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Abstract

Background Glioma was the most common malignant tumor of the central nervous system in adults. Low-grade
gliomas (LGGs) have a potential of grade progression and histological transformation, and the relevant mechanisms of
this malignant evolution were still unclear.

Methods In this study, we used 61 primary-recurrent paired glioma samples from 28 patients for proteomics analysis
based upon DIA-NN approach.

Results Our results indicated that the Ras/p38-MAPK pathways were hub signaling pathways driving grade
progression and histological transformation in LGG. The activation of non-MGMT dependent unspecific DNA damage
repair system mediated by Replication Factor C (RFC) can be an important reason for the treatment resistance.
Moreover, metabolic reprogramming was widely involved in the regulation of LGG grade progression and histological
transformation. The enhanced synthesis of unsaturated fatty acids and the significantly activated peroxisomal fatty
acid beta-oxidation pathways were metabolic characteristics of LGG after histological transformation. Last, we
constructed a reliable LGG progression prediction model consisted of 2 proteins, which can be monitor biomarkers
for LGG progression, with potential clinical translation value.

Conclusions In summary, glioma grade progression and histological transformation were complex biological
processes, which involved the abnormal up-regulation of Ras/p38-MAPK signalings, enhanced non-MGMT dependent
unspecific DNA damage repair system regulated by RFC complex and metabolic reprogramming based on HK1-PFKP-
ENO2 mediated glycolysis and peroxisomal FA beta oxidation. This study filled the gap in relevant research on the
grade progression and histological transformation of LGG, providing novel and unique insights into the biological
mechanisms of glioma progression.
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Importance of the study
« As far as we know, this is the first study to uncover the potential biological mechanisms of glioma grade
progression and histological transformation at proteomics level through paired primary-recurrent glioma
samples. We revealed that glioma grade progression and histological transformation were complex biological
processes, involving abnormal up-regulation of MAPK cascade pathways, enhancing non-MGMT dependent
unspecific DNA damage repair system and metabolic reprogramming. Besides, PGM2L1 and ZNF24 were
identified as LGG progression biomarkers with high prediction efficacy.

Keywords Proteomics, LGG, Grade progression, Histological transformation, Metabolic reprogramming
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Introduction

Gliomas were the most common primary malignant
tumors of the central nervous system, with high mortality
and recurrence rates [1]. Among them, WHO grade II-
III gliomas were considered as LGG, mainly composed of
IDH mutant oligodendrogliomas and astrocytes. WHO
grade IV glioma was mainly composed of glioblastoma,
which was the most malignant glioma, with a median
survival time of only 14.9 months [2]. Currently, the pri-
mary treatment option for gliomas was surgery combined
with oral temozolomide (TMZ) and radiation therapy
[3]. The roles of TMZ and radiation therapy were non-
selective DNA damage, and under this treatment, almost
all patients will suffer from recurrence, with recurrent
tumors carrying significant alterations that may result in
drug resistance [4]. In addition, in clinical practice, it has
been found that many LGG patients suffered from WHO
grade progression and histological transformation dur-
ing recurrence, accelerating the progression of the dis-
ease [5]. Therefore, there was an urgent need to discover
and elucidate the biological mechanisms of LGG grade
progression and histological transformation to guide the
development of new treatment strategies.

At present, a limited number of articles have explored
the mechanisms of LGG to GBM progression, and found
the roles of PI3K/Akt/mTOR pathway, RB pathway [6, 7],
cell cycle regulation [8], DNA methylation reprogram-
ming [9], and MET-exon-14-skipping (METex14) [10]
in LGG progression. But these efforts mainly focused
on genomics, transcriptomics, and epigenetics. Mean-
while, most previous omics studies compared tumors
across WHO grades but rarely analyzed paired pri-
mary-recurrent gliomas. Lacking in-depth studies on
how LGG underwent grade progression and histologi-
cal transformation at the proteomics level using paired
primary-recurrent glioma samples. It was worth noticing
that many multi-omics studies have reported a low cor-
relation between mRNA and protein expressions, indi-
cating that inferring proteins expression solely based
on studying mRNA-sequencing was limited [11-13].
Proteomics provided another paradigm for studying the
hidden dimensions of cancer biology, which were largely
undiscovered.

Therefore, this study collected paired primary-recur-
rent samples of 28 glioma patients for proteomics analy-
sis, revealing the potential biological mechanisms of LGG
grade progression and histological transformation at the
protein level. This study provided a novel and unique
insight into the biological mechanisms of LGG grade
progression and histological transformation at the pro-
tein level, opening up new avenues for future research.
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Results

Research overview

Cohorts characteristics

In order to explore the potential biological mechanisms
of LGG grade progression and histological transforma-
tion, we retrieved the glioma patients in the Zhujiang
Hospital, and finally collected a total of 61 glioma sam-
ples to consist Zhujiang cohort. In the cohort, there were
17 paired primary-recurrent LGG samples with grade
progression and/or histological transformation at the
time of recurrence. Among these patients, 3 patients
had recurred twice with grade progression each time.
In addition, there were 8 patients who maintained their
original grade and histological types at the time of recur-
rence. Among them, 1 patient had recurred twice and
maintained the same grade and histological type as the
primary tumor. 3 paired primary-recurrent glioblastoma
samples were also collected for analysis (Supplemental
Table S1). It is worth noting that the primary histologi-
cal types of patients who experienced histological trans-
formation all contained oligodendrocyte components (6
cases of oligodendroglioma), and no cases of transforma-
tion from astrocytoma to oligodendroglioma have been
collected yet. We excluded astrocytoma to glioblastoma
progression from histological transformation, because
glioblastoma was generally believed to be astrocytic his-
tology [14]. All patients did not receive any treatment
before the first glioma resection surgery. All patients
received oral TMZ combined with radiation therapy after
surgery. Additionally, we collected clinical data from all
glioma patients in the TCGA database, CGGA mRNA-
seq_693 dataset, and CGGA mRNAseq_325 dataset for
survival analysis.

Proteomics-sequencing quality and research significance

We conducted qualitative and quantitative proteomics-
sequencing on all 61 glioma samples. The proteomics-
sequencing of all the samples were conducted in one
batch, so there was no significant batch effect. The length
distribution of the peptide segments identified by mass
spectrometry met the quality control requirements (Sup-
plemental Figure S1A-B). The protein abundance con-
verted by Log2 and standardized were highly comparable
among the 61 samples in the entire cohort (Supplemental
Figure S1C). A total of 8067 proteins were identified in at
least 75% of the samples for subsequent analysis.

Survival analysis of clinical data from all integrated
cohorts of glioma patients demonstrated significant dif-
ferent prognosis among oligodendroglioma, astrocytoma
and glioblastoma patients. The prognosis of oligoden-
droglioma patients was the best among the four histo-
logical types, the prognosis of mixed glioma patients was
between oligodendroglioma patients and astrocytes,
and glioblastoma patients had the worst prognosis. In
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addition to histological types, gliomas with different
WHO grades have varying impacts on prognosis, with
higher grades resulting in poorer outcomes (Supple-
mental Figure S1D-E). The integrated proteomics anal-
ysis of 61 samples reported significant differences in
protein expression pattern among oligodendroglioma
that underwent histological transformation (OT), oligo-
dendroglioma (O), astrocytoma (A) and glioblastoma (G)
(Supplemental Figure S1F). Therefore, exploring the bio-
logical mechanisms of glioma progression through pro-
teomics was a feasible strategy.

Potential mechanism of WHO grade progression of LGG
The up-regulation of key proteins in the MAPK cascade
signaling pathways drove LGG grade progression

In clinical practice, it is inevitable that some LGG
patients suffered from recurrence accompanied by grade
progression, which had a catastrophic impact on their
prognosis. Aiming to explore the potential mechanism
of LGG grade progression, we conducted GSEA analysis
and ssGSEA in the primary LGG, and consistently found
that the “MAPK pathway” was significantly enriched
in the grade progression group (|NES|>1, p<0.05,
FDR<0.25) (Supplemental Figure S2A, B). In view of the
multiple branch pathways in MAPK pathways, we exam-
ined the expression levels of key proteins and found that
the key proteins of 2 complete cascade signaling path-
ways were consistently over-expressed in grade progres-
sion group, which were Ras-BRAF-MEK1/2-ERK1/2
and ASK1-MEK4-JNK2/3, respectively (Fig. 1A). The
expression levels of these key proteins demonstrated sig-
nificantly strong positive correlations, revealing the close
interactions among them (Fig. 1B, C).

Further, we conducted differential expressed protein
(DEP) analysis on two primary glioma groups (grade
progression before: P-B; grade un-progression before:
UP-B). As a result, 1275 DEPs (16%) were identified
between the two groups, with 500 proteins significantly
over-expressed in the P-B group (Supplemental Table
S4). Functional enrichment analysis of the 500 proteins
revealed that these proteins were widely involved in vari-
ous phosphorylation processes, affecting cellular signal
transduction (Supplemental Table S5). More importantly,
these proteins were not only enriched in the MAPK path-
ways mentioned above, but also significantly enriched
in the downstream mTOR-HIFla-metabolic pathways
(Supplemental Figure S2C). Among these pathways,
we noticed that the proteins involved in HIF-1a and its
downstream pathways, such as carbon metabolism, gly-
colysis, and pyruvate metabolism, were significantly up-
regulated in the P-B group (Supplemental Table S6). To
further determine the up-regulation of the downstream
glycolysis pathway, we compared the key enzymes of
glycolysis between P-B and UP-B groups. The results
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demonstrated that the vast majority key enzymes of gly-
colysis were significantly up-regulated in the P-B group,
including ENO1, ENO2, HK1, LDHA, PFKP, PFKM,
PGAM1 and PKM, indicating that the enhanced glycoly-
sis process in P-B group (Fig. 1D). However, HK2, previ-
ously shown to up-regulated in various cancers [15, 16],
did not found significant expression difference between
the two groups in our analysis. The correlation analysis
between enzymes uncovered that the glycolysis process
driven by HK1-PFKP-ENO2 was significantly activated in
the P-B group (Fig. 1E). Based on this, we speculated that
the activation of MAPK and its downstream pathways
resulted in "sugar metabolism reprogramming” domi-
nated by enhanced glycolysis, which provided energy and
drove LGG grade progression.

In order to verify the up-regulation of the MAPK path-
ways in the primary LGG has potential driving effect
on grade progression, we divided P-B group into 2 sub-
groups: grade-by-grade progression group (Grade 2
to 3 / Grade 3 to 4) and cross grade progression group
(Grade 2 to 4), and then evaluated the expression levels
of proteins involved in the above pathways (Fig. 1F). The
results demonstrated that the above up-regulated path-
ways in P-B group were further up-regulated in cross
grade progression group (Fig. 1G). Moreover, HK1, PFKP
and ENO2 were further up-regulated, emphasizing that
these three glycolytic enzymes played important roles
in regulating the glycolysis process (Fig. 1H-I). Among
these three glycolytic enzymes, HK1, as the rate limiting
enzyme in the first step of glycolysis, was the key regu-
lator of the entire glycolysis metabolism process. Our
result found that HK1 participates in various glucose
metabolism related pathways involved in LGG grade pro-
gression (Supplemental Figure S2D), which indicated that
the abnormal expression of HK1 may be the core regula-
tory factor of "sugar metabolism reprogramming" in P-B
group, having potential targeted significance.

Enhanced Non-MGMT dependent unspecific DNA damage
repair contributed to therapy resistance and grade
progression

To investigate the differences between LGG before and
after grade progression (P-B vs. P-A), we conducted
DEP analysis and functional annotation. 946 DEPs (12%)
were identified between P-B and P-A group, and 571
DEGs were significantly up-regulated in the P-A group
(Supplemental Figure S3A) (Supplemental Table S4).
Functional analysis of these 571 up-regulated proteins
demonstrated that most of them were binding proteins
of chromatin, DNA, RNA and protein, participating in
chromatin remodeling, DNA replication, transcription,
and translation processes, which indicated more active
cell proliferation and division behaviors in P-A group
(Supplemental Table S5). Pathway enrichment analysis
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Grade Un-progression vs. Grade Progression
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Fig.1 Up-regulated MAPK pathways and glycolysis in P-B group. A Different expression levels of key protein kinases in MAPK pathways between P-B and
UP-B groups; B Correlations of over-expressed key protein kinases in MAPK pathways in P-B group; C Tow up-regulated MAPK cascade pathways in P-B
group; D Different expression levels of key enzymes in glycolysis between P-B and UP-B groups; E Correlations of key enzymes in glycolysis in P-B group;
F Heatmap revealing different expression levels of proteins involved in MAPK related pathways among grade un-progression group, grade-by-grade
progression group and cross grade progression group; G Different expression levels of over-expressed key protein kinases in MAPK pathways between
grade-by-grade progression group and cross grade progression group; H Heatmap revealing different expression levels of key enzymes in glycolysis
among grade un-progression group, grade-by-grade progression group and cross grade progression group; I Different expression levels of key enzymes
in glycolysis between grade-by-grade progression group and cross grade progression group

revealed that these up-regulated proteins were widely
involved in processes such as cell cycle, base excision
repair, mismatch repair and nucleotide excision repair,
suggesting the stronger therapy resistance characteris-
tic of P-A group (Supplemental Table S6). It was worth

noting that all of our patients received TMZ and radio-
therapy. TMZ, as an alkylating agent, has cytotoxicity
mainly towards DNA methylation, occurring at the N7
and O6 positions of guanine [17]. Base excision repair,
mismatch repair, and nucleotide excision repair can
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highly match and counteract the cytotoxic effects of
TMZ. In addition, base excision repair and nucleotide
excision repair also played key roles in repairing DNA
damage caused by radiotherapy.

To further examine that the enhanced DNA replication
and damage repair pathways were closely related to the
LGG grade progression, we divided all recurrent LGG
samples into two groups based on grade progression or
not (grade progression after: P-A; grade un-progression
after: UP-A). The results showed that there were 1146
(14%) DEPs between P-A and UP-A group, among which,
865 proteins were significantly over-expressed in the P-A
group (Supplemental Figure S3B)(Supplemental Table
S4). Functional enrichment analysis revealed that, consis-
tent with the above, most of the over-expressed proteins
in the P-A group were binding proteins of chromatin,
DNA, RNA and protein, participating in chromatin
remodeling, DNA replication, transcription, and trans-
lation processes. Pathway enrichment analysis further
demonstrated that the above-mentioned DNA replica-
tion and repair pathways were also significantly enriched
in the P-A group (Supplemental Figure S3C) (Supple-
mental Table S5-6). From these, we can basically specu-
late that the up-regulation of unspecific DNA damage
repair pathways contributed to the LGG grade progres-
sion by enhancing therapy resistance.

Due to the fact that all of our patients received TMZ
treatment and the cytotoxic effect of TMZ can be
reversed by MGMT [17, 18], we evaluated the MGMT
level among 4 groups: grade progression before and after,
grade un-progression before and after (P-B, P-A, UP-B,
UP-A) to investigate whether the enhanced therapy
resistance characteristic depends on MGMT expression.
Results reported no significant difference in the MGMT
expression level among 4 groups (Supplemental Figure
S3D-E). Therefore, the TMZ resistance mechanism in
the P-A group may not rely on MGMT, but more on self-
repair systems such as base excitation repair, mismatch
repair, and nucleotide excitation repair. They can not
only reverse the damage of TMZ, but also resist radia-
tion damage, which can explain why MGMT methylated
patients still suffered from recurrence after TMZ therapy
and recurrent gliomas were generally TMZ useless.

Nevertheless, by analyzing the DNA replication and
repair pathways, we found that RFC5, RFC3, RFC4,
PCNA, RFC2, and POLD2 were hub proteins, which
persistently over-expressed in P-A groups when com-
pared to either P-B group or UP-A group. Among them,
RFC5, RFC3, RFC4 and RFC2 were parts of RFC, and can
directly interacted with PCNA, regulating DNA replica-
tion and damage repair (Supplemental Figure S3F-K)
[19-24]. Therefore, this result suggested that RFC can be
the key regulator of DNA replication and damage repair
system in LGG grade progression.
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The relationship between glycolysis and non-MGMT
dependent unspecific DNA damage repair
Previous studies have shown a close relationship between
glycolysis and DNA damage repair, and the over-expres-
sion of various glycolytic enzymes can significantly
enhance DNA damage repair ability. However, in the
exploration of the relationship between glycolysis level
and DNA damage repair ability, we found two interest-
ing results. The first one was that in the comparison
between UP-A and UP-B groups, we observed that most
glycolytic enzymes were significantly over-expressed
in the UP-A group, including HK1, PFKP and ENO2,
except HK2 (Fig. 2A). However, surprisingly, in the com-
parison between P-A and P-B groups, most of the glyco-
lytic enzymes were down-regulated in P-A group, with
increase in HK2 and no significant change in LDHA
(Fig. 2B). Combining with the above analysis, this result
indicated the enhanced glycolysis in primary LGG could
promote grade progression during recurrent, but after
recurrent, complex metabolic reprogramming appeared.
The other interesting result was that when extended
our analysis into all the paired LGG samples, we found
that the stronger glycolysis process driven by HK1 the
primary samples had, the stronger the DNA damage
repair ability the recurrent samples had. Results demon-
strated that the expression level of the above hub DNA
damage repair proteins in recurrent group were signifi-
cantly negatively correlated with the expression of glyco-
lytic enzymes in recurrent group, including HK1, PFKP
and ENO2; while they were significantly positively cor-
related with the expression of glycolytic enzymes in pri-
mary group (Fig. 2C, D).

Potential biological mechanisms of oligodendroglioma
histological transformation

The up-regulated MAPK cascade pathways may drive
oligodendroglioma histological transformation

In our Zhujiang cohort, we found that a part of LGGs
suffered from histological transformation when they
recurred, and only occurred in oligodendroma or oli-
goastrocytoma. To investigate the potential biological
mechanisms of oligodendroglioma histological trans-
formation, we first divided all the primary oligodendro-
glioma (including oligoastrocytoma in all the subsequent
analysis) into two groups based on whether histologi-
cal transformation or not (transformation before: T-B;
un-transformation before: UT-B), and explored the dif-
ferences in proteomics between the two groups. DEP
analysis demonstrated that 2997 (37%) proteins exhib-
ited significant differential expression between the two
groups, with only about 784 proteins over-expressed in
T-B group (Supplemental Table S4). Functional enrich-
ment analysis reported that the 784 proteins over-
expressed in T-B group were mainly binding proteins
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Paired Primary vs. Recurrent (Grade Un-progression)
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of ATP, GTP, proteins and kinases, which were widely
involved in signal transduction processes (Supplemen-
tal Table S5). Interestingly, pathway enrichment analy-
sis demonstrated that these proteins were also widely
involved in the MAPK cascade pathways and its down-
stream mTOR-HIF-la-metabolic pathway (Supplemen-
tal Table S6). Then, we evaluated the expression level of
key proteins in these pathways and found that the key
proteins of 2 complete cascade signaling pathways were
consistently abnormal expressed in T-B group, which
were Ras-BRAF-MEK1/2-ERK1 and ASK1-MEKK4-
p38/JNK2/3 (Fig. 3A—C). However, although the over-
expressed proteins were significantly enriched in
metabolic pathways, they were not solely enriched in
the sugar metabolism pathway, which indicated more

A

Un-transformation
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complex and intense "metabolic reprogramming” con-
tributed to histological transformation (Fig. 3D).

Enhanced Non-MGMT dependent unspecific DNA damage
repair pathways contributed to oligodendroglioma
histological transformation

We conducted DEP analysis to discover the differences
between oligodendroglioma histological transforma-
tion before and after (transformation before: T-B; trans-
formation after: UT-A). The results demonstrated that
there were 2574 (32%) DEPs between the T-A and T-B
groups, among which 1950 proteins were significantly
over-expressed in the T-A group (Supplemental Fig. 4A)
(Supplemental Table S4). Functional analysis of these
1950 proteins demonstrated that the vast majority of
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them were binding proteins of chromatin, DNA, RNA
and protein, participating in chromatin remodeling,
DNA replication, transcription, and translation pro-
cesses (Supplemental Table S5). Pathway enrichment
analysis revealed that these over-expressed proteins
were enriched in ATP dependent chromatin remodeling,
nucleotide excision repair, base excision repair, mismatch
repair, DNA replication, as well as homologous and non-
homologous recombination repair pathways, suggesting
that strong therapy resistance characteristic of T-A group
(Supplemental Fig. 4B)(Supplemental Table S6).

Further, we evaluated the MGMT level among 4 groups:
histological transformation before and after, histological
transformation before and after (T-B, T-A, UT-B, UT-A),
and results revealed that the strong therapy resistance
characteristic of T-A group was non-MGMT dependent
(Supplemental Figure S4C-D). Moreover, the key proteins
for DNA replication and damage repair identified above,
RFC5, RFC3, RFC4, PCNA, RFC2, and POLD2, were also
significantly over-expressed in the T-A group, further
emphasizing the important roles of these proteins in the

LGG grade progression and histological transformation
(Supplemental Figure S4E).

Peroxisomal Fatty acid beta oxidation was a metabolic
characteristic of gliomas after histological transformation

To investigate the differences between T-A and UT-A
groups, DEP analysis was conducted. Surprisingly, only
463 (6%) proteins were found to have significant expres-
sion differences between the two groups, with 317 of
them being significantly over-expressed in the T-A group
(Supplemental Table S4). Functional analysis of these 317
proteins revealed that most of them were involved in fatty
acid (FA) metabolism processes (Supplemental Table S5).
Pathway enrichment analysis also revealed that these
over-expressed proteins were enriched in lipid metabo-
lism related pathways, including peroxisomes, steroid
biosynthesis, PPAR signaling pathway, FA metabolism,
and unsaturated fatty acid (UFA) biosynthesis, indicating
the significant roles of "lipid metabolism reprogramming”
in the histological transformation of oligodendroglioma
(Fig. 4A) (Supplemental Table S6).
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Due to the fact that FA beta oxidation can occur in two
different organelles, mitochondria and peroxisomes, we
evaluated the expression of key enzymes involved in FA
beta oxidation in the two organelles between T-A and
UT-A groups. Results demonstrated the key enzymes of
peroxisomal FA beta oxidation, especially ACOX1, were
significantly up-regulated in the T-A group, while no
significant differences were found in the key enzymes of
mitochondrial FA beta oxidation between the two groups
(Fig. 4B, C). In addition, as ABCD3 was a lipid trans-
port protein involved in FA oxidation and PPAR path-
way localized to peroxisomes, reflecting the function
and quantity of peroxisomes, we evaluated the expres-
sion level of ABCD3 between the two groups. As expect,
ABCD3 was significantly up-regulated in T-A group
(Fig. 4C-F). From these, we speculated that in LGG that
underwent histological transformation, the ACOX1 reg-
ulated peroxisomal FA beta oxidation was significantly
enhanced, which can be a metabolic characteristic of gli-
omas after histological transformation.

Metabolic reprogramming turned on FA metabolism during
histological transformation

Based on the above analysis, we speculated that complex
metabolic reprogramming may be involved in the his-
tological transformation process of oligodendroglioma.
Therefore, we divided all primary oligodendrogliomas
and their paired recurrent samples into four groups,
including histological transformation before (T-B),
histological transformation after (T-A), histological
un-transformation before (UT-B), and histological un-
transformation after (UT-A) to explore the differences in
metabolic processes between the four groups.

In terms of glucose metabolism, we evaluated the
expression of key enzymes in aerobic glucose metabo-
lism and glycolysis in different groups and had several
findings: First, there was no significant difference in the
expression of key enzymes in aerobic glucose metabolism
between the T-B and UT-B groups, but the expression
levels of most key enzymes in glycolysis in the T-B group
were significantly higher than those in the UT-B group,
including HK1, PFKP and ENO?2, indicating more active
glycolysis metabolism and stronger energy demand in the
origination of histological transformation. Second, the
expression of most key enzymes involved in glucose aero-
bic oxidation and glycolysis in the UT-A group demon-
strated an increasing trend compared to the UT-B group,
indicating that recurrent lesions had more active glucose
metabolism and stronger glucose-supply energy require-
ment than their matched primary lesions in histological
un-transformation groups. Third, in contrast to the histo-
logical un-transformation groups, the expression of most
key enzymes involved in glucose aerobic oxidation and
glycolysis in the T-A group displayed a downward trend
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compared to the T-B group, especially in the HK1, PFKP
and ENO2 mediated glycolysis process, which indicated
a weakening of the energy supply mode dominated by
glucose metabolism after histological transformation,
suggesting that histological transformation involved dif-
ferent metabolic and energy supply modes (Fig. 5A, B).

For lipid metabolism, we evaluated the expression of
key enzymes in the mitochondrial and peroxisomal FA
beta oxidation processes in different groups, and also
found some differences: First, the expression of some key
enzymes in mitochondrial FA beta oxidation in the T-B
group was lower than that in the UT-B group, such as
CPT1A and CPT2, while there was no significant differ-
ence in the expression of key enzymes in peroxisomal FA
beta oxidation between the two groups; Second, no dif-
ference was observed in the expression of key enzymes
in mitochondrial FA beta oxidation and peroxisomal FA
beta oxidation between the UT-A group and UT-B group,
indicating that the “lipid metabolism process” remained
stable in the histological un-transformation group; Third,
most key enzymes involved in mitochondrial FA beta
oxidation and peroxisomal mediated FA beta oxidation
in the T-A group displayed a significant up-regulation
trend than T-B group, especially the key enzymes in per-
oxisomal FA beta oxidation. Meanwhile, ABCD3, which
represented the function and quantity of peroxisomes,
also displayed significant up-regulation. These findings
suggested that oligodendroglioma histological trans-
formation needed extra energy supply beyond glucose
metabolism, and the enhanced lipid metabolism, particu-
larly peroxisomal FA beta oxidation, played an important
role in promoting oligodendroglioma histological trans-
formation (Fig. 5C, D).

Based on the changes in key enzymes in various
metabolic pathways mentioned above, we speculated
that metabolic reprogramming from glycolysis to FA
metabolism, especially to peroxisomal FA beta oxidation
occurred during the histological transformation process.
That was, metabolic reprogramming initiated FA-supply
energy during the histological transformation from oli-
godendroglioma to astrocytoma / glioblastoma, making
peroxisomal FA beta oxidation a unique metabolic char-
acteristic of the histological transformation oligodendro-
glioma (Fig. 5E-F).

The enhanced synthesis of UFA promoted peroxisomal FA
beta oxidation

Considering that the above displayed that the unsatu-
rated fatty acid (UFA) synthesis pathway was enriched
in T-A group, and previous studies have also proved
that UFA synthesis would affect the metabolic process,
especially the lipid metabolism process, therefore, we
extracted the expression of key enzymes for UFA synthe-
sis for analysis. Results revealed that when compared to
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UT-A group, significant up-regulation of key enzymes
involved in UFA synthesis was observed in the T-A
group, suggesting a significant enhancement in the syn-
thesis of UFA (Fig. 6A). Further analysis displayed that
in the group with histological transformation (T-B and
T-A), the expressions of UFA synthases such as FADS2,
ELOVL5 and SCD were significantly positive corre-
lated with that of peroxisome marker ABCD3, as well
as peroxisomal FA beta oxidation rate limiting enzyme
ACOX1. However, the expressions of FADS2, ELOVL5
and SCD were significantly negative correlated with that
of most key enzymes involved in glycolysis (Fig. 6B, C).

These results were consistent to a previous study, which
uncovered that the synthesis of UFA mediated the meta-
bolic reprogramming from glycolysis to FA metabolism
of gastric cells in the process of “Metaplasia Progression
to Dysplasia”[25].

In addition, compared to T-B group, the expression lev-
els of FADS2, ELOVL5, and SCD demonstrated an obvi-
ously increasing trend in T-A group in paired difference
analysis, among which, the polyunsaturated fatty acid
(PUFA) elongation enzyme ELOVL5 was significantly
increased (Fig. 6D). More importantly, in the compari-
son of all groups, the key enzymes of UFA synthesis and
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peroxisomal FA beta oxidation displayed the highest
expression levels in the T-A group (Fig. 6E, F). There-
fore, we speculated that the enhanced synthesis of UFA
up-regulated the function and quantity of peroxisome
and may inhibit HK1-PFKP-ENO2 mediated glycolysis
processes, resulting in metabolic reprogramming from
glycolysis dominated to peroxisomal FA beta oxidation
dominated during histological transformation. Also, due
to the close relationships between UFA and membrane

components, it may directly contribute to histological
transformation.

The construction of LGG progression prediction model

Given that the progression of LGG was often accompa-
nied by a dramatic deterioration of the prognosis and the
following clinical therapy strategy need to be changed, we
used 2 machine learning algorithms, Nearest Shrunken
Centroids (NSC) and binary LASSO regression, to con-
struct a LGG progression prediction model. 1275 DEPs
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between P-B group and UP-B group were included in
NSC analysis for pre-screening, and 611 proteins were
identified to be with potential prediction value (Fig. 7A).
Then, these proteins were included in binary LASSO
regression analysis, and finally we constructed a 2-pro-
tein LGG progression prediction model, with risk score
(RS)=0.16*PGM2L1-0.18*ZNF24 (Fig. 7B). The two-
protein classifier reached an AUC of 99% based on the
receiver operating characteristic (ROC) curve analysis
with 93% accuracy, 90% sensitivity and 100% specific-
ity. More importantly, both the PGM2L1 and ZNF24
displayed independent predictive value, which greatly
increased their clinical values. PGM2L1 reached an AUC
of 93% based on the ROC with 93% accuracy, 100% sensi-
tivity and 78% specificity, while ZNF24 reached an AUC
of 96% based on the ROC with 90% accuracy, 85% sensi-
tivity and 100% specificity (Fig. 7D).

Discussion

Gliomas of different histological types and WHO grades
have varying impacts on the prognosis of patients [26].
Obviously, grade progression and histological transfor-
mation can affect the prognosis of patients, therefore,
studying the molecular mechanisms underlying the pro-
gression of LGG was of great significance for explor-
ing the optimal treatment plan and improving patient
prognosis in the future. However, due to the difficulty

in obtaining paired primary-recurrent grade progres-
sion / histological transformation LGG samples, lacking
enough studies explored this crucial issue. Based on the
above, this study had several advantages as follow. Firstly,
as far as we know, this was the first study that focused on
proteomics characteristics to elucidate the mechanisms
of LGG grade progression and histological transforma-
tion. Secondly, our study obtained a considerable number
of paired samples. Thirdly, our study evaluated the meta-
bolic characteristics of various types of LGG at protein
expression levels by compared key enzymes in various
major metabolic pathways, and uncovered the important
roles of metabolic reprogramming in the LGG grade pro-
gression/histological transformation, providing a direc-
tion for subsequent research.

In this study, we emphasized that the up-regulations
of MAPK signaling pathways in primary LGG con-
tributed to both grade progression and histological
transformation. Specifically, the up-regulation of two
complete MAPK cascade pathways in primary LGG, Ras-
BRAF-MEK1/2-ERK1/2 and ASK1-MEK4-p38/JNK2/3,
promoted grade progression, and the degree of up-reg-
ulations of these two MAPK cascade pathways signifi-
cantly affected the grade progression span. Similarly, we
emphasized the up-regulation of two complete MAPK
cascade pathways in primary oligodendroglioma, Ras-
BRAF-MEK1/2-ERK1 and ASK1-MEK4-p38/JNK2/3,
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promoted histological transformation. Previous studies
have proved that MAPK cascade pathways regulated cel-
lular events directly related to tumor development, such
as proliferation, apoptosis, inflammation, and immu-
nity [27, 28]. INKs and ERKs have been described as the
main participants in the carcinogenic process [29, 30].
In gliomas, the abnormal activation of MAPK pathways
has been proven to support the infiltration, prolifera-
tion, and migration of GBM cells [31]. More importantly,
the abnormal activation of the MAPK pathway has been
recognized as an initiation event for most LGG in chil-
dren [32, 33]. At present, many studies have proposed
the usage of MAPK inhibitors combined with TMZ for
glioma therapy [34, 35]. Our study, for the first time,
emphasized the important roles of abnormal up-regula-
tion of the Ras/p38-MAPK pathways in promoting LGG
grade progression and histological transformation, and
discovered two complete abnormally up-regulated cas-
cade pathways, providing a theoretical basis for targeted
inhibition therapy of MAPKs in gliomas in the future.
Till now, the standard therapy strategies for glioma
after surgery was oral TMZ combined with radiation
therapy, and their effects were non-selective DNA dam-
age, which led to therapy resistance after recurrence
[36]. Our results correspond to the above statement.
Especially, high expression levels of DNA damage repair
related proteins were significantly enriched in the T-A
and P-A groups, indicating that therapy resistance was
an important cause of LGG grade progression and histo-
logical transformation during recurrence. It was widely
recognized that the methylation of MGMT was a key
molecular event in evaluating the sensitivity of patients to
TMZ treatment [17, 18]. Patients with MGMT promoter
methylation were considered low MGMT expressed and
sensitive to TMZ [37]. However, in clinical practice, many
patients with MGMT methylation still suffered from
recurrence, grade progression and histological transfor-
mation after standard treatment. Our results uncovered
that activation of non-MGMT dependent unspecific
DNA damage repair systems, such as base excision repair,
mismatch repair and nucleotide excision repair, were
important supporters of therapy resistance. They can
not only counteract DNA damage caused by TMZ, but
also repaired DNA damage caused by radiation, exert-
ing a dual resistance to treatment. More importantly, our
study identified that RFC5, RFC3, RFC4, PCNA, RFC2,
and POLD2 were involved in all the above DNA dam-
age repair processes and DNA replication process. Previ-
ous studies revealed that RFC5, RFC3, RFC4, and RFC2
formed RFC complex that can bind to PCNA to form a
sliding clip structure, helping DNA polymerase move and
replicate on the DNA strand [19-22]. Also, RFC com-
plex itself can bind to cell cycle checkpoint proteins to
initiate signal transduction downstream of DNA damage

Page 14 of 19

checkpoints, thereby counteracting the damage of DNA
[24, 38]. Our findings emphasized that the up-regulation
of unspecific DNA damage repair pathways mediated by
the RFC complex was a major cause in the development
of treatment resistance (including TMZ and radiotherapy
resistance) in LG@G, leading to grade progression and his-
tological transformation. This mechanism of treatment
resistance did not depend on the expression of MGMT,
but rather on the biological characteristics of the tumor
itself.

It was worth noting that this study evaluated the
expression levels of key enzymes in various metabolic
pathways to reflect their activities, and found that com-
plex metabolic reprogramming affected the grade pro-
gression and histological transformation. It was already
known that metabolic reprogramming was one of the
markers of cancer, playing a crucial role in reshaping
tumor immune microenvironment, enhancing tumor
treatment resistance, and promoting tumor progres-
sion [39-41]. Compared to non-tumor tissues, tumor
tissues exhibited metabolic changes as each behavior of
cancer cells, such as proliferation, invasion, and metas-
tasis, required reprogramming of their metabolic state
[42, 43]. At present, the most extensively studied exam-
ple of metabolic reprogramming in cancer cells was
aerobic glycolysis, also known as the "Warburg effect™
an increase in the rate of glycolysis and lactate produc-
tion in cancer cells even in the presence of oxygen [44].
Our study revealed that high levels of key enzymes in
glycolysis in primary LGG promoted grade progression
and histological transformation during recurrence, espe-
cially, the up-regulation of HK1-PFKP-ENO2 mediated
glycolysis processes. Interestingly, previous studies have
emphasized the enhancement of glycolysis levels medi-
ated by HK2 in various cancers [15, 16], while our study
did not find meaningful over-expression of HK2 during
the LGG grade progression and histological transfor-
mation processes. Moreover, our results revealed the
positive relationships between the level of glycolysis in
primary LGG and the activation of unspecific DNA dam-
age repair systems in their match recurrent LGG. The
possible explanation for this result can be that during
the primary stage, the stronger the glycolysis process, the
more acidic microenvironment provided by the tumor.
On the one hand, acidic microenvironment enhanced
the malignancy of the tumor itself (extracellular matrix
remodeling, angiogenesis, and tumor invasion) and laid
the foundation for grade progression and histological
transformation; On the other hand, it enhanced the ther-
apeutic resistance potential of tumors and provided suf-
ficient energy to activate unspecific DNA damage repair
system and supported DNA replication process regulated
by RFC complex.
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More importantly, our results uncovered for the first
time that the energy metabolism of oligodendroglioma
undergone a shift from glycolysis dominated to peroxi-
somal FA beta oxidation dominated during histological
transformation, and the enhanced synthesis of UFA may
be the initiation factor. Currently, studies have revealed
that the accumulation of monounsaturated fatty acids
(MUFA) can up-regulate the quantity and ability of per-
oxisome, alter cell membrane composition, and regulate
cell differentiation [45, 46]. Our results suggested that
synthesis enzymes of MUFA, such FASD2 and SCD were
significantly up-regulated in the T-A group and displayed
strong positive correlations with ABCD3 and ACOXI.
Similar to our results, Yoonkyung Won et al. [25]. have
found that metabolic reprogramming from glycolysis to
FA metabolism occured during the progression of gas-
tric metaplasia to dysplasia, and this process relied on the
synthesis of MUFA mediated by SCD. However, different
to their result, our analysis revealed that the expression
of polyunsaturated fatty acids (PUFA) synthase, ELOVLS5,
was most significantly up-regulated in the T-A group,
whose expression negatively correlated with HK1-PFKP-
ENO2 mediated glycolysis level but positively correlated
with peroxisomal FA beta oxidation level. This result
suggested that the metabolic reprogramming during
oligodendroglioma histological transformation may be
more dependent on the synthesis of PUFA mediated by
ELOVLS.

Innovatively, our analysis established a robust two-
protein LGG progression prediction model, which was
proved to have a remarkable prediction ability. The
combination or alone of the two proteins all displayed
extremely high predictive efficacy, with accuracies of
more than 90%, making them potential biomarkers of
LGG progression for clinical monitoring and treatment.
In terms of specific proteins included in the model,
PGM2L1 was identified as a promoter of LGG progres-
sion, while ZNF24 was identified as a protective factor.
PGM2L1 was a glucose-1,6-diphosphate synthase [47],
which was mainly involved in the regulation of brain
energy metabolism [48]. Latest study had revealed that
under hypoxic condition, tumor-associated fibroblasts
up-regulated PGM2L1 in triple-negative breast cancer
(TNBC) cells via secreting CSF3, enhancing PGM2L1-
dependent glycolysis reprogramming, and ultimately
promoted the progression and metastasis of TNBC [49].
ZNF24 was a member of the Kruppel-like zinc finger
transcription factor family [50], and its tumor inhibition
ability has been noted in breast cancer, pancreatic can-
cer and lung cancer. As a transcription factor, ZNF24 can
inhibit the transcription of VEGF-A and play a tumor
suppressor role by inhibiting angiogenesis [51-53].
Moreover, abnormal expression of ZNF24 can negatively
regulate the expression of p65 and block lung cancer cells
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in S phase, inhibiting tumor growth [54]. These existing
results further verified the reliability of our two-protein
model. However, the relevant research on these two pro-
teins was still not enough, and lacking studies explored
their specific functions and mechanisms in glioma.
Therefore, the follow-up research on these two pro-
teins in glioma progression was still in urgent need. But
the valuable thing was that, till now, effective model of
LGG progression prediction remained urgent and unmet
needs, our LGG progression prediction model, based on
2 protein biomarkers, was a relatively easy and practica-
ble technique for subsequent application.

Limitations

Although the 2-protein prediction model were con-
structed based on a tenfold cross validation and exhib-
ited high prediction value, due to lacking enough relevant
studies, external validation did not conducted. In future,
large-scale prospective studies to validate our 2-protein
prediction model in a larger sample size were in urgent
need.

Conclusion

In summary, this study provided an overview of LGG
grade progression and histological transformation at pro-
teomics level, uncovering that glioma grade progression
and histological transformation were complex biological
processes, which involved the abnormal up-regulation
of Ras/p38-MAPK signalings, enhanced non-MGMT
dependent unspecific DNA damage repair system regu-
lated by RFC complex and metabolic reprogramming
based on HKI1-PFKP-ENO2 mediated glycolysis and
peroxisomal FA beta oxidation. Meanwhile, we identi-
fied PGM2L1 and ZNF24 as potential biomarkers for
LGG progression, providing novel biomarkers of LGG
progression for clinical monitoring and developing new
therapy strategies.

Methods

Sample acquirement

We retrospectively collected formalin-fixed and paraffin-
embedded (FFPE) human brain glioma samples from the
Department of Pathology, Zhujiang Hospital. The acqui-
sition of samples was approved by the Ethics Commit-
tee of Zhujiang Hospital of Southern Medical University
(2025-SJWK-004). The study was conducted according to
the principles of the Declaration of Helsinki. All partici-
pants provided written informed consent.

Inclusion criteria and survival data collection

All the included samples must meet the following cri-
teria: 1. Glioma samples that must be diagnosed by
pathology; 2. All primary samples must be matched by
recurrent samples; 3. none of the patients had received
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any prior treatment before first surgery, such as radio-
therapy or chemotherapy; 4. All the patients received
post-operative oral TMZ and radiotherapy (to avoid
DEPs caused by therapy). The survival information of all
patients was followed up by telephone, including over-
all survival (OS), recurrent free survival (RES) and post
recurrent survival (PRS).

Public datasets

The glioma patients’ clinical information were down-
loaded from The Cancer Genome Atlas database (TCGA,
https://protal.gdc.cancer.gov/). The clinical information
of glioma patients from CGGA mRNAseq 693 data-
set and glioma patients from the CGGA mRNAseq 325
dataset were downloaded from Chinese Glioma Genome
Atlas (CGGA, http://www.cgga.org.cn/).

Sample handling

Paraffin-embedded tissues, paraffin sections

Take 10 paraffin sections and follow the instructions for
the dewaxing agent (Biosharp Biotechnology Co., Ltd.).
After dewaxing, grind the samples into powder, add
100 upl SDT lysis buffer, heat at 95 °C for 90 min, cool at
room temperature, perform ultrasonic lysis in an ice-
water bath for 5 min, and centrifuge at 15000 g to collect
the supernatant protein solution. Finally, determine the
protein concentration using a BCA assay kit.

Proteolytic desalting

Start by taking 100 ug of protein solution based on pro-
tein concentration, then adjust the volume to 200 ul with
8 M urea, followed by reduction with 5 mM DTT at 37 °C
for 45 min, and alkylation with 11 mM iodoacetamide
(IAM) in a dark room at room temperature for 15 min.
Then, add 800 pl of 25 Mm ammonium bicarbonate solu-
tion and 2 yl of Trypsin (Promega, V5280), and digest
overnight at 37 °C. Adjust the pH of the digested peptides
to 2—3 using 20%TFA, followed by desalting with C18
(Millipore, Billerica, MA) resin. Finally, determine the
peptide concentration using a Pierce™ Quantitative Pep-
tide Assay Kit with standards (Thermo Fisher).

LC-MS/MS analysis

Liquid chromatography detection

Samples were separated using the Vanquish Neo UHPLC
liquid chromatography system. The mobile phase A con-
sisted of 0.1% formic acid aqueous solution, while mobile
phase B was 100% acetonitrile containing 0.1% formic
acid. The injection mode employed a trap-and-elute dual-
column method, with a PepMap Neo Trap Cartridge
(300 pm * 5 mm, 5 pm) as the trapping column and an
Easy-Spray™ PepMap™ Neo UHPLC column (150 pm
* 15 ¢cm, 2 um) as the analytical column. The column
temperature was controlled at 55 °C, with an injection
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volume of 200 ng, a flow rate of 2.5 pl /min, an effective
gradient of 22 min, and a total runtime of 24 min. Orbi-
trap Astral Mass Spectrometry Detection DIA analysis
utilized the Vanquish Neo system (Thermo Fisher Scien-
tific) for chromatographic separation. Samples separated
by nano-flow high-performance liquid chromatography
were subjected to DIA (Data-Independent Acquisition)
mass spectrometry analysis using the Orbitrap Astral
high-resolution mass spectrometer (Thermo Scientific).
The detection mode was positive ion mode, with a pre-
cursor ion scan range of 380—-980 m/z, a primary mass
resolution of 240,000 at 200 m/z, a Normalized AGC Tar-
get of 500%, and a Maximum IT of 5 ms. MS2 was per-
formed using DIA data acquisition mode, with 299 scan
windows, an Isolation Window of 2 Th, HCD Collision
Energy of 25%, a Normalized AGC Target of 500%, and a
Maximum IT of 3 ms.

Database search and quantification

MS raw data were analyzed using DIA-NN (v1.8.1)
with library-free method. The uniprotkb_proteome_
UP000005640 _human_82493 20240528.fasta  database
(A total of 82,493 sequences) was used to create a spectra
library with deep learning algorithms of neural networks.
the option of MBR (Match Between Runs) was employed
to create a spectral library from DIA data and then rean-
alyzed using this library. FDR (false discovery rate) of
search results was adjusted to<1% at both protein and
precursor ion levels, the remaining identifications were
used for further quantification analysis. Label-free pro-
tein quantifications (LFQ) were calculated using Max-
LFQ algorithm. Quantification will be performed using
razor and unique peptides, including those modified
by acetylation (protein N-terminal), oxidation (Met)
and deamidation (NQ). LFQ intensity values in the out-
put tables reflect the relative abundance of each protein
across different samples or conditions.

Preprocessing of proteomics datasets

Protein intensities were log2 transformed for down-
stream statistical and bioinformatics analysis [55]. Pro-
teomics datasets were then filtered for 75% valid values
across all samples (proteins with>25% missing values
were excluded from downstream statistical analysis). To
impute missing values, the “DreamAl package” was used
to perform an imputation of the proteins. The resulting
global proteomics numbering 8067 was used for down-
stream analysis.

Differential proteomics analysis

Differential expressed protein (DEP) analysis was con-
ducted by using “limma package” (version 3.40.6). Pro-
teins with |fold change (FC)| larger than 1.5 between two
groups and p values less than 0.05 were considered DEPs.
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Functional annotation and enrichment analysis

Functional analysis was based on Gene Ontology and
pathway enrichment analysis was based on Kyoto Ency-
clopedia of Genes and Genomes. Both functional analysis
and pathway enrichment analysis were conducted via the
Database for Annotation, Visualization, and Integrated
Discovery (https://davidbioinformatics.nih.gov)  [56].
Gene Set Enrichment Analysis (GSEA) were conducted
to evaluate the difference of pathway enrichment between
the two groups [57]. Single-sample geneset enrichment
analysis (ssGSEA) were conducted to evaluate the enrich-
ment score of each sample in each gene set. Molecular
Signatures Database (MSigDB) of KEGG gene sets (C2)
was used for enrichment analysis. Pathways with |[NES|
larger than 1, p value less than 0.05 and an FDR less than
0.25 were considered statistically significant.

Construction of machine learning-based classifiers

First, the initial number of features was reduced by the
nearest shrunken centroid (NSC) algorithms via R pack-
age “pamr”. A tenfold cross-validation and 1000 iterations
strategy was conducted to select features. The features
were included in LASSO regression for binary classifica-
tion via R package “glmnet” A tenfold cross-validation
strategy was also conducted in this process. The thresh-
old of feature selection is based on the minimum amount
of protein included with the highest Area Under the
Curve (AUC) of Receiver Operating Curve (ROC). The
calculation and visualization AUC of ROC were achieved
by Prism 9.0, which also help to calculated the best
threshold of each feature. Based on the best threshold
of each feature, confusion matrices were constructed to
examine the classification accuracy of each feature.

Survival analysis
Kaplan—Meier survival curves (log-rank test) were used
for survival analysis by R package “survival”.

Statistical analysis

R version 4.4.1 (https://www.r-project.org/) and free
online platforms, Metware Cloud (https://cloud.metwa
re.cn) and Sangerbox (http://www.sangerbox.com) [58],
were used for our statistical analysis and results visual-
ization. Pearson’s correlation was used for continuous
variables. Wilcoxon rank-sum test was used for continu-
ous variables and rank variables, while paired t-test was
used for the comparison of pairwise primary-recurrent
samples. All tests were two-tailed, and p values less than
0.05 or FDR less than 0.25 were considered statistically
significant.

Abbreviations

LGG Low-grade glioma
T™Z Temozolomide
METex14 ~ MET-exon-14-skipping
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DEP Differential expressed protein
P-B Grade progression before
P-A Grade progression after

UP-B Grade un-progression before
UP-A Grade un-progression after
FA Fatty acid

UFA Unsaturated fatty acid

PUFA Polyunsaturated fatty acid

MUFA Monounsaturated fatty acids

T-B Histological transformation before23
T-A Histological transformation after

UT-B Histological un-transformation before
UT-A Histological un-transformation after
NSC Nearest Shrunken Centroids

ROC Receiver operating characteristic
TNBC Triple-negative breast cancer

FFPE Formalin-fixed and paraffin-embedded
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