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Medulloblastoma (MB) is the most common malignant pediatric brain tumor, accounting for 
approximately 20% of all childhood brain tumors. Despite recent advances, current treatments like 
surgery, radiation, and chemotherapy still lead to severe side effects and high morbidity. Limited 
knowledge exists regarding the regulatory mechanisms behind the MB transcriptional alterations in 
high-aggressive subgroups like Group 3 and Group 4, hindering the development of targeted therapies. 
Identifying key transcriptional regulators, known as master regulators (MRs), can elucidate the 
dysregulated pathways underlying MB progression and uncover potential treatment targets. In this 
study, we utilize primary MB gene expression samples to infer its regulatory network. Subsequently, 
we applied the Master Regulator Analysis identifying the transcription factors BHLHE41, RFX4, and 
NPAS3 as its main transcriptional regulators, showing tumor suppressor features. We also identified 
eight risk MRs highly associated with patient outcome: four regulators (MYC, REL, ZSCAN5 A, and 
ZFAT) with activities associated with poor prognosis, and four (PAX6, ARNT2, ZNF157, and HIVEP3) 
acting antagonistically, being associated with good outcome. Our results offer key insights into 
the molecular mechanisms driving these tumors and identify novel potential therapeutic targets, 
addressing the urgent need for more effective and less toxic treatments.
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 Medulloblastoma (MB) is an embryonal neuroepithelial cancer of the cerebellum, ranked as the most frequent 
malignant pediatric brain tumor1. It is characterized by four distinct molecular subgroups: wingless/int1 (WNT), 
Sonic Hedgehog (SHH), and the numerically designated Group 3 (G3) and Group 4 (G4), each with unique 
molecular and clinical features2–4. Approximately 90% of WNT tumors present a mutation in the CTNNB1gene, 
which activates the WNT signaling pathway and prompts WNT-responsive genes that drive tumor growth5. 
Patients of this subgroup have the best prognosis of all four groups, with survival rates around 95–100%6. In 
SHH, tumorigenesis typically results from copy number variations or mutations in the SHH signaling pathway, 
most commonly in the PTCH1 and SUFUgenes7. Despite recent advances, significant knowledge gaps remain in 
understanding the dysregulated pathways and master regulators (MRs) driving the highly aggressive G3 and G4 
subgroups, which share similarities in both molecular and clinical domains8.

Over the past decade, molecular targeted therapies have been tested for SHH, G3, and G4 subgroups, aiming 
to reduce side effects without compromising treatment efficacy and optimize overall survival9. SHH pathway 
inhibitors have shown promising results in clinical trials for SHH-driven MBs. However, one major obstacle is 
the development of drug resistance to these pathway inhibitors and novel side effects, such as the impairment 
of normal bone development in SHH patients. Specific tumor drivers in G3 and G4 MB have not been well 
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identified, and fewer specific approaches for these subgroups are available. Despite the promising results, 
significant limitations persist, with various clinical trials not achieving the expected outcomes10–12.

Alterations in transcription factors (TFs) activity are a common regulatory mechanism in various types 
of cancer13. Dysregulated TFs, through mechanisms such as altered expression, chromosomal translocations, 
gene amplification or deletion, point mutations, and indirectly through non-coding DNA mutations, represent 
a unique class of drug targets that mediate aberrant gene expression in biological processes key for cancer 
development14. A well-known example of this kind of dysregulation is the amplification of MYCin MB, 
particularly in the G3 subgroup, which promotes cell proliferation and increases tumor aggressiveness15. Several 
approaches to target TF activity in cancer have been demonstrated, both clinically and preclinically. Recent 
innovations include modulation of auto-inhibition, proteolysis targeting chimeras, and combinations of TF 
inhibitors with kinase inhibitors to block treatment resistance16–19. These advances in drug development hold 
great promise for yielding TF-targeted therapies that could significantly impact future cancer treatments. These 
innovations underscore the importance of continuing to improve MB molecular characterization, with the aim 
of discovering new treatment targets and refine existing molecular targeted therapies.

Identifying key transcriptional regulators, known as MRs, can elucidate the dysregulated pathways underlying 
MB progression and uncover potential treatment targets. This approach has been previously employed in various 
cancers, including Ewing sarcoma, neuroblastoma, and breast cancer, among others20–25. In this study, we 
inferred the MB’s regulatory network and applied the Master Regulator Analysis (MRA) integrated with patient 
survival data. Our goal was to gain insights into the molecular mechanisms driving these tumors and identify 
novel TFs linked to the disease, addressing the urgent need for more effective and less toxic treatments. By 
uncovering the MRs associated with MB progression, this work offers a valuable resource for developing novel 
therapeutic strategies tailored to each subgroup’s distinct biology.

Methods
Dataset selection and processing
The gene expression data used in this study were obtained from the Gene Expression Omnibus (GEO)26 under 
the accession identifier GSE85217 and clinical data retrieved from its corresponding publication27. This dataset 
includes tumor expression profiles from 763 MB patients, spanning various age groups and representing all 
four molecular subgroups. As controls, we used a second dataset containing expression data from eight healthy 
fetal cerebellum samples and five healthy adult cerebellum samples. This control dataset was also retrieved from 
GEO, under accession identifier GSE167447. Both datasets were generated using the Affymetrix Human Gene 
1.1 ST Array platform. All expression datasets were preprocessed and normalized by the oligo R/Bioconductor 
package28. For genes detected by multiple probe sets, the probe set with the highest standard deviation was 
selected for further analyses. Quality control was performed on both datasets using the arrayQualityMetrics 
R/Bioconductor package, and outlier samples were removed (Table S1)29. The remaining GSE85217 samples 
were subsequently divided into two sets: one for network inference, comprising 732 samples, and another for 
signature construction, containing 24 samples from the three most aggressive MB subgroups (SHH, G3, and 
G4)30. For the signature subset, eight from each subgroup were randomly selected, with selection adjusted to 
reflect the molecular subtype prevalence in the dataset (Table S1)31.

Regulatory network inference and master regulator analysis
MRA and regulatory network inference were conducted using RTN(Reconstruction of Transcriptional Networks), 
an R/Bioconductor package24. This package offers various techniques for the inference and exploration of 
transcriptional regulatory networks, such as the Algorithm for the Reconstruction of Accurate Cellular 
Networks (ARACNe) and the MRA algorithms32,33. First, the Transcriptional Network Inference was applied to 
calculate the interdependence between each TF and all its potential regulated genes, using a list of human TFs 
comprising 1,639 genes and the 732 samples from GSE8521734. TF gene symbols were converted to official gene 
symbols using the alias2Symbol function from the R/Bioconductor package limma35. This conversion was also 
applied to all genes present in the Affymetrix Human Gene 1.1 ST Array platform, resulting in 1,635 TFs and 
19,615 potential gene targets. Following the RTN’s package vignette, the network construction pass through a 
permutation step, a bootstrap analysis, which creates a consensus bootstrap network, and finally the ARACNe 
algorithm aiming to remove the weakest interaction in any triplet formed by two TFs and a common target gene, 
preserving the dominant TF-target pair. This process ultimately led to the inference of the MB transcriptional 
network.

Parallel to the network inference, gene signatures for the three MB subgroups were defined. These signatures 
were obtained by performing three independent differential gene expression analyses comparing the three MB 
subgroup (GSE85217: N = 8 SHH, N = 8 G3, N = 8 G4) against the control fetal cerebellum samples (GSE167447: 
N = 8). The differential expression analysis was performed using the limma R/Bioconductor package (BH 
adjusted p-value < 0.05, −1.5 > logFC > 1.5)36. Signature for the WNT subgroup was not made. Another three 
differential gene expression analyses using all samples for each subgroup (N = 222 SHH, N = 142 G3, N = 323 
G4) was also made to ensure that the eight samples’ signatures comprehend the heterogeneity of the dataset. 
Subsequently, the MRA searched for regulons in the regulatory network that were enriched for each of the 
corresponding subgroup-specific gene signatures (BH adjusted p-value < 0.01), aiming to identify important 
TFs for the disease, known as MR. Only regulons with more than 15 targets, 1,156 of the 1,581 present in the 
network, were considered in this analysis.

Selecting master regulators by significance
A subset of MRs shared across SHH, G3, and G4 subgroups was selected for further analysis. This subset was 
identified by first ranking the shared MRs according to their associated p-value from the MRAs from each 
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subgroup. Later, calculate the mean ranking for each of them across the three subgroups. Finally, the subset 
was selected based on the differences between their average ranking in an ordered list referred to as gaps. All 
consecutive gaps (differences between sorted values) are computed, and the target gap (gap with the highest 
value) is isolated. To avoid bias, the mean and standard deviation of the remaining gaps are calculated (excluding 
the target gap itself), ensuring the reference distribution reflects typical variability. A z-score is then derived 
to quantify how many standard deviations the target gap lies above the mean of the other gaps. This z-score 
provides a parametric measure of the gap’s extremity, assuming approximate normality in the distribution of the 
remaining gaps.

Enrichment analysis
Gene Ontology (GO) biological process, KEGG pathways, and Reactome pathways enrichment analysis was 
performed to explore the biological links for the investigated regulons37–39. This analysis considered all genes 
regulated by the regulons of interest in the regulatory network. The clusterProfilerR/Bioconductor package 
was used to perform the enrichment analysis40. Terms enriched had the p-value adjusted with the Bonferroni 
correction method.

Network visualization and over-representation analysis
The RedeR R/Bioconductor package was employed to visualize the networks inferred by the RTNpackage41. 
There are three kinds of network representations in this study:

iThe first method is the tree-and-leaf representation42. It aims to represent the regulatory network in two 
dimensions depicting regulons as nodes, labeled according to the TFs that regulate the respective group of 
genes. Node size represents the amount of genes in the regulon. The proximity between nodes represents 
the extent of overlap of regulated genes among regulons; the closer two regulons are portrayed on the 
same branch, the greater the number of regulated genes they share. This arrangement ultimately forms 
clusters of regulons based on the similarity of their contents.
ii The second one is the association map. In this visualization, regulons are also depicted as nodes, 
but the edges between them vary in width to represent the number of shared regulated genes between 
two regulons. Solid edges indicate regulatory agonism (positive regulation), while dotted edges denote 
antagonism (negative regulation).
iii The third method is the regulatory map. In this visualization, TFs are represented as diamonds, while 
target genes are shown as circles. Target genes are color-coded: red for up-regulated and blue for down-
regulated genes, as determined by differential expression analysis of MB samples against controls. Edges 
between nodes are colored to reflect the type of regulation: red for activation and blue for inhibition, 
based on the MB regulatory network. If the color of the node and the edge conflict (e.g., there is an up-
regulated target being inhibited), the edge is shown as dotted; otherwise, it is continuous.

Over-representation analysis and pairwise comparison
Regions in the network with an over-representation of MRs were calculated using the phyper function from the 
stats R package. Pairwise comparisons between MB’s subgroups, cerebellum fetal control and cerebellum adult 
control were done using Dunn’s nonparametric test with the ggstatsplotR package43. Adjusted p-values were 
obtained through Bonferroni correction.

Master regulators activity and survival analysis
The RTN package also infers the regulatory activities of a regulon for each sample, determined by an enrichment 
score. The RTN package calculates the activity of a particular regulon for each sample by first ranking a list 
of all genes by the differential gene expression observed when comparing that sample’s expression with the 
average expression for all GSE85217 samples. Subsequently, it applies the Two-Tailed Gene Set Enrichment 
Score Analysis. If the up-regulated genes in the ranked list are primarily associated with positive targets, and the 
down-regulated genes are largely linked to negative targets, the regulon will receive a high positive enrichment 
score, indicating that the regulon is likely activated in the sample. This suggests a direct correlation between the 
TF and its regulated genes. Conversely, if up-regulated genes are predominantly linked to negative targets and 
down-regulated genes are linked to positive targets, the regulon will receive a high negative enrichment score. 
This negative score implies inhibition of the regulon in the sample, indicating an inverse relationship between 
the TF and its target genes. The outcomes of these analyses were portrayed as a heatmap with dendrograms, 
illustrating the regulon activity for all patients and how regulons are grouped based on the similarity of their 
enrichment scores across all samples. MRs’ regulatory activities were also analyzed in conjunction with the 
overall survival of GSE85217 patients using the RTNsurvivalR/Bioconductor package44. Risk MRs were 
identified with Cox multivariate regression analyses (BH adjusted p-value < 0.01) using the regulatory activities 
of all MRs as covariates in the model36. Kaplan-Meier curves followed by log-rank tests (p-value < 0.01) were 
used to visualise and confirm the prognostic value of the Risk MRs identified by the Cox model. Samples from 
the WNT subgroup were excluded from survival analysis, focusing on the most aggressive MB subgroups (SHH, 
G3 and G4)30.

Results
Medulloblastoma master regulators
The MRA aims to identify TFs that play a critical role in driving specific gene expression patterns within a 
network. It’s done by assessing the enrichment of a gene expression signature in each refined regulon in the 
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network. Therefore, we infer the MB regulatory network and its subgroup-specific gene signatures. The MB 
regulatory network was constructed with gene expression information of 732 MB samples and the list of human 
TFs. A total of 1,635 TFs and 19,615 potential gene targets formed 1,581 regulons (Fig. S1). The MB subgroup-
specific (SHH, G3, and G4) gene signatures were defined by differential expression analyses of cancer against 
healthy fetal cerebellum tissue samples (Fig. S2, Table S2). Venn diagrams show that the signates made with the 
sets of eight cancer samples produces a similar list of differential expressed genes compared to using all samples 
available (Fig. S3). By applying the signatures to the MB network, the MRA inferred 51, 82, and 77 MRs for SHH, 
G3, and G4 subgroups, respectively, totalyzing 131 MRs, 20 of them identified as MRs across all three subgroups 
(Fig. S4).

To further investigate the disease MRs, we constructed a tree-and-leaf representation showing the MRs of 
SHH, G3, and G4 subgroups and their significance level (Fig. 1A). In a MRA, the significance level or p-values 
indicate the extent to which a TF regulates signature genes, adjusted for the size of its regulon. A smaller p-value 
suggests that a TF regulates a greater proportion of signature genes relative to its regulon size. Consequently, 
a highly significant MR is likely to have a regulatory function more directly associated with the biological role 
represented by the gene signature. Aiming at the most important regulators shared across the MB’s subgroups, 
three MRs stood out being the most significant regulators in all three subgroups (Table S3, Fig. 1A). Ranking the 
20 MRs shared across the MB’s subgroups by significance level, BHLHE41, RFX4 and NPAS3 average ranking 
stands out compared to the others (Z-score p-value = 0.003, Fig. S5). The MR BHLHE41 exhibited the highest 
statistical significance within the SHH subgroup, the second highest within the G3, and the third highest within 
the G4. The regulon RFX4 was also highly significant between groups, being ranked first for G3, second for SHH, 
and sixth for G4. The MR NPAS3 was the third most statistically significant in the SHH subgroup, the eighth 
most in the G3, and the second most in the G4. GO biological processes enrichment analyses for the genes 
belonging to each regulon revealed shared processes between BHLHE41 and RRFX4 linked to myelination and 

Fig. 1.  (A) Three-and-leaf representation of the MRs identified for the SHH subgroup (left), G3 subgroup 
(center), and G4 subgroup (right). Nodes represent regulons, labeled according to the TFs that regulate the 
respective group of genes. MRs are colored according to their significance level. The proximity between nodes 
in the same branch represents the extent of overlap of regulated genes among regulons, i.e., the closer two 
regulons are portrayed, the greater the number of regulated genes they share. Regulons labeled in orange are 
the most significant shared across all subgroups. (B) Pairwise comparisons with Dunn’s test between the MB 
subgroups, human fetal and adult healthy cerebellum controls. Bars show only significant results. Adjusted p-
values ≤ 0.05 are denoted by one asterisk (*), ≤ 0.01 by two asterisks (**), and ≤ 0.001 by three asterisks (***).

 

Scientific Reports |        (2025) 15:16310 4| https://doi.org/10.1038/s41598-025-00763-3

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


glial cells development, while NPAS3 processes are connected to synapse regulation and brain development (Fig. 
S6). To assess how these three MRs were regulating their target genes, we constructed their regulatory map in all 
evaluated subgroups. According to the network, these three MRs majorly regulate their target genes positively 
(Fig. S7), despite these targets being found down-regulated in tumor samples compared to control. It suggests 
that those ubiquitous regulons are suppressed in MB. In this line, we compare the gene expression of BHLHE41, 
RFX4 and NPAS3 across the MB’s subgroups, human fetal, and adult healthy cerebellum as controls (Fig. 1B). 
Consistently, the expression of the three TFs is lower in the MBs subgroups compared to both adult and fetal 
controls.

Risk master regulator analysis
The impact of the MRs activities on patient outcome were accessed through multivariate Cox regression using 
the 131 MRs identified across the three subgroups. In this analysis, all GSE85217 samples, excluding WNT 
patients, were used. Eight Risk Master Regulators (RMRs) were identified with an adjusted p-value < 0.01 (Table 
S4). Interestingly, all of them were MRs exclusive from G3. The prognostic value of RMRs were confirmed 
with Kaplan-Maier analysis. For each RMR, samples were divided into two groups based on their enrichment 
score, one with positive activity and the other with negative activity. Kaplan-Meier curves were then constructed 
for these patient groups and compared using the Log-rank test. Two groups of RMRs can be identified: one 
comprising REL, ZFAT, MYC, and ZSCAN5 A (Fig. 2A), and another with PAX6, ZNF157, ARNT2, and HIVEP3 
(Fig. 2B). For all RMRs in Fig. 2A, patients with high activity had a worse outcome compared with patients with 
lower activity. Conversely, for the RMRs in Fig. 2B, lower activity was associated with a worse outcome.

The activities of the RMRs were represented across all samples as a heatmap (Fig. 2C). The group of four 
genes in purple showed high activity mainly in the G3 samples, and its activity was associated with a worse 
prognosis. The other group in green presented high activity associated with a better prognosis, with SHH 
samples predominantly showing high activities for this group. The opposite roles in survival between the two 
groups might be due to their shared target genes regulation. An association map was constructed showing that 
shared target genes are regulated in the same direction within each cluster and in opposite directions between 
the two groups (Fig. 2D).

Risk master regulators regulatory map
To better understand how the opposite roles in survival between the two groups of RMRs are influenced by the 
regulation of their target genes from the G3 signature, we created a regulatory map. This map includes the eight 
RMRs and the 159 target genes they regulate, with 39 of these targets regulated by more than one RMR (Fig. 3).

We observed two distinct regulatory patterns between the high-risk and low-risk RMRs. For high-risk RMRs, 
the regulatory effects—whether activating or inhibiting a specific target gene—matched the gene’s expression in 
G3 tumor samples. If a high-risk RMR activated a target gene, that gene was upregulated in the tumor samples, 
and if it inhibited a gene, the gene was downregulated. In contrast, the low-risk RMRs showed an opposite 
pattern. Their regulatory roles did not align with the expression of the genes they targeted. Even when a target 
gene was regulated by both high- and low-risk RMRs, there was a clear difference in how each group of RMRs 
regulated the gene.

As an example for a high-risk regulator, the REL TF was assigned to positively regulate 13 target genes, and 
all of them were up-regulated in the tumor compared with normal samples. Similarly, for the 32 target genes 
that REL negatively regulates, all were down-regulated in tumor samples. For the low-risk regulator ZNF157, all 
the 19 target genes it was assigned to positively regulate were down-regulated in the tumor. Similarly, the four 
target genes it was assigned to negatively regulate were up-regulated in the tumor. The only exception is the gene 
NELL1, which represents less than 1% of the total regulatory interactions in the map.

Master regulators regions and its biological functions
The MB regulatory network, represented as a tree-and-leaf diagram (see Methods), highlights two regions with a 
significant concentration of MRs: Cluster A in the lower region and Cluster B in the upper region (Fig. 4). From 
the 77 G4 MRs identified in the regulatory network, 29 were located in the cluster A, representing a 5.73-fold 
enrichment compared to what would be expected by chance (hypergeometric p-value = 1.17e-16). Similar results 
were found in cluster B for G3 MRs, with 20 MRs out of a total of 82 (hypergeometric p-value = 3.06e-09). A 
third cluster, cluster C, was identified within cluster B, and showed an overrepresentation of MRs shared across 
all three MB subgroups (highlighted in gold in Fig. 4). Out of the 21 shared ‘gold’ MRs, 7 were found in Cluster 
C, indicating a 26-fold enrichment over the expected number (hypergeometric p-value = 1.68e-09).

Biological processes enrichment analysis was performed for each set of genes regulated by MRs: G4 for 
Cluster A, G3 for Cluster B, and MRs shared among the three MB subgroups for Cluster C (Fig. 4D, Table S5). 
Cluster C is enriched for processes related to myelination and glial cells, such as ensheathment of neurons, 
axon ensheathment, myelination, central nervous system (CNS) myelination, axon ensheathment in the CNS, 
gliogenesis, and glial cell differentiation. Cluster B is also enriched for all such processes, while cluster A shows 
enrichment for all except two. Exclusive processes of cluster A are sensory system related, while cluster B is 
ion transport related. Processes shared between these two clusters are related to neuronal projection, like axon 
guidance, neuron projection guidance, axogenesis, and regulation of neuron projection development. KEGG 
and Reactome pathways enrichment analysis were also done with the set genes (Fig. S8).

Discussion
In this work, we constructed the MB regulatory network and detected the TFs most associated with the disease, 
focusing on the most aggressive MB subgroups30. We did not investigate the WNT subgroup. It is the rarest and 
least aggressive subgroup of all four, representing 10% of cases and manifesting a 5-year survival rate exceeding 
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90%5, with secondary neoplasms and therapy complications exerting a heavy influence on the 10% portion 
of lethal victims45. The development of targeted therapies to WNT MBs have not been proved to be fruitful, 
since targeting the WNT pathway would meddle with critical developmental processes and could extinguish the 
convenient chemosensitivity of WNT-activated MBs. Current clinical trials do not apply targeted treatments on 
this subgroup, instead, treatment de-intensification is being tested for patients of low and intermediate risk11.

To refine our analysis, we selected the three most statistically significant MRs that were shared across the 
three subgroups. Among the 20 MRs shared between SHH, G3, and G4, three MRs–BHLHE41, RFX4, and 
NPAS3–stood out as the most significant across all subgroups, meaning they regulate, proportionally to their 
regulon size, the highest number of target genes within each subgroup’s gene signatures. This approach ensures 
that our results emphasize regulators deeply involved in the specific biological processes under investigation, 
rather than more general regulators affecting diverse pathways. Interestingly, all positively regulated targets of 

Fig. 2.  RMRs activities and their impact on patients’ outcome. Kaplan-Meier curves in years for each RMRs 
between high and low-risk patients classified by their respectively enrichment scores for worse outcome RMRs 
(A)REL, ZFAT, MYC, and ZSCAN5 A, and (B) better outcome RMRs PAX6, ZNF157, ARNT2, and HIVEP3. 
The shaded regions at the Kaplan-Meier curve denote its confidence intervals. (C) Heatmap of regulatory 
activity for MB’s RMRs with dataset GSE85217. (D) Association maps of MB’s RMRs. Node size expresses the 
amount of genes in the regulon and edge width reflects the quantity of genes mutually regulated by a pair of 
regulons. Continuous edges symbolize regulatory agonism and dotted edges indicate regulatory antagonism. 
Node colors represent the two major clusters of the regulon activity dendrogram.
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those MRs were downregulated in tumor samples (Fig. S7), suggesting an impairment in the regulatory function 
of BHLHE41, RFX4, and NPAS3 in MB samples, particularly SHH, G3, and G4 subgroups. Additionally, their 
expression was also lower in tumor samples compared to the cerebellum controls.

BHLHE41(also known as DEC2/Sharp1) regulates 187 targets in the MB network, including 75 from the SHH 
gene signature, 77 to the G3 signature, and 65 to the G4 signature. This TF is expressed in the suprachiasmatic 
nucleus of the hypothalamus, peaking during the subjective day, and it is known to play important roles in 
normal cells, particularly as an essential regulator of the circadian rhythm46. Disruptions in this biological circuit 
are often associated with an increased risk of cancer. Research indicates that individuals who work night shifts 
face a higher likelihood of developing prostate, lung, and colon cancers compared to those who have never 
worked at night47. In the context of pediatric cancer, excessive daytime sleepiness in children is linked to a greater 
incidence of CNS tumors, with sleep disorders reported in approximately 40% of all childhood cancer cases48. 
BHLHE41appears to have a complex, context-dependent role in tumor progression. It promotes initial tumor 
growth in renal cancer but suppresses later progression. Conversely, it seems to act as a tumor suppressor in lung, 
breast, and colon cancers by inhibiting invasion, metastasis, and inducing cell death49–52. In MB, according to 
our results, BHLHE41 tends to have a tumor suppressor role given its regulatory function impairment as a highly 
significant MR. Furthermore, its down-regulation in tumor samples compared to both controls tested: healthy 
fetal cerebellum and healthy adult cerebellum emphasize its inhibition in the tumor.

RFX4 TF was the second most significant MR in the SHH subgroup. RFX4 plays a critical role in the Sonic 
Hedgehog signaling pathway by modulating ciliogenesis, essential for the proper functioning of this pathway 
in a region-specific manner during the CNS development. RFX4modulates SHH pathway activity and Gli 
protein processing through its control over ciliogenesis and cilia-related gene transcription53. This regulation 
is crucial for proper dorsoventral CNS patterning and is executed in a region-specific manner, highlighting 
RFX4’s importance in developmental processes. Additionally, RFX4is involved in neural tube morphogenesis 
and is required for dorsal and ventral midline formation in the caudal neural tube in zebrafish54. RFX4 is also an 

Fig. 3.  Regulatory map of the MB RMRs. High-risk regulators (purple diamonds), have their target gene 
regulation predominately agreeing with their designated function (activation/inhibition) defined by the 
regulatory network. Low-risk regulators (green diamonds) have their target gene regulation predominately 
disagreeing with their designated function (activation/inhibition) defined by the regulatory network.
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intrinsic factor for neuronal differentiation, inducing proneural genes such as POU3 F2 and NEUROD1, crucial 
for neural cell differentiation55. Our results emphasize RFX4’s importance in CNS development and suggest its 
regulatory inactivity as a critical factor in transitioning from normal neuronal tissue to cancerous cells in SHH, 
G3, and G4 MB subgroups.

NPAS3(Neuronal PAS Domain Protein 3) is primarily known for its role in mental health and 
neurodevelopment as shown in the GO enrichment, but research suggests it may also act as tumor suppressor, 
although this area is less well-studied compared to its neurological functions56–58. With a tumor suppressor role 
particularity in astrocytomas, NPAS3 shows those features roles driving its progression by modulating cell cycle, 
proliferation, apoptosis and cell migration. Additionally, the overexpression of NPAS3in malignant glioma cell 
lines suppressed its transformation, while an opposite expression induced more aggressive growth56–58. Notably, 
NPAS3was already categorized as a MRs, but in its involvement in neurodevelopment and mental health, 
specifically by regulating neuropsychiatric risk genes59. In our study, interestingly NPAS3 and RFX4 MRs are 
side-by-side in the regulatory network, as shown in Fig. 4C, suggesting that they may share some biological 
functions regulating many of the same target genes and potentially shared tumor suppressing features.

We identified eight MRs associated with patient survival. Some, such as PAX6 and MYC, are well-known genes 
linked to MB, while the roles of the others are still not described in the disease15,60,61. The identification of PAX6 
and MYC, both of which are established genes of MB biology, suggests that our method is capable of detecting 
TFs with strong prognostic and functional relevance, surviving as a supportive indicator of the method’s ability 
to prioritize biologically relevant regulators. MYCis a critical molecular biomarker for MB prognosis, especially 
in G3, where its amplification is strongly associated with a worse prognosis62. Our analysis revealed that MYC 
regulatory activity is highest in G3 patients, lower in SHH patients, and more broadly spread in G4 patients 
(Fig. 2A). MYC regulatory activity follows the same pattern as other high-risk RMRs, while an opposite activity 
pattern is observed in the low-risk RMRs. These activity patterns suggest that RMRs with divergent patterns 
have antagonistic regulatory roles, regulating target genes in opposite directions, while RMRs with the same 
pattern have synergistic roles, regulating target genes in the same direction (Fig. 2B). Furthermore, RMRs with 
opposite activation patterns show opposite patterns in their target gene regulation outcomes. High-risk RMRs’ 

Fig. 4.  Tree-and-leaf representation of all regulons inferred for the MB regulatory network. Nodes represent 
regulons, labeled according to the TFs that regulate each group of genes. The proximity between nodes 
corresponds to the amount of regulated genes they share. The highlighted clusters are overrepresented with 
MRs, specifically cluster (A) with G4 regulators, cluster (B) with G3 regulators, and cluster (C) with regulators 
shared for subgroups SHH, G3, and G4. (D) Top Gene Ontology biological processes enriched for the regulons 
of clusters A, B, and C, as determined by clusterProfileR’s enrichment analysis.
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regulatory roles in the MB network corresponded with their target gene expression outcomes, while low-risk 
RMRs exhibited regulatory disagreements. This observation suggests that high-risk RMRs actively promote 
tumor progression and aggressiveness during tumor development, whereas low-risk RMRs had their regulatory 
capabilities attenuated or inhibited during tumorigenesis, preventing them from acting as suppressors. It is 
important to note that the regulatory network construction and the identification of differentially expressed 
genes from the G3 signature are independent analyses. Although the samples used in both analyses were from 
the same dataset, they were different MB samples.

To better understand the biological roles of the MRs, we analyzed the MB regulatory network with a 
topological view. This way, it revealed two regions with overrepresentation of MRs: one cluster overrepresented 
with G4 regulators (Fig. 4A) and another with G3 regulators (Fig. 4B). Despite being in opposite regions of 
the network, these two regions share many enriched biological processes, such as axogenesis, myelination, and 
gliogenesis, emphasizing their importance for G3 and G4 subgroups. Within cluster B, we identified a smaller 
region called cluster C (Fig.  4C), which is 26-fold overrepresented with MRs shared among the three MB 
subgroups. The biological processes enriched by these MRs are strongly linked to myelination, gliogenesis, and 
glial cell differentiation. Since many MRs in this region are master for all three subgroups, these processes might 
act as foundational mechanisms for MB development, with the MRs in this region being important regulators. 
Astrocytes, a glial cell subtype, play an indispensable role in MB tumorigenesis and progression by secreting 
hedgehog proteins63. Astrocytic trans-differentiation, where tumor neural progenitors differentiate into 
astrocytes in the tumor microenvironment, stimulates microglia to produce growth factors that promote tumor 
progression64. Additionally, in mouse models, astrocyte progenitors transformed by MYC, a classic biomarker 
for G3, lead to G3-like tumors based on histology and gene expression profiles31,62. Therefore, the MRs in cluster 
C may regulate these mechanisms or other unknown processes.

Conclusion
Our study provides new insights into the transcription regulators involved in MB development. TFs such 
as BHLHE41, RFX4, and NPAS3, which had mostly unknown roles in the disease, were shown to regulate 
a significant portion of the genes involved in the MB tumorigenesis. Their presumably inability to properly 
regulate their targets suggests that their inhibition may be necessary during disease progression, indicating their 
potential as tumor suppressors for the SHH, G3, and G4 MB subgroups. Another set of MRs were identified as 
associated with patients’ outcome. The eight RMRs described exhibited distinct activities and regulatory patterns, 
depending on whether they were classified as low or high-risk for patient outcomes. Altogether, the TFs identified 
in this study stand out as promising biomarkers with potential application for future target treatments for MB. 
Integrating experimental validation with our computational framework is a necessary next step to advance these 
MRs from candidate targets to actionable drivers. Such efforts will not only solidify their biological roles but 
also accelerate the development of targeted therapies, addressing the urgent unmet need for reducing treatment 
toxicity in pediatric MB. Further studies are needed to verify the exact biological mechanisms behind the roles 
of BHLHE41, RFX4 and NPAS3 MRs potentially acting as tumor suppressors in MB and the mechanisms behind 
the impact in survival of the RMRs identified in our study.

Data availability
The data on which this study is based is open and available under the accession identifiers GSE85217 and 
GSE167447 in the Gene Expression Omnibus (GEO) data repository (https://www.ncbi.nlm.nih.gov/geo/).
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