRG) (P<0.001),
indicating a negative association with patient prognosis. In contrast, CD200 and PRKCZ were significantly
downregulated in the HRG compared to the LRG (P<0.05), indicating a potential correlation with patient
outcomes. Subsequently, prognostic models were constructed based on IR&KMEMRDEG and MEMRDEGs
to anticipate the outcomes of glioma patients, while the predictive efficacy of the model was validated via
KM and ROC curve analysis. The results revealed that EIF4EBP1, TP53, IDH1, PRKCZ, GPI, PGM?2,
ALDH3BI, and AK2 had superior accuracy in predicting glioma prognosis. The ssGSEA results showed that
only IDHI was negatively linked to the amount of immune cell infiltration in the LRG, while displaying a
positive connection in the HRG (r value>0), indicating that the expression levels of IDHI may have a distinct
influence on the tumour immune microenvironment.

Conclusions: The present study confirmed the significant predictive value of IDH1 for glioma prognosis,

which may guide immunotherapy for glioma treatment.
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Introduction

Glioma is the most common type of brain tumour
worldwide. The World Health Organization (WHO)
guidelines classify gliomas into four categories (1). Although
the prognostic biomarkers and pathways associated
with gliomas have been studied, there are currently no
prognostic biomarkers or prognostic prediction models
that can effectively improve the therapeutic outcomes of
patients with gliomas (2). Currently, glioma, specifically
high-grade glioma (i.e., grade 4 glioma), has an adverse

prognosis, as evidenced by its median survival period of 15
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*  We provided a new prognostic risk model based on immune- and
mitochondrial energy metabolism-related differentially expressed
genes (IR&KMEMRDEGs) to enhance the accuracy of prognostic
assessment in patients with glioma.

What is known and what is new?

* Immunotherapy has emerged as a crucial component of cancer
therapy, leading to its increased use in glioma treatment.
Mitochondria affect the efficacy of immunotherapy in tumors
by modulating immune cell activity and establishing an immune
microenvironment. Mitochondrial energy metabolism plays a
critical role in the outcomes of immunotherapy. Currently, only
a few studies have investigated the expression of genes linked to
immunity and mitochondrial energy metabolism in patients with
glioma, as well as their prognostic implications.

*  We proposed the creation of a novel prognostic risk model (PRM),
and validated its efficacy, potentially assisting in the application of
immunotherapy for glioma. We constructed and assessed a PRM
based on IRRMEMRDEGs, which has the potential to enhance
the accuracy of prognostic assessment in patients with glioma.
Furthermore, the immune infiltration of these genes was analyzed,
serving as an independent prognostic factor and contributing to
the advancement of immunotherapy strategies for glioma.
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® Our study confirmed the significant predictive value of IDH1 for
glioma prognosis, which may guide immunotherapy for glioma
treatment.
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months (3-5). Conventional treatments for gliomas include
surgical resection, postoperative temozolomide (TMZ), and
radiotherapy (6). However, these approaches have a poor
prognosis (7). Despite substantial advances in cellular and
molecular marker research, therapeutic strategies for glioma
remain unsatisfactory.

Immunotherapy has emerged as a crucial component
of cancer therapy, leading to its increased use in glioma
treatment (8). Consequently, we proposed the creation
of a novel prognostic risk model (PRM), and validated
its efficacy, potentially assisting in the application of
immunotherapy for glioma.

Mitochondria affect the efficacy of immunotherapy
in tumours by modulating immune cell activity and
establishing an immune microenvironment (9,10).
Mitochondrial energy metabolism plays a critical role in
the outcomes of immunotherapy. Currently, only a few
studies have investigated the expression of genes linked to
immunity and mitochondrial energy metabolism in patients
with glioma, as well as their prognostic implications (11).
Therefore, the present study aimed to construct and assess
a PRM based on immune-related and mitochondrial
energy metabolism-related differentially expressed genes
(IR&MEMRDEGsS), to enhance the accuracy of prognostic
assessment in patients with glioma. Furthermore, the
immune infiltration of these genes was analysed, serving
as an independent prognostic factor and contributing to
the advancement of immunotherapy strategies for glioma.
We present this article in accordance with the TRIPOD
reporting checklist (available at https://tcr.amegroups.com/
article/view/10.21037/tcr-24-1035/rc).

Methods

The flow chart of the experiments performed in this article
is shown in Figure 1.

Data download

The GEOquery R package (12) was employed to download
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Figure 1 Flow chart of the experiments performed in this study. TCGA, The Cancer Genome Atlas; IR&KMEMRGs, immune-related and

mitochondrial energy metabolism-related genes; DEGs, differentially expressed genes; IR&KMEMRDEGs, immune- and mitochondrial

energy metabolism-related differentially expressed genes; CGD, Combined GEO Dataset; PRMGs, prognostic risk model genes; LASSO,

Least Absolute Shrinkage and Selection Operator.

Table 1 The information of GEO microarray chip

Characteristics GSE50161 GSE16011
Platform GPL570 GPL8542
Type Array Array
Species Homo sapiens Homo sapiens
Tissue Brain Brain
Glioma samples in tumor group 34 276
Normal samples in normal group 13 8
Reference (13) (14)

GEO, Gene Expression Omnibus.

the glioma datasets (lower-grade glioma and glioblastoma
multiforme, GBMLGG) GSE50161 (13) and GSE16011 (14)
from the Gene Expression Omnibus (GEO) database
(https://www.ncbi.nlm.nih.gov/geo/). All GEO data were

© AME Publishing Company.

downloaded on 13" November 2023. Samples from both
datasets were derived from Homo sapiens and originated
from the brain tissue. The chip platforms GSE50161 and
GSE16011 were GPL570 and GPL8542, respectively
(Table 1). GSE50161 comprised 34 glioma samples and 13
normal samples, whereas GSE16011 comprised 276 glioma
samples and eight normal samples. All samples from the
glioma (tumour group, T'G) and normal (NG) groups were
included in this study.

The sva R package (15), was applied to conduct batch
processing on the GSE50161 and GSE16011 datasets to
obtain an integrated GEO dataset, hereafter referred to as
the Combined GEO Dataset (CGD), comprising a total
of 310 glioma and 21 NG specimens. Subsequently, CGD
was standardised and annotated with probes employing
limma, an R package (16). Principal component analysis
(PCA) was performed on the expression matrix prior to
and following batch effect elimination to assess the efficacy
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of removing batch effects (17). PCA is a technique used
for data dimensionality reduction that identifies feature
vectors (ingredients) from high-dimensional data, which
are subsequently transformed into lower-dimensional data,
and visualized in two- or three-dimensional graphs. This
study was conducted in accordance with the Declaration of
Helsinki (as revised in 2013).

Identification of IRRMEMRDEGs in glioma

The glioma dataset was acquired from The Cancer
Genome Atlas (TCGA) using TCGAbiolinks, an R
package referred to as the TCGA-GBMLGG dataset,
which was utilised as a test set (18). All TCGA data were
downloaded on 13™ November 2023. Samples lacking
clinical information were excluded, while the count format
sequencing data of 671 glioma samples (tumour group)
and five specimens in NG were obtained. Using the
limma package in R, differential gene expression analysis
was conducted between the TG and NG. Differentially
expressed genes (DEGs) were identified using [logFCI
>1 and adj. P<0.05 was set as the limit of significance to
identify DEGs. DEGs were categorised as elevated when
logFC was >1 with an adj. P<0.05, or decreased when logFC
was <1 with an adj. P<0.05. Subsequently, the GeneCards
database (https://www.genecards.org/) (19) and published
literature were searched, identifying 76 genes associated
with immune and mitochondrial energy metabolism. To
identify IR&KMEMRDEGs in gliomas, 76 immune-related
and mitochondrial energy metabolism-related genes
(IR&MEMRGsS) were intersected with DEGs from TCGA-
GBMLGG dataset to create a Venn diagram.

Construction of a PRM for Glioma

Univariate Cox regression (UCR) and multivariate Cox
regression (MCR) analyses were performed on the TCGA-
GBMLGG dataset using the survival package in R to
construct a PRM for gliomas (20). These analyses were
based on clinical information to assess the impact of
IR&MEMRDEGS on prognosis and ascertain their status
as independent prognostic factors.

Initially, variables with a P value <0.10 were discovered
by UCR analysis and subsequently incorporated in the
Least Absolute Shrinkage and Selection Operator (LASSO)
regression analysis, which was conducted employing the
glmnet package in R software, specifying family=“cox”
as a parameter (21). The analysis was performed on the

© AME Publishing Company.
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identified IR&KMEMRDEGsS from the single-factor Cox
regression analysis, with the number of cycles set to 10.
LASSO regression is a form of linear regression analysis
that addresses overfitting and improves a model’s capacity
to be generalised by including a penalty term (lambda x
absolute value of the slope). The outcomes of the LASSO
regression study were presented by employing PRM and
variable trajectory diagrams. The LASSO risk score (RS)

was computed as follows:
Risk Score = )" Coefficient (gene, ) * mRNA Expression (gene, ) 1]

Subsequently, MCR analysis was performed on the
IR&MEMRDEG retained from the LASSO regression
analysis. PRM genes (PRMGs) were identified, and the
outcomes of the MCR analysis were presented using a forest
plot. Finally, the high- (HRG) and low-risk group (LRG)
classifications of glioma samples from the TCGA-GBMLGG
dataset were ascertained using the median expression value of

the LASSO RS derived from the tumour PRM.

Prognostic analysis and validation of the glioma PRM

To assess the difference in overall survival (OS) between
the HRG and LRG of glioma samples within the TCGA-
GBMLGG dataset, the survival package in R software was
applied to conduct Kaplan-Meier (KM) curve analysis (22).
The R software timeROC was employed to create a time-
dependent receiver operating characteristic (ROC) curve
by deploying the LASSO RS and OS. This analysis was
conducted to predict the 1-, 2-, and 3-year survival rates
of glioma samples within the TCGA-GBMLGG dataset,
by calculating the area under the ROC curve (AUC). AUC
values typically range between 0.5 and 1, with higher
values closer to 1 indicating better diagnostic performance.
AUC values greater than 0.5 indicate that the molecule’s
expression is associated with a propensity to facilitate the
event’s occurrence. AUC values between 0.5 and 0.7, 0.7
and 0.9, and above 0.9 indicate low, moderate, and high
degrees of accuracy, respectively.

This study investigated the association and predictive
capacity of the LASSO RS in relation to clinical outcomes,
by employing UCR and MCR analyses, taking into
account the LASSO RS, sex, age, and clinical staging
variable (grade). A forest plot was subsequently applied
to visualise the outcomes of both the UCR and MCR
studies, which demonstrated the influence of LASSO RS
and clinical factors. The nomogram graphically represents
the functional connections between independent variables
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by employing discrete line segments inside a rectangular
coordinate system (23). A nomogram was created using
the outcomes of the MCR analysis, conducted using the
rms package in R software. The nomogram illustrates
the connection between RS and several clinical factors in
relation to survival rates at one, two, and three years.
Decision curve analysis (DCA) is a straightforward tool
used to assess the performance of clinical predictive models,
diagnostic trials, and molecular markers. In the present study,
the ggDCA package of R software was applied to generate
DCA plots derived from the nomogram model, and to
evaluate and predict the 1-, 2-, and 3-year survival rates.

Validation of the differential expression and ROC curve
analysis for IRRMEMRDEGs

The Mann-Whitney U test was applied to generate
comparative graphs based on the TCGA-GBMLGG dataset
and CGD to estimate the differential expression of PRMGs
between TG and NG. Further, PRMGs expression levels
in the high- and low-risk glioma specimen groups from
both datasets were examined using the Mann-Whitney U
test. Subsequently, the pROC package in the R software
was applied to generate ROC curves for PRMGs in the
TG and NG, while AUC values were computed to assess
the diagnostic implications of PRMG expression levels
in predicting glioma occurrence. Additionally, the pROC
package was applied to generate ROC curves for PRMGs
from the HRG and LRG of the glioma samples. The AUC
of the ROC curve generally varies between 0.5 and 1, with
greater values denoting superior prognostic performance.
AUC values between 0.5 and 0.7, 0.7 and 0.9, and above
0.9 indicate low, moderate, and high degrees of accuracy,
respectively.

Immune infiltration analysis

The single-sample gene set enrichment analysis (ssGSEA)
approach was applied to ascertain the proportionate
presence of immune cell infiltration in glioma specimens
obtained from TCGA-GBMLGG database. Initially,
various immune cell types were identified, including
activated CD8" T cells, activated dendritic cells, gamma
delta T cells, natural killer cells, regulatory T cells, and
different subtypes of human immune cells. Subsequently,
enrichment scores computed by ssGSEA were used
to indicate the proportional frequency of immune cell
infiltration in each specimen, generating an immune cell

© AME Publishing Company.
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infiltration matrix for glioma samples within the TCGA-
GBMLGG database. Subsequently, the ggplot2 package
in R was used to estimate and contrast immune cell levels
in glioma specimens from TCGA-GBMLGG dataset,
specifically between the HRG and LRG. Immune cells
displaying significant differences between the two groups
were isolated for further examination. The correlation
between immune cells was subsequently computed using
the Spearman algorithm, and pheatmap, an R package, was
used to generate a heatmap representing the correlation
between immune cells, which represented the outcomes
of the correlation study. Thereafter, correlation analysis
between PRMGs and immune cells was performed using
the Spearman algorithm, and ggplot2, an R package, was
used to generate a correlation bubble chart for visual
representation of the analysis results.

Statistical analysis

R software (version 4.3.1) was used for data processing
and analyses. To determine the significance of variations
in normally distributed continuous variables between the
two groups, the independent Student’s #-test was applied,
unless stated otherwise. Disparities in variables that did not
follow a normal distribution were assessed using the Mann-
Whitney U test (Wilcoxon rank-sum test). The Kruskal-
Wallis test was further applied to compare three or more
groups. Spearman’s correlation analysis was further used to
determine the correlation coefficients between the various
compounds. Unless explicitly stated, all P values in the
statistical analysis were two-tailed, and any P value >0.05
was deemed significant.

Results
Integration of glioma datasets

To integrate the glioma datasets, SVA, an R package, was
first used to eliminate batch effects in the GSE50161
and GSE16011 datasets, yielding a consolidated dataset,
termed the CGD. The differential expression between the
pre-and post-batch effect-removal results is illustrated in
distribution box plots (Figure 2A4,2B). Additionally, a PCA
plot (Figure 2C,2D) was used to assess the distribution
of low-dimensional features in the dataset prior to and
following batch effect correction. The distribution box
and PCA plots showed that the batch effect in the glioma
specimens was effectively eliminated.
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Figure 2 Removal of batch effects in datasets GSE50161 and GSE16011. (A) Box plot of the distribution of CGD prior to batch processing.
(B) Boxplots depicting the distribution of the CGD post-batch processing. (C) 2D PCA plot depicting the dataset prior to batch processing.
(D) 2D PCA diagram depicting CGD following batch processing. The GSE16011 and GSE50161 datasets are represented in green and
blue, respectively. CGD, Combined GEO Dataset; PCA, principal component analysis; GEO, Gene Expression Omnibus.
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3612 | 11 65

Figure 3 Venn diagram depicting the DEGs and IR&KMEMRGs
in the TCGA-GBMLGG dataset. DEGs, differentially expressed
genes; IRKMEMRGs, immune-related and mitochondrial energy

metabolism-related genes.

Glioma-related IR&K MEMRDEGs

The TCGA-GBMLGG dataset was partitioned into the

TG and NG to determine the variations in gene expression

© AME Publishing Company.

levels. Differential analysis was conducted on the TCGA-
GBMLGG dataset using limma, an R package, to identify
DEGs between the T'G and NG samples. The investigation
identified 3,623 DEGs in the TCGA-GBMLGG dataset,
which were chosen identified based on the following
parameters: |logFCI >1 and adj. P<0.05. Moreover, 76
IR&MEMRGs were identified by searching the GeneCards
database and published literature. The IR&KMEMRGs
and DEGs were intersected and visually represented
by a Venn diagram (Figure 3). The results identified 11
IR&MEMRDEGs, namely EIF4EBP1, TP53, IDHI, PRKCZ,
CD200, GPI, PGM2, PKLR, AK2, ATP4A, and ALDH3BI.
Among these, the expression of EIF4EBP1, TP53, IDH]I,
PGM2, AK2, and ALDH3B1 was upregulated in the TG
compared to that in the NG, whereas PRKCZ, CD200, GPI,
PKLR, and ATP4A were downregulated in the TG.

Development of a PRM for glioma
"To establish a PRM for glioma, UCR analysis was subsequently
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Figure 4 Outcomes of the LASSO and Cox regression analysis. (A) Forest plot of nine IRRMEMRDEGsS in the UCR model. (B,C) The
PRM diagram (B) and variable trajectory diagram (C) generated by the LASSO regression model. (D) Forest plot depicting three PRMGs in
the MCR model. HR, hazard ratio; CI, confidence interval; LASSO, Least Absolute Shrinkage and Selection Operator; IR&KMEMRDEGs,

immune- and mitochondrial energy metabolism-related differentially expressed genes; UCR, univariate Cox regression; PRM, prognostic

risk model; PRMGs, prognostic risk model genes; MCR, multivariate Cox regression.

performed based on the eleven IR&RKMEMRDEGs. The Forest
plot (Figure 44) presented all variables that were significant
(P<0.10 in the univariate analysis). Overall, nine IR and
MEMRDEGs exhibited statistical significance in the single-
factor Cox regression model (P<0.10): EIF4EBP1, TP53,
IDHI1, PRKCZ, CD200, GPL, PGM2, AK2, and ALDH3BI.

To further assess the prognostic significance of
IR&MEMRDEGs within the single-factor Cox regression
model for glioma prognosis, LASSO regression analysis was
conducted, as presented in the LASSO regression model
diagram (Figure 4B), and the LASSO variable trajectory
diagram (Figure 4C). Nine genes, referred to as PRMGs,
were identified in the LASSO regression model: EIF4EBPI,
TP53, IDHI, PRKCZ, CD200, GPI, PGM?2, AK2, and
ALDH3BI. Subsequently, an MCR analysis was performed,
employing the nine PRMGs to ascertain the connection
between LASSO RS expression levels and clinical prognosis
(Figure 4D). The LASSO RS was computed using the
following formula:

© AME Publishing Company.

Risk Score = EIF4EBP1%(0.154)+ TP53%(0.11)+ IDH1%(0.132)
+ PRKCZ #(~0.279) + CD200+(0.457) + GPI #(0.713)
+PGM2%(0.427)+ AK2%(0.472)+ ALDH3B1+(0.452)

(2]

Thereafter, the glioma specimens obtained from the
TCGA-GBMLGG dataset were allocated to the HRG and
LRG using the LASSO RS median as the criterion.

Prognostic analysis and validation of a PRM for glioma

The diagnostic performance of LASSO RS for OS was
evaluated using the survival package in R to analyse and plot
KM curves (Figure 5A). The results revealed a significant
variation in OS between the HRG and LRG (P<0.05).
Additionally, ROC curves for 1-, 2-, and 3-year intervals are
displayed for glioma samples from the TCGA-GBMLGG
dataset (Figure 5B). The outcomes showed that LASSO RS
could predict prognosis, with the best predictive effect in
the third year (AUC =0.898).
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Table 2 Results of univariable and multivariable Cox analysis for TCGA-GBMLGG dataset

Univariate analysis

Multivariate analysis

Characteristics Total (N)
Hazard ratio (95% ClI) P Hazard ratio (95% Cl) P

Gender 671 1.253 (0.972-1.616) 0.082

Female 283 Reference

Male 388 1.073 (0.829-1.388) 0.594
Age (years) 671 4.883 (3.736-6.381) <0.001

<60 531 Reference

>60 140 1.679 (1.253-2.249) 0.001
Grade 671 3.153 (2.112-4.707) <0.001

Grade Il 248 Reference

Grade Il 255 2.446 (1.621-3.692) <0.001

Grade IV 168 5.242 (2.994-9.181) <0.001
Risk score 671 2.815 (2.501-3.169) <0.001 1.747 (1.448-2.108) <0.001

TCGA, The Cancer Genome Atlas; GBMLGG, lower-grade glioma and glioblastoma multiforme; Cl, confidence interval.

UCR analysis was performed on the LASSO RS and
prognostic clinical data of glioma specimens sourced from
TCGA-GBMLGG dataset, to ascertain the association
and predictive capacity of LASSO RS with clinical
outcomes. Table 2 presents the outcomes of UCR and
MCR analyses. UCR analysis used LASSO RS, age, sex,
and clinical stage (grade) as variables. The MCR analysis
subsequently encompassed variables that had a significance
level of P<0.10 in the univariate analysis. The results of
both analyses are shown in a forest plot (Figure 5C,5D).
Furthermore, a nomogram was created based on PRM,
incorporating LASSO RS, age, sex, and grade variables,
illustrating their correlations (Figure SE). The outcomes
showed that LASSO RS exhibited notably greater predictive
efficacy within the PRM for glioma than the other variables,
whereas sex displayed significantly lower efficacy. The
clinical utility of the glioma PRM was assessed using DCA
at 1-, 3-, and 5-year. The PRM developed in this study
demonstrated a superior clinical prediction effect at 3 years
compared with that at 2 and 1 year (Figure SF-5H).

Verification of gene expression differences in PRMs

To depict the disparities in the expression levels of the
nine PRMGs between TG and NG of the TCGA-
GBMLGG dataset and the CGD, a group comparison chart
was constructed (Figure 64,6B). Statistically significant
differences were observed in the nine PRMGs expression

© AME Publishing Company.

levels between the NG and TG in the TCGA-GBMLGG
dataset (P<0.01, P<0.001; Figure 6A4). Specifically, AK2,
ALDH3BI1, EIF4EBPI, IDHI1, PGM2, and TP53 exhibited
significantly higher expression levels in the TG than in
the NG (P<0.01, P<0.001, respectively; Figure 64). In
contrast, T'G significantly mitigated CD200, GPI, and
PRKCZ expression levels compared to the NG (P<0.001;
Figure 6A4). Additionally, eight PRMGs expression levels
in the TG and NG of the CGD showed significant
variation (P<0.05, P<0.001; Figure 6B). Notably, AK2,
ALDH3BI1, EIF4EBPI, IDH1, PGM?2, and TP53 exhibited
significantly higher expression in the T'G than in the NG
(P<0.05, P<0.001; Figure 6B), whereas CD200 and PRKCZ
displayed significantly lower expression in the TG (P<0.001;
Figure 6B). Furthermore, glioma samples from the TCGA-
GBMLGG dataset and CGD were classified into the HRG
and LRG, depending on the median expression value of
the LASSO RS of PRMGs. The analysis further revealed
significant variations in nine PRMGs expression levels
between the HRG and LRG in both datasets (P<0.001;
Figure 6C,6D). Specifically, AK2, ALDH3B1, EIF4EBPI,
GPI, IDHI1, PGM2, and TPS53 exhibited significantly higher
expression levels in the HRG than in the LRG for both
datasets (P<0.001; Figure 6C,6D). Conversely, the expression
levels of CD200 and PRKCZ were significantly lower in the
HRG than in the LRG in both datasets (P<0.001; Figure
6C,6D).

The prognostic accuracy of the nine genes was assessed
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using the pROC package in R. The ROC curve results
revealed that eight of these PRMGs exhibited high
prognostic accuracy (AUC >0.9) in distinguishing between
TG and NG within the TCGA-GBMLGG dataset,
including EIF4EBPI, TPs3, IDHI, PRKCZ, CD200, GPI,
PGM2, and AK2 (Figure 6E-6G). However, ALDH3BI
demonstrated a marginally lower accuracy (0.7< AUC <0.9;
Figure 6E-6G). In addition, the analysis revealed that two
PRMGs, PGM?2 and AK2, exhibited superior accuracy
(AUC >0.9) in distinguishing between the HRG and LRG
of glioma samples within the TCGA-GBMLGG dataset
(Figure 6H-67). Conversely, six PRMGs (EIF4EBPI1, TP53,
IDH1, PRKCZ, GPI, and ALDH3BI) demonstrated slightly
lower accuracy (0.7< AUC <0.9; Figure 6H-6%), while CD200
displayed poor accuracy (0.5< AUC <0.7; Figure 6H-67) in
discriminating between HRG and LRG in the TCGA-
GBMLGG dataset.

Immune infiltration analysis in the HRG and LRG

Immune infiltration was compared between the HRG and
LRG using the expression matrix of glioma samples from
the TCGA-GBMLGG dataset. The ssGSEA was applied
to determine the infiltrations of 28 immune cells in both
groups. Initially, immune cells were screened based on a
significance threshold of P<0.05, using comparison analysis,
which revealed disparities in the levels of immune cell
infiltration between the two groups. The group comparison
plot (Figure 7A4) indicated that 27 immune cells exhibited
significant disparities (P<0.05, P<0.001), the only exception
being monocytes. The infiltration abundances of all other
cell types were significantly higher in the HRG than in the
LRG. These cell types included activated cells, such as B,
CD4 T, CD8 T, dendritic, and CD56bright dendritic cells;
CD56dim natural killer, central memory CD4 T, central
memory CD8 T cells, effector memory CD4 T cells,
effector memory CD8 T cells, gamma delta T, immature
B cells, immature dendritic cells, macrophages, mast cells,
myeloid-derived suppressor cells (MDSCs), memory B,
and natural killer cells. Subsequently, correlation analysis
of the infiltration abundance of 27 immune cells in the
immune infiltration assessment between the HRG and
LRG was visually represented using a correlation heat map
(Figure 7B,7C). These findings revealed a predominantly
positive correlation between immune cells in the HRG and
the LRG. Additionally, the connection between PRMGs
and the amount of immune cell infiltration is illustrated
by a correlation dot plot (Figure 7D, 7E). Correlation plot
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analysis further showed that within the glioma samples
of the TCGA-GBMLGG dataset, ALDH3BI and AK2
positively correlated with the majority of immune cells
in both the HRG and LRG (r>0). Conversely, CD200
negatively correlated (r<0) with most immune cells in both
the HRG and LRG.

Discussion

Gliomas are the most prevalent primary brain tumours.
"This malignancy is associated with a high mortality rate and
unfavourable prognosis, particularly in cases of malignant
glioblastoma, where the OS period is only 15 months (22).
Research has indicated that the prognosis of gliomas is
intricately linked to alterations in gene expression within
tumour cells (24). However, no standardised risk-prediction
model has yet been established based on IR&RKMEMRDEGs
for gliomas. Therefore, in the present study, we performed
a bioinformatics analysis of the GEO and TCGA databases
to identify 11 genes that displayed dysregulated expression
in gliomas, and were associated with the immune response
and mitochondrial energy metabolism. These genes
included EIF4EBP1, TP53, IDHI, PRKCZ, CD200, GPI,
PGM2, PKLR, AK2, ATP4A, and ALDH3BI. The TCGA-
GBMLGG dataset and CGD had significantly greater AK2,
ALDH3BI, EIF4EBPI, IDHI, PGM2, and TP53 expression
levels in the T'G than in the NG (P<0.01, P<0.001), whereas
the TG showed a significant hindrance in CD200 and
PRKCZ expression levels compared with the NG (P<0.001).
In the TCGA-GBMLGG dataset, TG showed a significant
reduction in GPI expression compared to NG. Nevertheless,
no significant variation in GPI expression was observed
between the T'G and NG in the CGD.

UCR, LASSO regression, and forest plot analyses
identified EIF4EBP1, TP53, IDHI, PRKCZ, CD200, GPI,
PGM2, AK2, and ALDH3BI as independent prognostic
factors for glioma. A predictive model for glioma prognosis
was constructed based on these factors. The samples
were subsequently stratified into HRG and LRG using
LASSO RS, while the expression differences of the nine
genes in these groups were calculated and visualized. The
results revealed a statistically significant elevation in the
expression levels of AK2, ALDH3B1, EIF4EBPI1, GPI,
IDHI, PGM?2, and TP53 in the HRG compared to those in
the LRG (P<0.001), indicating that the expression of these
seven genes was negatively linked to patient prognosis.
Conversely, HRG significantly mitigated CD200 and
PRKCZ expression levels as opposed to LRG in both
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Figure 7 The results of immune infiltration analysis using the ssGSEA algorithm in various risk groups. (A) The abundance of immune cells
in the HRG and LRG of glioma samples from the TCGA-GBMLGG dataset, with statistical significance levels of P<0.05 and P<0.001.
*P<0.05, **P<0.001, ns represents no statistical significance. (B,C) The results of the correlation analysis of immune cell infiltration
abundance in the LRG (B) and HRG (C) of glioma samples in the TCGA-GBMLGG dataset. (D,E) Correlation diagram between immune
cell infiltration and PRMGs in the LRG (D) and HRG (E) of glioma samples from the TCGA-GBMLGG dataset. Red represents a
direct correlation, while blue represents an inverse correlation. The color intensity is directly proportional to the connection size. MDSC,
myeloid-derived suppressor cell; ssGSEA, single-sample gene set enrichment analysis; HRG, high-risk group; LRG, low-risk group; TCGA,
The Cancer Genome Atlas; GBMLGG, lower-grade glioma and glioblastoma multiforme; PRMGs, prognostic risk model genes.

© AME Publishing Company. Transl Cancer Res 2025;14(1):240-253 | https://dx.doi.org/10.21037/tcr-24-1035



252

datasets (P<0.05). These findings demonstrate a favourable
correlation between CD200 and PRKCZ expression levels
and patient prognosis.

Moreover, the predictive efficacy of models based on
IR and MEMRDEG for prognostic outcomes in glioma
patients was validated by KM and ROC curve analyses
utilising clinical data sourced from TCGA and UCSC Xena
databases. These findings suggest that our PRM utilising
nine genes (EIF4EBPI1, TP53, IDHI1, PRKCZ, CD200, GP]I,
PGM?2, ALDH3BI, and AK2) demonstrated high accuracy
in predicting the prognosis of patients with glioma (AUC
>0.7). Further investigation of these genes revealed that
EIP4EBPI, TPS3, IDHI, PRKCZ, GPL, PGM2, ALDH3BI,
and AK?2 displayed superior predictive accuracy (AUC
>0.7) in distinguishing between HRG and LRG of glioma
samples. Overall, EIF4EBPI1, TP53, IDHI, PRKCZ, GPI,
PGM2, ALDH3BI1, and AK2 were identified as independent
prognostic factors. PRMs based on these factors have
demonstrated superior accuracy in predicting prognosis in
the treatment of gliomas.

In addition to playing an essential role in facilitating
energy production, mitochondrial metabolism impacts
tumour immunotherapy by modulating immune cell
functions within the tumour microenvironment. Prior
research has shown that the efficacy of immunotherapy
depends on adequate immune cell infiltration of the tumor
microenvironment (25). This study further explored the
correlation between nine distinct prognostic factors and
immune cell infiltration in groups with high and low
expression levels, with the aim of identifying potential
targets for immunotherapy and prognostic markers. The
results indicated that IDHI expression negatively correlated
with the number of immune cells infiltrating the LRG,
but a positive correlation was observed in the HRG (r>0).
These results further indicate that IDHI expression levels
may have a distinct influence on the tumour immune
microenvironment.

Conclusions

In conclusion, the results of the present study confirmed
the significant predictive value of IDHI in assessing the
prognosis of glioma, demonstrating high accuracy as an
independent prognostic factor in distinguishing between
TG and NG (AUC =0.987) and displaying moderate
accuracy in distinguishing between HRG and LRG within
the TG (AUC =0.798). Furthermore, our results highlight
the involvement of IDHI in modulating the abundance of
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immune-infiltrating cells in the immune microenvironment.
Ultimately, IDH]I plays a dual role in the prognostic
prediction of gliomas and influences immunotherapy for
glioma treatment.
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