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1 Birth-death model of clonal dynamics

Consider a population X (t) of haematopoietic stem and progenitor cells (HSPCs)
in an individual at time ¢. A classical model of stem cell population assumes that
HSPCs divide and differentiate according to the following birth-death process,
(Till et al., 1964; Watson et al., 2020):

HSPC — HSPC + HSPC, with (A+s) dt, (1)
—~ D+ D, with  Adt,
— HSPC + D, with Adt,

where D denotes a differentiated cell. Since differentiated cells cannot self-renew,
differentiation will result in cell death and is treated as such. The deterministic
behaviour of this system is given by

dX

() = sX (). 2)

Consequently, the time evolution of the population of HSPCs is
X(t) = X(0)e*, (3)

where X (0) corresponds to the initial population at time ¢ = 0. It is clear that
parameter s regulates the excess growth towards self-renewal and dictates the
evolution of X ().

The stochastic behaviour of this model, on the other hand, is more involved. As-
suming that X (0) = 1, X (¢) has the following probability distribution (Kendall,
1948; Bailey, 1990):

—a (1 — k-1
P(X(t):k):{s A=FE k>0 n
where
Xt —1) (A ts) (et —1)
O(_()\—i—s)(fst—)\’ p= (A+s)est — X~ (5)

More generally, the distribution accounting for the case when the initial popu-
lation is a > 0,

pii (ta) =P (X (t) =k | X (0)=a), (6)



can be analytically derived as

min(a,k) (a\ (a o i iy )
o () = {205 (@) (et (1 —a— B, k>0,
o o k=0.

Of particular relevance is the mean and variance of X (¢), if X (0) = a:

px () =ae’® and o% (t) = @e“ (e —1). (8)

Note that the probability distribution, ka (t,a), of clone sizes at time ¢, condi-
tional on an initial clone size a, looks like a modified negative binomial distribu-
tion (7). Thus we can approximate this probability distribution using a negative
binomial distribution, NegBin(r, p) with probability mass function nb(k;r,p),
parameterised in terms of the mean pux and variance 0% associated with the

birth-death process (8).

That is
P (t,a) ~ nb(k;r,p), (9)

with ) )
o2 —
rziz'ux , and p=-X_"=2 2'UX.

Ox — Hx oXx
The negative binomial approximation (9) agrees well with the full expression

(7) as shown in SuppFig. 4A.

2 Filtering longitudinally sampled variants with
Bayesian model comparison

We here develop a mutation-specific model comparison method to provide evi-
dence of whether sequencing data associated to a genetic mutation is real or the
result of a sequencing artefact. We will use Bayesian inference to compare two
models, M., and Mpp, that respectively model the probability of observing a
time series data assuming the data was produced by either a sequencing artefact
or by a genetic clone following a birth-death process.

2.1 Time series data

The longitudinal nature of the Lothian Birth Cohorts (LBCs) allows us to ex-
tract the time series data following the evolution of genetic mutations in blood.



That is each genetic mutation, m, present in an individual, ¢, is represented by
a time series

Yi = (Yj”” je T) , (10)

J
is characterised by the read depth and alternate observations of a genetic mu-

tation, 3™ and d;m respectively, as well as the time of observation t;’m. Thus
in’m € N2 x RT. We can then denote the time-ordered set of data points by

2= %)

where n; ,, corresponds to the total number of data points in the trajectory. We
further group genetic mutations re-occurring in several participants and denote
the full set of data associated to a genetic mutation, m, as

Dn = |J Dl
€Ly,

where T is the set of time-points and each data point, Y;’m = (ai.’m, d?m, tjﬁm),

n; )
LM xrim
j=1 T e

where the union is taken over all individuals harnessing mutation m, Z,,.

2.2 Likelihood-based Filter for Time-series data (LiFT)

Let D,, bet the set of data associated to a genetic mutation, m, and consider
the probability of observing these data under a model M, P (D,, | M). Note
that
P (D | M) =[] P (D}, I M), (11)
i€Tm
since trajectories in different participants are independent.

The likelihood of the model (11) can be expressed in terms of the likelihood of
the model parameters as

P(Dy, | My) = | P(0k) P (D | Ok, My) dbr,
O
where ), corresponds to the set of parameters associated to M;, and P(6;) to

their joint prior distribution.

We then compare two models M; and M3 based on the strength of evidence of
one model over the other by calculating Bayes factors
K - P(M1 | Dy) P(M3) _ P(Dy, | My)
" P(Ma| D) P(M1)  P(D | Ma)’

As described in the main text, we only select Mpp over M., if the Bayes
Factor is > 4 (SuppFig. 2C, 2D).

(12)



2.3 Sequencing artefact model

We first explore model M., that assumes the observed data are the result of
a sequencing artefact. In what follows we will describe two different models of
sequencing artefacts, the binomial and the beta-binomial models, each having
different strengths and then justify the use of a hybrid model.

To keep notation simple, below we omit indices 7 and m, indicating the partici-
pant and mutation associated to a time point, Y;’m, of the LBC data and only
reintroduce them when data form multiple trajectories are considered.

Further, since the data arising from sequencing artefacts are distributed inde-
pendently from each other, the conditional distribution is independent of the
previous time point, so that

P(YJ | Yj—theq) = P(Yj‘Mseq)- (13)

Since our model for clonal dynamics will be conditional on the first time-point,
we will only take into account time-points ¢t > 2 for the artefact model. This
facilitates a fair comparison as the probability of the first time-point would
otherwise decrease the artefact model probability.

2.3.1 Binomial model

First we present a simple binomial model of sequencing artefact, Ml;f;;om. Un-

der this model, data are given independently by random variables following a
binomial distribution Binom(d;, p), with probability mass function b(a;; d;, p).

The conditional probability of a single data point Y; is then given by the prob-
ability of seeing a; alternate observations at a read depth d; (given p), i.e.,

P(Y; | p) =b(aj;d;,p).

Combining all individuals ¢ € Z,, with mutation m, the likelihood of model
Mbinom jg
seq

Nim

P (Dp, | Mieq) =/P(p) 1T 11 b(a;’m;d;’m,p) dp,
p

€Ly j=2
where P (p) is the prior distribution of binomial proportions.
This model also approximately describes the behaviour of neutral mutations (if

we assume binomial sampling error as we will do in our clonal dynamics model):
mutations without any fitness advantage remain stable in VAF over time, and



for small VAF the fluctuations observed in their longitudinal behaviour are
stemming primarily from sampling error.

2.3.2 Beta-binomial model

beta
seq

variables following beta-binomial distributions BetaBin(d;’m, a, B) with proba-

Next we introduce M that assumes data are given by independent random

bility mass functions bb(y; ;m, a, B). Note that beta-binomial distributions can
be interpreted as over-dispersed binomial distributions and have previously been
used to capture the behaviour of a wide range of sequencing artefacts (Martin-
corena et al., 2015). Parameterising o = 8p/(1 — p), for a given p € [0,1], the
distribution’s mean, upp, becomes
d;a
UBB = 7aj—ﬁ =d;p,

and models an over-dispersed binomial distribution B(d;,p).

The conditional probability of a single data point Y; is then given by the prob-
ability of seeing a; alternate observations at a read depth d; (given p and 3),
ie.,
Bp
P(Yj|p75)=bb(aj;dj,1 B
-p
Combining all individuals ¢ € Z,, with mutation m, the likelihood of model

Meq is

P Dy | Mui) = [ /ﬁ Pp)P©) TT ] v (ajfm;d;@f_’;,ﬁ) ddp.
p

€Ly j=2

where P (p) and P (8) are the prior distributions of this model’s parameters.

2.3.3 Estimating prior distributions artefact parameters

We infer the prior distributions P(p) and P(f) from synonymous mutation
data in the LBCs. Synonymous mutations are mutations that do not alter
the coded amino acid and are therefore functionally inconsequential. Since
these mutations do not confer any fitness advantage they should follow a critical
birth-death process and are unlikely to reach VAF > 10~*(see Appendix A).
The detection limit in our study is VAF > 0.01, therefore any synonymous
mutation observed is likely to be either the result of a sequencing artefact or
a hitchhiker mutation (neutral mutation co-occurring in a cell with a fitness-
inducing mutation). Since hitchhiker mutations are presumably rare (Watson



et al., 2020), we use synonymous mutation data as sequencing artefacts to infer
the prior distributions of our artefact model. Note that even if the majority
of the data were not artefacts but real mutations, this would not affect our
filtering as we aim to distinguish growing fit clones from artefacts or synonymous
variants, and in the case of zero fitness the artefact model (which can also
approximate neutral fluctuations) will be favoured due to fewer parameters.

Next we detail the process to extract the prior distributions associated with
the beta-binomial model. For each synonymous mutation, m, we maximize the
likelihood function associated to a sequencing artefact,

c512m = IT 1o (o 1258)

i€Ly j=2

and obtain the collection of optimal parameters

{(pma ﬁm)}['(pnmﬁm‘Dm):mafpﬂ'c(pvﬁltDm,) !

We then use a Gaussian Kernel Density estimator to infer the distribution of
optimal parameters p and S that are used as priors for P(p) and P(3) (Supp-
Fig. 2A). The prior distribution P(p) (SuppFig. 2B) associated to the binomial
model is obtained analogously.

2.3.4 Comparing artefact models with and without overdispersion
for unique variants

When faced with synonymous variants occurring only once in the cohort, it is
questionable whether a there is any reliable evidence for overdispersion. We
therefore compared how many synonymous variants were classified as artefacts
by the LiF'T algorithm depending on whether we use a binomial or beta-binomial
model for such singly occuring variants, while using the beta-binomial model for
variants occurring in multiple individuals in both cases. We find that that the
choice of error model makes little difference to the synonymous variant classifi-
cation (3 mutations not classified as artefacts irrespective of the beta-binomial
or binomial choice, SuppFig. 2C). For non-synonymous variants, the use of the
beta-binomial model for unique variants appears to bias against against detect-
ing fit variants (SuppFig. 2D).

2.4 Clonal dynamics

Here we consider the model Mpgp that considers the data to result from true
variants in blood cells that are subject to the clonal dynamics of HSPCs, which
is modelled as a birth-death process. In the following we will consider a hidden



Markov model, as the true clone sizes X; at time-point j are inaccessible to us,
but relate to the measured Y; sequencing data through a measurement model
(we refer the reader to Ghahramani (2001) for a gentle introduction to hidden
Markov models).

2.4.1 Hidden Markov model of clone size evolution

First consider the longitudinal data of a single trajectory Yfm ., associated to

mutation m in participant ¢, with underlying clone sizes X im .- Below we again
omit indices i,m to keep the notation simple and only reintroduce them when
data form multiple trajectories are considered. Recall from (9) the expression
for dynamics of the clone size, X (t), of a genetic clone with fitness s > 0,

BD (k,t;ko,s) = P (X (t) =k | X (0) = ko, 5),

for which we will use the short-hand P(X; | X;_1) when t = ¢; — t;_1 is the
time between successive measurements Y;_; and Y.

However, we do not have direct access to clone sizes, X;, but only to the alter-
nate allele observations a; and the read depth d;, i.e., Y;. We therefore need to
also take into account the observation probability

P(Y;=y; | Xj =2;,Ny), (14)

for which we will use the short-hand P(Y; | X;). A detailed derivation of
P(Y; | X;) can be found in 2.4.3, but for now it suffices to note that the
observation probability depends not only on the clone size X; but also on the
number of wild-type HSPCs, N,,.

We will now consider the joint probability

P(Xiin, Yiin) = P(X1)P(Y1 | X3) ﬁP(Xj | Xj-)P(Ye | Xo)  (19)

j=2
and marginalize this over the values of the hidden variable, X;.,, to get

initial size uncertainty

1
P(Yim | 8,Ny) = > 7 P& =2)P(V1 | X3 =21, Nyy)

L1ye-3Tn

n
. HP(XJ = ij | Xj—l = xj_l,s) P(Y;g | Xt = l‘j,Nw), (16)
Jj=2

clonal growth measurement

where we have made explicit the dependence on parameters s, N,, to empha-
size that this is a likelihood. A is a normalisation constant to ensure that



Yoo, P(X1)P(Y1 | X1)/A = 1, ie., the first time-point only weights the dif-
ferent paths of clonal dynamics according to the observation probability. We
further choose the prior over initial clone sizes P(X7) to be uniform.

2.4.2 Numerical implementation

The sum over clone sizes, x, in (16) ranges from 0 to oo, though in practice only
a few terms will contribute meaningfully to the probability. For computational
efficiency we use 25 samples of z; evenly spaced in the 99% interval of the
distribution P(Y; | X;)P(X1). At each subsequent time-point (j > 2) we
generate 25 samples of x; in the 99% interval of P(Y; | X;), plus a further 25
samples between the 99th percentile of P(X; | X; = max({z,})) and the 1st
percentile of P(X; | X, = min({z,})), for ¢ = 1,...,j — 1, where {z,} are the
samples from time-point ¢ (in the 99% interval of P(Y; | X,)). This results in
25 x j samples in total for time-point j. We use these samples to approximate
the integrals using the trapezoidal method.

The number of samples used above that are required to generate smooth poste-
rior distributions will depend on the queried resolution in fitness. In Extended
Data Figure 6, participant LBC36 038, it can be seen that the sampling de-
scribed above is insufficient to produce a smooth posterior distributions at a
resolution of 201 points in fitness. We found that this could be rectified by
increasing the number of samples used to approximate the sum over clone sizes,
at the cost of longer computational run-time. This limitation likely relates to
the challenge of sampling clone sizes with non-zero probability associated to
large VAF observations. To reach VAF 0.5 clone sizes in the current model
need to approach infinity (see Section 2.4.3). The range of clone sizes that need
to be sampled over thus becomes very large for large VAF. This is a limitation
of modelling exponential growth in clone size, which can result in biologically
unrealistically large clone sizes. This may be rectified by competitive models
where the population of mutated HSPCs does not grow exponentially, but is
rather constrained by the biological niche.

2.4.3 Measurement model of sequencing process

We simulate the process of sequencing as a binomial draw B (d (t) , p (X (t), Ny)),
with probability mass function b(a;d (¢),p (X (t), Ny)), where p (k, N,,) corre-
sponds to the allele frequency of a genetic clone of size . The allele proportion
of a clone of size x is given by p (z, N,) = z/2(x + Ny ), where N,, is to the
number of wild-type HSPCs. The probability mass function of alternate allele
observations for a genetic variant conditional on its clone size (14) is therefore
given by

10



P(}/j = (aj,dj) | Xj = Ij,Nw) = b(aj;dj,p(xj,Nw)). (17)

2.4.4 Likelihood of the clonal evolution of a single genetic time series

To compute the model evidence for M gp we integrate the posterior distribution
of the parameters to obtain

P (Di | Mpp) = /ZP(S)P(Nw)P(Yf:n | 5, Nyy) ds. (18)
S N’w

We choose the prior P(s) to be uniform on [0,0.5] and the prior P(N,,) uniform
on [10 x 103,200 x 107].

2.4.5 Likelihood of the clonal evolution of several clones of the same
mutation in different individuals

We now want to derive the probability of observing data across several partici-
pants D,,, = UiEIm D! with the same mutation m. In this case, each trajectory
has a set of independent model parameters (s;, INV;) corresponding to the fitness
of a genetic variant and the total number of wild-type stem cells in each indi-
vidual. Here we allow the same mutation to have a different fitness in different
individuals. In this case the evolution of clonal trajectories are independent for
each participant and we obtain that

P(Dy | Mpp) = [[ P (D}, | Msb). (19)

€L

2.4.6 Likelihood of the clonal evolution in the presence of other
clones

If we know of other clones present in an individual, the allele proportion of a
clone of size X,,, = k is given by

Pk N, X =k/2 | k+Nop+ > X; | =k/2(Ny+X7),  (20)
Jj#m

where N,, is to the number of wild-type stem cells, X* = 3 X! is the total
size of fit clones in this individual.

11



The observation probability then becomes a joint probability in all clone sizes of
the individual, but we may approximate this by assuming the size of the other
clones present to be fixed at their average values, or equivalently taking the total
clone size to be the sum of alternate observations, X* ~ p~'(3"  am/dpm, Ny),
so that the observation probability (17) is replaced by

P(Y; = (aj’dj) | Xj = Ij’Nw) = b(aj;dj7ﬁ(‘rj7Nw7Xi)) . (21)

The above makes the approximation that fluctuations in the different clones are
not correlated.

2.4.7 Likelihood of the clonal evolution of multiple mutations on the
same clone

Assume two mutations m, [ are present on the same clone, and that the second
mutation does not alter the fitness s of this clone. In other words, mutation [
is a hitchhiker to m. To first approximation, a subclone’s growth will only be
affected by the average size of the other clones, but not their fluctuations. The
approximation is similar to that made in (21), only that now the total number
of stem cells NV, + X*? will have to be recomputed to not count the size of the
hitchhiking clone. In this case the observation probability for a mutation is
approximately

P(Y; = (aj,d;j) | Xj = x;, Ny) =D (aj;dj»ﬁ (ﬂfjan»Xi>) ~ (22)

X" is the total size of fit clones in this individual (incl. other mutations that may
not be on the same clone as m or 1), i.e., X* = X, + Xother = X* — X;. Note

X' (as used in preceding sections) quantifies the size of the clone with mutation

m regardless of clonal substructure. In other words, we can use p (k, N, X;) as
in section 2.4.6 if we ignore the counts of the smaller subclones, yielding X".

The likelihood of the two trajectories, Dj, ; = {Y{., ., Y1, ;}, is approximately
Vi (,Din,l | S7NW7M[]73nD’l]) ~ P (Yli:n,m | 87Nw) P (Yli:n,l | SﬂNw) (23)

where the superscript [m,l] denotes that this model assumes both mutations on
the same clone.

If these are the are the only two mutations in the individual the model evidence
is

P (’D;L,l ‘ Mggf)”) ~ /ZP(S)P(NHJ)P (Yli:n,m | Sva) P (Yli:n,l | Sva) ds.

(24)

12



2.4.8 Model comparison for clonal structure

To compare whether multiple mutations m,[ in an individual are on separate
clones (M[gﬁ]}”) or the same clone (Mgnbl]), we compute the following model

evidence for M%’g[l]

P (D | MEL") = 32PN [ P30 P (Vi |5 Mo X)

Sm

/ P (s0) P (Vi | 51, Nups X') ds, - (25)

S1

and compare this to (24) using Bayes Factors. Since co-occurring mutations
should be relatively rare, we bias against model M[™! by increasing the prior
of each model from 1 by 0.5 for each additional clone beyond the first one, i.e.
in this case P(MI™H1) =1 and P(MIMIH) = 1.5.

The above extends mutatis mutandis to the case of more than two mutations
present on the same clone.

3 Inferring clonal fitness

The posterior distribution of fitness for a mutation m is given by

P(s| Dm,Mpp) = P (Dp | s, Nu, Mpp) P(s)P(Ny) (26)

N’UJ

where P(D,, | s, Ny, Mpp) is given by (19) (with (21)) or (23) in the case of
multiple mutations on the same clone.

In the case of multiple clones, we marginalise over the fitness of all other clones
to obtain the posterior distribution of fitness. For the case of two clones m and
[, this results in

P(Sm | DmaMBD) = ZP(Dm | Sm7Nw7MBD) P(Sm>
Ny

/ P(Dl ‘ Sl,Nw7MBD)P(Sl)P(Nw)dSl (27)

s1

for the fitness distribution of clone m and analogously for fitness of clone [ or
the case of more than two clones.
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Appendices

A A stochastic model of neutral clones

A.1 Evolution of HSPC counts in neutral clones

Assume that all HSPCs in an individual follow a critical birth-death (CBD)
process (s = 0). When a mutation occurs in a HSPC it gives rise to a genetic
clone ¢, with

N, (t) = Number of HSPC cells in clone ¢; at time ¢. (28)

For now, we assume that mutations have no impact in the bias towards self-
renewal, s, and that n,, in turn follows a CBD process. We refer to {c;; }mec
as the collection of all neutral clones (s = 0) present in the individual. If we
denote by t,, the time of acquisition of the mutation, so that n,, (t,,) = 1, then
the probability distribution of n,, (t) is given by the limiting case s — 0 of (4)
, (Bailey, 1990). That is, for any t > ¢,,,

-1
1 At—tm)
P(n, )=k = (1+>\(t—tm)> (1+/\(t—tm)) , k>0 (20)
" A(t—tm) .
M7 — O,

Further, given tg > t,,, for any t > ty consider
P (t,a) := P (ny, (t+to) =k | ny (to) = a). (30)

The mean and variance of this probability distribution can be derived, again,
as the limit s — 0 of (8),

fin,, (t) =np (to)  and o5 (£) = 2An.y, (to) (t —to) - (31)

The distribution of neutral clones is heavily influenced by extinction events.
Instead we turn out attention to the distribution of non-extinct neutral clones
starting at time ¢ = 0:

D™ (t) :== P (nm (t) = k| ny (0) = 1,00, (t) > 0). (32)
The study of this process dates back to the work of Kendall (Kendall, 1948) and
it can be shown (Tavaré, 2018) that for k > 1,
where nb is the probability mass function of the negative binomial distribution.

At
L+t

p(t) =

14



Note that the distribution of surviving neutral clones starting at time ¢t = 0 can
be seen as a translated negative binomial and in what follows we will approx-
imate the distribution of non-extinct neutral clones by NegBin (1, beta(t)) and
use that

== an o2 = 75@) =
i, (1) = =0) At d o, (1) 1807 At (14 At).  (33)

A.2 Distribution of VAF sizes in neutral clones

Next, we want to understand how the stochastic evolution of HSPC counts over
time translates to the evolution of the variant allele frequency (VAF or blood
share) of genetic clones.

A.2.1 Linear scaling of random variables

First, let us remind the scaling properties of the mean and variance of a random
variable under affine transformations. Let X be a random variable with mean
px and variance 0% and define Y as

X+b

Y =" (34)

for scalars b and ¢. Then mean and variance scale as follows,

b 2
- “XJ and of = ZX. (35)

Hy

A.2.2 Distribution of VAF evolution

Since we assume that all HSPCs in the individual follow a CBD process, the
total population of HSPCs remains stable, on average, at N. Further, since
asymmetric divisions are far more common than symmetric divisions, we can
assume that the number of differentiated blood cells produced by a clone of
HSPCs is directly proportional to the clone’s size. We therefore model the VAF
of a clone ¢, at time t > t,, as

)= "5

where the factor 2 in the denominator is the result of diploidy in HSPCs. It fol-
lows from the distribution of non-extinct clone sizes (33) and scaling properties

(36)
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(35) that the mean and variance of the VAF distribution of non-extinct clone
clones starting at time ¢t = 0 is

At At (14 Mt
o, (1) = =~ and o2 M+ A

= 2 =" (37

A.3 Maximum size of neutral clones

Given an individual aged ¢, we can then estimate the maximum size genetic
clones without any fitness advantage can reach. We estimate this by taking
2 standard deviations from the mean of the evolution of non-extinct clones
following a CBD process starting at age 0:

max v, (t) = wy, (t) + 20, (),
assuming that v initiated at time ¢ = 0 and v(0) = 1/2N.

It then follows from (37) that

M+ 2N M)
2N ’

max v, (t) =
and that for long times, t > 1,
max v, (t) = iO(t)
18X U (t) = + .

Let us recall that current estimates place \/N ~ 1075 per year. We can therefore
place an estimate for the maximum size of neutral clones in a participant aged
100 years at

max v (t) &~ 0.001.

B Deterministic model of VAF evolution

Instead of using a stochastic process as we have done in our inference pipeline,
one can alternatively resort to the deterministic limit of a birth-death process
to model the longitudinal evolution of clonal dynamics, as detailed in (3).

Under this model, a population of cells, with mutation m, grows exponentially
as

Xin(t) = esmt=tm), (38)

16



for any t > t,,,, where t,, is the time of mutation and s,, its associated fitness.
Note that this model is a continuous model that no longer accurately reflects
the discrete nature of cell divisions.

Analogously to (20), we assume that individuals have N,, wild-type stem cells
following a critical birth-death process, i.e., with zero fitness. N, therefore
remains constant in time. The total number of stem cells, N(¢), in the individual
then grows as

N(t) = Ny + X, (2).

Consequently, the VAF, v,,, associated to clone ¢,, displays a logistic growth
with time,

v (t) = . (39)

Note that this setup is easy to generalise to account for more than one mutation
coexisting in an individual. If an individual has a collection of {m},, . ., fitness
inducing mutations, the number of stem cells in this individual grows as

N(t) = Nu+ > Xm(t), (40)

and v, (t) is computed analogously to (39).

This model can easily be extended to account for coexisting mutations on the
same clone. Consider the case were two mutations m and [, harnessed at times
tm < t;, are present in the same clone and assume that the secondary mutation
does not increase the fitness of the clone, so that they share a common fitness
s. It is then clear from (40) that the deterministic evolution of N(t) is dictated
by the evolution of the earlier mutation,

N(t) = Nuy + X 0). (41)

The generalisation of N(t) to the case of several groups of mutations coexisting
in clones in an individual is easily derived mutatis mutandis.

B.1 Maximum likelihood fitting

In order to fit the deterministic model to longitudinal data, one should also take
into account the sequencing error in the data. To this end, we again use the
binomial model of sampling noise, as in (17).

Consider the time-series data, Y7.,, associated to a singly occurring mutation
in a participant, analogous to the notation set in (10). Further recall that each
data point, Y; = (a;,d;,t;), is characterised by the read depth and alternate
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observations of a genetic mutation, a; and d; respectively, as well as the time
of observation ¢;.

Given an initial time of mutation, tg, fitness, s, and total number of wild-type
cells, N,,, we model the probability of observing data points by
P (Y; | to,s, Nyw) =b(a;;d;j,v(tj;t0, s, Nuw)) (42)
where b corresponds to the probability mass function of the binomial distribution
and v(t;) to the deterministic VAF associated to the mutation,
e5(tj—to)

2N, + 6’

v(tj;t0, s, Ny) = (43)

as in (39).

One can then simply use maximum likelihood estimation to find the optimal pa-
rameters associated to the data associated to a mutation. Again, this framework
extends to the case of more than one mutation and coexistence of mutations in
clones using the appropriate formulation of v(t) as detailed above.

B.2 Visualising stochastic fits using the deterministic model

One can also use the deterministic framework to visually asses the "goodness of
fit" of the mazimum a posteriori (MAP) estimates obtained using the Hidden
Markov model detailed in Section 3. To this end, we fix parameters s and N,
to the MAP estimates and fit only the time of mutation, #g.

Recall that the Hidden Markov model allows us to obtain the posterior distribu-
tion of fitness, s, and wild-type stem cells, N,,, for a single mutation occurring
in an individual. We can then use the MAP inferred values, 5 and N,,, as fixed
parameters of the deterministic model. The probability of observing a data
point Y; then becomes function of a single parameter, ¢,

P (Y} | t(), S,Nw) = b (CL]'; dj, 'U(tj;t(],g, m)) . (44)

Using maximum likelihood to fit the time of origin of the mutation, to, will then
produce a deterministic evolution of v(t,ty,3, Ny ), that can be used a visual
assessment of the MAP estimates of fitness and wilt-type stem cells.
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