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Introduction
Autism spectrum disorder (ASD) is a complex neurodevelop-
mental disease that has frustrated traditional analysis methods 
due to its etiological heterogeneity and diverse and subtle phe-
notypic presentation. Recent large twin and sibling studies1–3 
support the hypothesis of an extremely strong genetic effect 
with an estimated 64% to 91% broad-sense heritability. This 
study focuses on the role of inherited variation acting in a com-
binatorial manner for autism risk.

Epistatic interactions have been associated with autism 
risk4,33 using extremely strong priors on likely molecular path-
ways, but combinatorial approaches in general have been hin-
dered by the prohibitively large search space and lack of statistical 
power.5,6 Recent studies have assessed individual epigenomic 
contributions but have not yet tackled cases involving multiple 
regulators.7 In general, the non-coding regions of the genome 
are largely unexplored from a combinatorial perspective.

Variations in non-coding chromosomal regions such as 
microRNAs (miRNAs) and human accelerated regions 
(HARs) are particularly relevant to ASD.34 MicroRNAs play a 
major role in the regulation of gene expression and have been 
implicated in ASD and related disorders due to their aberrant 

expression in affected individuals.8,9 HARs are regions of DNA 
that are conserved in vertebrates but differ in humans. Copy 
number variations (CNVs) in these regions have been impli-
cated in autism.10

This article seeks to explore combinatorial interactions 
between non-coding variants using coalitional game theory 
(CGT). Coalitional game theory is a technique that enhances 
signal detection by modeling synergistic interactions between 
variants. Variants with the greatest average marginal contribu-
tion across all coalitions are selected as significant. Coalitional 
game theory has been a useful tool in the analysis of gene 
expression data11,12 and has helped to elucidate the genetic 
underpinnings of Alzheimer disease.13

We have previously shown that CGT can be effectively 
applied to genome-wide alteration data to highlight candidate 
ASD genes.14 Here, we expand on these results to include an 
analysis of non-coding variants in miRNA regions and HARs 
in genomes of 4595 individuals (2182 cases and 2413 controls). 
This work explores the contribution of combinatorial interac-
tions to autism susceptibility, focusing on the role of non-cod-
ing variants. Pinpointing inherited alterations linked to ASD, 
such as those presented, could improve accuracy of diagnoses 
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and enable precise therapeutic development against the combi-
nations of underlying genomic causes.

Methods
Data source and preprocessing

We analyzed 30×-coverage whole genome sequencing data 
from the Hartwell Foundation’s Autism Research and 
Technology Initiative (iHART), as used by Gupta et  al.14 
Specifically, we assessed the genomes and phenotypic measure-
ments from 756 multiplex families containing at least two chil-
dren affected by ASD. The following is the distribution of the 
756 families grouped by the phenotype of the children (count 
of children with ASD, count of neurotypical children): 380 (2, 
0), 243 (2, 1), 62 (3, 0), 29 (3, 1), 23 (2, 2), 5 (3, 2), 4 (4, 0), 2 (3, 
3), 2 (3, 4), 2 (4, 1), 2 (5, 0), 1 (4, 4), and 1 (5, 2) families. 
Removal of non-Mendelian variants for quality control elimi-
nated sequencing error and de novo mutations.

We restricted our attention to inherited, non-coding muta-
tions to test the hypothesis of their effect on the ASD pheno-
type. We examined the following three non-coding regions: 
dysregulated miRNA segments associated with psychiatric dis-
orders, schizophrenia-associated miRNA regions, and 
HARs.15-17 We used MirBase and the UCSC Genome Browser 
to identify the chromosomal coordinates of all segments in 
each of the regions. Filtering the variant call format files to 
keep only variants located within these coordinates resulted in 
261 dysregulated variants, 292 schizophrenia-associated vari-
ants, and 1962 HAR variants.18,19

Replicating the representation presented in the study of 
Gupta et al14 for coding variants, we encoded variant data for 
each of the three non-coding regions into binary matrices. 
Specifically, 1 indicates the presence of a variant (homozygous 
alternate or heterozygous) and 0 indicates the absence of the 
variant in a particular sample.

CGT method

We applied CGT as introduced in the work of Moretti et al20 to 
the whole genome sequencing data. The goal of CGT is to study 
the interaction among groups of players in a game. In our case, 
players represent variants. Let N be a finite number of players {1, 
2, …, n} and T ⊆  N be a coalition. A coalitional game (N, v) is 
given by N players and a characteristic function v  (T), with v  
(∅ ) = 0. Let R = {r1, r2, …, rk} set of samples and Mj ⊆  N be the 
set of altered genes for a given individual j. Coalitional games can 
be represented by a linear combination of unanimity games as 
shown in the study of Moretti et al.20 Unanimity game (N, u) is 
defined such that u(T) = 1 if Mj ⊆  T and u(T) = 0 otherwise. We 
can write the game v  as a linear combination of unanimity games

v v u
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We are interested in players who tend to increase the score 
of any team they join. This property is quantified by the Shapley 
value, which measures the average marginal contribution of 
each player across all possible coalitions. The following is an 
alternative way of representing the Shapley value using una-
nimity coefficients that makes the Shapley value calculation 
computationally more tractable as shown by Moretti et al20
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For a more detailed explanation of the Shapley value calcu-
lation, see the electronic supplementary material provided by 
Moretti et al.12

CGT analysis

Coalitional game theory was performed using R version 
3.4.0 and Bioconductor version 3.5. To compute the Shapley 
value differences, the Boolean matrices corresponding to 
each of the three aforementioned genomic regions were split 
into two Boolean matrices by case and control (2182 cases 
and 2413 controls): Bcase and Bcontrol. We adapted the script 
provided by Moretti et  al12 to compute the Shapley value 
differences.

We performed Comparative Analysis of Shapley (CASh), 
a resampling-based multiple hypothesis testing procedure 
introduced by Moretti et  al12 on the matrices to filter out 
non-coding variants with Shapley value differences that could 
be high by chance. We used the MTP function from the 
Bioconductor package “multtest” to generate a CASh P-value 
for each variant. A total of 1000 non-parametric bootstrap 
resamples were ran with replacement on the matrices. The 
MTP produces unadjusted P-values calculated via simula-
tions for each variant. We selected variants that were signifi-
cant at the .05 and .01 significance levels. Application of the 
CGT pipeline on the non-coding region is presented in 
Figure 1.

Functional analyses
To elucidate potential associations with known ASD variant 
candidates, we cross-referenced the CGT variants list with pre-
viously published findings. We checked the chromosomal loca-
tion of each of the non-coding variants using dbSNP, the 
National Center for Biotechnology Information database for 
variants known across the human genome (https://www.ncbi.
nlm.nih.gov/projects/SNP). To search for variants according to 
their genomic context, we converted the chromosomal coordi-
nates to RS IDs, using the GRCh37 build of the genome as the 
reference, with Kaviar (http://db.systemsbiology.net/kaviar/
cgi-pub/Kaviar.pl). We filtered to only look for single 

https://www.ncbi.nlm.nih.gov/projects/SNP
https://www.ncbi.nlm.nih.gov/projects/SNP
http://db.systemsbiology.net/kaviar/cgi-pub/Kaviar.pl
http://db.systemsbiology.net/kaviar/cgi-pub/Kaviar.pl
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nucleotide polymorphisms (SNPs) and recorded whether a 
given CGT variant fell in a functionally annotated region of 
biological significance.

Results
The genome pre-processing steps yielded 2182 cases and 
2413 controls for 2515 non-coding variants. The differences 
in Shapley value between cases and controls highlighted cer-
tain non-coding variants as key contributors in the genetic 
coordination of ASD (Figure 1).

A total of 30 non-coding variants showed statistical sig-
nificance at the .05 significance level (P < .05), with four of 
those positions significant at the .01 level (P < .01). Of these 
variants, 25 are in HARs and 5 are in schizophrenia-associ-
ated miRNA regions, 1 of which is in a dysregulated segment 
associated with psychiatric disorders (Table 1). Within the 
functionally annotated regions, the proportion of SNPs was 
0.0337 for HARs (1962 variants/58 171 base pairs), 0.0169 
for dysregulated segments (261 variants/15 477 bp), and 
0.0216 for miRNA regions (292 variants/13 503 bp). To 
account for the relatedness of multiplex structure, we tried 
randomly sampling one sample from each family for case and 

control which decreased the sample size for case from 2182 to 
996 samples and control from 996 to 468 samples. Running 
the CGT algorithm on the simplex matrices did not identify 
the same variants as the 30 non-coding variants. The stark 
decrease in sample size precludes us from being able to defin-
itively conclude that the family structure confounded the 
results. Increasing the sample size may help mitigate this 
challenge.

Cross-referencing CGT variants with high confidence vari-
ants previously implicated in ASD or related neurological dis-
orders extracted the known biological functions represented by 
these candidate ASD variants. None of the studies included for 
validation were used for the selection of regions analyzed in 
this study. We deem non-coding SNPs as functionally relevant 
if the dbSNP database ensures they have been validated by 
multiple, independent submissions, genotyped by the HapMap 
project, have been sequenced as part of the 1000Genomes pro-
ject, and the alleles have been observed in at least two 
chromosomes.

At the highest confidence level (P < .01), the X chromo-
some variant rs724600 (X:147783665) is located in the intron 
region of the transcriptional activator AFF2 (Figure 2, adapted 

Figure 1. Data analysis flow diagram, starting from the sequenced genomes to identification of statistically significant non-coding variants through 

coalitional game theory. Data from human accelerated regions (red), psychiatric disorder-associated dysregulated miRNA (yellow), and schizophrenia-

associated miRNA (blue) were analyzed independently.

Table 1. Non-coding variants highlighted through coalitional game theory at two levels of significance.

SIGNIFICANCE CHRoMoSoMAl PoSITIoN

P < .05 chr2:176990625, chr2:208297661, chr3:70655368, chr 4:182669844, chr4:35519558,
chr6:31237991, chr6:31238010, chr6:31238053, chr6:31238029, chr6:31238135,
chr6:31238138, chr6:64877038, chr7:130496132, chr12:16350701, chr12:16350704,
chr14:34130323, chr14:92789362, chr14:92789365, chr14:92789363, chr16:79199908,
chr16:79451667, chr17:48037183, chr20:30753270, chr20:58817633, chr21:16093111,
chrX:139924185

P < .01 chr7:25357732, chr8:116717451, chrX:139924153, chrX:147783665

The 30 variants in non-coding chromosomal positions fall into one of three categories: dysregulated segments associated with psychiatric disorders (underlined), 
schizophrenia-associated miRNA regions (italicized), and HARs. The 26 variants listed in P < .05 are the subset of the 30 variants not in P < .01. All coordinates are 
relative to build GRCh37.
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from the UCSC Genome Browser), which has been implicated 
in both Fragile X Syndrome and ASD.21,22 Some individuals 
with Fragile X Syndrome display cognitive disability, as do a 
significant proportion of autistic individuals.

At the .05 significance level for non-coding variants, rs6552520 
(4:182669844) falls in the intron region of TENM3, a promoter 
involved in neural development, and in regulating the establish-
ment of proper connectivity within the nervous system.23 Two 
variants in chromosome 16 (rs8051054 and rs4641754) are 
located in the intron region of WWOX—disruption of this gene 
is also associated with autosomal recessive spinocerebellar ataxia 
12, a disease characterized by degenerative changes in the part of 
the brain related to movement control.24 Furthermore, a group of 
closely located variants in chromosome 6 (rs2308628, rs1131015, 
rs2308622, rs1050317, and rs1050320) all fall within the intron 
of the gene that encodes for human leukocyte antigen-C (HLA-
C), a major histocompatibility complex class I (MHC I) protein 
(Figure 3). These SNPs are in linkage disequilibrium (LD) with 
each other and thus likely act together (LD r2 values are as fol-
lows: rs2308628 and rs1131015 = 0.937, rs2308628 and 
rs2308622 = 0.998, rs2308628 and rs1050317 = 0.996, rs2308628 
and rs105032 = 0.996, rs1131015 and rs2308622 = 0.937, 
rs1131015 and rs1050317 = 0.934, rs1131015 and 
rs1050320 = 0.935, rs2308622 and rs1050317 = 0.996, rs2308622 
and rs1050320 = 0.997, rs1050320 and rs1050317 = 0.999). MHC 
proteins play a central role in cytokine signaling in the immune 
system, which has been previously associated with ASD.25,26

Discussion
Further characterizing the heritability of ASD across the 
genome remains a challenging task of widespread signifi-
cance.27–32 In this study, we applied CGT to a large collection 
of whole genomes from multiplex autism families in an effort 
to find signal among coalitions that relate specifically to the 
autism phenotype. We focused our analysis on inherited, non-
coding variants to pursue the hypothesis of ASD being a 
largely inherited disorder with multiple underpinnings 
extending beyond coding regions. By analyzing relative 

cooperative contributions, we found 30 non-coding variants 
that were significantly associated with the autism phenotype.

All of the 30 non-coding variants identified through CGT 
are in regions that have been previously implicated in either 
ASD or related neurodevelopmental disorders.15,16 Of note are 
the high confidence variants that fall within introns of genes 
involved in processes related to neuronal development and cog-
nitive ability, biological processes that are often impaired in 
ASD. The overlap between CGT’s findings and prior, orthogo-
nal studies addressing non-coding importance in the disease 
indicates that variants in such regions may play an important 
role in its progression.

A prominent goal of this work was to identify specific loci 
within previously implicated regions, hence the rationale for 
starting off with the regions that have prior hypothesized asso-
ciations. A finding of particular biological relevance is that 25 
of the 30 significant variants found through CGT are in HARs, 
which are areas that are conserved throughout vertebrates, but 
that are different in humans. This finding implies that from a 
CGT perspective, HARs are more important to autism than 
the other two functionally annotated regions included in this 
work. While HARs had more selected variants than the others, 
this difference is not statistically significant after accounting 
for region size. Furthermore, only CNVs in HARs have been 
previously implicated in ASD,10 so our findings support the 
importance of HARs while adding new variants (SNPs, rather 
than CNVs) to the list of candidate variants involved in the 
phenotypic manifestation of ASD.

Potential limitations of this work include the sparsity of 
functionally annotated non-coding regions as they pertain to 
disease, which bias and limit our ability to find links between 
the disease phenotype and more subtle non-coding variation. 
Exploring such nuanced alterations could shed light on addi-
tional high-impact molecular mechanisms in ASD. 
Orthogonally validating only the new HAR SNPs identified 
with known ASD associations ensures no functional bias in our 
findings. Replicating this work on additional datasets of larger 
cohorts and functional characterization of candidate variants 

Figure 2. A non-coding variant (rs724600) identified by CGT as significantly (P < .01) associated with ASD. The position of the variant, X:147783665, is 

highlighted in yellow. This variant falls within an intron of the gene AFF2 (indicated by the red bar). Alternative splicing and regulatory interactions could 

implicate the variant with different phenotypic outcomes.
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will be necessary for evaluating the broader biological implica-
tions of our findings.

Probing into groups of co-altered non-coding variants in 
case subgroups may provide further insights into the mecha-
nisms underlying ASD. Stratifying patients according to their 
landscape of co-alterations could improve the precision of 
diagnoses, and knocking out groups of genes or non-coding 
variants identified in functional assays could reveal potent 
combinations in therapeutically targeting the molecular under-
pinnings of ASD.

Coalitional game theory thus serves as a powerful approach 
to understand interactions that may only emerge in a multi-
variant model. Capitalizing on the unparalleled rate of 
genomes being sequenced in increasingly diverse demographic 
and disease populations, unconventional yet rigorous tools 
such as CGT may accelerate the search for biomarkers, par-
ticularly in complex conditions of neurodevelopmental 
disorders.
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