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Abstract

Background: Previous large-scale studies of de novo variants identified a number of genes associated with neurode-
velopmental disorders (NDDs); however, it was also predicted that many NDD-associated genes await discovery. Such
genes can be discovered by integrating copy number variants (CNVs), which have not been fully considered in previ-
ous studies, and increasing the sample size.

Methods: We first constructed a model estimating the rates of de novo CNVs per gene from several factors such as
gene length and number of exons. Second, we compiled a comprehensive list of de novo single-nucleotide variants
(SNVs) in 41,165 individuals and de novo CNVs in 3675 individuals with NDDs by aggregating our own and publicly
available datasets, including denovo-db and the Deciphering Developmental Disorders study data. Third, summing
up the de novo CNV rates that we estimated and SNV rates previously established, gene-based enrichment of de
novo deleterious SNVs and CNVs were assessed in the 41,165 cases. Significantly enriched genes were further pri-
oritized according to their similarity to known NDD genes using a deep learning model that considers functional
characteristics (e.g., gene ontology and expression patterns).

Results: We identified a total of 380 genes achieving statistical significance (5% false discovery rate), including 31

genes affected by de novo CNVs. Of the 380 genes, 52 have not previously been reported as NDD genes, and the data
of de novo CNVs contributed to the significance of three genes (GLTSCRT, MARK2, and UBR3). Among the 52 genes, we
reasonably excluded 18 genes [a number almost identical to the theoretically expected false positives (i.e,, 380 x 0.05
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= 19)] given their constraints against deleterious variants and extracted 34 “plausible” candidate genes. Their validity
as NDD genes was consistently supported by their similarity in function and gene expression patterns to known NDD
genes. Quantifying the overall similarity using deep learning, we identified 11 high-confidence (> 90% true-positive
probabilities) candidate genes: HDAC2, SUPT16H, HECTD4, CHD5, XPO1, GSK3B, NLGN2, ADGRB1, CTR9, BRD3, and MARK?2.

Conclusions: We identified dozens of new candidates for NDD genes. Both the methods and the resources devel-
oped here will contribute to the further identification of novel NDD-associated genes.

Keywords: Neurodevelopmental disorder, Intellectual disability, Epileptic encephalopathy, Autism spectrum disorder,
Rare disease, De novo variant, Copy number variant, Copy number variation, Mutation rate, Deep learning

Background

Whole-exome sequencing (WES) enabling comprehen-
sive detection of de novo mutations (DNMs) in protein-
coding regions has revealed many novel causative genes
of neurodevelopmental disorders (NDDs) [1-4]. How-
ever, studies have suggested that many NDD-associated
genes still await discovery [1, 2]. Such unidentified genes
could be discovered by first developing more sophisti-
cated methods for statistical analysis and second increas-
ing the sample size.

To robustly identify genes responsible for NDDs, the
enrichment of DNMs in affected individuals should be
statistically evaluated. For this purpose, an approach
comparing the observed and expected numbers of DNMs
referring to the theoretical DNM rate is often utilized.
Specifically, Samocha et al. developed a model of rates of
de novo single-nucleotide variants (dnSN'Vs) considering
the trinucleotide context (e.g., a high rate of transitions at
CpG sites) and calculated the theoretical per-gene muta-
tion rates of SNVs [5]. Enrichment analyses of dnSN'Vs
using this model of theoretical mutation rates have iden-
tified a number of novel disease-causing genes [4]. By
contrast, a model of theoretical per-gene mutation rates
has not yet been established for copy number variations
(CNVs), another class of important disruptive genetic
variation. Therefore, previous studies of DNMs aiming
at identifying novel causative genes could not integrate
information of dnSN'Vs and de novo CNVs (dnCNVs) in a
uniform manner [2].

To identify new NDD-associated genes, we first
addressed the problem in this study by developing a
model estimating per-gene rates of dnCNVs consid-
ering several factors, such as gene length, number of
exons, and information on segmental duplications (SDs)
(Fig. 1). Subsequently, we compiled comprehensive lists
of dnSNVs and dnCNVs in 41,165 and 3675 individu-
als with NDDs, respectively, by combining our own new
dataset and data from published studies. By using the
existing per-gene mutation rates for SNVs, the per-gene
mutation rates for CNVs developed in this study, and
the comprehensive lists of dnSNVs and dnCNVs from
this and previously reported studies, we identified a

large number of novel NDD-associated genes achieving
exome-wide significance. We also propose a framework
to assess the validity of new candidates for disease genes
and to prioritize them by integrating various information.

Methods

Sample collection

We analyzed 13,851 individuals including 2536 trios in
which the child was affected by rare diseases. They were
recruited for genetic diagnosis and various studies, such
as on autism spectrum disorder (ASD) [6] or epileptic
encephalopathy [7] and series of case reports [8, 9], from
hospitals in Japan and other countries including Malay-
sia, Vietnam, Israel, Iran, Turkey, Brazil, Chile, and New
Zealand (termed as Yokohama City University [YCU]
samples). In a subset of these trios, the child was diag-
nosed by attending physicians as having an NDD such
as intellectual disability (» = 1317). Written informed
consent was obtained from all of the participants or
their guardians. In addition, NDD cases in publicly avail-
able data such as a previous Deciphering Developmen-
tal Disorders (DDD) study (DDD31k, n = 31,058) [1],
denovo-db (n = 8790) [10], and Simons Simplex Col-
lection (SSC, n = 2385) [11] were included in this study
(see “Analysis of DDD31k and denovo-db data” below
and Additional file 1: Supplementary Methods). The total
number is 41,165 (1317 + 31,058 + 8790) for the analy-
sis of SN'Vs and small indels while 3675 for CNVs (1298
+ 2377) because 19 (1317-1298) samples did not pass
CNV-based quality checks (QCs). For two samples with a
de novo ¢.662A>G variant in PIPSKIC, their phenotypes
were collected by attending physicians and described in
detail (see “Case reports” in Additional file 1: Supplemen-
tary Methods). This study was approved by the institu-
tional review board of Yokohama City University School
of Medicine.

Genetic drift simulation

We performed genetic drift simulation of a gene under a
constant population size model by using a custom script
(https://github.com/hamanakakohei/AmJHumGene
t2020/blob/master/fig.s1.sh.R), as previously described
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Fig. 1 Framework for estimating mutation rates of < 1 Mb LOF CNVs per gene. a A conceptional overview showing the method for calculating the
mutation rates of < 1 Mb LOF dnCNVs per gene. b A scheme depicting the method for selecting training genes. We selected training genes (here,
the gene in red) that are LOF-tolerant and flanked by upstream and downstream > 1 Mb regions without any LOF-intolerant genes

[12-14]. Parameters of the gene were set as follows:
selection coefficient: 0; dominance coefficient: 0; con-
stant population size: 100,000; generations: 1,000,000;
number of mutation sites (de novo events) in the gene:
100, 320, or 1000; and mutation rate per mutation site in
the gene: 1.0e-10, 1.0e-9, 1.0e-8, or 1.0e-7. The settings of
the selection coefficient and the dominance coefficient
indicate that the variants were under no natural selec-
tion. Each simulation generated the number of variant
sites observed in 10,000 individuals randomly selected

from the last generation, which was about the sample size
of Genome Aggregation Database (gnomAD) structural
variation (gnomAD-SV) [12, 15]. We set the mutation
rate at each mutation site as le-7 or less, assuming that
CNV mutation rates are likely lower than SNV mutation
rates (from 8.0e-10 to 1.2e-7) [16, 17]. This is because the
total number of dnCNVs per individual was far lower
than that of dnSNVs, even though possible mutation
sites of CN'Vs are far more numerous than those of SN'Vs
[16, 18, 19]. The simulation was repeated > 300 times for
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each parameter setting. Across the simulations with the
same parameter setting, the numbers of variant sites in
the gene that were observed in the 10,000 individuals in
the last generation were averaged. This average was com-
pared with the total mutation rate in the gene [= (the
number of mutation sites in the gene) x (the mutation
rate per mutation site in the gene)].

Regression analyses predicting the number of < 1 Mb
loss-of-function (LOF) CNV sites per gene in gnomAD-SV
We performed binomial regression analyses of the num-
ber of 50 to 1 Mb LOF (deleting exonic regions) CNVs
per gene in gnomAD-SV (https://gnomad.broadinsti
tute.org/downloads/gnomad_v2_sv.sites.bed.gz) [15] by
using a script (CnvModelConstruction_FigS1.R) on our
GitHub repository [20]. The lower cut-off of the CNVs
was derived from that in gnomAD-SV and a previously
proposed definition [21]. For each gene, we used tran-
scripts that were as follows: (1) in GENCODE (gencode.
vl9.annotation.gff3.gz) and (2) annotated as canonical
and protein-coding in snpEff (n = 20,034). Among the
genes, we selected LOF-tolerant genes flanked by 1 Mb
regions free from LOF-intolerant genes at autosomes as
training genes (1 = 2225) (Additional file 1: Fig. 1a and
Additional file 2: Table S1). We defined LOF-intolerant
and LOF-tolerant genes as genes at the first decile of
loss-of-function observed/expected upper bound frac-
tion (LOEUF) (< 0.278), a metric for intolerance to LOF
(gnomad.v2.1.1.]of_matrics.by_transcript.txt.bgz), and
the other genes (0.278 or more), respectively [19]. For the
regression analysis, we used the number of < 1 Mb LOF
CNVs per gene in gnomAD-SV as a response variable.
As explanatory variables, we used gene length, transcript
length, number of exons, distance from the telomere, and
number of SD pairs involving or surrounding the gene
that are < 1 Mb apart. Locations of SDs were downloaded
from the UCSC Genome Browser [22]. We set the dis-
tance from the telomere as 25 Mb when it was > 25 Mb
because the numbers of < 1 Mb LOF CNV sites at genes
in that range appeared to be constant. Despite setting this
variable as 25 Mb, the distance from the telomere and the
count of < 1 Mb LOF CNV sites showed a negative cor-
relation (r = —0.069, p = 1.2e-3).

Correlation between o/e ratios of LOF SNV and LOF CNV
sites

We analyzed the correlation between the o/e ratios of
LOF SNV sites per gene in gnomAD and < 1 Mb LOF
CNV sites per gene in gnomAD-SV by using our script
(CnvModelConstruction_FigS1.R) [20]. The o/e ratios of
LOF SNV sites per gene in gnomAD were downloaded
from the gnomAD portal site (https://gnomad.broadinsti
tute.org/downloads/gnomad.v2.1.1.1of metrics.by_trans
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cript.txt.bgz) [19]. The o/e ratios of < 1 Mb LOF CNV
sites per gene in gnomAD-SV were calculated based on
our model, which predicted the number of < 1 Mb LOF
CNV sites per gene in gnomAD-SV (see “Regression
analyses predicting the number of < 1 Mb LOF CNYV sites
per gene in gnomAD-SV”).

Estimation of the total absolute mutation rate of < 1 Mb
LOF CNVs at training genes

We estimated the total mutation rate of < 1 Mb LOF
CNVs at the 2225 training genes using the Watterson
estimator as the original analysis of gnomAD-SV [15]
by using our script (CnvTotalMutationRate FigS1.R)
[20]. Briefly, the Watterson estimator calculates the total
mutation rate of CNVs from K (the number of polymor-
phic sites in a population), Ne (the effective population
size), and #n (the number of alleles). We calculated this
estimate in each ethnicity in gnomAD-SV—African/Afri-
can-American, Latino, East Asian, European, and other
populations—and averaged all of the estimates. To exper-
imentally validate the average estimate, we used the total
mutation rate of < 1 Mb LOF CNVs at the 2225 training
genes in ASD probands or healthy siblings of 519 SSC
quads, whose dnCNVs were detected with the gnomAD-
SV pipeline and confirmed by quantitative polymerase
chain reaction (qPCR) in a previous study [23].

Mutation rates of SNVs and small indels per gene

We calculated the mutation rates of SNVs and small
indels per gene using the trinucleotide-context model
(https://github.com/pjshort/dddMAPS)  [17], which
gives mutation rates in each trinucleotide context, as
described in our previous report (script: https://github.
com/hamanakakohei/AmJHumGenet2020/blob/master/
table.s1.s2.fig.s2a.1.R) [13, 20]. Briefly, the functional cat-
egory (e.g., missense) of all possible SNVs in each gene
was annotated with SnpEff [24]. Then, the per-gene rates
of synonymous, missense, and nonsense mutations were
determined by summing the rates of all possible variants
in one of the three categories in each gene. For the calcu-
lation of the mutation rate of frameshift indels, we multi-
plied the mutation rates of nonsense variants per gene by
1.1, which was the ratio of frameshift to nonsense DNMs
identified by exome sequencing in a previous DDD study
[3]. Because sequencing depth can affect the number of
observed variants, we adjusted the mutation rate at each
base according to the median depth per nucleotide, as
previously performed [13]: mutation rate x 0.025 x
depth, when depth was < 40. The formulas were gener-
ated from a curve of the median depth plotted against
the ratio of the mutation rate of synonymous variants
per nucleotide to the observed number of de novo syn-
onymous variants per nucleotide in our previous study
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[13]. For the depth adjustment, we randomly selected 100
samples analyzed with respective SureSelect Human All
Exon V4, 5, or 6 Kit in YCU and calculated the median
depth per nucleotide for the respective kits using sam-
tools. For DDD31k and denovo-db data [1, 10], we could
not obtain the median depth per nucleotide and could
not adjust the mutation rates per gene with the median
depth per nucleotide. Instead, for DDD31k and denovo-
db data, to match the expected and observed numbers of
DNMs in each set of data, we multiplied per-gene muta-
tion rates by 0.76 and 0.67 for DDD31k and denovo-db
data, respectively, which were the o/e ratios of rare (<
0.001% minor allele frequency in 5575 healthy YCU sam-
ples and the “non-neuro” subset of gnomAD) synony-
mous DNMs in each dataset (6028/7938 in DDD31k data
and 1502/2246 in denovo-db data).

Analysis of DDD31k and denovo-db data

We downloaded DNMs detected in the latest DDD31k
study [1] (https://www.biorxiv.org/content/10.1101/
797787v2) and denovo-db [10] (https://denovo-db.
gs.washington.edu/denovo-db.non-ssc-samples.
variants.v.1.6.1.vcf.gz and  denovo-db.ssc-samples.
variants.v.1.6.1.vcf.gz  in  http://denovo-db.gs.washi
ngton.edu/denovo-db/Download.jsp). We  excluded
“DDD_2017” and “Lelieveld2016” data from denovo-db
due to their overlapping of samples with data in the lat-
est DDD31k study. Because denovo-db contained multi-
ple studies using the same samples (i.e., SSC samples in
“lossifov,” “Krumm, “Turner2016,” “Turner 2017, and
“Werling 2018” and MSSNG samples in “Yuen2016”
and “Yuen2017”), we removed duplicated variants in the
same sample from these studies, and the total number
of samples from these studies turned out to be 2508 in
SSC and 1625 in MSSNG, according to the release notes
(denovo-db.v.1.6.1.pdf). We excluded studies of target
sequencing: “ASD1_2" and “ASD3” Because denovo-db
contained data from multiple studies targeting vari-
able diseases, we only selected studies about “autism,’
“congenital_heart_disease,’ “developmentalDisorder;,’
“intellectualDisability,’ “epilepsy, and “sporadic_infan-
tile_spasm_syndrome” We included the studies about
congenital heart diseases because congenital heart dis-
eases and NDDs could coincide, and their genetic causes
could overlap [4]. Consequently, we used the following
data in denovo-db: SSC data (n = 2508), MSSNG data
(n = 1625), “Hashimoto2015” (n = 30), “Homsy2015”
(n = 1213), “Sifrim2016” (n = 859), “Michaelson2012”
(n = 10), “DeRubeis2014” (n = 1445), “Lifton” (n =
362), “deLigt2012” (n = 100), “epidk2013” (n = 264),
“Halvardson2016” (n = 39), “Veeramah2013” (n = 10),
“Rauch2012” (n = 51), “Helbig2016” (n = 254), “Tavas-
s0li2014” (n = 1), “Lee2014” (n = 1), “Veeramah2012” (n
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= 1), “Moreno-Ramos2015” (n = 4), “Barcia2012” (n =
3), and “Dimassi2015” (nz = 10).

Enrichment analyses of DNMs per gene

The enrichment of DNMs per gene was analyzed by
testing the null hypothesis that the observed number
of DNMs follows a Poisson distribution whose mean is
equal to the expected number of DNMs (script: DnvEn-
richment_Fig2FigS4.R) [20]. The expected number
of DNMs was calculated as follows: (mutation rate of
DNMs per gene in an individual) x (number of analyzed
trios). Three patterns of enrichment analyses of DNMs
were performed: (1) only LOF analysis, (2) only d-MIS
analysis, and (3) LOF + d-MIS analysis. The threshold
of the p-value for statistical significance was Bonferroni-
corrected for the total number of tests: 0.05/(20,034 x 3)
(= 8.3E-7).

Plotting of DNMs

We plotted the locations of de novo SNVs and small
indels along with gene structures, read depth per nucle-
otide in WES in gnomAD, moving average of missense
counts per nucleotide in WES in gnomAD, and Pfam
domain locations using our script (DnmPlot_FigS7.R)
[20]. We downloaded the gene structures from GEN-
CODE (gencode.vl9.annotation.gff3.gz) [25], the depth
and number of missense variants per nucleotide from
the gnomAD portal site (gnomad.exomes.r2.1.coverage.
tsv.bgz and gnomad.exomes.r2.1.1.sites.vcf.bgz) [19],
and Pfam domains from the Table Browser of the UCSC
Genome Browser [22, 26]. To calculate the moving aver-
age of the number of missense variants per nucleotide,
we annotated the gnomAD variants with SnpEff [24],
counted the missense variants at each base, and calcu-
lated the moving average of the counts in the surround-
ing seven bases on each side (15 bases in total).

Spatiotemporal gene expression analyses

We analyzed whether genes preferentially expressed
in each tissue or cell type were enriched in the DNM-
enriched genes using the tissue-or cell-specific expres-
sion analysis (TSEA or CSEA) tools [27]. The gene
expression data for human tissues and human brain
subregions were derived from RNA-seq data of the
Genotype-Tissue Expression (GTEx) project and the
BrainSpan Atlas, respectively [28, 29]. The lists of spe-
cifically expressed genes are contained in the specific-
ity index probability (pSI) package of R (http://genetics.
wustl.edu/jdlab/psi_package/pSI.data_1.0.tar_.gz/data/
human.rda) [30]. The specificity was represented as a pSI
score, with a smaller score indicating higher specificity.
Whether genes specifically expressed in each tissue or
cell type were enriched in the DNM-enriched genes was
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analyzed using one-tailed Fisher’s exact tests followed by
Benjamini—-Hochberg (BH) adjustments. We also ana-
lyzed whether genes of respective co-expression modules
were enriched in the DNM-enriched genes using hyper-
geometric tests followed by BH adjustments. The mod-
ules were previously constructed from microarray data of
1061 samples of various brain regions (frontal, temporal,
parietal, occipital, subcortical, and cerebellar regions) at
various ages (from 6 weeks post-conception to 30 years
of age) by weighted gene co-expression network analyses
[31].

Gene ontology (GO) analyses

We analyzed which GO terms were enriched in the
DNM-enriched genes using ToppGene [32] by using our
script (GeneOntology Fig4.py) [20]. We analyzed three
different GO terms: GO biological process (BP), GO
molecular function (MF), and GO cellular component
(CC). We analyzed only GO terms with 20 to 500 genes
because GO terms with > 500 genes are less specific
and give little insight into the genes’ functions. Cluster-
ing of the enriched GO terms according to the similarity
between terms was performed using the EnrichmentMap
plugin of Cytoscape [33, 34]. A gene pair was connected
by an edge when the Jaccard and overlap combined coef-
ficient was greater than 0.375. The functions of clusters
of ten or more GO terms were manually annotated. Edge
width represents the overlap coefficient, and node size
represents the number of genes belonging to the node.
After clustering GO terms, we inspected each clus-
ter and manually annotated them with what the cluster
represents.

Protein-protein interaction (PPIl) network analysis

We used Search Tool for the Retrieval of Interacting
Genes/Proteins (STRING), a comprehensive database
of PPIs. STRING provides information about clusters
of interacting human proteins (hereafter, STRING clus-
ters), annotated with several databases such as Reactome
and UniProt [35]. To analyze which STRING cluster’s
components are enriched in the proteins encoded by the
DNM-enriched genes, we downloaded cluster descrip-
tions (clusters.info.v11.0.txt.gz) and protein members
of all clusters (clusters.proteins.v11.0.txt.gz) from the
STRING web server [35], and then calculated p-values
for each cluster using hypergeometric tests and corrected
them for multiple testing with the BH method by using
our script (String.py) [20].

Preprocessing of predictors for neural network (NN) model
construction

We used seven predictors for NN model: the probabil-
ity of being loss-of-function intolerant (pLI) [16, 19];
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LOEUF, a conservative estimate of the observed/expected
ratio [19]; missense z-score of the observed missense
counts compared to expected [16, 19]; and the results of
TSEA, brain subregion/stage-specific expression analy-
sis, co-expression module analysis, and STRING analysis.
We preprocessed these as follows: For the TSEA results,
we set genes with pSI < 0.05 in the brain as one and the
other genes as zero. For brain subregion/stage-specific
expression analysis results, we used the number of brain
subregions/stages with pSI score < 0.05 among the brain
subregions/stages enriched in the 328 known genes. For
co-expression module analysis results, we regarded this
variable as categorical and set modules except for M1,
M4, M7, and M13 as “Others” For GO analysis results,
we used the number of GO terms enriched in the 328
known genes. For STRING analysis results, we set genes
that are a member of STRING clusters enriched in the
328 known genes as one and the other genes as zero.

NN model construction

We designed the model architecture, trained the model,
and evaluated the model using the Keras application
programming interface of the TensorFlow2 package in
Python3 by using our script (Fig.6bcd_S9_TableS15.py)
[20, 36]. We trained an NN comprising one input layer
(8 neurons), two hidden dense layers with rectified linear
unit functions (128 neurons), and one output layer with
a sigmoid function (1 neuron). The last sigmoid function
outputs a score of 0-1. We used Adam as the model opti-
mization algorithm and binary cross entropy as the loss
function. For training, the parameters of the model were
updated in each of the five genes. The model was trained
for the whole training gene set five times.

AUC comparison

We determined the area under the receiver operating
characteristic curve (AUC) of our NN model, eight pre-
dictors, and three metrics for PC3 and NC3 by using our
script (Fig.6bcd_S9_TableS15.py) [20]. Empirical p-values
of the difference in AUC between our NN model and oth-
ers were based on a distribution of the AUC of 500 NN
models. The p-values were further adjusted by the BH
method. The three metrics were residual-variance intol-
erance score (RVIS) (http://genic-intolerance.org/data/
RVIS_Unpublished_ExACv2_March2017.txt) [37], which
indicates intolerance to functional variations, gene dam-
age index (GDI) (https://lab.rockefeller.edu/casanova/
GDI/GDI_full.txt) [38], which indicates the load of func-
tional variations in the general population, and Human
Gene Connectome (HGC) [39, 40], which measures the
biological distance between two genes. For the HGC
score, we manually give NDD genes in PC1 (#=243) and
PC2 (n=33) as input for “Core Genes” and genes in PC3
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http://genic-intolerance.org/data/RVIS_Unpublished_ExACv2_March2017.txt
http://genic-intolerance.org/data/RVIS_Unpublished_ExACv2_March2017.txt
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(n=246) and NC3 (n=1000) for “Genes of Interest” in
HGC server (https://hgc.rockefelleredu/) and obtained
the distance of a target gene to each of the 276 known
NDD genes and regarded the minimum distance among
the 276 scores as the HGC score of the target gene.

Application of the NN model to the 34 plausible candidate
genes

The NN model cannot handle genes for which some of
the data are missing. For 6 of the 34 plausible candi-
date genes, brain subregion/stage-specific expression
or co-expression module analysis results were missing.
Therefore, we converted the missing data in the brain
subregion/stage-specific expression analysis results to the
median (i.e., 1) of the 34 genes, while we converted the
missing data in the co-expression module analysis results
to “Others” (see “Preprocessing of predictors for NN
model construction”).

Calculation of likelihood ratios

To calculate the likelihood ratios of the NN model scores,
we approximated the score distributions of PC3 and NC3
using Kernel density estimation implemented in scikit-
learn library [41], which was the same algorithm as the
violin plots in Fig. 6a, by using our script (Fig.6bcd_S9_
TableS15.py) [20]. From the approximate distributions,
we obtained probability densities of model scores in NC3
and PC3. By dividing the probability densities in PC3
with those in NC3, we calculated the likelihood ratios of
NN model scores.

Results

Construction of models predicting the relative per-gene
mutation rates of LOF CNVs

We first aimed to construct a model calculating the
mutation rates of LOF CNVs per gene (only focusing on
deletions affecting one or more exons, but not including
other types of LOF SVs such as intragenic duplications
and mobile element insertions) [15] (Fig. 1). Previous
studies demonstrated that the mutation rates of syn-
onymous SNVs per gene correlate with the number of
synonymous SNV sites per gene in the general popula-
tions of the Exome Aggregation Consortium (ExAC) and
gnomAD [16, 19], despite various local mutation rates at
each base. From this finding, we hypothesized that the
mutation rates of variants at selectively neutral loci cor-
relate with the counts of variant sites in a population,
and thus, the de novo mutation rates of LOF CNVs per
neutral gene can be estimated from the number of LOF
CNV sites per gene in the gnomAD-SV dataset. To prove
this, we performed simulations of mutational events
and genetic drift through generations under various
parameter settings [12, 13]. The simulations showed that
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mutation rates per gene and numbers of variant sites per
gene observed in gnomAD-SV closely correlate when the
variants are not under natural selection (Additional file 1:
Fig. Sla).

The above result indicates that relative mutation rates
of LOF CNVs per gene can be calculated from the num-
ber of LOF CNV sites per gene in gnomAD-SV, when
the LOF CNVs are not under selection. We subsequently
selected genes in such regions where LOF CNVs are
unlikely to be under selection using the following criteria:
(1) genes that are tolerant of LOF variants, as indicated
by the LOEUF score [19] > 0.278 (genes not belonging to
the most constrained decile) and (2) genes flanked by 1
Mb upstream and downstream regions without any LOEF-
intolerant genes (LOEUF < 0.278) (Fig. 1b). We then used
the data of LOF CNVs that are smaller than 1 Mb in gno-
mAD-SV (“< 1 Mb LOF CNVs” in the following) to count
the numbers of LOF CNV sites in these genes (Fig. 1b).

Using these genes as the training set, we next con-
structed a model predicting the number of < 1 Mb LOF
CNV sites per gene in gnomAD-SV, which corresponds
to relative de novo mutation rates of < 1 Mb LOF CNVs
per gene as simulated above. For this purpose, we tested
the following six variables possibly correlated to the num-
ber of CNV sites per gene: gene length, number of exons,
transcript length, number of SD pairs involving or sur-
rounding a gene, distance from the centromere, and dis-
tance from the telomere (Additional file 2: Table S1). We
selected the latter three because SD pairs could generate
CNVs via non-allelic homologous recombination and
genomic regions near the centromere and the telomere
had more CNVs [15, 42]. As expected, gene length, num-
ber of exons, and transcript length positively correlated
with the number of < 1 Mb LOF CNV sites in the train-
ing genes (n = 2225) in gnomAD-SV (Additional file 1:
Fig. S1b). The number of SD pairs involving or surround-
ing a gene also showed a significant positive correlation,
but with a non-linear pattern (Additional file 1: Fig. S1b).
The distance from the centromere showed a weak corre-
lation with a fluctuation of the moving average. The dis-
tance from the telomere showed a negative correlation
in the regions near the telomere (0-25 Mb, the left side
of the black dotted vertical line in the rightmost panels
of Additional file 1: Fig. S1b), whereas the correlation
between per-gene < 1 Mb LOF CNV sites and the dis-
tance from the telomere was unclear in the distal regions
(> 25 Mb, the right side of the black dotted vertical line in
the rightmost panels of Additional file 1: Fig. S1b). From
these results, we decided to use gene length, number of
exons, transcript length, number of SD pairs, and dis-
tance from the telomere for the regions near the telomere
(see “Methods”) as the explanatory variables. Using all
possible combinations of these five explanatory variables
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(2°~1 = 31), we performed binomial regression analyses
and constructed 31 models predicting the number of < 1
Mb LOF CNV sites per gene based on the training genes
(Additional file 2: Table S2).

Selection and validation of the best model

Among the 31 models constructed above, the 4th model
considering gene length, number of exons, number of SD
pairs involving or surrounding a gene, and distance from
the telomere had the lowest AIC. We selected this model
as the best one and used it for further analyses (Addi-
tional file 2: Table S2).

On the basis of this model, we predicted the number
of CNV sites per gene in all genes, including those not
in the training set. The observed number of CNV sites in
gnomAD-SV and the expected number of those from the
4th model are highly significantly correlated in the train-
ing genes (Pearson’s correlation coefficient: 0.38, p-value
= 3.0e-79; Additional file 1: Fig. S1c). A highly signifi-
cant correlation with a smaller correlation coefficient
was also observed among the other (non-training) genes
(Pearson’s correlation coefficient: 0.24, p-value = 1.4e-
229; Additional file 1: Fig. S1c). These results suggested
that the model works for all genes. When comparing the
training genes with the non-training genes, the expected
numbers were less than the observed numbers only in
the non-training genes. This is reasonable because the
non-training genes include LOF-intolerant ones where
LOF CNVs should be under natural selection. We also
performed validation of our model using the ratios of
observed numbers of LOF CNV sites in gnomAD-SV to
the expected numbers based on our model (o/e ratios).
The o/e ratio of LOF CNVs for a gene is expected to be
lower when the natural selection against LOF CNVs hit-
ting the gene is stronger. This should also be true for the
o/e ratio of LOF SNVs because LOF CNVs and SNVs are
considered to damage gene function equally. Therefore,
we investigated the correlation between the o/e ratios
of LOF SNV sites in gnomAD and LOF CNV sites in
gnomAD-SV. We found that these two ratios are highly
significantly correlated (r = 0.20, p-value = 5.9E-168;
Additional file 1: Fig. S1d). In addition, the o/e ratio of
LOF CNV sites negatively correlated with a gene-level
score of intolerance to deletions (gs://gcp-public-data—
gnomad/legacy/exacvl_downloads/release0.3.1/cnv),
which was computed based on ExAC WES data (Pear-
son’s r = -0.24, p = 1.2e-120; Additional file 1: Fig. Sle)
[43]. These results collectively demonstrate that the
model reasonably predicts theoretical counts of LOF
CNV sites per gene on the assumption that the LOF
CNVs are under no selection.

In these validations, the 4th model considering mul-
tiple explanatory factors showed lower p-values than
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simpler models based on gene length (the 27th model)
or transcript length (the 29th model) (Additional file 2:
Table S2). Therefore, the 4th model, which demonstrated
the best performance in predicting per-gene LOF CNV
rates in the training genes, is thought to also be supe-
rior to the simpler models in predicting the non-train-
ing genes. On the basis of this 4th model, we obtained
the relative per-gene mutation rates of LOF CNVs in all
genes.

Conversion of the relative per-gene mutation rates of LOF
CNVs to the absolute mutation rates for DNM enrichment
analysis

Using the best model described above (the 4th model),
we can estimate the number of < 1 Mb LOF CNV sites
per gene in gnomAD-SV, which should correspond to
the relative per-gene dnCNV rates (Additional file 1:
Fig. Sla). Meanwhile, we need to convert the relative
per-gene rates into the absolute rates to determine the
theoretically expected numbers of dnCNVs in each gene
in a patient cohort. To this end, we estimated the total
absolute mutation rate of < 1 Mb LOF CNVs in the train-
ing genes using the Watterson estimator, as previously
described (Fig. 1b) [15]. The Watterson estimator, which
considers the number of variant sites and the population
size in gnomAD-SV, estimated the total absolute muta-
tion rate of < 1 Mb LOF CNVs in the training genes to
be 0.00155. This estimate is comparable to the mutation
rate in children in the SSC dataset (519 quads), in which
CNVs were detected in the same way as for gnomAD-
SV and experimentally validated (Additional file 1: Fig.
S1f) [15, 23]. In this analysis, we included the probands
because we assumed that even the affected children likely
have a comparable number of dnCNVs at neutral genes.
We further performed an adjustment of the total abso-
lute mutation rate considering that one CNV could affect
multiple genes. On average, < 1 Mb LOF CNV sites in
gnomAD-SV in the training genes affect approximately
1.2 training genes (Additional file 1: Fig. S1f). On the
basis of this number, we calculated the adjusted (cumu-
lative) total mutation rate of < 1 Mb LOF CNVs in the
training genes as 0.00186 (0.0155 x 1.2) (Fig. 1a).

From these results, we obtained the following absolute
mutation rates of < 1 Mb LOF CNVs per gene for 20,034
genes (protein-coding and canonical transcripts in GEN-
CODE and snpEff) (see “Methods”) (Additional file 2:
Table S3) (Fig. 1a): (the total absolute mutation rate in
the training genes, 0.00155) x (the number of the train-
ing genes affected by dnCNVs in the training genes, 1.2)/
(the total relative mutation rate in the training genes,
1824) x (the relative mutation rate of a gene of interest).
Because the abovementioned validation of the estimated
total mutation rate was performed by using a subset of
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genes (n = 2225) (Additional file 1: Fig. S1f), we repeated
the analysis using all genes (1 = 20,034) whose absolute
mutation rates were finally obtained here. By summing
up all mutation rates per gene, corresponding to the the-
oretical per-individual number of genes affected by LOF
dnCNVs, and comparing this summed value to the total
number of genes affected by experimentally validated
LOF dnCNVs in 519 quads in SSC described above, we
observed that the theoretically expected number is con-
sistent with the observed number, especially in healthy
siblings (Additional file 1: Fig. S1h). This indicates that
our estimate of the total mutation rate is reasonable.
Thus, we could obtain per-gene mutation rates of all
genes that can be used in the DNM enrichment analyses
as shown below.

Gene-based enrichment analyses of dnSNVs and dnCNVs

in NDDs

Subsequently, we compiled comprehensive lists of
dnSNVs and dnCNVs in NDD cases to maximize the
chance of gene discovery. We collected the data of
DNMs from the following four datasets: our YCU data
for dnSNVs and dnCNVs; the study of ~31,000 devel-
opmental disorder cases combining healthcare and
research data by the DDD project and others (DDD31k)
for dnSN'Vs [1]; denovo-db, a collection of DNMs assem-
bled from the literature, for dnSNVs [10]; and the SSC
dataset for dnCNVs (Additional file 1: Fig. S2) [11]. We
combined these data while being aware of the overlaps
across the datasets. For example, data of dnSN'Vs in the
SSC dataset were not used as these are included in the
denovo-db dataset. Variant- and sample-level QCs of
the dnSNVs and dnCNVs in our YCU cohort and dnC-
NVs in the SSC dataset were performed as described in
Additional file 1: Supplementary Methods and Fig. S2
and S3. After the compilation, we included the data of
dnSNVs in 1317 cases in YCU and dnCNVs in 1298 cases
in YCU, dnSNVs in 31,058 cases in DDD31k, dnSNVs in
8790 cases in denovo-db, and dnCNVs in 2377 cases in
SSC quads in the downstream analyses (Additional file 2:
Table S4, S5, and S6).
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By using the above-described framework for the anal-
ysis of dnSNVs and dnCNVs in a uniform manner, and
the compiled comprehensive lists of dnSNVs and dnC-
NVs in NDD cases, we performed enrichment analyses
of dnSNVs and dnCNVs. To combine the datasets from
different cohorts, we matched the expected and observed
numbers of synonymous dnSNVs (see Additional file 1:
Fig. S4 and Supplementary Methods). To calculate the
total expected count of dnSNVs and dnCNVs in a gene,
we added up each expected count because the sum of
two Poisson random variables, each with the mean A, or
\,, forms a Poisson random variable whose mean is \; +
\,. We performed the following three patterns of enrich-
ment analysis of DNMs for each gene (n = 20,034): (1)
only LOF (nonsense, frameshift, splice acceptor site,
splice donor site, and CNV) analysis; (2) only d-MIS
[damaging missense: missense variants with > 2 Missense
badness, PolyPhen-2, and Constraint (MPC [44]) score]
analysis; and (3) LOF + d-MIS analysis using the data of
both LOF and d-MIS DNMs.

For multiple testing corrections, we performed two-
step adjustments. We first applied a gene-level adjust-
ment based on the number of tests for each gene, that is,
three for genes with MPC annotation and one for genes
with no such annotation, using the Bonferroni method.
After that, we selected the smallest Bonferroni-adjusted
p-value for each gene. Next, we performed an exome-
wide adjustment based on the number of tested genes
using the BH method to obtain a g-value for each gene.
After corrections, we identified a total of 381 genes sig-
nificantly enriched for DNMs (q-value < 0.05) (Additional
file 2: Table S7). Of these 381 genes, we identified dnC-
NVs in 32 genes (Additional file 2: Table S8), and these
dnCNVs contributed to lower g-values (Fig. 2a): MECP2,
STXBP1, SCN2A, EHMTI, WAC, FOXG1, ZBTBIS,
HNRNPU, BCLI11A, SMCIA, SLC2A1, SMARCBI,
MYTIL, FBXO11, TAOKI, KDM6A, UBE3A, KMT2B,
ITPRI, ATP6VOC, NRXN1, ARIDI1B, CHD2, CSNK2A1,
MEIS2, KMT2C, TCF7L2, TNRC6B, ZNF462, GLTSCRI1,
MARK?2, and UBR3. We confirmed these CNVs in YCU
samples by qPCR (Fig. 2b and Additional file 1: Fig. S5)
and those in SSC samples by manual inspection with

(See figure on next page.)

Fig. 2 Contribution of dnCNVs to statistical significance of DNM enrichment analyses. a A plot of g-values of DNM enrichment analyses for each
gene before (x-axis) and after (y-axis) combining dnCNV data. The gray diagonal line indicates the line of y = x. The small inset is a magnified
image. The dotted lines in the small inset: thresholds for exome-wide statistical significance (g-value = 0.05). b Visualization of the LOF dnCNVs
affecting GLTSCR1 in a YCU case. From top to bottom, the plots show the exon-intron structures of the canonical transcripts, LOEUF, CNVs called
by the exome hidden markov model (XHMM), and z scores of depth in the XHMM analysis. LOEUF of each gene is shown as a horizontal line
corresponding to its genomic region. In the plot of z score for depth, the red line indicates the z score of the case with the LOF dnCNV, and the
black lines indicate the z scores of 500 randomly selected control individuals. € IGV images of WGS data of a family with a UBR3 dnCNV (13302)
and a family with a MARK2 dnCNV (12103). At the top, coverage and paired-end reads of all family members and exon—intron structures of genes
are shown. At the bottom, magnified images of coverage and paired-end reads of the affected proband are shown. In the magnified images,
discordant read pairs, whose read one and read two surround a dnCNV, are connected with a black line, and split reads, which span a breakpoint,
are connected with a red line. p1, the affected proband; fa, the father; mo, the mother; s1, the healthy sibling
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Integrative Genomics Viewer (IGV) (Figs. 2c and S6).
We noted that both ZBTB18 and HNRNPU were affected
by one dnCNV, and the dnCNVs at STXBPI, EHMTI,
BCLI11A, KDM6A, and ATP6VOC also affected other
LOF-constrained (> 0.9 pLI and < 0.35 LOEUF) genes
such as RALGPS1 and ENG, ZMYNDI19, PAPOLG and
REL, EFHC2, and PDPK1, respectively (Additional file 1:
Fig. Séb, d, g, h, o, and s). According to previous litera-
ture, the pathogenicity of STXBPI, EHMTI, ZBTBIS,
HNRNPU, BCL11A, and KDM6A deletions have been
established [45-51]. Meanwhile, the deletion of PDPK1,
but not ATP6VOC, may be truly pathogenic. There-
fore, we conservatively excluded the dnCNV count
at ATP6VOC. After that, the enrichment of DNMs at
ATP6VOC was no longer statistically significant.

Identification of plausible candidates for novel NDD genes
Among the 380 genes, in which ATP6VOC is not
included, we analyzed whether each gene was previously
reported as (1) an autosomal dominant or X-linked can-
didate NDD gene in the DDG2P (Development Disorder
Genotype Phenotype Database) [52], (2) an NDD-related
haploinsufficient gene in ClinGen Dosage Sensitivity
Map (https://ftp.clinicalgenome.org/ClinGen_gene_
curation_list. GRCh38.tsv) [53], (3) statistically signifi-
cant in three previous large studies of DNMs [1, 2, 54],
or (4) a gene causative of NDDs in PubMed, excluding
case reports (Additional file 2: Table S7). We found that
328 genes fell into at least one of the above categories.
Therefore, we defined them as known NDD genes. Mean-
while, no such reports on the remaining 52 genes had
been published, indicating that they can be new candi-
date genes for NDDs (Additional file 1: Fig. S7). Of these
52 candidates, dnCNVs contributed to the significance of
GLTSCRI1, MARK2, and UBR3 (Fig. 2b, c).

Among the 52 candidates, 43 and 26 genes are enriched
for LOF and d-MIS DNMs, respectively, in NDDs (17
genes are enriched for both). By evaluating the 43 genes
with LOF enrichment in light of their constraints against
LOF variants in the general population using two estab-
lished metrics (the pLI and LOEUF scores) [16, 19], we
found that these genes are significantly LOF-constrained
compared with the others (Wilcoxon rank sum test p-val-
ues = 1.6e-8 and 6.8e-5) (Additional file 1: Fig. S8a). This
further supports the candidacy of these genes as novel
NDD genes and suggests that haploinsufficiency of these
genes is the relevant pathomechanism (Additional file 2:
Table S9). In particular, genes with strong constraints
against LOF variants can be good candidates. We found
that there are 23 such genes with pLI > 0.9 and LOEUF
< 0.35 (Additional file 2: Table S9). We also noted that
ELAVL3 has very low observed/expected ratios of LOF
variants (0.15), while the LOEUF (0.46) and pLI scores
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(0.77) of this gene were modest, probably due to its small
gene size. Similarly, we evaluated the 26 genes enriched
for d-MIS variants in NDDs using the missense z-score
in gnomAD, an indicator of a constraint against missense
variants in the general population. We found that there
is an overall bias toward a constraint against missense
variants among the 26 genes with d-MIS DNM enrich-
ment (Wilcoxon rank sum test p-value = 2.9¢e-14) (Addi-
tional file 1: Fig. S8b). We found that 20 of the 26 genes
were highly depleted of missense variants (> 2.5 missense
z-score) and were thus considered as good candidate
genes (Additional file 2: Table S9). Notably, 7 of these 26
candidates harbor recurrent (affecting the same amino
acids) d-MIS DNMs (Additional file 2: Tables S8 and S9),
that is, PSMC3, PIPSKIC, KIAA0100, SEPT2, KBTBD?,
REST, and MAST3. This observation strongly indicates
the pathogenicity of these specific variants as well as the
association of these genes with NDDs, considering the
very low probability of observing multiple DNMs at the
same amino acids. Furthermore, we identified another
individual, recruited after performing the above enrich-
ment analyses, with the c.662A>G DNM at PIP5KIC
and found that the individual showed phenotypes such
as delayed language acquisition and facial dysmorphism,
which are consistent with those of the YCU case of the
same variant, included in the enrichment analyses (case
report in Additional file 1: Supplementary Results).

On the basis of these observations, we considered the
genes meeting either of the following criteria as plausi-
ble candidate genes for NDDs: (1) genes enriched for
LOF DNMs in NDDs and constrained for LOF variants
in the general population or (2) genes enriched for d-MIS
DNMs in NDDs and constrained for missense variants in
the general population and/or harboring recurrent d-MIS
DNMs (n = 34, Additional file 2: Table S9). This number
of plausible candidate genes, 34, is quite consistent with
the expected number of true-positive genes among the
52 candidates for novel NDD genes, which we estimated
as 380-328-19 = 33, based on the fact that 328 known
NDD genes are highly likely to be true positives and that
there should be 19 false positives among the 380 genes,
according to the false discovery rate (FDR) used in our
analysis (i.e., 380 x 0.05 = 19). We subsequently analyzed
the properties of these 34 plausible candidate genes.

Evaluation of plausible candidate genes by comparison
with known NDD genes

To further evaluate the validity of these 34 plausible
candidates as novel NDD genes, we performed a series
of bioinformatic analyses in which we characterized
the properties of the 328 known NDD genes and then
tested whether the same or similar characteristics were
observed in the 34 plausible candidates.
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First, we performed an analysis informed by various
resources of gene expression patterns. When we tested
in which tissues the 328 known genes were preferentially
expressed using the data of various human tissues from
the GTEx study [28], we found that genes preferentially
expressed in the brain (pSI score [27] < 0.05, see “Meth-
ods”) are significantly enriched among the 328 genes
(g-value < 2.0e-4). By contrast, there was no such enrich-
ment in the other 24 tissues (Additional file 2: Table S10).
In the 34 genes, we observed a similar pattern: a trend
toward the enrichment of brain-specific genes (p = 0.07,
pSI < 0.01) and no trend toward the enrichment of genes
specific to other tissues (Additional file 2: Table S10).
To obtain a higher spatiotemporal resolution within the
brain, we then used the expression patterns in various
brain regions and developmental periods in the Brain-
Span atlas [29]. Among the 60 spatiotemporal coordi-
nates (6 brain regions x 10 developmental periods), we
found that genes preferentially expressed in 14 coor-
dinates, mainly consisting of broad regions in the fetal
period and the postnatal cortex and cerebellum, were
enriched in the 328 genes (pSI < 0.05, g-value < 0.01)
(Additional file 2: Table S11 and Fig. 3a). We then ana-
lyzed whether the genes preferentially expressed in these
14 coordinates were also enriched in the 34 plausible can-
didate genes. The analysis showed significant enrichment
in the six coordinates in the fetal period (g-value < 0.05),
an observation unlikely to have occurred by chance. We
also analyzed co-expression modules observed in vari-
ous brain regions and developmental periods [31]. We
found that genes assigned to modules (M)1, 4, 7, and 13
were enriched in the 328 genes (g-value < 0.05) (Fig. 3b
and Additional file 2: Table S12). Regarding the general
characteristics of these modules, M1 is enriched for
genes expressed specifically in the fetal period and asso-
ciated with chromatin organization, M4 is enriched for
genes expressed specifically in the fetal and perinatal
periods and associated with neuronal differentiation, M7
is enriched for genes expressed across development and
associated with RNA processing and splicing, and M13
is enriched for genes expressed preferentially in the cor-
tex and cerebellum from childhood and associated with
neuronal excitability [31]. Therefore, it is reasonable to
assume that these four modules are associated with the
pathomechanisms of NDDs. Among the genes in these
four modules, M13 genes were significantly enriched in
the 34 plausible candidate genes (g-value < 0.05), and
M1 and M4 genes showed nominal significance (g-values
= 0.053) (Fig. 3b). Taken together and considering the
smaller number of plausible candidate genes when com-
pared with known genes, these results indicate that the
328 known and the 34 plausible candidate genes exhibit
similar expression characteristics.
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Second, we investigated the similarity between the
328 known and 34 plausible candidate genes in terms of
their biological properties by performing GO enrichment
analyses using ToppFun [32]. Among the 328 known
genes, we observed significant (g-value < 0.01) enrich-
ment of 1086 terms, comprising 843 BP, 130 CC, and
113 MF terms (Additional file 2: Table S13) [32]. When
we visualized this result by clustering GO terms con-
taining similar genes using Cytoscape (Fig. 4a) [33], we
observed multiple clusters of terms associated with neu-
ron or brain development, such as “regulation of neuro-
genesis” and “central nervous system development,” as
well as clusters of terms associated with processes that
are related to NDD pathogenesis, such as “histone meth-
ylation” and “synapse assembly” We subsequently inves-
tigated whether the 1086 NDD-associated terms were
enriched in the 34 plausible candidate genes. Of the 1086
terms, 90 BP, 31 CC, and 6 MF terms were enriched at
g-value < 0.1 (Fig. 4, red nodes). By statistically evaluat-
ing these observed numbers of BP, CC, and MF terms,
we found that all of them are unlikely to be observed by
chance (empirical p-values = 0.001, 0.001, and 0.014,
respectively; calculated by 1000x random sampling of 34
genes) (Fig. 4b). Therefore, it was considered that the bio-
logical properties of the 34 plausible candidate genes are
similar to those of the 328 known genes.

Third, we performed a protein-level analysis because
proteins encoded by NDD-associated genes are highly
interconnected within PPI networks [2, 55]. Clusters of
interacting human proteins are provided in STRING,
a comprehensive database of PPIs [35]. We analyzed
whether the component proteins of each STRING clus-
ter significantly overlap with the proteins encoded by
the 328 known genes. We identified 54 STRING clusters
with significantly more overlaps (hypergeometric test
g-value < 0.01) (Additional file 2: Table S14 and Fig. 5).
Of these 54 STRING clusters, we found that component
proteins in four clusters (cluster ID: 11115, 11116, 11117,
and 11339) overlapped with the 34 plausible candidates
at g-value < 0.1 (red nodes in Fig. 5 and Additional file 2:
Table S14). This observed number of overlaps (4 out of
54) was, again, statistically significant when compared
with the expectation from 1000x random sampling of
34 genes (empirical p-value = 0.008). Thus, protein-level
evidence also supports the validity of the 34 plausible
candidate genes as NDD genes.

Prioritization of plausible candidate genes using deep
learning

These bioinformatic analyses comparing the 328 known
and 34 plausible candidate genes collectively support
the relevance of the 34 plausible candidate genes in the
pathogenesis of NDDs. Lastly, we sought to construct a
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Fig. 4 GO terms enriched in the 328 known and 34 plausible candidate genes. a Clusters of GO terms enriched (g-value < 0.01) in the 328 known
and 34 plausible candidate genes. Only clusters of ten or more nodes are shown. Each node represents a GO term. Nodes are connected by an
edge when the Jaccard and overlap combined coefficient for their gene members is > 0.5. Node size represents the number of gene members.
Nodes are colored red when the nodes are statistically significant in the 34 plausible candidate genes. Gray ovals represent manually annotated GO
groups. b Histograms of numbers of GO terms enriched (g-value < 0.01) in 34 randomly selected genes. This simulation was repeated 1000 times.
In each simulation, only the 1086 terms enriched in the 328 known genes (Additional file 2: Table S13) were analyzed. Red bars indicate the number
of GO terms enriched in the 34 plausible candidate genes. Empirical p-values of the enrichment in the 34 genes are the proportion of simulations
with a number of GO terms equal to or more than that of the red bars. BP, GO biological process terms; CC, GO cellular component terms; MF, GO
molecular function terms
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model enabling the prioritization of the 34

plausible can-

didate genes by integrating various information about
them. For this purpose, we constructed an NN model

estimating the similarity of an input gene to the 328
known genes using the following eight predictors: pLI,
LOEUF, missense z-score, and the results of TSEA, brain
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subregion/stage-specific expression analysis, co-expres-
sion module analysis, and STRING analysis (Fig. 6a). In
addition to these predictors, we used coding sequence
(CDS) length as another input feature, which may affect
pLI and LOEUE, such that the model could control for
the effect. To accurately train and evaluate this model, we
only used genes for which all of the eight predictors were
available. We initially trained a model using 243 ran-
domly selected genes of the 328 known genes as positive
controls (PC1) and 10,164 non-NDD genes as negative
controls (NC1). We then evaluated its performance using
the remaining known genes (» = 33) and 1124 non-NDD
genes (NC2). The model outputs a score for a given gene,
and a higher score indicates that the gene is more similar
to the 243 known genes. We observed that the scores of
the PC2 genes were much higher than those of the NC2
(one-sided Wilcoxon rank-sum test p-value = 6.8e-20),
and the score distribution of the PC2 was comparable
to that of the PC1 (Fig. S9), confirming that the training
worked well and the hyperparameter setting prevented
overfitting towards the training genes. We then trained

the NN model using all the 276 genes and compared this
full model with the eight predictors above and three met-
rics for disease gene prioritization: RVIS, GDI, and HGC
[37-40]. Our full NN model had significantly larger AUC
for the classification of 246 NDD genes in DDG2P (PC3)
and 1000 non-NDD genes (NC3), which are independent
of PC1-2 and NC1-2, than the predictors or existing met-
rics (q-value = 0.010 for LOEUF and 0.0023 for the other
predictors and metrics, see “Methods”) (Fig. 6b), indicat-
ing that our NN model outperformed the others.

Next, we applied this model to the 34 plausible candi-
date genes. We found that their scores were also much
higher than those of the NC3 (one-sided Wilcoxon rank-
sum test p-value = 7.8e-17), confirming the overall valid-
ity of the 34 plausible genes as candidate NDD genes. On
the basis of the obtained scores, we estimated the prob-
abilities that each of the 34 genes is a true-positive NDD
gene using the naive Bayes algorithm. The algorithm cal-
culates posterior probabilities using prior probabilities
and likelihood ratios of predictors. We set the prior prob-
abilities that each of the 34 genes is true positive as 63%
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(33/52), assuming that (1) of the 380 genes with FDR <
0.05, 19 (380 x 0.05) are false positive, (2) the 19 genes
are included in the 52 (380—328) new candidate genes
whose association with NDD is not known, and (3) the
remaining 33 (52—19) genes are true positives. The likeli-
hood ratios of NN model scores were calculated from the
score distributions of the PC3 and NC3 (Fig. 6¢). Using
these prior probabilities and likelihood ratios, we calcu-
lated posterior probabilities of the 34 plausible candidate
genes (Fig. 6d and Additional file 2: Table S15). We found
that 11 out of the 34 genes—HECTD4, CHD5, NLGN2,
XPO1, SUPT16H, ADGRBI, CTRY, HDAC2, BRD3,
MARK?2, and GSK3B—had > 90% posterior probabilities.
Thus, it is considered that these genes in particular are
highly likely to be true-positive NDD genes.

Discussion

In this study, we conducted multi-layered statistical
and bioinformatic analyses and achieved the large-scale
discovery of novel NDD candidate genes with different
levels of confidence. First, we developed a statistical
method to analyze dnSNVs and dnCNVs in a uniform
framework and applied this to the combined dataset
of dnSNVs in 41,165 individuals and dnCNVs in 3675
individuals, including the data newly generated in this
study (i.e., the YCU dataset). The analysis identified a
total of 52 candidates for novel NDD-associated genes,
and dnCNVs contributed to the higher statistical signif-
icance for 31 of them, including three novel ones. We
next narrowed down the list of candidate genes based
on their constraint for deleterious variants in the gen-
eral population and obtained 34 plausible genes. The
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overall validity of the 34 genes as NDD genes was sup-
ported by multiple lines of evidence from bioinformatic
analyses. Lastly, we integrated the results of bioinfor-
matic analyses by constructing a deep learning model
and identified 11 genes with > 90% true-positive prob-
ability. Besides, we found that many of our new candi-
dates have family genes that are known to be associated
with NDDs (e.g., CHD2, CHD3, CHD4, CHD?7, and
CHDS8 for CHDS; HDACI, HDAC3, and HDACS8 for
HDAC2; KCNA2, KCNA4, KCNC1, and KCNC3 for
KCNA1I; NLGN3 and NLGN4X for NLGN2; and TCF4
and TCFI2 for TCF3). Given the usefulness of gene
family information in the identification of NDD genes
[56], these candidates are considered as true NDD
genes with a high level of certainty.

The method uniformly analyzing dnSNVs and dnC-
NVs that we developed here can be flexibly used in future
studies and should accelerate new gene discovery. Indeed,
the consideration of dnCNVs in addition to dnSNVs
provides a clear advantage as follows. In our model, the
number of genes affected by < 1 Mb LOF CNVs per indi-
vidual is 0.015 (Additional file 2: Table S3) and the num-
ber of genes affected by LOF dnSN'Vs in the trinucleotide
context model is 0.085. Therefore, when we analyze dnC-
NVs together with dnSNVs, we can theoretically gain
18% (0.015/0.085) more de novo LOF variants. Despite
dnCNV data being available in a limited number of cases
in this study, the addition of the dnCNV data contributed
to the discovery of three new genes (GLTSCRI, MARK2,
and UBR3). Considering these findings, applying our
method to upcoming massive sequencing data obtained
in future studies should be beneficial.

The list of dnSNVs and dnCNVs that we compiled can
be reusable. We have provided the full list of de novo
variants in YCU data and de novo deletions in SSC data
(Additional file 2: Table S4, S5, and S6), and this infor-
mation can be useful in any DNM enrichment analyses.
Such future studies may show robust enrichment of dam-
aging DNMs in genes with marginal significance in this
study, such as the 18 candidates that we excluded from
the 52 candidates when we selected the 34 plausible ones.

The deep learning model that we have developed can
objectively quantify how functionally valid a new can-
didate gene is from multiple types of and sometimes
redundant information. Given the highly and eas-
ily customizable nature of this model, it may also be
effective in prioritizing new candidate genes of other
diseases based on any predictors though the accuracy
depends on the number of known genes responsible for
the diseases. While in this study, we used this model
to identify better candidates from a limited number
of selected genes, and it also enables ab initio iden-
tification of good candidates from among all genes.
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For example, some of the genes that we considered as
negative control genes, whose association with NDDs
has never been reported, actually showed high scores
comparable to those of known NDD genes (Additional
file 2: Table S15). These genes may be good candidates
for new NDD-associated genes.

Regarding the limitations of our study, first, the sizes of
the dataset of CN'Vs used for construction and validation
of the model predicting dnCNV rates are still insufficient
(Additional file 1: Fig. S1d, f, and h), although we used the
largest available datasets, such as those from gnomAD-
SV and SSC. Thus, larger data of SVs in populations are
awaited. Second, for simplicity, in this study, we consid-
ered LOF-tolerant genes flanked by 1 Mb upstream and
downstream regions without any LOF-intolerant genes
as being “neutral” and used them for the model training.
However, this method does not account for the possibil-
ity that there would be functional noncoding elements.
By better understanding and integrating the information
of such elements, we would be able to further improve
the accuracy of the model. Third, in our gene-based
enrichment analysis, we discarded the calls of dnCNVs
larger than 1 Mb, which were observed in 2.1% (27/1298)
of YCU and 0.59% (14/2377) of SSC probands. Most of
these large dnCNVs are likely pathogenic in light of
their very-low frequencies in SSC healthy siblings, that
is, 0.052% (1/1922). Although we did not use the data
of such large dnCNVs in our current study considering
that the majority of dnCNVs larger than 1 Mb overlapped
with two or more LOF-intolerant (pLI > 0.9 or LOEUF
< 0.35) genes (83% and 79% in YCU and SSC probands,
respectively), we would be able to identify additional
NDD genes by efficiently incorporating the data of large
dnCNVs. Fourth, we may underestimate the true-positive
probabilities of the 34 plausible candidate genes (Fig. 6d)
because positive controls used for the model construc-
tion (PC1-2) and those for the likelihood ratio calcula-
tion (PC3) had different characteristics. The PC1-2 and
PC3 had similar but slightly different distributions of NN
model scores (Fig. 6¢). The reason for this may be that the
PC1 could be biased due to the detection method, that
is, our DNM enrichment analysis method, which is less
capable of detecting genes with pathogenic missense var-
iants than those with pathogenic LOF variants because
of difficulty in annotating the pathogenicity of missense
variants. The lower NN model scores in the PC3 led to
underestimation of the likelihood ratios and the resulting
posterior probabilities of the 34 candidate genes (Fig. 6¢).
Therefore, we expect that the 34 candidate genes may be
more likely to be true positives than estimated by this
model. Lastly, while we focused only on DNMs, other
inheritance patterns (e.g., autosomal recessive) can be
involved in the genetic risks of NDDs. Future works
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considering genes underlying NDDs of these inheritance
modes should be fruitful.

Conclusions

To identify new NDD-associated genes, we developed
a method that evaluates the burdens of dnSNVs and
dnCNVs in a uniform framework and compiled com-
prehensive lists of dnSNVs and dnCNVs by aggregating
data from our own new dataset and published studies.
Leveraging these improvements, we identified a large
number of new candidate genes. From these candidates,
we obtained more than 10 genes with high true-posi-
tive probabilities using deep learning. These new genes
should contribute to further elucidation of the genetic
architecture of NDDs, and the methods and resources
that we developed here can be used in future studies to
identify more NDD-associated genes.

Abbreviations

NDD: Neurodevelopmental disorder; CNV: Copy number variant; SNV: Single-
nucleotide variant; FDR: False discovery rate; WES: Whole-exome sequencing;
DNM: De novo mutation; dn: De novo; SD: Segmental duplications; LOF: Loss-
of-function; EXAC: Exome Aggregation Consortium; gnomAD: Genome Aggre-
gation Database; gnomAD-SV: gnomAD-structural variation; LOEUF: Loss-of-
function observed/expected upper bound fraction; AIC: Akaike's information
criterion; SSC: Simons Simplex Collection; YCU: Yokohama City University;
DDD: Deciphering Developmental Disorders project; MPC: Missense badness,
PolyPhen-2, and Constraint; BH: Benjamini Hochberg; gPCR: Quantitative
polymerase chain reaction; IGV: Integrative Genomics Viewer; DDG2P: Devel-
opment Disorder Genotype Phenotype Database; GTEx: Genotype-Tissue
Expression; pSI: Specificity index probability; M: Module; BP: Biological process;
CC: Cellular component; MF: Molecular function; PPI: Protein—protein interac-
tion; NN: Neural network; TSEA: Tissue-specific expression analysis; PC: Positive
control; NC: Negative control; ASD: Autism spectrum disorder.

Supplementary Information

The online version contains supplementary material available at https://doi.
0rg/10.1186/513073-022-01042-w.

Additional file 1. Supplementary Methods, Results and Figures. Figure
S1. Calculation of mutation rates of < 1 Mb LOF CNVs per gene. Figure
$2. Analyses of CNVs in WGS data of SSC ASD quads. Figure S3. CNV QC
of YCU WES data. Figure S4. Comparison of the observed and expected
numbers of DNMs in YCU, DDD31k, and denovo-db data. Figure S5.
dnCNVs at the 380 DNM-enriched genes in SSC data. Figure S6. dnCNVs
at the 380 DNM-enriched genes in YCU data. Figure S7. Plots of DNMs
at the 52 DNM-enriched candidate genes. Figure S8. Enrichment of
constrained genes in the 52 DNM-enriched candidate genes. Figure S9.
Distributions of NN model scores in NC1 and PC1 training and NC2 and
PC2 test gene sets.

Additional file 2: Table S1. Summary of explaining and response vari-
ables in the regression analyses. Table S2. Summary of models for relative
number of < T Mb LOF CNV per gene. Table S3. Mutation rate of < 1 Mb
LOF CNV per gene. Table S4. Rare de novo variants in 1,317 YCU samples.
Table S5. Calls of < 1 Mb rare de novo deletions in 1,298 YCU samples.
Table S6. Calls of < 1 Mb rare de novo deletions in 2,377 SSC probands.
Table S7. Results of DNM enrichment analyses in the DNM-enriched

381 genes including ATP6V0C. Table S8. DNMs at the 381 DNM-enriched
genes including ATP6VOC. Table S9. Confidence and predicted patho-
mechanism of in the 52 new DNM-enriched genes. Table S10. TSEA of
the 328 known and 34 plausible candidate genes. Table S11. Enrichment

Page 18 of 20

analyses of genes specifically expressed in various brain regions and
developmental stages in the 328 known and 34 plausible candidate
genes. Table S12. Enrichment analyses of genes specifically expressed

in co-expression modules in the 328 known and 34 plausible candidate
genes. Table S13. Enrichment analyses of GO terms in the 328 known and
34 plausible candidate genes. Table S14. Enrichment analyses of proteins
of STRING clusters in the proteins encoded by the 328 known and 34
plausible candidate genes. Table S15. Inputs and results of deep learning
analysis.

Acknowledgments

We thank all the participants for their cooperation in this research. We also
thank Ms. K. Takabe, Mr. T. Miyama, Ms. N. Watanabe, Ms. M. Sato, Mr. S. Naka-
mura, and Ms. S. Sugimoto at the Department of Human Genetics, Yokohama
City University Graduate School of Medicine, for their technical assistance. We
are also grateful to Edanz (https://jp.edanz.com/ac) for editing the English text
of a draft of this manuscript.

Authors’ contributions

K.H.: literature review, study design, data collection, data analysis, data inter-
pretation, and drafting the manuscript; TM., N.Mi, S.Miy,, Y.U, N.T, MN,, H.S,,
YT, ES, KL, TS, ElL,MS, HF, SO, KS, Tl, YA, EK, AF, SMit, TS, TS, K.Y, BE,
YH., GS.C, MK, and N.O.: data collection, data analysis, data interpretation,
and manuscript preparation; A.T. and N.Ma.: supervision of all aspects of the
study and manuscript preparation. The authors read and approved the final
manuscript.

Funding

This work was supported by AMED under grant numbers JP21ek0109486,
JP21ek0109549, and JP21ek0109493 (N. Matsumoto); JP19dm0107133,
JP19ek0109381, 19dm0307028, and 19km0405214 (A. Takata); JSPS KAKENHI
grant numbers JP20H03641 (H. Saitsu); JP19H03621 (N. Miyake), JP20H05777,
JP21H02855, and JP16H06254 (A. Takata); JP15K10367 (M. Nakashima);
JP20K07907 (S. Miyatake); JP20K08164 (T. Mizuguchi); JP20K17936 (A. Fujita);
and JP20K16932 (K. Hamanaka); the Takeda Science Foundation (T. Mizuguchi,
N. Miyake, H. Saitsu, N. Matsumoto); The Ichiro Kanehara Foundation for the
Promotion of Medical Science & Medical Care (S. Miyatake); and an intramural
grant of YCU (K. Hamanaka). The funding source had no role in the conduct of
the study.

Availability of data and materials

The datasets analyzed and/or generated during the current study are avail-
able: the list of CNVs in gnomAD-SV: https://gnomad.broadinstitute.org/downl
oads/gnomad_v2_sv.sites.bed.gz [15]; pLI, LOEUF, missense z-score, and o/e
ratio of LOF SNVs in gnomAD: https://gnomad.broadinstitute.org/downloads/
gnomad.v2.1.1.lof_metrics.by_transcript.txtbgz [19]; denovo-db: https://
denovo-db.gs.washington.edu/denovo-db/Download.jsp [10]; de novo vari-
ants in DDD31k: https://www.nature.com/articles/s41586-020-2832-5 [1]; de
novo variants and deletions in YCU: Additional file 2: Table S4 and S5; de novo
deletions in SSC: Additional file 2: Table S6; per-gene mutation rates of < 1

Mb LOF CNVs: Additional file 2: Table S3; deletion intolerance score in EXAC:
gs//gcp-public-data—gnomad/legacy/exacv1_downloads/release0.3.1/cnv
[43]; dosage sensitivity genes: https://ftp.clinicalgenome.org/ClinGen_gene_
curation_list_GRCh38.tsv [53]; the lists of genes expressed specifically in brain
spatiotemporal coordinates: http://genetics.wustl.edu/jdlab/psi_package/
pSl.data_1.0.tar_.gz/data/human.rda [30]; GDI score: https://lab.rockefeller.
edu/casanova/GDI/GDI_full.txt [38]; The HGC server: https://hgc.rockefeller.
edu/ [40]; RVIS: http://genic-intolerance.org/data/RVIS_Unpublished_ExACv2_
March2017.txt [37]; codes: https://github.com/hamanakakohei/GenomeMed?2
022/ [20].

Declarations

Ethics approval and consent to participate

Written informed consent for research participation was obtained from all the
YCU cases with NDDs or their legal guardians. This study was approved by the
institutional review board of Yokohama City University School of Medicine.
This study conformed to the Declaration of Helsinki.


https://doi.org/10.1186/s13073-022-01042-w
https://doi.org/10.1186/s13073-022-01042-w
https://jp.edanz.com/ac
https://gnomad.broadinstitute.org/downloads
https://gnomad.broadinstitute.org/downloads
https://gnomad.broadinstitute.org/downloads/gnomad.v2.1.1.lof_metrics.by_transcript.txt.bgz
https://gnomad.broadinstitute.org/downloads/gnomad.v2.1.1.lof_metrics.by_transcript.txt.bgz
https://denovo-db.gs.washington.edu/denovo-db/Download.jsp
https://denovo-db.gs.washington.edu/denovo-db/Download.jsp
https://www.nature.com/articles/s41586-020-2832-5
https://ftp.clinicalgenome.org/ClinGen_gene_curation_list_GRCh38.tsv
https://ftp.clinicalgenome.org/ClinGen_gene_curation_list_GRCh38.tsv
http://genetics.wustl.edu/jdlab/psi_package/pSI.data_1.0.tar_.gz/data/human.rda
http://genetics.wustl.edu/jdlab/psi_package/pSI.data_1.0.tar_.gz/data/human.rda
https://lab.rockefeller.edu/casanova/GDI/GDI_full.txt
https://lab.rockefeller.edu/casanova/GDI/GDI_full.txt
https://hgc.rockefeller.edu/
https://hgc.rockefeller.edu/
http://genic-intolerance.org/data/RVIS_Unpublished_ExACv2_March2017.txt
http://genic-intolerance.org/data/RVIS_Unpublished_ExACv2_March2017.txt
https://github.com/hamanakakohei/GenomeMed2022/
https://github.com/hamanakakohei/GenomeMed2022/

Hamanaka et al. Genome Medicine (2022) 14:40

Consent for publication
Written informed consent for publication of clinical details was obtained from
all the YCU cases of NDDs or their legal guardians.

Competing interests
The authors declare that they have no competing interests.

Author details

'Department of Human Genetics, Yokohama City University Graduate School
of Medicine, Yokohama, Japan. “Clinical Genetics Department, Yokohama City
University Hospital, Yokohama, Japan. *Department of Rare Disease Genomics,
Yokohama City University Hospital, Yokohama, Japan. “Faculty of Nutritional
Science, Sagami Women's University, Sagamihara, Japan. °Department of Bio-
chemistry, Hamamatsu University School of Medicine, Hamamatsu, Japan.
®Department of Pediatrics, Aichi Medical University, Nagakute, Japan. ’Depart-
ment of Medical Genetics, Ege University Faculty of Medicine, Izmir, Turkey.
8Current affiliation: Department of Medical Genetics, Prof. Dr. Cemil Tascioglu
City Hospital, Istanbul, Turkey. “Hiroshima Municipal Center for Child Health
and Development, Hiroshima, Japan. '°Department of Genetics, Penang Hos-
pital, Penang, Malaysia. ''Department of Pediatrics, Showa University School
of Medicine, Tokyo, Japan. '?Department of Medical Genetics, Osaka Women's
and Children’s Hospital, Izumi, Japan. '*Laboratory for Molecular Pathology

of Psychiatric Disorders, RIKEN Center for Brain Science, Wako, Japan.

Received: 31 August 2021 Accepted: 25 March 2022
Published online: 26 April 2022

References

1. Kaplanis J, Samocha KE, Wiel L, Zhang Z, Arvai KJ, Eberhardt RY, et al.
Evidence for 28 genetic disorders discovered by combining healthcare
and research data. Nature. 2020;586(7831):757-62.

2. Coe BP, Stessman HAF, Sulovari A, Geisheker MR, Bakken TE, Lake AM,
et al. Neurodevelopmental disease genes implicated by de novo muta-
tion and copy number variation morbidity. Nat Genet. 2019;51(1):106-16.

3. Fitzgerald TW, Gerety SS, Jones WD, van Kogelenberg M, King DA, McRae
J, et al. Large-scale discovery of novel genetic causes of developmental
disorders. Nature. 2015;519(7542):223-8.

4. McRae JF, Clayton S, Fitzgerald TW, Kaplanis J, Prigmore E, Rajan D, et al.
Prevalence and architecture of de novo mutations in developmental
disorders. Nature. 2017;542(7642):433-8.

5. Samocha KE, Robinson EB, Sanders SJ, Stevens C, Sabo A, McGrath LM,
et al. A framework for the interpretation of de novo mutation in human
disease. Nat Genet. 2014;46(9):944-50.

6. Takata A, Miyake N, Tsurusaki Y, Fukai R, Miyatake S, Koshimizu E, et al.
Integrative analyses of de novo mutations provide deeper biological
insights into autism spectrum disorder. Cell Rep. 2018;22(3):734-47.

7. Takata A, Nakashima M, Saitsu H, Mizuguchi T, Mitsuhashi S, TakahashiY,
et al. Comprehensive analysis of coding variants highlights genetic com-
plexity in developmental and epileptic encephalopathy. Nat Commun.
2019;10(1):2506.

8. Hamanaka K, Takahashi K, Miyatake S, Mitsuhashi S, Hamanoue H, Miyaji Y,
et al. Confirmation of SLC5A7-related distal hereditary motor neuropathy
7 in a family outside Wales. Clin Genet. 2018;94(2):274-5.

9. Hamanaka K, Miyatake S, Zerem A, Lev D, Blumkin L, Yokochi K, et al.
Expanding the phenotype of IBA57 mutations: related leukodystrophy
can remain asymptomatic. J Hum Genet. 2018;63(12):1223-9.

10. Turner TN, Yi Q, Krumm N, Huddleston J, Hoekzema K, HA FS, et al.
denovo-db: a compendium of human de novo variants. Nucleic Acids
Res. 2017;45(D1):D804-d11.

11. Fischbach GD, Lord C. The Simons Simplex Collection: a resource for
identification of autism genetic risk factors. Neuron. 2010;68(2):192-5.

12. Fuller ZL, Berg JJ, Mostafavi H, Sella G, Przeworski M. Measuring intoler-
ance to mutation in human genetics. Nat Genet. 2019;51(5):772-6.

13. Hamanaka K, Imagawa E, Koshimizu E, Miyatake S, Tohyama J, Yamagata
T, et al. De novo truncating variants in the last exon of SEMA6B cause
progressive myoclonic epilepsy. Am J Hum Genet. 2020;106(4):549-58.

14. Hamanaka K. AmJHumGenet2020. GitHub. 2020. https://github.com/
hamanakakohei/AmJHumGenet2020.

22.

23.

24.

25.

26.

27.

28.

29.

30.

32.

33

34.

35.

36.

37.

Page 19 of 20

. Collins RL, Brand H, Karczewski KJ, Zhao X, Alféldi J, Francioli LC, et al.

A structural variation reference for medical and population genetics.
Nature. 2020;581(7809):444-51.

. Lek M, Karczewski KJ, Minikel EV, Samocha KE, Banks E, Fennell T, et al.

Analysis of protein-coding genetic variation in 60,706 humans. Nature.
2016;536(7616):285-91.

. Short PJ, McRae JF, Gallone G, Sifrim A, Won H, Geschwind DH, et al.

De novo mutations in regulatory elements in neurodevelopmental
disorders. Nature. 2018;555(7698):611-6.

. Campbell CD, Chong JX, Malig M, Ko A, Dumont BL, Han L, et al.

Estimating the human mutation rate using autozygosity in a founder
population. Nat Genet. 2012;44(11):1277-81.

. Karczewski KJ, Francioli LC, Tiao G, Cummings BB, Alféldi J, Wang Q,

et al. The mutational constraint spectrum quantified from variation in
141,456 humans. Nature. 2020;581(7809):434-43.

. Hamanaka K. GenomeMed2022. GitHub. 2022. https://github.com/

hamanakakohei/GenomeMed2022.

. Alkan C, Coe BP, Eichler EE. Genome structural variation discovery and

genotyping. Nat Rev Genet. 2011;12(5):363-76.

Karolchik D, Hinrichs AS, Furey TS, Roskin KM, Sugnet CW, Haussler D,
et al. The UCSC Table Browser data retrieval tool. Nucleic Acids Res.
2004;32(Database issue):D493-6.

Werling DM, Brand H, An JY, Stone MR, Zhu L, Glessner JT, et al. An
analytical framework for whole-genome sequence association stud-
ies and its implications for autism spectrum disorder. Nat Genet.
2018;50(5):727-36.

Cingolani P, Platts A, Wang le L, Coon M, Nguyen T, Wang L, et al. A
program for annotating and predicting the effects of single nucleotide
polymorphisms, SnpEff: SNPs in the genome of Drosophila mela-
nogaster strain w1118; iso-2; iso-3. Fly (Austin). 2012;6(2):80-92.
Frankish A, Diekhans M, Ferreira AM, Johnson R, Jungreis |, Loveland

J, et al. GENCODE reference annotation for the human and mouse
genomes. Nucleic Acids Res. 2019;47(D1):D766-d73.

Mistry J, Chuguransky S, Williams L, Qureshi M, Salazar GA, Sonnham-
mer ELL, et al. Pfam: the protein families database in 2021. Nucleic
Acids Res. 2021;49(D1):D412-d9.

Dougherty JD, Schmidt EF, Nakajima M, Heintz N. Analytical
approaches to RNA profiling data for the identification of genes
enriched in specific cells. Nucleic Acids Res. 2010;38(13):4218-30.
Consortium G. The GTEx Consortium atlas of genetic regulatory effects
across human tissues. Science. 2020;369(6509):1318-30.

Miller JA, Ding SL, Sunkin SM, Smith KA, Ng L, Szafer A, et al.
Transcriptional landscape of the prenatal human brain. Nature.
2014;508(7495):199-206.

Xu X, Wells AB, O'Brien DR, Nehorai A, Dougherty JD. Cell type-specific
expression analysis to identify putative cellular mechanisms for neuro-
genetic disorders. J Neurosci. 2014;34(4):1420-31.

. Forsyth JK, Nachun D, Gandal MJ, Geschwind DH, Anderson AE, Cop-

pola G, et al. Synaptic and gene regulatory mechanisms in schizo-
phrenia, autism, and 22g11.2 copy number variant-mediated risk for
neuropsychiatric disorders. Biol Psychiatry. 2020;87(2):150-63.

Chen J, Bardes EE, Aronow BJ, Jegga AG. ToppGene Suite for gene list
enrichment analysis and candidate gene prioritization. Nucleic Acids
Res. 2009;37(Web Server issue):W305-11.

Shannon P, Markiel A, Ozier O, Baliga NS, Wang JT, Ramage D, et al.
Cytoscape: a software environment for integrated models of biomo-
lecular interaction networks. Genome Res. 2003;13(11):2498-504.
Merico D, Isserlin R, Stueker O, Emili A, Bader GD. Enrichment map:

a network-based method for gene-set enrichment visualization and
interpretation. PLoS One. 2010;5(11):13984.

Szklarczyk D, Gable AL, Nastou KC, Lyon D, Kirsch R, Pyysalo S, et al. The
STRING database in 2021: customizable protein-protein networks, and
functional characterization of user-uploaded gene/measurement sets.
Nucleic Acids Res. 2021;49(D1):D605-d12.

Abadi M1, Barham P, Chen J, Chen Z, Davis A, Dean J, et al. TensorFlow:
a system for large-scale machine learning. OSDI. AbaBar16Tensor-
flow2016. p. 265-83.

Petrovski S, Wang Q, Heinzen EL, Allen AS, Goldstein DB. Genic
intolerance to functional variation and the interpretation of personal
genomes. PLoS Genet. 2013;9(8):e1003709.


https://github.com/hamanakakohei/AmJHumGenet2020
https://github.com/hamanakakohei/AmJHumGenet2020
https://github.com/hamanakakohei/GenomeMed2022
https://github.com/hamanakakohei/GenomeMed2022

Hamanaka et al. Genome Medicine

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

51

52.

53.

54.

55.

56.

(2022) 14:40

Itan'Y, Shang L, Boisson B, Patin E, Bolze A, Moncada-Vélez M, et al. The
human gene damage index as a gene-level approach to prioritizing
exome variants. Proc Natl Acad Sci U S A. 2015;112(44):13615-20.

Itan'Y, Zhang SY, Vogt G, Abhyankar A, Herman M, Nitschke P, et al. The
human gene connectome as a map of short cuts for morbid allele
discovery. Proc Natl Acad Sci U S A. 2013;110(14):5558-63.

Itan Y, Mazel M, Mazel B, Abhyankar A, Nitschke P, Quintana-Murci L, et al.
HGCS: an online tool for prioritizing disease-causing gene variants by
biological distance. BMC Genomics. 2014;15:256.

Pedregosa F, Varoquaux G, Gramfort A, Michel V, Thirion B, Grisel O,

et al. Scikit-learn: machine learning in python. J Mach Learn Res.
2011;12(null):2825-30.

Nguyen DQ, Webber C, Ponting CP. Bias of selection on human copy-
number variants. PLoS Genet. 2006;2(2):e20.

Ruderfer DM, Hamamsy T, Lek M, Karczewski KJ, Kavanagh D, Samocha
KE, et al. Patterns of genic intolerance of rare copy number variation in
59,898 human exomes. Nat Genet. 2016;48(10):1107-11.

Samocha KE, Kosmicki JA, Karczewski KJ, O'Donnell-Luria AH, Pierce-
Hoffman E, MacArthur DG, et al. Regional missense constraint improves
variant deleteriousness prediction. bioRxiv. 2017:148353.

Cohen JS, Srivastava S, Farwell Hagman KD, Shinde DN, Huether R, Darcy
D, et al. Further evidence that de novo missense and truncating variants
in ZBTB18 cause intellectual disability with variable features. Clin Genet.
2017,91(5):697-707.

van der SchootV, de Munnik S, Venselaar H, Elting M, Mancini GMS,
Ravenswaaij-Arts CMA, et al. Toward clinical and molecular understand-

ing of pathogenic variants in the ZBTB18 gene. Mol Genet Genomic Med.

2018,6(3):393-400.

Saitsu H, Kato M, Mizuguchi T, Hamada K, Osaka H, Tohyama J, et al. De
novo mutations in the gene encoding STXBP1 (MUNC18-1) cause early
infantile epileptic encephalopathy. Nat Genet. 2008;40(6):782-8.
Kleefstra T, Smidt M, Banning MJ, Oudakker AR, Van Esch H, de Brouwer
AP, et al. Disruption of the gene Euchromatin Histone Methyl Trans-
ferase1 (Eu-HMTase1) is associated with the 9934 subtelomeric deletion
syndrome. J Med Genet. 2005;42(4):299-306.

Durkin A, Albaba S, Fry AE, Morton JE, Douglas A, Beleza A, et al. Clinical
findings of 21 previously unreported probands with HNRNPU-related
syndrome and comprehensive literature review. Am J Med Genet A.
2020;182(7):1637-54.

Lederer D, Grisart B, Digilio MC, Benoit V, Crespin M, Ghariani SC,

et al. Deletion of KDM6A, a histone demethylase interacting with

MLL2, in three patients with Kabuki syndrome. Am J Hum Genet.
2012;,90(1):119-24.

Dias C, Estruch SB, Graham SA, McRae J, Sawiak SJ, Hurst JA, et al. BCLT1A
haploinsufficiency causes an intellectual disability syndrome and dys-
regulates transcription. Am J Hum Genet. 2016,99(2):253-74.

Firth HV, Richards SM, Bevan AP, Clayton S, Corpas M, Rajan D, et al. DECI-
PHER: database of chromosomal imbalance and phenotype in humans
using ensembl resources. Am J Hum Genet. 2009;84(4):524-33.

Rehm HL, Berg JS, Brooks LD, Bustamante CD, Evans JP, Landrum

MJ, et al. ClinGen--the Clinical Genome Resource. N Engl J Med.
2015;372(23):2235-42.

Satterstrom FK, Kosmicki JA, Wang J, Breen MS, De Rubeis S, An JY,

et al. Large-scale exome sequencing study implicates both develop-
mental and functional changes in the neurobiology of autism. Cell.
2020;180(3):568-84.e23.

Tsurusaki Y, Okamoto N, Ohashi H, Kosho T, Imai Y, Hibi-Ko Y, et al. Muta-
tions affecting components of the SWI/SNF complex cause Coffin-Siris
syndrome. Nat Genet. 2012;44(4):376-8.

Lal D, May P, Perez-Palma E, Samocha KE, Kosmicki JA, Robinson EB, et al.
Gene family information facilitates variant interpretation and identifica-
tion of disease-associated genes in neurodevelopmental disorders.
Genome Med. 2020;12(1):28.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

Page 20 of 20

Ready to submit your research? Choose BMC and benefit from:

fast, convenient online submission

thorough peer review by experienced researchers in your field

rapid publication on acceptance

support for research data, including large and complex data types

gold Open Access which fosters wider collaboration and increased citations

maximum visibility for your research: over 100M website views per year

K BMC

At BMC, research is always in progress.

Learn more biomedcentral.com/submissions




	Large-scale discovery of novel neurodevelopmental disorder-related genes through a unified analysis of single-nucleotide and copy number variants
	Abstract 
	Background: 
	Methods: 
	Results: 
	Conclusions: 

	Background
	Methods
	Sample collection
	Genetic drift simulation
	Regression analyses predicting the number of < 1 Mb loss-of-function (LOF) CNV sites per gene in gnomAD-SV
	Correlation between oe ratios of LOF SNV and LOF CNV sites
	Estimation of the total absolute mutation rate of < 1 Mb LOF CNVs at training genes
	Mutation rates of SNVs and small indels per gene
	Analysis of DDD31k and denovo-db data
	Enrichment analyses of DNMs per gene
	Plotting of DNMs
	Spatiotemporal gene expression analyses
	Gene ontology (GO) analyses
	Protein-protein interaction (PPI) network analysis
	Preprocessing of predictors for neural network (NN) model construction
	NN model construction
	AUC comparison
	Application of the NN model to the 34 plausible candidate genes
	Calculation of likelihood ratios

	Results
	Construction of models predicting the relative per-gene mutation rates of LOF CNVs
	Selection and validation of the best model
	Conversion of the relative per-gene mutation rates of LOF CNVs to the absolute mutation rates for DNM enrichment analysis
	Gene-based enrichment analyses of dnSNVs and dnCNVs in NDDs
	Identification of plausible candidates for novel NDD genes
	Evaluation of plausible candidate genes by comparison with known NDD genes
	Prioritization of plausible candidate genes using deep learning

	Discussion
	Conclusions
	Acknowledgments
	References


