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Abstract

Mutations accumulate with age in most human tissues. While some undergo clonal expansion and
contribute to disease, the mutational burden tolerated by a normal cell without functional decline
remains unknown. Here, we repeatedly treat proliferating human primary fibroblasts with the point
mutagen N-ethyl-N-nitrosourea, and analyze mutation burden by single-cell whole-genome
sequencing. Mutation burden increases linearly to ~56,000 single-nucleotide variants per cell, with
only a modest reduction in growth rate. We detect negative selection against potentially deleterious
coding and non-coding variants, including mutations affecting pathways important for cell growth
and maintenance. These findings suggest that selective depletion of harmful variants helps
proliferating cells maintain function despite an extreme mutation burden. Because most adult
tissues are largely non-dividing and cannot remove damaging mutations through a growth
disadvantage, somatic mutations that accumulate during aging may have pronounced functional

consequences in vivo.
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Introduction

Aging is a complex process of continuous decline in cellular and tissue function that is
accompanied with increased disease risk (Lopez-Otin et al., 2023). DNA damage is thought to play
a central role in this process and may be a universal cause of aging (Schumacher et al., 2021).
Among the major molecular consequences of DNA damage during aging are somatic DNA
mutations. Somatic mutations are the result of errors during repair or replication of a damaged
DNA template and can only be purged via the death of the cell or organism. The accumulation of
somatic mutations has since long been implicated as a major cause of aging (Failla, 1958; Szilard,
1959), which is strongly supported by the age-related exponential increase of cancer, a disease
known to be caused by mutations (Laconi et al., 2020). Recent single-cell and single-molecule
methods now allow accurate quantification of small somatic mutations in normal (non-cancerous)
tissues. Application of such methods has provided ample evidence that somatic mutation rate is
far higher than the germline mutation rate and that thousands of somatic mutations accumulate
with age in most, if not all, human tissues (Ren et al., 2022), including postmitotic tissues such as
the brain and heart (Choudhury et al., 2022; Lodato et al., 2018). In addition, evidence has emerged
that somatic mutations are a cause of a wide variety of human diseases other than cancer (Erickson,

2010; Li & Williams, 2013).

What thus far remains unknown is the possible functional impact, collectively, of thousands of
random mutations accumulating in a non-cancerous cell, for example, by adversely affecting gene-
coding or gene-regulatory sequences relevant for the given cell type (Vijg & Dong, 2020). If so,
one would expect an upper limit to the burden of random mutations a cell can tolerate or selection
against mutations in crucial functional regions. N-ethyl-N-nitrosourea (ENU) is well suited to test

this hypothesis because it is a highly efficient mutagen that induces mutations in a dose-dependent
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manner while generating predominantly single-nucleotide variants (SNVs) rather than large-scale
alterations. Its mutational spectrum reflects the formation of ethyl adducts such as O6-ethylguanine
and O2/0O4-ethylthymine and is typically enriched for C:G>T:A, T:A>C:G, and T:A>A:T
substitutions (Bronstein et al., 1992; Chen et al., 2000; Yang et al., 1994). Here, we treated actively
proliferating human primary fibroblasts with low, repeated doses of ENU to test if and how normal

cells can tolerate high levels of somatic mutations.

Results

Repeated Mutagen Treatment of Normal Cells Only Slightly Affects Cell

Growth and Death

To determine the impact of increased somatic mutation burden on primary human cells in vitro,
we treated low-passage fetal lung fibroblasts (IMR-90) multiple times with a sublethal dose of 50
pg/mL of ENU. Each treatment was followed by a recovery period of 7 days, after which 1 million
cells (determined by cell counting) were replated and treated again. This process was repeated for
9 cycles (Figure 1A; Methods). We measured cell growth by calculating population doublings
(PDs), and found that repeated ENU treatment gradually reduced cell growth over the course of
the experiment, such that by cycle 9 control cells had undergone a total of 28.25 + 1.87 (mean +
standard deviation) PDs compared to 24.1 + 1.34 PDs for ENU-treated cells (Figure 1B). This
effect was more pronounced at the 3-day time point (Figure 1C) than at the 7-day time point
(Figure 1D), indicating that ENU causes an early slowing of proliferation that partially recovers
over time, consistent with a transient DNA damage response (Dogliotti et al., 1987). To assess
whether increased cell death also contributed to the overall reduction in growth, we measured
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markers of early and late apoptosis at both time points. ENU-treated cells showed a slight but
consistent increase in both early and late apoptosis relative to controls at 3 and 7 days after
treatment (Figures 1E-F and 1G-H). Together, these results indicate that the modest decline in cell
growth after repeated ENU exposure reflects both an immediate slowing of proliferation and a
concurrent increase in apoptosis. To analyze possible effects of a DNA damage response induced
by ENU treatment in more detail, we performed bulk mRNA-sequencing analysis on samples
collected at cycles 1 and 9 for the control group and cycle 9 for the ENU-treated group (Figures
ST1A-K; Table S1). As a positive control for the effect of cell passaging, we first compared the
control cycle 9 and the control cycle 1 groups, which resulted in 979 significantly differentially
expressed genes (DEGs) (Figures 2A; Table S2). We then performed targeted gene set enrichment
analysis (GSEA) which showed that cell cycle-related genes were significantly decreased, while
apoptosis-related genes were not significantly changed (Figures 2B-C). As cells are known to
become senescent during passaging, we also tested for an enrichment of senescence-related genes
using the SenMayo gene set (Saul et al., 2022), which were found to be significantly increased
(Figure 2D). Furthermore, we found the DEGs to be positively correlated with DEGs found in a

previous study on replicative senescence (Figure S1N) (Lackner et al., 2014).

To assess the effects of the repeated ENU treatment, we compared the ENU-treated cycle 9 and
the control cycle 9 groups. Unexpectedly, this resulted in only 2 significant DEGs (Figure 2E;
Table S2; Supplemental Note 1). However, after performing GSEA (which does not rely on p-
value thresholds), we found that repeated ENU treatment had a similar, albeit weaker, effect as
cell passaging — a significant decrease of cell cycle-related genes and a significant increase in
senescence-related genes (Figure 2F, 2H). In contrast to the effect of cell passaging, we found a

significant increase in the abundance of apoptosis-related genes in the ENU-treated cells relative
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to the controls (Figure 2G), confirming the results of the direct apoptosis measurements (Figures

1G-H).

Taken together, these phenotypic and molecular data suggest that the observed slight decrease in
cell growth rate after repeated ENU treatment is, at least in part, due to DNA damage-induced
cell cycle inhibition and increased apoptosis. As the resulting effect sizes due to repeated ENU
treatment were relatively small, these results demonstrate the tolerance of normal primary cells
proliferating in culture to this mutagen, which is in agreement with previous literature (Barbaric

et al., 2007).

Repeated Mutagen Treatment of Normal Cells Results in Extremely High

Mutation Burden

Somatic DNA mutations in normal cells, which are largely unique to each cell, cannot be
distinguished from sequencing artifacts after bulk whole genome sequencing. Hence, we used our
established and highly accurate single-cell whole genome sequencing (SCWGS) assay, which has
been extensively validated by parallel analysis of kindred single-cell clones (Dong et al., 2017; L.
Zhang et al., 2024) (Supplemental Note 2), to analyze mutation burden in 21 single-cells from
control and ENU-treated groups collected in 3 independent batches at cycles 3, 6, and 9 from the
repeated ENU treatment experiment (Figure 1A, Table S3, Supplemental Methods). Cells for
mutation analysis were collected at the 7-day time point after each treatment cycle, as DNA
damage responses are abated by that time and all mutations fixed (Dogliotti et al., 1987). We
corrected for the less than 100% genome coverage and sensitivity, which provided estimated

mutation burdens higher than the observed burdens (Figures S2A-G; Supplemental Methods). We
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also corrected for technical artifacts in the control group for cycle 1, which reduced mutation
burden somewhat but had no effect at all on the ENU-induced mutation burden (Figures S3A-D;
Supplemental Methods). We found that the number of estimated SN'Vs per cell in the control group
was initially 1,996 + 332 at cycle 1, which then increased to 19,064 + 823 following 3 ENU
treatment cycles, (~7.8-fold increase compared to cycle 1, p-value = 1.54 x 10°%), and then 33,098
+ 1,785 after 6 ENU treatment cycles (~1.7-fold increase compared to cycle 3, p-value = 1.90 x
10-), and finally reached 55,954 + 4,066 after the 9th ENU treatment cycle (~1.7-fold increase
compared to the cycle 6, p-value = 3.33 x 10”) (Figures 3A and S2H). The most frequent types of
mutations were thymine-to-adenine (T>A) transversions, followed by thymine-to-cytosine (T>C)
transitions, both known to be induced by ENU (Barbaric et al., 2007) (Figures S2K-L).
Importantly, there was no significant difference between the mutation burden of control cells at
cycle 1 and at cycle 9, ruling out that the increase in SNVs in ENU-treated cells was due to
passaging (Supplemental Note 3). We also checked for the possibility of clonal expansion by
looking at shared mutations between cells within each group, but only detected 8 SNV that were
shared between 2 cells in the ENU-treated group at cycle 6 (Figure S2F), indicating a shared
common ancestor, but not clonal expansion. This was expected as extensive clonal expansion
cannot occur over the relatively short number of cell divisions. We conclude that our treatment
paradigm increased mutational load to extremely high levels, with the increase in SNV occurring

linearly with the treatment cycles (Figure 3B).

While ENU is known to mainly induce base substitution mutations through alkylation damage, a
slight increase in small insertions and deletions (INDELs) was also observed after ENU treatment,
starting from 123 + 49 in the control group at cycle 1, to 246 + 49 in the ENU-treated group at

cycle 3 (~1.8-fold increase, p-value =4.10 x 10-%); however, there was no further increase at cycles
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6 and 9 (Figures S2I-J). INDELSs have been previously observed to be induced by ENU, albeit at
low frequencies (Watson et al., 1998), and could be caused by DNA polymerase slippage during
DNA replication at sites of alkylation damage. As with SNV, there was no significant difference
in the amount of estimated INDELs between control cells from cycle 1 and cycle 9. While the lack
of an increase in INDELSs after cycle 3 in the ENU-treated group may be suggestive of negative
selection acting to prevent a further increase, as was seen in a recent study (Zhang et al., 2025),
this finding remains inconclusive due to the low amount of observed INDELs per cell (~20

INDELS per cell).

We then characterized the underlying SNV mutational processes in the aggregated mutations from
the cells at all cycles within the control and ENU-treated groups. The ENU-treated group showed
an expected increase in the relative contribution of T>A transversions, followed by T>C transitions
(Figures 4A, S2K, S3A). This is in keeping with previously published ENU-induced mutational
spectra by us and others (Barbaric et al., 2007; Maslov et al., 2022). We then extracted SNV
mutational signatures de novo using non-negative matrix factorization with a reference set of
mutations from previous SCWGS studies (Alexandrov et al., 2020; Dong et al., 2017; Huang et
al., 2022; Miller et al., 2022) (Figures S3E-F). Two signatures were identified, labeled as SBSA
and SBSB, which were dominant in the cells of the ENU-treated and control groups, respectively
(Figures 4B and S3G). Importantly, we found that SBSA resembled the SIGNAL human signature
associated with ENU-treatment, validating the source of the induced mutations (Figure 4C) (Kucab
et al., 2019). We then compared our de novo signatures with those in the COSMIC database and
found that SBSB was most similar to SBSS5, a ‘clock-like’ mutational signature that has been

previously found to correlate with cellular replication during aging (Alexandrov et al., 2020;
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Hwang et al., 2025) (Figure 4D). Though relatively few INDELSs were observed (369 in total), we

also provide a characterization of their mutational spectra (Figure S3H; Supplemental Note 4).

Negative Selection Against ENU-Induced Accumulation of Damaging Coding

and Non-Coding Variants

Based on the results above, we hypothesized that the sustained cell survival and growth in the face
of extremely high mutation burden could be explained by negative selection against damaging
mutations. Our dataset presented a unique opportunity to test this hypothesis as there were a total
of 108,600 SNV observed collectively in all cells. Note that this was smaller than the estimated
number after corrections for sensitivity and genome coverage as mentioned above, but still

expected to provide sufficient power for statistical testing of selection pressure (Figure S2H).

To obtain a random background distribution of expected mutations against which to compare the
observed mutations in testing for selection pressure, we used the SigProfilerSimulator tool
(Bergstrom et al., 2020). This method controls for variation in genomic coverage, mutational
signatures, and sequence context of the observed mutations. With this, we simulated 10,000
instances of random mutations for each treatment cycle in both the control and ENU-treated cells
(Methods). Following this, both observed and expected SN'Vs in coding regions were annotated as
synonymous (non-protein-altering) or nonsynonymous (protein-altering) variants, using the
Ensembl Variant Effect Predictor (VEP) program (Table S4; Supplemental Methods) (McLaren et
al., 2016). The simulations of expected mutations performed well in predicting the number of
synonymous variants (R = 0.94, p-value = 3.6 x 107!°; Figure S4A), which should be under minimal

selection. We then measured selection pressure within each group by calculating the
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Logz(observed/expected) (written as Log2(O/E) hereafter) ratios for each variant type using the
frequency of observed and expected variants (Lek et al., 2016). The direction of selection pressure
(i.e. neutral, positive, or negative) was ascertained by comparing the resulting Log2(O/E) ratio to
0, where no difference from 0 is what would be expected under neutral selection (Greenman et al.,
2006) (Methods). We then used bootstrapping to determine the threshold for the frequency of
observed variants needed to obtain sufficient power for statistically significant results (p-value <
0.05) at various Log2(O/E) ratios (Figures S4B; Table S5; Methods). Finally, to account for the
known effect of DNA repair in depleting the frequency of mutations within transcribed regions
through transcription-coupled repair (TCR) and mismatch repair (MMR) (Frigola et al., 2017;
Heilbrun et al., 2021), we normalized the Log2(O/E) ratios of variants within transcribed regions
by the Log2(O/E) ratio of mutations within intronic regions (assumed to be equally transcribed,

but under neutral selection).

With this approach, we found that while there were significant cycle-dependent increases in both
synonymous and nonsynonymous variant frequencies in the ENU-treated group relative to the
controls (Figure 5A), the Log2(O/E) ratios of nonsynonymous variants at cycles 6 and 9 in the
ENU-treated group indicated that the frequency of these damaging variants was significantly lower
than what would be expected, consistent with negative selection (Figures 5B and S4C-E, right
panels). The negative Log2(O/E) ratios of nonsynonymous variants at cycles 6 and 9 corresponded
to a ~20% reduction in mutation burden, equivalent to a decrease of 14.5 = 9.1 and 19.9 + 12.5
variants per cell at cycles 6 and 9, respectively (Figure 5C). In regard to synonymous variants, the
Log2(O/E) ratios of these variants trended towards 0 across all cycles in the ENU-treated group,
which would suggest neutral selection (as would be expected for these benign variants). Of note,

statistically meaningful results could only be obtained with a sufficiently high number of
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mutations, which were only present at the two highest treatment cycles. Indeed, for synonymous
mutations, which are generally lower in number than the nonsynonymous events, the frequency
even in the highest treatment cycle was slightly below the threshold set by the previously described
power analysis, which prevented us from making any definite conclusions (Figures 5B and S4C-
E, left panels; Table S5). See Supplemental Note 5 for discussion on the relationship of negative

selection strength and mutation burden.

We then sought to verify our finding of negative selection against nonsynonymous variants by
using a method which calculates dN/dS ratios (i.e. the dNdScv program), an alternative measure of
selection commonly used in cancer or evolutionary studies (Martincorena et al., 2017). This metric
compares the observed number of nonsynonymous mutations (i.e. missense, nonsense, and splice-
site) to the number expected under neutral evolution, using synonymous mutations as a neutral
reference. As this is effectively the same as calculating the O/E of nonsynonymous mutations over
the O/E of synonymous mutations, we calculated the Log2(O/E) nonsynonymous/synonymous
(N/S) to facilitate the comparison. Synonymous variants, assumed to be functionally neutral, occur
in the same sequence contexts and at the same depth as nonsynonymous variants, so they serve as
an internal baseline for the true mutation rate introduced by ENU. A deficit of nonsynonymous
variants relative to this neutral baseline is therefore attributable to negative selection rather than to
sequencing bias or differences in mutagenesis. Log2(O/E) (N/S) ratios were significantly below 0
at cycles 6 and 9 in the ENU-treated group (Figures 5D, S4F-QG), indicating negative selection and
corroborating our previous result (Figure 5B). By contrast, using the dNdScv method, no evidence
for negative selection could be found (Figure S5A). The discrepancy is most likely due to
important differences between this method and our O/E method. Unlike our O/E method, which

empirically estimates expected mutations via genome-wide simulations accounting for coverage
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and mutational signatures (Lek et al., 2016), the dNdScv method relies on probabilistic modeling
to estimate the expected mutations, assumes uniform genomic coverage, and expects abundant
mutations in coding regions. Therefore, the assumptions of this method make it less suitable for
our SCWGS data type as it is limited by variable genome coverage and a limited number of coding
mutations (Figures S2A and 5A). See Supplemental Note 6 for a detailed comparison between the

methods.

To identify the contribution of the various types of nonsynonymous variants to the negative
selection signal observed in the ENU-treated group, we stratified the nonsynonymous variants into
stop retained, missense, start lost, stop gained, and stop lost variants and calculated their respective
Log2(O/E) ratios. This revealed that missense variants made up the majority of nonsynonymous
variants in the ENU-treated group (Figure SE) and also that the negative selection signal was
driven almost exclusively by these variants (Figures 5F and S4H-J). See Supplemental Note 7 and

Table S6 for details on stop gained variants.

Next, we tested if variants in non-coding regions were under selection pressure. For this, we again
used the VEP program to annotate SNVs in non-coding regions, i.e., introns, intergenic, 5’
untranslated regions (UTR), 3’ UTR, and splice sites, and then quantified their frequencies (Table
S4, Supplemental Methods) (McLaren et al., 2016). As with the coding variants, non-coding
variants showed cycle-dependent increases in the ENU-treated group relative to the controls, with
variants in intronic and intergenic regions accounting for 49.9% and 35.1% of all non-coding
variants, respectively (Figure 5G). For variants in intronic regions in the ENU-treated groups at all
cycles, Log2(O/E) ratios were approximately -0.08, significantly less than what would be expected
by chance (Figure SH, Table S5). The vast majority of introns (with the exception of splice sites

and other non-coding regulatory elements) do not contain functional sequences and are evolving
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at neutrality in the germline. However, they are subject to TCR and MMR (Frigola et al., 2017;
Heilbrun et al., 2021). Hence, we interpret the negative Log2(O/E) ratios in these regions as a
signal of TCR rather than negative selection. In intergenic regions for ENU-treated groups at all
cycles, we found that the Log2(O/E) was approximately 0.13, significantly greater than what would
be expected by chance and indicative of mutation enrichment (Figure SH, Table S5). Similar to
introns, the vast majority of intergenic regions lack functional sequences and are evolving at
neutrality in the germline. However, DNA repair activity in these regions is known to be
substantially reduced, which likely explains the positive Log2(O/E) ratios (Dukler et al., 2022;

Yurchenko et al., 2023) (Supplemental Note 8).

Of all the non-coding variants, only Log2(O/E) ratios of variants occurring in 3> UTR and splice
regions in the ENU-treated group at cycle 9 were significantly less than 0 (Figures SH, S4K-M,
Table S5), which is consistent with negative selection and supported by previous studies on
germline selection pressures (Denisov et al., 2014; Dukler et al., 2022; Findlay et al., 2024). The
Log2(O/E) ratios of 3’ UTRs and splice sites in the ENU-treated group at cycle 9 corresponded to
~20-25% reduction in mutation burden, a decrease of 19.3 £ 12.5 and 6.2 + 2.7 variants per cell,

respectively (Figure 51).

Taken together, these results show that potentially damaging variants in both coding and a subset
of non-coding regions did not accumulate to levels that would be expected, indicating negative
selection. This explains, in part, how a population of cells exposed to repeated mutagen treatments
was able to prevent a massive decline in growth rate, even as overall SNV burden continued to
increase linearly throughout the experiment. Of note, the selection pressure analysis was limited
to mutations that were observed (i.e. actually physically detected), which are ~20% of the ~56,000

estimated mutations at cycle 9 in the ENU-treated group (Figures 3A and S2H). Hence, these
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results have relevance for the numbers of SNVs that are estimated to accumulate during normal
aging, e.g., from ~3,000 in human B lymphocytes to ~ 9,000 in human hepatocytes (Ren et al.,

2022).

Pathways Supporting Fibroblast Growth and Survival are Protected from

Mutation Accumulation

To gain insight into selective pressures at broader levels associated with cellular function, we
investigated if gene sets active in proliferating human fibroblasts were under negative selection.
To do this, we analyzed the SNVs across annotated functional genomic regions relevant to human
lung fibroblasts (i.e. exons, upstream promoters, and enhancers) and stratified these into various
gene sets (Boix, 2023; Boix et al., 2021; Carlson M, 2015). We then calculated the frequency of
SNVs within these regions as well as the Log2(O/E) ratios in a similar manner to the previous

analyses.

First, we analyzed nonexpressed and expressed genes as determined by our bulk mRNA-
sequencing data (Figures S1A-B; Table S7). In keeping with the previous analyses of other
genomic regions, we found cycle-dependent increases of SNV frequency in nonexpressed and
expressed regions for the ENU-treated group relative to the controls (Figure 6A). Log2(O/E) ratios
of SN'Vs in expressed genes were significantly below 0 at all cycles in the ENU-treated group even
after normalization with intronic regions, consistent with negative selection (Figures 6B and S6A-
C, right panels). In contrast, the Log2(O/E) ratios of SNVs in nonexpressed genes did not
significantly deviate from the expectation in the ENU-treated group at cycle 9, consistent with

neutral selection (Figures 6B and S6A-C, left panels). Next, we subdivided the expressed genes
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into nonessential and essential gene sets based on previous in vitro screens and repeated the same
analysis as above (Table S7) (Hart et al., 2015; Wang et al., 2015). This showed increased SNV
frequency in the ENU-treated group relative to the controls (Figure 6C), along with a Log2(O/E)
ratio significantly below 0 at cycle 9 in the ENU-treated group, consistent with negative selection
(Figures 6D and S6D-F, right panels). Of note, this is in agreement with global dN/dS ratios on
truncating mutations across 17 genes essential from a recent large-scale study sampling the normal

oral epithelium (Lawson et al., 2025).

As negative selection is expected to be generally weak due to the diploid nature of the human
genome (Martincorena et al., 2017; 1. E. Vorontsov et al., 2016), but stronger in haploinsufficient
regions (i.e. regions where both alleles are required for function), we subdivided expressed genes
into haplosufficient (pLI < 0.1) and haploinsufficient (pLI > 0.9) gene sets based on a large scale
study of protein-coding genetic variation (Table S7) (Lek et al., 2016). As expected, analysis of
these gene sets showed increased SNV frequency in the ENU-treated group relative to the controls
(Figure 6E). Log2(O/E) ratios were significantly below 0 in both haplosufficient and
haploinsufficient gene sets for the ENU-treated cells at cycle 9. However, only the ENU-treated
group at cycle 6 showed Log2(O/E) ratios significantly below O for the haploinsufficient gene set
and not the haplosufficient gene set, suggesting overall stronger negative selection of
haploinsufficient genes, as would be expected (Figures 6F and S6G-I). In further support of this,
when the Log2(O/E) was compared between haplosufficient and haploinsufficient gene sets for
ENU-treated cells at cycle 9, we found that the Log2(O/E) ratio was considerably lower for the
haploinsufficient genes (-0.37 £ 0.16) as compared to the haplosufficient genes (-0.28 + 0.04). In

summary, these results suggest that damaging SNVs are selectively purged from functional
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genomic regions based on expression status, essentiality, and dosage sensitivity, extending our

previous results on negative selection of damaging SNVs in coding and non-coding regions.

Moving to the pathway level, we identified 399 Gene Ontology (GO) biological processes as
significantly enriched in the set of expressed genes from our bulk RNA-seq data (Figure S6J, Table
S8, Methods). As expected, the mean frequency of SNVs within each pathway showed significant
cycle-dependent increases of SNV frequency in the ENU-treated group relative to the controls
(Figure 6G). At the global level, Log2(O/E) ratios of the identified pathways in the ENU-treated
group showed a cycle-dependent decrease, suggesting widespread negative selection at the
pathway level (Figures 6H, S6K-L, Table S9). At cycle 9 in the ENU-treated group, 6 pathways
showed Log2(O/E) ratios significantly below 0 after multiple hypothesis correction, consistent
with negative selection. The pathways under negative selection were characterized as those related
to basic cellular processes supporting lung fibroblast cell growth in vitro and survival, i.e.,
‘response to oxidative stress’ (GO:0006979), ‘respiratory tube development’ (GO:0030323),
‘respiratory system development’ (GO:0006979), ‘regulation of response to DNA damage
stimulus’ (GO:2001020), ‘proteasome-mediated ubiquitin-dependent protein catabolic process’
(GO:0043161), and ‘cellular response to chemical stress’ (GO:0062197) (Figures 61-K, Table S9).
The ‘respiratory system development’ GO term included the genes FGF10, FOXF1, and COL3A1,
which are known to be crucial for lung fibroblast identity and function (Bellusci et al., 1997;
Melboucy-Belkhir et al., 2014; Zoppi et al., 2004). To ensure that the pathways we had identified
to be under negative selection were not false positives, we repeated the pathway analysis but
employed bootstrapping to randomly shuffle genes amongst pathways before calculating the
Log2(O/E) ratios (Figures S7A-C, Methods). These results had no significant overlap with the

pathways we identified to be under significant negative selection pressure (Figures S7D-E).
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In summary, these results suggest that pathways supporting cell growth and survival in
proliferating cells in vitro, are protected from the accumulation of SNVs by negative selection.
Importantly, these pathways are biologically significant, as they appear to be relevant to the
conditions of in vitro cell culture and to the unique characteristics of lung fibroblasts,
highlighting the functional importance of preventing somatic mutation accumulation in
functional genomic regions. These analyses show how negative selection allows a population of
dividing cells to survive extremely high mutation burden and underscore the impact of random

somatic SN'Vs on essential cellular functions.

Discussion

Although somatic mutations accumulate with age in normal tissues, their collective functional
impact outside clonal expansion remains unclear (Franco et al., 2022; Ren et al., 2022). Here, we
tested that question directly, showing that repeated low-dose ENU treatment increased somatic
mutation burden in cultured fibroblasts from ~2,000 to ~56,000 SNVs per cell, more than 30-fold
above controls, with only modest effects on growth and death rates. One possible interpretation is
that fibroblasts tolerate large numbers of point mutations, which would be supported by results
from a recent study in which as many as ~30,000 SNVs were observed in intestinal crypts of

patients with genetic defects in DNA mismatch repair (Robinson et al., 2021).

An alternative explanation for the high tolerance of actively proliferating cells to mutation
accumulation is negative selection against mutations in genomic regions important for cell
survival. Evidence for negative selection against somatic mutations has indeed been found in

tumors (Banyai et al., 2021; Ilya E. Vorontsov et al., 2016; Zapata et al., 2018), although positive
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selection of driver mutations is the dominant force in cancer (Martincorena et al., 2017). Evidence
for negative selection of somatic mutations in normal cells has so far been lacking, largely because
the smaller numbers of mutations restrict statistical power (Ren et al., 2022). Our untreated control
cells were similarly underpowered and did not show clear evidence of negative selection (Figure
S4D, Table S5), whereas ENU-treatment increased power sufficiently to gain meaningful results
(Figure S2H). Indeed, based on the high numbers of SNVs found after repeated treatment with
ENU we found evidence for negative selection acting on potentially deleterious coding and non-
coding variants. Although both synonymous and nonsynonymous variants increased linearly with
ENU treatment (Figure 5A), O/E analyses showed significant depletion of high-impact
nonsynonymous variants, especially missense variants, relative to the null model (Figures 5B-C).
This suggests that proliferating fibroblasts can selectively purge the most harmful coding
mutations, consistent with the selective constraint seen in germline datasets (Gudkov et al., 2024;
Karczewski et al., 2020; Lek et al., 2016; X. Zhang et al., 2024). Our findings are in agreement
with those from an Msh2”- mouse model, which showed negative selection against somatic stop
lost variants (Zhang et al., 2025). Additionally, our data showed negative selection acting on
variants in non-coding regions, such as 3> UTR and splice sites (Figures 5G-I), which is in
agreement with recent literature that has also analyzed selective pressures in these regions (Findlay

et al., 2024).

Our gene-set and pathway analyses further indicated negative selection at a broader functional
level, i.e., in expressed, essential, and haploinsufficient genes, which is consistent with a recent
population-scale study of somatic mutations in oral epithelium (Figures 6A-F) (Lawson et al.,
2025). We also identified signals of negative selection in actively expressed pathways, including

oxidative stress, respiratory system development, and response to DNA damage (Figures 61-K),
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all of which are relevant to our experimental conditions and cell type. These findings are consistent
with the idea that random somatic mutations affecting pathways important for cellular survival are

detrimental for lung fibroblasts proliferating in vitro.

Our work provides strong evidence that high somatic mutation burdens can affect normal cells
independent of clonally amplified mutations. Although negative selection was detected only at
extremely high mutation burdens, it should be noted that the number of SNVs directly observed
was no more than ~12,000, well below the ~56,000 estimate based on genome coverage and
sensitivity (Figures 3A and S2H). This is only moderately above the ~2,000-5,000 SNVs per cell
estimated at old age, depending on cell type (Ren et al., 2022). We therefore interpret the extreme
mutation burden in our system as providing the statistical power needed to detect negative
selection, rather than as evidence that this process operates only at extremely high mutation loads.
Consistent with this, we observed no association between mutation burden and the strength of
negative selection (Figure 5B), suggesting that negative selection may represent a general
mechanism for eliminating somatic mutations that impair cell function even at physiological

mutation burdens.

Another important consideration is how negative selection in our in vitro model compares with the
in vivo context. In vivo, additional mechanisms such as immune surveillance may contribute to the
elimination of damaged fibroblasts. More broadly, cell division rates are low in most adult tissues,
with notable exceptions including the lymphoid and intestinal systems (Sender & Milo, 2021). In
proliferating cells such as human B lymphocytes, we previously found that SN'Vs accumulate more
slowly with age in functional genomic regions than genome-wide, consistent with negative
selection during B-cell aging (Zhang et al., 2019). By contrast, somatic mutations in non-dividing

cells such as neurons and cardiomyocytes cannot be removed through a growth disadvantage.
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Nevertheless, these cells show robust accumulation of damaging mutations (Choudhury et al.,
2022; Ganz et al., 2024). This suggests that age-related somatic mutation accumulation may have
its greatest impact in non-proliferative cells, as proposed by the disposable soma theory

(Kirkwood, 1977).

A key limitation of our study is that we mainly analyzed SNVs and the relatively small number of
INDELSs. These variant classes are generally less likely than structural variants (SVs) (e.g. large
deletions, translocations, and copy number variants) to have major functional effects. Consistent
with this, INDELs did not accumulate linearly during ENU treatment (Figures S2I-J), and in a
recent study of Msh2- fibroblasts we observed an upper limit of ~16,000 INDELSs per cell (Zhang
et al., 2025). By contrast, somatic SVs remain poorly characterized because they are difficult to
detect accurately with current single-cell and single-molecule methods (Hérd et al., 2023).
Although less frequent than SNVs, SVs can have major phenotypic consequences, as exemplified
by germline SVs in human disease (Yang, 2020). SVs may therefore have a stronger impact on
cell function than SNVs, but how they are selected against in non-dividing cells during aging

remains unclear.

Future efforts should extend the framework presented in this study to the in vivo context, especially
post-mitotic populations, and incorporate methods that capture SVs. Integrating mutational
landscapes with functional readouts will be crucial for determining how the balance between

information loss and selection shapes organismal aging and disease.
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Methods

Additional methods can be found in the Supplemental Methods section in the Supplementary

Materials.

Cell culture and treatment

At the beginning of each cycle, 1 x 10° human primary lung fibroblasts (IMR-90) cells were
counted using a Countess 3 (Fisher Scientific), plated, and allowed to expand for 24 hours. Cells
were then treated with 50 pg/mL N-ethyl-N-nitrosourea (ENU) and allowed to recover for 3 days.
Cells were then collected and assayed for cell number and viability for the 3-day time point. Of
the collected cells, 1 x 10° cells were re-plated and then allowed another 4 days to recover and
expand until they were collected to assess cell number and viability for the 7-day time point. This
procedure was repeated for 9 consecutive cycles over the course of ~10 weeks. This experiment
was repeated 3 separate times to create 3 independent biological replicates. Cells were isolated at
the 7-day time point at cycles 1, 3, 6, and 9 for somatic mutation analysis and at cycles 1 and 9 for

transcriptome analysis.

Single-cell isolation, whole-genome amplification, library preparation, and

sequencing

Single-cells were isolated using the CellRaft AIR system (Cell Microsystems). The CellRaft array
was prepared following the manufacturer’s instructions and washed three times for 3 minutes with

warm PBS before addition of cell suspension. 1,000 cells were seeded in 1 mL for one CellRaft

Cutler, Heid, et al. 21


http://genome.cshlp.org/
http://www.cshlpress.com

474

475

476

477

478

479

480

481

482

483

484

485

486

487

488

489

490

491

492

493

494

495

Downloaded from genome.cship.org on June 13, 2026 . Published by Cold Spring Harbor Laboratory Press

array. Cells were allowed to settle for 3-4 hours at 37°C before isolation. Then, the raft was
carefully washed with warm medium to remove potential debris and dead cells. Individual rafts
containing one cell were deposited in PCR tubes with 2.5 puL. of PBS and stored at -80°C until
further processing. Single-cell whole-genome amplification and library preparation for WGS was
performed as previously described (L. Zhang et al., 2024). In brief, single-cell whole genomes
were amplified using SCMDA and subject to quality control using a locus dropout test (Gundry et
al., 2012). Libraries were prepared using a NEBNext Ultra II FS kit (NEB). Library quantity and
size were assessed with a Qubit kit and TapeStation, respectively. Libraries were sequenced using

the 150 paired-end mode on an Illumina NovoSeq platform by Novogene Corp Inc., CA.

Selection analysis of annotated variants

Selection analysis was performed by first simulating 10,000 instances of each single-cell in our
dataset to be used as the null expectation (i.e. neutral selection) where mutations are randomly re-
distributed throughout the genome. This was done using the SigProfilerSimulator program
(Bergstrom et al., 2020), where for each single-cell, observed mutations were randomly re-
distributed across the genome while accounting for cell-specific sequencing coverage, mutational

signatures, and nucleotide contexts.

Logz(observed/expected) ratios (written hereafter as Log2(O/E)) were calculated for each single-
cell or by group (mutations from all cells within a group are pooled), by first summing the
frequency of annotated consequences for observed and expected mutations, respectively. The
Log2(O/E) ratio was then calculated with respect to each simulation instance (resulting in 10,000

Log2(O/E) ratios per cell or group) using the following equation:
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(observed consequence freq.+1)
(simulated consequence freq.+1)

}LUQZ(O /E) = Log

A permutation test was then used to determine the p-value of the observed consequence frequency

where the simulated consequence frequency served as the null distribution and is as follows:

1 n
% = EZ I (simulated consequence freq.; = observed consequence freq.)
i=1

Where p is the permutation test p-value, n is the number of permutations (i.e. 10,000), i is the i-th
permutation, and / is the indicator function, which equals 1 if the condition inside is true, and 0

otherwise.

We performed a power analysis to determine how many observed variants are required to obtain
reliable statistical results at varying Log2(O/E) ratios. To do this, we used the mutation data from
ENU-treated cells to obtain the relationship between the standard deviation in the number of
expected variants given the number of observed variants for common types of variants that were
identified. We fit a gamma GLM with a log link to model standard deviation as a function of log-
transformed observed variant count. The model showed excellent fit (residual deviance = 3.19 on
144 df vs. null deviance = 147.37 on 145 df; dispersion = 0.020), with log-transformed observed
variant count as a highly significant predictor irrespective of the variant type (p-value <2 x 107'¢).
With this, we then calculated Log2(O/E) ratios by simulating 10,000 instances of expected variant
counts while varying the observed variant counts from 1-1,000. We then varied the Log2(O/E)
ratios from 0-1 by multiplying the observed variant count by a scaling factor before calculating
the Log2(O/E) ratio. Finally, we calculated p-values for the Log2(O/E) ratios using a permutation

test, as described above.
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The power analysis demonstrated how varying the observed variant count affects the p-value of
the Log2(O/E) ratio at different levels. Importantly, this analysis provided us with estimates of how
many observed variants were required to achieve sufficient power (p-value<0.05) (i.e. to obtain
robust statistical results) given a specific Log2(O/E) (Figure S4B, solid line). This threshold was
then applied to the Log2(O/E) results, at both the levels of variant types and pathways, to determine
which of these were amenable to further statistical testing where the results of this can be seen in
the figure legends (e.g. Figure 5B; Table S5). For the Log2(O/E) nonsynonymous/synonymous
(N/S) calculation, we determined if these were amenable to further statistical testing if either the
nonsynonymous or synonymous Log2(O/E) results in each group reached the established observed

variant threshold (Table S5).

When assessing for selection, it is also necessary to account for the cell-intrinsic bias in mutation
frequency due to DNA repair mechanisms (i.e. transcription coupled repair), which is known to
reduce mutation frequency in transcribed regions and is agnostic to damage that would result in
synonymous or nonsynonymous variants (Selby et al., 2023). This bias in mutation frequency was
indeed observed in our data and consistent with a depletion of mutations due to DNA repair (Figure
5H). Thus, we normalized the Log2(O/E) ratio of coding variants (e.g. synonymous, missense, etc.)
and non-coding variants (5°/3° UTR and splice region) by the Log2(O/E) ratio of mutations which
occurred within intronic regions and not in splice regions. We chose to use this normalization
because the occurrence of both exonic and intronic mutations is dependent on transcription coupled
repair (Heilbrun et al., 2021) however, since intronic mutations do not alter the translated protein
(with the exception of splice site variants), they are not subject to selective mechanisms. In
addition, the majority of mutations in our data occur within introns (~46.7%, Figure 5G), allowing

us to make more confident Log2(O/E) ratio for these mutations as compared to using the Log2(O/E)
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ratio of synonymous mutations which only made up only ~0.23% of all mutations. A comparison
of unnormalized and normalized Log2(O/E) ratio for nonsynonymous and synonymous variants is
shown for example by comparing Figures 5B to S4C, where the effect of normalization can be

seen to slightly increase the Logz2(O/E) ratio.

To estimate the number of variants that are protected against resulting from negative selection, we
subtracted the average number of variants from simulated samples from the number of variants in

the respective observed sample.

Selection analysis of gene sets and pathways

Nonexpressed and expressed genes were determined using bulk mRNA transcriptome data from
cycle 9 control and ENU-treated groups using the zPKM program (Figure S2A; Table S7) (Hart
etal.,2013). Nonessential and essential control gene sets were obtained from the DepMap database
(depmap.org) (Broad, 2024), where the nonessential gene set was the negative controls from Hart
et al (2015) and the essential gene set was the intersection of the essential gene sets resulting from
the Hart ef al (2015) and Blomen et al (2014) studies (Blomen et al., 2015; Hart et al., 2015). These
gene sets were additionally filtered for expressed genes by overlapping them with the list of
expressed genes we determined previously (Table S7). Haplosufficient and haploinsufficient gene
sets were obtained from the EXAC database where haplosufficient genes were defined as pLI <0.1
and haploinsufficient genes were defined as pLI > 0.9 (Lek et al., 2016). These gene sets were also
filtered for expressed genes in the same manner as essential genes (Table S7). Pathway level gene
sets were obtained by performing over representation analysis for Gene Ontology biological

processes using the clusterProfiler program (Wu et al., 2021) on the list of expressed genes that
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we determined previously (Table S8). For all gene sets, genomic coordinates of exons, introns,
promoters (SKB upstream of transcription start site), and annotated enhancers (Boix et al., 2021)

were retrieved using the GenomicRanges software (version 1.60.0) (Lawrence et al., 2013).

For each gene set, two Log2(O/E) ratios were calculated. One for the version of the gene set where
the intronic regions were included, and one for the version of the gene set intronic regions were
excluded. To account for DNA repair (as described above for Log2(O/E) calculation of coding and
non-coding variants), the Log2(O/E) ratios of each gene set were normalized by subtracting
Log2(O/E) ratio of the version that included introns from the version that excluded introns. P-
values were estimated, as described above, and were adjusted for multiple hypothesis testing using

the Benjamini-Hochberg method.

To serve as a negative control for the pathway analysis, for each enriched biological process gene
set, we randomly shuffled the genes between all other identified biological processes gene sets and
created 10,000 randomly permuted gene sets. Average Log2(O/E) ratios were then calculated for

the 10,000 permutations of each gene set followed by p-value estimation, as described above.

Data Access

All raw and processed sequencing data generated in this study have been submitted to the NCBI
Gene Expression Omnibus (GEO; https://www.ncbi.nlm.nih.gov/geo/) under accession number
GSE271867. The WGS and RNA-seq data generated in this study have been submitted to the

NCBI BioProject database (https://www.ncbi.nlm.nih.gov/bioproject/) under accession number
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PRINAT1129131. Scripts used for processing and analyzing data can be found in the Supplemental

Material and have been deposited at:

figshare.com/articles/software/Negative selection allows human primary fibroblasts to tolera

te_high somatic mutation loads induced by N-ethyl-N-nitrosourea/26110453
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Figure 1. Repeated Mutagen Treatment of Normal Cells Only Slightly Affects Cell Growth
and Death

(A) Schematic depiction of the experimental design. Human fetal lung fibroblasts (IMR-90) were
treated with a sublethal dose of 50 pg/mL of N-ethyl-N-nitrosourea (ENU), which was followed
by a recovery period of 7 days. At 3-day and 7-day time points, 1 million cells were passaged, and
a sample was taken for further analysis. This process was repeated for 9 cycles (Methods). (B)
Cumulative population doublings (PDs) of the control (CTRL) and ENU-treated (ENU) groups
throughout the experiment. Statistics: n=3; Data represent mean + S.D.; P-value estimated using a
two-way repeated measures ANOVA. (C) Cumulative PDs of the CTRL and ENU groups assessed
at the 3-day time point. Statistics: Same as in (B). (D) Same as in (C), but at 7-day time point.
Statistics: Same as in (B). (E) Percentage of cells detected in early apoptosis at the 3-day time
point at each cycle (left) or with all cycles pooled (right). Statistics: n=2; Data represent mean =+
S.D.; P-value of data from each cycle was estimated using a two-way repeated measures ANOVA.
P-value of data from all cycles pooled was estimated using a paired t-test; **: p <= 0.005; ****;
p<=0.0001. (F) Same as in (E), but for late apoptosis. Statistics: Same as in (E). (G) Same as in
(E), but for 7-day time point. Statistics: Same as in (E). (H) Same as in F, but for 7-day time point.
Statistics: Same as in (E).

Figure 2. RNA-sequencing Reveals Increased Cell Cycle Inhibition and Apoptosis in ENU-
treated Cells

(A) Differential gene expression (DGE) of control cycle 9 vs. control cycle 1 groups. Red points
indicate Log> fold change > 2 and adjusted p-value < 0.05. See Table S1 for sample details and
Table S2 for DGE results. Statistics: n=3; DGE p-values estimated using a Wald test followed by
Benjamini-Hochberg correction for multiple hypothesis testing. (B-D) Gene set enrichment
analysis (GSEA) of DGE results from the control cycle 9 vs. control cycle 1 comparison for KEGG
cell cycle (B), KEGG apoptosis (C), and SenMayo senescence (D) gene sets. NES: normalized
enrichment score. Statistics: n=3; p-values estimated using a permutation test. (E) Same as in (A),
but for the ENU-treated cycle 9 vs. control cycle 9 comparison. See Supplemental Note 1 for batch
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correction note. Statistics: Same as in (A). (F-H) Same as in (B-D), but for the ENU-treated cycle
9 vs. control cycle 9 comparison. Statistics: Same as in (B-D).

Figure 3. Repeated Mutagen Treatment of Normal Cells Results in Extremely High Mutation
Burden.

(A) Estimated load of somatic single nucleotide variants (SNVs) per cell after correction for
genome coverage, sensitivity, and technical artifacts (Methods). See Figure S2H for observed SNV
load per cell and Figures S2K-L for ENU-specific mutation burden. See Table S3 for sample
details and Table S10 for mutation catalogue. Statistics: n=3 cells for cycles 1, 3, and 6; n=6 cells
for cycle 9; data represent mean + S.D. p-values of comparisons between cycles within the same
condition were estimated with a two-sided linear model with estimated marginal means, Tukey’s
HSD. P-values of comparisons of control and ENU-treated groups were estimated using a two-
way ANOVA and shown at very top of plot. p-value legend: ns: p > 0.05, ****: p <= 0.0001. (B)
Fit of linear model to estimated SNV load per cell shown in (A) vs. the treatment cycle cells were
collected at. Note that cells from control cycle 1 are included and control cycle 9 is omitted. Shown
at top is the fit of a linear equation. Statistics: data represent mean + S.D.; Pearson R correlation
coefficient and p-value of the correlation was estimated using a t-test.

Figure 4. Mutational Spectra and Signatures Resulting from Repeated Mutagen
Treatment

(A) Mutational spectra of the relative contribution of SNV types per cell grouped by condition.
See Figure S3A for groups stratified by cycle. Note that cells from the control cycle 1 group were
excluded from the mutational spectra and signatures analyses due to abnormally high C>T
frequency suggestive of a sample preparation artifact (Figures S3A-D; Methods). Statistics: n=3
cells for cycles 3 and 6; n=6 cells for cycle 9; Data represent mean + S.D. (B) Relative contribution
of de novo mutational signatures SBSA and SBSB to individual cells (shown as rows) grouped by
condition and cycle. See Figure S3F for determination of number of signatures to extract and
Figure S3G for absolute contribution. (C) Comparison of de novo mutational signature SBSA to
the ENU signature from the SIGNAL database. Statistics: cosine similarity 0.858, residual sum of
squares=7.83*103. (D) Comparison of de novo mutational signature SBSB to most similar fitted
signature SBS5 from the COSMIC database. Statistics: cosine similarity=0.955, residual sum of
squares= 1.79*1073,

Figure 5. Negative Selection Against Damaging Coding and Non-Coding Variants in ENU-
treated Cells.

(A) Observed frequency of synonymous and nonsynonymous variants per cell. See Table S3 for
sample details and Table S5 for variant annotation. Statistics: n=3 cells for cycles 1, 3, and 6; n=6
cells for cycle 9; data represent mean + S.D; P-values of comparisons of control and ENU-treated
groups were estimated using a two-way ANOVA and shown at very top of plot; p-value legend:
*#%: p <= 0.001. (B) Log2(O/E) ratio of synonymous and nonsynonymous variants for ENU-
treated cells. See figures S4C, S4D, and S4E for results of without normalization, results of control
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cells, and results per cell, respectively. See Table S5 for detailed results. Statistics: n=3 cells for
cycles 3 and 6; n=6 cells for cycle 9; data represent mean + S.D; P-values to assess if the Log2(O/E)
ratio significantly deviates from 0 were estimated using a permutation test (n=10,000) but were
only estimated if the frequency of observed variants allowed for sufficiency statistical power
(Figure S4B; Table S5); p-value legend: **: p <= 0.01. (C) Estimated percent of nonsynonymous
variants out of total coding variants that are reduced in the ENU-treated group due to negative
selection. Statistics: n=3 cells for cycles 3 and 6; n=6 cells for cycle 9; data represent mean + S.D.
(D) Log2O/E of the N/S ratio for ENU-treated cells. See figures S41 and S4J for results of control
cells and per cell, respectively. Statistics: Same as in (B). p-value legend: *: p <= 0.05; **: p <=
0.01. (E) Observed frequency of various types of nonsynonymous variants per cell. Statistics:
Same as in (A). p-value legend: ****. p <= 0.0001. (F) Log2O/E of various types of
nonsynonymous variants for ENU-treated cells. See figures S4F, S4G, and S4H for results of
without normalization, results of control cells, and results per cell, respectively. Statistics: Same
as in (B). p-value legend: *: p <= 0.05; **: p <= 0.01. (G) Observed frequency of various types of
non-coding variants per cell. Statistics: Same as in (A). ****: p <=0.0001. (H) Log2O/E of various
types of non-coding variants for ENU-treated cells. See figures S4K, S4L, and S4M for results of
control cells, without normalization, and per cell, respectively. See Supplemental Note 5 for
discussion on results of the intergenic region. Statistics: Same as in (B). ****: p <= 0.0001; **: p
<=0.01. (I) Estimated percent reduction of variants in 3> UTR and splice region variants that are
protected against in the ENU-treated group due to negative selection. Statistics: Same as in (C).

Figure 6. Pathways Supporting Fibroblast Growth and Cell Identity are Protected from
Mutation Accumulation

(A) Observed frequency of SNVs per cell in functional regions associated with genes that were
determined to be non-expressed or expressed from bulk mRNA transcriptome data (Table S7).
Statistics: n=3 cells for cycles 1, 3, and 6; n=6 cells for cycle 9; data represent mean + S.D; P-
values of comparisons of control and ENU-treated groups were estimated using a two-way
ANOVA; p-value legend: ****: p <=0.0001. (B) Log2(O/E) ratio of SNVs in functional regions
associated with genes determined to be non-expressed or expressed in bulk mRNA transcriptome
data (Table S7). See figures S6A, S6B, and S6C for results without normalization, results of
control cells, and results per cell, respectively. Statistics: n=3 cells for cycles 3 and 6; n=6 cells
for cycle 9; data represent mean + S.D; P-values to assess if the Log2(O/E) ratio significantly
deviates from 0 were estimated using a permutation test (n=10,000) but were only estimated if the
frequency of observed variants allowed for sufficiency statistical power (Figure S4B; Table S5);
p-value legend: ****: p <=0.0001. (C) Observed frequency of SN'Vs per cell in functional regions
associated with nonessential or essential gene sets expressed in bulk mRNA transcriptome data
(Table S7). Statistics: Same in in (A); p-value legend: ***: p <= 0.001. (D) Log2(O/E) ratio of
SNVs in functional regions associated with nonessential or essential gene sets expressed in bulk
mRNA transcriptome data (Table S7). See figures S6D, S6E, and S6F for results without
normalization, results of control cells, and results per cell, respectively. Statistics: Same as in (B);
p-value legend: ****: p <=0.0001. (E) Observed frequency of SNVs per cell in functional regions
associated with haplosufficient or haploinsufficient gene sets expressed in bulk mRNA
transcriptome data (Table S7). Statistics: Same in in (A); p-value legend: ***: p <= 0.001. (F)
Log2(O/E) ratio of SN'Vs in functional regions associated with haplosufficient or haploinsufficient
gene sets expressed in bulk mRNA transcriptome data (Table S7). See figures S6G, S6H, and S61
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results without normalization, results of control cells, and results per cell, respectively. Statistics:
Same as in (B); p-value legend: **: p <= 0.01; ****: p <= 0.0001. (G) Mean observed frequency
of SN'Vs within the functional regions of pathways expressed in bulk mRNA transcriptome data
(Table S8). See figure S6J for top 20 most enriched pathways. Statistics: n=399 pathways; P-values
of comparisons of control and ENU-treated groups were estimated using a two-way ANOVA; p-
value legend: ****: p <=0.0001. (H) Mean Log2(O/E) ratio of SNVs within the functional regions
of pathways expressed in bulk mRNA transcriptome data (Table S8). See figures S6K and S6L for
results of control cell and results without normalization, respectively. See table S9 for detailed
results. Statistics: n=399 pathways; Otherwise, same as in (B), with the addition of Benjamini-
Hochberg correction for multiple hypothesis testing of pathways. (I-K) Mean Log2(O/E) ratio (1),
estimated percent reduction in SNVs (J), and estimated reduction in SNV frequency (K) within
functional regions of pathways found to be under significant negative selection (p <=0.05) at cycle
9 in the ENU-treated group. Statistics: Same as in (B); p-value legend: *: p <= 0.05; **: p<=0.01;
*E% p<=0.001.
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