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Supplementary Methods 

1. Data Collection 
We searched the keywords “(MYCN) OR (MYC) OR (MYCN amplification) AND 
(Neuroblastoma) AND (Homo sapiens)” and publication dates before 21/02/2022 in National 
Centre for Biotechnology Information (NCBI) Gene Expression Omnibus (GEO) and 
European Bioinformatics Institute (EBI) ArrayExpress (AE). Three hundred and eighty 
experiments were identified in the initial screening. Then, we included only datasets that are 
neuroblastoma samples and contain MYCN status information with at least 2 biological 
replicates. Datasets generated on platforms other than Illumina, Affymetrix or Agilent or 
detected genes less than 10,000 were excluded to avoid the technical mismatch between 
different platforms (Fig. 1a).  
 
2. Data Preparation 
Raw microarray files were downloaded and imported into the R environment (v4.0.2). The 
normalisation of raw data depended on the generated platform. Affymetrix datasets were 
performed by the rma function in affy (v1.66.0)1 or oligo(v3.11)2 packages. Agilent 
microarrays were normalised using the normalise BetweenArrays function. Illumina datasets 
were standardised by neqc function in limma (v3.44.3)3. Microarray probe IDs were mapped 
to gene symbol according to the GPL annotation files provided in NCBI. Probes mapped to 
multiple gene symbols were removed and genes mapped to multiple probe IDs were 
summarised by calculating the mean. 
 
3. Quality Control 
Before proceeding with further analysis, we systematically evaluated and ruled out the 
possibility of patient duplicates. Overall, there are 3 types of duplicate samples being deposited 
into different public databases. The first one is that datasets had been deposited to 2 different 
data repositories. For example, E-GEOD-45547 (ArrayExpress) and GSE45547 (GEO) contain 
identical neuroblastoma patients. Of course, the link information on the webpage can assist in 
avoiding the inclusion of duplicate samples during data collection. The second type includes 
subseries datasets belonging to 1 superseries. For example, the superseires GSE16254 is 
composed of 163 samples and 5 subseries, where GSE16476 includes 88 identical microarray 
data. In this case, duplicated samples could be directly filtered based on GSMID. The last and 
most challenging situation to identify involves duplicated samples in different data repositories 
or different subseries without being labelled information or using different GSMID.  
    
     To exclude these duplicates, we have implemented the following steps: 
     1). Download the raw microarray file of all samples. 
     2). Since GSE19274 was the only dataset generated by Illumina, no duplicates were 

identified. For Agilent-generated file, “Scan_OriginalGUID & 
gRatioSig2BkgeQC_NegCtrl” from raw file would be used as unique Sample ID. For files 
generated Affymetrix, md5 value of each raw file would be calculated and used as unique 
Sample ID. According to Supplementary Fig. 1a-c, we identified 679 duplicate samples out 
of 761 samples across the following datasets GSE79910, GSE73517, GSE120572, 
GSE49710, GSE45547, E-MTAB-8248, E-MTAB-179, E-MTAB-1781. All samples from 
GSE21713 and E-MEXP-3517 matched the samples in GSE85047. Similarly, all samples 
from GSE14880 had been deposited into GSE12460. Samples with same 
“Scan_OriginalGUID & gRatioSig2BkgeQC_NegCtrl” or md5 value were compiled into 
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Supplementary Table 1 and each value would only keep one sample for subsequent analysis. 
In summary, 1,620 samples passed the selection criteria. 

     3). To ensure reliability, we filtered out low-quality datasets by performing leave-one-out-
cross validation. 17 out of 18 datasets were training data for optimising the MYCN 
amplification signature and evaluating the prediction performance of this signature on the 
one left. Two datasets (GSE73537 and GSE53371) were filtered out due to the low area 
under receiver operating characteristic (ROC) curve (AUROC) score (Supplementary Fig. 
2). The generation of a MYCN amplification signature and the validation of this signature 
on the dataset left were run through MetaIntegrator package (v2.1.3)4 with FDRThresh = 
0.05 and effectSizeThresh = 1.3. After filtering, 1,566 samples were analysed in further 
analysis. 

     4). To ensure there were no duplicates among the 1,566 samples, pairwise correlation 
coefficients were computed for all samples to globally assess the possibility of duplicate 
patients. A correlation coefficient value of 1 would indicate duplicate samples. After 
excluding the diagonal values in the correlation matrix, the correlation coefficient values 
ranged from 0.2696574 to 0.9962434 (refer to Supplementary Fig. 1d; Supplementary Table 
1). The highest correlation coefficient value was observed between 2 samples exhibiting 
distinct clinical features within the same dataset (GSE16237_GSM408944 and 
GSE16237_GSM408936). 

    Through the aforementioned methods, we are confident to conclude that the possibility of 
patient duplicates has been eliminated. 
 
4. Data Normalisation 
After performing the individual normalization method of each raw microarray data and 
removing low-quality datasets, qualified datasets (16 in total) were merged into one dataset 
using gene symbols as references. We used the ComBat5 empiric-Bayes batch correction 
algorithm to run an overall normalization of all data sets, thereby eliminating the technical 
batch effect and ensuring all samples were comparable across different datasets 
(Supplementary Fig. 3a). Principal component analysis (PCA) was applied to visualise all 
samples in lower dimensional space by factoextra6 (Supplementary Fig. 3b). The merged 
dataset was randomly split into a training cohort (n = 878) and a testing cohort (n = 375) in a 
7:3 ratio using the caret package7.  
 
5. Consensus Clustering 
Median absolute deviations were calculated for each gene and the top 50% most variant genes 
(n = 5,792) were extracted for consensus clustering (ConsensusClusterPlus, v1.52.0)8. The 
consensus was performed using K-means with Euclidean distance, 80% item resampling 
(pItem), 100% gene resampling (pFeature) and 10,000 iterations to generate the robust 
consensus clusters. The delta area plot and the ClusterConsensus score suggested a matrix with 
k = 3 displayed the highest stability within clusters and clearest cut among clusters 
(Supplementary Fig. 3c).  
 
6. Clinical Data Merging 
Although duplicate samples from different databases share the same scanID or md5 value, 
different collection or deposit processes may result in missing or different clinical data for some 
duplicated samples. For instances where clinical data is missing, such as the absence of gene 
mutation information for genes like 1p, 11q, and 17q in the GSE49710 database, this kind of 
information can be complemented by data from the GSE73517 database.  
    Therefore, by integrating clinical information from different databases, a more 
comprehensive clinical profile for each sample can be achieved. In cases of conflicting clinical 
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data, a majority rule approach is initially applied. For example, samples 
GSE73517_GSM1897056, EMTAB1781_252038210106_1_4 and GSE49710_GSM1205330 
share the same scanID: 1fb161ea-3708-415a-a2f8-4d5c0847d993_1229.52. However, while 
GSE73517_GSM1897056 and EMTAB1781_252038210106_1_4 have a 'high' risk status, 
GSE49710_GSM1205330 reports a 'low' risk status. Therefore, the final risk status is 
determined as 'high'. In cases of conflicting survival time and survival status, the longest 
survival time among samples with a survival event is selected as the final result. For example, 
the sample EMTAB179_US22502540_252038210106_1_4, with the same scanID: 1fb161ea-
3708-415a-a2f8-4d5c0847d993_1229.52, has a survival time of 2502 days and no survival 
event. GSE49710_GSM1205330 has a longer survival time of 3935 days with no survival event. 
Although EMTAB1781_252038210106_1_4 has the longest survival time of 3958 days, the 
absence of a corresponding survival event information precludes its use in survival analysis. 
Consequently, the final survival time used is 3,935 days with no survival event. 
 
7. Defining the Differentially Expressed Genes (DEGs) and Pathway Analysis 
The limma package was used to compare each subgroup to other subgroups. Genes with an 
absolute log2 fold change (FC) bigger than 1 and a false discovery rate (FDR) p value less than 
0.05 adjusted by using Benjamini–Hochberg (BH) method (or q-value) were considered as 
differentially expressed genes (DEGs). Pathway enrichment analysis were generated through 
Metascape website (http://metascape.org). Parameters of Metascape were set as "5 minimum 
overlapping genes, p < 0.05 and 1.5 minimum enrichment factor"9. GSEA (gene set enrichment 
analysis) was performed using GSEA software (the Broad Institute platform, v4.0.3)10 with the 
default settings and 1,000 gene set permutations. Single-sample GSEA (ssGSEA) scores of 
pathways were calculated by using ssGSEA in the GSVA (v1.36.2) package11. "MYCN", 
"ADRN (adrenergic)" and "MES (mesenchymal)" signatures were collected from the previous 
reports12,13. The MHC (major histocompatibility complex) score was calculated as the mean 
expression of HLA-A, HLA-B, HLA-C, TAP1, TAP2, NLRC5, PSMB9, PSMB8, and B2M14. 
The CYT (cytolytic activity) score was calculated as the geometric mean of GZMA and PRF115. 
 
8. Weighted Gene Co-expression Network Analysis (WGCNA) and Protein Protein 
Interaction (PPI) Analysis 
WGCNA16 of the top 50% most variant genes (n = 5,792) was used to discover sets of genes 
with similar correlation patterns among subgroups. To choose the parameter (soft threshold) of 
the power adjacency function, we used the scale-free topology (SFT) criterion. We selected the 
power value as 6 because the model-fit saturation was above 0.8. The identification of modules 
was performed using cutreeDynamic function with the signed hybrid method, deepSplit = 2 
and minClusterSize = 100. Next, automatic merging was performed using mergeCloseModules 
function with a cutHeight of ≤ 0.25, which means a Pearson correlation between module 
eigengenes of ≥ 0.75. PPI in each module was demonstrated by STRING (v11.0)17 with high 
confidence score > 0.900 interaction. Visualisation of network was performed by gephi18. 
MYCN score associated genes were determined by two criteria: 1) up-expressed DEGs in 
subgroup 2 samples and 2) the Pearson correlation coefficient with the MYCN score is greater 
than 0.3 and a false discovery rate (FDR) p value less than 0.05. 
 
9. Clinical Characterisation of Subtypes 
The univariate and multivariate Cox proportional hazards model assessed the hazard ratio of 
each parameter through the survminer (v0.4.9)19. We performed log-rank test to compare 
Kaplan-Meier survival curves between each subgroup by survival (v3.2-10)20. Prediction error 
curves of each prognostic model were generated from pec (v2019.11.03)21. 
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10. SubMap Analysis 
To compare the subgroups across independent neuroblastoma cohorts, melanoma datasets 
(GSE78220)22,23and anlotinib dataset24, we applied an unsupervised subclass mapping 
(SubMap) analysis from GenePattern module (https://www.genepattern.org/modules) to 
evaluate similarity of subgroups25. Gene used were the intersection of genes between two 
correspondent datasets. Module parameters were setting as default and a Bonferroni adjusted 
p value less than 0.05 was considered as the significant cut-off. 
 
11. Single Cell RNA-seq (scRNA-seq) Analysis 
A scRNA-seq dataset of 3 MYCN non-amplified neuroblastoma samples was downloaded from 
GEO (GSE137804)26. The processed gene expression matrix was imported into R and analysed 
by Seurat Packages27. We first removed low-quality cells with detected genes less than 500 and 
those with more than 10% genes from the mitochondrial genome. The filtered gene expression 
matrix was normalised by SCTransform function. Variable features across 3 sample were found 
using SelectIntegrationFeatures function and then identified anchors using the 
FindIntegrationAnchors function, followed by the IntegrateData function to integrate these 3 
samples. The integrated data were visualised using Uniform Manifold Approximation and 
Projection (UMAP) with RunUMAP function. The annotation of each cell type in the integrated 
dataset was performed using established signatures from a previous report. 
 
12. CIBERSORTx Analysis 
A signature matrix of each cell type in MYCN non-amplified neuroblastoma samples was 
constructed by a deconvolutional tool CIBERSORTx28. Cell fractions in each partition from 
the train cohort as well as those from the test cohort were imputed using Cell Fraction analysis 
module with B-mode and other default parameters over 1,000 permutations29. 
 
13. Identification of Independent Predictors 
Considering that the transcriptomic data is derived from different data platforms, such as 
Agilent/Affymetrix/Illumina and RNA-seq, distinct standardisation methods are applied to 
ensure comparability of gene expression levels across samples. However, such processing is 
heavily influenced by samples within the same cohort, making it challenging to reach 
consistent conclusions across independent datasets30. In contrast, predictors based on gene rules 
(also referred to as single sample predictors) are considered to mitigate the impact of gene 
standardisation, while being less dependent on the source of the data platform. Gene rules 
operate on the principle that if the expression level of gene A is greater than that of gene B, the 
sample is assigned to Class X; otherwise, it is assigned to Class Y. K-Top-Scoring Pairs (kTSP) 
has been demonstrated to perform well in binary classification scenarios31-33. However, as our 
grouping involves a multi-class problem, we have opted for the use of the multi-class predictor, 
multiclassPairs34. 
    Raw microarray files of 16 datasets were imported into the R environment again. However, 
no standardisation was applied. Affymetrix were performed by threestep() with normalize=F; 
Agilent data were imported by read.maimages() with other.columns=’gIsWellAboveBG’ or 
‘gProcessedSignal’ according to raw data files; Illumina data were read by read.ilmn() with 
other.columns=’Detection’. Microarray probe IDs were mapped to gene symbol according to 
the GPL annotation files provided in NCBI. Probes mapped to multiple gene symbols were 
removed and genes mapped to multiple probe IDs were summarised by calculating the mean. 
Subsequently, the non-standardised expression matrices were integrated into a merged 
expression matrix, which was then divided based on train/test grouping. The train data were 
utilised for training single-sample predictors, while the test data were employed for evaluating 
model performance. During the model construction, ‘one-vs-one gene’ was selected because it 
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would give more weight to small classes. A total of 928 rules derived from a set of 432 genes 
were constructed during the training. Subsequently, these 928 rules were employed to train the 
final model constructed by a random forest with 100,000 trees. The final RF model got 93.17%, 
94.2% and 91.9% balanced accuracy in the training data and 86.71%, 84.72% and 80.85% 
balanced accuracy in the testing data. 
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Supplementary Figures 

Supplementary Figure 1. Identification of duplicate samples across multiple datasets. 
UpSet plot representations of duplicate samples across numerous datasets. Duplicate samples 
generated from Agilent_GPL16876 (a), Affymetrix_GPL570 (b) and Affymetrix_GPL5175 (c). 
(d) Violin plot of pairwise correlation coefficient values of 1,566 unique samples. 
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Supplementary Figure 2. Identification of datasets with inconsistent MYCN signatures 
across different datasets. AUROC (area under the receiver-operating characteristic curve) 
analysis comparing the performance of MYCN signatures trained from 17 datasets in the 
remaining one dataset. The dataset with AUROC scores less than 0.5 would be excluded. 
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Supplementary Figure 3. Characterisation of molecular subtypes in MYCN non-amplified 
neuroblastomas. (a) Boxplot of merging neuroblastoma tumour sample from 18 datasets 
before and after removing batch effects. (b) Principal component analysis (PCA) of 
neuroblastoma patients after removing batch effect showed patients clustered according to 
MYCN-amplified status while there were overlapping areas between the two groups. (c) 
Relative area changes on the cumulative distribution function and cluster-consensus value of 
the train or test cohort. 

a

b c
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Supplementary Figure 4. Clinical characterisation of subtypes within MYCN non-
amplified neuroblastomas identifies key distinguishing features. (a) SubMap analysis of 3 
subgroups between the train and test cohort. Bonferroni adjusted P-values were indicated. (b) 
Graphs showing the frequency (%) of each molecular subtype in different International 
Neuroblastoma Staging System (INSS) stages or risk status in the train plus test cohort. P 
values are indicated. (c) Kaplan-Meier plots showing the overall survival in each molecular 
subtype or MYCN-amplification (MYCN-AMP) in the train plus test cohort. Numbers below 
are n (%). P values are indicated. (d) Multivariate analysis of subgroup classification with 
clinical parameters age, gender, INSS stage, risk status, MYCN status and 1p status in 
neuroblastomas. (e and f) Multivariate analysis of subgroup classification with 1p/11q/17q 
status in neuroblastomas. HR (hazard ratio), 95% CI (confidence interval), patient number (n) 
and p values are shown. (g) Prediction error curves (indicating mean squared error in predicting 
survival status) are calculated for the subgroup (red) and risk status (green). 
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Supplementary Figure 5. Defining molecular features of 3 subtypes in MYCN non-
amplified neuroblastomas. The correlation coefficients of WGCNA (weighted gene co-
expression network analysis) modules and subgroups (red indicates positive correlated and blue 
negative correlated). 
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Supplementary Figure 6. Subgroup 2 shows a "MYCN" signature, potentially induced by 
Aurora Kinase A (AURKA) overexpression. Multivariate analysis of AURKA expression 
level and risk status in in MYCN non-amplified neuroblastomas. HR (hazard ratio), 95% CI 
(confidence interval), patient number (n), and P values are shown35. 
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Supplementary Figure 7. Subgroup 3 is accompanied by an "inflamed" gene signature. 
(a and b) Violin plots showing stromal scores and tumour purity in different subgroups and 
MYCN-AMP in the train, test or train plus test cohort. (c) UMAP projection of MYCN non-
amplified patients’ cells. The colours demonstrated the distinct cell types according to the 
established marker genes. (d) SubMap analysis showing differential anti-PD1 
immunotherapeutic response in 3 subgroups (GSE78220). Bonferroni adjusted P values 
indicated. 
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Supplementary Figure 8. Evaluation of different patient stratification strategies within 
MYCN non-amplified neuroblastomas. (a and b) Violin plots showing ADRN and MES 
scores in different subgroups and MYCN-AMP in train and test cohort. (c) Prediction 
differences in E-MTAB-1781 using subgrouping method from this report (named Hu) or 
Oberthuer and colleagues (Oberthuer's svm_th44). (d) Multivariate analysis of subgroup 
classification with Oberthuer's svm_th44 classification in MYCN non-amplified 
neuroblastomas. HR (hazard ratio), 95% CI (confidence interval), patient number (n), and P 
values are shown.  
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Supplementary Tables 

Table S1. List of datasets and samples collected for meta-analysis.  
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Table S12. Classification differences between different stratification strategies. 


