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Abstract

Cancer chromosomal instability (CIN) results from dynamic changes to chromosome number
and structure. The resulting diversity in somatic copy number alterations (SCNA) may provide
the variation necessary for cancer evolution. Multi-sample phasing and SCNA analysis of 1421
samples from 394 tumours across 24 cancer types revealed ongoing CIN resulting in pervasive
SCNA heterogeneity. Parallel evolutionary events, causing disruption to the same genes, such
as BCL9, ARNT/HIF1B, TERT and MYC, within separate subclones were present in 35% of
tumours. Most recurrent losses occurred prior to whole genome doubling (WGD), a clonal
event in 48% of tumours. However, loss of heterozygosity at the human leukocyte antigen
locus and loss of 8p to a single haploid copy recurred at significant subclonal frequencies, even
in WGD tumours, likely reflecting ongoing karyotype remodeling. Focal amplifications
affecting 1921 (BCL9, ARNT), 5p15.33 (TERT), 11q13.3 (CCND1), 19912 (CCNE1) and 8q24.1
(MYC) were frequently subclonal and exhibited an illusion of clonality within single samples.
Analysis of an independent series of 1024 metastatic samples revealed enrichment for 14 focal
SCNAs in metastatic samples, including late gains of 8q24.1 (MYC) in clear cell renal carcinoma
and 11g13.3 (CCND1) in HER2-positive breast cancer. CIN may enable ongoing selection of
SCNAs, manifested as ordered events, often occurring in parallel, throughout tumour

evolution.
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Introduction
Chromosomal instability (CIN) results from the occurrence and tolerance of chromosome
segregation errors during cell division. CIN has been linked to poor prognosis* and leads to

somatic copy number alterations (SCNAs) which may act as a substrate for selection®”.

However, the prevalence of ongoing CIN later in tumour evolution® and the temporal order of
clonal and subclonal SCNAs in relation to whole genome doubling (WGD) events and

metastatic dissemination remains unclear.

Ongoing CIN and SCNA heterogeneity occur across cancer types

We applied a multi-sample phasing SCNA analysis method (Figure S1,S2A,B, Methods 2.2-6)
to 1421 cancer samples from 394 patients across 24 cancer subtypes (range 2-16, median 3
samples/tumour Figure S3A,B, Table S1), to obtain SCNA heterogeneity at haplotype
resolution. We used MEDICC® to estimate copy number states of the most recent common
ancestor (MRCA) for each tumour - reflecting SCNAs acquired prior to subclonal
diversification. 1111 / 1421 samples were from treatment naive primary tumours, 51 were
from post-treatment primary tumours, 7 samples were obtained at local relapse, and 252
were of metastatic origin. In each case, there were at least two samples per tumour with 126

tumours having temporally separated samples.

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 to subclonal, late,
SCNAs (Figure 1A-D). Clonal SCNAs were identified in every tumour (Figure 1C). 99% of
tumours (389/394) harboured at least one subclonal SCNA (Figure 1B). A median of 24% of
the genome was subject to clonal SCNAs and 17% subclonal SCNAs. 43% of tumours exhibited
>20% of the genome subject to subclonal SCNAs, highlighting that ongoing CIN is pervasive.

However, this is likely an underestimate of CIN as only a minority of each tumour is sequenced.
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Consistent with this, we observed a significant correlation between the number of samples
per tumour and SCNA heterogeneity (Figure S4). Moreover, triple-negative breast cancer
(BRCA TN), esophageal adenocarcinoma (ESCA) and, clear cell renal cell carcinoma (KIRC)
demonstrated a significant association between median purity (Figure 1E) and the proportion
of the genome affected by subclonal SCNAs (Figure S5), indicating that purity may impede

estimation of SCNA clonality.

The timing of SCNAs varied across cancers (Figure 1A-B, Figure S6). Despite a comparable total
SCNA burden between lung adenocarcinoma (LUAD) and HER2-positive breast cancer (BRCA
HER2+) (57% vs. 60%, P=0.81, ES=0.05), LUAD exhibited a larger proportion of the genome
subject to clonal SCNA, whilst BRCA-HER2+ harboured a higher frequency of subclonal SCNA
(LUAD: 28% vs BRCA HER2+: 44%, P=8.1%x103, ES=0.59, analysis also controlled for sample

number, see Figure S4B).

Consistent with increased proliferation in CIN tumours, total, clonal and subclonal SCNA
burden correlated with increased cell cycle gene expression in 58 NSCLCs with RNA-
sequencing and with increased mitotic index score in 84 NSCLCs with digitised diagnostic slides
(Figure S7,S8 Methods 4.3-4, Table S2). Furthermore, in these 84 tumours, estimates of
tumour size derived from diagnostic PET-CT scans were found to correlate with total and
subclonal SCNA burden, however these associations did not remain significant when
controlling sample number (Figure S9). Finally, anisonucleosis, a measure of variation in
nuclear size (Methods 4.4), prognostic in NSCLC'® 11, was associated with increased total and

clonal SCNA, but not subclonal SCNAs (Figure S10, Table S2).
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Figure 1 - Overview of somatic copy number heterogeneity across cancer types

A) For each tumour, the proportion of the genome that is affected by SCNA (both clonal and subclonal) is
indicated. Cancer types examined with tumour samples from 10 or more patients included: colorectal
adenocarcinoma (COAD, n=13), HER2+ breast cancer (BRCA HER2+, n=18), esophageal adenocarcinoma (ESCA,
n=22), lung squamous cell carcinoma (LUSC, n=31), triple-negative breast cancer (BRCA TN, n=17), ER+ breast
cancer (BRCA ER+, n=19), lung adenocarcinoma (LUAD, n=84), prostate adenocarcinoma (PRAD, n=10), clear cell
renal cell carcinoma (KIRC, n=54), glioma (GBMLGG, n=12), bladder urothelial carcinoma (BLCA, n=26), melanoma
(SKCM, n=30), and endometrial carcinoma (UCEC, n=27). Cancer types and tumours are ordered by the median
percentage of the genome affected by subclonal SCNA - this order is maintained throughout the figure. Red lines
indicate the median of the distribution. B-C) Barplots indicating the percentage of the genome affected by
subclonal (B) and clonal (C) SCNA. D) The proportion of SCNA that are subclonal and clonal is displayed. Red line
indicates median proportion of SCNA that are subclonal. E) The median purity and number of samples from each
tumour.

55% of tumours exhibited whole genome doubling (WGD) (Methods 2.7), a clonal event in
87% of cases (Figure S11A). WGD was associated with an increased burden of clonal and
subclonal gains and losses compared to non-WGD tumours (clonal P=1.36x1034ES=1.15;
Subclonal P=4.67x10°, ES=0.6, Figure S11B, Methods 2.3). Through multi-sample phasing we
investigated mirrored subclonal allelic imbalance?, resulting from SCNAs disrupting the same
genomic region deriving from distinct haplotypes within separate tumour subclones (Methods
2.2-6). WGD tumours were enriched for mirrored subclonal allelicimbalance events compared
to non-WGD tumours (Methods 2.2-2.6, P=4.23x107, ES=0.6, Figure S11C). In tumours with
subclonal WGD, we observed a higher frequency of SCNAs in subclones affected by WGD
compared to non-WGD sister clones (P=9.5x103, ES=0.59, paired t-test, Figure S11D),

accounting for germline and prior somatic alterations as confounding variables.

Evolution of the SCNA landscape

To address whether the SCNA landscape is shaped by neutral evolution or selection, we
considered 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) encoded on each chromosome arm, as captured by the OG-TSG score>.
Consistent with ongoing selection on cellular karyotypes, the OG-TSG score significantly
correlated with the burden of arm-level alterations in the MRCA (Figure 2A) as well as
subclonal arm-level alterations (Figure 2B and Figure S12A-C). No relationship between
average clonal or subclonal chromosome copy number change and chromosome size was
observed, suggesting SCNA detection is unlikely to contribute to this relationship (Figure

S12D-G).
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To understand subclonal SCNA dynamics within each tumour, we adapted our previous model
that predicts population karyotypes over time 1213, We used arm-level copy number profiles
from each tumour’s MRCAs as the starting point and compared how different iterations of the
model predict the observed subclonal tumour karyotypes (Figure 2C, S13A,B, Methods 3.1-2).
We compared three conditions; first, where karyotypes with higher oncogenic propensity or
tumour suppressive propensity were favoured, or unfavoured, respectively, using the relative
OG-TSG scores® (weighted model); second, where chromosome arms were treated equally
(neutral model); and, third where OG-TSG scores were randomly permuted (scrambled
model)) to achieve the same complexity as the weighted model. On average, the weighted
model predicted the trajectory of subclonal SCNA more accurately, outperforming the two
other models, as evidenced by significantly reduced deviance scores (Figure 2C,D, Figure
S13C-G) irrespective of the rate of chromosome missegregation or the number of cell divisions

(generations)(Figure S14).
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Figure 2 - Selection shapes the SCNA landscape

A) Scatter plot showing a positive correlation between average clonal copy number present in the MRCA and the
OG-TSG score in n=394 tumours. The grey shaded area represents the 95% confidence interval. Rho and p are
from a Spearman correlation test. B) Scatter plot showing a positive correlation between OG-TSG score and
average change in SCNA (gain or loss) from MRCA in n=394 tumours. The grey shaded area represents the 95%
confidence interval. Rho and P are from a Spearman correlation test. C) Schematic showing the three conditions
under which karyotype evolution was modelled: chromosome arms incorporating OG-TSG scores (weighted
model); chromosome arms treated equally (neutral model); OG-TSG scores randomly permuted (scrambled
model). D) For each context (non-WGD n=194, WGD n=171, and subclonal WGD n=29), the percentage of
tumours in which each model condition best recapitulates the empirically observed data is displayed in the bar
chart.

Collectively, these data suggest that CIN enables ongoing selection driven by relative dosage
imbalance of OGs and TSGs and that WGD may support ongoing genome remodeling later
during tumour evolution, permitting further selection. However, the observed pattern of
SCNA acquisition in 41% of our cohort in which the neutral or scrambled models outperform
the weighted model might reflect neutral karyotype evolution or the need for cancer-type
specific chromosome arm weightings * >, Notably, we see more evidence for subclonal
selection in WGD tumours which may be consistent with WGD being a transformative event

during subclonal evolution (Figure 2D, S13F,G)*% 13,

Clonal SCNA recur across cancer types and losses are predominantly early

To decipher SCNA timing during evolution, we used GISTIC2.0 to identify recurrent SCNAs in
at least two cancer types (Methods 2.12-14, Figure S15A-M, Table S3). We designed these as
consensus peak regions and assigned each into distinct evolutionary timing categories: early,
intermediate, or late (Figure 3A,B, Methods 2.15). SCNAs overlapping early peak regions may
be implicated in tumourigenesis or result from specific constraints to tumourigenesis. SCNAs
overlapping 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 cancer type

were identified using permutations (Methods 2.8-9, Table S4).

We observed differences in evolutionary timing between peak regions associated with gains
(gain-peaks) and those with losses (loss-peaks). Loss-peaks were significantly more likely to be
early compared to gain-peaks (P=6.8x1078, ES=0.57, Figure S16). Similarly, a higher proportion

of recurrent arm-level losses were clonal compared to arm-gains (P=2.8 x 10, ES=0.77, Figure
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S17). Gain peak regions were enriched for known OGs, while loss peak regions were enriched
for known TSGs (Figure S18A). Early loss peak regions were also enriched for chromosomal

fragile sites (Figure S18B), suggesting some may lack functional significance.

Clonal SCNA frequencies affecting early peak regions exceeded the frequency of clonal
somatic driver point mutations and indels (Figure S19). The loss-peak 17p13.3-q11.2,
encompassing TP53, was classified as early in 9/13 cancer types and only classified as late in
KIRC (74% subclonal). In three cancer types (BRCA HER2+, LUSC and BRCA TN) >90% of cases
exhibited clonal LOH at 17p13.1, suggesting loss is required for tumourigenesis. Across
cancers, TP53 LOH, was clonal in 90% of WGD cases in which it was observed, possibly
permitting tolerance for WGD?®. In KIRC, only 3p26.3-p12.1, encompassing VHL, was early
(clonal LOH in 98% of KIRCs) (Figure S15H). Other high frequency clonal peaks within cancer
types included, the gain-peak 17q12-q21.2, encompassing ERBB2 in BRCA HER2+ (61%
frequency), 3p LOH in LUSC (97% frequency), and gain of 7p11.2, encompassing EGFR, in LUAD

(64% frequency).

We reasoned that loss occurring prior to WGD must lead to LOH with complete loss of the
minor allele. Conversely, single losses occurring after WGD will not lead to LOH. On average,
across the cohort, 92% of clonal losses overlapping early loss-peaks involved LOH, suggesting

recurrent clonal loss events usually occur prior to WGD.

The timing of other peak-regions were promiscuous between cancer types (Figure 3B). For
example, the loss-peak 4935.2, encompassing FAT1, was early in BRCA TN (89% prevalence,
80% clonal), intermediate in BRCA ER+ (58% prevalence, 64% clonal) and late in BRCA HER2+

(61% prevalence, 73% subclonal) (Figure 3B).
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Figure 3 — Timing, Recurrence and Parallel Evolution of Subclonal SCNAs

A) Barplot of consensus peaks (Methods 2.13) ordered by median percentage of subclonal occurrence across
cancer types. Bars representing gain-peaks are coloured in red and loss-peaks are coloured in blue. Vertical lines
indicate separation of consensus peaks into pan-cancer categories of early, intermediate and late, according to
tertiles of median proportion of SCNA that is subclonal (horizontal dashed lines). B) Heatmap of the percentage
subclonal occurrence of all consensus peaks in each cancer type. Numerator within each cell indicates, in that
cancer type, the total number of subclonal occurrences of that peak region and the denominator indicates the
total number of both clonal and subclonal occurrences of that consensus peak in that cancer type. Shading of
each cell in the heatmap indicates the percentage subclonal occurrence of a consensus peak within a cancer type
with orange indicating higher subclonality and grey indicating higher clonality. The border of each cell indicates
the classification of that consensus peak in a cancer type as either early (thick dark grey border), intermediate
(no border) or late (thick dark orange border). C) Heatmap showing the number of instances of parallel evolution
of loss/LOH (blue) and gain/amplification (red) affecting the consensus peak regions. Shading of each cell
indicates the number of occurrences of parallel evolution and the number within the cell states the number of
such parallel evolutionary events.

Evolution of Subclonal SCNAs

We next addressed which specific subclonal SCNAs are recurrent during tumour evolution.

The highest frequency gain-peaks, including 1921.1-q21.3 (encoding BCL9, ARNT/HIF1B) and
5p15.33-p15.32 (encompassing TERT), varied in timing across cancers. For example, in LUAD,
80% of 5p15.33-p15.32 gains were clonal, while the majority were subclonal in KIRC (76%
subclonal), BRCA ER+ (89% subclonal) and GBMLGG (90% subclonal) (Figure 3B). In LUSC, the
timing of TERT gains was related to both its focality and amplitude; the majority of low-level
gains (>ploidy & <2x ploidy, Methods 2.3) were both clonal and arm-level (8/14) while high-
level TERT amplifications were often subclonal and focal (10/11). This may reflect
augmentation of gene dosage during evolution, with low-level TERT gain selected clonally,
followed by a high-level amplification selected in a subset of cancer cells later in tumour

evolution.

The gain-peak of 19p12-q12 (encompassing CCNE1) was late or intermediate in 10/13 cancer
types. High-level amplifications of CCNE1 (>2x ploidy), previously associated with WGD & %7,
occurred exclusively in WGD tumours. CCNE1 amplification was subclonal in 9/20 tumours

with clonal WGD, suggesting it may be selected both before and after WGD.
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Parallel evolution of SCNA events, reflecting distinct subclones within individual tumours
converging on a similar evolutionary solution, was observed in 139/394 (35%) tumours within
the cohort (Figure 3C,520). Allele-specific expression tracked parallel evolutionary events
originating from distinct haplotypes in samples with matched multi-sample RNA-seq (Figure

S21, rho = 0.89, P=1.75x101%, Spearman correlation).

Consistent with positive selection, parallel gains were significantly more focal than non-
parallel subclonal gains (P=5.9x103, ES=0.1). The most prominent parallel gains included those
overlapping 1921.3-q44 encompassing BCL9 and ARNT/HIF1B, 5p15.33 encompassing TERT
and 8g24.1 encompassing MYC (Figure 3C, Figure S20). The most common parallel loss events

included 14q (14932.33/ASPP1 and 14q11.2/NDRG2), 10q and 9p (Figure S20).

Subclonal LOH after a clonal WGD event occurs through more than one loss event of the same
allele after the doubling event (Figure S22). The HLA locus (6p21.3) represented a clear peak
of subclonal LOH in WGD samples, affecting 22% of the cohort, indicative of two loss events
of the same alleles after genome doubling within the subclone (Figure S23). HLA LOH was
prevalent as a subclonal event in KIRC, BRCA, BLCA, NSCLC-other, UCEC and ESCA (Figure S24,
Methods 2.11) in addition to NSCLC as previously reported!8. One exception was SKCM, which
is characterised by high mutational burden and benefits from checkpoint inhibitor blockade
13, SKCM exhibited the lowest frequency of HLA-LOH (0% clonal, 4% subclonal) in the cohort.
6p24.2 also harbours the melanoma metastasis gene NEDD9?°, identified as the most
prevalent recurrent clonal arm-level gain event in SKCM, which may constrain subsequent HLA

loss (Figure S15L).

In a diploid cancer cell, any loss results in LOH. If this cell doubles, the LOH will be maintained,
with the remaining allele being duplicated, leading to a total copy number of two.
Interestingly, in the case of clonal 8p23.3-p12 loss, we observed a peak region of haploid LOH
in WGD tumours, with only a single copy (Figure S22). This haploid, single copy, LOH strongly
suggests a loss event of one of the two remaining copies after WGD. Loss of 8p23.3-p12 was
most prominent in breast cancer where it has been linked to a chromosome-dosage effect,

influencing lipid metabolism and metastatic potential?®.
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We next investigated whether we could identify an association between the presence of SCNA
overlapping our consensus peaks and overall survival in cancer types matched to those in our
multi-sample cohort from the TCGA (Figure S25). Few individual consensus SCNA were
associated with survival, suggesting the binary presence or absence of individual SCNAs is

rarely prognostic.

Late emerging subclones frequently seed metastases

Next, we explored associations of SCNAs with metastasis. Consistent with previous work??, we
observed a greater percentage of the genome affected by SCNAs in metastatic (n=137
patients) compared with primary tumour samples (n=373 patients) (Figure S26A, P=1.5x107>,
ES=0.4). This remained significant when controlling for cancer type and considering both
paired and unpaired primary-metastasis tumour comparisons (Figure S26B) with LOH events
displaying the greatest increase from primary to metastasis compared to gain or losses
without LOH (Figure S26C). No significant increase in ploidy was observed between primary

and metastatic samples in the cohort or in any individual cancer types examined.

Consistent with an evolutionary bottleneck, SCNAs were found to be more frequently clonal
in metastatic compared to primary samples (Figure S26D). Indeed, in all 14 cases where we
had multi-sample primary tumours and a matched metastatic sample, we identified SCNAs
which were fully clonal in the metastasis and present as minor subclones within the primary.
In all cancer types with multiple primary-metastatic pairs, in the majority of tumours, most
LOH events were found to be shared between primary and metastatic samples, suggesting a
relatively late divergence of the metastatic clone assuming LOH events occur at a constant

rate throughout cancer evolution (Figure S27, Methods 4.9).

To evaluate the relative importance of specific SCNAs in metastasis, we focused on recurrent
SCNAs and performed a combined analysis using both paired analyses on 118 matched
primary-metastatic samples and unpaired analyses on 2631 TCGA primary samples, and 1024
Hartwig Medical Foundation metastatic samples?® in the four cancer types with sufficient

primary-metastatic pairs (BRCA HER2+, BRCA ER+, LUAD, KIRC). However, distinct patterns of
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SCNA metastatic dissemination were observed in different cancer types. In BRCA ER+, BRCA
HER2+ and LUAD, the majority of the arm-events that were enriched in metastasis relative to
primary samples were early (Figure S28). Conversely, in KIRC, which had the lowest proportion
of shared LOH between primary and metastatic samples, most recurrent arm-events enriched
in metastatic samples were classified as intermediate or late events (Figure S28), suggesting
these arm-events are associated with metastatic potential in a limited number of cells within

the primary tumour.
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Figure 4: Analysis of consensus peak regions in metastatic LUAD, BRCA ER+, BRCA HER2+, and KIRC. A)
Schematic describing the paired (left graph), unpaired analysis (right graph), and combined (barplot below) of
consensus peak regions. The schematic barplot summarises the left graph for each peak consensus region and
indicates the proportion of paired primary-metastasis cases where a SCNA overlapping the consensus peak
region was enriched (pink), depleted (green) or maintained (blue) in metastatic samples. These data were
assessed using a two-sided binomial test. The grey square in the schematic bar plot indicates the difference
between proportions of metastatic (Hartwig Medical Foundation) and primary (TCGA) samples that harbour the
event in the unpaired primary-metastasis analysis (two-sided test of equal or given proportions) - a positive
number indicates that the event was more prevalent in the metastatic (Hartwig Medical Foundation) samples,
while a negative number indicates that the event was more prevalent in the primary (TCGA) samples. The red
stars indicate if an event was significantly enriched in metastatic samples as determined by a combined analysis
of paired (multi-sample) and unpaired (Hartwig Medical Foundation and TCGA) data using Fisher's method after
multiple testing correction using the Benjamini-Hochberg method. The event timing classifications (Early,
Intermediate or Late) were determined based on proportion of subclonal occurrence (Methods 2.15). Only losses
(blue text) or gains (red text) which are either significant (q<0.05) or exhibit > 40% enrichment are shown. We
restricted our analysis to cancer subtypes with > 10 primary-metastasis paired samples (LUAD paired n=28,
unpaired n=844 TCGA; 315 Hartwig (B), BRCA ER+ paired n=17, unpaired n=1015 TCGA; 620 Hartwig (C), BRCA
HER2+ paired n=13, unpaired n=1015 TCGA; 620 Hartwig (D), and KIRC paired n= 10, unpaired n=772 TCGA; 89
Hartwig (E)).

The early clonal loss-peak at chromosome 1p36.23-p36.12, which encompasses EPHA2, and
early clonal loss-peak at chromosome 17p13.3-gq11.2, encoding TP53, were found to be
enriched in metastatic samples compared to primary samples in BRCA ER+ and BRCA HER2+
(Figure 4). In LUAD, we observed two early loss consensus peak regions significantly enriched
in metastasis (17p13.3-q11.2 [TP53], and 19p13.3 encompassing STK11), consistent with these

events engendering phenotypes permissive for dissemination early in tumour evolution.

In contrast, other consensus peak-regions enriched in metastases were classified as
intermediate or late (Figure 4). Examples include losses of 14932.33, 6921 (encompassing
PRDM1), 6g14.1 and 10926.3 (encompassing MGMT) in BRCA HER2+, and losses of 4g35.2
(encompassing FAT1), 9p24.3-p21.1 and gain of 8921.3-g24.3 in KIRC. Gain of 8921.3-g24.3,
encompassing MYC, was highly enriched in our combined analysis as well as exclusively
identified in the metastatic samples of our matched primary-metastatic pairs in KIRC.
Intriguingly, loss of 9p24.3-p21.1, which encompasses CDKN2A, was a late metastasis-
associated event in KIRC, while in ER+ and HER2+ BRCA, where loss of 9p24.3-p21.1 was also
significantly associated with metastasis, it was predominantly early. Similarly, 11g13.2-q13.5,
which encompasses CCND1, was an early event in BRCA ER+ and intermediate in BRCA HER2+

and associated with metastasis in both cancer types.



520
521
522
523

524

525
526

527
528
529
530
531
532
533
534
535
536
537
538
539
540
541
542
543
544
545
546
547
548
549
550
551

16

Taken together, these highlight the importance of both early and ongoing SCNA acquisition

during tumour evolution and their potential importance during the metastatic transition.

Discussion

Clonal and subclonal SCNAs are pervasive across cancers and show a propensity for order,
potentially reflecting the ongoing optimization of fitness landscapes throughout cancer
evolution. WGD is a transformative event in tumourigenesis, associated with clonal and
subclonal SCNA acquisition. LOH events affecting tumour suppressor genes, including TP53,
preceded WGD and recurrent gains (eg CCNE1) frequently followed WGD and were more likely

subclonal.

The subclonal landscape of SCNA 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 may predominantly reflecting neutral growth'* 1>, However, particularly
in tumours with WGD, SCNA evolution was better recapitulated using models incorporating
both positive and negative selection (Figure 2D). Positive selection was further evidenced by
recurrent peaks of subclonal amplifications, enriched for established oncogenes, subclonal
losses resulting in LOH, even after genome doubling, and parallel evolution of SCNAs. These
data are consistent with previously documented parallel and convergent evolution of SCNAs®
2426 Einally, recurrent focal subclonal SCNAs, encompassing oncogenic events including CCND1
and MYC were enriched at metastatic sites suggesting a potential role in metastasis.
Consistent with this, MYC was recently described as a SCNA driver of brain metastasis in
LUAD?’. While certain SCNA were enriched in metastasis, in the majority of tumours, most
LOH events were shared between primary and metastatic samples, suggesting a late
divergence of the metastatic clone, and or negative selection against extensive loss after the

emergence of the MRCAZ,

Our work is not without limitations. Detection of recurrent SCNAs is not solely indicative of
selection for functional advantage and may result from other processes driving tumour

progression such as DNA repair dysfunction or the presence of adjacent fragile sites. Indeed,
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the higher frequency of recurrent SCNA compared to driver point-mutations need 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
observed?®. The number of tumour samples, their sequencing depths and the lack of an
extensive paired primary-metastasis cohort or single cell sequencing analysis influence the
degree to which subclonal heterogeneity can be deciphered, suggesting the extent of diversity
is underestimated. The lack of uniform clinical data collection and central pathology review
prevented detailed analysis of clinically relevant parameters. We are endeavoring to address
these deficiencies to time metastatic dissemination events and clonal expansions within

TRACERX3.

In conclusion, our work highlights the importance of ongoing chromosomal instability during
cancer evolution and metastasis. As our understanding of the propensity for different
chromosomes to mis-segregate®® and extent to which chromosomal alterations may be
deleterious or advantageous to the cancer cell improves3, 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.
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