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spektra autizma kod djece metodom genomske asocijacije
Kim Vučinić
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INTRODUCTION

1

Each human being is unique, yet the whole population shows a spectrum of traits
that contribute to human individuality. The percentage of shared DNA between
human individuals is 99.99%. Nevertheless, there is sufficient genetic variation in
0.01% to determine the susceptibility of having a specific phenotype, such as a
disease or a trait like eye colour.
1.1
1.1.1

human genetics
The significance of a change

Many types of genetic variation exist but they are usually divided into point
mutations, indels and structural variants depending on the length of affected DNA.
Genetic variations can occur in the coding or non-coding region of a gene or the
intergenic regions. Most variations do not have biological significance because a
small percentage of DNA in the human genome are coding regions that translate
into proteins. Moreover, a change in the coding region can result in unchanged
amino acid sequence, or a changed amino acid sequence but unchanged protein
function.
Having said that, if it is biologically significant, a change in the DNA can cause
a severe impact depending on the location. On the molecular level, an alteration
of amino acid sequence can cause a truncated or nonfunctional protein. Moreover,
mutations in non-protein coding regions can cause numerous errors like incorrect splicing, altered mRNA stability, degradation of mRNA, changed affinity of
transcription factor binding to the protein and many other errors.
1.1.2

Rare versus complex diseases

Most of the aforementioned genetic variations can lead to disease on an individual
level. Rare diseases, such as cystic fibrosis, are traced back to rare genetic variants,
or often called mutations, in a single gene. The disease is expressed regardless of
the environment because of the strong effect of a mutated gene. The underlying
biological mechanisms of rare diseases are mostly well studied and the heritability
is explained with Mendel’s laws.
However, the majority of diseases can not be explained with genetic mutations in
one gene. Common diseases such as heart disease, cancer, diabetes and psychiatric
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disorders, which have a high incidence in developed countries, have interaction of
numerous genes and environmental factors. Additionally, unlike in the case of rare
diseases, there is no clear segregation of the phenotype in complex diseases because
it does not follow Mendel’s laws.
1.1.3

Genetic effects

Trying to unravel the mechanism behind a complex disease can be challenging
as there are other underlying mechanisms in play. As stated by Buyske (Buyske,
2008), observed associations in cases can be confounded by a maternal genetic effect
instead of being a genetic effect of offspring. Other underlying mechanisms should
be considered as well, such as maternal and paternal imprinting, maternal-fetal
interactions, and parental indirect effects. The terminology can be ambiguous, but
the following sections will explain some of the mentioned phenomena in more
detail.
1.1.3.1

Parental genetic effects

The parental genetic effect, in some papers also known as transgenerational effects
(Tsang et al., 2013; Connolly and Heron, 2015; Connolly, Anney, et al., 2017), is an
indirect effect where a parent’s genotype affects child’s phenotype. Parent’s possession of a certain allele can cause increased or decreased risk of developing a disease,
regardless if a child has said allele variant or not. One of the schoolbook examples is
a coiling direction of snail shells in species Lymnaea peregra. The right coiling of the
snail shell is a dominant trait. If a mother is homozygous or heterozygous for right
coiling, an offspring will have a right-coiled shell even if it was homozygous for
left coiling. However, if the mother is homozygous for left coiling and an offspring
is heterozygous for right coiling, the offspring would still have left coiling of the
shell (Boycott et al., 1931). It is hypothesized that the mothers’ genotype creates the
environment that affects the first cleavage of the zygote ultimately changing the
coiling of the shell in a proband.
Most of the research has focused on maternal genetic effects even though paternal
are also possible (Lawson, Cheverud, and Wolf, 2013; Crean and Bonduriansky,
2014). However, mothers have more opportunities to affect the offspring’s environment, especially in mammals through intrauterine milieu (Allen J Wilcox, Clarice R
Weinberg, and Rolv Terje Lie, 1998), where it directly affects fetus development.
Although statistically, it could be easier if maternal effect and offspring’s genotype
were independent, in reality, that is not the case. It is confounded as offspring inherits
alleles from its mother and thereby shares it with her (Buyske, 2008; Wolf and Wade,
2009).

2

1.2 genome wide association studies

1.1.3.2 Parent-of-Origin effects
The most well-known parent-of-origin effect is genomic imprinting, where the offspring’s phenotype depends on the origin of the variant allele. In this phenomenon,
an allele from only one parent is expressed, contrary to the simultaneous expression
from both alleles. It is called maternal or paternal imprinting based on whose allele
is imprinted. Mutations in imprinted genes have more severe consequences as there
is no substitute allele. Moreover, as imprinted genes are functionally haploid, it can
lead to the expression of a recessive allele, if a dominant allele is silenced (Jirtle and
Weidman, 2007).
The genomic imprinting mechanism is to a certain degree explained with epigenetic changes, mostly DNA methylation, but it can also be due to histone modification, the formation of heterochromatin or regulation with noncoding RNA and
RNAi. In the case of DNA methylation, imprinted genes are methylated making
them inactive. Both parental germ cells have chromosomes with different marks, or
often called imprints, that have to be maintained during fertilization and development of an embryo. However, the imprints are later erased and reimplemented in
the offspring’s gametogenesis depending on the sex of the individual (MacDonald,
2012).
The first imprinting-related diseases discovered in human population were Angelman and Prader-Willi syndrome. Offspring with Angelman syndrome often have
problems with speech, development, and balance, as well as intellectual disability
and a specific laugh ("happy puppet syndrome"). Individuals with Prader-Willi
have symptoms like obesity, intellectual disability, short stature and hypogonadism
(Pavlica, 2020). Both diseases are characterized with deletions on the long arm
(q arm) of the chromosome 15. The difference is in the loss of parental genes. In
Prader-Willi, the paternal genes are deleted and maternal are silenced, while in
Angelman, the maternal genes are lost and paternal are silenced (Lobo, 2008).
However, other effects could lead to the appearance of a parent-of-origin effect
in the absence of imprinting. One of them is the existence of a genetic difference
between reciprocal heterozygotes and the other is parental indirect genetic effects
that were covered in the previous subsection (Lawson, Cheverud, and Wolf, 2013).
1.2

genome wide association studies

With the rapid development of sequencing technologies and decreasing cost of
sequencing a human genome, GWAS has become a more available method in
the research. The aim of GWAS is to identify the genetic risk for a particular
disease in the population by measuring and analysing DNA variations across the
human genome. It is proven to be especially useful in identifying genetic risks in
common complex diseases. Finding associations with the disease can help with a
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better biological understanding of it, and in the future it could help with detecting,
preventing and treating the disease.
1.2.1

Study design

An appropriate study design has to be chosen depending on the aim of the study
to maximize the power to detect the association. Study designs for GWAS can
roughly be divided into two categories: population-based and family-based studies
(Evangelou et al., 2006; Kazma and J. N. Bailey, 2011).
The population-based design consists of collecting unrelated individuals that can
be affected or unaffected. A case-control study is the most popular design for binary
traits (Zondervan, 2011), where cases are individuals with the outcome/disease
and controls are without the outcome/disease. Usually, samples are taken from the
same ethnic population to avoid bias caused by admixture. Since two groups are
defined at the beginning of the experiment, this type of control-case study can be
found in the literature under the term retrospective study (Montreuil, Bendavid, and
Brophy, 2005; Song and Chung, 2010; Kraft and D. G. Cox, 2008). An alternative is a
prospective cohort where a cohort of random unaffected individuals is monitored
through a long period of time (Melamed and Robinson, 2018). Relevant data is
collected based on the hypothesized cause of the disease under investigation. This
approach is better for non-biased selection of control group, however, it is very
time-consuming and expensive (Cardon and Bell, 2001).
An alternative approach is a family-based design which is a type of case-only
analysis where the affected individuals and their relatives are sampled (Kraft and
D. G. Cox, 2008). The most common family types are trios (parents and affected
offspring), duos (mother or father and affected offspring) or nuclear families (parents,
affected offspring and siblings) (Kazma and J. N. Bailey, 2011). The advantage of this
design is robustness to population stratification and the ability to identify parent-oforigin effects. However, family-based samples can be hard to collect, especially if
it is a late-onset disease, where it might be impossible to genotype parents of the
affected individual (Hirschhorn and Daly, 2005; Cardon and Bell, 2001).
1.2.2

The mechanics of GWAS

In general, the sample, which is usually saliva, is taken from individuals. DNA
is isolated and genotyped. There are three genotyping options depending on the
volume of DNA of interest and cost: whole genome sequencing (WGS), reduced
representation sequencing (RRS) and SNP arrays.
SNP arrays are still primarily used for GWAS, despite the fact that they do not
cover all genetic variants as compared to WGS. There are a few studies that used
WGS (Gilly et al., 2018; Höglund et al., 2019; Berg et al., 2019) to increase power to
detect variants associated with the disease (Gilly et al., 2018). However, the price
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difference between these two options is still considerable for most studies, especially
when similar results can be achieved with SNP arrays and imputed genotype data.
Therefore, SNP arrays are more beneficial in terms of given accuracy and cost.
The most commonly used genotyping technologies are Illumina (San Diego,
CA) and Affymetrix (Santa Clara, CA) (DiStefano and Taverna, 2011). Illumina
method uses oligonucleotides attached to beads. The bead represents a locus or
an allele. The sample fragment hybridizes with oligonucleotides on the bead and
it gets prolonged for one nucleotide each step, which is detected as a specific
colour. Similarly, Affymetrix method uses spots, where each spot has attached
oligonucleotides representing a locus or an allele. The allele on a sample DNA
is detected by differential hybridization (Bush and Moore, 2012). To conclude,
Illumina method is more expensive, but oligonucleotide specificity is higher than
in Affymetrix method and it is more flexible in changing the composition of the
beadpool. However, Affymetrix method is less expensive which can be important in
high-volume studies (DiStefano and Taverna, 2011).
After successfully obtaining a large number of variants (500,000 - 1,000,000 or
more) and carrying out pre-processing and quality control (QC) steps, the association
analysis can be carried out. For each variant, the test is performed to identify if there
is an association between that variant and the phenotype. An appropriate statistical
test is used depending on the number of phenotype groups. If the trait is quantitative,
the generalized linear model is used. The generalized linear model tests if the
genotype groups are independent of one another, if the trait is normally distributed,
and that there is no significant variance within each group. The association in
dichotomous traits, that is found in case-control studies, is tested with contingency
tables or logistic regression. Contingency tables (e.g., χ2 test) test whether an
observed measure drastically deviates from the expected measure under the null
hypothesis. Logistic regression tries to predict how likely it is that a subject is a case
for a given genotype. Usually, logistic regression is the preferred method because it
can incorporate covariates in the analysis and give more accurate results.
1.2.3

Advantages and Disadvantages of GWAS

Since the first GWAS was published in 2002 (Ozaki et al., 2002), the method has
dramatically improved and has become more rigorous. It has proven to be very successful in finding new associations between novel variants and traits. Furthermore,
those findings can be used to investigate potentially relevant genes that can lead to
the discovery of novel biological mechanisms, such as the discovery of variant in
ATG161L1 gene in Crohn disease (Hampe et al., 2007; Murthy et al., 2014).
Genetic variants found by GWAS can have practical use in medicine. These
findings can identify individuals at a higher risk, prevent or monitor, and detect
diseases earlier, which could lead to the better patients outcome. For example, it
was found that two variants in the LOXL1 gene contribute to 99% of exfoliation
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glaucoma in the population (Thorleifsson et al., 2007). That finding could be used
for predicting the risk of developing the disease. Its usefulness was also proven in
disease classification and subtyping, for example in diagnosing diabetes subtypes
(Thanabalasingham et al., 2011), and in a selection of drug candidates (Nelson et al.,
2015).
The application of GWAS findings is not restricted to disease aetiology, on the
contrary, its use can be various. For instance, it can be utilized in estimation of birth
location (Hoggart et al., 2012), forensic analysis (Homer et al., 2008), it can help
in determining structure of the population (Jakkula et al., 2008) or it can help in
determining history of a population (Reich et al., 2009; Yunusbaev et al., 2019), and
many more.
However, when conducting GWAS, it is important to be aware of its limitations.
The first problem is the number of tests. Each association test between a single
nucleotide polymorphism (SNP) and a trait is an independent test, and in GWAS
there are hundred to thousand SNPs tested. In order to account for multiple hypothesis testing, a high level of significance is needed to minimize the number of false
positives. Usually, a strict Bonferroni correction is used, leading to an underpowered
study. There are other options, such as Šidák correction, methods controlling for
false discovery rate (FDR), permutation testing, and a more rigorous Bayesian approach. This methods will be described in more detail in Multiple Testing Correction
and Bayesian statistics.
Secondly, the method explains only a small part of the overall heritability of
complex diseases, although it identifies numerous variants associated with them.
Explaining all heritability of disease is challenging because there are many components to complex traits, such as detection of common and rare variants with
small effects, detection of ultra-rare variants, complex interactions (gene-gene and
gene-environment) and so on. Gene-gene interaction, also called epistasis, is an
interaction between genes that influences a phenotype. Epistasis, which was proven
in model organisms to be a key component in genetic architecture (Mackay, 2014),
is problematic because it does not have methodological consensus (Ritchie and
Van Steen, 2018), the methods lack the statistical power to detect it and it is computationally burdensome due to all interactions that should be investigated (Mackay,
2014). Until it is possible to address all the components, there will be unexplained
heritability in a disease. The small effect size and missing heritability limit the use
of GWAS in medicine (Ritchie and Van Steen, 2018).
Thirdly, when interpreting the results, the investigator should be aware that a
significant signal is not necessarily a causal variant. It might be in linkage disequilibrium with one or more causal variants (Tam et al., 2019), which requires further
investigation.
With all that in mind, GWAS has its advantages and disadvantages, similarly
to other methods. Nonetheless, it is proven as a useful tool in understanding the
genetic architecture in complex traits when the study is thoughtfully planned.
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1.3

autism spectrum disorder

One of the common complex diseases that affects around 1% of the population
is autism spectrum disorder (ASD). The term "spectrum" refers to a wide range
of different types and severities of symptoms that individuals with ASD have.
Individuals are usually diagnosed early in life because symptoms appear within the
first two years of life. Males are affected more than females, a recent meta-analysis
(Loomes, Hull, and Mandy, 2017) reported a male:female ratio of 3:1. However, it
can still happen that individuals are diagnosed later in life if they have less severe
symptoms. The disease affects an individual’s behaviour and ability to properly
communicate with others. Some signs that the child could be autistic are repetitive
behaviour, avoiding eye contact, not showing interest in objects around them, having
speech problems and unusual body movements.
1.3.1

Current insight

Only a small number of causal genetic effects is known for ASD, despite extensive
research. To unravel different aspects of the disease, various kinds of studies were
designed. In the next few sections, studies relevant to this thesis will be mentioned.
1.3.1.1

Twin studies

Twin studies give a better understanding about the contribution of genetic and
environmental factors to the aetiology of the disease. The estimated heritability
of ASD is between 64% and 91% in twin studies (Tick et al., 2016). It was shown
that monozygotic twins have a higher probability of developing ASD in both twins
than dizygotic twins (A. Bailey et al., 1995; Rosenberg et al., 2009), which led to
the conclusion that ASD is mostly due to strong genetic effects and less due to
environment. However, there are two studies (Hallmayer et al., 2011; Frazier et al.,
2014) that reported a stronger influence of environmental factors than previously estimated. Tick et al. (2016) analyzed all twin studies published before 2016, including
Hallymayer et al.(2011) and Frayier et al. (2014), and concluded that aetiology of
ASD occurs mostly due to strong genetic factors than environmental although the
effect of environmental factors should not be neglected.
1.3.1.2

Environmental factors

Shared environmental effects become more significant when the prevalence rate is
lowered. Tick et.al (2016.) demonstrated that by lowering prevalence rate from 5%
to 1%, environmental effects rise from 7% to 35% (Tick et al., 2016). The prevalence
rate of ASD is around 1% in the population and it is probable that some environmental effects contribute to the disease. In the last decade, studies revealed several
environmental risk factors for ASD, such as parents’ age (Wu et al., 2017), maternal
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diabetes (Xu et al., 2014; Wan et al., 2018) and obesity (Reynolds et al., 2014), as
well as complications during pregnancy and birth (for example neonatal hypoxia
(Modabbernia et al., 2016), mother’s valproate usage during pregnancy (Christensen
et al., 2013) and preterm birth(Agrawal et al., 2018)).
1.3.1.3 Genetic factors
The genetics of ASD is heterogeneous, same as the disease itself. It varies in type of
variation (from SNPs to CNVs), type of heritability (additive, dominant or recessive),
frequency of variation (common, rare and ultra-rare variants), and origin of mutation
(de novo or inherited). One study showed that common variants contribute more
to the heritability of ASD on a population-level, while rare variants contribute on
the individual level (Gaugler et al., 2014). In addition, another study reported that
common variants with a small effect have additive effect in ASD (Klei et al., 2012).
Mutations in specific genes are consistently reported for ASD. Genes that are
often mentioned include oxytocin receptor (OXTR), serotonin transporter (SLC6A4)
and the gamma-aminobutyric acid (GABA) that could be used as clinical targets
in the future. Genes associated with monogenic autism are often mentioned as
well, such as fragile X mental retardation 1 (FMR1), tuberous sclerosis 1 and 2
(TSC1, TSC2) and methyl CpG binding protein 2 (MECP2) (Yoo, 2015). Furthermore,
it is important to mention synaptic genes because mutations in these genes lead
to synaptic dysfunction and are linked to ASD and other complex neurological
disorders (Giovedí et al., 2014; X. Wang et al., 2018). One of the first synaptic
genes that have been associated with ASD were neuroligin genes, NLGN3 and
NLGN4X (Jamain et al., 2003). Expression of these genes produces cell surface
proteins that are involved in cell-cell interactions at the postsynaptic site. Since then,
many other synaptic genes were also identified including SH3 and multiple ankyrin
repeat domains (SHANK), contacting associated protein-like 2 (CNTNAP2), neurexin
(NRXN) and many more (Giovedí et al., 2014; Yoo, 2015).
1.3.1.4 Maternal genetic effects
As stated in Genetic effects, detected associations can be confounded with underlying mechanisms. Involvement of both fetal and maternal genes, as well as
interactions between the two, were implicated in pre-eclampsia (Cnattingius et al.,
2004), spina bifida (Jensen et al., 2006), neural tube defects (Brody et al., 2002), and
schizophrenia (Palmer et al., 2006). Maternal uterus is an environmental factor that
affects normal fetus development. In twin studies of schizophrenia, the higher concordance for schizophrenia was noticed in monozygotic twins that shared placenta
than in the twins that did not (Davis, Phelps, and Bracha, 1995). As these two neurological disorders share many common risk alleles (Psychiatric Genomics Consortium
et al., 2013), it is necessary to investigate how genetic variation in mother affects the
fetal environment in ASD.
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The number of studies that have investigated maternal genetic effects in ASD is
limited. In two small candidate gene studies, the frequency of transmission from
maternal grandparents to mothers, and transmission from mothers to offspring
was examined with transmission disequilibrium testing (TDT). It is a family-based
association test that compares the frequency of transmitted and non-transmitted
variant alleles from heterozygous parents to affected offspring. Comparing mothers
with children diagnosed with ASD and mothers with healthy children, it was
observed that glutathione S-transferase P1 gene (GSTP1) and human leukocyte
antigen - DR isotype 4 gene (HLA-DR4) had significant transmission disequilibrium
from maternal grandparents to case mothers. Transmission disequilibrium was not
seen from parents to offspring. This supported the hypothesis that these genes
have a risk allele in mothers that acts during pregnancy and contributes to the
development of ASD in children (Williams et al., 2007; Johnson et al., 2009).
Two separate studies, Tsang et al. (2013.) and Yuan and Dougherty (2014.), conducted a case-control GWAS where they investigated maternal genetic effects. Tsang
et. al (2013.) were one of the first to have a case-control study investigating maternal
genetic effects where a relevant phenotype was having an autistic child. Case-control
tests were conducted separately for offspring and mothers, where they compared
autistic versus healthy individuals. For mothers, that meant comparing mothers that
have an autistic child versus mothers that do not. Additionally, they investigated
maternal-fetal interactions (transgenerational epistasis). Yuan and Dougherty (2014.)
had a two-step design for association analysis. First, they compared mothers and
fathers who were genotyped on the same technology. Because the association signals
could possibly be confounded by sex, they had a second step. In second association
analysis, a comparison was made between mothers that have autistic children and
ones that do not have. A combined p-value of variants, that passed the threshold of
both association tests, had to pass a Bonferroni threshold to be considered significant.
However, there were no significant findings nor replications in both studies.
Furthermore, a third study, Shah (2012.), conducted a case-control GWAS in which
they compared mothers versus fathers in trio families. Variant rs17743708 in ABCC11
gene was found to be over-represented among mothers with children diagnosed
with ASD. They also split mothers into two phenotypes: "strict" and "non-strict"
based on the phenotype of affected offspring. The strict phenotype had a higher
frequency of "A" allele in this SNP which could indicate that this variant could be
used in determining the risk and severity of a disorder. However, the finding was
not replicated (Naisha Shah et al., 2012).
A recent study investigated parent-of-origin effects with the use of Bayesian
threshold proposed by Wakefield where they identified multiple regions that were
previously associated with ASD. Interesting findings were variants in SHANK3
gene and WBSCR17 gene that were significant for the maternal genetic effect. Even
so, they were unable to replicate these findings because cohorts were intrinsically
different (Connolly, Anney, et al., 2017). Autism Genome Project dataset consists of
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simplex (one affected offspring) and multiplex (multiple affected offspring) families,
making it more enriched for common variants, while Simon Simplex Collection
dataset has only simplex families, that are enriched in de novo and rare variants. All
studies advocate that further research is needed in order to better understand the
extent of the effect that maternal genetic effects have on ASD.
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A major part of variation is passed on from one generation to the next. Each
biological parent passes on half of their genetic material to the offspring. However,
parents can affect children even with genes that are not passed on. For example,
mothers’ genotypes can affect the development of children through intrauterine
environment.
The main interest of this thesis is to identify potential candidate loci in mothers
that might increase the risk of developing ASD in offspring. In the exploratory
phase, a case-control GWAS is employed to see if there are any differences between
alleles in mothers versus fathers from trio families with affected offspring. The
graphical representation of design is shown in figure 1.

Figure 1: Graphical representation of GWAS design.
The study design consists of trio families: unaffected parents and an affected child.
In GWAS, the prevalence of maternal genotypes is compared to paternal as a
crude way of investigating maternal genetic effects in children with ASD. The
results will be shown with a Manhattan plot.

Mothers are cases where the phenotype of interest is having a child with ASD.
Fathers are used as controls as it is assumed that paternal genetic effects are
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independent from maternal. An additional benefit is that parents are genotyped on
the same genotyping technology at the same time, which avoids systematic bias.
GWAS serves as a preliminary method to infer possible maternal genetic effects
by looking for difference between paternal and maternal genomic information.
Assuming an additive model for complex disease, the association analysis performs
a Cochran-Armitage trend test with 1 degree of freedom. The primary method
for inferring maternal genetic effects will be a more powerful modelling approach,
Weinberg log-linear method, that will estimate maternal genetic effects based on
counts of family types. This method can easily be modified to allow for dominant
and recessive effects, as well as imprinting effects. The results of modelling will be
reported with Bayes factor rather than p-value because it compares probabilities
of null and alternative hypothesis removing uncertainty found in a frequentist
approach. Additionally, this allows for values to be compared between studies of
different sample sizes.
Discovery of a new variant associated with the autism spectrum disorder could
help with a better understanding of the disorders’ mechanism and help with
prevention, detection, and treatment of ASD in the future.
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3.1

3

dataset

Version 4 of the the SPARK dataset was obtained from SFARIBase. The whole
genome genotyping data is available for 27, 290 individuals. Families consist of
quads (parents, affected offspring, and affected or/and unaffected siblings), trios
(parents and affected offspring) and duos (one parent and affected offspring). Families can be multiplex or simplex based on several individuals in a family that have a
disease. Participants were registered online or in person at 25 clinical sites across the
United States of America (USA) where they completed questionnaires about medical
history and social behaviours. Hence, the case status is self-reported. Saliva was
collected using the OGD-500 kit (DNA Genotek) and sent to a laboratory (Baylor
Mirac Genetics Laboratories in Houston, TX or PreventionGenetics in Marshfield,
WI). Each participant was genotyped with a SNP array (Infinium Global Screening
Array-24) (Feliciano et al., 2018). The participants in the SSC were excluded by
Simons Foundation Powering Autism Research for Knowledge (SPARK).
3.2

quality control

It is necessary to do quality control in order to be sure that the results are reliable
because GWAS is subjected to biases and confounding due to artefacts in the data.
Problems can arise due to technical errors, like handling or processing of samples,
or due to hidden structure in the data, for example, individuals from different
populations or related individuals. The quality control steps were adapted based on
QC steps proposed by Anderson et al. (2010) and Marees et al.(2018). and carried
out in PLINK program. Visualization of the QC steps was done in R.
3.2.1

Missingness

In order to obtain high quality DNA without a systematic bias, missingness is
checked on a sample and variant level. For each individual, the program calculates
the number of variants that are missing, and for each variant, it calculates the number
of individuals that do not have the information for that variant. The thresholds
for PLINK2 flags --mind and --geno were set to 0.05, which means it excluded
all individuals that are missing more than 5% of genotypes and all variants with
missing genotype rate over 5%.
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3.2.2

Gender inconsistencies

The discrepancies between assigned gender and gender determined based on an
individual’s genotype indicates DNA sample swap. Samples need to have variants
on sex chromosomes to determine the gender. A priori checking the gender, the short
regions of homology between X and Y chromosome, called pseudoautosomal regions
- PAR1 and PAR2, should be removed, otherwise male heterozygous genotypes
would confuse the algorithm. Flag --check-sex calculates homozygosity rates for
each individual. Calls that have F-value smaller than 0.2 are labelled as females,
and calls with F value larger than 0.8 are labelled as males. Those thresholds are
data-dependent and should be adjusted accordingly. Individuals that are marked as
PROBLEM should be removed or the gender should be updated.
From this point on, quality control is performed only on autosomal chromosomes.
3.2.3

Minor Allele Frequency

Suppose a variant that has two alleles, A and a, where A is more common (major
allele) and a is less common (minor allele). In that case, the minor allele frequency
is estimated with the following formula:
pa =

(n + 2n aa )
observed minor allele count
= Aa
,
total observations
2N

(1)

where n Aa is the number of people with Aa genotype, n aa is the number of people
with aa genotype, and N is the number of individuals.
Variants with a low MAF in a population (frequency < 0.01) are called rare
variants. The power to detect variant-phenotype association for rare variants is
low and genotyping rare variants is prone to errors. Because of those reasons, it is
common to exclude them in GWAS quality control step by removing all variants that
have MAF lower than a given threshold. Depending on the study sample size, the
threshold can be more or less stringent. It is advised to use a MAF threshold of 0.01
for sample size equal or more than 100, 000 samples, and 0.05 for the sample size
of 10, 000 samples. In this thesis, a threshold of 0.01 was used, even though power
for rare variants in the association analysis is lower. The reasoning is having more
variants for investigating maternal genetic effects which will be reported with Bayes
factor that takes MAF and power into account. This filter considers only parents.
3.2.4

Hardy-Weinberg Equilibrium (HWE)

In the ideal situation, where there is no selection, migration, or inbreeding and individuals from a large population mate at random, The Hardy-Weinberg equilibrium
law indicates that genotype frequencies should be determined by allele frequencies.
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If a variant has allele frequencies, p and q = (1-p), the genotype frequencies should
be: p AA = p2 , p Aa = 2pq and p aa = q2 .
Deviation from HWE is tested by χ2 or exact test by comparing observed and
expected genotype counts. The deviation from HWE can occur due to a genotyping
error, population stratification, the association between the allele and disease in
cases, or if any of the assumptions are violated. In PLINK, the flag --hwe 1e05 was
used with a modifier ’keep-fewhet’. If this modifier is not used in quality control
steps, the test fails due to significant population stratification. PLINK calculates a
deviation from HWE due to a small number of heterozygous and removes normal
variants from the analysis. Same as MAF filter, it considers only parents.
3.2.5

Heterozygosity

The number of heterozygote genotypes in an individual can be an indicator of
sample contamination or inbreeding and as such it is used as a quality control
step. In this experiment, data consists of trio families in which case inbreeding
is inevitable, but it is still possible to check for inbreeding between parents. The
heterozygosity rate is used as a measure of heterozygosity. Heterozygosity was
calculated only for parents with the following formula:
heterozygosity rate =

N−O
,
N

(2)

where N is the number of non-missing genotypes and O is the number of observed
homozygous genotypes for an individual. Excess of heterozygosity indicates sample
contamination and a lack of it indicates inbreeding.
The distribution of the mean heterozygosity plot should be inspected for the
extremities of the data. The established criteria for removing individuals with an
excessive or reduced proportion of heterozygosity is to remove all individuals that
lie outside three standard deviations of the mean.
3.2.5.1

Variant pruning

Before doing heterozygosity check in PLINK, it is necessary to prune variants to
generate a list of non-correlated variants that will be used for calculating heterozygosity rate. Variant pruning is carried out with --indep-pairwise flag that takes 3
arguments. The first argument is the window size expressed in a number of variants,
the second is the number of variants that the window will be shifted for and the
third is the r2 threshold. In this analysis, standard parameters were used. The window size was set to 50 variants, for each calculation, the window was shifted for 5
variants and the r2 threshold was set to 0.2. The program outputs two files, prune.in
and prune.out, where it lists all variant IDs that are in LD with each other, and the
ones that are not, respectively. After removing variants in LD, heterozygosity can be
calculated and plotted.
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3.2.6

Relatedness

One of the sources of bias can be relatedness between individuals in a case-control
study. Duplicates, twins, and first and second-degree cousins can cause bias by
over-representing their genotypes in the study. In this experiment, relatedness was
checked between parents by calculating identity by descent (IBD) which determines
how much of identical nucleotide sequence in the segment is shared between two
individuals. The more closely related individuals are, more segments are shared.
Before proceeding with calculating IBD, variant pruning is done with the same
list obtained for heterozygosity check. Flag --genome creates pairs between all
individuals and calculates IBD for each pair. The threshold for removing one person
from a pair is 0.185, that is a halfway between thresholds for third and second-degree
cousins.
3.3

population stratification

All samples are from the USA, which is a melting pot of cultures. The ancestry
origins from the individuals can introduce systematic bias in the data, called population stratification. That underlying structure in the population can cause spurious
results in association analysis. It is known that the allele frequencies are distinct in
each subpopulation and it is caused by non-random mating. However, this dataset
consists of trio families, where the difference between parents’ genetic information
is compared. Individuals in families tend to come from a similar genetic background
and provide strong protection against population stratification. Nevertheless, it is
still possible that there is some confounding of genetic background, either between
families or if parents have different origins. Correcting for it avoids any possible
confounding. The correction can be done either by using principal components or
by doing separate analysis for each subpopulation, which leads to smaller sample
size and lower power to detect the association.
In order to compare SPARK dataset with the 1000Genomes reference dataset, it
was necessary to run the same quality control steps on the reference and extract
variants that are common between the data of interest and the reference data. After
obtaining a list of common variants, both datasets were subsetted for those variants
and then merged. Running principal component analysis (PCA) with flag --pca
approx 10 in PLINK gives back 10 principal components, which can be visualized
in R.
Sample ethnic origins were deduced with the first three principal components
that were calculated in PLINK. All samples were retained for association analysis
and covariates were used to correct for population stratification.
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3.4

association analysis

Logistic regression with covariates was performed to see if there are any variants in
mothers that could be associated with increased risk of a child developing ASD. It
compares observed and expected genotype frequencies between cases (mothers) and
controls (fathers) by assuming additive genetic model. It means that for previously
mentioned variant example, it is expected that genotype Aa will have increased
disease risk r, while genotype aa will have 2r. The additive model is often assumed
in complex diseases when doing GWAS because the underlying genetic model is
often unknown. The test will increase power if there is a trend but it does not affect
the distribution of test statistic under the null hypothesis. The test results can still
be meaningful if the trend assumption is not satisfied. This model is tested with
a Cochran-Armitage test for trend, which is a modified Pearson χ2 test that can
incorporate three possible genotypes frequencies.
3.4.0.1

Multiple Testing Correction

As already stated in Advantages and Disadvantages of GWAS, it is important to
address the problem of multiple testing. For the association test, the results were
corrected with PLINK’s flag --adjust that returns adjusted p-values with several
correction methods.
Bonferroni, Šidák single-step, Holm-Bonferroni, and Holm-Šidák step-down procedures correct for the family-wise error rate (FWER) which is a type I error or
the probability of making one or more false discoveries. Bonferroni is the most
strict procedure. The adjusted p-value threshold is calculated by dividing a desired
significant level by a number of hypotheses, α BONF = numberαo f tests . A large number
of studies use a proposed p-value threshold of 5x10−8 which is calculated based on
1 million hypotheses and a significant level of 0.05. Most studies are underpowered
when using this correction because there are many false negatives due to this strict
threshold. A higher power can be achieved with Šidák single-step procedure where
1

p-value threshold is equal to αSID = 1 − (1 − α) number o f tests . Moreover, the tests need
to be independent, which is not often the case because of the linkage disequilibrium
between variants. If that is violated, the threshold becomes too conservative. Both
Bonferroni and Sidak corrections have a less strict form detonated with Holm prefix
that uses step down testing. In this method, p-values are sorted from highest to
lowest. The highest p-value is compared with calculated Bonferroni or Sidak p-value
threshold, the second highest is compared again but this time the number of tests in
the formulas is n-1, for the third is n-2 and so on. The lowest p-value is then found
among the ones that pass the threshold, and all p-values that are higher or equal to
the threshold are considered significant. The number of tests for each hypothesis
is equal to n + 1 − k, where k is the index or rank of the sorted p-value. In this

17

3.5 mendelian inconsistencies

way, null hypotheses H1 , ..., Hk−1 are rejected, and Hk , ..., Hn are accepted. With this
adjustment, there is a lower increase of type II errors than in traditional procedures.
There are two more methods used by PLINK, Benjamini & Hochberg and Benjamini & Yekutieli procedures. Both of these methods control for FDR. If an FDR
value is equal to 0.05, it means that 5% of detected positive results are truly negative. Contrary to the step-down, these methods use the step-up procedure. All
p-values are sorted in the ascending order and then compared if they are smaller
than PHB = nk α. Among the p-values that satisfy the criterion, the largest is chosen.
All p-values that are smaller or equal to the largest one are considered significant.
Benjamin & Yekutieli is similar to Benjamini & Hochberg but more conservative.
The formula is similar, the only difference is α = i=α1 1 .
∑k

3.5

i

mendelian inconsistencies

After the association analysis, the dataset of only European trio families was created.
In families that had multiple affected children, one child was picked randomly for
inclusion. In each family, it was necessary to check for inconsistencies in Mendelian
inheritance. A Mendelian error arises if an offspring has an allele that could not
have been inherited from parents based on their alleles for that variant. For example,
if both parents are homozygous, AA, a child should also be homozygous. If an
offspring is heterozygous AB or homozygous for different allele BB, it is detected as
a Mendelian error. The reasons for these errors can be numerous, it can be due to the
wrong assignment of a family relatedness, genotyping errors, or de novo mutations.
Flag --me in PLINK needs two parameters, the first determines the percentage of
Mendelian errors that has to be found in a family to discard it from the analysis and
the second indicates the percentage of Mendelian errors in a variant that determines
if a variant will be kept or discarded. The thresholds used in this analysis were 0.05
and 0.05.
Furthermore, before modelling the maternal genetic effects, missingness and MAF
were checked again. The number of removed variants and individuals at each step
of QC can be found in table 1.
3.6

log-linear modeling

In 1998, Wilcox, Weinberg and Lie proposed a method for detecting the contribution
of offspring’s, maternal and combined genetic effects in trio families. The families
consist of a father (F), a mother (M) and an affected child (C). Each individual can
carry 0, 1 or 2 risk alleles for a biallelic gene. With that in mind, there are 15 possible
family combinations and six mating types which are listed in table 2. The mating
types are defined by the number of risk alleles carried by parents. For example, if
one parent has 1 allele and the other has 0 then they fall under mating type 5.
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Table 1: Quality control steps for SPARK dataset

No. of individuals

No. of variants

Before QC

26 673

16 754 504

Missingness <95 %

26 673

16 753 240

Gender inconsistencies

26 666

-

MAF <1%

-

147 794

HWE <0.00001

-

144 585

Heterozygosity1

14 063

-

Relatedness1

13 853

-

PCA2

23 937

-

Mendelian errors

23 937

137 660

Missingness <95%

23 937

137 652

-

126 532

23 937

126 532

MAF <1%
Final

1 showing number of individuals only for parents
2 after performing PCA, non European families were removed

The premise is that cases will show a higher relative risk (RR) than controls because
they carry the risk allele. When investigating maternal genetic effect, a mother is
a case and it is expected to see the over-representation of a risk allele compared
to the null model where similar counts are expected between parents within each
mating type. Offspring’s genetic effects are represented by parameters R1 and R2,
where R1 is the relative risk with one copy of the allele and R2 is the relative risk
with two copies of the allele compared to no copies. Maternal genetic effects are
depicted in the same way with S1 and S2. These parameters can be estimated using
the maximum likelihood approach where the theoretical multinomial distributions
written in table 2 are fitted to the observed triad genotype counts for each variant.
The general equation for modeling maternal and offspring’s genotypes is written
in equation 3.
ln[ E(n F,M,C ))] = γ j + β 1 I{C=1} + β 2 I{C=2}

+ α1 I{ M=1} + α2 I{ M=2} + ln(2) I{ F= M=C=1} ,

(3)

where γ j represents six parental mating types which serve as stratification parameters, and I are "dummy" variables where values are 0 or 1 depending on whether
the child or mother has one or two risk alleles. For example, if a mother has one
risk allele, then I{ M=1} = 1 and I{C=1} = I{C=2} = I{ M=1} = 0. The model is
easily modified for modeling dominant and recessive effects by addition of two
variables ( β 1 = β 2 , α1 = α2 ) or omitting the single-allele variables ( β 1 = 0, α1 = 0).
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Table 2: Theoretical frequencies for offspring’s and maternal effects in trio families for
a diallelic SNP. Combined tables from the paper Allen J Wilcox, Clarice R Weinberg,
and Rolv Terje Lie (1998).

No. of Risk
Alleles (MFC) a,b

Mating Type

Theoretical Frequency

Theoretical Frequency

For Offspring’s Effectsc,e

For Maternal Effectsd,e

222

1

R2 γ1

S2 γ1

212

2

R2 γ2

S2 γ2

211

2

R1 γ2

S2 γ2

122

2

R2 γ2

S1 γ2

121

2

R1 γ2

S1 γ2

201

3

R1γ3

S2 γ3

021

3

R1 γ3

γ3

112

4

R2 γ4

S1 γ4

111

4

2 R1 γ4

2 S1 γ4

110

4

γ4

S1 γ4

101

5

R1 γ5

S1 γ5

100

5

γ5

S1 γ5

011

5

R1 γ5

γ5

010

5

γ5

γ5

000

6

γ6

γ6

a Family trio combinations of mothers (M), fathers (F) and affected offspring (C).
b Genotypes are depicted as 0, 1 and 2 depending on the individual’s number of risk alleles
c R1 and R2 are offspring relative risks associated with one or two copies of risk allele
d S1 and S2 are maternal relative risks associated with one or two copies of risk allele
e γ is the parameter for nth mating type
n

ln(2) I{ F= M=C=1} is an offset that covers special case where all three family members
are heterozygous and it is unknown from which parent the child inherited each
allele.
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Furthermore, they expanded the model to allow for the imprinting effects (C.
Weinberg, A. Wilcox, and R. Lie, 1998), as shown in 4 equation.
ln[ E(n F,M,C ))] = γ j + β 1 I{C=1} + β 2 I{C=2} + α1 I{ M=1} + α2 I{ M=2}

+ ε 1 I{ F} + ε 2 I{ M} + ln(2) I{ F= M=C=1} ,

(4)

where ε n are parameters for paternal and maternal imprinting.
After the modelling and acquiring parameters’ estimations, the relative risks can
be calculated by taking the exponent of the parameter. For example, e β1 would
be a relative risk for a mother having one allele. In the additive log-linear model,
estimations of maternal and offspring parameters are independent and it is possible
to separately calculate the effects of maternal or offspring’s genotype on the risk of
developing a disease.
The general equation 3 was implemented in function colEMlrt as a part of R
package "trio" by Schwender et al.(2020). However, the function was modified as a
part of this thesis in order to be able to choose the parameters for modelling and
to get more summary statistics from the tests such as α and β estimates from the
equation. With this modification, it is possible to choose modelling of only maternal
effects which was previously not possible, and to calculate alternative statistics like
approximate Bayes factor (ABF).
3.7

likelihood ratio test

The goal is to compare the null hypothesis, H0 : β = 0, there are no maternal
genetic effects, to alternative hypothesis, H1 : β 6= 0, there are maternal genetic
effects. Usually, nested models are compared and the goodness-of-fit is tested with
likelihood ratio test (LRT). For example, to investigate maternal effects, a comparison
would be made between the full model depicted in (3) and a null model which
would be a general model with omitted maternal parameters. The values from the
test do not have a meaning by themselves, but by comparing the difference between
log likelihoods of the nested models (5), it can be determined which hypothesis
is more likely. The likelihood ratio statistic converges to χ2 distribution and, with
correct degrees of freedom, p-values can be obtained.


likelihood f or null model
D = −2ln
(5)
likelihood f or alternative model
The most used statistic for deciding which variants are significant in GWAS is the
p-value. However, there are many drawbacks that come with it, the biggest being
that it neglects the power of tests, which is a function of sample size and MAF. With
p-values, only one threshold is set for all sample sizes (Stephens and Balding, 2009).
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3.8

bayesian statistics

There is an alternative where instead of p-values, significance can be determined
with Bayes factor (BF). This measure takes power into the account, it can easily be
compared between variants in the study and with variants from different studies,
and it easily incorporates biological information. Bayes theorem is a ratio between
the probability of data under null to the probability of data under alternative
hypothesis:
BF =

Pr (data| H0 )
Pr (data| H A )

(6)

The formula is similar to LRT equation 5, but instead of comparing two parameters
in the model, it compares two different models. If BF is equal to 1, it means that
observed data is equally likely for null and alternative hypothesis. A larger BF
means there is more evidence for null hypothesis, and the smaller it is, there is more
evidence for alternative hypothesis.
To decide on the significance, the posterior odds on the null hypothesis are
required. The intuitive form for posterior odds is a multiplication of BF and prior
odds (PO):
Posterior odds o f H0 = BF x PO o f H0 ,
(7)
where PO = 1−ππ0 0 represents prior odds of no association, in which π0 denotes a
prior probability that the null is true, and 1 − π0 a prior probability that alternative
is true. If posterior odds on H0 are smaller than the ratio between type II and type
I errors (ratio of cost), the null hypothesis is rejected and it is concluded that an
association is significant.
3.8.1

Approximate Bayes factor

After specifying PO and ratio of the cost (R), a simpler form of Bayes factor can be
used. The formula for the approximate Bayes factor against null hypothesis is:
r
 2

V +W
z
W
ABF =
exp −
,
(8)
V
2 (V + W )
β

where z is the Wald Z score (Z = s.e.β ), β is the maximum-likelihood estimate of the
√
parameter, V is the standard error of the parameter and W is the prior variance.
In the full model, standard errors can be inflated if a larger number of variables is
used. Therefore, the estimates and standard errors of the parameters were taken from
simplified models in which maternal and offspring’s parameters were modelled
independently. For prior odds, the assumption is that 500 out of 1,000,000 common
variants are significant contributors to ASD. In that case, the prior probability for H0
500
= 0.9995 which leads to PO = 1−0.9995
being true is π0 = 1 − 1,000,000
0.9995 = 1, 999. The
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ratio of the cost was set to 10, as in Connolly et al. (2017). It is sensible to say that
type II errors are 10 times worse than type I errors because false negative findings
are lost in the true negative findings and can not be followed up. Furthermore, the
same prior variance was decided to be used in this thesis, W = 0.422 , because ASD
families are also investigated in this thesis and the odds ratios findings are relevant
in the same way. The results will only be reported for variants for which MAF is
equal to or greater than 0.05 because the power to detect a non-null association for
a relative risk of 1.5 for MAF smaller than 0.05 is very weak - between 0.2 and 0.4
(Wakefield, 2008).
3.9

permutation testing

The Bayes factor is a measure of the strength of evidence for a genotype-phenotype
association. This measure by itself should be enough for deciding if an association
is present or not. However, it is calculated based on the subjective prior belief
which can be questioned. One way of addressing this issue is with "Bayes/nonBayes compromise" (Good, 1992). This method uses permutation tests to control
for type I error (number of false positives). Permutation tests randomize the case
and control statuses to calculate all possible values of the used test statistic under
the null hypothesis. The test statistic distribution of the permuted datasets is used
to determined how likely it is to observe the original association by chance. In the
SPARK dataset, case and control statuses are maternal and paternal IDs. Permuted
datasets are created by randomly assigning parental IDs inside a family. The Bayes
factor is obtained for each permuted dataset. The p-value is then calculated as a
ratio of permuted datasets for which the Bayes factor is less than or equal to the one
obtained from the observed data and the total number of permutations (eq 9).
p perm


N
∑n=tot1 BFj,n ≤ BFj,original
=
,
Ntot

(9)

where Ntot is the number of permutations, BFj,n is the Bayes factor of j-th variant
calculated in nth permutation, and BFj,original is the calculated Bayes factor of j-th
variant in the observed data.
It is important to note that permutation tests assume that the labels are exchangeable. The SPARK dataset has a family structure that needs to be preserved, which
constrains the possible permutations and reduces the power. However, permutation
tests can still be used and offer an advantage when mathematical and biological
properties are not well understood.
P-value obtained with this approach is valid regardless of chosen priors. However,
the permutation procedures are quite time-consuming in case of large datasets.
Because of that, in this thesis, only 500 permutations were made. The R script for
permutation can be found in the Appendix.
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3.10
3.10.1

other analysis
Transmission disequilibrium test

The TDT detects association between a variant and a disease if there is an unequal
transmission of alleles between heterozygous parents to affected offspring. Two
types of TDT were carried out. In classic TDT, the number of transmitted and nontransmitted alleles from heterozygous parents to affected offspring are compared
with equation 10.

( a − b )2
,
(10)
a+b
where a is the number of transmitted and b is the number of non transmitted minor
alleles.
The second TDT is a parent-of-origin TDT, where separate TDTs for parents are
calculated. For each parent, it calculates transmitted and non transmitted alleles
from heterozygous parents to the affected offspring. It gives additional information
if the observed excess of the minor allele of the variant could be due to parental
imprinting.
In both tests, TDT statistic follows one degree of freedom χ2 distribution.
TDTstat =

3.10.2 Linkage Disequilibrium
The association signal can be seen because there is a true association of that variant or
the variant is in linkage disequilibrium with a causal variant. Linkage disequilibrium
(LD) is the correlation between neighbouring variants, where their observed alleles
are more, or less, associated in the population than is expected for independent
variants.
The commonly used measures for LD are squared Pearson correlation coefficient,
2
r and coefficient of linkage disequilibrium, D. The latter measure is more intuitive.
The loci are in linkage equilibrium if the haplotype frequencies are equal to the
product of their allele frequencies. D is calculated by subtracting the product of allele
frequencies from haplotype frequency. The value of D can be negative depending on
the allele frequency of loci, but standardizing it solves the issue. On the other hand,
r2 takes frequencies of loci into account when it is calculated. The standardized D
and r2 both range from 0 to 1, where 1 is linkage disequilibrium and 0 is linkage
equilibrium.
The LD analysis is done in PLINK with flag --r2 on statistically significant
variants to identify haplotype blocks. The results are plotted in R for variants that
have r2 > 0.2.
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4

The SPARK dataset consists of 27,290 individuals genotyped for around 17 million
variants on Infinium technology. After the QC steps and the creation of trio families,
the final number was 13,206 individuals or 4,420 trio families (parents and affected
offspring) and 126,532 variants.
4.1

principal component analysis

All parents were compared to the 1000Genomes reference to infer their ancestry.
In figure 2, the PCA plot shows the first two principal components separating
individuals between three groups: East Asian, African and others, which includes
European, American and South Asian.

Figure 2: PCA plot of first two PCs.
The first two principal components of the 1000Genomes and SPARK dataset
stratified by populations. Each population has a distinct colour. The distribution
of parents is shown in light green.
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The second PCA plot shown in Figure 3 indicates a clear separation of South and
East Asians from the rest of populations.

Figure 3: PCA plot of second and third PCs.
Second and third PCs of SPARK individuals against 1000Genomes population
reference panels of African, American, Asian and European populations. The
distribution of SPARK parents is shown in light green.

In both figures 2 and 3, the SPARK dataset is coloured in light green. The transparency of the colour indicates the density of individuals from SPARK dataset. A
strong, light green colour represents a majority of SPARK dataset that overlaps with
European individuals from 1000Genomes. Pale, light green dots distributed in other
population groups are SPARK individuals that have non-European origin.
4.2

association analysis

The maternal genotypes were compared to the paternal as a preliminary method to
investigate if any maternal variants are associated with offspring’s risk of developing
ASD. Association of 144,585 variants was tested with logistic regression and the
population structure was adjusted with the first three PCs. Obtained p-values were
used to asses the success of removing bias with quantile-quantile (QQ) plot. In figure
4, the QQ plot shows that most variants follow the null hypothesis, indicating a

26

4.2 association analysis

successful quality control, without the results getting affected by the population
structure. Additionally, the genomic inflation factor calculated in PLINK is 1.048,
confirming a small probability of false positives due to the population stratification,
relatedness, or genotyping errors. Covariates were also included in the genomic
inflation factor calculation.

Figure 4: QQ plot of the association results.
The plot shows expected versus observed p-values from association test where
maternal genotypes were compared against paternal genotypes. The association
was tested with logistic regression and population structure was adjusted with
first three principal components.

The result of the association analysis is visualized with a Manhattan plot shown
in figure 5. Most GWAS use a fixed Bonferroni threshold of 5 × 10−8 (Kanai, Tanaka,
and Okada, 2016), that is shown in figure 5 as a red line. The threshold is based
on 1 million tests, and the SPARK dataset had 126,532 variants after the QC steps
were performed. The difference between fixed and normal Bonferroni correction,
that takes the number of tests into account, can be seen between the figure 5, where
only two variants are significant, and table 3, where three variants are significant.
As can be seen in table 3, almost all tests for correction of multiple hypothesis testing problem consider three variants to be significant, except FDR Benjamini - Yekutieli method. The most significant association is a synonymous variant rs782320706
in FCGBP gene on chromosome 19. The other two variants are mapped to an intronic
region of Ankyrin Repeat Domain 36 gene (ANKRD36).
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Figure 5: Manhattan plot of SPARK dataset.
Manhattan plot showing results of association analysis of SPARK dataset mothers versus
fathers. The variants are ordered by genomic position on the x-axis. The y-axis is the
negative logarithm to base 10 of the association p-values for each variant. The red line is a
strict Bonferroni threshold (5 × 10−8 ). Two most significant variants are labelled.

Table 3: Results of association analysis between mothers and fathers of affected offspring.
Top results from association analysis with unadjusted and adjusted p-values. The
significant p-values are written in bold.
SNP
rs782320706
rs371783424
rs1275549550
rs760504696
rs200671922
rs77708223
*

Region
19q13.2
2q11.2
2q11.2
2q11.1
19q13.2
2q11.1

Gene
FCGBP
ANKRD36
ANKRD36
ANKRD36C
FCGBP
ANKRD36C

MAF
0.782
0.020
0.022
0.012
0.824
0.010

p-value
6.76e-09
1.02e-08
1.04e-07
1.50-06
2.22e-06
2.28e-06

Bonf*
9.78e-4
1.47e-03
1.50e-02
0.22
0.32
0.33

Holm*
9.78e-4
1.47e-03
1.50e-02
0.22
0.32
0.33

Sidak SS*
9.78e-4
1.47e-03
1.49e-02
0.20
0.28
0.28

Sidak SD*
9.78e-4
1.47e-03
1.49e-02
0.20
0.28
0.28

FDR_BH*
7.34e-04
7.30e-04
4.99e-03
0.0542
0.0549
0.0549

FDR_BY*
9.15e-03
9.15e-03
6.22e-02
0.68
0.68
0.68

Bonf - Bonferroni correction, Sidak SS and SD - Šidák single-step and Holm-Šidák step-down adjusted p-value
FDR_BH - Benjamini & Hochberg (1995) step-up false discovery control, FDR_BY - Benjamini & Yekutieli (2001)
step-up false discovery control

4.3 maternal effects

However, the minor allele frequency of variants in ANKRD36 and ANKRD36C is
between 0.01 and 0.025, which can produce a false positive association signal. In
order to lower the number of false positives when investigating maternal effects, the
log-linear modelling and Bayesian factors were adopted and used in the next steps.
4.3

maternal effects

The log-linear modelling was used to investigate the maternal effects as a better
method for distinguishing effect types. The method can easily incorporate recessive
and dominant genetic model, but an additive model was used in this thesis. The
maternal effects were fitted separately from the offspring’s. The evidence categories
proposed by Jeffreys were used to decide which variants were significant based on
the ABF. P-values were not used as they anticipate stronger effects with a lower
MAF, although the relationship between MAF and effect size has not been shown,
making p-values more prone to false positives (Wakefield, 2009). Hence, the biggest
difference between the Bayes and the p-values approaches will be for variants
with a low MAF. The table 4 shows the categories and the observed number of
variants in the SPARK dataset. It was found that 147 out of 126,532 variants have a
maternal genetic effect. In figure 6, the distribution of the negative logarithm of the
Table 4: The evidence category for Bayes factor by Jeffreys (1961.) and observed counts.
Bayes factor
−log10 BF Strength of evidence for H1 Observed
< 0.0001
>4
Decisive evidence for H1
147
0.0001 − 0.001
3−4
Very strong evidence for H1
104
0.001 − 0.01
2−3
Strong evidence for H1
249
0.01 − 0.1
1−2
Substantial evidence for H1
787
0.1 − 0.32
0.5 − 1
Anecdotal evidence for H1
1,859

approximate Bayes factor is plotted. The peak denotes a majority of variants that
show evidence for the null hypothesis (−log10 ABF < 0).
Figure 7 plots the variants with the decisive evidence. The colour in the plot
depicts the effect of a mother having one risk allele. The estimated maternal effects
for significant variants range from 0.76 to 1.29. As can be seen, most of the variants
have a maternal genetic effect smaller than 1.
The top 10 significant variants ranked by ABF are shown in table 5. For these
variants, no association with offspring’s genotypes was observed based on ABF.
The variant with the most evidence of having maternal genetic effects was on chromosome 17 in the pregnancy specific beta-1-glycoprotein 1 gene (PSG1, rs12459171,
S1 = 0.86). Additionally, the variant with the strongest observed maternal effect (S1
= 1.29) is rs116948313 in scinderin gene (SCIN). It is of interest for investigation into
the maternal gene and its possible effects on offspring. The counts for the variant
with the strongest maternal effect are shown in table 6, where an over-representation
of allele "T" in mothers compared to fathers can be seen.
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Figure 6: Density plot of ABFs.
The plot shows a distribution of calculated ABF for each variant. The threshold for decisive
evidence for H1 is shown as a dashed line. Significant variants are shown as small red
circles.

Figure 7: Significant results for maternal genetic effects.
The plot shows the significant results for maternal effects. On x-axis is the position
of a variant (chr:base pair), on y-axis is the negative logarithm of the approximate
Bayes factor. The effect of a mother having one risk allele (S1) is colour coded as
shown in the legend.
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Table 5: Top 10 ranked variants based on ABF.
The p-value for an observation with 500 permutations should be given as ≤ 0.002,
if it is seen in no permutations, and as ≤ 0.004 if seen in two etc.
rsID
rs12459171
rs1129235
rs8121
rs2275843
rs4535042
rs45617437
rs66493340
rs2072496
rs11658510
rs77173309

Region
19q13.2
17p11.2
17p11.2
13q34
2q35
6p22.1
8q21.2
19p13.11
17q25.1
11p15.5

Gene
PSG1
TRPV2
TRPV2
COL4A1
ATIC
MOG
CNBD1
JAK3
COG1
PIDD1

MAF
0.11
0.39
0.39
0.16
0.31
0.05
0.45
0.10
0.29
0.13

S1
0.86
0.899
0.90
1.10
0.94
0.88
1.12
0.90
1.17
1.16

−log10 ABF
37.42
34.45
28.21
17.10
15.24
14.97
11.80
11.36
10.94
10.81

p-value
0.04
0.09
0.06
0.06
0.41
0.03
0.03
0.02
0.00
0.05

Table 6: The counted number of families for variant rs116948313 in complete trio families.
The mothers’ or fathers’ genotypes that contribute to the risk allele in a child are
marked bold. There are more families where a mother contributes to risk allele
than families where the father contributes.
Maternal
Genotype
TT
TT
TT
TC
TC
TT
CC
TC
TC
TC
TC
TC
CC
CC
CC

Paternal
Genotype
TT
TC
TC
TT
TT
CC
TT
TC
TC
TC
CC
CC
TC
TC
CC

Offspring
Genotype
TT
TT
TC
TT
TC
TC
TC
TT
TC
CC
TC
CC
TC
CC
CC

Number
of families
0
0
0
0
0
8
9
15
28
11
199
230
162
170
3570
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4.3.1

Permutation

In order to control for FDR, mother and fathers were shuffled in each family. Loglinear modelling was repeated on permuted datasets to see for each variant how
often the same or more significant BF will be obtained with random assignments
of parents. After 500 permutations, the p-value was considered significant for 115
out of 147 variants. Calculated p-values of the top significant variants can be found
in the table 5. As it can be seen, variant rs4535042 was not significant after 500
permutations. However, the variant with the strongest maternal effect was still
significant with p-value of 0.00.
4.4
4.4.1

other analysis
Transmission disequilibrium test

The observed association with maternal genetic effects could likely be confounded
by the child’s genotype or maternal imprinting effects. An offspring and a mother
share a common allele, which makes it possible to observe the same pattern of
risks between them. As for maternal imprinting, the excess of the maternal risk
allele would indicate that the observed maternal effects could likely be maternal
imprinting effects.
TDT without a special design can not detect maternal genetic effects, but it is a
powerful method for detecting the effects of offspring’s genotype and the maternal
imprinting. TDT and parent-of-origin TDT were performed for the top 10 significant
variants and the variant with the strongest maternal genetic effects. The results are
shown in table 7. The classic TDT was performed to see if there is any association
with offspring’s genotype, while parent-of-origin TDT was used to see if the detected
maternal effect could have been camouflaged maternal imprinting.
In table 7, it can be seen that obtained p-values of classic TDT are insignificant,
therefore the offspring’s genotype does not contribute to the risk of developing ASD
for these variants. This has also been seen with the results of log-linear modelling
where the effect of offspring’s genotypes were modelled. Additionally, it can be seen
that variants with a lower MAF have lower TDT p-value (rs116948313, which has
MAF = 0.051, has the lowest TDT p-value of 0.505).
All variants are insignificant for parent-of-origin TDT, meaning there is no excess
of maternal or paternal alleles being transmitted to an offspring. Therefore, there is
no evidence that observed maternal genetic effects are in fact camouflaged maternal
imprinting. The results show a true maternal genetic effect.
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Table 7: TDT results for rs116948313 and top 10 significant variants.
Counts of alleles and p-values of classic TDT and parent-of-origin TDT for 10
significant variants and the variant with the strongest maternal effect are shown.
The variant with the strongest maternal genetic effect is divided with a horizontal
line from the rest of the variants. T is a number of transmitted and NT are non
transmitted alleles. TDT was separately calculated only for parents, only mother
and only fathers.

rsID

T:NT

pvalTDT pat (T:NT) pvalTDT p mat (T:NT) pvalTDTm pval POO

rs116948313

419:450

0.293

191:195

0.839

228:255

0.219

0.505

rs12459171

797:789

0.841

419.5:419.5

1.000

377.5:369.5

0.770

0.831

rs1129235

2143:2134

0.891

1090:1092

0.949

1054:1042

0.793

0.816

rs8121

2141:2134

0.915

1090:1090

0.9829

1052:1044

0.8613

0.889

rs2275843

1193:1192

0.984

572.5:575.5

0.929

620.5:616.5

0.910

0.887

rs4535042

1861:1866

0.935

944:950

0.890

917:916

0.981

0.910

rs45617437

440:449

0.763

230.5:240.5

0.645

209.5:208.5

0.961

0.725

rs66493340

2145:2131

0.831

1062:1048

0.744

1082:1084

0.983

0.805

rs2072496

818:828

0.805

426.5:432.5

0.838

391.5:395.5

0.887

0.969

rs11658510

1721:1705

0.785

834.5:814.5

0.622

886.5:890.5

0.924

0.674

rs77173309

1002:982

0.653

478:454

0.432

524:528

0.902

0.511

33

4.4 other analysis

4.4.2

Linkage Disequilibrium

The LD plot in figure 8 shows a number of small and one large haplotype blocks on
chromosome 12. Variants, that are in LD on chromosome 12, are all found in LDL
Receptor Related Protein 1 gene (LPR1). The decisive evidence of those variants in
that gene could be caused by linkage disequilibrium with a causal variant that has a
maternal genetic effect.

Figure 8: Linkage disequilibrium plot.
Linkage disequilibrium (LD) was tested between the variants that are significant
based on the approximate Bayes factor to see the range of LD between hits. The
LD plot shows pairs of significant variants that have r2 > 0.2. The location of
variants is given as a chromosome:base pair position on that chromosome. The
strength of linkage disequilibrium is shown with a colour gradient.
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5

Autism spectrum disorder is a complex disorder with genetic and environmental
components where only some of the causal factors are known. One part of this
enigma is the effect of maternal genotype on the offspring. The hypothesis is that
some variants in mother increase the risk of offspring developing ASD, regardless of
the mother’s allele being inherited by the offspring. In this thesis, maternal genetic
effects were investigated in SPARK dataset.
A preliminary association test was carried out between mothers and fathers to see
if there are any variants that exhibit maternal genetic effects. The most significant
results were variants in FCGBP and ANKRD36 genes. The minor allele frequency
of variants in ANKRD36 gene were around 0.015, which is very close to cutoffs for
rare variants. It is possible that these are false positives, even though a case-control
design with trio families increases power to detect an association in variants that
have a lower MAF (Tsang et al., 2013).
Unlike other studies, where they used TDT (Tsang et al., 2013; Yuan and Dougherty,
2014) or TDT and association test (Naisha Shah et al., 2012) to investigate maternal
effects, I used log-linear modelling which does not need grandparents or healthy
controls. Instead, it can use complete and incomplete trios (C. Weinberg, 1999), and
in some cases can be more powerful than a TDT (C. Weinberg, A. Wilcox, and R.
Lie, 1998). Additionally, I have decided to report the approximate Bayesian factor
proposed by Wakefield rather than the p-value. The reason is because it considers
prior odds of finding an association, the knowledge about the effect size, and power,
which is influenced by MAF and sample size (Wakefield, 2008; Wakefield, 2012).
In ANKRD36 and ANKRD36C genes, no variants had any evidence for maternal
genetic effects based on ABF. Variant rs371783424 had estimated S1 = 1.55 but the
Bayes factor was 1, meaning there is no evidence for null nor alternative hypothesis.
A large maternal genetic effect in variants with low MAF could be anticipated if the
sample size for the variant is too small, but ABF accounts for sample size, and in
this case makes rs371783424 insignificant. In FCGBP gene, there was one variant that
had anecdotal evidence for the alternative hypothesis. These results showed us that
the significant variants from association analysis are most likely to be false positives
when power, prior knowledge of the effect size and prior odds are considered.
Based on ABF, 147 out of 126,532 variants had decisive evidence for the alternative
hypothesis. The prior odds for ABF are chosen based on researchers’ belief which
can be questioned. Connolly, Anney, et al. (2017) investigated the effect of the
chosen prior odds for the Bayesian factor on their ASD dataset and decided that
π0 = 0.9995 is the right choice. Having similar data, I decided on the same prior
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odds. Furthermore, the significance of these results was tested with permutation
tests. For the top results, variant rs4535042 was not significant after 500 permutations
as can be seen in table 4. Out of the initial 147 variants, 115 remained significant
after 500 permutations. When using Bayes factor, up to two false discoveries per
10 true discoveries are expected, depending on the sample size (Wakefield, 2012).
For 147 variants, the expected number of false positives would be 25, but in this
case it is 32. However, it should be noted that only 500 permutations were done. A
minimum of 1,000 of permutations would give us more precise results. The genes
discussed in the following paragraphs are all significant after 500 permutations.
The most significant variant was detected in PSG1 gene that has not been directly
linked to ASD. However, a study showed association with pre-eclampsia where they
observed lower levels of serum protein PSG1 in women with pre-eclampsia compared to healthy pregnant women (Temur et al., 2020). This pregnancy complication
is associated with an increased risk of ASD in offspring who are 1.25 times more
likely to have ASD compared to offspring whose mother had a successful pregnancy
(Jenabi et al., 2019; Maher et al., 2020). PSG1 is a member of pregnancy-specific
beta-1-glycoproteins that are secreted from trophoblast cells of the placenta (Bohn,
1971) and act as immunomodulators to prevent the maternal immune system from
rejecting the fetus. Additionally, they induce an immune response in case of an
infection or an inflammation at the placenta-uterine border. PSG1 induces growth
factors: transforming growth factor beta 1 (TGFB1) and vascular endothelial growth
factor A (VEGFA). These growth factors have roles in immune tolerance, trophoblast
invasion, and vascular development throughout the pregnancy to ensure the proper
development of a fetus (Ha et al., 2010). If the vascular structure is underdeveloped
and not enough trophoblasts invade the uterine arteries, the fetal brain does not
get an adequate amount of nutrients to develop properly, which could result in
neurodevelopmental disorders.
The strongest maternal genetic effect was observed in scinderin gene (SCIN),
which is highly expressed in placenta (source: The Human Protein Atlas). It is
mentioned in one meta-study as one of known CNVs associated with ASD (Ch’ng
et al., 2015), but no other mention was found in autism-related papers. The SCIN is
a Ca2+ -dependent F-actin filament-severing protein that modifies the microfilament
network in plasma membranes. By modifying the plasma membrane, it has a role
in secretion by controlling a cytoskeleton and regulating the pool of vesicles ready
to be released, as well as the rate of exocytosis. It was shown that the increased
severing activity of scinderin can increase serotonin release from platelets (Marcu
et al., 1996). Interestingly, different studies observed elevated levels of serotonin
in the blood of ASD individuals (Schain and Freedman, 1961; Abramson et al.,
1989; Piven et al., 1991), making it a primary candidate biomarker for identifying
ASD (Gabriele, Sacco, and Persico, 2014). It might be possible that the observed
variant in mothers changes the scinderin activity triggering the secretion of a larger
number of serotonin molecules. During pregnancy, mothers’ serotonin molecules
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could enter the brain of a developing fetus when the blood brain barrier (BBB) is still
permeable. A higher concentration of serotonin causes loss of serotonin terminals
that leads to decreased oxytocin levels and increased production of a calcitoningene related peptide (CGRP). These physiological changes have been observed in
previous studies of ASD (Hadjikhani, 2010).
One of the interesting findings was the region with high LD on chromosome
12. The length of the region is 11,731 base pairs long, which is not extensive for
Caucasians. The regions of LD in Caucasians can span up to 100,000 base pairs (Zhu
et al., 2003), but the LD window sized used in this thesis was 1,000 base pairs. The
LRP1 gene has various de novo, common, and rare variants associated with multiple
neurodevelopmental disorders, one of them being ASD. It was shown that the
accumulation of the truncated gene leads to more severe autism (Torrico et al., 2019).
Low density lipoprotein receptor-related protein 1 (LRP1) is a cell surface protein
with various functions in different pathways, one of them being lipid metabolism.
Terrand et al. (2009) showed that this protein stimulates the Wnt5a pathway that
is important for cell proliferation and differentiation in the development of a fetus
and adults, as well as accumulation of cholesterol. Defective LRP1 will not stimulate
Wnt5a pathway, which will result in cholesterol not being properly stored. Moreover,
it is highly expressed in placenta, where it has a role in lipid transport and serves as
a hem receptor. Normal placental transfer of lipids is essential for fetal development.
LRP1 gene has been associated with ASD in offspring and it should be considered
as a candidate gene for maternal genetic effects as well.
Unfortunately, replicating the findings from other studies was not completely
successful, which could be due to a different methodology, sample size, or test
statistics, or the observed associations were false. A study done by Naisha Shah
et al. (2012) used autism genome project (AGP) dataset, that consists of multiplex
and simplex families, where the association with maternal genetic effects was
found in ABCC11 gene. Variants found in ABCC11 gene had substantial evidence
(log10 BF = 1.74, S1 = 1.085) in our dataset. The main findings from Connolly,
Anney, et al. (2017) were not replicated. They used SSC dataset that consisted
of only simplex families. Only GNB1L gene had variants with strong evidence
for maternal genetic effects. Some evidence was found for CNTN4, CNTNAP2,
MACROD2, LAMA1, SDK1, and NFIA genes, which had maternal genetic effects
in the Tsang et al. (2013) paper that used Early Marker for Autism (EMA) dataset.
However, it was mostly substantial or strong, except for nine variants in CNTN4
gene that had decisive evidence and the maternal effect was around 1.2. A good
replication dataset for this study would be a dataset consisting of multiplex and
simplex families from Europe or North America with similar sample size. ASD
datasets are limited, but among the ones mentioned here, AGP fulfils most of the
criteria making it the most appropriate replication cohort.
There are several limitations to this study. First is the choice of MAF threshold in
QC. During the literature search, a MAF threshold of 0.01 seemed appropriate based
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on sample size and number of variants, especially because the ABF statistic takes
MAF into the account during calculations. However, a paper by Wakefield shows a
drastic decrease in power to detect association for variants that have MAF lower than
0.1 (Wakefield, 2008). For log-linear modelling, I have decided to correct it and take
only those variants that pass the 0.05 MAF threshold. Secondly, maternal imprinting
was only investigated with TDT to see if there is any excess of maternal alleles being
transmitted to offspring. In the future, it would be preferable to incorporate the
imprinting in the WeinbergLRT function. In addition, the maternal-fetal interactions
were not investigated. Thirdly, the replication of the results on an independent
population was not done which is considered as a golden standard in GWAS.
Replicating the same procedure on an independent population with the same study
design rules out the bias and gives statistical evidence for the observed association.
Nevertheless, these results indicate that there are maternal genetic effects involved
in offspring’s development that increase the risk for ASD. The strongest maternal
genetic effect was 1.29, which is a relatively weak effect, but multiple genes are
showing weak maternal genetic effects indicating the complexity of this disorder. The
results also show how the same genes can be risk factors for multiple neurological
disorders, making them harder to use in diagnostic purposes.
The next steps in interpreting the results of this study would be replication in
an independent population. The replicated variants would indicate that mutations
in those genes in mothers are risk factors for having an offspring with ASD. These
findings can help in better understanding of the mechanisms in mothers that are
involved in the development of ASD in offspring. In the future, it could be used in
the prevention or early diagnosis during pregnancy.
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A combination of log-linear modelling and Bayesian statistics was used in the
detection of maternal genetic effects in SPARK dataset. Out of 126,531 variants, 147
variants in mothers were identified as potential risk factors in the development of
ASD in offspring, but the results ought to be replicated on an independent dataset.
The most significant variant was found in PSG1 gene, which is linked to preeclampsia in women. Although it is an indirect association with ASD, this pregnancy
complication could create a deficient environment and affect normal fetus development.
The SCIN gene has exhibited the strongest maternal genetic effect. It is hypothesized that the SCIN protein could disrupt normal transport of serotonin molecules
in utero and affect the child’s development.
Furthermore, numerous variants in LRP1 gene showed consistent strong maternal
genetic effects, as they are probably in a linkage disequilibrium with the causal
variant. The LRP1 protein is important in lipid transport and the results indicate its
involvement in the normal fetus development.
The maternal imprinting for top results was checked with parent-of-origin TDT,
which gave an assurance that the observed effects are maternal genetic effects and
not maternal imprinting.
The effect of the identified maternal variants on the expression of proteins and
their specific role in molecular pathways is unknown, but the results indicate possible
changes to in utero environment, which could lead to abnormal fetus development.
The overlap between risk factors for ASD and other neurodevelopmental disorders
is considerable, making the prediction of a specific disorder difficult. Discovery of
more risk factors could improve predictions, as well as treatment in the future. In
order to achieve that, further research in the architecture of neurodevelopmental
disorders is warranted.
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APPENDIX

In listings 1 and 2, the modified parts of function colEMlrt from trio package are
shown. In listing 3, an original code is shown for permuting labels from fam file.
If you are interested in getting a part of commands or all commands and Unix
scripts that were used, contact me at kvucinic@stud.biol.pmf.hr .
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Listing 1: WeinbergLRT function, part 1
WeinbergLRT <- function (mat.snp, model = c( " general " , "dominant" , " recessive "
), child = TRUE, maternal = FALSE, parentMissing = c( " father " , "mother" , "

either " ), iter = 40, eps = 10^-16) {
...
estR1 <- seR1 <- estR2 <- seR2 <- estS1 <- seS1 <- estS2 <- seS2 <- rep.int(
NA, n.snp)
# matrix for mating types
X.null <- matrix(c(rep(c(0, 1, 0), c(0, 1, 14)), c(0, 1, 1, 0, 1, 0, 1, rep(0,
8)), c(0, 0, 0, 1, 0, 0, 0, 1, 0, 0, 0, 1, 0, 0, 0), rep(c(0, 1, 0, 1, 0),
c(5, 1, 3, 1, 5)), c(0, 0, 0, 0, 0, 0, 0, 0, 1, 0, 1, 0, 1, 1,

0)), 15)

# matrix for S1 and S2
M.full <- matrix(c(c(0, 0, 1, 1, 0, 0, 1, 1, 1, 0, 0, 1, 1, 0, 0), c(0, 0, 0,
0, 0, 0, 0, 0, 0, 1, 1, 0, 0, 1, 1)), 15)
# matrix for R1 and R2 depending on the model
if (child) {
if (type == " general " ) {
Z.full <- matrix(c(rep(0:1, c(11, 4)), rep(c(0, 1, 0),
c(4, 7, 4))), 15)
df <- 2
}
else if (type == " recessive " ) {
Z.full <- rep(0:1, c(11, 4))
df <- 1
}
else if (type == "dominant" ) {
Z.full <- rep(0:1, c(4, 11))
df <- 1
}
}else{df <- 1} # maternal
# full model. null is Xnull
if (maternal == T & child == T) {
X.full <- cbind(X.null, M.full, Z.full)
}
else if (maternal == F && child == T) {
X.full <- cbind(X.null, Z.full)
}
else if (maternal == T && child == F) {
X.full <- cbind(X.null, M.full)
}
else {print( "There are no nested models to be compared" )}
...
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Listing 2: WeinbergLRT function, part 2
# EM algorithm
...
# log-linear modelling
...
if (child) {
if (maternal) {
estR1[i] <- summary(ll.full)$coefficients[10,1]
seR1[i] <- summary(ll.full)$coefficients[10,2]
estR2[i] <- summary(ll.full)$coefficients[9,1]
seR2[i] <- summary(ll.full)$coefficients[9,2]
estS1[i] <- summary(ll.full)$coefficients[7,1]
seS1[i] <- summary(ll.full)$coefficients[7,2]
estS2[i] <- summary(ll.full)$coefficients[8,1]
seS2[i] <- summary(ll.full)$coefficients[8,2]
df <- 2
}else{
estR1[i] <- summary(ll.full)$coefficients[8,1]
seR1[i] <- summary(ll.full)$coefficients[8,2]
estR2[i] <- summary(ll.full)$coefficients[7,1]
seR2[i] <- summary(ll.full)$coefficients[7,2]
estS1[i] <- seS1[i] <- estS2[i] <- seS2[i] <- 0
df <- 1
}
# child = FALSE
}else{
if (maternal) {
estS1[i] <- summary(ll.full)$coefficients[7,1]
seS1[i] <- summary(ll.full)$coefficients[7,2]
estS2[i] <- summary(ll.full)$coefficients[8,1]
seS2[i] <- summary(ll.full)$coefficients[8,2]
estR1[i] <- seR1[i] <- estR2[i] <- seR2[i] <-0
df <- 1
}else{
estR1[i] <- seR1[i] <- estR2[i] <- seR2[i] <- estS1[i] <- seS1[i] <- estS2[i]
<- seS2[i] <- df <- 0
}
}
}
stat <- ll.red_dev - ll.full_dev
pval <- pchisq(stat, df, lower.tail = FALSE)
names(ll.red_dev) <- names(ll.full_dev) <- names(pval) <- names(stat) <colnames(mat.snp)
out <- data.table(SNP = colnames(mat.snp), estR1 = estR1, seR1 = seR1, estR2 =
estR2, seR2 = seR2,
estS1 = estS1, seS1 = seS1, estS2 = estS2, seS2 = seS2, ll.red = ll.red_dev /
-2,
ll.full = ll.full_dev/-2, stat = stat, pval = pval)
return(out)
}
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Listing 3: Permutation script
library(data.table)
fam <- fread( " sorted _ trios _QC.fam" )
colnames(fam) <- c( "FID" , "IID" , "FATID" , "MOTID" , "SEX" , "PHENO" )
for (task in 1:500) {
no_trios <- length(unique(fam$FID))
coin <- sample(1:2, no_trios, replace = TRUE)
for (i in 1:length(coin)) {
fam[(1+i*3-3), SEX := coin[i]]
fam[(2+i*3-3), SEX := ifelse(coin[i] == 1, 2,1) ]
fam[(3+i*3-3), ’ := ’ (FATID = ifelse(coin[i] == 1, fam[(1+i*
3-3), IID],fam[(2+i*3-3), IID]), MOTID = ifelse(coin[i] ==
1, fam[(2+i*3-3), IID],fam[(1+i*3-3), IID]))]
}
new_fam <- fam[order(FID, FATID, MOTID, SEX)]
name_file_indiv <- paste0( " /path/fam_perm_ indiv " , sep = " _ " , task, " .

csv" )
name_file_par <- paste0( " /path/fam_perm_par" , sep = " _ " , task, " . csv" )
name_file_sex <- paste0( " /path/fam_perm_ sex" , sep = " _ " , task, " . csv" )
fwrite(new_fam[,1:2], file = name_file_indiv, row.names = FALSE, col.
names = FALSE, sep = "\t " )
fwrite(new_fam[FATID != 0 & MOTID != 0, 1:4], file = name_file_par,
row.names = FALSE, col.names = FALSE, sep = "\t " )
fwrite(new_fam[,c(1:2,5)], file = name_file_sex, row.names = FALSE,
col.names = FALSE, sep = "\t " )
}
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and Emin Üstünyurt (2020). “Comparison of serum human pregnancy-specific
beta-1-glycoprotein 1 levels in pregnant women with or without preeclampsia.”
In: Journal of Obstetrics and Gynaecology 40.8, pp. 1074–1078.

49

bibliography

Terrand, Járome, Váronique Bruban, Li Zhou, Wanfeng Gong, Zeina El Asmar, Petra
May, Kai Zurhove, Philipp Haffner, Claude Philippe, Estelle Woldt, et al. (2009).
“LRP1 controls intracellular cholesterol storage and fatty acid synthesis through
modulation of Wnt signaling.” In: Journal of Biological Chemistry 284.1, pp. 381–388.
Thanabalasingham, G, N Shah, M Vaxillaire, T Hansen, T Tuomi, D Gašperíková,
Magdalena Szopa, E Tjora, TJ James, P Kokko, et al. (2011). “A large multi-centre
European study validates high-sensitivity C-reactive protein (hsCRP) as a clinical
biomarker for the diagnosis of diabetes subtypes.” In: Diabetologia 54.11, pp. 2801–
2810.
Thorleifsson, Gudmar, Kristinn P Magnusson, Patrick Sulem, G Bragi Walters, Daniel
F Gudbjartsson, Hreinn Stefansson, Thorlakur Jonsson, Adalbjorg Jonasdottir,
Aslaug Jonasdottir, Gerdur Stefansdottir, et al. (2007). “Common sequence variants
in the LOXL1 gene confer susceptibility to exfoliation glaucoma.” In: Science
317.5843, pp. 1397–1400.
Tick, Beata, Patrick Bolton, Francesca Happé, Michael Rutter, and Frühling Rijsdijk (2016). “Heritability of autism spectrum disorders: a meta-analysis of twin
studies.” In: Journal of Child Psychology and Psychiatry 57.5, pp. 585–595.
Torrico, Bàrbara, Alex D Shaw, Roberto Mosca, Norma Vivó-Luque, Amaia Hervás,
Noèlia Fernàndez-Castillo, Patrick Aloy, Mònica Bayés, Janice M Fullerton, Bru
Cormand, et al. (2019). “Truncating variant burden in high-functioning autism and
pleiotropic effects of LRP1 across psychiatric phenotypes.” In: Journal of psychiatry
& neuroscience: JPN 44.5, p. 350.
Tsang, Kathryn M, Lisa A Croen, Anthony R Torres, Martin Kharrazi, Gerald N
Delorenze, Gayle C Windham, Cathleen K Yoshida, Ousseny Zerbo, and Lauren
A Weiss (2013). “A genome-wide survey of transgenerational genetic effects in
autism.” In: PloS one 8.10, e76978.
Wakefield, Jon (2008). “Reporting and interpretation in genome-wide association
studies.” In: International Journal of Epidemiology 37.3, pp. 641–653.
– (2009). “Bayes factors for genome-wide association studies: comparison with Pvalues.” In: Genetic Epidemiology: The Official Publication of the International Genetic
Epidemiology Society 33.1, pp. 79–86.
– (2012). “Commentary: Genome-wide significance thresholds via Bayes factors.”
In: International journal of epidemiology 41.1, pp. 286–291.
Wan, Hongquan, Chunguo Zhang, He Li, Shuxin Luan, and Chang Liu (2018).
“Association of maternal diabetes with autism spectrum disorders in offspring: a
systemic review and meta-analysis.” In: Medicine 97.2.
Wang, Xinyuan, Kimberly M Christian, Hongjun Song, and Guo-li Ming (2018).
“Synaptic dysfunction in complex psychiatric disorders: from genetics to mechanisms.” In: Genome medicine 10.1, p. 9.
Weinberg, CR (1999). “Allowing for missing parents in genetic studies of case-parent
triads.” In: The American Journal of Human Genetics 64.4, pp. 1186–1193.

50

bibliography

Weinberg, CR, AJ Wilcox, and RT Lie (1998). “A log-linear approach to case-parent–
triad data: assessing effects of disease genes that act either directly or through
maternal effects and that may be subject to parental imprinting.” In: The American
Journal of Human Genetics 62.4, pp. 969–978.
Wilcox, Allen J, Clarice R Weinberg, and Rolv Terje Lie (1998). “Distinguishing the
effects of maternal and offspring genes through studies of “case-parent triads”.”
In: American journal of epidemiology 148.9, pp. 893–901.
Williams, Tanishia A, Audrey E Mars, Steven G Buyske, Edward S Stenroos, Rong
Wang, Marivic F Factura-Santiago, George H Lambert, and William G Johnson
(2007). “Risk of autistic disorder in affected offspring of mothers with a glutathione
S-transferase P1 haplotype.” In: Archives of pediatrics & adolescent medicine 161.4,
pp. 356–361.
Wolf, Jason B and Michael J Wade (2009). “What are maternal effects (and what are
they not)?” In: Philosophical Transactions of the Royal Society B: Biological Sciences
364.1520, pp. 1107–1115.
Wu, S, F Wu, Y Ding, J Hou, J Bi, and Z Zhang (2017). “Advanced parental age
and autism risk in children: a systematic review and meta-analysis.” In: Acta
Psychiatrica Scandinavica 135.1, pp. 29–41.
Xu, Guifeng, Jin Jing, Katherine Bowers, Buyun Liu, and Wei Bao (2014). “Maternal
diabetes and the risk of autism spectrum disorders in the offspring: a systematic
review and meta-analysis.” In: Journal of autism and developmental disorders 44.4,
pp. 766–775.
Yoo, Heejeong (2015). “Genetics of autism spectrum disorder: current status and
possible clinical applications.” In: Experimental neurobiology 24.4, pp. 257–272.
Yuan, Han and Joseph D Dougherty (2014). “Investigation of Maternal Genotype
Effects in Autism by Genome-Wide Association.” In: Autism Research 7.2, pp. 245–
253.
Yunusbaev, Ural, Albert Valeev, Milyausha Yunusbaeva, Hyung Wook Kwon, Reedik
Mägi, Mait Metspalu, and Bayazit Yunusbayev (2019). “Reconstructing recent
population history while mapping rare variants using haplotypes.” In: Scientific
reports 9.1, pp. 1–9.
Zhu, Xiaofeng, Denise Yan, Richard S Cooper, Amy Luke, Morna A Ikeda, Yen-Pei C
Chang, Alan Weder, and Aravinda Chakravarti (2003). “Linkage disequilibrium
and haplotype diversity in the genes of the renin–angiotensin system: findings
from the family blood pressure program.” In: Genome research 13.2, pp. 173–181.
Zondervan, Krina T (2011). “Genetic association study design.” In: Analysis of
Complex Disease Association Studies. Elsevier, pp. 25–48.

51

BIOGRAPHY

I was born 1995 in Houilles, France. After finishing Andrije Mohorovičić high school
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