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Abstract

Children with treatment-refractory or relapsed (R/R) tumors face poor prognoses. As the genomic
underpinnings driving R/R disease are not well defined, we describe here the genomic and
transcriptomic landscapes of R/R solid tumors from 202 patients enrolled in Beat Childhood
Cancer Consortium clinical trials. Tumor mutational burden (TMB) was elevated relative to
untreated tumors at diagnosis, with one-third of tumors classified as having a pediatric high
TMB. Prior chemotherapy exposure influenced the mutational landscape of these R/R tumors,
with more than 40% of tumors demonstrating mutational signatures associated with platinum

or temozolomide chemotherapy and two tumors showing treatment-associated hypermutation.
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Immunogenomic profiling found a heterogenous pattern of neoantigen and MHC class |
expression and a general absence of immune infiltration. Transcriptional analysis and functional
gene set enrichment analysis identified cross-pathology clusters associated with development,
immune signaling, and cellular signaling pathways. While the landscapes of these R/R tumors
reflected those of their corresponding untreated tumors at diagnosis, important exceptions

were observed, suggestive of tumor evolution, treatment resistance mechanisms, and mutagenic
etiologies of treatment.

Significance: Tumor heterogeneity, chemotherapy exposure, and tumor evolution contribute to
the molecular profiles and increased mutational burden that occur in treatment-refractory and
relapsed childhood solid tumors.

Introduction

Cancer represents the primary disease-related cause of death in children in the United
States. Though incidence rates have been increasing over the last 45 years, overall survival
rates for childhood cancers have significantly improved in recent decades (1). However,
patients with relapsed solid tumors still have a poor prognosis despite intensification of
therapies. Recent large-scale genomic profiling studies of pediatric cancer have expanded
our understanding of the genomic drivers of childhood solid tumors and highlighted the
fundamental differences from tumors arising in adults (2, 3). These studies have revealed
the influences of cell-of-origin and evolutionary trajectory on the genomic landscapes of
individual tumor types, and have implicated the utility for genomic profiling to inform
disease classification, prognosis, and treatment. However, these studies have largely focused
on untreated tumors at the time of initial diagnosis, and the genomic and transcriptomic
landscapes of relapsed or refractory (R/R) childhood solid tumors are less well characterized
4, 5).

For many tumor types, relapsed tumors tend to bear unique molecular features relative

to tumors at diagnosis, such as increased mutation burden, while refractory tumors

may bear unique resistance drivers. For example, comparison of diagnostic and relapsed
neuroblastoma has shown a significantly higher burden of somatic mutations at relapse.
Relapsed neuroblastoma tumors frequently retain ALK mutations and MYCN amplification
found in initial tumors, but also show enrichment for RAS/MAPK pathway activating events
(6). Given intratumoral heterogeneity and tumor evolution, a better understanding of the
genomic characteristics of the R/R disease state is needed to inform treatment and ultimately
improve clinical outcomes.

Here, we describe the genomic and transcriptomic landscapes of R/R childhood solid tumors
[neuroblastoma, sarcomas, central nervous system (CNS) tumors, and other rare tumors]
based on tumor-normal whole-exome sequencing (WES) and tumor mRNA-sequencing
analysis of 250 tumors from 202 patients profiled within precision medicine studies
conducted by the Beat Childhood Cancer (BCC) Consortium.

Cancer Res. Author manuscript; available in PMC 2023 June 05.
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Materials and Methods

Cohort description

Following written informed patient and/or legal guardian consent and assent, as appropriate,
pediatric (1-14 years of age) and adolescent young adult (AYA) patients (15 years and
older) with R/R solid tumors were enrolled in one of three Institutional Review Board-
approved multi-institutional BCC Consortium precision medicine clinical trials: MGT
(NCTO01355679), MGT8 (NCT01802567), or MGT9 (NCT02162732). These trials were
conducted in accordance with the Declaration of Helsinki and the guidelines of Good
Clinical Practice. Written informed consent was obtained for all participants.

Sample processing and analysis

Fresh frozen tumor tissue and whole blood samples were deidentified and shipped to Ashion
Analytics (http://www.ashion.com), a College of American Pathologists—accredited, Clinical
Laboratory Improvement Amendments—certified laboratory, for tumor-normal WES and
tumor mRNA sequencing. Following confirmation of at least 50% viable tumor by local
pathology review, tumor DNA and RNA were extracted using the Qiagen AllPrep Kit.
Constitutional DNA was extracted using the Qiagen Gentra Puregene Blood Kit. Tumor and
constitutional DNA samples were subjected to library construction using Kapa Biosystems’
Kapa Hyper Prep Kit or the Agilent Library Prep Kit, and exome capture performed using

a custom Agilent SureSelect target enrichment system with whole-exome and genome-wide
copy-number probes. For RNA sequencing (RNA-seq), library construction was performed
using lllumina’s TruSeq RNA Sample Preparation V2 Kit. All libraries were sequenced on
the Illumina HiSeq2500 with 100 bp paired-end reads. Data were aligned to build 37 of

the human reference genome. For the MGT9 cohort, the mean target exome coverage was
455x for mapped tumor reads averaged and 213x for. Constitutional Samples The tumor
RNA mapped reads averaged 245M. Samples collected under the MGT and MGT8 studies
were sequenced in the research setting at TGen, as described previously (7). Briefly, library
construction was performed with the lllumina TruSeq RNA Sample Preparation V2 Kit.
Exome sequencing library preparation was performed with the TruSeq DNA Exome V1

kit. Sequencing was performed on the HiSeq2000 with 50 bp paired-end reads. The mean
target exome coverage was 54x (tumor) and 71x (constitutional), and the average number of
mapped tumor RNA reads was 121M. Sequencing metrics for each biopsy are summarized
in Supplementary Table S1.

Somatic and germline variant analysis

Somatic single-nucleotide variants (SNV) and small indels were identified using a consensus
approach requiring calls by two of three variant callers: MuTect (RRID:SCR_000559),
Strelka (RRID: SCR_005109), and Seurat (8). Filters included a coverage depth of at least
10x% in both tumor and normal, an allele frequency of at least 5% in the tumor and less

than 2% in the constitutional sample, and a quality score of at least 15. Indels were filtered
at a quality score of 25. Germline variant calling was performed using haplotype caller,
filtering based on haplotype caller quality score >500, frequencies of 2.5% or less in 1000
Genomes and EXAC, and snpEff annotated impact of significant. Germline variants in

157 genes previously implicated in cancer predisposition were evaluated (2), filtering for

Cancer Res. Author manuscript; available in PMC 2023 June 05.
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variants classified as pathogenic or likely pathogenic based on ClinVar annotations (http://
clinvar.com/) or prior clinical germline testing. Copy-number variants were detected using a
read depth—based comparative method (https://github.com/tgen/tCoNuT), filtering for copy-
number events with a length less than 25 Mb and an absolute log, fold change greater

than 1. Chromosome arm-level events were called using ExomeCNV (RRID:SCR_010815),
filtering for regions containing 50 or more genes with a log, ratio of tumor to matched
normal of > = 0.5 (gain) or < = -0.5 (loss). Neighboring events within an arm were
combined. Chromosome arm-level events were called if the gain or loss covered > = 50% of
the arm. Events seen in > = 15 tumors were included in the oncoprint. The data were also
analyzed through a secondary analysis pipeline (4). Results are available on the user-friendly
clinomics web interface (https://clinomics.ccr.cancer.gov/clinomics/public/).

GISTIC2.0 (9) was run on the GenePattern server using the following parameters:
amplification and deletion thresholds set to 0.1, join segment size of 4, Q value threshold

= 0.25, confidence level = 0.99, focal length threshold = 0.5 with values capped at 1.5

and max number of segments capped at 2,500. Arm peel and broad analysis settings

were employed and median sample center and extreme gene collapse methods were used.
Somatic tumor mutation burden (TMB) was evaluated using an in-house tool to calculate
the number of somatic point mutations per callable haploid megabase (Mb). Microsatellite
instability (MSI) was assessed using MSlsensor v0.5 (RRID:SCR_006418), run with default
parameters on tumor-normal exome binary alignment maps following removal of flagged
sequencing duplicates. Tumors with a MSlsensor score of 3.5 or greater were considered
positive for MSI. Allele specific copy-number segmentation files and tumor ploidy estimates
were generated with Sequenza (RRID:SCR_016662). Genomic scars were assessed using
scarHRD (10). A score of 42 or greater was used as the threshold for homologous
recombination repair deficiency (HRD; ref. 11). For patients with multiple tumors profiled,
the last longitudinal sample, or, in the case of multiple samples from the same timepoint,

the sample with the greatest tumor content estimate by Sequenza, was used for cohort level
comparisons.

Fusions were called using TopHat (v2.0.8b, RRID:SCR_013035), with a quality score cutoff
of 100 or a consensus fusion-calling approach using FusionCatcher (RRID:SCR_000060),
STAR-fusion (12), and tophatFusion, filtering for fusions called by at least two callers

(4). For gene expression analysis, the conversion of normalized probe set intensities to

a relative measure of transcript abundance was performed. Transcripts per million reads
(TPM) values were generated using the alignment-free tool Kallisto (RRID:SCR_016582).
Cell-type enrichment analysis and immune scoring were performed using xCell (13).

Genes implicated in pediatric cancer were manually curated from the published literature (2,
3, 14), and prioritized based on annotation as a Catalogue of Somatic Mutations in Cancer
(COSMIC) cancer gene census gene, prior identification of pathognomonic alterations in
pediatric solid tumors, frequency of alterations in pediatric solid tumors, and detection of

a hotspot mutation or loss-of-function mutation in a COSMIC cancer oncogene or tumor
suppressor gene (TSG), respectively.

Cancer Res. Author manuscript; available in PMC 2023 June 05.
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Mutational sighature analysis

Mutational signature analysis was performed for tumor samples with a minimum of 50 total
somatic mutations, using sigProfiler (15, 16) with COSMIC signatures v3.1 under default
parameters. The proportion of mutations contributing to each signature was calculated
within a sample and then averaged within tumor types.

Neoantigen analysis

Six-digit HLA calls for HLA-A, HLA-B, and HLA-C were determined using bwa-Kkit
(https://github.com/Ih3/bwa/tree/master/bwakit), seq2HLA 2.2 (17) and phlat (18) and
analysis of HLA expression was performed using seq2HLA 2.2. Mutant peptide sequences
corresponding to somatic nonsynonymous coding variants were generated using varcode
(19). MHC class I binding affinity predictions of 8- to 11-mer mutant peptides to the

HLA genotypes were performed using NetMHCpan 4.0 (20) for each somatic mutation and
corresponding wildtype peptide across all HLA genotypes in the cohort. Patient harmonic
mean best rank scores were calculated to collapse predictions to a single value per mutation
per patient (21). Expression of predicted neoantigens was determined using the detection of
the alternate allele expression in the RNA-seq data. Predicted strong-binding neoantigens,
defined as a harmonic mean best rank score of <0.5, were used for correlative analysis.
Rank order of median HLA-A, HLA-B, and HLA-C expression and number of expressed
neoantigens across tumor groups was used to define high (top four tumor groups), moderate
(middle five tumor groups), or low (bottom five tumor groups) categories. For cohort
analysis, tumors with elevated HLA expression were defined as those in the top 10% of
reads per kilobase of transcript, per million mapped reads values for HLA-A, HLA-B, or
HLA-C, and low expression was defined as tumors in the bottom quartile in expression for
all three genes.

Hierarchical classification based on genome-wide expression

A SD approach was used to select highly variable genes across the cohort of 245 tumors
with RNA-seq data. Highly variable genes were defined as genes with SD >1.5 and mean
expression of logy(TPM+1) 21. Of the 2,199 genes in this group, 95 were COSMIC cancer
genes (COSMIC v85) and 11 were housekeeping genes (22). Using this approach, we
excluded genes uniformly expressed in a majority of cells while reducing the stochastic
noise associated with low copy transcripts to capture the most significant differential gene
expression signatures among the individual tumors. Unsupervised hierarchical clustering
was performed using pvclust (23) based on TPMs of the 2,199 selected genes using the
Spearman correlation distance and average method. DESeq2 analysis (24) was performed
on three major groups (one vs. the other two groups) and the significantly differentially
expressed genes were selected using log,FC > 1|< -1 and P,gj < 0.05. For cross-pathology
subcluster analysis, DESeq2 analysis was performed on each subcluster (C3a, C3b, C3c)
compared with all other samples. Ingenuity Pathway Analysis (RRID:SCR_008653) gene
network analysis was performed using highly expressed genes (TPM = 7) as input to identify
common shared pathways and functional relationships.

Cancer Res. Author manuscript; available in PMC 2023 June 05.
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Gene set variation analysis

TPM values from Kallisto were used to evaluate 50 hallmark gene sets from the Molecular
Signatures Database (MSigDB) collection (25). The output of gene set variation analysis
(GSVA, RRID:SCR_021058) is a projection of each sample with each hallmark set. The
resampling-based approach ConsensusClusterPlus (v1.42.0) was used to cluster the samples
X projections. Utilizing PAM, a medoid-based clustering approach (26), consensus clustering
was run for 1,000 iterations with Pearson correlation as the distance (27). The run computed
class assignments for an increasing number of clusters (K), from 2 to 15. Silhouette scores
were computed to decide the optimum number of clusters. Specific hallmark markers

for each cluster were identified using a generalized linear model with L2 regularization.
Hallmark markers with a < 0.05 were deemed to be predictive for a given class.

Longitudinal analysis

For the patients with longitudinal samples, joint somatic variant and copy-number analysis
was performed using lumosVar2 (28), using a tumor-normal mode where the sample fraction
of clonal variant groups is set to zero in the constitutional sample. After correcting for
copy-number state, somatic variant allele fractions and read depths were imported into
CANORPY for phylogenetic analysis (29). The lumosVar2 clonal variant groups were used

to seed the variant grouping in CANOPY. TIMESCAPE was used to visualize the resulting
trees using the clonal trajectory view (http://bioconductor.org/packages/release/bioc/html/
timescape.html).

Data accessibility statement

Results

This study has been deposited in the database of Genotypes and Phenotypes (dbGaP)
under accession number phs002238.v1 (http://www.ncbi.nlm.nih.gov/projects/gap/cgi-hin/
study.cgi?study _id=phs002238.v1.p1). Variant calls from secondary analysis with the
NCI’s clinomics analysis pipeline are available on the clinomics web interface (https://
clinomics.ccr.cancer.gov/clinomics/public/).

Clinical and sequencing characteristics of R/R tumors profiled within the BCC Consortium

To evaluate the genomic and transcriptomic landscape of R/R childhood solid tumors, paired
tumor-normal WES and/or tumor mRNA sequencing were performed for 202 pediatric
(n=173) and AYA (1= 29) patients with R/R solid tumors who were enrolled in a

BCC Consortium clinical trial (NCT01355679, NCT01802567, NCT02162732) between
May 2011 and June 2018. Patients with R/R disease were enrolled following standard-of-
care therapy with the exception of patients for whom no established curative standard

of care was available (i.e., H3K27M-mutant diffuse midline gliomas, DMG-K27M), who
were enrolled at diagnosis (/7= 4). Cohort demographics and clinical characteristics are
summarized in Table 1 with extended annotation in Supplementary Table S1. The cohort
comprised 121 males (60%) and 81 females (40%), with a median age at diagnosis of

6 years (range, <1-20 years). The median time from diagnosis to enroliment on one

of these trials was 2 years (range, 0—-19 years). Forty-six tumor types are represented,

Cancer Res. Author manuscript; available in PMC 2023 June 05.
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grouped into four general tumor categories: sarcomas (36.1%; 7= 73), neuroblastoma
(29.2%; n=59), CNS tumors (23.3%; n= 47), and other rare tumors (11.4%; n=

23). Tumors were grouped into fourteen categories representing the most common tumor
types in the cohort: neuroblastoma, ependymoma, glioblastoma (GBM), DMG-K27M,
osteosarcoma, Ewing sarcoma, rhabdomyosarcoma (RMS), desmoplastic small round cell
tumor (DSRCT), undifferentiated sarcoma, hepatoblastoma, malignant peripheral nerve
sheath tumor (MPNST), other CNS tumors, other sarcomas, and other rare tumors, where
tumor types with fewer than four tumors are grouped into the other tumor category based on
general tumor type (detailed tumor types are listed in Supplementary Table S1). 215 tumors
were profiled with both tumor-normal WES and tumor mRNA sequencing, five tumors had
tumor-normal WES alone, and 30 tumors had mRNA-sequencing alone. A total of 184
patients had WES data available for at least one tumor and 200 patients had RNA-seq data
available for at least one tumor. In total, 250 biopsies from 202 patients were sequenced,
including spatial and temporal sampling for a subset of patients.

Landscape of somatic mutations

To evaluate the landscape of somatic mutations in R/R childhood tumors, we analyzed
mutational features for the cohort of patients with WES data (7= 184). The median somatic
TMB was 1.4 mutations per Mb (range: 0.02-56.3; Supplementary Table S1). Mutation
burden was highest in neuroblastoma (median: 3.4, range: 1.1-56.3, £< 0.005, Welch t

test) followed by sarcomas (median: 1.2, range: 0.02-5.8), other rare tumors (median: 1.0,
range: 0.1-9.1), and CNS tumors (median: 0.7, range: 0.1-10.9; Fig. 1A). Within specific
tumor type categories, ependymoma bore the lowest and neuroblastoma bore the highest
median TMB (0.5 and 3.4, respectively; Fig. 1B). Grébner and colleagues proposed pediatric
mutational burden thresholds, using 2 mutations per Mb to define tumors with high pediatric
TMB and 10 mutations per Mb to define hypermutant tumors (2). Applying these thresholds
to this R/R cohort, 33.9% of tumors were characterized as having a pediatric high TMB

(>2 mutations/Mb). Two additional tumors were classified as hypermutated (TMB >10
mutations/Mb): a neuroblastoma tumor and an anaplastic astrocytoma.

The frequency of somatic SNVs in their trinucleotide context can provide clues to
mutational etiology (15). Thus, we investigated somatic mutation signatures using the
COSMIC reference signatures (SBS, DBS, ID) in tumors with a minimum of 50 somatic
mutations (/7= 146 tumors; Supplementary Table S2A-S2C). Most tumors (94.5%, 138/146)
bore more than one mutation signature (Supplementary Table S2A), suggesting multiple
mutagenic processes influenced the tumor mutational landscape, consistent with prior
studies (30, 31). The frequency of mutations associated with specific mutational signatures
within each tumor type is shown in Fig. 1C. The clock-like age-related signatures (SBS1,
SBS5) were the most common signatures across the full cohort, present in 84.9% of tumors
(124/146) though less frequently in neuroblastoma compared with other tumors (68.1% vs.
92.9%), consistent with the younger median age of diagnosis of neuroblastoma. Signature
SBS3, associated with homologous recombination-based double-stranded DNA break repair
defects, was the second most common signature across tumor types (35.6% of all tumors,
11.1% CNS, 59.6% neuroblastoma, 35.1% sarcoma, 6.7% rare tumors). SBS18, linked to
reactive oxygen species-induced DNA damage, was seen predominantly in neuroblastoma

Cancer Res. Author manuscript; available in PMC 2023 June 05.
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(72.3%) as well as in a subset of RMS (17.6%) and a Wilms tumor, hepatocellular
carcinoma, and a CNS embryonal tumor.

As patients in this cohort had received prior chemotherapy treatment, we evaluated the
frequency of therapy-associated mutational signatures. A total of 43.2% of tumors had
evidence for mutational signatures associated with prior chemotherapy exposure, a majority
of which were associated with platinum chemotherapy (36.3%, SBS31, SBS35) and a
smaller subset associated with temozolomide (TMZ) treatment (6.8%, SBS11; Fig. 1D;
Supplementary Table S2A). Platinum-associated signatures were most frequently seen in
hepatoblastoma, osteosarcoma, and ependymoma. Signature SBS11, a mutational pattern
associated with TMZ treatment, was highly enriched in the two hypermutated tumors. Both
patients had received prior treatment with TMZ. Nearly half of the mutations in these
hypermutant tumors were attributed to the TMZ-associated mutational signature, consistent
with TMZ-induced hypermutation.

MSI, reflected in the loss or gain of nucleotides in short repetitive sequences due to defective
DNA mismatch repair, was evaluated using MSlsensor (32). Five tumors representing five
different tumor types were found to be MSI positive (2.7%, 5/184; Supplementary Table

S1). Three of these tumors also showed evidence for mutational signatures associated with
mismatch repair deficiency (ID1; Supplementary Table S2C). The sample with the highest
number of mutations attributed to ID1 was a choroid plexus carcinoma (CPC). In addition

to being characterized as MSI positive with mismatch repair deficiency signature ID1, this
CPC tumor had a pediatric high TMB (4.7 mutations/Mb) and a somatic deep deletion in

the DNA repair gene PMS2, providing strong support for mismatch repair deficiency in this
tumor.

Landscape of somatic copy-number alterations

To characterize the landscape of somatic copy-number alterations in R/R childhood solid
tumors, we evaluated large-scale and focal copy-number alterations in the BCC cohort. A
total of 27% of samples were characterized as hyperdiploid (ploidy of three or greater;
Supplementary Table S1), with enrichment for 7253 mutations in hyperdiploid tumors
(P=0.0025). Genomic scars indicative of genomic instability and HRD were assessed
using scarHRD, which combines measures of loss of heterozygosity, telomeric allelic
imbalances, and large-scale state transitions (10). A total of 13.6% (25/184) of tumors
showed evidence for genomic scars (Supplementary Table S1), with increased frequency in
sarcomas (21.9%, 16/73) compared with neuroblastoma, CNS tumors, or other rare tumors
(4.3%-8.7%), and an overall association with 7P53alterations (P = 0.0003). Eight tumors
showed HR deficiency by both scarHRD assessment and mutational signature analysis:
three osteosarcoma, three neuroblastoma, one RMS, and one undifferentiated sarcoma. 11q
harbors several DNA repair genes, with 11q deletion occurring in a subset of neuroblastoma.
While a majority of neuroblastoma tumors with 11q deletion showed signals of HR
deficiency (presence of SBS3 mutational signature or scarHRD scores in the top quartile
of all tumors), these associations did not reach statistical significance.

Recurrent chromosomal arm-level events are shown in Fig.2A. The most frequent arm-level
event was 17q gain in 20% (36/184) of tumors, predominantly within neuroblastoma
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(66%, compared with 2%-9% for CNS tumors, sarcomas, and other rare tumors). R/R
neuroblastoma also showed enrichment for 3p loss and 11q loss. Gains of 5p and 8q
(containing TERT and MYC) showed enrichment within sarcomas and were seen across
sarcoma subtypes (osteosarcoma, Ewing sarcoma, DSRCT, RMS, and other sarcomas).
After 179 gain, 1qg gain was the second most frequent arm-level event (14%), and was seen
across multiple tumor types, with similar frequency (11%-18%) within neuroblastoma, CNS
tumors, sarcomas, and other rare tumors. Other pan-cohort chromosome arm-level events
included 10p, 10q, 17p, and Yp loss. 7P53 mutations were enriched in tumors with 17p
deletion (P < 0.0001), suggesting biallelic alteration of 7P53in these tumors.

GISTIC2.0 (9) was used to identify statistically significant recurring somatic copy-number
events within the cohort. 42 recurrently amplified regions and 71 recurrently deleted regions
were identified (Supplementary Fig. S1; Supplementary Table S3A; Supplementary Table
S3B). Seven oncogenes contained within six regions of gain were identified: MYCN
(2p24.3), TERT (5p15.33), CARD11 (7p22.3), RECQL4 (8q24.3), CCND1 (11q13.3),

and MAPK1 and DGCR8(22q11.23). Twelve TSGs contained in six regions of loss

were identified. Three of these regions contained a single TSG, namely 7P53(17p13.1),
CDKNZA (9p21.3), and SDHA (5p15.33), whereas other regions contained more than one
TSG, including 3p12.3 (ROBOZ, FHIT), 4g35.1 (CASP3, FATI), and 15025.2 (FES, BLM,
CHDZ, POLG, PML).

Landscape of somatic alterations in cancer genes

We next evaluated the overall landscape of somatic alterations (SNVs, indels, focal copy-
number events, and fusions) within the cohort, focusing on genes previously implicated in
pediatric solid tumors (2, 3, 14). 78.3% (7= 144/184) of tumors bore a somatic alteration

in at least one pediatric cancer gene, with the highest proportion being sarcomas (59/71;
83.1%), followed by neuroblastoma (39/47; 83.0%), CNS tumaors (31/44, 70.5%), and other
rare tumors (15/22, 68.2%), (Fig. 2A; Supplementary Table S4).

Over one-third (39.1%; 72/184) of the cohort bore oncogenic fusions and/or oncogenic/
likely-oncogenic hotspot mutations in one of these known cancer genes. Pathognomonic
fusions were identified in 25% (/7= 46/184) of tumors, occurring most frequently in
sarcomas. All Ewing sarcoma tumors contained EWSR1-FL /1 (17/18) or EWSRI-ERG
(1/18) fusions. EWSR1-WT1 fusions were present in all five DSRCTs. PAX3-FOXO1
fusions were detected in one-third of all RMS (6/18), including five alveolar RMS and

one RMS NOS. A PAX7-FOXOLI fusion was detected in one additional RMS sample

with RNA-seq. Other pathognomonic fusions in sarcoma samples included the SS18-S5X2
or $S518-S5X1 fusions in spindle cell synovial sarcomas (3/3), an HEY1-NCOA2 fusion

in a mesenchymal chondrosarcoma, and a SUZ12-DNAHZ fusion in an undifferentiated
sarcoma. In CNS tumors, C110rf95-RELA fusions were identified in ependymoma (3/10,
30%). Over half of the astrocytomas contained receptor tyrosine kinase or MAPK pathway
fusions (FGFR1-TACCI fusion in an anaplastic astrocytoma tumor, £EF1G-ROS1 fusion
in a desmoplastic infantile astrocytoma, KIAA1549-BRAF fusion in a juvenile pilocytic
astrocytoma, QK/-RAFI fusion in a pilomyxoid astrocytoma). A TMEM165-PDGFRA
fusion was detected in a GBM. In other rare tumors, a pathognomonic PRCC-TFE3 fusion
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was detected in a renal cell carcinoma. 7TPM3-NTRK1 and NRBF2-MNI fusions were
iden-tified in tumors labeled as MPNST and hepatocellular carcinoma, respectively.

Recurrent hotspot mutations (33) were identified in 30 of 184 (16.3%) tumors. The majority
of these hotspots were detected in tumor types where they had previously been described.
For example, in-frame internal tandem duplication of the kinase domain of EGFR was
identified in a kidney mesoblastic nephroma from a 1-year-old male. EGFR rearrangements
are common events in these soft-tissue tumors in infants (34). In addition to known
oncogenic mutations, truncating mutations in TSGs (ARID1A, ARID1B, ATRX, BCOR,
BCORL1, NF1, PTEN, RB1, SMARCBI1, TP53) were identified in tumors from 24 of 184
(13.0%) patients, with the highest frequency being in CNS tumors (9/44, 20.5%).

The most frequent focally amplified genes, based on sample level copy-number analysis,
included MYCN, MYC, CDK4and PPM1D. The most frequent focally deleted genes
included CDKNZA, ATRX, RB1, TP53, and PTEN. Consistent with the known genomic
landscape of these tumors, MYCNand PPM1D amplifications and ATRX deletions
occurred predominantly in neuroblastoma, MYC amplifications occurred predominantly in
osteosarcoma, RBI deletions occurred primarily in sarcomas (osteosarcoma, RMS, Ewing
sarcoma, DSRCT), and PTEN deletions occurred in CNS tumors and sarcomas. 7P53
deletions and CDKNZA deletions occurred across multiple tumor types.

The most frequently altered genes across the cohort are shown in Fig. 2B. 7P53, CDKNZA,
PPM1D, RB1, NF1, and PIK3CA were among the genes altered across all four general
tumor types (Fig. 2B and C). TP53 was the most frequently altered gene, with mutations or
deletions detected in 11 tumor types.

Oncogenic events were also identified in rare tumors with limited prior genomic
characterization and in tumor types where they have not previously been reported. An
EGFRexon 20 insertion was identified in a bilateral thalamic grade 11 glioma in a 4-
year-old male. EGFR exon 20 insertions are known oncogenic events that occur in adult
non-small cell lung tumors, but are rare events in pediatric glioma, with a single case
report to date describing this alteration in another child with bilateral thalamic glioma

(35). A known activating mutation in NRAS (G13C) was identified in an MPNST tumor
from a 3-year-old female. RAS pathway activation has been implicated in MPNST due

to alterations in other MAPK pathway genes (NVF1, PTPN1I1), though NRAS mutations
have not been reported previously (36). An exon 6 truncating mutation (E423fs) in PPM1D
was identified in an SS18-SSX2fusion-positive synovial sarcoma tumor from an 18-year-
old male. Truncating gain-of-function PPM1D mutations have been reported as oncogenic
events that are mutually exclusive with 7P53 alterations and implicated in suppression of
DNA damage response in brainstem gliomas (37), but have not been previously described
in sarcomas. A TPM3-NTRK1 fusion was detected in a tumor labeled as an MPNST. While
NTRK fusions have been identified across a wide variety of pediatric and adult tumor types
(38), to our knowledge, this represents the first report of an NTRK fusion in pediatric
MPNST. An EEF1G-ROS1 fusion was identified in a desmoplastic infantile astrocytoma,
adding to the suite of pediatric CNS tumors with reported ROSZ fusions (39).
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Putatively pathogenic germline variants

Consistent with previous reports describing pathogenic germline variants in 7%-9% of
pediatric cancer (2, 40), 16 of 184 (8.7%) patients in this R/R pediatric cancer cohort were
found to have a pathogenic or likely pathogenic germline variant (n7= 157 hereditary cancer
genes evaluated, Fig.2A; Supplementary Table S5 and S6).The median age at diagnosis for
patients with pathogenic germline variants was 12 years (range, 1-17).

Pathogenic germline mutations in 7P53were identified in 3 patients with osteosarcoma,
RMS, and medulloblastoma tumors. Osteosarcoma is considered a sentinel cancer associated
with 7P53-mutant Li-Fraumeni syndrome (LFS), with 3.8% of patients with osteosarcoma
younger than 30 years of age found to carry LFS-associated variants (41). In the BCC
cohort, one of the 14 patients with osteosarcoma was found to have a known pathogenic
germline variant in 7P53, this patient was diagnosed with osteosarcoma at age 11. A
pathogenic 7P53germline mutation was also identified in 1 patient with RMS (1/18,
5.6%). Consistent with previous reports of 7P53 germline mutations occurring in children
diagnosed with RMS at a young age (under 3 years at diagnosis; ref. 42), this LFS-
associated RMS was diagnosed when the patient was 1 year old. One of the 2 patients

with medulloblastoma in this cohort had a known pathogenic germline 7P53 variant
detected. This medulloblastoma tumor possessed a somatic truncating mutation in SUFU,
a regulator of the sonic hedgehog pathway, consistent with previous reports that germline
TP53 mutations typically occur within the sonic hedgehog subtype of medulloblastoma
(43). However, this medulloblastoma tumor demonstrated 17p loss and a decreased TP53
mutation allele frequency in the tumor (9% compared with 50% in the peripheral blood
sample), suggesting loss of the mutant allele in the tumor. Thus, the relevance of this
germline TP53 mutation to development of the medulloblastoma tumor is not clear. A
pathogenic germline APTPN11 mutation was identified in a patient with neuroblastoma.
Germline variants in PTPN11 represent a genetic cause of Noonan syndrome and are
associated with increased risk for development of a spectrum of cancers, including
neuroblastoma (44). A pathogenic germline M/F1 mutation was identified in a patient with
MPNST. Patients with neurofibromatosis type 1, an autosomal dominant disorder caused by
mutations in the NF1 gene, are at increased risk for developing MPNST (45). Pathogenic
germline mutations in DNA repair genes (BRCAZ, CHEKZ2, ERCCZ2, ERCC4, FANCA,
MUTYH) were identified in 9 patients. A second hit in the tumor was not identified for
any of these cases, thus the direct contribution of these variants to the development of these
cancers is unclear.

Immunogenomic landscape

Given that somatic point mutations can give rise to novel antigens (neoantigens) that, in
concert with variation in alleles and expression of HLAS, play a role in shaping immune
interactions and immunotherapy responses in cancer, we performed analysis of neoantigen
burden leveraging exome and RNA data and /n silico predictions of MHC binding affinity.
TMB positively correlated with neoantigen burden (Pearson correlation coefficient 7=
0.9653; P< 0.0001; Supplementary Fig. S2A). Of the 9,658 nonsynonymous somatic
mutations identified in this cohort, 2,756 (28.5%) were predicted to result in strong-binding
neoantigens, of which, 55% (1,516/2,756) were detected as expressed in the RNA. Three
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expressed, strong-binding neoantigens (DMG-K27M, were GBM); DDX11 R186W, n= 2

(RMS, OS); MYCN P44L, n= 2 (neuroblastoma, Wilms tumor)], consistent with previous
reports of few recurrent neoantigens across pediatric cancers (46). In the cohort overall, the
number of expressed neoantigens increased based on time from initial diagnosis (one-way

ANOVA, P=0.0475; Supplementary Fig. S2B).

Nearly all (94%, 173/184) tumors had at least one predicted strong-binding neoantigen
(Supplementary Table S1). The median number of predicted neoantigens in this R/R

cohort was 9 (range, 0-400), higher than what has been previously reported for pediatric
cancers at the time of diagnosis (46). Consistent with the increased mutational burden

in neuroblastoma compared with other tumor type classes in this cohort, neuroblastoma
samples showed the highest number of neoantigens (median 21; range, 2-400), followed by
sarcomas (median 9; range, 0-51), other rare tumors (median 6; range, 0-107), and CNS
tumors (median 4; range, 0-54; Supplementary Fig. S2C).

The median number of neoantigens that were detected as expressed in the RNA-seq data was
5 (range, 0-254), with neuroblastoma bearing the highest number (median neuroblastoma

= 10; sarcomas = 4; other rare tumors = 4; CNS tumors = 2; Supplementary Fig. S2D).
Eighty-three percent (153/184) of tumors had at least one expressed neoantigen, with 51.6%
(95/184) of tumors having five or more expressed neoantigens. Neuroblastoma showed the
highest frequency of multiple expressed neoantigens, with 87.2% (41/47) having five or
more expressed neoantigens, compared with 47.9% (34/71) of sarcomas, 36.4% (8/22) of
other rare tumors, and 27.3% (12/44) of CNS tumors.

A heterogeneous pattern of expressed neoantigens and MHC class | (HLA-A, HLA-B,
HLA-C, BZM) expression was evident across tumor types (Fig. 3A-D; Supplementary

Fig. S2E). DSRCT and ependymoma tumors showed low median numbers of expressed
neoantigens and low MHC class | expression (relative to the cohort), whereas osteosarcoma,
other CNS tumors, and other rare tumors generally showed low number of expressed
neoantigens but high MHC class | expression. In contrast, the four tumor types with

the highest median number of expressed neoantigens (neuroblastoma, RMS, MPNST,

and other sarcomas) showed low to moderate HLA-A, HLA-B, and HLA-C expression.
Cohort analysis identified ten tumors with both high neoantigen expression (five or more
expressed strong-binding neoantigens) and elevated expression of HLA-A, HLA-B, and/or
HLA-C: six neuroblastoma tumors and one each of astrocytoma, GBM, Ewing sarcoma, and
ectomesenchymoma. A total of 28.8% (53/184) of this R/R cohort either lacked expression
of a strong-binding neoantigen (7= 31/184) or exhibited low expression of HLA-A, HLA-B,
and HLA-C (n= 24/184, including two tumors that also lacked neoantigen expression).
Tumors lacking neoantigen expression spanned tumor types, including DSRCT (n= 3),
Ewing sarcoma (/7= 3), osteosarcoma (/7= 3), and neuroblastoma (77 = 3). Similarly,

low MHC class | expression was detected across tumor types, including RMS (n=7),
neuroblastoma (7= 5), synovial sarcoma (/7= 3), Wilms tumor (7= 2), and DSRCT (n

= 2). Six tumors showed low BZM expression: RMS (7= 3), neuroblastoma (n = 1),
embryonal tumor with multilayered rosettes (/= 1), and malignant myoepithelial sarcoma
(= 1; Supplementary Fig. S2E). Elevated RNA expression of the coinhibitory immune
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checkpoint molecule PDL1 (encoded by CDZ274) was seen in eight tumors, spanning CNS
tumors, sarcomas, and other rare tumors (Supplementary Fig. S2F).

Extrinsic factors, such as the tumor immune microenvironment, can influence disease
progression and recurrence. To explore the tumor immune microenvironment, we used
xCell (13) to infer the immune infiltrate abundance based on deconvolution of bulk

tumor transcriptome profiling data. Ependymoma, GBM, DMG-K27M, RMS, DSRCT, and
MPNST showed low immune infiltration scores. Other tumor types showed a mixture

of immune “hot” and “cold” tumors, with osteosarcoma, neuroblastoma, and other rare
tumors representing the highest median immune infiltration scores (Fig. 3E). xCell immune
infiltration scores did not correlate with the number of neoantigens.

Gene expression signatures

To investigate gene expression patterns in R/R childhood solid tumors, we performed
unsupervised hierarchical clustering analysis of the 2,199 most variable genes across the
cohort of tumors with RNA-seq data (17 = 245; Supplementary Fig. S3; Supplementary
Table S7). Three primary clusters were identified, segregating predominantly according to
general tumor types (Fig. 4A), supporting the major role of cell-of-origin and anatomic site
in determining gene expression profiles even in the R/R setting.

Differential expression analysis was performed using DeSeq?2 to identify the genes

driving the three main clusters (Supplementary Table S8; Supplementary Table S9), with
differentially expressed COSMIC cancer genes (COSMIC v85) shown in the heatmap

in Fig. 4B. The most highly significantly differentially expressed gene in Cluster 1
(predominantly neuroblastoma) was PHOXZB (logoFC 8.4), a homeobox transcription factor
that plays a role in differentiation of cells in the sympathetic nervous system. PHOX2B

has been shown to bear pathogenic variants in hereditary and sporadic neuroblastoma (47,
48). Additional significantly differentially expressed genes in Cluster 1 included MYCN,
ALK, GATA3, and LMQOI, all of which have been implicated in neuroblastoma (49).
Cluster 2 (predominantly CNS tumors) showed high expression of OL/G2and SOXZ, two
transcriptional regulators implicated in CNS tumor biology (50). Differentially expressed
genes in cluster 3 (predominantly sarcomas and other rare tumors) included HOX genes
(HOXD11, HOXD13, HOXC11, and HOXAY), other transcriptional regulators (including
PAX3, PAX7, SIX1, SIX2, TBX3, GLI1, and MY(C), and receptor tyrosine kinases (FGFRS3,
FGFR4, EGFR, and ERBB?3). Significantly differentially expressed transcription factors and
drug targets are shown in Supplementary Fig. S4.

Tumor types largely clustered together within these three main clusters. 76/83 (92%)

of the neuroblastoma samples clustered together in the main neuroblastoma group. All
GBM, DMG-K27M, and astrocytomas clustered together within the CNS tumor cluster.

A total of 20 of the 21 (95%) Ewing sarcoma clustered together within a sarcoma/rare

tumor subcluster. A total of 15 of the 20 (75%) RMS clustered within a sarcoma/rare

tumor subcluster. All (8/8) of the DSRCTs clustered together within a sarcoma/rare tumor
subcluster. Four of the five (80%) hepatoblastoma samples clustered together within a
sarcoma/rare tumor subcluster. The ependymoma tumors clustered in two main groups, with
all three RELA-fusion positive ependymoma clustered within one CNS tumor subcluster and
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seven of eight fusion-negative ependymoma in a second CNS tumor subcluster. Similarly,

15 of the 17 osteosarcomas cluster in two main sarcoma/rare tumor subclusters with a trend
toward association of the clusters with 7P53 mutation status. Osteosarcoma subcluster 1 was
predominantly 7P53 wildtype whereas osteosarcoma subcluster 2 was predominantly 7P53
mutant/deleted (1/7 vs. 6/8; P=0.10). In contrast to the other tumor types, undifferentiated
sarcoma and MPNSTSs did not cluster by tumor type.

Although general tumor types largely drove major classifications with the most variably
expressed genes likely due to cell-of-origin effects, in some cases a tumor type or set

of tumors deviated from pathology boundaries. Eleven individual tumors were identified
that broke tumor type boundaries across clusters, including four neuroblastoma tumors that
clustered with CNS tumors, three neuroblastoma tumors that clustered with sarcomas and
other rare tumors, two sarcomas (RMS and ectomesenchymoma) that clustered with CNS
tumors, a neuroglial tumor that clustered with sarcomas/other rare tumors, and a teratoma
that clustered with CNS tumors. Interestingly, three mixed pathology subclusters were
identified within Cluster 3 (Fig. 4A: C3a, C3b, and C3c; P< 0.05). No genomic alterations
were enriched within this mixed pathology subcluster. DESeq?2 differential expression
analysis was performed to compare each subcluster to all other samples. Significantly
differentially expressed genes are represented in Supplementary Table S10, and genes that
were uniformly highly expressed (TPM = 7) within a cluster are shown in Supplementary
Table S11. C3b, composed of five tumor samples representing four tumor types (glioma,
Ewing sarcoma, MPNST, and two undifferentiated sarcoma), showed elevated expression
of genes associated with nervous system development and MAPK signaling, including the
tyrosine kinase receptors PDGFRA, EGFR, and NTRKS3.

To further investigate genes with cross-pathology expression patterns, we focused on

the subset of the most variable genes that showed upregulation in more than one main
cluster, suggestive of potential cross-pathology oncogenic functions. Ten of these genes

are classified as oncogenes in the COSMIC cancer gene census (Supplementary Table

S9), including CCNDZ, EGFR, and FGFR3. EGFR showed a bimodal expression pattern,
with elevated expression in ependymoma, GBMs, DMG-K27M gliomas, and in a subset

of undifferentiated sarcoma, RMS, osteosarcoma, Ewing sarcoma, and neuroblastoma (Fig.
4C, top). Many genes with cross-pathology expression patterns are not known oncogenes
but have been implicated in cancer. For example, 7TFAP2B, a transcription factor involved
in regulating embryonic development, demonstrated bimodal expression within this R/R
childhood cancer cohort, with elevated expression in a subset of neuroblastoma, Ewing
sarcoma, and RMS tumors, as well as in individual tumors across the cohort, including
undifferentiated sarcoma, ependymoma, and GBM tumors (Fig. 4C, bottom). While the
function of 7FAPZB in childhood cancer is largely undefined, 7FAP2B has been identified
as a downstream target of the PAX3-FOXO1 and PAX7-FOXO1 fusions in RMS and shown
to promote cancer cell survival in this and other cellular contexts (51, 52), suggesting
potential relevance for elevated 7FAPZB expression in R/R childhood tumors beyond RMS.
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To evaluate shared functional features and pathway activity across R/R tumors, we
performed GSVA utilizing the MSigDB cancer hallmarks gene set. Clustering by cancer
hallmark signatures identified eight clusters each composed of multiple tumor types (Fig.
4D; Supplementary Fig. S5A). Neuroblastoma samples clustered predominantly in clusters 1
(not significantly enriched) and 6 (P < 0.001), RMS were enriched in cluster 4 (P< 0.001),
and Ewing sarcoma were enriched in cluster 8 (P=0.035). Clusters 2, 3, 5, and 7 were each
composed of multiple tumor types and did not show enrichment for any specific tumor type.

Gene sets predictive of these eight clusters represent developmental, immune signaling,
proliferation, and cellular signaling pathways (Fig. 4D). Cluster 1 was associated with
immune signaling (IL6 JAK STAT3 signaling). Of note, cluster 1 also had elevated

immune infiltration scores by xCell (Supplementary Fig. S5B). Several clusters (2, 4, 7,

8) showed enrichment of various proliferative hallmark gene sets (E2F Targets, Go—M
Checkpoint, MY C Targets v2, TP53 Pathway), with cluster 2 also showing activation

of hedgehog signaling and developmental signaling [epithelial-mesenchymal transition
(EMT)], cluster 4 showing activation of MAPK signaling (KRAS signaling up), cluster

7 showing enrichment for the reactive oxygen species pathway, and cluster 8 showing
enrichment for endoplasmic reticulum stress and unfolded protein response. PI13K signaling
(PI3BK AKT mTOR signaling, mTORCL1 signaling) was enriched in clusters 3, 5, and 6, with
cluster 3 also showing enrichment for ER stress and unfolded protein response. Cluster 5
was associated with hedgehog signaling and developmental signaling (EMT), while cluster 6
was associated with NOTCH signaling.

Clonal heterogeneity and evolution

We next sought to investigate the genomic evolution of R/R childhood cancers by evaluating
46 longitudinal tumor samples from 20 patients (Supplementary Table S12). The median
time between tissue collections was 229 days (range, 70-645 days). TMB was higher in the
second R/R sample compared with the initial R/R sample (median 1.11 vs. 2.33; paired ¢
test, #=0.0187).

Phylogenetic reconstruction of tumor evolution was successfully performed for 19 of the
20 patients with longitudinal samples. Clonal heterogeneity was evident in all patients,

and a majority of the longitudinal samples demonstrated predominantly linear or mixed
branching evolution (Supplementary Fig. S6; ref. 53). Three patients showed characteristics
of collateral branching. Whereas many oncogenic alterations were truncal variants that
were maintained over time, 2 of the 3 patients with a collateral branching pattern showed
expansion of clones containing oncogenic mutations (Fig. 5). In an RMS tumor, PAX3-
FOXO1 fusion and MDM4 amplification were truncal, clonal events present at both
timepoints, whereas CDK6 amplification and PIK3CA H1047R hotspot mutation were
present at low clonal prevalence in the initial R/R tumor and expanded in clonal prevalence
in the recurrent RMS biopsy collected 645 days later (PIK3CA mutation: <0.01% and 26%
clonal prevalence, at initial and later R/R biopsy, respectively; Fig. 5A). Similarly, in a
neuroblastoma tumor, an activating ALK mutation (11171T) was detected at a low clonal
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prevalence (4%) for the initial R/R biopsy and expanded to a clonal prevalence of 35% at the
subsequent R/R biopsy 192 days later (Fig. 5B).

Discussion

Here, we present genomic and transcriptomic analysis of 250 R/R tumors from 202
patients representing 46 different tumor types, including longitudinal profiling for 20
patients. Relapsed and treatment-refractory tumors displayed an elevated TMB compared
with published cohorts of untreated pediatric cancers at diagnosis, with over one-third
(35%) of R/R tumors in this cohort classified as pediatric high TMB or hypermutant
compared with only 1.3% of untreated tumors in the Groébner and colleagues cohort (2).
Prior chemotherapy exposure influenced the mutational landscape of these tumors, with
43.2% of tumors showing mutational signatures associated with chemotherapy treatment,
predominantly platinum chemotherapy. Two tumors displayed hypermutation, an anaplastic
astrocytoma and a neuroblastoma. Both tumors showed enrichment for mutational signature
SBS11, a mutational pattern associated with prior treatment with alkylating agents. Both
patients had previously been treated with temozolomide chemotherapy, consistent with
temozolomide-associated hypermutation previously reported in adult glioblastoma (54).

It remains to be determined whether immune checkpoint inhibitors will display clinical
activity in pediatric and AYA patients with treatment-induced hypermutant tumors.

Mutational signature analysis also revealed a common theme of DNA repair deficiencies
in R/R tumors, with 35.6% of tumors showing evidence for HRD (SBS3). One of these
patients had a pathogenic germline BRCAZ2 mutation and two lines of evidence for HR
deficiency in their neuroblastoma tumor (high contribution from SBS3 mutational signature
and HR-deficient by scarHRD analysis), suggesting potential activity for a PARP inhibitor.
PARP inhibitors are currently being evaluated in the NCI-COG Pediatric MATCH trial

in R/R pediatric cancers that harbor a mutation in a DNA repair gene. A subset of R/R
childhood tumors were found to be MSI positive, suggesting a potential opportunity for
immune checkpoint inhibitors in this subset of R/R tumors. While pan-cancer analyses

in adult tumors have revealed MSI across a spectrum of cancers (55), the prevalence in
childhood cancer is largely unknown. The MSI-positive tumors in this R/R cohort spanned
five tumor types: neuroblastoma, Ewing sarcoma, osteosarcoma, undifferentiated sarcoma,
and CPC. None of these patients demonstrated a known pathogenic germline event in a
DNA mismatch repair gene. However, three of these tumors showed focal somatic deletion
of an MMR gene: MLH1 deletion in the MSI-positive neuroblastoma, PMSZ2 deletion in
the MSI-positive CPC, and EXOI deletion in the MSI-positive undifferentiated sarcoma,
providing molecular support for the MSI phenotype.

Tumor heterogeneity, treatment, and tumor evolution can contribute to the increased TMB
and divergent molecular profiles seen in R/R tumors over time. Longitudinal profiling of
20 patients revealed emergence of potentially actionable alterations over time, including

a PIK3CA hotspot mutation in an RMS tumor and an ALK mutation in neuroblastoma,
illustrating the potential value of rebiopsying when using molecular information from the
tumor to guide therapy selection or clinical trial options. This study was limited by the lack
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of diagnostic biopsies for this R/R cohort. Additional evaluation in a larger longitudinal
dataset that includes paired diagnostic and R/R tumors is needed.

A majority (78%) of tumors bore an alteration in a gene previously implicated in pediatric
cancer. Genomics events linked to treatment arms of the NCI-COG Pediatric MATCH trial
were detected in tumors from 33.7% (62/184) of this BeatCC R/R cohort, a similar rate as
has been reported for R/R patients screened through the NCI-COG Pediatric MATCH trial
(56). Additional studies are needed to identify and develop additional therapeutic options for
patients with R/R cancer.

Though tumor-type-associated genomic features predominated in accordance with differing
cells-of-origin and evolutionary trajectories, pan-cancer features were nonetheless evident.
TP53 alterations were seen across diverse tumors, reflecting 7P53’s global tumor
suppressive role spanning cell types. Pathogenic germline 7P53 mutations were detected

in three patients, and somatic mutations or copy-number alterations in 7253 were identified
in 27 of 184 (14.7%) of R/R tumors. MYCNand TERT were identified as recurrently
amplified genes and 7P53and CDKNZA were identified as recurrently deleted genes,
consistent with reports of newly diagnosed pediatric cancers (2). A 1q gain was detected

in 14% of tumors with similar frequency among the tumor groups (neuroblastoma, CNS
tumors, sarcomas, and other rare tumors). 1g gain has also been reported in pan-cancer
genomic studies of pediatric tumors at diagnosis (2) and has been associated with worse
prognosis in various pediatric solid tumors, including neuroblastoma, Ewing sarcoma, and
Wilms tumor (57-59). Further studies are needed to evaluate the role of 1q gain as a general
marker of poor prognosis across pediatric cancers. Recurrent features reported in this R/R
cohort that have not been reported in pan-cancer studies of tumors at diagnosis include
gains involving RECQL4, CARD11, CCND1, MAPK1, and DGCRS& and losses involving
CASP3, FAT1, SDHA, ROBO2, FHIT, FES, BLM, CHDZ2, POLG, and PML. RECQL4,

a DNA helicase, lies in the region of 8g24.3 identified as recurrently gained in this R/R
cohort by GISTIC analysis. RECQL4 overexpression has been linked to poor prognosis

in adult cancers and associated with cisplatin resistance (60). It is also one of five gene
expression markers associated with poor response to neoadjuvant chemotherapy in pediatric
osteosarcoma (61), raising interest into whether gain of this region is contributing to the
R/R state. Notably, while this study identified many key driver alterations using clinical
tumor-normal WES and tumor RNA-seq, whole-genome sequencing was not performed,
limiting the identification and evaluation of certain types of variants such as structural
alterations.

Consistent with the increased mutational burden, immunogenomic profiling revealed that
most R/R tumors express multiple neoantigens, with more than half of tumors having

five or more expressed neoantigens. These R/R tumors showed an elevated number of
expressed neoantigens compared with reports in pediatric solid tumors at diagnosis (average
8 expressed neoantigens per tumor for R/R tumors compared with less than 3 for tumors

at diagnosis; ref. 46). Our neoantigen analysis focused on tumor-specific somatic mutations
and did not explore neoantigens derived from gene fusions, which would be predicted to
further increase the potential neoantigen landscape.
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However, these tumors also displayed various mechanisms of immune evasion and generally
had low levels of immune infiltration. Over 25% of tumors showed low expression of
HLA-A, HLA-B, HLA-C, or BZ2M, lacked expression of a strong-binding neoantigen or
showed elevated CD274 expression, and most tumors showed low immune infiltration based
on deconvolution of the bulk RNA-seq data, consistent with previous reports that pediatric
tumors are largely immunologically cold (reviewed in ref. 62). However, a subset of tumors
showed immunogenic potential. Tumors in GSVA cluster 1 were enriched for immune
signaling and showed elevated immune infiltration scores based on bulk RNA-seq analysis
with xCell. This cross-pathology cluster was composed of multiple tumor types including
neuroblastoma, Ewing sarcoma, osteosarcoma, angiosarcoma, MPNST, undifferentiated
sarcoma, and a rhabdoid tumor. Two tumors were found to be hypermutated (>10 mutations/
Mb). Pan-cancer analysis identified ten tumors with both high neoantigen expression (five or
more expressed strong-binding neoantigens) and elevated MHC class | expression, with
more than half of these tumors being neuroblastoma. The presence of neoantigens in
pediatric cancers is particularly relevant for immunotherapeutic approaches. Understanding
the immunogenicity of tumors may help to create immunologic treatments. Tumor specific
neoantigens are being studied as novel ways to induce immune responses in tumors (63)
and create adoptive T-cell therapies (64). Our results suggest these approaches may be
effective in pediatric cancers. R/R neuroblastoma tumors had the highest mutational burden,
the highest frequency of expression of multiple neoantigens, and showed elevated immune
infiltration compared with R/R tumors overall.

Though transcriptional profiles of R/R childhood solid tumors largely reflect cell lineage,
subsets of tumors deviated from these pathology boundaries. Functional grouping of tumors
by cancer hallmark gene sets further revealed cross-pathology biological clusters driven

by shared biological features of these tumors. Clusters were differentially enriched for
various cellular processes (proliferation, developmental EMT signals), immune signaling,
and cellular signaling pathways (KRAS, PI3BK/AKT/MTOR, Hedgehog, Notch). The early
identification of these genomic and/or transcriptomic “outliers” can help inform treatment
strategies and advance new drug development for molecular subgroups of patients without
curative treatment options.

In this R/R pediatric and AYA cohort, cross-pathology features include gene level

events (mutations, copy-number alterations, fusions), large-scale genomic features (TMB,
mutational signatures, MSI status, genomic instability), tumor extrinsic features (immune
infiltration scoring), and RNA expression features (clustering, cancer hallmark and pathway
activity scoring). Sequential tumor sequencing has valuable diagnostic, prognostic, and
therapeutic implications in pediatric cancer. In the era of genomic-driven basket trials and
immunotherapy, more comprehensive analyses can help identify and inform the design of
pathway and biology-driven tumor agnostic therapeutic buckets.
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Figure 1.
Somatic mutation burden and mutation signatures in relapsed and refractory childhood solid

tumors. Somatic mutation burden and mutation signatures for patients with matched tumor
and normal WES. The last biopsy is shown for patients with multiple biopsies. A, TMB
for general tumor type categories for 184 patients with matched tumor and normal WES.
Dashed lines indicate the thresholds for pediatric high TMB (2 or more mutations/Mb) and
pediatric hypermutant (10 or more mutations/Mb) tumors. B, TMB for specific tumor type
categories for each of 184 patients. Tumor types with at least 4 patients are shown, and
tumor types with fewer than 4 distinct patients are grouped into “Other CNS Tumors,”
“Other Sarcomas,” and “Other Rare Tumors.” Tumor types are presented in ascending
median TMB order. Ep, ependymoma; DMG-K27M, H3K27M-mutant diffuse midline
gliomas; DSRCT, desmoplastic small round cell tumor; US, undifferentiated sarcoma;
MPNST, malignant peripheral nerve sheath tumor; ES, Ewing sarcoma; GBM, glioblastoma;
RMS, rhabdomyosarcoma; Os, osteosarcoma; Hb, hepatoblastoma; Nb, neuroblastoma.
Dashed lines indicate the thresholds for pediatric high TMB (2 or more mutations/Mb)
and pediatric hypermutant (10 or more mutations/Mb) tumors. C, Mutation signatures
reflective of the trinucleotide context of somatic SNVs in the 146 cases with more than 50
somatic SNVs. The proportion of mutations mapping to the indicated COSMIC mutational
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signatures, averaged within each tumor type, is displayed. D, The frequency of tumors with
treatment-associated mutational signatures (SBS11, SBS31, SBS35) is displayed.
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Genomic landscape of relapsed and refractory childhood solid tumors. The genomic
landscape of likely pathogenic driver mutations in 184 patients with BCC with tumor
and matched normal WES. A, Somatic coding mutation burden is shown as a per-patient
bar graph. Chromosome arm-level gains or losses, present in atleast 15 patients within
the cohort, are displayed. Cancer genes bearing likely pathogenic germline SNVs and
somatic SNVs, CNVs, SVs, and fusions are ordered according to general tumor type
and frequency. Hotspot activating mutations include ACVR1 (R206H), ALK (F1174L,
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11171T, R1275Q), BRAF (V600E), CTNNBI1 (D32V), EGFR (exon 20 insertion mutation—
AT767_V769dup, tandem kinase domain duplication), FBXW7 (R465H), FGFR4 (V550L/E),
H3F3A (K27TM), HRAS/KRAS/NRAS (G12D, G13C/R, Q61K, A146T), MYCN (P44L),
PDGFRA (V561D), PIK3CA (E542K, E545K, H1047R), PIK3R1 (N564D), PPM1D (exon
6 truncating mutation, S421*, E423fs, E525*), and PTPN11 (A72D, G503V, T507K). B,
Frequency of gene alterations according to general tumor type. C, Venn diagram indicating
intersection of cancer gene mutations across general tumor types.
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Figure 3.

In?munogenomic landscape of relapsed and refractory childhood solid tumors. A-D,
Neoantigen burden and MHC class | expression for patients with tumor-normal WES and
tumor mRNA sequencing. The last biopsy is shown for patients with multiple biopsies.
Violin plots display the number of expressed, predicted strong-binding neoantigens (A),
and HLA-A, HLA-B, and HLA-C expression (B-D) by tumor type. The median value
for the entire cohort is indicated by a dotted line. Median values for individual tumor
types are shown as a line within the violin plot, and individual values displayed as closed
circles. Tumor types with at least 4 patients are shown, with tumor types with less than 4
patients grouped into “Other CNS Tumors,” “Other Sarcomas,” and “Other Rare Tumors.”
E, Immune infiltration scores calculated from XCell based on bulk RNA-sequencing data.
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Figure 4.

Gene expression patterns in relapsed and refractory childhood solid tumors. A,

Unsupervised hierarchical clustering using 2,199 genes. Three main clusters were formed
(Cluster 1, Cluster 2, Cluster 3). Three mixed-pathology subclusters within Cluster 3 with
Pvalues < 0.05 (C3a, C3b, and C3c) are shaded in gray. B, Heatmap of genes that are
significantly differentially expressed in one group versus two others. COSMIC genes are
represented here. C, EGFRand TFAPZB as selected examples of genes with cross-pathology
expression patterns. D, P values for enrichment of cancer hallmark gene sets within the
consensus clustered tumor groups (GSVA clusters 1-8; top). Hallmarks with significant
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enrichment within at least one group are shown. Tumor types associated with each GSVA
cluster (bottom). Colors correspond to the specific tumor types as displayed in the legend for
A.
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Longitudinal analysis of relapsed and refractory childhood solid tumors. Fish plot and
predicted clonal phylogeny for two R/R tumors with longitudinal samples. RMS (A) and

neuroblastoma (Nb; B).
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Relapsed and refractory pediatric and AYA cancer cohort profiled in the BCC Consortium.

Table 1.

Characteristic

n (%)

Unique patients
Age at diagnosis (years)
0-4
5-9
10-14
15-20
Unknown
Gender
Male
Female
Tumor category
Sarcoma
Neuroblastoma
CNS tumor

Other rare tumor

202

75 (37.1%)
49 (24.3%)
48 (23.8%)
29 (14.3%)
1(0.5%)

121 (59.9%)
81 (40.1%)

73 (36.1%)
59 (29.2%)
47 (23.3%)
23 (11.4%)
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