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ABSTRACT

Clonal hematopoiesis (CH) is the age-related expansion of mutated hematopoietic stem cells
without hematologic abnormalities. In patients with solid tumors, CH is associated with higher
mortality and may evolve to therapy-related myeloid neoplasms; however, the mechanisms by
which cancer treatments promote CH dynamics remain largely unknown. Here, we analyzed 392
serial samples from a prospective cohort of patients with breast cancer and showed that cytotoxic
treatments led to strong therapeutic bottlenecks, resulting in significant reductions in
hematopoietic allelic populations and differential clonal selection. Positively selected CH that
expanded through dose-dependent therapeutic bottlenecks harbored mutations in TP53, PPM1D,
SRCAP, DNMT3A, and YLPM1. Patients with positively selected CH during treatment had the
shortest progression-free and overall survival compared to patients with unchanging or negatively
selected CH across all therapies. These findings, validated in independent breast cancer and pan-
cancer cohorts, provide strong evidence for clinical relevance of monitoring CH during cancer

treatment.
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INTRODUCTION

Clonal hematopoiesis (CH) is caused by the expansion of hematopoietic stem cells that carry
somatic alterations in genes recurrently mutated in myeloid neoplasms. CH mutations with variant
allele frequencies (VAFs) 22%, defined as clonal hematopoiesis of indeterminate potential (CHIP),
are associated with increased overall mortality, cardiovascular disease, and progression to
hematologic neoplasms(1-4). CH mutations are more common in individuals with solid tumors
compared to healthy population-based cohorts(5) and are routinely detected in blood and tumor

specimens(6-8).

The growth pattern and Darwinian evolution of mutation-driven CH resemble cancer and are
shaped by gene-specific fitness effects, hematopoietic cell-specific rates of mutation, and
imposed adaptive pressure on hematopoiesis(9-14). Cross-sectional studies have demonstrated
a higher prevalence of CH mutations, particularly at CHIP-defining levels, following exposure to
cancer therapy(15). Longitudinal studies in cancer-free populations and patients with solid tumors
have further shown mutation-specific CH evolution and progression to myeloid malignancies(16-
20). Analyses in patients with solid tumors reveal distinct mutational patterns and clinical
associations under cancer treatment(21-25); however, the evolutionary mechanisms driving

differential CH clonal dynamics and their relationship to clinical outcomes are largely unknown.

Extrinsic selection pressures imposed by cancer therapy may induce hematopoietic stress that
promotes CH clonal expansion or leukemic transformation, or conversely, lead to depletion of
mutated hematopoietic populations after treatment for solid tumors(26-28). Restricting therapeutic
bottlenecks result in deep reductions in hematopoietic allelic populations, establishing an
evolutionary setting in which fitter clones preferentially expand, while less fit or neutral clones may

or may not persist due to highly stochastic random drift.

To investigate the impact of cancer treatment on mutation-driven CH, we analyzed 392 serial
peripheral blood samples collected before, during, and after treatment from patients with breast
cancer. We quantified treatment-specific selective pressures, clonal fithess, and effective
hematopoietic population sizes, and evaluated associations between CH dynamics and clinical
outcomes. Findings were validated in independent cohorts of patients with breast and pan-cancer

tumors.
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RESULTS
CH Mutational Spectrum at Breast Cancer Diagnosis

Mapping the mutational landscape of clonal hematopoiesis (CH) mutations in samples collected
before treatment initiation (range, 1 day to 7.7 months) revealed 160 protein-changing CH
mutations (VAF 20.01%) in 55% of patients (94/171) (Figure 1A-B). Patients with CH at diagnosis
were older than those without CH (median age, 62 vs 52 years; P<0.001) (Table 1). The
prevalence of CH increased with age, reaching 75% among patients aged 65 to 75 years (Figure
1C). The median number of CH mutations within an individual was 1 (range, 0-5) and was
associated with age (P=0.04) (Figure 1D).

In DNMT3A, TET2, and ASXL1, the most frequently mutated CH genes in healthy populations(29,
30), we detected missense, loss-of-function nonsense, and frameshift mutations in 60% of
patients with CH mutations (60/94) (Figure 2A, Table S2). To assess evidence of clonal
selection(31), we compared observed mutation classes with expectations based on nucleotide
composition. In 83% of genes with at least 5 nonsynonymous mutations (5 of 6), nonsense
substitutions were enriched 7- to 18-fold relative to neutral expectations (FDR<0.001) (Figure
2B). Although the limited number of missense substitutions in the remaining genes did not provide
power to assess their clonal selection (Table S3), these results corroborate the extent of

population-level, positive selection of loss-of-function mutations in CH(9).

CH Mutational Diversity at Breast Cancer Diagnosis

The most frequent co-occurring CH mutations involved DNMT3A, which was found co-mutated
with TET2 (n=5; odds ratio (OR)=4.50, P=0.14), YLPM1 (n=4; OR=0.83; P=0.73), and ZNF318
(n=3; OR=1.20; P=0.57) (Figure 2C), although not reaching statistical significance. At least one
CHIP mutation (strictly defined throughout the paper by VAF 22%) was detected before treatment
in 33% of patients with CH (31/94), most commonly in DNMT3A (n=15) and TET2 (n=3) (Figure
2D). Among patients with more than one CH mutation (n=41), clonal diversity measured by the
coefficient of variation of VAFs had a median of 0.68 (range, 0.10-1.44) and was significantly
higher in patients with at least one CHIP mutation compared with those without CHIP-level
mutations (rank-sum P=0.001, Figure 2E), even after excluding mutations with VAF 22% from
the analysis (rank-sum P = 0.02, Figure S3A). These results underscore the notion that as early
CH clones grow in abundance, a larger number of CH mutations may accumulate and give rise

to increased clonal diversity.
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CH Mutational Rise and Fall During Breast Cancer Treatment

To evaluate clonal dynamics under treatment, we analyzed 230 serial peripheral blood samples
(1-4 per patient) collected at a median of 5.5 months after treatment initiation (range, 0.01-132.3
months) (Figure 3A; Figure S2). All CH mutations detected after treatment initiation were present

in pretreatment samples, enabling longitudinal tracking of VAF changes (Figure 3B).

Short-term Impact of Treatment on CH Allele Frequency. Within the first 18 months after
treatment initiation, the maximum normalized monthly change in VAF was highest among patients
receiving chemotherapy (0.13+0.04% per month), followed by combination chemotherapy and
radiation (0.08+0.02% per month) and radiation alone (0.07+0.02% per month) (Figure 3C; Table
S4). In contrast, patients receiving hormonal therapy alone showed no measurable change in CH
VAFs during this period (-0.005£0.02% per month).

The fitness landscape of CH is gene and mutation dependent(9, 12, 14). Gene-specific analyses
showed that among patients treated with chemotherapy alone, TP53-CH exhibited the greatest
average standardized VAF increase (0.40+0.28% per month), followed by YLPM1 mutations
(0.19+0.12% per month) (Figure 3D; Table S4). Radiation therapy was associated with
measurable VAF increases in ATM-mutated clones (0.18+0.13% per month). No gene-specific
VAF changes were observed among patients receiving hormonal therapy alone, and DNMT3A
mutations showed significantly smaller VAF changes compared with other treatment modalities
(rank-sum P<0.02) (Figure S3B). All CHIP-level mutations detected before treatment remained
at CHIP-level VAFs after treatment (Figure S3C).

Long-term Impact of Treatment on CH Allelic Abundance. To assess long-term effects, we
analyzed 10 samples from 6 patients collected 22 to 133 months after treatment initiation. CH
mutations showed continued changes in VAF over time, with the largest increases observed
among patients treated with cytotoxic chemotherapy. In two patients, DNMT3A mutations

increased by more than 0.1% VAF per year across 4 to 8 years of follow-up (Table S4).

CH Evolutionary Dynamics during Breast Cancer Treatment.

Effective Allelic Population Size During Treatment. To quantify selective pressures during
treatment, we estimated the effective allelic population size (Ner) using pre- and post-treatment
VAFs, adapting the method for estimating pathogen transmission population size(32-34). We
interpret Ney as an estimate that captures the magnitude of stochastic drift in mutated

hematopoietic populations during treatment, rather than as the absolute number of hematopoietic
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stem or progenitor cells. As such, Nes reflects the relative size of the therapeutic bottleneck acting
on the evolving hematopoietic compartment, where smaller values indicate stronger drift and

greater clonal fluctuation.

In our cohort during the first 18 months of treatment, median N.+ was the highest among patients
receiving hormonal therapy (median, 3,804 alleles; range, 397-53,206) and radiation (median,
2,765; range, 62—1,000,000). In contrast, Nes was significantly lower among patients receiving
chemotherapy (median, 496; range, 16—135 888) similar to combination chemotherapy and
radiation (median, 277; range, 42—798,800), pointing to substantially more restrictive therapeutic

bottlenecks imposed by cytotoxic treatment of breast cancer (Figure 3E).
CH Mutational Fitness During Treatment.

Using patient-specific effective allelic population size (Ne#) estimates and longitudinal VAF
measurements, we quantified evolutionary fitness of CH mutations relative to the wild-type alleles
during treatment. Specifically, we evaluated whether the observed change in VAF after treatment
could be explained by neutral genetic drift alone. For each mutation, we calculated the probability
of observing the post-treatment VAF given its pre-treatment VAF assuming a neutral sampling
process from an allelic population size of N¢+ and classified the CH mutations as positive or
negative selection only when the observed VAF change was unlikely to arise from drift alone.
Mutations showing significant expansion beyond drift expectations, with fithess likelihoods
exceeding 10,000-fold (>5 orders of magnitude) relative to wild-type alleles, were classified as
positively/negatively selected, whereas those showing substantial contraction were classified
under the no selection group. The direction of selection was then determined by the sign of the
VAF change.

In our cohort, within the first 18 months from treatment start, the highest mutational fithess was
observed under chemotherapy. Among patients treated with chemotherapy or combination
therapy, 27% (22/81) had positively selected mutated clones (Table S5). Under radiation,
DNMT3A mutations showed the highest relative fithess (Figure 3F). The fittest PPM1D mutant
clones had truncating mutations in exon 6, linked to a chemoresistance phenotype(35), and
positively selected DNMT3A mutations were in the PWWP/chromatin-binding (exons 8-9) and
DNA methylase (exons 16-19) domains (Figure S4).

CH Mutational Dynamics Across Treatment Modalities and Dosage Levels. CH has been
shown to differentially respond to cancer treatment based on the mechanism of action and

dosage. Among patients with pretreatment CH, 38% (36/94) exhibited dynamic VAF changes

7



185

186

187

188

189

190

192

193

194

195

196

197

198

199

200

201

202

203

204

205

206

207

208

209

210

211

212

213

214

215

216

within the first 18 months, including 9% (3/35) receiving hormonal therapy, 21% (7/55) radiation,
30% (21/69) chemotherapy, and 42% (5/12) combination therapy. In 3% of patients (3/94), all

treated with radiation, both increases and decreases in CH VAFs were observed.

Effective allelic population sizes were smaller among patients with positively or negatively
selected CH compared with those with stable CH, with the most pronounced contractions
observed among patients receiving chemotherapy or combination therapy, suggesting that
therapeutic elimination of wild-type cells may be a major driving factor behind the observed

evolutionary fitness of selected CH mutations (Figures 4, 5A; Figure S5).

Patients with and without CH had similar levels of chemotherapy exposure. Among patients with
CH and treated with chemotherapy (n=36), increasing cumulative cytotoxic exposure was
associated with higher frequencies of CH dynamics (chi-square P=0.003). In addition, patients
with high or medium cumulative exposure had significantly smaller Ne# during cytotoxic therapy
relative to patients with low-dosage treatment; rank-sum P=0.025 and P=0.013, respectively
(Figure 5B). No significant association was observed between radiation dosage and Nes. In fact,
it is the dose-dependent severity of bottlenecks imposed by systemic cytotoxic therapy that yields
shrinking hematopoietic populations which, together with mutation-specific resistance of CH

clones to chemotherapeutic drugs(36), may result in increased CH VAFs during treatment.

CH Mutational Dynamics Validation Across Independent Cancer Cohorts

Analysis of independent cohorts from Dana-Farber Cancer Institute (early stage breast cancer,
n=62)(22) and Memorial Sloan Kettering Cancer Center (solid tumors, n=394)(5) confirmed
smaller effective allelic populations and stronger selective pressures among patients treated with
cytotoxic therapies compared with those receiving hormonal therapy or no cytotoxic treatment
(Figure 5C-D, Figure S6-7). Moreover, there was a consistent relationship between cytotoxic
exposure levels and CH dynamics across all cancers (MKSCC cohort), where positive or negative
selection of mutations was significantly associated with higher chemotherapy (chi-squared
P=0.001) or radiation dosage (chi-squared P=1e-04) (Figure S7). Ner sizes were significantly
smaller in patients who received the highest cumulative dosage of chemotherapy (rank-sum
P=1e-05, Figure 5E) or were exposed to high or medium levels of radiation compared to no
cytotoxic treatment (rank-sum P=2e-04 and P=8e-04, respectively, Figure 5F). These results
confirm the relationship between cytotoxic treatment dosage and quantified reduction in
hematopoietic populations(37), pointing to CH clonal dynamics as a biomarker for outcome across

cancers.
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Association of CH Dynamics With Clinical Outcomes

Overall survival (OS) and progression-free survival (PFS) did not differ between patients with and
without CH before treatment (Figure 6A). However, among patients with CH, those with positively
selected mutations during treatment had significantly worse OS and PFS (Figures 6B, 7A). In
multivariable Cox regression models adjusted for age, stage, and ER, PR, and HER2 status,
positive CH selection was associated with shorter OS (adjusted hazard ratio [HR], 6.6; 95% CI,
1.7-25.9; P=0.007) and worse PFS (adjusted HR, 2.86; 95% CI, 1.01-8.1; P=0.049) (Figure 7B-
C; Table S6). These results were further supported by landmark analyses at 12 and 18 months
as well as a time-dependent Cox model incorporating patient-specific sample collection time
points, all which yielded results consistent with multivariable and univariable Cox models (Table
S6).

These associations persisted in analyses restricted to patients receiving chemotherapy and in
recurrence-free survival analyses (Figure S8). When considering all patients who received
chemotherapy, there was no association between cumulative chemotherapy dose and OS;
however, multivariable analyses assessing the relationship between chemotherapy exposure
level and CH dynamics were limited by small samples within the subgroups (Table S6). Among
patients who received similar treatment regimens, positively selected CH patients tended to have
worse outcomes relative to negatively selected or unchanged CH, although statistical significance
was not reached for these subgroup analyses (Figure S9). Together, these results link CH clonal
dynamics during treatment to patient mortality and disease outcome, and for the first time, provide

quantified evidence for the observed association between mutation-driven CH and OS(31).
DISCUSSION

In this longitudinal analysis of patients with breast cancer, we demonstrate that CH is present in
55% of patients, evolves dynamically during treatment, and is strongly shaped by therapy-specific
selective pressures. By integrating high-sensitivity sequencing (detect >1 mutant in 1,000 wild-
type alleles(10)) with evolutionary modeling, we show that cytotoxic therapies impose pronounced
therapeutic bottlenecks on hematopoietic populations, leading to clonal expansion of fitter CH
mutations. Importantly, we identify treatment-associated CH dynamics, rather than CH presence
alone, as a predictor of adverse clinical outcomes. All post-treatment CH mutations were
detectable at baseline, supporting the notion that cancer therapy selectively modulated pre-

existing CH rather than initiating development of de novo CH(26).
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The fitness landscape of CH is shaped by multifactorial processes such as aging, inflammation,
germline predisposition(38, 39), and DNA-damaging exposures(31, 40). Mutations in the DNA
damage response genes, including TP53 and PPM1D, have been implicated in therapy-related
myeloid neoplasms(5, 15, 40, 41). SRCAP and YLPM1 have also been recognized as drivers of
CH and myelodysplastic neoplasms(9, 42), with SRCAP linked to selective advantage under
cytotoxic stress(43). Here, YLPM1 emerged as a CH driver that persisted and expanded under
therapy, suggesting a potential role in hematopoietic stress. Among common CH drivers,
DNMT3A mutations selectively expanded under both chemotherapy and radiation. DNMT3A has
been linked to chemotherapy resistance in hematologic malignancies(44) and associated with
comorbidities in solid tumors(45, 46). DNMT3A mutations frequently co-occurred with TET2,
YLPM1, and ZNF318, suggesting potential clonal cooperation or co-segregation; however, TET2
mutations in blood did not show evidence of dynamic selection under therapy. Given that TET2-
mutant CH are enriched in the tumor microenvironment and associated with tumor progression(7,
8), a possible explanation may be that TET2 acts as a context-dependent co-driver by remodeling
the tumor immune microenvironment, rather than via a direct proliferative advantage. This indirect

role may support the fitness of TET2-mutant clones even without overt selection under therapy.

To assess whether the observed differences reflect biological selection between treatment
groups, we examined VAF changes separately within chemotherapy- and radiation-treated
cohorts for DNMT3A, YLPM1, TP53, and ATM (Figure S3). The observed patterns are consistent
with differential selective pressures (chemotherapy favoring DNMT3A, TP53, and YLPM1, and
radiation favoring ATM), but should be considered hypothesis-generating rather than definitive
given the limited statistical power. We observed evidence suggestive of positive selection of TP53
mutations in chemotherapy-treated patients, consistent with prior reports linking TP53-mutant
hematopoietic clones to resistance to DNA damage—induced apoptosis(36). In contrast, no clear
signal of TP53 selection was observed in the radiation-treated group. In addition, the enrichment
of ATM mutations in the radiation-treated group is biologically plausible, given the central role of
ATM in the DNA damage response to double-strand breaks and radiation-induced genotoxic

stress(47), supporting the possibility of treatment-specific selective pressure.

We independently confirmed the associations between CH dynamics, reduction in effective allelic
population size, and cumulative cytotoxic exposure in other cohorts, denoting that genotoxic
stress promotes relative expansion of clones with higher intrinsic fitness. This enrichment aligns
with known links between CH and therapy-related neoplasms and may reflect therapy-specific

sensitivity or immune-mediated clearance of less fit clones. The reduced impact of radiation on

10
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Nerand CH selection may reflect the limited hematopoietic impact of breast-directed radiation and
may not generalize to tumor types where radiation treatment more directly impacts large regions
of the hematopoietic stem cell compartment(48) (e.g., pelvic radiation for gynecologic
cancers(49)). Consistent with this, pan-cancer analysis supports the likelihood for dose-

dependent radiation-induced CH positive selection in other cancer types.

CH evolution and growth have been linked with cancer therapy-related adverse sequelae(5, 15,
18, 20). Although none of the patients in our cohort developed therapy-related hematological
malignancies during the study period, stratification by CH clonal trajectories showed that patients
with positively selected CH had increased risk of mortality compared to those with neutral or
negatively selected CH, suggesting that the direction of clonal evolution rather than CH presence
is prognostically meaningful. This effect persisted when the analysis was limited to only

chemotherapy patients and in groups with homogenous treatment.

The mechanism linking positive selection of CH clones to worse outcomes remains unclear. In
our analyses, CH dynamics were primarily detected in genes with mutations linked to therapeutic
resistance and, therefore, their association with poor outcomes might be confounded by the extent
of treatment exposure due to progressive disease. Although no overall association was observed
between chemotherapy dose and outcomes across our whole cohort, exploratory analyses
suggested a differential relationship based on CH selection status. In patients with negative
selection of CH, chemotherapy dose had no apparent impact on outcomes, however, in positive
selection, higher cumulative doses may be associated with improved outcomes. These
observations further suggest that CH selection status may serve as an independent predictor of
treatment response and that the positive selection of CH is influenced by factors beyond
chemotherapy dose alone. In support of the direct role played by tumor-infiltrating CH clones on
tumor growth and treatment response,®©°-5") the association between positive selection for CH
clones in peripheral blood and outcomes also raises the possibility that circulating CH clones have

some direct or indirect effects on treatment response.

Our study provides a distinct advance over previous large retrospective CH analyses by shifting
from a static, cross-sectional framework to a prospective, longitudinal evaluation of clonal
hematopoiesis dynamics during cancer treatment. Although our cohort is smaller than earlier
retrospective studies(5)(15), the design enables direct measurement of how CH clones evolve
under toxic therapy, supported by a hormone-therapy control group, showing that observed

changes reflect both natural time-dependent drift and treatment-specific selective pressures.

11



High-depth sequencing further enhances this resolution by detecting subtle shifts in clonal

architecture that would be missed at lower coverage.

Despite the modest sample size, our analyses within more homogeneous treatment groups
revealed consistent patterns across CH-dynamic-stratified groups, reinforcing the robustness of
these observations. By tracking clonal trajectories rather than cataloguing the presence of CH,
we demonstrate that therapy-driven clonal expansion is associated with earlier tumor progression
—an association not captured by prior work focused predominantly on enrichment patterns and
leukemia risk. We further show that therapy-dependent reductions in hematopoietic allelic
population size shape clonal fitness across treatment modalities. Notably, CH selection may not
necessarily represent a causal driver of adverse outcomes but may instead reflect underlying
physiological vulnerability or conditions promoting clonal expansion that influence infection risk,

treatment tolerance, and survival.

Our results suggest that monitoring dynamic changes in CH during therapy, rather than baseline
CH alone, could help identify patients at higher risk of adverse outcomes. Serial sampling during
treatment may allow detection of expanding clones, particularly in genes such as TP53 and
YLPM1 that show evidence of positive selection. Tracking this expansion during therapy may
provide an early signal of emerging risk. Patients with CH mutations may therefore benefit from
careful monitoring during cytotoxic therapies, particularly chemotherapy, as measurable clonal
expansion can occur within the ~18-month timeframe captured by our analysis. These findings
suggest a potential role for longitudinal CH monitoring as a complementary biomarker for guiding
patient stratification during treatment. As tumor-informed minimal/measurable residual disease
assays are now entering clinical practice, the presence of increasing CH could also be explored
in prospective studies as a trigger to initiate or increase frequency of plasma minimal/measurable

residual disease testing to detect subclinical tumor recurrence.

Beyond cell-intrinsic genetic advantages, the presence and expansion of CH clones may also
reflect interactions with the broader hematopoietic and inflammatory microenvironment. Emerging
evidence indicates that CH-associated mutations can alter inflammatory signaling and reshape
the bone marrow niche, generating feedback loops that further promote clonal expansion. Thus,
therapy-related stressors such as chemotherapy or radiation may interact not only with the genetic
properties of CH clones, but also with the surrounding inflammatory and hematopoietic
microenvironment to shape clonal dynamics(8, 50, 52). Expanding CH clones seen in peripheral

blood may also reflect increasing presence of CH cells in micro-metastatic tumor

12



microenvironment. As tumor-associated CH has been linked with worse outcomes in lung
cancer(8), it raises the hypothesis that increasing peripheral CH may reflect enrichment of CH
cells in the tumor microenvironment surrounding dormant cancer cells, which then may contribute
to future outgrowth/activation and metastatic progression. Taken together, these observations
suggest that CH may function both as a biomarker of hematopoietic stress and as a biologically
active process influencing systemic inflammation and tissue environments. Longitudinal
monitoring of CH during therapy could therefore provide clinically relevant insight into treatment-
associated selective pressures and patient-specific risk. Work is ongoing to define the optimal

timing, frequency, and actionable thresholds for such monitoring.

In conclusion, these findings demonstrate that both treatment type and dynamic changes in CH
during therapy have important clinical implications. The evolutionary responses of blood clones
to cancer treatment have direct translational relevance for predicting patient outcomes. While CH
presence alone does not universally confer adverse risk, longitudinal changes in CH allelic burden
during treatment may signal increased susceptibility to therapy-related complications across solid
tumors. Further validation in larger, clinically homogeneous cohorts is required to substantiate

these observations.
METHODS

Sex as a biological variable. This study exclusively included breast tumor samples from female
patients (n = 171), consistent with the predominance of breast cancer in females. As such, sex
was not evaluated as a biological variable, and the generalizability of these findings to male breast

cancer remains unknown.

Patient population, inclusion criteria, and clinical parameters. Clinical data and samples
used for this study were collected between January 1, 1994, and July 31, 2021. Patients were
eligible for inclusion if they had a primary breast cancer diagnosis and serial peripheral blood
samples available in Moffitt Cancer Center’s institutional biorepository that could be used for DNA
extraction and CH detection, including one sample collected before the start of any cancer
treatment and one sample collected after the first therapy given for breast cancer. Specifically, the
pre-treatment sample needed to be collected within one year prior to treatment start or a maximum
of five days after treatment start for patients treated with chemotherapy or hormone therapy.
Patients treated with radiation needed to have a sample collected within a year before radiation
start date. For patients treated with chemotherapy, the first sequential sample needed to be

collected after the chemotherapy stop date, within a year from the start date, and before any

13
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radiation treatment. For patients treated with radiation, the first sequential sample needed to be
at least 100 days after radiation, within a year from radiation start, and before any chemotherapy
treatment. For patients treated with hormone therapy, the first sequential sample had to be
collected within a year, but at least 85 days (the average duration of chemotherapy), after
hormone therapy start date and before any exposure to chemotherapy or radiation. For patients
meeting these inclusion criteria, all other serial sampling timepoints available in the institutional
biorepository, including during treatment and after the post treatment sampling times, were

included.

Patients’ cumulative exposure to chemotherapy drugs and radiation during the observation period
was calculated following the approach by Bolton et al.’®, derived from the Late Effects Study
Group1(53). For each patient, cumulative dose per kilogram for each drug received during the
observation period was calculated, converted into tertile-based scores, and summed within drug
classes. Radiation dose tertiles were calculated using the cumulative radiation dose during the
observation period in 2-Gy per fraction (EQD:), using an o/ of 4 Gy(54). These class-level scores
were then divided into tertiles to categorize overall exposure across the cohort. Of note,

cumulative radiation exposure was largely similar across the population (EQD2> median, IQR).

DNA extraction and hybrid-capture, error-corrected sequencing. DNA was extracted using
the Autopure LS automated DNA extractor (QIAGEN, Hilden, Germany) and quantified using
Qubit (Invitrogen, Waltham, MA). Molecular data generation was done in collaboration with Moffitt
Molecular Genomics Core. DNA libraries were constructed using a custom designed
SureSelect*™S2 kit (Agilent, Santa Clara, CA), which optimally captured whole exons of 81
hematopoietic disorder-related genes, including single nucleotide mutations and small indels.
Libraries were sequenced on a NextSeq 2000 sequencer (lllumina, San Diego, CA) per

manufacture’s recommendations with a goal of achieving an average depth of coverage >5,000x.

Bioinformatics analysis and somatic variant calling. Sequencing reads were aligned to a
corrected human genome (GRCh38) reference(55) using the BWA-MEM algorithm(56).
Consensus variant calling from reads with the same unique molecular identifiers was done using
fgbio v2.2.1(57). Somatic variant calling was performed using Genome Analysis Toolkit best
practices and Mutect2(58). Additional statistical support for detection of variants in individual
samples was obtained using a beta-binomial model for allele-specific sequencing noise (FDR<1e-
4)(59). Variants were filtered and annotated using BCFtools(60). Insertions and deletions were

called by two indel callers, Mutect2 and Lofreq(61), and were only retained if the VAF was =0.02.
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Variants that occurred in greater than a tenth of the samples were considered sequencing artifacts
and were removed. Quality control filters included strand odds ratio <3, quality score >6.3,
observation of each variant at least once on the forward and reverse reads, and masking of the
repetitive regions of the genome as defined by the DUST algorithm(62) plus a region with low-
complexity in KMT2D (c. 1659-2544) linked to unreliable calling. All analyses in this study were
performed using the full set of detected CH mutations (VAF >0.01%); the term CHIP (VAF 22%)

is used only in analyses specifically restricted to clinically defined CHIP-level mutations.

Germline variants were removed using publicly available reference populations (i.e., variants
observed in non-cancer populations at a prevalence >0.005 and with a VAF >0.25(63, 64)). The
high sequencing depth in this study yielded very small confidence intervals of less than 0.5% for
measuring VAF; therefore, germline variants that are expected to be present at 50% allele
frequency were robustly identified(65); however, to ensure removal of private germline variants,
we excluded variants with VAF >40% detected in each patient’s serial samples. To filter for likely
functional somatic variants, only mutations or indels located in exonic regions were considered
CH mutations. Germline single nucleotide polymorphism loci heatmaps were used to confirm
correct sample pairing within patients. Chart review confirmed non-tumor cell origin of TP53 CH

mutations and distinction from TP53 mutations detected by prior sequencing of tumor specimens.

External validation cohorts. The mutational and clinical data for the DFCI and MSKCC cohorts
were obtained through Data Transfer Agreements between the institutions or from their respective
publications(5, 22) and were reviewed to match the patient selection and variant calling criteria in
the discovery cohort. In particular, downstream analyses was limited to cases with CH VAFs
measured before and after cancer treatment and those with exonic variants curated by
Vlasschaert et al.(66).

Clonal selection of CH driver genes. Genes with driver CH mutations were expected to show
a higher number of loss-of-function nonsense or hotspot missense mutations compared to
expected distribution under neutral selection. Chi-squared statistics were used to compare the
observed to expected mutations counts, and lower and upper 95% binomial-approximated
confidence intervals were calculated to assess uncertainty for excess of nonsense, missense,

and synonymous mutations.

Calculating standardized CH VAF change per time. Variant allele frequencies (VAFs) were
quantified across serial samples, and z statistics were used to measure temporal mutation- and

gene-specific VAF change. Changes in CH allele frequencies for mutation j in patient / was
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normalized and defined by s/ = z}/(t, — t;), where t; and t, were collection time points, and z
was two-proportion z-test. Across all analyses, the mean and standard error in the distributions of
VAF changes were used to calculate a standardized VAF change per unit time and its confidence

intervals for specific treatments and genes (per treatment modality).

In more detail, a two-proportion z-test was used to compare CH VAFs between time points,

accounting for differences in sequencing depths. The z statistics is calculated based on the VAFs

(f1 and f;) and total sequencing depths (D, and D,) measured in serial samples, following zj" =

—Lh _fll — with f = —f“;l :;2 P2 The pooled allele frequency f is bounded within [0,1], and
/f (-9 G +p,) 1T

represents a weighted average of two proportions. In this context, the null hypothesis is that

standardized CH VAFs do not change during treatment, and as such, Hy:f; = f,. Since

sequencing depths differ in each VAF measurement, this z-statistic reflects the changes in VAFs

relative to sampling noise beyond just the raw measurement. For example, a small VAF change

at very high depth leads to a large z; and a large VAF change at low depth results in a small z,

driven by statistical certainty and not the VAF change magnitude alone.

The 95% confidence intervals for standardized VAF change estimates were calculated using

confidence intervals for zji at @=1.96. The standard deviation of the z-statistics is given by § =

Jf(l - (Di + Di) which for fixed allele frequencies f; and f,, converges to zero as sequencing
1 2

fo—f1
5’

depths D;and D, increase and the term (Di+Di) converges to zero. Finally, since z = any
2

1

non-zero allele frequency difference yields increasingly large z values with increasing depths.

Thus, this metric reflects statistical confidence in VAF change and is depth-aware by definition.

Therefore, the resulting z-statistic, normalized by elapsed time, was used to define a metric to

calculate statistical confidence for changes in CH VAFs while considering sampling variance. As
detailed above, this z-statistic scales with sequencing depth, and therefore, é represents a
significance-weighted, time-normalized statistical measure of change in VAF that incorporates

uncertainty arising from finite sampling. It should be noted that this metric cannot be interpreted

as a direct estimate of biological growth rate or selective advantage.

Therapeutic bottleneck and evolutionary fitness likelihood calculation. A binomial sampling
model was applied to estimate effective hematopoietic population size and CH fitness likelihood

during treatment. To estimate the effective allelic population size, it was assumed that CH
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mutations were clonally independent and VAFs were representative of single CH clones. If n;
mutated alleles harbored a specific variant at time point 1, the probability of observing m; mutated

alleles with the same variant at time point 2 would be described by binomial sampling,

N n;\Mu n\V - . . .
p(m;|N,n;) = (m> (FL) (1 _Fl) , with bottleneck size, N. For s number of CH variants
L

shared between any two time points, the maximum likelihood estimate for N, describing the lower

bound on effective bottleneck population size was equal to N =L<Neff, with KL
2KL(f2|f1)

representing the Kullback-Leibler divergence, and f;and f> as measured VAFs at time points 1

and 2, respectively. The maximume-likelihood-estimated variance of Ne was then equal to gy =

S/Nesz.

Using patient-specific effective allelic population size (Ne#) estimates, the probability of observing

a post-treatment VAF (f,) given an initial pre-treatment VAF (f;) under neutral drift was modeled

using a binomial sampling process: P(f; | fi,Ness) = (fi";gf) (f)/2Nerr (1 — )~ f2)Nerr | This

represents the likelihood that the observed allelic frequency change can be explained by
stochastic genetic drift alone following a treatment-induced population bottleneck. Evolutionary
fitness likelihood for each mutation was then defined as the negative base-10 logarithm of this

probability: L = —log 10(P(f2 Ifl,Neff)). Operational classification of selection was defined as

follows: Neutral: L < 5 (VAF change consistent with drift); Positive Selection: L > 5 and f, > f;
Negative Selection: L > 5 and f, < f;. Thus, selection reflects statistically unlikely deviation from

neutral drift expectations rather than raw VAF change alone.

Depth sensitivity analysis. The observed VAF is derived from finite read depth and thus subject
to sampling noise, the high sequencing depth in our dataset (mean >5,000x% per mutation) ensures
that the binomial sampling variance is small relative to the observed differences in allele
frequency. Therefore, treating the observed VAF as an exact probability provides a close
approximation to the true underlying frequency. Any residual sampling noise would tend to bias
effective population size (Ne#) estimates downward, making our estimates conservative.
Furthermore, since read depths are comparable across mutations and patients, the relative
differences in Ne# between clones and individuals remain valid, supporting the conclusions drawn
from our analysis. To quantify these expectations, we calculated the confidence interval of Nes

based on the propagation of uncertainty in measuring VAFs as a function of sequencing depth.

Sampling Variance for CH Variant Allele Frequencies. Observed VAFs are affected by sequencing

sampling noise. For a sequencing depth of D, the sampling variance of an allele frequencies p;
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pi(1-pi)

and q; are approximated by a binomial model: ap s ql

@. Since the frequency of

the wild-type clone is equal to one minus the sum of CH VAFs, the variance in wild-type frequency
is equal to the sum of variances in CH VAFs. Thus, the uncertainty in Ne depends on sequencing

depth through the uncertainty in measured allele frequencies.

Propagation of Uncertainty for Ner. Effective population size Ner can be estimated with Ngg =

s—1
2KL(plq)

where KL(p|q) = ¥;_, p; log ( ) where s is as the number of CH and wild-type clones,

and g and p are their pre- and post-treatment allele frequencies, respectively. To estimate the

uncertainty of New a first-order error propagation was applied where the variance of N is
S 2 S 2

approximately equal to Ul\zleff = Z (?—;.ff) agi + 2 (%) a,%i. The derivatives follow from
i=1 i i=1 i

aNeff S—1 OKL
ZKLZ ox for X € {pl’ ql}

the dependence of Nt on the KL divergence: Ngg = =—, so that ——

The derivatives of the KL divergence are aL—log( )+ 1, oKL _ _ b

37, Substituting these

qi qi

derivatives into the propagation formula yields an analytical approximation of the variance of Ne#
as a function of sequencing depth. Confidence Intervals (Cl) for New can then be approximated

using oy, where 95% Cl equal to Negr + 1.96 oy .-

To evaluate the effect of sequencing depth on the precision of the N+ estimator, the above
propagation was evaluated across a range of sequencing depths 200x to 6,000x. For each patient
in our cohort, we down-sampled the sequencing depths and for each depth, calculated the
sampling variance for measured CH VAFs according to the model above, yielding depth-
dependent confidence intervals for Nes. As expected, the coefficient of variance calculated across
the cohort for all patients showed reduction of error in estimating Nes at higher depths (Figure
$10).

Clonal independence sensitivity analysis. In estimating Nes, it was assumed that each CH
mutation marked an independent clone. While this assumption is supported by the low biological
plausibility of sequential CH-driving mutations arising within the same cell as discuss in Marzban
et al. (2026)(67), nested or co-occurring clones may occur as predicted by Watson et al.
(2024)(10). To assess the impact of nested clones on Nes estimation, all analyses were repeated
assuming that all detected CH variants were nested in the largest clone, representing the most
restrictive scenario. This analysis showed that the differences in Ne# across treatment groups, as

well as CH mutational dynamics, remained consistent with our original analyses (Figure S10).
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Statistical and clinical association analyses. Statistical significance between groups was
assessed using exact tests, chi-squared tests, log-rank tests, or nonparametric rank-sum tests,
as indicated. The Benjamini-Hochberg false discovery rate (FDR) method was applied to adjust
for multiple hypotheses testing. Clinical associations were evaluated using multivariable Cox
proportional hazards regression models assessing overall survival and progression-free survival.
Models included age, cancer stage, and estrogen receptor (ER), progesterone receptor (PR), and
HER2 status as covariates. Because CH selection status was defined using post-baseline
measurements (with baseline defined as the treatment start date), potential concerns about
immortal time bias were addressed by landmark analyses at 12 and 18 months, as well as a time-
dependent Cox model incorporating patient-specific sample collection time points. Given the
limited number of covariates relative to the number of events, the models fell within commonly
accepted ranges for events per variable (=10 events per variable), reducing the likelihood of
substantial overfitting. Statistical analysis and data visualizations were performed using following
packages in R: surminer, survival (survival analyses), and ggplot2 (plotting). Maftools(68) was
used for generating oncoplot and lollipop figures, and EvoFreq(69) was used to visualize the

evolutionary models.

Study approval. Patients for this study were consented to the Moffitt Cancer Center’s Total
Cancer Care Protocol, an Institutional Review Board-approved institutional biorepository
(MCC#14690; Advarra institutional review board [IRB] Pro00014441)(70). Use of biobanked
patient samples for genetic data generation for this study was approved under a release protocol
(MCC#21545, Advarra IRB Pro00058968).
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FIGURE 1. Prevalence and mutational distribution of CH prior to treatment for breast cancer.
A) Density distribution of CH mutation variant allele frequencies (VAFs). B) Percent of patients with or
without CH, stratified based on the number of detected mutations per individual. C) Proportion of patients
with CH across age groups. D) Number of patients with CH across age groups, stratified based on the
number of detected mutations per individual.
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FIGURE 2. Mutational spectrum and diversity of CH prior to treatment for breast cancer. A) Oncoplot
of CH mutations detected across a panel of 81 genes in patients with breast cancer. Columns represent
individual patients and colors correspond to the mutation type, including frameshift insertion and deletions,
in-frame deletions, and missense and nonsense single nucleotide variants. B) Fold excess of nonsense
mutations in each gene relative to the expected distribution from the genes’ nucleotide content; chi-squared
statistics shown with 95% confidence intervals for genes with =3 protein-changing substitutions and =1
nonsense mutation. C) CH mutation co-occurrence illustrated by a circos plot. Colored lines highlight the
most frequently mutated genes and co-mutations. D) Number of patients with CHIP mutations (VAF 22%)
across genes. E) Divergence in CH allelic frequency, defined by mean CH VAF per patient, compared
between patients with CHIP mutations (VAF 22%) versus patients with CH mutations (VAF <2%).
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FIGURE 3. CH mutational dynamics during breast cancer treatment. A) Number and temporal spread
of longitudinal samples collected by treatment modality; times are presented relative to treatment start
(time=0). B) Measured variant allele frequency (VAF) for all detected CH mutations during the study by
treatment modality. C) Standardized percent change in VAF per month for all detected mutations by
treatment modality. D) Standardized percent change in VAF per month for gene-specific mutations showing
significant allelic increase per treatment modality. E) Effective allelic population size (Nef) across treatment
modalities (rank-sum test). F) Fitness likelihood, defined by the minus log of probability of observing post-
treatment VAF of a CH mutation given the measured effective allelic population size per patient, across
treatment modalities; genes with mutations showing the highest CH clonal change relative to the wild-type

population are indicated.
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allelic population sizes (Neft) by treatment modalities, grouped based on CH mutational dynamics, including
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positively selected, unchanging, and negatively selected CH. B) Ne distributions across cumulative
cytotoxic chemotherapy exposure levels (rank-sum test). C) Nes in patients with breast cancer treated at
the Dana Farber Cancer Institute (DFCI), by treatment modalities, and grouped based on CH mutational
dynamics, including positively selected, unchanging, and negatively selected CH. D) Nefr in patients with
solid tumors treated at Memorial Sloan Kettering Cancer Center (MSKCC), by treatment modalities, and
grouped based on CH mutational dynamics, including positively selected, unchanging, and negatively
selected CH. E) Ner distributions across cumulative chemotherapy exposure levels in solid tumors treated
at MSKCC (rank-sum test). F) Nes distributions across cumulative radiotherapy exposure levels in solid
tumors treated at MSKCC (rank-sum test).
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FIGURE 6. CH mutational dynamics and patient survival. A) Difference in overall survival (OS) and
progression-free survival (PFS) between patients with and without CH (log-rank test). B) Differences in OS
and PFS between patients with positively selected, negatively selected, unchanging, and no CH (log-rank
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FIGURE 7. Positive selection of CH impacts patient survival. A) Differences in OS and PFS between

patients with positively selected CH and those with negatively selected or unchanging CH (log-rank test).

B) The impact of positively selected CH on OS using a multivariable Cox regression model including patient

age, tumor stage and ER, PR, and HER2 hormonal status. C) The impact of positively selected CH on PFS

using a multivariable Cox regression model including patient age, tumor stage and ER, PR, and HER2

hormonal status. Kaplan-Meier plots with log-rank P statistics are shown.
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TABLE 1. Clinical characteristics of patients with breast cancer in the discovery cohort

Overall, CH, No CH,
N =1717 N = 94/ N =777

Age 58 (50, 65) 62 (55, 67) 52 (47, 60)
Sex

Female 171 (100%) 94 (100%) 77 (100%)
Race

Asian 3(1.8%) 3 (3.2%) 0 (0%)

Black 10 (5.8%) 4 (4.3%) 6 (7.8%)

White 151 (88%) 85 (90%) 66 (86%)

Other race? 7 (4.1%) 2 (2.1%) 5 (6.5%)
Ethnicity

Hispanic 23 (13%) 7 (7.4%) 16 (21%)

Non-Hispanic 148 (87%) 87 (93%) 61 (79%)
Smoking status

Current 9 (5.3%) 7 (7.4%) 2 (2.6%)

Former 61 (36%) 36 (38%) 25 (32%)

Never 101 (59%) 51 (54%) 50 (65%)
Histology

Invasive ductal carcinoma 114 (67%) 60 (64%) 54 (70%)

Invasive lobular carcinoma 21 (12%) 14 (15%) 7 (9.1%)

Ductal carcinoma in situ 15 (8.8%) 10 (11%) 5 (6.5%)

Mixed invasive carcinoma 11 (6.4%) 5 (5.3%) 6 (7.8%)

Special subtypes of invasive carcinoma? 10 (5.8%) 5 (5.3%) 5 (6.5%)
HR/HER2 status*

HR+/HER2- 118 (69%) 61 (65%) 57 (74%)

HR+/HER2+ 15 (8.8%) 7 (7.4%) 8 (10%)

HR-/HER2+ 4 (2.3%) 4 (4.3%) 0 (0%)

TNBC 23 (13%) 14 (15%) 9 (12%)

HR+/HER2 untested 11 (6.4%) 8 (8.5%) 3 (3.9%)
Tumor stage at diagnosis, Node, Metastasis stage

0 15 (8.8%) 10 (11%) 5 (6.5%)

1 81 (47%) 42 (45%) 39 (51%)

2 55 (32%) 32 (34%) 23 (30%)

3 13 (7.6%) 7 (7.4%) 6 (7.8%)

4 7 (4.1%) 3 (3.2%) 4 (5.2%)
Treatment between samples

Chemotherapy (+ hormone therapy) 69 (40%) 33 (35%) 36 (47%)

Radiation therapy (+ hormone therapy) 55 (32%) 33 (35%) 22 (29%)

Chemotherapy + radiation (+ hormone therapy) 12 (7.0%) 8 (8.5%) 4 (5.2%)

Hormone therapy only 35 (20%) 20 (21%) 15 (19%)
Days between treatment start and first sample -41 (-66, -14) -44 (-69, -15) -41 (-62, -14)

"Median (IQR); n (%)

2 Other races include patient-reported American Indian or Alaska Native (n=1), Laotian (n=1), or “Other race” (n=5)
3Tubular carcinoma, mucinous carcinoma, solid papillary carcinoma with invasion, or metaplastic carcinoma

4HR: hormone receptor, + indicates positivity for estrogen and/or progesterone receptor (cutoff 21%); TNBC: triple-
negative breast cancer
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SUPPLEMETARY FIGURE LEGENDS

SUPPLEMETARY FIGURE S1. Schematics showing the study design, sampling timeline criteria,

and evolutionary models considered for CH during breast cancer treatment.

SUPPLEMETARY FIGURE S2. Swimmer plots showing the sampling timeline relative to breast
cancer diagnosis and treatment schedule per patient. A) Patients with overall survival (OS) < 60
months are included. B) Patients with overall survival (OS) 60-120 months are included. C)

Patients with overall survival (OS) > 120 months are included.

SUPPLEMETARY FIGURE S3. Clonal diversity and CH mutation-specific changes under
treatment for breast cancer. A) Clonal diversity after excluding mutations with VAF = 2% for both
with and without CHIP-defined mutations groups. B) Standardized percent change in variant allele
frequency (VAF) per month for DNMT3A, YLPM1, TP53 and ATM mutations by treatment
modality. C) Change in VAF for CH mutations that grow to CHIP-defining VAF during treatment.

SUPPLEMETARY FIGURE S4. CH dynamics spectrum. A) The number of variants with positive
(Pos) or negative (Neg) selection of CH mutations across treatment modalities and genes. B)
Mutational domain spectrum of DNMT3A in the 3 groups of negatively selected, positively

selected, or unchanging CH.

SUPPLEMETARY FIGURE S5. Schematics showing effective allelic population size (Ner) during
treatment for patients with A) unchanging CH, B) positively selected CH, or C) negatively selected
CH normalized by mean N in cases treated with hormonal therapy only, across treatment
modalities. D) Percentage and number of patients across cumulative chemotherapy exposure
levels stratified based on CH mutational dynamics. E) Change in VAF for CH mutations in patients

with both positive and negative selection.

SUPPLEMETARY FIGURE S6. CH mutational dynamics in the Dana Farber Cancer Institute
early-stage breast cancer cohort. A) Effective allelic population size (Net) across treatment
modalities. B) Percent change in variant allele frequency (VAF) per month for CH mutations by
treatment modality. C) REMARK diagram for the DFCI cohort.

SUPPLEMETARY FIGURE S7. CH mutational dynamics in the Memorial Sloan Kettering Cancer
Center pan-cancer cohort. A) Effective allelic population size (Nefr) across treatment modalities.
A) Percent change in variant allele frequency (VAF) per month for CH mutations by treatment

modality. C) Number and percentage of patients across cumulative chemotherapy exposure
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levels stratified by CH mutational dynamics. D) Number and percentage of patients across

cumulative radiotherapy exposure levels stratified by CH mutational dynamics.

SUPPLEMETARY FIGURE S8. Difference in overall survival (OS) and progression free survival
(PFS) between patients with positively selected CH and those with either negatively selected or
unchanging CH. A) Including only patients with early-stage disease. B) Excluding patients with
TP53-mutated CH. C) Including patients treated only with chemotherapy during examined period.

Kaplan-Meier plots with log-rank P statistics are shown.

SUPPLEMETARY FIGURE S$9. Difference in overall survival (OS) and progression free survival
(PFS) between patients with positively selected CH and those with negatively selected or
unchanging CH within homogenous treatment subsets of the cohort. Subsets were selected
based on the most common chemotherapy regimens received. A) Including patients receiving
cyclophosphamide, doxorubicin, and paclitaxel (n=14). B) Including patients receiving
cyclophosphamide and docetaxel (n=11). C) Including patients receiving low levels of

cyclophosphamide and docetaxel (n=8). Kaplan-Meier plots with log-rank P statistics are shown.

SUPPLEMETARY FIGURE S10. Sensitivity analyses for allelic population size (Nef) assumptions.
A) Coefficient of variation for Ne# calculated across the cohort at different sequencing depths. B)
Nerr stratified by treatment modality and, C) dynamic selection groups; with the assumption of

clonal dependency and considering only the largest clone in each sample.

SUPPLEMETARY TABLES

TABLE S1. List of 81 genes included in targeted sequencing

TABLE S2. List of detected CH mutations in the cohort

TABLE S3. Statistics for evaluation of excess of nonsense CH mutations per gene
TABLE S4. Summary of gene level change in CH VAF per treatment

TABLE S5. Statistics for evaluating CH mutation-specific fitness relative to wild-type

TABLE S6. Summary of results for survival analyses using multivariable Cox regression models
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