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Abstract

Clonal hematopoiesis becomes increasingly common with age, but its cause is enigmatic because
driver mutations are often absent. Serial observations infer weak selection indicating variants
are acquired much earlier in life with unexplained initial growth spurts. Here we use fluctuating
CpG methylation as a lineage marker to track stem cell clonal dynamics of hematopoiesis. We
show, via the shared prenatal circulation of monozygotic twins, that weak selection conferred
by stem cell variation created before birth can reliably yield clonal hematopoiesis later in life.
Theory indicates weak selection will lead to dominance given enough time and large enough pop-
ulation sizes. Human hematopoiesis satisfies both these conditions. Stochastic loss of weakly
selected variants is naturally prevented by the expansion of stem cell lineages during develop-
ment. The dominance of stem cell clones created before birth is supported by blood fluctuating
CpG methylation patterns that exhibit low correlation between unrelated individuals but are
highly correlated between many elderly monozygotic twins. Therefore, clonal hematopoiesis
driven by weak selection in later life appears to reflect variation created before birth.
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Introduction1

Hematopoietic stem cells (HSCs) maintain the blood system throughout life1. As humans age,2

clonal expansions of HSCs are frequently observed2–4. Such clonal hematopoiesis (CH) is associated3

with increased risks of hematopoietic neoplasia and other diseases5–9. Whereas in some cases4

driver mutations can be found10–12, often CH is lacking identifiable drivers that can explain their5

expansions. Consistent with the frequent lack of strong driver mutations, serial observations of6

CH are often compatible with weak selection because clone sizes are stable or expanding slowly7

over many years. Such weak selection is problematic to explain CH because most somatic cells8

that acquire such a weak selective advantage would be randomly lost and therefore never attain9

detectable frequencies.10

Weak selection and slow expansion suggest that HSC subclones can arise early in life, potentially11

even before birth, with explained initial growth spurts1,10,13–15. Such early acquisition of a selective12

advantage eventually leading to CH would explain two open questions about CH without the need13

for identifiable driver mutations. First, following classical evolutionary dynamics theory and its14

extensions16–24, variants with weak selective advantages will become dominant given relatively large15

populations sizes, population turnover, and enough time. These conditions are present for human16

hematopoiesis, which exhibits a large HSC population size25, competition between stem cells, and17

many decades of life. HSC variants acquired very early in life maximize the time needed for18

their subclones to reach dominance. Second, variants with weak selective advantages are uniquely19

protected from random loss and extinction during development due to the natural expansion of all20

HSC subclones at this time of growth. The interval before birth maximizes the possible time and21

HSC expansion. Hence, HSCs with weak selective advantages that arise before birth are naturally22

protected from stochastic loss by growth and have enough time to eventually reach detectable sizes23

later in life.24

Studies of hematopoiesis in twins offer a unique opportunity to test whether stem cell varia-25

tion arising before birth can explain CH. Approximately two-thirds of monozygotic (MZ) twins26

have monochorionic placentas and share blood circulation in utero26,27, and therefore share HSC27

variation at birth. If HSC clonal variation is acquired after birth, blood clonal compositions will28

differ between aged MZ twins. If, on the other hand, aged MZ twins share the same clonal com-29

positions, i.e. the same clones have grown towards fixation over decades2,14,28, then the variation30

most likely arose before birth. Selection for variation before birth is supported by MZ twin studies31

of X-chromosome inactivation, which found a blood ratio skewing with aging, with concordance32

for either maternal or paternal X-chromosome dominance29,30. However, CH driver mutations are33

usually not concordant between MZ twins, indicating that driver mutations arise after birth and34

that MZ twins do not share a predisposition for specific mutations.35

We hypothesize that HSC variation inevitably arises during development leading to subtle36

selective differences that eventually lead to CH later in life. This hypothesis is testable with MZ37

twins and lineage markers that become polymorphic before birth. Somatic mutations could be38

used to trace prenatal HSC subclones, but relatively few mutations occur in the brief time before39

birth and these prenatal mutations would be difficult to distinguish from postnatal mutations. An40

alternative to somatic mutations is DNA methylation that rapidly fluctuates between methylated41

and unmethylated states at certain CpG sites31. The higher rates of methylation fluctuation allow42

HSCs to become polymorphic before birth, and yet allow lineage tracing through life. Tracking43

fluctuating methylation sites is a convenient lineage marker due to its much higher error rate and44

the broad availability of suitable blood methylation datasets.45

Here we show that fluctuating methylation patterns are often correlated in the blood between46

elderly MZ twins, relative to dizygotic twins or unrelated individuals. We develop a single-cell47

model of HSC clonal dynamics to study the origins of HSC clonal diversity, and show that variants48

arising before birth conferring weak selective survival advantages commonly become dominant later49

in life. Hence, the variation between many blood subclones that are weakly selected to grow to50
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large sizes later in life was likely created before birth.51

Results52

Analysis of twins via fluctuating CpG methylation reveals patterns of HSC clonal53

dynamics over lifetime54

To study HSC clonal dynamics over a human lifetime (Fig. 1A-B), we studied publicly available55

DNA methylation datasets (Table 1). Methylation profiles were extracted for the population of56

HSCs sampled for each individual in a dataset. As previously described31, we selected CpG sites57

that have a high degree of intra-individual heterogeneity (indicating that they flip-flop) and which58

are unlikely to be under active regulation31. Full details of data and data processing steps to con-59

struct methylation profiles per time point per individual are given in Methods and Supplementary60

Information Section S1.61

We leveraged the shared prenatal circulation of monozygotic (MZ) twins to investigate the62

impact of stem cell variation arising during development on lifetime clonal dynamics of HSCs. We63

extracted methylation profiles for three groups of individuals: MZ twins, DZ twins, and unrelated64

individuals. The data range from time points near birth to 86 years of age. To compare average65

methylation profiles between individuals, we used the Pearson correlation coefficient (R) to assess66

similarity between pairs of individuals. Values of R ranged from close to +1 (perfect positive67

correlation) to close to 0 (uncorrelated). For each set of pairs (MZ, DZ, unrelated), we calculated68

a line of best fit over time, as well as mean correlation values for each dataset (Fig. 1C-F).69

For MZ twins (Fig. 1C, F), considerable variability was present in the correlation coefficients at70

birth, with some twin pairs showing much higher values than others. Variability exists in MZ twin71

development, whereby cleavage before formation of the blastocyst leads to dichorionic/diamniotic72

twins but cleavage after blastocyst formation can lead to either monochorionic or monochori-73

onic/monoamniotic twins32. An estimated 2
3 of MZ twins share circulation during development33:74

MZ twins with higher initial Pearson coefficients thus likely represent twins who shared circulation75

during development and the emergence of HSCs; MZ twins with lower initial Pearson coefficients76

(closer to DZ/unrelated pairs) likely characterize twins that split earlier and were thus offered77

less/no opportunity for developmental hematopoiesis. The mean Pearson coefficients at birth were78

approximately 0.87 for MZ twins (Fig. 1C), 0.72 for DZ twins (Fig. 1D), and 0.61 for unrelated79

individuals (Fig. 1E).80

Throughout the human lifespan, similar trends were observed for each group of individuals,81

whereby the clonal relatedness declines slowly with age. The slopes of decline differ between82

groups, with the sharpest decline observed for DZ twins (slope of −0.0033), and more modest83

declines observed for unrelated individuals (slope of −0.0025) and MZ twins (slope of −0.0020).84

The variability at each time point was largest for MZ twins. This resulted in wide range of HSC85

clonal relatedness in MZ twins in later life, with Pearson coefficients ranging from low (∼ 0.3) to86

very high (> 0.9). We also noted a change in the dynamics in later life: the Pearson coefficients87

decrease more sharply after 65 years of age. This is consistent with previous studies that show a88

significant loss of clonal diversity in HSCs at this age10.89

A single-cell resolved model of clonal hematopoiesis describes the somatic evo-90

lution of stem cells throughout life91

To study the origins of clonal hematopoiesis and follow stem cell dynamics throughout life, we92

developed a mathematical model of methylation dynamics in HSCs, at the resolution of individual93

fluctuating CpG methylation (fCpG) sites in single cells (Fig. 2A; Methods). The clonal evolution94

of the HSC population as quantified by fluctuating methylation clocks (FMCs) was modeled from95

embryonic development through birth and up to a 100-year human lifespan.96
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Figure 1: Clonal dynamics of HSCs are characterized by methylation profiles over lifetime.
A. HSC population dynamics over time, from embryo development through human lifespan. B. β distribu-
tions of two individuals over time, from embryo development through human lifespan. Pearson correlation
coefficients are also included (right panel). C. Pearson correlation coefficients for average methylation pro-
files between MZ twins. Dots represent individual comparisons and hexagons represent means of datasets.
D. Pearson correlation coefficients between DZ twins. E. Pearson correlation coefficients between unrelated
individuals. F. Pearson correlation coefficients combined for the three sets of comparisons. Lines of best fit
with corresponding 90% confidence intervals are also shown.

4

.CC-BY-NC 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted March 5, 2024. ; https://doi.org/10.1101/2024.03.02.583106doi: bioRxiv preprint 

https://doi.org/10.1101/2024.03.02.583106
http://creativecommons.org/licenses/by-nc/4.0/


Figure 2: Variation during development is needed in order for model to match initial Pear-
son coefficients at birth. A. Schematic diagram of the mathematical model, with probability of cell
replacement α and probability of change in methylation γ. B. HSC population dynamics over a lifetime. C.
Parameter estimation using initial Pearson coefficients of twins and unrelated individuals. Given a choice
for the initial number of clones, the number of cells at which the embryo splits (Nsplit) can be determined.
Data points (dots) represent the mean Pearson coefficient for 103 simulations with a given number of clones
(Nclones) and number of shared cells (Nsplit). Shaded areas denote one standard deviation from the mean.
The horizontal lines represent the data: initial Pearson coefficients at birth for MZ twins (red), DZ twins
(blue) and unrelated individuals (yellow). D-E: Effect of varying Nsplit. White striped bars represent the
clonal distribution in the shared embryo when it reaches Nsplit cells and splits into two embryos. Yellow/blue
bars represent individuals 1 or 2 at the point at which the embryo has reached Ncells cells and finished grow-
ing. D: Nsplit = 10. E: Nsplit = 500. All other parameter values can be found in Table 2.

5

.CC-BY-NC 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted March 5, 2024. ; https://doi.org/10.1101/2024.03.02.583106doi: bioRxiv preprint 

https://doi.org/10.1101/2024.03.02.583106
http://creativecommons.org/licenses/by-nc/4.0/


At birth, a population of Ncell stem cells represents the entire HSC pool, and we assume a97

constant population size throughout life (Fig. 2B). Variation in the population size during life does98

occur, e.g. the HSC expands during aging, however these changes are small relative to both the99

growth phase during development and the total population size after birth. Each cell is modeled by100

Nsite fCpG sites (Fig. 2A), where at each site, given two alleles, there are three possible methylation101

states: 0 (unmethylated), 0.5 (hemimethylated) and 1 (fully methylated). A population of cells is102

defined by x, x =
[
xji

]
, where xji represents the methylation status of the ith cell at the jth fCpG103

site, i.e. we have xji ∈ {0, 1, 2}, for i ∈ {1, 2, . . . Ncells} and j ∈ {1, 2, . . . Nsites}. We model stem cell104

methylation dynamics throughout life by a Markov process. Dynamics occur by cell replacement105

(with probability α) and changes in fCpG methylation. During a cell replacement event, each106

fCpG site can flip with probability γ, and a methylation step change of ±1. See Table 2 for full107

description of model parameters along with values used for simulation.108

In development, hematopoiesis was modeled starting from a small initial number of HSCs. This109

population of initial stem cells (of size Nclone) each seeds a clone that grows during development110

until the population reaches its final size of Ncell cells (Fig. 2B). Each fCpG site in each clone is111

initialized randomly in state either 0 (unmethylated) or 1 (fully methylated). To model selection in112

development and throughout life, we define that each of the Nclone clones has a fitness coefficient,113

1 + si, for i ∈ {1, 2, . . . , Nclone}, with si chosen from a Gamma distribution (see Supplementary114

Table ??).115

The model (Fig. 2A) is developed to follow single-site single-cell methylation dynamics. At116

the population level, it is similar to previous FMCs models that allow for analysis of average117

methylation profiles in a population of cells10,13,31. In particular, for increasing number of clones118

and/or increasing rate of flipping, we see the average methylation profile switch from a multi-modal119

distribution to a unimodal distribution centered around 0.531. For more details on population level120

similarities to previous models see Supplementary Information Section S2.121

We characterized the effects of each model event: cell replacement (with rate α; Fig. S1)122

and (de)methylation (with rate γ; Fig. S2) by exploring the parameter space of these parameters123

(Section S3 in the Supplementary Information). We also analyzed the impact of population-level124

model parameters on the lifetime stem cell dynamics, namely by varying the threshold number125

of cells at which embryos split, Nsplit (Fig. 2C-E), or by varying the total number of cell clones,126

Nclones (see Section S4 in the Supplementary Information). As the total number of cell clones is127

reduced, so is the total observed variability in the clonal distributions, resulting in overall higher128

Pearson coefficients between individuals (Fig. S3).129

Stem cell variation arising during development explains the blood clonal com-130

position at birth131

During development, a nascent population of HSCs must grow large enough to entirely support132

hematopoiesis by birth. We model a population of Nclone cells that grows to a size of Ncell cells,133

by either uniform or frequency-dependent growth15,34 (Fig 1A). The variation observed between134

pairs of twins/unrelated individuals at birth (Fig. 1F) amounts to Pearson coefficients observed135

ranging from 0.5 to 1.0. In the case of MZ twins, we initialize a shared set of clones and uniform136

growth of these clones was not able to explain the data (Fig. 3A). The methylation distributions137

observed under the uniform growth model were highly similar with Pearson coefficients ≥ 0.95 (Fig.138

3A). Frequency-dependent growth, in contrast, permitted greater variation in methylation profiles139

between individuals at birth, due to more divergent HSC clonal dynamics in development (Fig.140

3B). While the frequency-dependent growth model for developmental hematopoiesis is simplistic141

with regards to the evolutionary dynamics, it provides parsimonious means with which to generate142

diverse clonal distributions as observed in the data for pairs of individuals at birth.143

Under the frequency-dependent growth model, we model differences in development between144

twins and unrelated individuals as follows. In the case of twins, we model the embryo growing from145
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Nclone cells to Nsplit cells with identical clonal dynamics, at which point the embryos split and two146

independent embryos are simulated where, in each, the HSC population grows from Nsplit cells to147

its full size of Ncells cells. The assumptions required for this model are that: 1. MZ twins that148

develop from a single embryo can directly share early hematopoietic cells for a varying length of149

time depending on their developmental state, ranging from dichorionic/diamniotic to monochori-150

onic/monoamniotic, with a corresponding variation in the extent to which early hematopoietic cells151

may be shared; 2. due to genetic similarity, DZ twins share some clonal growth characteristics dur-152

ing early development; 3. unrelated individuals that share no developmental history are seeded by153

HSC populations that each grow independently. The data characterizing relatedness of HSCs at154

birth between individuals (time point 0 in Fig. 1F) are consistent with this model.155

To determine values for Nsplit for DZ and MZ twins, we fit the model parameters (Nclone, Nsplit)156

to FMC data characterizing twins and unrelated individuals (Fig. 2C). We fit curves to characterize157

the observed Pearson coefficients as we vary the number of shared cells, and find that, assuming158

Nclone = 10, the following values of embryo splitting are consistent with the data: for MZ twins159

Nsplit ≈ 36; for DZ twins Nsplit ≈ 15; and for unrelated individuals Nsplit = 10 (i.e. no shared160

development). For further details, see Supplementary Information Section S5 and Figs. S4 and S5.161

HSC clonal dynamics in monozygotic twins are constrained by weak selection162

In order to explore the effects of selection on clonal dynamics of HSCs, we simulated FMC dynamics163

in HSCs over a human lifetime under different models for selection. We considered three models:164

no selection, weak selection, and strong selection. In Fig. 4A-C, simulations of the lifetime HSC165

dynamics for MZ twins are shown, under each of three different selection models. In the case of no166

selection, where all clones have the same fitness post-birth (clonal dynamics during development167

are subject to frequency-dependent selection), Pearson coefficients later in life are too low, as clonal168

distributions diverge between individuals (Fig. 4A for a representative simulation; and Fig. 4D,169

for trajectories of 100 pairs of individuals). In this regime characterized by drift, many twin pair170

methylation profiles become under-correlated over time relative to the data.171

For non-neutral models of lifetime HSC dynamics, stem cell fitness values were drawn from172

a Gamma distribution parameterized by shape a and size θ (see Methods for details). For weak173

selection a = 0.05 and θ = 0.01 (see Table ??). Variants with weak fitness advantages arising in174

development can experience clonal expansions due to the developmental growth phase (Fig. 4B and175

E). Even if the variant frequency is low at birth, the long time range of a human lifespan enables the176

effects of weak selection to become evident in later life. In simulations, we observed that many MZ177

twin pairs remain correlated under weak selection throughout life, but without individual clones178

fixating. We observe that weak selection results in good agreement between our model simulations179

and the MZ twin data. In particular, through directly comparing model simulations to the data180

(see the last section in Methods and Table S2 in the Supplementary Information) we find that weak181

selection results in a better fit to the data compared to neutral selection, as measured by the mean182

distance from each model simulation to simulated data trajectories.183

For strong selection, clone fitness values were sampled from a Gamma distribution with a = 0.05184

and θ = 0.05 (see Table ??). In this case we observed frequent, dramatic reductions in clonal185

diversity whereby one clone with relatively high fitness would rapidly expand and fixate in the186

HSC population (Fig. 4C and 4F). This scenario mimics the possible endpoint following from187

trajectories of clonal hematopoiesis of indeterminate potential (CHIP)/hematopoietic malignancies188

in the sense that all clonal diversity has been lost. When the same clone nears/reaches fixation189

in two people due to its fitness, the Pearson coefficient between individuals approaches 1. In this190

scenario, the methylation distribution in both individuals becomes bimodal with most density near191

0 and 1. The bimodal distribution (rather than trimodal or “W-shaped” as in31) observed in each192

twin when a clone fixates (Fig. 4C) results from the large population size of HSCs (104 cells) and193

the relatively low CpG flipping rate.194

We also observed infrequently scenarios where two or more clones have relatively high fitness,195
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Figure 3: Frequency-dependent growth produces clonal variation during development. A. Uni-
form growth during development with Nsplit = 36 and no selection (si = 0) for all clones. Left panel:
Clonal dynamics during development, colors denote different clones. Right panel: β distributions at the end
of development, i.e. birth. The initial Pearson correlation coefficient at birth is 0.99. B. Same as A for
frequency-dependent growth model during development. The initial Pearson correlation coefficient at birth
is 0.87. All other parameter values can be found in Table 2.

8

.CC-BY-NC 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted March 5, 2024. ; https://doi.org/10.1101/2024.03.02.583106doi: bioRxiv preprint 

https://doi.org/10.1101/2024.03.02.583106
http://creativecommons.org/licenses/by-nc/4.0/


Figure 4: Variants with weak selection arise during development and explain FMC dynamics for
monozygotic twins. Simulations shown for MZ twins (Nsplit = 36) with variation (frequency-dependent
growth) during development. For plots showing Pearson correlation data (middle column and bottom row),
dots represent individual comparisons, hexagons represent means of datasets, and shaded bands represent
90% confidence intervals. A-C: Clone growth frequency plots for both individuals during development and
life (dashed vertical line represents Nsplit), Pearson correlation coefficient, and β distributions at 0, 50, and
100 years of life. A: No selection. B: Weak selection (a = 0.05 and θ = 0.01). C: Strong selection (a = 0.05
and θ = 0.05). D-f: Results from 102 simulations are shown (dashed lines are individual simulations and
solid lines are mean trajectories). D: No selection. E: Weak selection (a = 0.05 and θ = 0.01). F: Strong
selection (a = 0.05 and θ = 0.05). All other parameter values can be found in Table 2.
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and then due to differences arising from frequency-dependent growth during development different196

clones will tend towards fixation in the two twins. This results in a Pearson coefficient near or197

trending toward 0 (Fig. 4F). Moreover, we observed in the case of strong selection that the clonal198

distributions at birth had little effect on the lifetime clonal dynamics, as long as the fittest clones199

were not lost due to random cell loss. This is due to the relative fitness advantages of these clones200

and the length of the possible human lifetime: even if the fittest clone starts with few initial cells201

at birth relative others, over many decades it will grow to dominate, even in the large size of the202

HSC pool (the classical probability of fixation in a large population for a single cell with fitness203

advantage s is given by 2s16). The timing of when variants arise under strong selection does not204

greatly affect HSC clonal dynamics in later life since a loss of clonal diversity is effectively ensured.205

Under this model, the timing of when variants arise would affect only the time at which the clone206

takes over (earlier generation/faster initial growth resulting in earlier fixation).207

Different lifetime clonal dynamics of twins vs unrelated individuals can be ex-208

plained with no tunable parameters other than nsplit209

In the previous section we studied the clonal dynamics of HSCs over lifetime in MZ twins, under210

different models of selection. We analyzed simulations of DZ twins and unrelated individuals in a211

similar manner and found evidence that in both cases strong selection is not consistent with the data212

(see Supplementary Information Section S6 and Figs. S6-S8). In the case of DZ twins/unrelated213

individuals, lifetime FMC dynamics may be consistent with either neutral dynamics or weak selec-214

tion (Table S2), although as we have seen neutral dynamics are not entirely consistent with clonal215

dynamics in MZ twins.216

We simulated 100 pairs of individuals from each group (MZ twins, DZ twins, and unrelated217

individuals) over a human lifetime under the assumptions of 1) frequency-dependent growth during218

development and 2) weak selection (Fig. 5). All parameters of the model were held constant over all219

pairs of individuals except for Nsplit, which is determined from twin status: Nsplit = 36 for MZ twins220

(Fig. 5A); Nsplit = 15 for DZ twins (Fig. 5B); and Nsplit = 10 for unrelated individuals (Fig. 5C).221

We observed that the balance between clonal diversity arising from frequency-dependent growth and222

weak selection throughout life gave rise to more similar (MZ) or divergent (unrelated) methylation223

distributions in later life (Fig. 5A-C, right hand column). Various methylation distributions can224

be observed in cases with reduced clonal diversity, leading to multimodal distributions with three225

models if two clones dominate (Fig. 5A; individual 2 at 100 years), or four modes if three clones226

dominate (Fig. 5B; individual 2 at 100 years). For all of the total of 100 simulations for each twin227

status (Fig. 5D-F, dashed lines), we observed a good fit between model and data in all of the three228

twin cases modeled.229

In summary, when variants subject to weak selection arise during development, they oftentimes230

experience clonal expansion because of growth, which mitigates against stochastic loss. Then, post-231

birth, over the relatively long possible human lifespan, the effects of the weak fitness advantages232

of particular clones can become evident. By studying the lifetime dynamics of HSCs in twins and233

unrelated individuals, we show how variation is most likely generated before birth yet only becomes234

evident in later life.235

Discussion236

Clonal hematopoiesis becomes increasingly detectable with aging. In many cases, driver mutations237

are absent and inferred weak selection indicate variants arise much earlier in life with unexplained238

initial growth spurts10. Here, we have shown that a simple model of HSC clonal dynamics with239

weak fitness advantages can explain lifetime hematopoiesis when variants arise before birth.240

Publicly available twin methylation data offer a unique opportunity to study when hematopoi-241

etic variants arise. Through theory and simulation, we have shown that weakly selective variants242
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Figure 5: Weak selection with variants arising in development explains lifetime dynamics
of twins and unrelated individuals. Simulations shown for weak selection (a = 0.05 and θ = 0.01)
with variation (frequency-dependent growth) during development. For plots showing Pearson correlation
data (middle column and bottom row), dots represent individual comparisons, hexagons represent means
of datasets, and shaded bands represent 90% confidence intervals. A-C: Clone growth frequency plots for
both individuals during development and life (dashed vertical line represents Nsplit), Pearson correlation
coefficient, and β distributions at 0, 50, and 100 years of life. A: MZ twins, Nsplit = 36. B: DZ twins,
Nsplit = 15 C: Unrelated individuals, Nsplit = 10 D-F: Results from 102 simulations are shown (dashed lines
are individual simulations and solid lines are mean trajectories). D: MZ twins. E: DZ twins. F: Unrelated
individuals. All other parameter values can be found in Table 2.
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present in embryos can undergo expansion as a byproduct of developmental growth, which miti-243

gates against random loss, and can permit clones to tend towards fixation much later in life after244

a period of latency. Analysis of the clonal dynamics of twins vs unrelated individuals showed that245

some HSC variation is required to occur before birth. Given the assumption that some HSC clonal246

variation is present by birth, we are able to explain the different lifetime trajectories of pairs of247

unrelated vs twinned individuals using a single parameter that characterizes the developmental248

growth phase of hematopoiesis. With no further fitting, this model is consistent with the increased249

frequency of clonal expansions observed in individuals over the age of 65, without the need for any250

driver mutations to arise later in life.251

The fate of genetic variants within a population has a rich theoretical foundation16–18,35, al-252

though in cases of time-varying population sizes, these inferences are more nuanced22,23,36. A253

growing body of literature has revealed in depth the clonal diversity and clonal dynamics of HSCs254

over life4,10,11. Evidence from these studies suggests that HSC variation is likely to arise early,255

perhaps even before birth. However, sampling hematopoiesis before birth for longitudinal study256

is impractical. By overcoming this challenge using twins data from which we can estimate varia-257

tion occurring before vs after birth, we are able to show that indeed the developmental phase of258

hematopoiesis offers a window of opportunity for genetic variants to persist even when they have259

only very slight fitness advantages. In contrast, previous models assumed higher selection coeffi-260

cients to explain clonal distributions in individuals ≥ 65 years old10, which were necessary if these261

variants arose in mid life, and not earlier. In our model, low frequency non-driver mutations are262

“passengers” that hitchhike with the selected prenatal HSC subclones.263

Genetic heterogeneity of HSCs is but one factor influencing hematopoiesis as we age, since HSCs264

are also a product of their niche, and the stem cell niche/microenvironment plays a crucial role in265

defining stem cell function37. Additional non-genetic factors influencing hematopoiesis include stem266

cell heterogeneity (mediated by transcriptional or epigenetic variation)38–41, feedbacks from and267

contributions of progenitor cells to hematopoiesis42 and other environmental signals, e.g. resulting268

from diet or the immune system43,44. Future models building on this current work ought to consider269

some of these factors and their influence on healthy hematopoiesis in development and throughout270

life.271

Other limitations of the current model include scaled population sizes (HSC pool approx. 1/6 of272

the estimated total, to ease computational cost), the assumption of constant selection throughout273

life, and a simplified model of embryonic hematopoietic development. Future work could include274

building further biological details into the framework of the mathematical model in order to analyze275

their effects and increase the predictive power of the model.276

In summary, we have shown that HSC variants created before birth can determine HSC clonality277

much later in life. Fluctuating CpG methylation provides a lineage marker sufficient to reveal clonal278

variation in development and early life. By modeling this variation, we have seen that weak selection279

conferred by the stem cell variation that arose during development yields clonal hematopoiesis280

decades later. Although CH is associated with increased disease risks, HSC variants created before281

birth combined with decades of selection within a large HSC pool can help explain why CH is so282

common with normal aging. Further more detailed studies of MZ twin blood populations, especially283

elderly MZ twins with documented monochorionic or dichorionic placentas, can help further explore284

the roles of early HSC variation on normal aging and disease predisposition.285

Methods286

Data and fCpG site filtering287

Methylation datasets are publicly available on the Gene Expression Omnibus (GEO)45. For this288

study, we use data listed in Table 1, which represent a collection of DNA methylation profiles from289

both monozygotic (MZ) and dizygotic (DZ) twins. We extract average methylation profiles from290

12

.CC-BY-NC 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted March 5, 2024. ; https://doi.org/10.1101/2024.03.02.583106doi: bioRxiv preprint 

https://doi.org/10.1101/2024.03.02.583106
http://creativecommons.org/licenses/by-nc/4.0/


GEO ID Reference Participant age (years)
Num. monozygotic

twin pairs
Num. dizygotic

twin pairs

GSE36642 47 Prenatal (gestational week 32-38) 17 8
GSE154566 48 18 116 -
GSE105018 49 18 426 306
GSE43975 50 28 (average) 39 -
GSE61496 51 30-74 142 -
GSE89093 52 38-79 46 -
GSE100227 53 56 (average) 65 66
GSE73115 54 76 (average) 28 52
GSE73115 54 86 (average) 28 52

Table 1: Description of datasets. The first column is the dataset GEO ID, the second column is the
reference, the third column is the age of the individuals, the fourth column is the number of MZ twin pairs,
and the fifth column is the number of DZ twin pairs.

groups of MZ and DZ twins at different points throughout the human lifespan (Fig. 1). Unrelated291

individuals comparisons are made between twins that are not related. Similar to31, we study the292

dynamics of fCpG sites that are “neutral”, i.e. CpG loci that are not actively regulated and that293

show a high degree of intraindividaul heterogeneity (see Supplementary Information Section S1294

for further details). To compare the average methylation profiles between individuals we use the295

Pearson correlation coefficient. For each category (MZ twins/DZ twins/unrelated individuals) we296

calculate the line of best fit for the data as well as the 90% confidence interval using the LsqFit.jl297

Julia curve fitting package46.298

All raw data (DNA methylation profiles) used in this study are publicly available on the Gene299

Expression Omnibus (GEO) (see above for GSE numbers and citations). All processed data (Pear-300

son correlation coefficients between twin/unrelated individuals at different ages) is publicly avail-301

able here: github.com/maclean-lab/scFMC-model. Data used in this study can also be seen in302

Fig. 1C-F. A full list of “neutral” fCpG sites used in this study can also be found at our pub-303

licly available github repository: github.com/maclean-lab/scFMC-model, see also Supplementary304

Information Section S1.305

Correlations between individuals306

In order to compare the correlation between average methylation profiles at different ages we use307

the Pearson correlation coefficient55, which is given by308

r =

∑
(xi − x̄) (yi − ȳ)√∑
(xi − x̄)2 (yi − ȳ)2

, (1)

where xi (yi) is the average methylation value of individual 1 (2) at the ith fCpG site and x̄ (ȳ)309

is the mean value for individual 1 (2) over all fCpG sites. The Pearson coefficient measures the310

similarity between the two average methylation profiles, where a Pearson coefficient of 1 represents311

a positive correlation, a Pearson coefficient of −1 represents a negative correlation, and a Pearson312

coefficient of 0 represents no relationship.313

314

Model description: modeling HSC dynamics postnatally315

We develop a theoretical model of methylation dynamics in a population of cells, similar to31. We316

model dynamics at the resolution of individual fCpG sites in individual hematopoietic stem cells317

(HSCs). We assume there are Ncells cells, each with Nsites fCpG sites. Since there are two alleles318

at each site, there are three possible methylation states at each site319
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• 0 (which represents 0% methlyation),320

• 1 (which represents 50% methlyation),321

• 2 (which represents 100% methlyation).322

This can be seen in Fig. 2A (for a similar representation see Fig. 1 in31).323

We represent x as our population of cells, where

x =



x1
1 x1

2 . . . x1
i . . . x1

Ncells

x2
1 x2

2 . . . x2
i . . . x2

Ncells

. . . . . . . . . . . . . . . . . .

xj1 xj2 . . . xji . . . xjNcells

. . . . . . . . . . . . . . . . . .

xNsites
1 xNsites

2 . . . xNsites
i . . . xNsites

Ncells


,

and each xji ∈ {0, 1, 2} represents the methylation status of the ith cell at the jth fCpG site for324

i ∈ {1, 2, . . . Ncells} and j ∈ {1, 2, . . . NCpG}. We develop a discrete Markovian model where each325

discrete step represents one day, and we simulate the model up to 100 years (assuming 365 days326

a year). For post-birth dynamics (embryo development described in the following paragraph), we327

assume a constant population of cells. Dynamics occur with cell replacement (a birth/death event),328

which happens for each cell with probability α each discrete step. We assume the cell chosen to329

be replaced (die) is chosen uniformly from the population of cells, and the cell chosen to reproduce330

is chosen based on fitness (described below). In this way, a constant population size of HSCs is331

maintained from birth until 100 years of age. Furthermore, during each replacement event, each332

fCpG site in the new cell has a γ chance to flip, with maximum methylation step ±1 (Fig. 2A).333

Model description: modeling HSC dynamics during development334

To model development (before birth), we assume there are Nclones cell clones and we start initially335

with one cell of each clone. Each fCpG site for each clone is initially randomly either 0 (homozy-336

gously unmethylated) or 2 (homozygously methylated). This is because during the early stages of337

embryogenesis, the inherited methylation patterns from parental gametes are largely erased before338

a large wave of de novo methylation remodels the entire genome, resulting in a bimodal methylation339

distribution31,56. To model selection, we assume that each of the Nclones clones has a fitness coeffi-340

cient, 1 + si, for i ∈ {1, 2, . . . , Nclones}, where each si is chosen from a Gamma distribution57 with341

shape parameter a and scale parameter θ 58–60. For MZ/DZ twins the clonal fitness coefficients are342

the same for both individuals across individual comparisons whereas for unrelated individuals the343

clonal fitness coefficients are different (but chosen from the same distribution) for both individuals344

across individual comparisons. (De)methylation at fCpG sites will change the methylation profile345

of cells within a clonal lineage, but we assume that this has a negligible effect on fitness. We note346

that MZ twin dynamics over lifetime (as characterized by methylation profiles) match the case347

of no selection as the fitness differences go to zero, i.e. as clones have fitness coefficients si = 0348

∀i = 1, 2, . . . , Nclones).349

lim
a→0 or θ→0

clonal distributions = clonal distributionssi=c, for all i. (2)

We allow the Nclones cells to then grow to Ncells cells (see Fig. 2B) in either of two different350

growth scenarios-351

• No/little variation during development: uniform growth, where each clone has an equal352

chance throughout developmental growth to reproduce. Here, each embryo will have frequen-353

cies of approximately 1
Nclones

for each of the Nclones clones.354
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Notation Description Value Units Reference

Nsites number of fCpG sites per cell 103 - -
Ncells number of cells 5× 103 cells -
Nclones number of cell clones 10, varies cells -
Nsplit cell threshold at which the embryos split 10, 15, 36 cells -

α cell replacement (birth/death) rate 1
365

, varies days−1
10

24

γ (de)methylation rate 10−3, varies
per fCpG site

per replacement
event

31

63

64

1 + si fitness coefficient for ith clone Table ?? - 13

a gamma distribution shape parameter 0.05 -

58

59

60

θ gamma distribution scale parameter 0.01, 0.05 -

58

59

60

Table 2: Description of model parameters and values. Estimated from the literature, see in partic-
ular10,31. The first column is the parameter notation, the second column is the parameter description, the
third column is the parameter estimated value, the fourth column is the parameter units (if applicable), and
the fifth column is the citation of the reference for the parameter estimate.

• Variation during development: frequency-dependent growth, where clones that grow to355

larger numbers during early development are more likely to reach higher frequencies in the356

embryo. Here, we also assume growth which is weighted by each clone’s fitness coefficient357

(1 + si). This increases the variation in the clonal frequencies during development and at358

birth.359

In the case of MZ and DZ twins, which share a single embryo early during development (and blood360

circulation in the case of MZ twins), we allow a single embryo to grow from Nclones cells to Nsplit361

cells before splitting into two embryos. These two embryos then grow independently to the full362

Ncells cells. The value of Nsplit is determined based on simulating embryo development and finding363

the best fit to Pearson coefficients at birth from twins from methylation data (Fig. 2C). Larger364

values of Nsplit result in less variability between individuals (Fig. 2D-E). For unrelated individuals,365

we assume that Nsplit = Nclones (i.e. there is no shared embryo growth).366

All models were developed in the Julia programming language61,62. All code developed for367

this study is available at a public github repository located here: github.com/maclean-lab/scFMC-368

model.369

Parameter estimates370

Model parameters are chosen based on previous literature estimates and/or best fit to available371

data. For a full list of model parameters and their values, see Table 2. For the number of cells372

(Ncells) and number of fCpG sites per cell (Nsites), we choose values that are reasonable from373

both a biological and computational standpoint. Examples of fitness coefficients (1 + si) for each374

clone in the case of strong, weak, and no selection are included in Table ?? in the Supplementary375

Information.376

Comparing model simulations vs methylation data377

To directly compare model simulations to the methylation data we generate 102 data trajectories378

for monzygotic twins, dizygotic twins, and unrelated individuals, each in the case of no selection,379
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weak selection, and strong selection during life. Simulated data trajectory points are generated for380

each dataset (e.g. at t = 0, 18, 28, 56, 76, 86 for MZ twins) via a normal distribution with mean381

of the dataset and standard deviation of the dataset at that time point. These trajectories are382

then compared with the 102 mathematical model simulations by computing the function d, which383

measures the mean distance from each model simulation to each data trajectory at the given time384

points. Results can be seen in Table S2 in the Supplementary Information.385
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