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Structural variants identified using non-Mendelian
inheritance patterns advance the mechanistic
understanding of autism spectrum disorder
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Summary
The heritability of autism spectrum disorder (ASD), based on 680,000 families and five countries, is estimated to be nearly 80%, yet her-

itability reported from SNP-based studies are consistently lower, and few significant loci have been identified with genome-wide asso-

ciation studies. This gap in genomic information may reside in rare variants, interaction among variants (epistasis), or cryptic structural

variation (SV) andmay providemechanisms that underlie ASD. Here we use amethod to identify potential SVs based on non-Mendelian

inheritance patterns in pedigrees using parent-child genotypes from ASD families and demonstrate that they are enriched in ASD-risk

genes. Most are in non-coding genic space and are over-represented in expression quantitative trait loci, suggesting that they affect gene

regulation, whichwe confirmwith their overlap of differentially expressed genes in postmortem brain tissue of ASD individuals.We then

identify an SV in the GRIK2 gene that alters RNA splicing and a regulatory region of the ACMSD gene in the kynurenine pathway as

significantly associated with a non-verbal ASD phenotype, supporting our hypothesis that these currently excluded loci can provide

a clearer mechanistic understanding of ASD. Finally, we use an explainable artificial intelligence approach to define subgroups demon-

strating their use in the context of precision medicine.
Introduction

The heritability of autism spectrum disorder (ASD [MIM: %

209850]), based on family studies, has been estimated to be

between 50% and 90%. A recent study of more than 2

million individuals and 680,000 families from multiple

countries1 provides a best estimate of 80%, yet like many

complex diseases very little of this heritability has been ex-

plained by significant genome-wide association study

(GWAS) loci despite ever increasing sample sizes. When

heritability models include all common SNPs, estimates

of h2
SNP range from 6% to 50%, which are still consistently

lower than classical h2 estimates.2,3 This ‘‘missing herita-

bility’’ is typically attributed to unsampled rare variants

of large effect, epistasis, and structural variation (SV;

genomic alterations larger than 50 bp).4,5 Rare variants

are inherently difficult to ascertain without very large sam-

ple sizes; epistasis requires computationally expensive

modeling of genetic interactions while the detection of

SVs can be problematic.4

Despite being difficult to detect accurately, it is

becoming increasingly clear that SVs are a major compo-

nent of heritability in complex traits including human dis-

ease.6 This is not surprising given that SVs affect approxi-

mately five times the amount of genomic space, are three

times more likely to be associated with a GWAS signal,
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and are 50 times more likely to affect the regulation of a

gene7 compared with SNPs. SVs are a known risk factor

for developmental disorders such as ASD2,8 but, as with

SNPs, to date there have been no reports of SVs that are

consistently replicated in large numbers of ASD individ-

uals. The emphasis in ASD has therefore been on rare, large

SVs that are detectable with chromosomalmicroarrays that

have a resolution in the 10-kb range. There may be smaller

SVs of large effect that are common within the ASD popu-

lation and rare within the non-ASD population, but their

role in ASD has gone unexplored because their detection

is prone to false positives and low recall,7 particularly

from short-read whole-genome sequencing data.9

A 2006 study by Conrad et al. demonstrated an elegant

method for detecting deletions in SNP array genotyping

of parent-child trios.10 The premise is simple: during the

array-based genotyping process, an SV may cause SNPs at

or near the locus to show patterns of non-Mendelian in-

heritance (NMI) and non-conformance to Hardy-

Weinberg expectations. The underlying SV itself is likely

segregating normally like any polymorphic site in the

genome (i.e., it is heritable), but when parent and child

have a genomic disruption at a locus, it causes the hybrid-

izing probe to bind the target incorrectly (Figures 1A and

S1); in these situations, genotyping algorithms interpret

the signal as invalid and do not provide a call. If the SV
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Figure 1. Non-Mendelian inheritance to detect normally segregating SVs
(A) a non-Mendelian inheritance (NMI) signal can occur when an SV exists under the region of DNA that is targeted by the hybridizing
probe (red ‘‘3’’). In this example scenario, the missing signal from one allele coupled with a normal signal from the other allele produces
an erroneous genotype (pedigree on the right) that does not conform to Mendelian or Hardy-Weinberg (HWE) expectations.
(B) For example, array genotyping of the ASD trio children for SNP rs221465 results in failure of the HWE test (p < 8.8 x 10�73, left).
PLINK mendel reveals many individuals with NMI (center plot, red dots) at this SNP. However, there are further individuals where we
‘‘suspected NMI’’ (center, orange dots). These individuals are from trios where PLINK had no power to detect NMI as all three individuals
were genotyped as A/A, but they co-locate with the NMI individuals on the signal intensity plot. We inferred the genotype calls for NMI
and suspected NMI individuals (right), and now this SNP conforms to HWE (p < 0.76, note that point locations between plots vary
slightly due to an applied jitter). Indeed it is already known that this SNP tags an 8.3 kb common deletion in the NRXN3 gene. Notably,
this is at the lower limit of detection for chromosomalmicroarrays, but is clearly detectable here. The allele frequency of the deletion (‘‘-’’)
in the ASD population after the NMI-based correction (0.34) is highly similar to the frequency in the 1000 Genome population (0.37).
Created with BioRender.com.
is heterozygous, this often results in anNMI pattern within

trios. Conrad et al. showed that SNPs exhibiting NMI pat-

terns can therefore be used as a proxy for SV discovery,

much like unexpected patterns of paired-end read map-

ping using short-read whole-genome sequencing. Interest-

ingly, such NMI-SNPs are almost universally filtered out at

the quality control (QC) stage of GWASs under the

assumption that they represent technical error, when in

fact many are the result of true genomic variation under

the probe. Therefore, a potentially critical component of

the heritability of a trait is removed.

The original method of Conrad et al. detected only large

deletions. Here we extend that by recognizing that other

smaller complex and important SVs, including copy-num-

ber gains, can also produce an NMI pattern. Deletions will

decrease signal intensities for an allele, whereas duplica-

tions will cause an increase. The important feature is that
2 Human Genetics and Genomics Advances 4, 100150, January 12, 2
an SNP may display NMI if it does not fall within the three

expected intensity clusters defined by homozygous for

allele 1, homozygous for allele 2, or heterozygotes. For

example, the SNP rs221465 in the NRXN3 gene displays

NMI in 35% of a population of ASD individuals, but the

most recent version of the human genome reports an

8.6-kb deletion at this location. Once genotypes are re-

scored using the raw intensity values and parental inheri-

tance, the locus conforms to Mendelian inheritance and

Hardy-Weinberg expectations, confirming that NMI is an

accurate means to identify SVs based on information of

normally segregating variants in the 1000Genome popula-

tion (Figure 1B).

Often, when an SNP falls outside the three expected clus-

ters, the software issues a ‘‘no call’’ or an incorrect call even

though there is an intensity signal. Furthermore, the po-

wer of a pedigree allows one to determine whether the
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SV is maternally or paternally inherited, and, unlike Con-

rad et al., we can score a potential heterozygous SV in a

child based simply on those that are marked as ‘‘no calls’’

in the parent (i.e., homozygous SVs in a parent that can

be scored in the offspring, Figure S1). Finally, the availabil-

ity of a highly annotated human genome (reference hu-

man genomes hg17 for Conrad et al. compared with the

current hg38) and much higher SNP densities provides

an opportunity to integrate SV calling with a systems

biology approach to determine whether these detected

SVs provide causal mechanistic understanding of complex

traits.

In this study, rather than discarding such SNPs, we

explicitly identified SNP loci that displayed patterns of

NMI (i.e., NMI-SV) in one ASD trios dataset,11 validated

them in a second dataset,12 and subsequently applied

stringent filters to limit potential false positives. Our hy-

pothesis is that many of these NMI-SNPs are not erro-

neous—rather, they tag SVs that are frequent in the ASD

population but rare in the non-ASD population and there-

fore may provide a mechanistic understanding of ASD eti-

ology. In support of this, we show that those NMI-SVs

found with higher frequency in ASD populations are

not randomly distributed across the genome but are en-

riched in ASD-risk genes listed in two databases. We

then demonstrate that these NMI-SVs are associated

with differentially regulated genes from postmortem brain

tissue from an independent ASD study. We find that this

is likely a result of their overlap with expression quantita-

tive trait loci (eQTLs) identified by the Genotype-Tissue

Expression (GTEx) project, and we demonstrate that an

SV in the GRIK2 gene is common in ASD individuals

but rare in non-ASD individuals and that the SV alters

splicing of the mRNA. Importantly, we performed an asso-

ciation test using filtered NMI-SVs and identified a locus

significantly associated with non-verbal ASD phenotype

in a transcription factor binding site that regulates the

ACMSD gene in the kynurenine pathway. Finally, we

apply an explainable artificial intelligence (XAI) algorithm

to the genotype matrix of SVs to identify distinct sub-

groups of ASD individuals and the affected genes that

define them.
Material and methods

Samples and quality control
We obtained array-based genotypes from individuals with ASD

and their parents from the database of Genotypes and Pheno-

types (dbGAP). For SV discovery, we used a dataset from an

ASD study from the University of Miami48 consisting of 1,177

individuals that represent 381 families genotyped at 1,048,847

nuclear SNP loci (dbGAP accession phs000436.v1.p1). We

labeled this dataset as MIAMI. For validation we used data

from a second study12 produced by the Autism Genomic Project

Consortium (AGPC), consisting of 4,168 individuals represent-

ing 1,385 families genotyped at 1,072,657 nuclear loci (dbGAP

accession phs000267.v5.p2). We labeled this dataset as AGPC.
Human
Data were handled in accordance with the rules established by

the National Institutes of Health.

Potentially erroneous SNPs were removed by excluding all as-

says with a quality score of less than 0.75. One family was removed

from the MIAMI dataset and two from AGPC due to poor data

quality, and 248 families were removed from AGPC because they

did not have a quality score listed with the genotypes or were

not part of a trio (i.e., those missing one or both parents). To

ensure we were analyzing two independent sets of parent-child

trios, we performed a kinship analysis on all of the individuals

from the 380 families from the MIAMI study and the 1,136 fam-

ilies from the AGPC study. We randomly chose 50,000 SNPs that

conformed to Hardy-Weinberg equilibrium and Mendelian inher-

itance and had a minor allele frequency (MAF) of greater than

0.05. We also pruned SNPs that had a linkage disequilibrium

>0.20 using the default step and window size on PLINK v1.9.

We then removed any SNPs in which alleles were INDELs, A/T or

G/C pairs, or were found on the pseudoautosomal regions of the

sex chromosomes, leaving 48,478 SNPs for further analysis. We

used the KING function in PLINK2 to estimate kinship. Kinship es-

timates within families were as expected. We identified a single fe-

male listed in two different trios within the AGPC study, which

was consistent with the metadata as she was the mother in

different trios (different fathers). No individuals were identified

among trios that would indicate overlap of the MIAMI and

AGPC datasets. To identify potential substructure of the ASD pop-

ulation, after excluding all loci that demonstrated NMI as poten-

tial SVs, we randomly chose 50,000 SNPs from the remaining as-

says. After intersecting with the 1000 Genome population and

excluding those withMAF< 0.05, we retained 42,761 for the prin-

cipal component analysis (PCA) performed in PLINK.
Non-Mendelian inheritance detection and re-

genotyping
We used the program PLINK v1.949 with the 890,539 autosomal

SNPs that remained after QC filtering to identify loci that did

not conform toMendelian inheritance and therefore represent po-

tential SVs. We did not include SNPs on the X chromosome

because NMI cannot be determined on the X in males owing to

hemizygosity. In most cases of NMI that we observed, the Mende-

lian expectationwas that the child should be heterozygous at a site

but instead displayed homozygosity (Figures 1 and S1). Themendel

function in PLINK outputs codes that can be directly translated

into paternal or maternal errors. In addition, some NMI trio geno-

type combinations are ignored by PLINK, so these were scored

manually and combined with the scored sites into a single matrix

of genotypes for each of MIAMI and AGPC (Figure S1). For

example, we scored scenarios where genotypes were child ¼ ‘‘A/

A,’’ father¼ ‘‘A/A,’’ andmother¼ ‘‘�/�,’’ assigning it as a maternal

SV. Paternal SV was assigned when the genotype is missing for the

father but present in the mother. We used the smaller MIAMI data-

set (N ¼ 381 families) for SV discovery and the large AGPC dataset

(N ¼ 1,136 families) for validation.

There are a considerable number of cases where an SV may exist

and be causing erroneous genotype calls but PLINK does not

detect NMI at that site because all three members of the trio

show the same homozygous genotype (e.g., all are A/A). However,

if a number of other trios at that site do have clearly detectable

NMI patterns, we can leverage their genotyping signal intensities

to find SVs in individuals not called by PLINK. For example, for

the potential SV at rs221465 in the NRXN3 gene (Figure 1B), if
Genetics and Genomics Advances 4, 100150, January 12, 2023 3



an individual’s genotype intensity co-located on a signal plot with

those with NMI, we marked this as ‘‘suspected NMI.’’ Once indi-

viduals were marked as NMI or suspected NMI at a site, we manu-

ally re-genotyped them according to signal intensity plot

positions.
High-confidence SVs
RarerNMI sites aremore likely to bedue to error thancommonNMI

sites, so we removed all SVs with frequency less than 2% in the dis-

covery population (MIAMI). We chose 2% because this is the esti-

mated frequency of ASD in the human population but also an

extremely conservative filter given that the technical error rate

for the Illumina array used in this study was estimated to be less

than 0.05%. The 2% NMI rate corresponds to seven individuals

from the 380 families. The binomial probability of having an SNP

assay fail seven times in 380 trials given the technical error rate of

0.05% is 1.43 10�9, where p ¼ 0.05, n ¼ 380, and k ¼ 7. It should

benoted that theQCof the Illuminabead arrays releases assays that

display the technical error rate of 0.05% or less, i.e., it does not ac-

count for error rate due to the samples being analyzed. Therefore,

by definition, the error rate of 2% is conservative given that it is

40 times higher than technical background error.

Another potential cause of a false-positive genotype for an array

SNP is the presence of other SNPs in the immediate genomic re-

gion of the probe for that SNP. Therefore, we also removed any

SV whose probe overlapped another SNP (according to dbSNP153)

with a MAF > 0.02 in the 1000 Genome EUR population.

Finally, SVs that are found in only the smaller discovery dataset

(MIAMI) are more likely to be false positives, so we intersected the

NMI-SVs discovered in the MIAMI population with those in the

AGPC validation population and removed any which did not

appear in both. A test for significant correlation of SV frequencies

between the MIAMI and AGPC populations was performed with a

Pearson correlation test with the rcorr function in the package

Hmisc in the R programming environment. The resulting set of

higher-confidence SVs was labeled as NMI-SV.
Obtaining ASD-enriched SVs
Our goal was to reduce the initial set of NMI-SVs to a set of reliable

ASD-enriched SVs that are most likely to represent the core of the

missing heritability of ASD. By ‘‘ASD-enriched,’’ we imply that these

SVs are found at considerably higher frequency in ASD populations

than innon-ASDpopulations. .We reduced theNMI-SV set to a sub-

set of novel ASD-enriched SVs by removing thosewhose genotyping

probe intersected with previously identified SV intervals with

MAF > 0.02 in one or more non-ASD-enriched sources. Sources

included the 1000 Genome Project hg38, a long-read sequencing

scan from the same population,50 433,371 SVs identified from

14,891 diverse genomes,51 and a recent report of 107,590 SVs

(most of them novel) from genome-scale resolved haplotypes.9 To

be conservative, we removed NMI-SVs in this manner even if they

resided in a gene that had previously been identified as ASD related

(e.g., NRXN3, Figure 1). The NMI-SVs that appeared in both ASD

study populations and passed through all filters were labeled as

ASD-SVs. Finally, we reasoned that the core biological pathways in

ASD would be represented by the most frequent ASD-SVs, so we

defined a core set of ASD-SVs found in both study populations at

greater than 15% frequency. Although some false positives may

have persisted after implementing this series of stringent filters, the

remaining loci are those that are enriched in these two ASD popula-

tions and represent inherited genetic variation that is currently
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excluded from most genetic-based studies. The entire filtering pro-

cess is described in Figure S1.
Gene and eQTL enrichment
The set of genes harboring core ASD-SVs (those with frequency

>15% in both ASD populations and <2% in the non-ASD popula-

tions) were subjected to enrichment tests to determine whether

they were functionally non-random. We used a chi-squared test

to see if these genes were enriched for ASD-susceptibility pro-

tein-coding genes listed in both SFARI (sfari.org/resource/

sfari-gene/ in April 2021) and AutDB (http://www.autism.

mindspec.org/ in April 2021) databases.

The set of genes harboring core ASD-SVs were also assessed

for enrichment for Gene Ontology Biological Process (GO BP)

terms (http://geneontology.org/) with a false discovery rate

of <0.05. Functional analyses for specific genes were taken from

GeneCard Human Gene Database. ToppGene (https://toppgene.

cchmc.org/) was used for the disease associated enrichment test

of the core ASD-SV genes.

For the eQTL association, publicly available data were down-

loaded from the GTEx site (gtex.org/home/datasets) consisting of

SNP associations with eQTLs in 48 different tissues. Each SNP

from the Illumina array used in both AGPC and MIAMI studies

was converted to a position in the hg38 version of the genome to

harmonize with the GTEx data. If an SNP was found to be a signif-

icant eQTL in at least one of the 48 tissues fromGTEx, it was consid-

ered as positive for eQTL association. Of the total autosomal SNPs

on the array, 47% intersected a known eQTL, and therefore

the expectation was that 22,636 (47%) of the ASD-SV would also

intersect eQTL. This was used as the basis for the statistical test

(Table S3).
Gene expression analysis for GRIK2
We downloaded RNA sequencing (RNA-seq) FASTQ files for 13

ASD individuals and 10 controls from Velmeshev et al.13 from

bulk prefrontal cortex listed in project PRJNA434002 in the

sequence read archive at NCBI. Reads were trimmed with CLC Ge-

nomics Workbench (version 20.0.4), then mapped to the human

transcriptome GRCh38_latest_rna.fa with the following modifica-

tions: (1) predicted mRNA sequences were removed (those with

the prefix ‘‘XM’’); (2) all GRIK2 transcripts were removed and re-

placed with a single transcript containing only exons 11, 12,

and 13. This was done to reduce bias from reads mapping to

UTRs and to focus on potential loss of exon 12 because this is

the exon adjacent to the ASD-SV and predicted to be lost from

aberrant splicing. Mapping parameters were increased from a

default value of 0.8 to 0.95 for both length fraction and similarity

fraction to reduce mismapping of reads from closely related genes

(e.g., GRIK1 and GRIK2).
Association testing for verbal/non-verbal forms of ASD
ToperformaGWASusingASD-SVs,wefirst collapsedall ASD-SV sites

withinagene’sboundaries (according toRefSeq) to a singlepresence/

absencemarker. If at least one of the ASD-SVs sites in a genewas pre-

sent for an individual, an ASD-SV was considered as present in that

gene even if the other sites were absent. Those sites that were not as-

signed to a gene by RefSeq were annotated with their rsID and loci

found at less than 5% frequencywere removed, leaving 10,108 pres-

ence/absence markers for further analyses. We performed a logistic

regression in PLINK and used the first two components of a PCA

generated from 42,761 neutral SNPs as covariates to account for
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Figure 2. Properties of ASD-SVs
(A) NMI patterns identified over 60,000 likely structural variants (NMI-SV) in the smaller MIAMI dataset (blue), and the vast majority
(90%) were validated in the larger AGPC dataset (pink) with a very similar frequency spectrum. Removal of known SVs from non-
ASD populations left 48,009 ASD-enriched SVs (ASD-SVs), most of which were rare.
(B) There is a considerable overlap of the highest-frequency ASD-SVs between the two studies (right) indicating a likely core set of SVs
underlying ASD.
(C) Density distributions of the number of genes with high-frequency ASD-SVs per individual. This was done separately for the AGPC
and MIAMI cohorts. The number of genes harboring ASD-SVs varies per case, potentially determining the spectrum of ASD phenotype.
On average, each individual in AGPC had 371 genes harboring high-frequency ASD-SVs, while individuals in MIAMI averaged 347.
(D) NMI-SVs identify more known ASD genes than is expected by chance in the SFARI (p < 1 3 10 �10) and AutDB (p < 3.6 3 10 �12).
substructure of the ASD population. The verbal (control, N ¼ 672)

and non-verbal (case, N ¼ 337) phenotypes were extracted from

themetadata includedwith the dbGAPproject. Therewere no statis-

tical differences in thenumberof femaleswithin the verbal andnon-

verbal groups (14.5% and 17.2%, respectively, p < 0.18).
Human
Classification of ASD subtypes based on genic ASD-SVs
By collapsing core ASD-SVs (i.e., those with frequency >15% in

both study populations) within gene boundaries, we obtained

presence/absence markers in the larger AGPC population for

1,116 genes with frequency >15%. Substructure within the
Genetics and Genomics Advances 4, 100150, January 12, 2023 5



Figure 3. ASD-SV disruption of GRIK2 splicing
(A) The ASD-SVat SNP rs2051449 is predicted to disrupt a known splice site adjacent to exon 12 bound by PCBP2, SRSF9, HNRNPK iden-
tified from the ENCODE project. A recent analysis of SVs from 388 individuals of diverse ancestry identified a 29-bp insertion at a CCTT
16-repeat microsatellite that overlaps the splice site and is found to have many rare insertions and deletions of varying size.15

(B) Mapping of RNA-seq data from postmortem brain tissue reveals 10 of 13 ASD individuals display evidence of loss of exon 12 whereas
only 1 of 10 controls do (p < 2.3 3 10 �14).
(C) Exon 12 is important for glutamate binding. Each subunit of the tetrameric GluK2 protein (GRIK2 gene) is composed of an amino-
terminal domain (ATD), a ligand-binding domain (LBD), and a transmembrane domain. The subunits are distinguished by color (orange,
green, red, and blue), and amino acids coded by exon 12 are illustrated in one subunit, in gray (left structure). The cryo-electron micro-
scopic structure of the complex from Rattus norvegicus, which is 99% identical to the KAR fromHomo sapiens, was used here (PDB: 5KUF).
Main amino acid residues in contact with the glutamate ligand are depicted (in yellow, magnified top right). T690, E738, and Y764 are
absent due to missing exon 12 in GRIK2 (PDB: 4UQQ was used to represent the binding site with glutamate). The region encoded by
exon 12 interacts with adjacent LBDs (magnified bottom right) and is critical to the functional dynamics of the tetrameric GluK2.16.

Created with BioRender.com.
presence/absence matrix was visualized in two dimensions using

tSNE in R. We then applied hierarchical clustering using hclust

with Bray-Curtis distance and ward.D2 method in R, and selected

clearly defined clusters as putative subtypes of ASD. To determine

which genes have presence/absence patterns that define these sub-

types, we used a customR implementation of iterative random for-

est (iRF) machine learning26 to classify the cluster labels. To do so,

we set the labels for individuals in a single cluster to 1 and the rest

to 0. The presence/absence for each gene was set to 0/1 and all

genes were used as features in the iRF model, which performs an

iterative feature selection. This process was repeated for each of

the clusters, resulting in a final random forest for each cluster.

The top ten most important genes for each cluster were extracted

based on their Gini importance scores provided by the Ranger

v0.12 R package.52
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Results

SV detection and filtering

We performed NMI tests in PLINK in the two different da-

tasets from NIH dbGAP, hereafter referred to as ‘‘MIAMI’’

and ‘‘AGPC,’’ from a University of Miami study11 and the

Autism Genome Project Consortium.12 Out of a total of

338.4m genotyped sites in the MIAMI dataset (i.e., 380

children 3 890,539 SNPs used), 1.23m displayed an NMI

pattern, or 0.36% of total genotyping assays across the

380 arrays. The output flagged 101,032 putative SV sites

(i.e., having at least one family with NMI in one or both

of the datasets). We then scored these 101,032 sites

for NMI in further families that PLINK did not flag
023
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Figure 4. Association testing of ASD phenotypes using ASD-SV markers
(A) Manhattan plot of association testing of verbal versus non-verbal phenotype using presence/absence markers of ASD-SVs at 10,108
loci found two significant ASD-SVs after Bonferroni correction (p < 5 x 10-6, red line).
(B) The most significant association (OR ¼ 2.3) resides in an FOS transcription factor binding site that regulates the ACMSD gene, which
codes for a key enzyme in the kynurenic acid pathway. Altered levels of quinolinic acid and picolinic acid of this tryptophan catabolic
pathway have been associated with several neuropsychiatric disorders including ASD,20 and an SNP in this gene has been linked to sui-
cidal behavior.19 The metabolites kynurenic acid and quinolinic acid in this pathway inhibit glutamate signaling via numerous receptor
types, one of which (NMDAR) is a therapeutic target for the treatment of ASD.25 Created with BioRender.com.
and estimated the frequencies within each population

(Figure S1 and material and methods).

Our hypothesis is that these SVs represent frequent

(within ASD individuals but not non-ASD populations)

genomic variation of large effect, and therefore in order

to be conservative, we removed rare SVs with a frequency

of less than 2% in the MIAMI population. This left us

with 61,703 as our discovery panel. Of these, 55,767

(90%) were also detected as SVs in at least one family in

the AGPC population (Figure 2A; our QC determined

that no individuals were present in both datasets, see ma-

terial and methods). This set was labeled as NMI-SV. The

frequencies of the discovery SVs in MIAMI were strongly

correlated with those in AGPC (Pearson’s r ¼ 0.75;

p < 0.0001), supporting the accuracy of this approach.

To obtain the ASD-enriched set of SVs (ASD-SVs), we

next removed NMI-SV that were previously reported and

known as SVs from several non-ASD sources including

the 1000 Genome Project (Figure S1 and material and

methods). This left a total of 48,009 SVs in the ASD-en-

riched SV set (5.5% of all sites in the array that passed

QC) with frequency greater than 2% in the MIAMI popula-

tion and presence in the AGPC population (Tables S1

and S2).

ASD-SVs are enriched in ASD-susceptibility genes

Of the 16,917 protein-coding genes marked by the sites on

the Illumina array, 49% (8,222) had at least one ASD-SV

associated with them. The SFARI database lists 1,003
Human
ASD-risk genes (see material and methods), 866 of

which are marked by the Illumina array used in the

MIAMI and AGPC studies. Assuming a random distribu-

tion of ASD-SVs across the genome, our expectation

was that 416 of these genes would harbor an ASD-SV. How-

ever, we found NMI-SVs in a significantly greater number

(548, or 67%) (chi-squared test p < 1.0 3 10�10;

Figure 2D and Table S3). Likewise, AutDB lists 1,241 ASD-

risk genes, of which 922 are marked by the array used

here. We would expect to find 470 genes harboring ASD-

SVs but, instead, we find a significantly greater number

(n ¼ 621, p < 3.6 3 10�12, chi-squared test, Figure 2D

and Table S3).

ASD-SVs disrupt gene regulation

The majority of the ASD-SVs reside in non-coding

genomic space; therefore, we hypothesized that they

disrupt regulatory regions. Consistent with this, an over-

lap analysis with the eQTL SNPs available from the

GTEx Project database indicated that compared with

the roughly 900,000 normally inherited loci on the Illu-

mina array, these ASD-SVs were enriched for eQTL

(p < 1.5 3 10 �41, Table S3). Given this result, we sought

to determine whether they were over-represented in genes

known to be differentially expressed in ASD individuals. A

previous analysis of postmortem brain tissue from ASD in-

dividuals and non-ASD individuals, independent from the

data we used here, identified 513 significantly differen-

tially expressed genes (DEGs).13 In support of their role
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Figure 5. Identification of ASD subgroups from GWAS
(A) tSNE plot colored according to hierarchical clustering of genic ASD-SVs shows three subgroups of ASD individuals from the AGPC study.
(B) ASD clusters can be explained by the most important genes containing ASD-SV according to iterative random forest (RF) classifiers.
The top ten genes (based on RF importance score) for a cluster are shown in a heatmapwhere cells are colored according to the frequency
of their resident ASD-SV (blue ¼ low frequency, red ¼ high frequency), and the contrast with the other two clusters is evident in each
heatmap. Frequency values are shown in the cells.
in gene regulation, more than 70% of the DEGs (350

genes) harbor an ASD-SV, which is significantly greater

than expected by chance (chi-squared test, p < 3.0 3

10�60, Table S5).

One of the most frequent ASD-SVs resides in the gene

GRIK2, which encodes the GluK2 subunit of the kainate re-

ceptor (KAR, 35% of ASD individuals; Figure 3). This gene

was differentially expressed in the study by Velmeshev

et al.13 and has been previously reported as associated

with ASD.14 The SNP (rs2051449) that marks this ASD-SV

offers an opportunity to delve deeper into the genetic

disruption linked to ASD because the NMI approach pro-

vides kilobase-resolution as to the locale of the SV. In this

case, the ASD-SV overlaps an enhancer element near a

known copy-number variant (CNV)15 adjacent to exon

12 that binds an RNA-splicing complex (Figure 3A). One

prediction is therefore that an SV at this site disrupts

proper splicing of exon 12. Exon 12 codes for a portion

of the glutamate binding pocket and, therefore, the loss

of this exon would significantly disrupt glutamate

signaling, especially as it is predicted to still be capable of

assembling with other subunits via the preserved amino-

terminal domains, which would result in a loss of function

via a dominant negative mutation (Figure 3B). We remap-

ped the RNA-seq data from Velmeshev et al. at the exon

level and with high stringency, which revealed a roughly

50% reduction in transcripts within exon 12 in 10 of 13

ASD samples but in only one of the controls (Figure 3C,

p < 2.3 3 10 �14), supporting our hypothesis that these

ASD-SVs are common in the ASD population but rare in

the non-ASD population.

An ASD-SV in the kynurenine pathway is associated with

non-verbal ASD

Although we did not have Illumina array SNP genotypes

from non-ASD trios to test for phenotypic association

with ASD in a case-control manner, we did have pheno-

typic subgroups of ASD individuals that allowed us to
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determine whether specific ASD-SVs were associated

with a trait variable within the ASD population. We per-

formed logistic association using a set of presence/

absence markers encoded for ASD-SVs located within

genes (see material and methods) to detect significant

loci between verbal and non-verbal ASD individuals.

The test identified two significant loci, ACMSD and

MTHFD2P1, after a conservative Bonferroni correction

(p < 5 3 10�6, Figure 4A). ACMSD is an important

enzyme in the tryptophan salvage and kynurenine

pathway and is the rate-limiting enzyme for producing

the neuroprotective picolinic acid from the toxic quino-

linic acid substrate17 (Figure 4B). Both the product

and substrate have been linked to schizophrenia (MIM:

#181500), Tourette syndrome (MIM: #137580), dif-

ferent forms of epilepsy, depression, suicide, and, impor-

tantly, ASD.18–21 Here, the significant ASD-SV occurs at

an SNP (rs12471304, odds ratio ¼ 2.3, Table S3) 1 kb

from an FOS transcription factor binding site that has

been reported to regulate the ACMSD gene in the

Open Regulatory Annotation database (oregano.org:

OREG1613578).22

In addition to picolinic acid and quinolinic acid, trypto-

phan can also undergo catabolism to kynurenic acid

through action of the enzyme aminoadipate aminotrans-

ferase (AADAT), which inhibits NMDA, kainate, and

AMPA receptors. A report of altered plasma levels of ky-

nurenic acid and tryptophan in ASD individuals

compared with non-ASD individuals and correlation

with ASD severity further supports our findings here.21

As is the case with picolinic acid, kynurenic acid appears

to be neuroprotective.17,23 Notably, an ASD-SV at

rs1717098 in AADAT is found in more than 20% of indi-

viduals in both the MIAMI and AGPC studies. The SV

overlaps a regulatory site for AADAT, and a CNV in ASD

individuals has been reported in this gene.24 This suggests

that SVs in other genes in this pathway may be associated

with ASD subtypes.
023



Figure 6. Roles of core ASD-SV genes in function and disease
A subset of ASD-SV found at a frequency greater than 0.15 in both the AGPC andMIAMI datasets (N¼ 1,116 genes) were submitted to Gene
Ontology for biological enrichment and ToppFun for disease enrichment. In support of our ASD-risk gene enrichments, we find statistically
significant enrichment for autism and other developmental disorders. The biological enrichment test identified glutamate signaling and the
growth of dendritic spines as significantly enriched. See text and supplemental figures for details. Created with BioRender.com.
Clustering of ASD-SVs reveals the genetic heterogeneity

of autism

By using an explainable artificial intelligence (X-AI)

approach, we demonstrate that we can use the ASD-

SVs to dissect the heterogeneity that has plagued past

studies. Using hierarchical clustering, we were able to

delineate several distinct sub-clusters of the AGCP ASD

individuals (Figure 5A). Then, by using an iRF classifier,26

we identified the genes whose SV variation across the

ASD individuals most defined each cluster (Figure 5B).

This provides valuable information for follow-up studies.

For example, an ASD-SV in the CTNNA2 gene defines clus-

ter 1 and is associated with the startle response,27 whereas

the CACNA2D1 gene, which defines cluster 3, is associated

with short-QT cardiac arrhythmias.28 Here our metadata

were limited, but with larger sample sizes and data from

electronic health records these NMI variants could be

tested for association with more refined and clinically rele-

vant phenotypes. This could provide a crucial tool for pre-

cision medicine in the context of neuropsychiatric

disorders.
Human
Discussion

Here we presented results supporting our hypothesis that

SVs represent an important component of genomic infor-

mation that is currently being excluded from most ASD

studies. Using simple NMI as a surrogate for SV detection

and then removing SVs that are found in non-ASD popula-

tions, we identify genomic variation that is frequent in the

ASD population and rare in the non-ASD population (e.g.,

the SV in GRIK2 tagged by the NMI SNP rs2051449,

Figure 3). Importantly, this method is able to identify rare

variation given a simple pedigree and is therefore indepen-

dent of population sizes or ancestry, as is the case with stan-

dardGWAS approaches. Our SV-based GWAS for verbal and

non-verbal ASD types revealed a significant site in the

ACMSD gene, a rate-limiting enzyme in the kynurenine

pathway, which lies at the nexus of numerous ASD-associ-

ated traits including neuroinflammation, sleep disorder,

mitochondrial dysfunction, gastrointestinal abnormalities,

and altered circadian rhythms.29 Notably, much investiga-

tion and drug development has been focused on enzymes
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in this pathway (e.g., indoleamine-2,3-dioxygenase and

metabolites such as kynurenic acid),30 but little attention

has been paid to ACMSD and production of neuroprotec-

tive picolinic acid.

Our study was limited because we did not have data

from non-ASD trios using the same array and therefore

could not perform an SV-GWAS for ASD versus non-

ASD individuals, begging the question: how do the re-

maining ASD-SVs contribute to the disorder? To address

this, we selected only those ASD-SVs found in protein-

coding genes at a frequency greater than 0.15 on both

the AGPC and MIAMI datasets (N ¼ 1,116 genes), but

are rare or not found in non-ASD populations, and sub-

mitted them to GO and ToppFun (toppgene.cchmc.org/

enrichment.jsp) for tests for biological and disease en-

richments, respectively. In support of our work presented

above, the disease enrichment test identifies autism and

other developmental disorders as significantly associated

with the genes harboring these high-frequency ASD-SVs

(Figure 6). The GO BP enrichment identified significant

enrichment for glutamate receptor signaling, synaptic

processes, and growth of dendritic spines.

Dendritic spines31 are short protrusions that extend

from the main trunk of a dendrite, and their dysfunction

has been thoroughly described in ASD;32 we identified

SVs at high frequency in two ASD populations that are crit-

ical to their formation. In neurons, the ERM and WAVE

protein complexes33,34 are central to physically growing

the spine from the trunk,31 and we identify several genes

from those complexes. Interestingly, nearly 20% of the in-

dividuals carried an ASD-SV in the MSNP1 pseudogene,

which was the strongest signal reported in the original

GWAS from which we obtained our data.11 This pseudo-

gene is known to control the protein levels of the parent

gene MSN,35 which is part of the ERM complex (Figure 6).

Other genes with high-frequency ASD-SVs include KALRN

(a RhoGEF associated with schizophrenia) and RELN (asso-

ciated with ASD in more than 50 studies). These and

numerous others linked to dendritic spine morphogenesis

in the literature and supported by in vitro and in vivo work

were also discovered36–38 (N ¼ 97) (Tables S1 and S5;

Figure S3).

Glutamate signaling was also prominent in our GO

enrichment. Glutamate receptors mediate excitatory syn-

apse transmission in the brain and are grouped into five

families (AMPAR, NMDAR, Kainate, Delta, and mGluR),

all of which have been implicated in ASD39–41 and the

ASD-like Kleefstra syndrome.42 Of the 26 genes that

encode subunits of these receptors, we find that 20 har-

bor an ASD-SV, many at high frequency in the MIAMI

and AGPC populations (Figures 6 and S3; Table S6),

and these receptors are also targets of the kynurenine

pathway including quinolinic acid. Importantly, a me-

tabotropic glutamate receptor, GRM5 (mGluR5), initiates

a cascade of events that are central to dendritic

spine formation,43 and we find that 22% of ASD individ-

uals harbor an ASD-SV in GRM5 (marked by rs1846476),
10 Human Genetics and Genomics Advances 4, 100150, January 12,
linking these two significantly enriched biological

processes.

We find that several ASD-SVs reside in glutamate recep-

tor subunits that are necessary for the early development

of the cerebellum and are directly involved in develop-

ment of the network of Purkinje cells and climbing fibers

that are critical for the cerebellar function: GRM5 (22%),

GRID2 (35%), GRIA4 (5%), and GRIN3A (18%) (Figure 6).

Indeed, nearly all postmortem examinations of ASD

brains have found significant differences in the cere-

bellum compared with controls, including the loss of

Purkinje cells, overall cerebellar enlargement early in

development, and reduction in size by adulthood.44–47

Together with the dendritic spine morphogenesis genes,

the disruption to glutamate signaling genes supports the

hypothesis that ASD is likely a disorder centered around

aberrant development of the cerebellum. Future work

focused on these genomic regions will hopefully uncover

further details with regard to these processes and their

relevance to ASD.

Our results indicate that the failure of standard methods

such as GWAS to detect loci that are strongly associated

with ASD is not due to any shortcomings of the association

method but rather the inability of current genotyping

methods to provide accurate information for testing. Until

either sequencing or variant calling methods improve, we

have shown here that much of this important genomic

variation can be captured with simple NMI signals on

genotyping arrays. Lastly, this study emphasizes the

importance of re-analyzing existing datasets with new

tools and approaches. With the novel database of SVs

created here, we were able to characterize, at the molecular

level, a set of ASD individuals that are likely to be non-ver-

bal. We developed this database using data that are

customarily excluded from analysis. It is therefore very

likely that such previously undetected SVs are the key

‘‘missing heritability’’ needed to explain the discrepancies

between family-based and SNP-based heritability estimates

for ASD and other human diseases and phenotypes. We

predict that this approach will rapidly advance the knowl-

edge of the genetic ;basis of many health conditions of so-

cietal importance.
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