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Deliverable description and summary
In collaboration with Prof. Michael Krauthammer at Yale University, we provide a technical report
describing the design of re-capture platform for deep sequencing and validation on independent
melanoma patient cohort.

Background
Next generation sequencing (NGS) has broadened melanoma diagnostics and is expected to facilitate
precision therapy, allowing patient-specific treatment decisions based on a patient’s mutational
profile. Hotspot mutations in BRAF stratify patients for treatment with targeted therapy using
inhibitors of the RAF/MEK/ERK pathway, and an emerging number of NGS-derived markers qualify
patients for immunotherapy, e.g., high tumor mutational burden (TMB) as assessed by the number of
exome-wide nonsynonymous coding mutations (1-3), and lack of mutations in genes associated with
resistance to immunotherapy (e.g. in PTEN, or JAK1/JAK2) (4). Most cancer patients that are discussed
in Molecular Tumor Boards (MTBs), including melanoma patients, are subjected to pan-cancer panel
sequencing that cover the most abundant hotspot mutations. However, melanoma has a very distinct
mutational landscape that creates a need for a gene panel tailored to the detection of mutations in
disease-relevant genes. We have designed a customized gene panel (“MelArray”) that features probes
for >4,000 exons across 190 melanoma genes, 28 introns covering canonical melanoma fusion
breakpoints, as well as additional probes spaced across 50,000 bp windows covering heterozygous
SNPs for precise copy number estimation. Additional probes interrogate the HLA class I regions for HLA
typing, and the T-cell receptor beta chain to assess clonal re-arrangements, useful for assessing the
presence and nature of tumor infiltrating lymphocytes (TILs).

Research progress
To determine the ability to detect low-abundance mutations, we used the MelArray platform to
sequence the AcroMetrix Oncology Hotspot Control. We were able to detect 380 of Hotspot Control
variants, resulting in a sensitivity of 97.0% (380/392). Eight synonymous genomic variants and three
non-synonymous variants (MET c.504G>T, PIK3CA c.971C>T, TP53 c.215G>C) were not detected.
MelArray additionally detected 19 variants, resulting in a precision of 95.3%; however, all of those
variants were located in non-coding regions (supplementary table 2). The variants in the AcroMetrix
Oncology Hotspot Control are spiked in at two allele frequency ranges (5-15% and 15-35%), which
were correctly recovered after sequencing on the MelArray platform (5.9% (2.3-10.4) and 16.9% (8.1
– 24.8)). At 1:2 dilution, 368 variants could be detected resulting in a sensitivity of 94.1%. At 1:5 dilution
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342 variants could be detected, resulting in a sensitivity of 87.5%. At 1:10 265 variants could be
detected, resulting in a sensitivity of 67.8%.
To compare the performance of variant detection of the MelArray to whole exome sequencing (WES),
we sequenced 10 samples both with MelArray and WES. MelArray detected 59 of 61 WES variants
across the exonic regions of the 190 panel genes, resulting in a sensitivity of 96.7 % (59/61), and a
precision of 100%, as no additional variants were detected. The missed variants were the abovementioned complex BRAF mutation and a GNAS point mutation.
To determine the performance of copy number detection of the MelArray to whole genome
sequencing (WGS): We calculated the overlapping copy number calls between four samples with both
WGS and MelArray results. Using WGS calls as TP, we determined a MelArray call sensitivity of over
90%.
Finally, we assessed actionable mutations and actionable copy number events by using the OncoKB (5)
and CIViC (6) databases to match the gene alterations to FDA-approved oncology drugs and drugs
currently in clinical trials. Currently, 88 genes included in MelArray are associated with clinical trials.
From OncoKB, out of the 83 samples, 66 could be matched to an FDA-approved treatment or clinical
trial. Using CIViC, 78 samples could be matched to an FDA-approved or clinical trial treatment (Figure
4B). Furthermore, 77 samples match currently recruiting clinical trials, based on their genomic
alteration.
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Abstract
Immune checkpoint inhibitors and targeted therapies have improved progression-free and
overall survival in patients with metastatic melanoma. The detection of specific mutations
and genomic features is necessary for therapeutic stratification. Commercially available
gene panels cover frequently mutated genes in melanoma (e.g., BRAF, NRAS, KIT,
GNAQ, GNA11). However, additional genes can be useful to determine which patients
might qualify for specific clinical trials, off-label or compassionate therapies, and as
prognostic markers. Therefore, we designed a gene panel covering 190 genes that may
play a role in melanoma progression and therapy. Our target capture design (“MelArray”)
includes over 4000 exons and 28 introns as well as inter-genic probes of heterozygous
Single Nucleotide Polymorphisms (SNPs) for Copy Number Variants (CNVs) estimation.
We have established a complete protocol consisting of DNA capture, Illumina sequencing,
and customized bioinformatics post-processing to detect somatic Single Nucleotide
Variants (SNVs), Copy Number Variants (CNVs), and common fusion breakpoints in
melanoma, i.e., structural variants (SVs). Our pipeline further extrapolates the mutational
load by estimation of total tumor mutation burden (TMB), a recognized marker of
immunotherapy response. Here, we discuss the implementation of the MelArray platform
at two institutions (Yale University and University of Zurich) and the sequencing of
samples from 83 patients with an additional seven samples representing repeat biopsies
from one patient. We validated our results using Sanger sequencing for melanoma hotspot
mutations (BRAF, NRAS), FoundationOne panel and whole exome sequencing for pancancer driver mutations, and sequencing of low-abundance synthetic oligos for assay
sensitivity assessment. Our results demonstrate MelArrays’s high accuracy across the
tested mutation types, its ability to determine key MAPK drivers in triple WT melanomas,
and its potential for stratifying patients for therapies and clinical trials. As such, we envision
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that MelArray can be broadly used across institutions as a diagnostic tool for precision
therapies.

Key words: targeted sequencing, next generation sequencing, melanoma, therapy
stratification, cancer panel, fusion genes

Introduction
During the past decade, advanced melanoma therapy has improved dramatically.
Next generation sequencing (NGS) has broadened melanoma diagnostics and is expected
to facilitate precision therapy, allowing patient-specific treatment decisions based on a
patient’s mutational profile. Hotspot mutations in BRAF stratify patients for treatment with
targeted therapy using inhibitors of the RAF/MEK/ERK pathway, and an emerging number
of NGS-derived markers qualify patients for immunotherapy through checkpoint inhibition,
e.g., high tumor mutational burden (TMB) as assessed by the number of exome-wide
nonsynonymous coding mutations1-3, and lack of mutations in genes associated with
resistance to immunotherapy (e.g. in PTEN, or JAK1/JAK2).4
Tumors from most cancer patients that are discussed in Molecular Tumor Boards (MTBs)
are sequenced with pan-cancer panels that cover the most abundant hotspot mutations.
However, melanoma has a very distinct mutational landscape that necessitates gene
panels tailored to the detection of mutations in disease-relevant genes. We have designed
a customized panel (“MelArray”) that features probes for >4,000 exons across 190
melanoma genes, 28 introns covering canonical melanoma fusion breakpoints, as well as
additional probes spaced across 50kb windows covering heterozygous SNPs for precise
copy number estimation. Additional probes interrogate the HLA class I regions for HLA
4

typing, and the T-cell receptor beta-chain to assess clonal re-arrangements, which are
useful for assessing the presence and nature of tumor infiltrating lymphocytes (TILs). The
list of MelArray genes was compiled from recent melanoma NGS screening data5-9, as well
as pan-cancer genes for which FDA-approved drugs are available10. Here we describe the
development of the MelArray platform, the analysis pipeline, and the validation using
primary melanoma cell lines and patient tissue. We further discuss the derivation of
secondary measures from our data, including TMB, HLA type and level of TILs, as well as
the ability of the MelArray platform to match patients to available targeted therapies. By
fostering further adoption of the platform, and by encouraging cross-institution data
sharing, we aim to create a “melanoma learning network”, in which pooled melanoma
sequencing, treatment and outcome data allow for the discovery of novel treatmentpredictive signatures.

Materials and Methods
Cell lines and patient samples: In Zurich, primary melanoma cells were isolated from surgical
specimens as described previously.11 Peripheral blood mononuclear cells (PBMCs) were
isolated from blood using Ficoll separation.12 At Yale, melanoma samples were from snapfrozen tumors or from short-term cell cultures.13 Matching normal DNA was obtained from
PBMCs or normal skin. Sample characteristics are summarized in Table 1.
Ethics statement: At Zurich, surplus tumor material was obtained from excision of melanoma
metastases from patients after written informed consent approved by the local IRB (EK647
and EK800). In addition, a specific approval was given for this research project (KEKZH.2014-0425). At Yale, specimens were collected by the Tissue Resource Core of the Yale
SPORE in Skin Cancer with participants' informed signed consent according to Health
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Insurance Portability and Accountability Act (HIPAA) regulations with a Human Investigative
Committee protocol.
Comparison of panel designs: We compared the MelArray design to those of four
commercially available panels: Oncomine Focus and Oncomine Comprehensive Assays
(Thermo Fisher Scientific), FoundationOne panel (Foundation Medicine) and TruSight
Tumor 170 (Illumina).
Sample preparation: At Zurich, DNA from cell lines and frozen tissue was isolated using
the QIAgen DNA mini kit or the ZRDuet kits (Zymo Research) according to the
manufacturer’s manual. The DNA was quantified with the Qubit (Thermo Fisher). 100 ng of
DNA were fragmented (180-220 bp) using the Covaris. At Yale, the DNeasy purification kit
(Qiagen, Valencia, CA) was used to extract DNA from cell pellets and fresh-frozen tumors.
The OneStep PCR Inhibitor Removal Kit (Zymo Research Corporation, Irvine, CA) was
used to remove melanin from highly pigmented samples.
Library preparation: 100 ng of fragmented DNA was used as input for the preparation of the
library. The library was constructed using the library preparation kit (KAPA Biosystems)
according to the manual. Unique SeqCap adapters (NimbleGen) were ligated to the libraries
to allow pooling of 12-24 libraries for target capture, which was performed according to the
manufacturer’s protocol using a customized version of the SeqCap EZ probe pool
(NimbleGen).
Sequencing: Captured libraries were paired-end-sequenced (150 bp) on the Illumina
platform using HiSeq2500 or HiSeq4000 machines.
Panel design: We designed a MelArray capture region (bed) file (hg19) covering genomic
regions of interest. Panel design started with a consensus finding for relevant melanoma
gene candidates, resulting in 190 genes. Each gene was chosen based on its designation
as a “driver gene” or based on the availability of targeted drugs in melanoma or other
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cancers for patients with mutations in the gene10 (supplementary information). We designed
28 intronic probes against canonical fusion breakpoints for MET, BRAF, RAF1, ROS1, ALK,
NTRK1, MAP3K8, RET and PRKAR1A. We also added probes covering the TCRB and
HLA locus. Copy number variations (CNVs) were addressed by carefully selecting equally
spaced genome-wide probes for accurate CNV estimation. We preferred probes covering
heterozygous SNPs, in order to derive B-Allele frequencies in addition to logR values
(supplementary information).
Multi-step approach for data analysis:
SNV calls: After sequencing and demultiplexing, we analyzed each FASTQ file for quality
control using Picard, then ran GATK to derive vcf files containing genotype calls from
Haplotype caller.15 We generated somatic vcf files through MuTect2.17 Specifically, we
performed read trimming using btrim18 (Yale) and skewer19 (Zurich) and bwa alignment20,
before analyzing data with the regular GATK pipeline, and MuTect2, respectively. We then
combined both vcfs to generate germline and somatic calls in our melanoma samples using
custom python scripts that integrated VEP21 for variant annotation.
CNV calls: We used Sequenza to derive allele-specific copy number counts, tumor purity
and ploidy.22 A custom python script was used to parse the Sequenza output to generate
five levels of CNV calls (DD: fully deleted, D: hemideleted, N: neutral, A: amplified, AA:
amplified >3x), as well as gene-specific LOH calls.
Fusion calls: We inspected the covered introns for possible translocations, identifying reads
with one mate covering the breakpoint, and the other mapping to a flanking region, and
spanning reads in which both mates map to upstream and downstream regions of the
identified breakpoint. We also performed “syntactic” annotation of the breakpoints,
identifying the directionality of the fused chromosome regions, and finally proceeded to
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deduce the exon structure of the fusion gene from the exons nearest to the intronic
breakpoint.
Calculation of TMB: TMB was calculated based on the number of all non-synonymous
coding mutations and small Indels in the tumor samples divided by the coding target region
of the panel. Numbers are displayed as non-synonymous mutations per mega base (Mb).
Numbers received from MelArray were correlated to numbers received from WES of 10
patients using Pearson’s correlation.
Sanger sequencing: Sanger sequencing was performed across hotspot mutation regions for
NRAS (p.G12/p.Q61) and BRAF (p.V600).
Synthetic DNA control: The AcroMetrix Oncology HotSpot Control was used to evaluate
capture efficiency and mutation call sensitivity of low-abundance variants. 60 ng of DNA was
captured and sequenced using the MelArray platform, and a dilution series of 1:2, 1:5, and
1:10 was performed. We restricted the evaluation to the 392 of the 555 variants that are
covered by the MelArray design.
Whole Exome Sequencing (WES): WES was done on 10 samples using the xGen capture
kit from IDT (five samples, Yale) and Sureselect V5 Exome kit from Agilent (five samples,
Zurich), comparing exonic variants across all MelArray genes. WES data processing and
variant calling followed a similar scheme as described for the MelArray platform.
For those validation modalities we calculated sensitivity as TP / (TP+FN) and precision as
TP / (TP+FP).
Fusions: We validated all fusion genes identified by MelArray using RNA sequencing,
genomic sequencing and cDNA Sanger sequencing of predicted fusion breakpoints.
HLA typing: We used Optitype to determine the HLA-A, HLA-B and HLA-C genotypes of the
samples.23
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Measurement of TCRB rearrangement: We used MiXCR24 to calculate a ratio based on
the number of reads showing recombination (i.e., clipping) versus the total number of
reads in the TCRB locus. We derived the biological significance of the ratio by correlating it
to the number of tumor infiltrating lymphocytes (TILs). A pathologist reviewed the HE
slides of 13 samples of our cohort, determining the %TILs, mitotic rate/sq mm, %necrosis,
%fibrosis and %apoptosis/pyknosis. To correlate the MiXCR ratio to the TIL percentage,
we selected 5 samples which were sequenced with at least 25M reads in order to ensure
sufficient coverage across the TCRB site.

Results
MelArray design and comparison to other cancer panels:
We compared our panel design to the Oncomine Focus and Oncomine Comprehensive
Assays (Thermo Fisher), the FoundationOne panel (Foundation Medicine) and the
TruSight Tumor 170 panel (Illumina). The Oncomine Focus Assay is amplicon-based and
covers specific gene regions only. The Oncomine Comprehensive Assay covers specific
gene regions and additionally 48 full-length genes. TruSight and FoundationOne panels
cover the entire exonic gene region. As each panel provides both variant and copy number
calls, we tabulated gene coverage for SNVs and CNVs separately. For SNVs, 27 genes
overlapped across all panels, with MelArray containing 95 unique genes (Figure 1a). For
CNVs, we found that 17 genes overlapped across all panels, with MelArray containing 98
unique genes (Figure 1b).
Sequencing Performance: Sequencing statistics were assessed for three rounds of
sequencing of altogether 173 samples. Each round was performed with increasing
sequence depth. The first two rounds at Yale University analyzed 90 and 23 samples. The
third round of 60 samples was sequenced at the University of Zurich. In the latter, we
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achieved a mean coverage of 382 and 451 reads, for the tumor and normal samples,
respectively (Figure 1c). 97.9% of the bases had 30 and more reads per targeted base for
the melanomas, and 98.3% for the normal (Figure 1d). Enrichment efficiency was 89.2%
and 89.9% for the melanomas and normal samples, respectively. Sequencing statistics are
summarized in supplementary table 1. Sample purity, as calculated by Sequenza, was on
average about 60% for tumor samples. Only 5 samples had a purity below 20% and two
sequenced samples were removed because of purities below 5%.
Assay validation
We validated our results using Sanger sequencing for melanoma hotspot mutations (BRAF,
NRAS), FoundationOne panel sequencing for pan-cancer driver mutations, sequencing of
low-abundance synthetic sequences for subclonal mutations, WES for exonic mutations and
the prediction of TMB, RNA sequencing for fusion genes and Whole Genome Sequencing
(WGS) for assessment of CNVs.
AcroMetrix Oncology Hotspot Control: To determine the ability to detect low-abundance
mutations, we used the MelArray platform to sequence the AcroMetrix Oncology Hotspot
Control. We detected 380 Hotspot Control variants, resulting in a sensitivity of 97.0%
(380/392). Eight synonymous genomic variants and three non-synonymous variants (MET
c.504G>T, PIK3CA c.971C>T, TP53 c.215G>C) were not detected. MelArray additionally
detected 19 variants, resulting in a precision of 95.3%; however, all of those variants were
located in non-coding regions (supplementary table 2). The variants in the AcroMetrix
Oncology Hotspot Control are spiked in at two frequency ranges (5-15% and 15-35%), which
were correctly reproduced by MelArray (5.9% (2.3-10.4) and 16.9% (8.1 – 24.8)). At 1:2
dilution, 368 variants could be detected (sensitivity: 94.1%). At 1:5 dilution 342 variants could
be detected (sensitivity: 87.5%). At 1:10, 265 variants could be detected (sensitivity 67.8%)
(Figure 1e).
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Sanger Sequencing: All samples were Sanger sequenced for hotspot mutations in BRAF
and NRAS, and compared to the MelArray findings. The agreement between MelArray and
Sanger calls was high, with sensitivity of 98.5% (63/64) and 97% precision (64/66, initial
result). MelArray did not call one complex BRAF mutation, with two adjacent variants at
V600E and K601I, as it was flagged by GATK and removed. Two low-purity samples, with
initial negative Sanger result, were reclassified as BRAF mutant samples at further
inspection of the Sanger chromatogram, which showed a weak variant peak
(Supplementary Figure 1), leading to a final precision of 100% (65/65).
FoundationOne: 17 of the samples had FoundationOne panel sequencing data, although
not necessarily from the same metastasis and time point during the course of disease.
Overall, 83 SNVs were reported by the FoundationOne panel. 40 of the SNVs were
excluded because the MelArray does not cover those genes. We did not include CNVs for
this analysis as the amplification and deletion cutoffs are panel-specific. MelArray
sequencing did not report 4 SNVs: a NF1 and an ARID2 frameshift, an ARID1A insertion,
and a PIK3CA mutation. MelArray reported a CDKN2A frameshift, an EGFR mutation and
a TERT coding mutation that was not included in the FoundationOne report (Figure 1f,
supplementary table 3). Therefore, sensitivity was 90.7 % (39/43), with precision of 93.5%
(39/42).
WES – SNV and InDel validation: 10 samples were analyzed with WES (five from Zurich,
five from Yale). MelArray detected 59 of 61 WES variants across the exonic regions of the
190 panel genes, resulting in a sensitivity of 96.7 % (59/61), and a precision of 100%, as
no additional variants were detected. The missed variants were the above-mentioned
complex BRAF mutation and a GNAS point mutation.
WES – Tumor Mutation Burden (TMB): TMB is a predictive marker for response to
immunotherapy in some cancers.25 We evaluated whether MelArray is suitable for
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estimating mutational burden, which is traditionally done WES. Comparing results of 10
samples for which we had both WES and MelArray data, we found a high correlation
(R2=0.926) when tabulating mutations per megabase (Mb) sequenced (Figure 1g).
Fusions: The ability to find key fusion genes is possible through tiling of canonical intronic
breakpoints. Four fusions in triple WT melanomas were detected by MelArray. At Yale, we
validated two RAF1 and one BRAF fusion using RNA-Seq, qPCR and Western Blot
(Supplementary Figure 2a-c). One additional BRAF fusion (NFIA-BRAF) was validated using
an independent sequencing run at Memorial Sloan Kettering Cancer Center (not shown). In
the Zurich cohort, three BRAF truncations were detected and validated by PCR
(Supplementary Figure 2d). All samples were from patients progressing on BRAF inhibitor
treatment.
WGS – CNV validation: We calculated the overlapping CNV calls between four samples
with both WGS and MelArray results (Figure 1h). Using WGS calls as TP, we determined a
MelArray call sensitivity of over 90% (Table 2). Precision was high for individual patients
(e.g. MTB patient 2 and 4 had a precision of 85% and 75% for copy number gains,
respectively, and MTB patient 3 had a precision of 84% for copy number losses). Due to
differences in CNV calling algorithms, the MelArray platform generated more refined focal
CNV calls that were not detected by WGS, lowering the precision for some samples.
MelArray findings from initial melanoma cohort:
Overview: In total we sequenced samples from 83 melanoma patients (31 tissue and 52
cell line samples). Sequencing revealed a cohort composition of 59% BRAF mutant
(49/83), 20% (17/83) NRAS mutant, 5% NF1 (4/83) mutant and 16% (13/83) triple WT
melanomas (Table 1, Figure 2a, supplementary table 4 and 5). All samples had
corresponding normal DNA from PBMCs or normal skin. The majority of observed
mutations were of the C>T type, and the majority of these mutations appeared in the TC*
12

context, consistent with a UV mutation signature that causes a C>T transition in a
dipyrimidine context (Figure 2b and 2c).
Mutational landscape in the different melanoma molecular subtypes: According to the new
molecular classification of melanoma (BRAF-, NRAS-, NF1-mutated and triple wildtype
melanoma), we investigated the molecular features of each group. In the BRAF mutant
subgroup, the 2nd most common alteration is CDKN2A loss or truncating mutation
occurring in 49% of the BRAF mutated samples. BCLAF2 and PROS1 are mutated or
deleted in 22% and 18% of the BRAF samples and seem to be mutually exclusive
(Supplementary figure 3). In the NRAS mutant subgroup, the 2nd most common altered
gene is CDKN2A at 45%. BCLAF1 is altered in 32% of the samples and seems to be
mutually exclusive with CDKN2A (Supplementary figure 4). There were only 4 NF1 mutant
samples in our cohort and all of them had an additional RASopathy gene mutation
(Supplementary Figure 5).
Key mutations in the MAPK and cyclin pathways in triple WT melanomas: We were able to
identify key activating mutations for nine of the 13 triple WT melanomas. This included two
GNAQ mutations for a uveal and acral sample, a KIT deletion and amplification in two
acral samples, a CDK4 amplification in a sample of unknown origin, two BRAF fusions in
two acral samples (PDE4DIP-BRAF, NFIA-BRAF), and two RAF1 fusions (GOLGA4RAF1, PDE8A-RAF1) in an acral and sun exposed melanoma (Fig. 2A and Supplementary
figure 6). The platform additionally discovered compound SOS1 mutations, and a BRAF
p.V600E mutation in two acral samples, albeit at a mutant allele frequency below 5%.
Genome-wide copy number assessment: The MelArray probe design for copy number
assessment tiles the entire genome for heterozygous SNPs (Figure 3a, Supplementary
Table 6). By this design, probe depth ratio and B-allele frequency are assessed for
accurate CNV estimation. One advantage of using B-allele frequency is in the detection of
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loss of heterozygosity, often across whole chromosome arms (Figure 3b). A summary
across all detected CNV events (Figure 3c) showed gains in the right arms of
chromosomes 1 and 20, and in the left arms of chromosomes 6, 7 and 8. We detected
losses in the right arms of chromosomes 6, 16 and 18 and in the left arms of
chromosomes 9, 10, 11, 14 and 15. The BRAF mutant cohort had a unique gain in
chromosome 7 and losses in chromosome 10 and 11 (Supplementary Figure 7). The
NRAS mutant cohort had unique gains in chromosome 6 and 8, and losses in
chromosome 5 and 17. The NF1 mutant cohort had unique gains in chromosome 12 and
17. The triple wild-type cohort had unique gains in chromosome 4 and losses in
chromosome 3.
HLA and TCR assessment: The MelArray design contains probes spanning the HLA-A,
HLA-B and HLA-C loci. Using OptiType23 we resolved the HLA haplotypes for each
sample. Most common in our cohort were HLA-A*2-01 (Supplementary Figure 8a), HLAB*07:02 and HLA-B*18:01 (Supplementry Figure 8b) and HLA-C*07:02 and HLA-C*06:02
(Supplementary Figure 8c).
We used MiXCR24 to resolve the TCR repertoire. Our sample coverage, while fully
sufficient to resolve low-frequency SNVs, is below the level for a full-scale TCR repertoire
analysis. However, we can use the MiXCR output to estimate the fraction of DNA
fragments covering the TCRB locus that show evidence of recombination (recombinant
TCRB counts). We used the recombinant TCRB counts to estimate the number of tumor
infiltrating lymphocytes (TILs) in our samples (Supplementary Figure 8d). To this end,
several tumors were evaluated by a pathologist for TILs. We found that the recombinant
TCRB counts correlated with the number of TILs (R2=0.78).
Multi-sample patient:
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We also analyzed eight tumors from one consenting BRAF mutated patient who
progressed rapidly under immunotherapy and targeted therapy (Figure 4a). The first
sample was taken before treatment, the second after progression on immunotherapy with
Ipilimumab, the third and fourth samples are from a biopsy taken two weeks after the start
of targeted BRAFi/MEKi therapy; sample five is from a biopsy after one month of targeted
therapy. Samples six, seven and eight were taken at autopsy two months after progression
under triple therapy with BRAFi/MEKi/CDK4/6i. Some mutations, including BRAFV600E and
PTEN loss are shared among all tumors during disease progression. Interestingly, two of
the autopsy samples have oncogenic hotspot mutations in NRAS; however, one is a
p.Q61R mutation and the other a p.Q61K mutation, suggesting convergent evolution for
resistance mechanisms in this patient.
Assessment of actionable mutations:
Using the OncoKB26 and CIViC27 databases we matched the gene alterations to FDAapproved oncology drugs and current clinical trials. Currently, 88 genes on MelArray are
associated with clinical trials. From OncoKB, out of the 83 samples, 66 could be matched
to an FDA-approved treatment or clinical trial (data not shown). Using CIViC, 69 samples
were matched to an FDA-approved or clinical trial treatment. Five samples were matched
with resistance to melanoma specific drugs and 71 samples were matched with resistance
to non-melanoma specific drugs (Figure 4b).
Discussion
We have developed a melanoma-specific capture-based targeted gene panel, “MelArray”,
covering 190 genes and 28 canonical fusion break points. Validation was performed on 83
matched melanoma samples and spiked-in synthetic variants.
Comparing the MelArray design to commercially available pan-cancer panels, we found
that of the 190 MelArray genes, 95 are unique and not present in the other panels.
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Importantly, ten of these unique genes play a role in trial patient stratification. Other genes
are involved in pigmentation, DNA methylation, or are known as RASopathy genes linked
to melanoma16. These genes further characterize the melanoma mutational profile,
contributing to our melanoma learning network, where sequencing data, treatment
decisions and outcome data are collected to discover novel treatment-predictive molecular
signatures. While there are several melanoma-specific NGS panels described in the
literature28-31, these panels are considerably smaller (7 to 46 genes) compared to
MelArray.
Sequencing performance was validated using a variety of means (Sanger,
FoundationOne, WES and WGS) resulting in a sensitivity above 90% for SNVs across the
various modalities. CNV call sensitivity (assessed by comparing to WGS) was also above
90%. Importantly, the MelArray design allows for the accurate detection of both copy
number deletions and loss of heterozygosity, enabling accurate detection of loss-offunction for genes such as CDKN2A, PTEN or BRCA1/2. This is clinically relevant, as
some clinical studies use loss of PTEN or CDKN2A are one of the inclusion criteria (e.g.
NCT02465060, NCT02478320).
We further show the ability of MelArray to resolve the mutational difference in samples
taken from the same patient, but at different time points and locations. In particular, two
different activating (and presumably resistance generating) mutations were detected in two
biopsies of a patient who became resistant to BRAF-inhibitor therapy. This suggests that
the MelArray can be used for baseline diagnostics and patient stratification, as well as for
resistance monitoring and treatment selection upon progression.
We also show accurate detection of TMB from the MelArray data. TMB correlates with
response to immunotherapy in several cancer types, including melanoma 1-3. Among
MelArray-sequenced samples with clinical follow-up data, we found one patient with high
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TMB that showed a CR upon immunotherapy, and four patients with low to intermediate
TMB that did not or only transiently respond to immunotherapy.
By capturing the TCRβ locus, albeit at a relatively low coverage, the MelArray data allows
some insights into the amount of TILs. Using the percentage of recombinant TRBV reads
as a proxy for T-cell abundance, we showed a positive correlation of recombinant TRBV
reads with histopathological evaluation of TILs. Of note, HLA-typing, important for several
clinical studies (e.g. NCT02424916, NCT02989064, NCT02570308) where specific HLA
subtypes are essential inclusion criteria, is an additional immune assessment that is
available via the MelArray platform.
Some commercially available panels do not provide information about TMB and therefore
separate assays for mutation burden estimation are required. Other panels estimate TMB,
but do not make any statement about genome-wide CNVs. In contrast, the MelArray
platform provides a melanoma-specific alternative, which covers most relevant genetic
features needed for accurate patient stratification by combining analysis of SNVs, CNVs,
gene fusions, TMB, and HLA subtypes in a single assay.
MelArray was successful in identifying the potential oncogene driver in triple wild-type
(WT) melanomas. Of the 13 sequenced triple WT samples, potential driver mutations
could be found in nine samples (69%), including RAF1 and BRAF fusions, as well as
amplifications and InDels in genes such as KIT and CDK4. As such, most of the samples
analyzed by MelArray could be matched with FDA approved drugs or variant-matching
clinical trials in the CIViC or OncoKB databases. The clinical relevance of variant-drug
matches needs to be evaluated carefully with the treating physician and is highly
dependent on the current treatment and performance status of the patient. Although offlabel therapies are more difficult to implement, there is still a realistic chance for end-stage
patients to receive such a treatment at specialized centers. If the patient can be included
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into a clinical trial based on genetic alterations, all other inclusion and exclusion criteria
also need to be evaluated.
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Figures

Figure 1
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Venn diagram showing the overlap of genes for SNV detection (a) and CNV detection (b)
between MelArray and commercially available panels Oncomine Focus Assay, Oncomine
Comprehensive Assay, FoundationOne panel and TruSight Tumor 170. (c) Boxplots of
sequencing coverage of normal (PBMCs) and tumor samples. (d) Boxplots showing
uniformity of coverage at specific read depth of normal (PBMCs) and tumor samples. (e)
Boxplots of variant allele frequencies from the AcroMetrix Oncology HotSpot Control in a
dilution series. (f) Venn diagram showing the overlap of SNV calls between
FoundationOne panel and MelArray for 17 samples. (g) Correlation of tumor mutational
burden analyzed by whole exome sequencing and MelArray. Correlation was calculated
using Pearson correlation. (h) Circos plots of 4 patients showing the CNV calls for
MelArray (outside track) and WGS (inside track). Copy number neutral is represented by a
black line, copy number gain represented by a red line and copy number loss is presented
by a blue line.

Figure 2
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(a) Oncoprint of melanoma samples stratified by BRAF hotspot mutations and fusions,
NRAS hotspot mutations and NF1 mutations. The barplot above shows the mutation
burden (mutations / MB); the barplot plot on the right shows the frequency of mutations on
the gene. The column annotation plots on the bottom show corresponding clinical
information about the sample. (b) Transition/transversion plot for all sequenced samples.
(c) Position weight matrix for C to T mutations shown in a trinucleotide context.

Figure 3
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(a) Chromosomal plots of B-allelic frequency and depth ratio for one sample. Each dot
represents a probe from MelArray. (b) Chromosomal plot of the copy number calls from
sequenza. The major and minor alleles are represented as red and blue respectively. (c)
Chromosomal plot summarizing all copy number events for all 83 samples. Gain are
represented in red and losses in blue.

Figure 4
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(a) Oncoprint of eight samples of the same patient at different time points during
disease progression. (b) Tile plot showing the drug gene matches per sample.
Drug genes are separated by "Tested in melanoma" and "Offlabel" and "Evidence
for response" and "Evidence for non-response or resistance". Drug classes are
color coded by their gene target.

Tables

Table 1
Table 1: Sample characteristics
BRAF
mutation

NRAS
mutation

NF1
mutation

Triple WT

Total

Sample type
Cells

38

12

1

1

52

Tumor

11

5

3

12

31

Female

21

8

2

9

40

Male

28

9

2

4

43

43

16

3

6

68

Primary tumor

5

0

1

6

12

Unknown primary

1

0

1

1

3

Acral

1

1

1

7

10

Mucosal

2

0

0

1

3

40

11

3

2

56

Uveal

1

0

0

2

3

Unknown

5

5

0

1

11

Sex

Sample origin
Metastasis

Melanoma subtype

Sun-exposed

Table 2
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Table 2: Overlap of copy number alterations between WES and MelArray
MelArray CN
alterations (bp*)

WGS CN
alterations (bp*)

Overlap (bp*)

Sensitivity

Precision

MTB patient 2
CN gain

279’838’429

258’194’608

238’676’827

0.92

0.85

CN loss

587’080’371

279’823’811

272’756’352

0.97

0.46

CN gain

374’862’190

92’787’490

91’611’853

0.99

0.24

CN loss

459’688’613

404’431’299

388’361’704

0.96

0.84

CN gain

132’177’018

99’451’610

99’176’445

0.99

0.75

CN loss

1’310’331’923

63’917’036

60’862’238

0.95

0.05

CN gain

414’601’707

78’254’234

76’941’317

0.98

0.19

CN loss

1’391’593’656

200’600’825

197’774’194

0.99

0.14

MTB patient 3

MTB patient 4

MTB patient 5

*bp = base pairs; total amount of base pairs that were reported as gained or lost
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