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1. Supplementary Methods 

1.1. Bulk RNA-seq analysis of ICGC and MAGIC cohorts’ metabolism 

genes 

1.1.1. ICGC 

Normalised expression values (tags per million, tpm) of 148 medulloblastoma RNA-

seq samples were available from the ICGC database (https://ega-archive.org/; dataset 

ID EGAD00001003279). Nine samples were excluded as potential outliers based on 

RNA expression patterns and a principal component analysis (PCA) plot (Additional 

file 1: Fig. S1A). 139 remaining samples were used as input for an unsupervised 

clustering with R v4.0.5(1) and the R package pheatmap(2). The input dataset was 

limited to a set of 2,071 metabolism-related genes(3), and the clustering method was 

set to “complete”. Silhouette method was conducted using R package cluster(4) to 

determine an optimal number of clusters. In addition to the silhouette method, we 

considered the previous classification of samples, visual inspection of the dendrogram 

splitting and corresponding heatmap patterns. Despite an optimal number of three 

clusters, seven clusters were created in total to be able to focus on differences between 

established MB groups. Further data pre-processing and annotation were conducted 

with basic R functions. For each cluster, differentially expressed genes (DEGs) were 

calculated with DESeq2(5), and Kaplan-Meier curves were plotted for all samples with 

available survival data (n=87) with the R package survminer(6) and default parameters. 

One cluster was excluded after DEG analysis. In the initial quality control described 

above, it was part of a group of borderline samples (Additional file 1: Fig. S1A), which 

were not excluded to avoid a further reduction of cohort size. As no matching cluster 

was found in the larger MAGIC validation cohort, this cluster was excluded from further 
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analysis. Due to the unavailability of clinical data for most samples of this cluster, the 

according cluster had not been included in the statistical analysis. 

1.1.2. MAGIC 

Pre-processed normalised log2 gene expression values for 763 medulloblastoma RNA 

microarray samples were downloaded from the MAGIC cohort dataset GSE85217 and 

restricted to the 2,071 chosen metabolism-related genes that were used for the 

preparation of the ICGC cohort. A heatmap was created with pheatmap using the 

ward.D clustering function. The definition of clusters was implemented considering the 

results of the silhouette method, gene expression patterns, and the heatmap’s 

dendrogram splitting in line with the ICGC cohort, resulting in six clusters in total. DEGs 

between clusters were calculated with the R/Bioconductor package limma(7). As with 

the ICGC cohort, Kaplan-Meier curves were plotted in R for samples with fully available 

survival data (n=612) using survminer and default parameters. 

For both ICGC and MAGIC cohorts, bulk RNA heatmaps were also constructed using 

a second set of 1,771 genes compiled from metabolic pathway signatures from Rosario 

et al.(8) to validate our findings. Genes encoded by the mitochondrial DNA were 

excluded from the validation of bulk RNA and nDNA analyses but are still part of the 

OXPHOS gene signature used in maxstat analysis described below. Intersect function 

in R was employed to calculate overlapping and unique elements of both gene lists. 

Unique genes were further characterised by utilising the ToppGene Suite 

(https://toppgene.cchmc.org/). 

1.1.3. Statistical Analysis  

ICGC MB metadata was extracted for the parameters age (continuous and paediatric 

vs adult), progression-free (PFS) and overall survival (OS), tumour dissemination 

stage (M-stage), gender, recurrence and death cases. R was used to conduct Shapiro 

https://toppgene.cchmc.org/
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tests for normality per cluster and parameter. Kruskal-Wallis and pairwise Wilcoxon 

rank-sum tests were applied to test for significant differences in age (continuous), PFS 

and OS, and M-stage. A Chi-square test was used to test variables gender, age 

(paediatric vs adult), recurrence and death cases for independence, while a pairwise 

Fisher test was conducted to compare the observed proportions of two clusters. 

Additionally, for age (paediatric vs adult), recurrence and death cases, observed 

proportions of cases were compared to the average proportion of the dataset with exact 

binomial test (for n<30) and I-sample proportions test with continuity correction (for 

n≥30). All statistical tests were calculated with basic R functions (significance level 

0.05, adjustment method Benjamini-Hochberg). 

1.1.4. Functional analysis  

For all clusters (bulk RNA and single-cell RNA), IPA canonical pathway analysis of 

DEGs was performed. Due to the uneven distribution of high and low expressed DEGs 

among clusters (Additional file 1: Fig. S3B), analysis was limited to upregulated DEGs 

(logFC>0). Resulting pathways were sorted by p-value and filtered for relevant 

pathways based on IPA classification (focus on metabolism) and existing literature. 

Bulk RNA analysis was repeated employing Metascape (version: v3.5.20230101)(9). 

In line with the previous approach, two sets of DEG lists were explored for both cohorts. 

Highly expressed DEGs (logFC≥1) comparing all clusters were examined for ICGC 

and MAGIC cohorts and comparing only G3/G4 clusters for the MAGIC cohort 

(Additional file 1: Fig. S4). The restriction to DEGs with a logFC≥1 was done due to a 

limitation to the number of genes Metascape can analyse simultaneously. When only 

ICGC G3/G4 clusters are compared, only a few DEGs meet this criterium for I_G3/4.3. 

Therefore a comparative analysis of G3/G4 clusters was replaced by a separate 
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analysis of the according DEG lists of I_G3/4.1, I_G3/4.2 and I_G3/4.3 (Additional file 

1: Fig. S5). All upregulated DEGs (logFC>0) were considered for the latter. 

Computational deconvolution of bulk RNA samples from both cohorts was conducted 

with R v4.1.3(10) and MCP-counter version 1.2.0(11). For both cohorts, the abundance 

of cells from the tumour microenvironment (TME) was compared across all clusters 

and only G3/G4 clusters. Kruskal-Wallis and Wilcoxon rank-sum tests were used to 

assess the significance of discovered differences. P-values were adjusted for multiple 

comparisons using Bonferroni correction. 

Sankey plots were constructed for DEG comparison utilising the R-package 

networkD3(12). DEGs were sorted by logFC (high to low). For Fig. 2G, the top 250 

unique, upregulated DEGs of every cluster have been included. A second plot was 

constructed using the top 250 upregulated DEGs in general (Additional file 1: Fig. 

S3C). 

1.2. Single-cell RNA-seq analysis 

Within the scope of the single-cell RNA-seq (scRNA-seq) analyses, data from two 

cohorts of MB patients were examined. First, we explored data from six human MB 

samples treated in Münster, referred to as MSMB. Second, we validated our findings 

using scRNA-seq data of 28 paediatric MB patients (abbreviated as RMB) published 

by Riemondy et al.(13). 

1.2.1. MSMB 

scRNA-seq analyses were conducted with the 10x Genomics CellRanger(14) and 

Seurat(15) pipelines, respectively. For the regular human medulloblastoma scRNA-

seq clustering, six human MB samples were pre-processed with CellRanger v3.0.2. 

After converting the raw 10X data to fastq format with CellRanger’s mkfastq, the data 



6 
 

were aligned against the human reference transcriptome GRCh38 with the CellRanger 

count function using default values and the filtered feature matrices were tested for 

basic quality statistics with CellRanger's web summary function. Samples with a 

sequencing saturation of <50% after the first sequencing run were re-sequenced when 

possible. 

The CellRanger data were subsequently processed with R v4.0.5 and Seurat v4.0.5. 

Seurat objects were created per sample with a minimum of three cells and a minimum 

feature number of 200; furthermore, only cells with less than 25% of mitochondrial 

genes were considered further. Additionally, outlier cells with a high nCount_RNA 

value were considered to be doublets and removed accordingly; the threshold for 

removal varied per sample (7,000 to 80,000, mean=26833.33). 

All filtered samples were then processed with Seurat’s SCTransform function and 

default parameters. Dimensionality reduction was conducted per PCA, integration 

anchors were identified with Seurat, and the dataset was integrated using the 

previously calculated anchorset to remove batch effects.  

Based on this integration, a clustering was created with Seurat’s FindCluster function 

using a resolution parameter of 0.5 and default parameters otherwise. UMAPs were 

used to visualise cluster and sample distributions. Differential genes were calculated 

with Seurat’s FindMarkers function for each cluster and analysed using QIAGEN IPA. 

Annotation of G3/G4 cell clusters was carried out by cell numbers (>75% cells of one 

MB group) and published gene signatures(16,17). Cell types of the TME were assigned 

by employing their respective marker genes(13,18–23) and considering IPA canonical 

pathways. For metabolic gene signatures, DEGs of bulk RNA clusters were sorted by 

logFC (high to low). Top 50 upregulated DEGs were included per cluster. Overlap of 

signatures (Additional file 1: Fig. S9A) was calculated using intersect function in R to 
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determine whether each signature unequivocally represents its metabolic bulk RNA 

cluster. The analysis was conducted with DEGs of both cohorts with two sets of DEG 

lists: one cluster against all others and comparing only G3/G4 clusters, as shown in 

Additional file 1: Fig. S9. Chosen marker genes and gene signatures were visualised 

by creating feature plots and violin plots. For metabolic gene signatures, gene 

expression values illustrated by the UMAP legend were aligned for each set of DEG 

lists to compare signatures directly. Seurat’s cell cycle scoring approach was used 

based on a marker gene set by Tirosh et al.(24) to group the integrated dataset into 

cell cycle phases, and CNV candidates were determined with the R package 

CONICSmat v0.0.0.1(25). 

For a second, separate clustering, the original MB sample data was restricted to a 

predefined set of 2,071 metabolic target genes, and filter criteria were relaxed to a 

minimum feature number of 20. The remaining Seurat workflow was conducted as 

described above. For both clusterings, further data exploration and analyses were 

conducted with the R/Bioconductor package iSEE v2.6.0(26). For each cluster, IPA 

canonical pathway analysis was performed comparing upregulated DEGs, in general, 

and unique upregulated DEGs. Cluster annotations have been based on cell numbers, 

manual evaluation of all resulting canonical pathways and of highly expressed unique 

DEGs (logFC≥1) by literature. Prominent metabolic canonical pathways from cluster 

14 (classified as macrophages) were further validated by analysing unique DEGs 

(logFC>0) using Metascape. Annotations were transferred from metabolic set to 

regular clustering on cell level (Additional file 1: Fig. S10H) with basic R functions. The 

results for the TME and cycling cells are depicted in Fig. 3F. DEG lists, canonical 

pathways of all clusters and results from Metascape analysis of macrophage cluster 
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are provided in Additional file 7: Table S6. In this study, “unique DEG” refers to 

comparing upregulated DEGs if not specified otherwise. 

For Additional file 1: Fig. S10D, genes of significant canonical metabolic pathways 

were grouped depending on metabolic categories stated in IPA. Genes belonging to 

multiple categories were counted once per category. Categories containing more than 

20% of all metabolic genes classified for the according cluster are presented in 

Additional file 1: Fig. S10E-G.  

1.2.2. RMB 

Processed scRNA-seq data published by Riemondy et al. were retrieved from Gene 

Expression Omnibus GEO (https://www.ncbi.nlm.nih.gov/geo; accession number 

GSE155446). The downloaded dataset included 30 samples from 28 paediatric MB 

patients. Subsequently, the creation of Seurat objects for both the regular clustering 

based on all genes and the metabolic UMAP were performed as described above. 

Regarding the standard clustering, the annotation of gene expression signatures 

representing MB groups relied mainly on marker genes instead of cell numbers due to 

a more substantial mixing of samples from different groups. Similarly, cell types of the 

TME and metabolic signatures were annotated in the standard UMAP based on the 

marker genes mentioned above. 

For characterisation of the metabolic UMAP, DEGs were calculated with R v4.1.3 and 

analysed in line with MSMB cohort. Classification of specific DEGs in metabolic 

categories as well as the transfer of clustering in the metabolic UMAP to the regular 

analysis are shown in Additional file 1: Fig. S11.  
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1.3. Nuclear DNA analysis 

We searched previously published DNA variants of the ICGC cohort(27) for mutations 

in metabolic genes from ccmGDB in samples of all 491 patients from ICGC cohort. The 

number of mutated samples was counted per aberrant gene. If different qualities of 

variants were present (single nucleotide variants, insertions/deletions, etc.), sample 

count was split up depending on variant composition in that sample (Fig. 4B). 

Functional analysis of mutated genes was performed using the ToppGene Suite. 

In accordance with our bulk RNA analysis, we validated our findings using the second 

set of metabolic genes introduced above(8). Classification of single nucleotide variants 

was retrieved from Northcott et al.(27) for both sets of metabolic genes. 

 

1.4. Maxstat analysis and survival curves 

A set of metabolic gene signatures derived from Rosario et al.(8) was chosen based 

on results from previous analyses and literature research. Normalised expression data 

for selected signature genes were extracted from the ICGC and MAGIC cohort. For 

each signature, the mean expression of the signature’s genes was calculated per 

sample and subsequently normalised to [0,1] with R. This procedure was repeated for 

every sample of ICGC and MAGIC cohorts with available RNA expression values and 

survival data regardless of MB group (ICGC n=87; MAGIC n=625) to create a 

signature-specific “oncoscore” for each dataset. In line with the statistical analysis 

described above, the cluster excluded after the introduction of the MAGIC cohort was 

not included in this survival analysis. 

The R package maxstat (parameters: smethod = "LogRank", pmethod = "condMC", 

minprop = 0.2) was then used to perform a maximally selected rank statistics analysis 
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on the survival data and oncoscore in order to split the chosen RNA cohort into a “high” 

and “low” scoring group according to maxstat’s optimised threshold value(28,29). 

Survival curves were computed using survfit function(30) and then plotted with the R 

package survminer(6) and default parameters. Metabolic signatures, oncoscores, cut-

off values and statistical data are provided in Additional file 9: Table S8. 

Multivariate cox regression analysis was performed utilising the R packages 

survival(30) and survminer(6). The regression models included 87 samples of ICGC 

and 612 samples of the MAGIC cohort, respectively, and evaluated the effect of the 

variables IP and pyrimidine metabolism as well as the MB groups. In MAGIC cohort, 

13 samples were automatically excluded throughout the process due to missing data. 

For both metabolic pathways grouping by maxstat as “low gene expression” was used 

as the reference variable, and for the MB groups, WNT was considered the reference. 

The proportional hazard assumption was tested for a regression model including both 

metabolic pathways and using cox.zph function (survival package). Both cohorts were 

stratified for MB groups. Survminer’s ggcoxdiagnostics function was employed to 

visualise dfbeta values in order to test for influential observations. Observations 

exceeding a cutoff of 2/√n were identified as potentially influential. Two samples 

causing influential observations in ICGC cohort were not excluded in order to avoid 

further reduction of cohort size and number of events. There were no influential 

observations in MAGIC cohort. Forest plots were constructed with the R package 

forestplot(31). 

Repetition of survival analysis using the median oncoscore as cut-off value for the 

division of cohorts was conducted as a control. Samples with exact median oncoscore 

have consistently been assigned to the “high gene expression” group. 
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2. Supplementary figures 
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Fig. S1, related to Fig. 1: Characterisation of metabolic clusters 

A) PCA plot showing all 148 samples from the ICGC cohort. Red dashed lines frame 

samples excluded during initial quality control. Black arrows highlight samples from the 

excluded cluster. B), C) Average silhouette scores for varying numbers of clusters for 

B) ICGC and C) MAGIC cohorts are depicted. Highest silhouette scores indicate an 

optimal number of three clusters for both cohorts. Stacked bar plots illustrating the 

distribution of D) established MB groups, E) G3/G4 methylation subgroups(32), F) 

MYC amplified samples, G) MYCN amplified samples and H) MB subgroups 

established by Cavalli et al.(33) across metabolic clustering identified in Fig. 1. G3 = 

Group 3; G4 = Group 4; MBNOS = MB not other specified; wt = wildtype 
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Fig. S2, related to Fig. 1: Metabolic clustering with metabolic genes from Rosario 

et al. 

A) Overlap of the two gene lists used within the scope of the bulk RNA analysis is 

illustrated. ToppGene Suite has been employed to characterise genes which are 

unique to the gene list from B) ccmGDB and C) Rosario et al.(8). For every GO term, 

the number of genes matching the according pathway is shown in brackets. E) and D) 

show the results of unsupervised hierarchical clustering of samples from D) ICGC and 

E) MAGIC cohorts based on gene expression levels of the list derived from Rosario et 
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al. Affiliation of depicted samples to original metabolic clustering (Fig. 1A) and MB 

groups are shown from top to bottom for both cohorts. ETC = electron transport chain 
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Fig. S3, related to Fig. 1 and 2: Clinical data and functional analyses of ICGC and 

MAGIC 

A) Colour bars outline the clinical characteristics of patients in both cohorts. Sample 

grouping reflects unsupervised hierarchical clustering, as presented in Fig. 1A. Data 

encompassing patient age, gender, overall survival, tumour dissemination stages and 

death cases were examined. For ICGC cohort, tumour dissemination stages M1, M2 

and M3 (Additional file 2: Table S1) have been summarised as M+. Where no colour 

is shown, data were unavailable. OS = overall survival; M-stage = tumour 

dissemination stages 

B) Bar graphs illustrating the number of genes for every set of DEGs employed for bulk 

RNA analyses. Lists of DEGs have been generated with p.adj. < 0.05 unless stated 

otherwise. C) Sankey plot similar to Fig. 2G but when considering the top 250 

upregulated DEGs in general instead of focusing on unique genes.  
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Fig. S4, related to Fig. 2: Comparative DEG analysis using Metascape 

Heatmaps showing hierarchical clustering of significant pathways from DEG analysis 

with Metascape. Analysis has been performed using DEGs comparing all metabolic 

clusters for A) ICGC and B) MAGIC cohorts. C) The latter cohort’s analysis has been 

repeated with DEGs, comparing only G3/G4 clusters. Only highly expressed DEGs 

(logFC≥1) have been considered for all three analyses. CPO = cell projection 

organisation 
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Fig. S5, related to Fig. 2: Metascape DEG analysis of G3/G4 clusters from ICGC 

cohort 

Networks showing clusters of significant pathways identified within the scope of DEG 

analyses employing Metascape. Each node represents one pathway with node size 

referring to the number of matching DEGs and node colour indicating its affiliation to a 

particular pathway cluster. Lines connect similar pathways (similarity score > 0.3 

calculated by Metascape) with the thickness of a line illustrating the similarity score. 

DEG lists of A) I_G3/4.1, B) I_G3/4.2 and C) I_G3/4.3 comparing only G3/G4 clusters 

of the ICGC cohort have been used. For networks A) and B), only DEGs with a logFC≥1 

were taken into account, in accordance with Additional file 1: Fig. S4. Network C) 

includes all DEGs of I_G3/4.3 with a logFC>0 due to the cluster’s small number of 

DEGs. 
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Fig. S6, related to Fig. 2: Computational quantification of cell populations across 

metabolic clusters 

Boxplots showing abundance scores of particular cell types from the TME calculated 

with MCP-counter across G3/G4 clusters for A) ICGC and B) MAGIC cohort. Scores 

for B cells, the monocytic lineage, neutrophils and T cells are shown. Results of 

Kruskal-Wallis and Wilcoxon rank-sum tests are displayed for each cell type. P-values 

have been adjusted using Bonferroni correction, and p<0.05 was considered 

significant. * = adjusted p-value < 0.05; ** = adjusted p-value ≤ 0.01; *** = adjusted p-

value ≤ 0.001; **** = adjusted p-value ≤ 0.0001 
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Fig. S7, related to Fig. 3: Annotation of single-cell RNA clusters concerning 

tumour group 
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A) Integrated clustering of human MB single-cell transcriptomes from Riemondy et al. 

is depicted in a two-dimensional UMAP plot. The fraction of cells belonging to G3/G4 

samples for every cluster is shown for both scRNA-seq cohorts, with B) referring to 

MSMB and C) to RMB. D), E) Published RNA expression programs of MB tumour 

groups(16,17) have been plotted for D) MSMB and E) RMB cohorts. Results from 

this figure have been used for tumour group annotation in Fig. 3.  
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Fig. S8, related to Fig. 3: Annotation of single-cell RNA clusters concerning cell 

type 
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A) and B) show CNVs based on scRNA-seq expression data, which have been 

analysed to identify tumour cell clusters. C), D) Depiction of cell-cycle phases based 

on gene signatures. E), F) Violin plots illustrating the expression marker gene 

signatures for cells of the TME shown in Fig. 3. A list of genes for each signature can 

be found in Additional file 7: Table S6. Figure panels A), C) and E) refer to the MSMB 

dataset, while panels B), D) and F) show results for the dataset from Riemondy et al.  
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Fig. S9, related to Fig. 3: Expression patterns of metabolic MB clusters at single-

cell RNA level 

A) Comparison of metabolic gene signatures (top 50 DEGs) derived from bulk RNA 

analysis. B), C) UMAPs displaying metabolic gene signatures. B) illustrates the results 

for MSMB and C) for RMB. Colours indicate which set of DEGs has been used, as 

shown below. Gene expression values covered by the UMAP legend were aligned 

across each set of DEG lists. 
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Fig. S10, related to Fig. 3: Analysis of metabolic UMAP clusters in the MSMB 

dataset 
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A) UMAP of MSMB dataset based on metabolic genes from ccmGDB. B) Cells cluster 

predominantly according to their tumour of origin. C) The cells per cluster belonging to 

each MB group are shown. D) Bar chart illustrating the fraction of analysed DEGs 

belonging to a specific metabolic category listed on IPA. E)-G) Characterisation of 

clusters composed of cells from E) G3 samples, F) G4 samples, and G) cells from the 

TME based on analyses of upregulated DEGs and of highly expressed unique genes 

(logFC≥1). H) UMAP based on whole single-cell transcriptomes with black lines 

referring to clusters, as shown in Fig. 3A. Colours refer to clustering based on 

metabolic genes depicted in panel A) of this figure. Annotation of cell types and 

metabolic characteristics as outlined in previous plots have been summarised. 
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Fig. S11, related to Fig. 3: Metabolic UMAP clusters in the RMB dataset 

Results are shown in line with Additional file 1: Fig. S10. A) Metabolic UMAP of RMB 

dataset. B) Bar chart showing the cells per cluster belonging to the each MB group. C) 

Plot depicting metabolic categories listed on IPA and the fraction of analysed DEGs 

matching the according categories. D) UMAP based on whole single-cell 

transcriptomes with black lines referring to clusters of the standard UMAP (Additional 

file 1: Fig. S7A) and colours indicating the clustering based on metabolic genes.  
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Fig. S12, related to Fig. 4: Validation of nDNA analysis utilising metabolic genes 

from Rosario et al.  

Analysis of aberrations in metabolic genes was repeated using the second list of 

metabolic genes(8) in line with bulk RNA analysis. 236 mutations in 40 genes were 

detected. A) depicts the mutation type of all variants, including a further classification 

of SNVs as nonsynonymous, splicing and stopgain mutations. Details on B) mutation 

type and C) MB group affiliation of the top 20 mutated genes are illustrated. D) GO 

analysis of all mutated genes using ToppGene Suite revealed that lipid metabolism 

can also be found in this validation, although with a higher p-value. The number of 
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genes found for each GO term is shown in brackets. SNV = single nucleotide variant; 

INDEL = insertions and deletions 

 

 

Fig. S13, related to Fig. 5: Multivariate Cox regression analysis 

Forest plots depicting the results of multivariate cox regression analysis of A) ICGC 

cohort and B) MAGIC cohort are shown. Squares represent the according hazard 

ratios, and error bars refer to confidence intervals. Both cohorts were stratified for MB 

groups. For metabolic pathways, the group “low gene expression” by maxstat was 

taken as reference. HR = hazard ratio; CI = confidence interval; ** = p-value ≤ 0.01 
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Fig. S14, related to Fig. 5: Prognostic relevance of energy metabolic pathways 

and purine metabolism 
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Kaplan-Meier curves show the overall survival of patients from MAGIC and ICGC 

cohorts. Patients have been divided into two groups depending on RNA expression 

levels of genes involved in the metabolism of A) purines, B) oxidative phosphorylation, 

and C) pyruvate metabolism. Log-rank test was used to calculate p-values, and p<0.05 

was considered significant. Grouping patients was performed by maximally ranked 

statistics but was not significant for the pathways shown here. 
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Fig. S15, related to Fig. 5: Grouping utilising the median gene expression as cut-

off value yields fewer significant results 

Overall survival of patients from MAGIC and ICGC cohorts similar to Kaplan-Meier 

curves shown before (Fig. 5; Additional file 1: Fig. S14) for A) pyrimidine, B) IP, C) 

purine metabolism, D) oxidative phosphorylation, and E) pyruvate metabolism. Division 

of patients into two groups depending on RNA expression levels of genes involved in 

previously analysed pathways has been done using the median gene expression level 

as cut-off value. Significance was calculated as mentioned above. 
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