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Fluctuating DNA methylation tracks cancer
evolutionatclinical scale
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Cancer development and response to treatment are evolutionary processes'?, but

characterizing evolutionary dynamics at a clinically meaningful scale has remained
challenging’. Here we develop a new methodology called EVOFLUx, based on natural
DNA methylation barcodes fluctuating over time*, that quantitatively infers
evolutionary dynamics using only abulk tumour methylation profile asinput.

We apply EVOFLUx to 1,976 well-characterized lymphoid cancer samples spanning a
broad spectrum of diseases and show that initial tumour growth rate, malignancy age
and epimutation rates vary by orders of magnitude across disease types. We measure
that subclonal selection occurs only infrequently within bulk samples and detect
occasional examples of multiple independent primary tumours. Clinically, we
observe faster initial tumour growth in more aggressive disease subtypes, and that
evolutionary histories are strong independent prognostic factors in two series

of chroniclymphocyticleukaemia. Using EVOFLUx for phylogenetic analyses of
aggressive Richter-transformed chronic lymphocytic leukaemia samples detected
that the seed of the transformed clone existed decades before presentation.
Orthogonal verification of EVOFLUx inferences is provided using additional genetic
data, including long-read nanopore sequencing, and clinical variables. Collectively,
we show how widely available, low-cost bulk DNA methylation data precisely measure

cancer evolutionary dynamics, and provides new insights into cancer biology and

clinical behaviour.

Cancer development is an evolutionary process’? consequently,
the evolutionary history of a cancer may set its future trajectory and
allow inference of the clinical path of a patient®. However, testing this
hypothesis directly is challenging because longitudinal patient sam-
ples are required to document evolutionary history. Consequently,
evolutionary histories are typically inferred from single timepoint
data; for example, somatic (epi)mutations are patterned in distinc-
tive ways by differing evolutionary dynamics®. In the haematological
system, genome sequencing of single cells or single-cell colonies have
been used to infer the phylogenetic relationships among cells® 8. The
expense of this approach has restricted analyses to small numbers of
cases, limiting suitability for clinical translation.

DNA methylation canserve as alineage marker, recording the clonal
architecture of cell populations® ™ or the proliferative history**'.

We haverecently identified DNA methylation at some CpGsites, which
stochastically fluctuates over time at a timescale measured in years®.
These fluctuating CpGs (fCpGs) function as a ‘methylation barcode’,
providing a low-cost strategy to provide high temporal resolution
lineage tracing in patient samples*. In this study, we constructed a
quantitative modelling framework called evolutionary inference using
fluctuating methylation (EVOFLUX). This framework enables precise
quantitative inference of the evolutionary history of cancer cells from
input fCpG data derived from clinical specimens, at scale (Fig. 1a).
EVOFLUx works by considering the heterogeneity of f{CpG methyla-
tionvalues withinasample. Atadiploid locus, each fCpG can take one
of three states: neither allele methylated, one allele methylated or both
alleles methylated (0%, 50% or 100% methylated, respectively), son
fCpG sites can take 3" possible methylation patterns. fCpGs fluctuate
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Fig.1|Selectionand characterization of fCpGloci. a, Schematicrepresenting
thestudy design. Bulk cancer tissue samples were collected, DNA extracted and
methylation arrays were performed. Evolutionary dynamics were inferred and
these were correlated with clinical variables and outcomes. Theillustrations of
thebody, tumour, eppendorftube and machine were reproduced courtesy of
NIAID. Theillustration of the physician was adapted from Science Figures,
under an OpenDesign Licence1.0. Theillustration of the screen was created

by Simon Diirrundera CCO1.0licence.b, fCpG methylation patternsreflect
population evolutionary dynamics. Three scenarios are depicted:ina
polyclonal population withadistant MRCA, diverse fCpG methylation
(unmethylated inwhite, heterozygous in grey and methylated in black) results
inaunimodal distribution of average methylation near the steady state (top).
Following arecent clonal expansion (cellnumber 3 of the top panel), identical
fCpG methylationacross cells yields acharacteristic ‘W-shape’in the bulk
methylation distribution (middle). Post-bottleneck, ongoing fluctuations
generate diverse fCpG methylation patterns, changing the distribution of bulk
methylation values (bottom). ¢, A hierarchically clustered heatmap of the

methylation status independently, meaning that they function as an
‘evolving barcode’ to track clonal evolution: two somatic cells with
close ancestry will share a near-identical pattern of fCpG methylation,
whereas distantly related cells will have divergent fCpG methylation
patterns (Fig.1b). In bulk populations of clonal somatic cells, the domi-
nant fCpG pattern represents the fCpG state of the founder cell of the
population. Therefore, the precise distribution of fCpG methylation
isdetermined by the evolutionary history of the population, meaning

fCpG methylated alleles

978 fCpGsidentified in lymphoid cells (n=2,204 samples). Magnified regions
represent the homogeneous intermediate methylation patternin normal
lymphoid cellsand the speckled patternin cancer samples. PBMC, peripheral
blood mononuclear cell; MGUS, monoclonal gammopathy of undetermined
significance; MM, multiple myeloma; NOS, not otherwise specified; RT, Richter
transformation. d, Example histograms of fCpG methylation distributions from
healthy and neoplastic lymphoid cells (CLLs). e,f, Heatmaps showing the log,
fold change (FC) in genomic locations (e) and chromatin status (f) of fCpGs
compared with non-fCpGs. g, Comparison between fCpG-associated and
non-fCpG-associated genes inasingle CLLsample (left; P=5.14 x 1072,
Wilcoxon test, sample SCLL-328), and expression of fCpG-associated genes
separated by discretized allele methylation status (right; Pvalues were
determined by two-sided Wilcoxon test, no multiple correction; n =505 for
fCpG genesand n=15,736 for non-fCpG genes). The boxplot centre shows the
median, thebox shows the quartiles and whiskers represent +1.5x interquartile
range (IQR). TPM, transcripts per million.

that mathematical modelling can be used torecover the evolutionary
history of asample from input fCpG data.

Here we focused on lymphoid neoplasms, which cover abroad spec-
trum of diseases and subtypes with highly variable clinicobiological
features, from highly proliferative acute disease to indolent chronic
leukaemia, arising in infants to older adults, with tumour samples
across disease stages'®". These tumours have been extensively profiled
by DNA methylation arrays, which have provided insights into their
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cellular origin, pathogenesis and clinical behaviour®®. Although their
temporal clonal dynamics has been partially analysedin few patients'>?,
their precise evolutionary histories remain poorly characterized. Apply-
ing EVOFLUx to 1,976 well-characterized lymphoid malignancies, we
precisely measured individual tumour evolutionary history and show
that these histories are associated with disease outcome.

Characterization of fCpGs in lymphoid cancers

We assembled bulk Illumina methylation array data of normal and
neoplastic lymphoid cells from 2,430 samples'*?~*° (Methods; Sup-
plementary Tables 1-3). Following quality control, we retained 2,204
samples from 2,054 patients and 389,180 CpGs. As fCpG loci are tis-
sue specific*, we constructed a pipeline to identify lymphoid-specific
fCpGs (Methods; Extended DataFig.1a) using 1,471 samples from mul-
tiple lymphoid tumour entities (Supplementary Tables 1and 2). We
identified 978 pan-lymphoid cancer fCpGs (Supplementary Table 4).
Methylation at fCpGs shows a characteristic ‘speckled’ patternacross
cancers (Fig. 1c) because (de)methylation occurs independently in
each tumour, in stark contrast to the orderly patterns observed for
traditional methylation clocks orarandom subset of CpGs (Extended
DataFig.1b-d).fCpGs did not cluster the samples by disease (Fig. 1c),
and there was also no clustering based on disease subtype or array
platform (Extended Data Fig. 1e-i), except for some Band T cell acute
lymphoblastic leukaemias (B/T-ALLs) and multiple myeloma cases that
exhibited global hypermethylation or hypomethylation, respectively,
as previously reported™. This is consistent with fCpGs behaving as a
stochastic ‘barcode’ encoding lineage information. By comparison,
methylation at CpGs excluded by our selection filters either did cluster
by disease, had very low heterogeneity across samples or had unequal
methylation and demethylation rates (Supplementary Figs.1and 2).

We then examined the methylation value distribution of these 978
fCpG inindividual samples (Supplementary Table 5). In each cancer
sample, the fCpGs followed acharacteristic ‘W-shaped’ distribution that
depicts the fCpG methylation pattern of the founder cell of the cancer
sample (Fig.1d). By contrast, the healthy B cell subpopulations, which
were notincludedinthe discovery set, had unimodal distributions with
intermediate methylation levels consistent with these being polyclonal
populations (that is, average of the three methylation states; Fig. 1d).

Methylation values across fCpGs were uncorrelated, except for a
small number of fCpGs located within1 kb of another fCpG (74 of 978;
Extended Data Fig. 2a). Inwhole-genome bisulfite sequencing (WGBS)
dataofsorted bulk Band T cell populations®, methylation at fCpG loci
in these polyclonal normal samples was largely intermediate. Over a
smallwindow of 100 bp, as the distance from the fCpGs increased, an
increasing fraction of the neighbouring CpGs were either hypermeth-
ylated or hypomethylated (Extended Data Fig. 2b). Together, these
analyses suggest that the local 3D genome structure influences (de)
methylation processes.

We sought to verify fCpGs as ‘evolving barcodes’. Analysis of fCpG
methylation fluctuation over time confirmed that inter-patient fCpG
heterogeneity was not caused by common single-nucleotide polymor-
phisms (SNPs; Methods; Extended Data Fig. 2c and Supplementary
Fig. 3). We generated long-read nanopore sequencing® on normal B
cells (n = 6) and matched chronic lymphocytic leukaemia (CLL)-Richter
transformation samples (n =2 pairs) to simultaneously detect genetic
mutations and DNA methylation, and confirmed that fCpG methyla-
tion variation is not a consequence of underlying somatic mutation
(Extended Data Fig. 2d and Supplementary Fig. 4). In matched data,
fCpG methylation levels measured by bead array or long-read sequenc-
ing were highly concordant (Extended Data Fig. 2e), and similar excel-
lent concordance was observed in additional WGBS data (Extended
Data Fig. 2f). We constructed fCpG methylation haplotypes using
long-read sequencing (Extended Data Fig. 2g) and additional single-cell
reduced representation bisulfite sequencing®, and detected lower
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intra-haplotype heterogeneity within CLL samples than normal B cell
samples (Extended Data Fig. 2h and Supplementary Fig. 5), consistent
with the leukaemia being a clonal expansion, whereas normal B cells
are polyclonal.

We utilized somatic copy number alterations in 492 CLL and 85
mantle cell lymphoma (MCL) samples®*** (Supplementary Tables 6
and 7) to distinguish between alleles and show the (de)methylation at
fCpGs occurredindependently oneach allele (Extended DataFig. 3a),
despite copy number alterations being rare in our cohorts (Supple-
mentary Fig. 6). Thus, f{CpGs show independent ongoing allele-specific
changes to methylation, uniquely labelling cell lineages.

As the DNA methylome is influenced by age®*, we tested whether
fCpGs showed evidence of age-dependent epigenetic modulation. In
normal blood samples, mean fCpG methylation was not correlated with
age, suggesting that fluctuations continue throughout life, whereas
fCpG methylation variance increased with age (Extended Data Fig. 3b
and Supplementary Fig. 7). Variance is higher in samples where there
hasbeen arecent clonal expansion (thatis, homozygous methylated or
unmethylated alleles become more prominent; Extended Data Fig. 3c),
suggesting that fCpGs were detecting age-related clonal expansions
of cells of the haematopoietic system*3>3,

We analysed the genomic features of f{CpG sites. fCpGs were enri-
chedontheshoresof CpGislands (Fig.1e), underrepresented in gene-
associated regions (Extended DataFig.3d) and, notably, were distinct
from CpGs used in other epigenetic clocks (Extended Data Fig. 3e and
Supplementary Tables 8 and 9). At the chromatin level, fCpGs were
enrichedinnormal and neoplastic B cell weak promoters and enhancers
as well as H3K27me3-marked regions, and significantly underrepre-
sented in active promoters and H3K36me3-marked regions (Fig. 1f).
RNA-sequencing analysis of CLL samples demonstrated that genes
associated with fCpGs have significantly lower expression levels (Fig.1g
and Extended Data Fig. 3f), with no association between fCpG methyla-
tion status and associated gene expressionin matched cases (Fig. 1g).
No correlation was observed between fCpG methylation and the expres-
sion of key DNA methylation modifier genes (Extended Data Fig. 3g).
Pathway enrichment analysis revealed that fCpG-associated genes were
underrepresented in pathways ubiquitously expressed across multiple
tissue types butenriched in developmental pathways (Supplementary
Tables 10 and 11). Although these results do not provide a detailed
molecular understanding of the mechanisms underpinning fCpG fluc-
tuation; together, they indicate that fCpGs tend tobelocated in silent
regions of the genome and do not regulate transcription, so are likely
to be neutral lineage markers.

EVOFLUXx measures clonal evolution

We developed EVOFLUYX, a stochastic mathematical modelling and

Bayesianinference framework, to simulate how clonal evolution quan-

titatively determines fCpG methylation values and enable inference of

evolutionary history of individual tumour samples (Fig. 2a).
EVOFLUx simulates the ongoing gain and loss of methylation at fCpGs

within a lineage from the birth of a patient until the beginning of a
cancer-associated clonal expansion at some specified time, and then
continues to simulate methylation fluctuations within the growing
population of cancer cells until the cancer sample was collected at
time 7 (Methods; Fig. 2a and Supplementary Information). The key
parameters in the model are:

« Cancer growthrate peryear (6), assuming an exponentially growing
population.

« Cancer age, measured interms of the age of the patientinyears at the
time the cancer started growing (7).

« fCpG switchingrates per allele per year. Four parameters correspond-
ing to the four possible transitions between homozygous unmeth-
ylated, heterozygous methylated and homozygous methylated
(1, v,yand{).
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Fig.2| The EVOFLUx model accurately captures fCpG data patterns.

a, Schematic of the EVOFLUx method that simulates the evolutionary dynamics
ofagrowing cancer. EVOFLUx relies on amathematical model describing how
the fCpGdistributions vary with the evolutionary parameters of acancer.
Themodelis splitinto two phases: before the MRCA (7) in which methylation
changes occurinthesingle-cell lineage thatis subsequently transformed, and
following the MRCA in which the population grows exponentially (6). At each
time step, epigenetic switchingis allowed to occur between the three possible
states (rates g, v, yand {).b,c, Simulated fCpG methylation distributions for
cancerwithadistant versus recent MRCA (b), and rapid versus slow growth

By combining the cancer growth rate and age, the cancer effec-
tive population size (NV,) — the number of long-lived lineages in the
cancer — is calculated as N, =%,

Computational simulations of the model recapitulated the observed
W-shaped fCpG methylation distribution. Altering model parameters
caused notable shiftsin the distribution: increasing cancer age caused
the flanking peaks of the W-shaped distribution to move towards the
central peak, whereas slower growth broadened peak width (Fig. 2b,c).
Hence, the distribution of fCpGs encoded the evolutionary history of
atumour.

We added simulations of a single advantageous subclone within the
cancer (Methods). Sampling longitudinally from model simulations
and comparing fCpG methylation between timepoints showed that

(c).d, Fisher plot showing the change in the subclonal composition withina
simulated set of longitudinal samples (top). Scatter plots showing the marginal
fCpG methylation distribution between simulated pairwise longitudinal
samples with the subclonal proportions depicted ineach corresponding
sample timepoint (n=1,000 simulated fCpGs; bottom). Pointsin the scatter
plotare coloured according to the difference in methylationbetween the first
and the subsequent timepoints. e, Histogram overlaying the fCpG methylation
distributions of data simulated at T1(neutral) and T3 (subclonal; left), and
comparisonofthe fraction of fCpGs atintermediate valuesbetween Tland T3
(right; the Pvalue was determined by chi-squared test).

subclone outgrowth was marked by the small number of fCpGs with
distinct methylation status in the subclone, becoming detectable only
when the subclone was sufficiently large (Fig. 2d,e).

EVOFLUXx contained an extensive Bayesian inference method to
learn model parameters from input fCpG methylation distribution
data, accounting for tumour purity and the technical noise introduced
by the methylation array (Methods; Fig. 3a). We generated simulated
fCpGdistributions with prespecified (that is, known) model parameters
and validated the ability of EVOFLUx to accurately recover the ‘ground
truth’in these simulated data (Extended Data Fig. 4a,b and Supple-
mentary Information), even when the assumptions underlying the
method were weakened (Extended Data Fig. 4c-h and Supplementary
Information).
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Fig.3 | EVOFLUx reveals the evolutionary dynamics oflymphoid cancers.
a, Schematic showing the EVOFLUx Bayesian inference pipeline used to infer
patient-specific tumour evolutionary history from input bulk methylation
data, patientage and tumour purity. Theillustration of human ageing was
adapted from Pixabay undera CC01.0 licence. Theillustration of the tumour
was adapted courtesy of NIAID. b, Scatter plot of the inferred growth rate (6)
versus effective population size (N, = e®7~?) per sample from patients with
cancer, using the posterior medianas adescriptive summary statistic of the
probability distributioninferred for each evolutionary variable (n=1,885
samples; coloured accordingto cancer type). ¢, Scatter plot of the inferred time
since the MRCA (7) versus the mean epigenetic switching rate (averaged across
differentrate parameters) per sample (n=1,885samples). d-f, Inferred growth
rate (top) and effective population size (N,; bottom) of individual cancer
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samples separated by molecular subtypein B-ALL (d; two-sided MWU test,
n=767samples), MCL (e; two-sided MWU test, n=126 samples) and CLL (f;
two-sided MWU test, n =702 samples). Differences between subtypes were
tested using MWU tests, with Holm-Bonferroni corrections applied. In
paneld, B-ALL cases with MLL rearranged had significantly higher growth
ratethaneach of the other B-ALL subtypes (all P<0.005); however, for ease

of presentation, only the comparison with t(1;19) is shown here.cMCL,
conventional MCL; nnMCL, non-nodal MCL. g, Inferred growth rate (top) and
effective populationsize (bottom) for CLL cases with a TP53 driver mutationin
eachIGHV CLL subtype (two-sided MWU, n = 646 samples, multiple corrected
using false discovery rate together with analysis of other driver mutations;
Extended DataFig.7). WT, wild type. The boxplot centre shows the median,
thebox denotes the quartiles and whiskers represent £1.5x IQR.
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Evolution of lymphoid malignancies

We applied EVOFLUx t0o 1,976 samples of lymphoid cancers (including
T-ALL, B-ALL, CLL, MCL, diffuse large B cell lymphoma (DLBCL) and mul-
tiple myeloma) and premalignant conditions (thatis, monoclonal B cell
lymphocytosis (MBL) and monoclonal gammopathy of undetermined
significance) for which we had age and tumour cell purity informa-
tion, to infer the individual growth rate of each cancer, time since the
most recent common ancestor (MRCA) and epigenetic switching rates
(Supplementary Table 12). Posterior distributions were well formed
(Extended Data Fig. 5a) and posterior predictive distributions recapitu-
lated the input data well (Extended Data Fig. 5b), emphasizing the excel-
lent fit of the model to data. Inferred parameters were not significantly
affected by tumour cell content of samples (Supplementary Fig. 8) or
exclusion of copy number alteration-altered regions (Extended Data
Fig.5c-eand Supplementary Fig. 9). Most parameters were also insensi-
tive to the number of fCpGs excluded (Extended Data Fig. 5f,g), except
the effective population size (Extended Data Fig. Sh).

Paediatric ALL and adult lymphoid neoplasms exhibited markedly
different evolutionary histories (Fig. 3b). ALLs demonstrated much
higher growth rates (6; Extended Data Fig. 6a; P=9.3 x 107%, Mann-
Whitney U (MWU) test, Holm-Sidak correction), smaller effective
population sizes (V,; Extended Data Fig. 6b; P= 8.1 x 107*) and shorter
times since the MRCA (Extended Data Fig. 6¢; P= 6.0 x 107%) than
other lymphoid malignancies. T-ALL grew faster than B-ALL (P=0.0017,
Holm-Sidak correction) and showed more homogenous growth rates
(P=0.00044, Levene test).Inadult cancers, MBL (a precursorto CLL)
displayed lower growth rates and longer time since the MRCA than CLL
(Extended Data Fig. 6a,c; P=9.7 x 10" and P= 9.9 x 1073, respectively).
DLBCL notably had the largest N, despite comparable growth rates.

fCpG switching rates varied significantly across diseases, with
paediatric ALLs showing much faster switching than adult malignan-
cies (Fig. 3c and Extended Data Fig. 6d). Paediatric ALLs also demon-
strated a strong positive correlation between fCpG switching rate
and growth rate (Extended Data Fig. 6e; P=2.4 x 10" and R = 0.44 in
B-ALLand P=5.9 x10"°and R*=0.22in T-ALL) and a strong negative
correlation with patient age (Extended Data Fig. 6f-k; P=3.3 x10™¥
and R*=0.56 in B-ALL and P=3.6 x 10® and R*= 0.6 in T-ALL). These
findings suggest that fCpG (de)methylation rates are decreased in
adultlymphoid cancers.

In CLL, we estimated the ‘contemporary’ growth rate derived from
multiple longitudinal clinical measurements of the lymphocyte count
preceding treatment. The EVOFLUx inferred growth rate, which repre-
sents the rate of the initial clonal expansion of the disease, was mod-
erately correlated with the contemporary growth rate (P=2x107,
R=0.27; Extended DataFig. 6] and Supplementary Fig. 10).

Evolution varies by cancer subtype

We examined how cancer evolutionary history related to molecular
subtypes. In B-ALL, MLL-rearranged cases had a significantly higher
growthrate (Fig.3d; P=1.3 X103, MWU, 44.3 + 6.1 versus 11.7 + 0.2 per
year (mean * standard error)), but lower effective population size N,
(P=3.7x107,1.8 x10° £ 0.2 x 10°versus 3.0 x 10° + 0.06 x 10° cells) than
the other subtypes, consistent with their distinct clinical behaviour®.
InMCL, the generally more indolent leukaemic non-nodalMCL* had a
lower growth rate (Fig.3e; P=1.1x107,1.7 + 0.1versus 2.1 + 0.1 per year)
and N, (P=7.4x107,4.7 x10° + 1.4 x 10° versus 1.5 x 10° + 0.2 x 10°
cells) than the more aggressive conventional MCL. In DLBCL tran-
scriptomic subtypes®, there was no significant differences, prob-
ably due to the smaller number of cases and the lower sample purity
(Supplementary Fig.11).

InCLL, two major molecular subtypes are defined based on the extent
of somatic hypermutation in the heavy-chain variable region of the
IGgene (IGHV): unmutated CLL (U-CLL) and mutated CLL (M-CLL). The

39,40

more aggressive U-CLL subtype®*° showed significantly higher growth
rates (Fig. 3e; P=1.3 107, 2.3 £ 0.04 versus 1.8 + 0.02 per year) and
larger N, (P=2.1x10"%,7.2x10°+ 0.3 x 10° versus 4.1 x 10° £ 0.3 x 10°
cells) than M-CLL, independent of tumour purity (Supplementary
Fig.12). Similar results were obtained when analysing its precursor
condition MBL (Supplementary Fig.12).

Patients with mutationsin specific driver genes, such as TP53, are well
known to have aworse prognosis*'. We compared the inferred growth
rates and effective population sizes accounting for IGHV status for the
most prevalent driver genetic alterationsin CLL: TP53,SF3B1, NOTCHI,
ATM, POT1and IGLV3-217%°, del(11)(g22.3), del(13)(q14.3), del (17)(p13.1)
and trisomy 12 (Fig. 3g and Extended Data Fig. 7). Patients with M-CLL
with TP53mutations had a higher growth rate and effective population
size (P=0.030 and P=0.036, respectively, MWU test, false discovery
rate corrected; Fig. 3g). Trisomy 12 was associated with increased effec-
tive populationsizeinboth U-CLLand M-CLL (P=0.036 and P= 0.036,
respectively), but no difference in growth rate.

Most lymphoid cancers grow effectively-neutrally

Asnew advantageous subclones can arise during cancer evolution, we
alsoexamined subclonal architecture in our cohort.In CLL, a smallfrac-
tion of cases presents two or more clones with independent origins*2.
In genetic data, subclonal, independent and monoclonal (Extended
Data Fig. 8a) architectures are distinguishable by characteristic pat-
terning of mutation allele frequencies***. Similarly, in fCpG data, clonal
architectures are depicted by additional intermediate peaks in the
methylation distribution (Fig. 2d,e). Simulations showed that subclone
inference by EVOFLUx was limited to detect only strongly selected sub-
clonesarising atanintermediate timepointin the history of the tumour
(Supplementary Fig.13 and Supplementary Information), for reasons
analogous to limitations of subclone detection in genetic sequenc-
ing data®. We describe the evolution in tumours without detectable
subclones as effectively-neutral.

Applying EVOLFUx in our cohort revealed that most cancers (1,610 of
1,976) showed no evidence of either subclonal orindependent clones
(Extended Data Fig. 8b and Supplementary Table 12). The frequency
of subclone detection varied considerably between cancer types,
ranging from over 30% in CLL (232 of 718) to less than 5% in DLBCL
(10f57).

We verified EVOFLUx inferences withmatched whole-exome sequenc-
ing (WES) datafrom 425 CLL cases (Supplementary Table 13). Using the
MOBSTER subclonal deconvolution tool®, subclones were detected
in 78 of 425 cancers (Supplementary Table 14), and these cancers had
significantly higher EVOLUFx subclonality weights (P=2.0 x10™*, MWU
test; Extended Data Fig. 8c). MOBSTER was more likely to detect sub-
clonesin cancers with more mutations (Extended DataFig. 8d), suggest-
ing limited power to detect subclones in WES. We therefore obtained
matched whole-genome sequencing (WGS) data for 127 CLL samples
(Supplementary Table 15) and observed better agreement between
EVOFLUx and MOBSTER subclone calls (P=3.9 x 10*; Extended Data
Fig.8e and Supplementary Table 16),in which MOBSTER subclone calls
were then independent of single-nucleotide variant count (P> 0.05).
A classifier to predict WGS subclone architecture using EVOFLUx out-
performed a WES-based classifier (area under the curve (AUC) = 0.73
versus AUC = 0.62) and performed equivalently to a classifier using
both EVOFLUx and WES (AUC = 0.74; Extended Data Fig. 8f). Hence,
EVOFLUx was more effective at detecting ongoing subclonal selection
than MOBSTER applied to WES data.

CLLs with two independent clonal origins were detected in 22 of
718 cases. Validation through comparing IG gene rearrangements
from WES or WGS and RNA sequencing*® (Supplementary Table 17)
showed that patients with multiple IG gene rearrangements had
elevated independent origin model weightings (Extended Data Fig. 8g;
P=0.028).
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Fig.4|fCpGs allow for phylogeneticreconstruction oflongitudinal
lymphoid cancersamples. a,b, Timelines and Fisher plots derived from WGS
of two patients with CLL with longitudinal samples, annotated with treatment
received (top). The Richter-transformed cloneis shownin puce. Scatter plots
showing the marginal fCpG methylation distribution between pairwise
samples fromabove (middle). The points are coloured according to the
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Reconstructed phylogenies of the relationship between samples, annotated
withthe sample timepoints (bottom). The black triangles represent the time
thatoccurredsince the MRCA (T - 1), taken as the posterior median from the

fCpGsrecord clonal dynamics over time
Some patients with CLL undergo Richter transformation, the emer-
gence of anaggressive phenotype with dismal prognosis. We assembled
longitudinal matched WGS and methylation data? for two patients
with CLL developingRichter transformation followed for19.5and 14.5
years, respectively. WGS data provided ground-truth measurement of
clonal evolution during the decades of longitudinal follow-up, which
we contrasted with clonal inference from methylation data (Fig. 4a,b
and Supplementary Table 18).

InCLL case12,between Tland T2 (13.1years), WGS datashowed thata
subclonal expansion occurred, and this was mirrored in fCpGs (Fig. 4a).
Inthe short (1month) period between T2 and T3, the patient received
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Fraction methylated T3 (B-ALL relapse)

single-sample EVOFLUx inferences. The methylation fraction of the 978
fCpGlociare presented as heatmaps (0% blue and100% red). Benda.-Obi,
bendamustine, obinutuzumab; CLB, chlorambucil; CLB-R, chlorambucil

and rituximab; CP, cyclophosphamide and prednisone; R-CVP, rituximab,
cyclophosphamide, vincristine and prednisone; RFCM, rituximab, fludarabine,
cyclophosphamide and mitoxantrone. c, Anexample of longitudinal samples
(SW-BCP-ALL-375) showing the development of the fCpG distribution from
diagnostic B-ALL, through remissionand relapse. d, Scatter plot showing

the marginal fCpG methylation distribution between diagnosis and relapse
from panelc.

ibrutinib treatment, but there was no clonal expansion detected in
WGS nor methylation data. The patient then received rituximab,
cyclophosphamide, vincristine and prednisone (R-CVP) combination
treatment, but by T4 (5.6 months after T3) presented a clinical mani-
festation of Richter transformation, and WGS showed that the Richter
transformation clone had expanded to form 77% of the tumour. This very
large clonal expansion was clearly evident in fCpG methylation data.
In CLL case 19, the initial samples at T1-T4 spanned a period of 7.1
years. WGS showed gradual expansion of asubclone that was mirrored
in fCpG methylation data (Fig. 4b). At T5 (5.5 years later), there had
been a large nested subclonal expansion detected by WGS that was
alsoevidentin fCpG data. At T6 (2.8 years later), the patient was diag-
nosed with Richter transformation. WGS showed near-fixation of the
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Richter transformation clone and there was a correspondingly stark
signalin fCpG data.

We used EVOFLUX on these longitudinal fCpG methylation data to
construct phylogeneticrelationships between samples (Methods). In
both cases, the phylogenies (Fig. 4a,b) showed that the Richter trans-
formation clone diverged exceptionally early, roughly a decade before
the MRCA of the samples containing non-transformed CLL cells (9 and
12 yearsfor cases12and 19, respectively). This was consistent with our
previous analysis of single-cell RNA sequencing and DNA sequencing
that detected Richter transformation cells at low frequencies within
the diagnostic CLL sample®, but suggests, remarkably, that the initial
Richter transformation divergence occurred well before diagnosis, over
30 years before the clinical presentation of Richter transformation.

We validated the fCpG phylogenetic inferences by comparing them
with phylogenetic trees from matched WGS data®” and comparing
it with methylation data (Methods; Extended Data Fig. 9a,b). fCpGs
exactly recapitulated the WGS tree topology and had highly similar
branch lengths unlike other CpG sets (Supplementary Figs. 14-16).
Hence, fCpGs are a high-resolution phylogenetic character.

We also performed phylogenetic analysis on B-ALL cases from
diagnosis to relapse (Extended Data Fig. 9c—e). All relapse samples
formed a separate clade from the initial diagnostic sample, suggest-
ing a major treatment-induced evolutionary bottleneck. In patients
with B-ALL with matched cancer-remission samples, we consistently
observed that the W-shape (indicating a clonal expansion) was replaced
by aunimodal distribution (indicating no clonal expansion) following
successful treatment, with similar variance as normal blood (Extended
DataFig. 9f,g). In two patients with matched diagnosis, remissionand
relapse samples, we found that the unimodal fCpG distribution dur-
ing remission was replaced with a W-shaped distribution at relapse
similarinshape to the diagnostic sample, due to the clonal expansion
driving recurrence (Fig. 4c and Extended Data Fig. 9h). Comparing
the fCpG distributions between diagnostic versus relapse samples
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growthrateissignificant when controlling for IGHV status, TP53 alterations
and age at sampling. The error bars represent 95% confidence intervals.
Alog-rank test was used in the Kaplan-Meier curves and Wald tests for Cox
models. A Schoenfeld residuals test was used to test proportional hazard
assumptions. No multiple comparison adjustments were done.

revealed subclonal evolution through treatment (Fig. 4d and Extended
DataFig. 9i).

Evolutionary history and clinical outcome

To investigate the relationship between the evolutionary history and
future clinical trajectory of a cancer, we leveraged a series of 478
CLL cases with well-annotated follow-up data. Using univariate Cox
models, we tested the effect of evolutionary parameters on time to first
treatment (TTFT), which reflects the natural cancer biology, and then
onoverall survival, which is amore complex end point as it convolves
disease biology with treatment responses.

In univariate analysis, faster growing CLLs had markedly shorter
TTFT (Fig. 5a; P=1.4 x107°, hazard ratio (HR) = 3.95) and worse overall
survival (P=0.0053,HR =1.51). The N, of a cancer did not have astrong
effecton TTFT (P=0.058, HR =1.17), but was associated with shorter
overallsurvival (P=1.3 x 107, HR = 1.41). The patient age at the time of
the MRCA of the CLL population was highly correlated with the age of
the patient (Supplementary Fig.17), so unsurprisingly, older patients
had worse overall survival (P=2.3 x10™", HR =1.79). The decrease in
risk of progression with cancer age (P=3.8 x 10, HR = 0.65), meas-
ured by the time since the MRCA, was probably due to confounding
with the growth rate, as these parameters were negatively correlated
(Supplementary Fig.17). The epigenetic switching rate parameters
were largely uninformative of prognosis.

Asthe growthrate was different between U-CLL and M-CLL (Fig.5b),
we analysed its prognosticimpact within each group separately. Higher
growth rates consistently correlated with shorter TTFT in both sub-
types (Fig. 5b; P=1.4 x107 for M-CLL, P=1.56 x 107 for U-CLL and
overall P=2.1x107%). Inamultivariate Cox regression model, growth
rate maintained a strongindependent prognosticimpact as quantita-
tive variable (P=2.2 x107%°, HR = 2.28) even when controlling for the
IGHV mutational status and TP53 aberrations, as well as age (Fig. 5¢).
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Of note, the effect of TP53 mutations on TTFT appeared mediated by
increased growth rate. The cancer N, was more significantly corre-
lated with overall survival than the growth rate, and this effect was
preserved in the U-CLL subtype (Extended Data Fig. 10a; P=0.55 for
M-CLL, P=9.90 x107 for U-CLL and overall P=4.72 x10°) and in the
multivariate setting with IGHV status, TP53 aberrations and age at
sampling (Extended Data Fig. 10b; P=0.025,HR =1.33).

Although theinference of the evolutionary parameters onour initial
cohort was wholly blinded to the clinical outcomes, we also validated
our findings using a second independent cohort of 209 patients with
CLL (135 untreated at sampling)®®*% (Supplementary Table 2). These
results verified tumour initial growth rate as a predictor of TTFT
(Extended DataFig.10c-e). Furthermore, the EVOFLUx-derived growth
rate was prognostic even when controlling for the contemporary rate
of change of lymphocyte counts (P= 0.018; Extended Data Fig. 10f).

These results demonstrate that the evolutionary parametersinferred
from a cost-effective methylation array could have a direct clinical
application by contributing to predict the clinical behaviour of patients
with CLL independently from well-established prognostic variables.

Discussion

Our study establishes a computational framework called EVOFLUX,
which enables quantitative measurement of the evolutionary history
of humanmalignancies at massive scale using only widely available and
low-cost bulk methylation data as input. Evolutionary histories are fun-
damentally distinct from characterizations of the contemporary pheno-
type of cancer cells, such as the fraction of proliferating cells. EVOFLUx
methodology should also workidentically for sequencing-based meth-
ods to measure methylation such as bifulfite-based**® and bisulfite-free
approaches®* (for example, long-read nanopore), which show an
excellent correlation with our array data. Intheory, these methods allow
for assessment of many more fCpGs, increasing inference accuracy.
EVOFLUx should also be applicable to tumour-derived cell-free DNA
extracted from blood.

Evolutionary histories are strongly associated with disease pheno-
type and clinical outcomes across lymphoid disease types. We consider
this strong evidence that clonal evolution, the fundamental cellular
process of disease development, underlies the clinical course of the
disease. Consequently, we expect these results to generalize across
allcancer types. We note that genome-wide DNA methylation analyses
also measure otherimportantbiological features of a cancer (for exam-
ple, molecular subtype™) that could be combined with EVOFLUx-based
inference of evolutionary history to further improve the prognostic
value of DNA methylation data.

In summary, we present a cost-effective high-throughput platform
for measuring cancer evolutionary dynamics at the population scale
in patient samples. These fundamental measurements of the disease
biology hold substantial prognostic value and represent aninnovative
asset in the field of precision oncology.
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Methods

Assembly and quality control of DNA methylation data

We assembled and processed with a harmonized pipeline™ (v4.1; see
Code availability section) 2,430 bulk sample [llumina methylation
array data of normal and neoplastic lymphoid cells from previous
publications'**73°, As healthy control samples, this dataset contained
sorted CD19" B cells (n =40), CD3" T cells (n = 35), peripheral blood
mononuclear cells (n = 6) and whole-blood samples (n = 6). As tumour
samples, weincluded precursor 797 B-ALLs and 90 T-ALLs at diagnosis,
28 B-ALLs and 2 T-ALLs at relapse, as well as 74 B-ALLs and 12 T-ALLs
at complete remission (that is, normal blood); 149 MCLs; 722 CLLs,
55 of its precursor condition MBL and 6 samples from patients with
CLL undergoing a DLBCL transformation called Richter transforma-
tion; 62 primary DLBCL, not otherwise specified; and 104 multiple
myeloma and 16 of its precursor condition monoclonal gammopa-
thy of undetermined significance. In brief, raw idat files were loaded
and processed with R (v4.3.1) using the minfi package®** (v1.46.0) in
batches as specified in the column ‘SSNOB_NORMALIZATION_BATCH’
of Supplementary Table 2. In brief, the data were processed for each
batch as follows. First, idats files were loaded into a RGChannelSet
object, and minfi quality metrics using the qcReport function were
performed, removing samples with unexpected distributions of
methylation values (that is, distributions markedly distinct from a
bimodal centred around 0 and 1 B-values and/or from the remaining
samples) and low signalintensities of internal control probes for each
sample, including bisulfite conversions I and II, extension hybridiza-
tion, hybridization, non-polymorphic, specificities Iand I, and target
removal probes.

Next, further quality metrics were derived using the function min-
fiQC on the unnormalized RGChannelSet obejct. Those samples with
median signal intensities of unmethylated and methylated channels
of at least 10.5 in log, scale were considered as having good signal
intensities. Subsequently, detection P values were calculated across
all CpGs and samples using the detectionP function for the unnor-
malized RGChannelSet object. Samples were considered as good if
having a mean detection Pvalue across all CpGs of P< 0.01. Ona CpG
level, we retained CpGs with a detection P<1x107¢in 90% or more of
the samples, which has been shown to improve the quality of down-
stream analyses®>*, The RGChannelSet object was normalized with
the single-sample batch-independent preprocessNoob function with
dyebias correction. We next retained only CpGs (excluding CH probes)
thatdid not containany SNP neitherintheinterrogated CpGs norinthe
probe extension using the dropMethylationLoci and dropLociWithSnps
functions with default options (minor allele frequency (MAF) = 0).
Further analyses usinglong-read nanopore data, Illlumina array control
probes, annotation packages and a data-driven approach were used to
ensure the lack of any genetic confounding in the methylation values
of the resulting fCpGs (see the next sections).

Furthermore, CpGs with any previous evidence of potential
cross-hybridization were excluded** and only CpGs mapping to auto-
somal chromosomes were subsequently retained for downstream
analyses. Finally, to further confirmthe accuracy of thefiltering criteria,
we checked the distribution of normalized methylation values and per-
formed principal component analyses separately for samples passing
all quality checks as well as those considered as bad samples. The final
DNA methylation matrix contained 2,204 samples and 389,180 CpGs
passing all the aforementioned quality controls, and included 2,054
patients (22 technical replicates, 3 synchronic and 125 longitudinal
samples from the same patients)* (Supplementary Table 2).

To determine the purity of samples, we used our previously decon-
volution strategy to infer tumour cell content by DNA methylation™,
which wasused as a consensus purity in all the tumour samples except
for DLBCL and multiple myeloma. In these two tumour entities, we
have previously identified a DNA methylation signature loss causing

inaccurate tumour purity predictions using DNA methylation data, and
therefore we used available genetic or flow cytometry datafor DLBCL
and multiple myeloma, respectively.

Pipeline to select fluctuating CpGs

We constructed a pipeline to identify fCpGs in lymphoid tumours,

based on the following criteria:

(1) Heterogeneous across different participants with the same disease
(by accepting CpG loci with the top 5% of standard deviation of
methylation value within a cancer type).

(2) Equally likely to be methylated or unmethylated (by selecting CpGs
withaverage methylation of approximately 0.5withina cancertype).

(3) Unlikely to be associated with specific cell or cancer types. We used
anunsupervised Laplacian score feature selection metric* to rank
CpGlocibytheir tendency to preserve the nearest-neighbour graph,
and accepted the 5% least-informative CpGs.

Exclusion of genetic confounding on fCpGs

We performed a series of analyses to exclude the potential genetic
confounding (germline SNPs and somatic SNVs) on our fCpGs. We first
excluded the possibility that common germline SNPs caused meth-
ylation heterogeneity at fCpG sites betweenindividuals. We observed
very distinct methylation dynamics of array control probes containing
SNPs (which had been removed during the initial array processing)
versus fCpGs. SNP probes showed the same distributionin all samples
(Extended Data Fig. 2c), including longitudinally followed cases (Sup-
plementary Fig. 3), whereas fCpGs only showed a W distribution in
cancer samples with ongoing fluctuations over time. Thus, although
SNPsreflect the stable geneticidentity of theindividual, fCpGs reflect
the identity of a single cell and its evolving lineage. In addition, we
used the packages SNPlocs.Hsapiens.dbSNP155.GRCh38 (v0.99.24)
and MafH5.gnomAD.v4.0.GRCh38 (v3.19) to check for any known sig-
nificant germline or somatic genetic confounding onthe resulting 978
fCpGs. We found approximately 60% of fCpGs reported in the gnomAD
v4 database (with the array background having approximately 65%),
but with a very low MAF (median of 1 x107° and mean of 1 x1073). To
exclude the possibility of unknown or very rare genetic confound-
ing, we used the data-driven gaphunting algorithm® available in the
minfi R package, which further discarded a possible cancer-specific
single-nucleotide variation (SNV) that could confound the methylation
values at the 978 identified fCpGs. Finally, Oxford Nanopore long read
of asubset of normal and neoplastic samples further validated that
fCpGs represent de/methylated cytosines (Extended Data Fig. 2d,e;
see next section).

Generation and analyses of long-read nanopore data
Forlong-read methylationsequencingin CLL and Richter transforma-
tion samples, concentration was assessed using the Qubit assay and
DNA integrity was analysed either with the Femto Pulse System (Agilent)
or the Fragment Analyzer (Agilent). When more than 6 pg of material
with good integrity was available, DNA was additionally treated with
the Short Fragment Eliminator Kit XS (PacBio) and eluted in EB buffer.
Approximately 4 pg of DNA was used for library preparationaccording
to the standard LSK114 kit and protocol from Oxford Nanopore. The
time for DNA repair and end-prep was increased up to 30 min at 20 °C
and30 minat 65 °C. Adapter ligation was performed for1 hatroomtem-
perature. All elutions were performed at 37 °C for 1.5 h,and 550-600 ng
of DNAwasloaded onto a FLO-PRO114M (CLL cells) flow cells. Flow cells
were washed (EXP-WSHO0O04) after 1-2 days, if pore count decreased
to less than 30%. A total of 1-4 washes were performed for each flow
cell. Flow cells were run for 100 (CLL cells) hoursin total with the Fast
model (MinKNOW 23.11.7, Dorado 7.2.13). The raw data were rebase-
called using dorado duplex (v0.5.3) and applying the SUP and modified
calltodetect 5SmCand 5ShmC, (model dna_r10.4.1_e8.2_400bps_sup@
v4.3.0_5mCG_ShmCG@v1).



Innormal B cell samples, 1-3 pg of DNA was used for WGS. Libraries
were prepared with the DNA ligation kit LSK110 with no modifications.
Libraries wereloaded onto aflow cell version FLO-PRO002 (R9.4) and
wererunfor90-110 h. The basecalling was performed on live mode with
the Guppy basecaller (v6.2.7), included in the MinKNOW (v22.08.6),
using the SUP model for base modification detection of 5SmCand ShmC
(dna_r9.4.1 450bps_modbases_Shmc_Smc_cg_sup.cfg).

Inallsamples, the generated unmapped BAM files after the basecall-
ing were converted to FASTQ files using the SAMtools fastq -T Mm, Ml
command. The FASTQ files were then mapped to BAM files using the
command minimap2 -ax map-ont-y../GCA_000001405.15_GRCh38_no_
alt_analysis_set.fna.mmi. The methylation values were extracted from
the BAMs into bedMethyl files using the in-house tool bam2bedmethyl
(v0.3.2) and compressed/indexed using bgzip/tabix. Reads fromeach
strand were combined to generate DNA matrices for each CpG and were
used for obtaining the methylation values of all f{CpGs.

In addition, mini BAM files containing all reads from the 976 fCpGs
were generated (in hg38 genome assembly). The reads showed excel-
lent mappability, with amean of perfect nucleotide matches (NM tag;
Levenshtein distance) for all f{CpGs across samples of 96.41% (range of
73.31-97.90), and mean mapping quality (MAPQ) of all the reads cover-
ing all f{CpGs across samples of 59.510 (range of 2-60). Subsequently,
long reads were phased using variants called using Clair 3 (v1.0.9, model
r941_prom_hac_g360 + g422)% with the Longphase package (v1.7)%.
The methylationstatus of each CpG was called using the modcall func-
tion within the Longphase package. At fCpGs, only 2.7% of the reads
were non-canonical bases (Extended Data Fig. 2d). The variant allele
frequency (VAF) of these mutations tended to be low and was nega-
tively correlated with the coverage at that site (Supplementary Fig. 4a).
Hence, the majority of these non-canonical base pairs are probably
due to errors in nucleotide assignment. There is also no association
between the methylation status of different reads and the variants
present within a 50-bp window of each fCpG locus (Supplementary
Fig. 4b). Hence, assessment of fCpG methylation via bead array was
not majorly confounded by miscalled variants. The fCpG methylation
patterns seen in the bead array data were replicated in the long-read
data (Extended Data Fig. 2e) and the correlation between the fraction
methylated measured viabead array and long-read sequencing at fCpGs
was excellent (Extended Data Fig. 2e). The same correspondence was
observed in WGBS data (Extended Data Fig. 2f).

To assess the intra-sample long-read diversity for each sample, the
pairwise Hamming distances were calculated between every read on
both haplotypes. The two lists of Hamming distances were concat-
enated, and the mean calculated as a summary statistic of the read
diversity for each sample. One normal B cell sample contained only
two reads from one haplotype, and zero from the other, and so was
excluded from further analysis.

Analysis of scRRBS data
Previously published single-cell reduced representation bisulfite
sequencing (scRRBS) data were obtained® and the fCpG methylation
values extracted methylation values for normal B cells from 6 donors
and CLL cells from 12 patients. There was a high dropout rate, so to
extract meaningful patterns we plotted a subset of 40 cells and 20
fCpGs with a high density and overlap of fCpGs across single cells as
examples (Supplementary Fig. 5a,b).

To compare the full set of data accounting for the high degree of
missing data, we used a metric of heterogeneity at a given fCpG that
weights by the number of non-missing fCpGs according to:

_ ni(n,- - 1)

di—\ T

o(B)

Where n,is the number of non-NaN values for the ith fCpG, @ is

the total possible pairwise comparisons between aset of n objects and

o(f3;) isthe standard deviation across the methylation values of the ith
fCpG (Supplementary Fig. 5c).

Characterization and annotation of fCpGs

Tocharacterize the genomic and regulatory context of fCpGs, we used
aseries of statistical analyses and database annotations. We anno-
tated fCpGs using Illumina manifest and other genomic annotation
packages available at Bioconductor including [lluminaHumanMeth-
ylation450kanno.ilmn12.hgl9 (v0.6.1) and llluminaHumanMethylatio-
nEPICanno.ilm10b2.hgl9 (v0.6.0). We additionally used the packages
SNPlocs.Hsapiens.dbSNP155.GRCh38 (v0.99.24) and MafH5.gnomAD.
v4.0.GRCh38 (v3.19) to check any possible germline or somatic genetic
confounding on the resulting 978 fCpGs. We found approximately
60% of fCpGs reported in the gnomAD v4 database (with the array
background having approximately 65%), but with a very low MAF
(median of 1x107° and mean of 1x107). In addition, we used the
Illumina 450k and EPIC array internal SNP probes and showed a dra-
matically distinct methylation dynamics compared with fCpGs in
single-timepoint (Extended Data Fig. 2¢) and longitudinal (Supple-
mentary Fig. 3) samples. Finally, the data-driven gaphunting algorithm
available in the minfi R package was applied with all the previously
published thresholds and cut-offs*, which further discarded possible
cancer-specific SNV that could confound the methylation values at
the 978 identified fCpGs.

We used Chi-squared tests to assess the enrichment of f{CpGsin dis-
tinct genomicregions or elements. We performed gene-set enrichment
analysis on the fCpG-associated genes using gProfiler®, specifically
focusing on the Gene Ontology biological processes® and the Human
Protein Atlas®. The statistical domain space was limited to genes tar-
geted by atleast one CpGinthe 389,180 candidate CpG set and signifi-
cance was determined using the g:SCS algorithm®. Previous chromatin
segmentation of normal and neoplastic B cells was used to assess the
chromatin-state enrichment of fCpG*¢*.

fCpGs were checked for their overlap with previous ‘epigenetic
clocks’, including mitotic**"*¢, chronological age®® 7’8, gestational
age” 33, biological age and mortality®* 3¢ and trait predictors®”s8,
The package methylCIPHER (https://github.com/MorganLevineLab/
methylCIPHER) was used to obtain the CpGs for most of the epige-
netic clocks. The package methylclock (v1.10.0) was used to calculate
all epigenetic clocks but epiCMIT, which was derived as previously
described™.

CLLRNA sequencing data

Previously available RNA sequencing data for 294 patients with CLL
were obtained® and processed as previously described?. Matched RNA
sequencing data and DNA methylation data for the same patients at
the same timepoint were available for 224 patients with CLL. Transcript
per million counts were used to represent differential gene expression
values across genes and samples. We used the gene annotation provided
inthe R Bioconductor package llluminaHumanMethylationEPICanno.
ilm10b2.hg19to classify genes associated with fCpGs. Genes targeted
by any fCpG were considered as ‘fCpG genes'.

In each methylation sample, the 978 fCpGs were discretized as
homozygous demethylated, heterozygous methylated or homozygous
methylated (coded as[0,1,2], respectively). This was done by separately
fitting a B-mixture model with three components to each sample using
Stan® and extracting the component mixture probability. The gene
expression value for genes classified as having and fCpG with 0,10r 2
alleles methylated were plotted as previously described.

DNA methylation data from normal blood samples

External DNA methylation data were download fromthe Gene Expres-
sion Omnibus database using the GEOquery R package (v2.72.0). For
sorted immune cells, these include GSE137594 and GSE184269. For
whole-blood samples, these include GSE72773, GSE55763, GSE40279


https://github.com/MorganLevineLab/methylCIPHER
https://github.com/MorganLevineLab/methylCIPHER
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE137594
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE184269
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE72773
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE55763
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE40279
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and GSE36054. Data were analysed with the normalization procedure
used in each study together with the metadata provided. Mean and
standard deviation for fCpGs were calculated with fCpGs present in
the provided normalized matrices.

A stochastic model of fCpGs in agrowing population

Webuilt agenerative computational model of how the patterns of fCpGs
vary over time (t) according to the evolutionary history of a cancer.
Initially, our model focused on neutral evolution, before expanding to
non-neutral modes of tumour evolution below. For the full explanation
of the model, see the Supplementary Information.

Our model was parameterized in terms of the age of the patient
at which the MRCA emerged (7), the exponential growth rate of the
cancer (0) and the epigenetic switching rates of the fCpGs (u, v, y and
{). The model was partitioned into two phases: before and after the
emergence of the MRCA. At time ¢ = 0, the fCpGs were assumed to
be equally likely to be homozygously methylated or demethylated.
The fCpG status of the MRCA at time ¢ = 7 was calculated by applying
matrix exponentiation.

The second phase of the model consisted of a discrete time Markov
process. The effective population size of the growing cancer was mod-
elled as growing according to a deterministic exponential growth
equation, N,=e%7"?, Each fCpG was considered independently; at
each time step, t > ¢t + 6t, the number of homozygous-methylated
(m), heterozygous-methylated (k) and homozygous-demethylated
cells (w) at a specific fCpG was updated according to the epigenetic
switching rates.

Atthetimeofsample, 7, the fraction methylation of each simulated
fCpG was calculated by summing the number of methylated alleles and
normalizing by the total number of alleles in the population:

k+2m
A 2N,

We further accounted for contaminating normal cells and the tech-
nical noise introduced by the methylation bead array. The methyla-
tion of the contaminated samples was assumed to be an average of
the cancer methylation, S.(t), weighted by the tumour purity p, and
the average of the normal population, 8, weighted by 1 - p. Following
our previous work, the bead array was assumed to saturate at extreme
methylation values, shifting the minimum and maximum methylation
by § and ¢, respectively*. The noise of the bead array was assumed to
be B-distributed, with precision parameter k.

Non-neutral models of tumour evolution

Alongside our model of neutral exponentially growing cancer popula-

tions, we devised two alternative models of cancer growth:

(1) Asubclonalselectionmodelinwhich asingle cell within the cancer
develops aselective advantage and begins to grow at anincreased
growth rate.

(2) Anindependent clonal origins model, inwhich a patient has devel-
oped two distinct cancers concurrently.

For the subclonal selection model, we replaced the growth rate (6)
and the time of the MRCA (1) with the growth rates and time of the MRCA
of the initial, slower-growing population (6, and 7,, respectively), and
that ofthe morerecently emerging, faster-growing population (6,and
T,), constraining 7, < 7,and 6, < 8, (Extended Data Fig. 8a). We assumed
that theinitial cancer population began exponentially growing at 7, as
above, butattime ¢ =7,, we selected a single cell with a set of f{CpG states
drawn according to the cancer population and allowed this second
population to grow concurrently with a growth rate 6,.

The independent-cancer model followed the same scheme as the
nested subclonal selection model, except the methylation status of
the emerging cancer was that of anindependent cell that experienced
random fluctuations betweent=0and t=1,.

Ifwe letthe number of cellsin the less fit subclone in each methylation
state be {m,, k;, w;} and in the fitter subclone be {m,, k,, w,}, following
the convention above, then in both cases the measured methylation
patterns at the time of sample are:

k(T) +2m(T) + kx(T) +2my(T)
2N,(T)

BT =

Where N,(T) = /171 + g627~%),

Adaption of simulations to a longitudinal setting

We modified the simulations of how the fCpG methylation distribu-
tion changes over time to allow for multiple sequential sample collec-
tions. These simulations allow for neutral, independent clones, asingle
subclonal expansion or two subclonal expansions, which can either
be nested or emerge from the clonal trunk in parallel. This required
pre-specification of sampling times, along with the emergence times
of any subclones orindependent clones, which we collected toforma
setof ‘landmark times’. The discrete time steps of the simulation were
splitinto phases between the landmark times, which evolved according
to the discrete time Markov process outlined above. At each sampling
time, the fCpG methylation fraction was calculated as above and stored
asacolumninthe output matrix.

Prior functions

For each methylation array blood sample, we had matched age (T) and
purity (p) information. Hence, the parameters to be inferred are the
growthrate (0), the age of the patient when the MRCA emerged (7), the
epigenetic switchingrates (i, v, y, {), the average fraction methylated
of contaminating normal cells (8,), the B-offsets from 0 and 1 due to
the background noise on the methylation array (6 and ¢, respectively)
and the precision of the 3-distributed noise (k).

These parameters are constrained either to be positive (8,1, v,y, {, k >
0) ortoliewithinaspecified range (0 < /T, §, € <1), which we achieved
using appropriate prior distributions. To better allow for priors to be
set on a biologically meaningful scale, the priors for the log-normal
distribution were setin terms of the real scale mean and standard devia-
tion, rather than the standard log-scale. To reduce correlations in the
posterior and make sampling more efficient, the variables vand { were
normalized by g and y, respectively.

The priors are as follows:

6-~lognormal(3,2)
T
T beta(2,2)
-~ halfnormal(0, 0.05)

y ~ halfnormal(0, 0.05)

%~ lognormal(1, 0.7)

%~ lognormal(l, 0.7)
B,~beta(2,2)
6 ~beta(s, 95)
€-beta(95,5)

k ~ halfnormal(100, 30)


https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE36054

When fitting non-neutral models of tumour growth, the inference
was %arameterized intermsofthe relative growth of the fitter subclone,
0,= 9—2, and theefragtion of the population consisting of the fitter sub-

2

1 92! .
FI(;I?e, f= e The age at which the second clone emerges
isthen:

_(T-1)6; _logit(f)
6, 6,

nL=T

This parameterizationinduces less correlationin the resulting pos-
terior, which greatly improves the sampling efficiency. The priors on
these additional parameters are:

% -beta(2,2)

8, -lognormal(1, 0.7)

f-beta(2,2)
Allthe other priors were the same as in the neutral case.

Bayesianinference

We developed a stochastic estimator of the log-likelihood function at
agivenset of parameters by simulating the fCpG methylation distribu-
tionalarge number of times, correcting for the bias inherent with using
afinite number of simulations and penalizing the log-likelihood for
extreme values of the N, (see Supplementary Information for details).

The standard Bayesian algorithms developed to infer the posterior
foragivenset of data (for example, Markov chain Monte Carlo (MCMC),
nested sampling) are typically used when the log-likelihood is analyti-
cally tractable and can be calculated exactly. It hasbeen shown that, as
long as the stochastic approximation of the log-likelihood is unbiased,
MCMC methods can obtain an exact Bayesian inference of the true
posterior, as in pseudo-marginal Metropolis-Hastings®°.

Here we used a nested sampling approach using the dynesty pack-
age” . Unlike pseudo-marginal Metropolis-Hastings, nested sampling
isable to efficiently explore multimodal posterior landscapes (which
can occur under the subclonal and independent cancer models).

Model selection for the mode of tumour evolution

We used an expected log pointwise predictive density’* approach to
compare our competing models of evolution for each sample using
the arviz Python package®, which uses PSIS-LOO-CV to compare the
out-of-sample prediction accuracy between models while naturally
penalizing more complex models. This required the log-likelihood
per data point and the posterior predictive for every pointin the pos-
terior. The weights of the respective models were calculated using
pseudo-Bayesian model averaging using Akaike-type weighting,
stabilized using the Bayesian bootstrap®.

CLL and Richter transformation genomic analyses

Previous mutated annotation files from WES*® and WGS* data were
used to further validate our distinct EVOFLUx evolutionary modes (that
is, neutral, subclonal and independent) and Richter transformation
phylogenies.

Subclonal deconvolution of WES and WGS data
To detect subclones in bulk WES and WGS data, we used MOBSTER®,
which fitsthe VAF spectrum with amixture model containing a Pareto
distribution to account for the neutral tail”” and a variable number of
B-distributions to account for the clonal and subclonal peaks.

We ran MOBSTER using the default parameters, except using a mini-
mum 5% VAF threshold and lowering the minimum number of mutations
to compose a cluster to five in WES samples due to the low number of

mutations. We then manually quality controlled all 377 WES samples
and10 WGS, tuning the fitting parameters to better represent the data
(forinstance, whenthe clonal peak had been called at alow frequency
despite the median tumour purity being 95%).

Phylogenetic inference of longitudinal methylation data

Anovel Bayesian phylogenetic method was used to reconstruct the evo-
lutionary relationships and the time to MRCA of longitudinal samples
fromthe same patients. This was carried outin the BEAST (v1.8.4) frame-
work®®? using custom models implemented in PISCA'® (v1.1; available
from https://github.com/adamallo/PISCA).

EVOFLUx provided an estimate of the age of the patient when the
MRCA of each bulk sample emerged. To estimate the methylation sta-
tus of each fCpG at the MRCA of the sample in each of our longitudinal
samples, we discretized the fCpGs as described above (see the section
‘CLLRNA sequencing data’).

We implemented a four-parameter biallelic binary substitution
model analogous to the pre-growth EVOFLUx model in PISCA. This
plugin contains all the required statistical machinery to use this model
for somatic phylogenetic estimation. The biallelic binary substitution
model has threerelative rate parameters: (1) heterozygous methylation
0, (2) homozygous demethylation §/,and (3) heterozygous demethyla-
tion{, where homozygous methylation ff was normalized to 1. For all
relative transition rate parameters, alog-normal prior with mean of 1
and standard deviation of 0.6 was used, with a half-normal prior with
mean of 0 and standard deviation of 0.13 for the molecular clock rate,
using astrict clock modelfor the rate of evolution across the tree. Two
demographic tree models, constant population size'® and exponential
growth'®, were compared by marginal likelihood estimation using
path-sampling'® and a constant population model was deemed more
appropriate.

MCMC chains were run for 100 million generations sampled every
100,000 generations and convergence was assessed using Tracer
(v.1.7)'*, ensuring effective sample sizes (ESS) greater than 500 for
all parameters. Maximum clade credibility trees were then made using
10%burn-inand medium node heights. The resulting trees were plotted

using ggtree'®,

Phylogeneticinference of SNVs from WGS data

Each bulk sample is represented by a set of clonal mutations found
during the deconvolution of WGS data (see above). Where a mutation
was deemed absent in the clonal peak, the reference nucleotide was
used. Mutational signature assignment'® was used to select mutations
inthe clock-like SBS1channel™. BEAST (v1.10)*® was then used with the
simple binary substitution model (as SBS1 effectively represents just
C-to-T substitutions), a strict clock model, a constant population size
prior'™®andaflat prior on the age of MRCA (from zero to earliest patient
sample), with ancestral state estimation at the root. Chains were run
and ESS values assessed as described above. The distances between the
ancestral state of the root at each MCMC state and the clock rate were
used to calculate the expected evolution distance between the root and
the known germline. This was used to inform the length of the branch
between germline (at birth) and the MRCA of the samples.

Survival analysis

Clinical analyses were performed in CLL for TTFT and overall sur-
vival from the time of sampling. Tumour growth rate (), effective
population size (N,) and epigenetic switching rates were analysed as
continuous variables in univariate Cox regression models for both
TTFT and overall survival. The effect size of HRs for each evolution-
ary variable were analysed considering different scaling factors. In
particular, the growth rate was analysed assuming exponential growth
(thatis, for =1, the populationis e = 2.71 times bigger per year), the
N, was considered per million cells, and the cancer age or time from
the MRCA was analysed for each 10 years. Individual switching rate
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parameters (i, v,y and {) were largely uninformative of prognosis and
were summarized into a mean epigenetic switching rate, which was
scaled by afactor of100. In addition, growth rate and effective popula-
tion were analysed as continuous variables in multivariate Cox regres-
sion models together with TP53 aberrations (considering mutations
and deletions together), IGHV gene mutational status and the age of
patients at sampling. Kaplan-Meier curves were generated for low and
high growth rates and effective population size within IGHV subtypes
using maximally selected log-rank statistic using the maxstats package
(v0.7-25). Pvalues from Kaplan-Meier curves were derived using the
log-rank statistic. Survival (v3.5-7), survminer (v0.4.9) and ggsurvfit
(v0.3.1) packages were used under R (v4.3.1). Plots were generated
using ggplot2 (v3.5.2).

Estimating the rate of change in lymphocyte counts

Historical records of the absolute number of lymphocytes in blood
obtained via haemocytometer were collected for patients with CLL
over the whole disease course (that is, an approximate of the number
of malignant CLL cells in blood). In 231 patients with CLL, we could
obtainatleast10 sample timepoints (thatis, atleast 10 medical appoint-
ments, median n =27 and mean n = 34) before the first treatment,
allowing us to track the natural history of the disease before treat-
ment intervention for the tumour (Supplementary Fig. 10). We fitted
alinear model to all 231 cases and obtained the slope of the observed
log number of lymphocytes (that is, the coefficient of the univariate
linear model) and compared it with growth rate estimates derived
from EVOFLUX.

Statistical analysis

Statistical tests performed throughout the study were performed
astwo-sided. Appropriate multiple test correction, such as the Holm-
Sidak correction, is noted when applied.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

No new methylation bead array datawere generated inthe course of this
study. The harmonized and filtered methylation matrix hasbeen depos-
ited to Zenodo® (https://doi.org/10.5281/zenod0.15479736). Previously
published DNA methylation datareanalysed in this study canbe found
under the accession codes: EGASO0001001196 for B cells; GSE56602,
GSE49032, GSE76585 and GSE69229 for ALL; EGAS00001001637 and
EGAS00001004165for MCL; EGAD00010000871, EGAD00010000948
and EGAD00010001975 for CLL; EGASO0001000841 for multiple
myeloma; and EGAD00010001974 for DLBCL. External DNA meth-
ylation data for sorted immune cells can be found under the acces-
sion codes GSE137594 and GSE184269. For whole-blood samples, the
accession codes are GSE72773, GSE55763, GSE40279 and GSE36054.
CLL gene expression data are available under the accession codes
EGAS00001000374 and EGAS00001001306. Chromatin immuno-
precipitation followed by sequencing datasets are available from Blue-
print (https://www.blueprint-epigenome.eu/) under the accessioncode
EGAS00001000326. Matched WES and WGS data are available under
the accession codes EGASO0000000092 and EGAD00001008954,
respectively, under controlled access. Pathway analysis was run using
the Gene Ontology: Biological Processes release 2023-03-06 and the
Human Protein Atlas (v10.0) databases. Matched Oxford Nanopore
long-read data were generated for six normal B cells and samples and
two CLL-Richter transformation sample pairs. Long-read dataare avail-
able at the European Genome-Phenome Archive repository under the
accession code EGAS50000001192. Source data are provided with
this paper.

Code availability

The codes for EVOFLUx used to infer the evolutionary history of
cancer samples from methylation array data (https://github.com/
CalumGabbutt/evoflux), to curate DNA methylation data and to per-
form clinical and additional bioinformatic analyses (https://github.
com/Duran-FerrerM/evoflux) and for the phylogenetic method (https://
github.com/adamallo/PISCA), are available on GitHub.
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Extended DataFig.2|Validation of fCpGs as an evolving barcode.
a:Scatterplot showing the pairwise correlation coefficientin the fCpG
methylation values of lymphoid cancer samples with other fCpG methylation
values onthe same chromosome, and the genomic distance between them.
b: The average absolute difference from 0.5 methylation value of fCpGs with
theirlocal neighbourhood inwhole genome bisulphite sequencing (WGBS)
dataindifferent B-and T- cell populations®. The fraction of hypo- and hyper-
methylated CpG lociincreases as afunction of distance from the reference
fCpGlocus. c: (left) Heatmap of control single nucleotide polymorphism
(SNP) probes from Illumina arrays, showing distinct methylation dynamics
compared to fCpGs, withnormal and remission samples intermingled with
tumours. (middle) A distinct methylation distribution of control SNP probes
and the same number of random fCpGs is shown for one healthy naive B cell
sample. (right) The percentage of CpGsinintermediate peaks (i.e.,>0.2 and
<0.4and >0.6 and <0.8) isnotably higher in fCpGs compared to control

SNP probes. d: Abar plot showing the fraction of fCpGs that were called as
unmodified cytosine (C), 5-Methylcytosine (5mC), 5-hydroxymethylcytosine
(5hmC) or anon-canonicalbase (A, Gor T). e-f: Heatmap, histograms and
scatterplots showing that the methylationstatus of fCpGsis validated in
Oxford nanopore long-read (e) and WGBS data (f). g: fCpG methylation of
phased Oxford nanopore long-reads of 2 CLL and 2 matched RT samples,
3sorted memoryand 3 naive B cells samples. Long reads which cover the 4
fCpGswithintheregion chr7:25,854,120-25,856,220 are shown. h: (left) Abox
plot comparing the meanintra-haplotype Hamming distance of phased reads
from cancer and normal samples (p = 0.016, MW-U test). One normal B-cell
sample contained only 2 reads and was therefore removed. (right) Paired
comparison ofthe meanintra-and inter-haplotype Hamming distances in
1CLLand 2 RT samples (p = 0.030, paired T-test). One of the CLL samples only
hadreads fromone haplotype, and thus was notinformative for this plot.
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a b c
Simulat}ed data Carring Capacity 100 Carring Capacity 1000
w== Posterior 20 Model fit 2
= Prior
. Ground
= Tun 0
= > 00 02 04 06 08 10 00 02 04 06 08 10
o1 8 215 z
gn-» 6 5 s Carring Capacity 10000 Carring Capacity 100000
5 ,@ el ©
58 ¢ ) 22
=] 5 =
0S5 | _ 810 3
g 2 £,
> [
PN & © 00 02 04 06 08 10 00 02 04 06 08 1.0
&
o2 & i 05 Carring Capacity 1000000 Carring Capacity 10000000
N .
22 B ~—
g% o
§ 2 4 6 8 2 4 6 8 Q@QQQ&Q&Q&“Q&Q 00 0
s Growth rate Cancerage  poan epigenstio switching 0.0 02 0.4 06 08 1.0 00 02 04 06 08 10 00 02 04 06 08 10
(per year), & (years), T-t rate (per year) Fraction methylated Fraction methylated
d e Exponential
Logistic
5
7 f
= D Clock Std 0.0 Clock Std 0.2
g4 g
S < 2
<
o ParTam— s il i it i i TR
© fi:’ 5
T s 0
‘§ 24 > 00 02 04 06 08 10 00 02 04 06 08 1.0
bR (R PP I I 2 2 Clock Std 0.4 Clock Std 0.6
£ ©
§ 2 :nz) 3 Zz2
5 =
2 £ i1
< S ]
£ F o o
1 & 00 02 04 06 08 10 00 02 04 06 08 1.0
° i 1 95% Credible
+ ‘i)nst eA’rv(a:\Fdlble 4 imenval Clock Std 0.8 Clock Std 1.0
== Ground Truth == Ground Truth 2
0 0
10 10 10' 10 1 1 10 10' 10' 10 10 10
g Garrying Capacity h Caying Gapacity %Go 02 04 06 08 10 Co 02 04 06 08 10
Fraction methylated
Constant epimutations
= 8 Variable epimutations
Sa g
g $
e <
& e
£ 3 s
§ 3 [— (RN S N —— —— —
o £
(O (o e e e S 3
B2 54
a:) 3
£ £
[=
1 2
95% Credible 95% Credible
¢ interval ¢ interval
== Ground Truth == Ground Truth
0 [¢]
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
Standard deviation of simulated Standard deviation of simulated
fCpG switching rate fCpG switching rate

Extended DataFig. 4 |Synthetic data analysis shows EVOFLUx is robust to fCpGsincasafunctionofthe carrying capacity for thegrowthrate (d) and

varying modelling assumptions. a: Posterior distributions after fitting the most recent common ancestor age (e). The dashed red line represents the
simulated datain Fig.2b with the Bayesianinference method. The posterior ground truth parameter value. f: Histograms showing the fCpG methylation
(orange) displays tightening around the ground truth parameter values (red) distributions 0f10,000 synthetic fCpGs simulated under the heterogenous
comparedtothe prior (grey). b: Histogram of the simulated fCpG methylation epigenetic switching model with varying switching rate standard deviation
distribution (blue) with the posterior predictive of the model fit overlaid (Supplementary Information). g-h: EVOFLUx posterior median and 95%
(orange). c: Histograms showing the methylation distributions 0of 10,000 credibleinterval whenrunonasubset of2,000 of the simulated fCpGsinfasa
synthetic fCpGs simulated under the logistic growth model with varying function of the switchingrate standard deviation for the growth rate (g) and
carrying capacity (Supplementary Information). d-e: EVOFLUx posterior most recent common ancestor age (h).

medianand 95% credible interval were runonasubset of 2,000 of the simulated



Article

a SCLL-059 b SCLL-059 . Cc Growth Rate (/Year)
ata
mm Posterior Hoceit 4.0 RE0.83
= Prior 25 s p=4.48e-288 °
- 835
2204 2
AN 5 530
ol ° £
RS 2154 ©25
© O £ 9
go=™ K g
£ ———— £ E20
g ©1.04 <
TT . o
38 O z
e 2 0'&0 C1s
o >
g8 QQ’\@ 0.54 0
a8 O —
)
c 7 % o R RN
s O ¥ ¥ % o 0.0l ; ’ ? ; : 1.0 15 2.0 25 3.0 35 40 45
2 Growth rate Cancerage  nean epigenatic switching 0.0 02 0.4 06 08 10 Original inference - 6
(per year), 6 (years), T-t rate (per year) Fraction methylated
Time Since the MRCA (Years) e Effective Population Size f 20% fCpGs 40% fCpGs
' R=0.89 ® Re=0.97 D 3
=4.37e-241 ® p=0.00e+00
prag T & 2
= (1) -
' o0 ' 1
Q k7]
%12 21oe 3,
— — hel
S0 g > 00 02 04 06 08 10 00 02 04 06 08 1.0
b= 3 = 60% fCpGs 80% fCpGs
9] o 8 978 fCpGs
a8 9] 3
E “2: ﬁ: Downsampled fCpGs
< <108 2
36 z10
o o 1
4
0
7 L 5 7 T e " 0.0 02 04 06 0.8. 10 00 02 04 06 08 1.0
Original inference - T-t Original inference - €970 Fraction methylated
h
g . 106
26 . 3 i b
=25 i I i 3 i o
< N
13 3 LI SRR AR A I : g i3}
52.0 g S i
© s 3
4 s F }
15 = g
é LR 2
©1.0 o 2
2 22 w
£ E
0.5 4 10
0.0 0
98 196 293 391 489 587 685 782 880 978 98 196 293 391 489 587 685 782 880 978 98 196 293 391 489 587 685 782 880 978

Number of fCpGs included

Extended DataFig.5|EVOFLUx inferenceis robustto missing data.
a:Example posterior resulting from running EVOFLUx ona CLL sample - a pairs
plotshowing the marginal (diagonal) and pairwise (off-diagonal) inferred
posterior (orange) distributions, with the prior distributions overlaid (gray).
Posteriors show marked tightening compared to the priors, demonstrating
the parameters were wellinformed by the data. b: A histogram of the fCpG
methylationdistribution (blue) with the posterior predictive of the model fit
overlaid (orange). c-e: Regression plots between the parameters inferred by
running EVOFLUx on all 978 fCpGs (x-axis) vs just those fCpGs present on
diploid regions (y-axis) in the CLL cohorts for the growthrate (c), the most

Number of f{CpGs included

Number of fCpGs included

recent common ancestor age (d) and the effective populationsize

(e). f: Example histograms showing the distribution of all 978 f{CpGs (blue)
inaCLLsample (SCLL-001), with arandomly downsampled subset 0f20%, 40%,
60% and 80%. g-i: Plots showing the effect of the number of downsampled
fCpGsincludedintheinference process against the inferred growth rate

(g), time since the most recent common ancestor (h), and the effective
populationsize (i). For each set of 10% increment, 10 replicate fCpG subsets
were generated (grey dots) and the EVOFLUx inference repeated. Mean and
standard error of thereplicates represented withablue dotand error bars
respectively.



b h CLL
a Fekedk b Hokkk R2=0.024 LY ‘e
2 oomole P3RS,
. Kok ke 108 E _‘:9 .
10 E sc
"k b 3 § oots
c T 5
S 10 o s & 0010
o @ dkkk © 3 D
s - 102 = 3 o
g 0 ; . §.% 3 2% 0.005 ¢
_g g dedkeokok a d{ g;
5% - g 0.000- ; ; :
58 =] 3 Q 20 40 60 80
~ 10 4 :g ] i Patient Age at Sampling (Years)
e MCL
g E > R2=0.011 .
% E £ 0030 p=244E-0%
) =
10 ] 2 < 0.025
T T 3
o @ > S o g 00020
% > A > Q\’ > N 2
<X Q’,‘?‘ S o N ¢ ‘b CIR\2 &3 <X 580015
8% 0.010
c
$ 0005
0.000 T T |
40 60 80
H Patient Age at Sampling (Years)
]
C - d 3 MM
r . 7 0.05 R?=0.000 ¢ o
— 2 p=9.49E-01
ok - 2 o 5 004
@ = 5 3 o o®
S 10 *r £ _ = ] « &
g8 g S = 8 2003 o o o
- 3 @
3 : == 2% 55002 e
E = ‘ g 10" - af .
o 2 ¢ $a 3 [ .
£ > o = s 001
=8 400 22 3 3 .
8 c o8 | =
ea c - 0.00 T T T T T T
® c ] Kk 60 70 80 90
o g g 102 Patient Age at Sampling (Years)
EE 3 ; DLBCL
g 10 7 . » %07 Re-0062 .
‘ ‘ : | — £ o0s p=1.20E-01 .
g . o
) s
v N N o @ §0.04 . . %
¢ @ & & ¥ & M, R R IO K OGN SIS S . .
W S NG PR & ¥ YN oW e %500 .ove
e )
B-ALL 220024 " Z .
f 0.6 R%=0.557 < T % ° o .
2 p=3.31E-137 g oot o . . .
5 0.5 = . e0le o
5504 000 40 60 80
e B-ALL T-ALL a2 Pati i
2 atient Age at Sampling (Years;
1.00 4 P=2.4e-98 P=5.9e-06 ° o E’ 0.3 % 9 pling ( )
R?=0.44 R%=0.22 S5g
) 0.75 - © ::% 0.2- IGHV subtype
E 0.50 : g 0.1 ® MCLL @ UCLL @ NA
g 5 0.25 - 0.0 3 I o mA R=027,p="2e-05 ©
O >
e 0.00 - - T Patient Age at Sampling (Years)
£ g 0 50 100 150 & o004
o9 MM CLL g T-ALL Seo
T 0054 P=1.6e-05 & P=0.060 © R2=0.505 55 °
< 004 ¢ R2T0.18 0.020] R=0005 o 0251 | P=3G4E-1B §§
) * 5 i €2 0002
= 0.03 -| 2 0.015-| £ 020 =5
38 S5
0.02 4 b d ey 0.010- 2 20.15-] S g
R I £=
0.011 0.0054e “ o 820104 g%
T T . T T T 95010 £° 0000
1.5 2.0 25 2 4 6 g 8 :
g 0.05
Growth rate 2 0.00 ! :
(per year), 8 0 I o 5 10 15 20 25 30
Patient Age at Sampling (Years) EVOFLUXx growth rate

Extended DataFig. 6 | EVOFLUx captureslymphoid cancers’ evolutionary R?=0.18) and no associationin CLL (P= 0.060,R*=0.005) or the other entities.

histories and methylation epimutation dynamics. a-d: Boxplots (whiskers f-k: Linear regressions between the patient age at sampling and the mean
extending to +1.5xIQR) showing the distribution of inferred growth rate inferred epigenetic switchingratein B cellacute lymphoblastic leukaemia

(a), effective population size (b), time since the most recent common ancestor (B-ALL, f), T cellacute lymphoblastic leukaemia (T-ALL, g), chronic lymphocytic
(c),and mean epigenetic switching rate (i.e. meanof 1, v, y, {; d) by disease. leukaemia (CLL, h), mantle celllymphoma (MCL, i) multiple myeloma (MM, j)
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(P=5.9e-06,R*=0.22), aweak negative associationin MM (P=1.6e-05, Supplementary Fig.10).
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Extended DataFig.7|Genotype-phenotype driver mutation map. Inferred
growthrate (a) and effective population size (b) of individual CLL samples
separated by driver mutational status for common driver alterations
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and M-CLL patients separately to remove differences solely due to with IGHV

status.
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Extended DataFig. 8| Inference and validation of subclonal selection using
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grows exponentially at rate 8; subclonal selection, in which aninitial
populationemergingattime r,growingatrate ,is outcompeted by afitter
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no clonalrelationship to theinitial clone. b: Bar chart comparing the fraction
of cancer samples identified as subclonal by EVOFLUx across disease
(pairwise chi-sq tests, holm-sidak (hs) correction). c: Boxplots comparing the
distribution of subclonal weightings inferred by EVOFLUx in samples called as
neutral vsunder subclonal selection via whole exome sequencing (WES) data.
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Extended DataFig.9|Matched whole genome sequencing data validates
fCpGs asaphylogenetic character. a-b: Corresponding phylogenies
reconstructed on matched WGS SNVs for CLL case12and 19 to Fig.4a,b,
respectively. c-e: Thereconstructed phylogenies of the relationship between
samples collected longitudinally in3individual ALL patients, annotated with
the clinical classification of each sample. The black triangles represent the time
thatoccurred since the most recent common ancestor, taken as the posterior
median of T-rfrom the single-sample EVOFLUx inferences. f: Paired boxplot

theALLcaseinh.

showing the standard deviation of the fCpG methylation distributions of

B-ALL samplesis greater than their matched remission sample (p = 9.6e-39,
paired t-test). g: Comparison of the standard deviation of the fCpG methylation
distributions of B-ALL patients in remission (i.e. no cancer cells presentin
blood) vs normal wholeblood (p = 0.067, MW-U test). h: Example longitudinal
samples from one patient showing the development of the fCpG distribution
fromdiagnostic B-ALL, through remission and relapse. i: Scatterplots showing
the marginal fCpG methylation distribution between diagnosis and relapse for
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Extended DataFig.10|Additional survival analyses. a: Kaplan-Meier curves patients with high vs low (cut-off values identified using maxstat statistics)

comparing the OS between patients with high vs low (cut-off values identified inferred cancer growthratesin the validation cohort, separated by IGHV

using maxstat statistics) inferred effective populationsizes (V,) in the mutational status. e: Multivariate Cox regression of the effect of the cancer
discovery cohort®, separated by IGHV mutational status. b Multivariate Cox growthrateonthe TTFTinthe validation cohort, controlling for IGHV status,
regression of the OS shows the N, is significant when controlling for IGHV TP53alteration and age at sampling. f: Multivariate Cox proportional hazard
status, TP53alterations and age at sampling in the discovery cohort. regressiononthe TTFT for 229 CLL patients where longitudinal measurements
c:Univariate survival analysis of the time to first treatment (TTFT, blue) and ofthelymphocyte numbers were available and therefore the contemporary
overallsurvival (OS, red) in the validation CLL cohort*®?* for evolutionary growthrate could be estimated. The contemporary lymphocyte counts refer
variablesinferred via EVOFLUx. Note this cohort contains amixture of treated tothe estimate of alinear model of the number of historical lymphocyte counts
and untreated samples, of which only the untreated samples wereincludedin with the sampling dates of patients with at least 10 sample timepoints before

the TTFT analysis. d: Kaplan-Meier curves comparingthe TTFT between treatment.
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Software and code
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Data collection  No software was used to collect data.

Data analysis Preprocessing of sample data and some analysis was performed using R (v4.3.1). This involved the use of the minfi package (v1.46.0),
alongside llluminaHumanMethylation450kanno.ilmn12.hg19 (version 0.6.1), IllluminaHumanMethylationEPICanno.ilm10b2.hg19 (version
0.6.0) and methyICIPHER (https://github.com/MorganLevineLab/methylCIPHER). Base core R and Bioconductor (version 3.1) packages as well
as custom R scripts were used to mine, analyze and plot the data. ggplot2 (v3.5.2) was also used to plot data. Survival (v3.5-7), maxstat
(v0.7-25), survminer (v0.4.9) and ggsurvfit (v0.3.1) R packages were used to analyze and display clinical associations.

Other data analysis was performed using Python (v3.7.4). Analysis employed the following package: numpy (v1.21.6), pandas (v1.3.5), scipy
(1.7.3), statannotations (v0.4.4), statsmodels (v0.13.2) and scikit-learn (v0.23.2). The Bayesian programming language Stan was used to
perform fCpG discretisation using a custom script. Pathway analysis was performed using gProfiler version e109_eg56_p17_1d3191d.

The EVOFLUx code employed to infer the evolutionary history of cancer samples from methylation array data is at https://github.com/
CalumGabbutt/evoflux. Code to curate DNA methylation data and to perform clinical and additional bioinformatic analyses is available at
https://github.com/Duran-FerrerM/evoflux. The phylogenetic method is available at https://github.com/adamallo/PISCA.

The EVOFLUx Python software contains a README.md listing the important packages, and a requirements.txt file indicating the appropriate
versions. The main packages were numpy (basic maths functions), scipy (special maths functions), pandas (dataframes manipulation), dynesty
(nested sampling - Bayesian inference), joblib (pickling large data files, preserving dynesty structure), notebook (Jupyter notebook), matplotlib
(plotting), seaborn (plotting), arviz and corner (Bayesian plotting).
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Phylogenetic inference on fCpGs was performed with the BEAST (v.1.8.4) framework (Drummond and Rambaut 2007; Drummond et al. 2012)
using custom models implemented in PISCA v1.1. Phylogenetic inference on SNV data was performed using BEAST (v.1.10 ). Phylogenetic
MCMC chains were assessed using Tracer v1.7.

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.
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- Accession codes, unique identifiers, or web links for publicly available datasets
- A description of any restrictions on data availability

- For clinical datasets or third party data, please ensure that the statement adheres to our policy

No new methylation bead array data was generated in the course of this study. The harmonised and filtered methylation matrix was depostied using Zenodo
(https://doi.org/10.5281/zenodo.15479736), which we reference in the Methods.

Previously published DNA methylation data re-analysed in this study can be found under accession codes: B cells, EGAS00001001196; ALL, GSE56602, GSE49032,
GSE76585, GSE69229; MCL, EGAS00001001637, EGAS00001004165; CLL, EGAD0O0010000871, EGAD00010000948, EGAD0O0010001975; MM, EGAS00001000841;
DLBCL, EGAD00010001974.

CLL gene expression data is available EGAS00001000374 and EGAS00001001306. ChIP-seq datasets are available from Blueprint https://www.blueprint-
epigenome.eu/ under the accession EGAS00001000326.

Matched WES and WGS are available under accessions EGASO0000000092 and EGADO0001008954 respectively under controlled access.

Pathway analysis was run using the Gene Ontology: Biological Processes (GO:BP) release 2023-03-06 and the Human Protein Atlas (HPA) version 10.0 databases.

Matched Oxford nanopore long-read data were generated for 6 normal B cell and samples and 2 CLL/RT sample pairs. These data are in the process of being
uploaded to EGA and the accession will be provided once the data has been processed and validated.

Research involving human participants, their data, or biological material

Policy information about studies with human participants or human data. See also policy information about sex, gender (identity/presentation),
and sexual orientation and race, ethnicity and racism.

Reporting on sex and gender Where biological sex was annotated in the preexisting sample annotations, these annotations have been retained, but sex
was not considered an important factor in this study.

Reporting on race, ethnicity, or Race and ethnicity information was not considered in this study.
other socially relevant

groupings

Population characteristics This is an analysis article using mostly epigenetic and clinical data reported in previous publications.

Recruitment Individual studies from which data were obtained for this analysis article explain how patients were recruited. In general, all
the studies recruited patients for methylation studies based on sample availability in their biobanks.

Ethics oversight The study was approved by the ethics committees of the institutions that generated the data used in the present study.

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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Life sciences study design

All studies must disclose on these points even when the disclosure is negative.

Sample size Sample size was not determined by calculations, but by sample availability and data quality.

Data exclusions  Cancer samples with tumor cell content below 60% were excluded, in line with out previous studies (Duran-Ferrer et al., 2020). Samples
where the age of the patient upon sampling was missing were included for the purposes of fCpG selection and validation, but removed from
the EVOFLUx inference of evolutionary dynamics.

Replication Experimental replication was not feasible because this work is an observational, computational analysis of 1,976 publicly available tumour
samples. Acquiring an additional cohort of patient samples and running additional methylation bead arrays would impose prohibitive cost,
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time and ethical burden. Instead, robustness was ensured by testing that the clinical associations in CLL was observed in two independent
cohorts and blinding of the researcher performing the EVOFLUx inference to the clinical outcome data. The detection of subclonal selection in
whole exome sequencing data was validated in whole genome sequencing data.

Randomization  Patient age and tumour purity was directly accounted for in the EVOFLUx inference model. The difference in inferred evolutionary parameters
between molecular subtypes was found to exist even when tumour purity was controlled as a covariate in a multivariate linear regression (p <
0.05). The association between inferred evolutionary parameters and clinical outcomes were still significant when patient age, IGHV status
and TP53 mutational status were controlled in a multivariate Cox regression model.

Blinding The study is a retrospective, fully computational re-analysis of anonymised public datasets, and therefore full blinding was not feasible.
However, the inference of evolutionary parameters was performed blinded to the patients’ clinical outcomes.
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Seed stocks Report on the source of all seed stocks or other plant material used. If applicable, state the seed stock centre and catalogue number. If
plant specimens were collected from the field, describe the collection location, date and sampling procedures.

Novel plant genotypes Describe the methods by which all novel plant genotypes were produced. This includes those generated by transgenic approaches,
gene editing, chemical/radiation-based mutagenesis and hybridization. For transgenic lines, describe the transformation method, the
number of independent lines analyzed and the generation upon which experiments were performed. For gene-edited lines, describe
the editor used, the endogenous sequence targeted for editing, the targeting guide RNA sequence (if applicable) and how the editor
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