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ABSTRACT: Neuroblastoma is a pediatric cancer of the developing sympathetic nervous system. High-risk neuroblastoma patients typically
undergo an initial remission in response to treatment, followed by recurrence of aggressive tumors that have become refractory to further
treatment. The need for biomarkers that can select patients not responding well to therapy in an early phase is therefore needed. In this study,
we used next generation sequencing technology to determine the expression profiles in high-risk neuroblastoma cell lines established before
and after therapy. Using partial least squares-discriminant analysis (PLS-DA) with least absolute shrinkage and selection operator (LASSO) and
leave-one-out cross-validation, we identified a panel of 55 messenger RNAs and 17 long non-coding RNAs (IncRNAs) which were significantly
altered in the expression between cell lines isolated from primary and recurrent tumors. From a neuroblastoma patient cohort, we found 20 of the
55 protein-coding genes to be differentially expressed in patients with unfavorable compared with favorable outcome. We further found a twofold
increase or decrease in hazard ratios in these genes when comparing patients with unfavorable and favorable outcome. Gene set enrichment
analysis (GSEA) revealed that these genes were involved in proliferation, differentiation and regulated by Polycomb group (PcG) proteins. Of the
17 IncRNAs, 3 upregulated (NEAT1, SH3BP5-AS1, NORAD) and 3 downregulated IncRNAs (DUBR, MEG3, DHRS4-AS1) were also found to be
differentially expressed in favorable compared with unfavorable outcome. Moreover, using expression profiles on both miRNAs and mRNAs in
the same cohort of cell lines, we found 13 downregulated and 18 upregulated experimentally observed miRNA target genes targeted by miR-21,
-424 and -30e, -29b, -138, -494, -181a, -34a, -29b, respectively. The advantage of analyzing biomarkers in a clinically relevant neuroblastoma
model system enables further studies on the effect of individual genes upon gene perturbation. In summary, this study identified several genes,

which may aid in the prediction of response to therapy and tumor recurrence.
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Introduction
Neuroblastoma is a childhood cancer with a wide range of
clinical courses, spanning from spontaneous differentiation to
rapid progression and fatal outcome. Neuroblastoma accounts
for more than 7% of malignancies in patients younger than
15 years and around 15% of all pediatric oncology deaths.! It is
the most common extracranial solid tumor in childhood and
the most frequently diagnosed neoplasm during infancy. In
most newborn patients with neuroblastoma, tumors will spon-
taneously regress without any need for treatment even with
disseminated disease to liver, skin, or bone marrow. For this
patient group, comprising low-risk tumors, the overall survival
rate is more than 95%.2

Several prognostic factors are implicated in the risk stratifi-
cation of neuroblastoma including age at diagnosis, localization
of tumor, number of metastasis, tumor histology, grade of dif-
ferentiation, mitosis-karyorrhexis index (MKI), ALK muta-
tions, MYCN amplification, and other segmental chromosome
alterations (SCA), such as losses of chromosomes 1p, 3p,4p, 11q
and gains of 1q, 2p, 17q.3- In spite of these factors, patients in
the high-risk group display an overall survival less than 50%.5°
Genome-wide association studies (GWAS) have identified sev-
eral single-nucleotide polymorphisms (SNPs) associated with

an increased risk of neuroblastoma. However, while these aber-
rations indicate an increased susceptibility to the disease, they
are less useful for stratifying patients into risk groups after diag-
nosis.!® Hence, risk stratification after diagnosis and better pre-
diction of response to therapy and tumor recurrence is needed.

Several studies have implicated genetic markers in neuro-
blastoma through the use of high-throughput technologies.!-1
In these studies, protein-coding genes have gained most atten-
tion. Large-scale efforts have shown that mRNAs only cover
2.94% of the human genome.'® As such, efforts to study the
remaining ~97% has culminated in more than 40000 non-
coding RNAs (ncRNAs, data from ENSEMBL database ver-
sion 92). Therefore, risk prediction based on gene signatures
may prove to be more accurate when including a significant
larger repertoire of genes such as ncRNAs.

Although there are several subgroups of ncRNAs, consider-
able attention has been paid to micro RNAs (miRNAs) and
long non-coding RNAs (IncRNAs). miRNAs are small regula-
tory RNAs (~18-24 nucleotides) which base pairs to target
RNAs to induce post-transcriptional silencing in mammalian
cells. Several previously described miRNAs have been linked
to neuroblastoma.!”>* IncRNAs (>200 nucleotides length)
represent a large and heterogeneous group of ncRNAs and
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Table 1. Overview of neuroblastoma cell lines used in this study.

CELL LINE AGE DOUBLING TIME
(MONTHS) (HOURS)

SMS-KCN 11 109

SMS-KCNR 1 72 CPM
CHLA-15 18 21

CHLA-20 24 28 CPPD  CPM
SK-N-BE(1) 24 96

SK-N-BE(2) 29 72 CPM
CHLA-122 24 72

CHLA-136 36 44

SMS-KAN 36 95

SMS-KANR 36 69 CPM
NBL-W 6 24

NBL-WR 12 NA CPPD

CPM/DTIC

TREATMENT
DXR
DXR VM-26
DXR VCR RAD
DXR ETOP RAD BMT
DXR RAD

DXR+DTIC  ETOP VCR

Abbreviations: BMT, bone marrow transplant; CDDP, cisplatin; CPM, cyclophosphamide; DTIC, dacarbazine; DXR, doxorubicin; ETOP, etoposide; RAD, radiation therapy;

VM-26, teniposide; NA, not available.

All cell lines used in this study were MYCN-amplified (MNA) and stage 1V, except CHLA-15/-20 (stage IV, non-MNA) and NBL-W/-WR (MNA, stage IVS). Data based on
data sheets provided from the Children’s Oncology Group. Data on NBL-W/-WR based on Foley et al*8 and Cohn et al.4®

have been associated with diagnosis, classification, progression,
and response to treatment in a number of diseases.?>?0 A vari-
ety of functions have been associated with IncRNAs?” and
numerous IncRNAs have been associated with neuroblastoma
including CASC152830 DALIR" GAS5,3? HAND2-AS1,3%3*
LINC00467, MYCNUT3 MEG3, NBAT1¥ MIAT
MYCNOS,*-%2 SNHG1,% and SNHG16.4

Common methods to detect differentially expressed genes
from transcriptomic studies have been univariate statistical
methods including analysis of variance (ANOVA), linear mod-
els, and t-tests. However, these methods ignore the relationship
between different features and may miss important biological
information.* Dimension reduction analysis has emerged as a
popular method to investigate the large number of variables
reported from transcriptomic studies where several methods
have been developed for this purpose.*® In this article, we used
next generation sequencing technology to determine the
expression profiles of mRNAs and IncRNAs in neuroblastoma
cell lines established before and after therapy followed by mul-
tilevel partial least squares-discriminant analysis (PLS-DA)
introduced in the R package mixOmics. The advantage of using
a multivariate paired data analysis improves the power to detect
the underlying treatment effects and eliminates variation due
to intrinsic variation between the subjects.* Using bioinfor-
matic analysis and a large patient cohort, we identified mRNAs
and IncRNAs that may be important in predicting response to
therapy and tumor recurrence. In addition, we investigated the
miRNA-mRNA regulatory axis based on our previous miRNA

expression profiling study.’”

Materials and Methods

Neuroblastoma cell lines

WEe used a unique panel of 12 neuroblastoma cell lines (Table 1)
isolated from six neuroblastoma patients before (SK-N-BE(1),
SMS-KAN, SMS-KCN, CHLA-15, CHLA-122, NBL-W)
and after (SK-N-BE(2), SMS-KANR, SMS-KCNR, CHLA-
20, CHLA-136, NBL-WR) treatment with combination
chemotherapy regimens.

CHLA cells were grown in Iscove’s modified Dulbecco’s
medium supplemented with 20% fetal bovine serum, 4mM
L-glutamine, and 1X I'TS (5 pg/mL insulin, 5 pg/mL transfer-
rin, 5 ng/mL selenous acid). The other cell lines were grown in
RPMI-1640 supplemented with 10% fetal bovine serum and
2mM L-glutamine (final concentrations).

All cell lines were cultured at 37°C in a humidified incuba-
tor with 95% air and 5% CO, atmosphere without antibiotics.
The identity of all cell lines was authenticated by short tandem
repeat (STR) analysis at the Center of Forensic Genetics, The
Arctic University of Norway—UiT, Norway. Cells were tested

and confirmed negative for mycoplasma contamination.

RNA isolation

Total RNA was extracted by adding 1 mL of TRIzol (Invitrogen,
Carlsbad, USA) to the samples, vortexed for 1 min, and placed
at room temperature for 5min before adding 200 uL. chloro-
form. The phases were mixed and phase separation was done
by centrifuging at 12 000X g, 15 min at 4°C. To maximize yields

and reducing the risk of phenol contamination, the lower
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phenol phase was removed and the sample was re-spun at
12000Xg, 15 min at 4°C. The aqueous phase was moved to a
new tube with glycogen (Ambion) and 1 volume of 0.2M
NH,OAc isopropanol. The mixture was chilled at -20°C for
15min and RNA was co-precipitated with glycogen by centri-
fuging at 12000Xg, 15 min, 4°C. The visible RNA pellet was
washed twice in 1mL 75 % ethanol and re-acquiring of the
pellet was done by spinning down at 7500Xg, 5min at 4°C.
The pellet was resuspended in Tris-ethylenediaminetetraacetic
acid (EDTA) buffer (10mM Tris-HCl (pH 8.0), 0.1mM
EDTA). RNA concentration and DNA contamination were
assessed using NanoDrop 2000 (Thermo Scientific).

RNA sequencing

Total RNA samples were shipped to NXT-DX (Ghent, Belgia)
for RNA sequencing on the HiSeq 2000 platform. Briefly,
RNA concentrations were measured using Agilent’s Eukaryote
Total RNA Pico Assay. After fragmentation, a quality control
(QC) was done on Agilent 2100 HS DNA chip. Concentration
was determined with smear analysis on the Agilent 2100 and
checked for degradation. Samples were prepared using the
NEBNext Ultra Directional RNA Library Protocol (New
England Biolabs). The paired-end, cDNA libraries were con-
sequently sequenced on the Illumina HiSeq 2000 sequencer.
BaseCalling was done with Illumina Casava Pipeline 1.8.2.
Initial quality assessment was based on data passing the
Illumina Chastity filter. The second quality assessment was
based on the reads using the FASTQC quality control. Reads
were mapped with STAR Aligner 2.5°%°2 onto the human ref-
erence genome GRCh38. Duplicate removal was done with
Picards  tool = MarkDuplicates (http://broadinstitute
.github.io/picard). Read counting was performed with feature-
Counts v1.5.0-p2%3 on ENSEMBL gene annotations. Normaliza-
tion was carried out using the Relative Log Expression (RLE)
method.>*

R1-gPCR and validation of RNA sequencing

results

RNA was reverse transcribed using High Capacity Reverse
Transcription Kit (Applied Biosystems). Ten microliters of
RNA was mixed with 10l of cDNA reverse transcription
master mix following the standard protocol. Briefly, 1 ug RNA
was reverse transcribed using the PTC-200 Thermal Cycler
with the following thermal cycling profile: (1) pre-incubation
at 25°C for 10min, (2) reverse transcription at 37°C for
120 min, and (3) inactivation of the reverse transcriptase by
heating to 85°C for Smin. RT-qPCR was carried out with
SYBR Green (Applied Biosystems) on the 7300 Real-Time
PCR System (Applied Biosystem). For each reaction, 5pL
cDNA (25ng) was mixed with 15 pL. SYBR Master Mix con-
taining 10 uL SYBR, 0.8 uLL 5 pM stock primer solution, and
4.2 uL nuclease free water. The complete cycler profile was (1)

pre-incubation at 50°C for 2 min, (2) heat denaturation at 90°C
for 10min, (3) 40 repetitions of 95°C for 15s (denaturation
step) followed by data collection at 60°C for 1 min (annealing
step), and (4) to validate each primer pair, a dissociation stage
for each plate was applied using 95°C, 155s; 60°C, 1 min; 95°C,
155;60°C, 15s. Samples were normalized against RNF111 and
GUSB. Primers used are listed in Supplemental file 8. The
ddCT method was applied in the calculation of relative
expression.

Gene set enrichment analysis

For gene set enrichment analysis (GSEA), Fisher’s exact test
was used to compute significant enriched terms. With gene
sets from enrichR, the use of a gene background model was
omitted since we here wanted to compare our model system on
a global scale. In the case of searching for enriched biological
processes and pathways separating primary and recurrent cell
lines, a background gene model was provided to adjust for dif-
ferences between the two groups. The R packages clusterPro-
filer and ReactomePA was used in the GSEA. In addition, the
simplify function provided in clusterProfiler was used to
remove redundant terms. Gene sets were collected from several
resources including Harmonizome,> enrichR,>*7 Molecular
Signature Database (MSigDB),*3>? and ENCODE Gene Set
Hub.

Principal components analysis

Principal component analysis (PCA) secks to find the linear
directions that maximize the variance within a dataset. PCA
does not require the class label of each sample prior to analysis
(unsupervised clustering). The linear directions are referred to
as principal components (PCs) and are selected orthogonal to
each other with decreasing degree of variation (ie, the first
component holds the largest amount of variation). In each PC,
each feature (eg, gene) contributes to the linear subspace
according to its variation. This contribution is measured as the
distance from the centroid (center of variation) to each indi-
vidual feature and is referred to as the loading vector. A math-
ematical definition of a vector is that it gives both direction and
the length (magnitude) of a particular feature. We initially
scaled the data prior to PCA using Z-score normalization, but
found many genes in our final model with small fold changes
between cell lines isolated from primary and recurrent tumors.
To circumvent this, we instead applied a log-transformation of
the data prior to PCA to shrink the effect of genes with high
variation while omitting the scaling procedure. The same pro-
cedure was applied to PLS-DA. The R package mixOmics was
used to perform PCA and PLS-DA on repeated measurements
(multilevel studies). The within-subject deviation matrix was
therefore calculated before PCA and PLS-DA was carried out.
The 3D plot of the first three components was made with the
R package plot3D.
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Partial least squares-discriminant analysis

PLS-DA is similar to PCA in that it also finds a linear sub-
space within the dataset. However, instead of searching for
dimensions with maximum variance, it searches for dimensions
with the maximum amount of covariance between two data
matrices X (eg, transcriptomics) and Y (eg, proteomics). In the
discriminant version of PLS (PLS-DA), the Y matrix is
recoded with dummy variables to represent the class member-
ship of each sample (supervised clustering). This approach was
not originally designed in the use of PLS, but has often been
applied in a manner that has proven successful in selecting vari-
ables that can discriminate variables in X with regard to Y.%* In
PCA, as opposed to PLS-DA, linear transformation is only
applied with considerations to X. To facilitate the use of
PLS-DA on repeated measurements, we took the advantage of
using multilevel PLS-DA implemented with the mixOmics R
package. After calculating the contribution of each latent fac-
tor, we applied least absolute shrinkage and selection operator
(LASSO) to select the most important variables. LASSO eval-
uates the model by shrinking the estimated coefficients to zero.
Only latent factors with perfect stability were selected with
leave-one out cross-validation (LOOCV). LOOCV was pre-
ferred over M-fold cross-validation due to the limited number
of samples in our cohort of cell lines.

PLS-DA on IncRNAs followed the same methodology as
above. Here, only genes annotated as HGNC symbols or
NCBI genes were included in the analysis. This step removes
unreliable gene annotations from the ENSEMBL clone-based
and RFAM database.

Datasets used in this study

Raw sequence read files were uploaded to the Sequence Read
Archive (SRA accession: PRINA491629). The neuroblastoma
patient cohort SEQC (n=498) was obtained from Gene
Expression Omnibus (GEO) with accession GSE62564 and
GSE49711.61-¢¢ SEQC consists of 498 patients where 272
tumors were classified as either unfavorable (n=91) or favora-
ble (n=181) tumors. Normalized count data were obtained
from GSE62564 and Refseq IDs was re-annotated with
ENSEMBL gene identifiers and HUGO gene names. Sample
characteristics were extracted from the series matrix file pro-
vided with the two accession identifiers.

Code availability

Scripts and additional code is available for download at https://
github.com/utnesp/Neuroblastoma_Biomarker_2018

Statistical analysis

Statistical associations and differences were determined using
Pearson correlation, Mann-Whitney, Fisher’s exact test, and
Cox Proportional Hazards Model Survival where appropriate.

Survival data were presented using Kaplan-Meier survival
analysis with the log-rank test. A P-value less than .05 was
considered significant. For all box and whisker plots, the hori-
zontal line in each box indicates the median of the data,
whereas the top and bottom of the box represent the upper
and lower quartiles, respectively. The whiskers extend to the
most extreme point within 1.5 times the interquartile range
(IQR) of the box. Data beyond 1.5 times the IQR are depicted

as dots.

Results

Seguencing and validation of paired neuroblastoma
cell lines

We have previously reported on the miRNnome of paired cell
lines isolated from neuroblastoma patients before and after
intensive treatments.!” To broaden our understanding of genes
contributing to recurrence in neuroblastoma, we included deep
sequencing of mRNAs and IncRNAs in the same paired cell
lines (Table 1).

Before conducting the sequencing, we performed a STR
analysis to authenticate the origin of the cell lines. All cell
line pairs were authenticated, except SMS-KCN/-KCNR
(Supplemental file 1). Consequently, the KCN/KCNR pair
was discarded from further analyses. In addition, cells were
tested and confirmed negative for mycoplasma contamination.
From our polyA-enriched, directional RNA sequencing, we
obtained 16.7-21.8 million uniquely mapped paired-end reads
onto the human reference genome following the ENSEMBL
GRCh38 annotation. Raw sequence read files were uploaded
to the Sequence Read Archive (SRA accession: PRJNA491629).
A full report on the sequencing, raw and normalized counts,
may be found in Supplemental files 2 to 4, respectively. Finally,
we successfully validated a subset of the RNA sequencing data
with RT-qPCR (Figure 1). Here, the Pearson correlation coef-
ficient was 0.73-0.94 in 9 genes used to compare the two
methods (P<.05). The expression of MYCN and MYCNOS
was as expected absent in cell lines that were not MYCN-

amplified (MNA, CHLA-15/-20).

Characterization of individual RNA classes

After expression values were calculated and filtered from the
RNA sequencing results, a total of 9704 mRNAs and 439 non-
coding RNAs with unique ENSEMBL gene IDs were
identified. To characterize the individual RNA classes, we clas-
sified each gene according to its gene biotype and investigated
the mean level of expression (log2 transformed) in our dataset
(Figure 2). Our findings show that IncRNAs in general have
lower expression than protein-coding genes. In brief over-
view, the top 10 expressed genes (in decreasing order) in
each category were as follows: protein coding: EEF2I,
GAPDH, EEF1A1, ACTB, ACTG1, HSP90AB1, MAPIB,
TUBB, HNRNPA2BI1, and RPL3. lincRNA: MALATI,
NEATI1, MEG3, MIAT, NORAD, LINC00599, CASC15,
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Figure 1. Validation of RNA sequencing results.

Scatterplot of RNA sequencing expression levels (Y-axis, CPM log2-transformed) compared with RT-gPCR expression levels relative to two reference genes, RNF111
and GUSB (X-axis). Expression values in RT-gPCR were calculated using the ddCT method. Title above each plot signifies the Pearson correlation coefficient (r) and
corresponding P-value. Data points used in RT-gPCR were mean expression of two biological replicates. CPM indicates counts per million.

EBP41144-AS1, SNHGI15, and LINCO00667. Antisense:
HAND?2-AS1, GABPB1-AS1, KCNQ10T1, FGD5-AS1,
HCG18, PSMA3-AS81, SLC25425-A81, THAP9-AS1, SNHG?7,
and TTN-AS1. Processed transcript: LRRC75A4-AS1,
SNHG16, GAS5, SNHG1, OIP5-AS1, SNHG14, LINC00641,
SNHGS5, LINC001578,and PCBP1-AS1. A complete overview
of expressed genes in each category may be found at https://
utnesp.github.io/Neuroblastoma_Biomarker_2018/

Gene expression profile of cell lines represents
MYCN-amplified neuroblastoma

As an approach to assess the model system and the relevance of
the obtained expression data, we applied gene set enrichment
using the top 5% of highest expressed genes after sorting by
mean expression across cell lines (n=306). After sorting the

enrichment results by P-values, we selected the top 10 terms in
the 2 gene sets ENCODE and ChEA Consensus TFs from
ChIP-X and Cancer Cell Line Encyclopedia obtained from enri-
chR.56%7 Not surprisingly, knowing that 4/5 of the cell line
pairs were MNA, we found MYC as the most significantly
enriched transcription factor (Figure 3A). Moreover, we found
that all top 10 terms enriched in Cancer Cell Line Encyclopedia
gene sets were neuroblastoma cell lines (Figure 3B). We there-
fore concluded that the gene expression profile indeed is repre-
sentative of MNA neuroblastoma cell lines.

55 mRINAs separates cell lines isolated from

primary and recurrent tumors

To compare the gene expression profiles from neuroblastoma
cell lines isolated before and after treatment, we employed PCA
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Figure 2. Characterization of individual RNA classes.

Each point in the plot corresponds to an individual gene. X- and Y-axis represent
the average CPM across all cell lines (log2 transformed) and the cumulative
relative frequency, respectively. Embedded pie chart shows the distribution of the
different biotypes. Numbers in parenthesis correspond to number of genes within
each RNA class. CPM indicates counts per million; lincRNA, long intergenic
RNAs.

and the Discriminant Analysis version of Partial Least Squares
(PLS-DA) using the R package mixOmics.*

Due to the elevated expression levels of mRNAs compared
with IncRNAs, we divided the dataset into two subsets. The
reason for this subgrouping is two sided. First, the loading vec-
tors for each gene will vary according to its variance/covariance.
In this situation, larger expression differences will have an
impact on the magnitude of the vectors in the PC and the dis-
criminant analysis. As such, IncRNAs will tend to have lower
loading vector scores. Second, we get a better overview of the
two different classes. In this section, only mRNAs (n=9704)
are included in the analysis.

As a first approach to explore the mRNA dataset, we
employed PCA to assess the variation across the 5 paired
samples. By utilizing the first three PCs, explaining 76% of
the total variation, we were able to discriminate between cell
lines isolated from primary and recurrent tumors (Figure 4A).
In this context, all stage IV cell line pairs, except the stage
IVS NBL-W/NBL-WR pair, separated well within the first
PC. We also note that the first PC only described 33 % of the
total variation, which we assume is due to the heterogeneity
between samples. To reduce between sample variation and to
highlight the treatment effects, we applied multilevel
PLS-DA. First, we visually observed the separation of the
paired cell lines in our PLS discriminant analysis. As can be
seen from Figure 4B, we observed a good separation of the
cell lines isolated from primary and recurrent tumors in the
X-variate component 1.

To further select the genes best suitable to discriminate
between the two groups in this component, we applied
LASSO and leave-one-out cross-validation. Based on these
criteria, we identified 55 mRNAs where 25 and 30 genes
were downregulated and upregulated in recurrent cell lines,
respectively (Figure 5).

20 clinically relevant mRINAs may predict
neuroblastoma outcome

We next sought to investigate the 55 mRNAs identified in our
cell lines in a clinical relevant setting based on favorable com-
pared with unfavorable outcome according to the International
Neuroblastoma Pathology Classification (INPC) system.6%:60
This outcome considers three measures: tumor subtype (dif-
ferentiation status), MKI and age (older patients generally
respond worse to treatment). Based on Mann-Whitney test, 20
mRNAs were clinically relevant when comparing unfavorable
(n=91) and favorable (n=181) tumors in a clinical cohort of
neuroblastoma patients (Figure 6).

We further applied the Cox proportional hazard (Cox PH)
model to test for difference in survival rates. In accordance with
the Mann-Whitney test, all differentially expressed genes in
primary and favorable, or recurrent and unfavorable tumors,
showed at least a twofold decrease or increase in hazard ratios,
respectively (Figure 7). We also inspected the genes using a
log-rank test as well as a visual confirmation using Kaplan-
Meier plots (Supplemental file 6). The findings were consistent
with the Cox PH analysis. We conclude that these 20 biomark-
ers may be clinically relevant in the prediction of neuroblas-
toma outcome.

Cell lines isolated from recurrent tumors reveal
higher prolz'femz‘ian rates and negative regulation of
cell differentiation

After obtaining loading vector scores from the PLS-DA
analysis, we were interested in biological processes and sign-
aling pathways describing the two groups of cell lines. We
applied GSEA by including genes with PLS-DA loading
vectors with an absolute magnitude larger than 0.02 within
the X-variate component 1. This cut-off was selected to
return meaningful and significantly enriched gene sets and
resulted in an adequate number of 201 and 210 genes used in
the enrichment analysis of cell lines isolated from primary
and recurrent tumors, respectively. Based on this criterion,
we identified signaling and organization within the synapse
and the plasma membrane, as well as pathways in axon guid-
ance, neuronal system, signaling by G protein-coupled recep-
tors, L1CAM interactions, and protein-protein interactions
at synapses as significant biological processes in primary cell
lines (Figure 8). Recurrent cell lines on the other hand
exhibited negative regulation of cell differentiation and
development, and a positive regulation of cell proliferation.
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Figure 3. Model system represents MYCN-amplified neuroblastoma. (A) Transcription factors enriched in the panel of cell lines used in this study. Top
5% of expressed genes (n=306) were enriched in gene sets with MYC as the most significant enriched term using gene sets from ENCODE and ChEA
Consensus TFs from ChIP-X. (B) All top 10 enriched terms using gene sets from Cancer Cell Line Encyclopedia show gene sets in neuroblastoma cell

lines.

Count: Number of genes within enriched term. Rank score: —log10 of P-value from the Fisher exact test using a gene input-based look-up table as background model.

Combined score: Represent the product of P-value and the log of rank score.

In accordance with this, we also found the linear regression
coefficient concerning the doubling time between cell lines
isolated from primary and recurrent tumors to be 0.57
(P=.05, doubling times listed in Table 1). This determines
almost a doubling in proliferation rates of recurrent com-
pared with primary cell lines. Moreover, pathways found to
be enriched in recurrent cell lines were G protein-coupled
receptor signaling, extracellular matrix organization and
degradation, insulin growth factor signaling, and post-trans-
lational protein phosphorylation.

Finally, we employed enrichment analysis using transcrip-
tion factor gene sets from ENCODE and ChEA. This analysis
identified SUZ12, TRIM28, EZH2, RNF2, JARID2, and EED
as putative upstream master regulators of the 55 genes identi-

fied previously (Figure 9).

Long non-coding RINAs in prediction of

neuroblastoma outcome

Similar to our analyses on mRNA expression, we applied the
PLS-DA methodology to investigate IncRNAs separating cell
lines isolated from primary tumors and their respective recur-
rent counterparts. We found 9 upregulated and 8 downregu-
lated IncRNAs in the recurrent cell lines (Figure 10). We also
inspected the expression of these genes in favorable (n=181)
compared with unfavorable (n=91) neuroblastoma samples.
Based on Mann-Whitney test, genes upregulated in recurrent
cell lines and differentially expressed in a cohort of neuroblas-
toma patients were NEAT1, SH3BP5-AS1, and NORAD.
Genes downregulated in recurrent cell lines and differen-
tially expressed in the same cohort were DUB3, MEG3, and
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Figure 4. Separation of cell lines isolated from primary and recurrent tumors using principal component and PLS discriminant analysis. (A) Cell lines
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the principal component analysis. All cell lines, except NBL-W and NBL-WR, separated within principal component (PC) 1. The explained variance of each
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X-variate component 2 is only included here to visualize the separation in a two-dimensional space. PCA indicates principal component analysis. Axes in

PCA and PLS-DA score plot refer to component scores.

DHRS4-A81. In summary, 6 IncRNAs may be able to predict

neuroblastoma outcome in a clinically relevant setting.

Association between miRNAs and predicted
miRINA target gene levels

We have previously reported on differentially expressed miR-
NAs in the same panel of neuroblastoma cell lines as used in
this study.'” 34 downregulated (mir-100-5p, -106-5p, -136-5p,
~136-3p,-138-1-5p/-138-2-5p, ~154-3p, ~16-2-3p, -181a-1-3p,
-199a-1-3p/~199a-2-3p/-1995-3p, -29b-1-3p/-296-2-3p,
~30e-5p, -323a-3p, -323b-3p, ~-329-3p, -337-3p, -33a-5p, -34a-
5p, ~369-3p, ~376a-3p, -376b-3p, -376¢-3p, -379-5p, ~380-3p,
_381-3p, ~409-3p, ~410-3p, ~4454-5p, ~487a-3p, ~487b-3p,
~494-3p, ~495-3p, -543-3p, -654-3p, -7—2—3p) and 8 upregu-
lated  (mir-181a-1-5p/-181a-2-5p, -181b-1-5p/-1816-2-5p,
~193b-3p, ~21-5p, ~30a-5p, -375, ~424-5p, ~995-5p) miRNAs
in primary compared with recurrent cell lines were predicted to
target 482 experimentally observed mRINAs (Table S3 from our
previous study'?). The miRNA expression data used in our pre-
vious study are submitted here as Supplemental file 7.

Using the expression data on mRNAs in this study, we
found 324 of the 482 predicted mRNAs to be expressed in
either primary or recurrent cell lines. We further defined a pre-
dicted miRNA target gene when its expression pattern was
inversely expressed with that of the 34 downregulated and 8
upregulated miRNAs. Here, we selected miRNA target genes

with loading vectors with an absolute magnitude larger than

0.01 from the PLS discriminant analysis. A lower cut-off
within the discriminant analysis was selected since miRNAs
are often thought of as fine tuners of mRNA expression. Based
on this rule, we found two upregulated (miR-21-5p, -424-5p)
and 7 downregulated microRNAs (mir-30e-5p, -296-3p, -138-
5p, -494-3p, -181a-5p, -34a-5p, -295-3p) which were inversely
expressed with 13 and 18 predicted miRNA targets in the

recurrent cell lines, respectively (Table 2).

Discussion

We have previously reported on the miRNnome of cell lines
isolated from neuroblastoma patients before and after inten-
sive treatments.!” As miRINAs only constitute a small portion
of the human genome, we here expanded our sequencing to
include mRNAs and IncRNAs from the same cell lines. The
drug-resistance patterns expressed by these cell lines have pre-
viously been demonstrated to correlate with treatment intensi-
ties exposed to patients.t”%8 In this study, we predicted
response to therapy and tumor recurrence in high-risk neuro-
blastoma using both mRNA, IncRNA, and miRNA expres-
sion data.

We identified 55 mRNAs able to discriminate primary
and recurrent cell lines (Figure 5). Twenty of the 55 mRNAs
were differentially expressed in patients with favorable com-
pared with unfavorable outcome (Figure 6). These genes were
also associated with overall survival rate of patients with at
least a twofold increase or decrease in hazard ratios (Figure 7,
Supplemental file 6). The strongest predictor of tumor
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Figure 5. 55 mRNAs separate cell lines isolated from primary and recurrent tumors.

25 and 30 mRNAs were found to be downregulated and upregulated in recurrent cell lines, respectively. Each column represents individual cell lines isolated at diagnosis
(primary) and after treatment (recurrent). Scale bar and numbers within each cell represent fold change values between recurrent and primary cell lines. Genes are
plotted in order of the magnitude of the loading vector (score) from the X-variate component 1 in PLS-DA.

recurrence and unfavorable outcome was Preferentially
Expressed Antigen In Melanoma (PRAME). PRAME has
previously been universally associated with higher tumor
stage and age of patients at diagnosis in neuroblastoma.®’
Interestingly, natural killer cells have been shown to facilitate
PRAME-specific cytotoxic T cell response in neuroblas-
toma.”® These findings encourage further investigations of
PRAME as a potential target for immunotherapeutic strategies
in neuroblastoma.

Positive regulation of cell proliferation and negative regula-
tion of cell differentiation were significantly enriched terms in

our panel of recurrent cell lines (Figure 8). Moreover, the
expression of transcription factor activation protein 2 beta
(TFAP2B) was downregulated in recurrent cell lines (Figure 5)
and in unfavorable tumors (Figure 6). In line with this observa-
tion, a recent study showed that forced expression of 7F4P2B
promotes and is required for neuronal differentiation in neuro-
blastoma cells.”

We identified members of the Polycomb group (PcG) pro-
teins, SUZ12, EZH2, RNF2, JARID2, and EED, as putative
upstream master regulators of the genes separating cell lines
from primary and recurrent cell lines (Figure 9). Specifically,
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Figure 6. Boxplot of 20 genes found to be differentially expressed in unfavorable compared with favorable neuroblastoma tumors.

Boxplots of genes were plotted in order of the magnitude of the loading vector (score) from the X-variate component 1 in PLS-DA. Differential expression was analyzed
using a Mann-Whitney test. P-values were corrected for multiple testing using the Benjamini-Hochberg procedure. Y-axes indicate normalized expression (log2 RPM)
within favorable (n = 91) and favorable (n = 181) neuroblastoma patients derived from the RNA-seq dataset SEQC (GSE62564).

we show high EZH?2 expression in all neuroblastoma cell lines
used in this study as well as upregulated expression in stage 4
recurrent cell lines (Supplemental file 4). EZH2 is a member of
the polycomb repressive complex 2 (PRC2) together with two
additional members: embryonic ectoderm development (EED)
and suppressor of zeste 12 (SUZ12).7> EZH?2 acts as a histone
methyltransferase and is generally associated with H3K27 tri-
methylation and gene silencing. In line with the upregulation
of EZH2 expression in recurrent cell lines, high expression of
EZH?2 is correlated with an unfavorable prognosis in neuro-
blastoma and knockdown of EZH2 significantly induced neu-
roblastoma cell differentiation.”? Other recent studies have

shown EZH?2 to directly bind to the promoter regions of cer-
tain genes and act as a transcriptional co-activator independent
of its histone methyltransferase activity.”+7

As stated in the previous section, we found high expression
of EZH?2 in our cell lines representative of MNA neuroblas-
toma (Supplemental file 4, Figure 3). In line with this observa-
tion, N-Myc,an established prognostic factorin neuroblastoma,””
has been shown to bind the EZH2 promoter to enhance its
expression.”® EZH?2 also interacts with the Myc box domain 3,
a segment of MYC known to be essential for its transforming
capacity.”? Moreover, from a collection of 341 cancer cell lines
from 26 tumor types investigated, MNA neuroblastoma cells
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Figure 7. Forestplot with hazard ratio of 20 genes found to be differentially expressed in unfavorable compared with favorable neuroblastoma tumors.
An increase in hazard ratios are associated with poor prognosis (ie, a hazard ratio of 0.5 or 2 signifies a twofold decrease or increase in death rate). All differentially
expressed genes in favorable and primary, or unfavorable and recurrent tumors, showed at least a twofold decrease or increase in hazard ratios, respectively. Hazard
ratios were based on the binary classification of overall survival of patients in the SEQC cohort. Accompanying Kaplan-Meier plots are provided in Supplemental file 6.

Scale bars represent 95% confidence interval.

Score: Length of loading vector within the X-variate component 1 in PLS-DA. HR indicates hazard ratio.

revealed the highest dependency on the PRC2 complex compo-
nents EZH2, EED, and SUZ12.78 In the same study, suppres-
sion of EZH2 expression in the MINA neuroblastoma cell lines
SK-N-BE(2), Kelly and LAN-1 lead to reduced cell growth.
Interestingly, several PcG proteins have been shown to be
involved in stem cell maintenance and DNA damage response.®
TRIM?28, another enriched transcription factor, interacts
with EZH2 to activate, rather than repress genes.®! Intriguingly,
we found a downregulation of TRIM28 in recurrent cell lines
and an inverse expression between TRIM28 and EZH2
(Supplemental file 4). TRIM28 depletion has been shown to
increase cell proliferation in breast and lung cancer.3? Taken
together, investigating the therapeutic potential of PcG pro-
teins in high-risk neuroblastoma may hold promise in pharma-
cologic difficult targets such as MYC transcription factors.
Risk prediction based on gene signatures may prove to be
more accurate when including a significant larger repertoire of
genes such as ncRNAs. In this setting, we included and found
a total of 17 IncRNAs able to discriminate primary and recur-
rent cell lines. Of these, 3 upregulated (NEAT1, SH3BP5-AS1,
NORAD) and 3 downregulated IncRNAs (DUBR, MEGS3,
DHRS4-AS1) were also found to be differentially expressed in

favorable compared with unfavorable outcome. NEATT has
been attributed as an oncogene promoting migration, invasion,
paraspeckle formation, and cancer progression.®3%> NORAD
has been shown to assemble a topoisomerase complex critical
for genomic stability, regulation of PUM?2 and as a marker for
poor prognosis in some cancers.3¢=! In neuroblastoma, MEG3
influences the proliferation and apoptosis via the HIF-1a and
p53 pathways.3’

We have previously mapped the expression levels of miR-
NAs contributing to tumor recurrence in the same cohort of
cell lines.'” In this study, we were able to elucidate the miRNA-
mRNA regulatory axis by integrating both miRNA and
mRNA expression data. To this extent, we found 31 of the pre-
viously 482 identified mRNA targets to display an inverse
expression with their respective miRNAs (Table 2). Mir-21,
one of the miRNAs previously identified, was shown to be
upregulated after intensive treatment and tumor recurrence in
all cell line pairs, except SK-N-BE(1) and SK-N-BE(2).'7 In
this study, we extend our knowledge by showing that mir-21 is
a predicted target and inversely expressed with 7IMP3 (TIMP
Metallopeptidase Inhibitor 3) and the p53 target gene
p21/CDKN1A4 (Cyclin-Dependent Kinase Inhibitor 1A,
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Figure 9. Transcription factor gene sets enriched in the 55 genes separating
primary and recurrent tumors.

SUZ12,TRIM28, EZH2, RNF2, JARID2, and EED were identified as putative
upstream master regulators of the 55 genes identified using transcription gene
sets from ENCODE and ChEA.
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Table 2. mRNAs targeted and inversely expressed with miRNAs in primary and recurrent cell lines.

TARGET

TIMP3
YIF1B
CDKN1A
WIPF1
HMGA1
UBE2S
FGFR1
HDHD2
NAPG
CARDS8
PPIF
BCL2
RAB30
SLC12A4
LAMC1
RHOC
FAM3C
PPM1D
PTEN
PTEN
SYPL1
GALNT7
KRAS
VEGFA
TET1
CCND1
CD47
CPNES8
MBNL1
TMED7

TMEMB87A

Targets were based on Table S3 from our previous study on miRNAs in neuroblastoma.’” Only mRNA targets with absolute loading vector length (MRNA score) in the

MIRNA

21-5p
424-5p
21-5p
424-5p
424-5p
424-5p
424-5p
424-5p
424-5p
424-5p
424-5p
424-5p
424-5p
30e-5p
29b-3p
138-5p
29b-3p
29b-3p
29b-3p
494-3p
30e-5p
30e-5p
181a-5p
34a-5p
29b-3p
34a-5p
34a-5p
30e-5p
30e-5p
30e-5p

30e-5p

MIMAT ID

0000076
0001341
0000076
0001341
0001341
0001341
0001341
0001341
0001341
0001341
0001341
0001341
0001341
0000692
0000100
0000430
0000100
0000100
0000100
0002816
0000692
0000692
0000256
0000255
0000100
0000255
0000255
0000692
0000692
0000692
0000692

MIRNA
FAMILY

21-5p
16-5p
21-5p
16-5p
16-5p
16-5p
16-5p
16-5p
16-5p
16-5p
16-5p
16-5p
16-5p
30c-5p
29b-3p
138-5p
29b-3p
29b-3p
29b-3p
494-3p
30c-5p
30c-5p
181a-5p
34a-5p
29b-3p
34a-5p
34a-5p
30c-5p
30c-5p
30c-5p

30c-5p

PREDICTION

SOURCE
Ingenuity
TarBase
miRecords
miRecords
TargetScan
TarBase
Ingenuity
miRecords
T&T
miRecords
T&T
Ingenuity
TarBase
TarBase
Ingenuity
TargetScan
Ingenuity
Ingenuity
Ingenuity
TargetScan
T&T

T&T
TargetScan
miRecords
TargetScan
Ingenuity
Ingenuity
T&T

T&T
TarBase

T&T

MIRNA

CHANGE

UpP
UP
UP
UP
UP
UP
UP
UP
UP
UP
UP
UP
UP
DOWN
DOWN
DOWN
DOWN
DOWN
DOWN
DOWN
DOWN
DOWN
DOWN
DOWN
DOWN
DOWN
DOWN
DOWN
DOWN
DOWN
DOWN

MRNA
SCORE

-0.041
-0.021
-0.019
-0.017
-0.016
-0.015
-0.014
-0.013
-0.013
-0.011
-0.011
-0.01
-0.01
0.032
0.025
0.024
0.018
0.016
0.016
0.016
0.016
0.014
0.014
0.014
0.012
0.01
0.01
0.01
0.01
0.01

0.01

X-variate component 1 of PLS-DA higher than 0.01 were selected, yielding 13 downreugulated and 18 upregulated mRNAs. miRNA change up and a positive mRNA
score represent miRNAs and mRNAs that were upregulated in recurrent cell lines, and vice versa. Target prediction sources represent Ingenuity Expert Findings

(manually curated), miRecords (predicted and validated targets), TarBase (strong-evidence), and TargetScan (miRNA seed region-based match). T&T represents both

TarBase and TargetScan. The list from Table S3 contains 482 targets, of which 324 and 31 were expressed and targeted. A complete list of targets may be found in

Supplemental file 9.
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Table 2). Interestingly, the p53 non-functional SK-N-BE(2)c
cell line®? expresses low levels of p21, as well as 7IMP3
(Supplemental file 4). As such, the role of mir-21 may prove to
be dependent on the status and expression levels of p53,
TIMP3, and p21 in neuroblastoma cells.

Mir-424-5p is another miRNA upregulated in most recur-
rent cell lines (Table 2 from Roth et al,’” Supplemental file 7).
In this study, we report 11 inversely expressed, predicted targets
of mir-424-5p, including YIF1B, WIPF1, HMGA1, UBE2S,
FGFRI1, HDHD2, NAPG, CARDS, PPIF, BCL2, and RAB30.
Previous studies have shown mir-424 acting both as tumor
suppressor” and tumor promoter.’®” A very recent study
has also linked mir-424 to the regulation of ALK.*® In our
analysis, ALK was not part of the list of predicted targets and
was therefore not included. With inverse expression between
mir-424 and ALK in 4 out of 5 cell line pairs used in this study
(Supplemental files 4 and 7), our data support ALK as a target
of mir-424-5p in neuroblastoma.

Conclusions

We found 20 mRNAs and 6 IncRNAs, which may be clinically
relevant in the prediction of tumor recurrence and response to
therapy in neuroblastoma patients. Moreover, we used miRNA
expression data to investigate the miRNA-mRNA regulatory
axis in primary and recurrent cell lines. The advantage of find-
ing biomarkers in a clinically relevant neuroblastoma model
system enables further studies on the effect of individual genes
upon gene perturbation.
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