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Specific Aims:
We are exploring the potential for new computational and functional genomics approaches to
reveal oncogenic drivers of neuroblastoma. Based on our previous rhabdomyosarcoma (RMS)
studies,1 we expect this innovative analytic strategy will provide an increased understanding of
the biologic underpinnings of high-risk neuroblastoma and also lead to the identification of new
therapeutic targets, and biomarkers for high-risk neuroblastoma.
In general, the most frequent genetic alterations in cancer are single-nucleotide and gene copynumber variants (SNV and CNV, respectively). In neuroblastoma, next-generation sequencing
efforts have only revealed approximately 18 somatic protein-altering SNVs per tumor.2,3. With a
notable exception of ALK,2-5 few genes are recurrently mutated, and that poses challenges to
targeting SNVs. Copy-number gains in MYCN have long been linked to a more aggressive
disease,6 but MYCN-directed therapies have also been difficult to develop.7 Other CNVs,
including segmental alterations in 1p-, 11q-, 17q+ and sub-segmental alterations have been
described.8-12 While serving as additional biomarkers for higher risk disease, how they drive less
favorable outcome is not yet clear.13,14
Our team recently conceived of a plan to explore the hypotheses that a) relevant CNVs in
neuroblastoma are those in which gene copy-number alteration correlates with gene
expression, and b) identifying those genes will reveal new therapeutic targets and better
biomarkers for risk stratification. In this project, we are employing a new computational
algorithm in which Bayesian methodology provides an integrative analysis of gene Expression
and Copy-Number (iExCN), an approach that has already met with some success in RMS.1 Our
three Specific Aims are:
Specific Aim 1: To uncover oncogenic drivers and tumor suppressors in neuroblastoma by
using iExCN, a Bayesian-based, integrative analysis algorithm
Specific Aim 2: To experimentally validate iExCN-predicted drivers and tumor suppressors in a
panel of neuroblastoma cell lines and PDX models
Specific Aim 3: To explore how CNVs and expression of iExCN genes correlates with clinical
variables to improve risk stratification models and guide therapy for children with neuroblastoma
Hypothesis:
We hypothesize that relevant CNVs in neuroblastoma are those in which gene copy-number
alteration correlates with gene expression, and further that identifying those genes will reveal
new therapeutic targets and better biomarkers for risk stratification.
Patient Cohort (Eligibility Criteria):
The Gabriella Miller Kids First (GMKF) Pediatric Research Program was established by the NIH
to enable researchers, clinicians, and patients to work together to accelerate research and
promote discoveries for children affected with cancer and structural birth defects.15 GMKF

datasets provide a variety of next-gen sequencing data, including somatic and germline DNA
and somatic RNA analyses. Simllar types of data are also provided by the Therapeutically
Applicable Research To Generate Effective Treatments (TARGET) initiative.16
While GMKF and TARGET are unparalleled repositories of genomics data, they were not
designed to house rich clinical annotation. To address that gap, we plan to link GMKF data to
the International Neuroblastoma Research Group (INRG) Data Commons. Importantly, the
GMKF and TARGET datasets are connected to additional sources of data by a Universal
Specimen Identifier (USI) which forms the backbone of patient identifiers for our studies. The
USI numbers for the GMKF and TARGET data are publicly available. Thus, eligible patients for
this proposal will be those neuroblastoma patients with sequencing data in the GMKF and
TARGET databases as identified by USI numbers.
Background:
MYCN status is one of the criteria used to assign patient risk, and the presence of MYCN
amplification stratifies patients to the high-risk group. Although MYCN amplified high-risk tumors
are biologically distinct from non-MYCN amplified high-risk neuroblastoma and display different
transcriptional networks,9 among high-risk patients treated with modern therapy, MYCN status is
not prognostic of outcome.17 Other CNVs, including segmental and subsegmental chromosomal
aberrations are described and appear to have prognostic value,8 but CHD5 (chromosome 1p)
appears to be the one of only tumor suppressor gene consistently lost18 and MYCN remains the
only known oncogene consistently gained.3
Gene mutation and expression are also important in cell
biology. ALK is one of the most commonly mutated gene in
neuroblastoma, but it is detected in only 8-10% of diagnostic
tumors.19 ALK inhibitors are being tested in the small subset of
children with tumors that harbor ALK mutations.20 Multiple gene
expression signatures have also been developed as potential
prognostic biomarkers,21-24 but none have made it to
widespread clinical use or identified putative oncogenic drivers.
As the Skapek lab recently showed for RMS,1 the gene
expression changes likely to be most important in driving tumor
phenotype can be “hard-wired” into the genome by local CNVs.
In previous studies analyzing two independent RMS cohorts, we
have demonstrated that patients with tumors that harbor a
Figure 1: Schematic diagram
greater number of iExCN genes with any level of CNVs have
shows iExCN algorithm based on
poor outcome. We expect that applying the biologically-based
Bayesian methodology.
iExCN analysis and functional studies to neuroblastoma will
reveal the CNVs and expression changes likely to be actual disease drivers (Figure 1).
Additionally, our analysis algorithm is coupled to a CRISPR-based “mini-pool” screen to quickly
provide functional validation of the candidate disease genes in a panel of human neuroblastoma
models. This tandem, computationally-guided, functional screen could become a new standard
for helping to move genomics data into the clinic.
The Skapek lab applied this tandem analysis to RMS. The iExCN algorithm predicted 25
oncogenic drivers and 4 tumor suppressors, based on copy-number/expression gain and loss,
respectively. Fifteen (52%) of 29 iExCN-identified genes were shown by CRISPR/Cas9 to be
functionally important in two RMS models.1 This level of enrichment approximated the signficant

changes in 57% of the guides
targeting “positive control”
genes; only 4% of vectors
targeting randomly selected
negative controls changed
significantly (Figure 2). A number
of RMS genes are targetable,
including EZH2 and RIPK2,1 or
highlight targetable pathways,
such as IGF2 signaling
downstream of PLAG1.25 We are
confident this approach will also
work in neuroblastoma.
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most had hoped. The promise of
“precision medicine” has fallen short because most childhood cancers harbor few, if any,
targetable mutations detectable by SNV analyses, and the mere presence of a mutant, highly
expressed, or amplified gene does not necessarily signify that gene as an oncogenic driver. Our
proposal is founded on the following premises:
1) Childhood cancers, especially neuroblastoma, harboring few recurrent mutations are better
viewed as diseases in which otherwise normal cells are reprogrammed based on altered
gene expression, and many of the important expression changes are likely to be “hardwired” by gene copy-number gain or loss.
2) A biologically-based integrative analysis of coordinate changes in gene expression and
gene copy-number can identify candidate oncogenic drivers and tumors suppressors that
have escaped notice thus far.
3) Functional screens leveraging CRISPR/Cas9-based high throughput approaches can
provide functional validation to help prioritize targetable oncogenic drivers and tumor
suppressors.
4) The presence of CNVs in bona fide oncogenic drivers and tumor suppressors will represent
a new biomarker for clinically relevant features and illuminate potential targetable
vulnerabilities.
Proposal Description:
The GMKF project includes genomics data generated from almost 500 children with high-risk
neuroblastoma. For our project, we will use the matched DNA and RNA from 175 diagnostic
biopsies with whole-genome sequencing (WGS) and RNA-seq (https://portal.kidsfirstdrc.org).
The FASTQ files for both data types will be downloaded from the GMKF portal (dbGaP
phs001436, approval pending). With CNVs and gene expression data as input, we will run the
iExCN algorithm to identify potential cancer genes. As in our previous application of iExCN,1 we
will use a stringent criterion in iExCN to define statistically significant cancer genes: the
probability that group difference is greater than zero must be more than 99.9% in Bayesian
estimation. That approach led to a high validation rate of iExCN-predicted cancer genes in our
previous study (Figure 2). We will first analyze the entire cohort of 175 cases. Recognizing the
potential for biological differences based on MYCN amplification, expected to occur in ~50% of
the cases, we will carry out separate iExCN analyses in cases with and without this feature.

Findings will be validated using matched whole exome sequencing and RNAseq data from 97
non-overlapping patients in the TARGET dataset.
We will use USI numbers to link the genomic data from GMKF and TARGET with the
demographic, treatment, and outcomes information in the INRG data commons to create
genomic data with robust clinical annotation, and we will analyze these two cohorts
independently. With each cohort, we will conduct univariate analyses with Cox’s proportional
hazards regression model to assess CNVs in individual iExCN genes failure-free and overall
survival. We will also consider iExCN gene status in multivariate analyses with other known risk
factors, including MYCN amplification status, age, and stage. Association with event-free and
overall survival will be plotted by Kaplan–Meier analysis with P-value calculated by the log-rank
test. We will use Holm procedure or the bootstrap-based step-down method to perform multiple
testing correction. Adjusted P-values < 0.05 will be considered as statistically significant.
Next, we will determine whether the number of iExCN genes harboring CNVs correlates with
survival. If it does, we will also test whether cases with copy-number gains in a greater number
of iExCN genes also have significantly higher average expression of those genes. Because
increased chromosomal instability is also associated with worse prognosis in neuroblastoma,8
we will compare the chromosomal instability (CIN) index26 subsets of cases with more or fewer
iExCN genes involved.
Finally, we will use complementary approaches to prove the functional importance of iExCNpredicted neuroblastoma disease genes identified using high-throughput CRISPR/Cas9-based
gene editing and molecular biology approaches to interrogate cells for growth, apoptosis,
tumorigenicity, and cell differentiation.
Data Requested: All patient characteristics, clinical, histopathologic, and biology variables for
patients with data in the GMKF and TARGET databases (USI numbers to be provided).
Collaborating Biostatistician: Lin Xu
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