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Patient Selection and Sample Preparation 
All tumor specimens were obtained in accordance with the Research Ethics Board at 
Children’s Hospital Los Angeles (CHLA) (Los Angeles, CA) and Cincinnati Children's 
Hospital Medical Center (Cincinnati, OH). A total of 87 medulloblastomas samples were 
obtained as surgically resected, fresh-frozen samples. In addition, we obtained paraffin 
embedded tissue from 56 of those samples. 
 
 
Immunohistochemical Studies 
Sections of paraffin embedded tissue were obtained from patients treated at CHLA 
(n=56). The samples were cut and stained at CHLA using an antibody against CD163 
(Leica Microsystems) with appropriate negative controls. Two sections were not 
evaluable due to poor tissue preservation. In total there were 54 samples included in the 
final analysis: SHH (n=22 ), WNT (n=2), Group 3 (n=9), Group 4 (n=21). The antibody 
staining was scored from 0 to 3 in increments of 1. The scoring system was proposed 
by AJ and reflects the percentage of macrophages that occupy the septal spaces 
between tumor cells. Two pathologists (AJ and FG) scored all of the specimens 
independently and blinded to the molecular grouping of samples. No sample had a 
divergent score of greater than one point and no consensus score was needed .The 
mean score for each sample was calculated for further analysis.  

 
Gene Expression Studies 
 
Sample Preparation 
 
Total RNA from frozen tumor sections of the medulloblastoma samples was isolated for 
microarray analysis using TRIzol reagent at CHLA. The percentage of tumoral cells was 
evaluated by microscopic evaluation of hematoxylin- and eosin-stained sections. Only 
samples of tumors with ≥80% tumoral cells were included in this study. RNA quality for 
all samples was assessed at CHLA by Nanodrop spectrophotometry and RNA integrity 
number (RIN) using a Bioanalyzer 2100 (Agilent Technologies, Santa Clara, CA). Only 
the samples with RIN > 6.5 underwent further processing by microarray or TLDA 
assays. 

 
 



Data Sources: Microarrays 
 
1) Human Exon Array Data 
 
We used Affymetrix Human Exon 1.0 ST Array (HuEx array) to analyze 
medulloblastoma tumor samples collected from CHLA (n=65) and combined the 
expression data with that of a previously published cohort (Gene Expression Omnibus 
(GEO) GSE21140) (n=103).1 
 
 
Summarization, Filtering and Normalization 
 
The complete ‘full’ probeset regions (PSR) of HuEx array were normalized and 
summarized using Affymetrix Power Tools (APT ver. 1.12.0, Affymetrix, Palo Alto, CA) 
and subsequent gene summaries were derived from annotations built using hg19 
version of the human genome. PSRs from the full dataset whose expression was less 
than the median of all PSRs and whose coefficient of variation (cv) was less then the 
median cv value of all the PSRs were excluded from further analyses.  These filtered 
PSRs (approximately 10% of all PSRs) were deemed noncontributory to gene levels. 
Transcript average values used for this study were derived from this filtered PSR set 
which were annotated as ‘core’ by Affymetrix annotation files.  For cluster analyses, 
probesets representing genes on chromosome Y were filtered out in order to avoid the 
gender based batch effect in the clustering algorithm.  
 
Removing Institutional Batch Effect  
 
Analysis of variance (ANOVA) was used to remove batch effect related to institution 
origin of the datasets (Sick Kiids Hospital in Toronoto versus Children’s Hospital Los 
Angeles). In brief, each PSR was used to fitting a model for each of the Human Exon 
array probeset and obtaining the residuals after removing the main institution effect. All 
ANOVA models adjusted for histology. 
	  
	  
Clustering 
 
Nonnegative Matrix Factorization 
 
Nonnegative Matrix Factorization (NMF) was used to identify number of likely clusters in 
our dataset in an unsupervised fashion [Renaud Gaujoux (2010)]. 
 



NMF (Brunet approach) was utilized to extract relevant biological information from 
microarray data and uses Kullbach-Leibler divergence algorithm where it uses simple 
multiplicative updates to avoid numerical underflow2. The NMF package for the R 
statistical software was used to perform the clustering computations3. We applied NMF 
to different sets of highly variable genes in our HuEx datasets (ranging from ~400 genes 
to 2500 genes) to identify cluster predictions for cluster sizes ranging from 2 to 9.  Each 
NMF algorithm was run with1000 iterations and using the Burnet algorithm. Based on 
the value of the cophenetic coefficients, our NMF predicted robust clusters starting at 
k=4 (Supplemental Figure 1).  

Silhouette analysis4 was performed to identify samples with strong membership (largest 
silhouette) to their assigned cluster.  Samples with a silhouette width of <0.15 were 
deemed outliers and excluded from further analysis (Supplemental Figure 1C).  

 
Inflammation-related gene selection and clustering and Gene Ontology selection 
ANOVA analysis was used to identify top ranking genes using the newly determined 
molecular subgroups by NMF analyses.  The top 100 ranking genes were then 
evaluated for association of these with gene ontology biological processes category that 
was related to the immune system or inflammatory response.  These genes were then 
used to generate the heatmap in Figure 1C based on hierarchical clustering as 
implemented in the function aheatmap (NMF package for R verison 3.0) using 
‘euclidean’ distance and ‘average’ clustering parameters. 
 
Genes were selected by searching for the word ‘macrophage’ in gene ontology 
(http://amigo.geneontology.org/) website’s Annotation search toolbox as well as genes 
related to the GO term ‘scavenger receptor function’.  Total of 227 unique genes were 
identified and 204 were mapped to the HuEx discovery set.  An unbiased filtering 
approach was used to select the most variable genes among the entire dataset without 
regard to molecular subgroups.  Genes that had greater than 15% coefficient of 
variation across the entire dataset and were expressed above the median level of the 
cohort by at least 5% of the samples were selected for further analyses (n=40 genes).  
An unsupervised hierarchical analysis was performed in the same manner as described 
above and samples were labeled based on their molecular subgroups (Supplemental 
Figure 9). 
 
 
2) TLDA Analysis and Gene Selection 
 
Gene selection 
 



The medulloblastoma custom TLDA card was constructed with genes related to tumor- 
and inflammation. Tumor-related genes were selected based on previously published 
microarray studies in addition to our own HuEx microarray analysis. Inflammation-
related genes were selected based on identification of inflammation-related genes from 
the HuEx data.  The TLDA card design used in our experiments allows for analysis of 
48 genes for a given sample.  Two genes (ACTB and GAPDH) were selected as 
housekeeping genes and used for normalization of sample data.  
 
Summarization and Normalization 
 
After performing qRT-PCR reactions using the 48-gene TLDA system, all 45 genes and 
2 housekeeping genes (GAPDH and ACTB) had cycle threshold (CT) values for 
detectible expression (CT<40) in more than 95% of specimens. The CT value of the 
third housekeeping gene (LDHA) was not used due to high variability.  The CT values 
for the 45 genes were normalized to the geometric mean of the two housekeeping 
genes. Cycle threshold (CT) value for each gene was determined as follows: (1) Raw 
fluorescence values for each PCR cycle were exported from the Applied Biosystems 
7900HT Version 2.3 Sequence Detection System software; (2) For each gene within 
each sample, a baseline value was computed as the median fluorescence from cycles 
3-15. To avoid overestimating the baseline for some high-expressing genes, the upper 
limit of this range was adjusted to a value that was at least 3 cycles lower than the 
computed CT value for the gene; (3) The baseline value was subtracted from the raw 
fluorescence values and a LOESS smoothing function was fitted. A CT value was 
computed as the point where the smoothed function intersected a fixed threshold value 
of 0.20. The assay was considered negative if the baseline-corrected function did not 
intersect the fixed threshold.  
 
Determination of Molecular Group  
 
A linear discriminant analysis (LDA) predictor of molecular group based on gene 
expression values from the custom TLDA card was performed as follows.  ΔCT values 
of 45 genes of interest were computed as the difference between the gene CT and the 
geometric mean of CT values of housekeeping genes ACTB and GAPDH.  Using the 
molecular group designation from the NMF analysis of HuEx data as the gold standard,   
gene-by-gene one-way ANOVA was performed, and genes that were significant in this 
analysis at p<0.001 were selected.  In order to reduce dimensionality, principal 
components analysis (PCA) was performed on the selected genes, and principal 
components (PCs) associated with an eigenvalue > 1 were retained.  These PCs were 
all included in an LDA, again using the NMF classification as the gold standard.  Leave-
one-out internal cross validation (LOOCV) was performed by excluding each sample in 



turn, and repeating all steps above (ANOVA, gene selection, PCA, LDA), and the left 
out sample was classified according to the resulting LDA.  The LOOCV classifications 
were used to compute error rates.  
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Supplemental Figure 1. Overview of samples studies and 31-gene signature development	  



	  

	  

Supplemental Figure. 2. Non-negative 
matrix factorization (NMF) analysis of the 
combined cohort of  medulloblastoma 
samples (n=168) (A) Cophenetic 
correlation coefficient based on 2000 
clustering runs for 2-10 clusters utilizing 
genes obtained at varying coefficients of 
variation; the data demonstrate that the 
highest cophenetic correlation coefficient 
was obtained at 4 clusters with 369 
genes.  (B) NMF consensus heatmap of 
4 subgroups using the dataset containing 
369 genes with high coefficient of 
variation. (C) Silhouette plot for 
identification of outliers. Outliers (n=31) 
were defined as samples with a 
silhouette width <0.15.  

 

 



	  

	  
	  

	  

Supplemental Figure 3. HuEx expression levels of CSF1R are significantly higher in SHH 
tumors compared to Group 3 or Group 4 subgroups (p<0.0001 respectively). 

Supplemental Figure 4. Progression free survival (PFS) and overall survival (OS) analyses 
using Kaplan-Meier plots and log rank tests for samples analyzed using TLDA 31-gene 
signature (A) PFS by molecular subgroup. (B) OS by molecular subgroup.  



	  

	  

	  

	  

	  

 

 

 

 

Supplemental Figure 5. TLDA expression levels of CD163 are similar among histologic 
subtypes of SHH medulloblastomas 

Supplemental Figure 6. Progression free survival (PFS) and overall survival (OS) analyses using 
Kaplan-Meier plots and log rank tests for SHH tumors based on median TLDA expression of CD163. 
(A) PFS of high- vs low-expressers. (B) OS of high- vs low-expressers. Children who died of 
treatment-related toxicity without evidence of disease progression are excluded from the analyses 
(n=3).   



 

 

 

 

Supplemental Figure 8. Representative IHC images of SHH tumors with desmoplastic 
histology stained with anti-Ki-67 antibody demonstrating increased cell proliferation in 
internodular areas corresponding to the presence of macrophages. 

 

 

Supplemental Figure 7.  Additional representative (2 per group) of CD163 IHC images of 
SHH with desmoplastic histology, SHH with classic histology, Group 3 and Group 4 tumors. 

 



  

Molecular Groups: 

 

Supplemental Figure 9. Unsupervised clustering of the 40 most variable macrophage related 
genes. Heatmap demonstrating clustering of SHH and WNT group of tumors compared to 
Group 3/4 tumors. Rows represent names of genes and HuEx probeset identification. White to 
red coloring indicates expression level of the gene (log2) . 
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