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Quantifying the impact of hereditary transmission within lineage trees remains a fundamental challenge
universal to a wide array of biological domains. Here we introduce the new concept of inheritance entropy, a
quantity designed to gauge the hereditary structure of inactive cells across a lineage. We measure this entropy in
32 human stem cell clonal colonies, obtained from high-definition single-cell lineage tracing experiments, and
show that in the greatest majority of clones the entropy is decisively smaller than that of the corresponding
nonhereditary ensemble, hence proving that variations in the proliferative power of stem cell lineages are
determined by hereditary epigenetic factors that regulate cell-cycle exit. The method can also be employed
to locate the specific node of the tree where a mutation in the probability of inactivity occurs, together with a
determination of the lag between the mutation ultimately leading to inactivity and its actual expression. This
framework can be used to assess in a robust, simple, and model-agnostic way the hereditary origin of differential
growth in any type of lineage trees.

DOI: 10.1103/p2mj-q682

I. INTRODUCTION

The role of inheritance in cell replication has been a subject
of intense study for a long time [1–7]. It is believed that
cells switch between molecularly and phenotypically distinct
states that are passed on to the descendants, thus regulating
their fate [5,8]. One way to assess inheritance is therefore
to characterize cell states and track how they evolve along
a lineage. Single-cell profiling allows to measure the whole
transcriptome, as well as proteomes and metabolic signatures,
hence characterizing the multidimensional space of cell states
(the “state manifold” or “transcriptional landscape” [9]); but
this type of analysis is hard to combine with classic lineage
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tracing techniques, which are, however, important to precisely
track the hereditary ramifications. A powerful alternative is
provided by barcoding lineage tracing, which allows us to ac-
quire simultaneously cell state information and partial lineage
relationships from bulk measurements [10–13]. However, de-
spite their great potential, barcoding techniques still present
limitations in terms of applicability to human cells [14] and
accuracy in lineage reconstruction [9].

Epigenetic inheritance, namely the transmission of phe-
notypic traits across generations without changes to DNA
sequence, is particularly elusive and difficult to assess: Non-
genetic transmission can occur through a great variety of
molecular mechanisms, among which DNA methylation, hi-
stone modifications, and noncoding RNA regulation [15,16],
which makes it hard to pin down its hereditary nature in
a sharp way. Epigenetic inheritance, though, is also hugely
relevant, unfolding its full potential in the realm of stem
cells, whose high replicative capacity and promising regen-
erative potential make them the ideal arena to study how
different phenotypic traits emerge and evolve within a clonal
population. Besides, differentiation and cell-fate—which are
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core issues of stem cell biology—strongly rely on epigenetic
mechanisms [17,18]. Exploring epigenetic inheritance in cell
lineages is therefore a further urgent reason to try and find
robust methods of hereditary assessment.

A particularly general trait, defining the hereditary struc-
ture of lineage trees at a very fundamental level, is inactivity,
namely the state the cell enters when it stops dividing. This
is primarily for three reasons. First, because in the context of
cellular aging, inactivity essentially means senescence, whose
epigenetic origin has huge clinical impact [19–22]. Second,
because inactivity is in general a more complex state than just
senescence: An inactive cell can be reversibly so (quiescent)
or irreversibly inactive (differentiated or senescent), a differ-
ence that impinges greatly on the fate of cells [23–26]. Finally,
inactivity is a very general template for any mechanism dif-
ferentially cutting branch proliferation within a lineage tree,
irrespective of the specific nature of the tree. Hence, studying
the hereditary ramifications of inactivity has a potentially
broad impact on the more general scope of gauging inheri-
tance in any kind of tree.

Inactivity, however, has some peculiarities that make its
hereditary character—if any—particularly hard to pin down.
Normally, inheritance implies that when a mutation emerges
in a cell, thus giving rise to a new phenotype, this mutation
is inherited by its progeny, thus amplifying the detectability
of that phenotype with increasing generations: When enough
doublings have been reached, there is sufficient bulk infor-
mation in the culture to map the hereditary ramifications
of that mutation through bulk methods. The tricky thing
about inactivity, though, is that its very impact on the tree
development—namely the obliteration of entire branches—is
also what makes it hard to characterize it at an hereditary
level: Once inactivity emerges in one cell, this phenotype
is not amplified in its progeny, as the effect of inactivity is
rather to delete the descendants of that one cell, thus erasing
all the information they potentially carried. Bluntly put, it is
impossible to extract information from cells that do not exist.

Since all downstream branches of the inactive cell are
missing, it seems instead that one might try to extract informa-
tion from its upstream branches—or progenitors—which have
been alive at some point in the tree development. This strategy,
though, can be pursued only if inactivity manifests itself a few
generations after the mutation causing it; otherwise, neither
the future nor the past generations would contain any infor-
mation about the emergence of inactivity. At least in the case
of senescence, there is growing evidence that this is indeed the
case: Senescence is characterized by markers that accumulate
in a gradual manner prior to its expression [19–22]; hence, it
is possible that this happens more generally for the expression
of inactivity. And yet, the very absence—by definition—of the
inactivity trait in the progenitors of the inactive cell, makes it
unclear how to phenotypically retrace upstream the origin of
the mutation and its hereditary unfolding along the lineage.

Finding a new method to back-track the ramifications
of inactivity, hence establishing beyond doubt its heredi-
tary character, is what we do here. The central idea behind
this result is to extract information about the hereditary
distribution of inactive cells through the calculation of the
Shannon entropy associated to the topology of the entire
lineage tree. We test this method through experiments of

high-resolution single-cell lineage-tracing of bone marrow
stromal cells clonal colonies and find that indeed in the great-
est majority of lineages the entropy is decisively smaller than
that of the corresponding nonhereditary ensemble. Moreover,
through our method, the epigenetic change giving rise to
inactivity can be traced upstream, thus revealing a map of
the mutation events across the colony development. This will
allow us to measure the mutation lag, namely the generation
gap between the mutation leading to inactivity and the actual
expression of its phenotype.

II. LINEAGE TOPOLOGY

A. The system

Human bone marrow stromal cells (BMSCs) are a promi-
nent source of skeletal stem cells with ground-breaking
therapeutic potential [27]. However, BMSC colonies have
very heterogeneous in vivo behavior, due to their different
potency; this unpredictability is the greatest hurdle to the
development of bone regeneration therapies [28].

Colony-level heterogeneity urges a fundamental question:
How is it possible that one colony as a collective unit behaves
differently from another one? If cell-to-cell variability were
just an uncorrelated random process, then a million cells in a
transplant-bound colony would be enough to yield statistical
homogeneity, hence washing out any colony-level traits. A
possible answer is that the differences between two originat-
ing cells are transmitted to their progenies and collectively
persist through an epigenetic hereditary mechanism.

If hereditary epigenetic factors play a major role in deter-
mining cell-cycle exit, then they may be involved also in the
regulation of BMSCs potency, thus shedding some light on
that elusive holy grail of stem cell research that is differentia-
tion potential [29,30]. Controlling the hereditary character of
inactivity could therefore help developing protocols to control
intercolony heterogeneity, thus advancing the clinical poten-
tial of skeletal stem cells. For these reasons, BMSCs are a very
important testbed system for the development of new methods
to detect inheritance in lineage trees.

B. Experimental data

Human BMSCs were seeded at very low density in order
to produce clonal colonies derived only from single, spatially
isolated cells; our dataset consists of 32 such single-cell-
derived clones. The isolated nature of each colony is very
important: If different colonies merge, then their clonal nature
is destroyed, severely confounding the data analysis [31,32].
Growth was studied with phase contrast high-resolution time-
lapse microscopy. Instead of adopting a fixed duration of the
experiments, we fix the maximum generation of the colonies,
keeping each experiment going until all replicating cells
have arrived to the seventh generation, kmax = 7; in this way
we do not need to correct for any type of statistical bias
[33,34]. Details of the experiment and a full characterization
of the biological parameters of all colonies, can be found
in Ref. [35].

Samples of four lineage trees are reported in Fig. 1, while
all trees in the dataset can be found in Sec. 9 in Supplemental
Material (SM) [36]. If no branches are interrupted, then the
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FIG. 1. Lineage trees of experimental BMSC colonies. Red segments represent active cells and black disks represent mitosis; the length
of each segment is fixed, not related to the division time. Inactive cells (which are all G0 in these samples) are represented as black segments
ending in a cap. The first cell of the colony is not represented, as we do not record its birth, but only its division (the central disk of the tree).
Ovals separate different generations. Cells at the last generation (the k7 leaves) are tracked up to their birth, not up to their division, and hence
they are neither labeled as active nor inactive and we represent them in gray.

number of cells at the seventh generation is 27 = 128, and a
handful of colonies do indeed reach this state (3 of 32). But
often branches are interrupted, which may happen for two
reasons: Either the cell commits apoptosis and dies, or the cell
stops dividing, yet remaining alive (black capped segments
in Fig. 1); in this last case the cells enters the G0 phase. We
classify a cell as G0 if it does not divide for 84 h (3.5 days),
at which point we stop tracking it; this threshold is to be com-
pared to the mean division time of BMSCs, which is 20 ± 4
h (the robustness of this G0 criterion is thoroughly tested in
Ref. [35]). Only 17 cells die in our whole dataset against
310 G0 cells; given such paucity of apoptosis and given that
the effect of a dead cell on the lineage topology is exactly the
same as a G0 cell, we will call inactive the whole set of G0

and dead cells.1 Conversely, we will call active those cells for
which we do observe a mitosis. The final “leaves” of the tree,
i.e., cells that belong to the last generation (kmax = 7), are only
tracked up to their birth, not up to their division, and hence
they are neither labeled as active nor inactive; we call these
cells the k7 leaves of the lineage tree. As we shall see later on,
two useful characterization of a tree are the total number of
inactive cells, Ninact, and the total number of cells missing at
the last generation, Nmiss, that is the number of missing gray
leaves in Fig. 1.

1This is a rather standard (and venerable) convention in the lit-
erature on cellular senescence: Any difference between dead cells
and cells that have ceased to divide is immaterial when dealing with
population growth, see for example Refs. [37–39].

C. The peculiar distribution of inactive cells

Inactive cells determine the topology of a lineage through
both their number and their position within the tree. The
position of an inactive cell can be described by two “coor-
dinates”: its generation k and its radial position. The first
impacts greatly on the number of missing k7 leaves, Nmiss: The
earlier the generation at which a cell becomes inactive, the
larger the number of leaves that are cut; for example, the effect
of an inactive cell is very different if it is located at generation
k = 2 (Nmiss = 32) or at k = 6 (Nmiss = 2). At first sight, this
effect seems related to the Luria-Delbrück argument about the
uneven impact of hereditary mutations [40]: If the probability
of a mutation is homogeneous throughout the lineage, then the
fluctuations in the occurrence at different generations causes
very large heterogeneities in the final number of cells carrying
the mutation, which is the conceptual basis for all Luria-
Delbrück-inspired fluctuation assays [41]. However, because
in this case the phenotype is “inactivity” and because the
very definition of inactive cell is that it does not have any
progeny, the fact that the inactive phenotype is inherited by
the (nonexistent) descendants of the inactive cell is completely
trivial and uninformative. Therefore, to check whether the
mechanism that ultimately leads to inactivity has an hereditary
nature, we cannot use a standard fluctuation assay. Instead,
we have to employ the lineage information to check whether
some kind of mutation occurred before the emergence of the
inactive cell, namely upstream in the tree.

To make progress, we notice that trees with many inactive
cells display something more than the mere amplification of
fluctuations due to the different intergeneration placement,

023023-3



ALESSANDRO ALLEGREZZA et al. PRX LIFE 4, 023023 (2026)

namely the fact that the radial distribution of inactive cells
across different branches has quite a nontrivial pattern. Con-
sider, for example, lineage 20241017_11 in Fig. 1: There is
clearly something peculiar about the locations of the inactive
cells in this tree, as they seem more frequent within the same
few branches on the southwest side in a definitely nonran-
dom way; a similar observation could be made for lineage
20241203_03, where inactive cells are mostly concentrated
in the west wing. This is a very general trait in our dataset:
In most lineages we observe significant nonrandom hetero-
geneities in the number of inactive cells between branches,
indicating that the emergence of these cells is more likely in
some branches than in others. If we follow a branch with many
inactive cells upstream along the lineage, then an hereditary
mechanism would suggest that at some point we must find
a mitosis at which some factor linked to the probability of
inactivity changed, making one of the two daughters more
prone to producing inactive cells in its progeny than the other.
We need to put this hypothesis to a quantitative test; to do that
we will use the concept of entropy.

III. QUANTIFYING INHERITANCE

A. Inactivity imbalance

As we have noted, the most conspicuous effect of the pres-
ence of an inactive cell is that all cells that would have been
born as its progeny are instead missing, so that the number of
cells at the final generation, kmax = 7, is smaller than what it
could have been. Hence, we will use the number of missing
k7 leaves as an indicator of the impact of inactive cells within
that branch. We proceed as follows.

Each mitosis in the lineage generates two branches, left
and right; in a mitosis connecting generation (k − 1) to gen-
eration k, each branch can potentially produce up to 2(7−k)

descendants at generation 7. However, if inactive cells emerge
downstream along these branches, then the actual number of
k7 descendants will be smaller (some of these leaves will be
missing). Given a mitosis m, we will indicate with M left

m the
number of missing k7 leaves in its left branch and similarly for
Mright

m (see Fig. 2). We stress that the count of missing cells is
done only among the cells of the last recorded generation (in
our experiments, the k7 leaves).

We then define the inactivity imbalance of mitosis m as the
difference between the number of missing k7 cells within its
left and right branches (Fig. 2),

Im = ∣∣M left
m − Mright

m

∣∣, (1)

where we use the absolute value because the actual left-right
labeling of the branches after a division is arbitrary.

The definition of imbalance can be generalized to any
value of kmax. Moreover, the imbalance can be defined also
for trees where all cells become inactive before kmax: In this
case, one can define an effective keff

max, as the generation of
the latest inactive cell; then the definition proceeds as before,
with kmax → keff

max. Such incomplete trees are not present in
our experimental dataset, but they may be generated by the
null models that we will consider in the next section.

The interesting thing about the inactivity imbalance is
that it provides a sort of “mutation” map, giving a specific

FIG. 2. Inactivity imbalance. We illustrate here how the inac-
tivity imbalance is calculated, using a portion of a real lineage
(20230503_13). White dotted segments represent k7 leaves that are
missing because of the presence of some inactive cells upstream
in that branch. For each mitosis or node, the inactivity imbalance
is defined as the modulus of the difference between the number of
missing k7 leaves in the right branch and the number of missing k7

leaves in the left branch.

information about what happens at each mitosis along the
tree (see Fig. 3, left). A large imbalance on a certain node
means that the two branches generated by that mitosis are
ultimately very different from each other, suggesting that a
mutation in the probability of generating inactive cells oc-
curred there. From a topological point of view, the mutation is
most easily attributed to the node, i.e., to the mitosis, whose
large imbalance marks the difference between the two sub-
branches born out of that mitosis; from a biological point of
view, though, it is more appropriate to attribute the mutation
to the one of the two sister cells born out of that mitosis,
whose progeny is riddled with inactive descendants (this is
also the most natural interpretation in the context of hereditary
models). The main point is that the inactivity imbalance pro-
vides information about a possible change in the propensity to
inactivity before—namely upstream in the tree—the inactivity
phenotype is actually expressed. The imbalance is therefore
a promising observable in the search of an hereditary test of
cell-cycle exit.

B. Entropy

At variance with other measures of tree imbalance, such as
the Colless index [42,43], we do not consolidate the inactivity
imbalance (1) into a sum over all nodes of the tree. This is
a crucial point: When trying to characterize inheritance, a
large inactivity imbalance at a few nodes is not the same as
a buildup of small inactivity imbalances scattered over many
nodes.

Instead, inheritance is signalled by an exceptional event,
namely a large imbalance concentrated on one or a few nodes,
revealing a difference between the two cells generated at
that mitosis, a difference that is passed on to their progenies
(Fig. 3, left). Therefore, we need a quantity able to reveal
when there are atypically large values of the inactivity im-
balance in the lineage, and when—on the other hand—small
imbalances are scattered all over the tree. The most promising
tool to do this is the Shannon entropy. From the imbalance,
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FIG. 3. Inactivity imbalance: BMSC vs scrambled. The distribution of the inactivity imbalance across the different mitosis is very different
in biological vs randomly scrambled trees. (a) For lineage 20230503_13, the inactivity imbalance, Im, is graphically represented as a purple
vertical brushstroke on each mitosis or node (zero imbalances are not marked). In this lineage most of the imbalance is concentrated on just
two nodes; of these two mitosis, the one connecting generation 1 to generation 2 (imbalance 22) is most likely that at which there has been
a mutation in the probability of emergence of inactive cells. This large heterogeneity in the distribution of the imbalances across the lineage
is the clearest symptom of inheritance. The entropy S measures exactly this heterogeneity; in this lineage Sbiological = 2.17, which is rather
low compared to the entropy of the tree in panel (b), which is one instance of the 106 randomly reshuffled versions of lineage 20230503_13

[random reshuffling (RR) ensemble; see text]; the number of inactive cells and their generation is the same as in the biological lineage, but their
radial positions across the tree have been randomly scrambled, hence severing all potential hereditary relationships. In this tree the imbalance
is more homogeneously distributed across the nodes than in the biological tree, thus giving a much lower inheritance signal: The entropy is
indeed significantly larger than the biological one, Sscrambled = 3.21. If we repeat the scrambling 106 times, then we find Sscrambled � Sbiological in
only 7 cases, proving that the evidence of inheritance is very strong in this clone.

we first derive the normalized weight of mitosis m,

wm = Im∑
n In

, (2)

where the sum is extended over all mitosis in the lineage.
Then, using the weights wm, we define the lineage entropy
as

S = −
∑

m

wm ln wm. (3)

The entropy S is high when the inactivity imbalances Im all
have approximately the same value, forming a random pattern
across the tree, so that we receive no particular information
about the occurrence of an inherited change at any mitosis in
the lineage; on the other hand, entropy is low when there are
few large imbalances concentrated on a handful of mitosis,
as in that case we have reliable information that an inherited
change occurred at those mitosis (Fig. 3, left). In short—
and very coarsely—high entropy means that inheritance is
unlikely, while low entropy means positive evidence of inher-
itance. As we shall see in the next section, though,“high” and
“low” entropy will only be significant in a comparative way.

We stress that the entropy in (3) is not the entropy associ-
ated to the probability distribution of the inactivity imbalance,
because the weight wm is not the probability of a certain value
of Im but is proportional to the imbalance itself; indeed, the
sums do not run over all possible values of the imbalance but
over all possible nodes (i.e., mitosis) over which the imbal-
ance is defined. For the same reason, the normalized weights
wm do not have an obvious frequentist interpretation; there-
fore, we should not blindly rely on the standard properties
of S in the context of Shannon information theory. It is also
worth noting that similar concepts have been employed in dif-
ferent contexts: In astronomy an analogous quantity has been

defined from the intensity field of galaxy radioastronomical
data for image reconstruction [44]; in economics, the entropy
in (3) is related to Theil’s index of economic inequality [45].
In all these contexts, the key idea is to pinpoint the anomalous
values of some observable (imbalance, intensity, inequality)
across a certain “space” (lineage, image, country) rather than
across a certain probability distribution. This is what the en-
tropy defined in (3) does.

C. Inheritance test

The entropy of a lineage is designed to depend on the
specific arrangement of the inactive cells, i.e., on their hered-
itary correlations. But S also depends on the total number
of inactive and missing cells, irrespective of their hereditary
distribution, and on the overall size of the tree. Therefore, it
is hard to establish the absolute degree of inheritance of a tree
by simply measuring its entropy S. Instead, the correct way
to proceed is to compare the entropy of a specific biological
lineage to that of an ensemble of nonhereditary trees.

We proceed as follows: The inheritance entropy is mea-
sured for a large number R of trees belonging to the
nonhereditary (or null) ensemble, thus producing a nonhered-
itary probability distribution of S; the hereditary significance
of the biological tree, namely its P value, is given then by
the fraction of nonhereditary trees that happen to have S �
Sbiological, namely by the probability that the null ensemble
produces a tree with evidence of inheritance stronger than
or equal to the biological one. The lowest P value (high-
est significance) is P < 1/R, which happens when none
of the R nonhereditary trees has entropy smaller than the
biological one.

Such inheritance test requires the definition of an appro-
priate null ensemble of nonhereditary lineages. One way to
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proceed is to generate this ensemble by means of a non-
hereditary null-model; given a biological lineage we want to
test, the null model must be fitted to that lineage, which is
generally feasible by using the maximum likelihood method,
considering that the null model will not be overly complicated
(otherwise it would hardly be a null model). This apparently
straightforward procedure, though, is less trivial than it might
seem: As we shall see in the next section, the choice of the null
model will not be unequivocal. Moreover, we will discover
that the null ensemble that is most effective to assess inheri-
tance, i.e., the one with the highest sensitivity, is not generated
by any specific null model.

IV. NONHEREDITARY ENSEMBLES
AND TEST VALIDATION

In this section we will discuss three different types of null
ensembles that can be used to implement the inheritance test.
Two of them are generated by their relative null models, while
the third null ensemble requires no generating model, as it
simply derives from the data. In the end, after a careful bench-
marking of the three methods, only one inheritance test will be
selected. The reader not interested in this benchmarking tour
de force can skip this section.

A. The Galton-Watson ensemble

The simplest nonhereditary model of inactivity is one in
which each cell is inactive with probability q. This is equiva-
lent to a Galton-Watson branching process (GW) [46], with
probabilities to have either zero or two children given by
p0 = q and p2 = 1 − q. Fitting GW to a biological tree is
simple: The parameter q which maximizes the likelihood
is the empirical value of q, i.e., the total number of inac-
tive cells divided by the total number of cells of that tree
(see Sec. 1 in the SM [36]).

Note that some trees of the null ensemble may not arrive at
kmax = 7, because all cells become inactive before; this is why
in Sec. III we have defined the imbalance also for incomplete
trees. Moreover, a very small fraction of trees of the ensemble
have imbalance zero at each site, in which case the entropy is
not defined; we discard these trees from the ensemble.

Even within a nonhereditary tree the imbalance has a mean
trend with the generations: Early generations expect a higher
imbalance than late ones, just because the randomness in the
longer subtrees adds up. When using a null model it is impor-
tant to normalize the imbalance of the tree to be tested and
of the trees in the null ensemble by the expected imbalance
of the null model, which can be calculated exactly for GW
(see Sec. 1 in the SM [36]). Once the imbalance has been thus
normalized, the calculation of the entropy proceeds as in (2)
and (3). Finally, the P value of a certain lineage, PGW, is given
by the fraction of GW trees with entropy smaller than or equal
to the entropy of that lineage.

Despite the clarity and elegance of the GW model, it is
possible to foresee a problem: This simple version of the
GW ensemble does not encompass all possible nonhereditary
trees; the probability to be inactive could very well be depen-
dent on the generation, q = qk , producing trees that are still
nonhereditary but unlikely to be produced by a GW model

with constant q, thus exposing the method to the risk of
creating false positives. The response to that is to use a more
complete null ensemble, which can be done by introducing
a GW model where the probability of inactivity depends on
generation.

B. The nonhomogeneous Galton-Watson ensemble

The nonhomogeneous Galton-Watson model (NHGW) is
an uncorrelated branching process where the probability to
be inactive depends on the generation k, so that the model
is defined by a vector qk [47,48]. There are sound biologi-
cal reasons for using NHGW instead of GW, irrespective of
any consideration of inheritance: There is plenty of evidence
[49–51] showing that the fraction of senescent or dead cells
can change significantly with the age of the cell culture, and
therefore with the generations. Hence, it is unwise to commit
to a null model that excludes this possibility.

As in the case of GW, also for NHGW the maximum
likelihood method prescribes that the correct vector qk to fit
a specific tree to the model is simply given by the empirical
set of inactivity probabilities, i.e., the total number of inactive
cells divided by the total number of cells, both calculated at
fixed generation k for that tree (see Sec. 2 in the SM [36]).
Moreover, even though the calculation of the expected NHGW
imbalance is significantly more complicated than in GW, it
can still be done exactly (see Sec. 2 in the SM [36]), so we can
normalize the imbalance and calculate the entropies, finally
producing a P value of this ensemble, PNHGW.

C. The randomly reshuffled ensemble

The third nonhereditary ensemble that we consider does
not rely on a null model, but it operates directly on the lineage
tree to be probed. The idea is to produce an ensemble of trees
that have as much as possible the same structure in terms
of inactive cells and missing cells as the original tree, but
where all potential inheritance relations between mother and
daughter have been severed. This ensemble is easily achieved
by perform a random reshuffling (RR) of the input tree: At
each generation k all cells are scrambled within that same gen-
eration; when two cells are exchanged, so are their progenies.
Then we move to generation k + 1 and we scramble again,
and so on (see Sec. 3 in the SM for a detailed description
of the reshuffling procedure [36]). Notice that in this way all
potential hereditary connections are randomized and yet the
number of inactive cells at each generation remains the same
(see Fig. 3, right). We shall see that this structural stability
gives to the RR ensemble a decisive advantage over the other
two ensembles. The P value of the RR method, PRR, is finally
given by the fraction of scrambled trees that happen to have
entropy lower than or equal to the one of the lineage we are
probing.

D. Benchmarking the methods

To evaluate the performance of the three entropy-based
inheritance tests we must compare their output to some ground
truth, i.e., to run the tests on a large set of lineage trees of
known inheritance properties. This can be done by using a
testbed of trees generated by a nonhereditary model (in which
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(a)

(b)

(c)

FIG. 4. Benchmarking the inheritance tests. We plot the fraction
� of trees that pass the inheritance test (P < 0.05) as a function of
the size kmax, for lineages of different hereditary nature. (a) The three
methods are benchmarked on a set of homogeneous nonhereditary
trees. All inheritance tests give a satisfactory result in this case, i.e.,
a very small fraction of trees passing the test (below 0.05, dotted
line); we report a sample tree in the inset. (b) On the set of nonho-
mogeneous nonhereditary trees the GW inheritance test produces a
large number of false positives, �GW ≈ 0.6. The tree in the inset is
a vivid example: It has a probability of inactivity that decays rapidly
with the generations, which GW is unable to account for, thus giving
a low P value. Instead, both NHGW and RR perform well on this
set. (c) On the set of hereditary trees, the RR method decisively
outperforms the other two: �RR reaches the exact asymptotic value
quite rapidly, while �NHGW saturates at a much smaller value and
�GW never grows. For each tree the P value is calculated from
R = 103 extractions; for sets (a) and (b) we generate 103 trees; for
(c)—given its relevance—we generate 104 trees. In compliance with

case the test should be negative) and by an hereditary model
(in which case the test should be positive). We must be careful,
though: At finite size, a tree generated by a nonhereditary
model has a finite probability to have an hereditary struc-
ture and vice versa; any stochastic model can produce these
cross-cases when the trees’ size is small enough. Therefore,
evaluating the methods only on trees of one size (for exam-
ple, kmax = 7, as in our experimental dataset) is unwise. It is
only in the infinite size limit, kmax → ∞, that the hereditary
character of the generating model must emerge. Hence the
correct way to proceed is to generate a testbed of lineages
using both nonhereditary and hereditary models, submit them
to the different inheritance tests, and check how the results
scale with the size of the trees.

We first benchmark the methods on a testbed of homo-
geneous nonhereditary trees, which we generate through the
GW model with q = 0.1. For each method we measure the
fraction � of trees that pass the inheritance test, i.e., such
that P < 0.05; we then plot � as a function of the trees’ size,
kmax. Results are reported in Fig. 4(a): A sound inheritance
test must produce a small fraction of trees passing the test;
more precisely, because we are using 0.05 as a significance
threshold for the P value, any correct method should give
� � 0.05. The results show that all three methods perform
fine on homogeneous nonhereditary trees.

Things start to change when we benchmark the methods on
a set of nonhomogeneous nonhereditary trees, which we gen-
erate by using the NHGW model with a generation-dependent
probability of inactivity, qk = q0 exp(−k/k0), with q0 = 0.8
and k0 = 1.1. Because this is still a nonhereditary set of trees,
we expect all methods to give � � 0.05; however, we see
from Fig. 4(b) that while this is true for the NHGW and RR
methods, the inheritance test based on the GW null ensemble
creates a very large number of false positives (around 60%).
This is what we anticipated: Many nonhereditary but nonho-
mogeneous trees [as the stump tree in the inset of Fig. 4(b)]
are very rare in the homogeneous GW ensemble, thus giving a
low P value, and therefore a false positive. Other trees of this
type, giving false positives for the inheritance test based on
the GW ensemble, can be found in the tree zoology reported
in Sec. 9 in SM [36].

Finally, we benchmark the methods on a set of hereditary
trees, which we generate through a simple model: A wild
cell has probability 0 to be inactive and probability p to
mutate; a mutated cell and all its descendants have prob-
ability q to be inactive. As we shall see in Sec. VI, this
model captures several features of our biological dataset, and
hence we generate the trees by using the mean parameters
fitted to the biological lineages, p = 0.1 and q = 0.46 (see
Sec. VI). Results are reported in Fig. 4(c). Both the NHGW
and RR methods give a fraction of hereditary trees which
increases with size; however, �RR grows dramatically faster
than �NHGW. More importantly, we can compare these curves
to the ground truth: The asymptotic limit of � for kmax → ∞
can be calculated exactly for this hereditary model (see Sec.

←−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−−
the experimental dataset, only trees in which at least two cells arrive
at the last generation have been used to benchmark the methods.
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FIG. 5. Reshuffling BMSC lineages. Two examples of how the hereditary structure of the inactive cells is erased by the RR procedure
and how this impacts on the inheritance entropy. Top: Lineage 20241203_03 (left) has a strong concentration of inactive cells, and therefore
of missing cells, in the west wing of the lineage; in this tree the imbalance is generated at the very first mitosis (the central node). Instead,
a randomly scrambled version of the biological tree (center) has inactive cells distributed evenly across all branches. The entropy of the
biological tree is Sbiological = 0.81, while the entropy of one its scrambled versions is Sscrambled = 2.32. When we produce 106 scrambled trees of
20241203_03, we very rarely find Sscrambled � Sbiological; this means that the probability that the entropy of the biological case is so small by pure
chance is extremely low. The distribution of the randomly reshuffled entropies (right) is shown as a violin-plot on the right: It is evident that the
biological value of the entropy is way below the bulk of the distribution of the reshuffled entropies. The P value is simply the integral of this
distribution below Sbiological, which gives P = 8.2 × 10−5, making the inheritance test for colony 20241203_03 highly significant. Bottom: A
similar situation holds for lineage 20230503_13, which also gives a very strong inheritance signal.

5.6 in SM [36]); for these parameters we have �∞ = 0.985.
Figure 4(c) shows that already at kmax = 14 the RR method is
remarkably close to this exact value, �RR(14) = 0.965, a 2%
error with respect to the ground truth. On the contrary, the data
show that the NHGW method plateaus at a value much smaller
than the exact limit, �NHGW(14) = 0.214. We have repeated
this benchmarking at different values of the parameters of the
hereditary model (p = 0.08, q = 0.4) and found a very similar
scenario: �RR converges to the ground truth with a 0.3% error,
while �NHGW remains off by more than 50%. Finally, the GW
method always underachieves dreadfully.

The reasons why GW and NHGW perform poorly on the
set of hereditary trees are discussed and illustrated at length in
Sec. 4 in SM [36]; here we just give a succinct version of the
argument. Irrespective of the potential hereditary correlations
between inactive cells, the entropy S grows with their total
number, Ninact. While sampling their respective ensembles, the
GW and NHGW models explores many trees with numbers
of inactive cells significantly different from that of the input
hereditary tree they have been fitted to; such large fluctuations
of Ninact produce in turn large fluctuations of S, introducing
many small entropies in the ensemble, hence biasing to the
left the probability distribution P(S), ultimately raising the P
value. Instead, all trees in the RR ensemble have the same

number of inactive cells at each generation as the input heredi-
tary tree, hence the entropy S changes only due to the bona fide
changes in their hereditary correlations. An extensive zoology
of trees generated with all models, together with their relative
P values, can be found in Sec. 9 in SM [36].

In conclusion, the RR method emerges as the most effec-
tive and sensitive entropy-based test to assess the degree of
inheritance in a lineage tree, irrespective of the type of tree.
Luckily, RR is also by far the simplest to implement and the
fastest to run of the three methods we scrutinized: It does
not rely on any model, it does not require any calculation, it
simply employs a large number of random reshufflings of the
lineage tree that needs to be tested. Therefore, in the following
we will use the RR entropy-based inheritance test to analyze
the biological database of BMSC clonal colonies.

V. RESULTS

We first illustrate how the inheritance test works on the two
experimental BMSC colonies in Fig. 5: The random reshuf-
fling clearly destroys all correlations between inactive cells,
yet keeping fixed their number at each generation, as well
as the number of missing cells. The bulk of the reshuffled
distribution of the entropy in these two trees is way above
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P-value = 0.006945

P-value = 0.125368

P-value = 1.000000

P-value = 0.000231 P-value = 0.000277 P-value = 1.000000 P-value = 0.000034 P-value = 0.002122 P-value = 0.029761 P-value = 0.031105

P-value = 0.032231P-value = 0.2410796P-value = 0.000688P-value = 0.093484P-value = 0.007353P-value = 0.000082

P-value = 0.000045 P-value = 0.044673 P-value = 0.000017 P-value = 0.000041 P-value = 0.000198 P-value = 1.000000

P-value = 0.075315 P-value =  0.009547 P-value = 0.000007 P-value = 0.000081 P-value = 0.000012 P-value = 0.005289

FIG. 6. Inheritance of the BMSC colonies. Result of the entropy-based inheritance test, using the RR null ensemble, for all colonies in
the dataset for which the test is nontrivial (i.e., for lineages with more than one inactive cell). For each colony, the violin plot represents the
probability distribution of the entropy for the set of R = 106 randomly reshuffled trees, while the black line is the value of the entropy of the
original experimental tree; the P value is the integral of the probability below the black line. Green: Significant result of the inheritance test
(P < 0.05). Gray: Nonsignificant result of the inheritance test (P � 0.05).

the actual biological value, hence giving a strong inheritance
signal in both cases.

A. Inheritance in the experimental BMSC lineages

The outcome of the inheritance test on our entire BMSC
dataset is reported in Fig. 6. We have 32 colonies in to-
tal; 4 colonies have either zero or one inactive cell, and
hence the scrambling procedure always produces the same
tree, trivially giving P = 1. Of the 28 colonies for which
we can fruitfully run the test, 21 (75%) have lineages with
a significant hereditary character (P < 0.05), while in 7
colonies (25%) the inheritance test gives a nonsignificant re-
sult (P � 0.05). The nonsignificant cases are mostly given
by colonies with a very small number of inactive cells,
for which the inheritance test—which is based on scram-
bling in many different ways the positions of the inactive
cells—is not expected to be very effective: The four colonies
with P > 0.1 have either 2 (20241112_02, 20250328_16)
or 3 (20241017_16, 20250328_02) inactive cells; two
colonies with 5 (20241203_09) and 7 (20230113_08) inac-
tive cells have 0.05 <P<0.1; in just one colony in our dataset
(20240627_06) the inheritance test gives a nonsignificant re-
sult (P = 0.12) despite having 22 inactive cells. In conclusion,
the overall result of the inheritance test indicates that the

topology of the largest majority of human BMSC colonies
cannot be attributed to random variations in the positions of
inactive cells across different branches, thus proving that the
processes responsible for regulating the probability of emer-
gence of inactive cells have a strong hereditary character (in
Sec. 7 in the SM we demonstrate that the structure of inactive
cells cannot be due to physical proximity [36]). Given the
short timescales of the experiment and the low number of
generations, it is highly unlikely that such structure is deter-
mined by genetic mutations [6,32]; instead, our results are
most likely due to the hereditary propagation of nongenetic,
that is epigenetic, factors regulating cell-cycle exit.

We stress that a nonsignificant result of the test does not
imply that there is no inheritance at work but merely that there
is no detectable change in the probability of inactivity in the
lineage: The lack of variation in the expression of a character
makes inheritance undetectable, not necessarily absent; hence,
the test is a sufficient, but not necessary, condition for the
presence of an hereditary mechanism regulating inactivity.
Were we to consider more complex factors, it could very well
turn out that a lineage that did not pass the inheritance test at
the bare topological level, still results hereditary according to
other factors. But we cannot help noticing that calculating the
entropy and its P value is easy and quick, as one needs nothing
but the bare structure of the lineage. Hence, it seems lucky,
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and interesting, that most BMSC colonies display a sharp
hereditary character even in relation to the quite fundamental
cell state of inactivity.

B. Navigating the imbalance map

As we have already remarked, the value of the inactivity
imbalance defined on each node of the tree, i.e., on each
mitosis of the colony, provides a sort of map of the most
likely sites where mutation events occurred across the tree.
We have to be careful about one point, though: When there
is a chain, crossing different generations, of subsequent nodes
all with similar anomalous imbalances, it is the node at the
latest generation (largest value of k) that actually corresponds
to the mutation event.

In order to understand this point let us go back to Fig. 3. In
this highly hereditary lineage, the largest part of the imbalance
is concentrated on just two nodes: (i) the central mitosis,
which gives rise to the two cells of generation 1, let us call this
node M1; (ii) and one of the two mitosis separating generation
1 from generation 2, let us call this node M2. We claim that
the actual mutation occurred in M2, while the spike in M1 is
simply a byproduct of that in M2. The reason is that the sig-
nificance of a spike in the imbalance must be assessed going
upstream in the lineage, starting from the terminal cells, i.e.,
the k7 leaves. If we do this, then we see that the first anomalous
node that we meet is indeed M2: Something clearly happened
at this mitosis, because its right branch (no inactive, nor miss-
ing cells) is completely different from its left branch (which
instead has 10 inactive cells, causing 22 missing cells), and
this large left-right asymmetry occurs for the first time at this
node, when we navigate the tree upstream. On the other hand,
if no other mutation occurs at M1, then this node would still
display roughly the same large imbalance as M2, up to small
random fluctuations, which is exactly what happens in this
colony. Reversing the order of the argument, i.e., starting from
the central node and navigating the lineage downstream, each
time we find a mitosis with a very large anomalous imbalance,
we can only conclude that in one mitosis of its descendants
there is a mutation.

C. The inactivity mutation lag

Once we have established a procedure to identify the mito-
sis where there is a change in the probability of inactivity, an
inspection of the imbalance map in those lineages that pass the
inheritance test shows that the mutation ultimately leading to
the anomalous accumulation of inactive cells within a branch,
typically happens a couple of generations before these cells
start emerging in that branch (Fig. 7). Inactive cells may either
gradually appear in the mutated branch across different gen-
erations (as in 20230503_13 or 20241203_03), or they may
show up all at the same generation (20250328_11); moreover,
in some clones there are two independent mutation events
(20240627_03). Due to this complex scenario, there might
be more than one way to quantify the inactivity mutation lag,
l; we stick to the simplest definition and count how many
generations (i.e., mitosis, or nodes) separate the mutation node
from the first inactive cell emerging after the mutation (see
Fig. 7). The average value of the mutation lag over all BMSC
clones passing the inheritance test is lBMSC ≈ 2 generations.

The existence of this mutation lag indicates that what we
hypothesized in the Introduction, namely that the epigenetic
change responsible for the emergence of inactivity occurs a
few generations before inactivity itself is expressed, is actually
true. As we have already noted, this phenomenon is consistent
with results reported in the literature about cellular senescence
[19]. Moreover, in a different context, the presence of gen-
eration delays between cell fate decisions and the onset of
lineage markers has been found in hematopoietic stem cells
[52]. We also notice that our method is able to capture the
progression to inactivity (and quite possibly senescence) on
the short timescales of the first proliferation stages of the
clonal colony, contrary to most studies, which rely on mass
population analysis across multiple passages and focus on the
long timescales [53].

Finally, we stress once again that it is only thanks to the
inactivity mutation lag that the hereditary nature of cell-cycle
exit could be established: If the inactive cell was born exactly
at the same mitosis where the epigenetic change responsible
for inactivity occurred (l = 0), then it would be impossible to
assess inheritance. This seems at odds with the fact that—lag
or not—if the number of k7 leaves cut by an inactive cell is
large, then the imbalance will also be large, thus lowering the
entropy, which should give a strong inheritance signal. In fact,
the situation is more subtle. Imagine a tree in which there
is just one mutation and imagine that that mutation occurs
at the central node of the tree, the one producing the two
k = 1 cells; imagine also that there is no mutation lag, l = 0,
hence (say) the right cell immediately becomes inactive, thus
cutting all its 64 potential k7 leaves, while its sister—the left
cell—generates a full half-tree, ultimately producing all its 64
k7 leaves [this is exactly the tree represented in Fig. 4(b)].
In this case, a large inactivity imbalance, I = 64, is entirely
concentrated on just that central mitosis, which gives a very
small entropy, in fact the smallest, S = 0. However, when
we attempt to randomly reshuffle this tree, we immediately
recognize that the only move we can make is to switch the two
k = 1 sisters, which produces exactly the same lineage; hence,
all reshuffled trees have S = 0, so that the P value with the
RR method is equal to 1 and we have zero inheritance signal.
This is a general phenomenon: The absence of a mutation
lag would imply that the locations of inactive cells coincide
with the locations of the mutation events; if these events are
uncorrelated from each other (and there are no strong reasons
to think otherwise), then reshuffling the inactive cells creates
the same statistical lineage and the entropy is not lower in
the RR set, on average. This argument highlights very vividly
that the absolute value of the entropy can trick us; only its
value relative to the null ensemble of lineages is significant: A
lineage is highly hereditary not because its entropy is low, but
because it is lower than that of the corresponding nonheredi-
tary ensemble, in our case RR. In this respect, the reshuffling
procedure is as crucial an ingredient of the inheritance test as
the entropy itself.

VI. A SIMPLE HEREDITARY MODEL OF THE DATA

The existence of a lag between the epigenetic change lead-
ing to inactivity and its expression, is very reminiscent of
the incubation period introduced by the commitment theory
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FIG. 7. Mutation lag in BMSC lineages. Each mitosis m is colored according to its normalized imbalance: (black) wm = 0, (yellow) 0 <

wm � 0.15, and (red) wm > 0.15. The mitosis whose anomalous imbalance signals a mutation in the probability of inactivity is marked by an
extra external black circle and the shaded area highlights the branch impacted upon by that mutation; the first (most upstream) link in this branch
corresponds to the actually mutated cell. On the other hand, the first inactive cell in the mutated branch emerges a few generations downstream
and it is marked by an extra external black rectangle. The mutation lag, l , is given by the number of generations, i.e., of nodes, separating
the mutated cell from of the first inactive cell. In colony 20240627_03 there are two independent mutation events. Colony 20250328_11 is a
more complex case: It seems that there are two concatenated mutation events, one at the very first mitosis in the lineage, differentiating the left
and right wings of the tree, and another (stronger) event separating generation k = 3 from k = 4 (the one highlighted in the panel); a more in
depth analysis is needed to work out whether these two events are correlated.

of cellular aging of Kirkwood and Holliday [37–39], whose
goal was to model the evolution of senescence in human
diploid fibroblasts. There is an important difference with our
experimental findings, though: According to that theory, after
the incubation period, all the descendants generated by the
committed cell die out, while this is clearly not the case in
our data. Instead, BMSC lineages suggest that at the muta-
tion there is no deterministic commitment to inactivity, but
rather a sudden increase in the probability to produce inactive
cells; this probability is passed-on in a hereditary way and it
acquires a phenotypic impact only a few generations later,
when enough cells have been generated to produce some
inactive descendants. This state of affairs suggests a simple
stochastic generalization of the Kirkwood-Holliday hereditary
model.

A. The stochastic Kirkwood-Hollyday model

As in the original Kirkwood-Holliday model [37], we as-
sume that a wild cell has probability 0 to be inactive and
probability p to mutate; once a cell mutates, all its descendants
have probability q to be inactive, including the mutated cell
itself (the descendants of a mutated cell can only become
inactive, they cannot mutate again). Hence, at the mutation

there is a sharp change in the probability of inactivity, from
0 to q, and this change is inherited by the progeny of the
mutated cell, whence the hereditary character of the model.
In contrast with the original Kirkwood-Holliday model, not
only the mutation, but also the emergence of inactivity is
a stochastic process, which prevents the unrealistic case of
perfect synchronization in the emergence of inactivity. We call
this the stochastic Kirkwood-Holliday model (SKH).

The readers can easily convince themselves that for q = 1
the SKH model reduces to the GW model with probability
p: This is exactly the case of zero mutation lag that we
described at the end of the previous section; moreover, for
p = 1 SKH reduces to GW with probability q: Once the
root has mutated, all proceeds as in GW. Therefore, although
SKH is in general an hereditary model, it contains also some
nonhereditary sectors in the space of parameters. In fact, the
nonhereditary region of SKH extends far beyond the two
GW edges. For each pair (p, q) in a grid, we compute the
fraction � of SKH trees that pass the inheritance test, hence
drawing an hereditary map of the model (Fig. 8): This map
shows that the most hereditary region of SKH is an oval-
shaped zone around p = 0.1 and q = 0.45: Here the SKH
model produces up to 35% of trees that pass the entropy-based
inheritance test.
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FIG. 8. Hereditary map of the SKH model. For each pair of
parameters (p, q) we generate 103 SKH trees with kmax = 7; for
each tree we run the inheritance test with R = 103 reshufflings and
measure the fraction � of trees that pass the test; a larger value of
� (green) represents a more hereditary region of the model, while
a smaller value of � (red) represents a less hereditary one. Contour
lines start at � = 0.01 (up-right) and have spacing �� = 0.01; their
steep density in the green zone shows how sharp is the inheritance
sector of SKH. The star marks the position of the mean MLE fit of
the SKH model to the experimental colonies.

The two GW nonhereditary edges of SKH are symmetric,
(p = 1 ∀ q) and (q = 1 ∀ p); besides, the mean number of
inactive cells is also symmetric, NSKH

inact (p, q) = NSKH
inact (q, p),

and the same happens for the mean number of missing cells,
NSKH

miss (see Secs. 5.3 and 5.4 in SM [36]). However, the hered-
itary map is strongly nonsymmetric, hence suggesting that
the two ways to recover GW from SKH are very different
from each other. This is indeed the case. The nonhereditary
limit p → 1 is smooth: A tree with a very large probability
of mutation, p = 1 − ε, has a mutated root almost all the
times, hence giving rise to a GW model, which has a very
low probability to pass the inheritance test. On the contrary,
the other nonhereditary limit, q → 1, is not smooth, as any
tree with q = 1 − ε is still hereditary in the infinite-size limit,
because in a large-enough tree sooner or later inactivity will
express not right at the mutation, giving rise to an hereditary
signal; only for q = 1 the two models coincide. A finite-size
echo of this interesting property shows up in Fig. 8, in which
the strip p = 0.9 produces trees significantly less hereditary
than the strip q = 0.9.

B. Fitting the SKH model to the biological lineages

Given an experimental tree, T , we want to find the pa-
rameters (pτ , qτ ) that give the best SKH fit to the data; we
do this in three different ways. We first use a maximum
likelihood estimate (MLE): we calculate the likelihood of the
SKH model given the tree and check whether or not it has a
well-defined maximum (pτ , qτ ); this happens only for exper-
imental lineages with a large number of inactive cells, which
are also those trees that pass the entropy-based inheritance

test; BMSC trees with small Ninact have a flat SKH likelihood
profile, which makes it hard to accurately locate the maximum
(Sec. 5.7.1 in SM [36]). The second method uses the inactiv-
ity imbalance to locate the mutation within the experimental
tree and employs MLE restricted to the mutated subtree to
calculate q; then, it fits p by matching the total number of
inactive and missing cells to the analytic SKH expressions.
The third method fits q by matching the mutation lag of the
experimental tree to the analytic SKH expression, while p is
fixed as in the second method. Also these last two methods
work only on BMSC colonies that pass the entropy-based
inheritance test, the sole for which it is possible to locate the
mutations. Full analytic details of the three methods are re-
ported in Sec. 5.7 in SM [36]. Since MLE is the gold standard
of model inference, it is reassuring that the other two fitting
methods – which rely heavily on our definitions of imbalance,
mutation and mutation lag – give results consistent with MLE
(see Table 1 in SM [36]). Finally, if we average the log-
likelihood over all BMSC trees, then we get p� = 0.1, q� =
0.46, the parameters used in Fig. 4(c) to benchmark the inher-
itance tests; (p�, q�) falls right at the center of the hereditary
SKH zone.

The reader may wonder why we do not report on the
SKH inheritance map the positions of the individual BMSC
lineages; if we did, then we would find that all experimental
colonies comfortably tuck in the hereditary region of SKH,
which could be interpreted as further proof of their heredi-
tary nature. In fact, doing this would be a mistake: assessing
the inheritance of a tree by fitting it to the SKH model and
comparing the fit to the hereditary region of SKH, may lead
to wrong conclusions. We show in Sec. 6 in the SM [36] that
there are ensembles of nonhereditary trees that are neverthe-
less located by an MLE fit in proximity of the hereditary sector
of SKH. The fact is that, fitting the SKH model to a tree
does not necessarily prioritize inheritance as the main fitted
trait. An example of nonhereditary tree that sneaks into the
hereditary zone of SKH is the following: consider a nonho-
mogeneous tree � with inactive cells all concentrated at the
last generations (see Fig. S5 in SM [36]). The nonhereditary
region of SKH has probabilities of mutation and inactivity
quite large and—because it is an homogeneous model—SKH
produces in this zone many inactive cells also at the early
generations, making it very unlikely for a tree to survive to the
last generation. Hence, the likelihood finds it more appropriate
to fit � through SKH parameters able to generate complete
trees, indifferent to the fact that these parameters fall in the
hereditary region.

This is a deeper issue than it seems. If instead of naively
gauging the MLE fit on the hereditary SKH map, then we
employ the more serious parametric bootstrap likelihood-ratio
test [54–56] to compare the SKH and GW likelihoods, we
would still wrongly conclude that the nonhereditary tree �

is instead hereditary (SM-6 [36]). This is a stark reminder
that any inheritance-assessment method based on comparing
the likelihoods of different models, inevitably relies on the
arbitrary choice of these models: There might always exist
lineages so alien to the structure of the selected models, to
fool the likelihood-based methods. Instead, the entropy-based
inheritance test is completely independent from the choice of
models, so it correctly classifies � as nonhereditary.
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FIG. 9. Sample lineages of the hereditary SKH model. The parameters (p, q) of each one of these trees are equal to those fitted to the
four biological trees in Fig. 7, so to make as fair a comparison as possible between the two figures (for the actual parameters (p, q) see Table
1 in SM [36]). The hereditary structure of the SKH trees is quite evident even by eye and indeed all four lineages pass the inheritance test
(PSKH1 = 0.0261, PSKH2 = 0.0173, PSKH3 = 0.0003, PSKH4 < 10−6).

C. Insights from the SKH model

How do SKH trees look like? In Fig. 9 we represent four
SKH trees, each one drawn with the MLE parameters (p, q)
relatives to the four biological trees of Fig. 7, so to make a
fair comparison. We see that the SKH trees look indeed quite
hereditary, with clustering of inactive cells along the same
branches, very much as in the biological dataset. If the reader
checks the tree zoology reported in Sec. 9 in SM [36], then
they will further appreciate the qualitative similarity between
SKH and BMSC trees. To evaluate in a slightly more quantita-
tively fashion the quality of the SKH fit to the BMSC data, we
can calculate the mutation lag correlation: after we fit the SKH
model to an experimental lineage T through MLE, we use
the fitted parameters to calculate the mutation lag, lτ

SKH, for
that tree, using the analytic relations for the distribution of the
mutation lag in the SKH model that we calculate in Sec. 5.5
in SM [36]; besides, we determine the lag of the experimental
tree, lτ

exp, by using the peaks of the imbalance, as described
in the previous section. We find that the two sets of lags have
decent Spearman correlation, ρ = 0.67, and very significant
P value, P = 0.001 (106 extractions).

Hence, it seems that SKH is a sound starting point to
describe inheritance in our data; more specifically, our inter-
pretation of BMSC imbalance maps, namely that sometimes
along the lineage there is a mutation of probability to become
inactive, seems very reasonable, given the SKH fit to the
experimental data. In this respect, it is interesting to note that
the mean MLE fit to SKH of the biological lineages indicates

that the probability of mutation is quite low, p ≈ 0.1, but
that—after the mutation occurs—the probability to become
inactive is quite more substantial, q ≈ 0.45. One could have
envisaged an opposite scenario, in which mutations occurred
more frequently, but the mutated inactivity probability was
lower, p ≈ 0.45 and q ≈ 0.1; what the SKH inheritance map
shows is that this scenario would have given a far smaller
inheritance signature, so small to go probably undetected by
the inheritance test.

The SKH model has also limitations, though. The inher-
itance level of the SKH model is lower than that of BMSC
lineages; as we have seen in Fig. 8, even in the most heredi-
tary sector of the parameters space, about 35% of SKH trees
(with kmax = 7) pass the inheritance test, against the 75% of
hereditary trees in the experimental dataset. Moreover, the
correlation between the mutation lags (inferred with SKH
versus experimental) is good, but not great. In fact, we believe
that both these discrepancies could be overcome by introduc-
ing more articulated (and complex) versions of the model.
Instead of having a constant probability of inactivity q after
the mutation, which produces an exponential distribution of
the mutation lag (see Sec. 5.5 in SM [36]), one can formulate
a model in which the inactivity probability depends on the dis-
tance �k (in generations) from the mutation. In this way one
can easily produce a nonexponential probability distribution
of the mutation lag, with the desired mean and variance; by
lowering the variance one can obtain as large an inheritance
signal as desired. Of course, more parameters means more
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problems to fit the model, so one should balance simplicity
versus accuracy, as always. Exploring such broader class of
SKH hereditary models goes beyond the scope of this work,
but our results seem already to suggest that SKH is a very
reasonable class of models for describing the inheritance of
inactivity in cell lineages.

VII. CONCLUSIONS

We introduced a new entropy-based method to assess in-
heritance in a lineage tree. The method is model agnostic, as
it relies solely on the topological structure of the truncated
branches, namely of those elements of the tree that have
stopped proliferating. In the case of cell lineages, truncation
of a branch is due to inactivity or death of a cell, but in general
the interruption of a branch may be due to any phenomenon
impacting on the growth of the tree, irrespective of the spe-
cific origin and context of the lineage. In this respect, our
method—which we proved to be reliable on a great number
of different synthetic trees—seems to have a strong potential
for very broad applications, well beyond the assessment of
epigenetic inheritance in stem cell colonies.

The entropy-based inheritance test shows that human
BMSC clonal colonies have a strong hereditary structure of
their inactive cells: Seventy-five percent of colonies pass the
inheritance test, and those that do not are characterized by
such low numbers of inactive cells to make the test void.
It is important to note that such evidence of inheritance—
which we obtain from the inactivity imbalance—is due to
the existence of intracolony heterogeneities: It is only thanks
to the emergence throughout the lineage of changes in the
propensity to become inactive that we can detect the anoma-
lous imbalances that contribute to lowering the entropy; on
the contrary, colonies with no inactive cells do not give
any signal; as we have already noted, inheritance is un-
detectable in absence of mutations. Once the presence of
inheritance is established through the intracolony fluctuations,
it is legitimate to infer that the same hereditary mechanism
is responsible for the colony-level permanence of epigenetic
mutations, thus giving rise to intercolony heterogeneities.
Hence, our results support the hypothesis that the strong
colony-level heterogeneities met when dealing with in vivo
transplant of BMSCs—heterogeneities that strongly affects
the effectiveness of transplants and thus of skeletal regen-
eration therapies—do indeed have an epigenetic hereditary
origin.

The imbalance map of a colony allows to identify the mu-
tation in the probability of inactivity, a mutation then inherited
by the descendants, hence causing the hereditary structure
of the lineage. We find that in BMSC colonies the mutation
occurs, on average, two generations before the expression of
inactivity. The observation of this mutation lag prompted the
development of a simple stochastic variant of the Kirkwood-
Holliday model (SKH), which has an interesting hereditary
landscape in the space of parameters. The SKH model pro-
duces synthetic trees that—despite being less hereditary than

the BMSC dataset—have a strong topological similarity with
the experimental lineages. An MLE fit of the experimental
data to the SKH model suggests that the epigenetic hereditary
structure of cell-cycle exit in BMSCs is due to a relatively
low probability of mutation, associated to a relatively high
probability of inactivity after the mutation. Generalizations
of the SKH model seem easy to implement, hence paving
the way to even more accurate characterizations of epigenetic
inheritance in stem cells lineages.

The distribution of inactive cells across a colony deter-
mines the inheritance entropy. Active cells, on the other hand,
constitute a separate population that enters the entropy-based
hereditary test only in a passive way. Experiments, though,
shows that the topology of BMSC lineages (determined by
inactive cells) is strongly correlated to the statistics of the
division times of the active cells [35]: Colonies with the
larger populations of inactive cells are also characterized
by the slower populations of active cells [35]. This result
suggests that not only cell-cycle exit, but also cell-cycle dura-
tion might be regulated by epigenetic hereditary mechanisms.
To confirm this point, though, it is necessary to study the
correlations of the division times. This has been done for
bacterial colonies in relation to genetic factors [33,57], and
to a scarcer degree for epigenetic factors in eukaryotic cells
[3,58], but never in the context of stem cells. Besides, in
all past studies, the assessed correlation was not quite deep
enough to trace in a robust way the hereditary ramifications of
the division times across the lineage tree. This remains there-
fore an interesting open experimental and theoretical problem
along the path to establishing epigenetic factors as the pri-
mary cause of the strong heterogeneity affecting stem cell
colonies.
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