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Figure 2. A, Phylogenies inferred for the 14 patients. Only WES samples are included. Letters in brackets indicate melanoma subtype: A = acral, 
C = cutaneous, M = mucosal, U = melanoma of unknown primary. Branch length is proportional to the number of mutations. Branch colors represent the 
mutational signatures of the mutations. For clarity, only the most common mutational signatures are shown; the remainder are categorized as “unknown.” 
Scale bars indicate the number of mutations. The legend includes etiologies for each signature (24). MMR, mismatch repair. B, Boxplots indicate the ratio of 
subclonal mutations (length of branches) to clonal mutations (length of the trunk) by subtype and chemotherapy status. Values smaller than zero indicate 
the dominance of truncal mutations. Mann–Whitney U test was used for statistical comparisons (**, P < 0.01; ***, P < 0.001). Cut., cutaneous; mut., mutation.
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Distinctive Features of Late-Emerging 
Brain Metastases

We next considered genomic differences relative to the 
site of metastases. We observed the lowest burden of SCNAs, 
expressed as wGII, in brain metastases in this cohort (linear 
mixed-effects model P =  0.042; permutation test P =  0.009; 
Fig. 3A). Clones seeding the brain often diverged early in SNV 
and SCNA trees (Supplementary Figs. S5 and S6), with brain 
metastases emerging late in the clinical course of metastatic 
disease. Overall, the correlation between early evolutionary 
divergence and late clinical emergence of brain metastases was 
consistent across patients (R = 0.86, P = 0.026; Fig. 3B), and 
particularly apparent in CRUKP1614 and CRUKP5107. Our 
observations are consistent with the scenario in which the 
clone seeding the brain is characterized by lower fitness due to 
lower SCNA burden and results in later emergence of detect-
able metastasis. In support of the latter notion, the transcrip-
tomic data showed downregulation of DNA replication in 
the brain compared with thoracic disease (q-value = 5.23e-6). 
We found further support for this hypothesis in the case of 
patient CRUKP5107, who was treated with 6 cycles of cispl-
atin and dacarbazine (Fig. 3C). The chemotherapy mutational 
signature was absent only from brain metastasis (24), which 
was characterized by early clonal divergence and late presenta-
tion relative to other metastatic sites (Fig. 3D–F).

In contrast, liver metastases harbored a numerically higher 
burden of SCNAs relative to other sites, although these 
results did not reach statistical significance (permutation test 
P = 0.003; mixed-effects model P = 0.38). Liver metastases with 
a larger evolutionary divergence had a nonsignificant trend 
toward emerging earlier in the disease course (SCNA distance 
to other metastases vs. time of emergence R = −0.27, P = 0.52; 
Supplementary Fig. S8). Our observations are consistent with 
the typically aggressive clinical behavior of melanoma liver 
metastases, including reduced sensitivity to ICIs (29).

Melanomas Develop Resistance to Therapy via 
Mutational and Copy-Number Mechanisms

Most patients treated with MAPK-targeted therapy expe-
rience resistance following an initial response, with median 
progression-free survival of 9.3 months for dabrafenib and 
trametinib (30). In our cohort, we observe a number of previ-
ously described mechanisms of resistance that converge on reac-
tivation of the MAPK pathway (31), including NRAS mutations 
(in CRUKP1047 and CRUKP5107), parallel evolution of distinct 
subclonal NRAS mutations (Q61H and G13R in CRUKP5107), 
and a MAP2K1 mutation (in CRUKP2567; Fig. 1A).

One case of a KIT mutant melanoma (CRUKP9359, clonal 
V650A) also harbored an extreme clonal copy-number ampli-
fication at the KIT-encoding locus, with corresponding ele-
vated KIT expression (Fig.  4A). Single-cell sequencing of a 

representative metastasis revealed cell-level KIT copy number 
of 43 to 134 (Fig. 4B, right), a range reported in the context of 
extrachromosomal DNA (ecDNA; ref. 32). We observed split 
sequencing reads in the single-cell pseudobulk, suggestive of 
ecDNA (Fig. 4C). We sought to further validate this by fluores-
cence in situ hybridization (FISH) and observed a large number 
of KIT copies colocalizing with DAPI-stained nuclear DNA 
in this case (Fig. 4D). Through hierarchical clustering of the 
single-cell level SCNAs (excluding KIT), we observed evidence 
of random segregation of ecDNA, which is consistent with 
this wide range of copy number (Fig. 4B, left). We note that 
this patient was treated with two consecutive KIT inhibitors 
and the extrachromosomal amplification of the drug target 
may have contributed to the lack of response to these agents.

All patients in this cohort received ICIs [either as single 
agent (PD-1 or CTLA4 inhibitors) or in combination (PD-1 
and CTLA4 inhibitors)] and exhibited either primary or 
acquired resistance to therapy, and all were ICI refractory at 
the time of death and tumor sampling. Across the cohort, 
we observed alterations in the known drivers of ICI resist-
ance (33), including LOH in JAK2 in 12 patients and LOH 
in B2M in eight patients (Fig. 4E). The rate of LOH at these 
sites was higher than expected by chance for JAK2 (permuta-
tion test P < 0.005) though not reaching significance for B2M 
(permutation test P = 0.09). We additionally observed clonal 
mutations in JAK1 (p.S961L) in CRUKP6746 and in B2M 
(p.R101P) with accompanying LOH in CRUKP6170 (Fig. 4E). 
We found similar levels of HLA LOH (5% subclonal) to those 
previously reported for metastatic melanoma (3% subclonal; 
ref. 20), and there was no enrichment for LOH in the region 
encoding HLA genes (Fig. 4E; ref. 34). We did not observe any 
mutations in HLA genes.

Previous work (35–37) has demonstrated within-patient 
heterogeneity between tumors in terms of acquired mecha-
nisms of resistance to targeted MAPK pathway inhibition 
therapies. This is likely due to the stochastic nature of muta-
tional processes between tumors, with selection acting on the 
first viable mechanism that arises in each tumor. We sought 
to examine whether this was also the case for the puta-
tive mechanisms of ICI resistance identified in our cohort, 
and also whether tumor site influenced these mechanisms. 
Hierarchical clustering of tumors by antigen-presentation 
machinery alterations (as in Fig.  4E) revealed that tumors 
for the most part cluster by patient rather than by site (Sup-
plementary Fig.  S9). In addition, many tumors have clon-
ally identical antigen-presentation alteration profiles within 
patients (Fig. 4E; Supplementary Fig. S9).

Genomic regions subject to copy-number loss in our 
cohort overlapped with those previously associated with ICI 
resistance (refs. 38, 39; Wilcoxon test P < 2.2e-16; Supplemen-
tary Fig. S10). Genes encoded by these regions were lost more 
often than expected in both cutaneous and acral melanomas 

Figure 3. Late-emerging brain metastases have a lower copy-number burden. A, wGII per metastatic site. Site-specific null distributions of mean 
wGII were generated by randomizing sample sets (from any metastatic site) while keeping patient contributions constant (see Methods). **, P ≤ 0.01. 
Leptomen., leptomeninges. B, Correlation between brain copy-number (CN) distance to other sites and time of emergence of brain metastases after stage 
IV diagnosis in days. C, Growth dynamics of tumors in patient CRUKP5107. The brain lesion (in orange) was detected in only the last two scans after the 
targeted therapy [BRAF inhibitor (i) + MEKi], ICI (PD-1i + CTLA4i), and chemotherapy courses. PD, progressive disease; PR, partial response; SD, stable dis-
ease. D, SNV and indel phylogenetic tree of tumor clones in patient CRUKP5107. E, The mutational signature contributions to each clone in the phylogeny 
in D are shown. MMR, mismatch repair. F, The anatomic distribution of clones. Each pie chart represents a sample with its clonal composition indicated by 
the colors. A multiregional sampling of the same tumor is indicated by the gray dashed lines. BR, brain; LI, liver; LU, lung; PC, pericardium; ST, soft tissue.
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Figure 5. Tissue-level amplifications and deletions associated with response to ICI. A large proportion of samples underwent WGD (A), with successive 
WGD events associated with increasing wGII (B). Letters in brackets indicate melanoma subtype: A = acral, C = cutaneous, M = mucosal, U = melanoma 
of unknown primary. ***, P < 0.001. GISTIC permutation analysis (C) associated MYC amplification (chromosome 8q) with a nonresponsive phenotype, as 
well as chromosome 1 amplification with a responsive phenotype. Horizontal black dashed lines in top two panels of C indicate significance (P < 0.05). NR, 
nonresponse; R, response. D, Significant amplifications on chromosomes 1 and 8 from C with COSMIC genes labeled.
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the cold microenvironment observed histologically (most 
samples had minimal tumor-infiltrating lymphocytes; Sup-
plementary Fig. S12). We did, however, observe positive NES 
for M2 macrophages in 29.2% of samples across 11 of 14 
patients, which are known to promote tumorigenesis (49), 
although it should be noted that macrophage classifica-
tion is more complex than the M1/M2 paradigm (50). We 
hypothesized that as MYC promotes macrophage recruit-
ment through emission of the CCL9 chemokine (44), MYC 
copy-number amplification might be associated with M2 
NES score. This association was, however, nonsignificant 
using both raw and purity-corrected consensusTME NES 
scores (Pearson correlation). Further comparison between M2 
NES and ploidy was also nonsignificant.

A comparison of brain and extracranial metastases revealed 
no significant differences in immune infiltration, exclusion, 
and dysfunction scores. However, we observed higher scores 
of melanocytic plasticity signature (MPS; ref.  51) in brain 
metastases (Mann–Whitney U test P = 0.00014), suggesting a 
less differentiated phenotype (Supplementary Fig. S16A). We 
further evaluated the effect of the metastatic site on pathways 
found to be differentially expressed in brain metastases in 
previous studies (52–57). No difference in the expression of 
OXPHOS genes across sites was found when controlling for 
purity, although brain metastases were significantly associ-
ated with the enrichment of the biosynthesis of unsaturated 
fatty acids (Supplementary Fig. S16B).

Another question of interest was the influence of local 
copy-number changes on transcription, either of local genes 
or genes at other loci via transcription factors. In a pairwise 
analysis of all genes, the most significant correlation was a 
self-association involving PHF3 on chromosome 6 (Supple-
mentary Fig.  S17). Patient CRUKP2986 had a clonal, focal 
copy number increased from a copy number of 2 to 15 at this 
locus, with corresponding increases in expression compared 
with other patients, suggesting that this change was under 
selection. PHF3 has been associated with a variety of func-
tions, including UV-induced DNA damage response (58) and 
neuronal differentiation (59). PHF3 is also significantly ampli-
fied in the TCGA cutaneous melanoma cohort. Interestingly, 
CRUKP2986 was a case of a non-UV–exposed melanoma, sug-
gesting a potential alternative function for PHF3 here.

To assess the potential impact of chromosomal rearrange-
ments on protein-coding genes, we inferred putative gene 
fusions from the RNA-seq data. We found a mean of 10 
gene fusions per patient (range, 2–20), 90.8% of which were 
subclonal. In seven cases the fusions involved an oncogene 
or tumor suppressor gene, although we observed no BRAF 
fusions in this cohort (Supplementary Fig. S18A and S18B).

Investigating Copy-Number Changes at 
Single-Cell Resolution

In our analysis of ploidy by FISH, we often observed cell-
to-cell variation in ploidy within the same tumor sample 
(Supplementary Fig. S19). To investigate this further, we used 
a single-cell whole-genome sequencing (scWGS) approach. 
Importantly, our particular method did not include a whole-
genome preamplification step, allowing the reliable genera-
tion of high-resolution single-cell copy-number profiles (60). 
We performed scWGS in one metastatic tumor from each 

case (n = 50 cells per sample) and included four normal sam-
ples as a control.

Overall, the inferred mean ploidies from the scWGS data 
were largely concordant with our estimates using bulk 
sequencing and FISH (Supplementary Fig.  S20), suggest-
ing most cells in the sample were a part of the same clonal 
expansion. In three patients, CRUKP2567, CRUKP1614, and 
CRUKP9359 (bulk sequencing–estimated ploidies of 3n, 2n, 
and 5n, respectively), we identified two distinct populations 
(i.e., low and high ploidy) via fluorescence-activated cell sort-
ing (FACS; Supplementary Fig.  S21) and performed scWGS 
on both. The lower ploidy samples in CRUKP1614 and 
CRUKP9359 did not contain cancerous cells (Supplementary 
Fig.  S22), as indicated by their low wGII values, suggesting 
homogeneous ploidy in these metastases.

CRUKP2567, on the other hand, was exceptional (clonal 
phylogeny shown in Fig. 6A) in that the lower ploidy popu-
lation in the diaphragmatic metastasis (Fig.  6B) was reflec-
tive of malignant cells, indicated by their high wGII values. 
Further inspection of the bulk sequencing copy-number tree 
for this patient revealed a WGD event in the branch lead-
ing to the majority of metastases but not detected in the 
primary tumor or brain metastasis (Fig. 6C). Specifically, in 
the bulk copy-number profile primary sample (ploidy ∼2), we 
observed five copies (5n) of chromosome 5p (Supplementary 
Fig.  S23A), which rose to 7n in the WGD diaphragmatic 
metastasis (ploidy ∼ 3). In the single-cell copy-number profile 
of the diaphragmatic metastasis, we observed both cells with 
7n (from the high-ploidy FACS population) and cells with 4n 
to 5n (from the lower-ploidy FACS population, with ploidies 
ranging from 1–2; Supplementary Fig.  S23B). Overall, this 
suggests the presence of two coexisting clones in the dia-
phragmatic metastasis: one WGD and one non-WGD clone. 
To assess this further, we performed hierarchical clustering 
of copy-number profiles from the bulk samples and non-
normal single cells from this patient (Fig. 6D). The resulting 
tree contained two primary clusters, one containing the bulk 
samples that had undergone WGD as well as the high-ploidy 
FACS single cells, and the other containing the bulk samples 
lacking WGD as well as the low-ploidy FACS single cells.

In terms of the clinical course of CRUKP2567, at stage IV 
diagnosis, this patient had extensive disease in the thoracic 
cavity, followed by complete extracranial response to com-
bined BRAF and MEK inhibitor treatment, and subsequent 
rapid reemergence of thoracic disease that was resistant to 
targeted treatment (Fig. 6E). One of the pretreatment pleural 
fluid samples exhibited evidence of WGD, suggesting that 
clones existed with WGD both prior to and after treatment. 
The presence of two clones of differing WGD status in the 
diaphragmatic metastasis of CRUKP2567 raises the possibil-
ity that the lower-ploidy non-WGD clone originates from the 
non-WGD pretreatment population, and that the WGD clone 
repopulated this site after acquisition of resistance.

DISCUSSION
Our study expands on previous multilesional metastatic 

melanoma analyses (8–11, 61) by increasing the number of 
patients studied, the number of samples per patient, and 
the breadth of represented sites of metastases, as well as the 
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Figure 6. Identification of a likely non–whole-genome–doubled clone that was not identifiable from bulk sequencing data in CRUKP2567. Clonal phylogeny 
of CRUKP2567 (A), with anatomic diagram (B) based on bulk SNVs mapping samples to clones on the tree. The scale indicates the number of mutations. 
C, MEDICC2 copy-number tree for bulk exome samples from CRUKP2567. The cluster highlighted in blue has undergone one WGD event, while the other 
nonhighlighted cluster, containing brain metastasis and primary tumor samples, has not. Diamonds indicate the samples for which bulk copy-number profiles 
are displayed in Supplementary Fig. S23. D, Hierarchical clustering tree containing all single cells (SS) from FACs-high-ploidy sorting (FH) and FACs-low-ploidy 
sorting (FL), as well as WGD bulk samples and non-WGD bulk samples. E, Radiologic images of the patient indicating thorax upon initiation of stage IV disease 
and complete extracranial response to BRAF inhibitor, followed by rapid recolonization of the thorax with resistant clones (left to right). BR, brain; BRAFi, 
BRAF inhibitor; CR, complete response; DI, diaphragm; LN, lymph node; LU, lung; MEKi, MEK inhibitor; PC, pericardium, PLFa, pleural fluid (archival); PR, primary.
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breadth of multiomic data generated. We observe a number 
of different evolutionary routes to lethality. Notable among 
these is the presence of WGD, which is clonal in four patients, 
subclonal in seven patients, and absent in three patients. 
This contrasts with previous reports, in which near “uni-
versal tetraploidization” was observed in distant metastases 
(11). One caveat of extensive multilesional sampling is that 
patient numbers are often small; as more work is performed, 
the extent of the influence of sampling bias will become clear. 
Predominantly single-lesion analyses (6) have derived a figure 
of 40% for the rate of WGD in advanced melanoma, although, 
of course, the caveat here is that WGD may be subclonal and 
therefore missed in some patients. Likely, the truth lies some-
where between these two extremes. The differential status of 
WGD between patients was found in both cutaneous and 
acral melanomas, indicating that tumors use WGD to sculpt 
a select number of critical genes rather than being driven 
by the excess mutations in sun-damaged cutaneous mela-
nomas. Copy-number events found in WGD tumors were 
mainly losses, indicative of a mechanism to buffer against 
the ratchet-like accumulation of deleterious alterations, as 
illustrated by previous simulatory work (62).

Examination of tumor characteristics of specific sites led us 
to the observation that late-emerging brain metastases display 
unique properties compared with other sites, having lower 
wGII and often diverging early in the clonal phylogeny. This is 
reminiscent of our observations of pancreatic metastases from 
clear-cell renal cell carcinoma, which also emerged from ances-
tral clones and grew slowly (16). We found that a chemother-
apy mutational signature was lacking in the brain metastasis of 
patient CRUKP5107. Given that these chemotherapies target 
dividing cells, the lack of evidence in the brain suggests either 
lack of exposure (due to the blood–brain barrier) or a slow-
cycling population of tumor cells in the brain. However, clini-
cal manifestations of brain metastases in melanoma are varied, 
so it is unlikely that all brain metastases follow this path.

As was expected, we observed the acquisition of resistance to 
both targeted therapies (30) and ICIs (39, 63, 64). The former 
primarily involved secondary driver mutations in the MAPK 
pathway. The consistency of acquired resistance to targeted 
therapy in our cohort suggests that these treatments may have 
little effect on late-stage, ICI-exposed melanoma. Resistance 
to ICIs involved copy-number changes and LOH events in 
antigen-presentation pathway genes, such as B2M and JAK2. 
Losses and mutations in these genes have been linked to pri-
mary (63) and acquired resistance to PD-1 blockade in mela-
noma (64), suggesting that melanoma cells become insensitive 
to the antiproliferative effects of IFNγ (via JAK1/2 alterations) 
or lose antigen presentation (via B2M alterations). Examina-
tion of within-patient heterogeneity of antigen-presentation 
alterations revealed that these were for the most part present 
clonally across all tumors, which is in contrast to data from 
targeted MAPK inhibition therapies (35, 37), suggestive of an 
early acquisition of these alterations. In addition, we observed 
a lack of solid immunoediting signal, suggesting that neoan-
tigen burden was not particularly important in these patients 
and is trumped by antigen-presentation pathway changes. It 
must be noted, however, that the technical limitations of neo-
antigen calling from DNA sequence data may have also influ-
enced this analysis; neoantigens are difficult to predict, and 

it might be the case that small numbers of true strong neo-
antigens were downregulated or lost that were not identified 
here. Other potential influences that could explain the lack of 
immunoediting signals include tumor microenvironmental 
factors such as immunoregulatory cell lineages, including M2 
macrophages (65) and regulatory T cells (66). However, we did 
not study these in detail here.

Increasing the resolution of this analysis of treatment resist-
ance in relation to individual lesion radiologic response, we 
found several genes of interest that may influence response to 
ICIs, including MYC, known to promote an immunosuppres-
sive stroma (43). It should be noted, however, that functional 
validation of this finding in melanoma models was beyond the 
scope of this work. Although MYC is an essential modulator of 
tumor growth via both tumor–cell intrinsic mechanisms and 
its influence on the tumor microenvironment, and immune 
effectors (43, 67), direct targeting of MYC is not feasible (68). 
Instead, small-molecule inhibitors that target cofactors of 
MYC (69), such as histone deacetylase genes, have been devel-
oped and are used in the clinic to treat a variety of cancers (70). 
Taken together, these findings suggest that the combination 
of ICIs with a form of MYC inhibition could be a potential 
therapeutic avenue in ICI-refractory melanoma. It will also be 
of interest to assess 9p21 loss in larger cohorts, as this event 
was more frequent in lesions with a lack of response but not 
statistically significant.

Much of the existing postmortem melanoma research has 
been limited to bulk DNA sequencing data (8, 10, 11). The 
inclusion of additional data modalities, namely, transcriptom-
ics and single-cell sequencing data in our study, revealed novel 
findings with clinical and technical implications. PHF3 has 
previously been associated with UV DNA damage response in 
melanoma (58); however, here, it appears to be a clonal driver 
of a non–sun-exposed melanoma, suggesting a potential alter-
native role for PHF3 in melanoma progression, warranting 
further investigation in larger cohorts. It should be noted 
that differing purity of RNA-seq samples has the poten-
tial to influence transcriptomic analyses, although in our 
cohort we observed relatively high purity of samples meas-
ured using WES and did not observe specific biases in purity 
toward particular patients (Supplementary Fig. S24) or tissue 
sites (Supplementary Fig. S25). Polyclonal seeding is typically 
thought of in terms of mutations; bulk sequencing data and 
the infinite sites model allow clonal reconstruction from the 
pooled sequencing data of many cells (71). Reconstruction of 
subclonal copy-number profiles, however, remains challeng-
ing. Our single-cell data reveal a case of polyclonal seeding at 
the level of WGD, suggesting that sample-level trees produced 
with tools such as MEDICC2 (27) could underestimate intra-
tumor heterogeneity at the copy-number level.

In this study, we have emphasized extensive tumor sampling 
over patient numbers. Consequently, one of the limitations we 
face is low statistical power when using the patient as the unit 
of statistical inference. Other considerations include sampling 
time; as our samples are taken at postmortem, we may miss 
selective events that occur during the patient’s life. Patients 
were also subject to multiple lines of therapy, the influences of 
which may be difficult to disentangle. Primary tumor samples 
were not available for all patients, reflecting the challenges of 
sampling small cutaneous lesions. Nonetheless, this detailed 
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multilesional study has elucidated various important themes 
in advanced melanoma, shedding light on the topic of WGD, 
mechanisms of resistance, polyclonal seeding at the level of 
copy number, and more. In terms of clinical implication, the 
lack of response to ICIs in these late-stage patients supports 
an emphasis on neoadjuvant ICI trials, and tumor cell–intrin-
sic mechanisms of therapy may be required in the future.

METHODS
Sample Procurement and Processing

The PEACE study is a pan-cancer, UK-wide research autopsy 
program (NCT03004755) designed to comprehensively evaluate the 
biology of metastatic disease and drug resistance. A list of the con-
sortium members can be found in Supplementary Table  S1. The 
study is sponsored by the University College London Clinical Trials 
Unit. Inclusion criteria include patients with advanced cancer. Writ-
ten informed consent was provided by patients during life or by next 
of kin after death. The study was approved by the Health Research 
Authority National Research Ethics Service Committee London–
Dulwich on the August 15, 2013, in accordance with the Human 
Tissue Act 2004 of the Parliament of the United Kingdom, with 
Research Ethics Committee reference 13/LO/0972. Postmortems are 
referred to as “tissue harvests” (TH) within this study. These were 
conducted as soon as possible following death [median 52 hours, 
range, 23–144; median time to refrigeration (TTR) 7 hours, range, 
1–13], at either the University College London Hospital (UCLH) 
or Guy’s and St Thomas’ NHS Foundation Trust mortuaries. The 
postmortem interval (PMI) and TTR were noted for each case. At 
TH, sampling of metastases was led by a pathologist, and multiple 
regions of individual metastases were procured where size permitted. 
Individual tumor regions were bisected along the long axis, with one 
half immediately snap-frozen in liquid nitrogen before long-term 
storage at −80°C and the other half fixed in 10% neutral buffered for-
malin prior to embedding in paraffin blocks and stored at room tem-
perature. Fresh instruments were used for handling each individual 
tumor region to avoid cross-contamination. Body cavity fluid (pleu-
ral, abdominal, and cerebrospinal) was also collected, and following 
centrifugation, cell pellets were isolated from supernatant and snap-
frozen in liquid nitrogen. Where possible, peripheral blood was col-
lected in life (at the time of consent) and processed to separate buffy 
coat and plasma. Where no blood was procured in life, blood was 
collected at TH by the pathologist by performing a ventricular stab.

DNA and RNA Extraction from Frozen Tissue, FFPE Tissue, 
and Blood

DNA and RNA were copurified using the AllPrep DNA/RNA Mini 
Kit (Qiagen). Briefly, a 2-mm3 piece of tissue was added to 900 μL of 
lysis buffer and homogenized for 5 seconds using the TissueRaptor 
(Qiagen), with a fresh homogenization probe being used for each 
preparation. Each lysate was applied to a QiaShredder (Qiagen) 
and then sequentially purified using the DNA and RNA columns 
according to the manufacturer’s protocol. Germline control DNA 
was isolated from whole blood using the DNeasy Blood and Tissue 
Kit (Qiagen) according to the manufacturer’s protocol. Archival 
FFPE tissue specimens were first evaluated by a histopathologist 
from hematoxylin and eosin slides to identify tumor-rich areas and 
macrodissected from the FFPE block. The Qiagen GeneRead FFPE 
DNA extraction kit was used for DNA purification according to the 
manufacturer’s protocol.

Quality Control of DNA and RNA Samples
For each postmortem case, a selection of samples of DNA and RNA 

(from fresh-frozen tissues) was run on 1.2% agarose gels to review 

their quality. For DNA samples, routine TapeStation analysis was 
performed for DNA integrity assessment (DIN score) for 11 of the 14 
cases. For the other cases, library preparation was undertaken at a dif-
ferent institution (UCLH) for CRUKP2986, and for CRUKP1842 and 
CRUKP6170, these were prepared prior to this operating procedure 
being in place. RNA samples selected for sequencing were also assessed 
for integrity on the Agilent bioanalyzer to give an integrity score (RIN). 
Spearman correlation coefficients were calculated between the DIN 
and RIN scores and the PMI and TTR. DNA integrity as measured 
by the DIN score was collated for 125 of 153 samples that were sub-
jected to WES (82%) and correlated with both the PMI and TTR where 
data were available. The 28 missing samples (18%) were derived from 
the first three TH conducted at the start of the study (CRUKP2986, 
CRUKP1842, and CRUKP6170) before DINs were routinely recorded 
and DNA stock was exhausted. Overall, the majority of samples had a 
DIN greater than 6 (107/125, 86%).

Evaluation of RNA integrity as measured by the RIN score was 
undertaken for tumor samples included in the RNA-seq analysis 
(n = 111 with available information). We observed a wide range of RIN 
scores from 0.0 to 8.2, with a median of 4.3. A RIN >6 was noted in 12%. 
There was a significant but weak negative correlation with the PMI 
(r = −0.23, P 0.02). No trend was observed between the RIN and TTR.

Targeted Panel Design and Validation
To facilitate the sequencing of large numbers of samples, we 

developed a custom melanoma gene panel. First, we performed a 
comprehensive review of the literature for melanoma driver genes 
(4, 5, 72–76) and selected genes involved in treatment resistance for 
both BRAF/MEK-targeted therapy and immune-checkpoint thera-
pies (30, 35, 38, 64, 77–82) as well as DNA repair genes (83). We 
also included the 20 most common genes mutated in melanoma as 
reported in COSMIC (84) and MutSig, as well as a preexisting list of 
immune genes included in a renal panel (13). Genes carrying variants 
of germline interest that may be involved in immune-related toxicity 
were also included (Supplementary Table  S7). A single-nucleotide 
polymorphism (SNP) backbone was included to improve the accuracy 
of copy-number calling. The total size of the panel was 1.9 Mb. We 
validated the panel design by ensuring sufficient coverage of all target 
regions and by comparing the SNV/indel and copy-number calls from 
samples that were sequenced with both panel and WES. Out of all 
mutations called in the exome samples (see details below), 91.9% were 
also called in the panel data, and the copy-number calls were consist-
ent between the exome and panel in more than 93% of segments.

Whole Exome and Custom Panel Library Construction 
and Sequencing

Depending on the available yield, genomic DNA samples were 
normalized to either 1 to 3 μg or 200 ng for the Agilent SureSelectXT 
Target Enrichment Library Protocol (Agilent Technologies), standard- 
or low-input sample preparation, respectively. Samples were sheared to 
150 to 200 bp using either a Covaris E220 or LE220-plus (Covaris). For 
samples sheared using the E220 instrument, the run parameters out-
lined in the Agilent SureSelectXT protocols were followed; for those 
sheared on the LE220-plus, the following optimized parameters were 
used: 36 iterations of sonication for 10 seconds with 30% duty factor, 
450 peak incident power and 200 cycles per burst, at 4°C to 8°C.

Library construction of samples was then performed following 
the SureSelectXT protocols, using 6 precapture PCR cycles for the 
standard-input samples and 10 precapture PCR cycles for the 200-ng 
low-input samples. Hybridization and capture were performed for 
each individual sample using an Agilent custom target-specific cap-
ture library, Melanoma Driver Panel (version 2). Captured libraries 
were amplified and indexed using 13 postcapture PCR cycles in PCR 
reactions, which included 1 of 96 unique single indexes. The quality 
and fragment size distributions of the purified libraries were assessed 
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using the Agilent TapeStation High-Sensitivity D1000 Assay on 
a 4200 TapeStation Instrument (Agilent Technologies). Amplified, 
captured, and indexed libraries passing this quality control step were 
normalized to 2 nmol/L and pooled for sequencing, ensuring that 
unique indexes were allocated to all libraries in a pool. The quality 
and fragment size distributions of the library pool were assessed 
using the Agilent TapeStation High-Sensitivity D1000 Assay and 
quantified using the Qubit dsDNA HS Assay (Thermo Fisher Scien-
tific). These quality control results were used to denature and dilute 
the pool in preparation for sequencing on the Illumina NextSeq 500 
sequencing platform. The final libraries were sequenced with 150 bp 
paired-end reads on the NextSeq 500 at the Advanced Sequencing 
Facility at The Francis Crick Institute. Target coverage was 500× for 
tumor regions and associated normal tissue.

A subset of patient samples were nominated for WES to maximize 
the types of metastatic sites represented in the WES analysis. Genomic 
DNA isolated from each sample was normalized to 1 to 3 μg. Librar-
ies were prepared using the Agilent SureSelectXT Human All Exon 
v5 enrichment capture library. The libraries were prepared using 6 
precapture and 12 postcapture PCR cycles. The quality and fragment 
size distributions of the purified libraries were assessed using the 
Agilent TapeStation High-Sensitivity D1000 Assay (Agilent Technolo-
gies). Captured whole-exome libraries passing this quality control 
step were normalized to 2 nmol/L and pooled for sequencing on the 
HiSeq 4000 sequencing platform. The final libraries were sequenced 
with 100 bp paired-end reads on the HiSeq 4000 at the Advanced 
Sequencing Facility at The Francis Crick Institute. Target coverage 
was 250× for tumor regions and the associated normal tissue.

Library Construction from Genomic DNA Extracted from 
FFPE Tissue for Sequencing

For DNA extracted from FFPE tissue, adapter-ligated libraries were 
prepared using the KAPA HyperPrep Kit (KAPA Biosystems), fol-
lowed by Agilent SureSelectXT capture enrichment according to the 
manufacturer’s protocols. Samples were normalized to 400 ng and 
sheared to 150 to 200 bp using a Covaris E220 (Covaris), following 
the parameters outlined in the KAPA HyperPrep Kit for SureSelect 
Target Enrichment protocol. KAPA HyperPrep libraries were gener-
ated and amplified using 10, 11, or 12 precapture PCR cycles and 
subsequently enriched using either the Agilent custom Melanoma 
Driver Panel or SureSelectXT Human All Exon v5 capture library. 
The quality and fragment size distributions of the purified libraries 
were assessed using the Agilent TapeStation High-Sensitivity D1000 
Assay (Agilent Technologies).

RNA-seq Library Construction and Sequencing
Libraries for RNA-seq were constructed using the KAPA RNA Hyper-

Prep RNA Kit with RiboErase (HMR; for Illumina; KAPA Biosystems) 
according to the manufacturer’s protocol. Samples were specifically 
depleted for both cytoplasmic (5S, 5.8S, 18S, and 28S) and mitochon-
drial (12S and 16S) rRNA species. RNA samples were normalized to 
50 to 70 ng and fragmented to 200 to 300 bp fragments for library 
construction. Libraries were indexed with unique KAPA Dual-Indexed 
Adapters (KAPA Biosystems) and PCR amplified using 15 or 16 PCR 
cycles. The quality and fragment size distributions of the purified 
libraries were assessed on a 4200 TapeStation Instrument (Agilent 
Technologies). Libraries passing this quality control step were normal-
ized and pooled for sequencing on the HiSeq 4000 sequencing plat-
form. The final libraries were sequenced with 100 bp paired-end reads, 
to a target depth of 50 million reads per sample, on the HiSeq 4000 at 
the Advanced Sequencing Facility at The Francis Crick Institute.

Single-Nuclei Preparation, Sorting, and Sequencing
Single-nuclei sequencing was performed following the protocol in 

ref. 61 (Chapter 15). In short, nuclei were isolated from frozen tissue 

and stained with Hoechst and propidium iodide, and then popula-
tions of different ploidy were gated in FACS. From each population, 
48 cells were processed through library preparation and single-end 
DNA sequencing.

Somatic SNV and Indel Calling from Multiregion WES and 
Panel Sequencing

Paired-end reads (2 × 100 bp for WES, 2 × 150 bp for panel sequenc-
ing) in FastQ format sequenced by Hiseq or NextSeq were aligned 
to the human reference genome (build hg19) using the Burrows–
Wheeler Aligner (BWA) v0.7.15 with seed recurrences (-c flag) set to 
10,000 (1). Intermediate processing of Sam/Bam files was performed 
using Samtools v1.3.1, and deduplication was performed using Picard 
1.81 (http://broadinstitute.github.io/picard/). SNV calling was per-
formed using Mutect v1.1.7 and small-scale indels were called running 
VarScan v2.4.1 in somatic mode with a minimum variant frequency 
(–min-var-freq) of 0.005 and a tumor purity estimate (–tumor-purity) 
of 0.75 and then validated using Scalpel v0.5.3 (scalpel-discovery in –
somatic mode; intersection between two callers taken; refs. 2–4). SNVs 
called by Mutect were further filtered using the following criteria: (i) 
variants falling outside the targeted capture range (±50 bp padding) 
or into mitochondrial chromosome, haplotype chromosome, HLA 
genes, or any intergenic region were not considered; (ii) presence of 
both forward and reverse strand reads supporting the variant; (iii) >5 
reads supporting the variant in at least one fresh-frozen tumor region 
of a patient; (iv) variants were required to have a variant allele fre-
quency (VAF) of 0.2 in at least one fresh-frozen tumor region; and (v) 
sequencing depth needed to be ≥20 and ≤3,000 across all fresh-frozen 
tumor regions. Mutations called in FFPE samples were restricted to 
variants that passed this additional filtering in fresh-frozen samples. 
Dinucleotide substitutions (DNV) were identified when two adjacent 
SNVs were called, and their VAFs were consistently balanced (based 
on the proportion test, P ≥  0.05). In such cases, the start and stop 
positions were corrected to represent a DNV, and frequency-related 
values were recalculated to represent the mean of the SNVs. Variants 
were annotated using Annovar (5). Individual tumor biopsy regions 
were judged to have failed quality control and excluded from analysis 
based on the following criteria: (i) sequencing coverage depth below 
100× and (ii) low tumor purity such that copy-number calling failed.

Germline Variant Calling
SNPs were called in the germline sample using Platypus v0.8.1 

with default parameters apart from –genIndels =  0 and –minMap-
Qual = 40, and calls were restricted to the targeted capture range (±50 
bp padding). Tumor regions were genotyped based on the variants 
identified in the germline (parameters set to –minPosterior = 0 –get-
VariantsFromBAMs = 0). SNPs with a minimum coverage of 50×  in 
the germline and the tumor sample were used for allele-specific 
copy-number segmentation.

Purity, Ploidy, and Copy-Number Analyses
CNVkit v0.7.3 was used with default parameters on paired tumor–

normal sequencing data (6). Outliers of the derived log2-ratio (logR) 
calls from CNVkit were detected and modified using Median Abso-
lute Deviation Winsorization before case-specific joint segmentation 
of fresh-frozen samples to identify genomic segments of constant 
logR (7). FFPE samples were segmented separately, leveraging the 
segment information from the fresh-frozen samples.

Tumor sample purity, average ploidy, and absolute allelic copy 
number per segment were estimated using ABSOLUTE v1.2 in 
allelic mode (10). In line with recommended best practice, exome 
ABSOLUTE solutions were reviewed by three bioinformaticians, 
with solutions selected based on the majority vote. We implemented 
an automated solution selection for the panel sequencing samples 
based on the algorithm used in the manual selection. In short, we 
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prioritized solutions with a better fit of somatic SNV multiplicity, 
whose clonal VAF peak matched half the purity and whose propor-
tion of subclonal copy-number segments along the genome was lower 
than 50%. We weighted the scores assigned to these criteria based on 
their variance on different solutions for the same sample, allowing us 
to select samples based on the most meaningful differences.

Copy-number alterations were then called as losses or gains rela-
tive to overall sample-wide estimated ploidy. Arm-level gains and 
losses were called if  ≥50% of the arm was gained or lost. Driver 
cytoband copy number was identified by overlapping called somatic 
copy-number segments with putative driver copy-number regions 
previously identified by GISTIC2 analysis of TCGA melanoma data. 
Allele-specific segmentation was performed using the paired PSCBS 
method after removal of single-locus outliers (R package PSCBS 
v0.61.0). The frequency of events across the cohort was calculated 
after cohort-level minimum consistency segmentation, dividing seg-
ments so that all samples have common edges.

The wGII was calculated for every sample as the average proportion 
of the genome with aberrant copy number, weighted on each of the 
22 autosomal chromosomes.

To evaluate the effect metastatic sites have on wGII across the 
cohort, we compared the mean wGII of each site to a site-specific 
null distribution. For each site, the null distribution consisted of the 
mean wGII of 10,000 sets of samples containing the same number of 
samples per patient as each specific site but including samples from 
any metastatic site. This way, the patient effect on the mean wGII is 
included in the null distribution while randomizing the metastatic 
site effect. Additionally, we tested the effect of metastatic sites on 
wGII with a linear mixed-effects model.

MSAI was called when samples from the same case had regions of AI 
with a different parental allele lost/gained. MSAI segments were identi-
fied by annotating the minor allele (“ref” or “alt”) at every SNP overlap-
ping the segment. SNPs with allele frequencies between 0.45 and 0.55 
were excluded to avoid sequencing sampling errors. Segments were 
called MSAI when they had at least three overlapping SNPs and >80% 
of SNPs were discordant between a pair of samples. Pairwise Manhat-
tan distances were calculated for each of these segments, and sample 
status for each segment was assigned with two-means clustering.

To conservatively time mutations with respect to WGD, we cal-
culated the multiplicity of each mutation. Mutations with multi-
plicity equal to the major copy number of the genomic region in a 
WGD sample were called pre-WGD, whereas mutations with mul-
tiplicity lower than the major and minor copy number were called 
post-WGD. The timing of other mutations was not called. Parallel 
WGD events were called when pre-WGD mutations were not shared 
between samples.

FISH
Upon noticing high-ploidy (up to 7n) estimates in some samples, we 

undertook FISH on a selection of samples as an orthogonal measure. 
Sections (4 μm) were cut from corresponding FFPE tissue blocks of at 
least two samples that had been submitted for WES, and a diploid con-
trol (normal spleen) was enumerated in the same manner. Following 
dewaxing and rehydration in ethanol, the sections were hybridized to 
chromosomes 2 and 15 centromere FISH probes (Abbott Molecular/
Vysis, labeled with SpectrumFreen and SpectrumOrange flurophores, 
respectively) using the Dako Histology FISH Accessory Kit (Dako; 
K5799) according to the manufacturer’s instructions. Image acquisi-
tion was performed with a confocal microscope (Zeiss Invert880 with 
Airyscan). Z-stack images of single nuclei were acquired and imported 
into Fiji for further analysis. Manual evaluation of centromeric probes 
was performed and in at least 300 nuclei with nonoverlapping borders 
taken from >3 spatially distinct “tiles” per slide image.

Ploidy estimates were highly significantly positively correlated 
between FISH and exome (Pearson test, r  =  0.7, P  <  0.0001; 

Supplementary Figs. S19 and S20), although the modal ploidy of 
FISH tended to underestimate exome ploidy at higher ploidies 
(e.g., >3n). This is most likely due to a combination of the use of inter-
phase FISH rather than metaphase FISH, which was necessary but is 
technically more challenging—for example, due to lack of melanoma-
specific probes and resulting contamination from normal cells, as well 
as cell-to-cell heterogeneity in ploidy. Nonetheless, at these higher 
ploidies, the range of ploidies observed with FISH encompassed the 
exome estimated ploidy for the majority of cases, suggesting that this 
was a genuine signal.

Subclonal Reconstruction
In order to estimate whether mutations were clonal or subclonal, 

and the clonal structure of each tumor, a modified version of PyClone 
was used. For each mutation, two values were calculated, obsCCF and 
phyloCCF. obsCCF corresponds to the observed cancer cell fraction 
(CCF) of each mutation. Conversely, phyloCCF corresponds to the 
phylogenetic CCF of a mutation. To clarify the difference between 
these two values, consider a mutation present in every cancer cell 
within a tumor. A subclonal copy-number event in one tumor region 
may lead to loss of this mutation in a subset of cancer cells. Although 
the obsCCF of this mutation is below 1, from a phylogenetic perspec-
tive, the mutation can be considered “clonal,” as it occurred on the 
trunk of the tumor’s phylogenetic tree, and, as such, the phyloCCF 
may be 1. To calculate the obsCCF of each mutation, local copy 
number (obtained from ABSOLUTE), tumor purity (also obtained 
from ABSOLUTE), and VAF were integrated. In brief, for a given 
mutation, we first calculated the observed mutation copy number, 
nmut, describing the fraction of tumor cells carrying a given mutation 
multiplied by the number of chromosomal copies at that locus using 
the following formula:

n
p

p pt nmut VAF CN CN� � �� ��� ��
1

1

where VAF corresponds to the VAF at the mutated base, and p, CNt, 
and CNn are respectively the tumor purity, the tumor locus-specific 
copy number, and the normal locus-specific copy number (CNn was 
assumed to be 2 for autosomal chromosomes). We then calculated 
the expected mutation copy number, nchr, using the VAF and assign-
ing a mutation to one of the possible local copy-number states using 
maximum likelihood. In this case, only the integer copy numbers 
were considered.

All mutations were then clustered using the PyClone Dirichlet 
process clustering (85). PyClone version 0.13.1 was used for two cases 
(CRUKP6216 and CRUKP1599 due to the exceptionally high TMB in 
these cases), whereas the remaining cases were analyzed with PyClone 
version 0.12.3. For each mutation, the observed variant count was 
used and reference count was set such that the VAF was equal to 
half the preclustering CCF. Given that copy number and purity had 
already been corrected, we set the major allele copy numbers to 2, 
minor allele copy numbers to 0, and purity to 0.5, allowing cluster-
ing to simply group clonal and subclonal mutations based on their 
preclustering CCF estimates. We ran PyClone with 10,000 iterations 
and a burn-in of 1,000, and default parameters, with the exception 
of –var_prior set to “BB” and –ref_prior set to “normal.”

To determine the phyloCCF of each mutation, a similar proce-
dure to that described above was implemented, with the exception 
that mutations were corrected for subclonal copy-number events. 
Specifically, if the observed VAF was significantly different from that 
expected (P < 0.01, using prop.test in R) given a clonal mutation, we 
determined whether a subclonal copy-number event could result in 
a nonsignificant (P > 0.01) difference between observed and expected 
VAFs. The preclustering CCF for each mutation was then calcu-
lated by dividing nmut by nchr. Subclonal copy-number events were 
estimated using the raw values from ABSOLUTE output. Finally, 
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to ensure that potentially unreliable VAFs of indels did not lead to 
separate mutation clusters, each estimated indel CCF was multiplied 
by a region-specific correction factor. Assuming the majority of 
ubiquitous mutations, present in all regions, are clonal, the region-
specific correction factor was calculated by dividing the median 
mutation CCF of ubiquitous mutations by the median indel CCF of 
ubiquitous indels.

Identification of Subclonal Mutations Driven by  
Copy-Number Loss

Mutations were investigated in order to identify those whose 
absence, or low CCF values, may be driven by copy-number loss 
events. For each tumor, we identified any SNV residing in genomic 
segments of copy-number heterogeneity across tumor regions, with 
minor and major copy-number aberrations considered separately. 
For each chromosome, we grouped mutations into noncontigu-
ous genomic segments with consistent copy-number states within 
tumor regions and within SNV clusters defined above. To restrict 
our analysis to mutations lost in at least one tumor region, we 
determined the median CCF value of each SNV group and only 
considered SNV groups in which the median CCF value was ≤0.25 in 
at least one tumor region. We then evaluated whether copy-number 
loss coincided with lower CCF levels using a one-sided Wilcoxon test 
or, if more than two copy-number states were present across tumor 
regions, a one-sided Cochrane–Armitage trend test. To ensure the 
lower CCF value was driven by copy number and not tumor region, 
we also implemented a regression analysis, including both copy 
number and region in the model. If more than 85% of mutations 
within a given PyClone cluster were determined to be driven by 
copy number, then the entire cluster was classified as copy-number 
driven. Finally, to avoid overestimating copy number–driven losses 
of mutations, only losses occurring in  ≤75% of tumor regions 
were considered. In addition, comparisons were made between the 
results of each mutation’s obsCCF and phyloCCF. Given that the 
only difference between the calculation of the two is that obsCCF 
does not correct for subclonal copy-number events, mutations that 
appear clonal by phyloCCF but subclonal by obsCFF may reflect 
copy number–driven heterogeneity. To avoid overestimating copy 
number–driven heterogeneity, only mutations with a VAF of at 
least 1% were considered potentially to reside on a subclonal copy 
number and thereby considered as potentially driven by subclonal 
copy-number loss.

Phylogenetic Tree Construction
To ensure accurate tree construction, mutation clusters were first 

filtered to ensure no violation of evolutionary principles. In brief, 
two principles were considered. First, the pigeonhole principle, which 
states that two mutation clusters cannot be considered independ-
ent and on separate branches of an evolutionary tree if the sum of 
the cancer cell prevalence values of the two clusters exceeds 100% 
within a single tumor region. Second, a descendent clone must 
exhibit a smaller cellular prevalence than its ancestor within each 
and every tumor region, referred to as the “crossing rule.” Using 
these principles, it can be determined whether particular mutation 
clusters conflict with each other and cannot be fitted to the same 
evolutionary tree. For instance, if the cellular prevalence of mutation 
cluster 1 in tumor region 1 is 80% and the mean cellular prevalence 
of mutation cluster 2 in tumor region 1 is 60%, then, by the pigeon-
hole principle, cluster 2 must be a descendent of cluster 1. However, 
if in a different tumor region, the cellular prevalence of cluster 2 is 
greater than cluster 1, it can be said that clusters 1 and 2 conflict 
due to the “crossing rule.” To ensure accurate tree construction, only 
clusters with at least five mutations were included. For the majority 
of tumors, all subsequent clusters were used to manually construct 
a phylogenetic tree. However, for a subset of tumors, evolutionary 

conflicts were identified, and a small number of mutation clusters 
were therefore removed. In total, 65 of 177 mutation clusters were 
removed, 23 of these containing fewer than five mutations. This 
removed 528 mutations from a total 22,148 mutations, representing 
2.4% of all clustered mutations. Topologies of manually constructed 
phylogenetic trees were verified with Pairtree (86). Ten of 14 trees 
had entirely consistent topologies between our manually constructed 
trees and the trees’ output by Pairtree; the four trees that were not 
exactly consistent had minor alterations to the topologies that did 
not affect any of the analyses (Supplementary Table S8).

Copy-number sample trees for bulk sequencing data were inferred 
using MEDICC2 (27).

Polyclonal seeding from primary to metastases was determined 
either by assessment of multiregional samples from the primary 
tumor or by inspection of the clonal phylogenetic trees and 
mutational signatures.

Estimating Clonal Proportion from CCF Values for 
Anatomy Plotting

Anatomy plots are labeled with pie charts whose colors represent 
the clonal proportion of clones in a sample. As clone proportion is 
not an output of PyClone, it was necessary to create an algorithm 
that estimates clonal proportion jointly from the CCF values and 
the clonal tree topology for each patient. To do this, we developed 
a tree traversal algorithm as follows: start with the CCF of the basal 
node N1, CCFN1. If the sum of CCFs of all immediate children of 
N1 (CCFC1) is larger than CCFN1, scale CCFC1 to equal CCFN1. 
Subtract CCFC1 from CCFN1 to get the clonal proportion value of 
N1, CPN1. Repeat until all tips of the tree are reached.

HLA Typing
HLA typing of patients, as well as identification of mutations in 

HLA genes, was performed with Polysolver v1.0.0.

Neoantigen Prediction and Analysis of Immunoediting
Neoantigens were predicted from mutation data using netMHC 

v4.0 or netMHCpan v4.1 where this failed. For the immunoediting 
analysis, tests were performed at the level of the patient. A 2 × 2 contin-
gency table was calculated for predicted neoantigens that look to have 
undergone loss, as well as nonsynonymous mutations that have under-
gone a loss. Loss of a neoantigen or mutation was defined relative to 
other samples from the same patient and was considered a loss if two 
or more other samples contained the neoantigen, while other samples 
had LOH and a lack of neoantigen/mutation call at the same locus.

For the analysis of immunoediting based on changes to the expres-
sion of neoantigenic loci, we used the same methodology as in ref. 87. 
Namely, the expression of neoantigens and mutations was defined in 
a binary manner, being expressed if there were more than four reads 
supporting the neoantigen in the RNA-seq data for a sample. Each 
tumor was considered separately in determining the overall counts 
for expressed versus nonexpressed neoantigens or mutations within 
a patient to account for changes in expression at the level of tumors. 
For example, for neoantigen x, tumors y and z could differentially 
alter the expression of x, even though x is at the same locus in both 
y and z.

Mutational Signature Analysis
Mutational signatures were estimated using the deconstructSigs 

package in R (88). Subclone-specific mutational signature analysis 
was restricted to subclones with at least 50 mutations.

RNA-seq Analyses
The sequencing data were analyzed using the nfcore/rnaseq pipe-

line (v3.0; ref.  89). First, the input FastQ files underwent quality 
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evaluation with FastQC (0.11.9) and adapter trimming with Trim-
Galore! (0.6.6). Next, the reads were aligned to the human reference 
genome GRCh37 and quantified with RSEM (1.3.1). SAMtools (1.10) 
was used to sort the Bam files generated by the alignment and gen-
erate mapping statistics. featureCounts was used to summarize the 
mapped read distribution over genomic features and count overlaps 
with different classes of genomic features. Further quality control 
was performed by RSeQC (3.0.1) and Qualimap (2.2.2dev). MultiQC 
(v1.10.1) was used to check for artifacts introduced by contamina-
tion. Two out of the 162 samples tested (both normal samples) 
had very high percentages of unalignable reads and were removed 
from subsequent analyses. Additionally, three samples showed high 
percentages of mitochondrial ribosomal RNA (>1%), indicating pos-
sible bacterial contamination; these were also removed. Differential 
expression analyses between tumor and normal tissue were per-
formed using VST-normalized expression values from DESeq2 (90), 
and using the geometric mean, these values within each hallmark 
gene set as input into a linear mixed-effects model, with tissue 
type (normal or tumor) and purity as fixed effects and patient as a 
random effect. For examining associations between expression of 
hallmark gene sets and the ploidy of samples, the geometric mean of 
VST-corrected expression values for genes in the gene set was taken, 
which was used as input to a linear mixed-effects model with ploidy 
and purity as predictors and patient as a random effect, accounting 
for grouping of patient samples.

RNA Fusion Calling
To identify RNA fusions, nf-core (89) rnafusion pipeline version 

2.1.0 was used. Briefly, RNA-seq reads were aligned to reference 
genome GRCh38 with STAR version 2.7.10a (91) to leverage the 
annotations of this build. STAR-Fusion version 1.10.1 (92) was used 
to detect fusions. Fusion calls were conservatively filtered by Left-
BreakEntropy  >0.3, SpanningFragCount  >1, and fusion fragments 
per million (FFPM) >0.2. Fusions were called subclonal in each case 
when they were found in <80% of samples.

Lesion-Specific Response to Treatment Analysis
Lesions were categorized as either progressing or not based on 

RECIST 1.1 criteria (93). A permutation-based GISTIC test was then 
performed to find regions that were significantly amplified or deleted 
in progressing versus nonprogressing lesions.

Assessing KIT Amplification and Evidence for ecDNA 
Using FISH

KIT amplification was determined using KIT/Con4 FISH probes 
(Empire Genomics) labeled with Orange-dUTP and Green-dUTP, 
respectively. Four-micrometer cryosections were generated using a 
cryostat set at −20°C (BRIGHT) from tumor cryoblocks matching 
tumor regions in which genomic profiles showed KIT amplification. 
The sections were first air-dried for 30 minutes and then placed in a 
3:1 methanol:acetic acid fixative for 5 minutes at room temperature. 
The sections were then hybridized with the FISH probes using the 
Dako Histology FISH Accessory Kit (Dako; K5799) according to the 
manufacturer’s instructions. Image acquisition was performed with a 
confocal microscope (Zeiss Invert880 with Airyscan). Z-stack images 
of single nuclei were taken and imported into Fiji for further analysis.

Data Availability Statement
Raw data are available under request on the European Genome-

phenome Archive (EGA) repository under accession number 
EGAS00001007081. Processed data used in this study are available at 
https://doi.org/10.5281/zenodo.7673904. The source data and code 
used to generate the figures can be found in https://github.com/ 
FrancisCrickInstitute/PEACE_melanoma_14_paper.
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