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Background: Glioma is one of the most typical tumors in the central
nervous system with a poor prognosis, and the optimal management strategy
remains controversial. Lactate in the tumor microenvironment is known to
promote cancer progression, but its impact on clinical outcomes of glioma
is largely unknown.

Methods: Glioma RNA-seq data were obtained from TCGA and GCGA
databases. Lactate metabolism genes (LMGs) were then evaluated to construct
an LMG model in glioma using Cox and LASSO regression. Immune cell
infiltration, immune checkpoint gene expression, enriched pathways, genetic
alteration, and drug sensitivity were compared within the risk subgroups. Based
on the risk score and clinicopathological features, a nomogram was developed
to predict prognosis in patients with glioma.

Results: Five genes (LDHA, LDHB, MRS2, SL16A1, and SL25A12) showed a good
prognostic value and were used to construct an LMG-based risk score. This risk
score was shown as an independent prognostic factor with good predictive
power in both training and validation cohorts (p < 0.001). The LMG signature
was found to be correlated with the expression of immune checkpoint
genes and immune infiltration and could shape the tumor microenvironment.
Genetic alteration, dysregulated metabolism, and tumorigenesis pathways
could be the underlying contributing factors that affect LMG risk stratification.
The patients with glioma in the LMG high-risk group showed high sensitivity
to EGFR inhibitors. In addition, our nomogram model could effectively predict
overall survival with an area under the curve value of 0.894.

Conclusion: We explored the characteristics of LMGs in glioma and proposed
an LMG-based signature. This prognostic model could predict the survival of
patients with glioma and help clinical oncologists plan more individualized and
effective therapeutic regimens.
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FIGURE 4
Systematic dissection of LMG signature and clinical parameters in patients with glioma. (A) The boxplots illustrating the correlation between
LMG signature and different clinicopathological characteristics of patients with glioma in the CGGA-693 cohort. (B—H) Kaplan—Meier analysis
for OS in different clinical subtypes including age (B), gender (C), chemotherapy (D), IDH mutation (E), MGMTp methylation (F), 1p19q (G), and
tumor grade in the CGGA-693 cohort.

accurate and clinically valuable than any single independent

recurrence factor.
3.6. Relationship between the LMG
signature and TME

To evaluate the relationship between these TME indicators

and the LMG signature, we used the CIBERSORT algorithm (19)
to calculate the proportion of the tumor-infiltrating immune
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cells in the TME in patients with glioma. The proportion of
MO macrophages, monocytes, CD4T T memory resting cells,
and Treg cells was high and that of memory B cells, NK
cells, and CD8™ T cells was low in patients of the high-risk
group (Figure 6A), suggesting a lack of the cell killing activity
within tumors of patients in the high-risk group, most probably
due to the reduced number of NK cells and less CD8TT
infiltration. Meanwhile, we compared the expression level of
immune-checkpoint genes between the low- and high-risk LMG
signature groups and found that CD80, CD86, PDLI, PDL2,
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FIGURE 5
Construction of the prognostic nomogram containing LMG signature in the training set. (A) Multivariate cox regression analysis of the clinical
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HAVCR2, and TIGIT were highly expressed in the high-risk
groups (Figure 6B). The upregulation of PDL1, PDL2, HAVCR2,
and TIGIT could be in an immunosuppressive status, thus
facilitating tumor progression.

3.7. Relationship between the LMG
signature and cancer hallmark pathways

To evaluate the relationship between the LMG signature
and cancer hallmark pathways, we collected the hallmark gene
set from the MsigDB dataset and calculated the pathway
activity in each sample using GSVA (14). The GSVA scores
of these samples were then subjected to Spearman correlation
analysis with the risk coefficients of the samples. It was
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found that the risk score was highly correlated with the
“IL6 JAK STAT3 pathway,” “epithelial-mesenchymal response;”
and “INF-a signaling via NFKB” pathway (Figure 6C). We
further used ESTIMATE (20) to calculate the immune
score of each patient and then analyzed the correlation
between the risk score and the immune score. It was found
that there was a significant positive correlation between
the risk score and the immune score, and the r-value
calculated by Pearson was 0.35 (Figure 6D). GSEA was further
performed to identify the involvement of pathways regulating
tumorigenesis in the high-risk group. We found that multiple
classic tumor-related pathways were enriched in the high-
risk group, such as “hypoxia,} “MYC targets,” and “cancer
poor survival” pathways (Figure 6E). In contrast, metabolism-
related pathways were enriched in the low-risk group,
including “Oxidative phosphorylation,” “selenoamino acid
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metabolism,” and “pyruvate metabolism” pathways (Figure 6F). 3.8. The underlying genetic alteration of
These results indicate that the LMG signature was associated LMGs

with the immune response and tumorigenesis pathway. Lactic

acid metabolism may affect immune cell function to affect To investigate the underlying genetic alteration of the
glioma progression. risk level defined by LMG signature in glioma, we obtained
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TCGA-LGG/GBM somatic mutation profiles and analyzed
the mutation landscape for patients with high- and low-risk
(Figures 7A, B). We explored the top 20 mutated genes in two
groups, respectively. The gene with the most mutation frequency
was IDHI (80%) in the low-risk group and that in the high-
risk group was TP53 (51%). We also calculated the significant
differentially mutated genes between the two risk groups. As
shown in Figures 7C, D, IHDI, CIC, FUBPI, and NOTCH1
were found with a much higher mutation rate in the low-risk
group than in the high-risk group. In contrast, PTEN, EGFR,
TTN, and RB1 showed a much lower mutation rate in the low-
risk group than in the high-risk group. Additionally, the CNV
alteration landscapes of the high- and low-risk groups were
further compared. The two groups had distinct CNV alteration
profiles (Figures 7E, F). The above results suggested that genetic
alteration may affect the expression of LMG, which further affect
tumor progression.

3.9. Prediction of the chemotherapy
response by LMGs

To explore potential therapeutic agents for patients with
glioma, GDSC analysis was used to predict the chemotherapy
response between the two groups (Figures 8A-L). Several
chemotherapeutic agents were significantly different between
high- and low-risk groups with regard to their sensitivity.
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EGFR inhibitor Lapatinib and Gefitinib had higher IC50
in the low-risk group than that in the high-risk group
(Figures 8A, B), suggesting EGFR inhibitors could be potential
pharmacological therapies for patients with high-risk glioma.
Other chemotherapeutic agents, such as Vinblastine, Nilotinib,
Vorinostat, Axitinib, and Sorafenib also had distinct sensitivity
between the two risk groups. The IC50 values of these agents
were significantly higher in patients with high-risk glioma than
the patients with low-risk glioma (Figures 8C-L), suggesting
that patients with high-risk glioma may have tolerance for these
drugs and ultimately be able to resist.

4. Discussion

Despite considerable advances in the diagnosis and
treatment of glioma, it remains cancer with high morbidity and
mortality. Increasing evidence suggests that metabolic changes
in tumors can modify their microenvironment, and then the
newly remodeled microenvironment confers an advantage to
tumor cells (21). However, no research has been published
on a signature as a prognostic indicator in glioma. In the
present study, we generated an LMG-based signature on a
training cohort and two independent validation cohorts to
predict the survival of patients with glioma. We found that
patients in the high-risk group had shorter OS with a high
average AUC >0.729. The lactate metabolism signature was
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also correlated with clinical features, immune infiltration, the
expression of checkpoint molecules genetic alteration, activated
pathways, and drug sensitivity. These findings illustrate that
the novel LMG signature had strong predictive power in
OS prediction, suggesting that lactate metabolism may affect
tumor progression.

Based on LMGs, we constructed a prognostic risk model
to predict the prognosis of patients with glioma. The result
showed that our model had good performance in predicting
survival state in both the training and validation cohorts.
The LMG signature was composed of five crucial genes,
including LDHA, LDHB, MRS2, SLC16Al, and SLC25A12
among which LDHA is responsible for the conversion of
pyruvate into lactate and NAD+, while LDHB is responsible for
converting lactate into pyruvate, fuelling oxidative metabolism
(7). The inhibition of MAPK by suppressing LDHA activity
decreases the production of pro-inflammatory cytokines in
macrophages (22). The LDH inhibitor also reduces the ATP
levels and induces oxidative stress and cell death in tumor
cells (23). Several studies have shown that lactate and LDHA
contribute to tumor progression (24). The downregulation
of LDHB is an early event in the development of breast,
prostate, and pancreatic cancer (25-27) and is correlated
with high proliferation, increased tumor cell invasion, and
unfavorable survival outcomes (28). MRS2 is involved in mMg
2+ uptake machinery via lactate-mediated conductance (29).
Increasing MRS2 levels suppress gastric cancer cell apoptosis
and reduce levels of MRS2, leading to abnormal mitochondrial
function and decreased mitochondrial A¥ (30). SLC16A1 is
responsible for transporting monocarboxylic acid metabolites.
SLC16A1 plays a crucial role in cancer metabolism (31). Lactate
maintains glycolysis efficiency by regulating the pH level in
cells and interstitium and upregulating SLC16A1 expression.
Cancer cells can increase carcinogenicity and invasion by
overexpressing SLC16A1 and transporting lactic acid inward.
Targeting SLC16A1 may, therefore, prove to be a promising
therapeutic strategy for some cancers (32, 33). The SLC25A12
gene encodes a calcium-binding mitochondrial carrier protein
involved in the exchange of aspartate for glutamate across the
inner mitochondrial membrane. Loss of SLC25A12 impairs the
cytosolic aspartate levels, NAD+/NADH ratio, mitochondrial
respiration, and tumor growth (34). Our study showed that
LDHA, MRS2, and SLC16A1 were indicators of poor survival,
while LDHB and SLC25A12 were indicators of favorable
prognosis, suggesting that lactate metabolism is dysregulated
in glioma and this dysregulated expression is closely related to
tumor progression.

Hypoxia and abnormal metabolite levels, specifically lactate,
often characterize disordered metabolic states that contribute to
the immunosuppression of the TME. Excessive lactate secreted
by metabolism-reprogrammed cancer cells regulates immune
responses via causing extracellular acidification, acting as an
energy source by shuttling between different cell populations,
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and inhibiting the mTOR pathway in immune cells (35).
We found that there were great differences in the immune
microenvironment between high- and low-risk groups, showing
that the abundance of CD47 T cells, CD8% T cells, and B cells
was relatively low in the high-risk group. It was reported that
CD8™ T cells activate cytolytic activity and effector function,
which in turn enhances antitumor responses (36). CD4T T
cell and B cell also help and innate signals to DC functions
and CD8™ T cell priming, enhancing the antitumor immunity
(37). Furthermore, in addition, we found that the expression of
PDL1, PDL2, HAVCR2, and TIGIT was elevated in the high-
risk group. There is evidence that lactate-induced expression
of GPR81 induces tumors to express immune checkpoint
ligand PD-L1 (38), indicating that lactate-mediated immune
dysregulation can distort host immune checkpoints in various
ways to escape immune responses and promote the development
and progression of glioma. Our findings are consistent with
other studies showing that increased LDH activity triggers
tumor immune escape by inhibiting immune function (39,
40). Although tumor immunotherapy has demonstrated good
therapeutic outcomes in some cancers, few studies have reported
its efficacy in gliomas (41). Our LMG-based model may be useful
for screening patients for glioma immunotherapy.

Our study illustrated that patients with glioma in the two risk
groups had distinct genetic alterations, activated pathways, and
potentially sensitive drugs. A common characteristic of gliomas
is the presence of markers for IDHI and TP53 mutations, which
influence the fate of the cells (42). The two risk groups were
IDHI1- and TP53-dominant mutations, respectively, suggesting
discrepant oncogenesis mechanisms. These two mutations
could be the cause of metabolism disorders. Recent studies
reported that the IDH1 mutant glioma tissue displayed massive
alterations in glycolysis and lipid metabolism compared with
IDH1 wild-type glioma tissue. Both groups showed similar
levels of tricarboxylic acid (TCA) cycle intermediates, but IDH1
mutant gliomas accumulated more pyruvate (43). TP53 can
affect glycolysis and mitochondrial oxidative phosphorylation
pathways and promote tumor development (44). Furthermore,
the high-risk group had increased mutations of PTEN and
EGFR. PTEN occurs in ~20% of glioblastomas but is rare
in lower-grade gliomas, suggesting PTEN suppressor genes
involved in the development of glioblastomas (45). There
have been several EGFR gene alterations identified in gliomas,
especially in glioblastomas, which acted as a prognostic factor
and a predictor of treatment response in patients with
glioma (46). Thus, EGFR inhibitors were predicted to be
potential pharmacological therapies for high-risk groups in
patients with glioma. Our study showed that the LMGs may
have cross-talks with pro-oncogenic signaling pathways or
other metabolism pathways. MYC could act as a glycolysis
regulator and modulate both glucose transport and glucose
breakdown into lactate by targeting genes (47). The activated
MYC targets in high-risk groups could be a potential way
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to promote tumorigenesis. The other metabolism pathways,
such as oxidative phosphorylation, were also reported to affect
invasion ability, drug sensitivity, and prognosis (4, 48). Through
drug sensitivity analysis, we found that the two LMG risk
groups had distinct sensitivity to chemotherapy drugs. Our
model may help to develop individualized treatment for patients
with glioma.

In addition, our multivariate cox model showed that our
LMG model remained independent of other factors such as
IDH mutation and X1p19q deletion for patients with glioma.
Using routine clinical factors associated with OS, we developed a
nomogram model for clinical applications. The calibration plot
showed good consistency between the prediction by nomogram
and actual observation of the survival in glioma, suggesting that
the proposed nomogram model could be used as a supportive
tool to help clinicians distinguish, assess, and evaluate the risk
and prognosis of patients with glioma.
the
characteristics of LMGs in glioma and established a novel

In conclusion, we comprehensively explored
prognostic model to stratify different risk groups of patients
with glioma, which may help plan individualized treatment and

improve clinical survival outcomes of patients with glioma.
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