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ABSTRACT
Identifying targetable oncogenic drivers remains a challenge in neuroblastoma, the most common extracranial solid malig-
nancy in children. We applied a Bayesian algorithm for integrative analysis of expression and copy-number, iExCN, to nominate 
oncogenic drivers in neuroblastoma. The iExCN algorithm found 47 oncogenes from a dataset of 195 neuroblastoma biopsy 
specimens. The nominated oncogenes included some previously implicated in neuroblastoma, including ALK, MDM2, MYCN, 
and XPO1, but most have not been linked to this disease. A CRISPR/Cas9-based screen testing those candidates revealed neu-
roblastoma cell line-specific and shared vulnerabilities in three well-characterized models, and dependencies were confirmed 
by complementary RNA knockdown. Analysis of more than 30 additional neuroblastoma cell lines using DepMap confirmed 
statistically significant dependency scores in the iExCN genes. Finally, analysis of two cohorts of children with neuroblastoma 
revealed a trend toward worse survival in cases in which more iExCN genes showed copy number gains. Our findings uncover 
multiple, potentially targetable oncogenic drivers that appear to influence neuroblastoma biology, demonstrating a generalizable 
capacity for iExCN to unmask disease genes and therapeutic targets in cancer.

1   |   Introduction

Recently, new molecular genetic approaches and sophisticated 
bioinformatics tools have identified genetic mutations and il-
luminated the molecular basis of many cancer hallmarks [1], 
but only rarely has that insight reached the clinic in the form of 
novel therapy. This shortcoming is variably due to the paucity or 

the vast number of somatic single nucleotide variants (SNV) in 
an individual tumor, the limited recurrence of targetable SNVs 
across histologically similar tumors, an inability to target a mu-
tant cancer-driving proteins, or the irrelevance of individual ab-
errations [2]. Large-scale approaches to “match” an individual 
patient's tumor to a molecularly targeted therapy have been con-
ducted in adults and children, [3–5], but matches are only found 
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in a minority of cases, [5, 6], and treatment responses in adults 
have generally been poor [7].

The above challenges are prominent in neuroblastoma, the most 
common solid malignancy in children, even though much is 
known about the disease biology [8]. Amplification of MYCN has 
long been known to correlate with advanced-stage disease and 
poor survival in NB, [9] but the tumor harbors few somatic mu-
tations, [10] such as activating mutations in ALK and inactivat-
ing mutations in chromatin remodeling genes ATRX, ARID1A, 
and ARID1B [11, 12]. ALK inhibitors are currently being eval-
uated as part of upfront therapy in the relatively few children 
with high-risk NB with ALK aberrations, but that represents 
only a minority of cases. Cytogenetic and molecular approaches 
have identified other clinically relevant segmental chromosomal 

aberrations (SCA), including gain of chromosome 17q and losses 
at chromosomes 1p and 11q [13, 14]. While these aberrations rep-
resent robust prognostic biomarkers, it is unknown how certain 
SCAs interact with other tumor biologic factors to affect out-
comes. Due to the very large number of genes within each SCA, 
studies to date have not broadly assessed which of those many 
genes are likely to be true cancer drivers or suppressors [15]. 
Importantly, MYCN amplification is not sufficient to explain 
poor outcomes in those with the highest-risk disease, and that 
impedes efforts to identify targetable oncogenic drivers [13–16].

In mutation-poor cancers like NB, the malignant phenotype is 
likely determined by the expression of key cancer drivers and 
tumor suppressors, and copy-number gains and losses represent 
one way to govern expression levels. Bioinformatics analyses 
that integrate gene copy-number and expression levels have 
previously been utilized to uncover cancer drivers, and some 
are good but imperfect predictors of true oncogenic drivers [17]. 
To improve on this, we previously developed a new integrative 
analysis pipeline named iExCN that employs Bayesian logic 
to integrate gene expression changes correlating directionally 
with CNVs [18]. We applied the iExCN pipeline to matched 
expression and copy-number variant (CNV) datasets for rhab-
domyosarcoma, a cancer that commonly affects children and 
adolescents. Similar to neuroblastoma, a minority of rhabdo-
myosarcoma cases harbor protein-altering mutations in certain 
oncogenes, but there are no highly recurrent and targetable mu-
tations [19]. We used the iExCN pipeline to nominate 25 genes 
as oncogenes based on gene expression and copy number gains. 
Some of the cancer drivers identified this way were previously 
linked to rhabdomyosarcoma and, importantly, tumors with a 
greater number of iExCN genes displaying CN gains had worse 
outcomes [18]. Hence, we considered whether iExCN might also 
nominate oncogenic drivers that might have prognostic value 
in NB.

Here, we report on the initial use of iExCN in neuroblastoma 
to achieve three objectives: (1) to nominate oncogenic drivers 
in NB; (2) to provide functional validation of iExCN-nominated 
oncogenes using a CRISPR/Cas9 mini-pool and other functional 
genomics approaches across a panel of over 30 NB cell lines; and 
(3) to explore the value of CN changes in iExCN-defined genes as 
a molecular prognostic biomarker for children with this disease.

2   |   Methods

2.1   |   Neuroblastoma Genomic Datasets

Matched CN and gene-expression data were from two sepa-
rate NB patient cohorts: (1) 195 NB patients in the “GMKF-NB” 
cohort (dbGaP phs001228), and (2) 344 NB patients from the 
“TARGET-NB” cohort (dbGaP: phs000218). Information about 
requesting these and similar datasets can be found at the NIH 
Database of Genotypes and Phenotypes (https://​dbgap.​ncbi.​nlm.​
nih.​gov/​home/​). Patients from GMKF-NB and TARGET-NB 
were linked to the International Neuroblastoma Research 
Group data commons (INRGdc) through Universal Specimen 
Identifiers [20]. Patient data were retrieved as described pre-
viously [21]. The INRGdc and data use are approved by the 

Study Highlights

•	 What is the current knowledge on the topic?
○	 iExCN is a recently developed analysis pipeline 

that has been successfully used to nominate can-
cer drivers in rhabdomyosarcoma. Neuroblastoma 
is an often-aggressive childhood cancer with 
prognostic biologic features including the amplifi-
cation of the MYCN oncogene and the presence of 
segmental chromosomal aberrations. Since neu-
roblastoma is known to be a copy-number-driven 
disease similar to rhabdomyosarcoma, there is 
rationale for applying the iExCN algorithm to 
neuroblastoma to try to elucidate vulnerabilities 
to novel therapies.

•	 What question did this study address?
○	 This study addressed whether a previously vali-

dated computational pipeline, iExCN, could iden-
tify novel therapeutic targets in neuroblastoma.

•	 What does this study add to our knowledge?
○	 We found that applying the iExCN pipeline to 

neuroblastoma identified several targetable candi-
dates that appeared to be expressed independently 
of MYCN within neuroblastoma. Target candi-
dates were screened using knockdown methods to 
evaluate for effects on cell proliferation and cell 
line dependency. Two of the most promising can-
didates were XPO1 and SF3B1, located on chromo-
somes 2p and 2q, respectively.

•	 How might this change clinical pharmacology or 
translational science?

○	 Early-phase clinical trials have examined the 
use of XPO1 inhibition and PARP inhibition in 
children with relapsed or refractory solid ma-
lignancies. While these studies included small 
numbers of patients with neuroblastoma, prior 
data support the continued investigation of these 
agents in specific patients with neuroblastoma. 
Additional studies may consider the investigation 
of these candidate therapies in combination with 
chemoimmunotherapy.

https://dbgap.ncbi.nlm.nih.gov/home/
https://dbgap.ncbi.nlm.nih.gov/home/
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University of Chicago institutional review board, which waived 
consent as all data were de-identified.

2.2   |   DNA Sequence, Gene CN, and Gene 
Expression Analyses

Whole-genome reads were aligned to hg38. Significantly al-
tered CNVs were examined by the Genomic Identification of 
Significant Targets in Cancer (GISTIC) method using a default 
q-value of 0.25 to define statistical significance, as previously 
described [22]. For gene expression data analysis, raw RNA se-
quencing reads underwent adapter removal and quality-filtering 
using Cutadapt [23]. Alignment to hg38 was performed with 
HISAT2 [24]. Differential gene expression analysis was con-
ducted by DESeq2 [25]. Pathway enrichment analysis using 
pathway sets from the Molecular Signatures Database (MSigDB) 
identified significantly enriched pathways based on an FDR-
adjusted p-value < 0.05.

2.3   |   iExCN Analysis Pipeline

In brief, the iExCN analysis pipeline employs Bayesian statis-
tics to calculate the likelihood that gene expression is driven 
by gene CN [18–27]. Three steps in the pipeline are: (1) convert 
input (paired CN and expression data) to the matrix format for 
Bayesian estimation, (2) use Markov chain Monte Carlo to esti-
mate posterior probability of group differences in gene expres-
sion, and (3) summarize the statistical results (Figure 1A). The 
probability that group difference is greater than zero must be 
more than 99.9% in Bayesian estimation, as previously estab-
lished [26–28]. To minimize false-positive candidates, we ap-
plied a deep learning model that processed and analyzed over 
one million PubMed publications, generating a comprehensive 
list of cancer-related genes (L. Xu, in preparation) as the focus of 
the iExCN analysis. A detailed description of the computational 
steps is provided in Figure S1. The iExCN scripts are licensed 
under the GNU General Public License v3.0, and we make them 
available at https://​github.​com/​Lin-​Xu-​lab/​iExCN​.

2.4   |   Cell Culture Models

NB cell lines (Kelly, SK-N-AS, and SHEP) were grown at 37°C 
with 5% CO2 in RPMI 1640 (Gibco, 11875–093) supplemented 
with 10% heat-inactivated FBS (Gibco, 26140–079), 2 mmol/L l-
glutamine (Gibco, 25030–081), and 1% Antibiotic-Antimycotic 
(Gibco, 15240–062). Kelly cells were obtained from ATCC, 
SK-N-AS were a kind gift from Dr. John Maris, and SHEP cells 
were a kind gift from Dr. June Biedler. NB cells were authenti-
cated by short tandem repeat (STR) testing and confirmed to be 
mycoplasma-free.

2.5   |   CRISPR/Cas9 “Mini-Pool” Screen and Data 
Analysis

Kelly, SK-N-AS, and SHEP cells were transduced with the li-
brary cloned in lentiCRISPRv2 lentiviral vector and analyzed as 
previously described [18–29]. Lentiviral vectors included sgRNA 

guides targeting positive controls (genes established to be essen-
tial in mammalian cells) [18–30], negative controls (randomly 
selected from all genes expressed in neuroblastoma specimens), 
and iExCN-predicted oncogenes were designed as described 
(Table S1) [31]. Three iExCN-predicted genes were excluded as 
they had four or more sgRNAs with high “off-target” scores: 
H3F3B, RGPD3, and SRSF2. Following transduction at an MOI 
of 0.3, cells were cultivated in 5 μg/mL puromycin through ~20 
population doublings before harvesting genomic DNA. Each cell 
line had a biological replicate that was transduced, cultivated, 
and processed in parallel.

Genomic DNA, harvested from two replicates each on day 0 and 
passage 20, was sequenced using an Illumina NovaSeq 6000. 
The supporting reads, normalized to reads from non-targeting 
controls, were trimmed using cutadapt v4.1 [23], and MAGeCK 
v0.5.9.5 [32] was used to collect gene-level sgRNA read counts 
and rank sgRNAs. p values for fold change comparisons of gene-
level read counts between day 0 and passage 20 were adjusted 
using FDR. An adjusted p < 0.05 was considered significant.

2.6   |   DepMap CRISPR/Cas9 Gene Dependency 
Analysis

Dependency scores for 44 of the iExCN genes, along with positive 
and negative controls, were determined from the Broad Institute 
Cancer Dependency Map and analyzed in R using the DepMap 
and ExperimentHub packages available through Bioconductor 
[33]. FAT3, RGPD3, and H3F3A did not have data available in the 
22Q2 release. Gene dependency probabilities were determined 
across the 34 NB cell lines, including Kelly and SK-N-AS, used 
in our own studies, and SK-N-SH, from which SHEP cells were 
derived.

2.7   |   Protein and RNA Expression

Western blotting of NB cell line lysates was performed as previ-
ously described [34], with primary antibodies directed against 
XPO1 (#46249; Cell Signaling), SF3B1 (#14434; Cell Signaling), 
and GAPDH (#47724; Santa Cruz). RNA expression was quan-
tified by real-time RT-PCR with the RNeasy Mini Kit (Qiagen), 
1 × Power SYBR Green Master Mix (Applied Biosystems), and 
IDT PrimeTime Primers (Table S2), essentially as previously de-
scribed [18]. The data shown represent at least two independent 
experiments.

2.8   |   Gene Knockdown and Cell Accumulation

siRNA-mediated knockdown experiments were carried out as 
previously described [18]. The siRNA duplexes targeting de-
sired genes were predesigned and purchased from Sigma; the ID 
number of predesigned siRNA for each gene of interest is listed 
(Table  S2). Cells were harvested at either 48 h after the initial 
transfection for RT-qPCR or six days for the cell proliferation 
assay. Cell accumulation was assayed using the CyQUANT Cell 
Proliferation Assay Kit (Invitrogen) according to the manufac-
turer's instructions. Sample fluorescence was measured using a 
CLARIOstar Microplate Reader (BMG Labtech).

https://github.com/Lin-Xu-lab/iExCN
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FIGURE 1    |     Legend on next page.
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2.9   |   Statistical Analysis

Statistical analyses were conducted using R programming pack-
ages (http://​www.R-​proje​ct.​org). The comparison of two inde-
pendent samples was assessed using the two-tailed Student's 
t-test (normal distribution) or nonparametric two-tailed Mann–
Whitney U test (non-normal distribution). p values < 0.05 were 
considered statistically significant. Kaplan–Meier plots were 
generated, with differences between high- and low-expression 
groups assessed using the log-rank test. p values < 0.05 were 
considered statistically significant.

3   |   Results

3.1   |   Using iExCN to Nominate Oncogenic Drivers 
in Neuroblastoma

CNVs are well-described in NB, and MYCN amplification has 
long been recognized to correlate with poor outcome [35, 36]. 
The discovery cohort of 195 NB patients from the GMKF-NB 
dataset included both RNA-seq data for gene expression and 
whole-genome sequencing data for CN alterations (Table  1). 
MYCN-amplified tumors had no significant difference in the 
percentage of genes with CN gains and losses across the genome 
on average than cases without MYCN amplification (Mann–
Whitney test, p > 0.05) (Figure S2).

Given the large number of CNVs in NB, we filtered the genes in 
which copy-number gain was not associated with increased ex-
pression using the iExCN pipeline (Figure 1A). Applying iExCN 
to the discovery cohort returned a list of 47 candidate oncogenes, 
displayed with known human protein–protein interactions 
based on the STRING database (Figures  1B,C, and Table  S3). 
With the notable exception of ALK, expression of the nominated 
oncogenes did not substantially vary based on MYCN status 
(Figure 1D). Recurrent CN gains of iExCN-predicted oncogenes 
across the entire dataset were also high in cases with and with-
out MYCN amplification, a notable exception is MTOR, gains of 
which were noted only in MYCN-diploid cases (Figure 1E).

Pathway analysis using the MSigDB database revealed that the 
47 genes represented 22 different biological pathways (Table S4), 
including (1) RNA Polymerase II Transcription (q value = 8.0 
× 10−9, 16 genes: AKT3, CDK4, CREB1, DEK, H3-3A and H3-
3B, KAT6A, MDM2, MDM4, MTOR, RARA, PPM1D, PTPN11, 
SRSF2, TAF15, and XPO1); (2) signal transduction by growth 
factor receptors and second messengers (q value = 1.3 × 10−8, 
11 genes: AKT3, ALK, BRAF, CREB1, HIP1, MDM2, MTOR, 
PIM1, PLCG1, PTPN11, and SND1); and (3) ErbB signaling (q 
value = 1.5 × 10−6, 6 genes: ABL2, AKT3, BRAF, MDM2, MTOR, 
and PLCG1).

3.2   |   Candidate iExCN Oncogenes Inform Our 
Understanding of Clinically Relevant Segmental 
Chromosome Gains

Beyond MYCN amplification, other segmental chromosomal 
gains including 1q, 2p, 12q, and 17q are commonly accepted to 
confer poor prognosis in patients with NB [9–37]. Clinical risk 
stratification tools typically consider tiers of low-, intermediate-, 
and high-risk NB [37]. The number of iExCN genes harboring 
CN gains increased in an essentially linear fashion within each 
clinical risk group, and approximately 10% of cases harbored 
no gains in iExCN genes (Figure  S3A). With the exception of 
MYCN, CN gains were of low-amplitude (Figure  S3B), simi-
lar to rhabdomyosarcoma [18]. The number of cases harbor-
ing CNVs in an individual iExCN gene increased from MTOR 
and KAT6A, found in fewer than 20 cases, to DDX5, MSI2, and 
PPM1D, each found in more than half of the cases in the dataset 
(Figure S3C). The distribution of individual iExCN gene gains 
did not correlate with clinical risk group (t-test, p > 0.05 for any 
two comparisons).

Twenty of the 47 candidate oncogenes nominated by iExCN re-
sided within the regions of chromosomes 1q, 2p, 12q, and 17q, for 
which copy-number gains are associated with poorer survival 
(Table S5). When considering all genes located at two of these, 
we found that incorporating a rigorous Bayesian probability 
score (≥ 99.9%) dramatically limited the number of candidates 
(Figure  2A, Y-axes). Thirteen of the 47 oncogenes nominated 
by iExCN lie within these two segments: five on 1q and eight 
on 17q.

Because copy-number gains in iExCN genes cooperatively in-
fluenced rhabdomyosarcoma outcomes [18], we explored the 
co-occurrence of iExCN CN gains in NB. When considering all 
possible pairs, and assuming independent assortment, we found 
626 pairs with a probability of 1 that expected co-occurrence 
frequency would be less than the observed (Table S6). Thirteen 
gene pairs displayed a co-occurrence rate four or more times 
greater than expected (Figure 2B), with the greatest enrichment 
of KAT6A and NSD3, both localized to chromosome 8p. Twelve 
of those pairs were located on the same chromosome, and six 
were on the same chromosomal arm, including chromosome 
1q four times (Figure 2C). The single outlier was PRPF40B and 
MTOR on chromosomes 12q and 1p, respectively.

We also explored the status of iExCN candidates localized to 
chromosomes 1q, 2p, and 17q, which are frequently gained in 
NB. Approximately 25% of the cases had no CN gains in any of 
the candidate genes found on those chromosomal segments. In 
cases harboring gains in any gene on one of these segments, ap-
proximately 40%–50% of the cases harbored gains in all the can-
didates on that segment (Figure 2D). Taken together, these data 

FIGURE 1    |    The iExCN analysis identifies candidate oncogenic drivers in neuroblastoma (A) Steps in the iExCN analysis pipeline. (B) The num-
ber of cases with whole-genome and RNA sequencing from the same biopsies used in the primary analysis of the GMKF-NB cohort. (C) Schematic 
depiction of iExCN nominated oncogenes with protein–protein interactions network from the Search Tool for the Retrieval of Interacting Genes/
Proteins (STRING) database. (D) Average expression level of iExCN-identified oncogenes in NB specimens with diploid and amplified MYCN, as 
indicated, in the GMKF dataset. Gene expression units: Fragments Per Kilobase of transcript per million mapped reads (FPKM). (E) The frequency 
of CN gains among iExCN-nominated oncogenes across the GMKF-NB dataset.

http://www.r-project.org
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TABLE 1    |    Clinical and demographic features of the analyzed cohorts.

Feature Discovery cohort (GMKF, n = 195) Clinical validation (TARGET, n = 344)

Age, months median (Q1- Q3) 13 (5–29) 22 (7–42)

Sex, no. (%)

Male 97 (49.7%) 185 (53.8%)

Female 98 (50.3%) 159 (46.2%)

Race, no. (%)

White 165 (84.7%) 274 (79.7%)

Black 11 (5.6%) 36 (10.5%)

Asian 7 (3.6%) 7 (2.0%)

American indian/Alaskan native 1 (0.5%) 1 (0.3%)

Native hawaiian/Pacific islander 0 (0%) 1 (0.3%)

Unknown 11 (5.6%) 25 (7.2%)

Ethnicity, no. (%)

Non-Hispanic 180 (92.3%) 305 (88.7%)

Hispanic 8 (4.1%) 20 (5.8%)

Unknown 7 (3.6%) 19 (5.5%)

INSS stage, no. (%)

1 55 (28.3%) 55 (16.0%)

2 40 (20.5%) 41 (11.9%)

3 27 (13.8%) 35 (10.2%)

4S 19 (9.7%) 38 (11.0%)

4 54 (27.7%) 174 (50.6%)

Unknown 0 (0%) 1 (0.3%)

INPC Grade, no. (%)

Undifferentiated/Poorly differentiated 166 (85.1%) 284 (82.6%)

Differentiating 20 (10.3%) 29 (8.4%)

Unknown 9 (4.6%) 31 (9.0%)

MYCN Status, no. (%)

Amplified 22 (11.3%) 53 (15.4%)

Not amplified 172 (88.2%) 288 (83.7%)

Unknown 1 (0.5%) 3 (0.9%)

Primary tumor site, no. (%)

Adrenal 69 (35.4%) 134 (39.0%)

Abdominal/retroperitoneal 61 (31.3%) 123 (35.8%)

Neck 12 (6.2%) 14 (4.1%)

Thorax 31 (15.9%) 40 (11.6%)

Pelvis 12 (6.1%) 17 (4.9%)

Other 7 (3.6%) 8 (2.3%)

Unknown 3 (1.5%) 8 (2.3%)
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FIGURE 2    |    Co-amplification patterns in iExCN-nominated oncogenes found within chromosomal arms commonly amplified in neuroblastoma 
(A) iExCN pipeline identifies candidate oncogenes among hundreds of genes on chromosome 1q and 17q, frequently amplified in neuroblastoma. (B 
and C) The 13 iExCN gene pairs in which the frequency of co-amplification was significantly enriched at least 4-fold more than the frequency based 
on chance (D) The frequency of co-amplification of the 3, 5, and 8 iExCN candidates residing at chromosomes 2p, 1q, and 17q, respectively.
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point toward the oncogenes that may—individually or cooper-
atively—be contributing to poorer outcomes driven by gains in 
1q, 2p, and 17q.

3.3   |   Functional Validation of iExCN Candidates in 
Neuroblastoma Cell Lines

We functionally validated the iExCN genes using a CRISPR/
Cas9 “mini-pool” targeting candidate oncogenes in an essen-
tiality screen using well-characterized NB models. We found 
that only two of 71 vectors targeting negative controls were 
significantly enriched, and none were depleted (Figure 3A). In 

contrast, 42 of 74 vectors targeting genes known to be essential 
were depleted in one or more of the tested NB lines, confirming 
the expected assay performance (Figure 3B). For iExCN-defined 
genes, ten of 44 vectors targeting candidate oncogenic drivers 
were significantly depleted in one or more cell lines (Figure 3C), 
indicating that these oncogenes were required for in vitro prop-
agation in the tested models.

We compared the data from our drop-out screen to dependency 
scores in DepMap. Gene dependency scores for iExCN genes, 
negative controls, and positive (essential) controls were also an-
alyzed in Kelly, SK-N-AS, and SK-N-SH cell lines for compar-
ison to the CRISPR/Cas9 mini-pool screen. Guides targeting 

FIGURE 3    |    Depletion of iExCN-nominated oncogenes in a CRISPR/Cas9 mini-pool screen (A, B, and C): Relative fold change in the representa-
tion of sgRNA guides targeting the indicated genes as negative controls (A), positive controls (B), and iExCN candidates (C) in the indicated cell lines. 
Asterisks (*) in B and C signify the changes that are statistically significant.
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10 genes were significantly depleted in mini-pool analysis in 
SHEP, and seven of those had negative mean dependency scores 
in SK-N-SH, from which SHEP cells were derived. All four of 
the genes with significantly depleted guides in our SK-N-AS and 
Kelly CRISPR/Cas9 screen also had negative dependency scores 
in DepMap (Figure S4).

Based on these results, we further validated nine of the genes 
using transient siRNA knockdown (Figure  4 and Figure  S5). 
Apart from MDM4 and PPM1D, knocking down each gene re-
duced cell accumulation in one or more of the tested lines, and 
the effects were generally greater at 6 days. This finding con-
firmed that their drop-out in the CRISPR/Cas9 screen was not 
due to a Cas9-imposed DNA damage response that can occur in 
such a screen [38].

3.4   |   The Majority of Individual iExCN Genes Are 
Dependencies in Neuroblastoma Cell Lines

We leveraged DepMap to further assess the importance of these 
iExCN genes in 34 neuroblastoma cell lines in that dataset. The 
mean gene dependency scores were determined for each gene 
across the 34 available cell lines and visualized by boxplot. 
Thirty-four of 44 (77%) iExCN genes had mean dependency 
scores less than zero with a mean dependency score of all iExCN 
genes found to be −0.438 (Figure  5A, and Figure  S6). This 

significantly differed from the randomly chosen, negative con-
trol genes used in our CRISPR/Cas9 screen, for which the mean 
dependency scores clustered around 0 (Figures S6 and S7). Of 
note, the mean dependency score for iExCN genes was signifi-
cantly more negative than the randomly chosen negative con-
trols (p < 2 × 10−16; ANOVA with Tukey post hoc test), further 
highlighting the capacity for iExCN to define vulnerabilities.

Mean gene dependency probabilities of iExCN genes were 
also calculated per NB cell line and visualized by boxplots 
(Figure 5B). Nine genes had negative dependency scores outside 
of the boxplot boundaries. These so-called outliers were distrib-
uted across the tested cell lines with an average of 3.5 ± 0.29 
in each cell line. Five of those (CRNKL, SF3B1, SRSF2, 
TRRAP, and XPO1) were outliers in at least 19 of 34 cell lines 
(Figure  5C). Seven of these (CRNKL1, DDX5, MTOR, SF3B1, 
SRSF2, TRRAP, XPO1) are characterized as common essential 
genes by DepMap; those that are not among common essential 
genes may be particularly interesting as potential therapeutic 
targets for neuroblastoma.

3.5   |   Number of iExCN Genes With CNV Gain as a 
Potential Prognostic Biomarker

We examined whether the number of iExCN oncogenes har-
boring CNVs influenced outcomes in children with high-risk 

FIGURE 4    |    Knockdown of XPO1 and SF3B1 siRNA reduces cellular accumulation in three neuroblastoma cell lines (A and D) The effect of XPO1 
and SF3B1 knockdown, following targeted siRNA treatment for 48 h, was determined by (A) mRNA expression through qRT-PCR and (D) protein 
levels through Western blot. (B and C) The effect of XPO1 and SF3B1 knockdown on cell accumulation in SHEP, Kelly, and SK-N-AS cell lines was 
assessed by CyQuant assay after a (B) 3-day or (C) 6-day incubation following initial siRNA treatment. Graphs are of a single experiment with six 
biological replicates per group. **** = p < 0.0001, *** = p < 0.001, ** = p < 0.01, measured by two-tailed unpaired t-test.
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NB. Using two separate cohorts of high-risk patients, we found 
that cases with 25 or fewer iExCN genes containing CN gain 
displayed a trend toward better overall survival than those with 

more than 25 iExCN genes involved, although it did not reach 
significance (log-rank test; p = 0.08 for the GMKF cohort and 
p = 0.069 for the TARGET cohort) (Figure 6A).

FIGURE 5    |    DepMap shows that most iExCN-defined genes have negative dependency scores across a panel of 34 neuroblastoma cell lines (A) 
Mean DepMap dependency scores of iExCN genes across 34 neuroblastoma cell lines. (B) Mean DepMap gene dependency scores of iExCN genes in 
each neuroblastoma cell line. (C) The number of neuroblastoma lines in which specific “outlier” genes have dependency scores that fall outside of 
the boxplot boundaries.
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Because MYCN amplification is a well-established prognos-
tic factor in this disease—and MYCN was among our iExCN 
genes—we assessed whether the survival trends were merely 
driven by MYCN. We note that the fraction of cases with and 
without MYCN amplification was the same in cases with iExCN 
gains in 25 or less versus more than 25 iExCN genes in each 
cohort (Fisher exact, 2-tailed, p value: 0.309 and 0.576 in the 
TARGET and GMKF datasets, respectively) (Table S7). In our 
two datasets of children with high-risk disease, MYCN amplifi-
cation itself did (GMKF; n = 48) and did not (TARGET; n = 312) 
correlate with outcome (Figure 6B). Hence, how much iExCN 
genes add to MYCN for neuroblastoma risk stratification is not 
clear and merits further prospective testing.

4   |   Discussion

The iExCN pipeline identified 47 candidate oncogenes in NB. 
Twenty of these were located on chromosome regions known to 
be associated with high-risk disease. There was no indication 
that iExCN nominated different oncogenes in MYCN-amplified 
or non-amplified tumors. Ten of our oncogenes were function-
ally validated as being crucial to propagation in a CRISPR screen 
using three distinct NB cell lines. The hit rate of 19% is compa-
rable to that of other reported focused CRISPR screens and our 
previous rhabdomyosarcoma analysis [18–39]. Most of those 10 
were further validated by siRNA in tested cell lines, which in-
dicates that their identification in the CRISPR screen was not 

FIGURE 6    |    There is a non-significant trend toward poorer survival in neuroblastoma in which more than 25 iExCN genes demonstrate CN gain 
(A) Kaplan–Meier plots display overall survival in two independent cohorts with different numbers of iExCN genes with CNVs, as indicated. (B) 
Kaplan–Meier plots display overall survival in two independent cohorts with or without MYCN-amplification.
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merely due to Cas9-mediated DNA damage response. We also 
leveraged DepMap to explore candidates across more than 30 
neuroblastoma lines. Beyond confirming the importance of five 
of our enriched genes in more than half of those lines, DepMap 
displayed line-to-line heterogeneity because four genes showed 
very strong dependency in only one or two of the cell lines. This 
heterogeneity is also evidenced by the fact that neither ALK nor 
MYCN were identified in our mini-pool screen. How the various 
dependencies correlate with neuroblastoma subtype is not yet 
clear. Finally, we tested the potential for the number of iExCN 
harboring copy-number gains to hold prognostic value. While 
there was a trend toward that goal in two datasets, it did not 
reach statistical significance. Taken together, these findings 
highlight the potential for the iExCN algorithm to nominate NB 
drivers based on integrating gene expression and CN gains, and 
the potential for those changes to be used in risk stratification.

With the exception of ALK and MYCN, we note that all the other 
genes nominated by iExCN had low-amplitude copy-number 
gains, a well-recognized feature of neuroblastoma [40] discussed 
further below. Interestingly, that finding is consistent with our 
previous report using iExCN to nominate oncogenes in rhabdo-
myosarcoma [18]. In rhabdomyosarcoma, more iExCN genes 
bearing copy-number gains significantly correlated with worse 
survival, implying a cooperative effect on rhabdomyosarcoma 
biology. Whether the same is true in neuroblastoma remains to 
be proven.

CNVs, particularly SCAs, are well described in high-risk NB, 
[41] and SCAs have established prognostic value [35–43]. Despite 
this long-standing knowledge, efforts to understand how these 
recurrent gains and losses affect individual oncogenes have led 
to a paucity of confirmed tumor-promoting drivers, with CHD5 
on chromosome 1p being the only tumor suppressor known to 
be consistently lost [44] and MYCN and ALK the only known on-
cogenes consistently gained by CNVs [45, 46]. That iExCN nom-
inated additional genes at certain of those SCAs suggests their 
particular roles as drivers of the poorer outcomes. High expres-
sion of the candidates, regardless of MYCN status, suggests they 
are independent contributors to tumor biology. We found fur-
ther evidence that some of these genes may work alone or coop-
eratively to influence tumor biology, based on a non-significant 
tendency toward worse survival in cases harboring gains in a 
greater number of iExCN genes. As coordinated transcriptional 
networks are established drivers of NB phenotype [47, 48], the 
potential for cooperative interactions of iExCN genes lying in 
proximity within an individual SCA will require experimental 
validation.

Two potentially targetable candidates that showed signifi-
cance in nearly all methods and cell lines tested were SF3B1 
and XPO1. Both are located on chromosomal arms commonly 
altered in neuroblastoma (2q33.1 and 2p15, respectively) [49] 
and may be relevant for therapeutics. SF3B1 encodes a portion 
of the spliceosome, a complex responsible for the removal of 
introns from mRNA. Variants in SF3B1 have been identified as 
driving mutations behind myelodysplastic syndrome and other 
hematologic malignancies; SF3B1 mutations have also been 
identified in solid tumors including melanoma and neuroblas-
toma [50, 51]. A splicing modulator, pladienolide B, inhibited 
the growth of MYC-mutated small cell lung cancers in  vitro 

[52], and a small molecule inhibitor H3B-8800 has been studied 
in patients with hematologic malignancies [53]. Data suggest 
that SF3B1 mutations may confer increased sensitivity to PARP 
inhibition [54], which has been shown to be safe and tolerable 
in pediatric patients with relapsed or refractory neuroblastoma 
[55]. XPO1 encodes exportin-1 which transports proteins and 
RNA from the nucleus to the cytoplasm of cells. Located over 
45 million base pairs from MYCN on chromosome 2p, and thus 
independent of the MYCN-amplificon [56], XPO1 expression 
has been associated with poor prognosis in NB independent of 
age and stage. XPO1 inhibition using verdinexor, an alterna-
tive selective inhibitor of nuclear export, led to NB regression 
in both cell lines and xenograft models [57, 58]. Although no 
single agent responses were seen with selinexor in a phase 1 
trial for children with relapsed/refractory solid tumors and cen-
tral nervous system malignancies, the study included only two 
patients with NB [59]. With the potential for clinical assays to 
detect low-amplitude copy-number gains and gene expression 
in routine pathology specimens, it will be important to prospec-
tively evaluate whether CN gains or high expression of SF3B1 
and XPO1 can serve as molecular biomarkers predicting re-
sponse to those inhibitors.

In summary, the iExCN pipeline is a validated bioinformatics 
tool that identified potentially targetable vulnerabilities in NB 
in a MYCN-independent manner. Functional validation using a 
CRISPR/Cas9 mini-pool supports two of our nominated onco-
genes, SF3B1 and XPO1, as potential targets. Additional func-
tional evaluation of other iExCN candidates, evaluation of CN 
gains and expression as predictive biomarkers, and further de-
ployment of iExCN in additional datasets are warranted.
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CN gains in iExCN candidates across the analyzed cohort shows (A) 
Graphical representation of the CN gains in each case shows that the 
number of iExCN-nominated oncogenes harboring CN gains is simi-
larly distributed across low, intermediate, and high-risk groups. Of note, 
23 cases showed no CN gains in any iExCN genes. (B) Chart shows the 
average (and standard deviation) of CN gains in each of the iExCN 
genes; and (C) the number of cases with detectable gains of each iExCN 
gene. The 201 unique GMKF cases in this analysis included the 195 
cases with both gene copy-number and gene-expression data, plus 6 ad-
ditional cases contributing copy-number that were not part of the paired 
CN/expression iExCN discovery subset. Figure S4: DepMap depen-
dency scores in Kelly, SK-N-AS, and SK-N-SH, from which SHEP cells 
were derived. Figure S5: Targeting of iExCN-nominated oncogenes 
(DDX5, MDM4, PPM1D, KAT7, FUBP1, TRRAP, and HNRNPA2B1) 
by siRNA depletes expression in Kelly, SHEP, and SK-N-AS cell lines, 
and impacts cell accumulation at 3 and 6 days. Cell accumulation was 
assessed using the CyQuant assay. Graphs are of a single experiment 
with six biological replicates per group. **** = p < 0.0001, ** = p < 0.01, 
as measured by a two-tailed unpaired t-test. Figure S6: In aggregate, 
iExCN genes show significant negative DepMap dependency scores 
across a panel of 34 neuroblastoma cell lines. Negative control genes 
are randomly chosen from all genes expressed in neuroblastoma speci-
mens (A) and positive control genes are known to be essential in mam-
malian cells. Significance was assessed by p < 2 × 10−16; ANOVA with 
Tukey's post hoc test. Figure S7: Box plots show average DepMap 
dependency scores in 34 neuroblastoma cases for randomly chosen, 
negative control genes (A) and positive control genes that are known 
to be essential in mammalian cells (B). (See more details in Methods). 
Table S1: sgRNA sequences for the iExCN mini-pool targeting iExCN 
(green), positive control (light blue) and negative controls (peach) genes. 
Table S2: Oligonucleotide sequences for molecular biology. Table S3: 
iExCN Scores for top-ranking genes. Table S4: Pathways significantly 
enriched in iExCN genes. Table S5: Chromosomal location of iExCN 
genes. Table  S6: Co-occurring copy number increases in iExCN-
nominated genes. Table  S7: Distribution of MYCN amplification in 
high-risk patients from the GMKF and TARGET datasets. 
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