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ABSTRACT
Aging is associated with clonal hematopoiesis (CH) caused by somatic mutations in blood cell
progenitors. Mutations with ≥2% variant allele frequency (VAF), known as clonal hematopoiesis
of indeterminate potential (CHIP) mutations, have been linked to risk of hematological
malignancies and cardiovascular disease. Using an ultrasensitive single-molecule molecular
inversion probe (smMIP) sequencing assay, we identified clonal hematopoiesis driver
mutations (CHDMs) in a set of established CH driver genes in individuals with obesity from the
Swedish Obese Subjects study. In cross-sectional setting, with samples from 1050 individuals,
we identified 273 candidate CHDMs in 216 individuals, with a VAF ranging from 0.01% to 31.15%
and with clone sizes and prevalence increasing with age. Longitudinal analysis over 20 years in
40 individuals showed that small clones may grow over time and become CHIP. Greater speed
of clone growth was associated with insulin resistance (R=0.04, P=0.025) and low circulating
levels of high-density lipoprotein-cholesterol (R=-0.68, P=1.74E-05), suggesting that
dysfunctional metabolism may accelerate expansion of CH.
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INTRODUCTION
Somatic mutations occur at random throughout the course of life, particularly in rapidly dividing
cells. Although most somatic mutations have no consequences, some confer a competitive
advantage leading to outgrowth of mutant cells, termed clonal expansion1. Clonal
hematopoietic-driver mutations (CHDM) are somatic mutations that occur in hematopoietic
stem cells (HSC) and lead to clones detectable in peripheral blood cells. CHDMs have been
described in several genes, including DNMT3A, TET2, ASXL1, and JAK22-4. The accumulation of
somatic mutations is a hallmark of aging5-8 and the prevalence of CHDMs increases with age9,10.
Some studies suggest that clonal hematopoiesis may also be influenced by environmental
stressors such as inflammation, and the prevalence of CHDMs is increased in people who smoke
or have undergone chemo- or radiation therapy9,11-13. In addition, it has been suggested that
cellular stressors may promote the expansion of mutant clones14.

Individuals with CHDMs have increased risk of hematological cancers, but many CHDM carriers
present without hematological diseases1. When the variant allele fraction (VAF) of these
mutations in peripheral blood DNA is ≥2%, this state is termed clonal hematopoiesis of
indeterminate potential (CHIP)15. Unexpectedly, the presence of CHIP has been associated with
increased all-cause mortality and risk of several non-hematological diseases, including
myocardial infarction, heart failure and type 2 diabetes10,16-18. Mechanistic studies in mice with
loss of Tet2 function in hematopoietic cells indicate that the relationship between clonal
hematopoiesis and cardiovascular disease is causal and mediated by increased atherosclerosis
and inflammation17,19. Similarly, a recent study showed that clonal hematopoiesis driven by
Tet2 mutations aggravates insulin resistance in mice20, suggesting a causal role of clonal
hematopoiesis also in the development of type 2 diabetes.
The risk of cardiometabolic diseases increases with age21, an association that may be
strengthened by obesity. Obesity accelerates the normal aging process, reducing life
expectancy by 5 to 20 years22-25. Recent work suggests that CHDM prevalence in healthy older
women is higher in those with obesity compared to those with normal body weight26,
supporting the idea that obesity accelerates the age-related increase in clonal hematopoiesis.
The mechanisms that link increased prevalence of CHDMs and obesity are unknown, but
metabolic abnormalities (e.g. dyslipidemia and glucose dysregulation) that are associated with
obesity, cardiovascular disease and CHIP could play a role.
Clone size appears to correlate to risk of disease17,27, with higher risk of both cardiovascular
events and hematological malignancies in those with clones with VAF >10% compared to those
with smaller clones10. However, due to the detection limit of many assays, the clinical
implications of clonal hematopoiesis have so far mainly been studied for CHDMs with >1-2%
VAF. Unresolved questions include the health consequences of smaller clones and how they
evolve over time. In addition, the drivers of clonal outgrowth over time are largely unknown,
i.e. do certain CHDMs have a survival advantage and/or are other, potentially environmental,
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triggers involved. Furthermore, although it is currently assumed that most clones are stable
over time in healthy individuals28, this may not be the case for individuals with obesity.
Here we used an ultrasensitive assay to analyze clonal hematopoiesis in blood samples from
individuals with obesity from the longitudinal Swedish Obese Subjects (SOS) study. Our aims
were to determine the prevalence of clonal hematopoiesis driven by clones of variable sizes,
and to examine the development of clones over time in relation to age and metabolic
dysregulation over up to 20 years in individuals with obesity.
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METHODS
Subjects and samples
The present study includes participants from the control group of the SOS study, an
ongoing, prospective, controlled intervention study designed to compare outcomes in patients
with obesity treated by bariatric surgery and a matched control group given usual care.
Inclusion criteria were age between 37 and 60 years and body-mass index (BMI) of ≥34 for men
and ≥38 for women; participants were recruited between September 1, 1987, and January 31,
2001, as previously described29.
Seven regional ethics review boards approved the study protocol and written or oral
informed content was obtained. Blood samples were taken after an overnight fast. Biochemical
analyses were performed at the Central Laboratory, Sahlgrenska University Hospital, accredited
according to International Organization for Standardization/International Electrochemical
Commission 15189:2007 standards.
Two datasets were analyzed from the individuals given usual care: a large singletimepoint dataset and a smaller multiple-timepoint dataset with up to 5 timepoints over 20
years. For the single-timepoint dataset, 1746 DNA samples were extracted from blood samples
taken at a single timepoint for each patient. Of these, we excluded 668 samples because they
did not pass DNA quality control. Thus, 1078 DNA samples of sufficient quality and quantity for
sequencing were available. To analyze CHDMs over time, we selected 40 individuals for whom
a CHDM had been detected in the single-timepoint dataset and blood samples for DNA
extraction were available from baseline and up to four additional timepoints. The resulting
multiple-timepoint dataset consisted of 180 DNA samples taken at baseline and at the 2-, 10-,
15-, and/or 20-year examinations (n=40, 38, 40, 38, and 24, respectively).
CHDM detection by single-molecule molecular inversion probe (smMIP) sequencing
CHDMs were analyzed by ultra-sensitive sequencing, as essentially previously described
with minor modifications30 (Supplementary Figure S1). Briefly, smMIP sequencing of previously
established CH-related hotspots and the entire DNMT3A gene was performed on DNA
extracted from whole blood in batches of up to 380 samples per run. We processed two PCR
and sequencing replicates for each sample from our single- (N=1078) and multiple-timepoint
(N=180) datasets. We next applied two independent data-processing strategies, followed by a
targeted quality control to ensure reliable somatic variant calls, which resulted in high-quality
data for N=1050 (single-timepoint) and N=180 (multiple-timepoint) samples. For a more
detailed description of our CHDM detection approach see Supplementary Information.
CHDM definitions and classifications
CHDMs were subclassified, based on the arbitrary VAF threshold to define CHIP, into
small (VAF <2%) and large (≥2%) clones2.
In our multiple-timepoint dataset, we classified CHDMs based on their evolvement
during follow-up. CHDMs present in at least three timepoints for an individual were classified
as traceable trajectories, whereas CHDMs only observed at a single or two timepoints were
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classified as events. Traceable trajectories were then further subclassified based on clone
dynamics: 1) growing trajectories – where the absolute VAF of CHDMs at the final timepoint
was at least 0.5% higher than at the first timepoint, 2) shrinking trajectories – where the VAF
of CHDMs at the final timepoint was at least 0.5% lower than at the first timepoint, and 3) static
trajectories – where the VAF of CHDMs at the final and first timepoints differed by less than
0.5%. As our trajectory definition requires CHDMs to be present at three or more timepoints,
we annotated events with a VAF ≥2% at the final timepoint as ‘late-appearing clones’, as the
abrupt appearance of a CHDM with such a high VAF likely suggests a fast-growing clone and
therefore has the potential to be a growing trajectory. Finally, we computed relative VAF
metrics that define CHDM evolvement over time by comparing the VAF at each timepoint to
the first timepoint at which the clone was detected.
CHDMs in literature
To characterize the CHDMs identified here, and differentiate between novel candidate
and well-established driver mutations, we compared all CHDMs identified in this study with
those previously reported in ten large studies together reporting 7477 coding CHDMs
(Supplementary Table S1a). The comparison was performed for the single- and multipletimepoint CHDMs separately.
Statistical analyses
In our cross-sectional, single-timepoint dataset, differences in age were assessed by
means of Wilcoxon-rank sum tests. We subsequently used logistic regression models to
determine the impact of age on CHDM prevalence (total clones, and large clones only), and a
linear regression model for the effect of age on CHDM size (log-transformed VAF).
Our longitudinal, multiple-timepoint dataset enabled us to go beyond clone size and
determine the effect of age on clone growth, as dependent measurements allowed for tracing
a single clone over time. To this end, we first selected a single CHDM trajectory per individual.
We hypothesized that trajectories with higher VAFs are more important than trajectories with
lower VAFs, since literature has shown that clone size appears to be correlated to the risk of
disease17,27. As such, we prioritized growing or shrinking trajectories over static trajectories,
and selected for each individual the trajectory with the highest VAF detected at any follow-up
timepoint as the ‘most important’ trajectory. Individuals in which the most important trajectory
was shrinking were excluded from these analyses as we cannot exclude the fact that a
(potentially cancer-related) mutation outside our target region may have caused the detected
CHDM to shrink. We used a mixed linear model with random intercept and random slope,
allowing varying effects of age per individual trajectory, to determine the effect of age on
growth (VAF at each timepoint). To assess what could underlie these differences in effect size
of age on growth (speed of growth), we aimed to evaluate the role of parameters related to
glucose metabolism (glucose, insulin, homeostatic model assessment for insulin resistance
(HOMA)-index), lipid metabolism (high-density lipoprotein cholesterol (HDL-C)), HSC
proliferation (high-sensitivity C-reactive protein (hsCRP)), and obesity in general (systolic blood
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pressure (SBP), body mass index (BMI), and waist-hip-ratio). We finally correlated the resulting
random Beta estimates for age to clinical parameters averaged over the first three follow-up
timepoints, by means of Spearman correlation coefficients, and subsequently expanded the
mixed linear model with significant averaged clinical parameters.
All statistical analyses were performed in R version 3.6.1 (R Core Team, URL
https://www.R-project.org/), p-values <0.05 were considered statistically significant unless
otherwise specified. For more details on specific analyses see Supplementary Information.
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RESULTS
Subjects with available sequencing data
We obtained high-quality sequencing data for 1050 individuals of our single-timepoint
dataset and all 180 individual timepoints from our 20-year multiple-timepoint dataset (Figure
1a). The average coverage over the entire CH-smMIP panel for each of two technical replicates
per sample was 2840x and 3891x for our single- and multiple-timepoint datasets, respectively
(Supplementary Figure S2).
The age of individuals in our single-timepoint dataset at the time of DNA sampling
ranged from 37.3 to 71.2 years (mean 52.4 years). Women were overrepresented (70.1% vs
29.9% men), but the age distribution was comparable in women and men (Figure 1b).
Anthropomorphic measurements at baseline reflected the inclusion criteria for this cohort with
obesity (Figure 1b, Supplementary Table S2).
For the 20-year multiple-timepoint dataset, more than half of the individuals (N=21)
had DNA available from five timepoints (baseline/0-, 2-, 10-, 15-, 20 years), 18 individuals had
DNA from four timepoints and one had DNA from three timepoints available for analysis
(Supplementary Table S3). Women were again overrepresented (75.0% vs 25.0% men) (Figure
1c). BMI, serum cholesterol, and plasma glucose levels remained virtually stable over 20 years
(Figure 1c).
CHDM prevalence and clone size
In our single-timepoint dataset of 1050 individuals, we identified a total of 273
candidate CHDMs, consisting of 135 different mutations, in 216 individuals (Supplementary
Table S4). A single CHDM was detected in 172 individuals (16.4%), and 44 individuals (4.2%)
carried more than one CHDM (Figure 2a). The VAF of all 273 candidate CHDMs ranged from
0.01% to 31.15%, with a mean of 2.72% and median of 0.70% (Figure 2b). Seventy out of 273
CHDMs had a VAF ≥2%, the arbitrary threshold defining mutations as CHIP. Thus, the sensitivity
of our smMIP assay enabled the detection of 203 CHDMs with a VAF <2% (Figure 2b). We
observed an increasing prevalence of CHDMs in older age categories, and mutations in
DNMT3A were the most common in all age categories (Figure 2c). CHDM carriers were
significantly older than non-carriers (54.6 and 51.9 years, respectively, P=2.43E-06) (Figure 2d).
The prevalence of both small (VAF <2%) and large clones (VAF ≥2%) increased with age, and
the proportion of large clones was highest in the oldest age category (Figure 2e). Accordingly,
the mean age was significantly higher in large- versus small-clone carriers (57.2 and 53.4 years,
respectively, P=2.36E-04) (Figure 2f). The association between clone prevalence and age was
stronger when only large clones were considered (odds ratio (OR)age=1.05, 95% confidence
interval (CI) [1.03-1.08] and ORage=1.11, 95% CI [1.07-1.16], as determined by logistic regression
models for total clones and large clones, respectively) (Figure 2g). By means of linear
regression, we also observed a significant association of age with clone size (log-transformed
VAF) (Figure 2h), with an effect estimate of 0.059 (P=2.58E-05), which translates to a 6% increase
in clone size per year.
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Evolution of CHDMs over up to 20 years
A multiple-timepoint dataset was created by selecting 40 individuals in whom we
identified a CHDM in the single-timepoint dataset and for whom blood samples for DNA
extraction were available at three or more timepoints. We obtained a total of 180 DNA samples
collected at up to five timepoints over 20 years (0-, 2-, 10-, 15-, 20-years, see Supplementary
Table S3 for more details). The mean VAF of all detected CHDMs increased with follow-up time
(Figure 3a), supporting our observation in the single-timepoint dataset that clone size positively
correlates with age.
In the multiple-timepoint dataset we identified 115 CHDMs, comprising 53 unique
mutations with up to 6 mutations per individual (Supplementary Table S6). Out of the 115
CHDMs, 38 were categorized as events and 77 were defined as traceable trajectories, with 22
individuals carrying more than one trajectory (see Methods for details on these definitions)
(Figure 3b). We then inspected the dynamics of all 77 trajectories, by comparing the VAF at first
and last timepoint of detection, and identified 30 growing, 42 static, and 5 shrinking trajectories
(Figure 3c). The 30 growing trajectories were detected in 21 (52.5%) individuals, carrying
mutations in DNMT3A, CBL, GNAS, JAK2, TET2, GNB1, and IDH2 (Figure 3c). For 24 out of the
30 growing trajectories, the CHDM was initially detected as a small clone (VAF <2%); nine of
these 24 had become large clones (VAF ≥2%, CHIP) at the last timepoint of detection. For the
remaining six growing trajectories, the clone was already above the CHIP level at the first
timepoint it was detected. In addition, there were three late-appearing clones in three
individuals – CHDMs that appeared at the last measured timepoint as a large clone (VAF ≥2%).
The 42 static CHDM trajectories were detected in 24 individuals, carrying mutations in ASXL1,
BRCC3, DNMT3A, GNAS, GNB1, IDH2, NRAS, TET2, and TP53 (Figure 3c). With the exception of
one timepoint in one individual, all static CHDM trajectories were below the CHIP level. The five
shrinking CHDM trajectories were detected in five individuals, carrying mutations in DNMT3A,
GNB1, and JAK2 (Figure 3c). Three started as large clones, two of which shrunk below CHIP.
By comparing all detected CHDMs per individual and between individuals, we observed
that the evolution of CHDMs over time varied substantially both between individuals and
mutations (Supplementary Figure S4). Figure 3d shows examples of CHDM evolution over 20
years for three individuals. Individual 12 had six different clones, none of which seemed to have
a clear advantage over the others. In contrast, for individual 19, GNB1 [p.(Lys57Glu)] appeared
to have a growth advantage, as DNMT3A [p.(Asp702Glu)] started shrinking when GNB1
[p.(Lys57Glu)] expanded. In individual 14, we detected four CHDMs, two of which (TET2
[p.(Glu873*)] and DNMT3A [p.(Phe732Ile)]) grew to a VAF of almost 40% after 20 years, but
were far below the CHIP level at the first time of detection.
CHDM characteristics and comparison to well-established driver mutations
As expected and in line with previous reports, DNMT3A was the most frequently
mutated gene in both our single- and multiple-timepoint dataset (Figure 4). We also identified
several loss of function (LoF) mutations in TET2 and ASXL1, and frequently recurring (i.e.
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identified each at least five times in the single-timepoint data of our cohort) missense
mutations in GNAS [p.(Cys843Arg) and p.(Arg844His)], GNB1 [p.(Lys57Glu)], TP53
[p.(Arg174Gly)], and JAK2 [p.(Val617Phe)]. The majority of CHDMs in the single-timepoint
dataset involved the same genes as the growing clones from the multiple-timepoint dataset
(Figure 4a and b). The amino acid residues most frequently affected by CHDMs in the singletimepoint dataset were similarly enriched in trajectories that grew in our multiple-timepoint
dataset (Figure 4c).
Our full gene coverage of DNMT3A allowed us to examine the location of CHDMs in this
gene. We observed that DNMT3A missense mutations detected in our single-timepoint dataset
clustered around the three known protein domains: PWWP, ADD and SAM-dependent MTase
C5-type (Figure 4d). In our 20-year longitudinal dataset, all LoF mutations in DNMT3A were
defined as traceable trajectories apart from one late-appearing clone, whereas one third of
DNMT3A missense mutations were classified as events and two thirds as trajectories (Figure
4e). Of all the LoF mutations in DNMT3A, five out of six early stops or frameshifts (before amino
acid 432) were classified as growing (four trajectories and one late-appearing clone), while
none of the six later LoF mutations fit this classification. Figure 4f shows that the clustering of
CHDMs in DNMT3A previously reported in the literature is comparable to that in both of our
datasets, substantiating their role as established driver mutations.
The majority of mutations identified in this study have previously been described
(Supplementary Table S1a). Of all the 273 detected single-timepoint mutations, 226 (82.8%)
were identical to previously identified CHDMs from the literature or showed an LoF mutation
in DNTM3A, TET2 or ASXL1. Of those 226, 61.9% were well-established drivers (≥5 counts in
literature) and 10.3% were new substitutions at previously described amino acid positions; the
remaining 7.0%, corresponding to 5 different mutations, were therefore novel candidate
CHDMs (Supplementary Table S1b).
Of all the 115 mutations identified in the multiple-timepoint measurements, 71 (61.7%)
have been reported in the literature or represent LoF mutations in DNMT3A, TET2 or ASXL1,
this refers to 39 (73.58%) when only counting different mutations. Amongst the CHDMs
classified as events (i.e. mutations only seen at one or two of the timepoints), the overlap with
the literature was lowest (12/38; 31.6%). In contrast, the overlap was higher for all CHDMs
classified as trajectories: static trajectories (27/42; 64.3%) shrinking trajectories (5/5; 100%)
and growing trajectories (27/30; 90.0%) (Supplementary Table S1c).
Clinical correlations of CHDMs over time
Our multiple-timepoint dataset enabled us to go beyond clone size and examine a
potential association between age and actual clone growth. As some individuals carried
multiple trajectories over the course of 20 years (Supplementary Figure S4), we first selected
the most important trajectory per individual, prioritising growing clones and clones with largest
VAF at any timepoint (see Methods section for further details). We excluded individuals in
whom the most important trajectory was shrinking (n=5), as we aimed to identify factors
associated with clone growth. Because we expected variation in growth patterns in our 32
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selected trajectories (Supplementary Figure S5), we used a mixed linear model including
random intercept and random slope, to determine the association between age and clonal
growth. This model outperformed alternatives with fixed effect estimates as indicated by the
Akaike information criterium (AIC) (Supplementary Table S6). We identified an average
proportionate increase of 7% in VAF per year, ranging from -4% to 27% (Figure 5a), confirming
the expected differences in speed of growth per trajectory. These inter-individual differences
of clone growth were also observed for five identical mutations in different individuals
(Supplementary Figure S6). For example, Figure 5b shows that trajectories of DNMT3A
[p.(Arg882Cys)], identified in four individuals, and DNMT3A [p.(Arg882His)], identified in two
individuals, increased with different speeds. We next examined if clinical characteristics were
associated with these different speeds of growth, as expressed by the effect of age, by
correlating all individual trajectory effect estimates from our mixed linear model to metabolic
clinical parameters averaged over the first three follow-up timepoints (Figure 5c). We identified
significant positive correlations for speed of growth with insulin (Spearman R=0.42, P=0.018)
and with insulin resistance measured by HOMA-index (Spearman R=0.40, P=0.025), whereas
HDL-C negatively correlated to the speed of growth (Spearman R=-0.68, P=1.74E-05) (Figure 5df).
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DISCUSSION
In this study we generated and analysed single- and multiple-timepoint (longitudinal) data on
CHDMs in middle-aged individuals with obesity. Approximately 20% of individuals from our
cohort had CHDMs detectable by an ultrasensitive assay designed to target known and novel
candidate driver mutations. Both CHDM prevalence and clone size increased with age.
Importantly, a significant fraction of clones grew, including several initially small clones. In
addition to the age-related increase in clone size, clone growth was further accelerated in
individuals with metabolic dysfunction.

The importance of clonal hematopoiesis has mainly been studied for mutations above the CHIP
level of 2% because of: (1) methodological difficulties in detecting small clones and (2) the
assumption that clones must reach a critical size to be clinically meaningful2. CHIP mutations
are associated with a wide range of diseases, including hematological malignancies and
cardiovascular disease27. However, the health consequences of smaller clones are largely
unknown and it is unclear how mutations with low VAF evolve over time. Our ultrasensitive
assay allowed us to detect small clones, and almost 75% of all CHDMs in the single-timepoint
data were below the CHIP level definition. Approximately 80% of all CHDMs (both total and
small clones) that we found overlapped with CHDMs that have been described in the literature,
indicating that the higher sensitivity of our assay did not result in increased false positive
findings. In addition, we observed an age-related increase in the prevalence of both small and
large clones, and repeated measurements over two decades showed that small clones may
grow beyond the CHIP level. This indicates that small clones are also linked to aging and possibly
age-related phenotypes, and that with time small clones may become large enough to become
clinically relevant. The importance of small clones is supported by a recent study in which VAFs
significantly lower than the CHIP level for DNMT3A and TET2 mutations were associated with
impaired survival in patients with chronic ischemic heart failure31.
CHDM prevalence comparisons are heavily dependent on the technology applied32. The ultrasensitive assay used in this study detects smaller clones as well as additional mutations in the
full coding sequence of DNMT3. Our previous work using an assay similar to that used in the
current study indicated an overall prevalence of CHDMs of 9.6% in 2,000 individuals from the
general Dutch population with an average age of 45 years, while a subgroup of 400 individuals
with age similar to the current cohort had a prevalence of 13.2%30. The 20% CHDM prevalence
in the single-timepoint dataset, with an average age of 53 years, is high compared to most other
reports2,32. This suggests that clonal hematopoiesis is increased in individuals with obesity,
which is in line with one recent study26. Obesity is a complex phenotype, often associated with
a wide range of metabolic abnormalities and diseases, accelerated aging and shortened
lifespan. Accumulating evidence shows that there must be factors beyond traditional risk
factors that contribute to the link between obesity and cardiovascular disease1,2. It is therefore
tempting to speculate that clonal hematopoiesis could in part explain increased cardiovascular
disease and decreased life expectancy in people with obesity.
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For the CHDMs identified in the single-timepoint dataset, the clone size was on average 6%
larger for each year of age. However, a unique feature of our study was the collection of up to
five samples taken over 20 years from 40 well-characterized individuals, which allowed
measurement of clonal evolution over time and determination of actual clone growth. When
we assessed growth of specific clones within individuals, the average annual growth was 7%.
However, there were large inter-individual differences in the speed of clone growth, also in
individuals sharing the same CHDM, suggesting that factors other than the mutation itself
influence clone growth.
More than half of the individuals in the multiple-timepoint dataset, who were selected on the
basis that clones were present, had growing clones, which is an unexpectedly high
proportion28,33,34. This could be explained by the long timeframe of tracing and/or by the severe
obesity and obesity-related metabolic abnormalities in our cohort, in contrast to previous
longitudinal studies of mainly healthy individuals. Importantly, nine out of the 30 growing
trajectories identified in our study were initially small clones that grew over the sampling period
to beyond the CHIP level. Our longitudinal data thus showed that clones can be detected many
years before they reach the CHIP level.
Our longitudinal observations indicated that increased speed of clone growth was associated
not only with age but also with insulin resistance and low HDL-C, both well-established risk
factors for cardiovascular disease35. These findings are of interest in light of the recent
observation that humans with atherosclerosis have increased HSC division rates36. Increased
HSC proliferation may promote clonal hematopoiesis both by increasing the risk of acquiring
CHDMs and by facilitating the expansion of mutant clones36. Animal studies indicate that HDLC and the adenosine triphosphate–binding cassette (ABC) cholesterol efflux transporter
ABCG1, which promotes cholesterol efflux from macrophages to HDL-C, inhibit HSC
proliferation and thereby reduce circulating numbers of leukocytes37. A recent Mendelian
randomization study in humans supports a causal inverse relationship between HDL-C and
leukocyte counts38. Similarly, insulin resistance has been associated with high white blood cell
count in humans39-41. It is therefore possible that the observed association between metabolic
dysfunction and clone growth is linked to increased HSC proliferation. A combination of our
results and earlier studies showing that loss of Tet2 function in HSCs leads to increased
atherosclerosis17,19 and insulin resistance20 suggest that a vicious cycle might exist, whereby
dysfunctional metabolism increases the risk of developing pro-inflammatory CHIP that, once
formed, further increases the risk of worsening insulin resistance and atherosclerosis.
The increased risk associated with CHIP for several severe diseases and overall mortality raises
the question of how this risk could be mitigated. In individuals with established CHIP,
interventions may target the pro-inflammatory activity of CHIP18. Mice with experimental CHIP
show increased pro-inflammatory drive of the NLRP3/IL-1b/IL-6 axis and atherosclerosis2,42,
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and humans carrying a genetic deficiency in IL6 appear to have reduced cardiovascular risk
related to CHIP43. In addition, treatments that increase HDL-C and/or reduce insulin resistance
may potentially target the risk associated with CHIP by preventing expansion of clones and
formation of pro-inflammatory CHIP.
Limitations of this study include the use of a targeted assay which may miss mutations in other
genes or outside targeted hotspots. Furthermore, our study is limited by the lack of individuals
with normal body weight for comparison. Strengths of this study are the ability to detect small
clones down to VAF 0.01%, and the longitudinal measurements in general - which allowed us
to examine how CHDMs develop over up to 20 years, and to examine the association with
clinical characteristics.
In conclusion, this study showed that approximately one in five middle-aged individuals with
obesity in our cohort had CHDMs, and that a proportion of these clones expanded to become
CHIP, mutations that have been linked to hematological cancers and cardiovascular and
metabolic diseases. We also demonstrated that accelerated growth of clones was associated
with insulin resistance and low HDL-C, suggesting biological mechanisms that may open up
opportunities for strategies to reduce the risk of clones expanding to CHIP level.
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MAIN FIGURE LEGENDS
Figure 1. Flowchart of CHDM identification in single- and multiple-timepoint datasets. (a)
Single-molecule molecular inversion probes (smMIPs) were used for targeted sequencing of 24
CH-related genes/hotspots to enable reliable detection of CHDMs. For more details, see
Supplementary Figure S1. (b) Our single-timepoint dataset consisted of 1050 individuals (70.1%
women and 29.9% men) with an average age of 52.4 years and average BMI of 40.4 kg/m2. (c)
Our multiple-timepoint dataset consisted of 40 individuals (75.0% women and 25.0% men) for
whom a CHDM had been detected in the single-timepoint dataset in combination with the
availability of sufficient follow-up blood samples. The average age was 48.6 years at baseline
and 67.5 at the last follow-up. BMI, serum cholesterol and plasma glucose remained virtually
unchanged during follow-up.
Figure 2. Single-timepoint CHDM prevalence and clone size in relation to age. (a) Percentage of
individuals in our single-timepoint dataset (total n = 1050) with no, a single, two, three or four
CHDMs. (b) The variant allele frequency (VAF) of identified small (VAF <2%) and large (VAF ≥2%)
CHDMs in our single-timepoint dataset. (c) Total CHDM prevalence and the affected genes per
age category. (d) Age of non-carriers and CHDM carriers. The black bars and annotated
numbers show the mean values; the Wilcoxon-rank-sum test P-value is shown at the top of the
plot. (e) Prevalence of small and large clones per age category. (f) Age of small-clone carriers
and large-clone carriers. The black bars and annotated numbers show the mean values; the
Wilcoxon-rank-sum test P-value is shown at the top of the plot. (g) Visualization of probability
curve of logistic regression models using all clones (total clone in green) or large clones only (in
dark blue) as dependent variable, and age as predictor for both models. The odds ratios (ORs)
with accompanying 95% confidence intervals for both models are annotated in the plot. For
details on model parameters, see Supplementary Table S5a and S5b, and model fit, see
Supplementary Figure S3. (h) Visualization of linear regression model using clone size of all
CHDMs (log-transformed VAF) as dependent variable and age as predictor. For details on model
parameters, see Supplementary Table S5c.
Figure 3. Clone size of CHDMs at multiple time points over 20 years in individuals with obesity.
(a) The variant allele frequency (VAF) of all detected CHDMs per follow-up timepoint, with
mean and median VAF indicated. (b) Relative changes in clone size of CHDMs over 20 years and
according to chronological age. Trajectories are connected by red, green and blue lines
indicating growing, static and shrinking trajectories, respectively. Single- or multiple-timepoint
events are shown in yellow, a dashed circle indicates late-appearing clones. (c) Categorization
of CHDMs into events (single or multiple) and trajectories. Trajectories are further categorized
into growing, static and shrinking, and their VAF as well as the proportion of genes in which
these trajectories were detected are shown. (d) Examples of CHDM evolution with follow-up
time in three individuals with obesity.
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Figure 4. CHDMs identified in the single- and multiple timepoint datasets and comparison to
literature. (a) The gene distribution of identified CHDMs in the single-timepoint dataset (total
number of CHDMs=273). (b) The gene distribution of growing CHDM trajectories in the
multiple-timepoint dataset (total number of growing trajectories=30). (c) The number of
CHDMs resulting in specific amino acid changes in the single-timepoint dataset at the protein
level. Labels indicate CHDMs that have been defined as growing trajectories in our multipletimepoint dataset. (d) Amino acid changes caused by DNMT3A mutations in our singletimepoint dataset annotated on a schematic visualization of the DNMT3A protein. Mutations
affecting the same amino acid residue five or more times have been annotated and the label
specifies the reference amino acid, position and number of mutations in superscript. Labels:
R326(6) = R326H (n=3), R326C (n=3); R635(5) = R635W (n=3), R635Q (n=1), R635L (n=1); R729(12)
= R729W (n=9), R729Q (n=1), R729G (n=1), R729L (n=1); Y735(10) = Y735C (n=9), Y735S (n=1);
R736(12) = R736C (n=5), R736H (n=5), R736G (n=2); D768(10) = D768G (n=9), D768V (n=1); R771(6)
= R771stop (n=6); R882(21) = R882H (n=11), R882C (n=8), R882S (n=2). (e) Amino acid changes
caused by DNMT3A mutations in our multiple-timepoint dataset annotated on a schematic
visualization of DNMT3A protein. CHDMs that have been categorized as trajectories have been
given a coloured dot: red for growing (with a dashed yellow circle for ‘late-appearing clone’),
green for static and blue for shrinking. Labels constitute the reference amino acid in single letter
code, position, and alternative amino acid, and are provided only for growing and shrinking
trajectories (as represented by the number in superscript), and not for static trajectories or
events (with the exception of ‘late-appearing clone’). (f) DNMT3A mutations (amino acid
changes) observed at least five times in literature annotated on a schematic visualization of
DNMT3A protein. Missense mutations observed >25 times, and LoF mutations observed >10
times have been annotated and the label specifies the reference amino acid, position and
number of calls in superscript. For a complete table of all CHDMs observed in literature, see
Supplementary
Table
S1a.
DNMT3A
protein
annotation
source:
https://www.uniprot.org/uniprot/Q9Y6K1.
Figure 5. Speed of CHDM growth and clinical associations. (a) VAF in relation to age for the 32
most important trajectories. The average mixed linear model (MLM) regression line and
equation is shown in black. All individual MLM regression lines are shown in various colours, in
purple the trajectory with maximum slope and accompanying equation, in orange the
trajectory with minimum slope and accompanying equation. For details on model parameters
see Supplementary Table S7a. (b) VAFs and slopes for CHDMs in DNMT3A [p.(Arg822Cys)] in 4
individuals and DNMT3A [p.(Arg882His)] in 2 individuals. (c) Heatmap of Spearman R
correlations between all individual trajectory effect estimates from our MLM to averaged
(based on the first three follow-up timepoints) metabolic clinical parameters. (d) Positive
Spearman R correlation between individual trajectory effect estimates and insulin. (e) Positive
Spearman R correlation between individual trajectory effect estimates and HOMA-index. (f)
Negative Spearman R correlation between individual trajectory effect estimates and HDL-C.
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