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Although autism has historically been conceptualized as a condition that emerges in
early childhood"?, many autistic people are diagnosed later in life*>. It is unknown
whether earlier- and later-diagnosed autism have different developmental trajectories
and genetic profiles. Using longitudinal data from four independent birth cohorts,
we demonstrate that two different socioemotional and behavioural trajectories are
associated with age at diagnosis. Inindependent cohorts of autistic individuals,
common genetic variants account for approximately 11% of the variance in age at
autism diagnosis, similar to the contribution of individual sociodemographic and
clinical factors, which typically explain less than 15% of this variance. We further
demonstrate that the polygenic architecture of autism can be broken down into two
modestly genetically correlated (r,= 0.38, s.e. = 0.07) autism polygenic factors. One
of these factorsis associated with earlier autism diagnosis and lower social and
communication abilities in early childhood, but is only moderately genetically
correlated with attention deficit-hyperactivity disorder (ADHD) and mental-health
conditions. Conversely, the second factor is associated with later autism diagnosis
and increased socioemotional and behavioural difficulties in adolescence, and has
moderate to high positive genetic correlations with ADHD and mental-health conditions.
These findings indicate that earlier- and later-diagnosed autism have different
developmental trajectories and genetic profiles. Our findings have important
implications for how we conceptualize autism and provide amodel to explain some
ofthe diversity found in autism.

Ever since its earliest descriptions in the 1940s'?, autism has been
thought of as acondition that emergesin early childhood. However, a
greater proportion of autisticindividuals are now receiving an autism
diagnosis from mid-childhood onwards than in early childhood®”.
One factor that may explain these findings is a shift in the conceptu-
alization of the condition over time, including the recognition that
the behavioural signs of autism may not manifest clearly in the first
threeyears of life®, Supporting this, some studies have demonstrated
that a subset of children who do not initially meet the criteria for an
autism diagnosis receive a diagnosis later”° ™, Later autism diagnosis
isassociated with elevated co-occurring mental-health conditions™*,
highlighting the need to understand why some autistic people are not
diagnosed until later in life.

Several social, demographic and clinical factors have been linked
to age at autism diagnosis”. However, previous studies have shown
that individual clinical and sociodemographic factors explain only
asmall proportion (typically less than 15%) of the variance in age at

autism diagnosis (Extended Data Fig. 1 and Supplementary Table 1).
Thisindicates that other factors contribute to age at autism diagnosis.
One of these additional factors could be genetic differences between
autisticindividuals. Despite the relatively high heritability of autism’®,
therole of geneticsinage at autism diagnosis has not to our knowledge
been previously studied.

Two theoretical models can explain how genetics affect age at
autism diagnosis. In the first model, autism has a single polygenic
aetiology, with the same set of genetic variants underlying autism,
regardless of age at diagnosis (the ‘unitary model’; Extended Data
Fig.2).Inthis model, later-diagnosed autism may have subtle clinical
features thatare harder torecognize early inlife, soindividuals do not
crossadiagnostic threshold earlier in life, perhaps because they have
alower genetic predisposition to autism. As these people get older,
environmental factors may alter their clinical features, eventually
bringingindividuals above the clinical threshold to receive anautism
diagnosis later in life.
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Fig.1| Trajectoryanalysesinthree ofthe four birth cohorts.a-c, Longitudinal
growth mixture models of SDQ total scoresinautisticindividuals, demonstrating
the presence of two groupsin the MCS (a), LSAC-B (b) and LSAC-K (c) cohorts.
Shaded areasindicate 95% confidence intervals of theline of best fit. d-f, Stacked
bar charts show the proportion of individuals who had been diagnosed as
autisticat specific ages, categorized by membership in the latent trajectories

Analternative modelis that earlier-and later-diagnosed autism have
different underlying developmental trajectories and polygenic aetiolo-
gies (the ‘developmental model’; Extended Data Fig. 2). This model
aligns with existing evidence that the geneticinfluences on traitsrelated
toautismvary across development® 2, This model does not preclude
arole for environmental factors influencing when someone receives
an autism diagnosis but implies that different sets of genetic variants
are associated with earlier- and later-diagnosed autism.

Here we examined the evidence for these two models through four
linked aims (Extended Data Fig. 3). First, we investigated whether the
trajectories of socioemotionaland behavioural development are asso-
ciated with age at autism diagnosis in birth cohorts. Although vari-
able developmental trajectories have been observed among autistic
individuals and their younger siblings?, it is unclear whether these
differences in trajectories are associated with age at diagnosis. Sec-
ond, we estimated the proportion of variance in age at autism diag-
nosis that is explained by common single nucleotide polymorphisms
(SNP-based heritability). We then tested whether thisis attenuated by a
range of clinical and demographic factors, as predicted by the unitary
model. Third, weinvestigated whether different polygenic factors are
associated with earlier and later autism diagnosis, as predicted by the
developmental model. Finally, we estimated the genetic correlation
between the autism polygenic factors related to age at diagnosis and
other mental-health and developmental phenotypes.

We provide asummary of the study and address potential questions
regarding theimplications of the findings in the Supplementary Sum-
mary and FAQs.

Behavioural trajectories and diagnosis age

In Aim 1, we investigated whether autistic individuals have varying
socioemotional and behavioural trajectories, and whether these are
associated with age at autism diagnosis in three birth cohorts (n =89
to 188 autistic individuals with recorded age at diagnosis between
Syears and 17 years). These are the Millennium Cohort Study (MCS,

identified from the growth mixture modelsin MCS (d), LSAC-B (e), and LSAC-K (f)
cohorts. Darker colours indicate male individuals and lighter colours indicate
femaleindividuals. P-values are from x> tests (two-sided) comparing the
distribution of age at autism diagnosis between the two latent trajectories
(pooling the two sexes).

participants born in 2000) and the Longitudinal Study of Australian
Children:Kindergarten cohort (LSAC-K,1999) and Birth cohort (LSAC-B,
2003) (Extended DataFig. 4, Supplementary Table 2 and Supplemen-
tary Note 1). All three cohorts collected longitudinal information on
socioemotional and behavioural development using the carer-reported
Strengths and Difficulties Questionnaire (SDQ)?. The SDQ has five sub-
scales (emotional, conduct, hyperactivity/inattention, peer problems
and prosocialbehaviours), and the total score of difficulties (hereafter
‘total difficulties’) isthe summed score of the first four subscales. The
SDQ is widely used, has excellent psychometric properties®*2® and is
largely invariant across age, sex and different populations* 2, indi-
cating that it is measuring the same latent trait across these demo-
graphicvariables. Furthermore, the SDQ is moderately correlated with
autism-specific measures®* 3, although it does not capture all of the
core diagnostic features of autism. Because not all cohorts recorded
theexactage when childrenreceived their autismdiagnosis, we used the
child’s age during the study data collection when carers first reported
the diagnosis as an approximation of age at autism diagnosis.

Toidentifylatent trajectories, we used growth mixture models of the
SDQ total difficulties and subscale scores among autistic individuals
inall three cohorts. Growth mixture models do not require grouping
based onana priori hypothesis but canidentify latent subgroups based
onlongitudinal differences in SDQ scores.

Across all three birth cohorts, growth mixture modelling identified
atwo-trajectory model as being optimal for SDQ total difficulties and
most subscale scores (Supplementary Table 3 and Supplementary
Figs.1-6). The first latent trajectory was characterized by difficulties
in early childhood that remained stable or modestly attenuated in
adolescence (termed ‘early childhood emergent latent trajectory’). The
second latent trajectory was characterized by fewer difficultiesin early
childhood that increased in late childhood and adolescence (termed
‘late childhood emergent latent trajectory’) (Fig. 1a-c).

Autisticindividualsinthe early childhood emergent latent trajectory
weremore likely to be diagnosed as autisticin childhood than autistic
individuals in the late childhood emergent latent trajectory in MCS
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(P=1.42x107,x*test) and LSAC-B (P=2.24 x 1072, X test) (Fig.1d-fand
Supplementary Table 4). This difference was not significantin LSAC-K,
possibly because age 11 was the earliest time an autism diagnosis was
recorded.

Sensitivity analyses in MCS confirmed the robustness of the two
latent trajectories and their association with age at diagnosis among
autistic children. Weidentified consistent results after expanding the
sample to include individuals with co-occurring ADHD (n =238; Sup-
plementary Tables 3 and 4), and after imputing missing datatoincrease
the statistical power and reduce bias (n = 623) (Supplementary Table 5
and Supplementary Notes 2 and 3). We also obtained consistent results
whenrestricting the analyses to only male individuals (n =136; Supple-
mentary Tables 3 and 4), indicating that these results were not driven
by sex differencesin age of diagnosis. We were unable to run equivalent
female-only analyses owing to the low sample sizes.

To assess the specificity of this result to autism, we tested whether
similar latent trajectories were also observed in children with ADHD
but notautism (n =89, imputed n =325) in MCS using growth mixture
models. Twolatent SDQ trajectory classes emerged, but these were not
significantly linked to age of ADHD diagnosis, except for the SDQ hyper-
activity/inattention and conduct problems subscales in the imputed
sample (Supplementary Figs. 7 and 8 and Supplementary Table 6),
indicating that the findings are relatively specific to autism, rather
than to neurodevelopmental conditions more broadly.

Although female individuals receive an autism diagnosis later than
male individuals on average®, in all three cohorts, the sex ratio was
similar between the two latent trajectories (Supplementary Table 4),
possibly because of their relatively small sample sizes. Individuals in
the late childhood emergent latent trajectories were more likely to
report mental-health conditions (Supplementary Table 7), consistent
with previous epidemiological observations among later-diagnosed
autistic individuals™*®.

Using multiple regression models, we then examined the extent to
which these two latent trajectories contributed to differences in age
at autism diagnosis over and above sociodemographic and cognitive
characteristics (Supplementary Table 8). In these models, SDQ latent
trajectories explained 11.7% (LSAC-B) to 30.3% (MCS) of the variance
in age of autism diagnosis. By contrast, sociodemographic variables
explained 4.8% (LSAC-B) to 5.5% (MCS) of the total variance across
cohorts, consistent with previous reports (Extended Data Fig. 1). In
the imputed MCS sample (n = 623; Supplementary Table 5 and Sup-
plementary Note 2), the SDQ latent trajectories and sociodemographic
variables explained 56.6% and 3.2% of the variance, respectively. The
effects of the sociodemographic variables were not mediated by the
SDQ latent trajectories (Supplementary Table 8 and Supplementary
Note 4).

The associations between different SDQ trajectories and age at
autism diagnosis were also supported by latent growth curve models
fitted on earlier-and later-diagnosed autistic individuals (Supplemen-
tary Note 5, Supplementary Table 9 and Supplementary Figs. 1-6, 9
and 10). These results confirm that the association between SDQ
trajectories and age at autism diagnosis is robust to methodological
choices

Age at autism diagnosis is heritable

The above analyses demonstrate that variationin socioemotional and
behavioural trajectories, measured using the SDQ, is associated with
age at autism diagnosis. Previous research has demonstrated that
developmental variation traits related to autism are partly explained
by genetic factors'®?°*-3 A corollary of thisis that genetic factors may
also be associated with age at autism diagnosis.

Subsequently, in Aim 2, we tested whether age at autism diagnosis
is heritable in two large cohorts of autistic individuals using genetic
data and information on age at autism diagnosis. This includes: first,
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the Danish-based iPSYCH cohort (1, = 18,965), a population-based
sample derived from the Danish national registries that includes
autistic individuals; and second, the US-based cohort of autistic indi-
viduals (SPARK*’; n,,..,; = 28,165; Extended Data Figs. 5 and 6), which
recruits families with at least one autistic individual through online
platforms and medical centres across the United States. In SPARK,
we conducted initial analyses in a discovery subset of 18,809 autis-
ticindividuals (SPARK Discovery), and replicated key findings in a
second sample of 9,356 autistic individuals that became available
only after the initial analyses were completed (SPARK Replication).
SPARK and iPSYCH differed in the diagnostic classification system
(iPSYCH: International Classification of Diseases (ICD) and SPARK:
Diagnostic and Statistical Manual of Mental Disorders (DSM)) and
median age at diagnosis (iPSYCH, median = 10 years, median absolute
deviation =4 years; SPARK, median = 4 years, median absolute
deviation=2.7 years).

We conducted a genome-wide association study (GWAS) iniPSYCH
and across both the Discovery and Replication samples of SPARK, using
age atautism diagnosis as a quantitative trait. In all three samples, we
identified significant and consistent SNP-based heritability of approxi-
mately 11% for age at autism diagnosis (Fig. 2a and Supplementary
Table 10). This is larger than, or similar to, the variance explained by
several other clinical and sociodemographic factors tested in SPARK
(Extended DataFig.1and Supplementary Table 1).

In contrast to the effect of common genetic variants, in asubsample
of SPARK with available data for both parents and their autistic child
(n=6,206 trios), we observed no association between age at autism
diagnosis and rare de novo variants or inherited protein truncating
or missense variants in highly constrained genes (Supplementary
Table 11). This may possibly be the result of low statistical power or
reflect later autism diagnosis in some carriers of de novo mutations
owing to diagnostic overshadowing by co-occurring intellectual dis-
ability or global developmental delay*®*.

We next tested whether this SNP-based heritability of age at autism
diagnosis is consistent with either of the two theoretical models out-
lined earlier. The unitary model assumes that later diagnosis reflects
subtle or less-severe clinical features, so the SNP-based heritability of
age at autism diagnosis may simply reflect the severity of autism fea-
tures. Alternatively, the SNP-based heritability may reflect additional
geneticinfluences associated with co-occurring developmental delays,
developmental regression or intellectual disability, which may lead
to an earlier diagnosis. It may also reflect the heritable component
of parental socioeconomic status and neighbourhood deprivation.
which are proxies for parental awareness and healthcare access that
affect diagnostic timing. Controlling for any of these measures should
attenuate the SNP-based heritability.

By contrast, the developmental model assumes that SNP-based
heritability of age at autism diagnosis reflects a mixture of different
polygenic factors that are correlated with age at diagnosis but areinde-
pendent of these covariates. Under this model, a significant SNP-based
heritability should persist after controlling for clinical, developmental
and sociodemographic measures.

Inline with the developmental model, we found that the SNP-based
heritability did not significantly attenuate after controlling for parental
sociodemographic measures, clinical features or co-occurring devel-
opmental delays and conditions (Fig. 2b and Supplementary Table 10).
This is inconsistent with the unitary model, although imperfect and
incomplete measurement of clinical and developmental phenotypes
may limit this conclusion.

Asecond prediction of the unitary model is that earlier diagnosis is
associated with a greater polygenic propensity for autism compared
with later diagnosis (Extended Data Fig. 2). In this model, all autis-
tic individuals would have a higher polygenic propensity for autism
compared with non-autistic controls. This would result in negative
genetic correlations between GWAS of age at autism diagnosis and
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Box 1

Summary of the autism GWAS used in this study

Autism GWAS not stratified by age at diagnosis

« SPARK (Matoba et al.*®): case-pseudocontrol design (4,535 pairs)

with family-based ascertainment across the United States. Median

age at diagnosis=3.5 (median absolute deviation 1.97) years.

FinnGen (Data Release r10): population-based sample from Finland

(646 cases and 301,879 controls). Median age at diagnosis=22.66

(7.16) years.

PGC-2017 (ref. 45): meta-analyses of several case-control and

case-pseudocontrol datasets (7,387 cases and 8,567 controls).

Most of the cases met the diagnostic criteria for autism under

DSM-IV-TR/ICD-10 or earlier (onset of features before age 3) after

screening using the Autism Diagnostic Observation Schedule

and the Autism Diagnostic Interview-Revised), making this a

clinically well-characterized cohort. Although age at diagnosis

is unavailable, most of the participants were recruited as trios

through medical or research centres in the United States. Given

this similarity in ascertainment to SPARK, we anticipate the age

at diagnosis to be similar to that of SPARK trios*. Approximate

median age at diagnosis=3.5 years.

iPSYCH,srrarifie: POPUlation-based sample derived from Danish

national registries, including individuals born in 1980-2008

(19,870 autistic and 39,078 non-autistic individuals). Median age at

diagnosis=10.74 years (5.35).

iPSYCH,,,es>°: males-only subset of iPSYCH (15,025 autistic and

19,763 controls). Median age at diagnosis=10.08 years (5.07).

iPSYCHiomaies’: females-only subset of iPSYCH (4,845 autistic and

19,315 controls). Median age at diagnosis=12.97 years (4.75).

« Grove et al.*°: meta-analysis of a subset of the iPSYCH and PGC
samples (18,381 cases and 27,969 controls). Age at diagnosis for
PGC is unavailable, so we calculated an estimated age by weighing
the median age at diagnosis of iPSYCH with the estimated median

GWAS of autism, with the magnitude of this negative correlation
decreasing as the median age at diagnosis in the autism GWAS samples
increases.

We tested this prediction using 13 different but partly overlapping
autism GWASs, including six GWASs stratified by age at diagnosis and
two GWASs stratified by sex (Box1and Fig. 3). The genetic correlation
between age at autism diagnosis and different autism GWASs varied
systematically, becoming increasingly positive as the median age at
diagnosis increased (Fig. 3 and Supplementary Table 12). However,
contrary to the expectation under the unitary model, we observed
positive genetic correlations between age at autism diagnosis and
autism GWAS comprising later-diagnosed autistic individuals. These
findings support the existence of different genetic architectures across
diagnostic age groups, aligning with the developmental model.

Furthermore, the male- and female-stratified autism GWAS from
iPSYCH had asimilar genetic correlation with age at autism diagnosis.
This indicates that the pattern of genetic correlation between age at
diagnosis and the autism GWASs does not reflect differencesin the sex
ratio of participants across the autism GWASs.

The genetic correlation with some of the autism GWASs differs
significantly between the age at diagnosis GWASs in iPSYCH versus
meta-analysed SPARK (Fig. 3). This reflects the fact that these two age
at diagnosis GWASs are only moderately genetically correlated with
eachother (genetic correlation (r,) = 0.51, standard error (s.e.) = 0.19,
P=7.56 x10%), which may be due to the different recruitment strategies
and resulting differences in the median age at autism diagnosis in the
two cohorts (Supplementary Note 6).
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age in PGC by their respective sample size. Approximate median
age at diagnosis=8.73 years.

Autism GWAS stratified by age at diagnosis

SPARK (using unaffected family members as controls), meta-analysed
from the Discovery and Replication subsets.

Diagnosed before age 11 (SPARK .«re11): 27,881 autistic individuals;
selected to match iPSYCH stratification; median age at diagnosis=
3.5 (1.97) years. This cut-off period was chosen to reflect the cut-off
used in the latent growth curve models and represents a time
window characterized by the onset of puberty, the transition from
primary to secondary school and an increase in the number of
autistic girls being diagnosed.

- Diagnosed after age 10 (SPARK ,¢er10): 6,243 autistic individuals;
median age at diagnosis=15.83 years (7.16).

Diagnosed before age 6 (SPARK .re): 21,435 autistic individuals;
categorized as ‘early-diagnosed’ based on previous research®;
median age at diagnosis=3 (1.23) years.

iPSYCH (population-based controls)

Diagnosed before age 11 (iPSYCH,oren): 9,500 autistic and 36,667
non-autistic individuals; median age at diagnosis=7.34 (2.76) years.
The cut-off was chosen to reflect the cut-off used in the latent
growth curve models and SPARK age at diagnosis-stratified
GWAS.

Diagnosed after age 10 (iPSYCH,e10): 9,231 autistic and 36,667
non-autistic individuals; median age at diagnosis=14.55 (2.84)
years.

Diagnosed before age 9 (iPSYCH,re0): 5,451 autistic and 36,667
non-autistic individuals; created to provide additional age
resolution; median age at diagnosis=5.74 (1.69) years.

Two autism polygenic factors

These findings indicate that the age at autism diagnosis reflects a
mixture of different age-dependent polygenic traits (developmen-
tal model), rather than a single polygenic trait (unitary model).
In the developmental model, one would expect that the genetic
correlations between different autism GWASs will differ accord-
ing to the difference in the median age of diagnosis between the
GWASs.

In Aim 3, we tested this by estimating genetic correlations among
the13 autism GWASs (Box 1). We observed genetic correlationsranging
from 0.02 (s.e.=0.13) t01.00 (s.e. = 0.01) (Fig. 4a and Supplementary
Table13). We observed agradientinthe genetic correlationsrelated to
the similarity in median age at diagnosis between cohorts. Cohorts with
the most similar median ages at diagnosis (differing by amaximum of
2years) showed the highest genetic correlations (r,=1,s.e.=0.04),and
correlations progressively decreased as age differences increased. The
lowest genetic correlation (r,=0.02,s.e. = 0.13) was observed between
SPARKG,¢ores (Median age of around 3) and SPARK ¢, (median age of
around 16).

Hierarchical clustering of the genetic correlations identified two
broad, overlapping clusters that differed by age at autism diagnosis.
One cluster comprised GWAS of autism in cohorts with predominantly
childhood-diagnosed individuals, and the other comprised GWAS
of autismin cohorts with a large fraction of individuals diagnosed in
adolescence or later, consistent with predictions from the develop-
mental model.
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We formally tested this by modelling the genetic covariance using
the structural equation models in GenomicSEM*, testing six theoreti-
cal models (Supplementary Table 14). We used six minimally overlap-
ping GWASs for autism with wide variation in age at autism diagnosis
among those listed in Box 1. We found that a correlated two-factor
model was the most parsimonious and fit the data best (Akaike infor-
mationcriterion, 38.64; confirmatory fitindex, 0.99; standardized root
meanresidual, 0.08; Fig.4b). Factor 1 (earlier-diagnosed autism factor)
was defined by the GWAS with predominantly early childhood-
diagnosed individuals (PGC-2017, SPARK ,¢...s, With a median age at
diagnosis of 3). Factor 2 (later-diagnosed autism factor) was defined
primarily by GWASs with adolescent- or adult-diagnosed individu-
als (iPSYCH,¢er10, FinnGen and SPARK ¢..r10). The cross-loading of
iPSYCHsoreo (median age at diagnosis of around 5.7) indicates that
factor 2 may impact behaviours in mid-to-late childhood as well. The
two factors had asmall genetic correlation (r,= 0.38,s.e.=0.06).Sen-
sitivity analyses confirmed the robustness of the above results using
partly different GWASs, in which we identified a two-correlated-factor
model as the best-fitting model, with similar moderate genetic cor-
relations between the two factors (r,=0.37,s.e.=0.06 to r,= 0.52,
s.e.=0.10; Supplementary Table 14).

The earlier-diagnosed autism factor was negatively genetically
correlated with age at autism diagnosis (Fig. 5). The later-diagnosed
autism factor was positively genetically correlated only with age at
autism diagnosis from SPARK. Genetic correlation with the autism

(case control)

Genetic correlation with age at autism diagnosis

Age at autism diagnosis GWAS
iPSYCH SPARK (meta-analysis)

atdiagnosis. Lighter (more transparent) circlesindicate studies with no
information about age at autism diagnosis, and the median ages have been
inferred from other available information (PGC-2017 (ref. 45) and Grove et al.*®).
Right, genetic correlations with age at autism diagnosis for both SPARK (blue,
meta-analysis,n=28,165) and iPSYCH (green, n=18,965) datasets, with error
barsrepresenting 95% confidenceintervals.

GWAS stratified by sex showed that both autism factors had stronger
genetic correlations with autism in male than in female individuals,
with alarger difference for the earlier-diagnosed autism factor (Fig.5),
consistent with established sex differencesin age at autism diagnosis.
Further analyses using polygenic scores confirmed that the asso-
ciation between the two polygenic autism factors and age at autism
diagnosisis not dueto several confounding factors using within-family
approaches, nor to differences in clinical and demographic factors,
and co-occurring developmental conditions (Supplementary Note 7
and Supplementary Tables 15-17). Taken together, the above findings
demonstrate that earlier- and later-diagnosed autism have different
polygenic aetiologies, supporting the developmental model.

Genetic correlations with autism factors

The above analyses indicate that there are at least two polygenic fac-
torsassociated with age at autism diagnosis. Because later-diagnosed
autisticindividuals have higher rates of mental-health conditions™, we
proposed that this might partly be because earlier-and later-diagnosed
autism factors have differing genetic correlations with mental health
and cognitive phenotypes. In Aim 4, we investigated this hypothesis
using genetic correlation analyses.

The earlier-diagnosed autism factor (factor 1) had a low (r, of
around 0.1-0.2) but significant genetic correlation with educational
attainment, cognitive aptitude, ADHD and various mental-health
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and related conditions (Fig 5 and Supplementary Table 18). The
later-diagnosed autism factor (factor 2) showed a statistically simi-
lar genetic correlation with educational attainment but significantly
higher genetic correlations (r, of around 0.5-0.7) with ADHD and a
range of other mental-health and related conditions, including depres-
sion, post-traumatic stress disorder (PTSD), childhood maltreatment
and self-harm. After accounting for genetic effects on ADHD, we saw
an attenuated but significant moderate genetic correlation between
later-diagnosed autism (factor 2) and mental-health conditions, indicat-
ing that shared genetics with ADHD do not fully explain the elevated
correlation between later-diagnosed autism and mental-health pheno-
types (Supplementary Table 18 and Supplementary Fig. 11). Sensitivity
analyses using age at diagnosis-stratified GWASs from iPSYCH and
SPARK yielded largely consistent genetic correlationresults, indicating
that these results are not due to cohort differences (Supplementary
Table 19 and Extended Data Fig. 7).

The higher genetic correlation between later-diagnosed autism and
other mental-health conditions may indicate diagnostic misclassifica-
tion (in whichindividuals with other conditions incorrectly receive an
autismdiagnosis) or diagnostic overshadowing (where the presence of
co-occurring mental-health conditions can delay an autism diagnosis).
In the unitary model, the genetics of later-diagnosed autism would
reflect the additive genetic effects of earlier-diagnosed autism and
of other mental-health conditions. However, decomposition of the
autismgeneticsignal using genomicSEMindicated that later-diagnosed
autism cannot be entirely attributed to the polygenic effects of
earlier-diagnosed autism and six other mental-health conditions
tested: schizophrenia, ADHD, anorexia nervosa, depression, bipolar
disorder and PTSD (Supplementary Note 8). Thus, the later-diagnosed
autism genetic factor does not represent the additive genetic effects
of earlier-diagnosed autism and mental-health conditions.

Finally, we investigated whether the two autism polygenic factors
related to age at diagnosis differed in their associations with devel-
opmental traits. Cross-sectionally, these genetic factors showed few
significant differencesingenetic correlation or polygenic score associa-
tionwith developmental phenotypes measured at age 3 or earlier. The
exceptions were age at onset of walking*® and expressive vocabulary at

anage of 2-3 years*, with which the earlier-diagnosed autism factor was
positively genetically correlated but the later-diagnosed factor was not
(Supplementary Note 9 and Supplementary Tables 20-22). However,
longitudinal polygenic score analyses across two birth cohorts revealed
differential genetic effects of earlier- versus later-diagnosed autism fac-
torson SDQtotal difficulties scores over time (Supplementary Note 9
and Supplementary Table 23).

Discussion

The results of this study indicate that earlier- and later-diagnosed
autism are associated with different developmental trajectories, and are
only moderately genetically correlated with each other. This possible
framework provides one axis of heterogeneity to describe the widely
acknowledged clinical and genetic heterogeneity within autism that
thus far has been challenging to identify. This finding of two or more
developmentally variable polygenic latent traits for autism is robust
to various observed clinical and demographic factors (Supplementary
Note 10), including sex and intellectual disability.

Consistent with the wider literature on developmental variation in
autism?, our analyses of socioemotional and behavioural trajecto-
ries across multiple birth cohorts converge with the genetic findings:
polygenic scores for earlier- and later-diagnosed autism have differ-
entassociations with developmental changesin SDQ total difficulties
scores (Supplementary Note 9). These results indicate that the timing
of autism diagnosis may partly reflect aetiologically different devel-
opmental pathways, rather than purely environmental or diagnostic
factors. Our findings are consistent with the wider literature that dem-
onstrates that geneticinfluences ontraitsrelated to autism vary across
development in the general population'®°,

This two-polygenic-trait genetic model provides one framework to
understand genetic heterogeneity in autism and the varying patterns
of genetic correlations between different GWASs of autism and other
phenotypes. For example, previous GWASs of autism (including PGC-
2017 (ref. 45)) found limited genetic correlation with ADHD, contrary
to findings from more-recent autism GWAS (such as Grove et al.*®). We
show that this is explained by the different average age at diagnosis
across these GWASs (Box1and Fig. 3), because the genetic correlation
between autismand ADHD increases with later age at autism diagnosis
(Fig. 5). These findings were confirmed using within-family analyses
that demonstrated over-transmission of ADHD polygenicscores, mainly
toindividuals withalater autism diagnosis (Supplementary Table 24).

Both the later-diagnosed genetic autism factor (Fig. 4) and the late
childhood emergent latent trajectory of SDQ total difficulties scores
(Fig.1) are associated with greater mental-health problems (Fig.5and
Supplementary Table 7). This indicates that epidemiological findings
of greater mental-health difficulties among later-diagnosed autistic
individuals™' may be partly explained by the developmental model of
autism. Given thatautistic female individuals are, on average, diagnosed
laterinlife, research that investigates sex and gender differencesin both
autism and co-occurring conditions'®*” needs to account for genetic
confounding associated with age at autism diagnosis. Findings that
may seemtoreflect sex differences may also partly reflect differences
associated with age at diagnosis. For example, the higher prevalence
of mental-health problems in autistic female individuals®*’ compared
withmaleindividuals attenuates whenrestricting to autistic individuals
diagnosed before age the age of 5 (ref. 16).

These findings must be interpreted considering several limitations.
First, the SNP-based heritability for age at autism diagnosis is only
about 11% (Fig.2), and other observed developmental and demographic
factors typically explain less than 15% of the variance (Extended Data
Fig.2). Thisindicates that there are several other factors that contribute
to age at autism diagnosis. We find that the genetic effects on age at
autism diagnosis are not mediated by several of these measured devel-
opmental and demographicfactors, but we acknowledge that there may

Nature | Vol 646 | 30 October 2025 | 1153



Article

be several unmeasured factors that may mediate the genetic effects.
Furthermore, the substantial variation across the datasets explored
highlights that age at autism diagnosis isimmensely complex and var-
iesacross geography and time. Local cultural factors, access to health
care, gender bias, stigma, ethnicity and camouflaging probably have
aneffectonwhoreceives a diagnosis and when. Second, our trajectory
models (Fig. 1) were built using only the SDQ, which measures a wide
range of parent-reported neurodevelopmental and mental-health
traits. Althoughthe SDQis correlated with an autism diagnosis, it does
not fully capture core autistic traits, and other measures of autistic
traits were not availablein the birth cohorts. Third, itis likely that other
dimensions contribute to the genetic heterogeneity in autism. For
example, asignificant proportion of the variationin the FinnGen autism
GWAS was not explained by either of the two factors (Fig. 4). Fourth, we
use earlier-and later-diagnosed autism as relative terms, reflecting that
developmental and polygenic differences represent agradient (Fig. 4
and Supplementary Fig.10), rather than being discrete categories, and
because there is no consensus on age thresholds for early versus late
diagnosis*. Fifth, autism diagnoses in the birth cohorts used in the
current study rely on community-based carer or self-reporting, rather
thanstandardized clinical assessments. As such, there may be varying
delays betweenthe emergence of autistic features and aformal autism
diagnosis. However, our findings can guide future research using lon-
gitudinal cohorts, and particularly sibling studies, that systematically
track the emergence of autism features over time. Finally, our genetic
analyses focused on common genetic variants in genetically inferred
European ancestries, because we had only limited GWAS data from
other populations, highlighting the need for future research to examine
the transferability of these findings across diverse genetic ancestries.

Inconclusion, we find that the developmental trajectories and poly-
genicarchitecture of autism varies with age at diagnosis. These findings
partly explain the varying genetic correlations among the different
GWASs of autism and between autism and various mental-health condi-
tions. These findings provide further support for the hypothesis that
the umbrella term ‘autism’ describes multiple phenomena with dif-
fering aetiologies, developmental trajectories and correlations with
mental-health conditions. These findings have implications for how we
conceptualize neurodevelopment more broadly, and for understand-
ing diagnosis, sex and gender differences, and co-occurring health
profilesin autism.
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Methods

Terminology

We use the term autistic and non-autistic to refer to people with and
without an autism diagnosis®. For sex, male and female refer to sex
assigned at birth.

Explaining variance in age at autism diagnosis

To contextualize the SNP-based heritability and the variance explained
by the SDQtotal difficulties and subscale scores, we reviewed the vari-
ance in the age at autism diagnosis explained by various sociodemo-
graphic and clinical factors, including sex and autism severity. Using
Google Scholar and PubMed, we searched for studies published
between 1998 and 10 December 2024 using combinations of the fol-
lowing terms in the title or abstract: ‘age at diagnosis’ AND ‘autism’;
‘autism’ AND ‘age’; and ‘diagnosis age’ AND ‘autism’. We also used these
search terms with alternative terminology for autism, including ‘autism
spectrum condition’, ‘autism spectrum disorder’ and ‘ASD’. This search
resulted in more than 1,700 studies. A manual review identified 184
studies that investigated factors associated with age at autism diag-
nosis. Of these, 13 quantified the variance explained using measures
of proportion of variance explained such as R? (coefficient of determi-
nation) or 1 (effect size) and these were included in our final analyses
(Supplementary Table1).

We also calculated the variance explained in the US-based cohort of
autisticindividuals and their families, SPARK*, using the v.9 release of
the phenotypic data. We focused on the variance explained by sociode-
mographic factors (sex, reported race, household income, mother’s
education and father’s education), cognitive and developmental fac-
tors (reported IQ score, reported intellectual disability, age at walk-
ing independently, age at first words, language regression and other
regression) and autism severity (scores on the Social Communication
Questionnaire and Repetitive Behaviour Scale-Revised). After exclud-
ingindividuals with missing data, we quantified the variance explained
by these factors using relative importance analysis (see method in
ref. 52) for 5,773 autistic individuals diagnosed before the age of 22.
Thereafter, analyses were done using the relaimpo (v.2.2-7) package
in R, which allowed us to examine the contributions of all variables
simultaneously®.

Trajectory analyses of birth cohorts
Cohorts. We used four population-based birth cohorts that varied both
inthe ages at which the data were collected from participants and the
calendar years of the data collection (Extended DataFig. 4). Inbrief, the
four cohorts included were the UK-based MCS**, the Australia-based
LSAC-B and LSAC-K cohorts***¢ and the Ireland-based Growing Up in
Ireland (GUI) Child cohort (aka Cohort 98)*>°¢, All children included
in the cohorts were born in the twenty-first century. Further details
aboutthe cohortsare providedin Supplementary Note 1. We used data
from MCS, LSAC-B and LSAC-K for the growth mixture models. We did
not use data from GUI for growth mixture models because there were
only three time points, which is not enough to identify two or more
trajectories. All four cohorts were used for latent growth curve models.
Asindicatedin Supplementary Table 2, these cohorts were selected
because they were longitudinal in nature, were nationally representa-
tiveand included key data on behavioural profiles and neurodevelop-
mental diagnosis. These overlapping features across datasets allowed
for cross-country comparisons and generalization®.

Measures

Autism and ADHD diagnosis and age at diagnosis. In all cohorts,
across multiple sweeps, the main carer was asked whether the par-
ticipant had a diagnosis of autism (Extended Data Fig. 4). For age at
diagnosis, we used the age at the sweep when carers first reported
their child’s autism diagnosisin every cohort, to maximize sample sizes

and ensure consistency across cohorts for effective comparisons. For
instance, if an autism diagnosis was reported for the participant for
the first time at the age 11 sweep, we considered the age at diagnosis
tobe1lyears. Although the specific age at diagnosis was provided for
LSAC-B and LSAC-K, we opted not to use this, because we identified
errors in some reports in which months and years of diagnosis were
swapped or not reported.

For MCS, we used reports of both autism and ADHD diagnoses for
further sensitivity analyses. For our primary analyses, we included a
narrowly defined sample of children with consistently reported autism
diagnoses by primary and proxy carers (when both were available) and
noother reported neurodevelopmental diagnosis (particularly ADHD).
To assess the generalizability of our results and increase the sample
size, we then expanded the sample to include all children with any
reported diagnosis of autism (results are reported in Supplementary
Note 3). This expanded sample included cases regardless of whether
the diagnoses were consistent across sweeps or carers, and included
those with co-occurring ADHD. Furthermore, we imputed the inde-
pendent variables and covariates for autistic individuals with missing
information, as detailed below (more details are in Supplementary
Note 2 and Supplementary Note 3). Finally, to assess the specificity of
thetrajectories for autism, we conducted analyses among children who
had a consistent ADHD diagnosis but no diagnosis of autism. Imputa-
tion was also performed within this ADHD-only sample, to increase
the samplessize.

SDQ. We used the SDQ to obtain social, emotional and behavioural
profiles of participants, with repeated measures from 3 years to 18
years across cohorts. SDQ comprises 25 statements that carers were
asked to rate on a three-point Likert scale (‘not true’, ‘somewhat true’
and ‘certainly true’) based on the child’s symptoms or behaviours
over the past six months. There were five subscales, each containing
five items, which assessed emotional symptoms, conduct problems,
hyperactivity-inattention, peer relationship problems and prosocial
behaviours?, The first four subscales assessed difficulties, and their
combinedtotal scoreranged from 0 to 40, with higher scoresindicating
greater difficulties. The fifth subscale (prosocial behaviours) repre-
sented strengths and ranged from O to 10, with higher scores indicat-
ing more prosocial behaviours. We analysed the total score and each
subscale separately. The SDQ demonstrates good test-retest reliability
and criterion validity across countries?* 2. Its five-factor structure (each
subscale asafactor) has shown consistency and invariance across age,
sex and ethnic background®*, The SDQ captures several core features
of mental health and neurodevelopmental conditions, including autism
and ADHD%®, Only children with complete data of SDQacross all sweeps
were included in the analyses, except for the imputation analyses.

Sociodemographic measures. Sociodemographic measures were
included as covariates to account for their impact on age at diagno-
sisin each cohort (Supplementary Table 25). Specific measures and
available information vary across cohorts, but we generally included
sex, ethnic background, maternal age at delivery, child’s cognitive
aptitude, household SES and deprivation level of the living area, to
account for factors that may affect the age when someone received
anautism diagnosis®°. Only subsets of children in the complete-SDQ
samples, withcomplete data for these sociodemographic factors, were
includedinthe analyses.

For MCS, although various census classifications for ethnic groups
wereavailable, we opted to use abinary indicator to identify non-white
ethnic minorities. Ethnicity data were not collected in either LSAC
cohort. Instead, visible ethnic minority status was determined mainly
by parental country of birth and the language(s) spoken at home®™.
Maternal age at delivery was collected only for MCS. For other cohorts,
we used maternal age (in years) at the first sweep of data collection to
reflect the variation in maternal age at delivery.



For MCS, weidentified multiple variables linked to cognitive ability,
SES and area deprivation. Similarly, for LSAC-B, we identified mul-
tiple measures linked to SES, although there were no measures with
sufficient sample size linked to cognitive ability or area deprivation.
Subsequently, we conducted principal component analysis (PCA) for
cognitive abilities, SES and area deprivation in MCS, and for SES in
LSAC-B.PCA was done using awide range of measures collected across
sweeps (Supplementary Table 25), with one variable excluded from
any pair with a correlation coefficient greater than 0.70 to address
multicollinearity. The first principal component (PC1) explained more
than 40% of the variance for each corresponding factor. By contrast,
subsequent components contributed substantially less, supporting
the use of the respective PC1 as the summary measure for cognitive
ability, SES and area deprivation (Supplementary Table 25).

Intellectual disability was defined as scoring two standard deviations
below the mean onthe PC1of the cognitive aptitude factor, consistent
with previous studies. No autistic childreninthe MCS or LSAC cohorts
who had measures of cognitive aptitude met the criteria for intellectual
disability, probably because of participation bias. All PCA analyses were
donein R using the prcomp() function®.,

Statistical analyses
Growth mixture models and latent growth curve models. We used
two methods to model the longitudinal trajectories of SDQ total and
subscale scores. First, we used growth mixture models to identify
whether there were latent groups of autistic individuals, based on their
trajectories of SDQtotal and subscale scores. Growth mixture models
assume that the sample consists of multiple mixed effects models, each
capturing asubgroup trajectory with shared intercept and slope®>. We
fitted models with one to four groups for each subscale and SDQ total
scoresineach cohort, using the lcmm (v.2.1.0) package in R®*. The opti-
malnumber of latent trajectories were then determined by comparing
fitindices, including Bayesianinformation criterion values, classifica-
tion quality measure (entropy) and substantive interpretation. Models
with lower Bayesian information criterion values and higher entropy
were favoured®. Models identifying subgroups with less than 5% of the
sample size were not considered, owing to poor statistical reliability and
limited practical significance®. We compared the distribution of group
memberships across diagnostic ages and across sexes using x> tests.

Second, we used linear latent growth curve models to identify
the latent trajectories of SDQ total and subscale scores in the three
groups (childhood diagnosed, adolescent diagnosed and the gen-
eral population) for all cohorts. Each linear model included a latent
intercept to represent the initial level of the outcome variable, and
alinear latent slope to represent the mean rate of change over time.
Childhood-diagnosed (diagnosed before ages 9-11, depending on
the cohort) and adolescent-diagnosed (diagnosed after the ages of
9-11, depending on the cohort) were defined in advance. We chose
this 9-11 age window as our cut-off because it aligns with the onset of
puberty and the transition from primary to secondary school, and aligns
with epidemiological evidence showing increased autism incidence
in female individuals during this window**. An earlier cut-off was not
feasible because only MCS (ages 5-7) and GUI (age 7) recorded autism
diagnoses before this window. A later cut-off was not possible because
there were no autismdiagnosesin MCS after age 14. To further examine
the relationship between age at diagnosis and socioemotional and
behavioural outcomes, we conducted further latent growth curve
models for autistic children using stepwise groupings by age at diag-
nosisin MCS and LSAC-B (see Supplementary Note 5 and Supplemen-
tary Fig.10). Allindividuals who lacked an autism diagnosis (and also
an ADHD diagnosis in MCS) were included in the general-population
group.

Given the sex differencesin age at autism diagnosis*, we also applied
the same models stratified by sex, estimating latent intercept and slope
foreach sex, within the autistic samples. All latent growth curve models

werefitted under the structural equation modelling framework using
the lavaan (v.0.6-19) package in RY.

Association with sex and mental-health phenotypes. To examine
the association between growth mixture models-derived SDQ latent
trajectories and mental-health phenotypesin MCS, LSAC-Band LSAC-K,
adjusting for sex, we used multiple regression in autistic individuals.

Variance explained in age at autism diagnosis and mediation analy-
sis. Multipleregression analyses were conducted in MCS, LSAC-B and
LSAC-Ktoinvestigate the association between age at autism diagnosis
(the outcome variable), SDQ total difficulties and subscale latent tra-
jectories memberships identified in optimal growth mixture models,
and also accounting for other sociodemographic covariates. We did
not detect any multicollinearity among the variables using variance
inflation factors.

Therelativeimportance of each predictor was assessed using domi-
nance analysis®. We used the misty® (v.0.6.8) package in R for this
analysis, using a correlation matrix extracted from the fitted model
via the lavinspect function from the lavaan (v.0.6-19) package®’. This
approach leverages the correlation matrix to consider not only indi-
vidual predictors, but also the correlations between them, providing a
more comprehensive assessment of their relative importance’.

To examine potential causal pathways, mediation analyses were
done, allowing sociodemographic factors to indirectly influence the
age at diagnosisthrough their effects on SDQ latent trajectory member-
shipsidentified in the optimal growth mixture model. Using structural
equation modellingin the lavaan (v.0.6-19) package®, both direct and
indirect effects were assessed, with their significance calculated using
bootstrappinganalysis. Further details are provided in Supplementary
Note 4.

Toinvestigate the specificity of our findings toautism, we used growth
mixture models, latent growth curve models, regression and mediation
analysesinindividuals with ADHD, but without a co-occurring autism
diagnosis inthe MCS cohort (n = 89, Supplementary Table 6, with results
presented in Supplementary Note 5). ADHD diagnoses were available
in the same sweeps as autism diagnoses, reported at ages 5, 7,11 and
14. Carers were asked the following question: “Has a doctor or other
health professional ever told you that <child’s name> had attention
deficit hyperactivity disorder (ADHD)?".

Imputation. To assess the impact of missingness, we used softimpute
(v.1.4-1) to impute missing data for all children with an autism or
ADHD diagnosis reported by any carer inany sweep in the MCS cohort
(autism: n = 623, Supplementary Table 5; ADHD: n =325, Supplementary
Table 6). We chose softimpute because of its computational efficiency
in handling large-scale matrices through low-rank approximation,
effectively preserving underlying structure of input data. Further
informationis provided in Supplementary Note 2.

SPARK: genotyping, quality control and imputation

We used data from the SPARK cohort® iWES2 v.1 dataset (released in
Feb 2022), which included data from 70,487 autistic individuals and
their families as the SPARK Discovery cohort. Data from SPARKiWES v.3
(releasedin August 2024), which included an additional 71,267 autistic
individuals and their families, was included in the SPARK Replication
cohort. All participantsin the Discovery cohort were genotyped using
the lllumina Global Screening Array (GSA_24v2-0_A2) and in the Rep-
lication cohort using the Twist Bioscience genome-wide SNP capture
panel for genotyping by sequencing. To avoid false positives caused
by fine-scale population stratification, we restricted the analyses to
individuals of genetically inferred European ancestries (Discovery,
n=51,869; Replication, n = 50,211 autistic and non-autistic partici-
pants), which was provided by the SPARK consortium. From this, we
excluded individuals with genotyping rate of less than 98%, individuals
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with sex mismatches and those with excess heterozygosity (3 stand-
ard deviations from the mean heterozygosity). Where trio data were
available, trios with greater than 5% Mendelian errors were excluded,
resulting in 47,170 (Discovery) and 48,750 (Replication) autistic and
non-autisticindividuals. Weincluded genetic variants with minor allele
frequency (MAF) greater than 1%, genotyping rate more than 95% and
that were in Hardy-Weinberg equilibrium (P>1x107%), resulting in
518,189 (Discovery) and 1,225,308 (Replication) SNPs.

We used these quality-controlled genotype data for imputation,
calculating genetic principal components and inferring relatedness
among individuals. We inferred genetic relatedness using KING™
(v.2.3.2). For genetic PCA, we pruned SNPs for linkage disequilibrium
(maximum r*=0.1) and removed the human leukocyte antigen region.
Using PC-AiR”in GENESIS (v.2.22.2), we first calculated PCs in geneti-
cally unrelated individuals and then projected the PCs onto related
individuals. We imputed genotypes using the TOPMED imputation
panel” on the Michigan imputation server (v.1.7.3)”* using Minimac4
(ref. 74) and after phasing using Eagle v.2.5 (ref. 75). After imputation,
variants were converted from GRCh38/hg38 to GRCh37/hg19 using
liftOver. We restricted downstream analyses to variants with MAF > 0.1%
and with animputation R*> 0.6.

SPARK: association analyses

Polygenic score association analyses. Polygenic scores (PGSs)
were calculated using PRScs™ (v.1.1.0), which has a Bayesian shrink-
age prior. PGSs were calculated for autism diagnosed before age 11
(iPSYCHy,forerr) and autism diagnosed after age 10 (iPSYCH ¢er10),
generated using the iPSYCH2015 (ref. 77) cohort, details of which
are provided below. For simplicity, we refer to this cohort as iPSYCH
throughout. PGSs were calculated and analysed separately for the
Discovery and Replication cohorts and meta-analysed using inverse-
variance-weighted meta-analysis’.

Weranseparate linear regression analyses between each of the two
PGSs and age at autism diagnosis (converted to yearsinall analyses) in
the quality-controlled dataset. We excluded individuals older than22 to
focus onthose who had an autism diagnosis using either the DSM-1V”
or DSM-5, retaining a maximum of 18,809 (Discovery cohort) and 9,383
(Replication cohort) autisticindividuals for PGS analyses. This criteria
alsoallowed us to focus onindividuals who received their diagnosisin
childhood or adolescence, because older adults may have missed an
earlier diagnosis of autism owing to secular changesinsocietal attitudes
towards autism. The baseline model included intellectual disability
(16.34% had carer-reported intellectual disability), sex and the first 10
genetic PCs as covariates. We ran eight different sensitivity analyses
by including various covariates as well as the covariates included in
the baseline model. First, we ran three models to account for devel-
opmental and clinical covariates: age at walking and age at first words
(model 2), age at walking and first words, autism severity (SCQ and
RBS-R total scores), carer-reported 1Q scores, and language or other
regression (model 3), and stratified analyses restricted to individu-
als without intellectual disability who can speak in longer sentences
(model4). Next, we rantwo models accounting for sociodemographic
factors: parental SES (model 5) and also area deprivation (model 6). We
controlled for any attentional and behavioural diagnosis (model 7),
for DSM edition (DSM IV versus DSM 5; model 8) and trio status
(model 9). Finally, we also ran sensitivity analyses after stratifying by
sex.

In the SPARK cohort, we obtained data for age at achieving nine
developmental milestones (in months) for autistic individuals. For all
milestones, we excluded individuals who were more than five median
absolute deviations from the median. We ran multiple linear regres-
sion with PGS for iPSYCH,¢ore;; and iPSYCH ¢.rio GWASs with sex and
the first ten genetic PCs as covariates. Yet again, we ran the analyses
for both the Discovery and Replication cohorts and meta-analysed it
using inverse-variance-weighted meta-analysis.

Rare high-impact de novo variants and inherited variants. We
identified rare (MAF < 0.1%) de novo and inherited variants in com-
plete trios from SPARK, as previously described*°. We identified
high-impact protein-truncating variants by restricting it to variants
inloss-of-function observed/expected upper bound fraction (LOEUF)®;
highly constrained decile (LOEUF < 0.37) that were annotated as either
frameshift, stop gained or start lost; and that had a loss-of-function
transcript effect estimator (LOFTEE) high-confidence annotation.
Toidentify high-impact de novo missense variants, we restricted it to
variants in LOEUF highly constrained genes (LOEUF < 0.37) that had
an MPC (missense badness, PolyPhen-2, and constraint) score® > 2.

We ran regression analyses for: high-impact de novo and inherited
protein-truncating variants; missense variants; and by combining both
protein-truncating and missense variants. Weincluded sex and the first
ten genetic PCs as covariates.

GWAS

GWAS of age at autism diagnosis. We generated a GWAS of age at
autism diagnosis (in years) in the quality-controlled dataset from
SPARK, restricting it to autistic individuals who were under 22 years
of age (Discovery, n =18,809; Replication, n = 9,356) and SNPs with
MAF >1%. GWAS was generated using FastGWA® with sex, intellectual
disability and the first ten genetic PCs as covariates. We meta-analysed
the GWAS from the SPARK Discovery and Replication cohorts using
inverse-variance-weighted meta-analysis in Plink®*#* (v.2.0). IniPSYCH,
we generated an additional GWAS of age at autism diagnosis (in years) in
aquality-controlled dataset of unrelated individuals with sex and intel-
lectual disability included as covariates using FastGWA®, restricting it
to SNPs with MAF >1%. To keep it consistent with SPARK, we excluded
individuals who were diagnosed after age 22, leaving a total sample
of'18,965 individuals. In brief, pre-imputation quality control of the
iPSYCH data was done using the Ricopili pipeline®, prephased using
Eagle v.2.3.5 and imputed using Minimac3 (ref. 86), using the down-
loadable version of the Haplotype Reference Consortium®’ (accession
number EGAD00001002729). Further details of quality control and
imputation are provided inref. 88.

GWAS of autism stratified by age at diagnosis. We generated three
age atautism diagnosis stratified GWASs in SPARK using (unscreened)
non-autistic parents and siblings as controls (Discovery, n .o = 24,965;
Replication, ny,qo = 33,302). The three GWAS were: first, SPARK, diag-
nosed before age 6 (SPARK . s.re; Discovery, n, i = 14,578; Replication,
Nyusiic = 6,857); second, SPARK, diagnosed before age 11 (SPARK ¢¢orerts
N,uisic = 18,719; Replication, n, i = 9,162); and third, SPARK, diagnosed
after age 10 (SPARK ger10, Mancisiic = 3,358; Replication, i, = 2,885). For
these analyses, we did notrestrict it toindividuals under 22, toincrease
the sample size. Of note, SPARK ¢re;; OVerlaps with the SPARK . ¢ores
cohort. GWASs were generated using quality-controlled SNPs with
MAF > 1% using FastGWA-GLMM®¥. We included age at recruitmentin the
study (toaccount for the use of parents as controls, who potentially lack
anautism diagnosis owing to secular changesin attitudes and diagno-
sis), sexand thefirst ten genetic PCs as covariates. Fast-GWA GLMM can
accountfor relatedness and fine-scale population stratification, even
in family-based samples such as SPARK. Given the relatively low sample
size of the Replication cohort, we did the meta-analysis of the Replica-
tion and Discovery cohort GWAS using inverse-variance-weighted
meta-analyses in Plink®>%* (v.2.0).

Althoughinclusion of unscreened related individuals as controls can
decrease heritability and statistical power to identify loci®®, we used the
GWAS to primarily conduct genetic correlation and related analyses.
Toensure the robustness of these models we did the following;: first, we
confirmed that the attenuation ratio for all GWASs was not significantly
greater than 1; second, we generated an additional GWAS of SPARK
without stratifying by age at autism diagnosis using the same methods
and confirmed a high genetic correlation (r,= 0.92,s.e.=0.17) witha
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previous SPARK GWAS*, which used a case-pseudocontrol approach;
and third, inthe genomicSEM analyses, we ran sensitivity analyses using
atrio-based SPARK GWAS* in lieu of the age at diagnosis stratified
GWAS from SPARK and confirmed our findings.

We generated three GWASs of autism stratified by age at autism diag-
nosisinthe iPSYCH cohort”. The primary GWASs used in the analyses
were GWASs of autism diagnosed before age 11 (iPSYCH,forer, 2 = 9,500
autisticand n = 36,667 non-autisticindividuals) and autism diagnosed
afterage 10 (iPSYCH, 110, 1 = 9,231 autistic and n = 36,667 non-autistic
individuals). We chose to subdivide the iPSYCH cohortatage 10 because
weobserved anincreaseinSDQscoresinbirth cohorts at thisage, and
because age10is associated with anincrease in diagnosis of female indi-
viduals in epidemiological samples**. We also conducted a GWAS of
autism diagnosed before age nine (iPSYCHy,re0, 11 = 5,451 autistic and
n=36,667 non-autistic individuals).

Allindividuals included in these GWASs from iPSYCH were born
between May 1980 and December 2008 to mothers who were living
inDenmark. The GWAS was done for unrelated individuals of European
ancestry, with the first ten genetic PCs included as covariates using
logistic regression as provided in PLINK.

Heritability, genetic correlation, and genomicSEM

Heritability analyses for age at autism diagnosis were conducted
using a single-component genome-wide complex trait analysis witha
genomic-relatedness-based restricted maximum likelihood approach
(GCTA-GREML v1.94.1)°***?in unrelated autistic individuals using the
quality-controlled genetic data in SPARK. We estimated SNP-based
heritability first after including sex and the first ten genetic PCs as
covariates, and then also with intellectual disability as a covariate
(baseline model). We ran several sensitivity analyses after including
additional covariates: first, developmental milestones (age at first
words and age at walking); second, developmental milestones and
developmental regression (language regression and other regression);
third, developmental milestones, developmental regression and IQ
scores; fourth, SCQ and RBS-R scores; fifth, SCQ and RBS-R scores,
developmental milestones and developmental regression; sixth, devel-
opmental milestones and SES; and finally, developmental milestones,
SES and deprivation.

We conducted genetic correlation analyses using LDSC, with link-
age disequilibrium scores from the northwest European populations.

We did genetic correlation analyses among different autism GWASs
using LDSC (v.1.0.1). Thisincluded a European-only case-pseudocontrol
GWAS in SPARK* (4,535 case-pseudocontrol pairs); GWAS from FinnGen
(Data Release r10)** (646 cases and 301,879 controls), the PGC-2017
autism GWAS* (7,387 cases and 8,567 controls), GWAS from iPSYCH,
and age at diagnosis-stratified GWAS from SPARK. The iPSYCH GWAS
included an unstratified (19,870 autistic individuals, comprising 15,025
maleindividuals and 4,845 femaleindividuals, and 39,078 controls) and
sex-stratified GWAS*®, and three age at diagnosis-stratified GWASs, as
mentioned earlier.

For genomicSEM* (v.0.0.5) analyses, we restricted it to six GWASs
with minimal sample overlap, without high genetic correlation
(rg>0.95), and with wide variation in age at diagnosis to conduct
genomicSEM analyses using autosomes. Using the patterns of genetic
correlations observed, we tested an age at diagnosis-related correlated
two-factor model. We also tested: first, asingle-factor model; second,
a correlated two-factor ‘geography’ model, in which three US-based
autism GWASs loaded onto one factor, and three Europe-based autism
GWASs loaded onto a second factor; third, a bifactor model based on
age at diagnosis; fourth, a bifactor model based on the geography of
the cohorts; and finally, a hierarchical factor model based on age at
diagnosis. The two-factor model was chosen because it had lower root
mean square error of approximation and higher comparative fitindex
and was more parsimonious than the bifactor model. We ran sensitiv-
ity analyses using different GWASs of autism as input and confirmed

that the two-correlated-factor model was the best-fitting model of
those tested.

Analysesin ALSPAC and MCS

Genetic quality control for ALSPAC. We obtained quality-controlled
and imputed genotype data from ALSPAC***°, Further details about
the cohort are provided in Supplementary Note 1. In brief, ALSPAC
childrenwere genotyped using the Illumina HumanHap550 quad chip
genotyping platforms by 23andme. Some individuals were excluded
owing to sex mismatches, excess heterozygosity, missingness greater
than 3% and insufficient sample replication (identical by descent score
ofless than 0.8). After multidimensional scaling and comparison with
Hapmapll(release 22), only individuals of genetically inferred European
ancestries were retained. SNPs with low frequency (MAF <1%), poor
genotyping (call rate < 95%) and deviations from Hardy-Weinberg
equilibrium (P<5x1077) were removed; 9,115 subjects and 500,527
SNPs passed quality control. Genotypes were phased using ShapelT and
imputation was done using the Haplotype Reference Consortium panel
using the Michigan imputation server. After imputation, we further
removed low-frequency SNPs (MAF <1%). Further details of the quality
control and imputation of ALSPAC are provided here: https://proposals.
epi.bristol.ac.uk/alspac_omics_data_catalogue.html#0org89bb79b.
Genome-wide genotype datawere generated by the Sample Logistics
and Genotyping facilities at the Wellcome Sanger Institute and LabCorp
(Laboratory Corporation of America) using support from 23andMe.

Genetic quality control for MCS. We also obtained quality-controlled
and imputed data from MCS. In brief, MCS samples were genotyped
using the lllumina Global Screening Array®”. Some individuals were
excluded owing to sex mismatches, excess heterozygosity and miss-
ingness greater than 2%. We identified European samples using the
GenoPred pipeline® (https://github.com/opain/GenoPred). SNPs with
low frequency (MAF <1%), poor genotyping (call rate < 97%) and devia-
tions from Hardy-Weinberg equilibrium (P <1 x 107) were removed.
Imputation was conducted using Minimac4 (ref. 74) using the TOPMED
reference panel”in the Michiganimputation server’. Afterimputation,
SNPswith animputation R*INFO score of less than 0.8, with more than
3% missing and with MAF < 1% were excluded. Further details are avail-
able here: https://cls-genetics.github.io/docs/MCS.html.

PGS association with SDQ. PGSs for both ALSPAC and MCS were calcu-
lated forindividuals of genetically inferred European ancestries. Genetic
PCswere calculated for both cohorts using PC-AiR, as described earlier.
We calculated PGS for iPSYCH, ¢ e and iPSYCH, .10 and used these in
all analyses in the MCS to keep it consistent with analyses in SPARK.

We obtained scores on the SDQ total and subscales for six ages in
the MCS and five ages in ALSPAC. We ran cross-sectional analysis at
each age using multiple linear regression with PGS for iPSYCH, ¢¢re1s
and iPSYCH .o, With sex, age and the first ten genetic PCs as covari-
ates. We also ran multiple linear mixed effects regression using the
Ime4 (v.1.1.27.1) package in R%, fitting a PGS by age interaction term
toinvestigate whether the effects of PGS on SDQ change over time.

Toinvestigate whether the differencesin association between MCS
and ALSPAC were due to differences in ascertainment between the two
cohorts, we matched ALSPAC to MCS using entropy balancing'®® and
re-ran the PGS association analyses. Entropy balancing is a reweight-
ing technique that ensures the covariate distributions are identical
between groups. This method uses optimization algorithms to assign
weights to individuals such that the weighted average of the covari-
ates in ALSPAC (the larger genotyped cohort) matches that of MCS
(the smaller genotyped cohort), minimizing confounding biases and
increasing comparability. We used the child’s biological sex, maternal
ageatdelivery and maternal highest educational qualification at first
datacollectionin each cohort as matching factors. Entropy balancing
was done using the ebal (v.0.1-8) package in R,
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PGS association with communication skills and autism diagnosis.
For ALSPAC, we obtained understanding of simple phrases (such as
“Do you want that?” or “Come here”) and gesture scores from the
Macarthur-Bates Communicative Development Inventories'®? at
15months of age (Supplementary Note 9). We conducted multiple linear
regression using PGS for iPSYCH,¢orer; and iPSYCH 10, With sex, age
and the first ten genetic PCs as covariates.

Autism diagnosis for the MCS was obtained using parent/carer
reports of autism/Asperger’s syndrome diagnosis by adoctor at ages,
7,11and 14. We identified individuals with an autism diagnosis atage 7
or earlier, age 11 or earlier, or between ages 11 and 14. We conducted
Firth’s bias-reduced multiple logistic regression (logistfv.1.26.0 pack-
ageinR) using PGS for iPSYCH,¢re;; and iPSYCH,¢0, With sex, age and
the first ten genetic PCs as covariates.

Ethics

Ethical approval for individual cohorts was obtained independently
of the current study. Ethical approval for ALSPAC was obtained from
the ALSPAC Ethics and Law Committee and the local research ethics
committees. Ethical approval for each sweep of MCS was obtained from
NHS research ethics committees (MREC). Ethical approval for LSAC
was obtained from the Australian Institute of Family Studies Human
Research Ethics Committee. Ethical approval for GUIwas obtained from
adedicated research ethics committee set up by the Department of
Children, Equality, Disability, Integration and Youth. Ethical approval
for SPARK was obtained from the Western Institutional Review Board
Copernicus Group (IRB protocol20151664). The Danish Scientific Ethics
Committee, the Danish Health Data Authority, the Danish data protec-
tionagency and the Danish Neonatal Screening Biobank Steering Com-
mittee approved the iPSYCH study. Ethical approval for the analyses of
de-identified dataused in this study was obtained from the Cambridge
Human Biology Research Ethics Committee (HBREC.2020.07).

Reporting summary
Furtherinformation onresearch designis available in the Nature Port-
folio Reporting Summary linked to this article.

Data availability

« SPARK autism GWAS: https://bitbucket.org/steinlabunc/spark_asd_
sumstats/src

« Finngen autism GWAS: https://www.finngen.fi/en/access_results

*The iPSYCH autism GWAS (unstratified, sex stratified and age
at diagnosis stratified, age at diagnosis) can be obtained fromJ.
Grove (grove@biomed.au.dk) or A.D.B. (anders@biomed.au.dk)
uponreasonable request.

« Psychiatric GWAS summary stats: https://pgc.unc.edu/for-researchers/
download-results/

* GWAS educational attainment: https://thessgac.com/

*«GWAS cognitive aptitude: https://cncr.nl/research/summary_
statistics/

«For ALSPAC, the study website contains details of all the available data
through a fully searchable data dictionary and variable search tool:
http://www.bristol.ac.uk/alspac/researchers/our-data/

«For MCS, data can be obtained on application from the UK Data
Service: https://beta.ukdataservice.ac.uk/datacatalogue/series/
series?id=2000031

«Summary statistics for the SPARK-based age at diagnosis GWAS,
and the age at diagnosis-stratified GWAS generated from the
genomicSEM models, are available here: https://doi.org/10.6084/
mo.figshare.29566052.v2

Code availability
«Lavaan (LGCM) v.0.6-19: https://lavaan.ugent.be/tutorial/growth.html

«lcmm(GMM), v.2.2.1: https://github.com/CecileProust-Lima/lcmm

«Softimpute v.1.4-1: https://cran.r-project.org/web/packages/soft-
Impute/softimpute.pdf

« Misty v.0.6.8: https://cran.r-project.org/web/packages/misty/index.
html

«PRScs v.1.1.0: https://github.com/getian107/PRScs

« fastGWA and GCTA v.1.94.1: https://yanglab.westlake.edu.cn/software/
gcta/#0verview

*GenomicSEMv.0.0.5: https://github.com/GenomicSEM/GenomicSEM

«LDSC v.1.0.1: https://github.com/bulik/ldsc

«KING v.2.3.2: https://www.kingrelatedness.com/manual.shtml

« Plink 2.0: https://www.cog-genomics.org/plink/2.0/

* GENESIS v.2.22.2: https://github.com/UW-GAC/GENESIS

«Lme4 v.1.1.27.1: https://github.com/Ime4/Ime4/

« Logistfv.1.24: https://cran.r-project.org/web/packages/logistf/index.
html

« Ebal v.0.1-8: https://cran.r-project.org/web/packages/ebal/ebal.pdf

«Relaimpov.2.2-7: https://cran.r-project.org/web/packages/relaimpo/
relaimpo.pdf

* SPARK quality control, imputation and GWAS: https://github.com/
vwarrier/SPARK_iWES2_imputation/

- Bespoke genetic analyses code: https://github.com/vwarrier/autism_
agediagnosis/

49. Matoba, N. et al. Common genetic risk variants identified in the SPARK cohort support
DDHD2 as a candidate risk gene for autism. Transl. Psychiatry 10, 265 (2020).

50. Warrier, V. et al. Genetic correlates of phenotypic heterogeneity in autism. Nat. Genet. 54,
1293-1304 (2022).

51. Roman-Urrestarazu, A., Dumas, G. & Warrier, V. Naming autism in the right context.

JAMA Pediatr. 176, 633-634 (2022).

52. Lindeman, R. H., Merenda, P. F. & Gold, R. Z. Introduction to Bivariate and Multvariate
Analysis (Scott, Foresman and Company, 1980).

53. Groemping, U. Relative importance for linear regression in R: the package relaimpo.

J. Stat. Softw. 17,1-27 (2007).

54. Connelly, R. & Platt, L. Cohort profile: UK Millennium Cohort Study (MCS). Int. J. Epidemiol.
43,1719-1725 (2014).

55. Clifford, S. A., Davies, S., Wake, M. & Child Health CheckPoint Team. Child Health
CheckPoint: cohort summary and methodology of a physical health and biospecimen
module for the Longitudinal Study of Australian Children. BMJ Open 9, 3-22 (2019).

56. Layte, R. & McCrory, C. Growing Up in Ireland: National Longitudinal Study of Children.
Maternal Health Behaviours and Child Growth in Infancy (The Stationery Office, Dublin,
2015).

57.  Anderson, E. R. Analyzing change in short-term longitudinal research using cohort-
sequential designs. J. Consult. Clin. Psychol. 61, 929-940 (1993).

58. Grasso, M., Lazzaro, G., Demaria, F., Menghini, D. & Vicari, S. The Strengths and Difficulties
Questionnaire as a valuable screening tool for identifying core symptoms and behavioural
and emotional problems in children with neuropsychiatric disorders. Int. J. Environ. Res.
Public Health 19, 7731(2022).

59. Brett, D., Warnell, F., McConachie, H. & Parr, J. R. Factors affecting age at ASD diagnosis in
UK: no evidence that diagnosis age has decreased between 2004 and 2014. J. Autism
Dev. Disord. 46,1974-1984 (2016).

60. Roman-Urrestarazu, A. et al. Association of race/ethnicity and social disadvantage with
autism prevalence in 7 million school children in England. JAMA Pediatr. 175, €210054
(2021).

61. Terhaag, S., Fitzsimons, E., Daraganova, G. & Patalay, P. Sex, ethnic and socioeconomic
inequalities and trajectories in child and adolescent mental health in Australia and the
UK: findings from national prospective longitudinal studies. J. Child Psychol. Psychiatry
62, 1255-1267 (2021).

62. Sigg, C. nsprcomp: non-negative and sparse PCA. R Foundation https://doi.org/10.32614/
cran.package.nsprcomp (2018).

63. Hoeksma, J. B. & Kelderman, H. On growth curves and mixture models. Infant Child Dev.
15, 627-634 (2006).

64. Proust-Lima, C., Philipps, V. & Liquet, B. Estimation of extended mixed models using
latent classes and latent processes: the R package lemm. J. Stat. Softw. 78, 1-56
(2017).

65. Ram, N. & Grimm, K. J. Growth mixture modeling: a method for identifying differences in
longitudinal change among unobserved groups. Int. J. Behav. Dev. 33, 565-576 (2009).

66. Grimm, K. J., Mazza, G. L. & Davoudzadeh, P. Model selection in finite mixture models: a
k-fold cross-validation approach. Struct. Equ. Modeling 24, 246-256 (2016).

67. Rosseel, Y. lavaan: An R package for structural equation modeling. J. Stat. Softw. 48, 1-36
(2012).

68. Tonidandel, S. & LeBreton, J. M. Relative importance analysis: a useful supplement to
regression analysis. J. Bus. Psychol. 26, 1-9 (2011).

69. Leaf, ). B. etal. Increasing social skills and pro-social behavior for three children diagnosed
with autism through the use of a teaching package. Res. Autism Spectr. Disord. 3, 275-289
(2009).

70. Azen,R. & Budescu, D. V. Comparing predictors in multivariate regression models: an
extension of dominance analysis. J. Educ. Behav. Stat. 31, 157-180 (2006).


https://bitbucket.org/steinlabunc/spark_asd_sumstats/src
https://bitbucket.org/steinlabunc/spark_asd_sumstats/src
https://www.finngen.fi/en/access_results
https://pgc.unc.edu/for-researchers/download-results/
https://pgc.unc.edu/for-researchers/download-results/
https://thessgac.com/
https://cncr.nl/research/summary_statistics/
https://cncr.nl/research/summary_statistics/
http://www.bristol.ac.uk/alspac/researchers/our-data/
https://beta.ukdataservice.ac.uk/datacatalogue/series/series?id=2000031
https://beta.ukdataservice.ac.uk/datacatalogue/series/series?id=2000031
https://doi.org/10.6084/m9.figshare.29566052.v2
https://doi.org/10.6084/m9.figshare.29566052.v2
https://lavaan.ugent.be/tutorial/growth.html
https://github.com/CecileProust-Lima/lcmm
https://cran.r-project.org/web/packages/softImpute/softImpute.pdf
https://cran.r-project.org/web/packages/softImpute/softImpute.pdf
https://cran.r-project.org/web/packages/misty/index.html
https://cran.r-project.org/web/packages/misty/index.html
https://github.com/getian107/PRScs
https://yanglab.westlake.edu.cn/software/gcta/#Overview
https://yanglab.westlake.edu.cn/software/gcta/#Overview
https://github.com/GenomicSEM/GenomicSEM
https://github.com/bulik/ldsc
https://www.kingrelatedness.com/manual.shtml
https://www.cog-genomics.org/plink/2.0/
https://github.com/UW-GAC/GENESIS
https://github.com/lme4/lme4/
https://cran.r-project.org/web/packages/logistf/index.html
https://cran.r-project.org/web/packages/logistf/index.html
https://cran.r-project.org/web/packages/ebal/ebal.pdf
https://cran.r-project.org/web/packages/relaimpo/relaimpo.pdf
https://cran.r-project.org/web/packages/relaimpo/relaimpo.pdf
https://github.com/vwarrier/SPARK_iWES2_imputation/
https://github.com/vwarrier/SPARK_iWES2_imputation/
https://github.com/vwarrier/autism_agediagnosis/
https://github.com/vwarrier/autism_agediagnosis/
https://doi.org/10.32614/cran.package.nsprcomp
https://doi.org/10.32614/cran.package.nsprcomp

7.

72.

73.

74.

75.

76.

77.

78.

79.

80.

81.

82.

83.

84.

85.

86.

87.

88.

89.

90.

91.

92.

93.

94.

95.

96.

97.

98.

99.

100.

101.

102.

Manichaikul, A. et al. Robust relationship inference in genome-wide association studies.
Bioinformatics 26, 2867-2873 (2010).

Conomos, M. P., Miller, M. B. & Thornton, T. A. Robust inference of population structure
for ancestry prediction and correction of stratification in the presence of relatedness.
Genet. Epidemiol. 39, 276-293 (2015).

Taliun, D. et al. Sequencing of 53,831 diverse genomes from the NHLBI TOPMed Program.
Nature 590, 290-299 (2021).

Das, S. et al. Next-generation genotype imputation service and methods. Nat. Genet. 48,
1284-1287 (2016).

Loh, P.-R., Palamara, P. F. & Price, A. L. Fast and accurate long-range phasing in a UK Biobank
cohort. Nat. Genet. 48, 811-816 (2016).

Ge, T., Chen, C.-Y., Ni, Y., Feng, Y.-C. A. & Smoller, J. W. Polygenic prediction via Bayesian
regression and continuous shrinkage priors. Nat. Commun. 10, 1776 (2019).
Bybjerg-Grauholm, J. et al. The iPSYCH2015 Case-Cohort sample: updated directions for
unravelling genetic and environmental architectures of severe mental disorders. Preprint
at medRxiv https://doi.org/10.1101/2020.11.30.20237768 (2020).

Lee, C. H., Cook, S., Lee, J. S. & Han, B. Comparison of two meta-analysis methods:
inverse-variance-weighted average and weighted sum of z-scores. Genomics Inform. 14,
173-180 (2016).

American Psychiatric Association. Diagnostic and Statistical Manual of Mental Disorders
4th edn (American Psychiatric Association, 1994).

Karczewski, K. J. et al. The mutational constraint spectrum quantified from variation in
141,456 humans. Nature 581, 434-443 (2020).

Samocha, K. E. et al. Regional missense constraint improves variant deleteriousness
prediction. Preprint at bioRxiv https://doi.org/10.1101/148353 (2017).

Jiang, L. et al. A resource-efficient tool for mixed model association analysis of large-scale
data. Nat. Genet. 51, 1749-1755 (2019).

Purcell, S. et al. PLINK: a tool set for whole-genome association and population-based
linkage analyses. Am. J. Hum. Genet. 81, 559-575 (2007).

Chang, C. C. et al. Second-generation PLINK: rising to the challenge of larger and richer
datasets. Gigascience 4, 7 (2015).

Lam, M. et al. RICOPILI: Rapid Imputation for COnsortias PlpeLIne. Bioinformatics 36,
930-933(2020).

Howie, B., Fuchsberger, C., Stephens, M., Marchini, J. & Abecasis, G. R. Fast and accurate
genotype imputation in genome-wide association studies through pre-phasing. Nat. Genet.
44, 955-959 (2012).

Iglesias, A. I. et al. Haplotype reference consortium panel: practical implications of
imputations with large reference panels. Hum. Mutat. 38,1025-1032 (2017).

Als, T. D. et al. Depression pathophysiology, risk prediction of recurrence and comorbid
psychiatric disorders using genome-wide analyses. Nat. Med. 29, 1832-1844 (2023).
Jiang, L., Zheng, Z., Fang, H. & Yang, J. A generalized linear mixed model association tool
for biobank-scale data. Nat. Genet. 53, 1616-1621(2021).

Peyrot, W. J., Boomsma, D. I., Penninx, B. W. J. H. & Wray, N. R. Disease and polygenic
architecture: avoid trio design and appropriately account for unscreened control subjects
for common disease. Am. J. Hum. Genet. 98, 382-391(2016).

Yang, J., Lee, S. H., Goddard, M. E. & Visscher, P. M. GCTA: a tool for genome-wide complex
trait analysis. Am. J. Hum. Genet. 88, 76-82 (2011).

Yang, J. et al. Common SNPs explain a large proportion of the heritability for human
height. Nat. Genet. 42, 565-569 (2010).

Kurki, M. 1. et al. FinnGen provides genetic insights from a well-phenotyped isolated
population. Nature 613, 508-518 (2023).

Golding, J., Pembrey, M., Jones, R. & ALSPAC Study Team. ALSPAC-the Avon Longitudinal
Study of Parents and Children. I. Study methodology. Paediatr. Perinat. Epidemiol. 15,
74-87 (2001).

Boyd, A. et al. Cohort profile: the ‘children of the 90s'—the index offspring of the Avon
Longitudinal Study of Parents and Children. Int. J. Epidemiol. 42, 111-127 (2013).

Fraser, A. et al. Cohort profile: the Avon Longitudinal Study of Parents and Children:
ALSPAC mothers cohort. Int. J. Epidemiol. 42, 97-110 (2013).

Fitzsimons, E. et al. Collection of genetic data at scale for a nationally representative
population: the UK Millennium Cohort Study. Longit. Life Course Stud. 13, 169-187 (2021).
Pain, O. et al. Evaluation of polygenic prediction methodology within a reference-
standardized framework. PLoS Genet. 17, 1009021 (2021).

Bates, D., Méchler, M., Bolker, B. & Walker, S. Fitting linear mixed-effects models using
lme4. J. Stat. Softw. 67, 1-48 (2015).

Hainmueller, J. Entropy balancing for causal effects: a multivariate reweighting method
to produce balanced samples in observational studies. Polit. Anal. 20, 25-46 (2012).
Hainmueller, J. ebal (v. 0.1-8). Rdocumentation https://rdocumentation.org/packages/
ebal/versions/0.1-8 (2022).

Fenson, L. et al. MacArthur-Bates Communicative Development Inventories, 2nd edn
(American Psychological Association, 2006); https://doi.org/10.1037/t11538-000.

Acknowledgements This research was supported by funding from the Simons Foundation

for Autism Research Initiative, the Wellcome Trust (214322\Z\18\Z and 226392/7/22/Z),
Horizon-Europe R2D2-MH (grant agreement 101057385) and UKRI (10063472). For the purpose
of open access, we have applied a CC BY public copyright licence to any author-accepted
manuscript version arising from this submission. S.B.-C. also received funding from the Autism
Centre of Excellence at Cambridge, the Templeton World Charitable Fund, the MRC and the
National Institute for Health Research Cambridge Biomedical Research Centre. The research
was supported by the National Institute for Health Research Applied Research Collaboration
East of England. Any views expressed are those of the author(s) and not necessarily those of
the funder. Some of the results leading to this publication have received funding from the
Innovative Medicines Initiative 2 Joint Undertaking under grant agreement 777394 for the
project AIMS-2-TRIALS. This joint undertaking receives support from the European Union’s
Horizon 2020 research and innovation program and the EFPIA and Autism Speaks, Autistica
and the SFARI. The iPSYCH team was supported by grants from the Lundbeck Foundation
(R102-A9118, R155-2014-1724 and R248-2017-2003), the NIMH (1IRO1MH124851-01 to A.D.B.) and
the European Union’s Horizon Europe program (R2D2-MH; grant agreement 101057385 to
A.D.B.). The Danish National Biobank resource was supported by the Novo Nordisk Foundation.
High-performance computer capacity for handling and statistical analysis of iPSYCH data

on the GenomeDK HPC facility was provided by the Center for Genomics and Personalized
Medicine and the Centre for Integrative Sequencing, iSEQ, Aarhus University, Denmark (grant
to A.D.B.). The UK Medical Research Council and Wellcome (grant 217065/Z/19/Z) and the
University of Bristol provide core support for ALSPAC. This publication is the work of the authors
and the authors will serve as guarantors for the contents of this paper. A comprehensive list of
grants funding is available on the ALSPAC website (http://www.bristol.ac.uk/alspac/external/
documents/grant-acknowledgements.pdf). R2D2-MH has been funded by Horizon Europe
(grant agreement 101057385), by UK Research and Innovation (UKRI) under the UK government’s
Horizon Europe funding guarantee (grant 10039383) and by the Swiss State Secretariat for
Education, Research and Innovation (SERI) under contract 22.00277. A.H. and L.H. were
supported by the Norwegian Research Council (336085) and the Norwegian Health Authority
(2020022, #2022029 and #2022083). E. Verhoef and B.S.P. are funded by the Max Planck
Society. We thank the Centre for Longitudinal Studies (CLS), UCL Social Research Institute, for
the use of these data and the UK Data Service for making them available. However, neither CLS
nor the UK Data Service bear any responsibility for the analysis or interpretation of these data.
This paper uses unit record data from Growing Up in Australia, the Longitudinal Study of
Australian Children. The study is conducted in partnership between the Department of Social
Services (DSS), the Australian Institute of Family Studies (AIFS) and the Australian Bureau of
Statistics (ABS). The findings and views reported in this paper are those of the author and
should not be attributed to DSS, AIFS or the ABS. Growing Up in Ireland (GUI) was funded by
the Government of Ireland through the Department of Children, Equality, Disability, Integration
and Youth (DCEDIY) and the Central Statistics Office (CSO). Results in this report are based on
analysis of data from research microdata files provided by the Central Statistics Office (CSO).
Neither the CSO nor the DCEDIY take any responsibility for the views expressed or the outputs
generated from these analyses. We thank all the families who took part in this study, the
midwives for their help in recruiting them and the ALSPAC team, which includes interviewers,
computer and laboratory technicians, clerical workers, research scientists, volunteers,
managers, receptionists and nurses. This study includes data from the Norwegian Mother,
Father and Child Cohort Study, conducted by the Norwegian Institute of Public Health. We
thank all the participating families, and A. Kwong, T. Ford, W. Mandy and A. Grotzinger for
discussions.

Author contributions X.Z. and VW. did most of the analyses, with the remainder being done
by J. Grove, Y.G., C.K.B.and L.K.N. M.K., E. Verhoef, A. Gui, L.H., A.H., AR., B.S.P.and A.D.B.
provided summary statistics for various analyses. V.W. supervised the analyses and directed
the study with input from H.C.M. and J. Grove VW. and X.Z. wrote the initial draft with input
from H.C.M. A. Gui, S.A.S.N., AH., BS.P, AR, DS.M., EMW., D.HG., N.RW., E.B.R,, T.B. and
S.B.-C. provided intellectual input. All authors read and commented on the final manuscript.

Competing interests A.D.B. received a speakers’ fee from the Lundbeck Foundation. The other
authors declare no competing interests.

Additional information

Supplementary information The online version contains supplementary material available at
https://doi.org/10.1038/s41586-025-09542-6.

Correspondence and requests for materials should be addressed to Xinhe Zhang or

Varun Warrier.

Peer review information Nature thanks Lonnie Zwaigenbaum and the other, anonymous,
reviewer(s) for their contribution to the peer review of this work. Peer reviewer reports are
available.

Reprints and permissions information is available at http://www.nature.com/reprints.


https://doi.org/10.1101/2020.11.30.20237768
https://doi.org/10.1101/148353
https://rdocumentation.org/packages/ebal/versions/0.1-8
https://rdocumentation.org/packages/ebal/versions/0.1-8
https://doi.org/10.1037/t11538-000
http://www.bristol.ac.uk/alspac/external/documents/grant-acknowledgements.pdf
http://www.bristol.ac.uk/alspac/external/documents/grant-acknowledgements.pdf
https://doi.org/10.1038/s41586-025-09542-6
http://www.nature.com/reprints

Article

0.50 e
Birth year

0.40 Ghahari et al., 2021

0.30

0.20

0.10

Birth year
Emerson et al., 2016

0.08

o
o
3

Wang et al., 2018

Ethnicity
Koller et al., 2020

o
>
4

Deprivation
Parental education

fo Pafental education
Ethnicitye  ggg mersone\lal.,2016 V\/lalzureketal.,20140

Variance explained (R2 or n?)

Developmental regression
Mishaal et al., 2014 ™

« Harrop etal., 2021 Cognitive impairm\
Brett et al., 2017 ~ B
Etnioity © O A 20T

Variance explained by variable

Language ability
Nitzan et al., 2022

Language ability
Goodwin et al., 2017

Language ability Language ability
Brett etal., 2017 Salomone et al., 2015

Language Regression

. Cognitive test scores

Language ability
Petrou et al., 20187 =
Age at using words

Q Other regression
Mazurek &t-al., 20

Developmental regression

Brett et al., 2017 Brett et al., 2017

ge at walking indep:

"
e Language ability
Petrou et al., 2018

SDQ Total

ADOS ~e
Nitzan et al., 2022

ADOS + ADI-R
Mishaal et al., 2014

8cQ

ADI-R Emotional Symptoms
Zwaigenbaum et al., 2019 ~e
Prosocial ESIZRERE Prosocial Behaviours

.

Peer Problems °~  SDQ Total Hyeractivity

~,
Q Conduct Problerns e -
° otional Symptoms

dortly Parental rating

en Hyeractivity
— RBS-REmerson et al., 2016

Brett et al., 2017

Peér Problems
Support level ~ Conduct Problems e

0.02 Ethnicity < /sEs \
Emerson et ali2016 A\ ternal Age
T \ Family\ncome
Father's highest education l N\
A
Poverty - g ~ Naadi
0.00 Emerson et al., 2016m Elhnfcrty Mother's highest education
g o
& @
&
6\‘)
&
)
oO
D

N
N
o\\é

Variable

D &
& \o\§
& ,‘(ﬁ
\&,,)6‘ o
N
¥ &

Sample size
© 1000
© 2000
© 3000
© 4000

O 5000

Dataset
LSAC-B
MCS
SPARK
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Relaimpo (v2.2-7): https://cran.r-project.org/web/packages/relaimpo/relaimpo.pdf
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SPARK autism GWAS: https://bitbucket.org/steinlabunc/spark_asd_sumstats/src

Finngen autism GWAS: https://www.finngen.fi/en/access_results

iPSYCH autism GWAS (unstratified, sex-stratified and age at diagnosis stratified, age at diagnosis) can be obtained from Anders Borglum and Jakob Grove.
Psychiatric GWAS summary stats: https://pgc.unc.edu/for-researchers/download-results/
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For ALSPAC, the study website contains details of all the data that is available through a fully searchable data dictionary and variable search tool": http://
www.bristol.ac.uk/alspac/researchers/our-data/

For MCS, data can be obtain after application through the UK Data Service: https://beta.ukdataservice.ac.uk/datacatalogue/series/series?id=2000031

Summary statistics for the SPARK-based age at diagnosis GWAS, and the age at diagnosis stratified GWAS generated from the genomicSEM models are available
here: https://figshare.com/articles/dataset/Summary_statistics_for_Polygenic_and_developmental_profiles_of_autism_differ_by_age_at_diagnosis/29566052.
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also included data from ALSPAC (Year of birth 1990 - 1991).

We included data from two cohorts of autistic individuals and their families. These were the US-based SPARK cohort,
including a Discovery subset (N = 18,809, median age at autism diagnosis -= 4.0 years), and a Replication subset (N = 9,701,
median age at autism diagnosis = 5.0 years), and the Danish based iPSYCH cohort (N = 18,965, median age at autism
diagnosis = 4.0).

Detailed population characteristics of the birth cohorts, and the cohorts used for the GWAS analyses are provided in the
relevant section of the Methods or Supplementary Information.

Recruitment Data from existing human population cohorts/databases were used, including from birth cohorts. Details of recruitment and
population characteristics are provided in the relevant section of the Methods or Supplementary Information.

Ethics oversight Data for existing cohorts were collected based on ethical approval from local IRBs. Analyses of de-identified data from
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Sample size As the study relied on existing data, we used the maximum available sample after quality control. No a priori sample size calculation was
conducted.

Data exclusions  Data were excluded after phenotypic or genetic quality control, and this varied by cohorts. Further details are provided in Methods.

Replication Where possible, all analyses were conducted in at least two cohorts to assess the replicability and generalisability of the findings. Trajectory
modelling was conducted in four birth cohorts. Genetic analyses of autistic individuals were conducted in two cohorts - SPARK and iPSYCH.
Genetic analyses of the general population were conducted in two cohorts - MCS and ALSPAC, with additional support from MoBa. In
addition, we included a replication cohort from SPARK, which we analysed only after the first version of the manuscript was submitted and
reviewed. This was available only after the initial submission of the manuscript. Details are provided in the manuscript. All effects were in the
consistent direction between the original Discovery and the Replication cohorts, and meta-analysis of the two datasets increased the
statistical significance of the findings, indicating that replication was largely successful.

Randomization  No randomisation was conducted as this is an observational study.

Blinding No blinding was conducted as this is an observational study.
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