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Predicting the number of lifetime divisions
for hematopoietic stem cells from
telomere length measurements

Cole Boyle,"** Peter M. Lansdorp,??® and Leah Edelstein-Keshet'

SUMMARY

How many times does a typical hematopoietic stem cell (HSC) divide to maintain a
daily production of over 10" blood cells over a human lifetime? It has been pre-
dicted that relatively few, slowly dividing HSCs occupy the top of the hematopoi-
etic hierarchy. However, tracking HSCs directly is extremely challenging due to
their rarity. Here, we utilize previously published data documenting the loss of
telomeric DNA repeats in granulocytes, to draw inferences about HSC division
rates, the timing of major changes in those rates, as well as lifetime division totals.
Our method uses segmented regression to identify the best candidate represen-
tations of the telomere length data. Our method predicts that, on average, an
HSC divides 56 times over an 85-year lifespan (with lower and upper bounds of
36 and 120, respectively), with half of these divisions during the first 24 years
of life.

INTRODUCTION

The number of times stem cells in self-renewing tissues divide over a lifetime is not known. Estimates of
stem cell numbers and cell division rates require accurate identification of stem cells, a major challenge
in all studies of stem cell biology." The problem of stem cell identification is exemplified in the hematopoi-
etic system, the most well-studied self-renewing tissue in both humans and mice.

In the early part of the 20th century, hematopoietic stem cells (HSCs) in human bone marrow were identified
in smears and tissue sections using histological dyes in combination with wishful thinking. The observation
that lethally irradiated animals could be rescued by transplantation of bone marrow enabled a new, trans-
plantation-based approach to identify HSCs in the 1950's. This approach was pioneered by Till and
McCullough, who showed that single murine bone marrow cells upon transplantation into irradiated recip-
ients could give rise to visible colonies in the spleen.? Such colonies contained a variety of cell types as well
as cells that could again give rise to colonies upon secondary transplantation.® These observations
founded the general concept that stem cells are endowed with variable “self-renewal” properties. Trans-
plantation assays in combination with increasingly sophisticated labeling and clonal marking strategies
have been at the heart of HSC research ever since.””

New insight into the clonal composition of the hematopoietic system has come from DNA sequencing

. 68 . . . . . "Department of
studies.”™ In this approach, genome-wide somatic mutations in nucleated blood cells are used to recon- Mathematics, University of
struct phylogenetic trees and estimate the number of HSCs. In human adults, this number was estimated to British Columbia, Vancouver,

be between 20,000 and 200,000 HSCs.® BC V6T 172 Canada
?Terry Fox Laboratory, BC

. . . Cancer Agency, Vancouver,
The low frequency of HSCs contrasts sharply with the estimated daily marrow output of over 10" nucle- BC V57 133, Cénada

ated” and over 10" red blood cells,"” suggesting a very deep hierarchy of increasingly more differentiated 3Department of Medical
progenitor cells. The number of layers in this hierarchy and the frequency of cell divisions in HSCs at the top Genetics, University of British
remain to be determined, a major experimental challenge in view of the low frequency and lack of unique \Sz*“giiaé;/:;‘;;’“ve" BC
markers of HSCs. In principle, acquired mutations in HSCs that provide a proliferative advantage can tLond ct;ntact

disrupt polyclonal hematopoiesis. To prevent rapid clonal dominance of such clones, cell divisions at . _

the level of HSCs are probably limited as was proposed for stem cells in the skin'' and bone marrow.'? Correspondence:

cab@student.ubc.ca
Whether all stem cells, includinwg 1t?ose in the digestive system and testis, are organized in an economical https://doi.org/10.1016/j isci
hierarchy is currently not clear.”* 2023.107053
L) .
et iScience 26, 107053, July 21, 2023 ©® 2023 The Authors. 1

This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).


mailto:cab@student.ubc.ca
https://doi.org/10.1016/j.isci.2023.107053
https://doi.org/10.1016/j.isci.2023.107053
http://crossmark.crossref.org/dialog/?doi=10.1016/j.isci.2023.107053&domain=pdf
http://creativecommons.org/licenses/by-nc-nd/4.0/

¢? CellPress

OPEN ACCESS

Telomeres are noncoding repetitive DNA sequences at the ends of eukaryotic chromosomes (reviewed by
Lansdorpw and references therein). In mammals, telomeres consist of a variable number of TTAGGG re-
peats and associated proteins. Telomeric DNA repeats are lost with each cell division as DNA polymerase
is unable to completely replicate the lagging strand of DNA during replication (for a review see 12 and 15).
Without compensation for the inevitable loss of telomere repeats, erosion limits the number of times so-
matic cells can divide.'” This was clearly demonstrated in vitro for human fibroblasts'® and T lymphocytes'’
where it was shown that overexpression of telomerase prevents replicative senescence and thereby ex-
tends the replicative lifespan. Similar data for HSCs are not available, but telomerase activity in HSCs
also appears to be unable to prevent the loss of telomere repeats with each cell division."”

Through successive cell divisions during hematopoietic differentiation, telomere length in HSCs and their
nucleated blood cell progeny are linked. This link can be used to describe HSC turnover in terms of the
attrition of telomeres in nucleated blood cells, such as granulocytes, that are separated from HSC by a rela-
tively constant number of cell divisions.'? Previous attempts to describe this link have used assumptions
about the telomere loss per cell division in HSCs'®*° and/or mathematical modeling of the underlying
HSC population dynamics, about which little is known.?""?? Generally, these models require strong assump-
tions about the asymmetric and symmetric divisions of HSCs. In our approach, by contrast, we recover the
number of HSC divisions directly from telomere shortening data in granulocytes, with minimal assumptions
about the details of how HSCs divide. We revisit published telomere length data with a systematic method
of estimating the HSC division rates, the number of distinct phases and timing of changes in those rates,
and, ultimately, the mean total number of HSC divisions over a human lifetime. In carrying out our proced-
ure, we assumed 30 to 100 base pairs (bp) of telomeric DNA are lost in HSCs with each cell division, as orig-
inally proposed by Vaziri et al.”? We took a loss of 65 bp per division as a likely possibility for HSCs since a
similar loss was measured in T cells that could be clonally propagated.’’

RESULTS

Telomere length data

Telomere shortening at individual chromosomes is affected by many factors, including oxidative damage
to telomeric DNA, the levels and efficiency of telomerase, and unknown stochastic interactions between a
myriad of known and unknown factors. To mitigate such complexity at the level of individual chromosomes,
we consider only the average length of telomere repeats in a cell. As eukaryotic human cells have a total of
92 telomeres that occupy the ends of 46 chromosomes, this average provides a reasonable estimate of the
average length of telomere repeats at any given chromosome end in a cell.

Ideally, when discussing telomere attrition in a nucleated blood cell population of a person, we need lon-
gitudinal measurements of telomere length over time. However, measurements tracking single persons
over a lifetime are not feasible or available, so we must interpret existing cross-sectional data as though
they reflect “typical” longitudinal data. This practice is reasonable since measurements are reproducible?
and sufficient data are available to mitigate the telomere length diversity at any given age.

Measurements of the telomere length in the leukocyte populations of 835 healthy individuals were re-
ported by Aubert et al.”” using fluorescence in situ hybridization and flow cytometry (Flow-FISH). By
including reference control samples in every measurement and avoiding DNA amplification, the Flow-
FISH technique is accurate and e.g. suitable for the diagnosis of patients with telomere biology disorders.?*
Due to the presence of outliers in telomere fluorescence histograms of thousands of measured cells, the
sample median for measurements of the average telomere length in several different types of leukocytes
was used as a proxy for the average telomere length in that population of cells.

Mathematical models and setup

Consider HSCs in the bone marrow of an individual at age a. We define N(a), Ni(a) as the total number of
HSCs and the number of HSCs that have gone through i cell divisions, respectively. N; represents the size of
the i"th HSC division class. Let D(a) be the number of divisions of a “typical” HSC in a person of age a. Our
goal is to estimate this average.

We make several assumptions to connect leukocyte telomere length data to the average number of HSC
divisions at a given age.
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Figure 1. Schematic diagram of our method

We use data for telomere length in human granulocytes over age (bottom, terminally differentiated cells, brown) to infer
the rate of division R; and total number of divisions in hematopoietic stem cells (HSCs, top, red). It is assumed that the
differentiation and expansion of the HSC progeny (yellow funnels) are the same at every age so that telomere loss AL
observed in granulocytes reflects HSC cell division. We find that the HSC cell division rate (blue arrows) is roughly constant
over each of two or three phases (e.g., infancy, youth, and adult for a 3-phase model).

1. Telomerase expression in HSCs is suppressed at birth (so telomere length reflects the number of cell
divisions). The precise timing of this suppression is unknown.”
2. HSCs start out with approximately the same average telomere length, Ly (once telomerase is sup-

pressed).

3. Each HSC cell division results in roughly the same telomeric DNA loss, AL. (We take 30 < AL <100
bp®). In contrast to Rodriguez-Brenes and Peskin’’ we do not consider telomerase-mediated
lengthening of telomeres.

4. Atany given time, the number of divisions (d) between an HSC and a leukocyte progeny is fixed for a
given leukocyte type.

5. Fluctuations in d are transient (e.g., associated with infections, disease, or injury) and short relative to
a normal human lifespan.

The above assumptions imply that cell division classes are equivalent to telomere length classes. Note
that we make no further assumptions about specific types or rates of cell division. Rather, we use
available telomere length data to infer rates of HSC division. See Figure 1 for a schematic diagram of
our method.

Based on the assumptions, the telomere length at age a is simply the initial length (Lo) discounted by the
amount lost per division (AL) multiplied by the number of divisions i. Hence the mean telomere length Ls(a)
atage ais

Ts(a) = ﬁZ(LO i ALN,(a).

(where we have simply averaged the telomere length associated with each HSC division class i, over the
entire HSC population at age a.) This equation is essentially the same as Equation S5 in Werner et al.”!
but in contrast with their approach (and those of Shepherd et al.'” and Edelstein-Keshet et al.”); we do
not attempt to compute Ls(a) from a hypothetical model that tracks the distribution of Ni(a) over time.
Rather, we expand the sum, obtaining

- aL = = 1
L =Ly — —— ) iNj(a) = Lo — 4LD here D(a) = —— Y iN;(a).
s(a) = Lo~ N5 Z, i(a) = Lo (a), where D(a) = s Z, i(a)
We use this last version to relate the mean number of HSC divisions, D(a), directly to the mean telomere
length Ls(a) from the data.
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Granulocyte telomere length data mirrors HSC division schedule

We specifically choose to use telomere length data from granulocytes, for which assumptions 4 and 5 can be
justified, allowing us to link the population average telomere length of these differentiated blood cells to
that of their HSC ancestors. Granulocytes do not undergo cell divisions and hence satisfy assumption 4. This
contrasts with T cells, which undergo division while performing their function (introducing variation in d between
distinct T cells). As for assumption 5, temporary changes in d will occur during infections or injury when more
granulocytes are needed, but d will eventually return to a baseline during normal homeostasis. This allows us
to assume that d is constant when averaging over the entire lifespan. Under these assumptions, it follows
that the average telomere length in the granulocyte population (Lg) differs by some constant, ¢, from that
of HSCs,

[G(a) = [s(a) — C= LG$0 — ALB(&),

where Lg is the initial average length of telomeres in granulocytes. Therefore, with our setup, the rate of
telomere attrition in granulocytes directly corresponds to the division rate of HSCs. Note that, while Aubert
.7 also statistically fit granulocyte telomere loss data, they did not infer an implied HSC division rate or
total number of divisions.

eta

Telomere data suggest phases with distinct HSC division rates through life

The decline in leukocyte telomere length is very profound in the first year of life both in baboons? and hu-
mans,”” in comparison with more modest and nearly constant gradual loss in adulthood.?'?>?%27 Assuming
telomere attrition reflects stem cell divisions, as we have argued above, this implies that HSC division rates
change from birth to later ages.

The data appear to consist of distinct “phases”, each lasting years, over which the shortening rate is roughly
constant. Restated, the data appear to be describable by a set of lines with distinct slopes, connected to
one another at certain ages (technically speaking, a “piecewise-linear” function). Indeed, Aubert et al.”®
used a piecewise-linear fit with breakpoints at years 1 and 18, for their data; i.e., they assumed a
3-phase model. Here, we generalize that idea to consider n — phase models of the average telomere length
in granulocytes, where, in each phase, the mean division rate of an HSC is constant.

Therefore, we assume that the average telomere length, Lg(a), is of the form

LG.O — $1-a (0S8S31)
To(a) = Ly — s ~:(a — ar) (a1 <a: < ap)
Lho1 —spr(@—an1) (an-1<a)

where a;'s are the ages at which a phase transition occurs, L;'s are the average telomere length at these
transition points, and s;'s are the slopes of the lines, representing average telomere length loss rate along
each of the phases. Recall that s; = AL -R;where R; = %B(a) is the division rate of HSCs during the it" phase.
As we do not expect telomere lengths to jump at the transition points, we also impose the continuity con-
dition that the lines meet at the transition points, L; = Li_1 — sj-(a — aj—1). Once the number of phases,
n, is given, we can fit the n-phase model to estimate the division rate of HSCs during each phase and deter-
mine the phase-transition points.

This method of modeling telomere loss captures the significant age intervals over which HSCs have notice-
ably higher division rates. If models with more phases fit the data better, then we would conclude that HSCs
undergo a greater number of changes in their division rate over a lifespan.

This piecewise-linear model has sharp transitions between phases. We also considered polynomials and
shifted logarithmic fits to the data. We found that, while not significantly improving the predictive quality
over the piecewise-linear fits, those alternate models result in very similar estimates for lifetime HSC divi-
sions (see the STAR Methods for details).

Model estimation and selection

For a given n-phase model we use the standard R library Segmented®**' to determine the model’s optimal

parameters. In the case of our model, which is continuous at the transition points, Segmented has been
shown to perform better than other regression model estimators.>?
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Table 1. Results from fitting 1-, 2-, 3-, and 4-phase models to the Aubert et al. data

Estimated value (SE)

1-phase model

Intercept (kbp) 9.60 (0.07)

Slope (kbp/yr) —0.0357 (0.0013)
R? 0.4785

AIC 2489.98

BIC 2504.06

2-phase model

Breakpoint 20.9 (3.2)

Intercept (kbp) 10.12 (0.11)

Slopes (kbp/yr) —0.081 (0.010) —0.0265 (0.0021)
R? 0.5055

AIC 2451.03

BIC 2474.51

3-phase model

Breakpoints 0.95 (2.3) 24.2 (5.2)

Intercept (kbp) 10.34 (0.15)

Slope (kbp/yr) -0.6(1.2) —0.063 (0.012) —0.0265 (0.0023)
R? 0.5084

AIC 2450.26

BIC 2483.13

4-phase model

Breakpoints 0.6(1.9) 25(12) 28 (20)

Intercept (kbp) 10.33 (0.15)

Slope (kbp/yr) -0.8(2.2) —0.067 (0.011) 0.02 (0.64) —0.0272 (0.0024)
R? 0.5083

AIC 2454.45

BIC 2496.71

Fittings were done using the R library Segmented. Estimated values are reported with their standard error (SE). The slope
values for each model correspond to the rate of telomere attrition during each phase in kbp/year.

Once the best estimates for the n-phase models are computed, we employ the Akaike information criterion
(AIC) as a means of rejecting the sub-optimal models. The AIC is a standard tool that appraises whether
increasing the number of parameters (in our case, phases) is justified by the data without the risk of over-
fitting. AIC rewards goodness of fit and penalizes the number of parameters to be fit.** The model with the
lowest AIC is “optimal”, while, as a rule of thumb, those within 2 AIC points of that optimal model share a
similar level of support.®

Best-fit parsimonious model predicts 2 or 3 phases

We considered models with n = 1,2,3, and 4 phases and found that the 3-phase model had the lowest
AIC, followed closely (within 1 point) by the 2-phase model. As the AIC score for the 1-phase and 4-phase
models were considerably larger (by 44 and 4 points, respectively) we can safely reject those models.
While the AIC (and previous work by Aubert et al.”) suggests that the 3-phase model is optimal, it
turned out that the Bayesian information criterion (BIC), another model selection score that penalizes
the number of parameters more heavily, favors the 2-phase model. Results of these criteria are summa-
rized in Table 1.

As the AIC and BIC numerical criteria are less than decisive for the given data, we avoid claiming opti-
mality of one or the other model. Rather, we calculate and compare results for both 2- and 3-phase

iScience 26, 107053, July 21, 2023 5
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Figure 2. Best-fit parsimonious model predicts 2 or 3 phases

(A) Optimal 3-phase and 2-phase models of average telomere length in granulocytes, fit to telomere measurement data
from Aubert et al.”> A AIC denotes the difference in AIC score with respect to the minimal AIC. The 2-phase model still has
strong support in comparison.

(B) Predictions for the number of divisions that the average HSC has accrued by a given age. Colors in B and C correspond
to the distinct possible choices for the amount of telomeric DNA lost in a division, AL = 30,65, 100 bp, shown in panel C.
(C) Estimated division rate for an average HSC during each phase. Note that the y axis is in logarithmic scale.

models, showing that the total lifetime divisions of a typical HSC are comparable for both, even
though the division schedules are distinct. Results are provided in Figure 2 and Table 2. The
estimated division rates are recovered from the fitted slopes on each phase by dividing our assumed telo-
mere loss per division (AL). Then, multiplying these predicted rates by the length of the phase gives an
estimate for the number of divisions that the average HSC has accrued over the duration of the given
phase.

Significance for total lifetime HSC divisions

According to the 3-phase model (given the timing of its fitted breakpoints), a relatively high rate of HSC
divisions is predicted during the first year of life, tapering at adolescence, and then decreasing further to
a stable division rate for adults over 24 years old. This prediction appears to be consistent with Aubert
et al.”” and with recent evidence that the HSC pool expands very rapidly to some stable level in the early
years of life.>” The much higher division rate seen in the first year of life may reflect increased self-
renewal divisions that grow the HSC pool to its long-term carrying capacity. The continued growth of
the HSC pool during adolescence may be due to increased demand for blood cells as the individual
grows. The 2-phase model misses this early trend and predicts only the decelerating rate of division after
about 21 years of life.

Confirming conclusions with distinct datasets

We asked whether our conclusions so far are highly dependent on the specific dataset we employed. To
address this question, we used the same method on two independent datasets. One for granulocyte
telomere length values reported for the Lifelines Deep cohort of normal individuals studied in the
Netherlands.®> A second dataset, by Alder et al.,”* is from healthy individuals in the Baltimore area.
Both granulocyte telomere length datasets were gathered with Flow-FISH, the same technique used
by Aubert et al. The data from Alder et al. consist of measurements in 140 individuals from birth to 82
years old, whereas the LifeLines data are for 1,072 individuals from 18 to 81 years old.
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Table 2. Estimated division rates and total divisions from 2- and 3-phase models

Age Range Estimated Divisions/Year (Range) Number of Divisions (Range)
3-phase model

0to 0.95 8.78 (5.71-19.03) 8.34 (5.42-18.1)

0.95t0 24.2 0.96 (0.63-2.09) 22.4 (14.5-48.5)

24.2t0 85 0.41 (0.27-0.88) 24.8 (16.1-53.8)

Oto 85 55.5 (36.0-120)

2-phase model

0to 20.9 1.25(0.813-2.71) 26.1(17.0-56.6)
20.9 to 85 0.41(0.27-0.88) 26.2(17.0-56.7)
Oto 85 52.3 (34.0-113)

Estimates for HSC division rates and accumulation of divisions over each phase for the average HSC in the 3- and 2-phase
models, respectively. The estimates assume a loss of 65 bp of telomeric DNA per cell division. The lower (upper) bound
on each interval is obtained from assuming 100 (respectively 30) bp of telomeric DNA is lost per HSC division.

Results for both datasets are shown in Figure 3. For the LifeLines data, we find, that a 1-phase model fits
best, scoring 3.5 and 6.8 points below the 2- and 3-phase models’ AICs, respectively.

The range of adulthood HSC division rates obtained from the 1-phase model is consistent with our previous
analysis, predicting 25 (with a range of 16-55) divisions in the age range 18-81. Recall that our previous
3-phase model predicted 25 (with a range of 16-54) divisions in the age range of 24-85.

With the Alder et al. data, we find that a 2-phase model with a phase-transition point at 26 years is optimal,
scoring 12.1, 3.3, and 3.7 points below the 1-, 3-, and 4-phase models’ AIC scores, respectively. The Alder
et al. dataset consists of significantly fewer adolescent measurements than the Aubert et al. dataset. This is
likely the cause of the slight discrepancy in the predicted adulthood phase-transition point. The 2-phase
model predicts 50 lifetime divisions (with a range of 32-107) for the average HSC, consistent with our
2-phase model for the Aubert et al. data.

Related approaches—A comparison

Werner et al.”’ proposed a mathematical model of HSC divisions. In contrast to our “top-down" approach
(from data to inference about the underlying HSC division schedule), that model made specific assump-
tions about the progression of HSCs through division classes. For example, an assumption was made
that the HSC rate of division is inversely proportional to the total HSC pool size. Predictions of that model,
including analytic approximations, were then appraised against telomere length measurement data,
including the dataset we have used.

We sought to compare the results of Werner et al. with our own. With parameters reported by Werner et al.
(assuming 30 to 100 bp telomere loss per division), we used both full simulations of their HSC turnover dy-
namics model as well as the approximate telomere length formula they reported (a shifted logarithm) to
obtain de novo estimates for HSC divisions (see the STAR Methods for details).

We report the upper bound of the model predictions by setting the maximum possible number of HSC
divisions to be so large that relatively few HSCs reach this state given the Werner parameters, simplifying
the model interpretation. The resulting progression for the average number of divisions in the stem cell
pool is graphed in Figure 4. Even in the absence of an upper bound on HSC divisions, we find that
Werner et al. model predicts significantly fewer lifetime divisions than our method. In our hands, fitting
the predictions of Werner et al. to the telomere data of Aubert et al. results in parameters and a final
estimate with even fewer total lifetime HSC divisions than our methods predict.

DISCUSSION

In this study, we used several granulocyte telomere length datasets for healthy humans from infancy to old
age to infer the turnover of stem cells in the hematopoietic system over a lifetime. Our data-driven
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Figure 3. Confirming conclusions with distinct datasets

As in Figure 2 but for telomere length datasets provided by Andreu-Séanchez et al.*® (1) and Alder et al.”* (2). The LifeLines
dataset in (1) consists of 1,072 individuals aged 18 to 81. The 1-phase model best fits these data. The adulthood HSC
division rates are consistent with those obtained from the Aubert et al. data (see Table 2). (2) A two-phase model fits the
Alder et al. data best and predicts 50 lifetime HSC divisions (with a range of 32-107), consistent with the 2-phase model for
the Aubert et al. data.

approach provides estimates for the rate of HSC divisions at various phases of life, as well as the number
and timing of those phases. The AIC allowed us to reject some models in favor of those most parsimonious
models that best fit the data.

Our results suggest between 30 and 120 HSC divisions over a lifetime, with roughly half occurring by an
individual’s early 20s. In adults (20+ years-old) we find that HSCs divide once every 1 to 4 years. The
same estimate holds using any of the three independent telomere length datasets that were made avail-
able to us (see Figure 3). We found AIC and BIC support for the 3- and 2-phase models over and above
the 1- and 4-phase models. The 3-phase model predicts the most rapid turnover in infancy, which has
some independent biological support.”’ We conjecture that such an accelerated turnover period in the
first year of life could reflect an increased HSC symmetric division rate that serves to grow the stem cell
pool toward some lifetime carrying capacity of around 50,000 to 200,000 cells.®” However, the evidence
for 3 rather than 2 phases is not decisive. The adolescent HSC division rate is reduced by over half of its
value during the first year of life but is more than double that of adults over the age of 20. This observation
may reflect increased HSC turnover at young ages due to increased demand for blood cells in these stages
of growth.

Our predicted total number of HSC divisions over a lifetime is surprisingly low given previous estimates of a
division every 2 weeks to 2 months, a frequency that would surpass 500 total cell divisions over a lifetime.’
Based in part on such estimates, it typically has been assumed that HSCs must express telomerase to avoid
replicative senescence or apoptosis (the “Hayflick limit”) imposed by progressive loss of telomere repeats
with each cell division."?

Our models are based on several assumptions. The first is that the number of cell divisions between an HSC
and a granulocyte is more or less constant over a lifetime (see also Supplementary Note 9 by Abascal
et al.®). This notion seems difficult to reconcile with the effect of growth factors such as granulocyte colony
stimulating factor (G-CSF) that are known to stimulate transient granulocyte production. We propose that
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Figure 4. Related approaches—a comparison

Progression of the average number of divisions in the HSC pool over 102 years predicted by the Werner et al. model.
Colors correspond to various assumptions for the telomeric DNA loss per division, AL = 30,65, 100. In each case, we used
the fitted parameters reported by Werner et al. Since we assumed that a significant number of HSCs do not reach a
maximal division number, these results are an upper bound on what the model predicts for lifetime divisions.

such transient stimulation of granulocyte production by cytokines induced by infection, injection, or injury
primarily triggers extra cell divisions in committed progenitor cells, rather than significantly impacting HSC
turnover. Such transient responses likely contribute to noise in the data. Possible cytokine effect on the
"mobilization” or anatomical localization of HSCs is also assumed to have a limited effect on the turnover
of HSCs. In contrast, loss of HSCs, e.g., by irradiation, toxins, or telomerase deficiency, would increase HSC
turnover, potentially contributing to eventual bone marrow failure.'? Such increases in HSC turnover are
reflected in the telomere length in nucleated blood cells.*

The second assumption in our model is that telomere repeats are lost in HSCs at a more or less
constant rate with each cell division. For this purpose, we took the original assumption of 30-100 bp
lost with each HSC division.”> Such estimates were based on the measured loss of telomere
repeats per population doubling in cultured fibroblasts and T cells. Serially cloned T cells were found
to lose 60-70 bp of telomeric DNA per division, in line with these previous estimates.'’ In general,
the role of telomerase in HSCs has been puzzling.'” Whereas telomerase is limited by expression levels
of the telomerase RNA template gene in early embryos,®® the expression of the telomerase
reverse transcriptase gene hTERT limits telomerase expression in most somatic cells.*® The suppression
of telomerase varies between somatic cells and is not observed in somatic cells from short-lived animals
such as laboratory mice."”” Where and when telomerase becomes unable to maintain telomeres in
human HSCs is currently not known. In our model, we assume that telomerase activity in HSCs cannot
prevent overall telomere erosion with each cell division but nevertheless plays a crucial role in the repair
of sporadic damage to telomeric DNA as was recently proposed.'? Here, we assumed that telomerase
levels in HSCs of newborns and the very old are suppressed to the same degree. This proposition re-
quires experimental validation. Given that telomerase is upregulated during DNA replication, both the
low frequency and low turnover of HSCs are major challenges for the experimental verification of this
hypothesis.

Limitations of the study

The results produced by our method are limited by the assumptions we have discussed above regarding
the structure of the hematopoietic hierarchy and the amount of telomeric DNA lost with each stem cell di-
vision. Further advances in experimental techniques for studying HSCs more directly are needed to vali-
date these assumptions and test the accuracy of our methods and results. Moreover, we have been limited
to cross-sectional data of telomere length with age. Measuring changes in telomere length in individuals
over significant periods of time is needed to better understand differences in HSC turnover over early life as
well as between individuals.
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KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER

Software and algorithms

R version 4.2.2 R Foundation for Statistical Computing https://r-project.org

Segmented version 1.6-2 Muggeo,’® Muggeo®' https://CRAN.R-project.org/package=segmented
Python version 3.10.8 Python Software Foundation https://www.python.org

SciPy version 1.8.1 Virtanen et al.*” https://scipy.org

Code used in this paper This paper https://doi.org/10.5281/zenodo.7939383
Other

Telomere length data Aubert et al.”® N/A

Telomere length data Alder et al.”* N/A

Telomere length data Andreu-Sanchez et al.*” N/A

RESOURCE AVAILABILITY

Lead contact

Further information and requests for resources and reagents should be directed to and will be fulfilled by
the lead contact, Cole Boyle (cab@student.ubc.ca).

Materials availability

This study did not generate new unique reagents or cell lines.

Data and code availability

® The telomere length datasets produced by Aubert et al.”” and Alder et al.?* are publicly available in each
paper’s respective supplementary information. The dataset of Andreu-Sanchez et al.*” was kindly pro-
vided to us by the authors.

e All original code has been deposited at Zenodo and is publicly available as of the date of publication.
DOls are listed in the key resources table.

® Any additional information required to reanalyze the data reported in this paper is available from the
lead contact upon request.

EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

No new human nor animal studies and no new experiments were used in this research. All data was
obtained from previously published sources. A brief summary of that published data is given below.

Telomere length data in Aubert et al.”” were obtained using nucleated blood cells analyzed using the flow-
FISH technique.®® With this technique, the average length of telomere repeats in cells is measured using
fluorescent in situ hybridization (FISH) with peptide nucleic acid (PNA) probes specific for telomere repeats
in combination with fluorescence measurements by flow cytometry. Accurate measurements of telomere
length are obtained by including internal control cells with long telomeres (bovine thymocytes) in every
sample and by correlating the results of fluorescence measurements in selected cell populations with re-
sults obtained by Southern analysis of control cells.*

In the study by Vaziri et al.”> CD34* cells from fetal liver, cord blood and adult bone marrow were cultured
for several weeks. Upon culture, CD34 cells were sorted to reinitiate cultures. The telomere length in
cultured cells was measured using Southern blot analysis. The telomere length was longest in fetal liver
cells, intermediate in cord blood cells and shortest in adult bone marrow cells. Strikingly, with each pas-
sage, a noticeable decline in telomere length was observed in all three cultures.

12 iScience 26, 107053, July 21, 2023


mailto:cab@student.ubc.ca
https://r-project.org/
https://cran.r-project.org/package=segmented
https://www.python.org/
https://scipy.org
https://doi.org/10.5281/zenodo.7939383

iScience

|24

Finally, the data for granulocyte telomere length from Alder et al.”" consists of measurements in 140 indi-

viduals from birth to 82 years old, whereas the Lifelines data is for 1072 individuals from 18 to 81 years old.

METHOD DETAILS
Alternatives to phase-based piecewise-linear model

Instead of piecewise linear fits to the average telomere length in granulocytes, Lg, we also considered poly-
nomial and logarithmic fits to the Aubert et al. dataset. These alternate fits predict similar lifetime HSC di-
visions and have AIC similar to our 3-phase piecewise linear model. (The latter had an absolute AIC of
2450.26 and predicted 56 (with a range of 36-120) lifetime divisions for the average HSC.) The predicted
number of HSC divisions for both models are shown in Figure S1. Fittings were done using R. Fitted param-
eters and AIC for each model are shown in Table S1.

Fitting Lg as a n'" degree polynomial leads to n+ 1 parameters, the coefficients a,, ..., ag in

Ls(t) = Lo — ALD(t) = apt"+ - +ait+ao (Equation 1)
with ag = Lp. We obtain these coefficients by a least-squares fit of the polynomial to the data. Then, rear-
ranging the above relationship, the average number of HSC divisions by time t is simply:
ant"+-+aqt

AL ’

We report the predicted number of divisions for the third-degree polynomial fit (optimal in terms of AIC) in
Figure ST and the parameters ap, a1, and a3 in Table S1.

D(t) = — (Equation 2)

We can also model Lg as a logarithmic function of time,

Ls(t) = Ly — ALD(t) = ag+ay log(ast + 1). (Equation 3)

A nonlinear least squares fit results in values for ap = Lo, a1, and ay. The predicted average number of di-
visions is then given by

—= a .

D(t) = — ﬁbg(azt +1). (Equation 4)
To obtain convergence during the fitting process, we start with ag in the interval [5,15], a1 in [— 10,0], and a,
in [0, 1].

Comparison with the werner et al. model

Werner et al.”' provided an ordinary differential equation (ODE) model of HSC asymmetric and symmetric
divisions with six parameters: the average telomere length at birth, ¢, the telomeric length lost per HSC
division, Ac, the probability p of a symmetric HSC division (versus asymmetric, 1 — p), the HSC proliferation
rate r, the size of the HSC pool at birth, Ny, and the maximum number of times an HSC can divide n. (Here
we have used n in place of Werner's notation, ¢). The authors assumed that the rate of HSC divisions is
inversely proportional to the size of the stem cell pool. The model they proposed is then given by the ODEs:

I’N,' _
" No+rpt (i=0)
d r . )
ENi - W(_ Ni+(1+p)N;i_1) (O<i<n) (Equation 5)
rNi_ :
No+rpt (i=n)

where N;(t) is the number of HSCs that have undergone i divisions by time t. Werner et al. used (5) to
approximate the expected telomere length L(t) at a time t after birth, stating that:

[(t)=c — AcH—pIog (th + 1). (Equation 6)
P No

The above approximation holds for n large enough that few cells divide n times. It appears that Werner

Ac
et al. then used a binomial approximation (pNLOH) :p’ﬁ—oc+‘| to further simplify their formula to the form

¢? CellPress
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Ut)=c — 1+—p|og (pgt + 1). (Equation 7)
p No

They then fit (7) to their own granulocyte telomere length dataset (the Werner et al. original dataset was no
longer available and could not be included in our study) and reported the following parameters

c = 10.2kbp,p = 0.44,33—C =68 bp/year. (Equation 8)
o

We found that for these parameters (and Ac=30 — 100 bp), the approximation of Equation 6 by Equation 7
fails - deviates significantly from the actual trend, even on a short timescale (see Figure S2). For this reason,
we avoided this route.

In order to obtain the parameter values needed for simulating the dynamics of the Werner model (5), we
divide ’,@—OC by several values of Ac in the range 30-100 bp. Each choice of Ac results in a unique simulation.
Then we obtain a value for rby taking No = 100, without loss of generality. Changing this value merely re-
sults in a proportional change in the value of r. Finally, we implement the model taking n = 35 since at this
value we get an upper bound for predicted lifetime divisions (at this value no cells reach the nt" division
class so taking n larger does not change the resulting division estimates). Reducing n significantly results
in limiting the possible number of divisions that an HSC can go through, hence reducing the number of di-
visions that the average HSC accrues over a lifetime.

We solve the system of differential equations in (5) with the Python library Scipy’s®? solve_ivp function overa
time interval of 0-102 years. From a simulation, we interpolate the numerical solution for the N; at 300
evenly spaced time points (sufficient to obtain accuracy) in the range 0-102. We then obtain the average
number of divisions in the stem cell pool at one of these time points, t by dividing the sum >°7_ iNi(t)
by the total number, N(t) of stem cells (N(t) = No(t) + -+ + Ny).

The average number of divisions is then plotted versus t, to obtain Figure 4 in the main text.

We can also obtain the same results from Equation 6. Dividing the value of’@—oC reported by Werner et al., by
arange of Acvalues (30 — 100 bp), results in a range of values for .. Plugging these values and the Werner

et al. reported value of p into Equation 6 we get:

L(t) = c — AcD(t) = ¢ — Ac*P - B(t) = 1P r
L(t) = ¢ — AcD(t) = ¢ Acplog(pNot+1):D(t)_ pIog(pNot+1)

Plotting this relationship for D(t), for each value of Ac gives the same results as in our simulations.

QUANTIFICATION AND STATISTICAL ANALYSIS

All statistical analysis was done with R (4.2.2)."" Purely linear models were fit using the Im function in R.
Continuous piecewise linear models with 1 or more transition points were fit using the segmented function
from the R package Segmented (1.6-2).°*" For each dataset, we fit models with a differing number of tran-
sition points and compute their AIC and BIC using the AIC and BIC functions in R. We reject models with the
largest AIC, and use the general rule of thumb that models that differ by less than 2 AIC points are equally
likely.**

For the Aubert et al.”® data, segmented does not return a result for a 5-phase model. However, as the AIC

continues to increase for 6 and 7-phase models, we are confident that the 2 or 3-phase models are near
optimality.
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