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Direct measurement of the male germline
mutation rate in individuals using sequential
sperm samples

Jonathan E. Shoag 1 , Amoolya Srinivasa2,10, Caitlin A. Loh 2,10,
Mei Hong Liu2,10, Emilie Lassen 3,10, Shana Melanaphy4, Benjamin M. Costa 2,
Marta Grońska-Pęski 2, Nisrine T. Jabara2, Shany Picciotto1, Una Choi2,
Anyull D. Bohorquez 1, Christopher E. Barbieri 5, Pamela Callum 4,
Anne-Bine Skytte 3 & Gilad D. Evrony 2,6,7,8,9

Mutations that accumulate in the human male germline with age are a major
driver of genetic diversity and contribute to genetic diseases. However, aging-
related male germline mutation rates have not been measured directly in
germline cells (sperm) at the level of individuals. We developed a study design
in which we recalled 23 sperm donors with prior banked samples to provide
new sperm samples. The old and new sequential sperm samples were sepa-
rated by long timespans, ranging from 10 to 33 years. We profiled these
samples by high-fidelity duplex sequencing and demonstrate that direct high-
fidelity sequencing of sperm yields cohort-wide mutation rates and patterns
consistent with prior family-based (trio) studies. In every individual, we
detected an increase in sperm mutation burden between the two sequential
samples, yielding individual-specificmeasurements of germlinemutation rate.
Deep whole-genome sequencing of sequential sperm samples from two indi-
viduals followed by targeted validation measured remarkably stable mosai-
cism of clonal mutations that likely arose during embryonic and germline
development, suggesting that age did not substantially impact the diversity of
spermatogonial stem cell pools in these individuals. Our application of high-
fidelity and deep whole-genome sequencing to sequential sperm samples
provides insight into aging-related mutation processes in the male germline.

Human evolution and genetic diseases are both linked to the rate at
which new (de novo) mutations occur in the germline1. Based on “trio”
studies that sequencedparents and their offspring, thedenovomutation
rate in humans has been estimated to be between 1.1 and 1.3 × 10−8

mutations per base pair per generation for single-nucleotide substitu-
tions, which are the most common and well-studied DNA alterations2–8.
Notably, ~80%ofdenovomutations arise in thepaternal (male)germline,
and for every additional year of paternal age, offspring inherit ~1.3–1.5
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more de novo mutations2,3,5,8–10. This increase in de novomutations with
paternal age has been associated with a higher risk of developmental
disorders in the offspring of older men, including achondroplasia, Apert
syndrome, Marfan syndrome, autism spectrum disorders, progeria, and
other disorders4,11–16. Collectively, these data point to the male germline,
namely spermatogonial stem cells and the mature sperm they generate,
as the main source of de novo mutations in humans, and they indicate
that spermatogonial stem cells accumulatemutations linearly with age17.
Themale germline is also distinguished by having the lowest age-related
mutation rate of any cell type in the body other than oocytes, which has
further motivated studies of its mutation processes9,17,18.

Most age-related mutations in sperm are present at very low
mosaicism (i.e., in a very low fraction of sperm) that is below the
detection limits of standard DNA sequencing, and consequently, they
are only measurable by specialized DNA sequencing methods such as
high-fidelity duplex sequencing and microdissection of clonally rela-
ted cells17,19–22. To date, these high-fidelity sequencing methods have
estimated age-related mutation rates in sperm and other tissues by
profiling cohorts of individuals spanning a range of ages, where each
individual is sampled at only a single or at closely spaced
timepoints17,23. However, this approach can only measure the average
mutation rate across a cohort of individuals, and it cannotmeasure the
mutation rate of each individual. Indeed, age-related mosaic mutation
rates have yet to bemeasured systematically at the level of individuals
in any tissue, as this requires sequential biological samples separated
by decades, which are challenging to collect. Despite this challenge,
measurement of individual-specific mutation rates could elucidate
variability in the accumulation of mutations with age among indivi-
duals, which would otherwise not be apparent in studies that profile
only one sample per individual.

Importantly, sperm is one of the only biological tissues that is
stored frozen for decades. Here, we introduce a study design in which
we recontact sperm donors with available prior frozen samples to
provide new semen samples, which enables the collection of sequen-
tial sperm samples separated by long timespans for each individual.
We profile these unique specimens using high-fidelity duplex
sequencing to directly measure individual-level germline mutation
rates. Additionally, we perform high-depth whole-genome sequencing
(WGS) in a subset of individuals, with validation by targeted duplex
sequencing, since mutations that arise early in embryonic or germline
development are detectable by WGS19,24. These higher-level mosaic
mutations that occur early in development are implicated in recurrent
de novo genetic diseases within families, but it remains uncertain how
their mosaicism varies in the sperm of individual men over long peri-
ods of time19,25,26.

Results
Measurement of individualmale germlinemutation rates across
decades
We recruited 23 prior sperm donors who had at least one specimen
stored frozen for more than 10 years at Cryos or California Cryobank,
two of the oldest and largest sperm banks in the world (Fig. 1a and
“Methods”). Each participant provided a new sperm sample as well as
blood (Cryos) or saliva (California Cryobank) and completed amedical
history, fertility, and exposure questionnaire to aid interpretation of
potential outlier results (Supplementary Data 1 and 2 and “Methods”).
Themedian timespanbetween the sperm samples collected at the first
timepoint (T1) and the second timepoint (T2) was 15.9 years (range
10.2–33.4) (Fig. 1b and Supplementary Data 1). The median age at T1
was 27.3 years old (range 21.5–36.9), and themedian age at T2was 42.7
years old (range 33.5–67.3) (Fig. 1b and Supplementary Data 1). We
profiled mosaic mutations in all 69 samples (T1 and T2 sperm and T2
blood/saliva from each individual) using NanoSeq, a duplex sequen-
cing method with single-molecule fidelity21, and each individual’s
blood/saliva samplewas separately sequenced to allowfiltering of non-

mosaic variants (“Methods”). We obtained a total of 8063 gigabases of
NanoSeq sequencing data (average 117 gigabases per sample) for
mosaic mutation analysis (Supplementary Data 3). In sperm, this yiel-
ded an average of 3.8 × 109 high-fidelity interrogated base pairs per
sample (~1.2 sperm haploid genome equivalents) (Supplementary
Data 4). Due to the large timespans between samples of each indivi-
dual, we performed a fingerprinting analysis using inherited germline
variants that confirmed that all theNanoSeq samples of each individual
derived from the same individual (“Methods” and Supplementary
Fig. 1a). Across all sperm samples, we detected a total of 3580 sub-
stitution and 339 insertion/deletion (indel) mosaic mutations (Sup-
plementary Data 4 and 5).

Before analyzing individual-specific germline mutation rates, we
analyzed the relationship betweenmutation burden and age across all
the sperm samples in our cohort. The burden of sperm mosaic sub-
stitution mutations measured by high-fidelity duplex sequencing
exhibited a linear increase with age at a rate of 5.74 × 10−10 substitu-
tions per base pair (bp) per year (95% confidence interval:
4.92 × 10−10–6.55 × 10−10; P < 10−15; burden doubling time for a 20-year-
old individual: 21.6 years) (Fig. 1c and Supplementary Data 4). The
confidence interval of this mutation rate overlaps the mutation rate
calculated from a prior study of paternally derived de novomutations
in 2976 trios10 (4.93 × 10−10 mutations per bp per year; 95% confidence
interval: 4.76 × 10−10–5.09 × 10−10; burden doubling time for a 20-year-
old individual: 25.4 years) (“Methods”). The slightly higher mutation
rate in our data, though not statistically significant, may be due to the
former trio study utilizing an approximate estimate of the number of
base pairs interrogated per genome2,10, compared to our approach
that quantifies an exact number of interrogated base pairs for each
sample (“Methods”). The burden of sperm mosaic indel mutations
also increased linearly with age, with a mutation rate of 2.59 × 10−11

indel mutations per bp per year (95% confidence interval:
7.73 × 10−12–4.41 × 10−11; P = 0.006), with the larger confidence interval
relative to the substitution rate due to the low number of detected
indels (Fig. 1d and Supplementary Data 4). This yields a relative sub-
stitution to indel mutation rate of 22.2, which is similar to an estimate
of 18.0 from a prior trio study9, though both these estimates are likely
significant overestimates as the prior study and our study require
filters for many artifact-prone tandem repeat regions that may harbor
true mosaic indels. Overall, these results demonstrate that direct
profiling of sperm by high-fidelity duplex sequencing reliably mea-
sures age-related mutation accumulation in the male germline.

Next, we analyzed individual-specific germline mutation rates.
Notably, every individual in our study exhibited an increase in sperm
substitutionmutation burden with age, i.e., themutation burden at T2
was higher than the burden at T1 (Fig. 1e and Supplementary Data 4).
Similarly, although indel mutation burdens had larger errors in their
estimates due to the very low indel burdens in sperm, indel burdens
also increased between T1 and T2 in 19 of 23 individuals (Supple-
mentary Fig. 1b and Supplementary Data 4). Together, these data
demonstrate that our study design utilizing sequential sperm samples
separated by long timespans canmeasure individual-specificmutation
accumulation with age.

The median substitution mutation rate across the individuals—
calculated for each individual as the difference in mutation burden
between T2 and T1 divided by the timespan between T2 and T1—was
5.3 × 10−10 mutations per bp per year (Fig. 1e, f). One individual, SPM-
1536, had an outlier high mutation rate estimate of 1.48 × 10−9 (Grubbs
test, P =0.0005) (Fig. 1e, f, Supplementary Fig. 1c, and Supplementary
Data 4). This individual’s history is notable for an undescended testicle,
diagnosed and repaired at 10 years old (Supplementary Data 2). To
further characterize individual-specific mutation rates, we calculated
the residuals of each individual’s substitution mutation burden at T1
and T2 relative to the cohort-wide linear regression and plotted the
rank of the residuals at T1 versus T2 (Supplementary Fig. 1d). This plot
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showed that SPM-1536 (the above mutation rate outlier) had a rela-
tively lowmutation burden at T1 and a relatively highmutation burden
at T2, and that SPM-1514 had relatively high mutation burdens at both
T1 and T2, while SPM-1515 had relatively lowmutation burdens at both
timepoints (Supplementary Fig. 1d).

We also analyzed the age-related mosaic substitution burdens of
blood and saliva samples collected at T2. For blood samples, we did
not see an association of mutation burdens with age (P =0.13), and
there was a nonzero y-intercept (Supplementary Fig. 1e). These results
are likely due to our frozen blood samples limiting us to profiling

whole blood mutation burdens rather than profiling a single short-
lived blood cell type such as granulocytes that are more reflective of
the hematopoietic stem cell compartment21. Prior studies have found
variability inmutation rates amongblood cell types27,28, so variability in
cell type proportions among whole blood samples—especially longer-
lived blood cell types—may have contributed to the variability in
mutation burdens. Consequently, we also did not observe a statisti-
cally significant relationship of substitution mutation burdens
between sperm and blood samples that were collected at the same
timepoint T2 (P = 0.12) (Supplemental Fig. 1f). In contrast, themutation
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Fig. 1 | Studydesign andmutationburdens. a Schematic of studydesign. For each
individual, sperm were profiled from timepoints T1 and T2, with the timespan
betweenT1 andT2 ranging from 10 to 33years. Either bloodor salivawerecollected
at T2 along with a questionnaire. Illustrations created in BioRender. Evrony, G.
(2025) https://BioRender.com/r30q384. bAges of individuals at T1 and T2, ordered
top-to-bottomby the age at T1. See Supplementary Data 1 for details. c Substitution
mutation burdens (mutations per base pair (bp)) measured by NanoSeq for all
sperm samples (T1 and T2). Dots and error bars show point estimates and their
Poisson 95% confidence intervals. The dashed line and shaded region show a
weighted least-squares linear regression and its 95% confidence interval. P values
for the intercept and slope are from the linear regression (two-sided t test). See
Supplementary Data 4 for complete burden statistics. d Sperm indel mutation

burdens (mutations per base pair (bp))measuredbyNanoSeq for all spermsamples
(T1 and T2). Dots and error bars show point estimates and their Poisson 95% con-
fidence intervals. The dashed line and shaded region show aweighted least-squares
linear regression and its 95% confidence interval. P values for the intercept and
slope are from the linear regression (two-sided t test). See Supplementary Data 4
for complete burden statistics and Supplementary Fig. 1b for individual-specific
plots. e Sperm substitution mutation burdens measured by NanoSeq, with each
colored line representing a different individual where the line connects the muta-
tion burdens at T1 and T2. The dashed line shows a weighted least-squares linear
regression. f Individual-specific sperm substitution mutation rates between T1 and
T2 for all profiled individuals. Thick and thin horizontal lines indicate the median
and the 1st/3rd quartiles, respectively.
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burdens of saliva samples correlated well with age (P =0.0007) and
with mutation burdens in sperm that were collected at the same T2
timepoint (P =0.009) (Supplementary Fig. 1e, f).

Mutational spectra
The mutational spectrum of the spermmosaic substitution mutations
(histogram of the number of mutations in each possible trinucleotide
context29) and of the indel mutations that we identified by duplex
sequencing were highly concordant with the spectra of paternally
derived de novo mutations from a prior trio study10 (Fig. 2a, b; cosine
similarities = 0.97 and 0.92 for substitutions and indels, respectively).
These results further support the accuracy of direct high-fidelity

duplex sequencing of sperm to reveal male germline mutations com-
pared to the prior gold standard of trio studies.

We analyzed whether mutational spectra and mutational sig-
natures (mutational processes that produce the mutational spectra29)
vary with age. Since the mutational spectra of individual sperm sam-
ples contained too fewmutations for reliable analysis (Supplementary
Fig. 2), we combined sperm samples into three age groups: 20–30,
30–40, and ≥40 years old at the time of collection. The spectra and
fractional distributions ofmutation typeswere similar between the age
groups (Fig. 2c, d and Supplementary Fig. 3a, b). We then performed
mutational signature analysis for substitutions by fitting the spectra to
COSMIC30 signature SBS1 while extracting one additional signature
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Fig. 2 | Mutational spectra. a Mutational spectra of unique sperm mosaic sub-
stitution mutations (i.e., removing mosaic mutations detected more than once
within the same sample) and paternally derived de novo mutations from the trio
study by Halldorsson et al.10. The spectrum from our study was corrected for tri-
nucleotide context opportunities (i.e., the distributionof trinucleotides in analyzed
bases versus the human reference genome) (“Methods”). See Supplementary Fig. 2
for themutational spectraof each individual spermsample.bMutational spectra of
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old, and age ≥ 40 years old). See Supplementary Fig. 3a, b for spectra of each age
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SBSA that was highly similar to COSMIC signature SBS5 (Supplemen-
tary Fig. 3c; cosine similarity = 0.98). Note, there were insufficient
indels for reliable signature analysis. Subsequent fitting of the spectra
to COSMIC signatures SBS1 and SBS5 showed that these accounted for
19% and 81% of mutations, respectively, and that these two signatures
alone can accurately reconstruct the original spectra (Fig. 2e), con-
sistent with prior studies7,9,31. Furthermore, the fraction of mutations
attributed to these signatures was similar across age groups (Fig. 2e),
suggesting that the rates of these clock-like mutational processes do
not vary with age in the male germline.

Clonal mosaicism
While the above high-fidelity duplex sequencing accurately calls
mosaic mutations in single molecules regardless of their mosaicism
level, including both “clonal” (present in multiple cells) and “non-clo-
nal” (present in only one cell) mosaicmutations, this method’s shallow
genome coverage per sample precludes sensitive identification of
“clonal” mosaic mutations that are present in a higher fraction of
sperm.Notably, prior studies have identifiedevidenceof selectionwith
age in the male germline for mutations in cancer-related genes, espe-
cially in the RAS/MAPKpathway, suggesting that thesemutations drive
clonal expansions in spermatogonial stem cells32. Importantly, patho-
genic clonal sperm mutations undergoing selection contribute to de
novo genetic diseases24,33. An increase in clonalmosaicismwith age has
been identified in blood (also known as clonal hematopoiesis), skin,
esophagus, and other tissues34–36—representing an increase in the size
of some stem cell clones and a reduction in the effective stem cell
population size. However, one point of contrast for the analogous
process of “clonal spermatogenesis” compared to clonal hematopoi-
esis, is that spermatogonial stem cell clones likely have a maximum
possible size, even in the presence of driver mutations, due to the
spatial limitation of clones to a single seminiferous tubule among
hundreds of active seminiferous tubules37,38. At the same time, sper-
matogonial stem cells and seminiferous tubules variably decline in
function with age among men39,40, which could feasibly increase the
fraction of sperm produced by each remaining functional spermato-
gonial stem cell clone.

As deepWGS can detect mutations with as low as 1% mosaicism19,
it can enable detection of clonal mosaicmutations in sperm. One prior
study evaluated sperm clonalmosaicism by deepWGS in 12 young and
5 old individuals, including sequential samples up to 1 year apart, but it
did not identify an increase in the number or the mosaicism of clonal
mutationswith age19. This resultmay bedue to the spatial limitation on
aging-related expansion of spermatogonial stem cell clones such that
they cannot increase to sufficient size to be detectable by deep WGS.
Alternatively, it may be that variability amongmen in the aging-related
decline of spermatogonial stem cells and seminiferous tubules could
put some mens’ aging-related clonal spermatogenesis within the
detection range of deep WGS, but that detecting this in the setting of
these variable processes may require profiling sequential sperm sam-
ples across longer timespans. In addition, deepWGS candetectmosaic
mutations that occurred during early embryonic and germline
development19, which are more likely to be present at higher mosai-
cism (i.e., in multiple seminiferous tubules) than aging-related muta-
tions. Profiling these early-occurring mutations—especially passenger/
non-driver mutations—in sequential sperm samples separated by long
timespans would allow assessment of the stability of the fraction of
sperm produced by these clones as a proxy for aging-related changes
in the number of sperm-producing spermatogonial stem cells. For
example, as subsets of seminiferous tubules gradually cease sperm
production with age, the mosaicism levels of early developmental
mutations could feasibly change.

To assess whether sequential sperm samples spanning long
timespans enable the detection of aging-related changes in sperma-
togonial stem cell clonality, we performed high-depth PCR-free WGS

(average genome coverage 318X) of sperm from timepoints T1 and T2
from two individuals (SPM-1047 and SPM-1564) and their blood/saliva
samples from T2 (Supplementary Data 3 and 4 and “Methods”). SPM-
1047waschosendue to the relatively long timespanbetweenT1 andT2
(22.1 years) and the availability of sufficient DNA for deep PCR-free
WGS. SPM-1564 was chosen due to the individual harboring a known
pathogenic clonal spermmutation in the TSC2 gene (p.Q90X) that we
hypothesized could affect clonal spermatogenesis if a second hit
mutation occurred in TSC241. We called mosaic mutations by adapting
and optimizing for further specificity a computational pipeline pre-
viously validated for deep WGS analysis of somatic mosaicism in the
human brain42 (“Methods”). Due to the higher false-positive rate in
calling mosaic indels in WGS data42,43, we focused our analysis on
mosaic substitutions.

In the four spermsamples (SPM-1047 andSPM-1564T1 andT2),we
called 283 mosaic clonal substitutions, which corresponded to 193
unique substitutions when counting mutations identified in both T1
and T2 once (Supplementary Data 4 and 6). The number of mosaic
clonal substitutions called per sperm sample ranged from 46 to 99,
which is comparable to the 9 to 62 mosaic substitutions called per
sample in a prior high-depth WGS study of sperm19. We then deter-
mined which mutation calls were true positives using high-coverage
targeted duplex sequencing (targeted NanoSeq)44. We successfully
designed hybridization probes for 187 of the 193 mutation loci, and
sequencing achieved an average 1998 duplex read coverage (Supple-
mentary Data 3). Of these, 105 mutations were validated by duplex
reads in at least one of the respective individual’s sperm samples
(Supplementary Data 7). The mutational spectrum of the validated
clonal mutations resembled the spectrum we obtained by our non-
targeted duplex sequencing of all sperm samples, albeit with a rela-
tively lower cosine similarity score of 0.83 likely due to the lower
number of mutations (Fig. 3a). To maximize accuracy in calling pre-
sence/absence of mutations in samples, we used in all subsequent
analyses the 104 of 105 validated mutations that had mean duplex
coverage >500, and we used in analyses the mosaicism levels mea-
sured by targeted duplex sequencing reads. While the genome cov-
erage of non-targeted NanoSeq is low, 2 and 6 of the validated clonal
spermmutations found in SPM-1047 and SPM-1564, respectively, were
also detected in the non-targeted NanoSeq data (Supplemen-
tary Data 7).

Notably, the number of mosaic clonal substitutions in sperm was
remarkably stable with age in both SPM-1047 and SPM-1564 (Fig. 3b).
The number of clonal mutations in SPM-1564 was the same in T1 and
T2, and therewasonly one additional clonalmutationdetected in SPM-
1047 at T2 compared to T1. In addition, SPM-1564 sperm at T1 had 86%
more clonal mutations than SPM-1047 sperm at T1 even though these
individuals had similar T1 ages (Fig. 3b). While each individual’s clonal
substitutions had a similar mosaicism distribution between T1 and T2,
SPM-1564 had a larger percentage of mutation calls with high (> 10%)
mosaicism (16/134 = 12% in SPM-1564 versus 0/73 =0% in SPM-1047;
P =0.005; Chi-squared test), and this cluster of high mosaicism
mutations in SPM-1564was present at both T1 and T2 (Fig. 3c). Overall,
while limited by the small number of identifiedmutations and profiled
individuals, these results are consistent with age-related clonal sper-
matogenesis occurring atmosaicism levels below thedetection limitof
deepWGS inboth individuals. Further, they suggest a higher burdenof
early developmental mutations in individual SPM-1564 in lineages that
produced the germline.

Clonal sperm mutations shared between different combinations
of each individual’s T1 and T2 sperm and blood/saliva samples corre-
spond todifferent approximate timings of themutations. For example,
clonal mutations detected in all three samples of an individual must
have occurred during early embryonic development. On the other
hand, clonal mutations detected in sperm at both T1 and T2 but not in
blood/saliva may have occurred later during germline development.
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Clonal sperm mutations that were not detected in blood/saliva had
lower mosaicism levels in sperm than clonal sperm mutations that
were also detected in blood/saliva (P < 10−11, two-sided Mann–Whitney
test; Supplementary Fig. 4). In addition, only 6/36 (17%) and 6/37 (16%)
of unique clonal sperm mutations detected in SPM-1047 T1 and T2,
respectively, were also identified in the individual’s non-sperm (blood)
sample, and likewise, these fractions were 13/67 (19%) in both SPM-
1564 T1 and T2 (Fig. 3d). These results suggest that most clonal sperm
mutations that arise during development occur after the germ cell
lineage separates from somatic lineages.

Our study design allowed us to evaluate the stability of clonal
mosaicism levels over long timespans. Of the clonal sperm mutations
detected in SPM-1047 and SPM-1564, 103/104 (99%) were identified at
both T1 and T2 (Fig. 3d). The only mutation detected at only one
timepoint (chr7:98991712 C>T) was detected by deep WGS only at T2,

and it was detected in 2/2264 targeted duplex reads at T2, but not in
2078 duplex reads at T1 (Supplementary Data 6 and 7). While this may
be anaging-related clonalmutation, it is alsopossible that even greater
targeted duplex sequencing depth would have detected this mutation
at T1. The mosaicism levels of clonal sperm mutations were also
remarkably correlated between T1 and T2 (R2 = 0.99; P <0.001), with
99/104 (95%) of these mutations changing their absolute mosaicism
level from T1 to T2 by less than 1% (Fig. 3e, f and Supplementary
Figs. 5 and 6). SPM-1564’s pathogenic TSC2 mutation also did not sig-
nificantly alter its mosaicism, with 11% and 13% mosaicism in sperm T1
and T2, respectively; this is likely because a second hit is required in
TSC2 or in other genes of its associated signaling pathway to drive
clonal expansion41. Overall, our results indicate that mosaic germline
mutations that arise during early development are highly stable over
long periods of time. With the caveat of our small number of profiled
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Fig. 3 | Deep whole-genome sequencing analysis of clonal mosaicism.
a Mutational spectrum of unique clonal mosaic substitution mutations identified
by deep WGS and validated by targeted NanoSeq in sperm samples (timepoints T1
and T2 of SPM-1047 and SPM-1564) compared to the spectrum of mutations
identified by non-targeted NanoSeq across all sperm samples in this study
(reproduced from Fig. 2a). See Supplementary Data 6 and 7 for details of all
mutations identified by WGS and targeted NanoSeq. b Number of clonal mosaic
substitution mutations identified by deepWGS and validated by targeted NanoSeq
in sperm samples. c Histogram of the fraction of validated clonal substitution
mutations in each sample in different bins of mosaicism as measured by targeted
NanoSeq. The parentheses and square brackets of mosaicism bins indicate

exclusion and inclusion, respectively, of the bin’s limits. See Supplementary Data 7
for mosaicism values of all mutations. d Number of unique clonal substitution
mutations detected by targeted NanoSeq in different combinations of the three
samples of each individual: T1 sperm, T2 sperm, and blood (SPM-1047) or saliva
(SPM-1564). The numbers in each box indicate the number of mutations in that
category. e Comparison of the mosaicism as measured by targeted NanoSeq of
clonal substitution mutations in sperm between T1 and T2 formutations identified
in at least one timepoint. The dashed line shows a linear regression with associated
R2 value and P value (two-sided t test). fAbsolute difference inmosaicism fromT1 to
T2 as measured by targeted NanoSeq (calculated as T2mosaicism –T1 mosaicism)
for clonal substitution mutations identified in sperm in at least one timepoint.
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individuals, this result further suggests that even as the function of
spermatogonial stem cells and seminiferous tubules declines with age,
the fractional contribution of early developmental clones to sperm
production is not significantly affected.

We then examined whether any cancer-related genes (Supple-
mentary Data 8) had clonal mutations across the sperm samples. This
yielded only the known TSC2 pathogenic mutation in SPM-1564 sperm
at T1 and T2. No other validated clonal sperm mutation was protein-
altering. We also examined whether any genes were recurrently
mutated (>1 mutation) across sperm samples. This yielded only GLI2,
which had two different mutations in SPM-1564, one of which was
detected in both T1 and T2 spermaswell as saliva and another thatwas
detected only in T1 and T2 sperm (Supplementary Data 6). However,
both GLI2mutations were intronic with a CADD score of 0, indicating
they very likely have no functional impact. These data suggest that any
putative genes driving clonal spermatogenesis that are recurrently
mutated within and across individuals, as is observed in epithelial
tissues35,36, have driver mutations with mosaicism <1%, which is below
the detection limit of deep WGS.

Discussion
Here, we profile individual-specific mutation rates and patterns in the
male germline using sequential sperm samples separated by long
timespans. While the collection of sequential samples separated by
long timespans is challenging for any tissue, we demonstrate an
approach to achieve this for sperm and that high-fidelity sequencing of
such sequential samples can measure individual-specific mutation
rates. This suggests that this approach could be scaled in the future to
systematically exploremodifiers ofmutation rates in the germline and
in other tissues. Though our study did not focus on recruiting men
with fertility-related conditions, one individual in our cohort with a
relatively long history (10 years) of an undescended testicle had an
outlier high mutation rate. However, since the low number of muta-
tions per sample incurs a relatively high error in individual mutation
rate estimates (Supplementary Fig. 1c),measurementofmutation rates
of more individuals with this condition are warranted to determine if
this condition explains our finding. Additionally, one individual in our
cohort had Fabry disease and a low sperm count (SPM-1072) but did
not have an outlier mutation rate (Supplementary Data 2 and 4), sug-
gesting variability in how fertility-related conditions may affect
mutation rates. Notably, while this study was under review, another
study reported in a pre-print the identification of elevated mutation
burdens in most, though not all oligozoospermic men including pro-
filing of paired longitudinal sperm samples in 8 men45. Further high-
fidelity sequencing studies of sperm from infertile men will help elu-
cidate variability in mutation rates both among and within fertility-
related conditions.

We find that direct high-fidelity duplex sequencing of purified
sperm yields mutation rates and patterns fully consistent with prior
trio studies. Trio analyses previously estimated germline mutation
rates at the level of individuals by profiling de novo mutations in
multiple children of the same parents, and these estimates increase in
accuracy as the number of offspring and the timespan between off-
spring increase7,8. These studies have identified inter-family differ-
ences in age-related de novomutation rates supported bymultivariate
modeling7,8,46 with a comparable distribution to our estimates (ratio of
90th to 10th percentile rates = 2.5 in a trio study8, compared to 2.9 in
our study), suggesting the existence of parental effects on mutation
rate beyond just age. However, this likely common variability in
mutation rates among individuals has a lower magnitude than the
extreme outliers caused by DNA repair defects and chemotherapy
exposure identified by a recent larger trio study9. Importantly, in
contrast to trio sequencing, direct sequencing of mosaic mutations in
sperm is not limited by the number of offspring or the timespan
between them, so it could be utilized in the future as a clinical assay

either pre- or post-conception and longitudinally to deeply assess
individual risk for de novo genetic diseases24,25. Further, the fidelity of
our measurements suggests that duplex sequencing of sperm in
humans may be well-suited for assessing the potential mutagenic
impact of environmental exposures on the germline.

Our deep WGS profiling of sequential sperm samples in two indivi-
duals, followed by validation using targeted duplex sequencing, showed
a highly stable number of clonal mutations and clonal mosaicism levels
with age, suggesting that age-related clonal spermatogenesis occurs at
mosaicism levels below the detection limit of deep WGS. This is con-
sistent with the highly polyclonal spatial arrangement of sperm
production38 and a prior deep WGS study that profiled individuals with
samples spanning closely spaced (< 1 year) timepoints19. Our finding that
spermatogonial lineagesmarked by early developmentalmutations have
remarkably stable mosaicism over long timespans further suggests that,
at least in these individuals, any age-related dysfunction of spermato-
gonial stem cells and/or seminiferous tubules were sufficiently spatially
random as to not significantly alter the fractional sperm contribution of
these lineages. The very high cost of deep WGS limited the number of
samples we could profile by this approach, and larger-scale studies are
needed to corroborate our findings. We postulate that deepWGS paired
with targeted duplex sequencing validation in sequential sperm samples
of even older men, who will have a greater decline in sperm production,
may identify changes in themosaicismof spermatogonial clonesmarked
by early developmentalmutations. Importantly, while our data show that
clonal mosaicmutations that arise during early development have stable
mosaicismover long periods of time, this is likely not the case formosaic
mutations occurring later in life that undergo positive selection.

Our study has a few limitations. First, currently feasible sequen-
cing depth due to sequencing costs limits the number ofmutations we
detect per sample. This adds measurement error to our mutation rate
estimates and precludes analysis of mutational spectra in individual
samples. As sequencing costs continue to decrease, direct sequencing
of sperm will yield increasingly accurate and comprehensive mea-
surements. Second, more definite conclusions about the stability of
mutation rates and patterns over adult life and about variability among
individuals are limited by our relatively small cohort size and our
limitation to two timepoints per individual. This motivates future
studies to profile more timepoints in larger cohorts, and these future
studiesmayhave implications for counseling individuals regarding the
risk of de novo genetic disease risk in offspring. For example, a recent
trio study identified individuals with outlier germline mutation bur-
dens due to chemotherapy and DNA-repair deficiency9. Profiling
sequential samples from such individuals using direct sperm sequen-
cing would illuminate the time course of these processes. A third
limitation is that, while our high-fidelity sequencing reliably detects
mosaicmutations regardless ofmosaicism level, it has shallowgenome
coverage, and our deep WGS profiling has high genome coverage but
its fidelity is limited to detecting mutations with >1% mosaicism.
Therefore, these twomethods are not sensitive for detection of clonal
mutations with <1% mosaicism that likely account for most mutations
under positive selection in the germline. Detecting these mutations
comprehensively will require the application of high-fidelity duplex
sequencing approaches that achieve both high genome coverage and
high fidelity, either by targeting specific genomic regions (e.g., tar-
geted duplex sequencing44) or by dramatically lowering sequencing
costs of non-targeted duplex sequencing. Indeed, during the review of
this manuscript, two pre-printed studies demonstrated targeted
duplex sequencing of sperm that revealed novel genes withmutations
under positive selection in the male germline45,47. Further, newer ver-
sions of duplex sequencing enable interrogation of any genomic
region44, in contrast to our use of restriction enzyme fragmentation in
non-targeted duplex sequencing that captures ~30% of the genome.

It is not known whether variability in germline mutation rates
among individuals correlates with mutation rates in somatic tissues.
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To the extent that an individual’s complement of genetic variants in
DNA repair andDNAmetabolic genes explains someof this variability,
we speculate that a correlation may be identified by future larger-
scale studies between germline and somatic mutation rates. If con-
firmed, this may enable germline mutation rate measurements to
assess the risk of somatic mutation diseases such as cancer. High-
fidelity DNA sequencing is revolutionizing our understanding of
mosaic mutation processes. Future studies that couple this powerful
technology with novel study designs will continue to yield new
insights into the mechanisms and modifiers of mutation in the
human body.

Methods
Research subjects
All research subjects were enrolled in a study approved by the New
York University Grossman School of Medicine Institutional Review
Board in compliance with all relevant ethical regulations. We queried
the databases of Cryos and California Cryobank to identify previous
sperm donors who still had at least one specimen stored for more
than 10 years. Donors were contacted by a project manager by tele-
phone call or written communication, and if they confirmed interest
in the study, they were referred to a secure online consent form
managed by New York University. Following consent, subjects com-
pleted an online medical history, fertility, and exposure ques-
tionnaire (Supplementary Data 9), and the sperm bank was notified
that the subject is consented for collection of new sperm and blood/
saliva samples. Subjects received nominal monetary compensation
for participation. Later in the study, the links between the sperm
bank de-identified subject IDs and this study’s de-identified subject
IDs were deleted. Subjects consented to sharing their data via a
controlled-access database.

Semen samples at both sperm banks were obtained by mas-
turbation in a private room into a sterile cup. Ejaculates were kept at
room temperature briefly to allow liquefaction. The motility of time-
point T1 sperm samples at both sperm banks and of timepoint
T2 sperm samples at California Cryobank were estimated manually by
microscopy. Blood was collected by Cryos in EDTA tubes. Saliva was
collected by California Cryobank using Oragene OGR-600 saliva col-
lection kits (DNA Genotek).

Purification of sperm
After semen collection by the sperm bank, prior to freezing in liquid
nitrogen, sperm were purified from semen samples from timepoint T1
of individuals SPM-1072, SPM-1511, SPM-1514, SPM-1515, and SPM-1536,
and all semen samples from timepoint T2 of all individuals using
density gradient centrifugation48. All other semen samples collected at
timepoint T1 were frozen without washing.

Subsequently, at New York University, for sperm samples that
already underwent density gradient centrifugation prior to freezing
at the sperm bank, we performed one additional density gradient
centrifugation and two post-density gradient washes as previously
described49 using ORIGIO gradient 40/80 buffer (Cooper Surgical,
84022010) and Origio sperm wash buffer (Cooper Surgical,
84050060) reagents. For semen samples that were frozen at the
sperm bank without a wash, we performed an initial density gradient
centrifugation followed by one post-density gradient wash (resus-
pending the washed sperm in 350 µL of Origio sperm wash buffer) as
previously described48, and then we immediately performed a sec-
ond density gradient centrifugation and two post-density gradient
washes as previously described48. Therefore, every final sperm sam-
ple underwent two density gradient centrifugations. We have pre-
viously shown that this method of sperm purification removes
detectable somatic cell contamination using a methylation assay
interrogating four loci that are differentially methylated in sperm
versus somatic cells48,50.

DNA extraction
DNA was extracted from sperm with our previously described
method48 that utilizes Buffer RLT (Qiagen), Bond-Breaker TCEP Solu-
tion (Thermo Fisher Scientific), bead homogenization (20Hz for 30 s),
QIAamp DNA Mini Kit (Qiagen), and treatment with Monarch RNase A
(New England Biolabs). The concentration and quality of all DNA
samples were measured using a NanoDrop instrument (Thermo Fisher
Scientific), a Qubit 1× dsDNA HS Assay Kit (Thermo Fisher Scientific),
and a Genomic DNA ScreenTape TapeStation Assay (Agilent). DNAwas
stored at −20 °C.

DNA was extracted from blood samples using the Magattract
HMW DNA Kit (Qiagen), per the manufacturer’s protocol for
whole blood.

DNA was extracted from saliva samples using the QIAamp DNA
Mini Kit (Qiagen) per the manufacturer’s protocol for body fluids and
including an RNase A treatment step.

NanoSeq library preparation and sequencing
NanoSeq libraries were prepared as previously described21 with 50ng
of DNA input and using the HpyCH4V restriction enzyme (New Eng-
land Biolabs) for fragmentation. NanoSeq libraries for mosaic muta-
tion profiling were made with 0.6 fmol of library molecules input into
the PCR step. NanoSeq libraries for inherited germline variant profiling
(used as a filter during the analysis of mosaic mutations) were made
with between 3 and 12 fmol of library molecules input into the PCR
step, depending on the amount available. Libraries were sequenced
with 150 bp paired-end reads using a NovaSeq 6000 instrument (Illu-
mina).We filtered low-quality tiles from two sequencing runs using the
bbamp v39.05 filterbytile tool (https://sourceforge.net/projects/
bbmap) using default settings and a reference ‘dump’ file calculated
from all samples of the same lane. See Supplementary Data 3 for
sequencing and library metrics.

Whole-genome library preparation and sequencing
Two PCR-free libraries for deep whole-genome sequencing were pre-
pared for each sample to provide the sufficient library for deep
sequencing. Each library used 425–1000 ng of input DNA diluted in
45 µL of nuclease-free water (NFW), with the amount of input DNA
depending on the amount of DNA that could be input into this volume.
We then added 5 µL of 10× shearing buffer (100mMTris pH 8, 500mM
NaCl) to the DNA. Next, we fragmented DNA in a 96 AFA-TUBE TPX
plate (Covaris, product 520291) in an R230 instrument (Covaris) with
settings: temperature = 10 °C, iterations = 5, treatment duration = 10 s,
peak incident factor = 280W, duty factor = 25%, and cycles per
burst = 50.

End repair of DNAwas then performed by adding 7 µL of NEBNext
Ultra II End PrepReaction Buffer (NEB) and 3 µL ofNEBNext Ultra II End
Prep Enzyme Mix (NEB), and then incubating at 20 °C for 30min fol-
lowedby65 °C for 30min. Adapterswere ligatedby then adding 5 µLof
xGen UDI-UMI adapter (IDT), 30 µL NEBNext Ultra II Ligation Master
Mix (NEB) and 1 µL NEBNext Ligation Enhancer (NEB), followed by
incubation at 20 °C for 15min. Finally, libraries were purified and
adapter dimers removed using a 0.8× magnetic (SPRI) bead to library
volume ratio cleanup, the two library preparations for each sample
were combined, and then libraries were further purified with a 0.9×
magnetic bead to library volume ratio cleanup.

Libraries were sequenced with 150bp paired-end reads using a
NovaSeq 6000 instrument (Illumina). See Supplementary Data 3 for
sequencing metrics.

Targeted NanoSeq library preparation and sequencing
Targeted NanoSeq libraries were prepared as previously described44

with 400ng of DNA input and using Covaris (sonication) for frag-
mentation with the following modifications: (1) Covaris fragmentation
to a target size of 220bp was performed in a 55 µL volume in a 96
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microTUBE Plate (Covaris cat. # 520078) on an R230 instrument
(Covaris) with settings: repeat iterations = 20, repeat duration = 10 s,
peak incident power = 450, duty factor = 25%, cycles per burst = 600.
(2) Fragmented DNA proceededwithout a bead purification directly to
end repair in a volumeof 60 µL,whichwas thenpurifiedwith a bead-to-
sample volume ratio of 2×. (3) The 60 µL volume of ligated DNA was
purified by adding 60 µL of water and 96 µL of beads. (4) qPCR calcu-
lations showed that none of the libraries exceeded our target of 4000
haploid genomic equivalents of ligated DNA, so we input the entire
volume of ligated library into the pre-hybridization indexing PCR that
was performed in a total volume of 66 µL with seven cycles. The PCR
reactions were purified once with a bead-to-sample volume ratio of 1×.
(5) Hybridization was performed with a probe panel synthesized by
Twist Bioscience. We submitted for panel design all 193 mosaic
mutations that were detected byWGS in at least one sperm sample, as
well as 12 randomly selected heterozygous germline variants for
downstream confirmatory sample fingerprinting, of which 6 mosaic
mutation loci and 1 germline variant failed Twist’s design filters and
were not included in the panel. (6) Two libraries were multiplexed per
hybridization with an input of between 850 and 975 ng per library. (7)
We used the Twist StandardHybridization Reagent Kit v2 and followed
Twist’s protocol except that we used NEBNext Ultra II Q5 Master Mix
(NEB) for the post-hybridization PCR (18 cycles). Libraries were
sequencedwith 150bppaired-end reads using aNovaSeqX instrument
(Illumina). See Supplementary Data 3 for sequencing and library
metrics.

NanoSeq analysis
Primary data processing. NanoSeq primary data processing was
performed using the NanoSeq analysis pipeline v.3.5.5 (https://github.
com/cancerit/NanoSeq)21 for chromosomes 1–22, X, and Y (hg38
reference genome). We used the following non-default settings— ‘cov’
step: --exclude chrM,%random,chrUn_%,%_alt,chrEBV,HLA%; ‘var’ step:
-c 0, ‘indel’ step: -c 0 --t3 135 --t5 10. In the ‘dsa’ step, we used the SNP
mask ‘SNP.sorted.GRCh38.bed.gz’ supplied by the creators of the
NanoSeq analysis pipeline (link in the above GitHub page) and a NOISE
mask that we created by combining the following regions in hg38: (a)
k50 Umap mappability51 < 0.95; (b) ENCODE hg38 blacklist (accession
ENCFF356LFX); (c) Segmental duplications, centromeres, and telo-
meres obtained from theUCSC genome browser52; (d) Satellite repeats
obtained from the RepeatMasker track (repClass=Satellite) of the
UCSC genome browser; (e) gnomAD53 v3.1.2 indels with any of AF,
AF_hom, or AF_het allele frequency tags ≥0.01 (including 1 base prior
to each deletion for proper filtering by the NanoSeq pipeline); and (f)
gnomAD v3.1.2 substitutions with any of AF, AF_hom, or AF_het allele
frequency tags ≥0.001 and FILTER != ‘PASS’. This NOISEmask removes
a total of 484Mb (~15.7%) of the genome. We include this NOISE mask
as Supplementary Data 10.

Following primary data processing, we confirmed that
VerifyBamID254 calculated a FREEMIX value < 0.001 for all samples,
which excludes significant contamination from an unrelated sample.

Fingerprinting. To further confirm concordance between each indi-
vidual’s blood/saliva and sperm NanoSeq samples, we performed a
fingerprinting analysis. Briefly, we counted the number of high-quality
inherited germline variants (in the blood/saliva inherited germline
sample) that were absent from blood/saliva and sperm NanoSeq
mosaic mutation libraries. In the absence of false-positive germline
variant calls, we would expect none of the high-quality variant calls
from the inherited germline sample to be absent from the same indi-
vidual’s mosaic samples, assuming the variant locus had sufficient
sequencing depth in the mosaic sample.

Initial inherited germline variant calls were made from each
inherited germline sample’s ‘neat’ CRAM file (‘neat’ CRAM files contain
one random representative read pair from each duplex molecule read

family; generated by the NanoSeq pipeline randomreadinbundle tool)
using bcftools55 v1.15.1mpileupwith options ‘-B -Q 25 -q 10 -a FORMAT/
AD,FORMAT/DP’, followed by bcftools call -m -v, bcftools +fill-tags -- -t
'FORMAT/VAF', and bcftools view -m2 -M2 -v snps -g ^miss. These
germline variant calls were further filtered to exclude those with
VAF <0.3, read depth <20, or ‘QUAL’ value < 30.

For each individual’s initial inherited germline variant calls, we
genotyped those loci jointly across the ‘neat’ CRAM files of all mosaic
samples of all individuals using bcftools mpileup with options ‘-B -q 10
-a FORMAT/AD,FORMAT/DP’, followed by bcftools call -m, bcftools
+fill-tags -- -t 'FORMAT/VAF'. We then applied the following filters to
remove residual false-positive inherited germline variant calls: (1) fil-
ters recommended by the authors of bcftools (http://www.htslib.org/
workflow/filter.html): bcftools filter -e “MQBZ< -(3.5 + 4*(FORMAT/
DP)/QUAL) || RPBZ > (3 + 3*(FORMAT/DP)/QUAL) || RPBZ < -
(3 + 3*(FORMAT/DP)/QUAL) || SCBZ > (2.5 + (FORMAT/DP)/30)”; (2)
bcftools filter --SnpGap 3; (3) variants overlapping the ‘NOISE mask’
regions described above; (4) only substitutions with two alleles called
(-v snps -m2 -M2); (5) variants that are not substitutions or substitu-
tions that do not have exactly 2 alleles called (including the reference
allele); (6) ‘QUAL’ value ≤ 500 or VAF ≤0.4; (7) variants within 2 bp of
‘Simple Repeats’56 annotated in the UCSC hg38 genome browser; (8)
variants in the tandem repeats annotation used by the HipSTR tool57

(https://github.com/HipSTR-Tool/HipSTR-references/raw/master/
human/hg38.hipstr_reference.bed.gz); (9) T >G variants, which had an
elevated frequency of false-positives; (10) variants in repetitive
sequences as quantified by the Brain Somatic Mosaicism Network
pipeline repeat.2.py tool (https://github.com/bsmn/bsmn-pipeline/
blob/master/utils/repeat.2.py), specifically, filtering variants with
either ‘repeat_n’ or ‘repeat_length’ ≥3 at the variant position or with
either repeat_n’or ‘repeat_length’≥4 at either of the adjacent bases; (11)
variants with another variant call within 20bp using the GATK v4.4
VariantFiltration tool58 with options ‘--cluster-window-size 20 --cluster-
size 2’. Finally, for each inherited germline/mosaic sample pair, we
counted the number of the filtered high-quality inherited germline
variants that had a total (REF and ALT) read depth ≥8 and ALT read
depth 0 in the mosaic sample.

Data analysis. To facilitate analysis of NanoSeq results, we created an
R59 package called NanoSeqTools (https://github.com/evronylab/
NanoSeqTools), which loads all the NanoSeq pipeline output files
required for downstream analysis. NanoSeqTools also utilizes BED-
Tools v2.31.160 and code from indelwald61. NanoSeqTools also corrects
substitution mutation burdens for differences in trinucleotide dis-
tributions between the reference genome and the final interrogated
base pairs, as previously described21, and thesemutation burdenswere
used in our analyses. Weighted least-squares linear regressions were
performedusing the ‘lm’ function in R, with the ‘weights’parameter set
to 1/[raw mutation counts] for each sample. Additional R packages
used in the analysis were tidyverse, outliers, ggbeeswarm, ggpubr, and
RColorBrewer.

Mutational signature analysis
Mutational spectra and signature analysis were performed for unique
mutations, i.e., counting only once those mutations detected more
than once in a sample, which was 42 non-unique/3580 total substitu-
tion mutations and 5 non-unique/339 total indel mutations. Prior to
analysis, mutational spectra of substitutions were also corrected for
trinucleotide context opportunities21. Specifically, we calculated the
fraction of each trinucleotide out of all trinucleotides across the
human reference genome, after reverse complementing trinucleotides
so that the central base is a pyrimidine. For each sample, we then
calculated the trinucleotide fractional distribution across bases inter-
rogated by NanoSeq using the NanoSeq pipeline results.cov.bed.gz
output file. Then, for each sample, each trinucleotide context’s
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substitutions count was corrected for trinucleotide opportunities by
multiplying its raw mutation count by that context’s fractional dis-
tribution in the full genome divided by its fractional distribution in the
sample’s interrogated bases. Mutational spectra of substitutions and
indels were tabulated with indelwald61 and sigfit62, respectively, and
spectra were plotted with sigfit.

Mutational signature analysis was performed with sigfit62

after combining sperm mosaic substitutions into three age groups
(20 ≤ age < 30 years old, 30 ≤ age < 40 years old, and age ≥40 years
old) and correcting for trinucleotide context opportunities. Since
COSMIC SBS1 is more challenging to extract in the setting of a small
number of samples due to its lower level63, we initially used the
‘fit_extract_signatures’ function of sigfit to fit SBS1 (from the COSMIC
SBS v.3.4 catalog) while simultaneously extracting additional sig-
natures de novo. This showed that high reconstruction accuracies
were achieved by extracting one additional signature, which most
closely matched COSMIC SBS5 as described in the main text. The
final analysis therefore fit the mutational spectra directly to COSMIC
signatures SBS1 and SBS5.

Analysis of prior de novo mutation studies
Paternally phased de novomutation burdenswere calculated fromdata
published in a prior study by Halldorsson et al. of 2976 trios10, using
additional methodological details obtained from the associated study
by Jonsson et al.2. Specifically, child andparent ageswere obtained from
Halldorsson, et al.’s aau1043_datas7.tsv supplementaryfile, and de novo
mutation counts were obtained from the study’s aau1043_datas5_revi-
sion1.tsv supplementary file.

Paternally phased de novo substitution mutation burdens
(mutations per base pair) were first calculated for each child as [total
number of paternally phased de novo substitution mutations]/[frac-
tion of the child’s de novo substitution mutations that were either
paternally or maternally phased, which corrects for each child’s
phasing rate] × [Jonsson et al’s correction factor of 1.009 that accounts
for its false positive and negative rate]/[Jonsson et al’s interrogated
genome size of 2,682,890,000]2,10. We then performed a linear
regression in R of the de novo substitution mutation burdens versus
paternal age using the ‘lm’ function, and we obtained 95% confidence
intervals using the ‘confint’ function.

Whole-genome sequencing analysis
Deep whole-genome sequencing data was analyzed using a custom
pipeline that was based on a mosaic mutation pipeline developed by
the Brain Somatic Mosaicism Network (BSMN)42 (https://github.com/
bsmn/bsmn-pipeline) that incorporates rigorousmulti-step filtering of
sequencing and alignment artifacts.

Sequencing reads were split into chunks and aligned to the hg38
version of the reference genome with bwa mem64 with option ‘-M’, fol-
lowed by conversion to BAM format and sorting with sambamba65 and
merging of chunks with samtools merge55. Next, we marked optical
duplicates with Picard MarkDuplicates66 with option ‘-OPTICAL_DUPLI-
CATE_PIXEL_DISTANCE 2500’. We then performed indel realignment
using: a) GATK v3.767 RealignerTargetCreator with options ‘-known
Mills_and_1000G_gold_standard.indels.hg38.vcf.gz -known Homo_-
sapiens_assembly38.known_indels.vcf.gz’ (these and other GATK-related
resource files specified below were obtained from the online GATK
resource bundle); b) GATK v3.7 IndelRealigner with options ‘-known
Mills_and_1000G_gold_standard.indels.hg38.vcf.gz -known Homo_-
sapiens_assembly38.known_indels.vcf.gz -targetIntervals [intervals file
generated from the prior RealignerTargetCreator step]’. We then per-
formed base quality score recalibration using: (a) GATK v3.7 Base-
Recalibrator with options ‘-knownSites Mills_and_1000G_gold_standard.
indels.hg38.vcf.gz -knownSites Homo_sapiens_assembly38.known_
indels.vcf.gz -knownSites dbsnp_146.hg38.vcf.gz‘; (b) GATK v3.7 Print-
Reads with options ‘--disable_indel_quals -BQSR [output file of the prior

BaseRecalibrator step]’. The final output BAM file was converted to
CRAM format with samtools. Average coverage depth was calculated
with GATK v4.4 DepthOfCoverage for regions in the wgs_callin-
g_regions.hg38.interval_list file obtained from the online GATK resource
bundle.

Substitution and indel variants were called from the above final
CRAM file in the following steps: (a) GATK v4.4 HaplotypeCaller sepa-
rately for each chromosome with options ‘-ERC GVCF -A StrandBiasBy-
Sample -ploidy [20% × average coverage calculated for representative
chromosome 10]’. Note, this ploidy level was optimized by the BSMN
pipeline to detect mosaic mutations; (b) GATK v4.4 GenotypeGVCFs
separately for each chromosome with option ‘-ploidy [20% × average
coverage calculated for representative chromosome 10]’; (c) GATK v4.4
GatherVcfs to combine the calls of all the chromosomes; (d) GATK v4.4
IndexFeatureFile to index the prior VCF file; (e) GATK v4.4 Varian-
tRecalibrator with options ‘--resource:hapmap,known=false,training=-
true,truth=true,prior=15.0 hapmap_3.3.hg38.vcf.gz --resource:omni,
known=false,training=true,truth=true,prior=12.0 1000G_omni2.5.hg38.
vcf.gz --resource:1000G,known=false,training=true,truth=false,prior=
10.0 1000G_phase1.snps.high_confidence.hg38.vcf.gz --resource:dbsnp,
known=true,training=false,truth=false,prior=2.0 dbsnp_146.hg38.vcf.gz
-an DP -an QD -an FS -an SOR -an MQ -an MQRankSum -an Read-
PosRankSum --mode SNP --max-gaussians 4 --maximum-training-variants
5000000 -tranche 100.0 -tranche 99.9 -tranche 99.0 -tranche 90.0’; (f)
GATK v4.4 ApplyVQSR of the VCF file produced by GatherVcfs with
options ‘--mode SNP -ts-filter-level 99.0 --recal-file [recal file produced by
the prior VariantRecalibrator step] --tranches-file [tranches file produced
by the prior VariantRecalibrator step]’; (g) GATKv4.4 VariantRecalibrator
of the VCF file produced by the prior ApplyVQSR step with options
‘-resource:mills,known=false,training=true,truth=true,prior=12.0 Mills_
and_1000G_gold_standard.indels.hg38.vcf.gz -resource:dbsnp,known=
true,training=false,truth=false,prior=2.0 dbsnp_146.hg38.vcf.gz -an QD
-an DP -an FS -an SOR -an MQRankSum -an ReadPosRankSum --mode
INDEL -tranche 100.0 -tranche 99.9 -tranche 99.0 -tranche 90.0 --max-
gaussians 4’; (h) GATK v4.4 ApplyVQSR of the VCF file produced by the
prior VariantRecalibrator step with options ‘--mode INDEL -ts-filter-level
99.0 --recal-file [recal file produced by the prior VariantRecalibrator step]
--tranches-file [tranches file produced by the prior VariantRecali-
brator step]’.

For the purpose of later filtering, we called copy number variants
from the abovefinal CRAMfilewithCNVpytor68 as follows: (a) cnvpytor
-T [reference genome fasta] -rd [CRAM file]; (b) cnvpytor -his 100; (c)
cnvpytor -stat 100; (d) cnvpytor -partition 100; (e) cnvpytor -call 100.

We then performed multi-step filtering of the called variants as
follows:

• Exclude variants that are not assigned FILTER = ‘PASS’ by the
VariantRecalibrator steps.

• Exclude substitution variants that are within 5 bp of an indel using
bcftools filter with option ‘--SnpGap 5’.

• Exclude variants that are in gnomAD v3.1.253 with allele frequency
>0.001 using the bcftools annotate command and a gnomAD
annotation file that contains CHROM, POS, REF, andALT columns.

• Exclude variants that are not PASS (i.e., not equal to ‘P’) in the
1000 genomes strict mask available at https://github.com/
abyzovlab/CNVnator/raw/master/ExampleData/1KG.20160622.
strict_mask.hg38_GRCh38.fa.gz. This was performed by extracting
the masked base symbol from the mask for each variant call
position with samtools faidx and then annotating variant calls
with bcftools annotate.

• We used the somatic_vaf.2.py script from the BSMN pipeline to
annotate each variant with a binomial test (where # of trial suc-
cesses = # of ALT reads and # of trials = # of total reads, with
alternative hypothesis = smaller than expected # of successes) P
value reflecting the probability that its variant allele frequency is
by chance significantly different from 0.5 (the variant allele
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frequency expected for an inherited germline variant) and with
thenumber of reads supporting the variant call that havemapping
quality ≥ 20 and base quality ≥20. We then exclude variants with
binomial P value > 1 × 10−6 or when there are less than three reads
supporting the variant.

• Exclude variants whose +/− 1 kilobase span is genotyped by
CNVpytor with a copy number ≥2.5, since those regions’ higher
copy number would have inherited germline variants with a lower
variant allele frequency.

• Weused the strand_bias.2.py script from the BSMNpipeline to: (a)
exclude variants that do not have at least one read in each strand
with mapping quality ≥20 and base quality ≥20 supporting the
variant, and, (b) exclude variants that have both strand bias
Poisson and strand bias Fisher’s exact test P values < 0.05.

• Weused the repeat.2.py script from the BSMNpipeline to exclude
variants that are in regions with short tandem repeat sequences,
specifically variants with repeat_n value ≥ 4 or repeat_length
value ≥ 10.

• Exclude variants that are present in the BSMN panel of normal
reference, which is a panel of variants found in >5/2504 PCR-free-
sequenced whole-genome sequencing samples.

• Exclude variants within the SNP and NOISE mask regions used for
NanoSeq filtering (described in the ‘NanoSeq analysis’ section).

• Exclude variants within 2 bp of ‘Simple Repeats’ annotated in the
UCSChg38genomebrowser or that arewithin the tandemrepeats
annotation regions used by the HipSTR tool (described above in
the ‘Fingerprinting’ section).

• Exclude variants that pass all the above filters, but that within a
20 bp window there are >1 variants, using the GATK v4.4 Var-
iantFiltration tool with options ‘--cluster-window-size 20 --clus-
ter-size 2’.

• Exclude variants that pass all the above filters, but which are
present in the pre-filtering variant calls of any sample of the same
individual with binomial test (where # of trial successes = # of ALT
reads and # of trials = # of total reads, with alternative hypothesis
= smaller than expected # of successes) P value > 1 × 10−6.

• Two read-depth-based filters that examined read support for
variants in the final CRAM files of each sample as quantified by the
bcftools mpileup command with options ‘-d 9999 -B -a FORMAT/
AD, FORMAT/DP’: (a) exclude variants detected in ≤10 reads that
were also detected in ≥ 1 read in any one of the WGS samples of
another individual, and exclude variants detected in >10 reads
thatwere alsodetected in ≥ 2 reads in any one of theWGS samples
of another individual; (b) exclude variants with <5 supporting
reads whose trinucleotide context contains ‘TT’ (after collapsing
to central pyrimidine context). These trinucleotide contexts are
enriched for artifacts basedonmanual reviewof sequencing reads
and based on outlier peaks in the mutational spectrum compared
to the expected spectrum from our NanoSeq data and prior de
novo mutation trio study data10. Variants that passed these two
read-depth-based filters in at least one sample of an individual
were retained in other samples of the individual even if they failed
these filters to facilitate analyses of bona fide mosaic mutations
across samples of the individual.

• Variants that passed all the above filters in a subset of an indivi-
dual’s samples were recovered from other samples of the indivi-
dual if in those other samples the variant did not pass all the filters
but was detected in ≥3 reads per the above bcftoolsmpileup data.

Subsequently, we analyzed single base substitutions and anno-
tated them using ANNOVAR69 with GENCODE v43 gene annotations,
gnomAD v3.1.2, and CADD scores70. We calculated each mutation’s
mosaicism (i.e., % of cells with the mutation) as 2× VAF for blood and
saliva samples and equal to the VAF for sperm samples. Plots were
created in R with tidyverse71 and ggplot72 packages.

For analyses and plots of genes with >2 mutations, we manually
reviewed the raw reads of these mutations (N = 19 mutations) in IGV
and excluded 9 of these mutations from analyses and plots of fre-
quently mutated genes, because they are likely artifacts based on
their detection at low-level in reads of samples of a different indivi-
dual than the individual in which the variant was called by the above
pipeline.

Note, the mutational spectrum of SPM-1047 blood WGS closely
resembled the duplex sequencing spectrum of all blood samples
(cosine similarity = 0.92; N = 956 unique mutations), while the spec-
trum of SPM-1564 saliva WGS had a markedly different spectrum than
that obtained by duplex sequencing of all saliva samples (cosine
similarity = 0.23;N = 467 uniquemutations) with a high fraction of C>T
mutation calls (91.4%), likely due to DNA damage from the reagent
used to preserve saliva. Therefore, this saliva sample was used only to
assess the presence of sperm mutations identified by WGS in non-
sperm tissue.

Targeted NanoSeq analysis
Targeted NanoSeq primary data processing was performed using the
NanoSeq analysis pipeline21 as described above for standardNanoSeq
data, except with minimum AS-XS = 10, maximum matched normal
VAF = 0.1, minimum matched normal coverage = 25, and for the
samples of each individual using as the matched normal reference
the corresponding targeted NanoSeq ‘neat’ CRAM file from either
blood (SPM-1047) or saliva (SPM-1564). For each sample, we then ran
the snv_merge_and_vaf_calc.R script from the NanoSeq analysis
pipeline21 to calculate the number of times each mutation was
detected (‘TIMES_CALLED’ in the resulting VCF file). We further
extracted: (1) the duplex read coverage of all targeted mutations in
the panel using the NanoSeq pipeline’s results.cov.bed.gz files, since
the NanoSeq pipeline only calculates this data for sites in which a
mutation was detected; (2) read coverage and mutation read counts
for all targeted mutations in the panel in each sample’s ‘neat’ CRAM
file; (3) non-duplex read coverage and non-duplex mutation read
counts for all targetedmutations in thepanel, calculated as the above
‘neat’ CRAM values minus the above duplex values. Themean duplex
coverage was calculated for each mutation across all samples of the
individual with the mutation.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
Sequencing data generated in this study have been deposited at the
NCBI database of Genotypes and Phenotypes (dbGaP) under accession
code phs003716.v1.p1. The data are available under restricted access
for genetic privacy and consent reasons, and access can beobtainedby
researchers for IRB-approved studies by application via the dbGaP
website in a process that usually takes less than 1 month.

Code availability
The source code for the NanoSeqTools analysis package is available at
https://github.com/evronylab/NanoSeqTools.
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