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The landscape of somatic mutation in cerebral
cortex of autistic and neurotypical individuals
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We characterize the landscape of somatic mutations—mutations occurring after fertilization—in the human brain using
ultra-deep (~250x) whole-genome sequencing of prefrontal cortex from 59 donors with autism spectrum disorder (ASD) and 15
control donors. We observe a mean of 26 somatic single-nucleotide variants per brain present in >4% of cells, with enrichment
of mutations in coding and putative regulatory regions. Our analysis reveals that the first cell division after fertilization pro-
duces ~3.4 mutations, followed by 2-3 mutations in subsequent generations. This suggests that a typical individual possesses
~80 somatic single-nucleotide variants present in >2% of cells—comparable to the number of de novo germline mutations per
generation—with about half of individuals having at least one potentially function-altering somatic mutation somewhere in the
cortex. ASD brains show an excess of somatic mutations in neural enhancer sequences compared with controls, suggesting that

mosaic enhancer mutations may contribute to ASD risk.

acquired postfertilization and are present in a subset of an indi-
vidual’s cells, marking only cells that are descended from the
originally mutated cell'. Mutations occurring early in development
may be present throughout the body, whereas later-occurring muta-
tions are found in progressively smaller subsets of cells. Somatic
mutations can be neutral or they can confer a functional advantage
or disadvantage to the affected cell. Somatic mutations represent a
particularly interesting phenomenon in the brain, as most neurons
are postmitotic and will harbor their mutations for the life of the
individual. The study of benign clonal somatic mutations in the
brain has the potential to reveal insights into mechanisms of normal
neurodevelopment. Although function-altering somatic mutations
have well-established roles in cancer and some focal epilepsies*™,
the question of whether mutational mosaicism affects risk of other
neuropsychiatric diseases is only beginning to be explored™’.
Previous studies have established that single human neurons
harbor large numbers of somatic mutations®. However, the bur-
den and extent of clonal somatic mutations—somatic mutations
present in multiple cells and thus likely to have capacity for func-
tional impact—have until now been difficult to characterize. This is
largely due to the fact that most studies of clonal somatic mutation
in human brain have been performed in very small sample sizes,
based on exomes only>'’ or with insufficient depth of sequencing.
Investigating the genome-wide landscape of clonal somatic muta-
tion within the human brain is crucial to better understand the ways

f omatic mutations, also referred to as mosaic mutations, are

in which developmental mutations shape the adult brain, contribute
to normal variation and cause disease.

ASD is a complex and heterogeneous neurodevelopmental dis-
ease characterized by impairments in communication and social
interactions as well as repetitive behaviors. Several large studies
of blood or saliva DNA from ASD families have shown that both
de novo germline mutations and exonic somatic single-nucleotide
variants (sSNVs) play a role in ASD causation, with anywhere
from 5.4% to 22% of mutations that were previously thought to be
de novo actually representing postzygotic mutations''~*. Due to the
scarcity of donated brain tissue, very few studies have investigated
somatic mutation in autism brain'>'"°. Deep whole-genome sequenc-
ing (WGS) of autism-affected brains has not been available, and
therefore the critical question of how noncoding somatic mutations
in autism brain might impact disease risk remains unanswered.

Here we present ultra-deep WGS of 59 ASD brains and 15
neurotypical brains, representing the largest such collection ever
assembled. An earlier study of ASD brains examined targeted
sequencing of 78 genes', whereas we perform whole-genome
analysis of prefrontal cortex (PFC) from some of the same brains
and many additional ones. Our deep WGS data enable detection
of sSNVs occurring early in development—mutations that are
most likely to alter brain function compared with later-occurring
mutations—and accurate estimation of allele fractions, allowing
for high-resolution analysis of human brain mutational mosaicism.
Our analysis provides insight into the general architecture and
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Fig. 1| Experimental design and genome coverage. DNA was isolated
from dorsolateral prefrontal cortex of 59 ASD brains and 15 control brains,
then whole-genome sequenced to an average depth of 250x. Germline
variants were identified and sSNVs were called using MosaicForecast. A
representative set of mutations was validated using targeted amplicon
resequencing. Mutations were systematically assigned to cell generations
based on VAF.

mutational signatures of somatic mutation in the normal human
brain, as well as important implications for genome-wide mosaic
mutation in ASD pathogenesis.

Results

Variant discovery and validation. We sampled 59 ASD brains
and 15 control brains (Supplementary Table 1), extracting DNA
from dorsolateral PFC where available, before performing WGS
to an average depth of 250X. The majority of ASD samples and all
control samples were sequenced using a PCR-free library prepara-
tion, whereas 11 ASD samples were sequenced with a PCR-based

preparation. We identified sSNVs and indels in all samples using a
machine-learning-based method called MosaicForecast'®, which is
optimized to detect somatic mutations in the absence of a matched
reference tissue (Fig. 1 and Supplementary Figs. 1 and 2). This is
crucial for studying disease samples such as ASD brains, as many
donated cases do not include paired nonbrain tissues. We were able
to call mutations with variant allele fraction (VAF) down to 2% in
PCR-free samples, and to 3% VAF in PCR-based samples; therefore,
we had sensitivity to detect variants present in as few as 4-6% of
cells in a given section of brain tissue. After stringent filtration, we
identified an average of 25.6 +10.2 sSSN'Vs per sample (range 10-60;
Fig. 2a and Supplementary Table 2). VAFs of detected sSSN'V's ranged
from ~2% to 39%, corresponding to mutation presence in ~4-78%
(mean 17%) of cells for autosomal variants (Fig. 2b). Identified
sSNV positions were covered at an average of 216X. There was no
difference in overall sSNV count between ASD cases and controls.

Deep targeted resequencing of 208 putative sSNVs
(Supplementary Table 3), to an average depth of ~50,000% per reac-
tion, demonstrated the accuracy of our mutation-calling algorithm
since called sSN'V's showed an overall validation rate of 90% (Fig. 2¢;
94% for samples sequenced using PCR-free libraries). VAFs from
targeted resequencing were highly concordant with VAFs estimated
from WGS (Fig. 2d; R*=0.904). Analysis of germline heterozygous
sites covered in deep resequencing showed over-dispersion of vali-
dation VAFs, which was not present in WGS data and was corrected
in downstream analyses (Supplementary Fig. 3 and Supplementary
Table 4). Since the 11 samples sequenced using PCR-based library
preparation had a lower validation rate (Fig. 2c), only sSNVs dis-
covered in PCR-free samples or validated in PCR-based samples
were used for downstream analyses. We also validated 86 mosaic
indels called with MosaicForecast (Supplementary Table 5 and
Supplementary Fig. 4), which were used in regulatory region analy-
ses as described later.

Somatic mutations are enriched in coding and open chromatin
regions. At the single-neuron level, it has been shown that sSNV's
are enriched in exons, suggesting that transcriptional error may
contribute to somatic mutation'’. However, few studies have exam-
ined clonal somatic mutations genome-wide in bulk DNA samples
to determine which regions of the genome harbor somatic muta-
tions that arise in early development. We found that across all
PCR-free samples, 35 sSNVs were exonic (2.2%), which is about
twice as high as expected (Fig. 2e, P=0.0003, two-tailed binomial
test, Supplementary Table 6). Among these, 12 were silent, two were
protein-truncating and 21 were missense. Approximately 43% (27
of 63) of PCR-free samples had at least one detectable exonic sSNV,
with one sample having three exonic mutations (Supplementary
Fig. 5) at VAFs detectable in this study. These data suggest that
coding regions are particularly vulnerable to somatic mutation
during development.

Across all samples, we identified 21 potentially damaging exonic
sSNVs, including validated variants in PCR-based samples (Table
1 and Supplementary Table 6). Damaging somatic mutations in
mutationally constrained genes (as predicted by the probability of
loss-of-function intolerance score (pLI score)) were identified in
both cases and controls based on rigorous criteria using 12 different
mutation effect prediction tools'®, with the classification of NsynD4
representing the most likely damaging nonsynonymous mutations
and the classification of LOF representing predicted loss-of-function
mutations (Table 1). Our dataset included two protein-truncating
mutations predicted with high confidence to be loss-of-function,
although both were in genes predicted to be relatively tolerant to
loss-of-function (Supplementary Table 6).

Not surprisingly given our small sample size, the overall bur-
den of exonic sSNVs was similar in our ASD cases and controls,
but several of our ASD cases carried damaging mosaic mutations
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Fig. 2 | Mosaic mutations are present across the genomes of cases and controls. a, Distribution of mosaic mutations per subject. b, VAF distribution of all
mosaic variants identified in this study (stacked barplot). There are more ASD cases than controls and therefore more total ASD sSNVs, but no difference

in allele fraction distribution. ¢, Validation rates in PCR-free and PCR-based samples from deep targeted resequencing of 208 putative mutations. d, VAFs
from WGS were highly correlated with allele fractions from deep resequencing (R?=0.904; n=208 mutations). Error bars indicate 95% Cls calculated

with a binomial test. ¢, Number of observed mosaic mutations divided by the expected number of mosaics assuming a uniform mutation rate, among 1,603
PCR-free sSNVs (excluding false positive mutations by deep resequencing validation). Exonic regions show the strongest enrichment for mosaics among
several genomic regions (two-tailed binomial test). Error bars indicate 95% Cls calculated with a binomial test. f, Noncoding somatic mutations are enriched
in DHSs annotated by the Roadmap Epigenomics Project in both the 59 ASD cases and the total dataset (74 cases total; two-tailed Wilcoxon rank sum

test). The lower and upper hinges of the boxplot correspond to the first and third quartiles, and the middle lines correspond to the median values. NcRNA,

non-coding RNA.

that may be relevant for the patient phenotype. For instance, a likely
damaging missense mutation in CACNAIA (c.354 G > T; p.G40W),
a gene previously documented to cause autism and intellectual dis-
ability in the heterozygous state’”, was found in approximately 10%
of brain cells for case UMB1174 (Table 1 and Supplementary Fig. 6).
Importantly, CACNAIA mutations can also cause epileptic encepha-
lopathy”’, and case UMB1174 was noted to have a seizure disorder in
addition to a diagnosis of ASD. While the study size is not well pow-
ered to analyze germline ASD mutations, several individual cases
nonetheless showed rare, predicted-damaging germline variants in
autism risk genes that are likely to contribute to disease, and which
may be useful in guiding studies of these samples (Supplementary
Table 7). Furthermore, we observed a nominal excess of deleteri-
ous germline variants in ASD cases compared with controls when
applying a recently published analysis®' (rate ratio=4.32, P=0.149,
two-tailed Poisson exact test; Supplementary Fig. 7), although as
expected from our small sample size, this difference was not statisti-
cally significant.

In addition to finding enrichment of sSNVs in exons, we also
observed an excess of somatic mutations in areas of open chromatin.
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We found an increased rate of somatic mutations in noncod-
ing DNase I hypersensitive sites (DHSs) (P=0.00039, two-tailed
Wilcoxon rank sum test; Fig. 2f), which often colocalize with regu-
latory elements such as promoters and enhancers***. The increased
rate of somatic mutation in DHSs could represent heightened vul-
nerability of regulatory regions to DNA damage and replication
errors during early development*.

Clonal mutation analysis reveals insights into early embryonic
development. We examined mutational dynamics in the early
embryo by assigning sSSN'V's to specific cell generations based on their
allele fractions (accounting for variable read depth), using a maxi-
mum likelihood approach (Methods, Fig. 3a and Supplementary
Table 8). We confirmed that our assigned cell generations correlated
well with data from three brains that had previously undergone
single-cell lineage analysis®'” (Fig. 3b). When we estimated mutation
rate per cell generation after correcting for detection sensitivity, our
data revealed an elevated mutation rate during the first postconcep-
tion cell division (~3.4 mutations per division), followed by a steady
rate of ~2-3 mutations per division in subsequent cell divisions
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Fig. 3 | Clonal mutation analysis reveals mutational dynamics in the early embryo. a, Clonal somatic mutations map onto a symmetric model of cell
division in the early embryo. The black curve represents the likelihood of sSSNVs belonging to the first cell generation, blue the second cell generation, red
the third cell generation, yellow the fourth cell generation and green the fifth cell generation. b, Cell generation assignments for sSSNVs were congruent
with data from single-cell lineage analysis of three individuals (UMB1465, UMB4643, UMB4638). ¢, Somatic mutations are elevated in the first cell
generation of embryogenesis (~3.4 mutations per cell division), then occur at a rate of approximately 2-3 mutations per cell division in subsequent
generations. d, Based on the mutation rate per cell generation, an average individual would carry ~86 (95% Cl: 82-90) sSNVs from the first five cell
generations. e, Given that ~2.2% of sSNVs in our dataset are exonic, each individual would carry ~1.9 (95% ClI: 0-5) exonic sSNVs. Data in c-e are based

on 1,603 PCR-free sSNVs. Plots represent mean and error bars indicate 95% C

| calculated with a binomial test. f, Assuming ~37% of new exonic mutations

are damaging, ~50% of individuals would carry >1 damaging exonic mutation from the first five cell divisions, present in roughly >2% of cells. g, Among

mosaic mutations in the occipital lobe and prefrontal cortex for control brain U

MB4638, variants assigned to earlier cell divisions are present in wider

tissue distributions across the body. h, Among mosaic mutations identified in the occipital lobe and prefrontal cortex, variants assigned to earlier cell

divisions are also present in wider tissue distributions across the body of contr

(Fig. 3¢; P=0.022 for the difference between the first two cycles
based on permutation test; Methods and Supplementary Fig. 8). We
note that our validation rate was high across a wide range of VAFs
(validation rate=100% for mosaics with >0.2 VAF; Supplementary
Fig. 9), and analysis of single-cell sequencing data® confirmed that
even high-VAF (>0.2) variants were indeed mosaic and not germ-
line (Supplementary Fig. 10). These findings suggest that the higher
mutation rate during the first cell generation is unlikely to be arti-
factual, and it has been suggested before using similar methods®.
Based on the positions of the peaks in our mutational VAF distri-
bution, it is possible to infer whether the VAF distribution is more
consistent with a symmetric or an asymmetric model of early embryo
development. We found that our data slightly favor an asymmetric
cell model (P=3x107, likelihood ratio test), in which many pro-
genitor cells contribute unevenly to the organism*® (Supplementary
Figs. 11 and 12). Importantly, cell generation assignments changed
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ol UMB4643.

very little with implementation of the symmetric versus asymmetric
models (Supplementary Table 8).

The estimated early embryo mutation rate is largely consistent
with other reports, which have estimated roughly 1-3 mutations
per cell division in the early embryo®*. Notably, this somatic
mutation rate is ~1-5 times higher than the germline mutation rate
inferred from de novo germline mutations in maternal haploids,
and ~10 times higher than the estimated germline mutation rate
in paternal haploids®*. The cell cycle in the early human embryo
is relatively short*, with reduced G1 checkpoint protein expres-
sion®, suggesting one mechanism for the elevated rates of somatic
mutation. Furthermore, some mutations in the first cell cycle may
represent sites of single-stranded DNA damage in sperm or egg’"*,
repaired to the mutated base during the first cell division, thereby
accounting for the elevated mutation rate in the first cell generation
after fertilization.
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a, There is notable evolution of mutation profiles across the first four cell

divisions. Specifically, there is an increase of C> T transitions and decrease of T > A mutations (two-tailed Fisher's exact test). Data include 1,641
mutations (all PCR-free sSNVs with false positives removed and validated PCR-based sSNVs). Error bars indicate 95% Cls calculated with a binomial test.
b, C > T mutations in CpG dinucleotides tend to occur in earlier-replicating genomic regions. ¢, C > T mutations in non-CpG contexts show no replication
timing bias. d, All other substitution types show a more typical late-replication bias.

Approximately 50% of individuals possess potentially damag-
ing exonic sSNVs in >2% of cortical cells. Every study of somatic
mutation is inherently limited by tissue sampling, as somatic muta-
tions by nature are present in some regions of particular organs but
not in others. Therefore, it has traditionally been difficult to esti-
mate body-wide or even organ-wide somatic mutation burden. We
utilized our cell generation assignments to estimate global somatic
mutation burden in the brain.

Assuming early embryo mutation rates as estimated above, a sta-
ble mutation rate in the fourth and the fifth cell generations, and no
proliferative advantage of variants, a typical individual would amass
~86 (95% confidence interval (CI): 82-90) genome-wide sSNVs in
the first to fifth cell generations after conception, each present at
>1% VAF across the adult body (Fig. 3d). Our directly measured
~26 early embryonic sSNVs, and this estimate of 86 mutations
over the first five cell divisions, are of quite similar magnitude to

the 6-70 de novo germline mutations™ per individual identified
in a recent WGS family-based study, creating the possibility that
function-altering mosaic mutations may contribute to variation
more commonly than appreciated.

To estimate this contribution to functional variation, we focused
on the ~2.2% of observed variants in our dataset that are exonic, sug-
gesting that a typical individual would have on average ~1.9 (95% CI:
0-5) exonic sSNVs (Fig. 3e) occurring in the first five cell divisions
of development. Large studies have found that ~45% of new exonic
variants that have not yet undergone evolutionary selection are
likely to be damaging®*, and among our set of 35 PCR-free exonic
mutations, 37% are predicted to be most damaging with scores of
either NsynD4 or LOF (Supplementary Table 6). Therefore, assum-
ing ~37% of exonic sSNVs are potentially damaging, then ~50% of
individuals would carry >1 damaging exonic sSNV at >1% VAF
(>2% of cells) (Fig. 3f). Importantly, even low-VAF mutations have
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Fig. 5 | ASD brains contain somatic mutations affecting brain-active enhancers. a, Although there is no difference between ASD cases and controls in the
burden of mosaic mutations present in all brain-active enhancers from the Roadmap project, ASD cases are enriched for mutations occurring in regions
that act as enhancers in the majority of brain epigenomes available for analysis. Odds ratios and error bars (95% Cl) were calculated by Fisher's exact
test; P value was further corrected with Bonferroni correction. b, Active brain enhancer regions harboring mutations in our dataset are nearby to TSSs of
genes that are enriched for brain-specific expression, compared with genes nearby to all mutations in our dataset. Error bars indicate 95% Cl calculated
with a binomial test. Panels a and b include sSNVs from PCR-free samples (false positive sites by deep resequencing were excluded) and validated mosaic
indels, for a total of 1,689 mutations. ¢, Example of an sSNV in ASD brain AN06365 located in a brain-active enhancer. Genes in blue font have functional
evidence linking their expression to enhancer activity (a, genotype tissue expression®; b, predicted enhancer targets*’; c, Hi-C sequencing data“c; d,
chromatin interaction analysis by paired-end tag sequencing”’; e, ENCODE data). The orange ChromHMM track represents active enhancer designation.
d, The mutation is predicted to affect transcription factor binding. e, A mutant construct transfected into N2A cells results in reduced enhancer activity

by 29% compared with wild-type construct (n=4 independent plates cultured in parallel, two-tailed t-test, t=3.191, d.f. =6). f, In N2A cells pretreated
with DN-REST to assume a neuronal-like state, the mutant construct reduces enhancer activity by 38% (n=4 independent plates cultured in parallel,
two-tailed t-test, t=18.07, d.f.=6). Error bars in panels e and f represent 95% Cls. Mb, megabases.

potential to cause disease, as damaging mutations with allele frac-
tions as low as 1% and present in only a small area of the brain have
been frequently reported to cause epilepsy via focal cortical dys-
plasia®*’. When we include noncoding sSNVs (as we will describe),
the number of potentially damaging sSN'Vs increases. This analysis
suggests that damaging somatic mutations are likely more common
than previously appreciated, even in healthy individuals.

As an additional test, we analyzed mosaics in a second cortical
region (occipital lobe, 250-300x WGS) and in nonbrain tissues
(Supplementary Table 9; heart or liver, ~40-65x WGS) for two
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individuals in which these additional tissues were available. We
found that 86% of discovered variants, usually those variants with
higher VAFs arising earlier during development, were shared in at
least two regions, whereas mutations with lower VAFs were often
regionally restricted (Fig. 3g,h). Among the 94 sSNVs we identi-
fied in the two subjects, one is an exonic missense mutation pre-
dicted to be damaging by standard prediction tools (Methods and
Supplementary Table 9), consistent with our estimate that about half
of individuals will carry at least one damaging exonic somatic muta-
tion present in a measurable fraction of cells.
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Mutation types evolve in the early embryo and with replication
timing. We next assessed the specific base changes in our sSNV
dataset. Consistent with other reports of clonal mosaic mutation
in humans">**, most sSNVs were C>T transitions (48%), with
approximately half of those occurring in the context of hypermu-
table CpG dinucleotides. Interestingly, substitution types evolved
across the first four cell divisions, with C>T transitions increas-
ing and T > A transitions decreasing (P=7X10"° and P=2x107%,
respectively; two-tailed Fisher’s exact test) in subsequent cell gen-
erations (Fig. 4a and Supplementary Fig. 13). Although sSNVs are
generally thought to be more prevalent in late-replicating regions
of the genome®*, we observed that CpG C>T mutations were
more prevalent in the earliest-replicating genomic regions, whereas
non-C> T base substitutions increased in later-replicating regions,
implying different DNA methylation dynamics during early embryo
development™ (Fig. 4b-d).

Autism brains contain mosaic variants affecting critical
brain-active enhancers. Although statistical analysis of WGS
studies is challenged by thousands of simultaneous hypotheses
that can be tested, the higher rate of mutation in open chroma-
tin that we described above suggested a specific comparison of
somatic mutations with a previous study that showed a role of
de novo germline mutations in neural enhancer sequences in neu-
rodevelopmental disorders*. We did not observe enrichment of
overall sSSN'Vs and validated mosaic indels in brain-active enhanc-
ers in ASD cases compared with controls; however, we did observe
significant enrichment when assessing only sequences bearing
active enhancer marks in a majority of brain epigenomes avail-
able for analysis (from Roadmap Epigenomics*), reflecting those
regions that are most likely to represent critical enhancers shared
across individuals. When restricted to candidates that are recur-
rent in more than 50% (>5 of 8) of available brain epigenomes,
the odds ratio of having a mosaic mutation in an enhancer in
ASD compared with that in control was 11.9 (95% CI: 1.97-487,
P=8x107" two-tailed Fisher’s exact test; Fig. 5a, Supplementary
Figs. 14 and 15 and Supplementary Table 10). With the Bonferroni
correction for testing multiple types of regulatory regions, the P
value is highly significant at P=7x 107 Similar enrichment was
not observed in any regulatory elements active in other tissues
(Supplementary Fig. 15). While this observation requires con-
firmation in larger datasets, our data provide a preliminary sug-
gestion that enhancer mutations are not only especially frequent
during mitotic cell divisions, but also might contribute to ASD
risk in some cases.

Furthermore, genes with transcription start sites (TSSs) within
50kilobases (kb) of these shared brain-active enhancers (>5 brain
epigenomes with active enhancer status in the Roadmap data)
with mosaic mutations were enriched for brain-specific expres-
sion, implying direct functional relevance of enhancer muta-
tions (P=8x107° two-tailed Fisher’s exact test; Fig. 5b and
Supplementary Table 11). While noncoding mutations in regula-
tory regions have been linked to ASD in other studies of peripheral
blood DNA**** our analysis, albeit limited by small sample size,
shows that such mutations occur in a mosaic state in brain DNA,
suggesting that perturbing the expression of brain-essential genes
via brain mosaic mutation in regulatory regions could potentially
contribute to ASD risk.

To investigate the functional significance of putative enhancer
mutations, we engineered mutant constructs and assessed their
impact on transcriptional activity via a standard luciferase activ-
ity assay in cultured neural-crest-derived cells for several variants.
Case AN06365 has a validated sSNV (present in 5.3% of cells) in
an enhancer on chromosome 1 near a number of important genes,
some of which have functional data supporting their regulation by
the enhancer”* (Fig. 5c). The single-base substitution identified

in this individual is predicted to impact transcription factor bind-
ing (Fig. 5d). According to our assay, this mutation has a sub-
stantial impact on transcriptional activity, resulting in reduced
activity in both a neuroblastoma cell line and cells treated with
dominant-negative REST (DN-REST) to produce a more differenti-
ated neuronal state (Fig. 5e,f). Similar results were observed for a
second mutation (Supplementary Fig. 16).

Discussion

In this study we investigated somatic mutations in brain DNA
genome-wide using ultra-deep sequencing in a large sample of 74
brains, including 59 brains from patients with ASD. While other
studies have performed targeted sequencing of ASD brain DNA",
or whole-exome sequencing of brain DNA from other conditions'’,
this represents the largest cohort of ASD brain samples to undergo
deep whole-genome analysis. Our study of high-coverage WGS data
has revealed a rich landscape of mutational mosaicism within both
neurotypical and autistic brains, outlined rates and types of somatic
mutation within the brain, and revealed insights into somatic muta-
tion accumulation in the early embryo. We find that the first five cell
divisions produce early somatic mutations in numbers comparable
to de novo germline mutations, although mosaic mutations will
have overall more modest effect sizes given their presence in some
but not all brain cells.

Individuals vary substantially in their brain somatic muta-
tion burden, with some brains having only a handful of detectable
somatic mutations in a given region and others—even neurotypi-
cal individuals—harboring up to several dozen sSNVs present in
>4-6% of cells, with an elevated mutation rate of sSSN'Vs in exonic
and open chromatin regions. Although somatic retrotransposon
mobilization has been suggested as a major source of neuronal
diversity, sSSNVs formed just from the first few cell divisions num-
ber ~100 per genome (versus <1 transposon insertion per average
genome*’), in addition to several hundred more sSN'Vs per genome
that arise later in gestation”. Given their relative abundance, sSSNV's
may contribute to interindividual genetic neural variability more
than mobile elements.

Based on our estimated mutation rate per cell division, roughly
half of individuals would carry one or more potentially damaging
exonic mutations in a substantial fraction of cells (VAF>1%). At
lower VAFs, the number of potentially function-altering somatic
variants is expected to be substantially higher. Of note, predicting
true deleteriousness is known to be very difficult, such that many
mutations predicted as damaging would have functional impact
only when homozygous and are likely to be well tolerated espe-
cially in a somatic state®. Still other mutations may be incompatible
with life when homozygous or even when germline heterozygous,
meaning that their effects could only be observed in a somatic state.
Therefore, although many predicted-damaging mosaic mutations
may have subtle effects depending on their distributions, they none-
theless have potential to cause or contribute to a wide number of
disease states in many individuals.

Our data also suggest a potential role for mosaic mutations
occurring in noncoding regulatory regions in ASD etiology,
although the low availability of postmortem brains limits our
sensitivity. For example, our sample size was not large enough to
identify excess exonic mosaics in autism cases, although this has
been documented in much larger exome studies conducted on
peripheral DNA from thousands of ASD cases''~"*. Mosaic muta-
tions in brain-specific enhancer regions are intriguing, however,
since they represent a mechanism for disrupting gene expression
in brain-limited or region-specific ways, in both normal and dis-
eased brains, without disrupting expression in other tissues. Hence,
mosaic noncoding mutations represent an attractive candidate
mechanism to be involved more broadly in ASD and other neuro-
psychiatric diseases as well.
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Methods

Human tissue and DNA samples. For detailed information on experimental
design, please refer to the Nature Research Reporting Summary. Frozen
postmortem human brain specimens from 61 ASD cases and 15 neurotypical
controls were obtained from the Lieber Institute for Brain Development and the
University of Maryland through the NIH NeuroBioBank, as well as from Autism
BrainNet. All specimens were deidentified and all research was approved by the
institutional review board of Boston Children’s Hospital. No statistical methods
were used to predetermine sample sizes but we attempted to obtain samples from
all donated postmortem ASD brains with frozen prefrontal cortex available for
research, as well as a reasonable number of control brains. Data collection and
analysis were not performed blind to the conditions of the experiments. Data
collection was not randomized.

DNA was extracted from dorsolateral prefrontal cortex where available (or
generic cortex in a minority of cases) using lysis buffer from the QIAamp DNA
Mini kit (Qiagen) followed by phenol chloroform extraction and isopropanol
cleanup. Samples UMB4334, UMB4899, UMB4999, UMB5027, UMB5115,
UMB5176, UMB5297, UMB5302, UMB1638, UMB4671 and UMB797 were
processed at New York Genome Center using TruSeq Nano DNA library
preparation (Illumina) followed by Illumina HiSeq X Ten sequencing to a
minimum of 200X depth. All remaining samples were processed at Macrogen
using TruSeq DNA PCR-Free library preparation (Illumina) followed by minimum
of 30x sequencing of seven separate libraries on the Illumina HiSeq X Ten,
for a total minimum coverage of 210x per sample. We achieved an average of
251x depth across all samples, using 150-base-pair (bp) paired-end reads. Two
samples, UMB5771 and UMB5939, had parental saliva-derived DNA available,
and DNA from both parents for these two cases was obtained and sequenced at
Macrogen to ~50x depth. Parental DNA was not available for any other samples.
Additionally, DNA was extracted from Brodmann Area 17 (occipital lobe)
for cases UMB4638 and UMB4643 and sequenced at Macrogen to a minimum
of 210x depth following PCR-free library preparation. Bulk heart and liver
sequencing data, as well as single-cell sequencing data from three individuals
(UMB1465, UMB4643 and UMB4638), were previously published by our group
and used again in this study®"”.

Mutation calling and filtration. All paired-end FASTQ files were aligned using
BWA-MEM v.0.7.8 to the GRCh37/hg19 human reference genome including

the hs37d5 decoy sequence from the Broad Institute, following GATK best
practices™ 2. We used MuTect2-PoN** (GATK v.3.5) to generate a set of PONs
(panel-of-normals), by using 73 individuals other than the sample being analyzed
(including both cases and controls), to remove sequencing artifacts and germline
variants. For somatic mutation calling, rare variants were further selected by
filtering out any variant with a maximum population minor allele frequency
(MAF) >1x107° in the Genome Aggregation Database (gnomAD)*. Variants
within segmental duplication regions or nondiploid regions'® were also removed.
Low-quality calls tagged ‘t_lod_fstar, ‘str_contraction” and ‘triallelic_site’ were
removed. A minimum VAF of 0.03 was required unless a variant was phasable by
MuTect2, which allowed for rescue of variants down to VAF of 0.02; however, a
threshold of 0.03 was maintained for PCR-based samples. A minimum alternative
read depth of three reads was required. Only private events among the population
were analyzed. An upper VAF threshold of 0.40 was set and heterozygous
germline variants were removed. For mosaic indels specifically, variants within

RepeatMasker regions (http://www.repeatmasker.org/) and simple repeats regions™

were further excluded.

We then used MosaicForecast' to perform read-backed phasing and
identify high-confidence mosaics from the candidate call set. Briefly, features
likely to be correlated with mosaic detection specificity were selected: mapping
quality, base quality, clustering of mutations, read depth, number of mismatches
per read, read1/read2 bias, strand bias, base position, read position, trinucleotide
context, sequencing cycle, library preparation method and genotype likelihood.
Based on these features, a random forest model was trained using phased variants.
Further training was conducted using parental WGS data from two cases,
UMB5771 and UMB5939, as well as single-cell WGS data from three control
brains, UMB1465, UMB4643 and UMB4638 (refs. *'7), for which we constructed
lineage trees with the sSNV's we identified and assigned variants to different
clades, and germline variants were identified as those presenting in multiple
conflicting clades'®. Predicted mosaics were further filtered by removing genomic
regions enriched for low-VAF variants and by removing variants with unusually
high sequencing depth that also occurred in regions marked as copy number
variants by Meerkat™. Following all training and filtration, we identified 2,166
putative mosaic sSSNVs (Supplementary Table 2). Two ASD samples, ABN_B6S3
and UMB5308, were eliminated from the study at this stage due to very high
noise suggestive of sample contamination, leaving 59 ASD cases with high-quality
sequencing data.

Prediction of pathogenicity scores. Pathogenicity prediction scores were
calculated for functional mosaic and germline variants using a modified

version of a previously described pipeline'®. The pipeline uses 12 different
prediction tools (SIFT, LRT, MutationTaster, MutationAssesor, FATHMM,
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Provean, MetaSVM, MetaLR, M-CAP, MutPred, Eigen and CADD) and classifies
variants as follows: Nsyn, missense variant with >5 benign predictions or 0
damaging predictions; NsynD1, damaging missense variant with >1 damaging
prediction and <5 benign predictions; NsynD2, damaging missense variant

with >4 damaging predictions and <5 benign predictions; NsynD4, damaging
missense variant with >5 damaging predictions and <5 benign predictions and
genomic evolutionary rate profiling score (GERP) >2 (CADD > 15, DANN > 0.9,
EIGAN> 0.9, REVEL > 0.9); LOF-1, stopgain/frameshift; LOF-2, canonical splicing
(intronic + 1-2 bases); LOF-3, exonic splicing sites +2bp or intronic splicing
region (+3-15bp) plus splicing impact prediction; LOF-4, other sites with large
splicing prediction; and LOF-5, stop-loss, likely benign mutations in splicing
regions, extended splicing, not predicted to cause change and GERP < 2. Gene
constraint was calculated with pLI scores®” and with missense and synonymous Z
scores™. Loss-of-function was also assessed with LOFTEE analysis™. Genes were
also screened through the Online Mendelian Inheritance in Man (OMIM) database
of genes with relevance to any human disease (http://www.omim.org/).

Germline mutation analysis. Germline mutations were classified using the
following criteria: private variants in exome or annotated splice sites, not in
low-complexity regions identified by RepeatMasker (http://www.repeatmasker.
org), alternative allele depth >4 reads, VAF>0.03, gnomAD v.2.1.1 (ref. **)
population MAF <0.001% or allele count <5, and predicted to be heterozygous by
MosaicForecast. Following the results of a recent large analysis of germline coding
variation in ASD and control exomes®', we filtered germline protein-truncating
variants on the basis of pLI score (pLI>0.995 (ref. **)), and germline missense
variants on the basis of missense badness/Polyphen2/constraint score (MPC>2
(ref. °)). Both of these filters enrich for variants that are depleted in population
reference panels, and variants that meet these criteria were shown to be in excess
in ASD versus control exomes?'. To account for the relatively weaker degree of risk
conferred by high-MPC missense variants in case-control designs (risk ratio=1.2
(ref. *')), we further filtered for high-MPC variants in genes that met genome-wide
significance in the Autism Sequencing Consortium analysis. In summary, our
category of likely pathogenic germline variants includes protein-truncating
variants in high-pLI genes, as well as high-MPC missense variants in the 102 genes
identified as important ASD genes by Satterstrom et al.”’. We tested for a burden of
such variants in ASD versus control brains with a Poisson exact test, following the
Autism Sequencing Consortium analysis.

Amplicon resequencing validation. Targeted validation was attempted on

208 sSN'Vs and all called indels. Additional validation was conducted on called
exonic sSNVs that were ultimately excluded from the dataset due to low VAF in
PCR-based samples or presence in gnomAD database (Supplementary Table 6).
Validation candidates were selected based on potential functional significance,
ability to design PCR primers, and representative diversity of VAFs and genomic
loci. Multiple sets of PCR primers were designed for each variant and synthesized
with Ion Torrent adapters P and A, with barcodes added for unique identification.
PCR amplification was performed using Phusion HotStart I DNA Polymerase
(Thermo) as described by the manufacturer, with 20-25 cycles of amplification.
Reactions were pooled and purified with AMPure XP technology (Agencourt),
then sequenced on the Ion Torrent Personal Genome Machine using the Ion 530
chip with 400-bp reads, reaching an average coverage of 92,000 reads per variant,
amongst sSNV reactions that yielded mappable reads.

Following demultiplexing and trimming, reads were mapped using BWA-MEM
and locally realigned using GATK. High-quality reference and mutant reads were
then counted using mpileup and variants with successful PCR reactions resulting
in usable reads were then classified as validated true mosaics or homozygous
reference with variant not present. Any ambiguous variants, including variants in
which there was discordance between sequencing from different PCR primers,
were conservatively assigned a designation of homozygous reference. Validation
success rates were calculated as the number of true mosaics divided by the sum
of true mosaics and homozygous reference, excluding variants from brains
UMB1465, UMB4643 and UMB4638 as validation in these brains was conducted
on an alternative DNA source as none of the originally sequenced DNA remained.
Weighted averaging across PCR and PCR-free variant validation was used to
determine a comprehensive validation rate of 90%. Five variants from UMB5771
and UMB5939 were also resequenced in parental DNA, which confirmed a mosaic
state in the offspring and homozygous reference in parents.

Epigenetic covariates of mosaic mutations. Candidate mosaic mutations were
annotated with ANNOVAR® (v.2017-07-17) to calculate the observed density
of putative mosaics in different regions. Rare single-nucleotide polymorphisms
(SNPs) (MAF <0.01) from 15,708 whole genomes of unrelated individuals in
gnomAD** were annotated with ANNOVAR and used to calculate the expected
density of mutations in different regions. DNase I hypersensitive regions for
different tissues were downloaded from http://egg2.wustl.edu/roadmap/data/
byFileType/peaks/consolidated/broadPeak/DNase/, and the DNAse I-accessible
regulatory regions (FDR 0.01) were used to calculate the in- and out-of-region
density of putative mosaics. We merged DHS regions in different tissues profiled
by the Roadmap Epigenomics Project to obtain a single set of DHS regions.
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Chromatin states in different tissues and cell lines predicted by Hidden Markov
Model v.1.10 using 18 states (6 marks, 98 epigenomes) were downloaded from
https://egg2.wustl.edu/roadmap/data/byFileType/chromhmmSegmentations/
ChmmModels/core_K27ac/jointModel/final/ (ref. *). Mutations in patients with
ASD versus control samples in different regulatory regions were compared using
a two-tailed Fisher’s exact test. A Bonferroni correction for multiple hypothesis
testing was implemented for nine comparisons as specified below. Roadmap
epigenomes were separated for analysis based on their tissue of origin. States
were classified as follows: 9_EnhA1 and 10_EnhA2, active enhancers; 7_EnhGl,
8_EnhG2, 11_EnhWk and 15_EnhBiv, weak/bivalent/genic enhancers; 1_TssA,
2_TssFInk, 3_TssFInkU and 4_TssFInkD, active TSS/flanking TSS; 14_TssBiv,
bivalent/poised TSS; 5_Tx, strong transcription; 6_TxWk, weak transcription;
12_ ZNF/Rpts, ZNF genes and repeats; 13_Het and 18_Quies, heterochromatin/
quiescent/low; and 16_TssBiv and 17_ReprPCWK, repressed polycomb.

Simulation of mosaic mutations and calculation of sensitivity. The 300x WGS
data for NA12878 (Genome in a Bottle, downloaded from ftp://ftp-trace.ncbi.nlm.
nih.gov/giab) were downsampled to 250% using SAMtools*’. High-confidence
SNP calls for individual NA12878 were downloaded from ftp://ftp-trace.ncbi.nih.
gov/giab/ftp/release/NA12878_HGO001/NISTv2.18/ (ref. °*). Simulated mosaic
mutations with different VAFs were generated in the 250x BAM file by converting
bases supporting the alternative alleles of high-confidence heterozygous SNPs to
reference bases at several binomial sampling probabilities. Simulated sites with
expected VAFs of 0.01, 0.02, 0.03, 0.04, 0.05, 0.08, 0.1, 0.15, 0.2, 0.25, 0.3, 0.32, 0.34,
0.36, 0.38, 0.4, 0.45 and 0.5 were generated and used to calculate sensitivities. The
95% Cls for sensitivity at each VAF were calculated using a binomial test.

Symmetric versus asymmetric cell contribution analysis. Ion Torrent amplicon
resequencing for 96 germline heterozygous mutations revealed that VAFs were
over-dispersed compared with a binomial distribution (Supplementary Fig. 3),
likely due to noise induced by PCR amplification as part of resequencing. We fit
the VAF distribution with a beta-binomial model to capture the over-dispersion
(aggregation parameter =278, correlation parameter p = ﬁ = 0.0036). An

R package, VGAM® (v.1.1-1), was used to fit the beta-binomial model. It has
previously been reported that the two ancestor cells of the blood lineage give

rise to offspring asymmetrically at approximately a 2:1 ratio**. Here we used

Ton Torrent-validated mosaics from diploid chromosomes with a similar model

to measure potential asymmetric cell contributions to the brain during early
embryonic development. Briefly, we let @, and 1 —q, be the fraction of brain

cells deriving from each of the two cells created by the first division of the brain
ancestor cell. A contribution parameter value of @, =0.5 means the first two cells
contributed equally to the brain, while a non-0.5 value means the cell contribution
is asymmetrical. Given a specific a, it is possible to calculate the expected VAF

for mutations acquired at different branches of the early phylogeny. Assuming the
mutation rate per cell generation is constant (that is, the two cell divisions from the
second cell generation have the same mutation rate), we compute the likelihood

of a mosaic arising on a specific branch by multiplying the estimated sensitivity

for detecting mosaics at the expected branch VAF with the over-dispersion
beta-binomial likelihood of the mosaic VAF measured by the deep Ion Torrent
sequencing. The log likelihoods for all sites were then summed over all branches

to estimate the log likelihood of a specific a,. We fit @, by maximizing the log
likelihood over a, € [0.5,1] using a grid search with step size =0.0002. A likelihood
ratio test was used to compare the asymmetric model with the symmetric model
(a,=0.5), which favored the model with unequal cell contribution during the first
cell generation (P=3x10"*). A 95% CI for a, (0.555, 0.597; Supplementary Fig. 11)
was constructed using the likelihood ratio (all values of a, for which the likelihood
drops off by no more than 1.92 units).

To examine the potential VAF dispersion problem in our 250X WGS data, we
randomly extracted 25,000 phasable germline sites with 0.4-0.6 VAF (by MuTect2)
and plotted the VAF distribution profile. No VAF over-dispersion was found
compared with binomial sampling (Supplementary Fig. 3).

Mutation rate estimation and assignment of mutations to cell generations. To
estimate per-generation mutation rates, we used an expectation-maximization
algorithm similar to that described by Ju et al.**. Briefly, the mutation rate v, for all
cell generations was considered to be identical at the beginning, and the probability
of a mutation j belonging to cell generation g (expectation step) is

i, P(VAFb, dp;, altj)sbl/b
bej =5 )
S8 P(VAF;,, dp;, altj)sbub

where P(VAF,, dp alt)) is the binomial probability of observing alt; successes
(alternative allele-supporting reads) in dp; trials (total reads) with probability
of success VAF,. B denotes the total number of branches for the first to fifth
cell generations; v, is the mutation rate for branch b; bg is the set of all branches
belonging to generation g; and s, denotes the sensitivity for detecting mosaics
on branch b. We assumed the same mutation rate for all branches in a specific
generation, and symmetric contributions of cells to the embryo. The mutation

rate for cell generation g was then updated as the sum of p,; across all mosaics
(maximization step):

N
Ny = ZPgJ
=

The two steps were iterated until convergence.

To obtain upper and lower bounds for mutation rate per cell generation, we ran
several different bootstrap simulations over mosaics from the 63 PCR-free samples.
Bootstrap resamplings (sampling 63 brains each time) were performed 1,000 times
to estimate the distribution of observed mutations per cell division (Supplementary
Fig. 8), and for each cell division the total number of mosaics was obtained
by dividing the observed number of mosaics by the VAF-specific detection
sensitivities. A 95% CI was computed by calculating 2.5-97.5% percentiles.

The mutation rate for the fourth cell generation and the mutation rate for the
fifth cell generation were added up to give an estimate of the mutation rate for
4+ cell generations, and the mutation rates per cell division for the first, second,
third and 4+ cell generations were estimated to be 3.37, 2.51, 2.28 and 2.85,
respectively. Using our WGS data, the probability of each mutation belonging to
each cell generation was obtained, and all 1,641 putative mutations from PCR-free
samples and Ion Torrent-validated PCR-based samples were then assigned to
different cell generations using maximum likelihood values. In total, 182 mutations
were assigned to the first cell generation, 250 to the second cell generation, 392
to the third cell generation and 817 to the fourth cell generation and beyond
(Supplementary Table 8). We also compared mutation-to-generation assignments
determined by deep WGS bulk data with those calculated from single-cell data
for three previously analyzed individuals*'” and found reasonable agreement
between the two methods (Fig. 3b and Supplementary Fig. 12). Our cell generation
assignments did not change appreciably when based on asymmetric versus
symmetric models of cell division (98.6% in concordance; Supplementary Table 8).

Estimation of total mutations and exonic mutations per individual. There

are 31 cell divisions (2°+2'+2242°42*) in the first five cell generations of early
embryonic development. Mutations per cell division for the first to fifth cell
generations were bootstrapped from the values we generated in the section above,
and the total number of mutations was calculated by adding up all mutations from
the first to fifth cell generations. The process was repeated 10,000 times to estimate
the total number of mutations per individual. We calculated the number of exonic
mutations using our data that 2.2% of called sSN'V's were exonic. Reported values
were obtained by simulating binomial sampling on the total number of mutations
for each individual. A 95% CI was computed by calculating 2.5-97.5% percentiles.

Comparison of mosaics in brain and nonbrain tissues. Mosaic mutations were
called from WGS data for two different brain regions (PFC and BA17, representing
occipital lobe) in two individuals (UMB4643 and UMB4638) using the same
pipeline described above. All putative mosaic mutations from each region were
visually inspected by SAMtools mpileup across different tissues, including the two
brain regions with ~250x depth of coverage and one nonbrain tissue (liver or heart)
with ~50% depth of coverage. A mutation was considered to be absent from the
tissue if there were no alternative allele-supporting reads observed in that tissue.

Comparison of mutational signatures between earlier and later mutations. We
downloaded all 96-dimensional mutational signatures from PCAWG®. To avoid
over-fitting, we extracted the two most common clock-like signatures (signature
S1 and signature S5) as well as a signature highly related with sequencing artifacts
(signature S18) from the PCAWG signatures, and deconstructed mutational
signatures for the mosaic mutations using the R package deconstructSigs”. We
observed a trend toward an increase in signature S1 across the first to fourth

cell generations (Supplementary Fig. 13), which is believed to be caused by

an endogenous mutational process initiated by spontaneous deamination of
5-methylcytosine (ref. ©). Mutation profiles from different cell generations were
compared using a two-tailed Fisher’s exact test.

Comparison of DNA replication timing between mutations from different cell
generations. We extracted locus-specific DNA replication timing for all putative
mosaic mutations using AsymTools (http://software.broadinstitute.org/cancer/cga/
AsymTools)®. The sSSNVs were then classified into four categories according to
DNA replication time quartiles.

Evaluation of gene expression level with TSSs near shared brain-active
enhancers. TSSs of coding genes were extracted from GENCODE" v.19
annotations on GRCh37. Genes with their TSSs overlapping regions within

50kb upstream or downstream of sSSNVs from PCR-free samples were extracted.
Tissue-specific expression derived for a total of 53 tissues and cell types was
downloaded from the GTEx project’”’. We used the expression table from GTEx
v.7 (gene median transcripts per million per tissue), and brain-specific genes were
defined as: (1) genes with median expression level across brain tissues at least three
times higher than the median expression level across all tissues; and (2) genes in
which the highest median expression level in any tissue occurs in a brain tissue. A
two-tailed Fisher’s exact test was applied to compare types of genes (brain-specific
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genes or others) near sSSNVs (genes with TSSs adjacent to mosaics in shared
brain-active enhancers versus genes with TSSs adjacent to all mosaic sites).

Luciferase assays for assessment of enhancer activity. We selected 17 sSNVs
identified in brain-active enhancers and attempted cloning and site-directed
mutagenesis (New England Biolabs) to recreate the mutations. Mutagenesis was
successful for 11 mutations. Wild-type and mutant constructs were then cloned
into luciferase vector pGL4.25 (Promega). Luciferase plasmids were transfected
into N2A cells, along with an internal control plasmid (phRL-TK(Int-), Promega)
and DN-REST” or GFP expression plasmids using Lipofectamine LTX with PLUS
reagent (Thermo Fisher). Luciferase activities were measured 24 h later. Three
wild-type enhancer constructs had technically successful assays with significant
difference from negative control, and, among these, two showed a significant
difference between wild type and mutant. All experiments were performed with
n=4 and averaged across replicates.

Statistical analysis. All data were graphed and analyzed using R (v.3.6.1) and
Python (v.3.6.7). Group differences were calculated with two-tailed Wilcoxon rank
sum test (Fig. 2f), permutation (Fig. 3c) or two-tailed Student’s t-test (Fig. 5e,f). For
the data tested with Student’s t-test in Fig. 5e.f, data distribution was assumed to

be normal but this was not formally tested. All of the error bars in our manuscript
represent 95% Cls, except for boxplots. In the boxplots, the lower and upper hinges
correspond to the first and third quartiles, and the middle lines correspond to the
median values. Binomial proportion confidence interval was used to estimate the
95% Cls of alternative allele fractions (Fig. 2d), the observed mutation rate across
different regions (Fig. 2e), different fractions of base substitutions (Fig. 4a) and
proportions of brain-specific genes with their TSSs near mosaic mutations (Fig. 5b).
A two-tailed Fisher’s exact test was used to calculate whether the proportions of one
variable are different depending on the value of other variables (Figs. 4a and 5a,b).

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

Data availability
Whole-genome sequencing data are available from the National Institute of Mental
Health Data Archive (https://doi.org/10.15154/1503337).

Code availability

Custom code is available from the authors by request.
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Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

Our web collection on statistics for biologists contains articles on many of the points above.

Software and code

Policy information about availability of computer code

Data collection  No software was used to collect data in this study.

Data analysis We aligned FASTQ files using BWA-MEM version 0.7.8. We used MuTect2 with panel of normals from GATK version 3.5 to call variants.
We identified somatic variants using a custom method called MosaicForecast, which is published separately. Our analysis also used
RepeatMasker version 4.0.7, Meerkat version 0.189, ANNOVAR version 2017-07-17, LOFTEE version 1.0.3, CADD version 1.4, SIFT 4G, LRT
(original version), MutationTaster2, MutationAssesor release 3, FATHMM version 2.3, Provean version 1.1.3, MetaSVM version 1.0, MetalR
(original version), M-CAP version 1.4, MutPred2, Eigen version 1.1, VGAM version 1.1-1, deconstructSigs version 1.8, SAMtools-1.10, and
AsymTools (original version).

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Research guidelines for submitting code & software for further information.

Data

Policy information about availability of data
All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

- Accession codes, unique identifiers, or web links for publicly available datasets
- Alist of figures that have associated raw data
- A description of any restrictions on data availability
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Whole-genome sequencing data is available from the National Institute of Mental Health Data Archive (DOI: 10.15154/1503337).




Field-specific reporting

Please select the one below that is the best fit for your research. If you are not sure, read the appropriate sections before making your selection.

[X] Life sciences [ ] Behavioural & social sciences [ | Ecological, evolutionary & environmental sciences

For a reference copy of the document with all sections, see nature.com/documents/nr-reporting-summary-flat.pdf

Life sciences study design

All studies must disclose on these points even when the disclosure is negative.

Sample size An attempt was made at procuring all donated autism brains in the world for which fresh-frozen prefrontal cortex was available. In total, 61
ASD brains were obtained. Due to the high cost of ultra-deep sequencing and importance of focusing resources on autism cases, 15 matched
controls were selected and sequenced. These sample sizes are small compared to studies on peripheral autism DNA, but the sample sizes are
very large in comparison to prior WGS studies of human brain.
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Data exclusions  Two autism samples was excluded from analysis due to likely sequencing contamination. Extremely high rates of mutation calling and
extremely low validation success rate were consistent with contamination at the level of sequencing. These criteria were not established prior
to data analysis, but the inadequacy and contamination of these samples was abundantly obvious.

Replication Deep re-sequencing of a large set of putative mosaic mutations was attempted, and confirmed a very high validation success rate. Protein
damaging effects were also determined via multiple published softwares. These methods ensured replication of results.

Randomization  This is not relevant to our study. ADI-R scores were obtained whenever possible in order to verify that ASD cases did indeed have autism, and
communication with brain banks confirmed that controls were neurologically normal.

Blinding Blinding was not relevant to this study. In order to obtain samples from brain banks, it was necessary to specify and know disease status, and
this information was known to all researchers throughout the study.

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.

Materials & experimental systems Methods
Involved in the study n/a | Involved in the study
Antibodies IZI D ChlIP-seq
Eukaryotic cell lines IZI D Flow cytometry
Palaeontology and archaeology IZI D MRI-based neuroimaging

Animals and other organisms
Human research participants

Clinical data
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Dual use research of concern

Eukaryotic cell lines

Policy information about cell lines

Cell line source(s) Neuro-2a cells from ATCC CCL-131
Authentication Cell lines were not authenticated
Mycoplasma contamination Regular mycoplasma testing was conducted during culture of cells used in this study and was negative.

Commonly misidentified lines  no commonly misidentified cell lines were used.
(See ICLAC register)
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