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Cellular diversification in processes from development to cancer progression and affinity maturation is often linked to the appearance of 
new mutations, generating genetic heterogeneity. Describing the underlying coupled genetic and growth processes that result in the 
observed diversity in cell populations is informative about the timing, drivers and outcomes of cell fates. Current approaches based 
on phylogenetic methods do not cover the entire range of evolutionary rates, often making artificial assumptions about the timing of 
events. We introduce CBA, a probabilistic method that infers the division, degradation and mutation rates from the observed genetic 
diversity in a population of cells. It uses a summarized backbone tree, intermediary between the true cell tree and the allelic tree repre
senting the ancestral relationships between types, called a monogram, which allows for efficient sampling of possible phylogenies con
sistent with the observed mutational signatures. We demonstrate the accuracy of our method on simulated data and compare its 
performance to standard phylogenetic approaches.
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Introduction
The growth and diversification of somatic cell populations 
within a organism offer a perfect example of asexual evolution. 
Particular instances include cancer progression (Simeonov et al. 
2021; Yang et al. 2022; Jones et al. 2023), affinity maturation of anti
bodies (Uduman et al. 2011; Yaari et al. 2015; DeWitt III et al. 2018; 
Horns et al. 2019; Nourmohammad et al. 2019; Hoehn et al. 2021; 
Turner et al. 2021), and hematopoiesis (Perié et al. 2015; Lee-Six 
et al. 2018; Fabre et al. 2022; Mitchell et al. 2022). Because these pro
cesses may be modeled by traditional evolutionary genetics 
(Stadler et al. 2021), inference methods developed in the fields of 
phylogenetics and population genetics could be adapted to esti
mate the evolutionary parameters of somatic processes, such as 
division, death, and mutation rates, as well as their dependence 
on time, tissue, or cell type. Efforts in adapting such methods to 
somatic evolution hold the potential to gain new insight into a var
iety of biological processes, such as the timing and drivers of cell 
fate decision during early development (Coorens et al. 2021 ; Park 
et al. 2021; Spencer Chapman et al. 2021), the mechanisms of 
hypermutation and selection during antibody affinity maturation 
(Uduman et al. 2011; Yaari et al. 2015; Horns et al. 2019; 
Nourmohammad et al. 2019; Hoehn et al. 2021), or the drivers of 
cancer onset and progression (Martincorena et al. 2017).

Several methods exist to infer the phylodynamics of growing 
populations. Bayesian inference is widely used to infer phylogen
etic trees from molecular sequences and to test evolutionary hy
potheses. In particular, the “Swiss knife” BEAST 2.0 platform 

(Bouckaert et al. 2014), based on Monte–Carlo Markov chains, of
fers a large diversity of evolutionary models allowing for various 
inference tasks. More recently, Delphy, a reformulation of 
Bayesian phylogenetics, was designed to improve speed and scal
ability in the analysis of large epidemiology datasets (Varilly et al. 
2025). Other methods have been proposed to address specific aims 
more efficiently. Starting from time-resolved genealogies, phylo
dyn allows for inference of time-dependent population size 
(Karcher et al. 2017). A distinct method, cloneRate, is optimized 
to efficiently infer the net growth rate (Johnson et al. 2023), with 
applications to hematopoiesis. Starting from densely sampled se
quence data of rapidly evolving populations such as viruses, 
TreeTime (Sagulenko et al. 2018) infers time-resolved genealogies 
as well as evolutionary models, while another method infers their 
individual fitnesses (Neher et al. 2014). Recently, a method was 
proposed to infer the mutation rate and the death-to-division ra
tio from phylogenetic trees with no time information, assuming 
that mutations occur at cell division (Dieselhorst and Berg 2024).

A major challenge faced by inference methods is that we never 
have access to the full process that produced the observed data. 
Typical datasets will only include a sample of existing types, 
which are defined by their somatic DNA mutations, barcoding, 
or gene expression profiles measured by RNAseq (Fig. 1a). 
Estimating evolutionary parameters can be done directly from 
the whole cell lineage tree (Fig. 1b, left). However, this is not pos
sible since cell deaths leave no signatures in the data. 
Phylogenetic approaches often start from the “reconstructed” 
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tree Cf , which traces the time-resolved genealogy of extant cells 
(Fig. 1b, middle left), or from the reconstructed tree of sampled 
cells (Fig. 1b, middle right) called the chronogram, or the sampled 
cell tree (C). However, what the data provide are a mixture of var
iants, or “types,” that arose at different, unknown times, along 
with their abundances. Its phylogeny may be inferred from data 
to get a genealogical tree of extant cells whose branch lengths re
present genetic distance, called a phylogram. When the abun
dances of types cannot be measured accurately and are 
discarded, as we will assume in this paper, the phylogram reduces 
to a “tree of mutations,” called the allelic tree A (Fig. 1b, right), 
where each tip represents a type present in the sample, and 
each branch represents a series of mutations necessary to transi
tion from one type to another.

Many methods approximate the chronogram by the phylogram, 
by using the genetic distance between two cells as a rough measure 
of calendar time. That approximation is valid when the genetic dis
tance is neither too small (to avoid small number fluctuations) nor 
too large, and under the double assumption that mutations are 
neutral and of constant rate—the molecular clock hypothesis. 
The genetic divergence between two individuals is on average 
2μℓt, where t is the time since their most recent common ancestor, 
μ is the per nucleotide mutation rate and ℓ is the number of nucleo
tides in the stretch of DNA considered. In phylogenetics, individuals 
are usually sampled in different species so that t is large. In viral 
evolution (Grenfell et al. 2004), t may be small but μℓ is large.

In contrast, in somatic evolution μℓt may be small, so that the 
phylogram is a poor proxy of the chronogram. In specific cases, 
mutations can be artificially induced through genome editing- 
based lineage tracing methods to get a better resolution of time 
and apply classical methods with some adaptations (Feng et al. 
2021; Seidel and Stadler 2022; Prillo et al. 2023; Gao and Feder 
2024; Zwaans et al. 2024). In many cases however, inferring the 

chronogram from data are not possible. On the other hand, since 
mutations are rare, it is relatively straightforward to build the 
phylogram by maximum parsimony (DeWitt III et al. 2018).

Our goal is to propose a probabilistic method that infers the div
ision, death and mutation rates from the allelic tree, which works 
even in the low mutation limit. Our strategy is based on an inter
mediate object between the sampled cell tree (chronogram) and 
the allelic tree (phylogram with no abundances): the monogram, 
which we will refer to from now on as the backbone tree. The 
backbone tree can be viewed as the allelic tree for which times 
of division and mutation events have been resolved and calibrated 
in time. The method we introduce, called CBA, interpolates be
tween these three levels of description: (C) cell tree or chrono
gram, (B) backbone tree or monogram, and (A) allelic tree.

Results
Outline of the approach
We consider a population of cells that proliferates and mutates 
following a birth–death process with division rate λ, death rate δ 
and a neutral mutation rate μ (Fig. 1a). We assume that mutations 
accumulate with absolute time and not upon division. We further 
assume an infinite sites model of mutation with no recurrence. 
Time is defined in a backwards manner, such that t = T marks 
the beginning of the process while t = 0 marks the present. As 
the population grows, it generates a cell lineage tree D shown in 
Fig. 1b, which tracks divisions, deaths and mutations. The cell lin
eage tree is what an ideal observer would see given the evolution 
of the population between t = T and t = 0, as it contains all the past 
relevant information about growth and diversification. Finding es
timates for the rates from D is easily accomplished through max
imum likelihood using the branching property (Lambert and 
Stadler 2013). Unfortunately, in most datasets we do not have 

a

b

Fig. 1. Evolutionary model of growing populations of cells. a) Growing population of cells along with schematic of how data are obtained from typical 
experiments. The population is sampled at time t = 0 and then sequenced, yielding a list of (geno)types. b) Left and middle-left panels: cell lineage tree and 
extant cell lineage tree generated by the population the population generates. Cells divide at rate λ, die at rate δ and acquire mutations at rate μ. In the cell 
tree D, cell deaths are depicted by a horizontal line marking the end of a lineage, and mutations are indicated by crosses. Each mutation corresponds to a 
change of type, which is represented by a change in shade (infinite-site model). The full extant cell lineage tree (Cf ) is the cell lineage tree where dead 
lineages are removed. By contrast, the cell tree D also represents dead cells. Middle-right panel: the sampled cell tree C (chronogram) is obtained through 
a Bernoulli sampling with parameter ρ on the leaves of Cf . Right panel: The allelic tree A = ac(C) (i.e. the phylogram with abundances of nodes and leaves 
removed), obtained by keeping only the list and order of mutations across types. The length of branches in A indicates the number of mutations 
separating the types.
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access to the whole tree but only have access to a sample of cells 
at one timepoint, or a few timepoints.

Removing death events that give rise to dead end branches 
from the cell tree D in Fig. 1b gives the lineage tree Cf of extant 
cells at t = 0, where the subscript “f” stands for “full sample” and 
refers to the fact that all the extant cells in D are present as the 
leaves of Cf . This object is often studied in macroevolution (Nee 
et al. 1994; Morlon et al. 2011). A quasi-ideal observer, seeing a 
population of living cells at time t = 0 with all their genetic dis
tances, could only reconstruct Cf and not D since the present 
population contains no information about past death events. 
The likelihood of the reconstructed cell lineage tree was derived 
in Nee et al. (1994) and could be used to infer the rates using max
imum likelihood (see Supplementary Section 1).

Typical experiments give access to neither D nor Cf . The popu
lation is sampled at time t = 0 and then sequenced, yielding a list 
of (geno)types, in which abundances (number of cells represent
ing each type) are often discarded since experimental biases (se
quence amplification error, expression noise) make them 
unreliable. We call C the subtree of Cf that contains only the phyl
ogeny of sampled cells, obtained by Bernoulli sampling on the 
leaves of Cf (Fig. 1b, second left). But experiments do not give dir
ect information about the times of bifurcation and mutation 
events in C, nor about tree bifurcations that are not followed by 
mutations, and so in practice even the sampled tree C is unknown. 
Instead, experiments typically give the allelic tree A, which de
scribes the history of mutations leading to the sequences. The al
lelic tree may be inferred from the list of type sequences using 
well-established maximum-likelihood methods such as IQ-Tree 
(Minh et al. 2020) and RAxML (Stamatakis 2014). A = a(C) can be de
duced from C (Fig. 1b), where the function a consists in removing 
branches in C with no mutations and making the length of all re
maining branches proportional to the number of mutations. No 
explicit expression for the likelihood P(A|λ, δ, μ) exists for the alle
lic tree, making inference challenging.

Our method fills this gap and infers the rates λ, δ, μ governing 
the dynamics of the process through the allelic tree. The lack of 
an explicit expression for the likelihood of A makes this a difficult 
task. To overcome this hurdle, we connect A to C through the 
backbone tree B (Fig. 2). The backbone tree is an intermediate ob
ject between A and C. It is a function B = b(C) of the sampled cell 

lineage tree C. The rules of b for transforming C into B are illu
strated in Fig. 2. Subtrees downstream of terminal mutations, 
i.e. subtrees that have no further mutations ( iv, v, and vi), are re
placed by a single terminal branch. Subtrees downstream of in
ternal (nonterminal) mutations (i, ii, and iii) are collapsed to 
only keep the part of the tree leading to further mutations. 
Mutations are boxed if in C there exists a path between the muta
tion and the present with no further mutation, in other words, if 
the type that emerged following that mutation is represented in 
the data. Mutations are circled if there is no such path and all 
sampled descendants carry additional mutations (e.g. mutation 
iii). The allelic tree A = ab(B) can be obtained from B through a 
function ab which collapses to length 0 any mutation-free branch 
in B and instead generates upstream of every mutation an edge of 
unit length. If in addition this mutation is internal and boxed in 
the backbone, f adds downstream of it an edge of zero length 
(e.g. leaves i and ii in the allelic tree in Fig. 2). It follows that 
ac(C) = ab(b(C)). The functions ab, ac, and b are independent of 
both the choice of models for C and the experimental conditions 
(e.g. sampling, sequencing depth) and algorithmic methods (e.g. 
maximum parsimony, maximum likelihood) influencing A. They 
are recipes for transforming one tree type into another and de
pend solely on the input tree C or B.

The backbone tree B is the simplest reduction of the cell tree C 
towards A that we found and whose likelihood P(B|λ, δ, ν) can still 
be computed analytically. It is close enough to the allelic tree so 
that fast sampling schemes exist to generate random backbone 
trees consistent with a given allelic tree, B ∈ a−1

b (A). We exploit 
this last point to develop an efficient inference procedure.

Likelihood of the backbone tree
To implement our approach we must first derive the likelihood of 
the backbone tree. A full derivation with explicit calculations is 
detailed in Supplementary Section 2. This likelihood includes 
terms corresponding to divisions (splits) at times (s1, . . . , sn−1), in
ternal boxed mutations at times (m1, . . . , mℓ′ ), internal circled mu
tations at times (mℓ′+1, . . . , mℓ), and terminal mutations at times 
(t1, . . . , tn), where ℓ is the total number of mutations, and ℓ′ the 
number of those which are boxed. All those times take values be
tween 0 and T. The concatenation of intervals downstream of an 
internal mutation i until the next mutations is denoted by Li and 

Fig. 2. The backbone tree as an intermediate between cell and allelic trees. Left panel: the starting point is the tree of sampled extant cells C. Middle panel: 
set of rules transforming a cell tree into a backbone tree. Subtrees descending from terminal mutations (iv, v, vi) are collapsed into a single edge and the 
mutation is boxed to indicate that the type emerging from that mutation is observed. Internal mutations leading to subtrees carrying no further 
mutations are boxed, and the corresponding unmutated subtrees removed (i, ii). Internal mutations from which no such subtree stems (iii) are circled. 
Right panel: The backbone resulting from B is transformed into an allelic tree through f (B), so that f (b(C)) = a(C).
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represented by the same color as the mutation in the left panel of 
Fig. 2. The concatenation of the internal intervals of B, i.e. all of B 
except for edges stemming from terminal mutations, is denoted 
by B̃. In the backbone tree shown on the right of Fig. 2, B̃ would 
be the concatenation of the green, blue, purple, and red intervals. 
Putting all the division and mutation terms together, the likeli
hood of the backbone tree can be written as

P(B|λ, δ, μ) = Pfree(B̃)
􏽙n−1

i=1

Pdiv(si)
􏽙n

i=1

Pterm(tj)

×
􏽙ℓ
′

i=1

Pbox(Li)
􏽙ℓ

i=ℓ′+1

Pcirc(Li).

(1) 

For example, for the tree in Fig. 2 the likelihood is:

P(B|λ, δ, μ) = Pfree(B̃)Pdiv(s1)Pdiv(s2)

× Pbox(L1)Pbox(L2)Pcirc(L3)

× Pterm(t1)Pterm(t2)Pterm(t3).

(2) 

Each term is detailed below. While all mutations occur with rate μ 
and divisions with rate λ, in the backbone tree these rates must be 
corrected to account for the fate of the downstream subtrees, in par
ticular that they must be represented in the data, and whether they 
undergo further mutations or not. To calculate the functional form 

of the terms in the likelihood, it is useful to denote by p(t) the prob
ability that a sublineage downstream of a point on the tree at time t 

survives until the present, and by q(t) the probability that sublineage 
survives and also mutates at least once. These probabilities can be 
computed analytically, as shown in Supplementary Section 2.

By construction, the backbone tree only carries a visible div
ision event if both postdivision branches mutate after the division. 
The rate of a division occurring at time t in B (Supplementary Fig. 
2) is then proportional to the division rate λ times the probability 
that each sublineage survives and mutates:

Pdiv(t) = λq2(t)/q(t) = λq(t), (3) 

where the q(t) in the denominator comes from conditioning on the 
predivision branch having at least one mutation and surviving.

The rate of a terminal mutation occurring at time t is given by 
the mutation rate μ times the probability p(t) − q(t) that the branch 
survives until the present but without any further mutation 
(Supplementary Fig. 2), conditional again on the predivision 
branch surviving with at least one further mutation:

Pterm(t) = μ
p(t) − q(t)

q(t)
. (4) 

We see from both the Pdiv(t) and Pterm(mj) terms that conditioning 

on the predivision branch surviving introduces a nonobvious fac
tor to the rates.

An internal circled mutation, such as the red mutation at time 
m3 in Fig. 2, means that there was no division event between this 
mutation and the next downstream mutations (in this case during 
the interval L3) that would lead to a sublineage surviving until the 
present with no further mutations—the existence of such a subli
neage would imply the representation of the type emerging upon 
that mutation, making it a boxed mutation. The rate of such div
ision events is given by 2λ(p(t) − q(t)), where the factor of 2 stems 
from the fact that there are 2 potential subtrees at each division 
that could cause the type to be represented (Supplementary Fig. 

2). More rigorously, a division event can lead to 3 alternatives: 
two surviving subtrees each with at least one mutation with 
probability q(t)2, both without a mutation in the surviving 
branches with probability (p(t) − q(t))2, and one of each type 
with probability 2q(t)(p(t) − q(t)) (Supplementary Fig. 2). We 
must condition on the predivision branch surviving with at least 
one mutation, since we are considering points on the tree be
tween internal and terminal mutations. This means keeping 
only the case where there is a subtree of each type, since we 
want the type to be represented, and dividing its probability by 
q(t): 2q(t)(p(t) − q(t))/q(t) = 2(p(t) − q(t)).

As a result, the rate of mutations not followed by such division 
events until the next mutations is:

Pcirc(Li) = μ exp −2λ∫ Li
p(t) − q(t)
( 􏼁

dt
􏼐 􏼑

, (5) 

Internal boxed mutations occur with complementary rate, so 
that:

Pbox(Li) = μ − Pcirc(Li). (6) 

Finally, Pfree(B̃) corresponds to the probability that no other event 
occurs on the part of the backbone tree upstream of the terminal 

mutations (denoted by B̃):

Pfree(B̃) = exp −∫ B̃ μ
p(t)
q(t)

+ λq(t)
􏼔 􏼕

dt
􏼒 􏼓

, (7) 

where the integral runs over all branches of B̃. The first term de
scribes the rate of mutations leading to surviving sublineages, 
conditioned on the predivision branch surviving and having at 
least one further mutation. The second term corresponds to the 
rate of divisions (3).

Inference procedure
Starting from one or multiple allelic trees A generated from a bio
logical process, we seek to infer the true rates θ∗ = (λ∗, δ∗, μ∗) gov
erning the dynamics of division, death and mutation. Our goal is 
to maximize P(A|θ) with respect to the rates, thereby obtaining 
their maximum-likelihood estimate (MLE) θ̂ = (λ̂, δ̂, μ̂). Since we 
lack an analytic expression for the likelihood of A, we use an ex
pectation maximization (EM) algorithm, in which the backbone 
tree B, encoded by the node depths s and mutation times m, t, con
stitute our hidden variables, to iteratively find λ̂, δ̂, and μ̂ (Fig. 3).

To motivate our choice to use EM recall that for an allelic tree A, 
there is an infinite number of backbone trees B ∈ a−1

b (A) satisfying 
the equation A = ab(B). The probability of A given the rates can be 
formally written as

P(A|θ) = ∫ a−1
b

(A)P(B, A|θ)dB. (8) 

Note that since A is entirely determined by B through A = ab(B), we 
have that P(B, A|θ) = P(B|θ). The backbone B in (8) contains the 
times at which mutations and divisions occur, i.e. hidden vari
ables which are in theory integrated over to obtain the left-hand 
side of the equation. In practice, however, (8) cannot be computed 
analytically, and involves too many dimensions in the integral to 
be realistically computed numerically. We therefore use an ex
pectation maximization (EM), a two-step iterative algorithm, to 
approximate the MLE.
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In the first step, referred to as the “expectation” step, we calcu
late the expected value of the log likelihood of θ taken with respect 
to the current parameter estimates θi (Fig. 3):

Q(θ|θi) = EB∼P(B|A,θi) log P(B|θ)
􏼂 􏼃

. (9) 

In the maximization step, Q(θ|θi) is maximized with respect to θ, 

yielding the parameter estimates for the next iteration

θi+1 = argmaxθQ(θ|θi). (10) 

The log-likelihood term inside the expectation can be computed 
for each backbone tree using (1). However, the expectation value 
requires integrating over all backbone trees B, which is not prac
tical. Instead, we evaluate that expectation value using Markov 
chain Monte Carlo (MCMC), which only requires to be able to com

pute P(B|A, θi) ∝ P(B|θi) up to a constant of B ∈ a−1
b (A). Specifically, 

we generate a sequence of samples using the Metropolis 

Hastings algorithm. Given a backbone B, a new backbone B′ ∈ 
a−1

b (A) is proposed by sampling the depth or time of a random 

node or mutation from a uniform distribution with the condition 

that ab(B′) = A. B′ is then accepted with probability

α(B′, B) = min 1,
P(B′|θj)
P(B|θj)

􏼠 􏼡

, (11) 

where we have dropped the dependence on A since we sample 
backbone trees which are strictly consistent with the allelic tree. 
Starting from a random initializing backbone B0, we run the 
Metropolis Hastings algorithm for a burn-in period of 

50 × (2n + ℓ − 1), where 2n + ℓ − 1 is the total number of variables 

s, t, m in B. After this period, we sample k backbone trees 

(B1, . . . , Bk), and we approximate (9) by

Q(θ|θi) ≈
1
k

􏽘k

j=1

log P(Bj|θ). (12) 

A total of NMC expectation maximization steps are performed, 
yielding a series of estimates θ1, . . . , θNMC . Since at each expect

ation step we only sample a finite number k of backbones, we do 
not expect the algorithm to converge exactly to the MLE θMLE. 
Instead the estimates θi are expected to fluctuate about θMLE after 
a relaxation period Nf , which empirical evidence suggests is short. 

We report our estimate of the parameters as an average over θi 

following that relaxation:

θ̂ =
1

NMC − Nf

􏽘NMC

i=Nf +1

θi. (13) 

We can generalize the inference procedure to take more than one 
allelic tree as input. This corresponds to a situation where one ob
serves several replicates of the same evolutionary process but 
with different realizations. While this is unusual in traditional 
genetics, it is relevant to many processes of somatic evolution. 
For instance, for B cells, this would correspond to distinct lineages 
of cells coming from distinct progenitors, sampled from different 
germinal centers, but subject to the same antigen. Consider a set 
of allelic trees (A1, A2, . . . , AN) all generated by processes with the 
same true rates θ∗. The likelihood of the allelic trees then becomes

P(A1, A2, . . . , AN|θ) = ∫
􏽙N

u=1

P(Bu, Au|θ)dBu, (14) 

and the expected value of the log likelihood of θ must be taken 
with respect to all backbones

Q(θ|θi) =
􏽘N

u=1

EB∼P(B|Au ,θi) log P(B|θ)
􏼂 􏼃

. (15) 

We create different independent realizations of our sampling 
scheme for each allelic tree, obtaining for each Au a set 
{Bu1, Bu2, . . . , Buk} sampled from P(B|Au, θi). The approximation to 
equation (15) is given by

Q(θ|θi) ≈
1
k

􏽘N

u=1

􏽘k

i=1

log P(Bui|θ). (16) 

The maximization step does not change.

Validation of inference procedure
We test our inference method on synthetic allelic trees generated 
with true parameters (λ∗, δ∗, μ∗), and with comprehensive sam
pling (C = Cf ). Practically, we generate extant cell lineage trees C 
using the coalescent point process (CPP) (Supplementary Fig. 1) 
(Lambert and Stadler 2013), and apply the function a : C→ A to 
each of them to create a synthetic dataset of allelic trees A. 
The generation process along with a brief introduction to the 
CPP is detailed in Supplementary Section 1.

Fig. 3. Expectation–maximization. Schematic of the inference scheme based on expectation maximization for one allelic tree N = 1. Given the current 
parameter estimates θi, backbone trees {B1, B2, . . . , Bk} are sampled from P(B|A, θi) using a Monte–Carlo Markov chain. Their mean log likelihood 
(expectation) is maximized (maximization) with respect to θ, yielding the next parameter estimates θi+1. These expectation and maximization steps are 
repeated a total of NMC times.
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We first test the inference for a single parameter given the true 
values of the other two and the total time T, beginning with the 
birth rate λ. In Fig. 4a, we show the distribution of birth rates in
ferred from a set of N allelic trees, where N is varied from 1 to 
10, with λ∗ = 2.5, δ∗ = 1, μ∗ = 1.8, T = 3, and k = 1. Although the 
method theoretically is valid for large k, when the learning rate 
(the rate with which the gradient is followed in gradient descent 
methods) is slow, the ensemble average over k is emulated by an 
average over many learning steps around convergence. We 
checked that increasing k up to 10 did not affect the results of 
the inference (Supplementary Fig. 4).

On average, when N = 1, the inferred birth rate is very noisy and 
underestimated, i.e. 〈λ̂〉 < λ∗. The large variance is a result of the 
large variability in the number of leaves of sampled extant cell 
trees, combined with fluctuations in both the number of observed 
branches and their lengths due to the random spread of muta
tions on C. Both bias and variance are due to finite sized effects, 
since maximum-likelihood estimates are only guaranteed to con
verge asymptotically to the true parameter values in the limit of 
infinite data N→∞. Indeed, 〈λ̂〉 gets much closer to the true value 
λ∗ when N is increased to 10.

In our context, the large data limit may be directly achieved 
in two ways: by pooling more trees together (large N), or 

effectively by increasing the size of each tree, and with it the 
number of informative birth and mutation events that the 
MLE can exploit. The number of leaves nC in the tree C of extant 
cells is on average:

E(nC) ≈ e(λ−δ)T. (17) 

For a given mutation rate, the number of types in an allelic 
tree is heavily influenced by the number of leaves nC in the ex
tant cell tree it came from. In turn, the number of types is 
linked to how much information the allelic tree A carries 
about the parameters. Trees with more leaves contain more 
information and thus lead to better estimates for the rates. 
It is reasonable to consider the number of leaves in C as a 
proxy for the signal in A.

According to (17), larger trees may be obtained by either in
creasing the difference λ − δ, or by increasing T. Figure 4b shows 
the distribution of inferred λ̂ for λ∗ = 3, δ∗ = μ∗ = 1, and T = 1 or T = 
3.3 with N = 1. As expected, much better and less biased inference 
is achieved on larger trees (T = 3.3) than on smaller ones (T = 1). 
We then plotted the average inferred 〈λ̂〉, as well as its standard de
viation, as a function of T (Fig. 4c). While λ∗ is always underesti
mated, the bias and standard deviation decrease as a function 

a

b

c e

f

g

d

Fig. 4. Validation of the inference method on synthetic data. Trees are generated with true parameters λ∗, δ∗, μ∗. The algorithm is used to infer one of the 
parameters, given the true values of the other two. Each numerical experiment is repeated 100 times to collect statistics. a) Distribution of λ̂ inferred from 
N = 1 or 10 trees for λ∗ = 2.5 (dashed line), δ∗ = 1, μ∗ = 1, and T = 3. Solid vertical lines show 〈λ̂〉. Estimates are less biased and more precise for larger N. b) 
Same as (a), but with λ∗ = 3, δ∗ = 1, μ∗ = 1, N = 1 and two values of T: T = 1, and T = 3.3. Longer times lead to larger trees, which allow for better inference. c, 
d) Average inferred (c) 〈λ̂〉 and (d) 〈δ̂〉 and their standard deviations (represented by error bars) vs. T, using either inference on the allelic tree A (dots), or the 
extant cell tree C (diamonds). In (c) δ∗ = 1 and μ∗ = 1 while in (d) λ∗ = 3 and μ∗ = 1. The bias goes down as the tree size increases with T. This bias is still 
present when using the full information of the extant cell tree, although it is smaller. e) Average inferred birth rate 〈λ̂〉 vs its true value λ∗ while keeping 
δ∗ = 1, μ∗ = 1, and T = 3 constant, for N = 1 (dots) or 10 (diamonds). The bias goes down as λ and thus the size of the tree increases. It disappears for N = 10. f– 
g) Same for the death and mutation rates, keeping λ∗ = 2, T = 3 and δ∗ = 1 while varying the mutation rate, and T = 3, μ∗ = 1 while varying the death rate. 
The bias is lowest when δ is small, and the trees the largest. There is no apparent bias in 〈μ̂〉 even at N = 1. Error bars are given by the standard deviation of 
multiple inferences.
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of T. Conversely, δ̂ gets overestimated, and that bias as well as the 
uncertainty also shrink with T and the tree size (Fig. 4d).

To investigate the origin of these biases in λ̂ and δ̂, we asked 
whether inference with full information from the extant cell 
tree would also suffer from a similar bias. To do so, we used 
the original cell trees C from which the synthetic allelic trees 
were generated (and which are known since we are dealing 
with synthetic data), and inferred the rates λ and δ with a 
maximum-likelihood estimator, using analytic formulas for 
the probability P(C) of the realized cell tree from the CPP 
(Lambert and Stadler 2013). Details of the used formulas are gi
ven in Supplementary Section 1. Results for the average inferred 
parameters and their standard deviations are given by the dia
mond points in Fig. 4c and d. They show that the bias still exists, 
albeit slightly less on average than CBA inference on allelic 
trees. It also decreases as the tree size grows by increasing T. 
The smaller bias is consistent with the fact that cell trees con
tain more information than allelic trees, including mutation 
and division times as well as abundances of cells of the same 
type. But the small difference between the two estimates sug
gests that the allelic tree encode significant information about 
C. However, the fact that the bias is still present points to a 
more fundamental origin, for which we propose a plausible ex
planation below. We are not aware of any previous work in 
macroevolution or other fields discussing biases in the MLEs of 
rates obtained from sampled cell trees.

The overestimation of δ, and related underestimation of λ, 
may be understood intuitively by considering a simpler case, 
where the observation is simply the number of leaves nC in C. 
In that case, the MLE estimator of λ would be λ̂ = ln (nC)/T + δ∗, 
and the MLE estimator of δ would be δ̂ = λ∗ − ln (nC)/T (see 
Supplementary Section 3 for a derivation). Since 〈ln (nC)〉 ≤ 
ln〈nC〉 = (λ∗ − δ∗)T by Jensen’s inequality, this implies 〈λ̂〉 ≤ λ∗ and 
〈δ̂〉 ≥ δ∗, consistent with our observations. While the inference on 
the full C or on the backbone tree B contain different sorts of infor
mation than just nC, such an effect may affect our MLE estimator. 
Inspired by the previous argument, we have shown in 
Supplementary Fig. 5 that when estimating λ̂ or δ̂ with CBA, calcu
lating 〈exp (λ̂ − δ∗)T〉 or 〈exp (λ∗ − δ̂)T〉 provides an unbiased estimate 
of the average number of leaves 〈nc〉.

We then study how the inference performs as a function of the 
parameters. We vary λ∗ across a given range, keeping δ∗ = 1 and 
μ∗ = 1 constant and known, and estimate the average MLE inferred 
〈λ̂〉 for a large number of groups of N trees as a function of λ∗, for 
N = 1 and N = 10 and T = 3 (Fig. 4e). For N = 1, λ∗ is consistently un
derestimated, with smaller λ∗ leading to both larger biases in 〈λ̂〉
and higher uncertainty. This is expected, since for constant δ∗

and μ∗ a higher λ∗ leads to larger and more informative trees. 
Increasing the number of trees to N = 10 for each inference is suf
ficient to remove the bias in 〈λ̂〉 (Fig. 4e).

To better understand how the amount of data impacts the ac
curacy of the estimates, it is interesting to compare the cases of a 
single large tree (λ∗ = 3.0, N = 1) to many small trees (λ∗ = 1.1, 
N = 10), all with μ = δ = 1 and T = 3. We have nC(λ = 1.1) ≈ e0.3 ≈ 
1.35 and nC(λ = 3) ≈ e6 ≈ 403. We would expect the signal in a sin
gle tree with λ = 3 to be much larger than 10 times the signal in a 
tree with λ = 1.1. However, Fig. 4b shows that we obtain a better es
timate of the birth rate when N = 10 and λ∗ = 1.1. This indicates 
that the number of allelic trees used for the inference is much 
more important than their sizes.

We also varied the other parameters, by applying maximum 
likelihood to infer a range of δ and μ. We vary δ∗ ∈ [0, 1.9], keeping 
λ∗ = 2 and μ∗ = 1 fixed, and T = 3. Figure 4f shows the relationship 

between 〈δ̂〉 and δ∗. Inferring the death rate of reconstructed 
phylogenetic trees is generally considered a harder task than 
inferring the birth rate, since dead cells are not represented 
in the data. Comparing the results for N = 1 in Fig. 4b and 4c, 
it is clear that 〈δ̂〉 is more biased and more noisy than 〈λ̂〉. 
Consistent with previous observations, 〈δ̂〉 is consistently over
estimated, although that bias disappears for N = 10. Finally, in 
Fig. 4g we show the average inferred mutation rate 〈μ̂〉 at fixed 
λ∗ = 2 and δ∗ = 1 for N = 1. In that case, a single allelic tree is suf
ficient to obtain an unbiased estimator for the mutation rate. 
We also verified that inference of other parameters, such as λ, 
converges to the result of the inference performed on the cell 
tree, since we expect A to provide a good approximation of C 
when μ∗ is large (Fig. 5).

In most situations, only a small fraction ρ of cells are sampled 
and used to collect data. In that case, our inference formulas 
(1)–(7) are still valid, but with an additional dependency of the 
p(t) and q(t) function on ρ (see Supplementary Sections 1 and 2). 
Performing the inference on subsampled trees with ρ = 10% still 
works, although accuracy is slightly degraded, as expected from 
the loss of information caused by subsampling (Fig. 6).

Next, we consider the task of simultaneously inferring λ and δ, 
given μ∗ and N = 1 and T = 3. To get a sense of the difficulty of the 
task, we first study inference on synthetic backbone trees. Our 
method is ultimately designed to make inference on allelic trees, 
but since backbone trees contain more information, we reason 
that issues observed in the inference on backbone trees will be in
herited by allelic trees. In Fig. 7a, we show a heat maps of the like
lihood P(B|λ, δ, μ∗) of a backbone tree B as a function of λ and δ, 
where B was sampled from P(B|λ∗, δ∗, μ∗) with λ∗ = 3, δ∗ = 1, μ∗ = 1, 
and T = 3. The likelihood has a well-defined maximum, but is 
flat in the difference r = λ − δ. This implies that the effective 
growth rate r is easier to infer than the individual rates λ and δ. 
Louca and Pennell (2021) report that many studies inferring evolu
tionary rates from reconstructed trees, which they call “extant 
timetrees,” report extinction rates of zero, in direct contradiction 
with data obtained from fossil records. They attribute this 

Fig. 5. Dependence of birth rate inference on the mutation rate. Average λ̂ 
inferred as a function of the mutation rate for λ∗ = 3, δ∗ = 1, T = 3 and N = 1. 
Larger mutation rates imply larger allelic trees A that more closely 
resemble C. As μ∗ increases we note an increase in λ̂, asymptotically 
approaching the inferred average birth rate 〈λ̂〉C using C. Numerical 
experiments are repeated 200 times to gather statistics. Error bars are 
given by the standard deviation of multiple inferences.
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discrepancy to the difficulty in inferring the exact rates λ and δ ra
ther than r.

We then applied the EM algorithm to infer both λ and δ simul
taneously from allelic trees. As T is increased, estimates for λ 
and δ improve both in bias and in variance. This is evidenced by 
Fig. 7b, where the distribution of λ̂ is shown for T = 2 and T = 4, 
as well as by Fig. 7c, in which we plot the dependence of 〈λ̂〉 and 
〈r̂〉 = 〈λ̂ − δ̂〉 on T for N = 1 and N = 10. Curiously, when N = 1 the 
birth rate λ is consistently overestimated, in contrast to the single- 
parameter inference case. However, the effective growth rate r = 
λ − δ is still underestimated, consistent with the convexity argu
ment above. Increasing the number of trees used per simulation 
to N = 10 is enough to provide unbiased estimates of the net 
growth rate for all values of T considered. Except for T = 2, birth 
rate estimates are also unbiased.

Comparison to other methods
We are not aware of other methods designed to infer rates from 
allelic trees. However, existing software with broad applicability 
can be utilized to perform that task. We compare our results to 
those obtained using the Bayesian evolutionary analysis by sam
pling trees (BEAST2) (Bouckaert et al. 2014) software for the task 
of simultaneously inferring the birth and death rates λ and δ, given 
the mutation rate μ∗. To do so, we first need to reformulate our 
problem so it can be handled by BEAST2. In contrast to our infer
ence scheme which begins from the allelic tree A, BEAST2 takes as 
input a multiple sequence alignment (MSA) M. It then samples 
from the posterior P(θ, A′|M) ∝ P(M|θ, A′)P(θ, A′), i.e. the joint dis
tribution of parameters θ and trees A′ given M, using a 
Metropolis–Hastings algorithm. The sampled trees A′ differ from 
our allelic trees in two ways, as illustrated in Supplementary 
Fig. 3. A′ is time-resolved, meaning that multifurcations are timed 
and broken up into bifurcations. Also, the root of A (green node in 
Supplementary Fig. 3) is not contained in A′, and A′ starts with the 
most recent common ancestor.

To generate the input data M usable by BEAST2, we first gen
erate an allelic tree A as before, and create a set of synthetic se
quences corresponding to the leaves of A, and consistent with its 
topology (see Supplementary Section 4). In addition, we specify 
priors on all the different subsets of sequences which have a 
common ancestor in A to ensure that all the trees sampled dur
ing the inference performed by BEAST2 are constrained to have 
the same topology as A. By feeding M and subsets of leaves 
with common ancestors to BEAST2, we infer the estimates λ̂b 

and δ̂b as the mean values from the posterior 
θ̂b = ∫ dθ θP(θ, A′|M). These estimates are then compared with 
the λ̂ and δ̂ inferred using CBA on A.

Figure 8 shows a comparison of our MLE estimator with the es
timates of BEAST2. We observe that for small mutation rates, our 
approach is consistently unbiased, while BEAST2 systematically 
underestimates the birth rate even at large mutation rates, and 
only converges towards the true value of the parameters as μ be
comes large. The underperformance of BEAST2 is expected be
cause we applied it to an MSA from which duplicates were 
removed, since abundance information was discarded for the pur
pose of comparing with CBA. Since BEAST2 is not designed to work 
with data with no abundance information, we applied it as if the 

Fig. 6. Inference with sampling. Distribution of λ̂ inferred from ρ = 1 and 
ρ = 0.1 for trees generated with λ∗ = 3 (dotted line) and N = 1, given δ∗ = 1, 
μ∗ = 1 and T = 3. No significant change in the average birth rate 〈λ̂〉 (dotted 
lines) is observed when under sampling. We note that the distribution is 
wider when ρ = 0.1, indicating noisier inference. The distributions are the 
results of 200 repetitions of the numerical experiments.

a b c

Fig. 7. Two-dimensional inference. a) Heatmap representing the normalized likelihood P(C|θ)/∫ dθP(B|θ) as a function of two unknown parameters λ and δ 
for N = 1 with known μ∗ = 1 and T = 3, for a backbone tree B drawn with λ∗ = 3, δ∗ = 1. The likelihood landscape shows that while the difference r = λ − δ is 
well represented by the tree, the value of each λ and δ are very uncertain. Note that this inference on B is different from the inference on A we are 
interested in, but it allows for an explicit computation of the likelihood which our method on A does not permit, giving us insight by proxy. b) Distribution 
of inferred λ̂ in the two-dimensional EM search for λ̂ and δ̂, with the same parameters as above, but for T = 2 and T = 4. Longer times allow for more 
accurate inference. c) Mean 〈λ̂〉 (squares) and 〈r̂〉 = 〈λ̂ − δ̂〉 (dots) as a function of age T, for the same parameters as above, but for N = 1 and N = 10 (lighter 
shade, closer to true values). Note that the effective growth rate r̂ is underestimated for N = 1, consistent with previous observations on the 
single-parameter inference. In contrast, λ̂ is now overestimated. For each T and for N = 1 (N = 10), we perform 200 (100) independent simulations to gather 
statistics. Error bars are given by the standard deviation of multiple inferences.
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abundance of each type was 1, and as if the allelic tree A was 
equivalent to the cell tree C. Consequently, it greatly underesti
mates the birth rate. As μ∗ is increased, A becomes closer to C, 
which improves the BEAST2 birth and death rate estimates.

That comparison, however, is not ideal, because BEAST2 is not 
designed to deal with discarded or unreliable abundances. If the 
abundances of each observed type in A were known, or could at 
least be reliably estimated from data, then the MSA would better 
reflect the original tree C and BEAST2 would return better esti
mates λ̂ and δ̂ than CBA, by using that additional information. In 
some experimental settings, however, abundances of types can
not be measured accurately and are subject to a lot of noise. We 
asked how that noise would affect the performance of BEAST2. 
Supplementary Fig. 6 shows the average inferred estimates λ̂ 
(Supplementary Fig. 6a) and r̂ (Supplementary Fig. 6b) for varying 
degrees of noise in type abundances, implemented by increasing 
the variance σ2 of a negative binomial distribution (see 
Supplementary Section 4). The birth rate estimate λ̂ has a positive 
bias that increases with σ2 (Supplementary Fig. 6a) due to the 
strong variability in the size of subtrees of C near the sampling 
time, which can be accounted for by allowing both λ and δ to in
crease, such that recent sublineages have had little time to go ex
tinct. The error in the inference of both λ and r (shown by the error 
bars) steadily increases with σ2.

Delphy (Varilly et al. 2025) is a recently developed software 
based on Bayesian inference which, in contrast to BEAST2, works 
by sampling “explicit mutation-annotated trees” (EMATs). EMATs 
are timed bifurcating trees with branches containing time- 
stamped mutations and “missation” events, i.e. points on the 
tree where a site is missing data in all descending observed se
quences. This reformulation of classical Bayesian phylogenetics 
allows for remarkable increases in speed when mutations in the 
data are sparse, i.e. when the sequences considered are close in 
terms of genetic distance, while maintaining state-of-the-art re
sults on various epidemiology datasets. Backbone trees are essen
tially EMATs with no information on abundances and no 
“missation” events. While CBA samples backbone trees consistent 
with an allelic tree assumed to be accurately inferred from data, 
Delphy samples EMATs consistent with a multiple sequence 
alignment. Although we have not explicitly tested Delphy on our 
synthetic data, we believe that it would suffer from similar pro
blems as BEAST2, whereby missing abundances cause growth 
rates to be underestimated.

Discussion
We introduced a novel method designed to infer evolutionary 
rates of a growing population of cells sampled at a single time 
point from an allelic tree A describing mutational histories. We 
derived the likelihood of the backbone tree B, which enabled us 
to come up with an efficient inference scheme based on expect
ation maximization to find the MLEs of the rates. We limited our 
analysis to rates θ = (λ, δ, μ) that were homogenous in time, which 
allowed for the separate inference of λ and δ. All the formalism 
and derivations introduced are easily generalizable to rates with 
an explicit time dependence θ(t) = (λ(t), δ(t), μ(t)) (see (Lambert 
and Stadler 2013) for a generalization of Supplementary 
equations 1–2). However, doing so would require parameterizing 
these dependences with additional parameters, requiring more 
data to support the inference.

We derived the method in a general framework, since applying 
it to concrete systems often requires checking the validity of the 
assumptions. Firstly, we assumed that mutations accumulate 
continuously over time, instead of upon birth. Both situations oc
cur in cells. Conversely to what we assumed somatic mutations 
can occur during DNA replication, however they can also occur 
continuously throughout the cell cycle due to DNA repair errors 
which lead to mismatches that are incorrectly resolved (Spisak 
et al. 2024). On the discrete side, some single-based substitution 
(SBS) signatures are known to increase with cellular turnover 
(e.g. SBS1) (Abascal et al. 2021), indicating that errors in DNA rep
lication occurring at discrete times are responsible. Yet other 
signatures are thought to be mainly caused by errors in DNA re
pair, owing to their quasi-continuous clock-like accumulation in 
post mitotic cells (Spisak et al. 2024). In the example of affinity 
maturation, B cells somatically hypermutate when the 
Activation-Induced cytidine Deaminase (AID) deaminates a cyti
dine to a uracil, creating mismatches which can be incorrectly re
paired by the error prone DNA repair mechanism (Victora and 
Nussenzweig 2022). These processes usually are assumed to accu
mulate continuously, although recent work shows that it can de
pend on the cell cycle (Pae et al. 2021). Others have made both 
continuous and discrete-time assumptions for hematopoietic 
stem cells. The cloneRate inference method (Johnson et al. 2023) 
infers the net growth rates of cell colonies derived from single 
hematopoietic stem cells (Van Egeren et al. 2021; Fabre et al. 
2022; Mitchell et al. 2022; Williams et al. 2022 ) under the same as
sumption that mutations accumulate through time at a constant 

a b

Fig. 8. Comparison with BEAST (Bouckaert et al. 2014). Average inferred a) birth rate 〈λ̂〉 and b) effective growth rate 〈r̂〉 as a function of the mutation rate μ∗, 
for both our method and the posterior average in BEAST, in the two-dimensional inference of λ∗ = 2.8 and δ∗ = 1 with known μ∗, from a single allelic tree A 
(N = 1). In order to keep the size of the allelic trees comparable across mutational regimes (number of types ≈ 100), the stem age of the tree T is decreased 
for increasing μ∗. Our method performs best compared with BEAST at low mutation rates, where branch lengths are a poor approximation of time. At 
large mutation rates, both methods perform well. In both (a) and (b), error bars are given by the standard deviation of 100 independent inferences.
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rate, while another recent method (Dieselhorst and Berg 2024) 
analyzes two hematopoeisis phylogenies from neonate donors 
(Mitchell et al. 2022) under the assumption that mutations occur 
upon division with a Poisson distribution.

In contrast to BEAST (Bouckaert et al. 2014), we do not discuss 
the task of inferring A from a multiple sequence alignment 
(MSA)—an active field of research (McKenna et al. 2016; 
Schwartz and Schäffer 2017; DeWitt III et al. 2018; Feng et al. 
2021)—as our inference scheme starts from the allelic tree A. 
We thus assume that data are in a regime where the inference 
of A is accurate with no degeneracy. We expect this assumption 
to be true when the total number of mutations is low compared 
to the length of sequences in the MSA (mutation frequency). For 
example, the mean nucleotide mutation frequency in B-cell re
ceptor V genes is known to be approximately 5% both in healthy 
and chronically HIV-1 or HCV-infected individuals (Lupo et al. 
2022; Kreer et al. 2023), which should guarantee reliable allelic 
tree inference. In addition, a likelihood-based method incorporat
ing genotype abundances, obtained from single-cell data, was 
shown to accurately lift the degeneracy in B-cell phylogenies in
ferred using maximum parsimony (DeWitt III et al. 2018). In hema
topoetic stem cells, whole-genome sequencing shows that they 
accumulate on average 17 somatic mutations per year (Williams 
et al. 2022). An 80 year old individual would thus have an approxi
mate mean nucleotide frequency of 0.00005%, assuming ∼ 3 bil
lion base pairs in the genome, making inference of A 
unambiguous.

Most evolutionary processes are subject to selection and a lot of 
work has gone into identifying signatures of selection. Cancers are 
caused by the accumulation of driver mutations which confer se
lective advantages to cells in which they appear, while 
viral-immune coevolution places selective pressure on both 
viruses and the immune system (Cobey et al. 2015; Marchi et al. 
2021). Methods based on the ratio of synonymous to nonsynon
ymous mutations (dN/dS) can efficiently identify the average 
number of driver mutations in different tumors (Martincorena 
et al. 2017). For the seasonal A/H3N2 viruses, assuming evolution 
proceeds through the continual accumulation of weakly deleteri
ous or beneficial mutations, the branching patterns of time re
solved phylogenies can be used to infer the fitness of the 
sampled strains (Neher et al. 2014). Many viral and macro- 
evolutionary phylogenies benefit from branches containing a 
large number of mutations, allowing for fitness dynamics to be ap
proximated by Brownian motion (Neher et al. 2014). In the case of 
B-cell immunoglobulin (Ig) receptors, due to the low average num
ber of mutations per sequence (Briney et al. 2019), this approxima
tion cannot be made. Recent efforts in quantifying selection have 
focused on comparing the frequency of nonsynonymous muta
tions to their expected frequency assuming neutrality (Uduman 
et al. 2011; Yaari et al. 2015), with the latter being difficult to calcu
late. Inferring signatures of selection from allelic trees has been 
done for B cells sampled from individuals subjected to the triva
lent influenza vaccine (Horns et al. 2019) or with chronic HIV-1 in
fections (Nourmohammad et al. 2019) by focusing on statistics 
such as tree branching asymmetry, terminal branch length distri
butions and the site frequency spectrum. Multitype birth–death 
processes (MTBD) model selection by allowing for birth and death 
rates to change discretely along phylogenies (Barido-Sottani et al. 
2020). They have been used for Bayesian inference in macroevolu
tion (Barido-Sottani et al. 2020), whereby time-resolved phyloge
nies are sampled along with rates using molecular clock models. 
We are not aware of any existing methods which infer evolution
ary rates using MTBD models for allelic trees when the molecular 

clock hypothesis breaks down, e.g. for B-cell phylogenies. The gen
eralization of our model past neutrality suffers from our use of co
alescent point processes to derive the likelihood of the backbone, 
specifically through the terms p(t) and q(t) (Supplementary 
equations 11 and 13). The chief condition for reconstructed trees 
of birth–death models with rates λ(t) and δ(t) to be CPPs is that 
while the rates may depend on absolute time t, they cannot be 
subtree dependent. Clearly, this assumption does not hold when 
selection is present, since the descendants of a cell with a higher 
birth rate than its ancestor will carry this change in fitness along 
the subtree. A possible extension for future work would be to use 
dynamic programing (Neher et al. 2014) or to use approximations 
to compute the likelihood of B with good accuracy.

Besides the issue of selection, a direct application to B cells 
would require choosing appropriate time dependence for the rates 
θ(t) = (λ(t), δ(t), μ(t)). B-cell affinity maturation takes place in germi
nal centers and is spatially heterogeneous (Victora and 
Nussenzweig 2022). Germinal centers are divided into dark zones 
(DZ), where B cells somatically hypermutate and proliferate, and 
light zones (LZ), where B cells are selected for their affinity to an 
antigen (Victora and Nussenzweig 2022). Cells migrate independ
ently between the two zones in a process known as cyclic reentry, 
with migration rates in mice depending on whether cells are tran
sitioning from the LZ to the DZ or vice versa (Victora et al. 2010). 
Additionally, the low percentage of cells which reenter the dark 
zone indicates the presence of strong bottlenecks where most 
cells die or go away (Victora et al. 2010). To model cyclic reentry, 
λ(t) and μ(t) could be defined as piecewise functions alternating in
tervals in which birth is high and where death is high. Increasingly 
complex choices for θ(t) could lead to nonidentifiable statistical 
models (Louca and Pennell 2020), highlighting the importance of 
simple parametrizations.

In our numerical experiments, we found a consistent bias in 
the estimation of λ and δ, which disappears asymptotically in 
the large-data limit. In the single parameter inference from a 
few small trees, λ was overestimated and δ was underestimated. 
When inferring λ and δ simultaneously, we found that both para
meters were overestimated, leading to an underestimation of 
their difference r. To circumvent this bias, we could consider ex
tending CBA to Bayesian inference. Through clever choices for 
the priors over the rates P(λ), P(δ), and P(μ), sampling from the pos
terior P(θ, B|A) could lead to unbiased estimators as well as get rid 
of the need for the expectation maximization algorithm.

We showed in both the single and double parameter inference 
simulations that increasing the number of allelic trees used per 
inference greatly improves results. The usage of multiple trees re
quires the trees to come from independent but identically distrib
uted realizations of the same process. In particular, the stem age T 
must be the same, which in some contexts can be a challenging 
constraint to satisfy. For example, the stem age of trees of hem
atopoietic stem cells is the age of the patient at the time of sam
pling, which can differ significantly, from people in their 20s to 
80s, in currently generated datasets. As a result, in hematopoiesis, 
it is not possible to infer rates using CBA on different trees. 
However, inference of affinity maturation rates of B cells can be 
performed on multiple trees at once. In B-cell affinity maturation, 
trees of clonal families inferred from bulk sequencing experi
ments are of unknown stem age and do not necessarily originate 
from the same affinity maturation process. When genetically 
identical mice are inoculated with the same antigen at the same 
time and their B cells are sequenced at a later but also identical 
time, then each germinal center is an independent and identically 
distributed process (i.e. stem age and true rates are the same) 
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(Merkenschlager et al. 2025; Pae et al. 2025 ), allowing for rate infer
ence on multiple trees at once. Finally, in many experiments, the 
time T at which cellular expansion began is unknown. However, 
prior knowledge on T can easily be integrated into the inference.

Data availability
CBA code, as well as code used to simulate the data can be found 
at https://github.com/ernestamandine/tree-mcmc. Supplemental 
material available at GENETICS online.
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