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Abstract

Purpose Despite Phosphoenolpyruvate carboxykinase 2 (PCK2) has attracted growing attention as a potential biomarker
in cancer research, its role in medulloblastoma (MB) remains unclear. This research aims to evaluate PCK2 as a novel bio-
marker for groups 3 and 4 MB and to investigate its associations with prognosis and the tumor immune microenvironment.
Methods Five cohorts were extracted to identify characteristic genes associated with MB molecular subtypes through gene
differential expression analysis and machine learning techniques. Kaplan-Meier survival analysis, alongside univariate and
multivariate COX regression analyses, was employed to investigate the relationship between PCK2 expression and clinical
significance. Immunohistochemistry was used to detect PCK2 expression in MB samples. ROC analysis was performed to
verify the specificity of PCK2. MCP-counter, CIBERSORT, and ssGSEA were used to explore the correlation of tumor-
infiltrating immune cells according to PCK2 expression. Immunofluorescence was performed to testify the co-expression
patterns across PCK2, CD206 and PD-L1 in MB tissues.

Results PCK?2 is increasingly expressed in Group 3 MB and could serve as an independent poor prognostic indicator for MB
patients. PCK2 correlates with immune infiltrates and immunosuppression. Furthermore, PCK?2 exhibits a positive correla-
tion with M2-type macrophage infiltration and is co-expressed with CD206 and PD-L1 in MB tissues.

Conclusion Our study demonstrates that PCK2 may serve as a reliable biomarker for differentiating Group 3 from Group
4 MB and could potentially play a role in immunotherapy-related mechanisms.
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Introduction

Medulloblastoma (MB) is the most common embryonal
brain tumor in children, accounting for 20% of pediatric
central nervous system tumors. Its incidence is 0.18 per
100,000, with a male-to-female ratio of approximately 1.7:1
and a median age at diagnosis of 9 years [1]. According to
the 2021 5th edition of the WHO Central Nervous System
Tumors classification, MB molecular subtypes are cat-
egorized into four groups: WNT-activated, SHH-activated,
Group 3 and Group 4 [2]. The prognosis varies significantly
among subtypes. Group 3 MB exhibits the poorest overall
prognosis and often necessitates a more aggressive treat-
ment regimen. Currently, DNA methylation serves as the
“gold standard” for molecular typing of MB. However, the
high costs associated with detection and limited technical
accessibility have hindered its widespread clinical adoption.
There remains a deficiency of effective biological mark-
ers for distinguishing between Group 3 and Group 4 MB.
Consequently, there is an urgent need to identify novel bio-
markers that are both highly accessible and demonstrably
effective in aiding the preliminary clinical classification of
MB.

Metabolic reprogramming constitutes one of the funda-
mental characteristics of cancer [3]. Tumor cells typically
possess an enhanced capacity for synthesizing energy and
biological macromolecules, and they can also modify the
surrounding microenvironment to fulfill their proliferative
demands. This metabolic pattern is influenced by various
factors, including nutrient availability, oxygen levels, and
genetic variations, which in turn dictate the differentiated
utilization of energy sources such as glucose and fatty acids
[4]. In contrast to normal tissue cells, most cancer cells pre-
dominantly rely on the glycolytic pathway for rapid energy
production, a phenomenon known as the Warburg effect
[5]. This process not only facilitates the malignant prolif-
eration of tumors but also contributes to their resistance to
chemotherapy. Furthermore, the metabolic reprogramming
of the tumor microenvironment (TME) is intricately linked
to tumor immune evasion [6].

Phosphoenolpyruvate carboxykinase 2 (PCK2) serves as
a crucial rate-limiting enzyme in the glycolytic and gluco-
neogenic pathways [7-9]. Its functions extend beyond the
traditional regulatory roles associated with these pathways,
significantly contributing to metabolic reprogramming in
tumors [10]. In recent years, PCK2 has emerged as a focal
point of research within the field of oncology. PCK2 plays
a central regulatory role in the initiation and progression
of various malignant tumors, including hepatocellular car-
cinoma, breast cancer, and lung cancer [11]. It influences
tumor progression and patient prognosis through multiple
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mechanisms and may be linked to tumor-associated immu-
nosuppressive states [12—14].

In recent years, advancements in technologies such as
machine learning (ML) and single-cell sequencing have
facilitated the exploration of the molecular regulatory
mechanisms underlying tumors and the identification of
biomarkers with clinical translational potential [15-18].
Here, we integrated multi-cohort data from online dataset,
developed a prediction model for Group 3 and Group 4 MB
using ML techniques, and identified the key gene PCK2.
We also revealed the prognostic value and mechanism of
action of PCK2 in MB from multiple perspectives, which
provided a theoretical basis for the development of thera-
peutic strategies targeting the PCK2-associated immune
microenvironment.

Methods and materials
Gene expression data from public databases

Gene expression data and clinical information from a total
of 1676 MB patients were obtained from the Gene Expres-
sion Omnibus (GEO, http://www.ncbi.nlm.nih.gov/geo/)
and R2 Genomics Analysis and Visualization Platform (ht
tp://r2.amc.nl). Five RNA-seq datasets with molecular sub
types were included: GSE37418, GSE85217, emtab10767,
mbffpe420, and mbffpe86. The “limma” package in the R
software (Version 4.3.2) was used to normalize and stan-
dardize the datasets. And the “ComBat” method within the
“sva” package was applied to mitigate batch effects across
all datasets, followed by pooling the five datasets. Principal
component analysis (PCA) demonstrated that batch effects
were eliminated in all datasets.

Inclusion and exclusion criteria

All samples included in our study met the following inclu-
sion criteria: ® Pathologically confirmed diagnosis of MB;
® Molecular subtypes of all MB samples as Group 3 MB
(n=401) or Group 4 MB (n=792). Exclusion criteria
included: The molecular subtype is uncertain or of other
types (n=483).

Screening for MB molecular subtype-associated
feature genes

With filtering criteria of LogFC>1 and p<0.05, differen-
tial gene expression analysis was performed on the included
data using the “limma” package. The “pheatmap” package
facilitated the creation of a heatmap. Three ML algorithms,
Least Absolute Shrinkage and Selection Operator (LASSO),
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Support Vector Machine with Radial Basis Function Ker-
nel (SVM-RFE), and Random Forest (RF), were applied to
identify feature genes associated with molecular subtypes.
The “ggvenn” and “ggplot2” package were utilized to gen-
erate a Venn plot and a volcano plot respectively, enabling
the visualization of the results.

Construction of MB molecular subtyping prediction
models

The merged dataset was randomly divided into a training
set (70.0%) and a validation set(30.0%). Ten ML algo-
rithms were used to construct models for diagnosing MB
molecular subtypes: Partial Least Squares (PLS), Gradient
Boosting with Generalized Linear Models as base learners
(glmboost), RF, SVM-RFE, Decision Tree (DTS), Gradient
Boosting Machine (GBM), k-Nearest Neighbors (KNN),
eXtreme Gradient Boosting (XGBoost), Neural Network
(nnet), and Logistic Regression (LogisticR). Cross-valida-
tion was performed using the “repeatedcv”’ method, and
model performance was evaluated through receiver operat-
ing characteristic (ROC) curve analysis.

The SHapley Additive exPlanations (SHAP) method
was utilized to identify and analyze the key feature genes
associated with MB molecular subtypes. By quantifying
the contribution of each feature to the model’s predictions,
the maximum likelihood model is elucidated using SHAP
[19]. The “fastshap” and “shapviz” packages were used to
compute the mean Shapley value for each gene within the
training and validation cohorts of each model [20]. Genes
exerting a significant influence on the models were filtered
for further analysis.

Clinical MB samples

All paraffin samples, clinicopathological information,
and follow-up data were obtained from the Department
of Pathology at Xinhua Hospital Affiliated to Shanghai
Jiao Tong University School of Medicine between 2012
and 2024 (n=264). Two senior pathologists indepen-
dently assessed hematoxylin-eosin-stained sections using
a blinded approach and classify tumors into four histologi-
cal subtypes: Classic MB, Desmoplastic/nodular MB, MB
with extensive nodularity, and Large cell/anaplastic MB.
All research methods adhered to the ethical principles of the
Declaration of Helsinki, the International Code of Ethics for
Human Health Research, and other established medical eth-
ics standards. Approval was obtained from the Ethics Com-
mittee of Xinhua Hospital Affiliated to Shanghai Jiao Tong
University School of Medicine. (Ethics Approval Number:
XHEC-D-2025-181).

DNA methylation profile analysis and molecular
subtyping

Genomic DNA from tumor tissues was extracted using a kit
(Qiagen) and subjected to quality control. Qualified DNA
samples underwent bisulfite conversion using the EZ DNA
Methylation-Gold Kit (Zyme Research). Converted DNA
was analyzed using the Illumina Infinium MethylationEPIC
v2.0 (or 850 K) array for whole-genome methylation pro-
filing, simultaneously assessing methylation status at over
850,000 CpG sites. Experimental procedures were strictly
followed according to the manufacturer-provided standard
protocols. Raw data (IDAT files) underwent preprocessing
in R software using the “minfi” package, including back-
ground correction, probe type bias correction, and normal-
ization. After removing low-quality probes with detection
p-values>0.01 and cross-reactive probes, a f-value matrix
was obtained for each CpG site. Final molecular subtyping
was performed by submitting the preprocessed data to the
online medulloblastoma methylation classifier developed
by the German Cancer Research Center (DKFZ). This
classifier assigns subtypes by calculating similarity scores
between samples and reference subtypes (WNT, SHH,
Group 3, Group 4). A calibration score>0.9 was considered
indicative of a reliable subtyping result.

Immunohistochemical staining

The tissues were fixed in 3.7% neutral buffered formalin,
dehydrated, and paraffin-embedded. Sections were cut to
a thickness of 4-5 pm. Immunohistochemistry (IHC) was
conducted using the EnVision method with primary anti-
body PCK2 (1:100, 14892-1-AP, Proteintech). The proce-
dures adhered to the kit instructions, employing the Leica
fully automatic staining system and the Roche Ventana Ultra
fully automatic immunohistochemical staining instrument.
Two pathologists randomly selected at least 5 high-power
fields (x 400) to evaluate PCK2 staining. Intensity scoring
criteria: 0 (negative), 1 (weak), 2 (moderate), 3 (strong).
Percentage of positive cells scoring criteria: 1 (1-25%), 2
(26-50%), 3 (51-75%), 4 (76-100%). The final immuno-
reactivity score (IRS) of 0—12 was obtained by multiplying
the intensity and percentage scores [21].

To identify the optimal cutoff value for PCK2 expres-
sion, log-rank tests were performed on all potential cutoff
values with non-zero scores, yielding corresponding chi-
square values and p-values. The screening criteria stipu-
lated that each group must have a sample size of at least 10
and that the chi-square value should be maximized. PCK2
IHC score of 8 points was established as the optimal cutoff
value. And patients were categorized into a high expression
group (IRS>8 points) and a low expression group (IRS<8

@ Springer



16 Page 4 of 24

Journal of Neuro-Oncology (2026) 177:16

points). Furthermore, the ROC curve was generated using
the “pROC” package to assess the predictive efficacy of the
IHC score for Group 3 and Group 4 MB.

Survival analysis and statistical methods

The “survminer” package facilitates the calculation of the
optimal cutoff value via the surv_cutpoint function, which
is based on maximally selected rank statistics. All patients
with MB were categorized into the high PCK2 expression
group and the low PCK2 expression group according to the
optimal cutoff value. Kaplan-Meier analysis was performed
using the “survival” and “survminer” packages, resulting in
the plotting of survival curves. Univariate and multivariate
Cox regression analyses were executed with the “survival”
package. The intensity and direction of associations in both
univariate and multivariate models were quantified by cal-
culating the hazard ratios (HRs) and their corresponding
95% confidence intervals (Cls), with forest plots generated
using the “ggplot2” package. The Pearson test and Mann-
Whitney U test were employed to assess the correlation
of variables and to mitigate multicollinearity interference.
Patients without overall survival (OS) data were excluded
from the analysis, and the p-value of <0.05 was deemed
statistically significant.

The comparison of clinical and pathological data was
conducted using R software (version 4.3.2). The correlation
test was performed using a completely random chi-square
test. Statistical significance was determined using a signifi-
cance level of p<0.05.

Functional analysis

Based on the logFC values derived from the comparison
of the high PCK?2 expression group with the low expres-
sion group, all genes in the combined dataset were ranked.
The “clusterProfiler” package was employed to perform
enrichment analysis on the sorted genes. The Homo sapi-
ens gene set corresponding to “c2.cp.kegg.hs.symbols.gmt”
was downloaded from the Molecular Signatures Database
(http://www.gsea-msigdb.org/). The criteria for enrichm
ent results were established as a p<0.05 and a false dis-
covery rate (FDR)<0.25. The results of the enrichment
analysis were visualized using the “enrichplot” package.
Gene set variation analysis (GSVA) was conducted on the
aforementioned gene sets utilizing the “GSVA” package to
obtain enrichment scores for each sample across the path-
ways. The enrichment scores were normalized to a range
of 0—1, and pathways with minimal variance were excluded
based on the criterion of standard deviation (standard devia-
tion>0.01). The functional differences among the enriched
pathways post-filtering were analyzed using the “limma”
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package, and a bar chart was generated with the “ggpubr”
package to visualize the results of the differential pathways.
The evaluation of the association between PCK2 expression
levels and the biological functions and signaling pathways
related to the molecular classification of MB was conducted.

Immune infiltration analysis

The analysis of immune infiltration within the RNA-seq
dataset was performed utilizing three algorithms: Micro-
environment Cell Populations-counter (MCP-counter),
Cell-type Identification By Estimating Relative Subsets Of
RNA Transcripts (CIBERSORT), and Single-sample Gene
Set Enrichment Analysis (ssGSEA). The “MCPcounter”
package was employed to compute the absolute abundance
scores for ten major immune cell types, including T cells,
CD8+T cells, cytotoxic lymphocytes, natural killer cells, B
cell lines, monocyte lines, myeloid dendritic cells, neutro-
phils, endothelial cells, and fibroblasts. To assess the varia-
tions in immune cell infiltration across different expression
groups of PCK2, a violin plot was generated using “ggpubr”
to effectively visualize the findings. The “cibersort” package
was employed to analyze immune cell infiltration within the
gene expression data. Differences in immune cell infiltra-
tion levels between high PCK2 expression and low PCK2
expression were assessed. The relative abundance of 22
immune cell types in each sample was quantitatively ana-
lyzed, and the correlation between PCK2 and these immune
cells was examined. Results were visualized through box
plots generated using the “ggpubr” package. The ssGSEA
scores for each sample across 29 immune functions were
calculated to investigate the differences in immune func-
tions between the high PCK2 expression and low PCK2
expression, with results also visualized via box plots cre-
ated using the “ggpubr” package. The correlation between
PCK?2 and immune checkpoint-related genes was analyzed
using Pearson correlation analysis, and the “corrplot” pack-
age was utilized to generate a correlation heatmap.

Immunofluorescent staining

Standard immunofluorescence method was used to stain par-
affin section samples. Anti-PCK2 antibody (1:400, 14892-
1-AP, Proteintech), anti-PD-L1 antibody (1:200, R013735,
Epizyme) and anti-CD206 antibody (1:500, 24595T, Cell
Signaling Technology) were used. Fluorescence staining
was performed using HRP goat anti-rabbit-mouse univer-
sal secondary antibody (ready-to-use, RCB054, Shanghai
Recordbio Biological Technology Co., Ltd.) and HRP goat
anti-rabbit secondary antibody (ready-to-use, RCA054,
Shanghai Recordbio Biological Technology Co., Ltd.).
The secondary antibodies were pre-diluted to the optimal
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working concentration by the manufacturer and required
no further dilution. The main steps included: the sections
were dewaxed by xylene, hydrated with gradient ethanol,
subjected to heat-mediated antigen repair (EDTA, pH 9.0)
and cooled naturally. Subsequently, endogenous peroxidase
was blocked using 3% H20: and 3% BSA was blocked for
10 min at room temperature. The primary antibody working
solution was added dropwise to the sections and incubated
overnight at 4 °C away from light. On the following day,
after sufficient washing with PBS, the fluorescent labeled
secondary antibody of the corresponding species was added
dropwise and incubated for 1 h at room temperature away
from light. Finally, the nuclei were restained using DAPI
and the sections were sealed with an anti-fluorescence
quenching sealer. The slices were subjected to multi-chan-
nel image acquisition under a fluorescence scanner, and the
co-localization signals were quantitatively analyzed and
visualized using ImageJ software.

Results
Data pre-processing

Actotal of 1,193 MB samples from public databases were ana-
lyzed, which included 525 samples from GEO (GSE85217
and GSE37418), as well as 668 samples from R2 Genom-
ics Analysis and Visualization Platform (emtabl10767,
mbffpe420, and mbffpe86). The clinicopathological char-
acteristics of MB patients included in the five datasets are
detailed in Table S1. The PCA results, both before and after
batch correction (Fig. S1A-B), indicate that the batch effect
in the combined dataset has been effectively eliminated.

Machine learning-based screening of key genes for
MB molecular subtyping

383 differentially expressed genes (DEGs) associated with
molecular subtypes were identified from the merged dataset
(Fig. 1A). Five candidate genes (PCK2, RBM24, PTPN5,
SIPAIL2, and BARHL]I) were selected based on the inter-
section of three ML algorithms (LASSO, SVM-RFE, and
RF) (Fig. S2) to construct a molecular subtype prediction
model (Fig. 1B-C). The dataset was randomly divided into
a training set (70.0%) and a validation set (30.0%). Ten
machine learning models were constructed based on the
training set, and their performance was validated on the
validation set. The predictive efficacy of each model for
MB molecular subtypes was evaluated using the area under
the receiver operating characteristic curve (AUC), with the
XGBoost model demonstrating optimal predictive perfor-
mance (AUC=0.988) (Fig. 1D). The SHAP algorithm was

employed to elucidate the prediction mechanism of the
XGBoost model (Table S2). The SHAP integrated visualiza-
tion diagram distinctly illustrated the contribution of each
candidate gene to the model’s prediction outcomes. Nota-
bly, PCK2 emerged as a core characteristic gene influenc-
ing the model’s predictions (Fig. 1E-F). The Kruskal-Wallis
rank test (p=0.222) indicated no significant difference in
expression among the groups, while the average coefficient
of variation of PCK2 expression across the five combined
datasets (Average CV=0.252) suggested robust expression
stability, indicating that PCK2 exhibits a consistent expres-
sion trend across different datasets (Fig. S3A-B), solidifying
its role as a key gene for predicting MB molecular subtypes.

PCK2 is highly expressed in MB and correlates with
shorter OS

The optimal expression cutoff value for PCK2 (cutoff
value=2.48) in the MB mRNA expression cohort was
established using the log-rank test (Fig. 2A). Based on
the threshold, MB patients were divided into high PCK2
expression and low PCK2 expression group. Kaplan-Meier
survival analysis indicated that MB patients exhibiting high
PCK?2 expression had a significantly poorer prognosis and
a markedly reduced OS compared to those with low PCK2
expression (log-rank test, p<0.001) (Fig. 2B).

Survival analysis based on the expression of PCK2 was
performed in conjunction with clinicopathological character-
istics, including age, gender, molecular typing, histological
typing, and M stage. The Kaplan-Meier curve demonstrated
a significant association between PCK2 expression and
patient prognosis. In the subgroup analysis, only the sub-
groups with age<3 years (p=0.147) and histological typing
of LC/A (p=0.401) did not show significant results. In con-
trast, all other subgroups, encompassing gender, alternative
histological typing, molecular typing, and metastasis sta-
tus, exhibited a significant correlation between high PCK2
expression and poor prognosis (p<0.05) (Fig. 2C-L).

The comparison of PCK2 mRNA expression levels
between Group 3 and Group 4 MB revealed that PCK2
expression was significantly higher in Group 3 than in
Group 4 (p<0.001) (Fig. 2M), indicating that PCK?2 expres-
sion is closely associated with specific molecular subtypes
of MB, particularly exhibiting high expression in the Group
3 MB, which is characterized by the poorest prognosis. And
the analysis of PCK2 expression across various clinicopath-
ological features indicated that MB patients aged<3 years
and those with the histological subtype LC/A exhibited sig-
nificantly higher PCK?2 expression (Fig. 2N-R). The result
implies that high PCK2 expression may exacerbate the poor
prognosis of patients by facilitating tumor progression.
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types, venn diagram; C The differentially expressed genes between
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Fig. 2 (continued)

PCK2 serves as an independent prognostic
biomarker in MB

The chi-square test was employed to compare the clinico-
pathological characteristics between low PCK2 expression
and high PCK?2 expression. There were significant differ-
ences in both histological and molecular subtypes between
the two groups (p<0.001), demonstrating that high PCK2
expression may be closely associated with LC/A MB and
Group 3 MB, both of which are linked to adverse clinical
prognostic features for MB patients.

To further explore the prognostic value of PCK2, univari-
ate Cox proportional hazards regression analysis was per-
formed using R. The analysis included clinically relevant
variables such as age, gender, histological subtype, metasta-
sis status, and PCK2 expression. Given the significant cor-
relation between PCK?2 expression and molecular subtypes
(Mann-Whitney U test, p <0.001), PCK2 was included as
a core variable in subsequent modeling to avoid multicol-
linearity interference. The results indicated that high PCK2
expression (HR: 1.087; 95% CI: 1.035-1.142; p<0.001),
age<3 years (HR: 0.497; 95% CI: 0.374-0.660; p<0.001),
histological subtype of LC/A (HR: 1.594; 95% CI: 1.389—
1.829; p<0.001), and metastasis (HR: 1.886; 95% CI:
1.508-2.359; p<0.001) were significantly associated with
poor OS in MB patients (Fig. 2S). To determine whether
PCK?2 functions as an independent prognostic factor, a mul-
tivariate Cox proportional hazards regression model was
constructed, incorporating all significant variables. PCK2
expression remained significantly associated with shorter
OS in patients (HR: 1.070; 95% CI: 1.011-1.132; p=0.019),
confirming that PCK2 can serve as an independent prognos-
tic predictor of OS in MB patients (Fig. 2T).
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Clinical and pathological characteristics of MB
samples

Two senior pathologists conducted a pathological review of
264 cases of MB diagnosed at the Department of Pathology,
Xinhua Hospital Affiliated to Shanghai Jiao Tong Univer-
sity School of Medicine, between 2012 and 2024 (n=264).
According to the histological classification criteria, 219
were Classic MB, 31 were Desmoplastic/nodular MB, 2
were MB with extensive nodularity, and 12 were Large cell/
anaplastic MB (Fig. 3).

A total of 99 cases were randomly selected for DNA
methylation profiling analysis to identify molecular sub-
types. This cohort included 18 cases of WNT-activated MB,
26 cases of SHH-activated MB, 16 cases of Group 3 MB,
and 39 cases of Group 4 MB. To ensure specificity and sci-
entific rigor, only MB cases with clearly defined molecu-
lar subtypes of Group 3 (n=16) and Group 4 (n=39) were
included (Table S3).

PCK2 immunohistochemical staining

To validate these findings, we evaluated protein expression
levels in 55 human MB tissues using IHC staining. The
log-rank test was employed to determine the optimal cut-
off value for PCK2 IHC scores (cutoff value=8) (Fig. 4A),
which enabled the stratification of patients into high-expres-
sion and low-expression groups. Subgroup distribution
analysis revealed that among MB cases with high PCK2
expression, 9 cases (64.3%) were classified as Group 3 and
5 cases (35.7%) as Group 4. In contrast, among MB cases
with low PCK2 expression, only 7 cases (17.1%) belonged
to Group 3, whereas 34 cases (82.9%) were categorized as
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Fig. 3 Histological types of MB. A Classic MB (x 40); B Desmoplastic/nodular MB (x 40); C MB with extensive nodularity (x 40); D Large cell/
anaplastic MB (x 40). (Upper right corner shows high-power field, x 400)

Group 4. The difference between two groups was statisti-
cally significant (p<0.001) (Fig. 4B-C). The results of the
ROC curve analysis indicated that the PCK2 THC score
possessed strong discriminatory efficacy for differentiating
between Group 3 and Group 4 MB (Fig. 4D), elucidating
the notable heterogeneity of PCK2 expression.

Kaplan-Meier survival analysis revealed that patients
with MB exhibiting high expression of PCK2 had a signifi-
cantly worse prognosis compared to those with low expres-
sion, with OS markedly reduced (log-rank test, p=0.007)
(Fig. 4E). Time-dependent ROC analysis indicated that the
predictive AUC values for PCK?2 regarding 1-year, 3-year,
and 5-year OS in MB patients were 0.841, 0.880, and 0.736
respectively, demonstrating its strong predictive efficacy
for survival (Fig. 4F). These findings not only confirmed
the differential expression of PCK?2 across various MB sub-
types but also suggested that PCK?2 overexpression may be
closely associated with tumor progression and poor progno-
sis. Given the inherently poor prognosis of Group 3 MB, the
high expression of PCK2 in this subtype further highlights
its potential as a prognostic biomarker for MB.

Correlation between PCK2 and immune infiltration
in MB

The results of GSEA and GSVA revealed that the differen-
tially expressed genes in the high PCK2 expression group
were significantly enriched in the glycolysis and gluconeo-
genesis pathways (p<0.05). In contrast, the genes in the low
PCK?2 expression group exhibited significant enrichment in
the calcium signaling pathway (p <0.05) (Fig. SA-C).

To investigate the regulatory role of PCK2 in the TME
of MB, three algorithms (MCP-counter, CIBERSORT, and
ssGSEA) were employed. In comparison to the low PCK2
expression group, the absolute abundance score of MCP-
counter for fibroblasts in MB patients with high PCK2
expression was significantly elevated. Conversely, in the
low PCK2 expression group, the absolute abundance scores
of MCP-counter for cytotoxic lymphocytes, monocyte
lineages, and neutrophils were markedly higher (Fig. SD-
G). Further analysis using CIBERSORT corroborated that
PCK?2 expression exhibited a negative correlation with the
relative abundance of monocytes and a positive correla-
tion with the relative abundance of M2-type macrophages
(Fig. 5H).
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Fig. 5 (continued)

The ssGSEA algorithm was employed to assess the
functional activity of immune cells and the enrichment
scores of immune-related pathways. In the high PCK2
expression group of MB patients, there was a signifi-
cant increase in the activity of macrophages, T cell co-
inhibition, antigen-presenting cells (APCs), and B cells,
along with chemokine receptors (CCRs), human leukocyte
antigens (HLAs), immature dendritic cells (iDCs), MHC

class I molecules, T helper cells, Thl cells, Th2 cells, and
regulatory T cells (Tregs). However, in the low PCK2
expression group, the activities of CD8+T cells, T cell
co-stimulation, natural killer cells (NK cells), cytolytic
activity, dendritic cells (DCs), mast cells, neutrophils,
plasmacytoid dendritic cells (pDCs), follicular helper T
cells (Tth), and type I interferon response were signifi-
cantly elevated (Fig. 51).
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The correlation analysis between PCK2 and immune
checkpoint genes revealed a significant association between
PCK?2 and the expression of several immune checkpoint
genes. PCK2 exhibited a significant positive correlation
with CD274 (PD-L1), CD44 and LAG3, while demonstrat-
ing a significant negative correlation with CD86 (Fig. 5J).
These findings suggest that PCK2 may play a role in the
immune escape process of MB by modulating the expres-
sion of immune checkpoint molecules.

In order to deeply investigate the correlation between
PCK?2 and M2-type macrophages and its regulation of the
immunosuppression, we randomly selected some samples
with high PCK2 THC score, and systematically detected
the expression and localization characteristics of PCK2,
M2-type macrophage marker CD206, and immunocheck-
point molecule PD-L1 by multiplex immunofluorescence
staining technique. The results showed that PCK2, CD206
and PD-L1 were co-localized in the perinuclear region of
the cells (Fig. SK); correlation analysis further confirmed
that PCK2 showed a strong positive correlation with the
expression of CD206 (R=0.703), while its correlation with
PD-L1 was weak (R=0.260) (Fig. S4).

Discussion

MB is the most common intracranial embryonal tumor in
children, and its molecular subtypes serves as the corner-
stone for both clinical management and basic research. Cur-
rently, [HC markers are widely used to aid in MB molecular
subtypes, particularly for the preliminary differentiation of
WNT-activated MB, SHH-activated MB, and non-WNT/
non-SHH MB. Several markers (B-catenin, GAB1, YAPI,
and LEF1) have demonstrated practical value [22, 23].
However, Group 3 MB and Group 4 MB constitute the vast
majority of all MB cases and exhibit high heterogeneity in
both molecular mechanisms and clinical manifestations.
The lack of specific IHC markers complicates the precise
subtypes of them [24-26]. Currently, the differentiation
between Group 3 MB and Group 4 MB primarily relies on
molecular biology techniques, such as DNA methylation
profiling. Although these methods offer high accuracy, their
high cost and stringent experimental requirements limit
clinical adoption and widespread application. Previous stud-
ies have explored alternative IHC markers for distinguish-
ing Group 3 MB and Group 4 MB, including NPR3 and
KCNALI [27-29]. However, these markers lack sufficient
sensitivity and specificity, restricting their clinical utility.
Therefore, to investigate whether biomarkers exist that can
effectively distinguish Group 3 MB from Group 4 MB, we
employed bioinformatics methods to conduct an in-depth
analysis of MB samples from public databases, focusing

@ Springer

specifically on Group 3 MB and Group 4 MB subtypes. Our
study reveals that the PCK2 expression significantly differed
among MB molecular subtypes and demonstrated an impor-
tant pathological classification value. Further validation of
these findings was conducted using clinical samples from
our institution. Results demonstrated markedly elevated
PCK?2 expression in Group 3 MB, with comparatively lower
expression levels in Group 4 MB. This pronounced expres-
sion disparity suggests PCK2 holds potential as a novel IHC
marker to aid in the differential diagnosis between Group 3
MB and Group 4 MB.

Phosphoenolpyruvate carboxykinase (PCK) is a key
enzyme family in the glycolytic pathway, primarily com-
prising two isoenzymes: cytoplasmic (PCK1 or PEPCK-C)
and mitochondrial (PCK2 or PEPCK-M) [7-9]. This enzyme
catalyzes the conversion of oxaloacetate to phosphoenol-
pyruvate (PEP) within mitochondria, thereby promoting
PEP pool formation [13, 14]. Even under glucose-deprived
conditions, PCK2 participates in multiple biosynthetic
pathways including serine and glycerol synthesis [30-32].
In tumors, PCK?2 affects tumor cell survival, invasion and
treatment response by regulating energy metabolism and
oxidative stress : on the one hand, it can enhance tumor
resistance to certain drugs (by maintaining energy supply
under chemotherapy pressure) [14, 33, 34]. and on the other
hand, in renal cell carcinoma, it can increase tumor sen-
sitivity to sunitinib [35]. In some cases, it may aid tumor
cell survival and proliferation; in others, it could become a
“vulnerability” that renders tumor cells more susceptible to
chemotherapeutic agents. This tumor type-dependent dual
effect makes its therapeutic application value still unclear,
and there is an urgent need to deeply explore the specific
mechanism to guide precise treatment.

Our research indicates that high PCK2 expression is sig-
nificantly associated in MB with a shortened OS of patients.
Multivariate Cox regression confirmed it as an independent
prognostic risk factor, with both biomarker and therapeu-
tic target potential. Through GSEA and GSVA analysis, we
found that the low PCK2 expression is closely related to
calcium channel signaling. It is speculated that it may affect
the cytoplasmic calcium ion concentration by regulating
the PEP level, thereby regulating the proliferation, migra-
tion and apoptosis of MB cells [36]. However, the specific
mechanism of this interaction still needs further verification.
Relevant research may provide a new direction for the treat-
ment of MB.

In the TME, nutrient deprivation and molecular signal-
ing can induce immune cell dysfunction and facilitate tumor
immune escape [10]. The infiltration behavior of immune
cells within tumor tissues influences microenvironmental
remodeling and disease progression. Tumors can disrupt
immune homeostasis to achieve immune escape, thereby
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evading surveillance and attack. Consequently, the state
of immune infiltration within the TME plays a crucial role
in disease progression, treatment response, and prognostic
assessment [37]. M2-type macrophages are the core of the
MB immunosuppression by secreting inhibitory cytokines
such as IL-10 and TGF-B and expressing PD-L1 inhibit the
anti-tumor T-cell response [38, 39]. However, MB immu-
notherapy is limited by factors such as low tumor mutation
burden, insufficient T-cell infiltration, and blood-brain bar-
rier, resulting in poor efficacy [40, 41]. Collectively, these
factors constrain the efficacy of immunotherapy in MB,
making its treatment a major challenge. Our research indi-
cates that PCK?2 plays a key role in the regulation of the
MB microenvironment: High PCK2 expression is posi-
tively correlated with M2 macrophage infiltration and T cell
inhibition, and co-expressed with M2 marker CD206 and
immune checkpoint PD-L1, suggesting that it may medi-
ate M2 macrophage-related immunosuppression and induce
T cell exhaustion or apoptosis by up-regulating PD-L1.
Suppress the initiation of immune responses. In addition,
PCK2 is co-expressed with CD44 and may synergistically
upregulate PD-L1 to maintain the characteristics of tumor
stem cells, promote progression and recurrence. The nutri-
ent-sensing pathways and immune-metabolic regulatory
networks involving PCK2 position it as a highly promising
therapeutic target [42]. Particularly for Group 3 MB—the
subtype with the poorest prognosis—targeting PCK2 may
achieve dual metabolic-immune regulation.

The targeted therapeutic potential of PCK2 has been ver-
ified in various tumors, such as glioma and renal cell carci-
noma [12, 43]. At present, PCK2-targeting lead compounds
such as 3-(3, 4-dihydroxyphenyl)-2-hydroxypropionic acid,
3-mercaptopyridine formic acid and carbazole alkaloids
derived from Gardenia jasminoides have been discovered,
which have shown tumor-suppressing activity in models
of triple-negative breast cancer, liver cancer, etc [44, 45].
Preclinical studies have confirmed that PCK?2 inhibitors or
RNA interference can inhibit tumor proliferation, reduce
M2 macrophage infiltration and enhance CD8 + T cytotox-
icity [38, 39], and their combined use with immune check-
point inhibitors may produce a synergistic anti-tumor effect,
providing a new strategy for advanced or recurrent MB. In
addition, the PCK2-targeting strategy also holds potential
value in areas such as adjuvant chemotherapy for vascular
smooth muscle proliferation-related diseases [46]. Current
research focuses on the optimization of specific inhibitors,
the development of combination treatment regimens, and
the exploration of precision treatment biomarkers, provid-
ing new ideas for the treatment of malignant tumors includ-
ing MB.

Our research has involved its own set of limitations.
First, the retrospective method of public datasets makes it
impossible to include treatment-related variables such as
chemotherapy regimens and radiation doses, which may
introduce confounding bias; Second, the research results
are based on computer simulation analysis and lack func-
tional verification of in vitro (overexpression/knockdown
of PCK2 in MB cell lines) and in vivo xenograft models.
Future research will focus on three aspects: (1) Expand the
analysis to multi-center datasets containing detailed treat-
ment information to explore the interaction between PCK2
expression and treatment response; (2) Elucidate the molec-
ular mechanisms by which CRISPR-mediated PCK?2 knock-
out/overexpression regulates calcium signaling, immune
infiltration and therapeutic sensitivity; (3) Explore the effi-
cacy of PCK?2 inhibitors as monotherapy or in combination
with immune checkpoint inhibitors in the preclinical model
of MB, and develop new treatment strategies for this pedi-
atric brain tumor.

Conclusions

In conclusion, our study sheds light on the multifaceted role
of PCK2 in MB. PCK2 serves not only as a novel IHC marker
for differentiating Group 3 MB and Group 4 MB but also as
an independent prognostic risk factor and potential thera-
peutic target. Its function involves dual processes: intrinsic
metabolic reprogramming of tumor cells and regulation
of the external immune microenvironment. Particularly
through its close association with M2 macrophage infiltra-
tion and PD-L1 expression, targeting PCK2 demonstrates
broad potential for enhancing the efficacy of MB immu-
notherapy. These findings underscore the need for further
exploration of the mechanisms by which PCK?2 influences
M2 macrophage polarization and immune responses. Such
an investigation could potentially lead to novel therapeutic
strategies for treating MB and enhancing immunotherapy.
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