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Chromosomal instability in cancer consists of dynamic changes to the number and structure of 

chromosomes1,2. The resulting diversity in somatic copy number alterations (SCNAs) may provide 

the variation necessary for tumour evolution1,3,4. Here we use multi-sample phasing and SCNA 

analysis of 1,421 samples from 394 tumours across 22 tumour types to show that continuous 

chromosomal instability results in pervasive SCNA heterogeneity. Parallel evolutionary events, 

which cause disruption in the same genes (such as BCL9, MCL1, ARNT (also known as HIF1B), 

TERT and MYC) within separate subclones, were present in 37% of tumours. Most recurrent 

losses probably occurred before whole-genome doubling, that was found as a clonal event in 49% 

of tumours. However, loss of heterozygosity at the human leukocyte antigen (HLA) locus and 

loss of chromosome 8p to a single haploid copy recurred at substantial subclonal frequencies, 

even in tumours with whole-genome doubling, indicating ongoing karyotype remodelling. Focal 

amplifications that affected chromosomes 1q21 (which encompasses BCL9, MCL1 and ARNT), 

5p15.33 (TERT), 11q13.3 (CCND1), 19q12 (CCNE1) and 8q24.1 (MYC) were frequently 

subclonal yet appeared to be clonal within single samples. Analysis of an independent series 

of 1,024 metastatic samples revealed that 13 focal SCNAs were enriched in metastatic samples, 

including gains in chromosome 8q24.1 (encompassing MYC) in clear cell renal cell carcinoma 

and chromosome 11q13.3 (encompassing CCND1) in HER2+ breast cancer. Chromosomal 

instability may enable the continuous selection of SCNAs, which are established as ordered events 

that often occur in parallel, throughout tumour evolution.

Chromosomal instability (CIN) results from the occurrence and tolerance of chromosome 

segregation errors during cell division. CIN has been linked to poor prognosis5,6,78,9 and 

leads to SCNAs that may act as a substrate for selection1,3,4.

However, the prevalence of ongoing CIN later in tumour evolution2 and the temporal order 

of clonal and subclonal SCNAs in relation to whole-genome doubling (WGD) events and 

metastatic dissemination remain unclear.

Pan-cancer ongoing CIN and SCNA heterogeneity

We applied a multi-sample phasing SCNA analysis method (Extended Data Fig. 1a–c and 

Methods) to 1,421 cancer samples from 394 patients across 22 tumour subtypes (median 

3 samples per tumour; range 2–16 samples per tumour) (Extended Data Fig. 1d, e and 

Supplementary Table 1), to obtain SCNA heterogeneity at haplotype resolution. We used 

MEDICC10 to estimate the copy number states of the most-recent common ancestor 

(MRCA) of each tumour, which reflects the SCNAs that were acquired before subclonal 

diversification. In our analysis, 1,019 out of 1,421 samples were from primary tumours, 32 

were from post-treatment primary tumours, 7 samples were obtained after local relapse and 

363 samples were of metastatic origin. In each case, there were at least two samples per 

tumour and 152 tumours had at least one primary and at least one metastatic sample.

To explore CIN during cancer evolution, we quantified the total proportion of the genome 

affected by SCNAs and the proportion of clonal, early SCNAs, compared with subclonal, 

late SCNAs (Fig. 1a–d). We identified clonal SCNAs in every tumour (Fig. 1c) and found 

that 99% of tumours (390 out of 394) had at least one subclonal SCNA (Fig. 1b). A 

median of 26% of the genome was subject to clonal SCNAs and 18% to subclonal SCNAs. 
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In 45% of tumours, more than 20% of the genome was subject to subclonal SCNAs, 

which highlights that ongoing CIN is pervasive. However, this is probably an underestimate 

of CIN as only a small proportion of each tumour is sequenced. Consistent with this, 

we observed a significant correlation between the number of samples per tumour and 

SCNA heterogeneity (Extended Data Fig. 2a). Analysis of triple-negative breast cancer, 

oesophageal adenocarcinoma and clear cell renal cell carcinoma showed a significant 

association between median purity (Fig. 1e) and the proportion of the genome that is 

affected by subclonal SCNAs in these tumour types (Extended Data Fig. 2b), indicating that 

tumour purity may interfere with the estimation of SCNA clonality.

The timing of SCNAs varied across tumour types (Fig. 1a–c and Extended Data Fig. 2c). 

Despite a comparable total proportion of the genome affected by SCNAs between lung 

adenocarcinoma (LUAD) and HER2+ breast cancer (57% compared with 58%, respectively; 

P = 0.81, effect size = 0.05), in LUADs a larger proportion of SCNAs were clonal, whereas 

HER2+ breast cancers showed a higher proportion of subclonal SCNAs (28% and 44% 

in LUAD and HER2+ breast cancer, respectively; P = 8.1 × 10−3, effect size = 0.59; the 

analysis was also controlled for sample number) (Extended Data Fig. 2d).

Consistent with increased proliferation in CIN tumours, the total, clonal and subclonal 

SCNA burden correlated with both increased cell cycle gene expression in 58 non-small 

cell lung cancers (NSCLCs) for which RNA sequencing data were available and with an 

increased mitotic index score in 83 NSCLCs for which digitized diagnostic slides were 

available (Methods, Extended Data Fig. 3a–h, Supplementary Table 2). Furthermore, in 

the 83 NSCLCs with mitotic index scores, the estimates of tumour volume, which were 

derived from preoperative computed tomography scans, were found to correlate with the 

total and subclonal proportion of the genome affected by SCNAs, and these associations 

remained significant when controlling for sample number (Extended Data Fig. 3i–l). 

Finally, anisonucleosis—a measure of variation in the size of the nucleus (Methods) that 

is prognostic in NSCLC11,12—was associated with increased total and clonal SCNA burden, 

but not with subclonal SCNA burden (Extended Data Fig. 3m–p and Supplementary Table 

2).

In total, 57% of tumours exhibited WGD (Methods), which occurred as a clonal event in 

87% of these tumours (Extended Data Fig. 4a). WGD was associated with an increased 

burden of clonal and subclonal SCNAs compared with non-WGD tumours (clonal, P = 

1.36 × 10−34, effect size = 1.15; subclonal, P = 4.67 × 10−9, effect size = 0.6) (Methods 

and Extended Data Fig. 4b). Using multi-sample phasing, we investigated the presence 

of mirrored subclonal allelic imbalance7, which results from SCNAs that disrupt the 

same genomic region but affect different parental alleles within separate tumour subclones 

(Methods). WGD tumours were enriched in mirrored subclonal allelic imbalance events 

compared with non-WGD tumours (P = 1.2 × 10−10, effect size = 0.67) (Methods and 

Extended Data Fig. 4b). In tumours with subclonal WGD, we observed a higher frequency 

of SCNAs in subclones that were affected by WGD compared with their non-WGD sister 

clones (P = 9.5 × 10−3, effect size = 0.59, paired Student’s t-test) (Extended Data Fig. 4c), 

thus accounting for germline and somatic alterations as confounding variables.
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Evolution of the SCNA landscape

To investigate the degree to which the SCNA landscape is shaped by neutral evolution or 

selection, we analysed whether the propensity for each chromosome arm to be gained or 

lost during tumour evolution was related to the density of tumour-suppressor genes (TSGs) 

and oncogenes (OGs) that are encoded on each chromosome arm, as captured by the OG–

TSG score3. Consistent with ongoing selection, the OG–TSG score significantly correlated 

with the burden of arm-level alterations in the MRCA (Fig. 2a) as well as with subclonal 

arm-level alterations (Fig. 2b and Extended Data Fig. 4d–f). No relationship between the 

average change in clonal or subclonal chromosome copy numbers and the size of the 

chromosome arm was observed (Extended Data Fig. 4g–j).

To understand the subclonal SCNA dynamics within each tumour, we adapted our previous 

model that predicts population karyotypes over time13,14. We used arm-level copy number 

profiles from the MRCA of each tumour as the starting point and compared how different 

iterations of the model predicted the observed subclonal tumour karyotypes (Fig. 2c, 

Methods and Extended Data Fig. 5a, b). We compared three conditions; first, a condition in 

which karyotypes with a higher oncogenic or tumour-suppressive propensity were favoured 

or unfavoured, respectively, using the relative OG–TSG scores3 (weighted model); second, 

a model in which chromosome arms were treated equally (neutral model); and third, a 

condition in which the OG–TSG scores were randomly permuted (scrambled model). On 

average, the weighted model predicted the trajectory of subclonal SCNA more accurately, 

outperforming the two other models, as shown by significantly reduced deviance scores (Fig. 

2c, d and Extended Data Fig. 5c–g) irrespective of the rate of chromosome missegregation or 

the number of cell divisions (Extended Data Fig. 5h–q).

Collectively, these data suggest that CIN enables continuous selection that is driven by the 

relative dosage imbalance of oncogenes and tumour-suppressor genes and that WGD may 

support further genome remodelling during later stages of tumour evolution. However, in 

41% of our cohort the neutral or scrambled models outperformed the weighted model, which 

potentially reflects the evolution of a neutral karyotype or the need for tumour-type-specific 

chromosome arm weightings15,16. We found more evidence for subclonal selection in 

WGD tumours (the weighted model outperformed the neutral or scrambled models in 64% 

of WGD, 59% of subclonal WGD and 54% non-WGD tumours), which is consistent with 

WGD being a transformative event during tumour evolution13,14,17 (Fig. 2d and Extended 

Data Fig. 5f, g).

Evolution of clonal SCNAs

To decipher SCNA timing, we used GISTIC2.0 to identify recurrent SCNAs present in 

at least two tumour types (Methods, Extended Data Figs. 6a–h, 7a–e and Supplementary 

Table 3). We designated these as consensus peak regions and assigned each peak region to 

distinct evolutionary timing categories: early, intermediate or late (Fig. 3a, b and Methods). 

SCNAs that overlap with early peak regions may be implicated in tumorigenesis. SCNAs 

that overlap with intermediate or late peak regions may be involved in tumour maintenance 

and progression. Recurrent clonal and subclonal arm-level gain or loss SCNAs for each 
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tumour type were identified using permutation testing (Methods and Supplementary Table 

4).

We observed differences in evolutionary timing between peak regions that were associated 

with gains (gain peaks) and those with losses (loss peaks). Loss peaks were significantly 

more likely to be early compared with gain peaks (P = 6.8 × 10−8, effect size = 0.57; 

Extended Data Fig. 8a). Similarly, a higher proportion of recurrent arm-level losses were 

clonal compared with arm-level gains (P = 2.8 × 10−9, effect size = 0.77) (Extended 

Data Fig. 8b, c). Gain-peak regions were enriched in known oncogenes, whereas loss-peak 

regions were enriched in known tumour-suppressor genes (Extended Data Fig. 8d). Early 

loss-peak regions were also enriched in chromosomal fragile sites (Extended Data Fig. 8e), 

suggesting that some loss peaks may not be functionally important.

Frequencies of clonal SCNAs that affected early peak regions exceeded the frequency of 

clonal somatic driver point mutations and small insertions or deletions (indels) in cancer

associated genes (Fig. 3b and Extended Data Fig. 8f). The loss peak on chromosome 

17p13.3−q11.2—which encompasses TP53—was classified as early in 9 out of 13 tumour 

types and classified as late only in KIRC (74% subclonal). In three tumour types (HER2+ 

breast cancer, lung squamous cell carcinoma (LUSC) and triple-negative breast cancer 

(TN BRCA)) more than 90% of tumours exhibited clonal loss of heterozygosity (LOH) 

at chromosome 17p13.1, which suggests that loss is required for tumorigenesis in these 

tumour types. Across tumour types, TP53 LOH was clonal rather than subclonal in 92% 

of WGD tumours when observed, indicating that TP53 LOH potentially enables tolerance 

for WGD18. In KIRC, loss or LOH of chromosome 3p26.3–p12.1, as well as LOH at 

the VHL locus, were early events (clonal LOH in 98% of KIRCs) (Extended Data Fig. 

6h). Other high-frequency clonal peaks within individual tumour types included gains at 

chromosome 17q12−q21.2, which encompasses ERBB2, in HER2+ breast cancer (61% 

prevalence, 82% clonal), chromosome 3p LOH in LUSC (100% prevalence, 97% clonal) and 

gains in chromosome 7p11.2, which encompasses EGFR, in LUAD (63% prevalence, 72% 

clonal).

We reasoned that a genomic loss that occurred before WGD must lead to LOH with 

complete loss of the minor allele. Conversely, single losses that occurred after WGD will not 

lead to LOH. On average, across the cohort, 94% of clonal losses that overlapped early loss 

peaks involved LOH, which suggests that recurrent clonal loss events usually precede WGD.

The timing of other peak regions was variable between tumour types. For example, the loss 

peak at chromosome 4q35.2, which encompasses FAT1, was early in triple-negative breast 

cancer (88% prevalence, 80% clonal), intermediate in ER+ breast cancer (58% prevalence, 

64% clonal) and late in HER2+ breast cancer (61% prevalence, 27% clonal) (Fig. 3b).

Evolution of subclonal SCNAs

We next analysed which specific subclonal SCNAs were recurrent during tumour evolution. 

The gain peaks with the highest frequencies, including chromosomes 1q21.1–q21.3 (which 

encompasses BCL9, MCL1, and ARNT) and 5p15.33–p15.32 (which includes TERT), 
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varied in timing across tumour types. For example, in LUAD, 80% of gains in chromosome 

5p15.33–p15.32 were clonal, whereas most gains in chromosome 5p15.33–p15.32 were 

subclonal in KIRC (76% subclonal), ER+ breast cancer (89% subclonal) and glioma (90% 

subclonal) (Fig. 3b). In LUSC, the timing of TERT gains was related to both its focality 

and amplitude; the majority of low-level gains were both clonal and arm-level (13 out of 21 

tumours) whereas high-level TERT amplifications were often subclonal and focal (10 out of 

11 tumours). This may reflect augmentation of gene dosage during evolution, with low-level 

TERT gain selected clonally, followed by a high-level amplification that is selected in a 

subset of cancer cells later in tumour evolution.

The gain peak in chromosome 19p12−q12 (which encompasses CCNE1) was late or 

intermediate in 10 out of 13 tumour types. High-level amplifications of CCNE1 (more than 

2× ploidy), which was previously associated with WGD1,19, occurred exclusively in WGD 

tumours. CCNE1 amplification was subclonal in 9 out of 20 tumours with clonal WGD, 

which suggests that CCNE1 amplification may be selected for both before and after WGD.

Parallel evolution of SCNA events, which reflect events that occurred in distinct subclones 

within individual tumours and that converged on a similar evolutionary solution, was 

observed in 146 out of 394 (37%) tumours (Fig. 3c and Extended Data Fig. 9a). 

Allele-specific expression tracked parallel evolutionary events that originated from distinct 

haplotypes in samples with matched multi-sample RNA sequencing data (ρ = 0.89, P = 1.75 

× 10−15, Spearman correlation) (Extended Data Fig. 9b, c).

Consistent with positive selection, parallel gains were significantly more focal than non

parallel subclonal gains (P = 7.1 × 10−3, effect size = 0.1). The most prominent parallel 

gains included those overlapping chromosomes 1q21.3–q44, which encompasses BCL9, 

MCL1 and ARNT, 5p15.33 which includes TERT, and 8q24.1, which encompasses 

MYC (Fig. 3c and Extended Data Fig. 9a). The most common parallel loss events 

included chromosomes 14q (14q32.33 (encompassing ASPP1) and 14q11.2 (encompassing 

NDRG2)), 10q and 9p (Extended Data Fig. 9a).

Subclonal LOH after a clonal WGD event occurs through more than one loss event of the 

same allele after the doubling event (Extended Data Fig. 9d). The HLA locus (chromosome 

6p21.3) represented a clear peak of subclonal LOH in WGD samples, which affected 

22% of the cohort, indicating that two loss events of the same alleles after WGD within 

the subclone occurred (Extended Data Fig. 9e). HLA LOH was prevalent as a subclonal 

event in KIRC, breast cancer, bladder urothelial carcinoma, endometrial carcinoma and 

oesophageal adenocarcinoma (Methods and Extended Data Fig. 9f) in addition to NSCLC 

as previously reported20. One exception was melanoma (SKCM), which is characterized 

by a high mutational burden and improved overall survival after checkpoint inhibitor 

blockade21. SKCM exhibited a low frequency of HLA LOH (0% clonal, 3% subclonal). 

The most prevalent recurrent clonal arm-level gain event in SKCM was 6p, which as well 

as encompassing the HLA locus, also contains the melanoma metastasis-associated gene 

NEDD9 22 at chromosome 6p24.2, which may constrain subsequent HLA loss (Extended 

Data Fig. 7d).
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In a diploid cancer cell, any loss results in LOH. If this cell undergoes WGD, the LOH will 

be maintained and the remaining allele is duplicated, which leads to a total copy number of 

two. Notably, in the case of clonal chromosome 8p23.3–p12 loss, we observed a peak region 

of haploid LOH in WGD tumours, with only a single copy (Extended Data Fig. 9d). This 

haploid, single-copy LOH strongly suggests that a loss event of one of the two remaining 

copies occurred after WGD. Loss of chromosome 8p23.3–p12 was most prominent in breast 

cancer, in which this loss has been linked to a chromosome-dosage effect and has been 

shown to influence lipid metabolism and metastatic potential23.

Late-emerging subclones may seed metastases

Finally, we explored associations between SCNAs and metastasis. Consistent with previous 

research24, a higher proportion of the genome was affected by SCNAs in metastatic samples 

(n = 178 patients) compared with primary tumour samples (n = 366 patients) (P = 5.3 

× 10−3, effect size = 0.25) (Extended Data Fig. 10a). This remained significant after 

controlling for tumour type and when considering comparisons of both paired and unpaired 

primary tumours and metastases (Extended Data Fig. 10b) with LOH events showing the 

greatest increase from primary tumour to metastasis compared with gains or losses without 

LOH (Extended Data Fig. 10c). No significant increase in ploidy was observed between 

matched primary tumour and metastatic samples in the cohort as a whole, or in any 

individual tumour type.

Consistent with an evolutionary bottleneck, SCNAs were found to be more frequently clonal 

in metastases compared with primary tumours (Extended Data Fig. 10d). Indeed, in all 22 (5 

ER+, 5 HER2+, and 2 TN BRCA as well as 5 KIRC, 2 LUAD, 1 SKCM, 1 papillary renal 

cell carcinoma and 1 lung carcinoma) tumours for which we had multiple primary tumour 

and matched metastatic samples, we identified SCNAs that were present as minor subclones 

within the primary tumour yet fully clonal in the metastasis. In 77% of tumours (116 out 

of 151) with at least one LOH event and paired primary tumour–metastasis samples, the 

majority of LOH was found to be shared between primary tumour and metastatic samples, 

with a median of 74% shared events. This suggests that there is a relatively late divergence 

of the metastatic clone relative to the MRCA in many tumours after WGD (Methods and 

Extended Data Fig. 10e).

To evaluate the relative importance of specific SCNAs in metastasis, we focused on 

recurrent SCNAs and performed a combined analysis using both paired analyses of 74 

tumours with matched primary and metastatic samples, and unpaired analyses of 2,631 

primary tumour samples from The Cancer Genome Atlas (TCGA) and 1,024 metastatic 

samples from the Hartwig Medical Foundation (HMF) for the four tumour types (HER2+ 

breast cancer, ER+ breast cancer, LUAD and KIRC) for which sufficient primary tumour–

metastasis pairs were available. Distinct patterns of SCNA metastatic dissemination were 

observed in different tumour types. In ER+ breast cancer, HER2+ breast cancer and LUAD, 

the majority of the recurrent arm-level events that were enriched in metastasis relative to 

the primary tumours were clonal events (Extended Data Fig. 10f–h). Conversely, in KIRC, 

which also had the lowest proportion of shared LOH between primary tumour and metastatic 

samples, most recurrent arm-level events that were enriched in metastatic samples were 
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subclonal events (Extended Data Fig. 10i), which suggests that these arm-level events are 

associated with metastatic potential in a limited number of cells within the primary tumour.

The early loss peak in chromosome 1p36.23–p36.12, which encompasses EPHA2, and the 

early loss peak in chromosome 17p13.3–q11.2, which encompasses TP53, were enriched 

in metastatic samples compared with primary tumour samples in ER+ breast cancer and 

HER2+ breast cancer (Fig. 4). In LUAD, two early loss consensus peak regions were 

significantly enriched in metastases (chromosomes 17p13.3–q11.2 (which encompasses 

TP53) and 19p13.3 (which encompasses STK11)), consistent with the idea that these early 

events in tumour evolution contribute to the metastatic potential of the tumour.

By contrast, other consensus peak regions that were enriched in metastases were classified 

as intermediate or late events (Fig. 4). Examples include the loss of chromosomes 14q32.33, 

6q21 (which encompasses PRDM1), 6q14.1 and 10q26.3 (which encompasses MGMT) in 

HER2+ breast cancer, and loss of chromosomes 4q35.2 (which encompasses FAT1), 9p24.3–

p21.1 and gain of chromosome 8q21.3–q24.3 in KIRC. In KIRC gain of chromosome 

8q21.3–q24.3—which encompasses MYC—was highly enriched in our combined analysis 

as well as exclusively identified in the metastatic samples of our matched primary 

tumour–metastasis pairs. Notably, loss of chromosome 9p24.3–p21.1, which encompasses 

CDKN2A, was a late metastasis-associated event in KIRC, whereas in ER+ and HER2+ 

breast cancers, in which the loss of chromosome 9p24.3–p21.1 was also significantly 

associated with metastasis, this loss was predominantly early. Similarly, gain of chromosome 

11q13.2–q13.5, which encompasses CCND1, was an early event in ER+ breast cancer, an 

intermediate event in HER2+ breast cancer and associated with metastasis in both tumour 

types.

Together, these results highlight the importance of early and continuous SCNA acquisition 

during tumour evolution and their potential importance during the transition to metastasis.

Discussion

Clonal and subclonal SCNAs are pervasive across tumour types and tend to occur as ordered 

events, which potentially reflects the continuous optimization of the fitness landscape 

throughout tumour evolution. WGD is a transformative event in tumour development, which 

is associated with the acquisition of clonal and subclonal SCNAs. LOH events that affected 

tumour-suppressor genes (including TP53) frequently preceded WGD, whereas recurrent 

gains (for example, in CCNE1) frequently followed WGD and were more likely to be 

subclonal.

The subclonal landscape of SCNAs is sculpted by both positive and negative selection, 

as well as neutral evolution. In a minority of tumours, our results are consistent with 

subclonal karyotypic evolution that reflected neutral growth15,16. However, particularly in 

tumours with WGD, SCNA evolution was better recapitulated using models that included 

positive and negative selection (Fig. 2d). Positive selection was further shown by recurrent 

peaks of subclonal amplifications, which were enriched in established oncogenes, subclonal 

losses that resulted in LOH, even after WGD, and parallel evolution of SCNAs. These 
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data are consistent with documented parallel and convergent evolution of SCNAs7,25,26,27. 

Finally, recurrent focal subclonal SCNAs—including gains encompassing oncogenes such 

as CCND1 and MYC—were enriched at metastatic sites, suggesting that focal subclonal 

SCNAs have a potential role in metastasis. Consistent with this, MYC was recently 

described as a driver of brain metastasis in LUAD28. Certain early clonal SCNAs 

were enriched in metastases. These may be necessary but not sufficient for metastatic 

dissemination as most LOH events were shared between primary and metastatic samples, 

which suggests a late divergence of the metastatic clone, often after WGD.

Our work has limitations. Detection of recurrent SCNAs is not necessarily indicative of 

selection and may result from other processes that drive tumour progression, such as DNA 

repair dysfunction or the presence of adjacent fragile sites. Indeed, the higher frequency of 

recurrent SCNAs compared with driver point mutations may not reflect selection. However, 

we only found an association of fragile sites with early loss peak regions. Extrachromosomal 

DNA may also contribute to the subclonal SCNA amplification events that were observed29. 

The number of tumour samples, their sequencing depths and the lack of an extensive cohort 

of paired primary tumour and metastatic samples or single-cell sequencing data influence 

the degree to which subclonal heterogeneity can be deciphered, suggesting that the extent 

of diversity is underestimated. The lack of uniform clinical data collection and central 

pathology review prevented a detailed analysis of clinically relevant parameters. We are 

endeavouring to address these deficiencies within TRACERx7.

In conclusion, our work highlights the importance of ongoing CIN during tumour evolution 

and metastasis. As our functional understanding of the propensity for different chromosomes 

to missegregate30 and the extent to which chromosomal alterations may be deleterious or 

advantageous to the cancer cell improves17, it will be possible to refine the parameters of 

selection models and improve the ability to detect novel SCNA drivers, which may drive 

metastatic dissemination and death.

Methods

Statistical information

The experiments were not randomized and investigators were not blinded to allocation 

during experiments and outcome assessment. All statistical tests were performed in R 

version 3.6.1. No statistical methods were used to predetermine sample size. Tests involving 

correlations were done using the Spearman’s method. Tests involving comparisons of 

distributions were done using ‘wilcox.test’ or ‘t.test’ using the unpaired option, unless 

otherwise stated. For all statistical tests, the number of data points included are plotted 

or annotated in the corresponding figure legend. Effect sizes were calculated using the 

standardized means difference.

Whole-exome sequencing

All whole-exome sequencing (WES) data were processed from FASTQ, as previously 

described7. Copy number segmentation, tumour purity and ploidy for each sample were 

estimated using ASCAT31 version 2.3 and were used in our multi-sample SCNA clonality 
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approach (see below). A subset of the WES cohort evaluated in this study comes 

from the first 100 patients prospectively analysed by the lung TRACERx study (https://

clinicaltrials.gov/ct2/show/NCT01888601, approved by an independent research ethics 

committee, 13/LO/1546) and mirrors the previously described prospective 100 patient 

cohort7.

Whole-genome sequencing

Copy number segmentation, tumour purity and ploidy for each sample were estimated 

with Battenberg as previously described32,33,34,35,36,37 and used as input for downstream 

clonality analyses (see below).

Single-nucleotide polymorphism arrays

Copy number segmentation, tumour purity and ploidy for each sample assayed using single

nucleotide polymorphism (SNP) arrays15,38 were estimated using ASCAT31 version 2.3 and 

were then used for downstream clonality analyses (see below).

RNA sequencing

RNA sequencing data from 58 tumours from the TRACERx-100 cohort were used39. 

FASTQ data underwent quality control and were aligned to the hg19 genome using STAR40. 

Transcript quantification was performed using RSEM41 with default parameters.

Allele-specific expression

Allele-specific expression was obtained using phASER42. Allele-specific expression of 

heterozygous SNPs identified by Platypus43 version 0.8.1 analysis of WES data and with 

at least eight supporting RNA sequencing reads was used in allelic imbalance in expression 

analysis. Allelic imbalance in expression of each SNP was determined by a binomial test 

of allele-specific expression with a significance threshold of P < 0.05. Allelic imbalance in 

expression intratumour heterogeneity was calculated per gene, where allelic imbalance in 

expression intratumour heterogeneity is declared when some but not all samples of a tumour 

have allelic imbalance in expression. DNA allelic imbalance intratumour heterogeneity per 

gene was declared when some but not all samples of a tumour assayed with WES exhibited 

allelic imbalance.

Cancer-associated gene single-nucleotide variants and indel calls

Single-nucleotide variants (SNV) and indel calls and their clonality, classed as driver 

mutations in the respective publications that we have reanalysed as part of multi-sample 

cohort (Supplementary Table 1), were collated.

Definition of cancer-associated genes

Cancer-associated genes from a previous study44 (including oncogene and tumour 

suppressor classifications) that were defined on the basis of statistical analyses of only 

SNVs were used. Therefore, these can be considered orthogonal to cancer-associated genes 

identified through SCNA analysis.
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Cancer-associated genes from COSMIC45 version 75 and genes from STOP and GO3 within 

consensus peaks of SCNA (see ‘GISTIC2.0 peak definition’, ‘GISTIC2.0 consensus peak 

definition’ and ‘Consensus peak timing’) were used for annotation but not enrichment 

analyses (see ‘Cancer-associated gene and fragile site enrichment’).

Definition of B-allele frequency

When analysing next-generation sequencing, the ‘B’ allele is the non-reference allele that 

is found at the position of a germline heterozygous SNP. The B-allele frequency (BAF) 

is defined as the proportion of the reads that carry the B allele (that is, the non-reference 

allele). In SNP arrays, BAF is defined as cases in which there are two probes (an A probe, 

which is generally the reference sequence, and a B probe) that cover a specific position and 

is a normalized measure of the allelic intensity ratio of the A and B probes.

SCNA estimation using multi-sample phasing

Multi-sample phasing uses the allelic imbalance that results from SCNAs causing an 

unequal copy number of homologous chromosomes at a genomic location to obtain a 

phasing of heterozygous SNPs. In regions of allelic imbalance, the heterozygous SNP BAF 

separates into two distributions. The identities of the heterozygous SNPs in each of these 

two distributions in the same genomic region will be consistent across samples from the 

same tumour as SCNAs will not alter the mapping of heterozygous SNPs to each original 

homologous chromosome. Our approach uses a phasing derived from an area of allelic 

imbalance in one sample and applies it to the same genomic region in another sample from 

the same tumour.

For all samples, manual verification of the automatically selected models for ploidy, 

purity and the resulting copy number segmentation that were produced by ASCAT31 or 

Battenberg33 was performed. Samples that had insufficient purity or unreliable copy number 

profiles were excluded. Only copy number segmentation from autosomes was included in 

the study. We then defined a tumour consensus segmentation profile, CS, by combining 

breakpoints from each SCNA segmentation profile of each individual tumour sample. For 

each segment csi of the CS from a tumour, we examined the allelic imbalance to determine 

whether multi-sample phasing could be applied if that genomic region was described to have 

allelic imbalance by ASCAT31 or Battenberg33 and it contained at least five heterozygous 

SNPs.

For each csi, the sample with the most bimodal distribution of BAF (ranked by the P value 

from Hartigans’ dip test statistic46 from the package ‘diptest’47 and then a measure of mean 

absolute deviation of the BAF in that segment from 0.5) is chosen as the reference sample 

that provides a phasing for all other samples.

We then estimate the phased A allele and the phased B allele copy number at each 

heterozygous SNP position, using the following equations, with the log2[R] value at the 

same position. Using these estimates, the phased allele specific copy number (cpn) is 

estimated for each csi of CS across all samples.
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cpnA = ρ − 1 + 2
log2[R]

γ (1 − BAF )(2(1 − ρ) + ρψ)
ρ

cpnB = ρ − 1 + 2
log2[R]

γ BAF (2(1 − ρ) + ρψ)
ρ

where ρ is tumour sample purity, ψ is tumour sample ploidy and γ accounts for. 

technological differences and refers to the compaction of log2[R] profiles.

SCNA classifications relative to sample ploidy

Three thresholds were used to identify four possible copy number states relative to ploidy: 

amplification, gain, neutral and loss. Each segment with ≥5 log2[R] values in all samples of 

a tumour was examined relative to log2[R] thresholds (termed log2[R]exp). These thresholds 

represent an expected ‘raw’ or continuous log2[R] estimate of total copy number adjusted to 

the values of purity and ploidy of that sample (see equations below).

log2[R]amp = log2(4
2)

log2[R]gain = log2(2 . 5
2 )

log2[R]gain = log2(1 . 5
2 )

log2[R]exp = log2(2 × (1 − ρ) × ρ × ψ × 2tℎresℎold
2 × (1 − ρ) + (ρ × ψ) )

Equations describe the ploidy- and purity-dependent copy number thresholds, where ρ is 

tumour sample purity and ψ is tumour sample ploidy.

The log2[R] values within a segment are then compared to each of these thresholds 

using a one-tailed Student’s t-test, ensuring that they are higher than the threshold when 

amplifications and gains are examined and lower when losses are examined with a P < 

0.01 threshold. An amplification, gain or loss passing its respective threshold in a sample 

is considered to be clonal within that sample. The >2× ploidy threshold is the same 

threshold used for clinical decision making in HER2+ breast cancer using fluorescence 

in situ hybridization samples48.

To enable comparisons across tumours, segments were mapped to hg19 cytobands. If 

multiple segments mapped to a cytoband, the SCNA status of the segment with the largest 

overlap with the cytoband was chosen.

Detection of mirrored subclonal allelic imbalance

To detect subclonal allelic imbalance from independent SCNAs in distinct subclones, or 

mirrored subclonal allelic imbalance7, we used previously described methods 7. In brief, 

we used one tumour sample as a reference sample for multi-sample phasing, and explored 

whether multiple samples had the major allele—the haplotype with the higher frequency—
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which was derived from distinct haplotypes in two different samples from the tumour of a 

patient.

Detection of parallel SCNA evolution

We define parallel SCNA evolution as the same class of event (gain/amplification or loss/

LOH) in multiple samples from an individual tumour but with major alleles from distinct 

haplotypes in the samples that had the event.

If SCNAs that affect the same genomic loci originate from different haplotypes within the 

tumour of the same patient, they are independent and therefore subclonal. A subset of these 

will also show parallel evolution when they result in the same class of copy number change 

relative to ploidy. We used SCNA classifications relative to sample ploidy (see ‘SCNA 

classifications relative to sample ploidy’) with our detection of mirrored subclonal allelic 

imbalance (see ‘Detection of mirrored subclonal allelic imbalance’) and identified tumours 

in which gains/amplifications from distinct haplotypes and loss/LOH events from distinct 

haplotypes in different samples were found. Manual review of events under one megabase 

in size was performed. The number of tumours with parallel events overlapping at least 

one cytoband within a consensus peak region was reported in Fig. 3c. Across-genome plots 

at the single cytoband level showing the proportion of the cohort affected by instances of 

parallel evolution overlapping each cytoband are shown in Extended Data Fig. 9a.

SCNA intratumour heterogeneity and clonality definitions

We quantified multi-sample phasing estimates of allele-specific SCNA clonality using our 

classifications relative to ploidy, mirrored subclonal allelic imbalance and LOH detection. 

The following definitions were used.

Clonal amplification, all tumour samples demonstrate amplification.

Subclonal amplification, at least one, but not all, samples of the tumour showed 

amplification.

Clonal gain, every sample analysed from the tumour showed gain or amplification.

Subclonal gain, one or more but not all samples analysed from the tumour had a relative to 

ploidy classification of gain or amplification.

Clonal loss, either all samples from the tumour had a loss relative to ploidy or all samples 

demonstrate LOH. A sample may have both LOH and a loss relative to ploidy and still count 

towards either of these definitions.

Subclonal loss, at least one or more but not all samples had a loss or at least one or more but 

not all regions had LOH.

WGD estimation

WGD estimation was performed as previously described7 (Supplementary Methods). All 

WGD estimates were manually reviewed.
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Permutation test for recurrence of SCNA across tumours

A background rate was calculated and thresholds established for calling significance. 

Specifically, to determine significant clonal losses, for each tumour, the proportion of the 

genome subject to loss was determined. This value was taken as the probability of a loss 

event in each tumour. Based on this probability it was possible to separately generate an 

aberration state (loss or no loss) for each tumour and calculate the proportion of tumours that 

showed a loss. By repeating this process 1,000 times it was possible to obtain a background 

distribution that reflects the expected likelihood of loss events. Using this background 

distribution, a 0.05 significance loss threshold was established for which less than 5% of 

simulations exceeded that level of loss. The same procedure was used to establish thresholds 

for gains. Thresholds for each tumour type were established for (1) clonal SCNAs; (2) 

subclonal SCNAs; and (3) mirrored subclonal allelic imbalance.

Arm-level SCNA definition

Recurrent arm-level SCNAs were defined for four categories: clonal gain, subclonal gain, 

clonal loss/LOH and subclonal loss/LOH at P = 0.05 (see ‘Permutation test for recurrence 

of SCNA across tumours’). A significant arm-level event was defined as being present if 

at least 75% of the chromosome arm (defined at the cytoband level) was found to affect 

the cohort at a frequency above the significance threshold of 0.05 (see ‘Permutation test for 

recurrence of SCNA across tumours’).

For each tumour type, each arm-level SCNA was classified as one of three distinct 

evolutionary timing categories: early (clonal in more than two-thirds of tumours), late 

(subclonal in more than two-thirds of tumours) and intermediate timing (less than two-thirds 

clonal and less than two-thirds subclonal).

Post-WGD haploid LOH

Significantly recurrent areas of single-copy LOH were identified using the permutation test 

(see ‘Permutation test for recurrence of SCNA across tumours’) applied to copy number 

segments that showed single-copy LOH from WGD samples.

HLA LOH detection

The algorithm LOHHLA20 was used to identify LOH at the HLA locus. LOHHLA was 

applied to all WES data in the cohort, with default settings.

GISTIC2.0 peak definition

We generated summary SCNA profiles for each tumour that corresponded to either clonal 

SCNA or subclonal SCNA (Supplementary Methods).

The allele-specific copy number values present in the copy number segmentation for all 

samples were first transformed to match the non-allele-specific ‘seg_CN’ format expected 

by GISTIC2.0. Following the previously outlined procedure1, we normalized the total copy 

number by the ploidy of the corresponding sample.

This was performed with the following equation, where ψ represents tumour sample ploidy:
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seg CN = log2(cpnA + cpnB
ψ )

For details on the incorporation of LOH see Supplementary Methods.

GISTIC2.0 consensus peak definition

GISTIC2.049 was run on clonal and subclonal input from all tumour types with 10 or more 

tumours in our multi-sample cohort, with default settings (see ‘GISTIC2.0 peak definition’ 

and Supplementary Methods). The clonal and subclonal gain and loss peaks were mapped to 

the affected hg19 cytobands.

Cytobands that were identified as significant in both the clonal and subclonal GISTIC2.0 

runs for the same tumour type were only included as significant subclonal events if 

they were also identified as a significant subclonal event in a separate permutation-based 

analysis to identify subclonal recurrence within that tumour type (see ‘Permutation test for 

recurrence of SCNA across tumours’).

Finally, a cytoband was identified as part of a consensus peak region of either gain or loss 

if it was present in at least four GISTIC2.0 clonal or subclonal peaks of the same type 

(gain/loss) as well as present in at least two tumour types.

Consensus peak timing

Consensus peak regions of SCNA were examined across all copy number data from all 

tumours in our cohort. For each tumour type, each consensus peak region was classified as 

one of three distinct evolutionary timing categories: early (SCNA overlapping a peak region 

that was clonal in more than two-thirds of tumours), late (SCNA overlapping a peak region 

that was subclonal in more than two-thirds of tumours) and intermediate timing (SCNA 

overlapping peak regions that were less than two-thirds clonal and less than two-thirds 

subclonal).

Ancestral reconstruction and phylogeny inference

We used MEDICC10 to reconstruct the phylogenetic trees of the tumour of each patient from 

allele-specific copy number profiles and to infer the allele-specific copy number profile of 

the MRCA.

Creation of arm-level input for Markov chain modelling

The allele-specific integer copy number profiles for all samples of a single tumour were used 

as input to MEDICC10 to create an integer copy number profile of the inferred MRCA. For 

each chromosome arm, the mean total copy number rounded to the nearest integer, weighted 

by segment size, was determined. This MRCA arm-level total copy number summary was 

used as the starting point for the Markov chain modelling for that tumour.
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Description of the Markov chain model that incorporates arm-level events

We adapted a Markov chain model that we have described previously14 that keeps track 

of the distribution of the number of copies of a given chromosome arm (Supplementary 

Methods).

Markov chain model parameters

The values of the basic model parameters were based on the previously developed model14. 

Other parameter values, such as pGD (probability of WGD) and g (number of generations), 

were empirically derived to minimize the deviance between the predicted and actual copy 

numbers. Robustness analysis (Extended Data Fig. 5) indicated that our primary conclusion

—that the model with scores outperforms the model without scores—is robust over a wide 

range of WGD rates pGD, number of generations g and chromosome missegregation rates 

pmisseg (Supplementary Methods).

Incorporation of OG–TSG scores in Markov chain modelling

At each generation, each cell in the colony dies spontaneously with certain probability 1 − 

Qsurv. To compute Qsurv, we use a formula similar to equation (1) of a previously published 

study14 (Supplementary Methods).

Investigation of Markov chain modelling results

For each sample, the model was run on the initial data of each tumour (the arm-level total 

copy number summaries for the MRCA), with parameter values for pmisseg (missegregation 

rate), pGD (probability of WGD), g (number of generations).

In order to assess the Markov chain modelling output, the weighted mean total copy number 

by segment size state of each chromosome arm was calculated for each sample of the 

tumour and the values rounded to the nearest integer. This produces arm-level total copy 

number summary profiles for each of the tumour samples from the observed SCNA data.

The output of the runs of the model that were weighted (incorporating arm OG–TSG 

scores)3 and unweighted were then scored versus the observed subclonal sample arm-level 

karyotype summaries. This was computed by looking at each sample as a separate event, 

with the error of the prediction (termed deviance score) measured as the sum over all 

samples of the squares of the differences between the final copy number in the sample and 

the average predicted copy number.

Differences in deviance score were compared across classifications of weighted, unweighted 

and scrambled runs of the model by subtracting the deviance score of tumours calculated 

using the results of one model run (for example, weighted) from a second model run (for 

example, unweighted). A negative deviance score difference in a comparison indicates the 

first model was closer to the observed subclonal SCNA data than the second model as it 

deviates less from the actual karyotype (Supplementary Methods).
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Cancer-associated gene and fragile site enrichment

Enrichment for known cancer-associated genes (see ‘Definition of driver genes’) and fragile 

sites50 were assessed with Fisher’s exact tests. We examined the significance of the overlap 

at the level of cytobands of genes in gains and oncogenes, and the overlap of genes in losses 

and tumour-suppressor genes. Significant overlaps were those with P < 0.05.

TCGA data processing

Affymetrix SNP 6.0 profiles were obtained for paired tumour–normal samples from the 

TCGA (dataset ID, phs000178.v10.p8) and processed using PennCNV libraries51 to obtain 

BAFs and log2[R] values from each tumour–normal pair. log2[R] values and BAFs were 

processed with ASCAT31 version 2.4.2 using default parameters including correction for 

replication timing and GC-content biases52 to obtain copy number, purity and ploidy 

estimates.

Cell cycle gene expression signature

Transcripts per kilobase per million reads (TPM) expression values were obtained from 

our RNA sequencing data and 45 cell cycle genes53. A per-gene z-score was calculated to 

normalize comparisons across the gene set. For each sample, we calculated a mean z-score 

for all genes in the set and this score was compared with SCNA measures.

Mitotic index, anisonucleosis and tumour volume

The mitotic index and anisonucleosis (variation in nuclear size) were assessed from digitized 

diagnostic slides of the primary tumour (LUAD, n = 53 tumours; LUSC, n = 27 tumours; 

NSCLC-other, n = 3 tumours). The mitotic index was defined as the number of mitotic 

figures (the microscopic appearance of a cell undergoing mitosis) seen in 2.4 mm2 

(equivalent to 10 high-power fields of an Olympus BX45 microscope) in the most mitotic 

region of the tumour. Anisonucleosis was scored from 1 to 3 and scores were assigned 

as follows: (1) tumours with minimal variation in nuclear size that could only be seen 

at high-power magnification; (2) moderate variation in nuclear size; (3) marked variation 

with numerous tumour nuclei that were more than double the diameter of other tumour 

nuclei. These categories were further grouped into ‘low’, which included those tumours 

with anisonucleosis scores of 1 and 2; and ‘high’, which included only those tumours with 

anisonucleosis scores of 3 (Supplementary Methods). Tumour volume estimates derived 

from diagnostic positron emission tomography–computed tomography scans for a subset of 

83 tumours in our cohort were previously published54.

TCGA primary tumour and HMF metastatic data processing

Processed copy number segmentation, ploidy and purity information were downloaded from 

the HMF55. For processed copy number segmentation data from both the TCGA and HMF, 

for each segment in each sample, the total raw copy number (cpntotal) was determined 

as the sum of the major-allele copy number ‘cpnmajor’ and minor-allele copy number 

‘cpnminor’ and processed as follows to assign a relative-to-ploidy copy number status using 

the following equations, in which ψ represents tumour ploidy.
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Gain = log2
cpntotal

ψ ≥ log2
2 . 5

2

Loss = log2
cpntotal

ψ ≥ log2
2 . 5

2
LOH = cpntotal < 0 . 5 AND cpnmajor ≥ 1

Paired primary tumour–metastasis analysis

A paired analysis of matched primary and metastatic samples from 74 patients was 

performed. We designated lymph-node samples as metastases. For each case, for each 

consensus peak region and arm-level event for the corresponding tumour type we 

determined whether it was (1) maintained (that is, present in both primary tumour and 

metastatic samples); (2) enriched (that is, present only in metastatic sample(s)); (3) depleted 

(that is, present only in primary tumour samples(s)); or (4) absent (that is, not present in 

either primary tumour or metastatic samples).

Only samples that had primary tumour locations indicated as breast, lung or kidney were 

considered, as these were the tumour types for which we had sufficient (n > 10) paired 

primary tumour–metastatic samples and >50 unpaired metastatic samples.

For each tumour type, to determine whether an event was significantly enriched in metastatic 

samples, we performed a binomial test comparing the number of enriched versus depleted 

samples.

Unpaired primary tumour–metastasis analysis

We compared the frequency of each consensus peak region and arm-level event in primary 

tumour samples from the TCGA (n = 2,631; 1,015 breast cancer, 844 lung cancer and 772 

kidney cancer samples) and metastatic samples from the HMF (n = 1,024: 620 breast cancer, 

315 lung cancer and 89 kidney cancer samples). For each tumour type, to determine whether 

an event was significantly enriched in metastatic samples, we performed a test of equal or 

given proportions (prop.test in R) using the number of primary tumour samples that had 

the event, the number of metastatic samples that had the event, the total number of primary 

tumour samples and the total number of metastatic samples.

Paired and unpaired meta-analysis

To consider the results for each consensus peak region and arm-level event from the paired 

and unpaired analyses together, we performed a meta-analysis using the Fisher method 

(fisher.method from the metaseqR package56 version 1.26) with the P value generated from 

the binomial test on the paired data (see ‘Paired primary tumour–metastasis analysis’) and 

the P value generated from the prop.test on the unpaired data (see ‘Unpaired primary 

tumour–metastasis analysis). The resulting P value was then corrected for multiple testing 

using the Benjamini–Hochberg method to obtain q values. Events that were considered 

significantly enriched in this combined analysis were those with q < 0.05.
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Primary tumour–metastasis shared and private LOH

All regions of LOH in each tumour with both primary tumour and metastatic samples were 

considered. Genomic regions that only demonstrated LOH in one or more primary tumour 

samples were classified as primary-tumour-only LOH, those that only demonstrated LOH 

in one or more metastatic samples were classified as metastasis-only LOH and those that 

demonstrated LOH in both at least one primary sample and at least one metastatic sample 

were classified as shared primary tumour–metastasis LOH. The total area of the genome 

subject to LOH was calculated by summing all three categories for each tumour and the 

relative proportion that each LOH category represented was calculated.
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Extended Data

Extended Data Fig. 1. Measuring CIN across tumour types.
a, Schematic of the analyses of allele-specific copy number alterations. Left, the SCNA 

profiles across the genome for the two samples of a tumour (red, A allele; blue, B allele), 

with raw allele-specific copy number values for heterozygous SNPs shown as points and 

inferred allele-specific integer copy number states as lines. The clonality of the SCNAs 

across the two samples is indicated by a track between the two SCNA profiles, with clonal 

SCNAs indicated in grey, subclonal SCNAs in yellow and both clonal and subclonal SCNAs 

in dashed yellow and grey. All SCNA profile plots in the figure are scaled by the number 

of data points per chromosome. Top right, the approach to summarise SCNA timing (clonal 
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versus subclonal) from the tumour. Bottom right, the integer SCNA profile across the 

genome of the inferred MRCA based on the integer SCNA profiles of the two samples of 

the tumour. b, c, Multi-sample phasing (b) and SCNA calling relative to ploidy (c). b, Multi

sample phasing is the method that we used to obtain allele-specific copy number profiles. 

This allowed us to identify previously undetected allelic imbalance (yellow boxes), and 

mirrored subclonal allelic imbalance and parallel SCNAs (purple boxes). c, Chromosomal 

illustrations and nomenclature of various SCNAs. As SCNAs are reported relative to ploidy, 

illustrations are provided for the diploid, triploid and tetraploid states. AI, allelic imbalance. 

d, e, Pan-cancer cohort characteristics. Our pan-cancer multi-sample cohort is summarised 

by tumour type in these bar plots, indicating the total number of patients (d) with the bar 

plot coloured according to the number of samples each tumour contributes, and tumour 

samples (e) with the bar plot coloured according to the type of sample.
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Extended Data Fig. 2. SCNA correlates across tumour types.
a, Scatter plots indicating, for each tumour type, the association between the number of 

samples and the proportion of the genome affected by subclonal SCNAs. ρ and P values 

are from Spearman correlation tests. b, Scatter plots showing median purity per tumour 

versus the proportion of the genome affected by subclonal SCNA. ρ and P values are from 

Spearman correlation tests. c, Comparing the proportion of the genome affected by clonal 

and subclonal SCNAs. The median value for each tumour type is indicated. The size of the 

dots indicates the number of tumours in the corresponding tumour type. Red dots indicate 

tumour types with significant differences in the proportion of the genome affected by clonal 

versus subclonal SCNAs. A two-sided Student’s t-test was used to compare proportions 

of the genome affected by clonal and subclonal SCNAs. a–c, Tumour types with tumour 

Watkins et al. Page 22

Nature. Author manuscript; available in PMC 2021 September 24.

 E
urope PM

C
 Funders A

uthor M
anuscripts

 E
urope PM

C
 Funders A

uthor M
anuscripts



samples from at least 10 patients were included: bladder urothelial carcinoma (BLCA, n = 

26), ER+ breast cancer (ER+ BRCA, n = 19), HER2+ breast cancer (HER2+ BRCA, n = 

18), triple-negative breast cancer (TN BRCA, n = 17), colorectal adenocarcinoma (COAD, 

n = 13), oesophageal adenocarcinoma (ESCA, n = 22), glioma (n = 12), clear cell renal 

cell carcinoma (KIRC, n = 54), lung adenocarcinoma (LUAD, n = 84), lung squamous cell 

carcinoma (LUSC, n = 31), prostate adenocarcinoma (PRAD, n = 10), melanoma (SKCM, 

n = 30) and endometrial carcinoma (UCEC, n = 27). d, The results of the linear regression 

analysis between LUAD and HER2+ breast cancer of the proportion of the genome subject 

to subclonal SCNAs along with the number of samples from each tumour and the median 

sample purity for each tumour.

Extended Data Fig. 3. NSCLC SCNAs correlate with cell cycle gene expression and tumour cell 
characteristics.
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a, b, Scatter plots comparing the average cell cycle gene expression in LUAD tumours (n 

= 36), LUSC tumours (n = 15) and NSCLC-other tumours (n = 7) with the total proportion 

of the genome affected by SCNAs. Each dot is coloured according to tumour type. (a) 

and the proportion of the genome affected by clonal SCNAs (b). c, The proportion of the 

genome affected by subclonal SCNAs. d, The proportion of SCNAs that are subclonal. 

a–d, ρ and P values are from Spearman correlation tests. Associations between tumour cell 

characteristics and SCNA statistics for LUAD (n = 53), LUSC (n = 27) and NSCLC-other 

(n = 3). e–h, Mitotic index scores for each tumour are compared against total SCNAs (e), 

clonal SCNAs (f), subclonal SCNAs (g) and the proportion of SCNAs that are subclonal (h) 

in each tumour. Each dot is coloured according to tumour type. ρ and P values are from 

Spearman correlation tests. i–l, Association between tumour volume and SCNA metrics. For 

each tumour for which both digitized slides and tumour volume information were available 

(n = 83), we performed Spearman correlation tests comparing the tumour volume with the 

total proportion of the genome affected by SCNAs (i), the proportion of the genome affected 

by clonal SCNAs (j), the proportion of the genome affected by subclonal SCNAs (k) and 

the proportion of SCNAs that are subclonal (l). Padj values reflect P values from linear 

regression models incorporating the number of samples as well as estimated tumour volume 

and SCNA measure investigated. m–p, Associations between tumour cell characteristics 

and SCNA statistics for LUAD (n = 53), LUSC (n = 27) and NSCLC-other (n = 3). 

Anisonucleosis scores for each tumour are compared with the proportion of the genome 

affected by SCNAs (m), clonal SCNAs (n) or subclonal SCNAs (o) and the proportion of 

SCNAs that are subclonal (p) in each tumour. Each dot is coloured according to tumour 

type. The lines represent the median of each group. es, effect size.
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Extended Data Fig. 4. WGD across tumour types.
a, Bar plots indicating the number and proportion of tumours of each tumour type that show 

WGD. Subclonal WGD tumours are indicated in blue. b, Beeswarm plots comparing the 

proportion of the genome affected by clonal or subclonal SCNAs and mirrored subclonal 

allelic imbalance (MSAI) in WGD and non-WGD tumours. Black bars indicate the 

median of each distribution. Two-sided Student’s t-tests were used for each comparison. c, 

Comparing the proportion of the genome affected by clonal or subclonal SCNAs in matched 

WGD and non-WGD samples from tumours with subclonal WGD. Bars indicate, for each 
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patient with subclonal WGD, the difference between the median proportion of the genome 

affected by SCNAs in WGD and non-WGD samples. The inset beeswarm plots compare 

the proportion of the genome affected by different types of SCNAs in WGD and non-WGD 

samples. The black bars in the beeswarm plots represent the medians of each group. d–f, 
Impact of OG-TSG score on average arm-level copy number changes. Scatter plots showing 

the average subclonal arm-level change from MRCA in non-WGD (d; n = 171), WGD (e; 

n = 194) and subclonal WGD (f; n = 29) tumours versus arm OG–TSG score. Shaded areas 

indicate the 95% confidence interval. ρ and P values are from Spearman correlation tests. g, 

Scatter plot showing the average clonal (MRCA) copy number in the entire cohort (n = 394) 

versus chromosome arm size. h–j, Scatter plots showing the average subclonal arm-level 

change from MRCA in non-WGD (h; n = 171), WGD (i; n = 194) and subclonal WGD (j; n 

= 29) tumours versus chromosome size. Shaded areas indicate the 95% confidence interval. 

ρ and P values are from Spearman correlation tests.
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Extended Data Fig. 5. Markov chain modelling of karyotype evolution.
a, List of parameters used for Markov chain modelling. b, Diagrams of simplified Markov 

chain for each chromosome arm and bar charts of the resulting probability distributions 

of arm-level copy number. c–e, Beeswarm plots showing the difference in deviance score 

on a per-tumour basis for non-WGD (n = 171), WGD (n = 194) and subclonal WGD 

(n = 29) tumours. Black horizontal bars indicate the median of the distribution. Paired 

two-tailed Student’s t-tests were performed between the deviance scores of the first and 

second model included in each comparison. es, effect size. c, Comparison between the 
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unweighted (neutral) model and the weighted model that includes OG–TSG scores. d, 

Comparison between the unweighted model and the model with scrambled OG–TSG scores. 

e, Comparison between the weighted model that includes OG–TSG scores and the model 

with scrambled OG–TSG scores. f, g, For each context (non-WGD, WGD or subclonal 

WGD), the percentage of samples in which the OG–TSG-weighted model outperforms the 

unweighted model (f) or scrambled model (g) is shown. h–j, Robustness analysis of the 

Markov chain model of karyotype evolution. Graphs show the relative performance of the 

three iterations of the model with varying values of g with non-WGD (pGD = 0), WGD 

(pGD = 0.005) and subclonal WGD (pGD = 0.012) input. The model with scrambled scores 

has been run for 10 different random permutations of the chromosomes. k, l, Graphs show 

the performance of three iterations of the model with changing values of pGD (pGD = 0.003 

in k and pGD = 0.007 in l) with WGD data. m, n, Graphs show the performance of three 

iterations of the model with changing values of pGD (pGD = 0.01 in m and pGD = 0.014 in 

n) with subclonal WGD data. o–q, Graphs show the performance of the three iterations of 

the model when varying pmisseg with non-WGD, WGD and subclonal WGD input data.
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Extended Data Fig. 6. Subclonal SCNA landscape across tumour types.
a–h, The following tumour types were analysed: bladder urothelial carcinoma (a; n = 26), 

ER+ breast cancer (b; n = 19), HER2+ breast cancer (c; n = 18), triple-negative breast 

cancer (d; n = 17), colorectal adenocarcinoma (e; n = 13), oesophageal adenocarcinoma 

(f; n = 22), glioma (g; n = 12) and KIRC (h; n = 54). n numbers represent tumours. 

Across-genome plots show clonal and subclonal SCNAs. Within each tumour type for each 

chromosome, the following data are shown (top to bottom): the proportion of patients 

with gains or amplifications. The black line indicates the total proportion of patients with 
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gains/amplifications; the yellow and grey lines or shades indicate the proportion of patients 

with subclonal and clonal gains, respectively. The MRCA was derived by phylogenetic 

analysis (see Methods, ‘Ancestral reconstruction and phylogeny inference’). For each locus, 

the frequency of gains (red) and losses (blue) found in the MRCAs of the tumours are 

indicated. The GISTIC2.0 events. These tracks indicate significant SCNA focal events that 

were identified by GISTIC2.0 (see Methods, ‘GISTIC2.0 peak definition’ and ‘GISTIC2.0 

consensus peak definition’) and recurrent arm-level events (see Methods, ‘Arm-level SCNA 

definition’). The proportion of patients with loss/LOH events. The black line indicates the 

total proportion of patients with loss/LOH events; the yellow and grey lines or shades 

indicate the proportion of patients with subclonal and clonal losses, respectively. The 

black, yellow and grey lines indicate significance thresholds for total loss/LOH, subclonal 

loss/LOH and clonal loss/LOH, respectively. Proportion of patients with mirrored subclonal 

allelic imbalance (MSAI) originating from distinct haplotypes identified by multi-sample 

phasing. The red line indicates the significance threshold determined by a permutation test at 

the 0.05 level (see Methods, ‘Permutation test for recurrence of SCNA across tumours’).

Watkins et al. Page 30

Nature. Author manuscript; available in PMC 2021 September 24.

 E
urope PM

C
 Funders A

uthor M
anuscripts

 E
urope PM

C
 Funders A

uthor M
anuscripts



Extended Data Fig. 7. Subclonal SCNA landscape across tumour types.
a–e, The following tumour types were analysed: LUAD (a; n = 84), LUSC (b; n = 31), 

prostate adenocarcinoma (c; n = 10), SKCM (d; n = 30) and endometrial carcinoma (e; n = 

27). Across-genome plots show clonal and subclonal SCNAs. Within each tumour type for 

each chromosome, the following data are shown (top to bottom): the proportion of patients 

with gains or amplifications. The black line indicates the total proportion of patients with 

gains/amplifications; the yellow and grey lines or shades indicate the proportion of patients 

with subclonal and clonal gains, respectively. The MRCA was derived by phylogenetic 

analysis (see Methods, ‘Ancestral reconstruction and phylogeny inference’). For each locus, 

the frequency of gains (red) and losses (blue) found in the MRCAs of the tumours are 

indicated. The GISTIC2.0 events. These tracks indicate significant SCNA focal events that 

were identified by GISTIC2.0 (see Methods, ‘GISTIC2.0 peak definition’ and ‘GISTIC2.0 
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consensus peak definition’) and recurrent arm-level events (see Methods, ‘Arm-level SCNA 

definition’). The proportion of patients with loss/LOH events. The black line indicates the 

total proportion of patients with loss/LOH events; the yellow and grey lines or shades 

indicate the proportion of patients with subclonal and clonal losses, respectively. The 

black, yellow and grey lines indicate significance thresholds for total loss/LOH, subclonal 

loss/LOH and clonal loss/LOH, respectively. Proportion of patients with mirrored subclonal 

allelic imbalance (MSAI) originating from distinct haplotypes identified by multi-sample 

phasing. The red line indicates the significance threshold determined by a permutation test at 

the 0.05 level (see Methods, ‘Permutation test for recurrence of SCNA across tumours’).
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Extended Data Fig. 8. Recurrent SCNA across tumour types.
a, b, Difference in gains and losses in consensus-peak region gains (red, n = 255) and losses 

(blue, n = 149) (a) and chromosome arm gains (red, n = 95) and losses (blue, n = 200) 

across all tumour types (b). Black horizontal bars indicate the median of the distribution. 

Significance testing was performed using an unpaired Student’s t-test. c, Classification of 

chromosomal arm-level events according to timing. Left, heat map of the percentage of 

subclonal occurrence of all events in each tumour type. The numerator within each cell 

indicates, in that tumour type, the total number of subclonal occurrences of that event and 
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the denominator indicates the total number of both clonal and subclonal occurrences of that 

event in that tumour type. Shading of each cell in the heat map indicates the percentage 

of subclonal occurrences of an event within a tumour type with orange indicating a higher 

subclonality and grey indicating a higher clonality. The border of each cell indicates the 

classification of that event in a tumour type as either early (grey border), intermediate 

(no border) or late (orange border). Right, bar plot of arm-level events ordered by median 

percentage of subclonal occurrences across tumour types (bottom axis). Bars representing 

gain events are coloured in red and loss events are coloured in blue. Horizontal black 

lines indicate separation of events into pan-cancer categories of early, intermediate and late, 

according to tertiles of the median proportion of SCNAs that is subclonal. Dots centred 

on the same axis positions indicate the total event count of each loss or gain event across 

tumour types (top axis). d, Enrichment of early, intermediate and late consensus peak 

events with known cancer-associated genes. Heat map indicating the resulting P values 

from two-sided Fisher’s exact tests comparing the overlap of genes in early, intermediate 

and late consensus peaks with previously reported oncogenes and tumour-suppressor genes. 

Gain peaks were investigated in relation to oncogenes, while loss peaks were investigated 

in relation to tumour-suppressor genes. Significant overlaps (Benjamini–Hochberg-adjusted 

P < 0.05) are indicated with an asterisk (see Methods, ‘Cancer-associated gene and 

fragile site enrichment’). e, Enrichment of early, intermediate and late consensus peak 

events with chromosome fragile sites. Heat map indicating the resulting P values from 

Fisher’s exact tests comparing the overlap of cytobands found in early, intermediate and 

late consensus peaks with cytobands from previously reported chromosome fragile sites. 

Significant overlaps (Benjamini–Hochberg-adjusted P < 0.05) are indicated with an asterisk 

(see Methods, ‘Cancer-associated gene and fragile site enrichment’). f, Prevalence of SNVs 

and indels in cancer-associated genes. Heat map displaying the proportion of samples from 

each tumour type with an SNV or indel in the corresponding cancer-associated gene. Yellow 

asterisks indicate where the SNVs and indels are present clonally in ≥75% of tumours in the 

corresponding tumour type.
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Extended Data Fig. 9. Recurrent parallel evolution and LOH across the genome.
a, Across-genome plot showing the frequency of parallel gain/amplification events in 

red and frequency of parallel LOH events in blue. The dashed red lines indicate the 

significance threshold determined by a permutation test. b, Example of parallel evolution 

on chromosome 1 in CRUK0005. log2[R], B-allele frequency (BAF) and allele-specific 

expression (ASE) plots are shown for chromosome 1 in samples 3 and 4. On the 

phylogenetic tree, we indicate the branches in which the parallel gains of chromosome 1 

were identified. c, Correlating intra-tumour heterogeneity (ITH) for each gene at the DNA 

and RNA levels. The scatter plot shows that the percentage of expressed genes with allele

specific DNA intratumour heterogeneity correlates with the percentage of expressed genes 

with allele-specific RNA intratumour heterogeneity. Only the 43 tumours, for which we 

had paired multi-sample exome-sequencing and multi-sample RNA sequencing data, were 

included in this analysis. d, Prevalence of single haploid copies in WGD tumours. Across

genome plot showing the frequency of loss to a single haploid copy in WGD tumours at the 

cytoband level. Clonal loss to a single haploid copy is shown in grey. Subclonal loss to a 

single haploid copy is shown in orange. The solid black line indicates the total frequency, 
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including both clonal and subclonal events, of loss to a single haploid copy. HLA LOH is 

not shown as only the whole-exome sequencing subset of our cohort could be analysed using 

the LOHHLA bioinformatics tool (see Methods, ‘HLA LOH detection’). e, Prevalence of 

LOH in WGD tumours. This across-genome plot at the cytoband level shows the proportion 

of tumours with LOH. The solid black line indicates the total proportion of tumours with 

either subclonal or clonal LOH; the yellow shading indicates the proportion of tumours 

with WGD in the cohort that had subclonal LOH at these cytobands. The dashed grey lines 

demarcate the borders between separate chromosomes. f, Prevalence of HLA LOH across 

tumour types. We indicate for each tumour type the count and proportion of tumours in 

which HLA LOH was observed. Dark grey and orange bars show tumours for which HLA 

LOH was observed clonally or subclonally, respectively; light grey bars show tumours for 

which no HLA LOH was observed.
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Extended Data Fig. 10. SCNAs in metastatic samples.
a, Beeswarm plot indicating the total proportion of the genome affected by either clonal or 

subclonal SCNAs in primary tumour samples (red dots) or metastatic samples (blue dots). 

The black bars indicate the median of the distribution. A two-sided unpaired Student’s t-test 

was used in this comparison; the P value and effect size(es) are shown. b, Difference in 

the percentage of the genome affected by SCNAs between paired metastatic and primary 

tumour samples (n = 152). The waterfall plot shows whether a greater or lesser proportion 

of the genome was affected by total SCNAs in the primary or metastatic sample(s) of 
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tumours with at least one primary tumour sample and at least one metastatic sample. 

Purple bars indicate that a greater proportion of the genome was affected by total SCNAs 

in the metastatic sample and pink bars indicate a greater proportion was affected in the 

primary tumour sample. A two-sided paired Student’s t-test was used for this comparison. c, 

Beeswarm plots indicating, for each primary tumour and metastatic sample, the proportion 

of the genome impacted by SCNAs. These are the same samples included in the analysis 

of a. The black bars indicate the median of the distribution. Two-sided unpaired Student’s 

t-tests were used for each comparison; P values are indicated at the top of each plot. d, 

Beeswarm plots indicating for each primary tumour and metastatic sample the proportion 

of SCNAs that is subclonal. These are the same samples included in the analysis of a. The 

black bars show the median of the distribution. Two-sided unpaired Student’s t-tests were 

used for each comparison; P values are indicated at the top of each plot. e, Shared and 

private primary tumour and metastatic LOH. Bar plots separated by tumour type with each 

stacked bar representing the LOH identified in a single tumour sample with both primary 

tumour and metastatic samples. Each bar is coloured according to the proportion of LOH 

identified in that tumour that is shared between the primary tumour and metastatic samples 

(blue), the proportion of LOH present only in primary tumour samples (green) or the 

proportion of LOH present only in metastatic samples (red). The grey horizontal lines show 

the median value of the proportion of LOH shared between primary tumour and metastatic 

samples for each tumour type. f–i, Chromosomal arm-level events enriched in metastatic 

samples. We included only the four tumour types with >10 tumours with paired primary 

tumour–metastatic samples: LUAD (f), ER+ breast cancer (g), HER2+ breast cancer (h) and 

KIRC (i). In each panel, all chromosome arms are featured. The bar plots show the number 

of tumours with arm-level SCNAs in each tumour type. The colour of the bars indicates 

whether that arm-level event was enriched, depleted or maintained in the metastatic sample 

when compared with the corresponding primary tumour sample from the disease of the same 

patient. Bars facing right represent gain SCNAs; bars facing left represent loss SCNAs. 

The rectangular blocks between the bar plots indicate whether the arm-level events were 

recurrent events. Orange blocks represent recurrent subclonal events; grey blocks represent 

recurrent clonal events; blocks that are partially grey and partially orange represent events 

that are clonally and subclonally recurrent. The asterisks indicate whether the arm-level 

event is significantly enriched in metastatic samples in the combined paired (two-sided 

binomial test) and unpaired (test of equal or given proportions) primary tumour–metastatic 

analysis.
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Fig. 1. Overview of somatic copy number heterogeneity across tumour types.
a, For each tumour, the proportion of the genome that is affected by SCNAs (both 

clonal and subclonal) is indicated. Tumour types with tumour samples from at least 10 

patients were included: colorectal adenocarcinoma (COAD, n = 13), HER2+ breast cancer 

(HER2+ BRCA, n = 18), oesophageal adenocarcinoma (ESCA, n = 22), lung squamous 

cell carcinoma (LUSC,n = 31), triple-negative breast cancer (TN BRCA, n = 17), ER+ 

breast cancer (ER+ BRCA, n = 19), lung adenocarcinoma (LUAD, n = 84), prostate 

adenocarcinoma (PRAD, n = 10), clear cell renal cell carcinoma (KIRC, n = 54), glioma 

(n = 12), bladder urothelial carcinoma (BLCA, n = 26), melanoma (SKCM, n = 30) 

and endometrial carcinoma (UCEC, n = 27). Tumour types and tumours are ordered by 

the median proportion of the genome that is affected by subclonal SCNA—this order is 

maintained throughout the figure. Red lines indicate the median of the distribution. b, c, 

The proportion of the genome affected by subclonal (b) and clonal (c) SCNAs. d, The 

proportions of SCNAs that are subclonal and clonal are shown. The red line indicates 

the median proportion of SCNAs that are subclonal. e, The median purity and number of 

samples for each tumour.
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Fig. 2. Selection shapes the SCNA landscape.
a, There is a positive correlation between the average clonal copy number present in the 

MRCA and the OG–TSG score. n = 394 tumours. The grey shaded area represents the 

95% confidence interval. ρ and P values are from a Spearman correlation test. b, There is 

a positive correlation between OG–TSG score and average change in SCNA (gain or loss) 

from the MRCA. n = 394 tumours. The grey shaded area represents the 95% confidence 

interval. ρ and P values are from a Spearman correlation test. c, The three conditions under 

which karyotype evolution was modelled: chromosome arms with OG–TSG scores included 

(weighted model); chromosome arms were treated equally (neutral model); OG–TSG scores 

were randomly permuted (scrambled model). d, For each context (WGD, n = 194 tumours; 

non-WGD, n = 171 tumours; and subclonal WGD, n = 29 tumours), the percentage of 

tumours for which each model condition best recapitulates the empirically observed data is 

shown.
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Fig. 3. Timing, recurrence and parallel evolution of subclonal SCNAs.
a, The consensus gain-peak (red) and loss-peak (blue) regions identified as subclonal across 

tumour types with ≥10 tumours. Data are sorted by the median proportion of SCNAs that 

is subclonal. Vertical lines indicate pan-cancer categories of early, intermediate and late 

events determined by median subclonal tumour type occurrence. b, For each consensus 

peak the proportion of SCNAs found to be subclonal within each tumour type. Orange, 

higher subclonality; grey, higher clonality. The border of each cell is classified according to 

early (grey border), intermediate (no border) or late (orange border) events. The numerator 

within each cell indicates the number of subclonal events; the denominator indicates the 

total number of clonal and subclonal events. Detection of HLA LOH was performed only 

in tumours with whole-exome sequencing. c, Consensus peak regions that show instances 

of parallel evolution of loss/LOH (purple) and gain/amplification (red). For full lists of 

cancer-associated genes within consensus peak regions see Supplementary Table 3.
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Fig. 4. Analysis of consensus peak regions in metastatic LUAD, ER+ and HER2+ breast cancers, 
and KIRC
a, Schematics show the paired (left), unpaired (right) and combined (bottom) analyses 

of consensus peak regions. The schematic bar graph summarises the left graph for each 

event and indicates the proportion of paired primary tumour–metastasis samples in which a 

SCNA overlapping the event was enriched (pink), depleted (green) or maintained (purple) 

in metastatic samples. b–d, We restricted our analysis to tumour types with >10 paired 

primary tumour–metastatic samples: LUAD, paired n = 30, unpaired n = 844 TCGA and 

unpaired n = 315 HMF lung cancers (b); ER+ breast cancer, paired n = 14, unpaired n = 

1,015 TCGA and unpaired n = 620 HMF breast cancers (c); HER2+ breast cancer, paired n 

= 17, unpaired n = 1,015 TCGA and unpaired n = 620 HMF breast cancers (d); and KIRC, 

paired n = 13, unpaired n = 772 TCGA and unpaired n = 89 HMF kidney cancers (e). These 

data were assessed using a two-sided binomial test. The grey circle in the schematic bar 

graph indicates the difference between the proportions of metastatic (HMF) and primary 

(TCGA) samples that contain the event in the unpaired primary tumour–metastasis analysis 

(two-sided test of equal or given proportions). A positive number indicates that the event 

was more prevalent in the metastatic (HMF) samples; a negative number indicates that the 

event was more prevalent in the primary tumour (TCGA) samples. The asterisks indicate 

whether an event was significantly enriched in metastatic samples as determined by a 

combined analysis of paired (multi-sample) and unpaired (HMF and TCGA) data using 

Fisher’s method after correction for multiple testing using the Benjamini–Hochberg method. 

The event timing classifications (early, intermediate or late) were determined based on the 
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proportion of subclonal occurrence (Methods). Only losses (blue text) or gains (red text) that 

were either significant (q < 0.05) or exhibited ≥40% enrichment are shown. For full lists of 

cancer-associated genes within consensus peak regions, see Supplementary Table 3.
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