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Abstract

Autism spectrum disorder (ASD) is a neurodevelopmental disorder presenting with social and communication deficits,
restricted, repetitive behaviours and interest. Several recurrently mutated genetic risk factors have been implicated in ASD
manifestation. Chromodomain helicase remodeller (CHDS) is one such master regulator mediating the expression of genes
controlling neuron functions. We collected 8124 exonic SNPs in CHDS from four databases representing the general and
ASD populations and subjected them to multi-layered analyses on > 25 computational tools. We observed that nsSNPs were
common in the general population. Contrastingly, the ASD population recorded significantly higher incidences of truncating
SNPs than the general population (P <0.0001). Distinct hotspots for truncating and nsSNPs were identified within exons
encoding CHDS8’s N and C terminals, respectively. The evolutionarily conserved CHDS core domains—helicase C-terminal,
helicase ATP-binding and SNF2_N domains—recorded the lowest density of SNPs that were predicted to be severely damag-
ing. Conversely, the evolutionarily variable regions—CHD7-binding and BRK domains—that hosted the highest aggregate
of SNPs were largely benign. Post-translational modifications (PTMS) occurred frequently on residues outside the CHD8
domains (P <0.01); i.e. on non-conserved regions including the N and C terminals, which were also predicted to be intrinsi-
cally disordered protein regions with nine molecular recognition feature sites. ASD SNPs frequently occurred within core
domains, were severely damaging and accounted for >30% of all ASD variations. The CHD7-DNA-binding motif, with
most PTMs, recorded the highest recurring truncating ASD SNPs. The CHDS protein—protein interactions recapitulated the
clinical phenotypes presented by children with CHD8 mutations. 11/13 (84.6%) interacting molecules were intrinsically
disordered proteins. We identified nine CHD8 nsSNPs that produced the strongest long-range disturbances, altering the
modelled protein's global conformational dynamics.

Keywords Autism spectrum disorders (ASD) - Chromodomain helicase DNA-binding protein 8 (CHDS) - Intrinsically
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1 Introduction

Autism spectrum disorder (ASD) is a neurodevelopmental
disorder characterized by social and communication defi-
cits with repetitive, restricted behaviours and interests. The
genetic aetiology of ASD is significantly influenced by rare
de novo and common inherited variants (Krumm et al. 2014;
Michaelson et al. 2012). Several studies have accumulated
strong evidences on the genetic burden of ASD, leading to
the identification of recurrently mutated high-risk-conferring
ASD genes. One such gene with the highest de novo loss-of-
function (LoF) mutation rates in ASD encodes the gene chro-
modomain helicase DNA-binding protein 8 (CHDS8) protein
that regulates gene expression through chromatin remodelling
(O’Roak et al. 2012, 2014; Guo et al. 2018; Wade et al. 2019;
Satterstrom et al. 2020). Mutations in gene CHDS produced
a broad range of phenotypes, including ASD, macrocephaly,
facial deformities, intellectual disability (ID), gastrointestinal
(GI) disorders and cancers (Barnard et al. 2015).

Chromatin remodelling enzymes are crucial for the accu-
rate organization of genomic DNA within chromatin. There
are two classes of enzymes: one that mediates post-transla-
tional histone modifications and the other utilizes the energy
derived from ATP hydrolysis to alter the histone-DNA
contacts within the nucleosome (Marfella and Imbalzano
2007). The family of ATP-dependent chromatin remodel-
lers is characterized by two signature sequence motifs: the
tandem chromodomains in the N-terminal end that enables
histone binding (Wade et al. 2019) and sucrose nonfermenta-
ble2 (SNF2)-like ATP-dependant helicase (ATPase) domain
(Micucci et al. 2015). Protein CHDS belongs to subfamily IIT
(CHD6-CHD9) with additional functional motifs—Brahma
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and Kismet (BRK) domains, a switching-defective protein
3, adaptor 2, nuclear receptor co-repressor, transcription
factor IIIB (SANT-like) domain, helicase C-terminal and a
CHD7-binding motif (Marfella and Imbalzano 2007). The
DNA-binding SANT and SLIDE domain functions as a his-
tone-binding module and confers nonspecific DNA bind-
ing, particularly to the linker DNA between nucleosomes
(Micucci et al. 2015).

Expression studies revealed that CHDS8 gene mutations
indirectly down-regulated gene expression in pathways
involving neurodevelopment (Sugathan et al. 2014). Mouse
knockdown models of gene CHDS resulted in defective neu-
ronal progenitor cell (NPC) proliferation and differentiation,
causing abnormal neuronal morphology and behaviours in
adult mice. Gene CHDS disrupted the expression of key
transducers in Wnt signalling pathway, crucial for the cor-
rect balance between NPC proliferation and differentiation
(Durak et al. 2016). Gene CHDS is highly expressed in neu-
rons, but at low levels in glial cells of humans and mice,
and plays an essential role in dendritic and axon develop-
ment and migration of cortical neurons (Xu et al. 2018).
Reduced CHDS expression led to profound alterations in
both excitatory and inhibitory synaptic transmission, leading
to impaired excitatory:inhibitory balance (Ellingford et al.
2020). Thus, these multi-layered evidences have rightly
prompted the categorization of gene CHDS as a master regu-
lator of the foundational pathways in neurodevelopment and
ASD (Barnard et al. 2015).

To date, only one study by An et al. (2020) described the
domain-wise mutational landscape of gene CHDS across three
different populations—SD, cancer and the general population.
However, they relied on just one parameter for variant prioriti-
zation, i.e. effect prediction score. Considering the immense
genetic burden appended by gene CHDS on ASD manifesta-
tion, we performed a comprehensive computational analysis
involving mutational density mapping across protein CHDS,
followed by mutational sensitivity analysis through SNP effect
prediction, protein stability change prediction, post-transla-
tional modification and evolutionary conservation analysis,
deleterious mutation cluster analysis, protein homology mod-
elling and protein dynamics study in an attempt to decipher the
specific roles of ASD-associated CHDS variations.

2 Materials and methods

2.1 Single nucleotide polymorphisms (SNPs)
and protein data collection

All CHDS SNPs in the general population were retrieved
from the database of SNPs (dbSNP), Ensembl, Exome Vari-
ant Server (EVS), Exome Aggregation Consortium (ExAC)
and Genome Aggregation Database (gnomAD) (Karczewski

et al. 2019). ASD-specific genetic variations were extracted
from Simons Foundation Autism Research Initiative
(SFARI) repository (Banerjee-Basu and Packer 2010).
All common and de novo variants were included. Regula-
tory SNPs (splice-site, 3" and 5° UTR SNPs), intronic and
inframe SNPs in non-canonical transcripts were excluded;
SNPs within coding regions like nonsynonymous SNPs
(nsSNPs)/missense SNPs and truncating SNPs (frameshift
deletion/insertion, stop gain/loss) were included for analysis.
The nsSNPs were subjected to pathogenicity predictions to
identify the most damaging nsSNPs, while truncating vari-
ations were all considered as loss of function (LOF) SNPs.
CHDS transcripts and corresponding protein IDs were col-
lated using NCBI, Ensemble and UniProt database. The pro-
tein domains were predicted using the tool InterPro.

2.2 nsSNP effect and protein stability predictions

For a holistic evaluation of the consequences of nsSNPs on
protein function, they were analysed on different prediction
tools built on varying principals like evolutionary conser-
vation and structure-based information. A total of ten tools
were utilized to determine if an nsSNP was deleterious/
damaging (D) or tolerant/benign/neutral (N), which aided
in their uniform categorization. Subsequently, only those
nsSNPs determined as D by >90% tools providing results
were designated as deleterious nsSNPs and were subse-
quently subjected to protein stability change prediction on
three different tools. A stability change (DDG) value < — 1.0
across all tools was used to identify the most destabilizing
SNPs (D). In general, if the energy changes AAG value was
positive, the mutation increased stability and was classified
as neutral. If the AAG value was negative, the mutation
was destabilizing and classified as deleterious (Cheng et al.
2006). Detailed descriptions are available in Supplementary
Material.

2.3 Evolutionary conservation analysis

ConSurf, a Web-based tool, was used to analyse the evo-
lutionary conservation of amino acid substitutions within
a protein. The results were interpreted in the form of nor-
malized conservation score ranging from highly conserved
to the least conserved amino acid at a particular position
of the protein (Glaser et al. 2003). ConSurf also provided
information on the residue's location within the protein as
either exposed (e) or buried (b). The total number of con-
served and non-conserved residues within each domain and
non-domain regions was counted to arrive at the most con-
served region of protein CHDS8. Two-tailed Fisher's exact
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test of independence was used to determine the dependen-
cies between the set of conserved and variable residues.

2.4 Post-translational modification (PTM)
prediction

Modification Prediction (ModPred) was used to predict 23
different kinds of PTMs on a unified platform (Pejaver et al.
2014). Only those PTMs predicted with high and medium
confidence were considered. The total number of PTMs
within and outside domains were calculated and tested for
its statistical significance as described above.

2.5 Intrinsically disordered protein regions (IDPRs)
and molecular recognition features (MoRFs)
prediction

Protein structure disorder and disorder function prediction
tools DisorderEd Predictlon CenTER (DEPICTER) (Barik
et al. 2020) and intrinsically unstructured/disordered pro-
teins prediction tool (IUPred2A) were used. I[UPred2A
returns a score between 0 and 1 for each residue, corre-
sponding to the probability of the given residue being part
of a disordered region (Mészaros et al. 2018). For IDR and
binding site predictions, an average cutoff scores of > 0.7
and > 0.9, respectively, were employed. MoRFs of length
5-25 residues were predicted with consensus across three
tools including IUPred2A, MoRFchibi SYSTEM(Malhis
et al. 2016) and Molecular Recognition Feature predictor
(MoRFPred)(Disfani et al. 2012). Stringent cutoffs were set
to emulate the best combined predictions.

2.6 Mutation cluster analysis

Two clustering tools were used to identify plausible cluster-
ing of pathogenic nsSNPs within CHDS8 using Mutation3D
and by manual segregation method. The tool Mutation3D
auto-selected suitable PDB source for the input uniport pro-
tein to perform 3D clustering on input amino acid substitu-
tions. It was based on complete-linkage clustering that used
the coordinates of a-carbons in the protein backbones from
models and crystal structures to compute the statistical sig-
nificance (P value) of the discovered clusters (Meyer et al.
2016). The second method involved counting of damaging
nsSNPs across all six CHDS8 signature regions and nine
MoRFs identified, comparing them with variations located
outside these signature motifs and identifying a probable
increased aggregation of pathogenic variants within sig-
nature regions. Subsequently, the statistical significance of
these occurrences was tested using Fisher's two-tailed exact
test (P value).

@ Springer

2.7 Analysis of physiochemical changes due
to amino acid substitutions

Project Have Our Protein Explained (Project HOPE) is an
automatic mutant analysis server that provides an insight
into the physiochemical structural features of the native and
variant amino acid. When input with protein sequence and
mutant variants, Project HOPE server predicted structural
variation between mutant and wild-type residues (Venselaar
et al. 2010).

2.8 Protein-protein interaction (PPI) network
construction

Ingenuity Pathway Analysis (IPA) software [IPA®, QIAGEN
Redwood City]: The interacting partners of protein CHD8
were identified using IPA which enabled the construc-
tion of pathways around a single molecule in the context
of its PPIs, protein—-DNA, protein—RNA, RNA-RNA and
RNA-DNA interactions within the organism, tissue and cell
lines of interest. Only direct, experimentally observed, high-
confidence and predicted molecular interactions involving
all upstream and downstream genes measured in neuronal
tissues were consulted for network building. Prominently,
only specific developmental, neurological, psychological,
hereditary, metabolic, connective tissue, skeletal and mus-
cular disorders in ASD subjects were chosen for PPI net-
work construction as in Ashitha and Ramachandra (2020).
Additionally, molecular functions common to protein CHDS8
interacting partners were identified through IPA and the
gene-set enrichment analysis (GSEA) tool—EnrichR (Kule-
shov et al. 2016).

2.9 Protein 3D modelling

SWISS-MODEL was utilized for protein homology model-
ling. For an input sequence, it performed a template search
through BLAST and HHblits methods, ranked available
templates based on global model quality estimate (GMQE)
and quaternary structure quality estimate (QSQE) scores and
generated a 3D model using ProMod3 modelling engine,
which resolved unfavourable interactions or clashes intro-
duced during the modelling process by energy minimiza-
tion. SWISS-MODEL returned multiple predicted models
whose quality was estimated using the GMQE score, i.e.
ranging between 0 and 1 (higher value indicated higher reli-
ability) and by qualitative model energy analysis (QMEAN)
Z-scores, which was an estimate of the "degree of native-
ness" of the modelled structure. QMEAN Z-scores around 0
indicated good agreement between the model structure and
experimental structures of similar size (Waterhouse et al.
2018).
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2.10 Protein dynamics analysis

Dynamut was employed to evaluate the conformational
fluctuations caused by pathogenic nsSNPs and their effects
on protein’s dynamic motions. For stringency, only normal
mode analysis (NMA)-based ENCoM scores DDG < — 0.5
were considered and delta vibrational entropy (DDS)
scores > 0.5 were assigned as molecular flexibility increas-
ing variants, whereas DDS < — 0.5 was predicted to increase
molecular rigidity due to its decreased flexibility.

3 Results

3.1 N-and C-terminal exons hosted the highest
truncating SNPs and nsSNPs, respectively

A total of 84,073 SNPs were collected from four databases
(Fig. 1A, Supplementary Table S1). Within the general pop-
ulation, 1097 SNPs were retained after removing duplicates

mmm All SNPs mmmm ASD SNPs ———Common SNPs Unique to ASD

(Table 1). The general population accumulated more nsS-
NPs, whereas the ASD population reported a higher occur-
rence of truncating variations (52%) (Fig. 1B). Only 23 nsS-
NPs and 12 stop-gain SNPs were common between both
general and ASD population, and 76.6% of ASD variations
were unique (Table 1, Fig. 1C) including 3 truncating SNPs
that were recurrently mutated in > 2 unrelated ASD subjects
(Supplementary Table S2).

To measure the relative abundance of SNPs across CHD8
exons and domains, they were mapped to their respective
regions. The C-terminal region of protein CHDS recorded
higher frequency of variations (primarily nsSNPs), espe-
cially within the CHD7-binding/FAM124B-interacting
region and BRK domain corresponding to exons 29 to 37.
Exon 30 hosted the highest density of variations (73.24%).
Truncating SNPs were common in N-terminal signature
regions, including chromo, helicase ATP-binding and
SNF2_N domain. Exons 17-20 encoding the helicase
C-terminal region showed the lowest density of variations,
followed by helicase ATP-binding and SNF2_N domains
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Fig.1 A Comparison of SNPs in CHDS collected across databases
such as Ensemble, ExAC/GnomAD, EVS and SFARI. Ensemble pro-
vided the highest variations, followed by GnomAD, whereas EVS had
the least count. SFARI database had the highest percentage of trun-
cating variations. B Frequency of different SNPs in the general popu-
lation versus the ASD population. 53.45% of all variations identified
in CHDS in the general population were nsSSNP—the most common.
However, truncating SNPs were the highest recorded variants within
the ASD population. C Comparison of coding SNPs in the general vs
ASD population. 94.5% of all variants collected in the general popu-

% nsSNPs W % AS|

o
>

SSNPs % Trunc. SNPs % ASD Trunc. SNPs

lation were nsSNPs and truncating SNPs formed just 5.4%, whereas
the ASD population had 51.89% truncating SNPs. 23 (27%) and 12
(35.7%) of ASD nsSNPs and stop-gain variants were common to both
populations, whereas all frameshift variations identified in the ASD
population were unique. D Exon-wise SNP density. Exon 30 recorded
the highest SNP density, exon 6 had the lowest count of only nsSNPs
from the general population, and exon 14 had the highest truncating
SNPs. Exon 10 displayed the highest SNP density within the N-termi-
nal region, and C-terminal exons 29-37 recorded higher SNPs except
exon 34
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Table 1 Summary of coding SNPs within the three longest transcripts of gene CHDS8*; comparison of the general and ASD populations

Unique ASD SNPs

Common ASD SNPs

ASD SNPs

All database

% of all SNPs

% of ASD SNPs % of all SNPs # SNPs % of ASD SNPs

% # SNPs

# SNPs

# SNPs

SNP types

11%

33.54

29.11
14

53
46

3.2%

14.55

23
0

48.11

76
46
36

94.53

1037
23

nsSNPs
Frameshift SNPs

29.12

2.10
3.37

22

7.6

12
35

22.79

37

Stop/start gain/loss SNPs

Total

121

158

1097

*Transcript IDs: ENST00000399982.2/NM_001170629; ENST00000430710.3/NM_020920; ENST00000557364.1

Protein IDs: NP_001164100; NP_065971.2;

_ Q9HCKS8

compared to the N- and C-terminal regions that contained
higher counts of SNPs (Fig. 1D and Fig. 2, Supplementary
Table S3). The ASD population displayed higher density of
SNPs within the core domains of protein CHDS.

3.2 Most deleterious nsSNPs were localized
within CHD8 core domains: terminal regions
contained benign nsSNPs

Only 135 out of 1037 nsSNPs (13%) from the general
population were predicted to be deleterious. The highest
density of such deleterious nsSNPs (>34%) was found
within helicase ATP-binding, SNF2_N (exons 11-15), fol-
lowed by helicase C-terminal (exons 17, 18) and exons 19,
20. Two secondary peaks were observed in exons 24 and
30 that encoded a portion of SANT- and CHD7-binding
region (Table 3, Fig. 3). Interestingly, nsSNPs within the
N-terminal region, CHD7-binding site, BRK domain and
C-terminal region recorded the highest count of nsSNPs,
but were mostly benign. Among the 76 nsSNPs in the ASD
population, 27 nsSNPs were predicted to be highly deleteri-
ous. Supporting the mutational patterns observed within the
general population, ASD nsSNPs in the helicase C-terminal
(exons 16-20), helicase ATP-binding and SNF2_N domains
(exons 11, 13 and 14) and additionally exons 24 and 29 in
SANT and CHD7-binding region were predicted to be del-
eterious than those nsSNPs located in non-domain regions
(Fig. 3, Supplementary Tables S4-S8).

3.3 Helicase C terminal (exons 17-20) comprised
the most destabilizing nsSNPs

All deleterious nsSNPs were further tested for their ability
to cause protein stability change. A total of 51 moderate
and 37 severely destabilizing nsSNPs were identified in
the general population, of which only R912C and E1264K
were common to both general and ASD populations
(Table 2). Among the 27 deleterious ASD nsSNPs, 11 and
12 nsSNPs were severely and moderately destabilizing,
respectively. The most deleterious and destabilizing nsS-
NPs were localized within helicase C-terminal, encoded
by exons 17 to 20, followed by helicase ATP binding,
SNF2_N. This trend was mirrored by nsSNPs found only
in the ASD population. Combined, this study identified
48 severely damaging nsSNPs passing all thresholds of
stringency (Table 2, Fig. 3, Supplementary Tables S4-S8).
This pattern remained the same when a lower cutoff of
DDG < - 0.5 was applied (Table 3).
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Fig.2 A The longest protein sequence of CHD8 was identi-
fied to be 2581 amino acid in length, coded by mRNA transcript
NM_001170629/ENST00000399982.2 composed of 37 exons, encod-
ing protein ID NP_001164100/Q9HCKS. The protein CHDS8 con-
tains six important domains—chromo domain (640-790amino acid)
is represented in yellow, helicase ATP-binding (807-1009amino
acid in maroon/pink), SNF2_N (825-1101 amino acid in red/pink),
helicase C-terminal (1137-1288 amino acid in light blue) and BRK
domain (2310-2419amino acid in sky blue), DNA-binding site SANT
and SLIDE (1437-1683amino acid in green) and a region between
1789 and 2302amino acid that binds to CHD7 and interacts with

3.4 Exons 14-20 encoding core CHD8 domains were
the most evolutionarily conserved domains

The tool ConSurf provided a normalized evolutionary con-
servation score for each CHD8 protein residue, indicating
their evolutionary status. This facilitated the identification
of both evolutionarily conserved and variable residues, in
addition to their relative positions on the protein structure.
The helicase C-terminal was determined to be the most
conserved region of protein CHDS, followed by SNF2_N
and helicase ATP-binding domain corresponding to exons
14-20. Conversely, residues of exons 1-5 encoding the
N-terminal region and the C-terminal exons encoding
CHD-binding and BRK domain were highly variable in
nature (Table 3, Figs. 2B, 3B, Supplementary Table S8).

3.5 CHD7-binding region had the highest PTM sites

A total of 311 PTM residues were identified within protein
CHD8 (Q9HCKS), of which 86 and 79 phosphorylation and
carboxylation sites were recognized, respectively, followed
by 28, 20 and 17 acetylation, methylation and ubiquitination

--_q

FAM124B (CHD7_BD, interaction with FAM124B) indicated in
navy blue. B Heatmap representing exon-wise comparison of SNP
density. nsSNPs were clustered within the C-terminal exons, includ-
ing exons 2, 3, 10 and 21. Truncating SNPs often localized within the
N-terminal exons, specifically exons 8, 10 and 14. The lowest SNP
density was observed in exons 17-20 corresponding to the most con-
served region of CHDS8. Residues within the N-terminal exons 1-4
and C-terminal exons 31-37 were evolutionarily the most variable.
Exons 3-5 contained the highest accumulation of PTMs, followed by
exons 31, 29 and 21

sites, respectively. Though PTMs were found throughout the
protein, a higher aggregate was observed in regions outside
the domain consisting of evolutionarily variable residues.
CHD7-binding domain had the highest accumulation of
PTM sites—especially exon 31 and subsequently exons 29
and 22, followed by the region between SANT and CHD7
binding (exons 27, 29) and the C-terminal tail (exons 34-47)
(Table 3, Figs. 2B, 3B, Supplementary Table 9).

3.6 CHD8 s a highly disordered protein laden
with nine high-confidence MoRFs

Our analysis identified that CHDS is an intrinsically dis-
ordered protein (IDP). For reliable identification, we set
propensity score cutoffs of =~ > 0.7 for tools MoRFCHiBi
and IUPred2A, but selected a probability score of ~ > 0.4
for tool MoRFPred relative to the first two tools. Two
distinct IDRs were detected at the N-terminal (1-600
amino acid) and C-terminal regions (2500-2570 amino
acid) of CHDS8 separated by exceptionally ordered, evo-
lutionarily conserved domain region (Fig. 4). A total of
nine high-confidence MoRF sites and seven disordered
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Fig.3 Exon- and domain-wise distribution of SNPs across the gen-
eral and ASD population represented in shades of blue (nsSNPs) and
yellow (truncating SNPs) against the backdrop of evolutionary status

binding sites were predicted within these two IDRs with
consensus across tools (Table 4, Fig. 4).

Compositional bias between disordered and ordered
residues was analysed. While no significant differences
were observed among nonpolar residues, polar amino
acids proline and serine were the most common residues
within the disordered regions. An overall significant
depletion in aromatic and positively charged amino acids
and enrichment of polar uncharged amino acids were
seen within the disordered regions (Supplementary Fig.
S1). PTMs and IDRs commonly coincided—36% resi-
dues within IDRs also had PTM sites. The tool DISPHOS
detected 84 PTM residues within these terminal IDRs,
only 34 PTM sites contained nsSNPs and just 1 nsSNP
(S1759G) was predicted to be damaging. Additionally,
these IDRs were found to be prominent sites for DNA and
protein binding (Fig. 5A).

3.7 Cluster analysis reveals several key
characteristics of CHD SNPs

Mutation cluster analysis of the final 48 severely damag-
ing nsSNPs identified 4 statistically significant mutations
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of CHDS residues (light pink area) and PTM sites (grey area) across
exons in (A) and domain in (B)

clusters. It was visualized within the PDB model 3mwy,
selected by Mutant3D to evaluate the spatial arrangements
of these variants (Supplementary Table SIOA and Figure
S2). The first significant mutation cluster included resi-
due numbers 1051, 1264, 1325 and 1333, located around
SNF2_N and helicase C-terminal domains. Two additional
clusters were identified within the helicase ATP-binding and
SNF2_N domains involving residues 834, 865, 952, 991 and
861, 920, 943 (Fig. 5B, and Supplementary Fig. S2), indi-
cating that these three domains were central to the efficient
functioning of protein CHDS.

Additionally, we looked for patterns of association
between severely deleterious and destabilizing variations,
evolutionarily conserved and variable residues and PTM
sites based on their locations within or outside protein
domains. Our analysis revealed a significant difference in the
occurrence of truncating SNPs between the general and ASD
population (P value 0.0001). The general population was
enriched with nsSNPs (Supplementary Table S10B). Resi-
dues within domains hosted severely deleterious amino acid
substitutions than residues outside (P value 0.0001). How-
ever, nsSNPs localization within domains was mostly stabi-
lizing in nature (Supplementary Table S10D). Evolutionarily
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Table 2 SNP effect analysis and protein stability change predictions identified 48 severely damaging nsSNPs in CHDS8

Chr position Ref/ rsID aacords Domain SNP Protein Stability DDG <— 1.0 prediction Sources
Alt effect>90% (Value)
% [-Mutant  Mupro DDG iStable
(Confidence
Score)
21,869,215 C/IG rs1293008333 D1397H 90.9 D(-1.31) D(-1.21) D(0.66) All DB
21,862,621 T/C rs773818606  D1805G CHD7_binding, 90.9 D(-1.32) D(-1.40) D(0.87) All DB
Interaction with
FAM124B
21,870,587 C/T rs1389713229 E1264K Helicase C-ter- 100 D(-1.17) D(-1.03) D(0.91) Both
minal
21,862,550 A/C 1s767254646  F1829V  CHD7_binding, 100 D(-1.99) D(-1.39) D(0.81) All DB
Interaction with
FAM124B
21,875,163 A/G rs1248698098 F920S Helicase ATP- 100 D(-2.22) D(-1.88) D(0.83) All DB
binding, SNF2_N
21,870,518 C/IA rs1200201759 G1287C Helicase C-ter- 100 D(-1.52) D(-1.05) D(0.81) All DB
minal
21,870,180 A/T rs948525922  11333N 100 D (-1.68) D (-2.13) D (0.82) All DB
21,862,285 AIG rs1272412242 11890T CHD7_binding, 90.9 D(-1.85) D(-3.16) D(0.86) All DB
Interaction with
FAM124B
21,876,607 AIG rs1467509220 1865T Helicase ATP- 90.9 D(-2.49) D(-1.59) D(0.81) All DB
binding, SNF2_N
21,871,331 G/A rs540325439  L1187F Helicase C-ter- 90.9 D(-1.20) D(-1.19) D(0.79) All DB
minal
21,862,295 G/C rs369825360 L1887V CHD7_binding, 90.9 D(-1.21) D(-1.27) D(0.85) All DB
Interaction with
FAM124B
21,862,219 A/G rs768411068  L1912S  CHD7_binding, 90.9 D(-194) D(-1.72) D(0.77) All DB
Interaction with
FAM124B
21,854,301 A/G rs546916768  1.2406S 90.9 D(-2.57) D(-1.42) D(0.88) all DB
21,871,297 G/C rs778266688  P1198R  Helicase C-ter- 90.9 D (-1.11) D(-1.08) D (0.8) All DB
minal
21,869,208 G/C rs771856418  P1399R 100 D(-1.22) D(-1.41) D(0.84) All DB
21,862,325 G/A rs755813740  P1877S  CHD7_binding, 90.9 D(-1.71) D(-1.11) D(0.78) All DB
Interaction with
FAM124B
21,854,292 G/T rs375361952  P2409H 100 D(-2.02) D(-1.14) D(0.76) all DB
21,854,293 G/A rs1027979929  P2409S 90.9 D(-2.10) D(- 1.06) D(0.75) All DB
21,876,620 G/T rs1392213269 P861T Helicase ATP- 100 D(-1.77) D(-1.49) D(0.77) All DB
binding, SNF2_N
21,869,187 C/T rs770193381  R1406H 90.9 D(-1.43) D(-1.49) D(0.89) all DB
21,868,725 G/A rs1307220437 R1473C 90.9 D(-1.20) D(-1.08) D(0.81) All DB
21,868,658 C/T rs376523446  R1495H 90.9 D(-1.38) D(-1.31) D(0.83) All DB
21,862,552 C/T rs199908540  R1828H CHD7_binding, 90.9 D(-1.39) D(-1.40) D(0.76) All DB
Interaction with
FAM124B
21,862,139 G/C R1939G CHD7_binding, 90.9 D(-1.31) D(-1.75) D(0.87) All DB
Interaction with
FAM124B
21,862,138 C/T rs751815253  R1939H CHD7_binding, 90.9 D(-1.19) D(-1.29) D(0.84) All DB

Interaction with
FAM124B
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Table 2 (continued)

Chr position Ref/ rsID aacords Domain SNP Protein Stability DDG <— 1.0 prediction Sources
Alt effect>90% (Value)
% I-Mutant  Mupro DDG iStable
(Confidence
Score)
21,860,965 G/C rs371915075 R2158G CHD7_binding, 100 D(-145) D(-1.19) D (0.85) All DB
Interaction with
FAM124B
21,854,266 G/C rs372825432  R2418G 90.9 D(-149) D(-1.14) D (0.85) All DB
21,854,260 G/C rs371294659  R2420G 90.9 D(-1.64) D(-1.60) D(0.83) All DB
21,854,259 C/T rs771590165  R2420H 90.9 D(-124) D(-1.17) D (0.81) All DB
C/T 1s769243605 R790H  Chromo domain 90.9 D(-1.38) D(-1.48) D(0.74) All DB
21,875,188 G/A rs776713016  R912C  Helicase ATP- 100 D(-1.13) D(-1.26) D (0.73) Both
binding, SNF2_N
21,875,094 C/T rs773585104  R943H  Helicase ATP- 90.9 D(-1.42) D(-1.08) D(0.81) All DB
binding, SNF2_N
21,862,511 T/C rs1000377731 S1842G CHD7_binding, 90.9 D(-1.21) D(-1.77)  D(0.74) all DB
Interaction with
FAMI124B
21,873,523 A/C rs794727141  V1051G SNF2_N 90.9 D(-1.63) D(-2.61) D(0.85) All DB
21,862,483 A/C rs1462738501 V1851G CHD7_binding, 90.9 D(-3.27) D(-1.67) D(0.85) All DB
Interaction with
FAM124B
21,868,662 A/G rs952240294  Y1494H 100 D(-154) D(-1.7) D (0.84) All DB
21,862,615 T/G rs992466357  Y1807S CHD7_binding, 90.9 D(-1.57) D(-2.04) D(0.75) All DB
Interaction with
FAM124B
21,870,587 C/T rs1389713229 E1264K Helicase C-ter- 100 D(-1.17) D(-1.03) D(0.91) Both
minal
21,870,204 A/G c3974T>C  F1325S 100 D(-1.42) D(-1.43) D(0.84) Only SFARI
21,876,700 A/G c2501 T>C  L834P Helicase ATP- 100 D(-1.93) D(-1.89) D(0.88) Only SFARI
binding, SNF2_N
21,873,959 A/T c2972T>A L991H  Helicase ATP- 100 D(-2.1) D(-2.00) D(0.85) Only SFARI
binding, SNF2_N
21,871,358 G/A c.3532C>T R1178C Helicase C-ter- 100 D(-1.24) D(-1.12) D(0.75) Only SFARI
minal
21,868,658 C/T rs376523446  R1495H 90.9 D(-1.38) D(-1.31) D(0.83) Both
21,884,050 C/T c.1733G>A  R578H 90.9 D(-1.5) D(-1.55) D(0.76) Only SFARI
21,875,188 G/A rs776713016  R912C  Helicase ATP- 100 D(-1.13) D(-1.26) D (0.73) Both
binding, SNF2_N
21,875,068 G/C c.2854C>G R952G  Helicase ATP- 100 D(-1.41) D(-1.65) D(0.89) Only SFARI
binding, SNF2_N
21,869,662/ A/C c4073T>G  VI1358G 100 D(-2.92) D(-1.89) D(0.82) Only SFARI
21,867,772
21,871,628 A/T c.3502T>A  Y1168N Helicase C-ter- 90.9 D(-13) D(-1.53) D(0.66) Only SFARI

minal

Rows highlighted in red include nsSNPs unique to ASD population

D refers to Destabilizing; DDG values are written within brackets ()

Gen. Pop. general population, ASD pop. ASD population and it means that nsSNP was identified uniquely in ASD population only, ‘Both’ refers
to general as well as ASD population

@ Springer
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Fig.4 Comparison of CHDS8 protein disorder prediction by tools
IUPred2A in (A) and MoRFchibi SYSTEM in (B). In both, each
residue is plotted against its disorder probability score in the Y axis.

conserved residues were prominently segregated within sig-
nature regions (P value 0.0001) and remarkably PTMs were
most often located outside domains (P value 0.0108) (Sup-
plementary Table S10E, F).

A detailed inspection of the 9 MoRFs identified that they
did not host any truncating SNPs, but contained 21 nsSNPs
(2% of the general population), which were not predicted to
be deleterious, but were destabilizing in nature. The ASD
population did not contain any SNPs within MoRF sites.

3.8 CHD8 PPI network recapitulates common
phenotypes associated with CHD8 mutations

CHDS was found to interact with 137 different proteins
involving several cell cycle proteins and significantly
enriched with DNA/RNA transcription regulation proteins,
which were pooled out. An investigation for additional
common molecular functions identified that the majority
of these protein interactors had a neurodevelopmental role.
The 13 prominent networking protein partners of CHDS,
namely AGR2, CREB1, CTNNBI1, CASR, CHD7, ESR2,
EZH2, NR2C2, KMT2A, SMARCAI1, SOX2, TNIK and
TP53, were involved in the transcription of DNA/RNA (12
proteins), formation of the brain (4 proteins), gastrointes-
tinal tract (6 proteins), body axis and long-term memory

@ Springer
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(2 proteins each) and elicited important ASD-associated
phenotypes such as macrocephaly, anxiety (5 genes) and
impaired social behaviour (2 proteins) (Fig. 6 and Sup-
plementary Fig. S3A). The most critical CHDS8 protein
interactors identified were CTNNB1 and CREB1 found to
produce five and four ASD-associated phenotypes, respec-
tively. Eleven out of these 13 CHDS protein interactors
(84.6%) were disordered proteins. Proteins such as CASR,
CHD7, KMT2A, SOX2, TNIK and TP53 were strongly
disordered proteins, except ESR2 and NR2C2.

In addition, GSEA revealed that DNA transcription
regulation was the single most enriched function involv-
ing 42 out of 137 (30%) interacting molecules, followed
by histone methyltransferase activity and nuclear localiza-
tion sequence binding. Eukaryotic transcription initiation,
androgen receptor, miRNA regulation, Wnt and TGFB sig-
nalling pathways were the other prominent pathways (Sup-
plementary Fig. S3B). This PPI network included 24 zinc
finger domain-containing molecules, followed by CHD
core domains containing molecules.

3.9 Protein 3D model of CHD8 core domains

Two 3D models built by SWISS-MODEL (using the tem-
plate 5jxr.1.A) with 44.36% and 47.61% sequence identity
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Table 4 Details of MoRFs
and disordered binding site
prediction in protein CHD8
with consensus across all three
tools represented with their
average probability/propensity
scores

MOoREF Predictions Disorder Binding Prediction on
o ANCHOR?2
# aa cords MoRFCHiBi SYS- IUPred2A MoRFPred
TEM*
MCW MCL # aa cords Score
1 8-15 0.798 0.742 0.626 0.535 1 1-99 0.9215
2 28-45 0.713 0.731 0.781 0.315
3 285-292 0.734 0.687 0.734 0.414
4 394-401 0.722 0.718 0.621 0.451
5 449-469 0.703 0.668 0.791 0.316 2 462-476 0911
6 482-489 0.674 0.651 0.779 0.474
7 505-517 0.712 0.776 0.840 0.400
3 531-543 0.9229
4 2017-2080 0.9019
5 2113-2129 0.9089
6 2421-2435 0.9007
8 2528-2539 0.724 0.750 0.956 0.528 7 2468-2581 0.9612
2548-2570 0.846 0.841 0.858 0.412

MOoRF Propensities scores descriptions:

MoRFCHiBi_Web (MCW): an overall MoRF prediction propensity score generated by incorporating (MC)
and (MDC) scores

MoRFCHiBi_Light (MCL): MoRF prediction propensity score generated by incorporating (MC) MoRF
prediction and (IDP) protein disorder prediction scores. This score mainly targeted longer MoRFs
MoRFCHiBi (MC): MoRF prediction solely based on the local physiochemical properties of the amino
acid sequence

MoRFDC (MDC): MoRF prediction based on the protein disorder prediction (IDP) and conservation infor-
mation (ICS)

Disordered Propensity (IDP): IDP provided long trends protein disordered prediction

Conservation Propensity (ICS): ICS provided a general conservation propensity score assembled by align-
ing the query sequence

The predicted probability sores from IUPred2A, MoRFPred with an average cut off >0.7 and ANCHOR?2
with average cut off > 0.9 were used

passed the necessary quality threshold. The structure with a
higher QMEAN Z-score (— 1.97) was finalized as the best
estimated CHDS8 model for residues between amino acid cor-
dinates 800-1340 (Supplementary Fig. S4A-F). Appropri-
ate structure templates with>25% sequence identity were
not available for the rest of the protein, likely because of
their high disorder propensity, thereby limiting our down-
stream analysis to these modelled residues of the core CHDS8
domains— helicase ATP-binding, SNF2_N and helicase
C-terminal regions.

3.10 SNF2_N domain nsSNPs caused severe
alterations to protein dynamic motions

A chromatin remodeller like CHDS8 functions by binding
DNA/proteins; hence, it is a highly dynamic protein con-
stantly undergoing conformational changes to facilitate
these interactions. A total of 131 nsSNPs, found within the
modelled region of CHDS8 between 800 and 1340 amino
acids, were analysed on DynaMut to assess the impact of

these mutations within the helicase ATPh-binding, SNF2_N
and helicase C-terminal domains on protein dynamics and
stability.

56 nsSNPs were predicted to be destabilizing, of which
only 27 nsSNPs crossed the DDG threshold; 54 nsSNPs were
found to increase molecular flexibility, but only 11 nsSNPs
were above the DDS vibrational entropy cutoff > 0.5. Simi-
larly, 33 nsSNPs increased molecular rigidity (DDS <—0.1)
and only 9 nsSNPs were above the cutoff DDS <— 0.5 (Sup-
plementary Table S11). Overall, 28.38% of nsSNPs within
the SNF2_N domain were destabilizing in nature, which was
the highest. Helicase C-terminal region had more flexibil-
ity increasing variations, whereas the helicase ATP-binding
domain had rigidity-increasing SNPs (Table 5). DynaMut
analysed 15 out of the severely damaging nsSNPs within
the modelled CHDS structure and identified that 8 nsSNPs
(including 3 ASD nsSNPs) within helicase ATP-binding,
SNF2_N and helicase C-terminal domains produced strong
dynamic fluctuations that altered the molecular conforma-
tion (Supplementary Table S11 and Fig. S5).

@ Springer
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Fig.6 Protein—protein interaction network constructed for the represented in green. Molecular functions directly associated with
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Table 5 DynaMut prediction of molecular dynamic changes caused by 131 pathogenic nsSNPs located within the core CHD8 domains

Domains (aa cords) # Total DDG Dynamut <— Increased FLEXIBIL- Increased RIGIDITY, Delta stability
nsSNPs 0.5 ITY Delta_vibrational Delta_vibrational Encom DDG < - 0.5
entropy (DDS)>0.5  entropy (DDS)<-0.5
#nsSNPs % #nsSNPs % #nsSNPs % #nsSNPs %
Helicase ATP-binding (807-1009) 49 13 26.53 4 8.16 5 10.20 2 4.08
SNF2_N (825-1101) 74 21 28.38 5 6.76 7 9.46 3 4.05
(1102-1136) 23 0 0.00 3 13.04 1 4.35 3 13.04
Helicase C-terminal (1137 — 1288) 25 5 20.00 3 12.00 1 4.00 3 12.00
(1289-1436) 40 0.60 0 0.00 0 0.00 0 0.00

4 Discussion

This is the first comprehensive in silico CHDS gene muta-
tional burden analysis to date. We evaluated the intrinsic
mutability of gene CHDS in the ASD population against
the backdrop of its mutational landscape within the general
population. Cumulatively, nsSSNPs were the most common
type of variations identified frequently within exons encod-
ing the C-terminal region of protein CHDS, whereas truncat-
ing SNPs usually occurred in the N-terminal side (highest
in exon 14, 10, 8 and 24). We observed that exons 14-20
encoded the most conserved regions of CHD8 and thereby
displayed the lowest SNP density, but highest sensitivity to
SNPs, especially the helicase C-terminal region. Overall,
nsSNPs identified within the core CHD8 domains are heli-
case ATP-binding, SNF2_N and helicase C-terminal regions
that are severely damaging, reflecting their crucial functional
roles as evolutionarily essential regions of CHDS (Fig. 3).
An auxiliary peak was observed within the CHD7-binding
region, especially due to damaging variations within exon
30.

The ASD population recorded a significantly higher fre-
quency of truncating SNPs (P <0.0001) compared to the
general population (Wilkinson et al. 2015; An et al. 2020).
Although ASD variants were not localized to any specific
regions of CHDS8, >30% of ASD SNPs occurred frequently
within the highly conserved signature regions in contrast to
the observations made in the general population. Notably,
the helicase C-terminal region had frequent accumulation
of truncating SNPs and severely damaging nsSNPs than the
general population (An et al. 2020), followed by helicase
ATP-binding and SNF2_N domains. Gene CHDS had recur-
rent ASD SNPs within the CHD7-binding motif, especially
G1602Vfs*13 in SANT and SLIDE DNA-binding domain.
This could lead to loss of PTM sites and alter CHDS8’s chro-
matin remodelling functions, respectively, known to disrupt
protein function.

Additionally, the N- and C-terminal regions of
CHDS, involving exons 1-6 and exons 27-37 encoding

CHD7-binding and BRK domains respectively, contained
the highest nsSNPs that were mostly benign (> 65%). Apart
from being highly tolerant to variations, these regions were
identified as intrinsically disordered with nine MoRF sites
of <12 amino acid length. These IDRs were evolution-
arily variable, prone to higher accumulation of tolerant
SNPs, especially the C-terminal end. PTMs are known to
be strongly associated with IDRs. 58% of phosphorylation
sites in CHDS8 were within IDRs, the most common type of
PTM found within IDRs (Darling and Uversky 2018). Phos-
phorylation mediates specific, but weak interactions with
partners, and modulates the binding affinity of transcrip-
tion factors to their coactivators and DNA, thereby altering
the gene expression affecting cell growth and differentiation
(Darling and Uversky 2018). These disordered regions of
CHD8 were observed to have larger incidences of ASD-
associated truncating SNPs.

An et al. (2020) utilized the Chd1 crystal structure (PDB
code 509G) in their study and remapped gene CHDS8 muta-
tions onto it. To study the conformational disturbances
caused by nsSNPs to the dynamic motions in CHD8, we per-
formed protein homology modelling. Only the core domains
of CHDS between 800 and 1340 residues were successfully
modelled due to the unavailability of reliable 3D templates
for the rest of the protein with a minimum 30% sequence
similarity (Supplementary Fig. S4). Interestingly, missense
variations at the core of CHDS8 produced long-range fluctua-
tions altering the global dynamic motions of this complex,
not observed in residues outside these domains.

Mutations in gene CHDS have been consistently associ-
ated with phenotypes such as ASD, macrocephaly, ID and
GI complications that were recapitulated in animal mod-
els by silencing the CHDS gene expression (Bernier et al.
2014; Xu et al. 2018). However, to date, limited explana-
tions have been provided on the molecular mechanisms
responsible for such comorbidities. Protein CHDS8 is known
to regulate gene expression through protein interactions. A
study utilized both transcriptome and ChIP sequencing in
human neural progenitor cells (h(NPCs) and identified 1756
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differentially expressed genes (DEGs) and demonstrated
widespread binding to chromatin (Sugathan et al. 2014).
Another study exploring transcriptional changes due to
CHDS gene knockdown in hNSCs identified 1715 DEGs
(Wilkinson et al. 2015) and SFARI database’s protein inter-
action analysis identified 3,583 CHDS interactors with > 100
ASD-associated genes. However, our stringent PPI analysis
identified 137 protein interactors of CHDS participating
in DNA/RNA transcription regulation, formation of brain,
body axis and GI tract and additionally produced ASD traits
such as social behaviour, anxiety and long-term memory. We
suspect that aberrant CHDS8 dosage leads to altered regula-
tion of gene expression due to cumulative changes to these
molecular interactions and consequently produce ASD and
comorbidities associated with CHD8 mutation which needs
further investigation.

Therefore, geneCHDS is indeed a master regulator of
neuronal and GI functions and hence a potent contributor
to ASD. Our in-depth in silico analysis provides a blueprint
of the mutational landscape and pathogenicity patterns of
CHDS. ASD is burdened by the variations occurring within
core domains and frequently occurring truncating SNPs,
especially within CHD7-binding site.
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