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Deleterious coding variation associated with 
autism is shared across ancestries

 

The past decade has seen remarkable progress in identifying genes that, 
when impacted by deleterious coding variation, confer high likelihood 
for autism spectrum disorder (ASD), intellectual disability and other 
associated developmental disorders. However, most underlying gene 
discovery efforts have focused on individuals of European ancestry, 
limiting insights into genetic liability across diverse populations.  
To help address this, the Genomics of Autism in Latin American Ancestries 
(GALA) Consortium was formed, presenting here the largest sequencing 
study of autism in Latin American individuals (n > 15,000, including 
4,717 participants with an ASD diagnosis). We identified 35 genome-wide 
significant (false discovery rate < 0.05) autism-associated genes, with 
substantial overlap with findings from European cohorts, and highly 
constrained genes showing consistent signal across populations. The 
results provide support for emerging (for example, MARK2, YWHAG, PACS1, 
RERE, SPEN, GSE1, GLS, TNPO3 and ANKRD17) and established autism genes 
and for the utility of genetic testing approaches for deleterious variants 
in individuals from diverse backgrounds; the results also demonstrate the 
ongoing need for more inclusive genetic research and testing. We conclude 
that the biology of autism is consistent across populations, with no 
detectable influence of ancestry.

ASD is characterized by deficits in social communication and the pres-
ence of restricted interests and/or repetitive behaviors1. Although the 
majority of the genetic liability for autism is attributed to common 
genetic variation, rare variants, often arising de novo, play a substan-
tial role in individual liability2,3. Multiple large-scale studies of rare 
and common variation associated with autism likelihood are ongoing, 
and dozens of genes strongly associated with autism have emerged4,5, 
primarily coding for proteins involved in gene expression regulation, 
neuronal communication or the cytoskeleton6. These findings have 
contributed to improved interpretation of genetic tests and repre-
sent initial steps in the development of personalized interventions 
and targeted therapies. Although translation to broad clinical care 
remains limited, gene-targeted therapeutic strategies for rare genetic 
disorders associated with autism and other neurodevelopmental dis-
orders (NDDs) have emerged as a very dynamic area of study in both 
academia and industry7. The overwhelming majority of participants in 
gene discovery studies are of European (EUR) ancestry, even though 
they comprise only 16% of the global population8. This limited window 

into genetic architecture across ancestries could exacerbate preex-
isting disparities in diagnostics and service use for autism9. Indeed, 
recent studies have reported high rates of inconclusive results after 
genetic testing in non-EUR individuals, likely because of uncertainty 
in interpreting genomic variants10–12.

We established the GALA Consortium to investigate the impact of 
genetic and environmental factors on autism across Latin Americans, 
including participants from all of the Americas, corresponding to the 
Admixed American (AMR) superpopulation in the 1000 Genomes Pro-
ject13. These AMR individuals comprise the largest recently admixed 
population in the world and the largest minority in the United States. 
It is as yet unknown whether the genetic architecture of autism differs 
across ancestral populations, and the genetic diversity of the AMR 
group14,15 makes this question especially relevant.

We present, to our knowledge, the largest sequencing study to 
date of autism in AMR individuals and compare our results to findings 
from non-AMR cohorts. We show that a common measure of evolu-
tionary impact on gene-level variation—that is, genomic constraint 
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scores are depleted for loss-of-function variation compared to expecta-
tion as a result of negative natural selection22. Our results demonstrate 
that rates of de novo variants for both protein truncating (PTV) and 
deleterious missense (MisB, with a ‘missense badness, PolyPhen-2 
and constraint’ (MPC) score25 ≥2) variants are elevated in probands 
compared to typically developing siblings in genes with low LOEUF 
scores (Fig. 2). Comparing our findings with previously published 
results4, we observed that the overall rates of de novo variation in AMR 
individuals are consistent with those observed in other ancestry groups 
(Extended Data Fig. 2). Notably, we found a statistically significant 
enrichment of PTVs in constrained genes among AMR probands. We 
also observed a trend toward enrichment of missense variants with 
MPC score ≥ 2 (P = 0.077).

Second, we examined whether LOEUF is well calibrated across 
ancestral populations. Effective population size differs across Native 
American, EUR and African populations26, but current estimates of gene 
constraint are derived from cohorts that are largely of EUR ancestry. 
Existing LOEUF scores are modestly over-conservative when applied 
to AMR samples (Fig. 3, Extended Data Fig. 3 and Karczewski et al.22), 
but, when focusing on the most constrained (lower) deciles, they cor-
relate well with the observed number of PTVs normalized by sample 
size and gene length (Fig. 3). Because association signal concentrates 
to these lower deciles (Fig. 2), these observations justify the use of 
existing LOEUF scores for our study and generally for studies focusing 

scores—differs by ancestry. However, this is not the case for the most 
constrained genes, which exhibit less population-level variation than 
expected based on their sequence composition. This is important 
because most identified autism-associated genes are evolutionarily 
constrained4,16, and this applies over diverse populations. Using Bayes-
ian models, we identify 35 genome-wide significant genes associated 
with autism in Latin American individuals and observe a great degree 
of overlap with findings in largely EUR cohorts. These results indicate 
that autism and other NDD genes are shared across ancestries and 
that existing genetic testing pipelines are effective for the most del-
eterious variation, especially if information on allele frequency across 
ancestries is incorporated. We conclude that the biology of autism is 
consistent across populations and not impacted to any detectable 
degree by ancestry.

Results
Rare variant landscape in Latin Americans diagnosed with ASD
GALA currently encompasses 10 cohorts across the Americas, with 
data from eight included in this study (Fig. 1 and Methods, ‘Descrip-
tion of GALA sites’ section). Some GALA samples were contributed to 
other large-scale whole-exome sequencing (WES) and whole-genome 
sequencing (WGS) efforts4,17; analyses of 1,613 samples (including 707 
ASD probands) are reported here for the first time. The GALA analy-
ses reported here include all sequenced samples from GALA cohorts 
as well as additional genetically inferred AMR samples from the 
Autism Sequencing Consortium (ASC)18 and Simons Powering Autism 
Research (SPARK)19.

A substantial source of individual autism liability resides in rare 
deleterious variation in conserved genes4,6, often de novo or very 
recent. Hence, to maximize power for discovery, we focus on data 
collected from trios—that is, an affected proband and both unaffected 
parents and their typically developing sibling(s), when available. 
When parental DNA samples could not be collected, we incorporated 
probands using a case−control framework. After extensive quality 
control (Extended Data Fig. 1), our analysis included 6,977 individuals: 
4,717 ASD cases and the remainder consisting of controls and typically 
developing siblings (Fig. 1b and Supplementary Table 1). In total, 15,427 
individuals were sequenced, including parents from trio-based col-
lections who contributed to de novo variant detection but were not 
themselves analyzed for variant burden. Specifically, 14,359 individu-
als were sequenced, with WES (n = 14,152) or WGS (n = 207), as part of 
family-based analysis: 4,450 AMR ASD individuals, 1,459 siblings and 
8,450 parents (Supplementary Table 2). For case−control analysis,  
267 ASD AMR samples were matched to 801 non-psychiatric AMR 
controls from the Mount Sinai BioMe biobank20,21.

We identified 6,555 rare (that is, allele frequency < 0.1% in our 
dataset and in the population-specific non-neuro subsets of gno-
mAD versions 2.1.1 and 3.1.2 (refs. 22,23)) and unique de novo cod-
ing sequence variants (5,062 in ASD probands and 1,493 in siblings) 
(Supplementary Table 3). We identified 36 de novo variants that 
occurred twice in individuals with ASD: 18 were found in affected sib-
lings, consistent with germline mosaicism, and 18 occurred in unre-
lated individuals. Additionally, we observed 211 and 15 rare autosomal 
de novo small genic copy number variants (CNVs)24 in 2,191 probands 
and 707 siblings, respectively (Supplementary Tables 4 and 5).

In previous studies, highly constrained genes showed an aggre-
gated signal of variants contributing to autism liability16, and integrat-
ing genomic constraint scores has proven powerful for gene discovery4. 
However, constraint scores are derived from cohorts largely of EUR 
ancestry. Therefore, we first sought to evaluate the utility of these 
scores on samples of diverse ancestries.

First, we examined the distribution of de novo variants as a func-
tion of a well-established metric of tolerance to loss-of-function vari-
ants, the loss-of-function observed/expected upper bound fraction 
(LOEUF)22, derived from gnomAD version 2.1.1. Genes with low LOEUF 
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Fig. 1 | Overview of GALA cohort sites and pedigree structure. a, Map of GALA 
collection sites across the Americas. b, Pedigree structure of the GALA cohort, 
comprising 4,717 cases and 10,710 controls. Diamonds represent offspring, and 
individuals with ASD are shown in pink. Map was generated in R (version 4.3.3) 
using the ggplot2 and rnaturalearth packages with base map data from Natural 
Earth (public domain; https://www.naturalearthdata.com/). CHARGE, Childhood 
Autism Risks from Genetics and Environment; TASC, The Autism Simplex 
Collection; KP, Kaiser Permanente.
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on highly constrained genes in other ancestries, including admixed 
African ancestries (Extended Data Fig. 3).

Autism gene discovery in Latin Americans
For gene discovery, we used TADA (transmission and de novo asso-
ciation), an algorithm that integrates de novo, inherited and case−
control variants as well as LOEUF scores and small genic CNVs4,6,27,28. 
Sixteen genes were associated with autism at a false discovery rate 
(FDR) < 0.01; 35 genes met genome-wide significant association 
(FDR < 0.05); and 61 genes were associated at FDR < 0.1 (Fig. 4, Table 1 
and Supplementary Table 6). To examine the overlap of these findings 
with those in largely EUR ASD cohorts, we first identified and removed 
all AMR samples in Fu et al.4, yielding a non-AMR complementary set 
(FuCOMP) with no overlap with our analyses. Nineteen of the 35 GALA 
genes with FDR < 0.05 showed significant signal in FuCOMP. We next 
compared the observed numbers of variants in the GALA cohort with 
the expected number of variants derived from TADA analysis in FuCOMP. 
To do this, we compared results for concordant genes, defined as genes 
that show FDR < 0.05 in GALA and in FuCOMP, and we observed that, over-
all, the findings are consistent with expectation (Extended Data Table 1). 
We also compared our gene findings from the GALA cohort with those 
in a large cohort ascertained for severe developmental disorders29: six 
of the 16 genes that had an FDR < 0.05 in GALA and an FDR < 0.1 in FuCOMP 
showed an FDR < 0.05 in the developmental disorder cohort (Table 1).

As in previous studies, de novo variation provided a major 
source of signal for top genes (Extended Data Fig. 4). Similarly, PTVs 
are a major source of signal, and it was interesting to note that mis-
sense variants were also an important source of rare variation asso-
ciation signal (Extended Data Fig. 5). For several of the top genes, 
the association signal is fully or almost fully derived from missense 
variants in the GALA cohort, which, for MTOR, YWHAG, GRIN1, PACS1 
and CACNA1D, is consistent with previous findings and may suggest 
a dominant negative or gain-of-function mechanism (Table 1 and 
Extended Data Table 2). Gene Ontology and Mammalian Phenotype 
enrichment analyses (Supplementary Tables 7 and 8) highlighted 
biological processes and phenotypes related to synaptic function, 
neuronal development and social and repetitive behaviors.

Implications for clinical genetics
With compelling evidence for overlapping autism gene findings in AMR 
samples, we next asked about the fraction of findings that are identified 
as pathogenic or likely pathogenic (P/LP) as per American College of 
Medical Genetics (ACMG) guidelines30. We used VarSome31—minimizing 
the use of proprietary databases and approaches used by commercial 

testing laboratories—to evaluate (1) genome-wide de novo variation 
and (2) inherited variation in X-linked genes associated with autism 
(Supplementary Table 9). This analysis included all de novo variants 
observed across the genome, not just those meeting the TADA inclusion 
criteria. Specifically, we included all protein-truncating, missense and 
synonymous variants, including those in genes lacking mutation rate or 
LOEUF estimates. For inherited variants, we focused on rare variants in 
known X-linked genes associated with autism and/or NDDs. We analyzed 
all GALA and FuCOMP samples, focusing on genes for which there was a 
reported association with an autism and/or a broader NDD phenotype.

Among the 20,571 de novo variants in our analysis, 926 (4.5%) were 
classified by VarSome as P/LP when we focused on genes that included 
autism among the associated phenotypes (Supplementary Table 10). 
In the AMR cohort, 195 variants (3.8%, 95% confidence interval (CI): 
3.27−4.32%) were identified as P/LP (Supplementary Table 11) compared 
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Fig. 2 | Comparison of rare de novo variant counts per sample between ASD 
probands and unaffected siblings, normalized to synonymous variant rates. 
The average number of rare variants per sample, normalized by the synonymous 
de novo variant rate, is compared between ASD probands (n = 4,450) and 
unaffected siblings (n = 1,459) of AMR ancestry. a–c, The analysis includes PTVs in 
highly constrained genes (LOEUF deciles 1–3, 5,363 genes) and less constrained 
genes (LOEUF deciles 4–10, 12,765 genes) (a); missense variants categorized by 

predicted functional severity (MPC ≥ 2 for high severity, 1 ≤ MPC < 2 for moderate 
severity) (b); and MPC < 1 (for low severity) and synonymous missense variants 
(c). Data are presented as mean values ± 95% CIs. Statistical significance was 
assessed using two-sided z-tests comparing normalized de novo mutation rates 
between probands and siblings. P values were adjusted for multiple comparisons 
using the Benjamini–Hochberg FDR method, and exact adjusted P values are 
shown above the bars.
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to 731 out of 15,386 (4.75%, 95% CI: 4.42−5.10%) in non-AMR samples. 
In terms of participants with findings, 4.31% (95% CI: 3.75−4.96%) of 
AMR and 5.53% (95% CI: 5.15−5.94%) of non-AMR probands had at least 
one P/LP variant identified. Comparisons between EUR and non-EUR 
participants revealed that EUR individuals had a higher rate of de novo 
P/LP variants. Specifically, EUR participants had 634 (4.83%, 95% CI: 
4.47−5.21%) P/LP variants identified compared to 292 (3.92%, 95% 
CI: 3.50−4.40%) in non-EUR participants. Overall, EUR participants  
had a higher rate of P/LP variants identified than non-EUR participants 
(5.61%, 95% CI: 5.20−6.06% versus 4.54%, 95% CI: 4.05−5.09%).

When broadening our criteria to include other NDD phenotypes, 
1,339 de novo variants were deemed to be P/LP (Supplementary  
Table 12). In AMR, 276 variants were classified as P/LP (5.32%, 95% 
CI: 4.74−5.98%) versus 1,063 in non-AMR individuals (6.91%, 95% CI: 
6.52−7.32%). In terms of participants with de novo findings, 6.07% (95% 
CI: 5.39−6.82%) of AMR participants and 7.99% (95% CI: 7.53−8.47%) of 
non-AMR participants had at least one P/LP finding. EUR participants 
had a notably higher rate of findings (8.22%, 95% CI: 7.72−8.75%) com-
pared to non-EUR participants (6.24%, 95% CI: 5.66−6.87%).

Extending our analysis to include X-linked inherited findings, 
we observed a further increase in P/LP detection rates. Specifically, 
201 de novo or X-linked variants (2.80%, 95% CI: 2.43−3.21%) in AMR 
samples and 758 variants (3.58%, 95% CI: 3.33−3.84%) in non-AMR sam-
ples were classified as P/LP for ASD. When we broadened the terms 
to include other NDD-related genes, the proportion of P/LP variants 
rose to 4.10% (95% CI: 3.65−4.58%) in AMR participants and to 5.26% 
(95% CI: 4.96−5.57%) in non-AMR participants. The rate of participants  
with at least one P/LP variant increased to 6.47% (95% CI: 5.78−7.24%) 
in AMR samples and to 8.38% (95% CI: 7.91−8.87%) in non-AMR samples 
(Supplementary Table 11). EUR participants showed a higher yield  
of P/LP findings (8.62%, 95% CI: 8.11−9.16%) compared to non-EUR 
participants (6.63%, 95% CI: 6.04−7.28%).

Qualitatively similar results were obtained when using Neptune32, 
which uses databases of previously identified variants to call P/LP 
variants in a set of 73 ACMG-recommended genes with actionable 
findings33 (Extended Data Fig. 6 and Supplementary Table 11). Although 
greater numbers of rare variants were identified in individuals from 
diverse ancestries, the proportion of these that could be classified 
as P/LP was lower. This combination of higher variant detection but 
reduced classification rate of P/LP variants contributes to a somewhat 
lower overall yield of P/LP findings per individual in AMR or non-EUR 

individuals when compared to non-AMR or EUR ancestries, respec-
tively. Considering the VarSome and Neptune results together, the 
findings provide support for the translatability of rare genetic findings 
in autism across ancestries in a clinical setting, albeit with opportuni-
ties for improvement.

Discussion
The past decade has seen major advances in deciphering the overall 
and the genetic architecture of autism but largely from EUR cohorts. 
It is not yet known whether the genetic architecture of autism differs 
across ancestral populations, including in admixed populations. Latin 
American individuals comprise the largest recently admixed population 
in the world and the largest minority in the United States. Diverse sites 
with large AMR representation have joined to form GALA, and here we 
report a first, large-scale multinational analysis of rare variant liability 
in Latin Americans with ASD, identifying autism-associated genes in 
this cohort and comparing genetic architecture with that observed in 
non-AMR ASD.

As in previous studies, we found that signal for genes strongly 
associated with autism was concentrated in highly conserved genes 
and largely driven by very rare de novo variation. For the discovery of 
autism-associated genes impacted by very rare de novo or case−control 
variation, it is critical to have reliable estimates of expected genic muta-
tion rates, which can be derived from both cross-species comparisons 
and empirical data from massive, aggregated sequencing resources, 
such as gnomAD. Although representation of diverse populations is 
improving, much of the existing sequence data are skewed toward 
EUR samples. Thus, there is much more to be done regarding genetic 
variability within underrepresented populations. Our analyses confirm 
that metrics of gene-level constraint are overly conservative, due to the 
overreliance on EUR samples that have a lower effective population 
size. However, we also demonstrate that the key metric LOEUF, when 
applied to the most conserved genes, is well calibrated across diverse 
ancestral populations.

Because deleterious variation in highly conserved genes is subject 
to strong purifying selection, such variation is both very rare and fre-
quently de novo. Allele frequency filtering based on gnomAD or similar 
datasets is, hence, an important means to infer very rare variation. 
However, we observe that relying on overall allele frequency allows for 
the introduction of more common variation into the analyses, hence 
reducing power and increasing the false-positive rate. We began our 
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Table 1 | Genome-wide and clinical findings for the top 35 genes

Gene FDR Function OMIM phenotype ClinGen disease Gene2Phenotype 
mechanism

EAGLE 
classification

EAGLE 
score

GALA FuCOMP DD

PTEN 4.8 × 10−11 6.1 × 10−14 <1 × 10−18 OTH Macrocephaly/autism syndrome 
(https://omim.org/entry/605309); 
Cowden syndrome 1 (https://omim.org/
entry/158350)

PTEN hamartoma tumor 
syndrome

Loss of function Strong 63.15

SHANK3 6.7 × 10−10 <1 × 10−18 <1 × 10−18 NC Phelan−McDermid syndrome (https://omim.
org/entry/606232)

Phelan−McDermid 
syndrome

Loss of function Strong 74.85

SCN2A 4.0 × 10−9 <1 × 10−18 <1 × 10−18 NC Developmental and epileptic 
encephalopathy 11 (https://omim.org/
entry/613721)

Complex NDD ID: loss of function; 
EE: altered gene 
product structure

Strong 109.3

CHD8 9.6 × 10−7 <1 × 10−18 <1 × 10−18 GER Intellectual developmental disorder with 
autism and macrocephaly (https://omim.
org/entry/615032)

Complex NDD Loss of function Strong 97.65

SYNGAP1 4.1 × 10−6 <1 × 10−18 <1 × 10−18 NC Intellectual developmental disorder, 
autosomal dominant 5 (https://omim.org/
entry/612621)

Complex NDD Loss of function Strong 40.75

FOXP1 0.0001 1.4 × 10−13 <1 × 10−18 GER Intellectual developmental disorder with 
language impairment with or without 
autistic features (https://omim.org/
entry/613670)

Intellectual disability, 
severe speech delay, 
mild dysmorphism 
syndrome

Loss of function Strong 60.45

GSE1 0.0005 0.5834 0.275 GER

DYNC1H1 0.0009 4.8 × 10−6 <1 × 10−18 CYT Cortical dysplasia, complex, with other 
brain malformations 13 (https://omim.org/
entry/614563)

Altered gene 
product structure

Strong 13.45

MARK2 0.0012 0.284 0.0002 NC Intellectual developmental disorder, 
autosomal dominant 76 (https://omim.org/
entry/621285)

Strong 20.05

ADNP 0.0015 <1 × 10−18 <1 × 10−18 GER Helsmoortel-van der Aa syndrome  
(https://omim.org/entry/615873)

ADNP-related multiple 
congenital anomalies–
intellectual disability –ASD

Loss of function Strong 41.5

TCF4 0.0028 0.0096 <1 × 10−18 GER Pitt−Hopkins syndrome (https://omim.org/
entry/610954)

Pitt−Hopkins syndrome Loss of function Strong 13.5

GRIN2B 0.0039 9.2 × 10−11 <1 × 10−18 NC Intellectual developmental disorder, 
autosomal dominant 6, with or 
without seizures (https://omim.org/
entry/613970); developmental and epileptic 
encephalopathy 27 (https://omim.org/
entry/158350)

Complex NDD ID: loss of function; 
EE: altered gene 
product structure

Strong 29.65

CHD2 0.0048 2.2 × 10−14 <1 × 10−18 GER Developmental and epileptic 
encephalopathy 94 (https://omim.org/
entry/615369)

Complex NDD Loss of function Strong 25

MTOR 0.0059 0.8595 2.5 × 10−10 NC Smith−Kingsmore syndrome (https://omim.
org/entry/616638)

Overgrowth syndrome 
and/or cerebral 
malformations due to 
abnormalities in MTOR 
pathway genes

Altered gene 
product structure

YWHAG 0.0071 0.3866 4.4 × 10−6 NC Developmental and epileptic 
encephalopathy 56 (https://omim.org/
entry/617665)

Gain of function

SATB2 0.0082 0.0001 <1 × 10−18 GER Glass syndrome (https://omim.org/
entry/612313)

SATB2-associated 
disorder

Loss of function Strong 24.95

GRIN1 0.01 0.0071 <1 × 10−18 NC NDD with or without hyperkinetic 
movements and seizures, autosomal 
dominant (https://omim.org/entry/614254)

Complex NDD Altered gene 
product structure

PACS1 0.0123 0.104 <1 × 10−18 NC Schuurs−Hoeijmakers syndrome  
(https://omim.org/entry/615009)

Schuurs−Hoeijmakers 
syndrome

Gain of function Limited 1.35

RERE 0.0146 0.8467 0.7127 GER NDD with or without anomalies of the 
brain, eye or heart (https://omim.org/
entry/616975)

Complex NDD with 
or without congenital 
anomalies

Loss of function Moderate 6.5

TCF20 0.0169 0.001 <1 × 10−18 GER Developmental delay with variable 
intellectual impairment and behavioral 
abnormalities (https://omim.org/
entry/618430)

Developmental delay 
with variable intellectual 
impairment and 
behavioral abnormalities

Loss of function Strong 38

CUL3 0.0195 2.6 × 10−5 5.6 × 10−9 NC NDD with or without autism or seizures 
(https://omim.org/entry/619239)

Complex NDD Loss of function Strong 18.4

CAMTA2 0.0218 0.7399 0.4596 GER Limited 2.1

SPEN 0.024 0.0615 1.6 × 10−11 GER Radio−Tartaglia syndrome (https://omim.
org/entry/619312)

Radio−Tartaglia 
syndrome

Loss of function
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analyses using established best practices for filtering by global allele 
frequency in the analysis of potentially de novo variants4,6. However, 
we noticed that some variants initially classified as rare in gnomAD 
(allele frequency < 0.1%) turned out to be more common in particular 
populations. To address this heterogeneity, we recommend annotat-
ing variants with allele frequencies across all subpopulations in the 
non-neuro releases of gnomAD, as we have done here. Building upon 
this strategy, we extended the same annotation to our analysis of inher-
ited variation, adopting a more stringent allele frequency threshold of 
<0.01%, to ensure even more precision in our findings34,35.

We next used TADA to identify 35 genes associated with autism 
at an FDR threshold <0.05 in the GALA dataset, 16 with FDR < 0.01 
and eight with FDR < 0.001 (Fig. 4 and Table 1). Consistent with previ-
ous studies in largely EUR cohorts, gene expression regulation, neu-
ronal communication and cytoplasmic genes are well represented 
among the autism-associated genes identified in GALA (Table 1 and 
Supplementary Tables 7 and 8). FDR is well calibrated in TADA6, and 
genes identified with TADA in smaller cohorts are consistently repli-
cated at expected levels in larger samples. However, it is still important 
to evaluate the level of confidence in the genes identified. First, as noted 
above, we compared results for top genes across GALA and a recent 
large-scale study (FDR < 0.05 in both AMR samples and non-AMR/
FuCOMP studies), and we observed that findings are consistent with 
expectation (Extended Data Table 1). (Note that, although individual 
gene-level counts may differ, this variation is expected given the rarity 
of events; by contrast, when we aggregated data from the top genes, the 
number of observed variants across genes and variant classes in GALA 
closely matches the expected total derived from FuCOMP.) However, 

there are multiple genes with evidence in GALA but not in FuCOMP. This 
can be for one of several reasons, including (1) sparseness of de novo 
events and, hence, overrepresentation/underrepresentation of de novo 
events in subsamples; (2) differences in ascertainment; and (3) the 
possibility that some findings are false-positive findings. Although 
all three could make some contribution, (1) was extensively evaluated 
previously4,6, and the analyses suggested that it is likely to be the major 
contributor to discordance. To further evaluate whether discord-
ant genes may still represent true positives, we first compared GALA 
findings to results from FuCOMP, a non-AMR cohort. Although many top 
(FDR < 0.05) GALA genes were also supported in FuCOMP, a subset of 17 
genes showed an FDR > 0.05 in FuCOMP, suggesting weaker support. We, 
therefore, examined their support in a large cohort of individuals with 
severe developmental disorders29, and seven of these 17 genes show 
a clear support. Finally, among the 35 autism-associated genes with 
an FDR < 0.05, most have a dominant neurodevelopmental morbid 
association in OMIM, ClinGen and/or Gene2Phenotype (Table 1). The 
concordance of findings between genome-wide studies (GALA, FuCOMP 
and developmental disorders) and curated clinical databases indicate 
that our approach is valid for autism gene discovery in AMR samples 
and that the FDRs are likely well calibrated.

We next examined emerging and known genes found in the 
GALA analyses, including contrasting results with those seen in 
non-AMR samples (FuCOMP) and curated databases (Table 1, Fig. 5, 
Extended Data Table 1 and Extended Data Fig. 7). These genes provide 
further support for MTOR signaling (for example, MARK2, MTOR, 
TSC2, YWHAG and GLS), synaptic and cytoskeletal function (for exam-
ple, DYNC1H1, PAK2, DLG4, GRIN1 and SYNGAP1) and transcriptional 

Gene FDR Function OMIM phenotype ClinGen disease Gene2Phenotype 
mechanism

EAGLE 
classification

EAGLE 
score

GALA FuCOMP DD

GLS 0.0262 0.7802 0.6168 NC CASGID syndrome (https://omim.org/
entry/618339)

(Infantile cataract, 
skin abnormalities, 
glutamate excess and 
impaired intellectual 
development: limited)

OTULIN 0.0283 0.8975 0.8426 NC (No NDD: autoinflammation, panniculitis 
and dermatosis syndrome, autosomal 
dominant; https://omim.org/entry/621030)

PDZD2 0.0305 0.6708 0.771 NC

TNPO3 0.0327 0.5381 0.0004 NC (No NDD: muscular dystrophy, limb-girdle, 
autosomal dominant 2; https://omim.org/
entry/608423)

(No NDD: muscular 
dystrophy, limb-girdle, 
autosomal dominant)

Moderate 6.35

CACNA1D 0.0348 0.6294 0.7464 NC Primary aldosteronism, seizures and 
neurologic abnormalities (https://omim.org/
entry/615474)

Complex NDD Gain of function Strong 12.7

NRXN1 0.0369 4.6 × 10−11 0.442 NC {Schizophrenia, susceptibility to, 17} 
(https://omim.org/entry/621407)

Complex NDD Loss of function Strong 143.75

GPR25 0.0389 0.8914 0.8999 NC

PAK2 0.0408 0.9189 0.7868 CYT Knobloch syndrome 2 (https://omim.org/
entry/618458)

DLG4 0.0428 0.0002 <1 × 10−18 NC Intellectual developmental disorder, 
autosomal dominant 62 (https://omim.org/
entry/618793)

Complex NDD Loss of function Limited 2.45

SCN1A 0.0447 0.0024 <1 × 10−18 NC Dravet syndrome (https://omim.org/
entry/607208); developmental and 
epileptic encephalopathy 6B, non-Dravet 
(https://omim.org/entry/619317)

Dravet syndrome; 
genetic developmental 
and epileptic 
encephalopathy

Loss of function

TSC2 0.0467 0.7858 0.0217 NC Tuberous sclerosis-2 (https://omim.org/
entry/613254)

Tuberous sclerosis Loss of function

ANKRD17 0.0486 0.7463 0.3373 GER Chopra−Amiel−Gordon syndrome  
(https://omim.org/entry/619504)

Syndromic complex NDD Loss of function

For genes with FDR < 0.05 in GALA, we show the FDR in FuCOMP
4 and in developmental disorders29. In addition, we annotated the genes for function6. Only autosomal dominant phenotypes 

related to NDDs in OMIM or ClinGen are listed. Unless otherwise noted, ClinGen classifications were all ‘definitive’ or ‘strong’. The mutation consequence from Gene2Phenotype and the EAGLE 
scores51 from the SFARI Gene database are also included. ASD, autism spectrum disorder; CYT, cytoskeleton; DD, developmental disorder; EE, epileptic encephalopathy; GER, gene expression 
regulation; ID, intellectual disability; NC, neuronal communication; NDD, neurodevelopmental disorder; OTH, other.

Table 1 (continued) | Genome-wide and clinical findings for the top 35 genes
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regulation (for example, SPEN, RERE and GSE1) in autism. Notably, 
these pathways are also strongly implicated across intellectual dis-
ability and NDDs, underscoring the tremendous overlap in genetic 
discovery that transcends traditional diagnostic boundaries. Many 
of these genes are constrained for PTVs and/or missense variants and 
show support from independent datasets, including de novo events 
in severe developmental disorder cohorts. A description of top and 
interesting genes is found in Extended Data Table 2.

Altogether, the results are consistent with the assumption 
that the same set of highly constrained genes identified in ongoing 
genome-wide studies is associated with autism, regardless of ancestry. 
This perspective also receives support from common variant studies in 
complex traits, where causal effects appear to be highly similar across 
ancestries36,37: Hou et al.36 analyzed 53,001 African-European admixed 
individuals and observed that causal effects of common variants (allele 
frequency > 0.5%) for 38 complex traits are largely similar across local 
ancestries, in agreement with other studies, including a recent analysis 
showing that cis-genetic effects on gene expression are highly similar 
between EUR and African individuals37.

We considered whether the observed similarity in deleterious vari-
ant burden between AMR-assigned and EUR-assigned individuals could 

reflect the influence of EUR admixture within AMR genomes. In princi-
ple, local ancestry inference (LAI) would allow mapping of individual 
variants to ancestral tracts, enabling a more granular test of whether 
such variants preferentially arise on EUR versus non-EUR backgrounds. 
However, current LAI methods require dense haplotypic data across the 
genome, typically from WGS. The sparse and uneven coverage of exome 
data poses considerable challenges for LAI, and performance has been 
shown to decline substantially in this context38,39. Moreover, because 
much of our gene discovery relies on de novo rather than inherited 
variants, the signal is unlikely to be biased by local ancestry tracts, and 
we also confirmed that variant and gene discovery is clearly driven by 
the large proportion of individuals with modest overall EUR ancestry 
(Extended Data Fig. 8). Still, we acknowledge that this is a potential limi-
tation of the study and a valuable direction for future work in cohorts 
with whole-genome data where LAI can be reliably determined.

Using clinical genetics software platforms, we confirm the overall 
translatability of clinical genetic approaches when focusing on rare 
deleterious variation; however, we also reveal differences in the rate of 
P/LP variants between AMR and non-AMR individuals and between EUR 
and non-EUR individuals. The causes driving differences in rates of P/
LP need to be better understood, as this is a limitation that complicates 
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Fig. 5 | Lollipop diagrams illustrating variants identified in emerging autism-
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pathogenic variant R203W in PACS1 in GALA and 18 in DECIPHER. Figures were 
generated using the Lollipop software package52.
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the interpretation of our analyses. A recent study focusing on pediatric 
patients with serious neurologic, cardiac or immunologic conditions 
reported similar diagnostic yield for genome sequencing in European 
Americans and Latin Americans (19.8% versus 17.2%); however, yields 
were lower (11.5%) and inconclusive results were higher in African Ameri-
cans11. In that study, genome sequencing was carried out by commercial 
diagnostic laboratories, making use of a proprietary pipeline that incor-
porates variant databases; the degree to which proprietary algorithms 
and the degree to which reliance on previously observed variation 
influenced the higher rate of inconclusive results cannot be determined.

Analysis of pathogenic variation in the All of Us Research Program, 
which integrates data from a diverse cohort to identify genetic differ-
ences across ancestries, further highlights the disparities in variant 
classification across populations. The study examined P/LP variants in a 
modest number of genes with actionable findings, showing differences 
as a function of ancestry, with 42% fewer pathogenic variants identified 
in Latin American versus EUR individuals (1.32% versus 2.26%)10. All of Us 
analyses used Neptune, a system developed for clinical genetic report-
ing32. Neptune relies heavily on variants identified in prior curated data, 
which will bias the findings in diverse populations. Consistent with this, 
analyses of the GALA cohort using Neptune show lower rates of findings 
compared to non-AMR samples. Our results suggest that with a focus 
on deleterious de novo variation, use of prior results is less necessary, 
and others have shown that even highly curated variant databases 
include false-positive findings that can lead to incorrect information to 
subsequent families40–43. Where possible, we recommend minimizing 
reliance on previously reported pathogenic variants. In addition, to 
further improve genetic testing results across diverse populations, our 
results show that it is of key importance to use allele frequency from all 
relevant populations, as we have done here.

We should, however, recognize the limitations inherent in our 
study and in any study that focuses on ancestries beyond EUR and 
a few other commonly characterized populations. For instance, we 
focused on de novo variants and their interpretation in AMR popu-
lations. Variants called de novo in our sample, and within subjects, 
are likely a mixture of true and false positives. For populations not 
deeply characterized for genetic variation, it is reasonable to expect 
elevation in the false-positive rate, simply because we do not know the 
frequencies of variants therein and which variants are relatively more 
common. For this reason, more of the variation called de novo is likely 
to be inherited variation.

At the same time, it is possible that unknown genomic complex-
ity, such as common structural variants44–46, elevate false negatives 
within these populations, including genomic variation important for 
phenotypes like autism, which is another limitation of our study. The 
combination of these three quantities—true positives, false positives 
and false negatives—determines the total variation that we observe. 
Based on our results, which show similar patterns to those observed 
in EUR studies, we can conclude that the vast majority of our results 
arise from true positives. Nonetheless, we should not conclude that 
populations are all the same when it comes to calling de novo vari-
ation. Indeed, we can be confident that they are not, given what we 
know about increased genetic diversity in African populations47–50 and 
the impact that cryptic structural variation and singleton events have 
on the reliability of calling ultra-rare variation. Only through deeper 
genetic studies can we expect completely comparable results to those 
of EUR population samples, ameliorating the above issues.

In conclusion, our observations are consistent with the neuro-
biology of autism being shared across ancestries and provide sup-
port for the translatability of autism clinical genetic approaches 
across ancestries.
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Methods
Cohort description
GALA comprises multiple sites from North, Central and South America 
recruiting AMR participants for studies on the genetic architecture of 
autism. Study procedures were approved by the institutional review 
board (IRB) of the Program for the Protection of Human Subjects at 
Mount Sinai (no. 16-01262). Informed consent was obtained from the 
parents or legal guardians of all study participants.

Study procedures for participant enrollment were approved by 
the Program for the Protection of Human Subjects at Mount Sinai 
(no. 16-01262 for the Seaver Center at Mount Sinai, São Paulo, Brazil, 
and Bogotá, Colombia; and no. 21-00039 for Peru), the University 
of California, Davis IRB (no. 226028-22) and the University of Miami 
IRB (no. 20070193). Two cohorts were collected previously: study 
procedures for participant enrollment in Costa Rica were approved 
under the guidelines of the Ministry of Health of Costa Rica, the Ethical 
Committee of the National Children’s Hospital in San Jose and the IRB 
at Mount Sinai, as described previously53,54; and The Autism Simplex 
Collection (TASC), which included an estimated 12% of individuals of 
Latin American ancestry, was recruited across 13 sites in North America 
and Europe, as described previously55, with local IRB oversight and all 
consents reviewed before depositing biospecimens and data to the 
National Institutes of Health repository.

For clarity, we use ‘ASD’ to refer to individuals who received a 
clinical diagnosis according to the procedure outlined below and 
‘autism’ elsewhere. ASD diagnoses are based on expert clinical evalu-
ations using Diagnostic and Statistical Manual of Mental Disorders, 5th 
Edition (DSM-5) criteria, incorporating all available data, including 
standardized assessments. Participants can be any age. Individuals 
with a known genetic condition (for example, fragile X syndrome) are 
excluded from analyses. Once a diagnosis of ASD is confirmed, the 
individual and their parents contribute a sample (blood or saliva) for 
genetic analyses. If both parents are not available, collection of other 
biological family members is encouraged (siblings, grandparents, 
etc.). Participating sites generally also collect additional clinical and 
family history information.

Description of GALA sites
New York, USA. The Seaver Autism Center for Research and Treatment 
at the Icahn School of Medicine at Mount Sinai, located in New York 
City, is the main coordinating site within the GALA Consortium. AMR 
individuals make up almost 30% of the population of New York City. 
Affected individuals undergo a full diagnostic ASD workup and receive 
additional assessments, including a cognitive test, adaptive behavior 
measure, medical checklist and behavioral checklists. Participating 
families receive $100 USD in compensation.

São Paulo, Brazil. The Human Genome and Stem Cell Research Center 
(HUG-CELL) at the Universidade de São Paulo in Brazil has over 20 years 
of experience in clinical and molecular research in autism, with more 
than 2,000 families seen. Brazil has a multiethnic admixed population, 
including African and Amerindian ancestry56. The HUG-CELL conducts 
research in human and medical genetics of rare diseases, providing 
genetic counseling services and genetic tests for the population. A team 
of psychiatrists, psychologists and neurologists completes a formal 
ASD diagnostic workup prior to obtaining samples for genetic testing 
from the individual and their family members. Financial compensation 
for participation is not permitted at this site; however, individuals who 
meet clinical criteria are offered free fragile X testing.

Bogotá, Colombia. The Centro de Investigaciones Genéticas en 
Enfermedades Humanas (CIGEn) at the Universidad de los Andes in 
Bogotá, Colombia, in close collaboration with the Instituto Colombi-
ano del Sistema Nervioso, Clínica Montserrat, focuses on unraveling 
the prevalence and characteristics of autism within the Colombian 

population. Through ASD referrals, the impact of CIGEn extends 
beyond Bogotá, reaching out to other cities throughout Colombia 
(Medellín, Cali, Armenia, Pereira, Bucaramanga, Cartagena, Barran-
quilla and Santa Marta), with the aim of including families from diverse 
backgrounds. Financial compensation is not offered for participation.

Mexico City, Mexico. The Children’s Psychiatric Hospital ‘Juan N. 
Navarro’ (HPIJNN), which is part of the Psychiatric Care Services of the 
Mexican Government’s Ministry of Health, provides professional care 
for minors with mental health, psychiatric and behavioral problems. 
As the largest teaching center in child and adolescent psychiatry in 
Mexico, it performs diverse biomedical and clinical research activities. 
One of the main lines of research focuses on autism, in collaboration 
with the Genetics Department at the National Institute of Psychiatry 
Ramón de la Fuente Muñíz (INPRFM). The samples from Mexico are 
being sequenced and were not included in the current analyses. Finan-
cial compensation is not provided at this site, in accordance with ethics 
committee requirements.

Lima, Peru. The Centro Ann Sullivan del Perú is a non-profit center 
in Lima, Peru, that serves individuals with varying abilities and their 
families. The center specializes in helping individuals with ASD. GALA 
investigators from the Seaver Autism Center (M.P.T. and A.K.) traveled 
to Lima to perform 40 psychiatric evaluations, aid in ASD diagnos-
tics and collect blood samples from individuals with ASD and their 
families. Behavioral surveys were carried out for all participants, 
and ASD and attention-deficit/hyperactivity disorder diagnoses 
were made using DSM-5 criteria. Financial compensation was not 
offered; instead, participating individuals received their clinical 
evaluation results.

California, USA (CHARGE). The Childhood Autism Risks from Genetics 
and the Environment (CHARGE) cohort is a population-based case−
control study collected in California at the University of California, 
Davis, Center for Children’s Environmental Health laboratories with the 
intent of addressing the impact of environmental exposures on risk57.

Florida, USA. The John P. Hussman Institute for Human Genomics at 
the University of Miami, located in Miami, Florida, recruits families 
through clinical referrals and lay organizations, providing services 
to families with ASD. Upwards of 70% of the Miami population identi-
fies as AMR. The diagnostic workup included the Autism Diagnostic 
Interview-Revised (ADI-R) and assessment of adaptive behavior. Dis-
crepancies between ADI-R and clinical findings were resolved using 
additional clinical measures, including the Autism Diagnostic Obser-
vation Schedule (ADOS).

Central Valley, Costa Rica. The founder population of the Central 
Valley of Costa Rica (CVCR) originated at the end of the 16th century 
from the intermarriage of 86 Spanish families and Indigenous Ameri-
cans. The population was geographically isolated until the late 19th 
century; therefore, the current inhabitants are estimated to descend 
from fewer than 1,000 founders58. A genetic study on autism in the 
CVCR was initiated in 2003, and affected individuals were ascertained 
using the translated Spanish versions of the ADI-R and the ADOS as well 
as assessment of intellectual abilities and adaptive behavior53.

USA and Europe (TASC). TASC was a collaboration among 13 sites in 
North America and Western Europe funded by the National Alliance 
for Autism Research, now Autism Speaks, and the National Institute 
of Mental Health. As detailed previously55, more than 1,700 individuals 
with ASD confirmed with extensive prospective assessment, as well as 
additional family members including parents, completed this study. 
Individuals within this study were sequenced, and those who were of 
AMR ancestry were included in these analyses.
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California, USA (Kaiser Permanente). The Autism Research Program 
(ARP) at the Kaiser Permanente Northern California (KPNC) Division 
of Research was established in 2002 by Senior Research Scientist Lisa 
Croen. The program focuses on research identifying genetic and envi-
ronmental factors associated with autism and understanding patterns 
of detection, diagnosis and utilization of health services for individu-
als with ASD across the lifespan. The ARP created the Autism Family 
Biobank, a repository including genetic, medical and environmental 
information from more than 1,000 individuals with ASD and their two 
biological parents, who donated blood or saliva between 2015 and 
2017. This collection is representative of the diverse population served 
by KPNC, an integrated healthcare system. The samples from Kaiser 
Permanente are being sequenced and were not included in the current 
analyses. Participants receive $15 USD per biospecimen, and families 
receive an additional $15 USD upon completion of the parent surveys.

Ancestry determination and sample-level quality control
Latin American samples analyzed in the current freeze include (1) GALA 
participants (some published in Fu et al.4); (2) non-overlapping AMR 
samples in the ASC and SPARK19 reported in Fu et al.4; and (3) additional 
AMR samples from the new release of SPARK (iWESv2). The current 
freeze includes trio data from 14,359 AMR samples, including 4,450 
affected individuals (609 from GALA and 3,841 from ASC and the SPARK 
releases) and 1,459 typically developing siblings and case−control data 
from 267 cases and 801 controls.

To assign ancestry to each case, we followed an approach modeled 
after the pipeline used by gnomAD (https://gnomad.broadinstitute.
org/news/2021-09-using-the-gnomad-ancestry-principal-compo-
nents-analysis-loadings-and-random-forest-classifier-on-your-data-
set/). Specifically, each of three jointly called datasets, derived from 
unpublished GALA sequencing, Fu et al. and SPARK (iWESv2), was 
merged with the Human Genome Diversity Project (HGDP) + 1000 
Genomes Project (1KG) subset of gnomAD22, and principal component 
analysis (PCA) was performed in the joint dataset after they had been 
restricted to 5,000 ancestry-informative single-nucleotide polymor-
phisms59. A random forest classifier was trained on the HGDP + 1KG 
reference samples using the first 10 principal components and used to 
assign superpopulation/continental ancestry to individuals in our data-
set. AMR ancestry classification was based on the predicted ancestry 
label assigned by the random forest model. Non-AMR cases included 
any individuals with ASD in ASC or SPARK releases who did not meet our 
criteria for genetically inferred AMR ancestry (28,818 parents, 13,030 
probands and 4,749 typically developing siblings).

Hail 0.2 was used to process the SPARK (iWESv2) and unpublished 
GALA joint-genotyped variant call files (VCFs). Multiallelic sites were 
split; variants were annotated using the Variant Effect Predictor (VEP)60; 
and low-complexity regions (https://github.com/lh3/varcmp/blob/
master/scripts/LCR-hs38.bed.gz) were removed. Hail’s pc_relate() 
function was used to confirm reported pedigrees and identify duplicate 
samples within and between datasets, which were removed. Sex was 
imputed using the impute_sex() function, and genotype filters were 
applied as described in previous methodology6 to generate working 
datasets (Extended Data Fig. 1).

De novo variants
Previously published de novo calls were extracted from Supple- 
mentary Table 20 from Fu et al.4. For the unpublished GALA and SPARK 
(iWESv2) datasets, de novo variants were called using the my_de_novo_
v16() function (https://discuss.hail.is/t/de-novo-calls-on-hemizygous-
x-variants/2357/19) with variant frequencies from the non-neuro subset 
of gnomAD exomes version 2.1.1 as priors. Potential de novo variants 
were dropped if they were present at a frequency greater than 0.1% 
within the non-neuro subset of gnomAD version 2.1.1, gnomAD version 
3.1.2, in any subpopulation of these gnomAD datasets or the dataset 
in which they were called. Variants were further excluded if they had 

‘ExcessHet’ in the Filters field, exhibited a proband allele balance < 0.3 
or demonstrated a depth ratio < 0.3. Only ‘HIGH’-confidence or ‘MEDI-
UM’-confidence variants were kept, with the MEDIUM-confidence calls 
limited to a maximum allele count in the dataset of 1. A single variant per 
person per gene was chosen, giving preference to variants with more 
damaging consequences. Samples were finally excluded if the count 
of coding de novo variants was significantly greater than expected.

Inherited variants
Starting with the same working datasets as for de novo calling, counts 
of transmitted and non-transmitted alleles were generated using 
Hail’s transmission_disequilibrium_test() function. Variants were 
filtered out if they were marked ‘ExcessHet’ by GATK4 or had allele 
frequencies greater than 0.01% within their own dataset, within the 
non-neuro subset of gnomAD version 2.1.1, gnomAD version 3.1.2 or 
within any subpopulation of these gnomAD datasets. Variants with 
an allele count > 6 in the total parents of the dataset were excluded as 
well. Hard filtering was applied according to GATK recommendations 
(https://gatk.broadinstitute.org/hc/en-us/articles/360035890471-
Hard-filtering-germline-short-variants). Final counts of transmit-
ted and non-transmitted alleles were produced for PTV, MisB, MisA 
(1 ≤ MPC < 2) and synonymous variants.

Case−control variants
Probands within incomplete trios were identified from the ASC and 
GALA cohorts and matched using the top 10 principal components 
(‘Ancestry determination and sample-level quality control’) with 
non-psychiatric, unrelated controls from BioMe at a ratio of three 
controls to one case (3:1). Incomplete trios from SPARK (iWESv2) were 
removed. To ensure genome build standardization between these two 
cohorts, CRAM files from ASD cases were unmapped using GATK4  
(ref. 61) and then remapped to a different version of the hg38 refer-
ence genome (https://biobank.ndph.ox.ac.uk/ukb/refer.cgi?id=838) 
using GATK3.5. Single-nucleotide variants (SNVs) and insertions/
deletions (indels) were joint-genotyped across cases using the Hap-
lotypecaller of GATK4. Like for the trio dataset processing, Hail 0.2 
(https://hail.is) was used to process the joint-genotyped VCF file. The 
identity_by_descent() function of Hail was used to test for relatedness, 
which resulted in the removal of 13 cases. Sex was imputed for every 
sample using the impute_sex() function of Hail and cross-checked with 
metadata provided by all sites to ensure sample concordance.

As was done for the previous datasets4, multiallelic sites were split, 
variants were annotated using the VEP and low-complexity regions 
were removed. Variants were removed if they had an allele count ≥ 2 
in the entire case−control dataset as well as an allele count ≥ 5 in the 
non-psychiatric subset of gnomAD version 2.1.1. Genotype calls were 
filtered to genotype quality > 25 and allele balance > 0.3. For case−
control coverage harmonization, variants in high coverage, defined 
as a call rate ≥ 90%, were kept. To perform case−control matching, we 
excluded one case that was an outlier in the distribution of the number 
of synonymous variants. Finally, 267 cases were matched to 801 con-
trols by sex and the first 10 principal components using the match_on 
function of the R package optmatch62.

CNV analysis
De novo CNVs called in Fu et al.4 coming from AMR samples were 
extracted (1,861 probands and 680 unaffected siblings). Trio and 
case−control datasets were analyzed separately, and GATK-gCNV24 was 
used to detect CNVs. First, raw CRAM files were compressed into read 
counts that covered the annotated exons to serve as input data. Then, a 
PCA-based approach that combines density and distance-based cluster-
ing was employed on the observed read counts to organize batches of 
samples for parallel processing. GATK-gCNV was run on cohort mode 
analysis for 200 samples within the cluster identified through PCA, and 
the remaining samples were subjected to GATK-gCNV analysis using 
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the case mode, with models specific to the cohort (368 probands and 
29 typically developing siblings). For quality control, CNV calls were 
processed according to Fu et al.4 methodology; CNVs were retained if 
they had an allele frequency < 1% that spanned more than two captured 
exons. For homozygous deletions, the quality score threshold was set 
to the lesser of 400 or 10 times the number of intervals. For heterozy-
gous deletions, the quality score threshold was set to the lesser of 
100 or 10 times the number of intervals. For duplications, the quality 
score threshold was set to the lesser of 50 or four times the number of 
intervals. For sample-level quality control, samples were retained if the 
number of raw, autosomal CNV calls detected by GATK-gCNV did not 
exceed 200 and if the number of calls with quality score ≥ 20 did not 
exceed 35. After quality control, 291 probands, 25 typically developing 
siblings, 209 cases and 735 controls remained.

A gene was considered impacted by a deletion if at least 10% of its 
non-redundant exons were overlapped by the deletion. For a duplica-
tion, a gene was considered impacted if at least 75% of its non-redundant 
exons were overlapped. Additionally, CNVs were annotated against 
a list of 79 curated genomic disorder loci (see Supplementary 
Table 10 in Fu et al.4), and a CNV call was classified as a genomic disor-
der CNV if it shared at least 50% reciprocal overlap with an annotated 
genomic disorder.

Genetic association analyses
TADA4,27 was performed for three types of inheritance classes: 
de novo (PTV, MisB, MisA, deletion (DEL) and duplication (DUP)), 
inherited (PTV, MisB and MisA) and case−control (PTV, MisB, MisA, 
DEL and DUP) variation. CNVs resulting from non-allelic homolo-
gous recombination (NAHR) were excluded, and only CNVs impact-
ing fewer than nine constrained genes were retained (LOEUF < 0.6) 
(Supplementary Tables 13–19).

Bayes factors were constructed separately for each variant class 
(PTV, MisA, MisB, DEL and DUP) as described, accounting for sample 
size and directly using relative risk priors from Fu et al. directly (see 
Supplementary Table 8 in Fu et al.4). Previously published mutation 
rates were adjusted to align with the observed variant counts in unaf-
fected siblings for each variant type in the dataset4.

Expected versus observed mutations in GALA
As noted in the main text, for top genes in GALA that were also sig-
nificant in FuCOMP, we compared the observed numbers of variants in 
the GALA cohort with the expected number of variants derived from 
TADA analysis in FuCOMP. Although observed and expected counts may 
vary at the individual gene level, as expected for ultra-rare events, 
the overall observed and expected totals across all genes are well 
matched, supporting the consistency of signal with expectation 
(Extended Data Table 1).

Clinical genetics analyses
In addition to VarSome described in the main text, we also ran 
Neptune32, which uses databases of previously identified variants to 
call P/LP variants in a set of target genes; we took a similar approach 
to a recent study10 carried out in the All Of Us Research Program by 
focusing on 73 actionable ACMG genes63. Of the 12,162 variants in these 
genes among the 4,450 family-based AMR cases, Neptune provided a 
classification for 8,501 (69.9%); this compares to 28,262 variants among 
the 13,030 non-AMR family-based cases, of which 20,750 (73.4%) were 
classified by Neptune. In AMR participants, 136 variants were classified 
as P/LP, representing 1.12% (136/12,162) of all variants in these genes and 
1.60% (136/8,501) of all classified variants. In non-AMR participants, 
344 variants were classified as P/LP, representing 1.22% (344/28,262) 
of all variants and 1.66% (344/20,750) of all classified variants. Exam-
ining the results from the perspective of the participants, in AMR we 
observed 2.73 variants in these genes per individual, of which 1.91 per 
individual could be classified by Neptune, and 0.031 per individual 

were classified as P/LP. The corresponding numbers were 2.17 variants, 
1.59 Neptune classified variants and 0.026 P/LP variants per non-AMR 
individual. The results show that, on the variant level, the differences 
in AMR versus non-AMR participants trace in part to a reduced ability 
of Neptune to classify non-AMR variants (Extended Data Fig. 6 and 
Supplementary Table 11). However, as also noted above, there are 
more variants per AMR participant (both total and Neptune classified), 
leading to an apparent lessening of impact in terms of P/LP variants 
per individual.

ACMG interpretation of variants
As noted above, for genetic association analyses, the TADA framework 
was limited to autosomal genes with available mutation rates and 
LOEUF scores (n = 18,128 genes) and considered only missense variants 
with an MPC score ≥ 1. By contrast, the clinical interpretation of variants 
included all autosomal or X-linked protein-truncating, synonymous 
and missense variants, regardless of gene annotation. In addition 
to applying the allele frequency cutoff of 0.1% (‘De novo variants’), 
X-linked variants were subjected to an allele frequency cutoff of 0.1% 
in the male non-psychiatric subsets of gnomAD versions 2.1.1 and 3.1.2 
and their subpopulations. This resulted in 20,571 de novo variants being 
included for clinical genetics annotation. Inherited variant analysis 
was restricted to a list of well-established X-linked genes implicated 
in autism and/or intellectual disability (Supplementary Table 9) and 
subjected to the same allele frequency cutoff.

The commercially available VarSome package31 was used to evalu-
ate the clinical impact of both de novo variants and X-linked inherited 
variation in the selected genes. Given the large number of variants, a 
batch environment was used, which limited the parameters that could 
be optimized for each gene. Additionally, as ACMG guidelines30 con-
sider patient phenotype, the focus was placed on genes for which there 
was a reported relationship with an autism phenotype (Autism Spec-
trum Disorder, Autism and Autistic Behavior) and/or with a broader 
NDD phenotype (including the three autism terms as well as Intellectual 
Disability, Global Developmental Delay, Seizure, Epileptic Encephalop-
athy and Complex Neurodevelopmental Disorder), without knowing 
the full spectrum of non-autism phenotypes in the participants. Hence, 
the results presented here (Supplementary Tables 10–12), although 
based on a more transparent algorithm, should not be considered fully 
compliant with ACMG classification guidelines.

The api.batch_lookup function in VarSome was used to obtain 
germline variant-level information related to ACMG classification, 
nucleotide substitution and amino acid substitution, along with patho-
genicity predictions. When possible, transcripts with the most severe 
coding impact were selected. Otherwise, the MANE Select transcript, 
longest canonical transcript, MANE Plus transcript, longest transcript 
or RefSeq transcript was chosen in that order by default.

For de novo variation, variant lists containing unique sets of vari-
ants found in each sex and zygosity were annotated. Inheritance in 
VarSome was set to ‘Confirmed De Novo’. Output from each list was 
returned in separate JSON files, which were then read into R for down-
stream processing into tab-separated tables. Inherited variation was 
examined in a similar manner; however, inheritance was set to the 
parent of origin of the variant.

To extend these analyses further, we used Neptune32, examining 
73 ACMG actionable genes analyzed in All Of Us10. The VIP database 
used for annotation in Neptune was downloaded from https://gitlab.
com/bcm-hgsc/neptune in VCF format, and all variants were lifted 
over63 from GRCh37 to GRCh38. Clinical significance annotations 
were parsed from the INFO field, and variants classified as Patho-
genic/Likely Pathogenic, Uncertain significance and Benign/Likely 
Benign were noted. All rare variants in probands, regardless of mode 
of inheritance, were used in these analyses. Of the 73 genes, Venner 
et al.10 annotated only biallelic variants as P/LP in three recessive genes 
(MUTYH, ATP3B and KCNQ1) and only a specific variant as P/LP in HFE; 
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we did not observe P/LP variants in these four genes, so no additional 
corrections were made.

Inclusion and ethics statement
This study was conducted in accordance with Nature Portfolio’s 
guidelines on inclusion and ethics in global research. The research 
was designed to include participants of diverse ancestries, with the 
goal of improving representation in autism genetics research. Study 
protocols were approved by the IRBs at all participating sites, including 
the Program for the Protection of Human Subjects at the Icahn School 
of Medicine at Mount Sinai (GCO no. 14-1082(0001)) as well as the local 
IRBs in Brazil, Colombia, Peru, Mexico, Kaiser Permanente and the 
CHARGE study (see ‘Cohort description’). Written informed consent 
was obtained from all participants or from parents or legal guardians 
where necessary. Data collection adhered to relevant ethical and cul-
tural standards, and compensation for participation varied by site as 
described above. Collaborations between institutions in the United 
States and Latin America were established to ensure equitable contribu-
tions across sites. Local investigators in Brazil, Colombia, Mexico and 
Perú were involved in data collection and authorship.

Sex was recorded based on self-report at enrollment and con-
firmed with genetic information. Both male and female participants 
were included; however, sex-stratified analyses were not conducted, as 
the primary focus of this study was on de novo and rare variant burden 
across ancestry groups rather than sex differences. Participant ages 
varied by cohort, with probands typically enrolled during childhood 
or adolescence and parents as adults.

Statistics and reproducibility
All statistical analyses were performed using R (version 4.3.3), Hail (ver-
sion 2.0) and Python (version 3.8). Statistical methods are described 
in detail in the relevant sections of Methods. Two-sided tests were 
used throughout unless otherwise specified. Multiple hypothesis test-
ing was corrected using the Benjamini–Hochberg FDR procedure or 
Bonferroni correction as appropriate. Sample sizes were determined 
by the number of available participants meeting inclusion criteria in 
the ASC, GALA and SPARK cohorts; no statistical method was used to 
predetermine sample size. All available samples passing relatedness 
and quality control thresholds were included in the analyses. No data 
were otherwise excluded from the analyses.

Because this study involved secondary analysis of existing human 
genomic data, randomization and blinding were not applicable. The 
investigators were not blinded to sample status during analyses. Scripts 
for computational analyses performed were deposited in a GitHub 
repository (https://github.com/buxbaum-lab/GALA) to ensure repro-
ducibility. Key results were independently replicated using validation 
datasets as described.

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

Data availability
Sequencing data for the ASC and GALA samples are available through 
controlled access via the Database of Genotypes and Phenotypes 
(accession number phs002502) and on the National Human Genome 
Research Institute Genomic Data Science Analysis, Visualization and 
Informatics Lab-space (AnVIL) under accession number phs002502.
v1.p1 (https://anvilproject.org/data). SPARK phenotype and sequenc-
ing data are available to authorized users through the SFARI Base 
(https://www.sfari.org/resource/sfari-base/).

Individual-level data from the ASC and GALA cohorts are not pub-
licly available due to participant privacy restrictions. Researchers may 
request access by contacting J.D.B. ( joseph.buxbaum@mssm.edu). All 
requests will be reviewed by the Mount Sinai Institutional Data Access 

Committee to ensure compliance with participant consent and IRB pro-
tocols. Reasonable requests will receive a response within 2−4 weeks. 
Summary variant counts, gene-level burden statistics and figure source 
data are available in the accompanying Supplementary Tables and at 
https://github.com/buxbaum-lab/GALA.

Code availability
All software used in this study is publicly available at the cited refer-
ences. The R code used to generate the TADA analysis and figures 
is available under the MIT license at https://github.com/buxbaum- 
lab/GALA.
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Extended Data Fig. 1 | Data processing for samples from three different data sources. The figure describes the variant, genotype, and sample quality control steps 
that were implemented to process the raw, joint-genotyped VCFs and generate the de novo and inherited calls used for downstream analyses. Sample counts are 
tabulated before downstream ancestry filtering.
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Extended Data Fig. 2 | Comparison of rare de novo variant counts per sample 
between ASD probands and unaffected siblings across different ancestries, 
normalized to synonymous variant rates. The average number of rare variants 
per sample –normalized by the synonymous de novo variant rate– is compared 
between ASD probands and their unaffected siblings for all ancestries  
(ALL: 17,480 probands and 6,208 siblings), Admixed American (AMR: 4,450 
probands and 1,459 siblings), and non-Admixed American (FuCOMP: 13,030 
probands and 4,749 siblings). The analysis considers: (a) protein truncating 
variants (PTVs) in highly constrained genes (LOEUF deciles 1–3, 5,363 genes) 

and less constrained genes (LOEUF deciles 4–10, 12,765 genes); (b) missense 
variants categorized by predicted functional severity (MPC ≥ 2 for high 
severity, 1 ≤ MPC < 2 for moderate severity); and (c) MPC < 1 (for low severity) 
and synonymous missense variants. Data are presented as mean values ± 95% 
confidence intervals. Statistical significance was assessed using two-sided z-tests 
comparing normalized de novo mutation rates between probands and siblings. 
P values were adjusted for multiple comparisons using the Benjamini–Hochberg 
false discovery rate (FDR) method, and exact adjusted P values are shown above 
the bars.
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Extended Data Fig. 3 | Genic burden of PTVs across different ancestries in 
gnomAD v2.1.1 as a function of gene constraint. The sum of observed PTVs 
per ancestry is plotted, scaled to each population’s size and total gene coding 
sequence length within gnomAD LOEUF deciles. The plot includes African 

African American (AFR, nN = 8,128), Admixed American (AMR, nN = 17,296),  
East Asian (EAS, n = 9,197), Non-Finnish European (NFE, n = 56,885), and  
South Asian (SAS, n = 15,308) ancestries. LOEUF deciles represent levels of gene 
constraint, with lower deciles indicating more constrained genes.
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Extended Data Fig. 4 | Relative contribution to TADA signal by mode of inheritance. The proportional impact of each inheritance mode on the ASD-associated genes 
is shown at three false discovery rate (FDR) thresholds: ≤0.1 (a, d), ≤0.05 (b, e), and ≤0.01 (c, f). Panels (a–c) display results for the GALA cohort, while panels (d–f) show 
results for the FuCOMP subset from Fu et al.4. BF, Bayes Factor.
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Extended Data Fig. 5 | Relative contribution to TADA signal by variant type. The proportional impact of each variant type on the ASD-associated genes is shown at 
three false discovery rate (FDR) thresholds: ≤0.1 (a, d), ≤0.05 (b, e), and ≤0.01 (c, f). Panels (a–c) display results for the GALA cohort, while panels (d–f) show results for 
the FuCOMP subset from Fu et al.4. BF, Bayes Factor.
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Extended Data Fig. 6 | Classification rates and proportions of P/LP variants 
across AMR and non-AMR populations using Neptune. The figure compares 
the classification rates and proportions of P/LP variants in the indicated 
subsamples. Left: The ratio of (upper) classified variants (by Neptune) to total 
variants, (middle) P/LP variants to total variants, and (lower) P/LP variants 
to Neptune classified variants is shown for AMR, non-AMR, non-European 
(non-EUR) and EUR ancestries. Right: Comparisons include (upper) the total 
number of variants, (middle) the number of classified variants, and (lower) the 
number of P/LP variants, all expressed per proband. AMR participants have more 

variants per individual (both total and Neptune-classified) compared to non-
AMR participants, but a reduced ability of Neptune to classify variants in AMR 
contributes to a slightly lower proportion of P/LP variants per individual. Similar 
results are seen for non-EUR versus EUR. Data are presented as mean values ± 95% 
confidence intervals (error bars show the plotted CI bounds). Statistical analysis: 
pairwise two-sided z-tests were used to compare groups within each panel;  
P values were adjusted for multiple comparisons using the Benjamini–Hochberg 
FDR procedure. Asterisks indicate adjusted P < 0.05.
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Extended Data Fig. 7 | Lollipop diagrams illustrating variants identified in emerging autism-associated genes. Variants observed in GALA analyses of AMR 
individuals are marked with pink circles, those found in FuCOMP individuals are marked with green, and variants found in DECIPHER are in purple. Figures were 
generated using the lollipop software package52.
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Extended Data Fig. 8 | Evaluation of ancestry composition and variant burden 
among GALA probands. (a) Ancestry proportions for all GALA individuals (left) 
and among carriers of damaging rare variants (right) inferred using a Random 
Forest classifier trained on 1000 Genomes + Human Genome Diversity Project 

(HGDP) reference populations. Most individuals display majority Admixed 
American (AMR) ancestry. (b) Ternary plots showing the distribution of ancestry 
proportions among all GALA individuals (left) and among carriers of damaging 
rare variants (right).
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Extended Data Table 1 | Observed and expected values for 17 genes identified in both GALA and FuCOMP
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Extended Data Table 2 | Summary of emerging and notable gene-level findings in GALA

aFindings in Latin American ASD individuals in GALA, non-Latin American ASD individuals in Fu et al.4 (FuCOMP), and in a large cohort of developmental disorders29. Abbreviations: AD, autosomal 
dominant; AMR, admixed American ancestry; AR, autosomal recessive; ASC, Autism Sequencing Consortium; ASD, autism spectrum disorder; DD, developmental disorder; FDR, false 
discovery rate; GoF, gain of function; ID, intellectual disability; LoF, loss of function; NDD, neurodevelopmental disorder; PTVs, protein truncating variants.
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