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Abstract

Background and purpose: T-cell immunoglobulin and mucin-domain containing protein-3 (TIM-3)/
galectin-9 (Gal-9)/ autocrine loop in myeloid leukemia stem cells provokes inflammation through the NF-«kB
signaling pathway, which is influential in the expression of inflammatory factors. Interleukinlf (IL-1B) is a
vital inflammatory cytokine that plays an important role in the proliferation and therapy resistance of acute
myeloid leukemia (AML) cells. This study aimed to assess the effect of Gal-9 on IL-1f in the human leukemic
U937 cell line.

Experimental approach: The U937 cells were cultured in different concentrations of Gal-9. Cell counting
kit-8 was used to assess the effect of Gal-9 on human leukemic U937 cell proliferation. Also, its impact on the
expression of TIM-3, Gal-9, IL-1f, IL-15R, IL-1pRAP, and NLRP3 genes and IL-1p protein was studied by
RT-PCR and ELISA, respectively. Moreover, the effect of Gal-9 on the NF-kB signaling pathway was
evaluated by western blotting.

Findings/Results: U937 cells were expanded in the presence of Gal-9 in a concentration-dependent manner.
Following treatment of U937 cells with Gal-9, the gene expression of Gal-9, IL-1B, IL-1BR, and IL-1BRAP
were significantly upregulated compared to the control group. The IL-1p concentration increased following
Gal-9 treatment in a concentration-dependent manner, while following time its level significantly decreased.
Furthermore, Gal-9 slightly increased NF-kB phosphorylation.

Conclusion and implications: Gal-9 increased IL-1PB level as a critical inflammatory cytokine in the
proliferation and resistance of AML cells to therapy. According to this finding, targeting and blocking the
TIM-3/Gal-9 autocrine loop can suppress IL-1f production and facilitate AML treatment.

Keywords: AML; GAL-9; Inflammation; IL-1pB, NF-xB.

INTRODUCTION the most common and aggressive forms of brain
tumors in adults. Despite the advances achieved
According to the classifications of the World in treatment approaches of GBM in recent
Health Organization (WHO), glioblastoma decades, the prognosis for patients with GBM
multiforme (GBM) is a malignant form of brain is still very poor, with an overall survival of less
tumor that is detected in the central nervous than 12 months (1,3).
system and includes astrocytomas,

oligodendrogliomas, and ependymomas (1).
Most GBM cases are primary gliomas,
originating from normal glial cells through a
series of oncogenic events (2). GBM is one of
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Treatment typically involves surgical resection
of the tumor, radiotherapy, and chemotherapy (4).
Lately, there has been a notable effort to gain a
deeper understanding of the early molecular
changes and altered biological pathways of these
tumors to develop more precise and effective
targeted therapeutic strategies and improve the
sensitivity of tumor cells to chemotherapy and
radiotherapy trials, such as investigating the
changes in the cellular signal transduction
pathways, cell cycle regulation, and metabolic
adaptations (5,0).

Fatty acids (FAs) constitute about 50% to 60%
of the total brain’s dry mass and are important for
the generation of the myelin sheath, providing the
components of the lipid bilayer, and the cellular
metabolism (7). While glucose is the primary
substrate for the production of ATP molecules, the
catabolism of FAs is also important for the
generation of ATP molecules in the brain (8). High-
fat diets have also been shown to elevate the number
of glioma stem cells and promote the growth and
self-renewal potentials of the tumor cells in vivo (9).
While previous studies believed that GBM is
dependent on aerobic glycolysis for energy
maintenance, the new studies have suggested that
when glucose levels are limited, GBM cells can
alter their metabolism to enhance FA oxidation and
adapt themselves to use FAs for their survival and
energy demands (10).

FAs are categorized into small-chain FAs
(SCFAs), medium-chain FAs (MCFAs), and long-
chain FAs (LCFAs), concerning the length of the
carbon chain in their structures (11). Researchers
have shown that the levels of SCFAs decrease
following glioma growth, such as propionate,
butyrate, and acetate (12). MCFAs such as caprylic
acid are utilized for energy production through -
oxidation pathways and are oxidized by medium-
chain acyl-CoA dehydrogenase enzyme, whose
expression was shown to be higher in GBM
compared to normal brain samples (13,14).

Another study examining the expression of
enzymes responsible for the synthesis and
elongation of FAs in 28 GBM patient samples
found that the synthesis of saturated FAs (SFAs)
and polyunsaturated FAs (PUFAs) had different
expression levels. Also, high expression of enzymes
responsible for SFA synthesis in GBM tumors is
associated with a lower survival rate, indicating the
importance of this pathway in GBM (15). Despite
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various investigations into the importance of the
metabolism of SCFAs and MCFAs in GBM cancer,
the expression profiles of the genes involved in the
metabolism of LCFAs in patients with GBM are
poorly investigated.

Therefore, in this study, we used an integrative
bioinformatic approach to analyze the expression
patterns of genes involved in the metabolism of
LCFAs using the RNAseq data of GBM cancer and
normal brain tissue samples, and identify the best
markers with the highest diagnostic and prognostic
biomarker potential in patients with GBM cancer.

MATERIALS AND METHODS

Data collection and differential gene expression
analysis

The RNA-seq count information of 169 cancer
tissue samples from individuals diagnosed with
GBM and 5 normal brain tissue samples from
healthy individuals were obtained from the Cancer
Genome Atlas Program (TCGA) and were
analyzed, adhering to the criteria set in the
Declaration of Helsinki for TCGA data access and
usage guidelines (16). The RNAseq count data of
the tissue samples underwent preprocessing and
normalization and were transformed into
logarithmic form (Log2 ratio) before identifying
differentially expressed genes (DEGs) using the
Limma, Voom, TCGAbiolinks, and edgeR
packages in the R programming software (17-19).
The DEGs with adjusted P-value smaller than 0.05
were considered statistically significant.

Gene set enrichment analysis

Gene set enrichment analysis (GSEA) is a
powerful analytical technique commonly employed
in bioinformatics to analyze and better interpret
gene expression data. The GSEA technique
operates by first ranking genes based on their
differential expression between different groups of
samples and evaluating enrichment to ascertain if a
gene set or pathway is significantly associated with
the phenotypic difference. Two gene sets associated
with the metabolism of LCFAs were selected from
the MSigDB database  (https:/www.gsea-
msigdb.org/), and the normalized expression data of
GBM samples were used as the expression matrix.
According to the clinical data of the TCGA GBM
patients, “cancer" and "normal" phenotypes were
defined for the samples.
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For this analysis, the GSEA software (version
4.0.3 ) by the BOARD Institute was used (20,21).
The t-test method was sclected as the ranking
approach for the gene list while keeping the other
parameters at the software's default settings. GSEA
analysis calculates the ranking metric score,
enrichment score, and false discovery rate (FDR) by
assessing the correlation of each gene's expression
level within the gene set across all samples. These
scores indicate the enrichment level of individual
genes within the specified gene set.

Gene ontology and protein-protein interaction
analyses

Gene ontology (GO) analysis helps with
understanding the biological functions, cellular
components, and molecular processes of interest
collection of genes. Functional enrichment or GO
analysis was performed using the DAVID database
(version 6.8, https://david-d.ncifcrf.gov/), an online
platform that provides free access to tools for
identifying enriched biological pathways and
predicting gene function and localization. To better
visualize the protein-protein interactions (PPI)
between these gene sets and the DEGs in GBM
cancer, the STRING database was utilized to calculate
interaction scores and build a PPI network with a
confidence score of 0.7. The STRING database is a
comprehensive database of known and predicted
PPIs. It includes interactions from a variety of sources,
including  experimental data, computational
predictions, and text mining. The Cytoscape software
(version 3.2.0) was used for better visualization of the
PPI network, and the CytoNCA tool (version 2.1.6)
was used for calculating the topological parameters of
the network and identification of highly interacting
protein nodes in the network (22-24).

Receiver operating characteristic test

The receiver operating characteristic (ROC) test
is a graphical representation and one of the common
methods for assessing the diagnostic potential of
genes based on their expression levels in cancer and
normal tissue samples. ROC analysis is employed to
measure the ability of a biomarker to discriminate
between two groups, such as healthy individuals and
those with a disease. It quantifies the biomarker's
ability to correctly identify positive cases (sensitivity)
while avoiding misclassification of negative cases
(specificity). For this test, the normalized expression
data of GBM and normal brain tissue samples were
used to perform the ROC test using GraphPad Prism
software (version 10). The ROC test was performed
for genes from the selected gene sets, and their
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expression levels were highly different between
cancer and normal samples with adjusted P-values
smaller than 0.01.

Survival analysis

The Kaplan-Meier method is a widely used non-
parametric  technique for survival analysis,
particularly when working with time-to-event data.
The survival analysis was done using the "survival"
package in R programming software to assess the
prognostic potential of differentially expressed genes
from gene sets that presented an adjusted P-value
smaller than 0.001. The samples were categorized
into "high" and "low" groups using a threshold value
determined by the median gene expression level
among the samples. Genes with a two-sided P-value
less than 0.01 were deemed statistically significant.

RESULTS

GSEA analysis results

The GSEA technique measures the degree of
correlation between the expression level of gene sets and
their enrichment in samples with cancer and normal
phenotypes. The result of this analysis is reported by the
normalized  enrichment score (NES), which
demonstrates the correlation between the phenotypes
and gene sets' expression levels and ranks the best
correlating genes based on a ranking metric known as the
“Rank Metric Score”. As shown in the Fig. 1A-C, The
GSEA analysis results demonstrated that the LCFA
biosynthetic gene set with 26 members is upregulated in
normal phenotype with NES value of -1.08 and FDR ¢-
value of 0.23 and 8 genes out of 26 genes were highly
enriched, including proteolipid protein 1, acyl-CoA
synthetase bubblegum family member 1 (ACSBG1),
cytochrome P450 family 2 subfamily C member 8
(CYP2CB), acyl-CoA thioesterase 7 (ACOT7),
arachidonate lipoxygenase 3 (ALOXE3), arachidonate
12-lipoxygenase (ALOX12B), cytochrome P450
family 2 subfamily E member 1 (CYP2EI), and
cytochrome P450 family 1 subfamily A member 1
(CYP1ALl) genes. The LCFA metabolic process gene
set with 98 members was also predicted by GSEA
analysis to be upregulated in the normal phenotype with
an NES value of -1.33 and an FDR g-value of 0.08. Also,
31 genes out of 98 were classified as highly enriched,
with the highest enrichment scores belonging to fatty
acid amide hydrolase (FAAH), ALOX12B, CYP2EI,
solute carrier family 27-member 2 (SLC27A2),
cytochrome P450 family 2 subfamily A member 6
(CYP2A6), androgen-dependent TFPI regulating
protein (ADTRP), and CYP1A1 genes. The rest of the
enriched genes are shown in Fig. 1B and C.
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Fig. 1. Gene set enrichment analysis of LCFA metabolic and biosynthetic pathways in GBM. (A) enrichment plot
depicting the enrichment score for the LCFA biosynthetic gene set in GBM tumor samples compared to normal brain
tissue; (B) heatmap illustrating the expression levels of genes within the LCFA metabolic gene set in GBM and normal
brain samples. (C) metric ranking scores for genes within the LCFA metabolic and biosynthetic gene sets, highlighting
the relative contribution of individual genes to the overall enrichment scores. LCFA, Long-chain fatty acid; GBM,
glioblastoma multiforme.
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Fig 2. Differential gene expression analysis of the LCFAs biosynthetic pathway. The Log2 expression levels of genes belonging
to the LCFAs biosynthetic process gene sets are compared between glioblastoma multiforme cancer and normal brain tissue
expression data. *P < 0.05, ¥**P < 0.01, ***P < (0.001, ****P < 0.0001 indicate significant differences between the designated

groups. LCFA, Long-chain fatty acid.

Differential expression analysis

In GSEA analysis, the top enriched genes
with the best metric ranking scores from the
LCFA biosynthetic and metabolic process gene
sets were selected, and their expression levels
were analyzed and compared between the GBM
cancer tissues and normal brain tissue samples.
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As shown in the Figs. 2 and 3, the expression
levels of Acyl-CoA synthetase Bubblegum
family member 2 (ACSBG2; Log2FC = 1.03,
adjusted P-value 0.011), arachidonate
15-lipoxygenase type B (ALOX15B; Log2FC =
3.08, adjusted P-value = 0.0004), arachidonate
S-lipoxygenase (ALOXS; Log2FC 1.25,
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adjusted P-value = 0.011), ACSBG1 (Log2FC
-1.70, adjusted P-value = 0.004), CYP1A1
(Log2FC = -4.35, adjusted P-value = 8.66E-
11), cytochrome P450 family 4 subfamily F
member 11 (CYP4F11; Log2FC -1.30,
adjusted P-value = 0.019), ACOT7 (Log2FC =
-2.41, adjusted P-value 7.00E-12),

prostaglandin D2 synthase = (PTGDS;
Log2FC = -3.56, adjusted P-value = 1.43E-6),
CYP2A6 (Log2FC = -2.70, adjusted P-value =
6.56E), and ADTRP (LogFC = -3.35,
adjusted P-value 2.39E°) genes were
significantly different between GBM and
normal patients.
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*P < 0.05, ¥**P < 0.01, ***P < 0.001, ****P < 0.0001 indicate significant differences between the designated groups.

LCFA, Long-chain fatty acid.
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GO and PPI network analysis

GO and functional enrichment analysis are
useful methods for better understanding the
biological roles and molecular functions of
interest genes. As shown in Fig. 4A, the
biological pathways of the majority of the genes
from the selected gene sets for GSEA analysis
are predicted to be associated with cellular
process (GO: 0009987), single-organism
cellular process (GO: 0044763), and cellular
metabolic process (GO: 0008152), while the
molecular functions of most of these genes
were predicted with catalytic activity (GO:
0003824) and ion binding (GO: 0043167)
(Fig. 4B). The cellular components of most of
the genes were also predicted to be in the cell
part (GO: 0044464), intracellular part (GO:

0044424), and cytoplasm (GO: 0005737)
(Fig. 4C). The PPI analysis between the
genes involved in the metabolism of LCFAs
and top DEGs in GBM cancer patients was
performed to better understand the PPIs
between these genes (Fig. 4D). According to
the analysis of topological parameters of the
constructed PPI network (Table 1), CYP2EI1,
prostaglandin-endoperoxide synthase 2
(PTGS2), Acyl-CoA synthetase long-chain
family member 4 (ACSL4), CYP2CS,
cytochrome P450 family 3 subfamily A
member 4 (CYP3A4), and ACSL1 genes had
the highest interaction degree and betweenness
scores compared to other genes and are colored
in red in the PPI network indicating their high
interaction score.
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Fig. 4. GO and protein-protein interactions network analyses. (A-C) Demonstrating biological processes, molecular
functions, and cellular components predicted from GO analysis results of the genes from LCFAs biosynthetic and
metabolic pathways; (D) illustrates the protein-protein interaction results between the highly differentially expressed
genes in glioblastoma multiforme cancer and the genes from LCFAs metabolic and biosynthetic pathway, which their
color changes from blue to red according to their interaction degree scores calculated by CytoNCA application. GO, Gene

Ontology; LCFA, long-chain fatty acid.
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Table 1. Protein-protein interaction network analysis results obtained from by CytoNCA application in the
Cytoscape software.

Gene ID Degree Betweenness Closeness
CYP2EI 35 554 0.16
PTGS2 34 3831 0.17
ACSL4 33 1944 0.17
CYP2C8 32 398 0.17
CYP3A4 32 1159 0.17
ACSL1 30 857 0.16
PLA2G4A 28 1005 0.16
ACSL3 26 196 0.16
CYP4F2 25 95 0.16
PTGS1 24 331 0.16
CYPIAL1 24 532 0.16
ACSLS5 24 96 0.15
CYP4F3 23 69 0.16
ALOXS5 23 359 0.16
TOP2A 23 508 0.15
CYP2UI 22 141 0.16
ALOX15 22 239 0.16
TBXAS1 22 124 0.16
SCP2 22 278 0.15
CYP4F11 PTGDS CYP2A6 ADTRP
106, ; | 1080 1001 . . a > 100, &
~ 80 T % = 50 = 0
; 40 % | é 40 % 40
= ) £ ) .:
@ 20 AUC =085 a2 AUC = 0,99 @A 204 AUC = 0.85 @ 20 AUC =098
P value = 0.007 P value = 0.0002 P value = 0,007 P value = 0.0003
0 :Iu .:u r.ln xl-u |elun 0 .‘_Iu ;“ r-:- '\':> lllMI 0 :lu ;.. r.lu Kl(- !t‘n 0 2I‘I -:" 1’“'-‘ h'“ |'I"'
100 - Specificity (%) 100 - Specificity (%) 100 - Specificity (%) 100 - Specificity (%)
ACSBG2 ALOXI15B ALOXS5 ACSBGI
100 100, prea _I - 100, 100
:, s||4,—,_'_,_‘ :"C‘ su_I_r = “”4,—'_’_‘ o~ :\'n—_,_'—'_l
£ u 2 2 o E o
& » AUC =085 ; 20 AUC=0.88 b 0 AUC 5 ﬁ 20 AUC = 0.8
P value = 0.007 £ value =0.003 L ;i\:luuu.f;lluﬁ & .-‘\'l\.liluu[r.:]}[i”"
— T e e e e . : — T
0 20 40 o0 &0 100 0 20 40 [£1] 80 100 0 :I“ _‘I‘I “I" ;“ 'Illtl 0 ) ] 40 60 R0 100
100 - Specificity (%) 100 - Specificity (%) 100 - Specificity (%) 100 - Specificity (%)
CYPIAI
100=
= R0
£ w-
B 20 AUC = 1.00
P value = 0.0001
o T T T T 1
0 20 40 (1] 80 100

100 - Specificity (%)

Fig. 5. ROC test. The diagnostic potential of the highly differentially expressed genes from LCFAs’ metabolic and
biosynthetic pathways in glioblastoma multiforme cancer and normal brain samples was analyzed using their normalized
expression data, and AUC values were generated by taking an ROC test with GraphPad Prism software. The p-values
smaller than 0.01 were considered statistically significant. ROC, Receiver operating characteristic; LCFA, long-chain
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The CYP1Al gene as a potential diagnostic
biomarker for the detection of GBM cancer
In cancer detection, the ROC test can be
applied to assess the performance of specific
genes as potential diagnostic biomarkers. By
analyzing the area under the curve (AUC)
values in the ROC graph, the accuracy and
potential of a gene in distinguishing between
cancerous and non-cancerous samples can be
assessed. Genes with high AUC values close to
1 are considered good candidates to be
investigated as diagnostic biomarkers. This
information is crucial in identifying genes that
have high diagnostic efficacy and can
potentially be used for early cancer detection,
prognosis, or treatment response prediction. As
shown in Fig. 5, the results of the ROC test of
top-selected differentially expressed genes
from the metabolism of LCFAs pathways
revealed statistically significant diagnostic
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potential, but CYP1A1, PTGDS, and ADTRP
genes demonstrated significant diagnostic
potential and the highest AUC values compared
to the rest of the genes, and can be good
candidates for the diagnosis of GBM cancer.

The ALOX5 gene is a good prognostic
biomarker in GBM cancer

The Kaplan-Meier method is frequently
applied to analyze the relationship between
gene expression patterns and patient survival.
Patients can be divided into “high-expressing”
and “low-expressing” groups based on the
expression levels of specific genes or gene
signatures to estimate the probability of their
survival for each group over time. This method
is used to identify potential prognostic
biomarkers that may help with the estimation of
patients’ survival according to their gene
expression profile and better treatment
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decisions for the patients who are predicted to
be at higher risk. The prognostic potential of
notably differentially expressed genes from
pathways associated with the metabolism of
LCFAs was analyzed in GBM cancer patients.
As shown in Fig. 6, the expression level of the
ALOXS5 gene significantly correlated with
patients’ overall survival, and GBM patients
who presented higher levels of the ALOXS5S
gene survived less compared to patients who
had lower ALOXS5 expression levels. The rest
of the genes did not demonstrate a statistically
significant correlation between their expression
levels and the overall survival period in GBM
patients.

DISCUSSION

An aggressive form of brain cancer that is
known for poor prognosis and limited treatment
options is GBM cancer (3). Altered lipid
metabolism is one of the important hallmarks of
resistant tumors. GBM cells can adapt their
metabolic strategy to increase the oxidation of
fatty acids and utilize them for optimum
survival and energy requirements (10). In vivo
experiments on high-fat diets have also been
shown to promote the self-renewal and growth
potential of GBM stem cells (9). Studying how
fatty acids with varying carbon-chain lengths
are metabolized can provide valuable insights
into selecting more effective molecular targets
for targeted therapies, treatment approaches,
and dietary recommendations tailored to the
metabolic characteristics of tumor cells.

While previous research has explored the
role of SCFAs and MCFAs in GBM cancer,
there is still a notable gap in understanding the
influence and expression patterns of LCFAs
metabolism in GBM patients and their survival.
Therefore, in this study, we first analyzed the
enrichment patterns of genes involved in the
metabolism of LCFAs and compared their
expression levels in normalized expression data
of GBM cancer and normal brain samples.
GSEA analysis suggested that the majority of
the genes were downregulated in the cancer
phenotype. Differential expression analysis
demonstrated that ACSBG2, ALOXS, and
ALOXI15B genes were upregulated in GBM
samples, while ACSBG1, CYP1A1, CYP4F11,
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ACOT7, PTGDS, CYP2A6, and ADTRP genes
had significantly lower expression levels in the
GBM patients compared to healthy individuals.
Rui-han Pan also showed that the expression
levels of the ALOXS gene were higher in low-
grade glioma samples, and its expression level
can estimate the overall survival in GBM
patients (25). Our survival analysis also
confirmed the prognostic potential of the
ALOXS5 gene in GBM cancer patients
compared to the rest of the DEGs involved in
the metabolism of LCFAs, which demonstrated
weak prognostic capability compared to the
ALOXS5 gene. The ALOXS enzyme catalyzes
the conversion of arachidonic acid, a PUFA,
into  5-hydroperoxy eicosatetraenoic acid,
which is a key step in the production of
leukotrienes (26). One of the common
lipoxygenase enzymes in human macrophage
cells is ALOX15B enzyme, which has been
shown to have a synergistic impact in the
progression of lymphoma tumor cells (27,28),
but its expression level in GBM cancer was not
investigated previously, and our analysis
suggests an upregulated level of the ALOX15B
gene in GBM tissue samples.

ACSBGI and ACSBG2 are two important
enzymes that are responsible for the activation
of LCFAs by conjugation with an acyl-CoA
molecule, and without an activation step, FAs
cannot enter many catabolic and metabolic
reactions. In our analysis, the expression levels
of ACSBG1 and ACSBG2 were lower and
higher in GBM samples, respectively,
compared to normal brain samples (29), which
in a previous study we also saw a similar
expression pattern of these two genes in colon
adenocarcinoma patients as well (30). CYPs are
a family of enzymes that are involved in the
metabolism of a wide variety of endogenous
and exogenous compounds. Differential
expression analysis of LCFAs’ metabolic and
biosynthetic pathways demonstrated that three
isoforms of CYP genes were notably
downregulated in GBM samples, including
CYP1Al, CYP4F11, and CYP2A6. The
CYPIA1l gene also demonstrated great
diagnostic biomarker potential compared to the
rest of the genes. CYP enzymes can metabolize
varying exogenous compounds, and each
isoform acts specifically according to the
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chemical and structural properties of the
compound (31).

Despite multiple studies that have been
performed on the function or expression levels of
CYP enzymes in different cancers, their
differential expression pattern in GBM cancer
remains poorly understood. CYP1A1 is crucial for

detoxifying environmental carcinogens and
activating dietary compounds with cancer-
preventative properties, and polymorphisms

detected in this gene were associated with the risk
of lung cancer as well (32,33).

LCFAs can also regulate the expression and
activity of CYP1A1. CYP1Al is one of the most
well-studied CYPs, and its expression levels can
be altered in various cancer cells following
treatment with LCFAs. Higher expression level of
the CYP4F11 isoform was also found by other
studies to correlate with better survival in patients
with hepatocellular carcinoma (34). Its expression
level was also shown by Alnabulsi ef al. to notably
correlate with the survival of patients with
colorectal cancer (35). Various compounds that are
inhaled by tobacco smoke, such as nitrosamines,
are metabolized by the CYP2A6 gene. Multiple
studies have found different genetic variations in
the CYP2A6 gene that correlated with the risk of
lung cancer and esophageal cancer. CYP2A6 has
also been suggested to be important in the
progression of colorectal cancer as well (36,37).

ACOTY7 has an important role in the regulation
of the cell cycle by modulating p53/p21 signaling.
While its expression level in GBM is poorly
investigated, other studies have shown that its
expression level was associated with the
development and progression of breast cancer,
lung cancer, hepatocellular carcinoma, and gastric
cancer (38-40). The role of the PTGDS gene is
important in the synthesis pathway of
prostaglandin D2, and its expression level is
correlated with the migration of proliferation of
glioblastoma, the progression of cervical
squamous cell carcinoma, and poor survival in
patients with endometrial cancer (41-43). In this
study, the diagnostic potential of PTGDS and
ADTRP genes was high in the classification of
GBM samples. The ADTRP gene regulates
histone genes, apoptosis, and cell cycle
progression, and has been suggested as an
important gene in coronary artery disease (44).
However, the differential expression level of
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ACSL4 in cancers, including GBM, remains
poorly investigated and is still not fully
understood. LCFAs’ treatment of GBM cells can
affect their lipid metabolism. A study has also
noticed that treatment of GBM cells with LCFAs,
such as oleic acid, was able to induce proliferation,
affect lipid composition, and decrease the
expression of fatty acid synthetase enzyme, which
is involved in de novo lipogenesis (45). Notably,
treatment of HepG2 cells with oleic acid has been
shown to significantly alter CYP1A1 expression,
leading to changes in the regulation of lipid
peroxidation processes and potentially affecting
overall cellular oxidative balance and lipid
metabolism (46).

The majority of the genes in the selected gene
sets for GSEA analysis are associated with
biological pathways related to cellular processes
and cellular metabolic processes. Additionally,
most of these genes are predicted to have
molecular functions related to catalytic activity and
ion binding. Furthermore, the cellular components
of these genes are predicted to be in the cell part,
intracellular part, and cytoplasm. The PPI network
analysis also revealed that CYP2E1, CYP3A4,
CYP2C8, PTGS2, ACSL4, and ACSL1 genes had
the highest interaction degrees with top DEGs in
GBM cancer, and their interaction analysis can
help with a better understanding of their biological
functions. The genes CYP2E1, CYP3A4, and
CYP2C8 contribute to the metabolism of long-
chain fatty acids (LCFAs) and related lipids. For
example, CYP2E] is known to catalyze «- and (-
1)-hydroxylation of fatty acids, and CYP3A4 and
CYP2C8 have been implicated more broadly in
fatty acid/PUFA metabolism and oxylipin
formation. CYP2CS8 additionally metabolizes
endogenous substrates such as arachidonic acid to
epoxide derivatives (47,48). The PTGS2 gene
encodes an enzyme that converts arachidonic acid
to prostaglandin H2, a precursor to various
prostaglandins and thromboxanes. Research has
demonstrated that PTGS2 was capable of
facilitating the proliferation of glioma tumor cells
and improving their radio-tolerance (49).

ACSL1 and ACSL4 are involved in the
activation of LCFAs to acyl-CoA esters,
facilitating their uptake and metabolism. These
metabolic reactions are important for maintaining
cellular homeostasis and energy production in
GBM cancer cells. ACSL1 has been specifically
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associated with a shorter survival time in GBM
patients, and inhibitors targeting ACSL1 have
demonstrated the ability to reduce GBM tumor
growth in both in vivo and in vitro models (50).
Other studies have also reported that ACSL4
expression is downregulated in human glioma
tissues and cells. Interestingly, ACSL4 has been
found to protect glioma cells and exert anti-
proliferative effects by activating the ferroptosis
pathway (51).

In this study, we analyzed the enrichment and
differential expression patterns of genes associated
with the metabolism of LCFAs in GBM cancer
samples using bioinformatic tools (52), and the
genes with the best diagnostic or prognostic
potential were detected, which demand further
investigations to test these biomarker candidates in
further experimental and clinical trials on GBM
patients. These investigations are important to
understand the true clinical relevance and potential
of these biomarker candidates in the context of
GBM npatients, paving the way for the design of
more effective diagnostic, prognostic, and
therapeutic strategies in GBM cancer. Moving
forward, it is imperative to further validate these
potential ~ biomarkers  through  rigorous
experimental and clinical trials involving
individuals affected by GBM.

CONCLUSION

In our investigation, we uncovered a notable
upregulation of genes ACSBG2, ALOXS, and
ALOX15B in GBM samples, suggesting their
potential involvement in the disease process.
Conversely, ACSBG1, CYPIAl, CYP4Fl11,
ACOT7, PTGDS, CYP2A6, and ADTRP genes
exhibited lower expression levels in GBM patients
compared to their healthy counterparts. Notably,
the genes CYPIA1 and ALOXS emerged as
outstanding biomarker candidates with notable
potential for diagnosing and predicting the
prognosis of GBM. Our findings highlight the
significance of genes associated with LCFAs
metabolism, revealing distinct expression patterns
that may hold pivotal implications for the
diagnosis and prognosis of GBM.
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