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Genomic Architecture of Autism From Comprehensive Whole-
Genome Sequence Annotation

A full list of authors and affiliations appears at the end of the article.

SUMMARY

Fully understanding Autism Spectrum Disorder (ASD) genetics requires whole-genome 

sequencing (WGS). We present the latest release of the Autism Speaks MSSNG resource, which 

includes WGS data from 5,100 individuals with ASD and 6,212 non-ASD parents and siblings 

(total n=11,312). Examining a wide variety of genetic variants in MSSNG and the Simons 

Simplex Collection (SSC; n=9,205), we identified ASD-associated rare variants in 718/5,100 

individuals with ASD from MSSNG (14.1%) and 350/2,419 from SSC (14.5%). Considering 

genomic architecture, 52% were nuclear sequence-level variants, 46% were nuclear structural 

variants (including copy number variants, inversions, large insertions, uniparental isodisomies, and 

tandem repeat expansions), and 2% were mitochondrial variants. Our study provides a guidebook 

for exploring genotype-phenotype correlations in families who carry ASD-associated rare variants 

and serves as an entry point to the expanded studies required to dissect the etiology in the ~85% of 

the ASD population that remain idiopathic.

In Brief

The latest release of the Autism Speaks MSSNG resource provides an expanded sample size 

and facilitates the comprehensive examination of the roles of many types of genetic variation in 

Autism Spectrum Disorder.

*Correspondence: stephen.scherer@sickkids.ca.
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Graphical Abstract
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INTRODUCTION

Autism Spectrum Disorder (ASD) is a neurodevelopmental condition whose core symptoms 

are social and communication difficulties, repetitive behaviors, and a restricted set of 

interests1,2. ASD is observed in ~1–2% of individuals and is about four times more common 

in males than females3,4. ASD is clinically heterogeneous, with some individuals exhibiting 

mild challenges and others experiencing severe symptoms and a range of co-occurring 

physical and mental health conditions5. Twin studies have estimated its heritability to be 

64–91%6. ASD is also genetically heterogeneous, with a multitude of genes implicated7–10. 

Rare or de novo high-impact genetic variants are typically identified in 5–20% of individuals 

with ASD, and more often in those with complex medical presentations11,12. Different 

perspectives exist in the ASD community regarding the preferred language to refer to 

individuals with ASD, or autistic people; here we use the former term, although we 

recognize other preferences13–15. Previous whole-genome sequencing (WGS) studies have 

examined the contributions of different classes of variants (Table S1A); however, they 
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typically analyzed only one or a few classes at a time and thus incompletely capture the 

genomic architecture of ASD.

This study had two objectives. The first was to introduce a substantial update to the Autism 

Speaks MSSNG resource (Figure 1). Compared to the previous release7, MSSNG now 

contains WGS data from twice as many individuals with ASD (5,100 versus 2,613) and 

total individuals (including family members; 11,312 versus 5,152), expanded genetic variant 

data, a redesigned web portal allowing the exploration of genotype and phenotype data, 

integration with the Terra cloud platform (https://terra.bio), and other enhancements (Table 

1). Our second objective was to leverage MSSNG’s WGS data to comprehensively examine 

the roles of many types of genetic variation in ASD, including common single nucleotide 

polymorphisms (SNPs), as well as rare and de novo single nucleotide variants (SNVs), short 

insertions/deletions (indels), mitochondrial DNA (mtDNA) variants, and structural variants 

(SVs, including copy number variants (CNVs), inversions, larger insertions, uniparental 

disomies (UPDs), and tandem repeat expansions (TREs)). These analyses encompass both 

coding and non-coding regions and both dominant and recessive modes of inheritance. We 

also used WGS data from 9,205 individuals from the Simons Simplex Collection (SSC)16 

for replication and 2,504 unrelated population controls from the 1000 Genomes Project 

(1000G)17, for a total of >23,000 WGS samples analyzed (Table S1B).

RESULTS

Overview of MSSNG

All individuals with ASD in MSSNG meet diagnostic criteria according to the Diagnostic 

and Statistical Manual of Mental Disorders (DSM)1, often supported by the Autism 

Diagnostic Interview-Revised (ADI-R)18,19 and/or the Autism Diagnostic Observation 

Schedule (ADOS)20,21. MSSNG aggregates data from several cohorts and studies (Table 

S1C), including the Province of Ontario Neurodevelopmental Network (POND; https://

pond-network.ca). Individuals of non-European ancestry comprise ~25% of MSSNG, 

including >2% each Admixed American, African, East Asian, and South Asian (Figure S1). 

For 3,565 of the individuals with ASD, genome sequences for both parents are available. 

MSSNG contains many multiplex (MPX) families, including 696 having two individuals 

with ASD and 88 with ≥3. MSSNG also includes 263 non-ASD siblings. Early samples 

(n=1,738) were sequenced using Complete Genomics technology22, while the rest were 

sequenced on Illumina platforms. Phenotype data based on 121 different tests are available 

(Table S1D).

MSSNG access is controlled by a Data Access Committee, and researchers can apply by 

submitting an ASD-related proposal7. As of July 2022, 342 researchers from 65 institutions 

in 20 countries have access, with many publishing their results (Table S1E). Data are stored 

on the Google Cloud Platform (GCP); large flat files (e.g., CRAM) are accessible via Cloud 

Storage buckets, while variant calls, annotations, sample metadata, and phenotype data are 

stored as BigQuery tables. The MSSNG portal (https://research.mss.ng), designed for the 

medical genomics community, allows variants to be queried based on sample, gene, or 

genomic region.
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Enhancements to MSSNG

This release of MSSNG contains numerous improvements (Table 1). Reads are now aligned 

to GRCh38, and small variants are joint-called for improved accuracy (Illumina samples 

only). Also available are polygenic risk scores (PRS) and calls for many types of SVs. The 

MSSNG portal interface has been redesigned to accommodate the additional variant types 

(e.g., CNVs; Figure S2A), and the Integrative Genomics Viewer (IGV)23-based read viewer 

displays CNV and SV calls for the entire family being examined. The new Phenotype Data 

Explorer allows users to analyze data at the level of the entire dataset, subsets (e.g., stratified 

by sex), or specific individuals (Figure S2B). Finally, MSSNG now supports accessing data 

via Terra (Figure S2C).

Exploring phenotype data can be challenging for users who lack extensive knowledge of 

the various tests, compounded by the fact that the tests (or versions thereof) may vary 

depending on when and where they were administered. To address these challenges, we 

developed several consensus phenotype measures, each encapsulating multiple data points 

into one easy-to-understand measure. For example, the Global Ability Consensus Estimate 

is calculated based on several measures related to IQ, verbal and nonverbal ability, and 

motor skills. Other consensus measures include the Adaptive Behaviour Standard Score, 

Socialization Standard Score, Full Scale IQ, and measures for common co-occurring 

conditions.

Discovery of ASD-associated genes

Previously, the Autism Sequencing Consortium (ASC) developed TADA+, an enhanced 

version of the transmission and de novo association (TADA) test24, and applied it to whole-

exome sequencing (WES) data from 6,430 trios, 5,556 cases, and 8,809 controls, identifying 

102 ASD-associated genes with false discovery rate (FDR) <0.18. To increase power, here 

we incorporated de novo variants from 12,375 additional trios from MSSNG and the Simons 

Foundation Powering Autism Research (SPARK)25,26 WES cohort (Table S2A–C). The 

number of exonic de novo variants per child were similar for ASC, MSSNG, and SPARK 

(Figure 2A). After incorporating the additional trios, we detected 134 ASD-associated genes 

with FDR <0.1 (Table S2D). Of these, 67 were identified by the previous TADA+ analysis, 

67 were new, and 35 from the previous analysis no longer met the FDR threshold (Figure 

2B, Table S2E). Many of the new genes (27/67) are not currently in the Simons Foundation 

Autism Research Initiative (SFARI) Gene database27, providing novel molecules for study 

(Figure 2C–D). For most of the new genes, the evidence constituted a mix of de novo 
protein-truncating variants (PTVs), de novo damaging missense (DMis) variants, and excess 

PTVs in cases compared with controls (Figure 2E). However, for some genes the evidence 

consisted exclusively of PTVs (e.g., MED13, TANC2, DMWD) or de novo DMis variants 

(e.g., ATP2B2, DMPK, PAPOLG), providing insight into potential molecular mechanisms 

(e.g., haploinsufficiency for PTV-biased genes and gain-of-function or dominant-negative 

mechanisms for DMis-biased genes). Most new genes had high pLI scores (Figure 2F), 

suggesting haploinsufficiency as a common mechanism. To determine the contribution of 

MSSNG, we repeated this analysis using only ASC and SPARK data, which gave 120 

ASD-associated genes (23 lost and nine gained relative to the full list) (Table S2D).
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One new gene of interest was DMPK. RNA toxicity stemming from TREs in the 3′-UTR 

of DMPK cause myotonic dystrophy type I (DM1)28, and individuals with DM1 have 

a higher incidence of ASD29,30. In addition, we recently identified DMPK as one of 

the top candidate genes for association of TREs with ASD31. Here, five de novo DMis 

variants were detected in DMPK (Table S2D), suggesting that they may represent another 

mechanism by which this gene contributes to ASD susceptibility. Another interesting ASD-

candidate gene was GABRA1, which encodes the most abundant α subunit of the GABAA 

receptor, which mediates fast inhibitory neurotransmission32. Synaptic protein dysregulation 

and other alterations in the GABAergic system, including in the GABAA receptors, have 

been implicated in ASD33,34. Further, mice treated with valproic acid, one of the few 

suspected environmental susceptibility factors for ASD35, exhibit ASD-like phenotypes and 

significantly decreased GABRA1 expression36.

Several new ASD-associated genes were located within CNV regions previously associated 

with neurodevelopmental disorders (NDDs). For example, PRKG2, HNRNPD, and 

HNRDPL are three of the five genes in the critical region for 4q21 microdeletion syndrome, 

which is associated with intellectual disability (ID) and impaired speech37,38. TSHZ1, 

although primarily associated with a non-NDD phenotype, is in the 18q deletion region, 

which is characterized by ID and ASD39. Other TADA+ genes within ASD-associated 

CNV regions included CASZ1 (1p36), TBCEL (11q23.3), PSMD11 (17q11.2), RUNX1T1 
(8q21.3), ABCE1 (4q31.21-q31.22), and PAPOLG (2p16.1-p15), potentially pinpointing 

which genes in these regions contribute to their associated NDDs.

One of the highest-confidence genes from the original TADA+ analysis to “drop out” was 

NRXN1. In ASC, NRXN1 had three de novo PTVs, one de novo DMis variant, and one 

PTV in a case (versus none in controls). However, zero de novo PTVs or DMis variants were 

found in NRXN1 in MSSNG or SPARK. This reflects the limitation that TADA+ considers 

only sequence-level variants. Previous evidence for the involvement of NRXN1 in ASD 

and other NDDs has largely been from deletions40,41. NRXN1 was also identified in our 

recent study of TREs in ASD31, underscoring the idea that all types of genetic variation 

must be considered, as is the case when using the EAGLE protocol for scoring ASD-relevant 

genes42.

Of the 134 genes, 106 were involved in gene networks. Based on gene connectivity, we 

classified the genes into eight functional modules (Figure 2G). The four largest modules 

were significantly enriched in the Gene Ontology (GO) terms synaptic signaling, chromatin 

organization, transcription co-regulator activity, and negative regulation of translation (Table 

S2F); 14/21 genes in the latter module were newly identified. Permutation tests showed that 

the connectivity of all pairs of genes in our network were greater than expected at random 

(Table S2G). To assess the specific contribution of MSSNG, we generated a network using 

the TADA+ genes derived from only ASC and SPARK. The resulting network was similar, 

except that the negative regulation of transcription module was no longer significant (Table 

S2F).

Detecting new ASD-associated genes may facilitate the identification of links with other 

disorders. While the overlap between ASD and attention deficit/hyperactivity disorder 
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(ADHD), obsessive-compulsive disorder (OCD), and ID are well-established43,44, links 

between ASD and other disorders are less clear. Interestingly, several new ASD-associated 

genes have tentative links with neurodegenerative disorders, such as Alzheimer’s disease, 

including NR4A2, ATP2B2, EIF4E, EBF3, MARK2, EPOR, G3BP1, PLXNB1, APBB1, 

and ANP32A. ASD and neurodegenerative diseases have common clinical features, 

including language, executive function, and motor impairments45, and share some molecular 

pathomechanisms (e.g., synaptic deregulation).

Recessive events

To identify potential recessive events, we searched for homozygous and compound 

heterozygous (CH) PTVs and DMis variants. Only biallelic events with PTVs on both alleles 

(PTV-PTV events) were enriched in ASD (see subsequent section “Genomic architecture 

of rare coding variants in ASD”), so we focused on PTV-PTV events. A total of 198 

genes harbored ≥ 1 PTV-PTV event and 33 had them in ≥ 2 unrelated individuals with 

ASD. In six multiplex families from MSSNG, two siblings with ASD shared the same 

PTV-PTV event (2 homozygous and 4 CH) in 6 distinct genes (CASP5, DNAH14, DCHS2, 

C1orf229, DZANK1, and SMTNL1). Interestingly, PTV-PTV events in DNAH14 were 

found in another six individuals with ASD. DNAH14 encodes axonemal dyneins, which are 

microtubule-associated motor protein complexes, and a recent study reported three unrelated 

individuals with NDDs having CH events in DNAH1446. Ten genes with PTV-PTV events 

overlapped genes from the curated Genomics England neurology and neurodevelopmental 

disorders panel classified as having biallelic modes of inheritance (ABCC6, BCAS3, 

CCDC40, DEAF1, GPR179, MMACHC, OBSCN, PRSS12, SORD, and TELO2). DEAF1 
was also identified in the TADA+ analysis, suggesting that it may confer ASD susceptibility 

in a dose-dependent manner.

Structural variation

We used two pipelines to detect SVs: a read depth-based workflow47, which detects 

CNVs ≥1 kb, and another employing split read and paired-end mapping-based algorithms, 

which detects deletions, duplications, insertions, and inversions ≥50 bp. We identified rare 

SVs falling into five categories: chromosomal abnormalities, genomic disorders, large or 

gene-rich CNVs not overlapping known genomic disorder regions, UPDs, and smaller 

SVs disrupting ASD/NDD genes (including the 134 TADA+ genes). Pathogenic SVs were 

detected in 6% of individuals with ASD. Most (96%) were deletions or duplications ≥1 kb; 

we found comparatively few pathogenic deletions or duplications <1 kb, large insertions, 

and inversions.

The WGS data also allowed deeper investigation of inversions and large insertions, and 

here we highlight two examples of such pathogenic variants. The first is a 71 bp de novo 
frameshift insertion in SYNGAP1 comprised of 65 bp of mtDNA from MT-CO3 and a 

6 bp microduplication (Figure 3A–C). The insertion affects all known splice variants of 

SYNGAP1 and to our knowledge is the first pathogenic mtDNA insertion reported in ASD. 

The second is a 13,472 bp inversion of unknown inheritance (parental samples unavailable) 

affecting SCN2A (Figure 3D–E).
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Isodisomic UPD (isoUPD) results in homozygosity spanning some (partial) or all (complete) 

of a chromosome, potentially unmasking recessive variants. We identified two partial 

and three complete isoUPDs in individuals with ASD, with none in non-ASD siblings. 

None were within known imprinted domains. We lack platform-matched data to determine 

if this UPD rate is higher than in the general population; however, an increase was 

observed compared to a population study of 23andMe data48 (ASD: 5/15,038 child-parent 

duos [0.033%]; population: 129/916,712 duos [0.014%]; Fisher’s Exact Test: odds ratio 

(OR)=2.4, p=0.07). No heterodisomies were detected.

To demonstrate how WGS can aid interpretation of copy number gains, we resolved 

breakpoint junctions of duplications impacting ASD candidate genes in a subset of 

individuals with ASD in MSSNG. This process is largely manual, so we selected a subset of 

duplications and showed how their impact on gene structure and function can be evaluated 

by visualizing reads in IGV (STAR Methods). By fine-mapping the breakpoints of 375 

duplications identified by read depth-based algorithms in 332 individuals, we identified 248 

unique duplications ranging from 4.3 kb to 6.5 Mb (Table S3A). Most events remained 

at or near their locus of origin, including tandem duplications (192/248), likely non-allelic 

homologous recombination (NAHR)-mediated events (6/248), and complex duplications 

involving sequence transposition <100 kb from their locus of origin or inverted triplications 

without sequence transposition (14/248). Some complex duplications involved large-scale 

(>100 kb) transpositions (14/248) or interchromosomal transpositions (2/248), and 20/258 

remained unresolved. Several duplications of uncertain clinical significance increased 

dosage of NDD genes, including de novo tandem events at USP7 (OMIM: 602519) and 

MEF2C (OMIM: 600662).

Mitochondrial variation

We evaluated pathogenic variants, haplogroups, and heteroplasmy (variants present in only 

some copies of an individual’s mtDNA genome) to study their association with ASD (STAR 

Methods). We identified 23 instances of known pathogenic variants with >5% heteroplasmy 

in individuals with ASD (Table S4A). Of these, 17 were de novo, defined as when maternal 

heteroplasmy was undetectable or <5%. The highest de novo heteroplasmy value was a 

47% load of the m.13513G>A variant associated with Leigh Disease. The frequency of 

newly observed pathogenic heteroplasmies >5% in individuals with ASD (17/6,044) was 

significantly greater than the frequency of pathogenic heteroplasmies in mothers only 

(0/5,320) or fathers only (4/5,295) (χ2 test: p=6 × 10−5). Two pathogenic heteroplasmies 

were identified in individuals without maternal sequencing data, so inheritance status could 

not be determined. We also identified four families for which a pathogenic variant was 

present at >5% heteroplasmy in both a mother and her child with ASD. In one, the child 

had a 49% load of the m.3243A>G variant associated with mitochondrial encephalopathy, 

lactic acidosis and stroke-like episodes (MELAS) (maternal load: 12%). Both mother and 

child had clinical symptoms consistent with MELAS. The average intergenerational change 

in heteroplasmy for pathogenic variants was an 11% shift toward the pathogenic allele in 

children with ASD. We also evaluated mtDNA variants causing homoplasmic disorders 

generally affecting vision and hearing only but found no association with ASD (Table S4B).

Trost et al. Page 7

Cell. Author manuscript; available in PMC 2023 December 18.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



Certain macrohaplogroups have previously been associated with ASD susceptibility49. 

However, we observed no significant difference in haplogroup distribution when comparing 

individuals with ASD with their fathers (n=4,821 duos) (Table S4C).

Finally, we evaluated the inheritance of heteroplasmy at all mtDNA positions. A prior study 

suggested increased transmission of heteroplasmy to children with ASD50. However, we 

found no significant difference between the shifts from mother to children with ASD and the 

shifts from mother to non-ASD siblings in either MSSNG or SSC (Figure S3).

Genomic architecture of rare coding variants in ASD

We integrated the data above to give both high-level and detailed views of the genomic 

architecture of rare coding variants in ASD. We begin at a high level by comparing the 

burden of different variant types in individuals with ASD from either MSSNG or SSC with 

non-ASD siblings from SSC. De novo PTVs in constrained genes (gnomAD loss-of-function 

observed/expected upper bound fraction (LOEUF) <0.35) were significantly enriched in 

individuals with ASD, as were de novo DMis variants (Figure 4A). We observed no 

significant enrichment in inherited PTVs in constrained genes, but they were enriched in 

the 134 TADA+ genes for individuals with ASD in MSSNG, suggesting that PTVs in 

some TADA+ genes may have incomplete penetrance. No enrichment of inherited DMis 

variants was observed. Consistent with previous findings51, PTV-PTV biallelic events were 

significantly enriched in individuals with ASD, although we did not observe enrichment for 

events involving DMis variants (Figure 4A). Significant enrichment in ASD was observed 

for nearly all categories of SVs (Table S5A), including TREs31.

Next, we performed burden comparisons in MPX families (where inherited variation may 

have a larger role) versus simplex (SPX) (de novo variation). As expected, de novo PTVs 

in constrained genes were significantly depleted in MPX families (Table S5A). However, 

much of this signal came from siblings with ASD in MPX families rather than probands 

(the first child in the family to be diagnosed with ASD) (Figure 4B–C). This may reflect 

an ascertainment bias in which families having one child with ASD are more likely to 

have subsequent children evaluated and diagnosed52. We also observed a non-significant 

depletion of recessive events in MPX families. In some MPX families, individuals with ASD 

shared an ASD-associated rare variant, and in others, they had different variants (Figure S4), 

consistent with our previous findings53.

Overall, ASD-associated rare variants were detected in ~14% of individuals with ASD, with 

the yield similar in MSSNG and SSC (Figure 4B). The largest contributor was dominant 

(where only one copy of the gene must be affected) sequence-level variants (51%). We 

observed no significant difference between ancestry groups in the overall prevalence of 

ASD-associated rare variants (Table S5B). Testing whether any class of rare variant differed 

in prevalence among groups, we detected an enrichment of TREs in individuals of African 

descent (OR=5.0, FDR=0.0004) (Table S5C).

To examine genotype-phenotype associations, we compared the distributions of four 

consensus phenotype measures—Adaptive Behavior Standard Score, Full Scale IQ, Global 

Ability Consensus Estimate, and Socialization Standard Score—in individuals with ASD 
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from MSSNG having each type of ASD-associated rare variant versus those with no 

such variant. Nearly all categories of ASD-associated rare variants were associated with 

lower scores for all four measures (Figure 4C), although an important caveat is that the 

four measures are correlated (Table S5D). Using logistic regression, dominant SNVs/indels 

were significantly associated with lower scores across all four measures, and TREs for all 

measures except the Global Ability Consensus Estimate. Some variant types, such as large 

or gene-rich CNVs, were consistently associated with lower scores but were not significant, 

possibly due to lack of power.

To give a detailed view of genomic architecture, we enumerated the genes and regions 

impacted (Figure 5 and Table S5E–M). Of the genes in the TADA+ list or that were ranked 

definitive by EAGLE curation42, those most frequently affected by dominant PTVs (de novo 
and inherited) and DMis variants (de novo only) in individuals with ASD included PTEN, 

KDM5B, MIB1, and CHD8. In addition to trisomy 21 and sex chromosome aneuploidies, 

several other chromosomal abnormalities were observed, including multiple translocations. 

The most frequently detected genomic disorders included CNVs at 16p11.2, 1q21.1, 15q11-

q13, and 22q11.21. A variety of large or gene-rich CNVs not overlapping canonical genomic 

disorder regions were identified, including two each at 8p23.3-p23.1, 5p15.31-p15.2, and 

2q23.3-q24.1. ASD-associated genes most affected by SVs included NRXN1, PTCHD1-AS, 

and AUTS2. Top genes for TREs were described previously31 and are recapitulated in 

Figure 5. Finally, the mtDNA genes most frequently affected by pathogenic variants were 

MT-TL1 (MELAS) and MT-ND6 (Leigh Disease).

Non-coding variants

We annotated rare sequence-level variants according to their impact on enhancers, 

promoters, topologically associating domains (TADs), and other regulatory elements (STAR 

Methods). We first performed transmission bias tests to compare the number of transmitted 

versus non-transmitted singleton variants (private to a particular family) impacting each 

non-coding element. The underlying hypothesis is that variants affecting elements related 

to ASD susceptibility will be over-transmitted from parents to individuals with ASD. After 

correcting for multiple testing, little enrichment was observed; however, in MSSNG, variants 

predicted to damage promoters were over-transmitted to individuals with ASD (Figure S5). 

In SSC, no over-transmission was observed in individuals with ASD or in non-ASD siblings. 

Similar results were obtained with variants having frequency <0.1% (Table S6A).

We also performed burden tests, in which the number of variants in a non-coding element 

were compared between individuals with ASD and non-ASD siblings. After correcting for 

multiple tests, no annotation classes were significantly enriched in ASD for rare, singleton, 

or de novo variants (Table S6B).

Polygenic risk scores

Much of our knowledge of ASD genetics is from studies of rare-inherited and de 
novo gene-disrupting variants. However, common variation also contributes to ASD 

heritability54,55. Here, we used summary statistics from a recent ASD genome-wide 

association study (GWAS)56 to calculate PRS in MSSNG, SSC, and 1000G. To assess 
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technical reproducibility, we compared PRS in 10 monozygotic twin pairs from MSSNG. 

Relative to the overall PRS range, all between-twin differences were small (Figure 6A). 

PRS distributions were similar in MSSNG, SSC, and 1000G (Figure 6B). Using individuals 

with ASD from MSSNG and SSC as cases and 1000G as controls, higher PRS was weakly 

associated with ASD susceptibility (OR=1.03, p=2.5 × 10−3; Nagelkerke’s R2=0.0039). 

Adjusting for sex, individuals with ASD in both MSSNG and SSC had higher mean PRS 

than non-ASD siblings in SSC (Figure 6C). No significant difference in PRS was observed 

between individuals with ASD in MSSNG versus SSC. Next, we performed a polygenic 

transmission disequilibrium test (pTDT), finding that PRS was significantly over-transmitted 

in individuals with ASD in both SSC (consistent with previous results57) and MSSNG, 

but not in non-ASD siblings (Figure 6D). Stratifying by sex, PRS was significantly over-

transmitted in males with ASD in both MSSNG and SSC as well as females in SSC (Figure 

S6B).

As similar trends were observed in MSSNG and SSC, we combined them to explore the 

extremes of the PRS distribution. We partitioned the children with ASD and individuals 

without ASD into PRS deciles and then computed ORs relative to the lowest decile. This 

was done using two control sets: non-ASD siblings from MSSNG and SSC (n=666 total 

individuals per decile) and individuals from 1000G (n=551 total individuals per decile). The 

ORs for the highest PRS decile were 1.32 and 1.53, respectively, relative to the lowest decile 

(Figure 6E).

MSSNG contains several large MPX families, affording the unique opportunity to explore 

PRS at the family level. We highlight two families, one with five children with ASD 

(FAM_1-0627-007) and the other with four (FAM_AU3889305) (Figure 6F). Other than 

one child in FAM_1-0627-007 with a 1.9 Mb de novo deletion at 16q23.3-q24.1, no ASD-

associated rare variants were detected in the children. In both families, the children have a 

wide range of PRS (FAM_1-0627-007: −1.7 to 9.3; FAM_AU3889305: 1.3 to 7.7). Scores 

of 7.7 and 9.3 are in the 93rd and 96th percentiles, respectively, so if these children had been 

the only ones in their respective families, it may have been tempting to attribute their ASD 

to high polygenic risk. Given the additional context afforded by the lower PRS in the other 

children with ASD from these families, along with the non-ASD mother having the highest 

PRS in FAM_1-0627-007, there does not appear to be a basis for associating the ASD in 

these families solely with polygenic risk.

We leveraged the family structures in MSSNG and SSC to explore additional trends related 

to polygenic risk. In SSC sibling pairs (one with ASD and one without) whose PRS scores 

differed by more than one standard deviation, the sibling with ASD had the higher score 

58% of the time (binomial test: p=6.8 × 10−4), and similarly for two standard deviations 

(65%; p=0.01). We detected no significant difference in mean PRS in individuals with 

ASD from MPX families compared with SPX families (Figure S6C), suggesting that ASD 

in MPX families may be more attributable to rare, high-impact variants. No significant 

difference was observed between PRS in mothers of children with ASD versus fathers 

(Figure S6D). We hypothesized that individuals in 1000G may have a lower mean PRS than 

parents in MSSNG and SSC, but no significant difference was observed (Figure S6E). No 

Trost et al. Page 10

Cell. Author manuscript; available in PMC 2023 December 18.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



significant association was detected between PRS and our consensus phenotype measures 

(Figure 6G).

ASD open science using Terra

Online data repositories have many advantages, including data persistence, format 

standardization, searchability, security, and version control. However, they are poorly suited 

to large files (e.g., CRAM) due to the time and expense required to download and store local 

copies of the data. Online code deposition also presents problems58, as the code often fails 

to reproduce the published results or cannot be executed at all59. With data storage, compute 

capabilities, and code in one place, cloud computing eliminates the need for each research 

group to store its own copy of the data and removes the disconnect between data and code60. 

However, using and sharing cloud-based data can be technically challenging.

Terra (https://terra.bio) is a platform for researchers to collaboratively use cloud-based data. 

Its fundamental unit of organization is the “workspace”, each of which can contain multiple 

notebooks (code interleaved with its output) and workflows (chains of programs linked 

together, typically for computationally intensive operations). As MSSNG data are already 

stored in GCP, Terra is a natural fit for exploring cloud-based ASD research. To illustrate its 

use, we created two Terra workspaces. The first includes eight notebooks written in Python 

or R that help researchers get started accessing MSSNG data via Terra. It also contains two 

workflows that illustrate how to run ExpansionHunter61 and ExpansionHunter Denovo62. 

The second contains two notebooks that generate figures associated with our non-coding 

and PRS analyses. Researchers can inspect the underlying data, run code on those data 

themselves, and modify or extend the code by cloning the workspace. All notebooks and 

workflows are described in more detail in Table S1F.

DISCUSSION

For the latest release of MSSNG, we generated a rich resource of genetic data, including 

sequence-level, structural, and mitochondrial variants, tandem repeats, and polygenic risk 

scores. To meet the needs of researchers with different hypotheses or expertise, this 

information is accessible via several interfaces. The MSSNG portal is suitable for users 

without programming experience or who are interested in variants from a few genes or 

regions. The Terra integration is aimed at users with more complex research questions. 

Finally, advanced users can access MSSNG via BigQuery tables or flat files in GCP.

Importantly, MSSNG’s governance places its participants at the forefront of all decision-

making. Clinicians who enrol families are heavily involved in the research study, and 

input is regularly sought from a Participant Advisory Committee. Annual meetings are 

held with hundreds of participating families discussing new developments, consents are 

regularly updated with participant input, and the most appropriate methods for interpreting 

and communicating genomic findings are contemplated by multidisciplinary teams42,63,64. 

Research findings that meet standard clinical reporting criteria are returned to families 

accompanied by genetic counselling.
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Our analysis of MSSNG yielded numerous findings that strengthen (or challenge) previous 

results or provide new insight into ASD genomic architecture. We identified 134 ASD-

associated genes, as well as numerous ASD-associated variants that would have been 

difficult to detect without WGS. We found evidence challenging previous claims that certain 

mitochondrial haplogroups are associated with ASD and that heteroplasmy transmission is 

increased in children with ASD. No significant difference in the yield of ASD-associated 

rare variants among ancestry groups was observed. ASD-associated rare variation was 

related to lower scores in our consensus phenotype measures. We found that rare, dominant 

variation may play a greater role in MPX ASD, given the trend toward the depletion of 

rare, damaging recessive events and lack of enrichment for polygenic risk in these families. 

Finally, we report a comprehensive description of the contribution of different variant types 

to the genomic architecture of ASD, laying the groundwork for future studies into the ~85% 

of families who remain genetically unresolved (recognizing genetics may not be the only 

contributor).

One advantage of WGS compared with WES is the ability to explore non-coding variation. 

However, our analysis revealed limited enrichment of rare variants impacting non-coding 

elements in individuals with ASD (Figure S5), which is consistent with previous findings65. 

In contrast to previous results66, we observed no enrichment in de novo variants impacting 

promoter regions in SSC. Such observations highlight the challenges inherent in detecting 

robust and reproducible non-coding signals in a disorder as genetically heterogeneous as 

ASD, as different trends can be observed depending on the methodology used. They also 

highlight the need for even more ASD WGS data.

It has been suggested that PRS has, or will have, clinical or predictive utility for many 

different conditions67,68. However, our PRS analysis (in particular, the low OR and R2, 

the small difference in mean PRS between individuals with and without ASD, and the 

modest enrichment of individuals with ASD in the highest PRS deciles) suggests that 

ASD PRS should be interpreted with caution and currently may not be informative 

at the level of individuals or families. Despite its current limitations, ASD PRS may 

eventually add to a more complete understanding of the mix of rare and common variant 

contributions to ASD69,70. For instance, larger ASD GWASs, along with comparisons 

involving larger control cohorts such as the UK BioBank, may increase the proportion of 

variance explained. Further, PRS will likely become an important part of frameworks that 

model the multifactorial nature of ASD, such as liability threshold models55.

This paper provides a significant new resource and analysis roadmap for ASD studies as 

genome sequencing begins to take its place in precision medicine applications71. With 

increasing emphasis being placed on genotype-phenotype correlations, individual-level 

understanding will be key to making earlier diagnoses, which may improve outcomes 

by allowing earlier treatment72. The molecular targets arising from this study may also 

eventually inform pharmacological interventions73,74.

Limitations of the Study

By examining many types of genetic variants, we detected rare ASD-associated variants in 

~14% of individuals with ASD. However, our study did not examine all possible genetic 
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factors. We did not investigate somatic variants or epigenetic contributors, although these 

have been investigated in smaller studies75–78. We did not investigate recessive events other 

than those involving two sequence-level variants, such as a large deletion on one allele and 

a damaging sequence-level variant on the other. Finally, we were unable to identify genetic 

variants in complex regions of the genome that may only be accessible with long-read 

sequencing.

STAR METHODS

RESOURCE AVAILABILITY

Lead contact—Further information and requests for resources and reagents should 

be directed to and will be fulfilled by the lead contact, Stephen Scherer 

(stephen.scherer@sickkids.ca).

Materials availability—This study did not generate new unique reagents.

Data and code availability

• Access to MSSNG and SFARI data can be obtained by completing data 

access agreements at https://research.mss.ng and https://www.sfari.org/resource/

sfari-base, respectively. The 1000 Genomes Project WGS data are publicly 

available via Amazon Web Services (https://docs.opendata.aws/1000genomes/

readme.html).

• All original code has been deposited at Zenodo and is publicly available as of the 

date of publication. The DOI is listed in the key resources table.

• Any additional information required to reanalyze the data reported in this paper 

is available from the lead contact upon request.

EXPERIMENTAL MODEL AND SUBJECT DETAILS

Cohorts comprising MSSNG—MSSNG contains data from several cohorts and studies 

(Table S1C). These include the ASD: Genomes to Outcomes Study, Autism Genetic 

Resource Exchange (AGRE), Autism Phenome Project, The Autism Simplex Collection 

(TASC), Autism Treatment Network, Baby Siblings Research Consortium, Infant Sibling 

Study, iTARGET, Pathways in ASD, the Province of Ontario Neurodevelopmental Network 

(POND), and Relating genes to Adolescent and Child mental Health (REACH). A 

breakdown of the samples corresponding to each study is given in Table S1C. The sex of 

each individual in MSSNG is given in Table S1B. The sample size of MSSNG (total number 

of individuals, including individuals with and without ASD) is 11,312, and the number of 

individuals with ASD is 5,100. Individuals meeting DSM diagnostic criteria for ASD were 

assigned to the ASD group, while individuals not meeting diagnostic criteria were assigned 

to the non-ASD group.

Ethics approval—Informed consent was obtained from all MSSNG participants. Approval 

for use of the AGRE data was obtained from WCG IRB (https://www.wcgirb.com). 

Approval for other cohorts was obtained from the Research Ethics or Institutional Review 
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Board of each recruiting site, including Montreal Children’s Hospital-McGill University 

Health Centre, McMaster University-Hamilton Integrated, Memorial University-Eastern 

Health, Holland Bloorview Kids Rehabilitation Hospital, Queen’s University, University 

of Alberta, University of British Columbia, IWK Health Centre, University of California 

Davis, University of California San Diego, University of Miami, and The Hospital for Sick 

Children.

METHOD DETAILS

Whole-genome sequencing of new MSSNG samples—Samples added to MSSNG 

since the previous release7 were sequenced on Illumina platforms. DNA was extracted 

from whole blood, lymphoblastoid cell lines, or (for a small number of samples) saliva. 

DNA quality was assessed using gel electrophoresis. Sample purity was assessed using the 

Nanodrop OD260/280 ratio, and DNA was quantitated using the Qubit High Sensitivity 

Assay. DNA libraries were prepared using the TruSeq Nano DNA Library Preparation Kit 

(Illumina), the same kit except omitting the PCR step, or the NxSeq® AmpFREE Low DNA 

Fragment Library Kit (Lucigen) following the manufacturers’ instructions. Sequencing was 

performed on either the HiSeq 2000, HiSeq 2500, or HiSeq X platforms.

Detection of sequence-level variants in MSSNG—Alignment of reads against the 

GRCh38 reference sequence was performed using a pipeline conforming to the Centers 

for Common Disease Genomics (CCDG) functional equivalence standard79. Sentieon 

v201808.0180, which includes an optimized implementation of BWA81, was used to perform 

alignment, base quality score recalibration, and marking of duplicate reads, producing 

alignment files in CRAM format. The Sentieon implementation of the Genome Analysis 

Toolkit (GATK)82 was used to generate genomic VCF (gVCF) files for each sample. The 

gVCF files were combined to produce joint-genotyped VCF files (one per chromosome) 

containing variant calls from all samples. The gVCF files were divided into shards of 

~50 Mb each to facilitate parallelization of the joint genotyping step. Variant metrics 

were generated using the CollectVariantCallingMetrics function of Picard. Workflows for 

read alignment and small variant detection are available as workflow description language 

(WDL) files on Dockstore (https://dockstore.org/search?organization=DNAstack).

Replication and population control datasets—The Simons Simplex Collection 

(SSC)16, which includes WGS data from individuals with ASD and their family 

members, was used as a replication dataset. Alignment files and small variant calls 

for 9,205 SSC samples were downloaded from SFARI Base (https://base.sfari.org). 

Samples from the 1000 Genomes Project (1000G)17 were used as population control 

data. Alignment files for high-coverage sequencing data from 2,504 unrelated 1000G 

samples83 were downloaded from Amazon Web Services, and small variant calls were 

downloaded from the European Bioinformatics Institute (http://ftp.1000genomes.ebi.ac.uk/

vol1/ftp/data_collections/1000G_2504_high_coverage/working/20190425_NYGC_GATK). 

Variant detection and analysis of the SSC and 1000G data were performed using identical 

or near-identical pipelines as for MSSNG, allowing for true comparability across datasets. 

Specifically, the read alignment and small variant detection pipelines used to generate the 

downloaded data above were nearly identical to those used for MSSNG, as they used 

Trost et al. Page 14

Cell. Author manuscript; available in PMC 2023 December 18.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript

https://dockstore.org/search?organization=DNAstack
https://base.sfari.org/
http://ftp.1000genomes.ebi.ac.uk/vol1/ftp/data_collections/1000G_2504_high_coverage/working/20190425_NYGC_GATK
http://ftp.1000genomes.ebi.ac.uk/vol1/ftp/data_collections/1000G_2504_high_coverage/working/20190425_NYGC_GATK


BWA and GATK (version 3.5-0-g36282e) according to the CCDG functional equivalence 

standard. All other analyses of SSC and 1000G data (CNV detection, SV detection, mtDNA 

variant detection, PRS calculations, and variant annotations) were performed by our group 

using the same pipelines as used for MSSNG.

Experimental design—MSSNG was used as the discovery dataset and SSC as the 

replication dataset. Sample randomization and stratification, blinding, and sample-size 

estimation were not applicable in this study. All families having at least one child with 

ASD can be included in MSSNG; there are no exclusion criteria.

Small variant annotation, filtering, and de novo detection—Small variants were 

annotated using a custom ANNOVAR-based pipeline84 using the parameters --neargene 1 

--splicing_threshold 2 --dbtype refseq --buildver hg38. The database versions or download 

dates of the various annotation resources used are given in Table S7A.

To be labeled as high quality, calls were required to have FILTER=“PASS” and depth (DP) 

>=10. Other criteria based on the genotype quality (GQ) and allelic fraction (AF) also had to 

be satisfied depending on the variant type. For heterozygous SNVs, also required were GQ ≥ 

99 and 0.3 ≥ AF > 0.8. For heterozygous indels, also required were GQ ≥90 and 0.3 ≥ AF > 

0.8. For homozygous SNPs and indels, also required were GQ ≥25 and AF ≥0.8.

De novo variants were detected using DeNovoGear v1.1.1-313-geac367485. The Sentieon/

GATK VCF file for each family was used as input to DeNovoGear. Autosomes and 

chromosome X in male and female children were called using separate models. Variants 

that failed Sentieon/GATK FILTER, had a non-reference parental genotype, or had filtering 

allele frequency (faf95) >1% in GnomAD (exomes v2.1.1 and genomes v3.0) or frequency 

>1% in parents were removed. Poorly sequenced sited (<95% of parent samples genotyped) 

were also excluded. Putative de novo SNVs were defined as those with pp_DNM >0.95 and 

GQ 99. Putative de novo indels were defined as those with GQ >90 for autosomes and X 

chromosome in females. To reduce the number of false positive de novo indels, we removed 

those with <30% of reads supporting the indel call in the child or >10% of reads supporting 

the alternative allele in a parent. For chromosome X in males, only the read support for the 

alternative allele in the mother was considered for filtering indels.

Comparison of variant counts—To assess the comparability of the sequence-level 

variants detected in the WGS samples used in this study, we stratified the samples into 

categories based on dataset (MSSNG, SSC, or 1000G), sequencing platform (Complete 

Genomics or Illumina HiSeq 2000/2500/X), and DNA library preparation method (PCR-

based or PCR-free) and then examined the distributions of SNV and indel counts for 

various classes of variants (all, rare, rare exonic, rare DMis, rare PTVs, or de novo). Only 

high-quality variants (as defined in Methods) were included. All categories had similar 

distributions, except that Complete Genomics samples differed from the others in terms of 

indel counts, in particular with fewer indels overall but more de novo indels (Figure S7).

Ancestry determination—We extracted the genotypes for 57,984 positions from 

a previously published list (https://www.tcag.ca/tools/1000genomes.html) and retained 
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~43,000 positions for ADMIXTURE analysis86 after removing variants with missing calls 

(genotyping rate <99%) in MSSNG, SSC, and 1000G. We refined population clusters by 

applying K-means clustering with K=7. Ancestry labels of 1000G samples were reassigned 

based on the population majority in the refined clusters. We then trained a random 

forest classifier using the 1000G samples with the reassigned labels. Ancestry labels in 

MSSNG and SSC were assigned using separate random forest classifiers. The ancestry 

assignment for the MSSNG samples was a consensus of the ADMIXTURE analysis and 

Google’s genomic ancestry inference using deep learning (https://cloud.google.com/blog/

products/gcp/genomic-ancestry-inference-with-deep-learning). Self-reported ancestry was 

used in cases where ADMIXTURE and the deep learning method were discrepant; if no 

self-reported ancestry was available, the individual was tagged as OTH (other).

Except for those involving PRS, all analyses in this paper used individuals from all 

ancestry groups, with population principal components being used to adjust for potential 

ancestry-related confounding effects where applicable. PRS analyses were performed only 

in individuals of European ancestry, because that is the population in which the original 

GWAS was performed (see the “Calculation of polygenic risk scores” section for more 

details).

Identification of damaging biallelic events—We identified damaging homozygous 

variants and compound heterozygous events in autosomes and classified each into one of 

two categories: PTV-PTV (PTVs on both alleles) or DMis- (DMis/PTV) (a DMis variant on 

one allele and either a PTV or a DMis variant on the other allele). Homozygous variants 

were identified in all individuals, while compound heterozygous events were identified only 

in individuals having both parents sequenced so that phase could be determined. Only 

variants with frequency <1% and that were high quality as defined previously were used. 

DMis variants were defined as those with MPC scores >= 2, equivalent to MisB in the 

TADA+ analysis.

When evaluating the burden of damaging biallelic events, only individuals with both 

parents sequenced were considered. Potential ASD-associated damaging biallelic events 

were defined as those that (1) met the criteria described above; (2) were in a category (PTV-

PTV or DMis- (DMis/PTV)) found to be enriched in individuals with ASD in our burden 

analysis; (3) were in genes in the Genomics England neurology and neurodevelopmental 

disorders panel labeled as having biallelic models of inheritance (n=3,149). In testing genes 

enriched in recessive events, we did not specifically test the subset of genes with low 

LOEUF scores, as this does not apply to recessive inheritance87.

Detection of copy number variants—For Illumina data, CNVs >=1 kb were detected 

using a pipeline47 involving the algorithms ERDS88 and CNVnator89. CNV frequencies 

were calculated separately for three groups of samples—MSSNG parents sequenced by 

HiSeq X, MSSNG parents sequenced by HiSeq 2000/2500, and 1000 Genomes Project 

individuals. To avoid reliance on an external ASD cohort, we did not compute SSC parent 

frequencies. Samples with anomalous CNV counts (more than three standard deviations 

higher than the mean) were not included in frequency calculations. A threshold of 50% 

reciprocal overlap was used when calculating CNV frequencies. That is, if sample A 
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contained a CNV having at least 50% reciprocal overlap with some CNV B in the sample 

being annotated, then sample A was considered to have CNV B for frequency purposes.

Rare CNVs were defined as those with less than 1% frequency according to both ERDS 

and CNVnator in each of the three groups, as well as in MSSNG parents sequenced by 

Complete Genomics. High-quality CNVs were defined as those that were detected by both 

ERDS and CNVnator with at least 50% reciprocal overlap and for which less than 70% of 

the CNV overlapped assembly gaps, centromeres, and segmental duplications. “High-quality 

rare” (HQR) CNVs were defined as those that were both high-quality and rare. HQR 

CNVs were used for subsequent analysis. De novo CNVs were defined as HQR CNVs 

that were not detected by either ERDS or CNVnator in either parent. Further sample-level 

quality control was performed after identifying HQR and de novo CNVs. Samples with 

HQR counts more than three standard deviations higher than the mean were tagged as 

outliers. Due to the smaller number of individuals of non-European ancestry, this was 

done in European individuals only. The de novo CNV counts appeared to have a Poisson 

distribution, so we applied the Anscombe transformation to normalize the distribution. 

Samples with transformed counts more than three standard deviations higher than the mean 

(in any ancestry group) were tagged as outliers.

For Complete Genomics data, CNVs were detected using a proprietary pipeline provided by 

the company. Frequencies were calculated and rare CNVs were identified in the same way 

as for Illumina samples. All Complete Genomics CNVs were considered high-quality for the 

purposes of identifying HQR CNVs. Subsequent sample-level quality control was performed 

using the same method as for Illumina samples.

Detection of structural variants—Unlike for CNVs, we did not have an existing 

workflow for the detection of SVs from Illumina sequencing data. Thus, we developed 

a workflow specifically for this study by identifying promising candidate algorithms, 

evaluating the concordance and accuracy of those algorithms, selecting the most accurate 

combination of algorithms, and then determining effective filtering criteria to attain high 

sensitivity and specificity.

Dozens of algorithms for detecting SVs from short-read WGS data have been developed90. 

We chose an initial set of algorithms for further evaluation based on the following criteria: 

all algorithms were required to predict most types of SVs (deletions, duplications, insertions, 

and inversions) and to have high accuracy based on a previous evaluation90; at least 

some had to be under active development; and collectively use a variety of detection 

strategies (e.g., split reads, anomalous paired-end mapping, local assembly). The algorithms 

selected for further evaluation were DELLY91, GRIDSS92, LUMPY93, Manta94, SoftSV95, 

SvABA96, and Wham97 (Table S7B).

We evaluated the accuracy of each algorithm using two methods. The first involved running 

the algorithms on WGS data from the HuRef98, NA1287817, and HG00299 genomes, and 

then comparing the SVs detected by each caller to SV benchmarks detected by orthogonal 

technologies (i.e., other than Illumina short-read sequencing). The HuRef benchmark was 

the same as used previously47, but adding PBSV (https://github.com/PacificBiosciences/
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pbsv) and Sniffles100 calls from in-house 100x Pacific Biosciences long-read data. The 

NA12878 and HG002 benchmarks were derived from previous studies90,99. The second 

method involved performing CRAM confirmation47 on randomly selected calls from each 

algorithm in order to more fully evaluate specificity. Based on our evaluation, we found that 

Manta had the best combination of sensitivity and specificity. Although it made more false 

positives than Manta, we found that DELLY calls that overlapped with Manta calls were 

useful for giving added confidence to the Manta calls and were also useful for detecting 

inversions. Thus, we selected Manta and DELLY as the basis of our SV-detection workflow.

After algorithm selection, we determined whether the number of anomalously mapped 

paired-end reads and split reads supporting a given variant call could be used as filters to 

distinguish true calls from false ones. We found that neither variable was useful for this 

purpose. Next, for each variant type, we evaluated the sensitivity and specificity of various 

caller and stringency combinations (Manta PASS, DELLY PASS, Manta any, or DELLY 

any), and developed criteria that optimized sensitivity while maintaining good specificity 

(Table S7C).

Prior to calculating SV frequencies, we computed the number of SVs detected for each 

sample in 15 categories based on a combination of SV type (five categories: deletion, 

duplication, insertion, inversion, or overlapping deletion/duplication) and algorithm (three 

categories: detected by DELLY only, by Manta only, or by both DELLY and Manta). 

To reduce the impact of false positives, samples for which the call count was more than 

three standard deviations higher than the mean in two or more categories were excluded 

from the frequency calculations. As with CNVs, frequencies were calculated separately for 

MSSNG HiSeq X parents, MSSNG HiSeq 2000/2500 parents, and 1000 Genomes Project 

individuals. Frequencies were calculated separately for DELLY and Manta. A threshold 

of 90% reciprocal overlap was used when calculating SV frequencies. Rare CNVs were 

defined as those with less than 1% frequency in each of the three groups according to both 

Manta and DELLY, as well as in Complete Genomics MSSNG parents. SVs were defined 

as high-quality when they satisfied the filtering criteria derived as described above. HQR 

SVs were defined as for CNVs. For further quality control (QC) tagging, HQR and de novo 
counts were subjected to the Anscombe transformation, and samples were tagged as failing 

QC if they were an outlier for at least one of the five variant types (SVs detected by DELLY 

alone, Manta alone, or both Manta and DELLY were aggregated for each SV type prior to 

detecting outliers). QC based on HQR was performed only in samples of European ancestry, 

as other ancestry groups had fewer samples for comparison and generally had more rare SVs 

due to the European bias of the reference genome.

SVs in Complete Genomics samples were detected using the company’s proprietary 

pipeline. Samples having an SV count that was an outlier in at least one SV category 

(deletion, distal-duplication, distal-duplication-inversion, interchromosomal, inversion, 

probable-inversion, and tandem-duplication) were excluded from the frequency calculation. 

Complete Genomics outliers were determined separately for different versions of the 

variant-detection software.
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Inheritance assignment for copy number and structural variants—CNVs and 

SVs in children with both parents sequenced were tagged according to their putative 

inheritance. For CNVs, the child calls were compared to the father and mother calls 

independently. For each parent, for a given child call, all overlapping calls in the parent 

were identified. If the size of the child CNV was between half and twice the sum of the 

lengths of the overlapping parent calls, and the CNV type (deletion or duplication) matched, 

then the CNV was tagged as inherited from that parent. CNV calls in the child with no 

overlapping CNVs in the parent were tagged as having the potential to be de novo. If some 

overlapping calls were found in the parent, but the above size condition was not satisfied, 

then the child call was tagged for manual inspection of its de novo status. The inheritance 

assignments from both parents were then consolidated, with CNVs tagged as inherited for 

both parents retagged as ambiguous. Only CNVs tagged as potentially de novo for both 

parents were tagged as de novo after consolidation.

To minimize potential false positive de novo tags, child samples sequenced on Illumina 

platforms were compared with both the ERDS and CNVnator calls from the parent samples. 

For samples sequenced by Complete Genomics, a second CNV caller was not available, so 

additional filters (based on copy number estimates of the CNVs with flanking regions in the 

child and both parents) were used to minimize false positive de novo tagging.

SV inheritance was determined similarly, with the following differences designed to account 

for the more precise sizes and breakpoints afforded by the SV-detection methodology. As the 

members of a given family were joint-called for samples sequenced on Illumina platforms, 

a stringent 90% overlap threshold was used as the cutoff. Because samples sequenced by 

Complete Genomics were processed on a per-sample basis (i.e., not joint-called), a less 

stringent 50% overlap threshold was used.

Annotation and interpretation of copy number and structural variants—CNVs 

and SVs were annotated using a custom R script (v3.6.1) employing the GenomicRanges 

and data.table libraries. Gene annotations, genomic features, phenotype ontologies, and 

disease information were downloaded from various sources (Table S7D). SVs were 

interpreted according to ACMG and ClinGen guidelines101,102. SVs classified as likely 

pathogenic or pathogenic (LP/P) are described as pathogenic. All pathogenic SVs were 

verified by CRAM confirmation47, overlap with microarray findings, and/or Sanger 

sequencing. For de novo SVs, we verified the variant’s absence in parents.

Resolution of duplication structures—To investigate the potential to use WGS data 

to resolve the structures of duplications and understand their impact on genes, we identified 

rare duplications in a subset of individuals with ASD in MSSNG that overlapped exons 

from a broad list of ASD candidate genes (Table S3B). Known recurrent genomic disorders 

(e.g., 15q11-q13 duplications) were excluded. Duplication structures were analyzed by 

visualizing CRAM files using IGV23 and were classified as tandem or complex through 

manual inspection of paired-end reads and split reads at the duplication breakpoint junctions. 

Duplications having breakpoints mapping within homologous segmental duplications or 

LINE elements were considered likely NAHR events. Breakpoint junctions that could not 

be classified as tandem, complex, or likely NAHR events were considered unresolved. The 
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sequence-level breakpoint coordinates of tandem and complex duplications were determined 

through analysis of split read sequence in IGV and using BLAT103. The last nucleotide of a 

split read before a deviation from the reference sequence was considered the sequence-level 

breakpoint of the duplication. Breakpoints that could not be resolved to the nucleotide 

level using split reads were estimated from the location of paired-end reads and read depth 

changes. The ERDS coordinates were used as an approximation of the true duplication 

breakpoints for likely NAHR and unresolved duplications. Duplications with identical 

breakpoints that were found in multiple related or unrelated individuals were deemed to 

represent a single unique event. The impact of each duplication on the ASD candidate 

gene(s) was annotated manually using the “NCBI RefSeq genes, curated subset” track of 

the UCSC Genome Browser104. A duplication was considered to increase gene dosage 

when all RefSeq isoforms were fully contained within the duplication. The reading frame 

of intragenic duplications and fusion genes created at the breakpoints of a duplication were 

assessed using the UCSC Genome Browser.

Detection of uniparental disomies—Whole-chromosome and large segmental 

uniparental disomies (UPDs) were identified using SNPs and CNVs. For a subset of 

common SNPs, Mendelian errors were calculated using PLINK105, and samples with 

excessive errors on a given chromosome were identified. Candidate regions were compared 

with CNV calls to exclude regions overlapping deletions. Putative isodisomies were further 

verified by checking that the SNP genotypes were mostly homozygous. Log R ratio (LRR) 

and B-allele frequency (BAF) plots were generated for the entire family to visualize UPDs.

Non-coding annotations—We used Ensembl Variant Effect Predictor (VEP) v102106 

and the October 2019 release of ANNOVAR84 to perform non-coding variant annotations 

based on information from several databases. The variant data from each ASD WGS cohort 

were converted into ANNOVAR- and VEP-compatible format, with multi-allelic variants 

split and indels normalized to ensure correct matching of variants. Selected files from the 

non-coding variant databases (see below) were also converted to ANNOVAR-compatible 

format.

Regulatory features from Ensembl Regulatory Build (http://useast.ensembl.org/info/genome/

funcgen/regulatory_build.html)107 were added using VEP. Annotations related to promoters, 

enhancers, and their target genes were obtained from the GeneHancer database 

(geneHancerInteractionsDoubleElite, UCSC update January 2019)108. Transcription factor 

binding sites and other regulatory elements were derived from the ReMap2020 non-

redundant peak file (http://remap.univ-amu.fr)109. Long non-coding RNA annotations 

were obtained from LNCipedia v5.2 (https://lncipedia.org)110. Small non-coding RNA 

annotations were acquired from DASHR v2.0 (https://dashr2.lisanwanglab.org)111. 

Retrotransposon insertion polymorphism annotations were obtained from dbRIP (https://

dbrip.brocku.ca)112.

Topologically associating domain (TAD) boundaries were derived from a previous 

publication113, and five annotations were generated using the TAD boundaries. The first 

three annotations had possible values of 0, 1, or 2, depending on whether neither TAD 

flanking the boundary contained genes from a given gene list (0), one of the two 
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TADs did (1), or both did (2). The three gene lists used were the ASD-associated 

genes from our TADA+ analysis (134 genes), genes associated more generally with 

NDDs (1,250 genes), or genes intolerant to loss of function (pLI >0.9) (2,867 genes)114. 

The 1,250 NDD-associated genes were derived from the literature (excluding those 

having autosomal recessive inheritance)8,115,116, SFARI genes (score 1–3 plus syndromic), 

genes with ClinGen haploinsufficiency or triplosensitivity scores of 2 or 3117, and the 

Geisinger Developmental Brain Disorder Gene Database (https://dbd.geisingeradmi.org). 

The remaining two annotations were based on the “brain expression specificity” of the 

left and right TAD—that is, the fraction of genes in each TAD that are expressed in the 

brain based on Illumina Body Map 2.0 RNA-seq data. Specifically, let BL and BR be the 

proportion of genes that are brain-expressed in the left and right TAD, respectively. Then the 

first annotation represented the difference in brain expression specificity (|BL − BR|) and the 

second the sum of brain expression specificity (BL + BR).

All non-coding annotations and their sources are listed in detail in Table S6C.

Mitochondrial analysis—For samples sequenced on Illumina platforms, reads aligning to 

the mitochondrial genome were extracted and realigned to the revised Cambridge Reference 

Sequence (NC_012920) using BWA v0.7.8. Pileups were generated with SAMtools mpileup 

v1.1118, requiring the program to include duplicate reads and retaining all positions in 

the output. Custom scripts were developed to parse the mpileup output to determine the 

most frequently occurring non-reference base at each position. The heteroplasmic fractions 

were calculated and VCF files were generated. For samples sequenced by Complete 

Genomics, mitochondrial variants detected by the proprietary software were extracted. For 

both platforms, FASTA files replacing mitochondrial reference bases with alternative bases 

at sites where the heteroplasmic fraction was greater than or equal to 0.5 were also generated 

and haplogroups were predicted using HaploGrep v2.1.1119. The VCF files were annotated 

using ANNOVAR-based custom scripts with annotations from MitoMaster120 (April 2019) 

and Ensembl v96.

Consensus phenotype measures—Consensus scores across several domains were 

calculated to facilitate the use of varied behavioral data across cohorts. These measures 

are not meant to replace the detailed and strategic work that a clinical psychologist or a 

computational scientist may choose to do with these data, but rather to provide reasonable 

ways of summarizing cognitive/behavioral data across domains of interest, especially for 

researchers who have less familiarity with the underlying tests. These measures represent 

a work in progress, and we welcome feedback on their design and utility as well as ideas 

for additional consensus measures. Below, we describe the consensus measures currently 

available in MSSNG.

Adaptive Behaviour Standard Score:  Two measures capture this domain within MSSNG: 

Adaptive Behavior Assessment System (ABAS) and Vineland Adaptive Behavior Scales 

Survey Interview Form (Vineland). The computed score is the global adaptive composite 

(GAC) score from the ABAS or the adaptive behavior standard score from the Vineland. If 

more than one instrument is available, the most recent score is used. There is active work 

Trost et al. Page 21

Cell. Author manuscript; available in PMC 2023 December 18.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript

https://dbd.geisingeradmi.org/


being done to create a reliable correction strategy that will allow the use of scores from both 

instruments to be used as a continuous measure121.

Socialization Standard Score:  This score is also calculated from the ABAS or Vineland, 

but the social composite score of the ABAS or the socialization standard score of the 

Vineland are used. If more than one instrument is available, the most recent score is used.

Full Scale IQ:  While there are several IQ instruments in MSSNG, we include only 

Wechsler scales and Stanford-Binet under this category. Full Scale IQs (FSIQs) are 

prioritized over abbreviated IQs and Wechsler scales are prioritized over Stanford-Binet. 

Among FSIQs, the algorithm selects the most recent one if they are more than two years 

apart.

Global Ability Consensus Estimate:  This score is intended to estimate global abilities 

when gold standard full IQ measures are not available. If a Full Scale IQ is available as per 

above, then this category is populated by that value. Otherwise, the following measures are 

used to populate this variable, in descending order of preference. The first choices are the 

Mullen Scales of Early Learning composite scores, followed by Merrill-Palmer (only when 

all three subdomain scores are available). Subsequently, nonverbal IQ can be used: Leiter 

International Performance Scale, followed by Raven’s Progressive Matrices. Lastly, verbal 

standard scores from language assessments can be used in the following order: Clinical 

Evaluation of Language Fundamentals (CELF), Oral and Written Language Scales (OWLS), 

Preschool Language Scale (PLS), Expressive Vocabulary Test (EVT), and the Peabody 

Picture Vocabulary Test (PPVT). This is the category with the most noise and involving a 

clinical psychologist is highly recommended, depending on the research aim. Within each 

category, the most recent test is selected.

Co-occurring conditions (ADHD, anxiety, seizures, and gastrointestinal 
conditions):  The available data across cohorts is extremely variable and may include 

everything from single items (e.g., parental report of a condition) to standardized 

instruments (e.g., Child Behavior Checklist (CBCL), Symptoms and Normal Behaviors 

(SWAN) score, Conners Comprehensive Behavior Rating Scales, Revised Children’s 

Anxiety and Depression Scale (RCADS), and Spence Children’s Anxiety Scale). In all 

categories, a non-stringent approach was taken so that if any available scores across any 

measures reflect clinical concern, then the co-occurring condition variable is labeled as 

true (e.g., ADHD=true). If none of the available measures suggest clinical concern, then 

the co-occurring condition variable is labeled as false (e.g., ADHD=false). These measures 

should not be considered evidence of diagnoses, but rather simply of clinical concern.

ADOS calibrated severity scores:  To score past versions of item-level ADOS data, past 

protocol items corresponding to the most recent ADOS-2 version for each module were 

matched up and used. One item, “Hand and Finger and Other Complex Mannerisms”, was 

originally two separate items in previous ADOS versions. For this item, the higher score of 

the two was used. For “Unusual Eye Contact”, anything above 1 was recoded as 2, and zeros 

remained the same. After applying these transformations, the ADOS-2 algorithm122,123 was 

used to create domain-level sums and standardized severity scores. Missing items were 
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treated as zeros; however, no more than two missing items were allowed when computing 

the algorithm total. Furthermore, no more than two missing items were allowed when 

computing the Social Communication Domain total and no more than one missing item was 

allowed when computing the Restricted and Repetitive Behavior domain total. The ADOS 

calibrated severity scores are a work in progress and will be released once fully implemented 

(please contact the authors for more information).

QUANTIFICATION AND STATISTICAL ANALYSIS

ASD gene list generation—We generated a new ASD gene list by adding more trio 

data to a previous study by the ASC8, which used an enhanced version of the original 

TADA approach24 to discover ASD-associated genes based on case-control data and de novo 
variants in trios. Specifically, we added de novo variants detected in individuals with ASD 

in trios from the MSSNG and SPARK25,26 cohorts. Variants from MSSNG and SPARK 

were annotated with Missense badness, PolyPhen-2, and constraint (MPC) scores124 using 

dbNSFP125. Genes with FDR <0.1 were considered to be ASD-associated.

Because the ASC variants were annotated using Variant Effect Predictor (VEP), whereas 

we annotated the MSSNG and SPARK variants using ANNOVAR, we compared the 

two annotation methods to ensure their classifications of PTVs and DMis variants were 

concordant. Upon re-annotating the ASC de novo variants with ANNOVAR, we observed 

only minor differences between the VEP and ANNOVAR annotations (Table S7E). We also 

observed high concordance between which missense variants had MPC scores in the ASC 

data and which were annotated with MPC scores using dbNSFP125 (Table S7E). Finally, for 

missense variants having MPC scores from both methods (the vast majority), only 0.14% 

differed by more than 0.1. Collectively, the variant annotations for ASC and for MSSNG/

SPARK were highly concordant.

Because variant quality score recalibration was not applied to the SPARK 

variant calls, we applied the hard filters recommended by the GATK 

development team (https://gatk.broadinstitute.org/hc/en-us/articles/360035890471-Hard-

filtering-germline-short-variants). We considered recurrent de novo variants more likely to 

be false, so we manually inspected all recurrent de novo variants in IGV to verify their 

correctness and removed those deemed to be false. We also verified a randomly selected 

subset of non-recurrent de novo variants in IGV to verify their correctness and de novo 
status.

ASC variant coordinates were converted from GRCh37 to GRCh38 using the NCBI liftover 

tool. Sample overlap between MSSNG and SPARK was determined using PLINK105. 

Because we only had access to de novo variants for ASC, sample overlap between ASC 

and MSSNG/SPARK could not be determined using PLINK. Thus, we conservatively 

removed any sample in MSSNG or SPARK that shared a de novo variant with an ASC 

sample. However, when the MSSNG/SPARK sample and the ASC sample were different 

sexes, both variants were retained. To ensure that there was no overlap between the MSSNG/

SPARK de novo PTVs and PTVs in cases from the ASC case-control data, we downloaded 

the full set of variant-level data (https://atgu-exome-browser-data.s3.amazonaws.com/ASC/

ASC_variant_results.tsv.bgz) from the ASC website (https://asc.broadinstitute.org), and then 
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identified PTVs in ASC cases that overlapped with de novo PTVs from MSSNG/SPARK. 

Because the TADA+ model gives more weight to de novo variants than case-control variants, 

we retained the MSSNG/SPARK de novo variants and discarded the overlapping ASC 

case-control variants. Due to the lack of sample-level information for the ASC case-control 

data, it was not possible to compare sample sex in order to potentially retain overlapping 

variants.

Gene network generation—A network diagram representing the ASD-associated genes 

identified in the TADA+ analysis was generated. For each gene, we used GeneMANIA126 

(dataset version gmdata-2021-04-29) to identify the 200 gene neighbors with the closest 

association based on protein-protein interactions and biological pathways using the “gene 

ontology biological process” weighting option. To select genes strongly connected to others, 

we retained only nodes connected by edges with a weighted Jaccard coefficient ≥ 0.33. The 

network was visualized using Cytoscape127.

Based on the gene connectivity, we partitioned the network into several modules. Each 

module was tested for pathway enrichment using Fisher’s Exact Tests to compare the sets of 

genes in each module with sets of genes described by pathway-related GO terms. To avoid 

GO terms with too few or too many genes, we used only terms with between 5 and 800 

genes.

To determine whether the connectivity of the genes in our network was greater than expected 

by chance, we performed the following procedure for each edge E. For genes A and B 
connected by E, we calculated their Jaccard index (the fraction of genes connected to either 

A or B that are connected to both). Let NA represent the number of genes connected to A, 

and similarly for NB. We performed 1999 permutations, where each permutation involved 

randomly selecting a set of NA genes and a set of NB genes and calculating the Jaccard 

index of those sets. The random selections were made from the set of all genes connected 

to our TADA+ genes in GeneMania (n=7,112). The p-value for the permutation test was the 

proportion of the 2000 Jaccard indices (1999 random permutations plus the actual Jaccard 

index for A and B) that were greater than or equal to the actual Jaccard index.

Calculation of polygenic risk scores—We calculated PRS in individuals of European 

ancestry from the MSSNG, SSC, and 1000G cohorts using PLINK v1.9105. For MSSNG, 

PRS was calculated only for individuals sequenced on Illumina platforms. We used 

summary statistics from a previously-published ASD meta-GWAS, which included the 

iPSYCH and Psychiatric Genomics Consortium (PGC) cohorts56. Due to sample overlap 

between PGC and both MSSNG and SSC, we used summary statistics derived only from 

iPSYCH (13,076 cases and 22,664 controls).

We included only SNPs with minor allele frequency >0.05 (iPSYCH controls) and 

imputation quality score (INFO) >0.9. To avoid potential strand conflicts, complementary 

SNPs were excluded. We also excluded SNPs with FILTER != PASS and those within the 

broad MHC region (chr6:25,000,000–35,000,000). Data from MSSNG, SSC and 1000G 

were merged prior to clumping, and only SNPs common to all three cohorts were retained. 

Clumping was performed with an r2 threshold and radius of 0.1 and 500 kb, respectively. 
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PRS values were generated by including SNPs with p-value ≤ 0.1, weighting by the additive 

scale effect (log10 OR) of each variant, and then summing over the variants. Scores were 

centred to a mean of zero. In analyzing the PRS data, families in which a non-sibling 

member had an ASD diagnosis were excluded. PRS values for all P-value thresholds are 

given in Table S7F.

Non-coding transmission bias tests—We defined the odds ratio for over-transmission 

of non-coding variants with annotation A as OR = (AT/ANT) / (OT/ONT), where AT is the 

number of transmitted non-coding variants with annotation A, ANT is the corresponding 

number of non-transmitted variants, and OT and ONT are the total number of transmitted 

and non-transmitted non-coding variants, respectively, for all annotations other than A. To 

reduce noise, only variants with PhastCons score >0 were considered. To avoid the case 

where the expected transmission rate is not equal to 50% (for example, when both parents 

were heterozygous for a given variant, or one or both parents were homozygous), we 

included only variants for which one parent was heterozygous and the other did not have the 

variant. Complete Genomics samples were not included in the non-coding transmission tests 

because their genome-wide transmission rate differed from the expected 50%.

Burden tests—We used logistic regression to compare individuals with ASD with non-

ASD siblings. The covariates used were sex, presence or absence of an ASD-associated rare 

variant, and population structure variables from ADMIXTURE86. To correct for potential 

technical differences in variant detection between sequencing platforms (for example, HiSeq 

2000 versus HiSeq X), we also used as a covariate the total number of variants of the type 

being tested. For instance, when testing the burden of de novo variants in promoters, the 

number of de novo variants genome-wide was used as a covariate. FDRs were calculated 

using the Benjamini-Hochberg (BH) method.
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INCLUSION AND DIVERSITY STATEMENT

We worked to ensure sex balance in the recruitment of human subjects (the male:female 

ratio for individuals with ASD in MSSNG closely mirrors the well-established 4:1 sex bias 

in ASD). We worked to ensure ethnic or other types of diversity in the recruitment of human 

subjects. We worked to ensure that the study questionnaires were prepared in an inclusive 

way. The author list of this paper includes contributors from the location where the research 

was conducted who participated in the data collection, design, analysis, and/or interpretation 

of the work.
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• New MSSNG release contains WGS from 11,312 individuals from families 

with ASD

• Extensive variant data available, including SNVs/indels, SVs, tandem repeats 

& PRS

• Annotation reveals 134 ASD-associated genes, plus SVs not detectable 

without WGS

• Rare, dominant variation has a prominent role in multiplex ASD
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Figure 1. Data Processing and Analysis Workflow.
The Genetic Variant Data section applies to all samples except 1,738 sequenced by 

Complete Genomics, which used proprietary software. Although CNVs and TREs are types 

of SVs, they are shown separately because different methods were used for their detection. 

CNVs include deletions and duplications ≥1 kb, while SVs include deletions, duplications, 

insertions, and inversions ≥50 bp.
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Figure 2. Identification of ASD-Associated Genes Using TADA+.
(A) Exonic de novo variants per individual in ASC, MSSNG, and SPARK. (B) ASD-

associated genes discovered only in the previous TADA+ analysis8 (“ASC”), only in the 

current analysis (“ASC+MSSNG+SPARK”), or both. (C) Distribution of SFARI Gene 

scores for the newly discovered genes. (D) FDRs for the 134 ASD-associated genes. 

Blue dots: genes also identified in the previous TADA+ analysis; green dots: new genes. 

Genes with FDR calculated as zero were assigned a value of 10−17. The blue line 

represents FDR=0.1. (E) Evidence supporting the new ASD-associated genes. “Case-control 

difference” represents PTVs in cases minus controls. The y-axis is truncated at −3; the 

value for MIB1 is −9. (F) pLI values for the new genes. (G) Network diagram of TADA+ 

genes. Only genes connected to gene networks are shown. Nodes represent genes, and 

edges represent protein-protein and pathway interactions between gene pairs. Modules are 
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indicated by blue circles, with module labels derived from GO term enrichment tests (bold: 

significantly enriched).
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Figure 3. Examples of Pathogenic SVs.
(A-C) 71 bp de novo frameshift insertion in SYNGAP1 comprising 65 bp of mtDNA 

and a 6 bp microduplication. (A) Schematic of SYNGAP1, with the insertion indicated 

by a red arrow. (B) Alignment of the insertion-containing contig sequence assembled by 

Manta, the reference sequence, and the mtDNA sequence inserted into chromosome 6. 

The microduplication is indicated in bold. (C) IGV visualization. The colored portions of 

reads represent mismatched bases, allowing precise breakpoint identification. The read depth 

increase reflects the 6 bp microduplication. (D-E) 13.4 kb inversion overlapping SCN2A. 

(D) Sequence trace showing the 5’ and 3’ breakpoints. (E) IGV visualization. The dark 

and light blue lines indicate anomalously mapped read pairs exhibiting the signature of an 

inversion.
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Figure 4. Genomic Architecture of Rare Variants in ASD.
(A) Burden analysis of sequence-level rare coding variants. Left, individuals with ASD 

versus non-ASD siblings. Middle, probands from MSSNG MPX families versus those 

from either SSC SPX families (having exactly one individual with ASD and at least 

one sibling without) or MSSNG non-MPX families (having exactly one individual with 

ASD and no siblings). Right, same as middle except siblings with ASD instead of 

probands. Burdens for other rare ASD-associated variants are given in Table S5A. 

Compared with sequence-level variants, many SV types had very high ORs, including 
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chromosomal abnormalities (OR=4.9), genomic disorders (OR=8.3), and SVs impacting 

ASD genes (OR=24) (comparisons between MSSNG individuals with ASD and SSC non-

ASD siblings). (B) Yield of ASD-associated rare variants (top) and stratified by variant 

type (bottom). “Multiple” indicates individuals with ASD-associated variants in more than 

one category. (C) Distributions of consensus phenotype measures for individuals with ASD 

having each type of ASD-associated rare variant, or no variant. *Nominally significant 

(p<0.05); **: significant after multiple testing correction.
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Figure 5. Detailed View of the Genomic Architecture of Rare Variants in ASD.
(A) De novo or rare inherited (gnomAD allele frequency <10−4) PTVs and de novo DMis 

variants in autosomal genes identified by the TADA+ analysis or evaluated as definitive by 

EAGLE42. For X-linked genes, we identified hemizygous PTVs in males with frequency 

<10−4 in constrained genes (pLI > 0.95) found in the Genomics England neurology and 

neurodevelopmental disorders panel. (B) Recessive events (PTV-PTV events in genes from 

the Genomics England panel). (C) Chromosomal abnormalities. (D) Genomic disorders. (E) 

Large or gene-rich CNVs other than genomic disorders. (F) SVs disrupting ASD-associated 

genes. (G) UPDs. (H) TREs identified previously31. (I) Pathogenic mtDNA variants. CPEO, 

chronic progressive external ophthalmoplegia; MNGIE, mitochondrial neurogastrointestinal 

encephalomyopathy.
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Figure 6. PRS Analysis.
(A) Reproducibility in ten pairs of monozygotic (MZ) twins from MSSNG. (B) PRS 

distributions in MSSNG, SSC, and 1000G. (C) Comparison between individuals with ASD 

and non-ASD siblings. (D) Over-transmission of polygenic risk from parents to children. (E) 

Odds ratio of individuals with ASD to those without in each PRS decile, relative to decile 

1, in MSSNG and SSC combined. (F) Pedigrees showing the PRS for each individual in 

two large MPX families. (G) Association between PRS and the four consensus phenotype 

measures.
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Table 1.

Comparison Between the Previous Version of MSSNG7 and the Current Release.

Multiplex families are defined as those with two or more children with ASD and do not include families 

having non-sibling members with ASD.

Previous version Current version

Participants

Total individuals 5,152 11,312

Individuals with ASD 2,613 5,100

Families 2,063 4,258

Multiplex families 489 777

Families having non-sibling members with ASD 1 10

Genetic variant data

Reference genome GRCh37 GRCh38

Single-nucleotide variants and indels Single sample Joint-called*

Copy number variants Not available Available

Structural variants Not available Available

Tandem repeat expansions Not available Available*

Polygenic risk scores Not available Available*

Phenotype data

Consensus phenotype measures Not available Available

Data access

Phenotype Data Explorer Not available Available

Terra integration Not available Available

Researchers approved for access

Researchers 75 342

Institutions 17 65

Countries 4 20

*
Only for samples sequenced on Illumina platforms.
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Key resources table

REAGENT or RESOURCE SOURCE IDENTIFIER

Deposited data

MSSNG This paper https://research.mss.ng/

Simons Simplex Collection SFARI https://www.sfari.org/resource/sfari-base/

SPARK SFARI https://www.sfari.org/resource/sfari-base/

1000 Genomes Project 1000 Genomes Project Consortium https://www.internationalgenome.org/

Human Reference Genome Build 
38 (GRCh38)

Genome Reference Consortium https://www.ncbi.nlm.nih.gov/grc/human

Genome aggregation database 
(gnomAD)

Broad Institute https://gnomad.broadinstitute.org/

dbNSFP Liu et al.125 https://sites.google.com/site/jpopgen/dbNSFP

ASC variant-level data Autism Sequencing Consortium https://asc.broadinstitute.org

Ensembl Regulatory Build Ensembl http://useast.ensembl.org/info/genome/funcgen/
regulatory_build.html

GeneHancer Fishilevich et al.108 https://genome.ucsc.edu/

ReMap2020 Chèneby et al.109 http://remap.univ-amu.fr

LNCipedia Volders et al.110 https://lncipedia.org

DASHR Kuksa et al.111 https://dashr2.lisanwanglab.org

dbRIP Wang et al.112 https://dbrip.brocku.ca

Software and algorithms

Sentieon Kendig et al.80 https://www.sentieon.com/products/

DeNovoGear Ramu et al.85 https://github.com/ultimatesource/denovogear

ADMIXTURE Alexander et al.86 https://dalexander.github.io/admixture/publications.html

Genomic ancestry inference with 
deep learning

Google https://cloud.google.com/blog/products/gcp/genomic-ancestry-
inference-with-deep-learning

BWA Li and Durbin81 http://bio-bwa.sourceforge.net/

SAMtools Li et al.118 http://www.htslib.org/

HaploGrep Weissensteiner et al.119 https://haplogrep.i-med.ac.at/

MitoMaster Lott et al.120 https://www.mitomap.org/foswiki/bin/view/MITOMASTER/
WebHome

ERDS Zhu et al.88 https://github.com/igm-team/ERDS

CNVnator Abyzov et al.89 https://github.com/abyzovlab/CNVnator

DELLY Rausch et al.91 https://github.com/dellytools/delly

Manta Chen et al.94 https://github.com/Illumina/manta

ANNOVAR Wang et al.84 https://annovar.openbioinformatics.org/en/latest/

Variant Effect Predictor (VEP) McLaren et al.106 https://useast.ensembl.org/info/docs/tools/vep/index.html

TADA He et al.24 http://www.compgen.pitt.edu/TADA/TADA_guide.html

TADA+ Satterstrom et al.8 Personal communication

PLINK Purcell et al.105 https://zzz.bwh.harvard.edu/plink/
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REAGENT or RESOURCE SOURCE IDENTIFIER

GeneMANIA Warde-Farley et al.126 https://genemania.org/

Custom scripts This paper 10.5281/zenodo.7086706

Cell. Author manuscript; available in PMC 2023 December 18.

https://genemania.org/

	SUMMARY
	In Brief
	Graphical Abstract
	INTRODUCTION
	RESULTS
	Overview of MSSNG
	Enhancements to MSSNG
	Discovery of ASD-associated genes
	Recessive events
	Structural variation
	Mitochondrial variation
	Genomic architecture of rare coding variants in ASD
	Non-coding variants
	Polygenic risk scores
	ASD open science using Terra

	DISCUSSION
	Limitations of the Study

	STAR METHODS
	RESOURCE AVAILABILITY
	Lead contact
	Materials availability
	Data and code availability

	EXPERIMENTAL MODEL AND SUBJECT DETAILS
	Cohorts comprising MSSNG
	Ethics approval

	METHOD DETAILS
	Whole-genome sequencing of new MSSNG samples
	Detection of sequence-level variants in MSSNG
	Replication and population control datasets
	Experimental design
	Small variant annotation, filtering, and de novo detection
	Comparison of variant counts
	Ancestry determination
	Identification of damaging biallelic events
	Detection of copy number variants
	Detection of structural variants
	Inheritance assignment for copy number and structural variants
	Annotation and interpretation of copy number and structural variants
	Resolution of duplication structures
	Detection of uniparental disomies
	Non-coding annotations
	Mitochondrial analysis
	Consensus phenotype measures
	Adaptive Behaviour Standard Score:
	Socialization Standard Score:
	Full Scale IQ:
	Global Ability Consensus Estimate:
	Co-occurring conditions (ADHD, anxiety, seizures, and gastrointestinal conditions):
	ADOS calibrated severity scores:


	QUANTIFICATION AND STATISTICAL ANALYSIS
	ASD gene list generation
	Gene network generation
	Calculation of polygenic risk scores
	Non-coding transmission bias tests
	Burden tests


	INCLUSION AND DIVERSITY STATEMENT
	References
	Figure 1.
	Figure 2.
	Figure 3.
	Figure 4.
	Figure 5.
	Figure 6.
	Table 1.
	Key resources table



