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Abstract 

Background | Neuroblastoma (NB) is a pediatric tumor composed of 

mesenchymal (MES) and adrenergic-like (ADRN) cells. These identities derive 

from the dysregulation of normal cell differentiation, imposed by Core 

Regulatory Circuitries (CRCs). I hypothesize that noncoding somatic single 

nucleotide variants (SNVs) in CRCs transcription factor binding sites (TFBSs) 

may underlie such perturbation, promoting tumorigenesis. Methods | MES and 

ADRN transcriptionally active TFBSs (aTFBSs) were identified integrating 42 

ChIP-seq and 12 ATAC-seq experiments in 7 ADRN and 2 MES NB cell lines. 

Using Fisher test, I tested these regions for an enrichment of somatic SNVs from 

WGS data of 397 NB patients. This enrichment was correlated with patients 

clinical and survival data. SNVs in mutated aTFBSs were selected based on their 

impact on TFBSs through FABIAN-variant. Next, aTFBSs target-genes were 

identified analyzing promoter capture HiC in 2 ADRN and 2 MES NB cell lines 

and their expression values were correlated with known NB prognostic markers. 

Results | I found a significant mutation enrichment in aTFBSs of 5 ADRN and 1 

MES TFs (FDR ≤ 0.1), correlated with patients low survival. Then, I selected 689 

SNVs affecting the binding of ADRN/MES CRC TFs (Fabian score ≠ 0). 

Mutated aTFBSs were found to interact with genes involved in pathways of 

neuronal differentiation, and MES cells proliferation, thus suggesting potential 

SNVs impact on NB cell identity definition. aTFBSs carrying SNVs with the 

highest (cut-off ≥ +0.1) or the lowest (cut-off ≤ -0.1) Fabian score, were found to 

interact with genes whose expression correlated with worse NB outcome. 

Conclusions | These results demonstrated that somatic noncoding SNVs may act 

synergistically to promote NB tumorigenesis, impacting genes involved in 

differentiation processes. 

Keywords: Neuroblastoma, Genomics, somatic mutations, NGS 
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Sintesi in italiano 

Contesto | Il neuroblastoma (NB) è un tumore pediatrico che presenta due 

identità cellulari, una mesenchimale (MES), l’altra adrenergica (ADRN). Esse 

emergono dalla deregolazione del differenziamento cellulare e sono definite da 2 

circuiti centrali di regolazione (CCR). La mia ipotesi è che varianti somatiche a 

singolo nucleotide (VSSN) in siti di legame per fattori di trascrizione (FT) dei 

CCR comportino tale deregolazione, innescando lo sviluppo del NB. Metodi | 42 

ChIP-seq e 12 ATAC-seq condotte in 9 linee di NB (7 ADRN e 2 MES) sono 

state integrate per identificare siti di legame attivi per FT dei CCR MES e ADRN. 

Tramite test di Fisher, è stato valutato il loro arricchimento in VSSN ottenute dal 

sequenziamento del genoma di 397 pazienti di NB. Tale arricchimento è stato 

correlato a dati clinici e di sopravvivenza di pazienti con NB. VSSN alteranti il 

legame a FT CCR-specifici sono state selezionate con Fabian-variant e, tramite 

promoter capture HiC condotte in 2 linee ADRN e 2 MES di NB, sono stati 

identificati i geni interagenti con i siti mutati. L’espressione di questi ultimi è 

stata correlata a noti marker prognostici in NB. Risultati | Ho identificato un 

arricchimento significativo di VSSN nei siti di 5 FT ADRN e 1 MES, associato 

a scarsa sopravvivenza di pazienti con NB. Inoltre, ho rilevato 689 VSSN 

influenzanti il legame per FT CCR-specifici (Fabian ≠ 0). I geni interagenti con 

i siti mutati sono coinvolti in processi di differenziamento neuronale e 

proliferazione di cellule MES, suggerendo il coinvolgimento delle VSSN nella 

definizione dell'identità cellulare del NB. Inoltre, le VSSN con punteggi di 

Fabian ≥ +0,1 o ≤ -0,1 sono state osservate interagire con geni correlati a prognosi 

sfavorevole nel NB. Conclusioni | Questi risultati dimostrano che VSSN non 

codificanti possono agire sinergicamente agendo sull’espressione di geni 

coinvolti nel differenziamento e promuovendo lo sviluppo del NB. 

Parole-chiave: Neuroblastoma, Genomica, mutazioni somatiche, NGS 
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1. Background  

1.1. Neuroblastoma, the deadliest solid tumor of infancy 

Neuroblastoma (NB) is known as the deadliest solid tumors in early childhood 

[1]. Indeed, it counts 25-50 cases per million individuals, with 90% NBs 

diagnosed in children less then 10 years and a median age at diagnosis of 18 

months [2]. This neuroendocrine tumor arises from the developing peripheral 

sympathetic nervous system (SNS), specifically from neural crest (NC)-derived 

cells undergoing a defective sympathetic neuronal differentiation due to genomic 

and epigenetic impairments (Figure 1). 

 

Figure 1. NB origins from neural crest. The neural crest cells go through an epithelial-to-

mesenchymal transition during embryogenesis, which allows the cells to proliferate, migrate, and 

differentiate into a variety of cell types that contribute to the anatomical structures of the 

organism. A complicated network of environmental signals, transcriptional program activation, 

and epigenetic events play a role in controlling this process. A dysregulation of the components 

involved in this process can lead to modifications in the specification of cells as well as abnormal 

migration and differentiation of cells, resulting in hyperplastic lesions that have the potential to 

develop into NB. Adapted from Johnsen JI et al. Neuroblastoma-A Neural Crest Derived 

Embryonal Malignancy. Front Mol Neurosci. 2019 Jan 29;12:9. 
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As a result, NB may localize at any final site reached by migrating NC progeny 

(peripheral neurons, enteric neurons, glia, melanocytes, Schwann cells, cells of 

the craniofacial skeleton and adrenal medulla), preferentially in the adrenal 

glands or in the sympathetic ganglia (Figure 2) [3]. 

 

Figure 2. Clinical Presentations of NB. Adapted from American Society of Clinical Oncology 

2005 

NB shows high biologic and clinical heterogeneity. Primary tumors localized in 

the adrenal glands, which represent the vast majority of cases, occur as abdominal 

masses. On the other hand, tumors arising from sympathetic nerve roots present 

symptoms that vary depending on the site of origin. For example, NBs arising in 

the neck can present Horner syndrome (resulting in disrupted sympathetic 

innervation of one side of the face), while patients with tumors arising in the 

thorax can be characterized by airways impairment [4]. 

Metastases occur early in NB with around 50% of patients already presenting 

bone marrow, bone and lymph nodes metastases at diagnosis next to variable and 
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severe symptoms such as fever, malaise, pain, and/or cytopenias due to bone 

and/or bone marrow disease [4].  

Despite NB represents one of the most lethal childhood cancers, with 5-year 

survival rate that can fall below 50% in the most severe cases, it is also associated 

with one of the highest proportions of spontaneous and complete regression of 

all human cancers [5]. 

1.2. Neuroblastoma staging and stratification 

Multiple staging systems have been used in NB studies, but the most widely 

accepted within the past 30 years was the International Neuroblastoma Staging 

System (INSS) [6]. It is a postsurgical staging system developed in 1986 and 

refined in 1994 which was based on the extent of tumor surgical resection, tumor 

location at diagnosis and metastases and lymph nodes status (Figure 3).  
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Figure 3. Staging system for NB according to the INSS. Adapted from Roy Choudhury S et al. 

Targeting angiogenesis for controlling neuroblastoma. J Oncol. 2012; 2012:782020. 

Survival among patients with INSS stage 4 disease was significantly worse than 

those with stages 1, 2, 3 and 4S stage. The latter represents a peculiar NB category 

with cases showing disseminated metastases involving distant lymph nodes, 

bone, bone marrow, liver, and/or other organs (as stage 4), but with more 

favorable outcome [7]. More recently, in 2004, the International Neuroblastoma 

Risk Group (INRG) elaborated an updated Staging System based on prognostic 

factors that are independent of surgical resection extent (age, stage, histology, 

ploidy, MYCN amplification, 11q status and DNA ploidy) (Figure 4) [8]. Based 

on this system, NB patients can be stratified in risk groups (very low, low, 

intermediate, and high-risk) based on 5 years survival probabilities. 
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Figure 4. International Neuroblastoma Risk Group (INRG) Consensus Pretreatment 

Classification schema. Adapted from Cohn SL et al. The International Neuroblastoma Risk 

Group (INRG) classification system: an INRG Task Force report. J Clin Oncol. 2009;27(2):289-

297. 

1.3. Genetic Predisposition to neuroblastoma  

Familial NB accounts for 1-2% of cases, where the main susceptibility genes are 

ALK and PHOX2B [9, 10]. PHOX2B encodes a transcription factor that drives 

neural crest development [3]. It represents the first gene found implicated in the 

arising of familial NBs, with about 10% of cases caused by PHOX2B germline 

mutations [11], such as frameshift and missense variants [12]. Subsequently, the 

major susceptibility gene identified was ALK. In particular, the primary location 

of ALK gain-of-function mutations, which characterize 75% of familial cases, is 

the kinase domain of the encoded tyrosine kinase receptor [11, 13]. Overall, ALK 

mutations exhibit incomplete penetrance [14].  

Additionally, there is evidence of a germline impact in sporadic NB, with smaller 

effect sizes for common polymorphic alleles and larger effect sizes for 
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uncommon pathogenic variants. As an example, rare germline variations of 

BARD1 have been found in children with high-risk NB [15]. 

Moreover, Genome-Wide Association Studies (GWAS) on DNA from peripheral 

blood revealed an increasing number of Single Nucleotide Polymorphisms 

(SNPs) associated with NB susceptibility both in coding and noncoding regions.  

Specifically, SNPs found in BARD1, CASC15, CASC14, DDX4/IL31RA, 

DUSP12, HACE1, LIN28B, LMO1, and PT53 showed a strong correlation with 

NB susceptibility and/or aggressiveness [16-20]. Functional investigations 

performed for some of these SNPs confirmed their role in controlling the 

expression of genes implicated in NB carcinogenesis [21-23]. 

1.4. Genomic features of neuroblastoma  

NB genome is characterized by large chromosomal aberrations, low exonic 

mutation rates, and genomic changes that support telomere maintenance. MYCN 

amplification, which is characterized by more than 10 copies per diploid genome, 

is one of the most prevalent segmental chromosomal abnormalities in young 

children. In addition, other arm-level chromosomal alterations are reported as 

poor prognostic features including unbalanced gain of 17q (60%), deletion of 1q 

(30%) and 11q (45%) [9]. Moreover, children older than 6-years showed 19q loss 

and 1q gain as unique structural variants [24].  

In primary NB, the most commonly somatic coding alterations are represented 

by activating mutations in ALK and inactivating variants in ATRX [25-27]. 

Furthermore, in high-risk NB rearrangements activating the TERT locus and 

mutations in the RAS, TP53 and FGF pathways are reported [26, 28, 29]. 

Taken together, these studies suggest that a deeper knowledge of the genetic 

alterations associated with NB may influence the prognosis and treatment of 

patients. A more detailed picture of genomic alterations can improve the 
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personalized medicine, contributing to the development of more powerful and 

less toxic drugs [30]. 

1.5. Neuroblastoma cell identities 

As many other tumor types, NB is not uniformly composed by the same cell type, 

but it represents a more heterogeneous structure with genetically different cell 

identities reflecting sympathetic nervous system development [31]. The first hint 

that NB exhibits cellular heterogeneity raised from studies in NB cell lines. In 

particular, it was reported that NB cells may present with diverse morphological 

and biochemical properties in vitro, defining three types of phenotype called N-

type (neuroblast) or ADRN (adrenergic), S-type (substrate-adherent) or MES 

(mesenchymal) and I-type, which is a biochemical intermediate between N- and 

S-types [32, 33].  

The ADRN population is neuron-like dense cells with small spiny and scant 

cytoplasm. These cells with delicate neuritic processes grow as aggregates and 

barely attach to the substrate. On the other hand, the MES cells represent large 

and flat cells that attach rapidly and strongly to the substrate [32]. ADRN 

population is characterized by activities of neurotransmitter enzymes such as 

dopamine-hydroxylase (DBH) and tyrosine hydroxylase (TH), while any 

catecholamine activities are detected in the MES population, which were reported 

to exhibit tyrosinase activity (Figure 5) [34].  



21 
 

 

Figure 5. Schematic of potential relationships among NB cells with different phenotypes. 
Adapted from Veschi V et al. Cancer Stem Cells and Neuroblastoma: Characteristics and 

Therapeutic Targeting Options. Front Endocrinol (Lausanne). 2019; 10:782. 

Further characterization of ADRN and MES cells was performed considering 

several extracellular matrix (ECM) proteins and intermediate filaments, known 

to be cell- and tissue-specific [35]. Whereas ADRN cells express NEFL, NEFM 

and NF200, S-type cells express VIM and FNI genes resulting in the production 

of intermediate filaments vimentin and fibronectin, responsible for flatness and 

adhesiveness [33]. Furthermore, previous studies have also highlighted extensive 

production of stromal collagens of isotypes I and III in MES cells, which is linked 

to the expression of COL1A1 and COL3A1 genes [36, 37].  
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1.6. Core Regulatory Circuitries underlie adrenergic and mesenchymal 

neuroblastoma identities 

Phenotypical differences between cell states can be attributed to differences in 

expression and activity of master TFs (mTFs) [38]. This concept was 

conclusively demonstrated by Yamanaka and colleagues, which highlighted the 

role of Oct3/4, Sox2, c-Myc, and Klf4 in establishing embryonic stem cell identity 

in mouse adult fibroblasts, thus highlighting that cell transcriptome determining 

cell state is flexible and can be rewired in the context of forced expression of 

small, selected sets of mTFs [39]. Distinct cell states and phenotypes are 

produced by distinct cohorts of mTFs inducing distinct transcriptional programs 

[39]. In addition, beside the regulation of lineage-specific genes, these mTFs 

regulates its own expression forming autoregulatory loops by the physical 

binding of each mTF protein to enhancer regulatory elements distal to the gene 

body [40]. This network organization model is defined the ‘‘Core Regulatory 

Circuitry’’ (CRC) [41, 42]. 

In the context of NB, ADRN and MES specific clusters of super-enhancers (SEs), 

large genomic domains densely occupied by master TFs and mediators, were 

identified using H3K27ac ChiP-seq data in human NB cell lines, patient-derived 

xenografts (PDXs), and primary NCC lines [43]. This highlighted that at the basis 

of ADRN and MES phenotype there are specific CRCs [41]. In particular, what 

emerged from this study was that the majority of NB cell lines and PDXs showed 

an ADRN identity controlled by super-enhancer-associated mTFs, which was 

highly co-expressed and formed a conserved CRC in these samples (ADRN-

CRC). Interestingly, PHOX2B, HAND2 and GATA3 were shown to be co-

localized in the regulatory regions of their respective loci, in addition to 

numerous other notable driver genes such as MYCN and ALK.  On the other hand, 

another group of NB cell lines exhibited a more MES-like identity driven by a 
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CRC module containing mTFs, such as FOSL1 and FOSL2 (MES-CRC). 

Moreover, a third group of NB cell lines was characterized by a mixture of both 

ADRN and MES identities. A mixed identity preferentially shifted towards the 

ADRN one was highlighted by transcriptomic and epigenetic analysis of NB 

tumors [44, 45].  

In recent years, several studies were also focused on a more deeper investigation 

of the main mTFs involved in both NB cell identity specification [46, 47]. 

To date, the identified MES-specific CRC consists of 20 TFs, including PRRX1, 

FOSL1, FOSL2, JUN, and NOTCH3, while the ADRN CRC includes 18 TFs, 

among which PHOX2B, GATA3, HAND2, TBX2, LMO1, ASCL1, ISL1, all 

involved in the specification of the sympathetic nervous system (Figure 6) [3, 

46-49]. 
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Figure 6. Schematization of ADRN and MES CRCs. ADRN CRC is depicted in blue, while 

the MES one is depicted in orange. In boxes the name of the main CRC mTFs are reported. SE: 

super-enhancer. 

1.7. Neuroblastoma plasticity 

Epigenetic changes underlie the interconversion between ADRN and MES cell 

states. Indeed, several studies have shown that targeting lineage-specific CRCs 

can induce ADRN/MES trans-differentiation in vitro. The transitional and 
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epigenetic landscape of ADRN cells can be reprogrammed towards a MES state 

by over-expressing the Paired related homeobox protein 1 (PRRX1) gene, a 

MES-specific CRC transcription factor (TF) [46]. Later, the Neurogenic locus 

notch homolog protein 3 (NOTCH3) was identified as a master regulator of 

ADRN-to-MES reprogramming [50].  

 

Figure 7. Neuroblastoma plasticity. The interconversion from the ADRN to the MES occurs 

spontaneously and bidirectionally in vivo. The transition can be induced through the activation or 

overexpression of specific transcription factors (TFs), such as GATA3, PRRX1, NOTCH3. Adapted from 

D'Amico, Silvia et al. Two bullets in the gun: combining immunotherapy with chemotherapy to defeat 

neuroblastoma by targeting adrenergic-mesenchymal plasticity. Frontiers in immunology vol. 14 1268645. 

2 Oct. 2023. 

Numerous additional genes have been found to support the maintaining of a 

specific transcriptional program. As an instance, TERT was found to be sufficient 

to induce a reversible switch from ADRN and MES subclones which exhibit 

different levels of telomerase activity and telomeric protein expression [51]. 

Likewise, it was discovered that TOP2B was necessary to suppress the alternative 

MES-like epigenetic state and preserve the ADRN-like transcriptional signature 

in SHSY5Y cells [52]. In fact, TOP2B silencing in SHSY5Y cells causes a 
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downregulation of 47% of the genes in the ADRN signature and upregulation of 

38% of the genes in the MES [52].  

Despite is currently unclear whether NB tumors can adopt a pure MES 

phenotype, there are several lines of evidence suggesting the interconversion 

between ADRN and MES phenotypes in vivo. In 2017, ADRN-type and MES-

type cells were separated from primary patients’ samples using CD133 cell 

surface expression as a marker for MES-type cells. Tracing of CD133 expression 

in prolonged culture of purified MES and ADRN NB cells highlighted that they 

were able to interconvert between states, thus confirming plasticity of NB [46]. 

The same group performed a transcriptomic characterization on 33 NB cell lines 

(8 MES-like and 25 ADRN-like) obtaining two identity-specific gene expression 

signatures which they compared with the transcriptional profiling of 122 NB 

patients of all stages, highlighting the presence of both ADRN and MES signature 

[46]. More recently, a single-cell RNA sequencing (scRNA-seq) highlighted the 

presence of ADRN tumor cells with a few MES-like characteristics in NB tumor 

samples [45]. All together, these results underlined that NB samples are a mixture 

of both cell types, with tumors mainly shifted toward ADRN state and confirmed 

the intra-tumoral heterogeneity of NB. 

Dynamic and heterogeneous interconversion between ADRN and MES cell 

subtypes has been associated with responses to therapy in NB [53]. In this 

scenario, MES cells, which represent a more proliferative and chemo-resistant 

phenotype, were found enriched in post-therapy and relapsed tumors, suggesting 

that the conversion of cell identity and plasticity of NB is involved in response 

to therapy [46]. Remarkably, the link between NB plasticity and resistance to 

treatment is highlighted in our recent work in which etoposide and cisplatin 

resistant NB and their parental cells were investigated by means of single-cells 

RNA-seq analysis. In particular, we found that drug resistance was associated 
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with an alteration in the expressions of drug targets and genes involved in DNA 

double-strand break (DSB) repair, such as BARD1, BRCA1 and PARP1 [54]. 

Interestingly, ADRN signature was enriched in cisplatin-resistant cells compared 

to parental cells which were characterized by MES ones, while the etoposide-

resistant cells were equally enriched in MES and ADRN genes, suggesting a 

higher plasticity potential [54]. All together, these results suggest that drug 

treatment induces the formation of cell subpopulations with distinct 

transcriptome profiles.  

1.8. Noncoding somatic mutations in neuroblastoma tumorigenesis 

The advent of NGS has revolutionized many areas of research including cancer 

genomics. To date, thousands of samples could be quickly sequenced and 

analyzed revealing thousands of potentially pathogenic mutations. Several 

studies focused mainly on the protein-coding part of the genome (1% to 2%) to 

identify cancer treatment targets by using Whole Exome Sequencing (WES). 

Despite it resulted in the discovery of new therapeutic targets, Whole Genome 

Sequencing (WGS) studies performed by international consortia, such as The 

Cancer Genome Atlas (TCGA) and the International Cancer Genome Consortium 

(ICGC), have shown that the majority of somatic mutations occur in the 

noncoding genome which is still poorly investigated [55, 56]. 

Since NB appears to be characterized by a lack of somatic coding variants, 

noncoding regions of the genome are currently the subject of interest for the 

identification of alterations contributing to NB initiation, progression, 

maintenance, and metastasis [27, 57].  

Among the alterations in the nonconding regions of the genome, single 

nucleotide variants (SNVs) can influence transcriptional and post-transcriptional 

gene regulation playing a role in the development of cancer. Falling in cis-
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regulatory elements, such as promoters and enhancers, the noncoding SNVs can 

alter the binding of TFs, which in turn causes a dysregulation of gene expression 

[58]. However, despite recent evidence regarding the role of somatic noncoding 

SNVs in the context of cancer, the identification and functional characterization 

of driver SNVs remain difficult tasks. Moreover, the high number of passenger 

mutations, due to the weak selective pressure in the noncoding portion of the 

genome, complicates the identification of putative driver tumorigenic mutations. 

Therefore, the application of computational approaches to prioritize somatic 

driver SNVs is required. 

One of the most well-established approaches to identify candidate cancer driver 

SNVs is to investigate DNA elements with putative regulatory function [59]. 

Generally, regulatory regions can be identified by integrating several assays 

followed by massive parallel sequencing: DNase hypersensitivity sites (DHSs) 

and Assay for Transposase-Accessible Chromatin using sequencing (ATAC-seq) 

which detect open chromatin and active regions of the genome; Chromatin 

Immunoprecipitation Sequencing (ChIP-Seq) experiments which can identify the 

region bound by TFs and/or characterized by specific histone modifications (such 

as H3K27ac, H3K4me3 and H3K4me1), which give information about the type 

(promoter or enhancer) and the state (active or non-active) of a regulatory 

element [59]. In this regard, public data from large epigenomic projects such as 

ENCODE, as well as those from smaller projects, have become an essential 

source of information for researchers [60]. 

By applying computational approaches to prioritize somatic noncoding variants, 

recent studies have demonstrated that SNVs falling in regulatory regions can 

affect the expression of genes implicated in cancer onset and development [61, 

62]. In this regard, my research team has recently identified the enrichment of 

somatic noncoding mutations in NB-specific cis-active regulatory regions that 
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affect the expression of target-genes involved in tumor formation and immune 

escape [61]. Moreover, we further highlighted that NB tissue-specific active 

binding sites of tumorigenic transcription factors (TFs) are significantly enriched 

in somatic SNVs, demonstrating the presence of direct links between TFs, active 

regulatory elements and somatic mutations [62].  

Taken together, these results suggest that regulatory elements can represent new 

resource of oncogenic somatic variants that can synergistically act to drive cancer 

initiation. 
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2. Aim 

NB represents a neural crest derived tumor characterized by intra-tumoral 

heterogeneity reflected by two major cell identities (ADRN and MES) defined 

by specific CRCs. Years of international efforts have highlighted the role of 

somatic coding mutations in NB tumorigenesis, leading to the identification of 

several therapeutic targets. Despite aggressive therapies, NB still causes death in 

50% of high-risk patients, to date. Since recent evidence highlighted noncoding 

genome as a new source of driver mutations, the research of alterations 

contributing to NB tumorigenesis is now shifted to noncoding regions. However, 

limitations of variant prioritization and interpretation techniques are currently 

hinder the research of cancer drivers in noncoding portion of the genome. 

In this scenario, I hypothesize that somatic noncoding mutations affecting the 

ADRN and MES CRCs can contribute to NB tumorigenesis. 

With this in mind, I set up a computational pipeline to identify noncoding SNVs 

in active binding sites of CRC master TFs which can affect the binding for these 

TFs, altering the regulation of genes involved in pathways correlated to 

developmental and differentiation processes and the definition of ADRN and 

MES identities.  

Results from this project can lead to the identification of potential somatic 

noncoding drivers which can synergically contribute to the perturbation of still 

uninvestigated genes that can be targeted by novel therapies. 
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3. Methods  

3.1. Cell culture 

The human SHSY5Y (ACC 209, DSMZ), SKNBE2C (CRL-2268, ATCC), 

SHEP (CRL-2269, ATCC) and GIMEN (ACC654, DSMZ) cell lines were grown 

in Dulbecco's Modified Eagle Medium (DMEM, Sigma), 1:1 mixture of 

Minimum essential Medium Eagle (EMEM, Lonza) and Nutrient Mixture F12 

(Sigma), Roswell Park Memorial Institute (RPMI) 1640 Medium, respectively. 

In all cases medium was supplemented with 10% heat-inactivated FBS (Sigma), 

1vmmol/L L- glutamine, penicillin (100 U/mL), and streptomycin (100mg/mL; 

Invitrogen). Cells were cultured at 37°C, 5% CO2 in a humidified atmosphere 

and only early-passage cells were employed. All cell lines were re-authenticated 

and tested as mycoplasma-free. 

3.2. Chromatin Immunoprecipitation Sequencing (ChIP-seq) in 

neuroblastoma cell lines 

3.2.1.  ChIP–seq experiments 

13 ChIP experiments were performed by using iDeal ChIP-seq kit for 

Transcription Factors (C01010055, Diagenode) according to manufacturer 

instructions. Briefly, 4 million cells per IP reaction were fixed by cross-linking 

solution (Fixation Buffer, 11% formaldehyde) for 15 minutes at room 

temperature (RT) with gentle shaking. After stopping fixation with glycine, cells 

were washed in phosphate-buffered saline (PBS) and lysed in Lysis buffer iL1b 

at 4°C for 20 minutes. Cells were centrifugated at 500 x g and 4°C for 5 minutes 

and then resuspend in Lysis buffer iL2 and incubated for 10 minutes at 4°C. After 

a centrifugation for 5 minutes at 500 x g and 4°C, Shearing buffer iS1b with 

Proteinase Inhibitor Cocktail (Thermofisher) was added to cell pellet and 
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incubated on ice for 10 minutes. The lysates were subject to 30 cycles of 

sonication (30 s ON 30 s OFF, high frequency) using Diagenode Bioruptor Plus 

(Diagenode). In parallel, 30 µl of beads per IP were washed in ChIP buffer iC1b 

3 times and were mixed to 5 µg of ChIP-grade antibodies and Protein A-coated 

magnetic beads for 4 hours at 4°C. ChIP-grade antibodies used were: anti-

GATA3 (ab199428; Abcam), anti MYCN (ab227822; Abcam), anti-JUN 

(ab32137; Abcam), anti-FOSL2 (19967; Cell Signaling) and anti-PRRX1 

(SAB1412737; Sigma-Aldrich). After collecting 2.5 µL of sonicated lysate as 

input, the samples were incubated with antibody beads conjugates overnight at 

4 °C with rotation. Next day, the beads were washed and decrosslinking was 

performed for 4 h at 65 °C and samples were then purified and eluted. After DNA 

quantification, samples were prepared to a final concentration ≥ 2 ng/μL and sent 

to Novogene for sequencing. Samples were sequenced on an Illumina sequencing 

platform, thus obtaining data of 12 ChIP-seq related to the binding profiles of 2 

ADRN CRC TFs (GATA3 and MYCN) in 2 ADRN NB cell lines (SKNBE2C 

and SHSY5Y) and 3 MES CRC TFs (JUN, FOSL2 and PRRX1) in 2 MES NB 

cell lines (SHEP and GIMEN). 

3.2.2.  Publicly available ChIP-seq data 

Raw data of 29 ChIP-seq related to the binding profiles of 8 ADRN CRC TFs 

(GATA3, HAND2, ISL1, TBX2, MYCN, PHOX2B, ASCL1, LMO1) in 6 

ADRN NB cell lines (SKNBE2C, Kelly, NGP, COGN415, LAN5 and NB1643) 

deposited in NCBI Gene Expression Omnibus (GEO) with accessions GSE94824 

[47], GSE169616 [63], GSE80151 [49], GSE94782 [64], GSE120074 [65], 

GSE65664 [66], GSE138315 [64] were downloaded and re-analysed as described 

in the next section. 
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3.2.3.  ChIP-seq data analysis 

Fastq files for ChIP-seq were processed using Nextflow together with the nf-core 

ChIP-seq v1.2.2 pipelines [67]. In brief, reads adapters were trimmed using Trim 

Galore [68]. Alignment was performed using BWA [69], duplicates were 

removed, and peaks were called using MACS2 [70] in narrow peak mode. Peaks 

with FDR ≤ 0.01 were retained. Quality control parameters, such as the fraction 

of reads in peaks (FRiP), normalized strand cross-correlation coefficient (NSC) 

and relative strand cross-correlation coefficient (RSC), were determined 

according to the Encyclopedia of DNA Elements (ENCODE) guidelines [71]. 

Sets of peaks related to the binding of the same TF in the same cell line were 

considered as replicates and integrated using the procedure described in [72]. 

Briefly, the lengths of overlapping peaks within replicates were averaged and 

centered at the average of their peak summits. 

3.2.4.  TF binding site analysis  

TF motif enrichment analysis was performed using Homer v4.11 

findMotifsGenome.pl tool [73] on the ChIP-seq peaks specific to each NB cell 

line. Results were filtered for highly enriched (p <1 · 10-10 and Target sequences 

> 5%) TF binding motifs. 

3.3. Assay for transposase-accessible chromatin using sequencing (ATAC–

seq) in neuroblastoma cell lines 

3.3.1.  ATAC-seq experiments 

For ATAC-seq experiments performed by AZENTA life sciences, SHSY5Y, 

SKNBE2C, SHEP and GIMEN frozen cell suspension were prepared. According 

to GENEWIZ-protocol, a total amount of 1,500,000 cells in 1500 μL were 

cryopreserved in cell culture media supplemented with 10% DMSO and sent for 
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sequencing. Data of 4 ATAC-seq related to the chromatin accessibility profiles 

in 2 ADRN (SKNBE2C and SHSY5Y) and 2 MES NB cell lines (SHEP and 

GIMEN) were obtained. 

3.3.2.  Publicly available ATAC-seq data 

11 ATAC-seq data related to the chromatin accessibility profiles in 6 ADRN NB 

cell lines (SKNBE2C, Kelly, NGP, COGN415, LAN5 and NB1643) deposited in 

NCBI Gene Expression Omnibus (GEO) with accessions GSE94824 [47], 

GSE80152 [49], GSE138315 [64] were downloaded and re-analysed as described 

in the next section. 

3.3.3.  ATAC-seq data analysis 

Fastq files for ATAC-seq were processed using Nextflow together with nfcore-

core ATAC-seq v1.2.2 pipelines [67]. In brief, reads adapters were trimmed using 

Trim Galore [68]. Alignment was performed using BWA [69], duplicates were 

removed, and peaks were called using MACS2 [70] in narrow peak mode. Peaks 

with FDR ≤ 0.01 were retained. Similarity between different ATAC-seq 

experiments was evaluated using Jaccard’s coefficient (the ratio of the number of 

intersecting base pairs between two sets of regions to the number of base pairs in 

the union of the two sets), which was calculated using BEDTools suite. Sets of 

peaks in the same cell line with Jaccard’s coefficient ≥ 0.4 were considered as 

replicates and integrated using the procedure described in [72]. 

3.4. Definition of CRC active Transcription Factor Binding Sites (aTFBSs) 

ATAC-seq and ChIP-seq in the same cell line were integrated to select active 

TFBSs (aTFBSs). Briefly, I selected only TFBSs bound by the same TF 

overlapping with open chromatin regions (OCRs). Subsequently, TF-specific 

aTFBSs found in different NB cell lines were integrated to define aTFBSs sets 
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representative of the active regions bound by each CRC TF. The latter step was 

accomplished using the strategy described in [72]. 

3.5. Tumors collection 

80 NB tumor DNA (primary tumors) and matched germline DNA (from 

peripheral blood) were obtained from the IRCCS Istituto Giannina Gaslini 

(Genova, Italy), Ospedale Pediatrico Bambino Gesù (Rome, Italy), and Hospital 

Sant Joan de Déu, (Barcelona, Spain). Primary tumor samples were verified to 

have >75% viable tumor cell content by histopathology assessment. This study 

was approved by the Ethics Committee of the Ospedale Bambino Gesù of Rome 

(protocol no. 20757 of the April 9, 2019). Informed written consent was obtained 

from the subjects. 

3.6.  DNA extraction from peripheral blood and primary tumor tissues 

DNA from peripheral blood (PB) was extracted with QIAamp DNA Mini Kit 

(Qiagen) according to manufacturer's instructions. DNA from primary tumor 

tissues was extracted with MasterPure DNA Purification Kit (Epicentre) 

according to manufacturer's protocol. 

3.7. DNA quantification and library preparation for sequencing 

DNA quality was monitored on 1% agarose gels. Its purity was checked using 

the NanoPhotometer spectrophotometer (IMPLEN). DNA concentration was 

measured using Qubit DNA Assay Kit in Qubit 2.0 Flurometer (Life 

Technologies). A total of 1.0 μg of DNA per sample was used as input material 

for library preparation. Sequencing libraries were generated using Truseq Nano 

DNA HT Sample Preparation Kit (Illumina) following manufacturer's 

recommendations. Genomic DNA was sonicated to a size of 350 bp, and then 

fragments were end-polished, A-tailed, and ligated with the full-length adapter 
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for Illumina sequencing with further PCR amplification. At last, PCR products 

were purified (AMPure XP system) and libraries were analyzed for size 

distribution using the DNA Nano 6000 Assay Kit of Agilent Bioanalyzer 2100 

system (Agilent Technologies) and quantified using real-time PCR. 

3.8.  Somatic mutations detection 

3.8.1.  In-house WGS data 

WGS of 80 normal-primary NB sample pairs was performed on an Illumina 

HiSeq1500 platform. The paired-end sequencing produced 150-bp long reads. 

Alignment files were obtained by mapping reads versus GRCh37/hg19 reference 

genome assembly. Somatic SNVs were detected with Strelka [74]. 

3.8.2.  Publicly available WGS data (EGA and Target) 

We obtained access to WGS alignment files from the European Genome-

phenome Archive (EGA) (accession no.: EGAD00001001687, 

EGAD00001006739 and EGAD00001006626) including in our analysis 180 

primary NBs. Somatic SNVs were detected with Strelka [74]. In addition we 

extended our analysis to WGS data of 137 NBs from the Target project (accession 

no.: phs000218.v21.p7; project ID: #14831; ref. 12) for which somatic variants 

were already available. 

3.9. Somatic variants selection criteria 

Somatic variants of the in-house and EGA datasets were processed as follows. 

From raw variant calls, we first eliminated those that did not pass Strelka 

Empirical Variant Score (EVS). As reported in [74], this is done with the EVS 

model, a supervised random forest classifier trained on labeled data from 

sequencing runs carried out under a variety of conditions (different sequencers, 

sample preparation, and coverage). The EVS model provides an aggregate 
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quality score for each variant, which takes in account features like (1) the 

genotype probability computed by the core variant probability model, (2) root-

mean-square mapping quality, (3) strand bias, (4) the fraction of reads consistent 

with locus haplotype model, and (5) the complexity of the reference context as 

measured by metrics such as homopolymer length and compressibility. 

Subsequently, I removed SNVs with Variant Allele Frequency (VAF) < 5% and 

Allele Depth (DP) < 8 and I filtered out common polymorphisms with minor 

allele frequency (MAF) >1% by using gnomAD databases. Then, considering 

also the Target datasets, I retained only SNVs mapping on autosomal 

chromosomes. Finally, SNVs from the three cohorts were merged together.  

3.10. Somatic mutation enrichment analysis in active CRC TFBSs 

I extended aTFBSs ± 1kb from their summits and I split them in 200 bp core 

regions (containing peak summits) and 900 bp flanking regions (> 200 bp and ≤ 

1 kb). Then, I removed regions that could introduce any analysis bias (those 

overlapping with coding sequences, UCSC blacklisted regions [75] and regions 

with low unique mappability scores [76]). Moreover, I excluded from the analysis 

all regions overlapping other TFBSs (stored in the ENCODE database [60]) in 

their flanking regions. I mapped SNVs on the resulting set of regions and aligned 

them taking peak summits as reference. Subsequently, the enrichment for 

mutations in core regions respect to flanking ones was tested. To do this, I 

compared the ratio of the total number of mutated versus the total number of non-

mutated nucleotides within the core regions and flanking regions using Fisher 

test. p-values were corrected for multiple testing using the Benjamini-Hochberg 

procedure. Region sets with Fold enrichment > 1 and FDR ≤ 0.1 were considered 

significantly enriched in somatic mutations in core regions respect to flanking 

ones. The mutation enrichment analysis workflow is schematized in Figure 8. 
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Figure 8. Schematic work of mutation enrichment analysis. aTFBSs are defined based on the 

overlap with OCRs and extended ± 1kb from their summits (A). Regions overlapping with coding 

sequences, UCSC blacklisted regions and regions with low unique mappability scores were 

removed together with regions overlapping other TFBSs (stored in the ENCODE database) in 

their flankings (B). SNVs were mapped on filtered regions, which were aligned taking peak 

summits as reference and splitted in 200 bp core regions (containing peak summits) and 900 bp 

flanking regions (>200 bp and ≤ 1 kb). The ratio of the total number of mutations versus the total 

number of non-mutated nucleotides was compared within the core regions and flanking ones. The 

mutation enrichment was tested using Fisher test and p-values were corrected using the 

Benjamini-Hochberg procedure. Observed mutation rate was compared to the expected one due 

to local sequence context (C). 

3.11. Comparison with background mutation rate 

To check if the observed mutation enrichment was expected due to the local 

sequence context (a biological factor not related to tumor onset [77, 78]), I 

randomly introduced the same number of mutations observed at each position in 

the stacked regions following the probability of occurrence of each mutation 

according to its tri-nucleotide context [78]. This procedure was repeated 1,000 

times obtaining 1,000 simulated mutated sets of regions. Subsequently, I 

computed an empirical one-sided p-value as the fraction of the simulations with 

more expected mutations than observed in cores. p-values ≤ 0.1 highlighted any 

significant association between enrichment of somatic SNVs in core regions and 

core sequence composition. 
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3.12. Somatic SNVs drivers prioritization  

SNVs falling in significantly mutated aTFBSs cores were selected and their 

impact on CRC TF binding affinity was evaluated with FABIAN-variant tool 

[79]. Multiple databases of positional weighted matrices (PWM) and 

transcription factor flexible models (TFFMs) were used as reference (JASPAR, 

CIS-BP, HOCOMOCO, hPDI, Jolma, SwissRegulon, UniPROBE). FABIAN-

variant generates a joint score S between −1 (likely TFBS loss) and 1 (likely 

TFBS gain). I prioritized all SNVs affecting ADRN and MES CRC TF binding 

with a non-zero FABIAN score. The workflow of the prioritization strategy 

previously described was reported in Figure 9. 

 

Figure 9. Schematic workflow of Prioritization strategy. SNVs falling in significantly mutated 

aTFBSs cores were selected and their impact on CRC TF binding affinity was evaluated with 

FABIAN-variant tool. I assigned mutated aTFBSs to their target genes if significant physical 

interactions were present between the aTFBSs and a gene promoter. In case no significant 

interactions could be determined, the closest gene was assigned to the aTFBSs. 
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3.13. Promoter Capture Hi-C (CHiC) in neuroblastoma cell lines 

3.13.1. Promoter CHiC experiments 

5-10 million of crosslinked SHSY5Y, SKNBE2C, SHEP and GIMEN cells by 

2% formaldehyde were sent to ARIMA Genomics to perform Promoter CHiC, 

according to manufacturer protocol. DNA libraries were prepared using the 

Arima-HiC kit. Target enrichment was performed by using Arima Human 

Promoter Panel designed to the restriction fragment of the promoters of 23 711 

genes from the human GRCh37 Ensemble database, version 95, including: 

18,741 protein-coding genes, 84 antisense RNAs, 170 lincRNA’s, 1,878 

miRNA’s, 938 snoRNA’s, and 1,898 snRNA’s. The probes were manufactured 

using 1x tiling with repeat masking and balance boosting. Arima Capture-HiC 

libraries were sequenced via Illumina sequencers in ‘paired-end’ mode. 

3.13.2. Promoter CHiC analysis 

Briefly, 150 bp paired-end reads were trimmed and mapped to the reference 

genome (build hg19/GRCH37). The alignment BAM file was then filtered to 

remove duplicates, re-ligation or self-circularization artifacts that can be 

introduced during CHi-C library preparation. These steps were performed using 

HiCUP [80]. Interaction calling and significance thresholding was performed 

using CHiCAGO tool [81]. Interactions were called with default parameters at 

5 kb resolution and significant ones were defined as those with a CHiCAGO 

score ≥ 3. I assigned mutated aTFBSs to their target genes if significant physical 

interactions were present between the aTFBSs and a gene promoter. In case no 

significant interactions could be determined, the closest gene was assigned to the 

aTFBSs. 



41 
 

3.14. Gene Ontology analysis 

The functional enrichment analysis was performed by using the web tool: WEB-

based GEne SeT AnaLysis Toolkit [82]. The Gene Ontology database of non-

redundant Biological Processes was used. Significantly enriched GO terms were 

considered for FDR ≤ 0.05. 

3.15. Gene expression analysis, survival analysis and correlation with 

clinical data 

R2: Genomics Analysis and Visualization Platform (http://r2.amc.nl) was used 

to query transcriptomic data of 498 neuroblastoma samples (GSE62564). The 

expression of genes interacting with aTFBSs carrying SNVs with Fabian score ≥ 

+0.1 or ≤ - 0.1 were correlated with the expression of CRC TF whose binding 

was affected by noncoding SNVs. I compared the expression levels of these 

genes between MYCN amplified and MYCN non-amplified patients, stage 4 and 

stage1,2,3,4s patients, high risk and low risk patients using one way ANOVA 

test. Gene expression values were also tested in relation to overall (OS) and event 

free survival (EFS) data in order to identify genes associated with worse 

outcomes. The OS and the EFS probabilities were calculated by using the 

Kaplan–Meier method. The log-rank test statistical significance was set at 5%. 

Multivariate Cox proportional regression analysis was performed to evaluate the 

prognostic significance of the mutational burden in CRC aTFBSs and currently 

used prognostic factors, such as age at diagnosis (>18 months vs. <18 months), 

International Neuroblastoma Staging System (INSS) stage (stages 4 vs. stages 1, 

2, 3, and 4s), MYCN status (amplified vs. not amplified), and risk group 

stratification. Hazard Ratios and 95% confidence interval for survival rates were 

calculated. 
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4. Results 

4.1. Identification of ADRN and MES CRC aTFBSs in NB cell lines 

To define transcriptionally active TF binding sites (aTFBSs), defined as TFBSs 

overlapping OCRs in the same cell line, I processed and integrated in-house and 

public ChIP-seq and ATAC-seq raw data in ADRN and MES NB cell lines 

(Figure 10). 
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Figure 10. Schematic workflow of ADRN and MES CRC aTFBS identification. ADRN NB cell lines 

are reported in blue, MES ones are highlighted in orange. 
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To select specific TFBSs of ADRN CRC TFs, I processed and integrated 29 raw 

public and 7 in-house ChIP-seq of ADRN CRC TFs (GATA3, HAND2, ISL1, 

MYCN, PHOX2B, TBX2, ASCL1 and LMO1) in 7 ADRN NB cell lines 

(SKNBE2C, Kelly, SHSY5Y, NGP, NB1643, LAN5 and COGN415). Regarding 

MES CRC TFBSs, I analyzed data from 6 in-house ChIP-seq experiments of 

MES CRC TFs (JUN, FOSL2 and PRRX1) in 2 MES NB cell lines (SHEP and 

GIMEN).  

After peak calling and replicates integration for the same TF in the same cell line, 

I obtained 44,438 (min=1,822; max=287,448) specific-TFBSs on average with a 

mean length of about 432 bp (min=229; max=1001). Every identified TFBSs set 

was found significantly enriched in motifs bound by the respective ADRN or 

MES CRC TF, confirming the reliability of data (p-value ≤ 1·10-10 and proportion 

of sequences with motif > 5%) (Table 1).  
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Table 1. ADRN and MES TFBSs selected. 

Cell line Cell Identity1 TF2 N replicates3 N peaks4 M width5 p-value6 

SKNBE2C ADRN GATA3 4 26260 367 1·10-2379 

SKNBE2C ADRN MYCN 3 48971 331 1·10-2225 

SKNBE2C ADRN PHOX2B 2 58480 341 1·10-8124 

SKNBE2C ADRN ISL1 1 46730 393 1·10-1793 

SKNBE2C ADRN HAND2 1 61801 352 1·10-1925 

SKNBE2C ADRN TBX2 1 17562 341 6.62·10-27 

Kelly ADRN MYCN 3 68111 301 1·10-1444 

Kelly ADRN LMO1 2 1822 497 6.3·10-43 

Kelly ADRN GATA3 1 20298 367 1·10-640 

Kelly ADRN HAND2 1 49550 378 1·10-1444 

Kelly ADRN ISL1 1 9570 353 1·10-464 

Kelly ADRN PHOX2B 1 120974 304 1·10-16175 

Kelly ADRN TBX2 1 29888 302 9.2·10-82 

Kelly ADRN ASCL1 1 4564 229 1·10-1140 

SHSY5Y ADRN GATA3 4 21164 374 1·10-2768 

SHSY5Y ADRN MYCN 1 5846 616 1·10-180 

NGP ADRN GATA3 1 4921 231 1·10-988 

NGP ADRN MYCN 2 287448 298 1·10-1760 

NB1643 ADRN MYCN 3 41117 581 1·10-231 

LAN5 ADRN MYCN 1 55957 636 1·10-504 

COGN415 ADRN MYCN 1 44799 670 1·10-347 

SHEP MES JUN 1 49379 1001 1·10-6985 

SHEP MES FOSL2 1 68532 704 1·10-16319 

SHEP MES PRRX1 1 4441.00 444 5.3·10-305 

GIMEN MES JUN 2 5210.00 469 1·10-2292 

GIMEN MES FOSL2 1 2016.00 356 1·10-1562 

                                                           
1 Cell identity: Adrenergic (ADRN) or Mesenchymal (MES) NB cell identity classification 
2 TF: Transcription Factor 
3 N replicates: Number of ChIP-seq replicates per transcription factor in the same NB cell line 
4 N peaks: Number of peaks obtained after peak calling and replicates integration 
5 M width: Average of peaks widths after peak calling and replicates integration 
6 p-value: p-value of the motif enrichment analysis performed with HOMER 
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Subsequently, I identified open chromatin regions (OCRs) processing and 

integrating 11 raw public and 2 in-house ATAC-seq data, in the same 7 ADRN 

NB cell lines (SKNBE2C, Kelly, SHSY5Y, NGP, NB1643 LAN5, COGN415). 

The same analysis was performed by using 2 in-house ATAC-seq experiments 

obtained in 2 MES NB cell lines (SHEP and GIMEN) to define MES-specific 

OCRs. After peak calling, I compared ATAC-seq experiments by using Jaccard 

similarity score to select ATAC-seq replicates characterized by the most similar 

chromatin accessibility profiles. Interestingly, I observed that ADRN NB cell 

lines resulted more similar and grouped together forming a cluster distinct from 

the MES NB cells one (Figure 11). This finding further validates our 

experimental approach in distinguishing ADRN and MES NB cells using 

epigenetic markers. 

 

Figure 11. ADRN chromatin accessibility profiles are distant from MES ones. Matrix showing the 

Jaccard scores of pairwise comparisons of ATAC-seq experiments in 7 ADRN and 2 MES NB cell lines. 

IH: in-house. 
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For NB cell lines with multiple replicates, ATAC-seq experiments with the 

highest Jaccard similarity score (cut-off ≥ 0.4) were selected. In this way, I 

obtained ADRN and MES-specific sets of 97,351 (min= 60,196; max=116,644) 

OCRs on average with a mean length of about 574 bp (min=347; max=880) 

(Table 2). 

Table 2. ADRN and MES OCRs selected.  

Cell line Cell identity7 N replicates8 N peaks9 M width10 

SKNBE2C ADRN 2 107029 381 

Kelly ADRN 2 60196 366 

SHSY5Y ADRN 1 111022 880 

NGP ADRN 2 116644 347 

NB1643 ADRN 1 71835 493 

LAN5 ADRN 1 109452 527 

COGN415 ADRN 1 99359 466 

SHEP MES 1 103602 843 

GIMEN MES 1 97020 863 

 

To identify ADRN and MES CRC aTFBSs, I integrated TFBSs (Table 1) and 

OCRs (Table 2) sets previously obtained. Afterwards, since ADRN NB cell lines 

showed highly similar OCRs profiles compared to the MES ones (Figure 11) and 

to avoid cell line specific biases that could result in analyses artifacts, aTFBSs 

associated to the same TF in ADRN NB cell lines were merged together. The 

same procedure was adopted for MES-specific aTFBSs. In this way, I obtained 

ADRN and MES-specific sets of 29,637 (min= 835; max=72,157) aTFBSs on 

average with a mean length of about 492 bp (min=235; max=996) (Table 3). 

  

                                                           
7 Cell identity: Adrenergic (ADRN) or Mesenchymal (MES) NB cell identity classification 
8 N replicates: Number of ATAC-seq replicates per NB cell line 
9 N peaks: Number of peaks obtained after peak calling and replicates integration 
10 M width: Average of peaks widths after peak calling and replicates integration 
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Table 3.  ADRN and MES CRC aTFBSs identified in ADRN and MES NB cell lines. 

Cell line Cell identity11 TF12 aTFBSs13 M width14 

SKNBE2C, Kelly, NGP, SHSY5Y ADRN GATA3 30475 378 

SKNBE2C, Kelly ADRN HAND2 46112 414 

SKNBE2C, Kelly ADRN ISL1 27011 445 

SKNBE2C, Kelly, NGP, COGN415, 

LAN5, NB1643, SHSY5Y 
ADRN MYCN 72157 438 

SKNBE2C, Kelly ADRN PHOX2B 25699 441 

SKNBE2C, Kelly ADRN TBX2 26688 331 

Kelly ADRN ASCL1 3026 235 

Kelly ADRN LMO1 1508 535 

SHEP, GIMEN MES JUN 40409 996 

SHEP, GIMEN MES FOSL2 52087 768 

SHEP MES PRRX1 835 431 

 

These sets of aTFBSs represented the target for the somatic mutation enrichment. 

4.2. Somatic SNVs from EGA, Target and in-house neuroblastoma cohorts 

To detect significantly mutated ADRN and MES CRC aTFBSs, I analyzed 

tumor-normal matched WGS data of three cohorts of NB patients: 2 public 

available cohorts of 180 (EGA) and 137 (Target) NBs, and 1 in-house cohort 

encompassing 80 primary NBs. For Target cohort, I collected already called 

publicly available somatic variants. Instead, for both the EGA and in-house 

cohorts, I collected high quality sequencing data as confirmed by QC parameters 

obtained after reads alignment. Indeed, I observed 98.3% mapped reads and a 

mean coverage of 68.4 both for EGA normal and tumor samples (Figure 12). 

                                                           
11 Cell identity: Adrenergic (ADRN) or Mesenchymal (MES) NB cell identity classification 
12 TF: Transcription Factor 
13 aTFBSs: active Transcription Factor Binding Sites 
14 M width: Average of aTFBSs widths after integration of aTFBSs sets of the same TF in different NB cell 

lines 
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Figure 12. Descriptive statistics of the EGA (180 NBs) and in-house (80 NBs) tumor-normal matched 

WGS data. Distributions of statistics related to normal samples (in salmon) and tumor ones (in green) for 

EGA (on left) and in-house (on the right) cohorts. Box plots reporting A, mean coverage after reads 

alignment and B, percentage of mapped reads. 

Both in tumor and normal samples, the proportions of bases covered with at least 

10, 20 and 50 reads were 91%, 87% and 55%, respectively (Figure 13).  
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Figure 13. Descriptive statistics of the EGA (180 NBs) and in-house (80 NBs) tumor-normal matched 

WGS data. Distributions of statistics related to normal samples (in salmon) and tumor ones (in green) for 

EGA (on left) and in-house (on the right) cohorts. Box plots reporting the percentage of bases covered with 

at least (A) 10, (B) 20, (C) 50 reads. 
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Regarding in-house cohort, I observed a proportion of mapped reads of 99% for 

both normal and tumor samples with a mean coverage of 48% and 57%, 

respectively (Figure 12). In normal samples, the proportions of bases covered 

with at least 10, 20 and 50 reads were 91%, 86% and 37% respectively (Figure 

13). In tumor ones, the proportions of bases covered with at least 10, 20 and 50 

reads were 90%, 86% and 70%, respectively (Figure 13).  For both EGA and in-

house datasets, I called somatic SNVs using Strelka and retained only somatic 

mutations passing EVS score. Subsequently, I applied stringent filtering criteria 

to discard false positives (VAF ≤ 5%, Allele mutated Depth ≤ 8) and common 

polymorphisms (MAF ≥ 1%). After filtering, I obtained 532,886 (median = 2,340 

per sample), 1,672,393 (median = 2,796 per sample) and 290,392 (median = 

1,990 per sample) somatic SNVs for EGA, in-house and Target datasets, 

respectively (Figure 14).  

 

Figure 14. Somatic SNVs filtering summary. Box plot showing the count in logarithmic scale of filtered 

somatic SNVs per sample after removing false positives (VAF ≤ 5%, Allele mutated Depth ≤ 8) and common 

polymorphisms (MAF ≥ 1%). 
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After filtering steps, I merged all somatic mutations from EGA, in-house and 

Target cohorts, obtaining one dataset of 1,045,912 unique SNVs.  

4.3. Mutational enrichment analysis in ADRN and MES CRC aTFBSs 

As detailed in Methods section (Figure 8), to assess if CRC aTFBSs were 

characterized by significant enrichment of somatic mutations, I used a global 

approach that accounts for trinucleotide sequence context and correct for any 

potential bias due to the overlap of aTFBSs with coding sequences, regions with 

mappability problems and binding sites of TF which are not involved in NB 

CRCs. I evaluated if aTFBS core regions were significantly enriched in somatic 

SNVs respect to flanking regions. Starting from a total of 19,794 filtered aTFBSs 

of ADRN CRC TFs (GATA3, HAND2, ISL1, MYCN, TBX2, PHOX2B, LMO1 

and ASCL1) (Table 3), I observed an enrichment of somatic SNVs for 2811, 

4010, 3013, 4573, 2301 aTFBSs of GATA3, HAND2, ISL1, MYCN and TBX2, 

respectively (Fold Enrichment > 1, FDR ≤ 0.1) (Figure 15).  

 

Figure 15. Mutation enrichment analysis results for ADRN aTFBSs. aTFBSs sets for CRC ADRN TFs 

in NB cell lines were investigated. Bar plots in blue show Fold Enrichments (FE) of somatic mutations in 

aTFBSs cores respect to flanking regions (A), -Log10(FDR) associated to Fisher Test (B) and -Log10(p-

value) related to permutation tests (C). These values are reported for each set of GATA3, HAND2, ISL1, 

MYCN, PHOX2B, TBX2, LMO1 and ASCL1 aTFBSs. Red line indicates thresholds for FE, -Log10(FDR) 

and -Log10(p-value). 

A B C
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Furthermore, I observed that the mutation accumulation is not related to sequence 

composition (p-value ≤ 0.1).  

The same approach was exploited to investigate significantly mutated MES 

aTFBSs. In brief, to test for a somatic SNVs enrichment in MES aTFBSs cores 

respect to flanking regions, I started from a total of 4546 filtered aTFBSs of MES 

CRC TFs (JUN, FOSL2 and PRRX1) (Table 3) and I observed an enrichment of 

somatic SNVs for 2476 aTFBSs of FOSL2 (Fold Enrichment > 1, FDR ≤ 0.1) 

(Figure 16).  

 

Figure 16. Mutation enrichment analysis results for MES aTFBSs. aTFBSs sets for CRC MES TFs in 

NB cell lines were investigated. Bar plots in orange show Fold Enrichments of somatic mutations in aTFBSs 

cores respect to flanking regions (FE) (A), -Log10(FDR) associated to Fisher Test (B) and -Log10(p-value) 

related to permutation tests (C). These values are reported for each set of JUN, FOSL2 and PRRX1 aTFBSs. 

Red line indicates thresholds for FE, -Log10(FDR) an -Log10(p-value). 

Again, in significantly mutated MES aTFBSs, I observed somatic mutations 

accumulation not due to local sequence context (p-value ≤ 0.1). Taken together, 

these results seem to suggest a somatic mutation burden affecting subsets of 

ADRN and MES aTFBSs. 

4.4. The enrichment of somatic mutations in CRC aTFBSs is associated to 

NB patients low survival probabilities 

To assess if the enrichment of somatic mutations in CRC aTFBSs was linked to 

any relevant feature of NB patients, I categorized 282 out of 397 patients with 

available clinical data into two groups: the first with at least one noncoding 

somatic SNVs in significantly enriched CRC aTFBSs sets, the second without 

0

A B C
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noncoding somatic mutations in these regions. In this way, I identified 182 

patients belonging to the first group and 100 patients belonging to the second 

one. For both groups, I tested the overall survival (OS) probability, highlighting  

that patients with SNVs in enriched CRC aTFBSs had a worse OS (p-value = 

0.00017) (Figure 17A). On multivariable analysis, the noncoding mutational 

burden still significantly influenced the patients' risk of death (p-value = 0.015). 

However, the patients’ worst outcome was not independent from other prognostic 

factors such as the amplification of MYCN (p-value < 0.001) (Figure 17B). 
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Figure 17. Somatic variants at significantly mutated CRC aTFBSs affect NB patients overall survival. 

A, OS of patients carrying (Mut; N = 182) and not carrying (Wt; N = 100) noncoding SNVs in significantly 

mutated CRC aTFBSs. Statistical significance was calculated with log-rank test. B, Forest plot of 

Multivariate Cox proportional regression analysis evaluating the prognostic significance of the mutational 

burden in CRC aTFBSs (SNVs in enriched aTFBSs) using known NB prognostic factors related to bad 

outcome (MYCN amplification, Stage 4 classification, Age at diagnosis > 18 months and High risk 

classification) as covariates. Hazard Ratios and 95% confidence interval for survival rates were calculated. 



56 
 

Similarly, I tested event-free survival (EFS) probability of patients carrying at 

least one mutation in enriched CRC aTFBSs and patients with non-mutated 

aTFBSs.  I found that patients of the first group had a significant worse EFS (p-

value = 0.00015) (Figure 18A). Taking into account other clinical covariates, the 

noncoding mutation enrichment still significantly influences the patients' risk of 

unfavorable outcome (p-value = 0.009) together with the age at diagnosis > 18 

months (p-value = 0.023) (Figure 18B). 
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Figure 18. Somatic variants at significantly mutated CRC aTFBSs affect NB patients event free 

survival. A, EFS of patients carrying (Mut; N = 182) and not carrying (Wt; N = 100) noncoding SNVs in 

significantly mutated CRC aTFBSs. Statistical significance was calculated with log-rank test. B, Forest plot 

of Multivariate Cox proportional regression analysis evaluating the prognostic significance of the mutational 

burden in CRC aTFBSs (SNVs in enriched aTFBSs) using currently used prognostic factors related to bad 

outcome (MYCN amplification, Stage 4 classification, Age at diagnosis > 18 months and High risk 

classification) as covariates. Hazard Ratios and 95% confidence interval for survival rates were calculated. 
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4.5. NB tumorigenesis is triggered by SNVs impacting the binding of ADRN 

and MES CRC TFs which perturb genes involved in neuronal 

development and differentiation 

To discover somatic noncoding SNVs that perturb ADRN and MES CRC, I 

identified SNVs which strongly altered the binding for CRC TFs and detected 

mutated aTFBSs target genes whose regulation could be altered by selected 

mutations. 

Firstly, I selected the SNVs located in aTFBSs cores characterized by a FABIAN-

variant score ≠ 0. Afterwards, I identified predicted target genes of mutated 

aTFBSs by analyzing promoter Capture HiC data in 2 adrenergic-like 

(SKNBE2C and SHSY5Y) and 2 mesenchymal-like (SHEP and GIMEN) NB 

cell lines. For mutated binding sites with any significant interaction detected by 

CHiC, I reported their closest gene. 

As result, I identified a total of 689 somatic SNVs affecting ADRN and MES TF 

motifs. In particular, 159, 157, 153, 318, 205 and 35 SNVs were predicted to 

impact the binding of GATA3, HAND2, ISL1, MYCN, TBX2 and FOSL2 

respectively. These SNVs mapped on aTFBSs interacting with a total of 1,056 

putative target genes, some of which were already known to be involved in NB 

tumorigenesis (i.e. PHOX2B, CTTNBP2, MAML2, FGFR1). 

Subsequently, to identify pathways in which mutated aTFBSs target genes were 

mainly involved, I performed a GO analysis that highlighted significant 

enrichment (FDR ≤ 0.05) of 23 biological processes involved in neuronal 

development and differentiation (e.g., “gland development”, “pattern 

specification process”, “synapse organization”, “axon development” and “neuron 

projection guidance”) formation of mature structures originating from neural 

crest progenitor cells (e.g., “ear development”, “embryonic skeletal system 
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development” and “sensory organ morphogenesis”) and specification of neural 

crest-like and mesenchymal cell identities (e.g., “stem cell differentiation”, 

“negative regulation of cell development,  “mesenchymal cell proliferation” and 

“ mesenchyme development”)(Figure 19). 

 

Figure 19. Enriched Biological Processes of genes interacting with mutated ADRN and MES aTFBSs. 

The Gene Ontology enrichment was performed with WebGestalt tool (www.webgestalt.org) using the non-

redundant set of Biological Processes. The bar plot shows the -Log10 of the enrichment adjusted p-value 

(FDR). The black dashed line represents the cut-off for statistical significance (set at 0.05). 

Considering that NB derives from perturbations of cell differentiation and 

development, I focused only on genes implicated in such type of biological 

processes (18 out of 23 significantly enriched pathways). Moreover, to select 

genes interacting with aTFBSs carrying SNVs with strongly impact on CRC TFs 

binding affinity, I restricted the analysis on variants with Fabian score ≥ + 0.1 or 

≤ - 0.1 (Table 4). 
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Table 4. Target genes selected on the basis of somatic SNVs Fabian score (≥ +0.1 or ≤ -0.1) and 

involved in differentiation processes. Variants were stratified for CRC TFs.  

TF15 SNV ID16 
Fabian 

Score 

Target 

Gene 
Methodology17 GO term18 

GATA3 

chr13:79713153:C>A 0.59 POU4F1 CHiC SHSY5Y Synapse organization 

chr1:58610003:G>T 0.50 TACSTD2 CHiC SHSY5Y 
Morphogenesis of an 

epithelium 

chr11:95755776:G>A 0.31 MTMR2 nearest Synapse organization  

chr2:171027362:G>T 0.17 MYO3B nearest 
Sensory organ 

morphogenesis 

chr17:54757219:G>T 0.14 NOG CHiC SHSY5Y 
Morphogenesis of an 

epithelium 

chr9:120149880:T>A -0.90 ASTN2 nearest 
Morphogenesis of an 

epithelium  

HAND2 

chr20:57893545:C>G 0.37 

EDN3 nearest Mesenchyme development  

GNAS CHiC SHSY5Y 
Embryonic skeletal system 

development  

chr10:131086996:A>T 0.29 MGMT CHiC SHSY5Y Gland development  

chr3:181416180:G>A 0.28 SOX2 nearest Gland development 

chr6:107867836:T>G 0.19 SOBP nearest 
Sensory organ 

morphogenesis  

chr3:77115218:G>T -0.12 ROBO2 nearest Synapse organization 

chr11:63845903:T>A -0.21 FLRT1 nearest Synapse organization  

chr2:192916500:A>T -0.27 TMEFF2 nearest 
Morphogenesis of an 

epithelium  

chr17:36906003:T>C -0.38 CACNB1 CHiC SHSY5Y Synapse organization  

chr5:67845133:C>T -0.40 PIK3R1 nearest Axon development  

MYCN 

chr6:37592900:T>G 0.78 MDGA1 nearest Synapse organization  

chr14:37125587:A>C 0.69 PAX9 
CHiC SKNBE2C and 

SHSY5Y 

Regulation of animal organ 

morphogenesis  

chr4:94755933:C>G 0.66 ATOH1 nearest Axon development 

                                                           
15 TF: Transcription Factor interacting with mutated aTFBSs 
16 SNV ID: Single Nucleotide Variant Identifier 
17 Methodology: Approach used to identify target genes (CHiC or nearest gene method) 
18 GO term: The most represented Gene Ontology terms in which target genes are implicated 
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chr13:110263103:C>T 0.22 IRS2 CHiC SKNBE2C Gland development 

chr10:131086996:A>T 0.22 MGMT CHiC SHSY5Y Gland development  

chr2:239067632:A>C 0.18 HES6 CHiC SKNBE2C Pattern specification process  

chr18:13222542:T>C -0.11 LDLRAD4 CHiC SHSY5Y Mesenchyme development  

chr2:74347571:T>G -0.11 DGUOK 
CHiC SKNBE2C and 

SHSY5Y 

Negative regulation of cell 

development 

chr17:79367670:T>G -0.11 FSCN2 CHiC SKNBE2C 
Sensory organ 

morphogenesis  

chr11:63845903:T>A -0.24 FLRT1 nearest Synapse organization  

chr5:3996569:C>A -1.00 IRX1 nearest 
Morphogenesis of an 

epithelium  

ISL1 

chr2:192952351:G>T 0.17 TMEFF2 nearest 
Morphogenesis of an 

epithelium  

chr4:111708394:G>A 0.11 PITX2 nearest Gland development 

chr6:137753475:G>T -0.24 OLIG3 CHiC SHSY5Y Cell fate commitment  

chr18:40427987:C>T -0.59 RIT2 nearest 
Negative regulation of cell 

development  

TBX2 

chr9:20684229:T>G 0.14 MLLT3 CHiC SKNBE2C 
Morphogenesis of an 

epithelium  

chr10:74020551:T>G -0.11 SPOCK2 CHiC SHSY5Y Synapse organization  

chr4:112217746:T>A -0.14 PITX2 nearest Gland development 

chr17:27918839:T>G -0.14 SSH2 
CHiC SKNBE2C and 

SHSY5Y 
Axon development  

FOSL2 chr5:5203712:C>A 0.43 ADAMTS16 CHiC SHEP 
Morphogenesis of an 

epithelium  

 

To predict the regulation of specific-target gene expression by its TFs, I evaluated 

the correlation between target gene and TF expression values by analysing a well-

annotated RNA-seq dataset (GSE62564, n = 498) (R ≠ 0 and p-value ≤ 0.05). 

Finally, to retain genes potentially involved in NB tumorigenesis, I selected those 

whose expression was significantly associated with markers of bad prognosis in 

NB such as poor OS and EFS probabilities, MYCN amplification, Stage 4 and 

High-risk classifications (p-value ≤ 0.05). 

In this way, I found 9 target genes (ROBO2, CACNB1, PIK3R1, MDGA1, HES6, 

LDLRAD4, DGUOK, IRX1 and SPOCK2) of HAND2, MYCN and TBX2 
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mutated aTFBSs whose expression was correlated with CRC TF expression, OS, 

EFS, MYCN status, INSS Stage and Risk categories in NB patients (Table 5).  

Table 5. Expression of target genes of HAND2, MYCN and TBX2 correlates with NB prognosis 

markers. p-values (p) of genes whose downregulation is significantly associated with NB bad prognosis 

markers (MYCN amplification, Stage 4 and High risk stratification) and lower OS and EFS are highlighted 

in red, while those of genes whose upregulation is significantly associated with NB bad prognosis markers 

and lower OS and EFS are highlighted in blue. 

TF19 
Target 

Gene 
TF corr20 OS21 EFS22 

MYCNa  

vs  

MYCNna
23

 

St4 

vs 

St1/2/3/4s24 

High R 

vs 

Low R25 

HAND2 

ROBO2 
R:0.36 

p:9.24·10-17 
p:4.4·10-7 p:2.9·10-12 p:1.0·10-9 p:1.4·10-6 p:1.3·10-10 

CACNB1 
R:0.32 

p:1.92·10-13 
p:3.5·10-15 p:2.8·10-12 p:5.0·10-32 p:2.4·10-17 p:2.3·10-25 

PIK3R1 
R:0.12 

p:6.6·10-3 
p:9.6·10-21 p:4.9·10-11 p:1.2·10-14 p:5.5·10-37 p:3.6·10-33 

MYCN 

MDGA1 
R:-0.51 

p:1.1·10-34 
p:3.0·10-14 p:1.0·10-06 p:5.0·10-33 p:5.2·10-23 p:7.8·10-38 

HES6 
R:0.31 

p:1.6·10-12 
p:1.7·10-6 p:6.6·10-9 p:8.2·10-15  p:3.1·10-6 p:1.4·10-12 

LDLRAD4 
R:-0.18 

p:3.1·10-5 
p:1.2·10-5 p:1.2·10-4 p:2.1·10-4  p=5.2·10-7 p:7.1·10-8 

DGUOK 
R:0.45 

p:3.4·10-26 
p:2.5·10-8 p:2.3·10-4 p:2.2·10-19  p:6.5·10-7 p:3.0·10-14 

IRX1 
R:0.18 

p:4.5·10-5 
p:0.01 p:0.02 p:2.8·10-8  p:9.2·10-3 p:1.0·10-7 

TBX2 SPOCK2 
R:-0.29 

p:6.8·10-11 
p:1.7·10-9 p:9.1·10-9 p:3.9·10-20  p:2.4·10-19 p:8.2·10-20 

 

Among mutated aTFBSs target genes involved in neuronal development and 

differentiation, the Calcium Voltage-Gated Channel Auxiliary Subunit Beta 1 

(CACNB1) gene was predicted to interact with a HAND2 aTFBS carrying a 

                                                           
19 TF: Transcription Factor interacting with mutated aTFBSs 
20 TF corr: Correlation between target gene and specific CRC TF expression. 
21 OS: Overall Survival 
22 EFS: Event Free Survival 
23 MYCNa vs MYCNna: Comparison of target genes expression levels between MYCN amplified and MYCN 

nonamplified patients 
24 St4 vs St1/2/3/4s: Comparison of target genes expression levels between Stage 4 and Stage 1, 2, 3 and 4s 

patients 
25 High R vs Low R: Comparison of target genes expression levels between High risk and Low risk patients 
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somatic SNV which decreased the affinity for this TF (FABIAN score: -0.38) 

(Figure 20A).  
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Figure 20. CACNB1 represents a putative target of a mutated HAND2 aTFBS and its downregulation 

is correlated with NB worse outcome. A, Capture HiC results highlighting the interaction between mutated 
active HAND2 binding site and CACNB1 promoter. From top to bottom, the plot tracks show the Refseq 

genes (A), interacting promoters in SHSY5Y (B), H3K27ac profiles in SKNBE2C (C), Kelly (D) and NGP 

(E), mutated aTFBSs (F) and the interaction arcs in SHSY5Y (G). In red and blue are highlighted interacting 

CACNB1 promoter and HAND2 aTFBS, respectively. A red arrow indicates the arc connecting regions of 

interest. B, CACNB1 versus HAND2 expression correlation in the GSE62564 data set. C, EFS and OS based 

on CACNB1 median expression in the GSE62564 data set. D, CACNB1 expression in NB patients stratified 

by clinical features. From left to right, risk group, INSS stage and MYCN amplification investigating the 

GSE62564 data set. 
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Consistent with the role of HAND2 as transcriptional activator, I observed 

positive correlation between CACNB1 and HAND2 expression (GSE62564, R = 

0.32, p-value = 1.9·10-13) (Figure 20B). Notably, the decreased expression of 

CACNB1 was significantly associated with poor OS (p-value = 3.56·10-15) and 

EFS (p-value = 2.88·10-12) probabilities (Figure 20C). In addition, CACNB1 low 

expression was correlated with bad NB prognosis markers, such as high-risk 

category (p-value = 2.34·10-25), INSS stage (p-value = 2.40·10-17) and MYCN 

amplification (p-value = 5.05·10-32) (Figure 20D).  

Another selected gene involved in neuronal differentiation and development was 

HES6. The Hes Family BHLH Transcription Factor 6 (HES6) gene was predicted 

to interact with a MYCN aTFBS, carrying a somatic SNV which increased the 

affinity for MYCN (FABIAN score: 0.18) (Figure 21A) 
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Figure 21. HES6 represents a putative target of a mutated MYCN aTFBS and its downregulation is 

correlated with NB worse outcome. A, Capture HiC results highlighting the interaction between mutated 
active MYCN binding site and HES6 promoter. From top to bottom, the plot tracks show the Refseq genes 

(A), interacting promoters in SKNBE2C (B), H3K27ac profiles in SKNBE2C (C), Kelly (D) and NGP (E), 

mutated aTFBSs (F) and the interaction arcs in SKNBE2C (G). In red and blue are highlighted interacting 

HES6 promoter and HAND2 aTFBS, respectively. A red arrow indicates the arc connecting regions of 

interest. B, HES6 versus MYCN expression correlation in the GSE62564 data set. C, EFS and OS based on 

HES6 median expression in the GSE62564 data set. D, HES6 expression in NB patients stratified by clinical 

features. From left to right, risk group, INSS stage and MYCN amplification investigating the GSE62564 

data set. 
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Consistent with the role of MYCN as transcriptional activator, I observed a 

positive correlation between HES6 and MYCN expression (GSE62564, R = 0.31, 

p-value = 1.6·10-12) (Figure 21B). Highlighting a putative role of HES6 in NB 

tumorigenesis, the increased expression of this gene was significantly associated 

with poor OS (p-value = 1.68·10-6) and EFS (p-value = 6.64·10-9) probabilities 

(Figure 21C) and poor outcome (high-risk vs. non-high-risk tumors, p-value = 

1.45·10-12; Stage 4 vs. non-Stage 4 tumors, p-value = 3.13·10-6; and MYCN-

amplified vs. MYCN-non-amplified, p-value = 8.21·10-15)  (Figure 21D). 

Altogether, these results suggest that NB tumorigenesis may be triggered by 

perturbing the binding of ADRN and MES CRCs TFs and, in turn, the regulation 

of genes involved in processes of cell development and differentiation and in 

pathways associated to the definition of neural-crest and mesenchymal cell 

identities.  
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5. Discussion 

Challenges in treating high-risk NBs emerge from the development of therapy-

resistances. This phenomenon is associated to NB intratumoral heterogeneity 

(ITH) that occurs in the shape of ADRN and MES NB cell identities imposed by 

ADRN and MES CRCs activity [43, 44, 46]. In this scenario, the investigation of 

biological and genetic mechanisms behind the definition of these two identities 

has become of primary importance.  

In the context of NB, which is characterized by a paucity of coding somatic 

mutations, the noncoding genome can represent a novel reservoir of oncogenic 

drivers [55, 56, 83]. In particular, SNVs can potentially affect gene regulation, 

contributing to cancer onset. However, distinguishing noncoding driver SNVs 

from the huge number of passenger mutations (due to the lower selective pressure 

of the noncoding genome) represents a challenging task. However, this limitation 

can be overcome by applying ad hoc computational strategies to prioritize 

somatic noncoding variants located in regulatory regions. 

Based on what reported so far, the aim of my thesis was the application of a 

computational analysis to identify putative driver somatic SNVs which impact 

active binding sites of ADRN and MES CRC master TFs affecting the expression 

of genes involved in differentiation and developmental processes. 

To detect putative cancer driver SNVs perturbing the function of CRC master 

TFs, I firstly identified aTFBSs in ADRN an MES NB cell lines, starting from 

ChIP-seq and ATAC-seq data. By comparing OCRs profiles between ADRN and 

MES NB cell lines, I observed the formation of identity-specific clusters, which 

is in line with the current knowledge about the differences in epigenomic and 

transcriptomic profiles between ADRN and MES identities [43, 46]. Of note, this 
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is the first time that differences between ADRN and MES phenotypes are 

highlighted in terms of chromatin accessibility profiles.  

After the definition of ADRN and MES specific-aTFBSs sets, I performed a 

mutation enrichment analysis exploiting a reliable set of somatic SNVs obtained 

from WGS data of 397 NB patients belonging to three independent cohorts: EGA 

(accession no.: EGAD00001001687, EGAD00001006739 and 

EGAD00001006626), Target (accession no.: phs000218.v21.p7; project ID: 

#14831; ref. 12) and an in-house cohort. The mutation enrichment analysis 

highlighted that aTFBSs of 6 ADRN and MES CRC master TFs (GATA3, 

HAND2, MYCN, ISL1, TBX2 and FOSL2) were characterized by a significant 

high rate of mutations. 

Interestingly, patients carrying SNVs enriched in CRC aTFBSs had a significant 

worse OS and EFS respect to patients without noncoding SNVs in these 

regulatory regions. In particular, as highlighted by Multivariate Cox proportional 

regression, a significant increase of patients’ risk of death is correlated with both 

the mutational burden in CRC aTFBSs and MYCN amplification. Considering 

that MYCN is a stabilizer of ADRN CRC [3] and since the majority of the 

significantly mutated aTFBSs identified are involved in ADRN CRC, it is 

reasonable that MYCN amplification and the mutational burden can contribute 

together to the worse OS probability of NB patients.  

Regarding the EFS analysis, although the increase patients’ risk of relapses is 

also significantly correlated with the age at the diagnosis greater than 18 months, 

the association with the mutational burden in CRC aTFBSs remains the most 

significant. Overall, these results strongly support that noncoding mutations in 

CRC aTFBSs may have a potential prognostic value. However, future studies on 

independent sets of patients are required to confirm this hypothesis. 
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The application of ad hoc filtering criteria based on the predicted effects of SNVs 

on TF binding showed that 689 SNVs caused gains or losses of CRC TFs binding. 

Starting from the hypothesis that these SNVs, affecting the binding of CRC 

master TFs, can alter the expression of genes potentially involved in NB 

tumorigenesis, I identified putative target genes of mutated CRC aTFBSs, 

analysing CHiC data in 2 ADRN and 2 MES NB cell lines.  

Among the putative targets of mutated aTFBSs, I found genes already known to 

be involved in NB tumorigenesis, such as FGFR1, CTTNBP2, PHOX2B and 

MAML2. FGFR1 represents a potential therapeutic target in NB, as highlighted 

in one recent work of my research group [29].  

In another our recent study, a cluster of somatic SNVs in the promoter region of 

CTTNBP2 was predicted to alter the binding of NB tissue-specific TFs, reducing 

the expression of this gene [62], a phenomenon that was correlated with bad NB 

prognosis markers [62].  

In the context of NB cell identity definition, PHOX2B and MAML2 constitute 

two master TFs belonging to ADRN and MES CRCs, respectively. PHOX2B is 

regarded as a master TF implicated in neuronal development. Indeed, its absence 

results in the lack of the expression of other sympathetic nervous system-specific 

TFs, which causes the total loss of peripheral autonomic neurons [3]. On the other 

hand, MAML2 represents a transcriptional activator of the NOTCH pathway and 

regulates target genes, including lineage-specific TFs, involved in cell fate 

decisions in the context of MES cell identity [50].  

Overall, the identification of genes already known to be implicated in NB 

tumorigenesis and cell identity among the targets of mutated aTFBSs of master 

CRC TFs demonstrated the reliability of my bioinformatic approach to 

distinguish potential driver somatic noncoding SNVs from passenger ones.  
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GO analysis of mutated aTFBSs target genes highlighted enrichment of pathways 

related to neuronal development and differentiation, mirroring the ADRN 

phenotype. On the other hand, I also observed a significant enrichment of 

pathways related to specification of neural crest-like and mesenchymal 

proliferation, reflecting the MES phenotype.  

Starting from the assumption that NB derives from the impairment of cell 

differentiation and developmental processes [31], I focused only on genes 

involved in cell differentiation and development-related pathways. In addition, I 

restricted further analysis only on 35 targets of aTFBSs carrying mutations which 

strongly impact CRC master TFs bindings. To identify novel genes potentially 

involved in NB tumorigenesis, I evaluated the expression of the 35 selected 

targets in correlation with NB prognosis markers, overall and event free survival 

exploiting RNA-seq data of a cohort of well annotated NB patients. I found 3 

genes (ROBO2, CACNB1, PIK3R1) interacting with HAND2 aTFBSs, 5 MYCN 

aTFBSs targets (MDGA1, HES6, LDLRAD4, DGUOK, IRX1) and 1 target gene 

interacting with TBX2 aTFBS (SPOCK2) whose high or low expression 

significantly correlated with worse OS and EFS probabilities, MYCN 

amplification, Stage 4 and high-risk category in NB patients.  

3 SNVs in HAND2 active binding sites were predicted to decrease the affinity 

for this TF and were found to interact with genes implicated in synapse 

organization, axon development, neuron projection guidance and mesenchyme 

development. ROBO2 encoded a transmembrane receptor that exerts its activity 

by binding to the secreted ligand Slit. Activation of this receptor plays multiple 

roles during nervous system development, from axon targeting and 

synaptogenesis to cell migration [84-87]. Of note, ROBO2 expression was 

reported to increase during treatment with 9-cis retinoic acid in NB cells, strongly 

supporting its involvement in NB cell differentiation [88]. This is in line with the 
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observed correlation between bad NB prognosis markers and ROBO2 

downregulation in NB patients. 

CACNB1 encoded the β1-subunit of human neuronal voltage-dependent calcium 

channels involved in processes of synaptic transmission and plasticity [89, 90]. 

Regarding its role in tumorigenesis, CACNB1 upregulation was correlated with 

low overall survival and progression in ovarian and colorectal cancer [91, 92]. 

Conversely, I observed a significant association between CACNB1 

downregulation and the worst cases of NB, suggesting a novel role of this gene 

as potential tumor suppressor.  

Finally, PIK3R1 encodes the regulatory subunits of phosphoinositide 3-kinases 

(PI3Ks) enzymes which are essential during synapse and dendritic spine 

development [93-95]. Of note, dysregulated PI3K activity was associated to 

several mental disorders. Furthermore, in NB it was found highly expressed in 

favourable cases compared to aggressive ones [96]. Similar results emerged from 

the correlation between PIK3R1 expression and markers of bad prognosis in 498 

NB cases, confirming its role as tumor suppressor. 

Regarding MYCN, aTFBSs interacting with MDGA1 and HES6 carried 2 SNVs 

predicted to increase affinity for this TF. On the other hand, 3 SNVs in the 

aTFBSs of this TF interacted with LDLRAD4, DGUOK and IRX1 and were 

predicted to decrease MYCN affinity. These genes were implicated in different 

biological processes, such as synapse organization, pattern specification, neuron 

projection guidance, negative regulation of cell development and negative 

regulation of nervous system development. MDGA1 plays a key role in 

development of neurons and encodes a synaptic adhesion molecule (the so-called 

MAM domain-containing glycosylphosphatidylinositol anchors) essential for 

driving the formation, maturation, and plasticity of synaptic connections [97]. 
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Interestingly, MDGA1 was identified as high susceptibility gene for several 

neurological disorders, such as Autism Spectrum Disorders, Bipolar Disorders 

and Schizophrenia [98-100]. Regarding its role in cancer, MDGA1 knockdown 

was found to decrease renal cancer cell migration and proliferation [101]. In NB, 

I observed a lower MDGA1 expression in the most severe cases, suggesting a 

dual role for this gene which may act as oncogene and tumor suppressor in a 

cancer type specific manner. 

HES6 encodes for a member of a subfamily of basic helix-loop-helix 

transcription repressors governing cell fate in neural development. Indeed, it was 

shown that HES6 expression in undifferentiated cortical progenitors was 

sufficient to induce neuronal differentiation [102]. Moreover, numerous lines of 

evidences have already linked HES6 increased expression with poor survival of 

advanced astrocytoma, glioblastoma, prostate cancer, and kidney cancer patients 

[103-105]. The same was observed in NB, where high HES6 expression 

significantly correlated with bad NB prognostic markers, overall and event free 

survival of the patients. 

LDLRAD4 is known to negatively regulate TGF-β signaling thus playing a 

pivotal role in multiple cell processes such as proliferation, motility and 

differentiation [106]. Consistently with its implication in migration and 

proliferation processes, LDLRAD4 high expression was previously implicated in 

the progression of hepatic cancer [107]. On the other hand, I observed that high-

risk NB patients are characterized by LDLRAD4 decreased mRNA levels, which 

could be linked to the role of this gene in cellular differentiation processes. 

DGUOK encodes deoxyguanosine kinase, which is implicated in the 

phosphorylation of purine deoxyribonucleosides in the mitochondrial matrix, 

which is essential for mitochondrial DNA preservation. Recently, DGUOK 
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activity was linked to self-renewal of lung cancer cells, which is supported by 

DGUOK increased expression in patients with the worst outcome [108]. As 

emerged from GO analysis, DGUOK results also implicated in negative 

regulation of nervous system development, suggesting that its upregulation can 

perturb formation of neuronal cells. This is consistent with the correlation 

between DGUOK high expression and the worst cases of NB, which is known to 

be triggered by impaired neuronal differentiation.  

IRX1 is a TF belonging to the Iroquois homeobox TFs family, which govern 

development and cell differentiation in several tissues during embryonic 

development [109]. Several studies highlighted a dual tumorigenic role of this 

gene, which can act either as tumor suppressor or oncogene in a cancer type 

specific manner. Indeed, IRX1 overexpression was found both to inhibit cancer 

cell growth, invasion, and tumorigenesis in gastric cancer [110] and drive tumor 

metastasis in osteosarcoma patients [111]. In NB, it may act as oncogene, as 

suggested by the high IRX1 expression in high-risk NB cases.  

The last SNV was predicted to decrease the affinity of TBX2 to its aTFBS 

interacting with SPOCK2, which is involved in synapse organization. It encodes 

a complex type of secreted proteoglycan that can inhibit neuronal cell attachment 

and neurite extension [112]. As the case of IRX1, also SPOCK2 is reported to 

behave both as oncogene and tumor suppressor in different types of cancer. 

Indeed, SPOCK2 high expression has been correlated both with tumor growth in 

ovarian cancer [113] and longer overall survival of pancreatic ductal 

adenocarcinoma patients [114]. I observed that SPOCK2 decreased expression 

exacerbate NB outcome, thus suggesting a potential role as tumor suppressor of 

this gene in NB tumorigenesis.  
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All together these findings suggested that somatic noncoding SNVs impacting on 

binding of master CRC TFs, may potentially affect the expression of genes 

involved in neuronal cell development and differentiation processes, promoting 

tumorigenesis. However, computational approaches are not sufficient to truly 

demonstrate the connections between SNVs impact on CRC master TFs binding 

and deregulation of genes involved in such type of biological processes. For this 

reason, functional experiments will be conducted such as luciferase assays to 

compare differential report activity between the mutated and the wild-type allele 

of each selected CRC aTFBS, ChIP-qPCR with specific antibodies for CRC 

master TFs to validate the allele specific binding of CRC TFs and CRISPR-Cas9 

gene-editing methodology to evaluate the direct effect of noncoding somatic 

mutations on the expression of target genes. 
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6. Conclusion 

In this work, I used an alternative approach to detect and study regulatory cancer 

driver mutations, overcoming limitations in distinguishing putative somatic 

drivers from noncoding passengers and leading to identification of mutated 

regulatory regions that could have relevant implications in NB development. 

What emerges is that SNVs impacting the binding for master CRC TFs can act 

synergically impairing biological processes of development and differentiation, 

promoting NB tumorigenesis. Prospectively, functional validation to ascertain 

the biological roles of this noncoding somatic mutations and their impact on gene 

regulation represents an important definitive task to address. 

In conclusion, considering the heterogeneity of NB tumor environment, the 

identification of novel driver mutations and genes implicated in the definition of 

specific tumor cell phenotypes can represent a breakthrough in personalized 

therapy. This can lead to extend the therapeutic interventions targeting the whole 

spectrum of cellular identities that drive NB, thus finding successful treatments 

for tumors that are still resistant to differentiation therapy. 
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