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ABSTRACT
Background: Glycolysis is closely associated with cancer progression and treatment
outcomes. However, the role of glycolysis in the immune microenvironment,
prognosis, and immunotherapy of glioma remains unclear.
Methods: This study investigated the role of glycolysis on prognosis and its
relationship with the tumor microenvironment (TME). Subsequently, we developed
and validated the glycolysis-related gene signature (GRS)-TME classifier using
multiple independent cohorts. Furthermore, we also examined the prognostic value,
somatic alterations, molecular characteristics, and potential benefits of
immunotherapy based on GRS-TME classifier. Lastly, the effect of kinesin family
member 20A (KIF20A) on the proliferation and migration of glioma cells was
evaluated in vitro.
Results:Glycolysis was identified as a significant prognostic risk factor in glioma, and
closely associated with an immunosuppressive microenvironment characterized by
altered distribution of immune cells. Furthermore, a personalized GRS-TME
classifier was developed and validated by combining the glycolysis (18 genes) and
TME (seven immune cells) scores. Patients in the GRSlow/TMEhigh subgroup
exhibited a more favorable prognosis compared to other subgroups. Distinct
genomic alterations and signaling pathways were observed among different
subgroups, which are closely associated with cell cycle, epithelial—mesenchymal
transition, p53 signaling pathway, and interferon-alpha response. Additionally, we
found that patients in the GRSlow/TMEhigh subgroup exhibit a higher response rate to
immunotherapy, and the GRS-TME classifier can serve as a novel biomarker for
predicting immunotherapy outcomes. Finally, high expression of KIF20A is
associated with an unfavorable prognosis in glioma, and its knockdown can inhibit
the proliferation and migration of glioma cells.
Conclusions: Our study developed a GRS-TME classifier for predicting the
prognosis and potential benefits of immunotherapy in glioma patients. Additionally,
we identified KIF20A as a prognostic and therapeutic biomarker for glioma.
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INTRODUCTION
Glioma is a prevalent primary malignant tumor within the intracranial region, accounting
for approximately 80% of all malignant brain tumors (Sampson et al., 2020). Glioma is
classified into four grades by theWorld Health Organization (WHO): Grades I–IV. Grades
I and II are classified as low-grade glioma (LGG), whereas Grades III and IV are classified
as high-grade glioma (HGG) (Berger et al., 2022). Grade IV glioma is specifically known as
glioblastoma (GBM). The median survival time of GBM is approximately 14–15 months,
and the 5-year survival rate is below 5% (Ma, Taphoorn & Plaha, 2021). Glioma treatment
primarily involves surgical resection, complemented by radiotherapy, chemotherapy, and
other comprehensive treatment approaches (Bush, Chang & Berger, 2017; Nicholson &
Fine, 2021). However, due to the substantial heterogeneity and malignant progression of
glioma, recurrent and progressive manifestations of glioma are common during treatment
failure. Even after treatment, LGG tend to recur and progress to HGG or even evolve into
glioblastoma. Molecular biomarkers play a crucial role in personalized treatment and the
assessment of clinical prognosis for glioma patients (Sledzinska et al., 2021). Previous
studies have identified specific molecular biomarkers, including isocitrate dehydrogenase
(IDH) mutation, co-deletion of chromosome arms 1p and 19q (1p/19q codeletion),
O6-methylguanine-DNA methyltransferase (MGMT) promoter methylation, and
telomerase reverse transcriptase (TERT) promoter mutation (Yan et al., 2009). Eckel-
Passow et al. (2015) reported that gliomas were classified into five principal groups based
on 1p/19q, IDH, and TERT promoter mutations. In addition, several gene signatures have
been established to predict the prognosis of glioma (Zhang et al., 2020, 2022a, 2022b). It is
well known that the prognosis of glioma is influenced by various factors, including
histologic type, grade, and molecular subtypes. However, owing to the heterogeneity of
glioma, the predictive potential of these biomarkers may vary among individual patients.
Therefore, there is a critical need for the identification of novel prognostic and therapeutic
biomarkers in patients with glioma.

The tumor microenvironment (TME) of glioma exhibits significant heterogeneity and
plays a crucial role in glioma development, occurrence, and the efficacy of immunotherapy
(Gieryng et al., 2017; Pombo Antunes et al., 2020). Tumor cells secrete a variety of
chemokines that promote the infiltration of different immune cells, including
macrophages, bone marrow-derived suppressor cells, CD4+ T cells, and regulatory T cells
(Tregs) (Guo & Wang, 2023). These interactions between cytokines, chemokines, and
extracellular matrix components reprogram infiltrating immune cells, resulting in an
immunosuppressive microenvironment that drives glioma progression. Immunotherapy
approaches that target molecules within the immune microenvironment, including
immune checkpoint blockade and immune cell therapy, have been developed and
demonstrated effectiveness in treating various types of cancer (Adachi & Tamada, 2015;
Mougel, Terme & Tanchot, 2019; Waldman, Fritz & Lenardo, 2020). However, the
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effectiveness of CTLA-4 and PD-1 inhibitors in glioma is still limited due to the complexity
of the immunosuppressive environment (Genoud et al., 2018; Liu et al., 2020). Glioma
faces multiple obstacles to immunotherapy, including immune cell dysfunction and
tumor-associated immune inhibitory factors. Additionally, the presence of the blood-brain
barrier presents challenges for drug penetration into tumor tissue (Steeg, 2021). Therefore,
investigating the molecular mechanisms underlying glioma development and the immune
microenvironment not only enhances our understanding of glioma pathogenesis but also
improves the sensitivity of glioma to immunotherapy.

Currently, several biomarkers have been identified to guide immunotherapy response
prediction, including PD-L1 expression, tumor-infiltrating lymphocytes, tumor mutation
burden (TMB), and mismatch repair deficiency. However, their clinical utility is still
limited by inter-tumor heterogeneity, dynamic changes in expression, and the complex
interplay within the tumor microenvironment. This study systematically analyzes the
cancer hallmarks and the immune microenvironment of glioma. Our research findings
highlight that glycolysis serves as a crucial prognostic risk factor in glioma and is associated
with an immunosuppressive microenvironment. Furthermore, we developed a
glycolysis-related gene signature (GRS)-TME classifier that utilizes glycolysis-related genes
and the TME-related immune cells, thereby improving risk stratification and prediction
accuracy for patients with glioma. We have studied correlations between the GRS-TME
classifier and gene mutations, molecular signaling pathways, as well as immune markers.
The GRS-TME classifier serve as guidance for prognosis management and
decision-making regarding immunotherapy for patients with glioma. Finally, we have
identified and experimentally validated a glycolysis-related key gene, kinesin family
member 20A (KIF20A), which serves as a prognostic biomarker and therapeutic target for
glioma.

MATERIALS AND METHODS
Collection and processing of transcriptomic data
For this study, we obtained four glioma-related transcriptomic cohorts from The Cancer
Genome Atlas (TCGA) and the Chinese Glioma Genome Atlas (CGGA) database,
including TCGA-LGG, TCGA-GBM, CGGA-325, and CGGA-693. A total of 1,661 glioma
patients were included for further analysis after excluding those with incomplete survival
information. The RNA sequencing data underwent normalization by converting the raw
counts to transcripts per million (TPM) and applying log2 (TPM+1) transformation.
Furthermore, the TCGA-LGG and TCGA-GBM cohorts were combined to create the
Meta-TCGA cohort, which was used to develop a prognostic GRS-TME classifier for
glioma patients. Similarly, the CGGA-325 and CGGA-693 cohorts were combined to form
the Meta-CGGA cohort, which was used to validate the prognostic model. To eliminate
batch effects between the datasets, we applied the ComBat algorithm from the sva package.

Analysis of cancer hallmarks and tumor immune microenvironment
To examine the effect of cancer hallmarks on the prognosis in glioma, we collected 29
cancer hallmarks gene sets from the Molecular Signatures Database (MSigDB) (Liberzon
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et al., 2015). These gene sets were then utilized to analyze the effects on glioma prognosis
through single-sample gene set enrichment analysis (ssGSEA) and univariate Cox
regression analysis. We employed the ESTIMATE algorithm to compute the stromal score,
immune score, and tumor purity of glioma patients (Yoshihara et al., 2013). Furthermore,
the CIBERSORT algorithm was utilized to estimate the composition of immune cells in the
tumor immune microenvironment of glioma patients (Newman et al., 2015). Additionally,
Tumor Immune Dysfunction and Exclusion (TIDE) is a computational tool used to assess
immune dysfunction and exclusion (Jiang et al., 2018). By employing TIDE, we computed
the TIDE score of glioma patients and predicted their potential response to
immunotherapy. We also used the Imvigor210 cohort to assess the effect of the GRS-TME
classifier on patients’ response to immunotherapy.

Gene mutation and functional enrichment analysis
Glioma gene mutation data was extracted from the TCGA database. We performed
subsequent analysis using the maftools package to examine the mutational spectrum and
TMB. To elucidate potential mechanisms linked to the GRS-TME classifier, we conducted
an analysis of Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways and cancer
hallmarks by using the clusterProfiler and enrichplot packages in R software. Results were
considered significantly enriched if they had a false discovery rate (FDR) < 0.05.

Construction of GRS score, TME score, and GRS-TME classifier
We firstly performed univariate Cox regression analysis to select genes associated with
glycolysis. Using the least absolute shrinkage and selection operator (LASSO) Cox
regression analysis, we developed a GRS score for glioma patients using the
glycolysis-related genes. The GRS score was calculated using the following formula: GRS
Score = ∑i Coefficient (mRNAi) × Expression (mRNAi). Furthermore, we identified
immune cells associated with the tumor microenvironment (TME) using the CIBERSORT
results. Similarly, the TME score was calculated based on the TME-related cells selected
through LASSO analysis. Subsequently, patients were stratified into two groups based on
the median GRS score and TME score, respectively. We subsequently developed a novel
GRS-TME classifier by integrating the GRS score and TME score. Patients were further
categorized into the following subgroups based on the GRS-TME classifier: GRSlow/
TMEhigh, Mixed (GRSlow/TMElow and GRShigh/TMEhigh), and GRShigh/TMElow.
The predictive accuracy of the GRS-TME classifier was assessed and validated in different
glioma cohorts and clinical subgroups.

Cell culture and plasmids transfection
The glioma U251 cell line was obtained from the BeNa Culture Collection (Shanghai,
China). Cells were cultured in Dulbecco’s Modified Eagle’s Medium (DMEM) containing
10% fetal bovine serum (FBS), 100 U/mL penicillin, and 0.1 mg/mL streptomycin at 37 �C
in 5% CO2. Transient transfections of small interfering RNA (siRNA) were performed
using Lipofectamine 3000 (Thermo Fisher Scientific, Waltham, MA, USA) according to
the manufacturer’s instructions. The efficiency of transient transfection was evaluated
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using Western blot analysis. siRNAs were chemically synthesized from GenePharma Co.
(Shanghai, China) with the following sequences: Control-siRNA: 5′-
UUCUCCGAACGUGUCACGUTT-3′, KIF20A-siRNA: 5′-
GTTCTCAGCCATTGCTAGC-3′.

Western blot analysis
Total protein was extracted from U251 cells and quantified using the BCA protein
concentration kit (Thermo Fisher Scientific, Waltham, MA, USA). Subsequently, equal
amounts of proteins were separated by electrophoresis on SDS-PAGE gels and transferred
onto nitrocellulose membranes. Immunoblotting was performed using the following
antibodies: Rabbit anti-KIF20A (ab70791, 1:2,000 dilution) and anti-GAPDH (ab8245,
1:500 dilution) at 4 �C overnight. Next, the membranes were washed repeatedly and then
incubated with secondary antibody. The Western blot bands were visualized and analyzed
by ImageJ following standard methods.

Cell proliferation and migration assays
Cell proliferation was assessed using a Cell Counting Kit-8 (CCK-8) kit (Dojindo, Beijing,
China) with approximately 2 × 103 cells seeded in each well of a 96-well plate. Following a
72-h incubation period, CCK-8 reagent was added and incubated for 1 h. The sample was
measured at 0, 24, 48, and 72 h. For cell migration assays, the cell groups were resuspended
in medium, and after 24 h of incubation, the transwell chambers (Corning, Corning, NY,
USA) were removed. The invading cells were then fixed with 4% paraformaldehyde and
stained with 0.1% crystalline violet. Finally, the transwell chambers were inverted, and the
cells were photographed under a microscope.

Statistical analysis
Statistical analysis was conducted using R software (v4.2.2). Survival analysis was
performed using Kaplan-Meier curves and the log-rank test provided by the R packages
survminer and survival. Student’s t-test was used for statistical comparisons between two
groups, and one-way analysis of variance (ANOVA) was used for statistical comparisons
involving three or more groups. Multivariate analysis was performed using the Cox
multivariate regression model with a stepwise method. Statistical significance was defined
as P < 0.05 (two-tailed test).

RESULTS
Glycolysis as a major prognostic risk factor in glioma
To investigate the primary prognostic risk factors in glioma, we analyzed the impact of 29
cancer hallmarks on survival time using the ssGSEA algorithm and meta-analysis.
The results of four glioma cohorts revealed that 22 cancer hallmarks were significantly
correlated with prognosis. Among them, glycolysis exhibited the most substantial impact
on the survival of glioma patients (Fig. 1A, Table S1). Notably, significant differences in
glycolysis ssGSEA scores were observed among different WHO grades, demonstrating a
substantial increase in glycolysis ssGSEA score among high-grade patients compared to
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Figure 1 Glycolysis was identified as a major prognostic risk factor in glioma. (A) The effects of cancer hallmarks on survival prognosis in glioma;
(B) differences in glycolysis ssGSEA score among pathological grade in glioma; (C) survival analysis of glycolysis ssGSEA score in the Meta-TCGA
cohort; (D and E) survival analysis of glycolysis ssGSEA score in the CGGA-325 and CGGA-693 cohorts, respectively; (F) survival analysis of
pathological grades in the Meta-CGGA cohort. �p < 0.05; ���p < 0.001. Full-size DOI: 10.7717/peerj.16066/fig-1
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those with low-grade glioma (Fig. 1B). Subsequently, the glioma patients in the
Meta-TCGA cohort were stratified into low- and high-groups based on glycolysis ssGSEA
score. Survival analysis demonstrated that patients with low glycolysis ssGSEA score
exhibited more favorable prognosis in contrast to those with high glycolysis ssGSEA score
(p < 0.001, Fig. 1C). These findings were further validated in the CGGA_325 and
CGGA_693 cohorts, consistently demonstrating that patients with high glycolysis ssGSEA
score had poorer prognosis in comparison to patients with low glycolysis score (Figs. 1D
and 1E). Moreover, notable differences in prognosis were observed based onWHO grades,
with grade IV glioma patients exhibiting the most unfavorable prognosis (Fig. 1F). These
findings strongly indicate that glycolysis as a prognostic risk factor in glioma.

Glycolysis promotes the immunosuppressive microenvironment in
glioma
We firstly examined the association between glycolysis and tumor stromal score, immune
score, and tumor purity. The findings revealed that patients with high glycolysis score
exhibited comparatively elevated tumor stromal and immune scores in contrast to those
with low glycolysis score (Figs. 2A and 2B). However, patients with high glycolysis score
had relatively lower tumor purity, indicating a higher tumor heterogeneity in patients with
high glycolysis score (Fig. 2C). Furthermore, an analysis of three prominent
immunosuppressive cells (CAFs, MDSCs, TAMs) revealed relatively heightened levels of
CAFs and TAMs in the high glycolysis group compared to the low glycolysis group
(Fig. 2D). To further explore the effect of glycolysis on the immune microenvironment, we
employed the CIBERSORT algorithm to analyze the distribution of 22 immune cell types
in glioma. The results demonstrated that M2macrophages were the dominant immune cell
population, exhibiting higher levels in the high glycolysis score group in comparison to the
low glycolysis score group. Conversely, B cells, monocytes, activated natural killer (NK)
cells, and helper T cells exhibited relatively lower levels in the high glycolysis score group
(Fig. 2E). These results indicate that glycolysis modulates the immune microenvironment,
and promotes the development of an immunosuppressive microenvironment in glioma.

Development of GRS-TME classifier for improved prognostic
assessment
We next assessed the prognostic significance of 189 glycolysis-related genes and 22
immune cells in glioma. Our findings indicated that 41 glycolysis-related genes and seven
immune cells was significant prognostic factors (p < 0.05; Table S2). Utilizing these
prognostic genes and immune cells, we developed GRS and TME score through the
implementation of the LASSO Cox regression analysis algorithm. The detailed
GRS-related genes and TME-related cells are listed in Table S3. Patients were categorized
into two subgroups based on the median values of the GRS and TME scores, respectively.
Notably, patients with lower GRS score displayed a more favorable prognosis in contrast to
those with higher GRS score (Fig. 3A). Likewise, patients in the high TME score group
demonstrated prolonged survival time (Fig. 3B). Based on the results above, we integrated
the GRS score and the TME score to establish the GRS-TME classifier, which classifies
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glioma patients into four distinct subgroups: GRSlow/TMEhigh, GRSlow/TMElow, GRShigh/
TMEhigh, and GRShigh/TMElow. The GRS-TME classifier exhibited statistically distinct
prognostic outcomes within the Meta-TCGA cohort, with the GRSlow/TMEhigh subgroup
manifesting the most favorable prognosis in comparison to the other three subgroups
(Fig. 3C). Since the prognosis of patients in the four subgroups were less divergent, we
merged the GRSlow/TMElow and GRShigh/TMEhigh subgroups into a mixed subgroup
(Fig. 3D). By utilizing the GRS-TME classifier, glioma patients were clearly classified into
three subgroups (Fig. 3E). Moreover, the GRS-TME classifier demonstrated area under the
curve (AUC) values of 0.871, 0.912, and 0.864 for 1-, 3- and 5-year overall survival,

Figure 2 Glycolysis promotes the immunosuppressive microenvironment in glioma. (A–C) Differences in stromal score, immune score, and
tumor purity among different glycolysis subgroups; (D) differences in immunosuppressive cells CAF, MDSC, and TAM among different glycolysis
subgroups; (E) analysis of the content of 22 immune cells among different glycolysis subgroups. �p < 0.05; ��p < 0.01; ���p < 0.001.

Full-size DOI: 10.7717/peerj.16066/fig-2
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respectively (Fig. 3F). These findings indicate that the GRS-TME classifier has the potential
to enhance the accuracy of prognostic prediction in glioma.

Validation and evaluation of the GRS-TME classifier in different
cohorts
The prognostic value of the GRS-TME classifier was further validated and evaluated in the
CGGA cohort. Patients in the GRSlow/TMEhigh subgroup exhibited the most favorable
prognosis compared to the other subgroups, which consistent with previous findings
(p < 0.001; Fig. 4A). ROC analysis revealed AUC values of 0.705, 0.765, and 0.777,
respectively, for the performance of the GRS-TME classifier at 1, 3, and 5 years,
respectively (Fig. 4B). Moreover, comparable survival outcomes were observed in the
CGGA-325 and CGGA-693 cohorts (p < 0.001; Figs. 4C and 4D). Further subgroup
analysis revealed significant prognostic differences in the GRS-TME classifier among IDH
wild-type and mutant type, particularly demonstrating significant prognostic stratification
among patients with IDH mutant (p < 0.001; Figs. 4E and 4F). Pathological WHO grade

Figure 3 Development of GRS-TME classifier for improved prognostic assessment in glioma. (A) Kaplan–Meier survival analysis of GRS score;
(B) Kaplan–Meier survival analysis of TME score; (C) Kaplan–Meier survival analysis of four different subgroups based on GRS-TME classifier; (D)
Kaplan–Meier survival analysis of three different subgroups based on GRS-TME classifier; (E) two-dimensional clustering analysis based on
GRS-TME classifier; (F) ROC analysis for the 1‐, 3‐, 5‐year survival according to GRS-TME classifier. Full-size DOI: 10.7717/peerj.16066/fig-3
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serves as a crucial prognostic factor for patients with glioma, and the GRS-TME classifier
exhibited significant prognostic differences across various WHO grades (p < 0.05; Figs. 4G
and 4I). Univariate and multivariate Cox analysis demonstrated that GRS-TME classifier
was also independent prognostic factors for overall survival (Table 1). These findings

Figure 4 Validation and evaluation of GRS-TME classifier in different cohorts and clinical subgroups. (A) Kaplan–Meier survival analysis of the
GRS-TME classifier in the CGGA cohort; (B) ROC analysis of the GRS-TME classifier in the CGGA cohort; (C and D) Kaplan–Meier survival
analysis of the GRS-TME classifier in the CGGA-325 and CGGA-693 cohorts, respectively; (E and F) Kaplan–Meier survival analysis of the
GRS-TME classifier in IDH wild-type and mutant type, respectively; (G and I) Kaplan–Meier survival analysis of the GRS-TME classifier in different
WHO grades, respectively. Full-size DOI: 10.7717/peerj.16066/fig-4
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further demonstrated the prognostic significance of the GRS-TME classifier in various
cohorts and clinical subgroups for glioma patients.

Molecular characteristics of the GRS-TME classifier
Subsequently, we analyzed gene mutations to enhance our comprehension of the
molecular characteristics of the distinct GRS-TME subgroups in glioma. The top 15 genes
with the highest mutation rates were identified in the GRSlow/TMEhigh and GRShigh/
TMElow subgroups, with IDH1, TP53, and ATRX having mutation rates exceeding 10%.
In the GRSlow/TMEhigh subgroup, four genes with the highest mutation frequencies were
IDH1 (93%), TP53 (50%), ATRX (45%), and CIC (25%), whereas in the GRShigh/TMElow

subgroup, they were TP53 (34%), TTN (25%), EGFR (25%), and PTEN (25%) (Figs. 5A and
B). Moreover, we investigated the association between tumor mutational burden (TMB)
and the GRS-TME classifier. The results revealed that the GRSlow/TMEhigh subgroup had
the lowest TMB, whereas the GRShigh/TMElow subgroup exhibited the highest TMB

Table 1 Univariate and multivariate Cox regression analysis.

Variables Univariate analysis Multivariate analysis

HR [95% CI] p-value HR [95% CI] p-value

Age 1.029 [1.021–1.036] <0.001 1.012 [1.004–1.019] 0.002

Gender

Female 1.000 NA NA

Male 1.022 [0.869–1.202] 0.790 NA NA

Grade

II 1.000 1.000

III 2.784 [2.158–3.592] <0.001 2.257 [1.673–3.046] <0.001

IV 7.682 [6.001–9.834] <0.001 4.327 [3.16–5.924] <0.001

IDH mutation

Wildtype 1.000 1.000

Mutant 0.331 [0.28–0.391] <0.001 0.904 [0.714–1.146] 0.405

1p19q codeletion

Non-codeletion 1.000 1.000

Codeletion 0.230 [0.175–0.302] <0.001 0.363 [0.263–0.500] <0.001

MGMTp methylation

Un-methylated 1.000 1.000

Methylated 0.810 [0.683–0.961] 0.016 0.864 [0.717–1.041] 0.125

Recurrence status

Non-recurrence 1.000 1.000

Recurrence 2.005 [1.697–2.367] <0.001 2.082 [1.713–2.529] <0.001

GRS-TME

GRSLow/TMEHigh 1.000 1.000

Mixed 2.082 [1.676–2.587] <0.001 1.546 [1.181–2.023] 0.001

GRSHigh/TMELow 3.965 [3.204–4.906] <0.001 1.812 [1.378–2.382] <0.001

Note:
NA, Not applicable.
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(p < 0.001; Fig. 5C). Moreover, we employed GSEA to examine the intratumor cellular
signaling pathways within the GRS-TME classifier. The results of KEGG enrichment
analysis demonstrated significant enrichment of the cell cycle, DNA replication, ECM
receptor interaction, homologous recombination, and P53 signaling pathway in the
GRShigh/TMElow subgroup (Fig. 5D). Additionally, the enrichment analysis of
cancer-related hallmarks indicated significant enrichment of angiogenesis,
epithelial-mesenchymal transition, glycolysis, hypoxia, and interferon-alpha response in
the GRShigh/TMElow subgroup (Fig. 5E).

Prediction of immunotherapy response based on the GRS-TME
classifier in glioma
To assess the predictive value of the GRS-TME classifier in immunotherapy response, we
initially analyzed the expression levels of activation and inhibitory immune markers in
distinct subgroups of the GRS-TME classifier. Clear evidence indicates the presence of

Figure 5 Molecular features of the GRS-TME classifier in glioma. (A and B) The top 15 mutation genes in the the GRSlow/TMEhigh and GRShigh/
TMElow subgroups, respectively; (C) comparison of tumor mutational burden among different GRS-TME classifier subgroups; (D and E) KEGG and
cancer-related hallmarks signaling pathways enrichment analysis, respectively. Full-size DOI: 10.7717/peerj.16066/fig-5
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distinct expression patterns of immune molecules among various subgroups,
encompassing activation immune markers like CD28, CD40, CXCR4, and IL6 (Fig. 6A).
In the GRShigh/TMElow subgroup, the inhibitory immune checkpoint molecules (CTLA4,
IDO1, LAG3, and PDCD1) exhibited elevated expression levels compared to the GRSlow/
TMEhigh subgroup (Fig. 6B). Furthermore, we employed the TIDE algorithm to predict T
cell dysfunction and exclusion, as well as the response rates to immunotherapy in glioma.
We found substantial differences in TIDE and T-cell exclusion score across various
GRS-TME subgroups, with the highest values observed in the GRShigh/TMElow subgroup
(Figs. 6C and 6D). Furthermore, the immunotherapy responsive group displayed lower
GRS score and higher TME score compared to the non-responsive group to
immunotherapy (Figs. 6E and 6F). Lastly, we validated the predictive value of the
GRS-TME classifier in immunotherapy response using the IMvigor210 immunotherapy
cohort. In line with the previous findings, the GRSlow/TMEhigh subgroup demonstrated the
highest immunotherapy response rate and the most favorable survival prognosis (p < 0.05;
Figs. 6G and 6H). These results indicate the capacity of the GRS-TME classifier to predict
the immunotherapy response in patients with glioma.

KIF20A as a prognostic biomarker and therapeutic target for glioma
KIF20A was identified as a key gene in glioma by using protein-protein interaction (PPI)
network. Previous research has indicated that elevated expression of KIF20A is associated
with an unfavorable prognosis in patients with glioma. Nevertheless, the role and
mechanism of KIF20A in glioma remain unclear. We firstly examined the expression of
KIF20A in glioma, and we observed a significant upregulation of KIF20A in tumor tissue
compared to normal tissue in the TCGA-LGG and TCGA-GBM cohorts (all p < 0.05,
Fig. 7A). Furthermore, we discovered that glioma patients exhibiting higher expression
levels of KIF20A had a worse prognosis than those with lower expression levels (all
p < 0.001, Figs. 7B and 7C). As shown in Figs. 7D and 7E, siKIF20A significantly decreased
the expression of KIF20A in U251 cells compared to the siNC group. Importantly, our in
vitro experimental results demonstrated that siRNA targeting KIF20A effectively
suppressed the proliferation and migration of U251 cells (Figs. 7F and 7G). Collectively,
our study suggested that KIF20A is a potential biomarker for glioma.

DISCUSSION
Glioma is a complex and aggressive malignancy characterized by a challenging prognosis,
which presents difficulties in establishing effective clinical treatment strategies.
Consequently, additional research is necessary to advance our comprehension of the
underlying molecular mechanisms in glioma and to devise enhanced prognostic
assessment and treatment strategies. In this study, we conducted transcriptome analysis of
four glioma cohorts and identified glycolysis as the foremost prognostic risk factor in
glioma. Analysis of the immune microenvironment in glioma revealed M2 macrophages as
the predominant immune cells, while also demonstrating that glycolysis promotes the
formation of an immunosuppressive microenvironment and immune evasion in glioma.
Considering the significance of glycolysis and the tumor microenvironment in glioma
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Figure 6 Prediction of immunotherapy response based on GRS-TME classifier in glioma. (A and B) The expression of activation and inhibitory
immune markers in different GRS-TME subgroups, respectively; (C and D) TIDE, and T-cell exclusion score in different GRS-TME subgroups,
respectively; (E and F) GRS and TME score in different GRS-TME subgroups, respectively; (G) the different percentages of anti-PD-L1 immu-
notherapy in the IMvigor210 cohort; (H) Kaplan–Meier survival analysis of the GRS-TME classifier in the IMvigor210 cohort. �p < 0.05; ��p < 0.01;
���p < 0.001; ns, not significant. Full-size DOI: 10.7717/peerj.16066/fig-6
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prognosis, we developed a novel classifier named GRS-TME for the assessment of glioma
prognosis. We validated the GRS-TME classifier using various cohorts and clinical
subgroups (IDH mutant and WHO Grade), demonstrating its predictive value for
immunotherapy response in patients with glioma. Furthermore, this study identified the
significant role of the KIF20A gene in glioma through in vitro experiments. KIF20A is a
kinesin motor protein with significant roles in cell division and intracellular transport. It is

Figure 7 KIF20A as a prognostic biomarker and therapeutic target for glioma. (A) The relative expression of KIF20A in TCGA-LGG and
TCGA-GBM cohorts; (B) Kaplan–Meier survival analysis of the KIF20A in the Meta-TCGA cohort; (C) Kaplan–Meier survival analysis of the
KIF20A in the Meta-CGGA cohort; (D and E) The efficiency of siKIF20A was verified by Western blot; (F) KIF20A knock down can significantly
inhibit U251 cell proliferation; (G) KIF20A knock down can significantly inhibit U251 cell migration. �p < 0.05; ���p < 0.001.

Full-size DOI: 10.7717/peerj.16066/fig-7
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overexpressed in various cancers, including glioma, breast cancer, lung cancer, and
colorectal cancer. The overexpression of KIF20A can contribute to cancer cell
proliferation, migration, and invasion. Elevated KIF20A levels have been associated with
advanced tumor grades and poorer prognosis in patients with glioma. These findings
highlight its potential as a prognostic marker and therapeutic target in glioma.

Glycolysis is a crucial energy metabolism pathway that converts glucose into lactate,
generating energy under hypoxic conditions (Abdel-Wahab, Mahmoud & Al-Harizy,
2019). Enhanced glycolysis provides sufficient energy and metabolic products for glioma
cells, promoting tumor cell growth, invasion, and metastasis (Paul, Ghosh & Kumar, 2022).
Glioma universally exhibit increased activity of the glycolytic pathway, which is closely
linked to unfavorable prognosis and treatment resistance. Furthermore, glycolysis
significantly influences the regulation of the immune microenvironment (Arner &
Rathmell, 2023). Increased glycolysis induces the generation of substantial lactate by
glioma cells, thereby influencing the function and activity of immune cells.
The accumulation of lactate inhibits immune cell function, suppresses T cell proliferation
and activation, reduces natural killer cell cytotoxicity, and promotes the increase of
immune suppressive cells, including regulatory T cells and macrophages (Ye, Jiang &
Zhang, 2022). Hence, glycolysis has the potential to serve as a biomarker for prognostic
assessment in patients with glioma. Through a meta-analysis of four glioma transcriptome
cohorts, we determined that glycolysis is the most important prognostic risk factor for
glioma patients. Glioma patients with lower levels of glycolysis have a more favorable
prognosis in the TCGA and CGGA cohorts compared to those with elevated levels of
glycolysis. These findings suggest that targeting glycolysis has become a critical therapeutic
strategy for patients with glioma.

Glioma is a heterogeneous tumor characterized by diverse cell types and molecular
subtypes, which can influence the development of the tumor immune microenvironment
(DeCordova et al., 2020). Subsequently, we performed a comprehensive analysis of the
immune microenvironment in glioma patients. The results indicated a correlation between
glioma heterogeneity and glycolysis, as gliomas with high glycolysis levels exhibited lower
tumor purity compared to those with low levels. In addition, we found a significant
association between glycolysis and an immunosuppressive microenvironment
characterized by increased levels of immune suppressor cells, such as CAFs and TAMs.
CAFs and TAMs play important roles in the growth, invasion, metastasis, and immune
response of glioma by participating in multiple signaling pathways (Gunaydin, 2021).
Activated CAFs can generate abundant extracellular matrix ECM components, including
collagen protein, thus enhancing the adhesion and migratory capacities of tumor cells.
CAFs can also participate in tumor cell proliferation, invasion, and metastasis through
other signaling pathways such as Wnt, Hedgehog, and Notch (Fang et al., 2023).
Meanwhile, activated TAMs can secrete various cytokines and chemicals, such as IL-10,
TGF-β, and VEGF, which inhibit the function of immune cells, regulate immune
responses, and promote tumor growth (Mao et al., 2021). Furthermore, we found that

Fan et al. (2023), PeerJ, DOI 10.7717/peerj.16066 16/20

http://dx.doi.org/10.7717/peerj.16066
https://peerj.com/


lower levels of activated NK cells and helper T cells in glioma patients with high glycolysis
levels. Helper T cells can stimulate the activation of immune cells via IFN-γ, thereby
activating macrophages and the cytotoxicity of NK cells, and facilitating antigen
presentation by antigen-presenting cells like dendritic cells. Moreover, helper T cells can
secrete cytokines such as interleukin-2 and interleukin-17, which regulate the activation of
immune cells. These findings suggest that glycolysis can contribute to immune evasion in
glioma, thereby enhancing our understanding of the involvement of glycolysis in the
immune microenvironment of glioma.

Currently, specific gene expression signatures can be used to predict the survival
prognosis of glioma patients. Due to the significant heterogeneity of glioma, it is imperative
to identify novel biomarkers that can improve the precision of clinical prognostic
predictions only based on prognostic-related genes. Considering the importance of
glycolysis and the TME as prognostic factors in glioma, we developed a GRS-TME
classifier by combining the glycolysis (18 genes) and TME (seven immune cells) scores in
this study. Patients with low GRS score or high TME score had better overall survival
outcomes. Glioma patients were classified into four subgroups based on their GRS score
and TME score: GRSlow/TMEhigh, GRSlow/TMElow, GRShigh/TMEhigh, and GRShigh/
TMElow. Survival analysis of the GRS-TME classifier revealed significant differences across
multiple independent cohorts, with the GRSlow/TMEhigh subgroup demonstrating the best
survival prognosis compared to other subgroups.

We further evaluated the role of the GRS-TME classifier in immunotherapy. Using the
TIDE algorithm, we found that GRShigh/TMElow subgroup patients had higher T-cell
dysfunction and exclusion score, while GRSlow/TMEhigh subgroup patients were more
likely to have a higher response rate to immunotherapy. Moreover, we found that
significant differences in the expression levels of immune checkpoints among the
GRS-TME subgroups, such as IDO1, LAG3, and PDCD1, suggesting that different
subgroups might exhibit distinct response rates to immunotherapy. We performed a
comprehensive investigation of the role of GRS-TME classifier in the IMvigor210 cohort,
and found that patients in the GRSlow/TMEhigh subgroup had a higher response rate to
immunotherapy and clinical survival outcomes. These results suggest that the GRS-TME
classifier has the ability to identify the responsive population for immunotherapy, and has
the potential to serve as a novel biomarker for immunotherapy in patients with glioma.

However, there are several limitations in this study. First, although we conducted
validation in multiple cohorts, further validation of these results is still required in
independent cohorts. Second, this study relied on bioinformatics methods and publicly
available databases for analysis, while the actual situations in clinical research may be
influenced by other factors. Therefore, future clinical studies should consider more patient
characteristics and clinical variables. In addition, despite the preliminary functional
investigation of the KIF20A in this study, its precise mechanism of action in glioma
remains unclear, demanding further comprehensive research to clarify its molecular
mechanism.
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CONCLUSIONS
This study developed and validated a personalized classifier based on glycolysis and tumor
microenvironment to aid in the prediction of the survival prognosis of glioma patients,
which may help to guide clinical decisions.

ACKNOWLEDGEMENTS
We thank Dr. Jianming Zeng (University of Macau), and all the members of his
bioinformatics team, biotrainee, for generously sharing their experience and codes.
All authors are also grateful to patients who contributed data to this study.

ADDITIONAL INFORMATION AND DECLARATIONS

Funding
The authors received no funding for this work.

Competing Interests
The authors declare that they have no competing interests.

Author Contributions
� Pengfei Fan conceived and designed the experiments, performed the experiments,
prepared figures and/or tables, and approved the final draft.

� Jinjin Xia performed the experiments, prepared figures and/or tables, and approved the
final draft.

� Meifeng Zhou analyzed the data, authored or reviewed drafts of the article, and approved
the final draft.

� Chao Zhuo analyzed the data, authored or reviewed drafts of the article, and approved
the final draft.

� Hui He conceived and designed the experiments, prepared figures and/or tables, and
approved the final draft.

Data Availability
The following information was supplied regarding data availability:

The raw data and code is available in the Supplemental File.

Supplemental Information
Supplemental information for this article can be found online at http://dx.doi.org/10.7717/
peerj.16066#supplemental-information.

REFERENCES
Abdel-Wahab AF, Mahmoud W, Al-Harizy RM. 2019. Targeting glucose metabolism to suppress

cancer progression: prospective of anti-glycolytic cancer therapy. Pharmacological Research
150(18):104511 DOI 10.1016/j.phrs.2019.104511.

AdachiK, TamadaK. 2015. Immune checkpoint blockade opens an avenue of cancer immunotherapy
with a potent clinical efficacy. Cancer Science 106(8):945–950 DOI 10.1111/cas.12695.

Fan et al. (2023), PeerJ, DOI 10.7717/peerj.16066 18/20

http://dx.doi.org/10.7717/peerj.16066#supplemental-information
http://dx.doi.org/10.7717/peerj.16066#supplemental-information
http://dx.doi.org/10.7717/peerj.16066#supplemental-information
http://dx.doi.org/10.1016/j.phrs.2019.104511
http://dx.doi.org/10.1111/cas.12695
http://dx.doi.org/10.7717/peerj.16066
https://peerj.com/


Arner EN, Rathmell JC. 2023. Metabolic programming and immune suppression in the tumor
microenvironment. Cancer Cell 41(3):421–433 DOI 10.1016/j.ccell.2023.01.009.

Berger TR, Wen PY, Lang-Orsini M, Chukwueke UN. 2022. World Health Organization 2021
classification of central nervous system tumors and implications for therapy for adult-type
gliomas: a review. JAMA Oncology 8(10):1493–1501 DOI 10.1001/jamaoncol.2022.2844.

Bush NA, Chang SM, Berger MS. 2017. Current and future strategies for treatment of glioma.
Neurosurgical Review 40(1):1–14 DOI 10.1007/s10143-016-0709-8.

DeCordova S, Shastri A, Tsolaki AG, Yasmin H, Klein L, Singh SK, Kishore U. 2020.Molecular
heterogeneity and immunosuppressive microenvironment in glioblastoma. Frontiers in
Immunology 11:1402 DOI 10.3389/fimmu.2020.01402.

Eckel-Passow JE, Lachance DH, Molinaro AM, Walsh KM, Decker PA, Sicotte H, Pekmezci M,
Rice T, Kosel ML, Smirnov IV, Sarkar G, Caron AA, Kollmeyer TM, Praska CE, Chada AR,
Halder C, Hansen HM, McCoy LS, Bracci PM, Marshall R, Zheng S, Reis GF, Pico AR,
O’Neill BP, Buckner JC, Giannini C, Huse JT, Perry A, Tihan T, Berger MS, Chang SM,
Prados MD, Wiemels J, Wiencke JK, Wrensch MR, Jenkins RB. 2015. Glioma groups based
on 1p/19q, IDH, and TERT promoter mutations in tumors. The New England Journal of
Medicine 372:2499–2508 DOI 10.1056/NEJMoa1407279.

Fang Z, Meng Q, Xu J, Wang W, Zhang B, Liu J, Liang C, Hua J, Zhao Y, Yu X, Shi S. 2023.
Signaling pathways in cancer-associated fibroblasts: recent advances and future perspectives.
Cancer Communication 43(1):3–41 DOI 10.1002/cac2.12392.

Genoud V, Marinari E, Nikolaev SI, Castle JC, Bukur V, Dietrich PY, Okada H, Walker PR.
2018. Responsiveness to anti-PD-1 and anti-CTLA-4 immune checkpoint blockade in SB28 and
GL261 mouse glioma models. Oncoimmunology 7(12):e1501137
DOI 10.1080/2162402X.2018.1501137.

Gieryng A, Pszczolkowska D, Walentynowicz KA, Rajan WD, Kaminska B. 2017. Immune
microenvironment of gliomas. Laboratory Investigation 97(5):498–518
DOI 10.1038/labinvest.2017.19.

Gunaydin G. 2021. CAFs interacting with TAMs in tumor microenvironment to enhance
tumorigenesis and immune evasion. Frontiers in Oncology 11:668349
DOI 10.3389/fonc.2021.668349.

Guo X, Wang G. 2023. Advances in research on immune escape mechanism of glioma. CNS
Neuroscience & Therapeutics 29(7):1709–1720 DOI 10.1111/cns.14217.

Jiang P, Gu S, Pan D, Fu J, Sahu A, Hu X, Li Z, Traugh N, Bu X, Li B, Liu J, Freeman GJ,
Brown MA, Wucherpfennig KW, Liu XS. 2018. Signatures of T cell dysfunction and exclusion
predict cancer immunotherapy response. Nature Medicine 24(10):1550–1558
DOI 10.1038/s41591-018-0136-1.

Liberzon A, Birger C, Thorvaldsdottir H, Ghandi M, Mesirov JP, Tamayo P. 2015. The
molecular signatures database (MSigDB) hallmark gene set collection. Cell Systems 1(6):417–425
DOI 10.1016/j.cels.2015.12.004.

Liu F, Huang J, Liu X, Cheng Q, Luo C, Liu Z. 2020. CTLA-4 correlates with immune and clinical
characteristics of glioma. Cancer Cell International 20(1):7 DOI 10.1186/s12935-019-1085-6.

Ma R, Taphoorn MJB, Plaha P. 2021. Advances in the management of glioblastoma. Journal of
Neurology, Neurosurgery & Psychiatry 92(10):1103–1111 DOI 10.1136/jnnp-2020-325334.

Mao X, Xu J, Wang W, Liang C, Hua J, Liu J, Zhang B, Meng Q, Yu X, Shi S. 2021. Crosstalk
between cancer-associated fibroblasts and immune cells in the tumor microenvironment: new
findings and future perspectives.Molecular Cancer 20(1):131 DOI 10.1186/s12943-021-01428-1.

Fan et al. (2023), PeerJ, DOI 10.7717/peerj.16066 19/20

http://dx.doi.org/10.1016/j.ccell.2023.01.009
http://dx.doi.org/10.1001/jamaoncol.2022.2844
http://dx.doi.org/10.1007/s10143-016-0709-8
http://dx.doi.org/10.3389/fimmu.2020.01402
http://dx.doi.org/10.1056/NEJMoa1407279
http://dx.doi.org/10.1002/cac2.12392
http://dx.doi.org/10.1080/2162402X.2018.1501137
http://dx.doi.org/10.1038/labinvest.2017.19
http://dx.doi.org/10.3389/fonc.2021.668349
http://dx.doi.org/10.1111/cns.14217
http://dx.doi.org/10.1038/s41591-018-0136-1
http://dx.doi.org/10.1016/j.cels.2015.12.004
http://dx.doi.org/10.1186/s12935-019-1085-6
http://dx.doi.org/10.1136/jnnp-2020-325334
http://dx.doi.org/10.1186/s12943-021-01428-1
http://dx.doi.org/10.7717/peerj.16066
https://peerj.com/


Mougel A, Terme M, Tanchot C. 2019. Therapeutic cancer vaccine and combinations with
antiangiogenic therapies and immune checkpoint blockade. Frontiers in Immunology 10:467
DOI 10.3389/fimmu.2019.00467.

Newman AM, Liu CL, Green MR, Gentles AJ, Feng W, Xu Y, Hoang CD, Diehn M,
Alizadeh AA. 2015. Robust enumeration of cell subsets from tissue expression profiles. Nature
Methods 12(5):453–457 DOI 10.1038/nmeth.3337.

Nicholson JG, Fine HA. 2021. Diffuse glioma heterogeneity and its therapeutic implications.
Cancer Discovery 11(3):575–590 DOI 10.1158/2159-8290.CD-20-1474.

Paul S, Ghosh S, Kumar S. 2022. Tumor glycolysis, an essential sweet tooth of tumor cells.
Seminars in Cancer Biology 86(1):1216–1230 DOI 10.1016/j.semcancer.2022.09.007.

Pombo Antunes AR, Scheyltjens I, Duerinck J, Neyns B, Movahedi K, Van Ginderachter JA.
2020. Understanding the glioblastoma immune microenvironment as basis for the development
of new immunotherapeutic strategies. Elife 9:509 DOI 10.7554/eLife.52176.

Sampson JH, Gunn MD, Fecci PE, Ashley DM. 2020. Brain immunology and immunotherapy in
brain tumours. Nature Reviews Cancer 20(1):12–25 DOI 10.1038/s41568-019-0224-7.

Sledzinska P, Bebyn MG, Furtak J, Kowalewski J, Lewandowska MA. 2021. Prognostic and
predictive biomarkers in gliomas. International Journal of Molecular Sciences 22(19):10373
DOI 10.3390/ijms221910373.

Steeg PS. 2021. The blood-tumour barrier in cancer biology and therapy. Nature Reviews Clinical
Oncology 18(11):696–714 DOI 10.1038/s41571-021-00529-6.

Waldman AD, Fritz JM, Lenardo MJ. 2020. A guide to cancer immunotherapy: from T cell basic
science to clinical practice. Nature Reviews Immunology 20(11):651–668
DOI 10.1038/s41577-020-0306-5.

Yan H, Parsons DW, Jin G, McLendon R, Rasheed BA, Yuan W, Kos I, Batinic-Haberle I,
Jones S, Riggins GJ, Friedman H, Friedman A, Reardon D, Herndon J, Kinzler KW,
Velculescu VE, Vogelstein B, Bigner DD. 2009. IDH1 and IDH2 mutations in gliomas. New
England Journal of Medicine 360(8):765–773 DOI 10.1056/NEJMoa0808710.

Ye L, Jiang Y, Zhang M. 2022. Crosstalk between glucose metabolism, lactate production and
immune response modulation. Cytokine & Growth Factor Reviews 68(3):81–92
DOI 10.1016/j.cytogfr.2022.11.001.

Yoshihara K, Shahmoradgoli M, Martinez E, Vegesna R, Kim H, Torres-Garcia W, Trevino V,
Shen H, Laird PW, Levine DA, Carter SL, Getz G, Stemke-Hale K, Mills GB, Verhaak RG.
2013. Inferring tumour purity and stromal and immune cell admixture from expression data.
Nature Communications 4(1):2612 DOI 10.1038/ncomms3612.

Zhang M, Wang X, Chen X, Zhang Q, Hong J. 2020. Novel immune-related gene signature for
risk stratification and prognosis of survival in lower-grade glioma. Frontiers in Genetics 11:363
DOI 10.3389/fgene.2020.00363.

Zhang N, Zhang H, WuW, Zhou R, Li S, Wang Z, Dai Z, Zhang L, Liu F, Liu Z, Zhang J, Luo P,
Liu Z, Cheng Q. 2022a. Machine learning-based identification of tumor-infiltrating immune
cell-associated lncRNAs for improving outcomes and immunotherapy responses in patients
with low-grade glioma. Theranostics 12(13):5931–5948 DOI 10.7150/thno.74281.

Zhang S, Xiao X, Wang Y, Song T, Li C, Bao H, Liu Q, Sun G, Sun X, Su T, Fu T, Wang Y,
Liang P. 2022b. Developing an immune-related signature for predicting survival rate and the
response to immune checkpoint inhibitors in patients with glioma. Frontiers in Genetics
13:899125 DOI 10.3389/fgene.2022.899125.

Fan et al. (2023), PeerJ, DOI 10.7717/peerj.16066 20/20

http://dx.doi.org/10.3389/fimmu.2019.00467
http://dx.doi.org/10.1038/nmeth.3337
http://dx.doi.org/10.1158/2159-8290.CD-20-1474
http://dx.doi.org/10.1016/j.semcancer.2022.09.007
http://dx.doi.org/10.7554/eLife.52176
http://dx.doi.org/10.1038/s41568-019-0224-7
http://dx.doi.org/10.3390/ijms221910373
http://dx.doi.org/10.1038/s41571-021-00529-6
http://dx.doi.org/10.1038/s41577-020-0306-5
http://dx.doi.org/10.1056/NEJMoa0808710
http://dx.doi.org/10.1016/j.cytogfr.2022.11.001
http://dx.doi.org/10.1038/ncomms3612
http://dx.doi.org/10.3389/fgene.2020.00363
http://dx.doi.org/10.7150/thno.74281
http://dx.doi.org/10.3389/fgene.2022.899125
http://dx.doi.org/10.7717/peerj.16066
https://peerj.com/

	Development and validation of a personalized classifier to predict the prognosis and response to immunotherapy in glioma based on glycolysis and the tumor microenvironment ...
	Introduction
	Materials and Methods
	Results
	Discussion
	Conclusions
	flink6
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile (None)
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth 8
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /FlateEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth 8
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /FlateEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Average
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


