nature portfolio

https://doi.org/10.1038/s41586-023-05806-1

Supplementary information

Aberrantactivation of TCL1A promotes stem
cell expansion in clonal haematopoiesis

In the format provided by the
authors and unedited



Supplementary Guide
1. PACER Simulations and Methodology
2. Analysis of Longitudinal Sequencing of Clonal Hematopoiesis Carriers
3. Supplementary Discussion
4. Study Acknowledgements
5.

Supplementary Figures
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PACER Simulation Parameters

We assume that the accumulation of passenger mutations is described by a Poisson birth-death
stochastic process. As the birth and death rates scale with the number of HSCs, we assume a
linear birth-death process.

We assume that the birth rate for a given hematopoietic stem cell (HSC) i at time t with fitness
s;(t))is A;(t) ~ Poisson(w * X;(t) * (1 + s;(t)) * dt), where dt represents the amount of
time in years, and w represents the number of stem cell divisions per year. We assume that the
death rate can be described as

Y;(t) ~ Poisson(w * X;(t) * (1 — s;(t)) * dt)

. The death rate is the rate at which an HSC divides into two differentiated cells, and the birth
rate is the rate at which an HSC divides into two HSCs. We don’t consider asymmetric HSC
differentiation as this would not change the clone size. The HSC clone cell count is defined as
Xi(t) = X<t A () — Y; (D), and the HSC clone size (a fraction of the total cell population) is
Xi(t)

VAF;(t) = ———.

i(£) 2jiXj(t)
We start with 500 HSC clones, each with 200 identical cells in each clone X;(t = 0) = 200. Each
cell divides once every three years (= 1/3), and each clone with an initial s;(t = 0) = 0. At each

iteration, we also center the s;(t) such that s;(t) = 0. This means that there are 100,000 total
HSCs at the start of the simulation.

For each clone, we set the passenger mutation rate:

1. u,, the passenger accumulation rate, A;(t) ~ Poisson(X;(t) * u, * dt)



Where A;(t) is the number of passengers accumulated in a given clone through time t. We set
Up = 0.006, which is the passenger mutation rate of a diploid genome for a single HSC per
year. This implies a mutation rate of 6 passengers per year for a clone with 1000 cells, and a
mutation rate of 600 passengers per year across the entire population of 100,000 HSCs. We will
later consider the effects of an insensitive sequencing assay that captures a small fraction of the
passengers.

We assign a single driver to one of the HSC clones, which is randomly selected among the HSC
clones. The time of acquisition is uniformly drawn from each cell division after 10 years, such
that are driver is equally likely to be acquired at either 10 years or 78 years. We simulate the
HSC population across a lifetime of 90 years. We refer to the time of driver acquisition as T.

We assume that each HSC clone can at most acquire a single driver, which represents a similar
HSC population to the TOPMed CHIP driver carriers.

If an HSC clone i acquires a driver at time t, we set s;(t) = Beta(4,16). A Beta(4,16) random
variable is bounded between 0 and 1 and has an expectation of 0.20. An HSC with ;(t) = 0.20
will self-renew 60% of the time, and terminally differentiate 40% of the time.

For a given HSC population, we simulate 90 years, and track the accumulation of passengers
and drivers. To incorporate the censoring from using 38x sequencing coverage, we simulate
whether a given passenger would be observed at 38x coverage by sampling the number of alt-
reads from R ~ Binomial(38,VAF;(t)) and comparing R > 2, since two reads are required by
our variant calling process. We refer to P(R = 2|VAF = vaf) = P(Binomial(38,vaf) = 2)
and we refer to the passengers that would be detected at 38x coverage as the censored
founding passengers, AC;(t), wheret =T, .

We ran the simulation 10,000 times, where at most a single HSC clone acquires a driver
mutation. We then compared AC;(T,) to the fitness of the clone at the end of each simulation.



PACER Simulation Results

Supplementary Figure S6

0.6 1

Driver fithess

p < 2.2e-16

=
E

0 5 10
log(1 + Founding censored passengers)

We observed a modest concordance between the founding censored passengers with the
fitness of each HSC at the end of the simulation (spearman = 0.09, pvalue < 2.2e-16,
Supplementary Figure S6). This suggests that the censored founding passengers are
proportional to the fitness of the driver mutations. Stochastic drift of the HSC clone sizes
contributes substantial residual variance.

Supplementary Figure S7

We observe no concordance between the uncensored founding passengers with fitness
(Supplementary Figure S7). This suggests that if PACER were applied to WGS with
extraordinarily deep coverage, the mutation count may no longer associate with driver fitness
(without further adjustments).
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PACER-HB Methodology

PACER-HB (PACER-Hierarchical Bayes) is described in the Methods section, but for
convenience we also describe the model here. PACER-HB is a Bayesian Hierarchical model of
the observed passenger counts, which are censored due to our read depth (an average of 38x).

To motivate our specification of the expected number of observed passengers, we used
the following theoretical formulation. We define the birth-death stochastic process governing
the number of HSC cells in a clone as:

E(X(8)) = X(0)e®¥)t

where A represents the “birth” rate and Y represents the “death” rate. In our case, we
set 1 — Y = w * X(0) * 2s, where w is the number of stem cell divisions per year.



We can approximate the number of the number of cells in a given clone as:

E(X;(t)) = Z P (T; <=2z) * E(X;(t;s > 0)) + P(Ty > z) * E(X;(t; s = 0))
z=10

Which assumes that mutations can be acquired at any time z between 10 years old and time t.
If, for simplicity, we assume that the time of driver acquisition is distributed uniformly over this
range,

t

EX(0) = )

z=10

z—10 t—z
X:(0 w*X(0)*2s5%(t—2)
f—10 " Xi(0e 10

* X;(0)

Next, we consider how to relate the number of HSC cells in a clone to the number of
uncensored passengers: Ai(t)~P0isson(Xi(t) * Uy * dt), where u, is the passenger
accumulation rate.

We denote the number of censored passengers at time t as AC;(t):

0.5

E(ACi(t)) = f ac;(t) * P(ACl-(t) = aci(t)|VAFi(t) = vaﬁ-(t))

vaf=0

* P(VAFl-(T) = vafi(t))dvafi(t)
0.5

= f E (AC,(0)|VAF;(t) = vaf;(t)) » P(VAF,(T) = vaf;(t))dvaf;(t)
vaf=0

Where we are integrating the number of censored passengers conditional on a given
VAF across the VAF distribution at time t.

This conditional expectation can be approximated as the product of the number of
uncensored passengers, A;(t) and the probability that a given passenger is observed
conditional on the VAF:



E(AC;(0)|VAF;(¢) = vaf;(t)) = E(A;()) * P(R = 2|VAF = vaf;(t)) = E(X;(t)) * u, * P(R
> 2|VAF = vaf;(t))

The latter term, P(R = 2 |[VAF = vaf;(t)) clearly is proportional to s;(t), as more fit
clones will comprise a greater fraction of peripheral blood cells. Thus, we observe that AC;(t) is
proportional both to the time of driver acquisition and fitness of the driver mutation.

Thus, we modeled the expectation of the observed censored passenger counts in CHIP
carriers with a single driver as simple linear function of these quantities: E(ACi(t)) = u,T; +
s;(t; — T;), where T; denotes the time of driver acquisition. Although a multiplicative
relationship is likely more realistic, the additive model is somewhat more tractable
computationally.

We assume that the expectation of the observed passenger counts is linear with respect
to three terms: 1. The number of ancestral passenger mutations 2. A fitness term of the driver,
which affects the number of observed passengers through increasing the likelihood of detection
of mutations 3. a study specific batch correction. In addition, we assume heterogenous
overdispersion between the CHIP carriers and controls, and we assume a negative binomial
distribution over the observed passenger counts:

E(AC;(t) = (uT; + s;(t; — T))I(i € CHIP) + ay,
AC;(t;) ~ NB(E (counts;(t;)),1(i € CHIP)0y + (1 —I(i € CHIP))6,)

Where T; is the time of the driver acquisition for sample i with a blood draw at time ¢;, u
is the mutation rate per diploid genome per year for the HSC population, s; is the fitness of the
clone, and a;, represents a study specific random intercept for sample i included in study k. We
define CHIP as the set of CHIP carriers. We can interpret t; — T; as the lifetime of the clone in
years. We constrain T; such that 0 < T; < t; by parametrizing T; = {; * age;, with Y; assumed
to be a Beta random variable with support between 0 and 1. T; is interpreted as the expected
time of driver acquisition.

We place the following priors on these parameters:
Y;~Beta(1.0,1.3)
a,~N(0,20)
s;~N(0,1)

This model is implemented in the Stan probabilistic programming language, and the posterior is
estimated using the default MCMC sampler with 400 samples for burn-in. Convergence was
assessed using Rhat statistics and effective sample size calculation.

We then asked the extent to which PACER-HB fitness estimates correlated with the
passenger counts when applying these two models to the WHI CHIP carriers (described in the



main text). We observed very strong concordance between the PACER-HB fitness estimates
with the observed passenger counts, indicating strong concordance between PACER-HB and
PACER (Supplementary Figure S8).
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PACER Methodology

We next define the definition of PACER and describe its interpretation. We begin with
the observed passenger counts AC;(t;) measured in individual i at blood draw t;. Next, the
observed passenger counts are normalized using an inverse quantile transformation, which is a
rank transformation that assumes the quantiles are drawn from a standard gaussian. If a rate of
artifacts a has been estimated — for example, using passenger counts in individuals who are
known apriori to not have clonal hematopoiesis — this should be subtracted from the observed
passenger counts prior to normalization. In addition — if sensitivity to detect passengers is
heterogenous across individuals, AC;(t;) should be adjusted for varying sensitivity. We again
emphasize based on Supplementary Text Supplementary Figure 7 that the passenger counts
should be identified using a sequencing assay that only detects mutation in >5-10% of blood
cells.

We then fit the following linear model to the normalized passenger counts:

AC,(8)~N(XB,d?)



Where X is a matrix of covariates including the age at blood draw, the variant allele fraction of
the driver variant, and fixed effects which describe any variation in batch. If loss of
heterozygosity has been detected in the CHIP driver mutation, the driver VAF should be
corrected.

We then define PACER fitness sl(/tlT= AC,(t)) — XB, such that fitness is defined as the
excess passenger counts relative to our expectation. These estimates are proportional to the
yearly growth rate of a given clone, but the PACER estimates do not have these units. Rather,
within a given cohort, the fitness estimates should be interpreted as ranking the fitness of
different CHIP clones. We remark that for downstream association analyses, quantile
transformation of the fitness estimates is likely useful. We also remark that the fitness
estimates are relative estimates within a cohort, as they are mean centered and standardized,
and thus cannot be compared across cohorts without fitting the model jointly.

PACER-Gene Methodology

We next define the application of PACER for inference of gene-level fitness estimates.
We recommend specification of a “reference” gene such that passenger count abundances can
be interpreted relative to a reference gene or mutation. We fit the following negative binomial
regression:

g (E(Aci(ti))) = XB

AC;(t;)~NegativeBinomial (g_l (E(ACi(ti))) ) ¢)

Where ¢ is an over-dispersion term, and g is the log function. The same covariates as
before should be included in X, in addition to an intercept for each gene of interest. The gene
level coefficients, once exponentiated, can be interpreted as the relative increase in passenger
counts for a given gene relative to the reference gene after adjustment for the other included
covariates.
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Re-analysis of deep longitudinal sequencing of clonal hematopoiesis

carriers contextualizes prediction of future clone growth

As described in Results, the PACER model for prediction of future clone growth in WHI
(dVAF/dT regressed onto inverse-normal transformed passenger count, age at blood draw, sex,
and VAF) had an R?=32.5% (95% Cl 15.0-56.3%). To contextualize PACER’s performance as an
estimator of future clonal expansion, we compared its performance to estimators derived from
longitudinal sequencing. A cohort of 305 donors with clonal hematopoiesis mutations was
recently described in Fabre et al., 2021. Each donor was assayed up to 6 times over a median of
13 years. Given the size of the cohort, sequencing depth, and longitudinal assessment, these
data are substantially richer than the data used to develop PACER (a single blood draw
sequenced to 38x). Despite these differences in data quality, we observe that predictors of
clonal expansion derived from the Fabre et al. data perform similarly to PACER.

Out-of-sample performance of the Fabre. et al. fitness estimator

We considered three separate approaches using the Fabre et al. data to assess
prediction performance of clonal expansion, including two separate statistical methods and two
filtering criteria. Firstly, we used the 11 donors that were included in the original Fabre et al.
analysis as a separate validation cohort for the assessment of their clonal expansion
predictions. To predict clonal expansion of the 15 mutations in these 11 donors, we then used
the posterior mean fitness estimates from the Fabre et al. hierarchical Bayesian model, which
we will refer to as the FHBM. FHBM is a mixed effects beta-binomial model of the number of
mutated allele reads counts;;(t) from the ith mutation of the jth individual at time t such
that:

counts; (t)~BetaBinomial(coverageij (), a(t) ,ﬁ),

t
where a(t) = f—qT((t)) andq(t) =o ((bgenei + bsite; + bci) *t+ ui]-), and o(x) =

1/(1 + exp(—x)).

We define FHBM = E (n(bgenei + byite; + b, | X)), where Tt represents the posterior of the

model.

To estimate the uncertainty associated with the prediction performance of FHBM, we
computed the Rsquared between FHBM predictions with the inverse normal transformed
dVAFdT values across 1,000 bootstraps. We observed that the FHBM had a similar association
(R?=36.8%, 95% Cl: [4.4%, 73.6%], Supplementary Note 2 Figure 1, Supplementary Note 2
Table 1) with future clone growth as PACER did in the TOPMed cohort (R?= 32.5%). Due to the
limited number of donors, these point estimates have substantial uncertainty. Furthermore,
these 11 donors were highly enriched for splicing factor mutations, which exhibited more stable
growth than other clones in Fabre. Thus, it is expected that the predictive ability in the dataset
as a whole would be lower than in these selected individuals, as we describe below.
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Figure 1: Bootstrapped Rsq estimates of the FBHM estimator of future clone growth. The histogram is comprised of 1,000 Rsq
estimates from 1,000 bootstrap resamples of the data. The blue line, 32.5%, is the Rsq between PACER and future clone growth
on the WHI samples included in the main text. The red line is the mean Rsq estimate from the FBHM estimator.

Development of an expanded validation cohort from the Fabre. et al data

Due to the limited sample size of the original Fabre et al. validation set, we developed
an expanded validation sample derived from the same data. Among the 385 donors in the data,
we filtered to those with at least three separate mutational assessments. As the criteria for
clonal hematopoiesis mutations varies between the Fabre et al. mutation calls and our TOPMed
analysis, we then filtered the mutations present in the Fabre et al. data to a high confidence
subset (Beauchamp et al., Blood Cancer Discovery 2021). As PACER is developed for application
to donors with a single mutation, we then filtered the Fabre et al. data to donors with a single
mutation. Finally, we separated the last mutational assessment from each donor from the
previous timepoints (1%t through penultimate) to form training (102 donors and 316 mutations)
and testing strata (102 donors and 102 mutations). We then estimated mutation fitness using
our own implementation of the FHBM on the training set. We estimated mutation fitness using
FBHM on the training data, and then estimated its association with inverse normal transformed

dVAFdT, where dVAFdT is computed as (w
2— L1

timepoints. This is an analogous analysis to what we performed to evaluate PACER on the
TOPMed data. On this greatly expanded validation set, we observed that the FHBM estimator
was only modestly associated with future clone growth (R?= 4.0%, 95% Cl: [0.03%, 13.3%],
Supplementary Note 2 Figure 2, Supplementary Note 2 Table 1).

) between the last and penultimate
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Figure 2: Bootstrapped Rsq estimates of the FBHM estimator of future clone growth applied to the expanded validation cohort.
The histogram is comprised of 1,000 Rsq estimates from 1,000 bootstrap resamples of the data. The blue line, 32.5%, is the Rsq
between PACER and future clone growth on the WHI samples included in the main text. The red line is the mean Rsq estimate
from the FBHM estimator.

Out-of-sample performance of UFE fitness estimates

In addition to the FHBM estimator, we sought to assess the performance an alternative
approach which estimates fitness via a series of individual specific linear models that regress
VAF onto age at mutational assessment:

VAFU(t)""N(BOJ + Bl] * age(t)’ 0-]2)

We define the estimator [?1‘] as the unpooled fitness estimator (UFE) for the jth individual. This
estimator performed similarly to FHBM (R?= 11.0%, 95% Cl: [2.5%, 20.2%)], Supplementary Note
2 Figure 3, Supplementary Note 2 Table 1).
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Figure 3: Bootstrapped Rsq estimates of the UFE estimator of future clone growth applied to the expanded validation cohort.
The histogram is comprised of 1,000 Rsq estimates from 1,000 bootstrap resamples of the data. The blue line, 32.5%, is the Rsq
between PACER and future clone growth on the WHI samples included in the main text. The red line is the mean Rsq estimate
from the UFE estimator.

Analysis of 24 clonal hematopoiesis carriers from the Women’s Health
Initiative across multiple timepoints

As a secondary validation cohort, we utilized 1,181 mutational assessments of clonal
hematopoiesis mutations across 156 donors (mean age = 70.7) in the Women’s Health Initiative. As
described in the main text, a targeted panel of clonal hematopoiesis mutations was sequenced using
molecular inversion probes. Among these mutations, we filtered to the 988 that were high confidence
mutations. We then filtered to donors with a single driver and at least three separate mutational
assessments, resulting in 102 mutational assessments across 24 donors with 3-6 mutational
assessments. We performed a parallel analysis to the Fabre data: we stratified the first through
penultimate mutational assessments into a training set, and the last mutational timepoint into a test
set. We then trained the UFE estimator as above and evaluated its performance as a predictor of future
dVAFdT. We observed highly similar predictive performance between UFE and PACER (R?= 20.0%, 95%
Cl: [0.8%, 62.2%)], Supplementary Note Figure 4, Supplementary Note Table 1).
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Figure 4: Bootstrapped Rsq estimates of the UFE estimator of future clone growth applied to the WHI cohort. The histogram is
comprised of 1,000 Rsq estimates from 1,000 bootstrap resamples of the data. The blue line, 32.5%, is the Rsq between PACER
and future clone growth on the WHI samples included in the main text. The red line is the mean Rsq estimate.

Table 1: R? estimates across filtering criteria

Cohort | Minimum number of  Donor | FHBM Estimator R? UFE Estimator R? (95%
mutational s (95% Cl) Cl)
assessments
Fabreet 3 102 4.0% (0.03% - 11.0% (2.47%-20.24%)
al. 13.33%)
Fabreet 4 82 5.5% (0.03% - 11.4% (1.55% - 21.96%)
al. 19.70%)
Fabreet | 5 52 10.0% (0.04% - 14.4% (0.60% - 30.99%)
al. 31.70%)
WHI 3 24 20.0% (0.8%, 62.2%)




Discussion

Here, we perform a series of systematic analyses to contextualize the ability of multiple
statistical methods predict future clonal expansion. We observed that across two independent
cohorts, prediction of clonal expansion is challenging, likely due to the noise induced by
stochastic drift in the sizes of HSC clones. We observed that PACER, which estimates fithess
from a single mutational assessment, performs similarly in prediction future clone growth to
estimators derived from longitudinal mutational assessments. Due to the unavailability of WGS
in the Fabre et al. validation set, we were unable to apply PACER to these samples. These
analyses highlight the utility of larger cohorts for benchmarking mutation fitness estimators —
due to the limited sample sizes, many of our estimates of out-of-sample Rsq have substantial
uncertainty. This uncertainty inhibits more precise comparisons of these estimators.
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PACER strengths and weaknesses

Here, we have developed a novel method that allows us to infer clonal expansion rate
from a single time point. Our results extend and apply recently developed theory on the
evolutionary fitness of clones to permit estimation of fitness within a single individual?®. Unlike
prior methods which used the VAFs of driver variants to estimate fitness?°, our development of
a fitness estimator based on passenger mutation counts permits us to perform association tests
for other factors associated with clonal expansion, such as inherited genetic variation and
environmental exposures. PACER performed similarly to datasets where clones were
empirically tracked over time with regards to predicting fitness of different driver genes and
predicting future growth of individual clones. The major strength of PACER is that it requires
just three variables—passenger count, age, and VAF—to provide accurate fitness estimates
from a single timepoint measurement. It is likely that additional information would improve
PACER’s predictive ability, but this would be expected to limit the number of cohorts to which
PACER can be applied if that information is not universally available.

PACER performed well at estimating driver gene fitness (Rsq 80%), but less well at
predicting individual future clone growth in the WHI sample (Rsq ~30%), though as noted above
it was better or comparable to empirically assessed time series data in this regard. Why would
PACER perform relatively better at gene fitness estimation compared to future growth
prediction in the WHI validation? We believe that there are two potential explanations for this.
1) It is possible that PACER has large standard errors on an individual level, but the average
estimates from many people approximate the true population value for driver gene fitness (or
other associations). This follows from first statistical principles — a statistical estimator derived
from multiple samples will in general have a much smaller root mean squared error than an
estimator derived from a single sample. This suggests that even if PACER has considerable
standard errors for individual samples, our large sample size is sufficient to produce aggregated
estimates that are close to the true fitness values. 2) An alternative explanation is that much of
the difference could be due to the time scales involved in these two assessments. It is now
established that the mutations that give rise to clonal expansions that become evident later in
life arise much earlier (perhaps between the age of 10-30 years for most clones). In TOPMed,
CHIP carriers were close to 70 years old, on average, at the time of WGS. This means that we
assessed average clone growth over ~40-60 years in the gene fitness analysis. Contrast this with
the situation for the future growth assessment in WHI, where future clone growth was
predicted over timepoints spanning ~10-15 years. The shorter time frame is more likely to be
subject to random fluctuations/stochastic effects. This can be somewhat overcome with
repeated VAF sampling over a shorter time course to generate a more reliable growth
trajectory, as Fabre et al. showed, but prediction of clone growth between any two short-term
timepoints is still subject to stochastic effects in their dataset, as we show.

Do either of these explanations suggest that PACER is not precise enough to be useful
for identifying correlates of clonal expansion, which is the premise of our study? If 1) is true,
there is some risk of not being able to identify such correlates if the datasets are too small. This
is one reason why we believe that it is important to use PACER in larger datasets, which should
overcome imprecision at the individual level. The procedure for determining gene fitness



estimates is conceptually similar to other associational analyses like GWAS, so if one accepts
that PACER is valid tool for gene fitness estimation, then it is logical to expect that it is valid for
GWAS or other association studies to identify correlates of clonal expansion. If 2) is true, then it
is possible that factors that modulate clone growth primarily at short time scales
(chemotherapy, for example), could be missed in a PACER association study, but factors that
are expected to be relevant lifelong or long-term (like germline variants or frequent
environmental exposures) would still be able to be assessed using PACER. These considerations
are not unique to PACER and would also be relevant to any method for assessment of clonal
growth, including recently published longitudinal analyses of clonal hematopoiesis.

Some other limitations of PACER bear mentioning. The sequencing coverage in TOPMed
WGS was 38x, which does not enable detection of mutations with VAFs below 5%!'. More
sensitive assays would increase detection of both driver and passenger mutations and would
reduce error in estimation of clonal expansion using PACER. Unlike WGS of single-HSC derived
colonies, PACER does not generate phylogenetic trees depicting relationships of clones which
could enable more precise determination of clone birth date and fluctuations in growth rate
over time!*1®17 However, this precision comes at a cost—WGS of single colonies is not easily
scalable to thousands of people, unlike PACER. We anticipate that larger cohorts of CHIP
carriers with longitudinal sequencing will provide fertile substrate for more sophisticated
computational analyses and benchmarking of PACER. We observed that PACER performed
similarly to the more sophisticated PACER-HB implementation, but it is challenging to
distinguish between similar predictive models in small cohorts. Larger cohorts will likely provide
power to utilize additional informative features for clonal expansion and will likely facilitate
machine learning motivated approaches. Lastly, we were underpowered to identify germline
determinants of clonal expansion in less frequently mutated genes in CHIP, but the addition of
WGS data from other cohorts in the coming years should enable additional gene-level analyses
of PACER.

Additionally, the use of bulk-WGS precludes analysis of the clonal expansion rate in
those with more than one driver mutation without much deeper sequencing coverage. PACER is
currently optimized for use in pre-malignant states with a single driver present and would likely
have limited utility in datasets of established malignancy. Recent work has demonstrated that
hematopoiesis in the elderly becomes increasingly oligoclonal, with many expanded clones
occurring in the absence of a known driver mutation!4. Therefore, there is the potential for
passenger mutations from these “driverless” clones to be present in our analysis of CHIP
carriers (and could be one reason for some imprecision in the individual clone growth
prediction in WHI). However, as long as the probability of carrying a large, “driverless” clone is
randomly distributed with respect to carrying clones with known drivers, this should not
introduce confounding for the types of analyses that we propose for CHIP clones (but would
add noise and make the power to detect associations lower by increasing the background level
of passengers randomly across all samples). Indeed, the ability of PACER to infer driver gene
fitness accurately at the population level suggests that this is not a critical shortcoming in our
approach of performing association studies in large datasets. Nonetheless, the ability to identify
and account for hidden clones in the data would improve PACER’s performance.



In summary, we believe PACER performs well for its intended purpose, which is
elucidations of correlates of clonal expansion in large datasets with available WGS.

The role of TCL1A in clonal expansion

We performed the first ever GWAS for determinants of clonal expansion rate and
identified a common variant of large effect in the promoter of TCL1A as the top hit.
Remarkably, this single variant, which has previously been linked to reduced risk of LOY3%42,
was also associated with protection from driver mutations in TET2, ASXL1, SF3B1, SRSF2, and
possibly JAK2. We also demonstrated with experimental work that TCL1A was normally lowly
expressed in HSCs, but that the introduction of mutations in TET2 or ASXL1 led to expression of
the protein, possibly by permitting promoter chromatin accessibility and hence transcription of
the gene. This was completely prevented by the alt-allele of rs2887399, explaining the
reduction in predicted clonal expansion rate by PACER and decreased prevalence of these
driver mutations in those carrying the allele. These results strongly implicate TCL1A expression
as being a causal factor promoting clonal expansion downstream of several driver mutations in
CHIP. To our knowledge, TCL1A itself is not somatically mutated in CHIP, perhaps because gain-
of-function point mutations are not directly possible. Importantly, our results suggest that
pharmacologically targeting TCL1A may suppress growth of CHIP and hematological cancers
associated with mutations in these genes.

The large protective effect seen with rs2887399 suggests that TCL1A expression is likely
a dominant factor mediating clonal expansion due to these mutations. This was especially the
case for driver mutations in SRSF2 and SF3B1 which were very rare in those homozygous for the
alt-allele, suggesting that activation of TCL1A expression may be a near requirement for clonal
expansion due to these mutations. We do not explore how splicing factor mutations are
mechanistically linked to TCL1A activation in this study, but one possibility is that mutations in
SF3B1 or SRSF2 lead to a cryptic splice junction?>4* within the TCL1A 3’ UTR, which may lead to
increased stability of the transcript in HSCs*. These results may also potentially explain why
mutations in Asx/1, Sf3b1, and Srsf2 in mouse HSCs do not lead to robust clonal expansion, as
the regulatory elements and non-coding regions of the mouse Tc/1 gene are not well conserved
with human TCL1A. We previously reported that the alt-allele of rs2887399 was associated with
increased risk of DNMT3A mutations'!, but here we found that carrying the alt-allele did not
increase expansion rate of DNMT3A clones by PACER or result in increased expansion of
DNMT3A edited HSPCs in vitro. One explanation for these discordant results is that the relative
reduction in fitness advantage for other non-DNMT3A drivers in carriers of the alt-allele permits
more opportunity for low fitness DNMT3A mutant clones to expand as hematopoiesis becomes
more oligoclonal with aging!#, as we demonstrated in a simulation. However, further analyses
and experimentation would be needed to fully validate this hypothesis and to rule out
competing models that we have not considered.

We observed that expression of TCL1A, even in the absence of CHIP driver mutations,
was sufficient to promote clonal expansion of HSCs in vitro. Several studies have shown that
HSCs are especially sensitive to various stressors, such as the integrated stress response?®,
unfolded protein response®’, and loss of autophagic capacity*®. TCL1A has a known role in
promoting AKT oligomerization and activation®®, which could promote downstream growth



pathways such as mTORC1 while also inhibiting FOXO transcriptional activity®®. We found that
stress response and FOXO target genes, including genes involved in cell cycle arrest and
apoptosis, were suppressed in HSCs expressing TCL1A, consistent with AKT mediated inhibition
of FOXO in these cells. Studies in mice have shown that constitutive activation of PI3K/AKT>1>2
or deletion of FOX0>3>* can push HSCs into cycle, but also lead to loss of functional HSCs. In
accordance, directly activating mutations in genes of the PI3K/AKT pathway are not seen in
CHIP, possibly due to the same deleterious effect in human HSCs. Our results indicate that
expression of TCL1A does not lead to these deleterious effects, but the reasons for this are
unclear. It is possible that TCL1A expression activates AKT in moderation, which allows for
clonal expansion without long-term negative effects on HSCs. Alternatively, TCL1A may alter
other aspects of AKT activity that preserve stemness, or even have AKT-independent effects.
We anticipate that additional functional analyses of TCL1A will further elucidate its key role in
promoting clonal expansion of HSCs.
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Supplementary Figures

Supplementary Figure 1

A Flow gating scheme for identifying and sorting Lineage-CD34+ CD38-CD45RA-human
hematopoietic stem cells (HSCs) and multi-potent progenitors (MPPs) presented on Figure
3D,E,F, and 4B. 500-1000HSC/MPPs were sorted per well for the liquid culture expansion
assays. Purity of sorted cells was confirmed by performing flow on sorted cells. B Flow gating
scheme for identifying DAPI+ Lineage-CD34+ CD38-cycling hematopoietic stem cells (HSCs) and
multi-potent progenitors (MPPs) presented on Figure 4E.

Supplementary Figure 2

A Flow gating scheme for identifying KLS (Lin-Scal+ c-Kit+), LT-HSC (Lin-Scal+ c-Kit+ Flk2-
CD150+CD48-), ST-HSC (Lin-Scal+ c-Kit+ FIk2-CD150-CD48-), MPP2 (Lin-Scal+ c-Kit+ Flk2-
CD150+CD48+), MPP3 (Lin-Scal+ c-Kit+ FIk2-CD150-CD48+), and MPP4 (Lin-Scal+ c-Kit+ Flk2+
CD150-CD48+) populations in mouse bone marrow presented in Figure 4D and Extended Data
Figure 11C. B Flow gating scheme for identifying GFP+ granulocytes (CD3-CD19-CD11b+ Ly6G+
GFP+) in mouse peripheral blood presented in Figure 4C.
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