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ARTICLE INFO ABSTRACT

Keywords: Objective: Gliomas are the most common intracranial tumors with the highest degree of malig-
Glioma ) nancy. Disturbed cholesterol metabolism is one of the key features of many malignant tumors,
Cholesterol metabolism including gliomas. This study aimed to investigate the significance of cholesterol metabolism-
Slgnaturc? - related genes in prognostic prediction and in guiding individualized treatment of patients with
Prognostic prediction .

I gliomas.

mmunoscape

Methods: Transcriptional data and clinicopathological data were obtained from The Cancer
Genome Atlas (TCGA) and Chinese Glioma Genome Atlas (CGGA) databases. Intraoperative gli-
oma samples retained in our unit and the corresponding clinicopathological information were
also collected with the patients’ knowledge. Firstly, cholesterol metabolism-related gene signa-
tures (CMRGS) were identified and constructed based on difference analysis, least absolute
shrinkage and selection operator (LASSO) regression analysis, and univariate/multivariate COX
analysis. Then, the role of CMRGS in predicting the prognosis of gliomas and distinguishing
immune landscapes was evaluated by using nomograms, survival analysis, enrichment analysis,
and immune-infiltration analysis. Finally, the drug sensitivity of gliomas in different risk groups
was evaluated using the oncoPredict algorithm, and potentially sensitive chemotherapeutic and
molecular-targeted drugs were identified.

Results: The prognostic CMRGS contained seven genes: APOE, SCD, CXCL16, FABP5, S100A11,
TNFRSF12A, and ELOVL2. Patients were divided into high- and low-risk groups based on the
median cholesterol metabolic index (CMI). There were significant differences in clinicopatho-
logical characteristics and overall survival between groups. COX analysis suggested that CMRGS
was an independent risk factor for glioma prognosis and had a better predictive performance than
several classical indicators. In addition, GSEA, immune infiltration analysis showed that CMRGS
could differentiate the immune landscapes of patients in groups. The reliability of CMRGS was
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validated in the CGGA cohort and our Gusu cohort. Finally, 14 drugs sensitive to high-risk pa-
tients and 16 drugs sensitive to low-risk patients were identified.

Conclusion: The CMRGS reliably predicts glioma prognosis in multiple cohorts and may be useful
in guiding individualized treatment.

1. Introduction

As the most common malignant tumor of the central nervous system (CNS), glioma is a global health threat with high morbidity and
mortality. Gliomas usually originate from glial cells or precursor cells and develop into astrocytomas, oligodendrogliomas, glioblas-
tomas (GBMs), etc. [1,2]. According to the fifth edition of the WHO Classification of Tumors of the Central Nervous System (WHO
CNS5), gliomas are classified into WHO Grade 1-4; the higher the grade, the worse the prognosis. Generally, WHO Grades 1-2 are
referred to as low-grade glioma (LGG), while WHO Grades 3-4 are termed high-grade glioma (HGG) [2]. Gliomas of WHO Grade 4 are
the most malignant, with a median survival of fewer than two years, of which GBM accounts for the majority [3]. Treatment options for
malignant tumors are usually one or a combination of surgical resection, radiotherapy, chemotherapy, immunotherapy and molec-
ularly targeted therapy [4]. Advances in the above therapies have extended survival in glioma patients, but this is still far from
satisfactory, especially for GBM patients [5,6]. There is an urgent need to identify new glioma markers to assess patients’ prognosis and
guide the direction of immunotherapy.

As an essential component of cell membranes and an important raw material for synthesizing steroid hormones, cholesterol is
indispensable in regulating eukaryotic life processes such as cell membrane fluidity, membrane transport, and signal transduction [7,
8]. The homeostatic balance of cholesterol in vivo is tightly regulated to maintain physiological functions [9]. Sources of cholesterol
include endogenous synthesis and exogenous uptake. The related genes are transcriptionally regulated by sterol regulatory
element-binding protein 2 (SREBP2), a transcription factor upregulating the expression of 3-hydroxy-3-methylglutaryl-coenzyme A
reductase (HMGCR), a rate-limiting enzyme for cholesterol synthesis, and low-density lipoprotein (LDL) receptors associated with
cholesterol uptake, thereby facilitating cholesterol biosynthesis and exogenous uptake [10-13]. The excretion of cholesterol includes
producing cholesterol esters by Acyl coenzyme A-cholesterol acyltransferase (ACAT1) to be stored in lipid droplets, generating
hydroxycholesterol by cholesterol hydroxylase, forming epoxycholesterol by cyclooxygenase [14,15]. In addition, cholesterol is
transported by ATP-binding cassette transporter A1 (ABCA1) to apolipoprotein A-I (ApoA-I) to generate mature high-density lipo-
protein (HDL), which is transported to the liver and converted to bile acids. In steroidogenic organs, cholesterol is taken as raw
material to produce steroid hormones [11,13].

Altered cholesterol metabolism is a hallmark of many malignancies, including gliomas [16]. Abnormal cholesterol metabolism in
tumor cells is mainly manifested by increased synthesis and uptake of cholesterol, and accumulation of large amounts of metabolites,
leading to proliferation, invasion, metastasis, and enhanced adaptation to the tumor microenvironment, which promotes tumori-
genesis and progression [17,18]. Series of evidence suggests that cholesterol metabolism is involved in maintaining the malignant
progression of gliomas. GBM cells rely on external cholesterol to survive and accumulate lipid droplets to meet their rapid growth
requirements [16]. HMGCR expression was upregulated in GBM cells, and LDL receptor expression was also higher than that of
adjacent brain tissue, indicating enhanced cholesterol synthesis and uptake [19,20]. Thus, increased cholesterol synthesis is thought to
promote glioblastoma growth [21,22]. Interestingly, macrophages are thought to be essential "cholesterol factories", providing
cholesterol to promote GBM growth and induce CD8™ T cell depletion [23]. In addition, modulation of cholesterol metabolism can
promote an enhanced immune phenotype by triggering immunogenic cell death (ICD) and increasing cytotoxic T lymphocyte (CTL)
infiltration in glioma [24]. In summary, targeting cholesterol metabolism may exert antitumor effects by inhibiting glioma cell growth
and enhancing immunity [4,16].

The development of metabolism-related biomarkers can help in assessing the diagnosis and prognosis of a wide range of diseases
[25]. Cholesterol metabolism-related biomarkers have been initially explored for clinical applications in a variety of tumors. The
expression of squalene monooxygenase (SQLE), one of the key enzymes for cholesterol biosynthesis, is highly correlated with lethal
prostate cancer, which has been validated in several cohorts [26]. Tang et al. showed that different cholesterol metabolism patterns
were demonstrated to serve as predictive of prognosis and response to immunotherapy for gastric cancer biomarkers [27]. In addition,
genetic signatures associated with dysregulation of cholesterol homeostasis have been suggested to be used as biomarkers for the
diagnosis of a variety of cancers, including bladder and breast cancers [28]. This study focused on cholesterol metabolism-related
genes through a series of bioinformatics approaches to explore their significance in predicting prognosis and guiding individualized
treatment in glioma patients.

2. Methods
2.1. Acquisition of transcriptomic data and glioma sample collection

The transcriptomic data of glioma samples and the corresponding clinicopathologic data were obtained from The Cancer Genome
Atlas (TCGA) (http://cancergenome.nih.gov/, used as the training set) and Chinese Glioma Genome Atlas (CGGA) database (http://

www.cgga.org.cn/, used as the validation set), while the transcriptomic data of the control group (normal people) were obtained from
Genotype-Tissue Expression Project (GTEx, https://www.gtexportal.org/home/index.html). Tissue specimens and clinicopathological
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data, including age, gender, WHO grade, IDH mutation status, and MGMT promoter methylation status, were collected from eight
glioma patients who underwent surgical treatment at the First Affiliated Hospital of Soochow University (hereinafter referred to as the
Gusu cohort) between September 2022 and November 2023 in this study. All patients were treated for the first time with surgery and
had not received any previous treatment. Each patient underwent complete microsurgical resection and was diagnosed with a glioma
through a combined analysis performed by two skilled pathologists. The enrolled glioma patients consisted of two WHO grade 2, one
WHO grade 3, and five GBM. In addition, 2 patients with traumatic brain injury provided normal brain tissue. All patients gave
informed consent and signed. The entire study process was approved by the First Affiliated Hospital of Soochow University Ethics
Committee on December 26, 2023 (Approval No. 524).

2.2. Identification of cholesterol metabolism-related genes

Cholesterol metabolism-related genes were obtained from the Molecular Signatures Database (https://www.gsea-msigdb.org/
gsea/msigdb/index.jsp). Differential analysis of standardized FPKM data was performed based on the R package “limma”. Then,
uni/multivariate COX regression analysis was performed by combining expression data and survival data using the R package “sur-
vival”. The machine learning algorithm least absolute shrinkage and selection operator (LASSO) regression was performed based on
the R package “glmnet” due to its excellent feature in selection ability, interpretability, resistance to overfitting, and high computa-
tional efficiency [29]. All heatmaps in this study were calculated by z-score and plotted based on the R package "ComplexHeatmap".
The forest plot is visualized using the R package "survminer".

2.3. Construction of risk model

The risk score here is referred to cholesterol metabolism index (CMI). The following formula was used to calculate the CMI for each
patient, as previously reported:
n
CMI = Z (iCoef*iExp)
i=1
Coef was calculated from the expression matrix and survival data by multivariate COX regression analysis, and Exp represents the
expression value of the corresponding modeling gene. Patients were divided into high- and low-risk groups by the median CMI. The
"survival" was used to plot the Kaplan-Meier (KM) curve to evaluate the survival difference between the two groups, and the "timeROC"
R package was used to plot the ROC curve to evaluate the predictive performance of the model.

2.4. Construction of prognostic nomogram

Risk groups were combined with a series of clinicopathological characteristics, such as gender, age, race, grade, IDH mutation,
MGMT promoter methylation status, etc., to construct a prognostic nomogram using the R package "rms", to predict the overall survival
rate of glioma patients.

2.5. Functional enrichment analysis

Gene Set Enrichment Analysis (GSEA) is used to determine whether predefined sets of genes, rather than individual genes, differ
significantly between two biological states. By revealing specific pathways associated with disease progression, for example, cell
proliferation, immune response, or metabolism-related pathways in glioma progression, GSEA can help researchers more fully un-
derstand the role of entire biological pathways. In this study, functional enrichment analysis was performed by GSEA and R software
using GO pathway analysis.
2.6. Characterization of immune landscape

Immune checkpoint expression, immune cell, and immune function scores were assessed between risk groups. In addition, ESTI-

MATEScore, ImmuneScore, and StromalScore were also compared between the two groups via the R package “estimate” to identify the
prediction of CMRGS in the tumor microenvironment.

2.7. CGGA validation of CMRGS

Data from the CGGA cohort was used as external validation. As previously described, patients were divided into two groups based
on median CMI, and further survival analysis and ROC analysis were performed based on the R package to assess the applicability of
the CMRGS.
2.8. Validation of the Gusu Cohort

Samples of gliomas undergoing surgical treatment in our hospital (September 2022-November 2023) were collected and sent for
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Bulk RNA sequence to calculate the CMI between different WHO grades based on the expression of CMRGs, to further assess the
applicability of CMRGS.

2.9. Immunohistochemical staining

Paraffin-embedded glioma tissue slices were dewaxed and dehydrated for antigen repair and blocking to prevent nonspecific
binding, as described previously [30]. This was followed by overnight incubation with diluted specific primary antibodies
(10237-1-AP). Then after incubation with an anti-biotin-biotin horseradish peroxidase complex, HRP activity was detected under a
light microscope with 3,3-diaminobenzidine solution.

2.10. Targeted drug screening and characterization
Drug identification and sensitivity analyses were performed based on the "pharmacoGx" package and the "OncoPredict" package as

described previously [31]. PharmacoDB 2.0 (https://pharmacodb.ca/) was used to visualize the IC50 of selected drug experiments
between different tissues [32].
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TCGA, the Cancer Genome Atlas; LASSO, least absolute shrinkage selection operator; CMRGs, cholesterol-
metabolism-related genes; CMRGS, cholesterol-metabolism-related genes signature; KM analysis: Kaplan-Meier
analysis; PCA, principal component analysis; tSNE, t-distributed Stochastic Neighbor Embedding; ROC, receiver
operating characteristic; DCA, decision curve analysis; GSEA, gene set enrichment analysis; ICso: half-maximal
inhibitory concentration.

Fig. 1. Flowchart of this study.
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2.11. Statistical analysis

RNA-seq transcriptome data were preprocessed using the Perl programming language (version 5.32.0). R software (version 4.2.1)
was used for all statistical analyses and graphical visualization. Student’s t-test, one-way ANOVA, and chi-square test were used to
compare differences between risk groups. Kaplan-Meier (K-M) survival analysis and log-rank test were used to describe the survival
distribution. p-value <0.05 was considered statistically significant.
3. Results
3.1. Identification of prognostic Cholesterol-Metabolism related differentially expressed genes in glioma

The flowchart of this study is shown in Fig. 1. Cholesterol metabolism-related genes (CMRGs) were obtained from the Molecular

Signatures Database (https://www.gsea-msigdb.org/gsea/msigdb/index.jsp) [33-35]. First, 46 differentially expressed genes (DEGs)
between the normal and glioma groups were identified by differential analysis (Fig. 2A). These DEGs were next characterized using
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gene ontology (GO) enrichment analysis and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analysis (Figs. S1A and B).
Most DEGs were found to be enriched in the pathways of cholesterol metabolism and homeostasis, steroid biosynthesis, fatty acid
synthesis, and lipoprotein particles. Twenty genes were then identified by univariate Cox regression analysis based on transcriptomic
data and clinical information from the TCGA database (Fig. 2B). Immediately following the incorporation of these genes in the LASSO
regression to further refine the variables, 14 genes were identified (Fig. 2C and D). Finally, we identified 7 genes using multivariate Cox
regression analysis: APOE, SCD, CXCL16, FABP5, S100A11, TNFRSF12A, and ELOVL2 (Fig. 2E). Thus, the identification of prognostic
CMRGs was completed. Among them, CXCL16, FABP5, SI00A11, TNFRSF12A, and ELOVL2 were prognostic risk factors for patients
with hazard ratios (HRs) > 1, whereas APOE and SCD were protective factors with HRs <1. In addition, we identified the correlations
among these CMRGs using Pearson correlation analysis. Fig. 2F shows the genes with correlation coefficients >0.2, with positive
correlations in red and negative correlations in blue.

3.2. Construction of prognostic Cholesterol-Metabolism-related gene signature

The risk score was termed the Cholesterol-Metabolism Index (CMI), which was calculated as follows:
CMI = (—0.0005 * APOE exp) + (—0.0071 * SCD exp) + (0.0268 * CXCL16 exp) + (0.0269 * FABP5 exp) + (0.0086 * S100A11 exp)
+ (0.0244 * TNFRSF12A exp) + (0.0283 * ELOVL2 exp).

3.3. Evaluation of CMI in TCGA

The samples in the TCGA dataset were categorized into high- and low-risk groups based on median CMI, and a series of tests were
performed to assess model performance. KM analysis showed that the survival probability was significantly higher in the low-risk
group than in the high-risk group (Fig. 3A). As shown in the heatmap (Fig. 3B), the seven identified DEGs were differentially
expressed in groups. ELOVL2, CXCL16, FABP5, S1I00A11, and TNFRSF12A were highly expressed in the high-risk group compared with
the low-risk group, while APOE and SCD were expressed at lower levels. The TCGA cohort was divided into two groups based on the
expression level of each modeled gene, and there was a significant difference in survival probability between these two groups (see
Fig. S2). Specifically, those with high expression of APOE or SCD have higher survival probabilities, while the opposite was true for the
other DEGs, which is consistent with the above findings. Besides, patients in the high-risk group had shorter survival times than those
in the low-risk group. Specifically, the median survival times of patients in the high- and low-risk groups in the TCGA cohort were
significantly different at 14.5 and 20.4 months, respectively. In addition, we performed principal component analysis (PCA) and t-
distributed stochastic neighbor embedding analysis (t-SNE) on the samples in the TCGA cohort. The results showed significant dif-
ferences in distribution between groups (Fig. 2C and S3A). Time-dependent receiver operating characteristic (ROC) curves were used
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to assess the effectiveness of CMI in predicting the prognosis of glioma patients. As shown in Fig. S3B, the AUCs for 1-, 3-, and 5-year
overall survival (OS) in the TCGA dataset were 0.891, 0.885, and 0.787, respectively. Together, these results suggest that CMI can
effectively predict the prognosis of glioma patients.

3.4. Independent prognostic value of CMRGS

A heatmap (Fig. 4A) containing CMRGS transcriptomic data and clinical features (MGMT promoter status, 1p19q co-deletion
status, IDH mutation status, WHO grade, histology, race, gender, and age) showed that the expression of ELOVL2, CXCL16, FABP5,
S100A11, and TNFRSF12A was positively correlated with CMI, while APOE and SCD negatively correlated. Patients in the high-risk
group tended to have higher age, more histologic types of glioblastoma, higher WHO grade, more wild-type IDH, more non-co-deletion
of 1p19q, and an unmethylated MGMT promoter. The differences of these clinical features in CMI are also shown in Supplementary
Figs. S4-S6. The distribution of intergroup differences in the above characteristics is consistent with our current understanding of
glioma. Multiple ROC analysis (Fig. 4B) showed that the predictive performance of CMI (AUC = 0.889) was superior to those of many
classical indicators, including histology (AUC = 0.695), WHO grade (AUC = 0.804), IDH mutation status (AUC = 0.861), 1p19q co-
deletion status (AUC = 0.639), and MGMT promoter status (AUC = 0.311). Univariate and multivariate Cox analysis of clinical and
pathologic characteristics of glioma patients showed that CMI itself was an independent risk factor for glioma prognosis (Fig. 4C and
D).

3.5. Establishment of a nomogram based on independent prognostic factors for OS and validation of its predictive accuracy

The excellent predictive performance of CMRGS makes us confident in expanding its clinical applicability. By incorporating risk
grouping, age, gender, race, WHO grade, IDH mutation status, MGMT promoter status, and 1p19q co-deletion status, we built a
comprehensive nomogram to predict 1-, 3-, and 5-year survival probabilities for glioma patients (Fig. 5A). The calibration curves
showed good concordance between the predicted OS and the actual OS at 1, 3, and 5 years, demonstrating the predictive accuracy of
the nomogram (Fig. 5B).
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3.6. Functional enrichment analysis

To explore the potential biological functions of CMRGS, we performed gene set enrichment analysis (GSEA) based on GO analysis.
The results showed that adaptive immune response, immune effector processes, regulation of lymphocyte activation, response to the
bacterium, and T-cell activation were significantly enriched in the high-risk group (Fig. 5C). Processes such as glutamatergic synapse,
interneuronal synapse, postsynaptic membrane, bilateral tonic-clonic seizure, and myoclonus were remarkably enriched in the low-
risk group (Fig. 5D). These biological differences suggested different immune activation processes between the high- and low-risk
groups, providing some clues for future in-depth studies targeting gliomas.

3.7. Correlation analysis between prognostic CMRGS and immune landscape of glioma

We first evaluated the potential correlation between CMRGS and immune checkpoints (IC) (Fig. 6A). The results showed that
almost all IC genes except CD200 were significantly upregulated in the high-risk group, implying a potential positive response to IC
inhibitor therapy. Next, the expression patterns of multiple immune cells were analyzed between risk groups (Fig. 6B). Among them,
aDCs, B cells, CD8" T cells, DCs, iDCs, macrophages, neutrophils, pDGs, T helper cells, Tfh, Th1 cells, Th2 cells, TIL, and Treg had
higher expression abundance in the high-risk group, whereas NK cells were more abundant in the low-risk group (Fig. 6B). Similarly,
the 13 immune processes included for assessment, including APC co-inhibition, APC co-stimulation, CCR, checkpoint, cytolytic ac-
tivity, HLA, inflammation-promoting, MHC class I, parainflammation, T-cell co-inhibition, T-cell co-stimulation, type I IFN response,
and type II IFN response, were more active in the high-risk group (Fig. 6C). The above evidence strongly suggested more intense anti-
tumor immune activation in the high-risk group. In addition, we further assessed the relationship between CMRGS and glioma immune
microenvironment (Fig. 6D). The ESTIMATE score, immune score, and stromal score were higher in the high-risk group than in the
low-risk group, further suggesting a more abundant immune cell infiltration and a stronger level of immune response in the high-risk
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group.

3.8. Validation of the prognostic model in External Cohorts

To confirm the universality of CMRGS in glioma patients, we performed an external validation based on the CGGA cohort. First, the
glioma patients enrolled in CGGA were categorized into high-risk and low-risk groups based on their median risk score (Fig. 7B). It was
found that the survival probability and survival time of the high-risk group were significantly lower than those of the low-risk group
(Fig. 7A and B). Next, we performed ROC curve analysis to further assess the accuracy of CMRGS in predicting the prognosis of glioma
patients in CGGA. the AUC at 1, 3, and 5 years were 0.772, 0.821, and 0.824, respectively (Fig. 7C). In addition, the expression patterns
of the modeled genes in the CGGA cohort were consistent with those of the TCGA cohort (Fig. 7B). To further clarify the potential
prognostic value of CMRGS in GBM, we utilized survival data from seven cohorts, including the Cancer Genome Atlas (TCGA, https://
portal.gdc.cancer.gov), the Chinese Glioma Genome Atlas (CGGA, http://www.cgga.org.cn/index.jsp, CGGA693 and CGGA325), the
Gene Expression Omnibus (GEO, https://www.ncbi.nlm.nih.gov/geo/, GSE121720 and GSE147352), the Glioma Longitudinal
Analysis Series (GLASS, http://www.synapse.org/glass), and the Clinical Proteomic Tumor Analysis Consortium (CPTAC, https://pdc.
cancer.gov/pdc/). We extracted survival data for IDH wild-type GBM patients and categorized them into high- and low-risk groups
based on corresponding median CML. Survival analyses showed that four of the seven cohorts were significantly different between the
two groups (Fig. S7). The above results indicated that the CMRGS constructed in this study could well predict the prognosis of glioma

patients.

In addition, we selected modeling genes S100A11 for experimental validation using samples from patients collected during
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surgeries (referred to as Gusu Cohort). The results of immunohistochemical staining showed that the expression of SI00A11 was higher
in glioma patients than in normal tissues, and the expression was higher in WHO grade 4 than in WHO grade 2/3 (Fig. 7D). In addition,
CMI calculated based on different WHO-grade tumor tissues also showed significant differences (Fig. 7E). Together, these data suggest
that CMRGS is universally applicable to the prognostic assessment of glioma patients.

3.9. Accurate selection of drugs across risk groups

To identify appropriate drugs for CMRGS-stratified patients, we utilized the oncoPredict algorithm to predict the sensitivity of
different drugs in glioma patients in the TCGA and CGGA cohorts. Thirty FDA-approved drugs were identified in the GDSC2 phar-
macogenomic dataset, which had different ICs in the high- and low-risk groups (Fig. 8A). A total of 16 drugs were sensitive in high-risk
patients and 14 drugs were sensitive in low-risk patients. Seven of the total eight chemotherapeutic agents were relatively sensitive to
high-risk patients, targeting primarily DNA replication (Cisplatin, Gemcitabine, Epirubicin, Topotecan, and Teniposide), mitosis
(Vinorelbine), and the cell cycle (Dactinomycin). Only cyclophosphamide was more sensitive in low-risk patients (targeting DNA
replication). Meanwhile, 9 out of 22 molecularly targeted drugs were relatively sensitive to high-risk patients, mainly targeting ERK
MAPK signaling (Trametinib, Dabrafenib, and Selumetinib), RTK signaling (Dasatinib and Crizotinib), and DNA replication (Irino-
tecan), genomic integrity (Talazoparib), PI3K/MTOR signaling (Rapamycin), and protein stability and degradation (Bortezomib). To
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Fig. 8. Identification of chemotherapeutic and molecularly targeted drugs based on CMRGS. (A) Predicted ICso of 30 FDA-approved drugs in GDSC2
in groups from TCGA and CGGA cohorts. The redder, the higher the gene expression; the bluer, the lower the gene expression. (B) Venn diagram for
various combinations of training and testing sets. (C) Correlation between predicted ICso of four drugs (Irinotecan, Topotecan, Crizotinib, and
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signature; FDA, Food and Drug Administration; ICsy: half-maximal inhibitory concentration; GDSC2: Drug Sensitivity in Cancer v2; TCGA, The
Cancer Genome Atlas; CGGA, Chinese Glioma Genome Atlas. ***p < 0.001, **p < 0.01, *p < 0.05.

further screen potential drugs, we performed the same analysis in the CCLE pharmacogenomic dataset as in the GDSC2 dataset
(Fig. 8B). Finally, Irinotecan and Topotecan (both topoisomerase inhibitors, drug target: TOP1 and TOP1MT, drug target pathway:
DNA replication), Crizotinib (an ALK tyrosine kinase receptor inhibitor, drug target: ALK and MET, drug target pathway: RTK
signaling) and Lapatinib (an EGFR inhibitor, drug target: EGFR and ERBB2, drug target pathway: RTK signaling) were identified in
both databases. In addition, we performed Spearman correlation analysis to clarify the potential association between the predicted ICsg
of the four screened drugs and the seven DEGs of CMRGS (Fig. 8C). The ICs of Crizotinib was positively correlated with the expression
of SCD and ELOVL2, the IC50 of Irinotecan and Topotecan was positively correlated with the expression of SCD, and the ICsy of
Lapatinib was positively correlated with the expression of CXCL16, FABP5, S100A11, and TNFRSF12A. In both the US National Cancer
Institute 60 anticancer drug screen (NCI-60) and Profiling Relative Inhibition Simultaneously in Mixtures (PRISM) datasets, these four
drugs had low ICsg in CNS/brain tissues, suggesting the possibility of future application in glioma (Figs. S8 and S9).

4. Discussion

Cholesterol is an essential component of biological membranes and serves as a precursor for the synthesis of steroid hormones [36].
In recent years, a growing body of research has revealed that solid tumors exhibit distinct characteristics in cholesterol metabolism
compared to normal tissue [37]. Glioblastoma is a highly aggressive tumor of the CNS that seriously affects the survival of patients
[38]. Several reviews have reported the characterization of cholesterol metabolism in gliomas and the potential promise of targeting
cholesterol synthesis and homeostasis, including cholesterol uptake and promotion of cholesterol efflux and disruption of cellular
cholesterol transport to inhibit tumor growth [15,16,39,40]. In normal brain tissue, astrocytes are responsible for synthesizing most of
the cholesterol required to maintain homeostasis in the brain [15]. However, glioblastoma cells primarily depend on exogenous
cholesterol uptake rather than de novo synthesis [16]. The tumor microenvironment, composed of tumor cells, immune cells,
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extracellular matrix, and various signaling molecules, plays a crucial role in glioblastoma biology [41]. Tumor-associated macro-
phages (TAMs) are instrumental in the glioblastoma microenvironment [42]. Fatty acids, Fatty acids, the binding partners of most
cholesterol, play a pivotal role in the polarization of TAMs, glioblastoma stem cell (GSC) self-renewal, and glioblastoma invasion [43,
44]. LDL typically enters the cell membrane through LDL receptors to maintain cholesterol metabolism equilibrium. These reports
collectively suggest a close association between cholesterol metabolism and glioblastoma [15]. Recent research indicates that solid
tumors, including glioblastoma, exhibit atypical cholesterol metabolism features, driving the interest in understanding how cholesterol
metabolism influences the tumor microenvironment (TME) and exploring potential therapeutic strategies related to cholesterol
metabolism. While some tumors have employed cholesterol metabolism-related genes as prognostic markers [27,28,45-47], there is
an ongoing quest to identify more precise biomarkers to aid in predicting the prognosis of cancer patients, especially those with
gliomas. Nevertheless, the application of these prognostic markers still faces certain limitations.

In this study, by combining difference-in-difference analysis, univariate/multivariate Cox regression, and LASSO regression
analysis, we successfully identified seven cholesterol metabolism-related genes (CMRGs) significantly associated with the prognosis of
patients with gliomas, which included CXCL16, FABP5, S100A11, TNFRSF12A, ELOVL2, APOE, and SCD. We further constructed a
cholesterol metabolism index (CMI) using these CMRGs. Patients in the training cohort were then divided into high- and low-risk
groups based on the median CMI. A series of assessments showed significant differences between groups in terms of survival anal-
ysis and immune infiltration analysis. ROC curves further indicated that CMI effectively predicted overall survival with a predictive
accuracy that exceeded, to some extent, accepted classical factors such as WHO grade, histological classification, IDH mutation status,
1p19q co-deletion status, and MGMT promoter methylation. To better understand the implications of these results, we evaluated the
correlation between CMRGs and glioma immune profiles. The results demonstrated notable distinctions in anti-tumor immune acti-
vation, ESTIMATE scores, immune scores, and stromal scores between high- and low-risk groups. In addition, data from the CGGA
cohort and our glioma cohort further highlight the strong prognostic prediction and immune pattern of CMRGs in gliomas.

These CMRGs have been reported to be present in a wide range of tumors and are differentially expressed in normal and corre-
sponding tumor tissues (Figs. S10 and S11). S100A11 is a protein-coding gene responsible for calcium ion binding and calcium-
dependent protein binding. Previous studies have found elevated expression of S100A11 and association with adverse prognosis in
various cancers such as intrahepatic cholangiocarcinoma [48,49], malignant pleural mesothelioma [50], cervical cancer [51,52], lung
adenocarcinoma [53,54], thyroid papillary carcinoma [55], colon cancer [56-58], pancreatic cancer [59,60], and ovarian cancer [61,
62]. Experimental evidence supports the role of S100A11 in promoting tumor cell growth, epithelial-mesenchymal transition (EMT),
migration, invasion, and glioblastoma stem cell (GSC) generation [49,52]. The work of Tu et al. showed that overexpression of
S100A11 promoted GBM cell growth, EMT, migration, invasion, and generation of GSCs, whereas its knockdown inhibited these
activities [63]. Work by Wang et al. suggests that interfering with the expression of S100A11 significantly inhibits glioma proliferation
in vitro and tumorigenicity in vivo [64]. Our data suggest that SI00A11 is highly expressed in gliomas and positively correlates with
pathological grading, which is consistent with previous studies.

ELOVL2 is involved in the elongation of fatty acids, biosynthesis of polyunsaturated fatty acids, and very-long-chain fatty acids in
various tissues, including the liver and brain [65], and has been reported to be involved in the development of a variety of cancers,
including breast cancer [66], liposarcoma [67], and glioblastoma [68]. Earlier studies have suggested that inhibiting ELOVL2 can slow
glioblastoma growth through the disruption of cell membrane phospholipids and inhibition of epidermal growth factor receptor
(EGFR) signaling [69]. FABP5 (Fatty Acid Binding Protein 5) encodes the epidermal-type fatty acid-binding protein [70]. FABPS5 is
highly expressed in glioma tissues and enhances the malignancy of gliomas by inducing IKKa transformation and activating the NF-xB
pathway [71,72]. CXCL16, or C-X-C Motif Chemokine Ligand 16, functions as an extracellular chemokine [73]. It has been shown that
CXCL16 release is involved in regulating the anti-inflammatory/pro-tumorigenic phenotype of glioma-associated micro-
glia/macrophages (GAMs). CXCL16/CXCR6 signaling acts directly on mouse glioma cells as well as primary human GBM cells to
promote tumor cell growth, migration, and invasion [74]. Recently, Chia et al. proposed the CXCL16-CXCR6 axis in glioblastoma
modulates T-cell activity in a spatiotemporal context [75].

TNFRSF12A, also known as FN14, positively regulates the extrinsic apoptosis signaling pathway and wound healing [76,77].
TNFRSF12A is typically expressed at low levels in normal, undamaged brain tissue but is significantly upregulated in solid tumors,
including glioblastoma [78]. This gene encodes the TNFSF12/TWEAK receptor, which, upon binding to its ligand, can activate
pathways such as NF-kB, potentially contributing to glioblastoma cell migration, invasion, and resistance to ex vivo chemotherapy
drugs [78,79]. Together with our findings, these findings highlight the strong association between high expression of these genes and
poor prognosis in glioma patients, reinforcing the prognostic potential of CMRGs.

The protein encoded by the APOE is involved in lipid transport via a receptor-dependent pathway [80,81]. In a study focused on
IDH-wildtype glioblastoma, IDH mutations induce upregulation of APOE, enhancing cholesterol efflux from glioblastoma cells, sub-
sequently inducing M1-polarized glioma-associated microglia/macrophages (GAMs), and inhibiting glioblastoma cell invasion [82].
Similar to APOE, overexpression of SCD leads to lipid redistribution within glioblastoma cell organelles. Experiments suggest that
silencing SCD restores organelle morphology in IDH1-mutant glioblastomas, potentially providing therapeutic benefits [83]. Together,
these findings suggest that APOE and SCD may antagonize the malignant biological behavior of glioblastoma by regulating lipid
distribution.

Moreover, we validated it using the CGGA cohort as well as our Gusu cohort. These results consistently demonstrate the robust and
reliable prognostic predictive ability of CMRGS for a wide range of glioma patients with diverse clinical characteristics.

Drug sensitivity prediction analysis is widely used to guide cancer chemotherapy or targeted therapy [84-87]. Finally, it was
evaluated whether CMRGS could help guide the selection of chemically and molecularly targeted drugs based on pharmacogenomic
datasets (GDSC2 and CCLE) and tumor datasets (TCGA and CGGA). The high- and low-risk groups corresponded to different drugs with
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lower IC50, respectively. Further correlations were found between the four FDA-approved drugs and the transcript levels of seven
CMRGs: Crizotinib’s IC50 positively correlates with the expression of SCD and ELOVL2, Irinotecan and Topotecan’s IC50 positively
correlates with SCD expression, and Lapatinib’s IC50 positively correlates with the expression of CXCL16, FABP5, S100A11, and
TNFRSF12A. These carefully selected drugs exhibited low IC50 values in the NCI-60 and PRISM datasets, highlighting their consid-
erable potential application in glioblastoma patients. A phase Ib clinical trial has shown that adding Crizotinib to standard radiation
and temozolomide treatment for newly diagnosed glioblastoma patients not only exhibited reliable safety but also yielded promising
therapeutic results [88]. Another phase II clinical trial found that Bevacizumab in combination with Irinotecan treatment reduced the
risk of disease progression in glioblastoma patients, although it did not significantly improve overall survival or patient’s quality of life
[89]. As for the role of Topotecan in glioblastoma treatment, clinical studies revealed better outcomes in terms of six-month pro-
gression-free survival and progression-free survival when compared to patients receiving radiation therapy alone [90]. In recurrent
central nervous system malignant tumors in children, Lapatinib demonstrated good tolerance, although further investigations are
required to determine the required drug concentration for intra-tumoral efficacy [91]. These evidences suggest that CMRGS-assisted
drug screening is expected to guide individualized treatment and deserves to be further investigated in depth.

Our work systematically explored the role of cholesterol metabolism-related genes in prognosis prediction and selection of
personalized treatment regimens for glioma patients. However, this study has certain limitations. Firstly, our current results primarily
stem from the TCGA and CGGA databases. TCGA mainly collects samples from European and American populations, while CGGA
focuses on Chinese patients. Such geographical and ethnic differences may lead to limited applicability of the data globally. In
addition, different sequencing platforms and experimental procedures may lead to systematic bias and affect the comparability of data.
Of particular importance, Bulk RNA-seq measures the average expression level of all cells in a sample and is unable to distinguish
between the specific expression of different cell types, which may result in the masking of critical biological information. Bulk RNA-seq
data similarly fail to provide information on the spatial distribution of cells in a tissue, limiting the understanding of the tumor
microenvironment. Given the critical role of cholesterol metabolism in the malignant phenotype of tumor cells, further studies should
explore its role at multiple levels: genomic, transcriptomic, proteomic, modifier, and metabolomic.
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