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Supplementary Text1

S1 Selection criteria and full list of “neutral” fCpG sites2

Similar to1, we study the dynamics of fCpG sites that are “neutral”, i.e. CpG loci that are not3

actively regulated and that show a high degree of intraindividaul heterogeneity. To filter out4

“neutral” fCpG sites, we implement the following filtering pipeline using dataset GSE402792:5

1. average methylation for each probe from provided GSE402792 beta file with 656 normal blood6

samples7

2. select CpG loci with mean values between 0.4 and 0.68

3. select CpG loci with higher variance between individuals9

4. remove likely single nucleotide polymorphism (SNPs) based on consistent outlier values (>10

0.85, < 0.15) in individual blood samples11

5. remove more cell type specific methylation based on purified blood cell types (granulocytes,12

CD4+, CD8+, CD56+, monocytes, B cells, PBMCs, eosinophils, data from GSE350693) with13

skewed average methylation (> 0.6, < 0.4)14

A full list of the 3,918 “neutral” fCpG sites used in this study can be found here: github.com/maclean-15

lab/scFMC-model. The github repository also contains a list of 115 of our neutral sites that are16

near known SNPs (with distance zero) according to Illumina’s publicly available Methylation SNP17

list here:18

(support.illumina.com/downloads/infinium hd methylation snp list.html). Of these 115 SNPs, 11319

are uncommon (low minor allele frequency) and two are extremely common and effectively neutral20

(minor allele frequency 50%).21

S2 Comparison to population level fluctuating methylation clock22

models23

Our model is built to allow for single-site single-cell resolution of FMCs. At the population level,24

it is similar to previous FMCs models that allow for analysis of average methylation profiles in a25

population of cells, such as in1,4,5.26

As noted in the main text, in1 the authors develop a stochastic differential equation mathe-27

matical model to measure human adult stem cell dynamics from methylation arrays. Their study28

is the basis for our model. Some key differences are that the model developed in1 assumes:29

• a population model, where the state of their system of Ncells cells can be fully characterized30

using just two state variables (the number of stem cells containing a single methylated allele31

and the number of stem cells containing two methylated alleles). In contrast, we develop a32

model allowing for the analysis of single-site single-cell resolution of FMCs (which comes at33

a computational cost).34

• that cell replacement and (de)methylation are independent, i.e. that a fCpG site can flip-flop35

in the absence of a cell replacement event. We assume that (de)methylation events occur36

during cell replacement.37

• analysis of human adult stem cells. Our model importantly includes embryo development,38

and how variation in development can define HSC dynamics later in life.39
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At the population level, the models are similar, and we also show that for healthy individuals40

fluctuating methylation revealed unimodal distributions centered around 50% methylation.41

In4 phylogenetic trees and sequencing of genomes from single cell-derived colonies of haematopoi-42

etic cells are used to show that haematopoiesis in elderly humans shows significantly decreased43

clonal diversity. They simulate a phylogenetic model and show that constant acquisition of driver44

mutations with moderate fitness benefits entirely explained the abrupt change in clonal diversity.45

Our methylation data (Fig. 1C-F in the main text) and simulations of our model (Fig. 4-5 in the46

main text) show similar loss of clonal diversity after 60 years of age. However, we suggest that47

moderate fitness effects are not needed to explain the data, instead weak selection with variants in48

development result in the similar dynamics.49

In5 coalescent theory is used to estimate the net growth rate of clones from either reconstructed50

phylogenies or the number of shared mutations. The authors show that cell clones with multiple51

driver mutations have significantly increased growth rates, which are associated with shorter time52

to disease diagnosis. In contrast, our model represents an evolutionary approach using FMCs to53

measure clonal diversity and methylation profiles. While experimentally continuous observation of54

clonal architecture in cancer evolution is impossible, simulations of our model provide single-site55

single-cell resolution that are not possible in the clinic.56

S3 Cell replacement and methylation rates define range of FMC57

model behavior58

The two main events in the model are cell replacement (with rate α) and (de)methylation (with59

rate γ), full details are described in main text Methods. As described in main text Table 2, for60

simulation of the model we generally use α ≈ 1
365 based on4,6 and γ ≈ 10−3 based on1,7. These61

two parameters define model dynamics, in particular,62

• If α is too low, then nothing happens as the population of cells will remain relatively un-63

changed over time. If α is too high, then cell turnover happens too frequently and stochas-64

tic fixation will happen even in the case of little or no fitness differences (si = 0 for all65

i = 1, 2, . . . , Nclones) which does not match what we see in the methylation data (see Methods66

in the main text). These trends can be seen in Fig. S1. Fig. S1A shows how a large rate of67

cell replacement can create a rapid change in clonal dynamics and cause domination of a few68

cell clones even in the case of small or no fitness differences. Fig. S1A (middle panel) shows69

how the Pearson coefficient can rapidly decrease in the case that different cell clones rise to70

dominance in the two individuals. Fig. S1B shows model dynamics with a reasonable cell71

replacement rate4,6. Fig. S1C shows how a small rate of cell replacement results in stagnant72

dynamics, as the population of cells does not change much over time.73

• If γ is too low, then the dynamics are completely determined by cell replacement (which74

does not match fCpG data/site selection procedure, see Section S1). If γ is too high, then75

the methylation distribution will be unimodal (and centered at 1
2) but will be too tightly76

distributed (with too small variance) which does not match the methylation data (see Methods77

in the main text). In particular, as γ increases the average methylation distribution goes from78

bimodal peaks at 0 and 1, to a trimodal W distribution, to a unimodal distribution with a79

peak at 1
2 (see also Fig. 3A in1). These trends can be seen in Fig. S2. Fig. S2A shows how80

a large rate of (de)methylation results in very narrow methylation distributions (Fig. S2A81

right panel, 100 years) which is not seen in the methylation data. Fig. S1B shows model82

dynamics with a reasonable (de)methylation rate1,7. Fig. S2C shows that if γ is too low,83

then the dynamics are completely determined by cell replacement (which also does not match84

the data) and results in very wide unimodal methylation distributions (Fig. S2C right panel,85

100 years).86
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S4 Cell threshold at which the embryos split and number of cell87

clones effect clonal variation between twins88

Here we analyze the effect of the cell threshold at which the embryos split, Nsplit (Fig. 2C in the89

main text) and number of cell clones, Nclones (Figs. S3 and S4) when there is variation during90

development (frequency-dependent growth, see main text Methods for model description). In Fig.91

S3, the white striped bars represent the clonal distribution in the shared embryo when it reaches92

Nsplit cells and splits into twins. Yellow bars represent individual 1 and red bars represent individual93

2 when the embryos have reached Ncells cells and are finished growing.94

Fig. 2D-E in the main text shows the effect of increasing the cell threshold at which the embryos95

split Nsplit. Here, we see that for a lower splitting threshold Nsplit = 10, the clonal distributions of96

the twins (yellow vs red bars) are extremely different, and are also very different from the clonal97

distribution of the shared embryo (white bars bars). This is because the earlier the embryos splits,98

the higher likelihood there is for variation in the twins and for different clones to rise to prominence.99

In the case of a higher splitting threshold Nsplit = 500, the two twins clonal distributions at birth100

(when the embryos have reached Ncells cells) are much more similar. This will also result in a higher101

initial Pearson coefficient (see Section S5 and Fig. S5).102

Fig. S3 shows the effect of increasing the number of cell clones Nclones. Here, we see that for103

a lower number of cell clones Nclones = 3 (Fig. S3A), the clonal distributions of the twins (yellow104

vs red bars) are more similar than for a higher number of cell clones (Nclones = 5, Fig. S3B). This105

is because fewer cell clones results in less variability in the clonal distributions, as well as a higher106

initial Pearson coefficient.107

While most simulations in the main text show results for Nclones = 10, Fig. S4 shows simulations108

as in Fig. 5 in the main text with Nclones = 20. Here we assume frequency-dependent growth during109

development and weak selection. As we have a larger number of cell clones, a larger Nsplit value is110

also used (see Fig. 2C in the main text and Section S5 for details).111

S5 Further details on selecting Nsplit for simulations of twins112

As described in Methods in the main text (see also Fig. 2C), the value of Nsplit is determined based113

on simulating the model and finding the best fit to Pearson coefficients at birth from methylation114

data from twins. Fig. S5 shows the data from Fig. 2C in the main text with 10 cell clones (Fig.115

2C green data points). Here, we use the LsqFit.jl Julia curve fitting package8 to fit this data to a116

Hill-type function (black line, Fig. S5) of the form117

f(x) =
p1x

x+ p2
(S1)

where p1, p2 are parameters, x is the variable representing Nsplit, and f(x) represents the Pearson118

coefficient between twins at birth. For monozygotic twins (initial Pearson coefficient 0.87) we find119

that Nsplit ≈ 36, for dizygotic twins (initial Pearson coefficient 0.72) Nsplit ≈ 15, and for unrelated120

individuals (initial Pearson coefficient 0.61) Nsplit ≈ 10. Fig. S6 shows an example distribution of121

the initial Pearson coefficient for 2 × 102 simulations with Nclones = 10 and Nsplit = 36.122

S6 Variants with weak selection explain FMC dynamics for dizy-123

gotic twins and unrelated individuals124

Fig. 4 in the main text shows variants with weak selection (see Table S1) that arise during develop-125

ment and explain FMC dynamics for monozygotic twins. Here we show similar results for dizyogitc126

twins and unrelated individuals. In particular, Fig. S7 shows simulations for dizygotic twins and127

Fig. S8 shows simulations for unrelated individuals as in Fig. 4 in the main text.128
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Fig. S9 shows comparisons of simulated model trajectories (gray lines) with simulated data129

trajectories (colored lines). Table S2 shows the the mean distance from each model simulation to130

each data trajectory, see main text Methods for data trajectory details.131

S7 Time-dependent selection during aging reduces clonal diver-132

sity133

In the main text, we assume that selection during aging is constant. An alternative assumption is134

that there is no selection during development, and that selection coefficients increase in magnitude135

during aging. This assumption is more consistent with clonal differences being driven by potentially136

harmful driver mutations that result in malignant scenarios.137

Fig. S10 shows individual simulations of monozyogtic twins with the assumptions that clones138

are neutral during development (si = 0 for all i) and that the fitness of each clone during life is139

positively proportional to its frequency. Here we have each clone’s fitness is given by140

1 + si(t) = 1 +
Fi(t)

10
for i = 1, 2, . . . , Nclones (S2)

where Fi(t) represents the frequency of the ith clone at time t, which is updated at the beginning of141

each discrete time step. In this way, clones that are more prevalent have initially small (and likely142

growing) fitness advantages with a maximum of a 10% advantage in the case a single clone fixates143

in the population.144

Fig. S10A shows an example of a simulation where the same clone takes over in both twins,145

and Fig. S10B shows an example of a simulation in which different clones take over in the two146

twins. Individual clones tend to take over due to their growing fitness advantages which drives the147

Pearson correlation coefficient to one (same clone takes over) or zero (different clones take over).148

This is similar to the constant strong selection scenario (Fig. 4C,F in the main text), and does not149

match what we see in the data in healthy individuals (Fig. 1F in the main text).150

S8 CHIP increases the variance of β-distributions due to decreas-151

ing clonal diversity152

Here we compare β-distributions of individuals who have been clinically diagnosed with CHIP (Fig.153

S11A)9 to β-distributions of unrelated individuals of different ages who have not been diagnosed154

with CHIP (Fig. S11B-D). As predicted in simulations1 CHIP results in a loss of clonal diversity155

which increases the variance of the resulting β-distribution. We also can compare both healthy and156

CHIP methylation distributions with the scenarios modeled at the single-cell HSC level: we see157

that the CHIP data corresponds to individuals with slightly decreased polyclonality in our model,158

but not yet with clonal expansions large enough to take over the niche (see e.g. Fig. 4 in the main159

text).160
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Supplementary Figures161
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Figure S1: Effect of varying cell replacement rate α. Effect of varying the cell replacement rate with
weak selection (a = 0.05, θ = 0.01). Simulations shown for monozygotic twins (Nsplit = 36) with variation
(frequency-dependent growth) during development. For Pearson correlation plots hexagons represent means
of datasets and 90% confidence intervals are shown. 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: Large cell replacement rate (α = 10

365 ). B: Medium cell
replacement rate (α = 1

365 ). C: Small cell replacement rate (α = 0.1
365 ). All other parameter values can be

found in Table 2 in the main text.
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Figure S2: Effect of varying (de)methylation rate γ. Effect of varying the (de)methylation rate with
weak selection (a = 0.05, θ = 0.01). Simulations shown for monozygotic twins (Nsplit = 36) with variation
(frequency-dependent growth) during development. For Pearson correlation plots hexagons represent means
of datasets and 90% confidence intervals are shown. 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: Large (de)methylation rate (γ = 10−2). B: Medium
(de)methylation rate (γ = 10−3). C: Small (de)methylation rate (γ = 10−4). All other parameter values can
be found in Table 2 in the main text.
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Figure S3: Effect of varying number of cell clones Nclones. 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 growing.
Here we use Nsplit = 10, weak selection, and assume variation during development. A: Nclones = 3. B:
Nclones = 5.
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Figure S4: Simulations for number of cell clones Nclones = 20. Simulations shown for Nclones = 20
with weak selection (a = 0.05 and θ = 0.01) and 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 = 75. B: DZ twins, Nsplit = 30. C: Unrelated individuals, Nsplit = 20. D-F: Results
from 50 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 in
the main text.
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Figure S5: Determining Nsplit for monozygotic and dizygotic twins. The value ofNsplit is determined
based on simulating the model and finding the best fit to Pearson coefficients at birth from methylation data
from twins. The black data points represent the data from Fig. 2C in the main text with 10 cell clones (Fig.
2C green data points). We use a Hill-type function (black line, Equation S1) to approximate Nsplit. The
horizontal lines represent the initial Pearson coefficient at birth for monozygotic twins (red), dizygotic twins
(blue) and unrelated individuals (yellow). For monozygotic twins (initial Pearson coefficient 0.85) we find
that Nsplit = 36.11, for dizygotic twins (initial Pearson coefficient 0.75) Nsplit = 19.98, and for unrelated
individuals (initial Pearson coefficient 0.60) Nsplit = 10.00.
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Figure S6: Distribution of initial Pearson coefficient. Histogram representing the distribution of the
initial Pearson coefficient for 2 × 102 simulations. Here we assume Nclones = 10, Nsplit = 36, and variation
during development with weak selection. The mean initial Pearson coefficient is 0.87 and the standard
deviation is 0.074.
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Figure S7: Variants with weak selection arise during development and explain FMC dynam-
ics for dizygotic twins. Simulations shown for dizygotic twins (Nsplit = 15) with variation (frequency-
dependent growth) during development. For plots of the data (middle column and bottom row): dots
represent individual comparisons, hexagons represent means of datasets, and shaded bands represent 90%
confidence intervals. The data plotted in each panel (A-C and D-F) are the same for purposes of comparison
against different model simulations. A-C: Clone growth frequency plots for both individuals during devel-
opment 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 simula-
tions 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 in the main
text.
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Figure S8: Variants with weak selection arise during development and explain FMC dynamics
for unrelated individuals. Simulations shown for unrelated individuals (Nsplit = 10) with variation
(frequency-dependent growth) during development. For plots of the data (middle column and bottom row):
dots represent individual comparisons, hexagons represent means of datasets, and shaded bands represent
90% confidence intervals. The data plotted in each panel (A-C and D-F) are the same for purposes of
comparison against different model simulations. 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 in the main text.
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Figure S9: Model vs data comparison favors no or weak selection. 102 simulations shown for
monozygotic twins (Nsplit = 36), dizygotic twins (Nsplit = 15), and unrelated individuals (Nsplit = 10) with
variation (frequency-dependent growth) during development. Left panels shown no selection, middle panels
show weak selection, and right panels show strong selection. Hexagons represent means of datasets and 90%
confidence intervals are shown. Model simulations are in gray and data trajectories (see Methods for details)
are in red (monozygotic twins), blue (dizygotic twins), and yellow (unrelated individuals). A: Monozygotic
twins. B: Dizygotic twins. C: Unrelated individuals. All other parameter values can be found in Table 2 in
the main text.
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Figure S10: Growing fitness coefficients during aging reduces clonal diversity. Simulations shown
for monozygotic twins (Nsplit = 36) with variation (frequency-dependent growth) during development. For
plots showing Pearson correlation data (middle column and bottom row), dots represent individual compar-
isons, hexagons represent means of datasets, and shaded bands represent 90% confidence intervals. Here
we assume clones are neutral during development and the fitness of each clone during life is one plus the
frequency of the clone divided by 10. A: The same clone takes over in both twins and the Pearson corre-
lation coefficient trends toward one. B: Different clones take over in the twins and the Pearson correlation
coefficient trends toward zero. All other parameter values can be found in Table 2 in the main text.
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Figure S11: CHIP increases the variance of β-distributions. Histograms show β-distributions
from five individuals A: with genetically defined CHIP from GSE2104359. B: non-CHIP 18-year-olds from
GSE105018. C: non-CHIP 76-year-olds from GSE73115. D: non-CHIP 86-year-olds from GSE73115. There
is no relation among individuals taken from the same dataset. If more rapid clonal expansions occur (e.g.
acute leukemias, major hematopoietic neoplasms), then the variance of the distribution will increase even
more1.
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Supplementary Tables162

Clone No selection Weak selection
(a = 0.05, θ = 0.01)

Strong selection
(a = 0.05, θ = 0.05)

1 0.0 0.032 0.083
2 0.0 7.2× 10−8 2.0× 10−7

3 0.0 1.5× 10−9 0.0
4 0.0 2.6× 10−3 0.0
5 0.0 0.0 3.3
6 0.0 9.7× 10−5 0.0
7 0.0 0.0 0.036
8 0.0 0.25 0.0
9 0.0 3.4× 10−9 6.2
10 0.0 5.7× 10−7 0.0

Table S1: Example of percent fitness advantage for each selection regime. Example of coefficients

(si), chosen from a Gamma distribution with a = 0.05, θ = 0.01 (weak selection) or a = 0.05, θ = 0.05

(strong selection). The most fit clone (largest fitness coefficient) is in bold for each case. Selection coefficients

si < 10−10 are rounded to 0.

No selection Weak selection
(a = 0.05, θ = 0.01)

Strong selection
(a = 0.05, θ = 0.05)

Monozygotic 0.134 0.132 0.143
Dizygotic 0.182 0.191 0.231

Unrelated individuals 0.163 0.160 0.186

Table S2: Model vs data comparison metric. To directly compare model simulations to the methylation

data we compute the function d, which measures the mean distance from each model simulation to each data

trajectory at the given time points. See main text Methods for data trajectory details.
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