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Abstract 
 

Neurodevelopmental disorders (NDDs) are a group of heterogeneous conditions that effect 

brain function with onset in the developmental period. While individually rare, collectively 

NDDs are present in 7.0-13.6% of the population. Genetics (including copy number variants, 

CNVs) plays a central role in many of these disorders, but is yet to be fully understood. 

Many bioinformatic CNV detection tools have been developed to identify CNVs from whole 

exome or whole genome sequence reads. However, there are no established best practices for 

CNV detection, and the use in molecular diagnostics is not routine.  

This thesis aimed to establish a bioinformatic framework for the identification of causative 

CNVs from aligned genetic sequence reads. The performance of whole exome sequencing 

based CNV detection tools were found to be ineffective without an a priori assumption of the 

genes involved. Therefore, a quantitative comparison of whole genome sequencing based 

CNV detection tools was conducted, comparing the performance of one tool from each of the 

primary approaches: read depth, read pair, split read, assembly-based, and a combinatorial 

approach. The most balanced performance was observed from BreakDancer, which was 

subsequently integrated into a bioinformatic pipeline to identify CNVs. Copy number variant 

calls were then filtered and prioritised, incorporating CNV size and quality, population 

frequency, and predicted effect on gene expression and function. Prioritisation also 

incorporated a custom software package (RBV, Read Balance Validator) that calculated the 

probability of the presence of a CNV based upon the allele balance. 

Thirty one New Zealand families with NDDs were analysed using this custom pipeline, 

identifying causative mutations from two families (encompassing genes TANGO2 and 

SLC19A3), resulting in molecular diagnoses and subsequent life-saving clinical management. 

The strength of the pipeline lies in its ability to be applied to disorders beyond NDDs, and 

provides a validated CNV detection framework which can be transferred to a clinical setting.  

This thesis demonstrates the utility of WGS data for the detection of causative CNVs in rare 

NDDs. An early and accurate genetic diagnosis is critical for disorders which affect 

development, and can significantly improve health outcomes for patients and families. 
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Chapter 1 – Literature Review and Introduction
 

1.1 Overview 
The advent of second generation sequencing technology (both exome and whole genome 

sequencing) has revolutionised genetic analysis in both a research and clinical setting. It has 

allowed for the rapid unbiased investigation of genetic variants at either the exome or genome 

wide level, ultimately leading to increased knowledge of the effect of genetic variants, and 

their role in disease (Lohmann & Klein, 2014). Second generation sequencing has made a 

significant impact on the rate of diagnosis across all areas of human genetic disease 

(Lohmann & Klein, 2014). However, a large number of cases remain unresolved, particularly 

those that are rare, such as severe Neurodevelopmental disorders (NDDs). 

1.2 Neurodevelopmental Disorders 
Neurodevelopmental disorders (NDDs) are a group of conditions that effect brain function 

with onset in the developmental period (birth to 18 years old) (American Psychiatric 

Association, 2013). This term encompasses multiple varied conditions including: Intellectual 

Disabilities (ID), Language Disorder, Autism Spectrum Disorder (ASD), Attention-

Deficit/Hyperactivity Disorder (ADHD), Specific Learning Disorder, Motor Disorders 

including Tourette's Disorder, and psychiatric disorders such as Schizophrenia and Bipolar 

Disorder. These disorders are characterized by developmental deficits that affect multiple 

facets of life, namely personal, social, and academic functioning.  

Autism Spectrum Disorder (ASD) is one of the most common NDDs and can be viewed as an 

umbrella condition incorporating a number of previously separate disorders. As defined by 

the fifth revision of the American Psychiatric Association's Diagnostic and Statistical Manual 

of Mental Disorders (DSM-5, (American Psychiatric Association, 2013), the term ASD 

encompasses autism, Asperger’s syndrome, pervasive developmental disorder not otherwise 

specified (PPD-NOS), and childhood disintegrative disorder. Autism Spectrum Disorder is 

characterised by three essential features: social deficits and communication, restrictive and 

repetitive behaviour, and the onset of symptoms must be early in the developmental period 

(by three years of age).  
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1.2.1 Prevalence of Neurodevelopmental Disorders 
Collectively, NDDs are relatively common with recent prevalence estimates suggesting 7.0-

13.6% of children are affected (Arora et al., 2018; Zablotsky, Black, & Blumberg, 2017). 

Autism spectrum disorder is one of the most prevalent disorders, estimated to affect at least 

1.5% of the population (CDC, 2014; Christensen et al., 2016). There has been no formal 

epidemiological study performed in New Zealand and thus, prevalence in New Zealand relies 

upon extrapolation from international studies (New Zealand Guidelines Group, 2010). Since 

the initial report of ASD prevalence in 1967 (Lotter, 1967) there has been an apparent rapid 

increase in prevalence. However, there has been a recent plateauing in prevalence rates, with 

estimates reported by the CDC at 1 in 68 in the years 2010 and 2012 (CDC, 2014; 

Christensen et al., 2016), and 1 in 59 in 2014 (Baio et al., 2018). 

There are many possible explanations for the increase in prevalence of ASD over time. 

Potential explanations include: multiple changes in diagnostic criteria in the seven decades 

since Leo Kanner’s original description (Kanner, 1943) (Chakrabarti & Fombonne, 2005; 

Hertz-Picciotto & Delwiche, 2009; King & Bearman, 2009) including diagnostic substitution 

(where individuals that would have previously received an alternative diagnosis now are 

diagnosed with ASD under the new diagnostic criteria) (L. a Croen, Grether, Hoogstrate, & 

Selvin, 2002; King & Bearman, 2009; Polyak, Kubina, & Girirajan, 2015; Shattuck, 2006), 

the development of the concept of ASD, growing awareness and acceptance (Hertz-Picciotto 

& Delwiche, 2009), increased services and treatment options, and the development of 

specialist services (Wing, 2001). While these factors play a role in the rise in prevalence of 

ASD over time, they do not account for the entire increase, and the true explanation is likely 

a combination of such factors with an actual increase in incidence (Lorna Wing & Potter, 

2002). 

Interestingly, the prevalence of ASD in not consistent between sexes. The ratio of ASD in 

males to females has almost universally been found to be 4:1 (reviewed by Halladay et al., 

2015). This gender bias has also been observed in a self-reported cohort in New Zealand 

(Virues-Ortega et al., 2017). However, the 4:1 male:female ratio differs according to severity 

of the disorder, with more girls being profoundly affected (ASD and ID) compared to boys 

1.4:1 (p<0.01), whilst there are more boys than girls with average or above average 

intellectual ability 1.2:1 (p<0.05) (Baio et al., 2018). 
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A change in prevalence over time has also been observed in a number of other NDDs. 

Interestingly, the prevalence of schizophrenia increased during the 1980s, however, there has 

been a decrease from the mid-nineties (Frisher, Crome, Martino, & Croft, 2009; Nakamura, 

Ojima, Oki, & Yanagawa, 1997; Woogh, 2001), which is suggested to be the result of 

changes in diagnostic criteria (Woogh, 2001). Similarly, a meta-analysis for ID found a mean 

prevalence of 1.037% from 52 studies reported between 1980 and 2009 (Maulik, 

Mascarenhas, Mathers, Dua, & Saxena, 2011), demonstrating an increase in prevalence of ID 

between 1961 and 1998, with a stable prevalence of ~1.1% between 2000 and 2008. 

1.2.2 Neurodevelopmental Disorders and Comorbidities 
Up to 70% of individuals diagnosed with a NDD have a comorbid disorder, with up to 41% 

of individuals diagnosed with more than one NDD (Hansen, Oerbeck, Skirbekk, Petrovski, & 

Kristensen, 2018; Simonoff et al., 2008). For example, ID is a common comorbidity in 

individuals with ASD, observed in 40-70% of individuals (Fombonne, 2002; Gaugler et al., 

2014; van Bakel et al., 2015) with females more likely to be comorbid for ASD and ID (van 

Bakel et al., 2015). Along with ID, epilepsy is more common in individuals diagnosed with 

ASD compared to the general population at 4.7% (vs. 1.2%) (van Bakel et al., 2015) as is 

ADHD with 30-80% children diagnosed with ASD also having a diagnosis of ADHD 

(Rommelse, Franke, Geurts, Hartman, & Buitelaar, 2010). The reciprocal is also true with 20-

50% of children diagnosed with ADHD being comorbid for ASD (Rommelse et al., 2010). 

Not surprisingly, comorbidities are also prevalent in New Zealanders with ASD, with 48.5% 

reporting one or more co-morbidities (Virues-Ortega et al., 2017). 

1.2.3 Heritability of Neurodevelopmental Disorders 
Heritability is a measure used to estimate the effect of genetic variation on a condition, 

calculated based on population and family studies. The majority of scientific research 

regarding the aetiology of NDDs is from heritability studies, beginning with the first twin 

study for ASD in 1977 (Folstein & Rutter, 1977). 

1.2.3.1 Risk within Families 
Twin studies are a powerful approach to determine genetic contributions to phenotypes. Twin 

studies are based on the comparison of concordance rates of monozygotic twins (which are 

genetically identical and share large aspects of the environment) harbouring the same 

condition compared to dizygotic twins (which share environmental factors but only share 

~50% of the DNA) harbouring the same condition. This isolates the contribution of genetic 

identity from other confounding factors. Many studies have shown high concordance rates for 
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NDDs in monozygotic twins and within families, indicating risk factors responsible for NDD 

are often inherited. For example, the concordance of dizygotic twins with ASD is 12.9-36%, 

and 50-70% for monozygotic twins (Hallmayer et al., 2011; Sandin et al., 2014). 

Interestingly, the increased prevalence of a NDD within families extends to family members 

as distant as cousins. This was observed for ASD by Sandin, et al. (2014) where the 

prevalence was 6.8-8.6% in half siblings and 2.6% in cousins, compared to 1.2% in 

individuals without affected family members (Sandin et al., 2014). High concordance within 

families is also observed in ADHD with the recurrence rate of non-twin siblings being 13-

30% compared to population prevalence rates of 0.4–5.3% (W. Chen et al., 2008; Ma, 

Roberts, Winefield, & Furber, 2015). Thus, genetic factors have the greatest contribution to 

the aetiology of NDDs (Sandin et al., 2017). 

1.2.3.2 Comorbidities within families 
In addition to high rates of comorbid NDDs within individuals, there are also high rates of 

multiple different NDDs within families. For example, parents with schizophrenia and 

bipolar disorder show up to 3-fold increased risk of ASD in their children (Sullivan et al., 

2012). The reciprocal relationship also exists with elevated rates of schizophrenia and bipolar 

disorder in both mothers and fathers of children with ASD or ID (Daniels et al., 2008; 

Lichtenstein et al., 2009; Morgan et al., 2012). Together, the clustering of NDDs within 

families indicates that there is shared heritability between different NDDs, indicating that 

seemingly heterogeneous NDDs share genetic risk factors. 

Along with recurrence and comorbidities within families, there are also greater rates of 

subclinical phenotypes. For ASD this is termed the broader autistic phenotype, which is 

prevalent in families of affected individuals (Colvert et al., 2015; Constantino, Zhang, 

Frazier, Abbacchi, & Law, 2010; Pisula & Ziegart-Sadowska, 2015; Ronald, Larsson, 

Anckarsäter, & Lichtenstein, 2011), particularly in multiplex families (containing more than 

one affected individual, discussed further in section 1.4) (Constantino et al., 2010; Pisula & 

Ziegart-Sadowska, 2015). Less severe phenotypic forms of schizophrenia are also clustered 

within families (K S Kendler et al., 1993b, 1993a; Kenneth S. Kendler et al., 1993), as are 

less severe forms of ADHD (W. Chen et al., 2008). 

1.3 Copy Number Variants 
The role of small variants (SNVs and indels) in NDDs has been well characterised, however 

less well characterised are DNA copy number variants (CNVs, defined as increases or 



5 
 

decreases in genetic content, typically >1 kb). Copy number variants have been shown to 

have a causative role in many conditions, including Mendelian and complex disease. In 

particular, CNVs play a significant role in the aetiology of NDDs, as causative CNVs can be 

identified in 10-20% of NDD cases (Cooper et al., 2011; Sagoo et al., 2009; Thygesen et al., 

2018). However, standard methods for the identification of CNVs, in the form of array 

comparative genomic hybridisation (aCGH), are low resolution and therefore cannot capture 

all CNVs, particularly in a clinical setting (F. Ashton, personal communication, 20 April 

2012).  

Many bioinformatic CNV detection tools have been developed for the purpose of identifying 

CNVs from exome or whole genome sequence reads. However, there are no established best 

practices, and the use of these approaches in molecular diagnostics is still not very common 

for CNV detection, being almost completely confined to the research setting.  

1.3.1 Types of Genetic Variants 
Genetic variation between individuals can be classified into three different types: Single 

nucleotide variants (SNV), small insertions and deletions (indels) and larger structural 

variants (SV). SNVs are the smallest form of genetic variation, consisting of substitutions of 

a single base of the DNA. Indels are an intermediate sized form of variation, traditionally 

classified as small insertions or deletions between 1 and 10,000 bp (Mullaney, Mills, Stephen 

Pittard, & Devine, 2010), while SVs are typically the largest form of variation, resulting from 

gross changes in the chromosomal structure (>1 kb). SVs are subdivided into three categories 

based on the scale of change in the DNA content: 1) if there is a gain or loss of entire 

chromosomes, they are called aneuploidies (Rodríguez-Santiago et al., 2010), 2) sub-

chromosomal gains or losses of genomic information, are referred to as multiplications or 

deletions, respectively, and together are called copy number variations (CNVs) (see Figure 

1-1), 3) if there is no change in the overall genetic content, the chromosomal alteration is 

considered to be a “balanced” rearrangement. Such apparently balanced chromosomal 

rearrangements (ABCR) can include inversions, translocations, reciprocal translocations, or 

combinations of the above. Complex SVs are also possible, where there is a combination of 

SVs at the same locus. 
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There is, however, some ambiguity in the definition of indels and CNVs. The difference in 

their classification is based on the techniques used to identify them. Advances in technology 

has meant that some studies and public databases use size definitions for CNVs below the 

typical threshold of 1 kb, or they simply do not differentiate between indels and CNVs 

(MacDonald, Ziman, Yuen, Feuk, & Scherer, 2014; McVean et al., 2012; Pang et al., 2010). 

However, most studies and datasets operate with a definition of SVs >1 kb. 

1.3.2 Copy Number Variants as Part of Normal Genetic Variation 
It has been long known that the smallest genetic variant (SNVs) are present and very 

common in all individuals (discussed in section 1.3.6). It was originally believed that SV 

events were rare and largely damaging, because the methods to detect them had low 

resolution. With the improvement in resolution of detection methods and the introduction of 

new techniques, CNVs are now known as a common phenomenon and their role in normal 

genetic variation has been well established.  

There are, on average, over 1,000 CNVs in a human genome involving up to 48.8 Mb of 

DNA (Conrad et al., 2010; Durbin et al., 2010; McVean et al., 2012; Pang et al., 2010). 

Although there is a greater number of SNVs per individual (approximately 3.6 million or 

~0.1%, McVean et al., 2012), due to their greater average size CNVs are responsible for a 

greater proportion of nucleotide variance between genomes (~1.5%).  

The majority of known CNVs are benign, with ~80% of CNVs having a prevalence >5% in 

the population (McCarroll et al., 2008), and greater than 99% of CNVs in an individual are 

shown to be inherited (McCarroll et al., 2008). Consequently, there is a low de novo rate for 

CNVs (0.07-0.12 per generation, Malhotra & Sebat, 2012). Furthermore, many CNVs share 

identical breakpoints (the exact DNA positions where the CNVs start and end with respect to 

Figure 1-1 Copy Number Variants. Copy number variants are genetic variants which result in overall 
changes in genomic content. In this example, this section of the reference genome contains three genes: A, B 
and C. Deletions represent a loss of genetic material, represented by the loss of the B gene in this example. 
Duplications result in a gain in genetic material, represented by a duplication of the B gene in this example. 
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a reference genome) between unrelated individuals (Perry et al., 2008). Populations studies 

have also shown that like SNVs, CNVs are transmitted over many generations with many 

common CNV in strong linkage disequilibrium with nearby SNVs (Kremer et al., 2016; 

Lalani et al., 2016; McCarroll et al., 2008).  

1.3.3 Formation of Copy Number Variants 
The human genome is made up of unique and repetitive sequences which are distributed 

throughout the genome. These sequences play a role in CNV formation as because as CNVs 

appear to result predominantly from meiotic divisions (Lupski, 2007), with recombination 

errors responsible for an estimated 69% of structural rearrangements (H Parikh et al., 2015), 

compared to SNVs that are theorised to be primarily resultant from mitotic divisions 

(Gauthier & Rouleau, 2012). This proposed mechanism of action is supported by the finding 

that the majority of CNVs are surrounded by large blocks of low copy repeats (Bailey et al., 

2002; Kidd et al., 2008; Sharp et al., 2005; Stankiewicz & Lupski, 2002), which can lead to 

homologous recombination between these areas of microhomology (Figure 1-2). Therefore, 

Non-Allelic Homologous Recombination (NAHR) is the primary mechanism for the  

 

Figure 1-2 Non-allelic homologous recombination resulting in CNVs. During meiosis, crossing over can occur 
between areas of microhomology (A-A and B-B in the red and blue genes). This NAHR results in two potential 
recombination products: 1) a deletion of regions between the microhomolgous repeats, with a shortened product 
with a fusion gene containing one red A repeat and the blue B repeat, and 2) a duplication between the 
microhomologous repeats, with a lengthened product with the original genes and an additional fusion gene with 
one blue A repeat and one red B repeat. 
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generation of CNVs, which predisposes regions with homology to other loci in the genome to 

a greater incidence of SVs (so called ‘hot-spots’). The presence of hotspots is illustrated by a 

greater nucleotide-specific rate of mutation for SVs versus SNVs (Lupski, 2007). 

1.3.4 Effect of Copy Number Variants on Gene Expression 
The larger size of CNVs means they have the potential for a greater effect on gene expression 

than SNVs. In a study that measured the expression level of transcripts by whole genome 

expression array (Sentrix Human-6 Expression BeadChip from Illumina) it was found that 

CNVs are responsible for an estimated 17.7% of the genetic based impact on gene expression 

(Stranger et al., 2007). Structural variants can effect gene expression in a number of ways 

including dosage changes, non-dosage cis-effects, position effects, and trans-effects.  

1.3.4.1 Copy Number Variant Gene Dosage Changes and Their Effect on Gene 
Expression 

While copy number variants can result in a change of gene expression levels, for genes 

encompassed by a CNV, it has been observed that up to 71% do not show a change in 

expression directly proportional to the dosage change of the CNV (Aït Yahya-Graison et al., 

2007; Guryev et al., 2008; Henrichsen, Vinckenbosch, et al., 2009; Stranger et al., 2007). 

This includes 56% displaying evidence of compensation, where the change in expression is 

less than the relative copy number (Aït Yahya-Graison et al., 2007).  

1.3.4.2 Copy Number Variant Non-Dosage Cis-Effects and Their Effect on Gene 
Expression 

Copy Number Variants do not always effect gene expression by gene dosage alone. Deletions 

have the potential to result in phenotypes in recessive disorders (Bisgaard et al., 2009) or 

reveal inactive imprinted genes (DeChiara, Robertson, & Efstratiadis, 1991) due to the 

deletion of the second allele. Dosage compensation in the form of positive and negative 

feedback loops could account for unexpected changes in the levels of expression in response 

to a change in gene dosage (Mileyko, Joh, & Weitz, 2008).  

1.3.4.3 Copy Number Variant Positional Effects on Gene Expression 
Copy Number Variants can effect gene expression even if the gene itself is not located within 

the deleted or duplicated locus through altering the position of the gene within the genome. A 

position effect can occur when there is a change in genomic distance between cis-regulatory 

elements and the gene, such as if a regulatory element is deleted or if an insertion occurs 

between a regulatory element and the associated gene. This phenomena is illustrated clearly 

by an investigation in the work reported by Stranger, et al. (Stranger et al., 2007). They 
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measured transcript levels from lymphoblastoid cell lines of 210 unrelated individuals from 

the International HapMap project. They found that for 53% of the 2,642 genes whose 

expression was significantly altered in association with a CNV, the CNV was located outside 

of the gene itself. This effect has been observed when a CNV is as much as 450 kb away 

from the gene (Henrichsen, Vinckenbosch, et al., 2009).  

1.3.4.4 Copy Number Variant Trans-Effects on Gene Expression 
CNVs have also been shown to effect expression of genes located on different chromosomes 

to that of the CNV. An example of trans effects of CNVs was observed by Chen-Hsiang 

Yeang (2010), whereby multiplications of two separate DNA segments (which include 

oncogenes Melanogenesis Associated Transcription Factor and Avian Myeloblastosis Viral 

Oncogene Homolog) resulted in the differential expression of genes located on chromosomes 

other than which the CNV occurred (Yeang, 2010). Unsurprisingly, the CNVs which had a 

trans-effect on gene expression involved a change in copy number of a transcription factor.  

1.3.5 Copy Number Variants in Disease 
Given CNVs can have major effects on gene expression, through the mechanisms given 

above, it is therefore unsurprising that they can cause disease. Although CNVs are found 

throughout the genome, they are not equally distributed. There is an under-representation of 

CNVs (both deletions and duplications) overlapping RefSeq genes (a stable reference of 

genomic annotations of genes curated by staff of the National Center for Biotechnology 

Information [NCBI]), enhancers, and ultra-conserved elements (Conrad et al., 2010) in the 

non-disease population. In particular, the prevalence of deletions in the non-diseased 

population overlapping genes found in the human genetic disease catalogue Online 

Mendelian Inheritance in Man (OMIM) is, perhaps expectedly, much lower (Conrad et al., 

2010; Redon et al., 2006; Zarrei, Macdonald, Merico, & Scherer, 2015). This provides strong 

evidence that this subset of CNVs are under negative selection. Comparing the frequencies of 

gene-associated CNVs, those with breakpoints in exons (exonic breakpoints) are the least 

frequent in the non-diseased population, followed by those with intronic breakpoints, then 

CNVs encompassing entire genes with intergenic breakpoints (Conrad et al., 2011; Zarrei et 

al., 2015).  

Duplications do not show the same level of negative selection as deletions (Conrad et al., 

2010; Zarrei et al., 2015), and sometimes the loci can exhibit positive selection. This is 

demonstrated in evolution of gene families, where duplications play a central role (Hurles, 

2004). For example the Slit-Robo Rho GTPase activating protein 2 gene which plays a role in 
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cortical neuron development, underwent three incomplete duplications 2–3 million years ago 

conferring a novel function in the duplicated gene (Dennis et al., 2012). These duplications 

corresponded to the transition from Australopithecus to Homo, and are hypothesised to play a 

role in the development of the neocortex in humans.  

Copy number variants have also directly been shown to have a causative role in both 

Mendelian and complex disease, ranging from congenital heart defects and perturbed 

neurodevelopment through to HIV susceptibility (Beutler & Gelbart, 1994; Costain, 

Silversides, & Bassett, 2016; Gonzalez et al., 2005; Nathans, Piantanida, Eddy, Shows, & 

Hogness, 1986; Shlien & Malkin, 2009). The role of CNVs in the aetiology of NDDs, 

specifically, is discussed further in section 1.4.1.2. 

1.3.6 Classical Structural Variant Detection Methods 
With the understanding that CNVs can be causative in disease, there has been a great deal of 

research to refine the methods for identifying CNVs. The study of copy number changes 

started at the microscopic level. Karyotype techniques used to view condensed chromosomes 

stained with Giesma allowed for the first identification of human copy number changes, via 

the aneuploidy associated with trisomy 21 in Down syndrome patients (Lejeune, Gautier, & 

Turpin, 1959). Karyotype analysis is the lowest resolution cytogenetic analysis, where 

chromosomes are visualised, paired and ordered. This technique can only identify gross 

structural alterations. In 1969, differential staining of parts of chromosomes was developed in 

Vicia faba (broad bean), (Caspersson et al., 1969), followed by the development of G-

banding (Seabright, 1971). For this technique, each individual chromosome has a distinct 

banding pattern that a trained cytogeneticist can use to identify and distinguish between 

similarly sized chromosomes. G-banding therefore allowed for higher resolution 

identification of CNVs, as well as balanced chromosomal rearrangements. The highest 

resolution of standard karyotyping today is ~5 Mb (Riegel, 2014) and until recently was the 

first genetic test performed if there was a suspected chromosomal abnormality (LabPLUS, 

2016). 

The subsequent development of fluorescence in situ hybridisation (FISH) provided a 

remarkable increase in resolution for the identification of chromosomal abnormalities 

(Pinkel, Straume, & Gray, 1996). FISH exploits the specificity of Watson-Crick 

complementary binding of nucleic acids to physically locate sequences on chromosomes of 

metaphase nuclei using specifically selected fluorescently labelled DNA or RNA probes. The 
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original publication of the FISH method reported identification of Y chromosome copy 

number changes in XYY human lymphocyte cells. FISH has formed the springboard for the 

development of further techniques with greater sensitivity. 

1.3.7 Array Comparative Genomic Hybridisation 
Although, a range of molecular biology techniques have provided useful tools to identify 

copy number variants, one molecular cytogenetic technique has dominated the field of CNV 

detection over the last two decades – aCGH. Array comparative genomic hybridisation 

allows for genome-wide screening for CNVs (Kallioniemi et al., 1992), and is based on two 

colour quantitative fluorescence in situ hybridisation (qFISH), where the control and test 

DNA are each labelled with a different fluorochrome which are then co-hybridised to 

synthesised single stranded DNA sequences immobilised on glass slides (Solinas-Toldo et al., 

1997). The ratio of each fluorescent signal bound can then be detected and analysed to 

determine where copy number changes have occurred.  

Resolution of aCGH has continued to increase since its development (Fiegler et al., 2003; 

Ishkanian et al., 2004; Snijders et al., 2001; Solinas-Toldo et al., 1997), with one study using 

microarrays containing 42 million probes which enabled detection of CNVs as small as 443 

bp (Conrad et al., 2010). Although this is an impressive resolution, in a diagnostic context, 

size thresholds need to be set for efficient and effective analysis. Locally at labPLUS, the 

minimum size diagnostic resolution used to detect CNVs using modified aCGH chips is 

400kb for insertions and 200kb for deletions. These thresholds are lowered to 100kb 

(insertions) and 75kb (deletions), for regions with known disease associations (F. Ashton, 

personal communication, 20 April 2012). 

1.3.8 Whole Exome Sequencing Based Structural Variant Detection 
1.3.8.1 Whole Exome Sequencing 
Over the past 11 years our understanding of human genetic variation has undergone a 

revolution due to the development of second generation sequencing approaches, namely 

whole exome sequencing (WES) and whole genome sequencing (WGS). Whole exome 

sequencing is the targeted massively parallel sequencing and downstream analysis of the 

variants for the transcribed sequence, splice sites (extending into the introns), and promoter 

regions of DNA. An overview of WES is displayed in Figure 1-3 A. Briefly, the exome is 

sequenced by fragmenting genomic DNA and the fragments are tagged with adapters. The 

tagged DNA then undergoes a capture step whereby the DNA is hybridised to exon-specific 

probes and purified. The purified DNA is then converted to a library (including polymerase 
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chain reaction [PCR] amplification), and sequenced, generating the WES reads. As short read 

sequencing involves the sequencing the ends of fragmented DNA of a known size, paired 

reads a known distance apart are generated. These paired end reads are then aligned to a 

reference genome using alignment software. 

Although the exome only accounts for approximately 2% of the entire genome sequence (Q. 

Wang, Shashikant, Jensen, Altman, & Girirajan, 2017), the analysis of sequence derived from 

this small part of the genome has been an effective strategy for identifying disease causing 

mutations (Bamshad et al., 2011). Although it is a slightly circular argument, the majority of 

variants shown to be disease causing (particularly for Mendelian disorders) have been located 

within exons (Stenson et al., 2014). Other benefits of the WES approach are the reduced 

volume of data that needs to be analysed (8 GB vs 120 GB for WGS), and increased ease of 

interpretation of potential effect of identified mutations on gene function (largely excluding 

cis- and trans- regulatory effects). Additionally, there is a significantly reduced cost for WES 

compared to WGS. In 2009, the cost of WGS was over 20 fold greater than that of a WES (S. 

B. Ng et al., 2009). However, the cost differential between WES and WGS has significantly 

decreased in the intervening years to a ~1.9 fold difference (Genohub Inc, 2018a, 2018b).  

1.3.8.2 Whole Exome Sequencing Based Structural Variant Detection Methods 
Whole exome sequencing has proven to be a powerful and effective approach for identifying 

SNVs and indels associated with disease (Rimmer et al., 2014), however CNV detection is a 

newer area of research and subsequently there have been fewer reports of disease associations 

with CNVs identified using this approach. At the commencement of this thesis, there were 24 

tools that utilise read depth from WES data to determine CNV location (see Appendix Table 

A 1-1). Read depth (RD) is the only reliable method for CNV detection for WES as variants 

can only be identified if they overlap exons. These RD tools attempt to establish a 

relationship between the number of sequence reads that map to a given locus and the copy 

number of the exon at that locus.  

The issue with using RD as a predictor for copy number from WES is that the relationship 

between RD and copy number can vary for multiple reasons. Variation RD is introduced by 

target and sample specific biases in the exome capture, and PCR amplification efficiency, 

such as that associated with GC content bias. Differences in RD between samples can also be 

due to batch effects and DNA concentrations (Fromer et al., 2012). Together, these factors 

result in variability in RD between regions of equal copy number, making the identification 
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of CNVs from WES aligned reads technically difficult, requiring normalisation between 

multiple samples (Krumm et al., 2012a; Poultney et al., 2013). The large numbers of samples 

required for normalisation not only results in an increase in the resources required to analyse 

a single sample, but can introduce variability in CNVs called due to differences in the 

samples used for comparison and normalisation.  

Multiple studies have performed comparative analysis between WES CNV detection tools 

(Guo, Sheng, & Samuels, 2013; Hong, Singh, Mullikin, & Biesecker, 2016; Kadalayil et al., 

2014; Tan et al., 2014; Yao et al., 2017). It was consistently demonstrated that all WES based 

CNV tools displayed poor sensitivity and accuracy, with detection rates typically below 25%. 

The tools that displayed the best sensitivity suffered from high false discovery rates 

indicating that there is (as expected) a trade-off between sensitivity and specificity, with 

certain algorithms valuing one over the other. 

1.3.9 Whole Genome Sequence Based Structural Variant Detection 
1.3.9.1 Whole Genome Sequencing 
Although WES proved to be an extremely useful and cost-effective tool for variant detection, 

there is now a shift to using WGS due to the decreasing cost and the ability to survey all 

regions of the genome. Furthermore, WGS provides a consistency in coverage not available 

in exome sequencing. The process for WGS is similar to that of WES (Figure 1-3 B), 

however WGS does not include a capture step.  

Whole genome sequencing allows for the detection of variants outside of the coding regions, 

including enhancers and regulatory RNAs. Additionally, due to the greater uniformity of 

Figure 1-3 Overview of the sequencing process for WGS and WES. A. WES has a capture step where the exonic 
sequences are hybridised to target probes. The captured exome is subsequently sequenced. B. WGS involves the 
fragmentation, fragment size selection, and tagging of genomic DNA. The whole pool of fragmented DNA is then 
sequenced. 
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distributions of coverage depth compared to WES (number of reads aligned to a position), 

genotype quality (confidence of genotype assignment), and minor allele read ratio (ratio of 

reads for each allele at a given position), WGS can provide higher confidence variant calls 

compared to WES. Thus, WGS can identify more SNVs with a lower false positive rate in 

exonic regions compared to WES (Belkadi et al., 2015), and is a superior source for 

identifying and characterising CNVs. 

1.3.9.2 Whole Genome Sequencing Based Structural Variant Detection Methods 
With the decreasing cost of sequencing, there has been a shift towards WGS for genetic 

analyses. The availability of this data means there has been an increasing focus on how to 

utilise WGS for CNV detection. At the commencement of this thesis, 80 different software 

packages had been developed to identify SVs from WGS data in research or clinical practice 

(see Appendix Table A 1-2).  

The majority of WGS based CNV detection tools, rely on four different signals which can be 

extracted from the paired-end reads: read pair, read depth, split-read, and assembly-based, 

or a combination of these four (reviewed in Pirooznia, Goes, & Zandi, 2015) (Figure 1-4).  

Read pair (RP) tools compare the average genomic distance between aligned read 

pairs to the average distance of all pairs (Korbel et al., 2007). Pairs that fall outside of a 

standard deviation threshold of insert size (total genomic distance encompassed by the read 

pair) or pairs that are in the wrong orientation when aligned to the reference genome 

(discordant pairs) are used to predict SV locations. RP tools have the potential to identify 

both CNV and balanced SVs, but tend to be limited to medium sized events as small changes 

can be lost in the variability of fragment size that occurs during library preparation (Paul 

Medvedev, Stanciu, & Brudno, 2009).  

Read depth (RD) tools use the depth as determined by the number of mapped reads 

over a given loci as an estimate of the copy number present at that locus (Teo, Pawitan, Ku, 

Chia, & Salim, 2012). Although coverage is more uniform for WGS than WES due to the 

absence of a capture step (Figure 1-3), there is still some bias in coverage due to GC content. 

Therefore, RD tools take into account the GC content in each window analysed and compare 

it to neighbouring windows when determining CNV presence.  

Split read (SR) tools fall into two categories: those that use soft-clipped reads, and 

those that use orphaned or one-end anchored (OEA) reads. Soft clipped reads occur when a 
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read partially aligns to the genome, where the remainder of the read is not aligned and is 

“clipped”, indicating a potential break point of a SV. These tools then perform local 

realignments of the unanchored portion of the read (or read pair) to the genome to find the 

other breakpoint (Z. D. Zhang et al., 2011). SR tools which utilise the OEA reads attempt to 

partially align the unaligned read in the same region as the mapped mate pair, which can give 

sequence level resolution for a breakpoint (Teo et al., 2012). SVs identified by OEA based 

tools are limited by the size of the insert, with large-scale SVs unable to be identified (Yue 

Jiang, Wang, & Brudno, 2012).  

Assembly-based (AS) tools, unlike the three other approaches for WGS based SV detection, 

do not align WGS paired end reads to the reference genome as the initial step. Instead, AS 

tools create a set of contigs based on de novo assembly of the paired-end reads, which are 

then aligned to the reference genome to identify differences in the assembled contigs and the 

reference (Nijkamp et al., 2012). Although AS tools should theoretically be able to identify  

Figure 1-4 Overview of WGS CNV detection methodologies. Figure adapted from Zhao, et al. (2013). CNVs 
can be detected from WGS reads based on four methodologies: read pair, split read, read depth and assembly A. 
Paired end reads are the output from the sequencer which are aligned to the reference genome. B. Read pair 
methods rely upon discordant read pairs mapping to the reference genome where the total genomic distance 
encompassed by the read pair differs significantly from the mean for a given sample. C. Split read methods rely 
upon soft-clipped reads where a read partially aligns to the genome, and local realignment of the remainder of 
the read to identify the breakpoints of a CNV. D. Read depth methods rely upon the depth based on the number 
of aligned reads to determine CNVs. Loci with increased read depth relative to the average are indicative of 
potential duplications, while loci with decreased read depth relative to the average are indicative of potential 
deletions. E. Assembly-based methods perform a de novo assembly of the paired end reads with subsequent 
alignment of the contigs to the reference genome, with SVs (including CNVs) occurring where the contigs and 
reference differ.  
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SVs of all types and sizes, they require high computational resources. They also perform 

poorly in complex and repeat regions where most SVs occur due to difficulties in assembling 

the short Illumina reads (Pirooznia et al., 2015). Due to the limitations and strengths of each 

individual WGS-based CNV detection approach, a number of software packages utilise or 

combine more than one approach to improve the likelihood of true identification and rule out 

false positives.  

An additional source of information with respect to relative copy number can be gleamed 

from genotypes extracted from the aligned reads. For example, at a specific position in the 

genome that is polymorphic, the aligned sequence reads from an individual heterozygous at 

that locus should have approximately 50:50 reads per allele represented. If the read depth is 

30x (normal minimum read depth targeted in WGS) then we would expect 15 reads 

representing each of the alleles. In comparison, regions that have undergone deletions and are 

therefore hemizygous or nullizygous will contain no heterozygous alleles and all positions 

will have reads from the same allele, with 15 reads expected for hemizygous deletions and 

zero reads expected for nullizygous deletions. Finally, heterozygous positions within 

multiplicated regions should have allele balances which reflect the relative copy number of 

each allele. For example, in triplicated regions 66% of reads will be from the allele for which 

there are two copies (30 reads expected representing this allele) and 33% of reads should be 

for the allele for which there is only one copy (15 reads expected representing this allele). 

A number of bioinformatic tools have incorporated the measurement of allele balance for 

determining CNVs in tumour samples (H. Chen, Bell, Zavala, Ji, & Zhang, 2015; Favero et 

al., 2015; Holt et al., 2014; Lai, 2012; Yang Li, Zhou, Schwartz, & Ma, 2016; Marenne, 

Chanock, Malats, & Génin, 2013; Mayrhofer, DiLorenzo, & Isaksson, 2013; Van Loo et al., 

2010; Zhongyang Zhang & Hao, 2015). These techniques rely on genome sequence data from 

paired tumour and normal tissue samples enabling a comparison of allele balance between the 

two tissues. This approach is however not suitable for identifying germline CNVs. 

There are at least two other pieces of software (W. Wang, Wang, Sun, Crowley, & 

Szatkiewicz, 2015; Zhu et al., 2012) that incorporate allele balance information into their 

algorithms along with read depth based data to discover germline CNV mutations. However, 

as of yet there is no platform that allows for the incorporation of allele balance to support the 

presence of CNVs detected by external CNV discovery tools. 
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1.3.10 Role of Whole Genome Sequencing and Whole Exome Sequencing Based 

Copy Number Variant Detection in Clinical Diagnostics 

Array comparative genomic hybridisation has proven to be useful as a first pass diagnostic 

test for CNV detection, but a major limitation with this method is that it has limited 

resolution (as described in section 1.3.7) and cannot define precise CNV breakpoints. This 

information is important in order to predict the impact of the break on gene function and for 

classifying recurrent CNVs. 

Whole exome sequencing and WGS, however, have the power to overcome these challenges. 

For WES, CNV detection methods have been able to resolve CNVs that encompass as little 

as three exons (Hong et al., 2016). Furthermore, where the breakpoints reside in exons, the 

precise breakpoint can be defined by these methods to a specific base pair. This has led to an 

additional 1.5-2.0% diagnostic yield (rate of causative variant identification) of CNVs from 

WES aligned reads, over and above CNVs identified from aCGH. Specifically, an additional 

1.3% diagnostic yield has been reported for NDD cases (Pfundt et al., 2017). However, given 

the limitations of WES based CNV detection tools, including the requirement of multiple 

exons for a CNV to be called (Hong et al., 2016), the success of the approach is significantly 

affected by sequence specific variability in read depth, and large numbers of samples are 

required for normalisation. The resulting variability in CNVs called from WES is evidenced 

by conflicting reports of the performance of the same CNV detection tools across different 

studies, challenging the utility of WES for identifying CNVs for molecular diagnosis (Bellos 

et al., 2014; Yuchao Jiang, Oldridge, Diskin, & Zhang, 2015; Magi et al., 2013). 

In 2014, Tan, et al. directly compared WES and WGS based CNV calling methods (using 

high resolution CNV calls from the Agilent SureSelectHuman All Exon 50Mb Kit as a truth-

set), and they demonstrated a > 5-fold increase in the median number of exons identified as 

copy number variable using WGS methods compared to WES methods, illustrating the 

greater ability of WGS to detect CNVs encompassing exons than WES (Tan et al., 2014). The 

resolution of WGS based methods is also important as 39% of intragenic CNVs involve less 

than three exons, which would make them unidentifiable by WES based CNV detection 

methods (Retterer et al., 2015). 

Not only do WGS (and WES to a lesser extent) enable more accurate identification of CNVs 

compared to aCGH, they also allow for the concurrent identification of SNVs and indels, 

resulting in a more than two-fold increase in the diagnostic yield compared to targeted gene 
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testing combined with aCGH (the current diagnostic standard) (Stavropoulos et al., 2016). 

Therefore, the introduction and development of WGS will almost inevitably lead to single-

test genomics for all types of genetic variation in clinical applications. However, routine use 

of clinical WGS is currently limited because of cost, access to equipment, bioinformatic 

expertise, data storage, and the current lack of defined best practices for CNV detection. 

1.4 Aetiology of Neurodevelopmental Disorders 
1.4.1 Genetics of Neurodevelopmental Disorders 
Due to the advance in sequencing technology, there is now a wide breadth of research that 

has directly implicated genetic variation in the aetiology of NDDs. However, the genetics 

behind NDDs are far from simple, with over 700 genes linked to ID alone (L. E. L. M. 

Vissers, Gilissen, & Veltman, 2016). Genes associated with NDDs are however not limited to 

a single condition, with many genes implicated with more than one NDD. Given the high 

levels of comorbidity between NDDs and comorbidities within families, it is perhaps 

unsurprising that there is significant overlap in the genetic aetiology of NDDs. Not only have 

genes coding for proteins within the same biological pathways been demonstrated to have a 

causative role in different NDDs (Cristino et al., 2014), there is direct overlap in the genes 

shown to play a causative role in multiple NDDs (Chou et al., 2013; Angelica Ronald, 

Simonoff, Kuntsi, Asherson, & Plomin, 2008). 

A comprehensive evaluation of the role of high confidence NDD genes showed that 33% of 

all candidate genes were associated with two or more NDDs (Plummer, Gordon, & Levitt, 

2016). For there to be such a high level of genetic overlap between different NDDs (even 

with the high level of comorbidity), there must be some level of phenotypic heterogeneity 

resulting from mutations within the same gene. An example of this heterogeneity is observed 

with mutations in the gene SCN2A, a brain expressed sodium channel gene which can cause a 

multitude of NDDs including ID, ASD, epilepsy, and ataxia (Yong-hui Jiang et al., 2013; 

Liao et al., 2010; Rauch et al., 2012).  

Neurodevelopmental disorders can also result from a number of different types of genetic 

insult. The majority of rare NDDs are a result of a single high risk genetic mutation, 

demonstrated by Fitzgerald, et al. (2015) who identified 18% of NDD cases are attributed to 

de novo mutations in NDD associated genes (Fitzgerald et al., 2015). These high risk genetic 

variants are under negative selection due to the reduced fecundity of individuals with NDDs 

(Grayton, Fernandes, Rujescu, & Collier, 2012; Power et al., 2013), and thus will be present 
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at low allele frequency in the population. Inherited variants, therefore, often represent low 

risk variants that are stable in the population.  

The importance of de novo mutations in the genetic aetiology of NDDs has been 

demonstrated via increased rates of de novo point mutations and SVs identified in individuals 

with ASD and schizophrenia (Girard, Dion, & Rouleau, 2012; Neale et al., 2012; O’Roak et 

al., 2012; Pinto et al., 2010; Sanders et al., 2012; B. Xu et al., 2012). However, there is also a 

role for combined effects of low risk insults can work together to result in the same 

phenotype (Niemi et al., 2018) – though low risk common variants are much harder to 

determine.  

1.4.1.1 Parental age 
Given the evidence that parental age plays a significant role in genetic disorders such as 

Down syndrome a number of studies have investigated the effect of advanced parental age on 

risk of NDDs. Lee and McGrath (2015) reviewed the effect of advanced parental age on risk 

of ASD showing increased risk for both advanced paternal age (odds ratio, OR 1.5) and 

advanced maternal age (OR 1.8) (B. K. Lee & McGrath, 2015). They also observed an 

increased rate of de novo SNVs observed in cases with advanced paternal age, whilst de novo 

CNVs are more common in children born to older mothers.  

Similarly, an increased risk of schizophrenia is also observed in parents of advanced age, 

particularly paternal age (relative risk 2.02-10.18) (Byrne, Agerbo, Ewald, Eaton, & 

Mortensen, 2003; Fountoulakis et al., 2018; Malaspina et al., 2001; Yuejing Wu et al., 2012). 

Conversely, increased risk of ADHD is associated with decreased parental age (relative risk 

1.55- 2.28). However, there are inconsistencies between studies for ADHD and there is some 

debate as to whether the relationship between ADHD and reduced parental age applies for 

both maternal and paternal age (Chudal et al., 2015; Ghanizadeh, 2014; Hvolgaard 

Mikkelsen, Olsen, Bech, & Obel, 2016).  

1.4.1.2 Copy Number Variants in Neurodevelopmental Disorders 
While still not well understood, an increasing body of research has been performed regarding 

the role of CNVs in NDDs. As described in 1.3.3, CNVs are often flanked by regions of 

homology, leading to recurrent CNVs, and in some disorders, there are CNVs that present in 

unrelated individuals with NDDs, including those encompassing 1q21.1, 7q11.23, 15q13.3, 

16p11.2 and 22q11.2 (Deshpande & Weiss, 2018). Neurodevelopmental disorders resulting 
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from recurrent CNVs are typically syndromic, characterised by a collection of characteristic 

symptoms including dysmorphic features (Grayton et al., 2012).  

Furthermore, the same CNVs can be observed within differing neurodevelopmental 

phenotypes (Grayton et al., 2012). One example is the 1.503 Mb hemizygous deletion at 

22q11.2 resulting in Velocardiofacial syndrome, which can present with a wide variety of 

phenotypes including DD, ID, dysmorphology, psychiatric features, and increased rates of 

ASD and ADHD (Gothelf et al., 2004; Murphy, Jones, & Owen, 1999). 

There are, however, many rare de novo CNVs in individuals with NDDs. For example, there 

is a 2.3-3.2 fold excess of schizophrenia cases harbouring a rare de novo CNV compared to 

controls (G Kirov et al., 2012; Sanders et al., 2011), and in ASD there are higher rates for de 

novo CNVs in females (which are hypothesised to be protected from ASD) than males 

(11.7% vs 7.4%) (Levy et al., 2011). 

From a clinical point of view, CNVs are determined as clinically relevant if they encompass 

one or more genes that have been previously reported to be associated with a phenotype that 

matches that of the patient (Pfundt et al., 2017). Using the low-resolution technology of 

aCGH (discussed in section 1.3.7), causative CNVs can be identified in 10-20% of NDD 

cases (Cooper et al., 2011; Sagoo et al., 2009; Thygesen et al., 2018). Given the difficulty in 

detecting CNVs, particularly smaller-sized variants below the threshold of traditional aCGH 

methods (Pfundt et al., 2017), much of the total burden of causative CNVs in NDDs (namely 

those >400kb) is likely yet to be discovered. 

1.4.2 Non-Genetic Factors in the Aetiology of Neurodevelopmental Disorders 

Although genetics clearly plays an important role in the aetiology of NDDs, for the majority 

of NDDs, non-genetic factors can also play a role. For example, 17% of the risk for ASD is 

not explained by genetics alone (Sandin et al., 2017). Therefore environmental factors can 

contribute to the heterogeneity of NDDs, and likely interact with underlying genetic 

variation. Due to the wide variety of environmental factors to consider and control for, it has 

been difficult to establish the role of these factors in disease. Three of the most well discussed 

non-genetic factors are discussed below.  

1.4.2.2 Prenatal Exposure to Medications  
For neurodevelopmental conditions, perturbations of early brain development are the most 

damaging, and the effect of environmental factors in utero can have a large effect. There is 



21 
 

considerable evidence for increased risk of NDDs associated with a number of medications if 

taken during gestation. The most well-understood is the use of sodium valproate (an anti-

epilepsy drug) during the prenatal period. Sodium valproate taken during pregnancy increases 

the risk of NDDs in the children, particularly ASD (up to 6-fold increase in ASD risk) 

(Bromley et al., 2013; Rasalam et al., 2007; Williams et al., 2001). Increases in the risk of 

both ASD (OR 2.2) and ADHD (OR 1.81) have also been observed from foetal exposure to 

antidepressant drugs (Clements et al., 2015; L. A. Croen, Grether, Yoshida, Odouli, & 

Hendrick, 2011). However, in utero drug research is difficult to perform and more research is 

needed to determine the effect of a number of drugs may play on the risk of NDDs.  

1.4.2.4 Maternal Immune Response  
Following the rubella pandemic of 1964, the prevalence of children born with ASD to 

infected mothers increased 200-fold (Chess, 1971). This increase indicates that the risk of 

NDDs can result from maternal infection. The role of maternal in utero infection in the 

aetiology of NDDs has been supported by multiple studies with increased risks reported in 

ID, cerebral hypoplasia, schizophrenia, and ASD (A S Brown et al., 2001; Alan S. Brown et 

al., 2004; Comi, Zimmerman, Frye, Law, & Peeden, 1999; Langridge et al., 2013; Mortensen 

et al., 2007; Remington, 2006). Evidence from biomarker and model organism studies also 

supports the role of the maternal immune response, with increased levels of gestational 

inflammatory markers observed in the blood of mothers of children with ASD (Atladóttir, 

Henriksen, Schendel, & Parner, 2012; A S Brown et al., 2014; Alan S. Brown, 2012). 

Additionally, autism-like symptoms have been reported in the offspring of pregnant rodents 

stimulated to produce an immune response (Harvey & Boksa, 2012; Hsiao & Patterson, 2012; 

Xuan & Hampson, 2014). Together, the epidemiological, molecular, and model organism 

evidence indicates that maternal immune response in utero may play a role in the aetiology of 

NDDs. 

1.4.2.5 Vaccines 
One contentious issue regarding the aetiology of ASD in particular is the supposed role of 

vaccines. It has repeatedly been shown that there is no association between vaccines (the 

measles mumps rubella vaccination [MMR] specifically) and the risk of ASD. A meta-

analysis consisting of ten studies and over 1.25 million children reported no evidence for 

increased risk of ASD following exposure to the MMR vaccine, mercury, or thimerosal (L. E. 

Taylor, Swerdfeger, & Eslick, 2014). Other studies found no temporal relationship between 

vaccination and diagnosis (Madsen et al., 2002), and despite the increased prevalence, no 
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sudden step-up or change in the trend line has been observed after the introduction of MMR 

as a vaccination (B. Taylor et al., 1999). 

Thus, the environmental contribution to NDDs is difficult to decipher, and large studies 

controlling for many factors will need to be conducted to help establish its role in disease. 

Given genetics offers a finite space to search for causation, and genetics is known to play a 

significant but often undefined role in the aetiology of NDDs, which was the focus of this 

thesis. 

1.5 Introduction to Thesis 
1.5.1 Aims and Objectives 
The overarching aim of this thesis was to investigate the role of copy number variants in a 

cohort of individuals with neurodevelopmental disorders using whole exome and whole 

genome sequencing. 

1.5.1.1 Specific Aims 
1. Optimise and validate WES-based CNV detection software 

2. Optimise and validate WGS-based CNV detection software 

3. Develop a bioinformatic pipeline for the filtration and prioritisation of putative CNVs 

predicted from software tools 

4. Perform CNV detection, filtering and prioritisation pipelines in a cohort of 31 families 

with children affected by a NDD 

 

1.5.2 Justification of Research 
The importance of genetic factors in the aetiology of NDDs has been well established, for 

example the most recent heritability estimate for ASD is 83% (Sandin et al., 2017). While the 

research cohort have all been diagnosed with a NDD, the cohort is very diverse and 

commonality between individuals is very low (described further in 2.1.2). Developmental 

delay (DD) and dysmorphic features are common, and some individuals have autism 

spectrum disorder (ASD), however the heterogeneity of accompanying phenotypes is high. 

The conditions within the cohort are not familial, and despite previous genetic testing remain 

unsolved (hence their inclusion in a research study). 

The role of CNVs is becoming increasingly apparent with causative SVs identified in 10-20% 

of cases (Cooper et al., 2011; Sagoo et al., 2009; Thygesen et al., 2018) using aCGH. 

However, the identification of causative CNVs for rare disorders such as NDDs remains 
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technically challenging due to their size and structure. To date, the majority of studies 

investigating the role of CNVs in human disorders have relied on low resolution techniques 

such as aCGH. The development of higher resolution techniques such as WES and WGS 

have the potential not only for increased discovery rate of casual CNVs, but also the precise 

resolution to base pair level.  

While WES based CNV detection methods only use read depth approaches for CNV 

identification, WGS based methods can also utilise read pair, split read, and assembly based 

approaches. However, there is no report of a comprehensive unbiased comparison between 

these different detection approaches, which makes it difficult to establish the most effective 

software to detect CNVs from WGS aligned reads. 

Given the potential of both WES and WGS to identify all sizes and types of genetic variation 

(SNVs, indels, and SVs), the development and use of bioinformatic tools in genomic research 

for WES and WGS will not only help to provide improved molecular diagnostics and bring 

us closer to single-test genomics, but will also improve the biological understanding of 

genetic disease, which will lead to improved therapeutic management. 
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Chapter 2 – General Materials and Methods  
 

2.1 Data 

2.1.1 Reference Genome 

The reference genome used for the alignment of sequence reads throughout this thesis was 

Human GRCh37.p13 (NCBI accession number: GCA_000001405.14) from the Genome 

Reference Consortium. Although there was a more recent build of the human genome 

available (hg38 NCBI accession number: GCF_000001405.37), the decision to use 

GRCh37.p13 was made as the majority of the available online databases and resources 

(including ExAC and 1000 Genomes Project) use GRCh37.p13. 

2.1.2 Study Cohort 

2.1.2.1 Minds for Minds Database 

Individuals with ASD were recruited from the New Zealand Minds for Minds database. This 

database includes self-registrants or registration via caregivers of affected dependents. 

Registrants enrolled via online submission http://www.mindsforminds.org.nz or directly at 

https://www.arnnz.org/GeneticsMicrobioProjectInfo.php. In addition to their diagnosed 

condition, registrants also had the option to input demographic information such as gender, 

and co-morbidities. Clinical diagnoses for each individual included in this cohort were 

subsequently confirmed. 

2.1.2.2 Clinician Referral 

Individuals were also referred to the study via the clinician managing their care. These 

individuals had profound ASD, or other rare NDDs, and were referred with the express 

purpose of having their exome and genome sequenced. 

2.1.2.3 Summary of Project Cohort 

The research cohort for this thesis included 31 families, 26 of which were trios (proband and 

both parents) and five were sibling pairs (four with both siblings affected, and one with only 

one affected sibling). A summary of the cohort and their clinical phenotype can be seen in 

Table 2-1.   

http://www.mindsforminds.org.nz/
https://www.arnnz.org/GeneticsMicrobioProjectInfo.php
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Table 2-1 Summary of cohort 

Pedigree Child/ren 
PID 

Mother’s 
PID 

Father’s 
PID 

DNA 
source Clinical phenotype 

Total paired 
reads for 

child 

Total 
mapped 
reads for 

child 

Average 
coverage 

AM 

1005 

1977 1978 Blood 

1005: bilateral basal ganglia disease, DD, 
bright spots on MRI which look like 

infarctions, has since passed 
1006: bilateral basal ganglia disease, DD, 

stroke, ASD 

800,833,404 789,320,280
(97.88%) 33.11 

1006 759,961,418 749,236,690 
(97.88%) 31.50 

EV 0993 1373 1374 Saliva ASD, speech and language regression, 
ADHD, anxiety 800,943,544 725,878,913 

(89.97%) 30.84 

DP 1056 855 1307 Saliva ASD, Intellectual disability, ADHD 1,036,705,002 608,925,291 
(58.60%) 25.85 

GG 1127 1453 1454 Saliva ASD, anxiety, ritualistic 
behaviours/rigidity, sleep issues 844,398,202 752,519,931 

(88.70%) 32.23 

EL 776 1345 Not 
sequenced Saliva ASD, ADD  1,038,325,586 961,785,230 

(92.36%) 41.96 

FI 703 1396 1397 Saliva Moderate ASD, anxiety, developmental 
delays 921,410,976 835,983,383 

(89.89%) 35.80 

FB 1091 1385 1386 Saliva ASD 645,306,362 531,824,510 
(81.93%) 22.43 
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IR 1652 1650 1651 Blood 
Microcephaly, DD, dystonia, spasticity, 

brain abnormalities, visual abnormalities, 
conductive hearing loss  

578,246,666 579,619,342 
(99.76%) 25.10 

IS 1655 1653 1654 Blood 
Intestinal pseudo-obstruction, myopathy, 

febrile seizures. Family history of 
gastrointestinal issues 

690,711,148 691,562,181 
(99.76%) 30.06 

IT 1658 1656 1657 Blood Microcephaly, dysmorphic, bilateral, joint 
contractures, unilateral clubfoot, DD  662,329,924 663,041,182 

(99.75%) 28.69 

IU 1661 1659 1660 Blood 
Dysmorphic, bilateral kidney and liver 

abnormalities, macrosomia, aortic 
abnormalities, wormian bones 

671,425,684 672,415,346 
(99.76%) 28.97 

IV 1664 1662 1663 Blood 
Macrocephaly, abnormalities with 

developmental axis, brain, kidney and 
vertebrate abnormalities, polydactyly  

712,485,078 713,983,248 
(99.75%) 31.01 

IW 1667 1665 1666 Blood 
Megacysitis microcolon intestinal 

hypoperistalsis syndrome, congenital heart 
defect, DD 

782,880,098 783,862,496 
(99.76%) 33.92 

IX 1670 1668 1669 Blood 
Hirsutism, DD, ID, visual and hearing 

impairments, contractures, dysmorphic, 
microcephaly 

850,325,560 852,190,466 
(99.83%) 37.59 

IY 1673 1671 1672 Blood Congenital diaphragmatic hernia, gut 
dysmotility, recurrent hypoglycaemia 623,097,886 623,227,560 

(99.71%) 27.31 

IZ 1676 1674 1675 Blood ASD, global DD, macrocephaly, 
dysmorphic  591,827,498 592,153,539 

(99.72%) 25.21 
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JA 1679 1677 1678 Blood DD, coarse tremor, central hypotonia, 
dystonia, nystagmus  755,510,022 756,229,312 

(99.75%) 32.02 

AK 983 981 982 Blood 
Lactic acidosis disorder, mitochondrial 

complex deficiencies. Died neonatally (1 
week of age) 

658,272,890 656,310,376 
(99.40%) 28.79 

JB 

1682 

1680 1681 Blood 

1683: Microcephaly, seizures, multiple 
congenital contractures, postnatal growth 

failure 
1682: Mild autism.  

723,655,184 724,748,972 
(99.77%) 30.72 

1683 647,040,226 646,331,652 
(99.49%) 25.61 

JC 1690 1688 1689 Blood 

DD, dysmorphic, history of 
gastroesophageal reflux, atrial septal defect, 

toe syndactyly, dysmorphic, wide gap 
between front central incisors 

826,409,296 827,039,195 
(99.72%) 36.43 

JD 1693 1691 1692 Blood 

Intrauterine growth retardation, small 
stature, hypoglycaemia, DD, antenatal 
calcification of the liver and kidneys, 

dysmorphic 

658,501,748 658,258,845 
(99.66%) 29.31 

JE 1696 1694 1695 Blood Neonatal seizures, marked hypotonia, DD 705,186,410 705,645,943 
(99.69%) 31.50 

HJ 1541 1540 1539 Saliva Developed seizures at 2 years - intractable 
tonic and clonic drop seizures 869,287,572 798,354,940 

(91.53%) 35.40 

HS 1590 1591 1592 Blood Learning difficulties, ADHD and 
behavioural disorders, cleft lip and palate 808,145,258 781,661,935 

(96.41%) 34.68 
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HT 1587 1588 1589 Blood Language delay and learning difficulties, 
psychosis  725,897,046 720,031,219 

(98.89%) 32.21 

HU 1593 1594 1595 Blood Mild ID, ASD, tall stature, unusual hair 
distribution 918,767,364 913,272,906 

(99.09%) 41.05 

IJ 1635 1697 1698 Blood ASD, DD, non-verbal 789,664,016 774,648,003 
(97.80%)  

HN 

1566 

1564 1565 Blood 

HN1566: Kidney abnormalities, non-
obstructive hydrocephalus, DD, dysmorphic 
HN1567: Kidney abnormalities, hypotonia, 

dysmorphic, brachydactyly, genital 
abnormalities ID, seizures, 

 

853,262,082 845,341,325 
(98.74%) 38.28 

1567 825,160,952 808,408,228 
(97.62%) 36.7 

IO 
1641 

1643 1644 Blood 
1641: ASD 

1642: ASD, more profoundly affected than 
1641 

914,181,630 904,551,739 
(98.64%)  

1642 788,879,112 775,917,571 
(98.05%) 33.93 
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BH 

1524 

1522 1523 Blood 

1524: Mitochondrial abnormalities, 
epilepsy, microcephaly, abnormal MRI, 

DD, visual impairment, parental 
consanguinity with long stretches of 

chromosomal homozygosity 
1525: Unaffected 

685,202,598 685,038,683 
(99.65%) 29.86 

1525 842,906,266 841,662,350 
(99.53%) 37.41 

AC 
247 

Not 
sequenced 

Not 
sequenced Blood 

Sib recurrence of ataxia, deafness, DD, 
rhabdomyolysis, cardiomyopathy and 

hypothyroidism 

676,208,526 669,294,824 
(98.67%) 29.48 

248 870,930,902 864,438,202 
(98.91%) 38.78 

Sample characteristics for all probands and their respective families. Sequence statistics were presented for individuals for which WGS data was 
available. For confidentiality and to protect the identity of the individuals involved, broad clinical terms have been used. PID = personal 
identifier. 
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2.1.2.4 DNA Extraction and Quantification 

DNA for Minds for Minds self-registered families was collected using the Oragene DNA 

OG-575 (DNA Genotek, Ontario, Canada) saliva collection kits and the corresponding 

prepIT L2P DNA extraction buffer (DNA Genotek, Ontario, Canada) was used to extract 

DNA. Extraction was performed by Dr Kein Ly at the University of Auckland. For 

participants that were referred by clinicians, DNA was extracted from blood at a 

corresponding diagnostic laboratory. 

DNA was quantified using the NanoPhotometer spectrophotometer (Implen) and Qubit 2.0 

fluorometer (Invitrogen). The readings were used to assess DNA quality and ensure the 

correct DNA quantity was added to each PCR or sequencing reaction. DNA was considered 

high quality if 260nm/280nm absorbance was greater than 1.8 and if 260nm/230nm 

absorbance was greater than two. 

2.1.2.5 Sequencing and Data Preparation 

A combined WES/WGS approach was used to reduce sequencing cost whilst still allowing 

for the detection of structural variants in the probands. Thus DNA from the children was 

sequenced using WGS, while DNA from the parents was sequenced using WES. WGS was 

undertaken by Macrogen (Korea) which generated 151 bp paired-end reads using Illumina 

HiSeq of Truseq DNA PCR-free shotgun libraries with 350 bp insert size. The sequencing 

statistics are shown in Table 2-1. For the parental WES, the samples were exome captured 

using the Agilent SureSelect XT Human All Exon V5 (Agilent, California, United States) and 

sequenced using Illumina HiSeq by Macrogen (Korea).  

For both WES and WGS, the raw paired-end reads were processed by Associate Professor 

Klaus Lehnert to create a binary alignment matrix (BAM) file and variant call format (VCF) 

file using the following methods. In brief, paired-end reads were aligned to GRCh37.p13 

reference genome using Burrows-Wheeler aligner (BWA, version 0.7.4, Heng Li & Durbin, 

2009), and reads originating from duplicate DNA fragments were removed using Picard 

(version 2.1.0, BroadInstitute, 2016). Local realignment around regions with indels followed 

by base quality score recalibration was performed according to GATK Best Practice 

guidelines (Van der Auwera et al., 2013) to generate a BAM file. Positions deviating from the 

reference sequence due to small variants (SNVs and indels) were discovered in each sample 

individually using the GATK HaplotypeCaller tool (version 3.7), followed by joint genotype 

calling across all samples with GATK tool GenotypeGVCFs. 
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For CNV analysis, the aligned BAM files for children sequenced using WGS formed the 

input for CNV prediction tools, while the VCF files formed the input for RBV (software 

developed for this project as described in 6.3.2).  

2.1.2.6 Data Storage 

On participant registration or referral, each individual was assigned an anonymous personal 

identifier (PID) which could only be reconciled by the head researchers for the project (Dr 

Jessie Jacobsen and Associate Professor Klaus Lehnert). All subsequent DNA and sequence 

data was processed and analysed using the assigned PID. Sequence reads, alignments, and 

variant calls were stored using the New Zealand eScience Infrastructure (NeSI) with access 

permission restricted to the research group working on the project. 

2.1.3 Genome in a Bottle Consortium: Truth Set for High Confidence Structural 

Variant Calls 

The Genome in a Bottle (GIAB) Consortium is a public-private-academic collective of 

clinicians and researchers hosted by the National Institute of Standards and Technology 

(NIST) with the common goal of developing reference standards, methods and data for use in 

research, which can be used for calibration and validation of assays. The Genome in a Bottle 

Consortium selected individual NA12878 as the pilot individual from family 1463for the 

Centre d'Etude du Polymorphisme Humain or Human Polymorphism Study Center (CEPH) 

Human Genome Diversity Cell Line Panel project (Zook et al., 2016).  

The initial high-confidence SV calls for individual NA12878 from the GIAB consortium 

(Hemang Parikh et al., 2016) were used as a ‘true’ dataset for validation and optimisation of 

the CNV and SV detection tools. The benchmark SV calls from GIAB were called by the 

consortium svclassify, a machine learning based approach (Hemang Parikh et al., 2016). This 

dataset was generated using one-class Support Vector Machines (SVM) where the training 

data-set was from deletions identified by Personalis Genetics and 1000 Genomes pilot phase 

deletion calls, and insertions from Spiral Genetics as described in the reference publication. 

From these deletions, SVM identified alignment signatures of CNVs from Illumina HiSeq, 

PacBio, and Moleculo derived genome sequence alignments. 

The high confidence SVs were therefore called based upon the signatures associated with 

SVs identified from the machine learning algorithm. These CNVs have been made available 

by GIAB to use as a reference standard. They have been used for this purpose in a number of 

studies both in software development and validation (Chang et al., 2016; Eisfeldt, Nilsson, 
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Andersson-Assarsson, & Lindstrand, 2018), as well as for the recently reported read depth 

WGS deletion detection software evaluation (Trost et al., 2018). Alterations to the total list of 

variants in the truth-set is described in the relevant chapters (Chapter 3 and Chapter 5). 

Measures of validity considered in the current work when trialling and optimising CNV 

detection software were sensitivity, where 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 =

𝑇𝑇𝑇𝑇𝑇𝑇𝑆𝑆 𝑃𝑃𝑃𝑃𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 (𝑇𝑇𝑇𝑇𝑇𝑇𝑆𝑆 𝑃𝑃𝑃𝑃𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 + 𝐹𝐹𝐹𝐹𝐹𝐹𝑆𝑆𝑆𝑆 𝑁𝑁𝑆𝑆𝑁𝑁𝐹𝐹𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆)⁄ , and false discovery rate (FDR), 

where 𝐹𝐹𝐹𝐹𝐹𝐹 = 𝐹𝐹𝐹𝐹𝐹𝐹𝑆𝑆𝑆𝑆 𝑃𝑃𝑃𝑃𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 (𝑇𝑇𝑇𝑇𝑇𝑇𝑆𝑆 𝑃𝑃𝑃𝑃𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 + 𝐹𝐹𝐹𝐹𝐹𝐹𝑆𝑆𝑆𝑆 𝑃𝑃𝑃𝑃𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆)⁄ . Positive predictive 

value (PPV) is the reciprocal of FDR, where 𝑃𝑃𝑃𝑃𝑃𝑃 =

𝑇𝑇𝑇𝑇𝑇𝑇𝑆𝑆 𝑃𝑃𝑃𝑃𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 (𝑇𝑇𝑇𝑇𝑇𝑇𝑆𝑆 𝑃𝑃𝑃𝑃𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 + 𝐹𝐹𝐹𝐹𝐹𝐹𝑆𝑆𝑆𝑆 𝑃𝑃𝑃𝑃𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆)⁄ . Specificity could not be calculated 

as the number of true negatives could not be determined as negative results are not reported 

in the outputs of the tools used.  

2.1.4 Copy Number Variant Filtering Data Sources 

2.1.4.1 Population Frequency 

Population frequency data was collected from both the Database of Genomic Variants (DGV) 

and the 1000 Genomes Project. Between 2008 and 2015, the 1000 Genomes Project collected 

data to create a large public catalogue of human variation and genotype data (The 1000 

Genomes Project Consortium, 2015). The VCF for phase3 of the 1000 Genomes Project was 

downloaded from 

ftp://ftp.1000genomes.ebi.ac.uk/vol1/ftp/phase3/integrated_sv_map/ALL.wgs.integrated_sv_

map_v2.20130502.svs.genotypes.vcf.gz. From this repository, deletions and insertions were 

extracted to produce a file for filtering based on CNV population frequency of the 2,535 

individuals included in this release.  

The underlying goal of the DGV is to provide a comprehensive summary of structural 

variation >50 bp in the genome of healthy participants. CNVs and associated population 

frequencies for DGV was downloaded from 

http://dgv.tcag.ca/dgv/docs/DGV.GS.March2016.50percent.GainLossSep.Final.hg19.gff3. 

Given DGV contains CNV calls from studies with differing numbers of participants, CNV 

calls from studies with less than 1,000 participants were omitted from further filtering steps, 

as frequency information may not be reflective of the global population frequency. 

ftp://ftp.1000genomes.ebi.ac.uk/vol1/ftp/phase3/integrated_sv_map/ALL.wgs.integrated_sv_map_v2.20130502.svs.genotypes.vcf.gz
ftp://ftp.1000genomes.ebi.ac.uk/vol1/ftp/phase3/integrated_sv_map/ALL.wgs.integrated_sv_map_v2.20130502.svs.genotypes.vcf.gz
http://dgv.tcag.ca/dgv/docs/DGV.GS.March2016.50percent.GainLossSep.Final.hg19.gff3
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2.1.4.2 Gene and Exon Locations 

Genic coordinates and annotations for GRCh37 were downloaded from Ensembl at 

ftp://ftp.ensembl.org/pub/grch37/release-

89/gff3/homo_sapiens/Homo_sapiens.GRCh37.87.gff3.gz, and converted to bed format with 

the columns: chromosome, start position, end position, gene. 

Similarly, exon coordinates were downloaded using the UCSC Table Browser (Karolchik et 

al., 2004, https://genome.ucsc.edu/cgi-bin/hgTables). These two files were collated to 

generate a list of coordinates for each exon with the associated gene symbols as per the 

instructions from https://www.biostars.org/p/93011/. 

2.1.4.3 Gene Dosage Sensitivity Scores 

The Clinical Genome Resource (ClinGen) consortium is curating a Dosage Sensitivity Map, 

where they are searching for evidence that support genes and regions of the genome that are 

dosage sensitive (where a change in copy number is associated with a phenotypic effect). As 

of 19/02/2018, 1,270 genes had been analysed by ClinGen and haploinsufficiency and 

triplosensitivity scores were obtained for CNV interpretation in the current study.  

2.1.4.4 Online Mendelian Inheritance in Man Gene Associated Disorders 

To assist in identifying the potential phenotypic consequence of CNVs, the total list of Online 

Mendelian Inheritance in Man (OMIM) conditions associated with genes was downloaded 

from https://omim.org/static/omim/data/mim2gene.txt. 

Extracting the associated symptoms from each OMIM disorder was performed by connecting 

OMIM accession numbers with Human Phenotype Otology (HPO) accession numbers using 

the information gathered by DisGeNET in the file found at 

http://rdf.disgenet.org/download/v4.0.0/hpoAnnotation.ttl.gz (Integrative Biomedical 

Informatics Group GRIB/IMIM/UPF, 2017) using the python script OMIM2HPO.py 

(Appendix 4). 

HPO terms were downloaded from http://purl.obolibrary.org/obo/hp.obo (Köhler et al., 2017) 

(August, 2017) and a file consisting of the HPO number acting as an accession with the 

associated description was created using the custom script HPOterm2symptom.py (script 

included in Appendix 4). This file was used to generate a list of searchable strings for each 

symptom for each disorder via the python script OMIM_HPO2symptom.py (Appendix 4).  

ftp://ftp.ensembl.org/pub/grch37/release-89/gff3/homo_sapiens/Homo_sapiens.GRCh37.87.gff3.gz
ftp://ftp.ensembl.org/pub/grch37/release-89/gff3/homo_sapiens/Homo_sapiens.GRCh37.87.gff3.gz
https://www.biostars.org/p/93011/
https://omim.org/static/omim/data/mim2gene.txt
http://rdf.disgenet.org/download/v4.0.0/hpoAnnotation.ttl.gz
http://purl.obolibrary.org/obo/hp.obo
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2.1.4.5 Tissue Specific Gene Expression 

The Genotype-Tissue Expression (GTEx) project provides gene expression data from 

multiple different tissues. The transcriptome data file GTEx_Analysis_v6p_RNA-seq_RNA-

SeQCv1.1.8_gene_median_rpkm.gct was downloaded from 

https://www.gtexportal.org/home/datasets (March, 2017). Genes with RPMK (Reads Per 

Kilobase of transcript, per Million mapped reads) ≥0.1 in any brain region reported by GTEx 

(amygdala, anterior cingulate cortex, caudate, cerebellar hemisphere, cerebellum, cortex, 

frontal cortex, hippocampus, hypothalamus, nucleus accumbens, putamen, spinal cord c-1, 

and substantia nigra) were considered to be expressed in the brain according to the threshold 

used in their pilot study report (GTEx Consortium, 2015). 

2.1.4.6 Autism Spectrum Disorder Candidate Gene List 

ASD associated candidate genes were compiled by lab member Christopher Samson 

(Samson, 2018a) and included all 171 high confidence genes listed in the AutismKB database 

(L.-M. Xu et al., 2012), the 200 highest rated genes from the Princeton ASD database 

(Krishnan et al., 2016), and the 209 most highly associated genes in the SFARI gene database 

(categories 1, 2, and 3, and syndromic) (Abrahams et al., 2013) to form a list of 523 genes 

with high-confidence associations with ASD. This list was used for cases with ASD as part of 

their phenotype to determine if the CNVs identified encompassed ASD candidate genes. 

2.1.5 Computational Resources and Software 

Bioinformatic data generation and analysis was primarily performed using the New Zealand 

eScience Infrastructure (NeSI) Pan cluster, a high performance computing platform 

consisting of a collection of computers which can operate together to allow for high resource 

cost, complex computational processes. Analysis was performed predominately utilising 

nodes employing Westmere and Sandy Bridge architecture 

(https://wiki.auckland.ac.nz/display/CER/NeSI+Pan+Cluster).  

Specialist software and software suites used over the course of this PhD project are listed in 

Table 2-2. 

 

 

https://www.gtexportal.org/home/datasets
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Table 2-2 Specialist software used in this thesis 

Software Description Version 
bcl2fastq Converting bcl file to 

FASTQ file for further 
analysis 

2.19.0.316 
(Illumina, 2017) 

BEDTools Multiple utilities for 
processing high throughput 
sequence data and 
associated files 

2.26.0 
(Quinlan & Hall, 2010) 

BreakDancer CNV calling from WES 1.4.5 
(K. Chen et al., 2009) 

BWA Aligning sequence reads to 
reference genome 

0.7.4 
(Heng Li & Durbin, 2009) 

CNVnator CNV calling from WES 0.3 
(Abyzov, Urban, Snyder, & 
Gerstein, 2011) 

CoNIFER CNV calling from WES 0.2.2 
(Krumm et al., 2012a) 

Delly CNV calling from WGS 0.7.7 
(Rausch et al., 2012) 

EAGLE Illumina short read 
simulation 

2.0.2 
(Janin, 2014) 

FermiKit CNV calling from WGS 0.13 
(Heng Li, 2015a) 

GATK Multiple utilities for 
processing high throughput 
sequence data and 
associated files 

3.7 
(Van der Auwera et al., 
2013) 

Geneious Basic sequence visualisation 11.1 
(Kearse et al., 2012) 

Git Version control of scripts 2.12.2 
Mendeley Collation and referencing of 

literature 
1.17.10 

MobaXterm Secure Shell terminal for 
connection with NeSI Pan 
Cluster 

8.2 Beta 0 

Notepad++ Writing and editing scripts 6.9 
Picard Processing sequencing 

associated files 
2.1.0 
(BroadInstitute, 2016) 

Pindel CNV calling from WGS 0.2.5b8 
(K. Ye, Schulz, Long, 
Apweiler, & Ning, 2009) 
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Python Programming language used 
for data processing and 
analysis 

2.7.11 
(Python Software 
Foundation, 2018) 

RepeatMasker Repeat database querying of 
CNVs 

4.0 
(Smit, Hubley, & Green, 
2013) 

SAMtools Processing sequencing 
associated files 

1.3 
(H. Li et al., 2009) 

seqtk Processing sequences in the 
FASTA or FASTQ format 

1.2  
(Heng Li, 2013) 

VCFtools Processing variant files 0.1.14 
(Danecek et al., 2011) 

WinSCP Secure Copy Protocol client 
used for file transfer 
between local computers 
and NeSI PAN cluster 

5.9.6 

XHMM CNV calling from WES 1.0 
(Fromer et al., 2012) 

 

2.1.6 Variant Validation 

2.1.6.1 Primer Design 

Primers for PCR reactions to amplify specific regions bridging break points for resequencing 

were designed using NCBI Primer-BLAST tool (available at 

https://www.ncbi.nlm.nih.gov/tools/primer-blast/, J. Ye et al., 2012). This tool utilises the 

Primer3 algorithm (Rozen & Skaletsky, 2000) to generate possible primer pairs covering the 

target sequence, and then BLAST (basic local alignment search tool) to query the human 

reference genomic sequence for off-target products. Ideally, primers have no predicted off-

target effects, however due to the typical mode of origin of CNVs, the breakpoints often lie in 

regions of homology to other regions of the genome. Therefore, primers with no off-target 

effects were not always possible. 

Therefore, primers with no (or minimal) off-target products, similar melting temperatures (± 

1°C), and minimal predicted self- and inter-primer binding were selected. Primer sequences 

can be found within Table 2-3. Primers were supplied by Integrated DNA technologies, Iowa, 

United States.  

https://www.ncbi.nlm.nih.gov/tools/primer-blast/


 

37 
 

Table 2-3 Primer sequences for deletion confirmation 

Target gene Direction Sequence 
Deleted 

amplicon 

Undeleted 

amplicon 

CACNA2D4 
5’ – 3’ TGGGGGATCTCCCTAAGCTC 

777 bp 11,314 bp 
3’ – 5’ GAGGGTTGGTCGGAGAATCC 

SLC25A4 
5’ – 3’ CTTGTTTCGCAGTTGGGCAG 

476 bp 2,392 bp 
3’ – 5’ CAGGAGTGAGTCGGTGGAAG 

MTUS1 
5’ – 3’ CTGCGCCTATCATGGTGTCT 

747 bp 1,874 bp 
3’ – 5’ AAACAGGAGCATGTCGGTCT 

SYNE1 
5’ – 3’ GTTGGGAACAGGGACCACAA 

1,195 bp 137 665 bp 
3’ – 5’ GTCCTGGTGTGAGACAGGTG 

FGGY 
5’ – 3’ CGTTACTGTTGTGCCAGGCT 

1,725 bp 32,044 bp 
3’ – 5’ ATGCAAGGGAGCAGAAGGTG 

DHTKD1 
5’ – 3’ ACCTATTGGCTCTCCTCAGAGT 

1,148 bp 3,511 bp 
3’ – 5’ AGCCTCGCATTTTACGGAAC 

TANGO2 

(deleted 

allele) 

5’ – 3’ CCCTGGCAATGACCAAAAGC 
994 bp 34,815 bp 3’ – 5’ GCAACTGGTTGTTCCAGAATG 

Haplotype 

Sequencing  

5’ – 3’ 

TTGCTCTGTCACTCAGGCTG   

TANGO2 

(undeleted 

allele) 

5’ – 3’ CCCTGGCAATGACCAAAAGC 
N/A 752 bp 

3’ – 5’ TTGGGAGTGAAAGTGGTGCT 

Positive 

control 

5’ – 3’ CACTACCCAGCATCCTCACC 
N/A 400 bp 

3’ – 5’ CCCACCCTCCACTAGTCTGA 

 

2.1.6.2 Polymerase Chain Reaction 

Amplification of loci of interest was performed using Expand High Fidelity PCR System 

(Sigma-Aldrich) with the reaction mixture in Table 2-4 and thermocycler conditions in Table 

2-5. Any variations to these conditions is stated in the relevant chapter. 



 

38 
 

Table 2-4 PCR components 

Reagent Stock concentration Final concentration 

Primer F# 10 µM 300 nM 

Primer R# 10 µM 300 nM 

H2O*   

Expand High Fidelity buffer x10 
with 15mM MgCl2 

10 x 1 x 

dNTP mix 10 mM 200 µM 

Expand High Fidelity Polymerase 3.5 U/µl 1.3 U 

Template DNA** Variable 50ng 

* Volume made up to 25 μL using UV treated water  
** Negative controls used an equivalent volume of H2O  
#Each primer set was run in separate reactions with only one matching forward and reverse 
primer included in each master mix 

 

Table 2-5 PCR thermocycler conditions  

Program number  Temperature  Time  Number of cycles  
1  94 °C  2 min  1  

 
2  94 °C  15 s  30  
 55 °C  30s  
 72 °C  45 s >0.75kb, 1 min 

0.75-1.5 kb, 2 min 
1.5-3kb 
 

 

3  72 °C  7 min  1  
 

The quality of DNA were confirmed with a positive control PCR using primers positive 

control 5’ – 3’ and positive control 3’ – 5’. 

2.1.6.3 Gel Electrophoresis of DNA 

PCR product sizes were determined by agarose gel electrophoresis. Agarose gels were 

prepared by mixing 1.2% w/v Agarose LE multipurpose agarose (Axygen/Thermo Scientific) 

in 1X TBE buffer with 3 μL of RedSafe Nucleic Acid Staining Solution (iNtron 

Biotechnology) per 100 mL TBE.  
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One part 6X Kapa loading dye (Kapa Biosystems) was used per 5 parts PCR sample, with 

KAPA Universal ladder (Kapa Biosystems) as a DNA standard ladder. Samples were 

separated at 110 V in Biorad gel tanks. Following electrophoresis, gels were visualised using 

the GelDoc XR+ with Image Lab Software (Biorad). 

2.1.6.4 PCR Product Extraction and Purification 

Where PCR resulted in the amplification of only the intended product, PCR products were 

extracted directly from PCR reaction mixtures using Nucleospin Gel and PCR Clean-up kit 

(Macherey-Nagel). Where non-specific amplification was present (which could not be 

removed on subsequent optimisation) bands were excised from the agarose gel and purified 

using Nucleospin Gel and PCR Clean-up kit (Macherey-Nagel). All samples were quantified 

using the NanoPhotometer spectrophotometer (Implen) as per 2.1.6. 

2.1.6.5 DNA Sequencing 

Sanger Sequencing of PCR products was performed by Kristine Boxen at The University of 

Auckland DNA Sequencing Facility, Genomics Centre. The 3130XL Genetic Analyser 

(Applied Biosystems) used BigDye version 3.1 terminator chemistry on Applied Biosystems 

9700 Gold Block thermal cyclers. PCR product templates were prepared at 5-20 ng/μL, per 

100 bp in 5 μL, with sequencing primers prepared at 5 pmol/μL in 5 μL volumes per reaction. 

Sanger traces were viewed using Geneious (Kearse et al., 2012). 

 

2.2 General Materials 

2.2.1 Chemicals and Reagents 

The chemicals and reagents used in this research are listed in Table 2-6.  

Table 2-6 Chemicals, reagents and kits used in this research 

Chemical/Reagent Catalogue number Supplier 

Agarose Molecular Biology 

Multi-Purpose Grade 

AG100 Fisher Biotech, Australia 

dNTP mix, 10 mM each KK1017 KAPA Biosystems, Massachusetts, 

United States 

Expand High Fidelity PCR 

System 

11732650001 Sigma-Aldrich, Missouri, United 

States 
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Gel Loading Dye, Purple (6X) B7024S England BioLabs, Massachusetts, 

United States 

Nucleospin Gel and PCR Clean-

up kit  

MN740609.50 Macherey-Nagel, Düren, Germany 

RedSafe Nucleic Acid Staining 

Solution 

21141 iNtron Biotechnology, Gyeonggi-

do, Korea 

TE buffer 10 mM Tris, 1 mM 

EDTA, pH 8.0 

AM9849 Ambion/Thermo Scientific , 

California, United States 

Ultra Pure water/DNase and 

Rnase free 

10977015 Invitrogen/Life Technologies, 

United States 

Universal DNA Ladder KK6302 KAPA Biosystems, Massachusetts, 

United States 
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Chapter 3 – Detection of Copy Number Variants using 

Whole Exome Sequencing  
 

3.1 Introduction 
Due to the immediate availability of WES data in house, and lack of consistent and reliable 

CNV identification platforms in the published literature; the initial goal of this PhD was to 

determine the viability of CNV detection from WES alignments. This consisted of the 

establishment and validation of available WES based methods using aligned WES reads from 

individuals from a separate in-house cohort, along with benchmark data from publically 

available sources. 

Given the potential benefits for WES for CNV detection (decreased cost, reduced data 

storage, and a considerable reduction in computational time over whole genome sequencing) 

this is an attractive approach, particularly in the clinical setting. Additionally, by limiting 

analysis to protein coding sections of the genome, there is an increase in the proportion of 

genetic variants of known etiological significance within the analysed data (Conrad et al., 

2011). Of the four primary methods for bioinformatic CNV prediction described in section 

1.3.9.2 (read depth, read pair, split read, and assembly based), WES can only provide suitable 

input for read depth based approaches. However, the targeted nature of WES results in 

significant changes in read depth across the genome due to factors such as GC bias. 

Variability in sequencing depth for regions with uniform copy number is also observed across 

multiple sequencing machines or runs on the same machine. Therefore, WES CNV 

identification is difficult and requires the pooling of multiple samples for comparative 

analysis to help overcome these challenges. 

3.2 Methods 

3.2.1 Whole Exome Sequence Data-Set 

Fifty five WES alignments from in-house data were used to optimise the WES based CNV 

detection tools. Of the 55 samples, the exome libraries were generated by two sequencing 

centres (New Zealand Genomics Limited, Auckland, New Zealand and Otogenetics 

Corporation, Atlanta, Georgia, USA) using three separate capture platforms: 36 were 

generated using the Nextera Expanded Exome capture kit (Illumina, California United 

States), 17 were generated using the SureSelect Human All-Exon V5 capture kit (Agilent, 
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California, United States), and the remaining two were generated using the Nextera Rapid 

Capture v1.1 Exome capture kit (Illumina, California United States), as listed in Appendix 

Table A 2-1. These samples were subsequently sequenced on an Illumina Hiseq4000 150 bp 

PE platform. Following sequencing, the read files were aligned in-house to the GRCh37 

reference genome as described in section 2.1.2.5. 

3.2.2 Copy Number Variant ‘Truth-Set’ 

The high confidence SV calls for individual NA12878 from GIAB Consortium (as described 

in section 2.1.2.4) were used as a truth set in order to determine true positive, false positive 

and false negative rates, enabling calculation of sensitivity and FDR for the WES based CNV 

detection tools. The exome based tools are only capable of detecting CNVs overlapping the 

regions targeted by the capture probes used, thus the CNV truth set used in the analysis was 

limited to the relevant genomic regions. 

3.2.2.1 NA12878 Whole Exome Sequence 

FASTQ files for NA12878 and parents NA12891 and NA12892 from the Nextera Rapid 

Capture Exome 12plex CEPH Trio replicates project were downloaded from BaseSpace 

(https://basespace.illumina.com/s/xs2HUjmXiRCk). The exome libraries for these samples 

were prepared using the Nextera Rapid Capture Exome reagent kit v1.1 (Illumina, California 

United States) and sequenced on an Illumina Hiseq4000 150 bp PE platform. The files were 

merged into two paired end FASTQ files for each individual and then aligned to the GRCh37 

reference genome using Burrows-Wheeler Aligner (BWA), resulting in a BAM file with 

alignment statistics presented in Appendix Table A 2-1. 

3.2.2.2 Genome in a Bottle Copy Number Variants Encompassed by the Whole 

Exome Sequencing Target Intervals 

Of the total CNV complement in the genome-wide GIAB ‘truth-set’ not all would be able to 

be identified using WES based CNV detection tools as stated above. Only sequence in the 

targeted exonic regions of the genome could be analysed. As such, the list of CNVs to 

consider when validating the WES based CNV detection tools was limited to the variants that 

could potentially be identified using the tools. Therefore, the CNVs considered as the ‘truth-

set’ were limited to those covered by the Nextera Rapid Capture Exome v1.1 (Illumina, 

California United States) target intervals. From the total pool of 2,744 CNVs in the GIAB 

high confidence CNVs, 89 were encompassed by the Nextera v1.1 interval list and retained 

for quantification of the performance of each WES based CNV detection tool. CNVs were 

https://basespace.illumina.com/s/xs2HUjmXiRCk
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considered “detected” if the CNV called by the detection tool overlapped at least 50% of the 

CNV in the truth set (as determined by BEDTools intersect) 

3.2.3 Software Selection 

With greater than twenty WES based CNV detection tools available in the published 

literature (Appendix Table A 1-1), it was necessary to prioritise software for evaluation. The 

attributes used in selecting which tools to use included the number of citations at the time of 

analysis (July 2015), along with their performance in the comparative reviews undertaken by 

Samarakoon, et al. (2014) and Tan, et al. (2014) (Samarakoon et al., 2014; Tan et al., 2014). 

As a result, XHMM (Fromer et al., 2012) and CoNIFER (Krumm et al., 2012b) were 

selected. 

3.3 Results 

3.3.1 Target Interval List 

Both the XHMM and CoNIFER approaches require a list of intervals covered in the whole 

exome sequence. As the positive control sample, NA12878 was sequenced from DNA 

captured by the Nextera Rapid Capture Exome capture kit v1.1, this was the target interval-

set used to create the target interval list for the search space. In order to determine if this 

target interval list would appropriately encompass the captured sequence for the in-house 

exomes, the overlap of the target intervals was calculated and is presented in Table 3-1 and 

Table 3-2. There was a significant overlap between the target intervals for the Nextera Rapid 

Capture Exome v1.1 and Nextera Rapid Capture Extended Exome capture kits, with 88.1% of 

target intervals covered by the Nextera Rapid Capture Exome v1.1 kit completely 

encompassed by the target intervals of the Nextera Extended Exome kit. Only 10.3% of the 

v1.1 target intervals showed no overlap with the Extended kit. There was however less 

overlap in the capture space between the SureSelect Human All-Exon V5 (Agilent, California 

United States) kit and the Nextera Rapid Capture Exome v1.1 kit, displayed by the target 

intervals that overlapped between the two capture kits being shifted towards lower 

percentages relative to that seen between the two Nextera capture kits.  

Based on previous reports of successful WES based CNV detection methods from mixed 

capture approaches (Hong et al., 2016) it was decided there was sufficient overlap of the 

Agilent V5 and Nextera extended with the Nextera v1.1 target intervals to proceed with 

optimisation of WES based CNV detection software. 
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Table 3-1 Overlap of Nextera extended target intervals with Nextera v1.1 

Amount of overlap % of v1.1 

v1.1 target intervals with no overlap with extended 10.3 

v1.1 target intervals with 100% overlap with extended 88.1 

v1.1 target intervals 90-99.9% overlap with extended 0.3 

v1.1 target intervals 80-89.9% overlap with extended 0.2 

v1.1 target intervals 50-79.9% overlap with extended 0.5 

v1.1 target intervals 0.001-49.9% overlap with extended 0.5 

 

Table 3-2 Overlap of Agilent V5 target intervals with Nextera v1.1 

Amount of overlap % of v1.1 

v1.1 target intervals not covered by Agilent V5 1.3 

v1.1 target intervals which cover 100% of Agilent V5 2.2 

v1.1 target intervals which cover 90-99.9% of Agilent V5 0.9 

v1.1 target intervals which cover 80-89.9% of Agilent V5 2.1 

v1.1 target intervals which cover 50-79.9% of Agilent V5 16.5 

v1.1 target intervals which cover 0.01-49.9% of Agilent V5 76.9 

 

To ensure all available sequences for the NA12878 sample were considered, the target list to 

input into the WES CNV detection tools was generated by padding the Nextera Rapid 

Capture Exome v1.1 kit target list by adding 50 bp on either end of the target co-ordinates, 

and any padded targets within 70 bp of each other were merged to produce the final target 

interval co-ordinate list.  

The software packages used in this chapter do not account for the differences in the relative 

copy numbers of sex chromosomes between sexes. Therefore the target interval list was 

limited to autosomes.  
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3.3.2 Copy Number Variant Calling from Whole Exome Sequencing Using XHMM 

eXome hidden Markov model (XHMM) (Fromer et al., 2012) is one of the most frequently 

used WES based CNV detection tools with 193 citations at the time of writing (December 

2018), and has been applied to detect CNVs from 59,898 individuals from the ExAC database 

(Lek et al., 2016). XHMM uses principal-component analysis (PCA) to normalize exome 

read depth from different samples in a pooled dataset, then employs a hidden Markov model 

to predict CNVs in individual samples. The software primarily relies upon read depth data 

normalisation across multiple unrelated individuals to identify deviations of read depth across 

and within the pooled samples, indicative of CNVs. 

3.3.2.1 Initial Implementation 

The authors of the XHMM published method (Fromer et al., 2012) recommend performing 

CNV identification using their software with at least 50 unrelated individuals. Thus, a set of 

58 samples was selected for optimisation of the parameters as described in sections 3.2.1 and 

3.2.2.1. 

Using the default parameters provided by Fromer et al. (2012), 54 CNVs with an SQ 

(Q_SOME) quality score of greater than 50 were predicted by XHMM for NA12878; 

comprised of 5 deletions and 49 duplications. Surprisingly, none of these overlapped with the 

89 CNVs of the GIAB truth-set CNVs in the same sample (which overlap the v1.1 target 

interval list) with a change in copy number in the same direction.  

3.3.2.2 Optimisation 

Optimisation of XHMM was subsequently performed and included two stages: independent 

testing and optimisation of each parameter, followed by stepwise optimisation of each 

parameter taking the outcome with the optimal balance of sensitivity and FDR as the base 

parameter for the next step. The optimal outcomes are presented in Table 3-3 and Appendix 

Table A2-2. 

Independent parameter optimisation was tested where each parameter except the mean of 

DIPLOID z-score distribution was adjusted individually with the default number in the centre 

of the tested parameters. The results of the individual parameter optimisation are displayed in 

(Appendix Table A2-2). The best value for each parameter (Table 3-3) when adjusted 

individually was then combined to create a set of first level optimised parameters. 
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 Table 3-3 Optimal parameters for XHMM from individual parameter optimisation 

 

These parameters were then used for CNV calling using XHMM, resulting in 505 CNVs 

predicted, of which 26 of the GIAB v1.1 truth-set CNVs were correctly identified. However, 

479 false positives were predicted, resulting in a sensitivity of 29.2% and a FDR of 94.9%, 

rendering this parameter set unusable for clinically relevant CNVs. 

Optimisation was then attempted step-wise, with each parameter optimised and the parameter 

value with best balance of sensitivity and FDR at each step selected to continue optimisation. 

The order of parameter optimisation was the order which Fromer, et al. provided in the 

parameter input file (results presented in Appendix Table A2-3). 

The two most optimal parameter sets: params9-5 and params9-7 (Table 3-4) were then 

analysed further based on the quality scores from XHMM (Appendix Table A2-4 and Figure 

3-1). For both parameters, the number of correctly identified CNVs remained constant across 

all SQ scores, while the number of total CNVs predicted decreased with an increased SQ 

score threshold. Therefore the FDR was the lowest for the highest SQ threshold, and the best 

balance of sensitivity and FDR following optimisation was achieved with params9-7, SQ 

>90. However, of the 36 predicted CNVs predicted under these parameters only 16 were from 

the 89 truth-set v1.1 CNVs. These consisted of only 16/86 exonic deletions and not one of the 

3 insertions. This resulted in a sensitivity of 18.0%, and a false discovery rate of 68.6%. 

These identified deletions represent a single genome scale deletion event out of the 2,676 

deletions and 68 insertions reported by the GIAB Consortium in sample NA12878.  

These levels of sensitivity and FDR were considered unacceptable and therefore XHMM was 

not considered a viable option for CNV detection from WES data. 

 

 

Exome-
wide 
CNV 
rate 

Mean 
number 
of 
targets 
in CNV 

Mean 
distance 
between 
targets 
within 
CNV 
(kb) 

Mean of 
deletion z-
score 
distribution 

Standard 
deviation 
of deletion 
z-score 
distribution 

Mean of 
diploid z-
score 
distribution 

Standard 
deviation 
of diploid 
z-score 
distribution 

Mean of 
duplication 
z-score 
distribution 

Standard 
deviation 
of 
duplication 
z-score 
distribution 

1.00E-08 2 10 -1.5 0.5 0 0.5 0.5 1 
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 Table 3-4 Optimal parameters for XHMM from step wise parameter optimisation 

 

 

 

Parameter 
group 

Exome-
wide 
CNV 

rate 

Mean 
number 

of 
targets 

in CNV 

Mean 
distance 
between 

targets 
within 
CNV 
(kb) 

Mean of 
deletion z-

score 
distribution 

Standard 
deviation 

of deletion 
z-score 

distribution 

Mean of 
diploid z-

score 
distribution 

Standard 
deviation 
of diploid 

z-score 
distribution 

Mean of 
duplication 

z-score 
distribution 

Standard 
deviation 

of 
duplication 

z-score 
distribution 

params9-5 1.00E-11 2 70 -1 0.5 0 0.5 2.5 0.75 
params9-7 1.00E-11 2 70 -1 0.5 0 0.5 2.5 0.25 

Figure 3-1 XHMM step-wise optimisation best performance. A) params9-5 consistently identified 16 CNVs 
across all SQ thresholds and thus a consistent sensitivity of 18.0%. A reduction in false discovery rate was 
observed with increased SQ threshold (95.2% for SQ≥50 to 92.0% for SQ≥90. B) params9-7 consistently 
identified 16 CNVs across all SQ thresholds and thus consistent sensitivity of 18.0%. A reduction in FDR was 
observed with increased SQ threshold (85.8% for SQ≥50 to 68.6% for SQ≥90.  
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3.3.2.3 Altered Target Interval Lists 

Despite the high level of overlap, there were differences between the target intervals for the 

Nextera v1.1 capture kit used for the CEPH trio, and the target interval lists for the capture 

kits used for the in-house samples (Nextera extended and Agilent V5, section 3.3.1). 

Therefore, the potential for differences in performance from XHMM due to the difference in 

target interval list used to generate the CNV calls was also investigated.  

The exploration of the effect of interval target list was split into two analyses: 1) XHMM run 

with a target interval list comprised of the overlap between the Nextera v1.1 and extended 

target intervals using only the samples sequenced using the Nextera capture kits and CEPH 

family samples (41 samples), and 2) XHMM run with a target interval list composed of only 

target intervals where there is overlap between the Nextera extended and Agilent V5 target 

interval list using all 58 samples (due to the small number of samples sequenced using the 

Agilent V5 capture kit). Again, for both of these new target interval lists, they were padded 

by 50 nucleotides in both directions and any target intervals within 70 nucleotides of each 

other were merged. 

Using the Nextera v1.1 and extended overlap target interval list, and the 41 samples (38 in-

house and 3 CEPH samples) sequenced using Nextera kits, only 10 CNVs were predicted in 

the NA12878 sample (all false positives), missing all of the 31 CNVs from the GIAB CNVs 

that are captured in the Nextera v1.1 and extended overlap target interval list. Ten CNVs 

were predicted in the NA12878 sample from the overlap between Nextera extended and 

Agilent V5 target intervals sample set, correctly identifying 4 of the 31 truth-set CNVs 

captured by the target interval list, with a sensitivity of 12.9% and a FDR of 69.2%. 

Due to the reduced size of the target interval list, and the subsequent reduced potential for 

identifying CNVs, neither of the reduced size target interval lists were considered useful for 

CNV detection using the available samples. 

3.3.3 Copy Number Variant Calling from Whole Exome Sequencing Using 

CoNIFER 

Copy number inference from exome reads (CoNIFER) (Krumm et al., 2012b) is another 

widely used CNV detection tool, with 246 citations at the time of writing (December 2018). 

This software calculates CNVs based upon read depth across samples using singular value 

decomposition (SVD). CoNIFER generates a matrix of RPKM (reads per kilobase of 

transcript per million mapped reads) across the genome and between samples, fits principal 
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components and simplifies the matrix and calls CNVs where regions differ from normalised 

RPKM using SVD. 

3.3.3.1 Optimisation 

CoNIFER has only one parameter: number of principal components fixed. The workflow was 

performed using the 58 samples described in sections 3.2.1 and 3.2.2.1. As per the tutorial 

website (Krumm et al., 2012a), based on the plateau of the scree plot produced by the 

software (Figure 3-2) produced as part of the CoNIFER pipeline, the number of principal 

components removed up to ~8 would be appropriate. Optimisation of CoNIFER was 

therefore attempted by trialling parameter values ranging from two to eight principal 

components fixed.  

 

Figure 3-2 - Scree plot generated by CoNIFER for the 58 samples analysed. Each line represents a sample with 
S value representing the cumulative variant explained by S number of principal components. All lines show a 
plateau at approximately 8, suggesting fitting the first 8 principal components would be appropriate for this 
sample set. 

Table 3-5 Optimised results of WES based CNV detection software XHMM and CoNIFER 

 XHMM CoNIFER 
predicted 36 56 
identified 16 0 
missed 73 89 
False positives 35 56 
sensitivity 0.179775 0 
FDR 0.686275 1 
PPV 0.313725 0 

Based on a possible number of CNVs of 89 from the GIAB consortium 
FDR: false discovery rate, PPV: positive predictive value  



 

50 
 

For all values of principal components fixed in the range two to eight, no GIAB truth-set v1.1 

CNVs were correctly identified (Table 3-5 and Appendix Table A2-5). Therefore, CoNIFER 

was not considered a viable option for CNV identification from WES. 

3.4 Summary and Discussion 
The aim of the work presented in this chapter was to determine the potential of using existing 

WES tools to identify potentially causative CNVs for use in a molecular diagnostic 

bioinformatic pipeline. In order to assess the performance of the selected tools, the high-

confidence CNV calls from the GIAB Consortium for individual NA12878 were used as a 

truth-set. Due to the variability in read depth from WES due to factors such as GC content 

bias, WES based CNV detection tools rely upon pooling of data from multiple samples in 

order to detect differences in read depth resultant from differences in copy number. The two 

tools selected (XHMM and CoNIFER) both relied on read depth to identify CNVs, and 

available sequence from three separate exome capture platforms were used for the pooled 

analysis. 

Extensive optimisation was performed for XHMM, with sequential optimisation of the nine 

parameters performed. There was an increase in the number of CNVs detected by altering the 

“Standard deviation of DIPLOID z-score distribution”, thereby narrowing the definition of 

read depth of a diploid genetic region. Alteration of the remaining parameters resulted in little 

change to the sensitivity and FDR, with only minor improvements in these statistics. Aside 

from “Standard deviation of DIPLOID z-score distribution”, the major change in FDR 

resulted from quality filtering, with correctly identified CNVs being maintained after filtering 

and false positives were removed. Despite extensive optimisation of XHMM parameters, the 

best output of true discovery vs FDR was unsatisfactory. The best performance resulted from 

params9-7 with a threshold SQ score of 90, which resulted in 16 of the 89 truth-set v1.1 

CNVs identified, with a sensitivity of 18.0%, and a false discovery rate of 68.6%. This is 

inadequate for molecular discovery and diagnostic pipelines as very few of the known CNVs 

were detected, and the majority of the predicted CNVs were false positives.  

Similarly, CoNIFER was optimised using the same pooled dataset. For all values tested of the 

single user-adjustable parameter, sensitivity was 0%, and false discovery rate 100%. 

Therefore, CoNIFER performance was not satisfactory for CNV detection as applied to the 

available in-house and CEPH WES data.  
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The initial XHMM publication reported 67% sensitivity from 1,017 samples, for 544 CNVs 

>100 kb called from Affymetrix 6.0 arrays as the truth set (Fromer et al., 2012). The initial 

CoNIFER publication also used aCGH data to quantify the performance of the software, with 

CNVs considered “identified” if there was a 10% reciprocal overlap (Krumm et al., 2012b). 

From 109 individuals, 317 CNVs were called in 104 probands with a sensitivity of 77% 

excluding CNVs within repeat genomic regions (95/124). Therefore, 5 individuals did not 

have any CNVs called by CoNIFER. The total GIAB truth set includes only 2 CNVs >100 

kb, with only one encompassing Nextera v1.1 target intervals. Thus, the performance 

statistics presented in this chapter all relate to CNVs below the threshold used for the analysis 

in the initial software reports and cannot be directly compared. CNVs <100 kb are important 

for gene function, and are missed by aCGH under clinical thresholds, thus were considered 

important for quantification of CNV detection in this thesis work.  

The poor performance by the two selected WES CNV detection tools in the current study 

could be due to a number of factors, resulting from the inherent difficulties posed by WES. 

Poor performance could relate to the mixture of capture methods used, data generation from 

multiple sequencing centres, and that the sequencing was performed in multiple batches. 

Given the truth-set individual NA12878 was sequenced using a different methodology to that 

of our in-house data, and the requirement of XHMM in particular for a moderately large 

sample size, these potential confounding effects could not be investigated further. However, 

evidence of the effects of these factors can be found in the literature (Belkadi et al., 2015; 

Hong et al., 2016; Yao et al., 2017).  

Subsequent to the completion of the analysis, three reports assessing the performance of 

multiple WES CNV detection tools were published (Belkadi et al., 2015; Hong et al., 2016; 

Yao et al., 2017). These studies independently observed that the WES based detection tools 

were unable to replicate the level of performance reported in the initial publications when 

applied to independent datasets. Sensitivity was particularly poor for smaller CNVs, (despite 

their enrichment in the population of CNVs detected by the software programs) due to a 

smaller number of capture probes covering smaller CNVs (Yao et al., 2017). Hong, et al. 

(2016) tested the reproducibility of CNVs detected for the same individuals by WES based 

CNV detection tools using WES reads generated by different sequencing centres, sample 

sizes and capture methodology. They demonstrated that the PPV for CNV calling from a 

pooled sample set consisting of heterogeneous capture methodologies did not differ 

significantly relative to a pooled sample set utilising a single capture methodology. 
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Therefore, it is unlikely that the mixed capture methods used in the current study causes the 

poor performance reported in our data. Hong, et al. also reported the difference in the number 

of CNV calls per sample, median sizes, the percentages of call types, and the PPV between 

sequences from different sequencing centres. Similarly there was a large variation in the PPV 

in replicate analyses between sequencing centres, some by more than three-fold. A 2,603 

individual study performed by Pfundt, et al. (2017) found that CNV discovery in samples 

processed in the same sequencing run clustered together with PCA. Taken together, 

performance of WES based CNV calling programs is data-dependent and the unsatisfactory 

results obtained in this research are likely due to the mixture of sequencing centres used, 

batch effects (described in section 1.3.8.2), and the decreased power of WES based methods 

to detect small CNVs. Unless all samples analysed can be sequenced in one batch at the same 

sequencing facility, this research found currently available WES based CNV detection tools 

to not be a practical approach for causative CNV identification.  

The Exome Aggregation Consortium (ExAC) utilised XHMM to identify CNVs from 59,898 

human exomes using WES from multiple different sequencing centres, batches and capture 

methods (Ruderfer et al., 2016). As discussed above, due to the mixture of sequencing centres 

and batches used to generate the sample set it would be expected that ExAC would not be 

able to reliably identify CNVs. While they reported high sensitivity and specificity, these 

measures were not directly calculated based on a truth set of validated CNVs, rather relying 

upon transmission based upon CNVs called for both parents and children. However, more 

importantly, the sample size used by ExAC may overcome the effects of combining samples 

from multiple sequencing centres and batches through sheer numbers alone. However, the 

number of samples included in consortia such as ExAC is far larger than what is available to 

most individual research groups and thus will not be possible for most research groups.  

Subsequent to the completion of analyses described in this chapter, a number of WES based 

genetic cohort studies were published which included CNV detection (Bagnall et al., 2016; 

Bekheirnia et al., 2017; Kataoka et al., 2016; Park et al., 2017; Pfundt et al., 2017; Stone et 

al., 2017). The methods employed by these studies were reportedly able to identify causative 

CNVs in most reports, with the exception of the study involving 209 individuals performed 

by Park et al. (2017). These studies all focussed on well-defined and discrete 

phenotypes/conditions, and as such were able to employ a candidate gene list for 

interpretation of CNVs predicted by the CNV detection software. By relying upon a 

candidate gene list, sensitivity is the only important metric; FDR becomes almost irrelevant 
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as CNVs incorrectly called which do not encompass genes in the candidate list are not 

considered for the analyses. However, for the broad category of NDDs investigated in the 

thesis herein, there are a vast number of genes implicated in the aetiology of NDDs 

(discussed in section 1.4).  

Therefore, a candidate gene list for this cohort would be extensive, excluding a proportionally 

small number from the whole exome. Additionally, candidate gene lists such as those utilised 

in the publications discussed typically include genes for which perturbations have previously 

demonstrated to be causative. While such a candidate gene list allows for confidence 

determining disease causing status of CNVs encompassing candidate genes, CNVs 

encompassing genes not previously associated with NDDs (when perturbed) will not be 

considered as potentially causative. For rare disorders, such as NDDs, where research 

continues to discover genes important for the aetiology, it is important to consider variants 

encompassing genes which have not yet been directly implicated in the disorder as 

perturbations could be causative, but have yet to be reported. Therefore an approach without 

an a priori assumption of genes involved is more appropriate for this thesis work, but makes 

the determination of causative variants significantly more difficult as all predicted variants 

will need to be considered in further analyses. Thus, although WES based methods were able 

to be used for the studies discussed above, both high sensitivity and low FDR are required for 

non a priori studies, attributes that are not achieved by the software tested here.  

Given the extensive testing and lack of positive detection outcomes it was decided to 

investigate the utility of WGS aligned paired end reads for CNV detection. WGS based CNV 

detection also provides the potential to identify CNVs smaller than 3 exons, and greater 

power to find exonic deletions compared to WES based tools (Tan et al., 2014). 
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Chapter 4 – Compound Heterozygous SLC19A3 

Mutations Further Refine the Critical Promoter 

Region for Biotin-Thiamine-Responsive Basal 

Ganglia Disease 
 

4.1 Preamble 
Due to the small number of CNVs discoverable by WES based approaches and the 

phenotypic diversity of this research cohort (rendering a candidate gene approach unlikely to 

capture the underlying genetic heterogeneity), the project moved to WGS. This chapter 

describes a case report in which we tested both the candidate gene based approach and a non-

targeted bioinformatic-based CNV detection approach using WGS aligned reads. The 

discovery of the mutations in this family have been published in Cold Spring Harbor 

Molecular Case Studies. 

Initial variant investigation was performed by summer student Isobel Hawkins using the in-

house genetic small variant pipeline, as described in a previous publication from this group 

(Jacobsen et al., 2015). This parallel multi-sample pipeline has been optimised for identifying 

SNVs and indels. As a result, the initial putative variant found was a c.68G>T in the solute 

carrier family 19, member 3 gene (SLC19A3). Variants in this gene have been reported to be 

causative in biotin-thiamine-responsive basal ganglia disease (BTBGD) in an autosomal 

recessive manner (Kevelam et al., 2013; Ortigoza-Escobar et al., 2016; Pérez-Dueñas et al., 

2013; Pronicka et al., 2016; Zeng et al., 2005). BTBGD is a neurometabolic disease with 

symptoms inclusive of those presented by the sibling pair in this case report including: 

dysphagia, gait ataxia, seizures, and swelling and T2-hyperintensity present on MRI.  

Given the phenotypic concordance, the lack of other suitable candidate genes, and the 

absence of mutations in the other allele or other positions in the gene, it was hypothesised 

that there was an additional variant effecting expression of the other copy of the SLC19A3 

gene. Therefore the CNV candidate gene based approach was applied to this pedigree. Using 

Integrated Genomics Viewer (IGV) to visualise the aligned reads over SLC19A3, a 4.8 kb 

deletion was identified, represented by a decrease in read coverage and the presence of 

discordant read pairs spanning the deletion (Figure 4-3). Concurrently, we tested WGS based 
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CNV bioinformatic detection tools (described in Chapter 5), and demonstrated BreakDancer 

and CNVnator were able to successfully detect the deletion. 

The details of both CNV detection approaches and consequent clinical translation of results is 

described in the following paper.  
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4.2.1 Abstract 

Mutations in the gene SLC19A3 result in thiamine metabolism dysfunction syndrome 2, also 

known as biotin-thiamine-responsive basal ganglia disease (BTBGD). This neurometabolic 

disease typically presents in early-childhood with progressive neurodegeneration, including 

confusion, seizures, and dysphagia, advancing to coma and death. Treatment is possible via 

supplement of biotin and/or thiamine, with early treatment resulting in significant life-long 

http://doi.org/10.1101/mcs.a001909
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improvements. Here we report two siblings who received a refined diagnosis of BTBGD 

following whole genome sequencing. Both children inherited compound heterozygous 

mutations from unaffected parents; a missense single nucleotide variant (p.G23V) in the first 

transmembrane domain of the protein, and a 4,808 bp deletion in exon 1 encompassing the 5’ 

UTR and minimal promoter region. This deletion is the smallest promoter deletion reported 

to date, further defining the critical promoter region of SLC19A3. Unfortunately, one of the 

siblings died prior to diagnosis, but the other is showing significant improvement after 

commencement of therapy. This case demonstrates the power of whole genome sequencing 

for the identification of structural variants and subsequent diagnosis of rare 

neurodevelopmental disorders. 

4.2.2 Introduction 

Thiamine metabolism dysfunction syndrome 2 (MIM: 607483) is an autosomal recessive 

neurometabolic condition, resulting from mutations in the solute carrier family 19, member 3 

(SLC19A3, MIM: 606152) gene, which encodes the human thiamine transporter 2 (hTHTR2) 

(Subramanian, Marchant, & Said, 2006a). The disease was first described in children of 

consanguineous parents, mainly of Saudi Arabian descent (Ozand et al., 1998). The causative 

mutation for the disease was subsequently mapped to the SLC19A3 gene in 2005 (Zeng et al., 

2005). The disease typically presents with recurrent bouts of subacute encephalopathy, 

confusion, seizures, dysarthria, dysphagia and dystonia, progressing to coma and death in 

early-childhood to adolescence (Ozand et al., 1998; Tabarki, Al-shafi, & Al-shahwan, 2013); 

however, clinical manifestations in infancy have also been reported (Sremba, Chang, 

Elbalalesy, Cambray-Forker, & Abdenur, 2014; Ygberg et al., 2016).  

MRI analysis reveals lesions and necrosis in the caudate nucleus and putamen, with 

involvement of the infra and supratentorial brain cortex, and the brain stem (Ozand et al., 

1998; Tabarki et al., 2013). Most individuals display normal biochemical and metabolic 

markers; however, increased levels of lactate and pyruvate in the serum and cerebrospinal 

fluid (CSF), and increased levels of amino acids in the serum and urine have been observed 

in a minority of cases (Alfadhel et al., 2013; Debs et al., 2010; Fassone et al., 2013; Flønes et 

al., 2016; Gerards et al., 2013; Kevelam et al., 2013; J D Ortigoza-Escobar et al., 2014; Juan 

Darío Ortigoza-Escobar et al., 2016; Ozand et al., 1998; Pérez-Dueñas et al., 2013; Schänzer 

et al., 2014; Sremba et al., 2014; Tabarki et al., 2013; Ygberg et al., 2016) 
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SLC19A3 belongs to a family of solute carrier genes which includes solute carrier family 19, 

member 1 (SLC19A1) encoding reduced folate transporter (RFC-1), and solute carrier family 

19, member 2 (SLC19A2) encoding thiamine transporter 1 (hTHTR1) (Eudy et al., 2000). 

Together, SLC19A2 and SLC19A3 are responsible for transportation and homeostasis of 

thiamine, also known as vitamin B1. Thiamine is not endogenously synthesised, but is 

obtained from the diet via absorption through the small intestine. A number of thiamine-

dependent enzymes are required for normal cellular function, including oxidative metabolism 

through the connection of glycolysis with the tricarboxylic acid (TCA) cycle via pyruvate 

dehydrogenase, the TCA cycle via the α-ketoglutarate complex, and the pentose phosphate 

shunt (Jhala & Hazell, 2011). Although individuals with biotin-thiamine-responsive basal 

ganglia disease (BTBGD) have defective or non-functional versions of SLC19A3, they do not 

experience global thiamine deficiency, showing normal levels of thiamine in the blood; 

however, levels of free-thiamine in the CSF are often significantly reduced (Juan Darío 

Ortigoza-Escobar et al., 2016).  

Expression of SLC19A3 is ubiquitous (The GTEx Consortium, 2013; Uhlen et al., 2015), 

with expression in the brain restricted to the blood vessels. Specifically, the transporter is 

localised at the basement membrane and within the perivascular pericytes (Kevelam et al., 

2013). In contrast, SLC19A2 is localised to the luminal side of the endothelial cells of the 

brain. This stark polarisation of the two transporters in the brain differs from their localisation 

in the peripheral tissues (namely the intestines and kidneys) where SLC19A3 is found at the 

luminal apical side, while SLC19A2 is found both at the luminal and baso-lateral side of 

these organs to maintain levels in the blood (Ashokkumar, Vaziri, & Said, 2006; Said, 

Balamurugan, Subramanian, & Marchant, 2004; Subramanian, Marchant, & Said, 2006b). 

The polarisation of the two thiamine transporters in the brain but not the kidney or intestine 

suggests that both transporters are required for transport of thiamine across the blood brain 

barrier, and may explain why individuals harbouring SLC19A3 gene mutations develop 

neurological symptoms and pathology, without having a systemic thiamine deficiency.  

Ozand, et al. reported that BTBGD patients responded to high doses of biotin with symptoms 

disappearing within days, with no further episodes of seizures, dystonia, confusion or coma 

(Ozand et al., 1998). Furthermore, clinical signs return to near base-line if treatment is 

initiated early enough (Alfadhel et al., 2013; Debs et al., 2010; Kono et al., 2009; Ozand et 

al., 1998; Tabarki et al., 2015). Early diagnosis is therefore essential, as permanent 

neurological sequelae including epilepsy, mental retardation, dystonia and eventually death 
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can occur if left untreated (Alfadhel et al., 2013; Debs et al., 2010; Flønes et al., 2016; 

Tabarki et al., 2013; Ygberg et al., 2016).  

Biotin is not a substrate for the thiamine transporter (Subramanian et al., 2006a), thus the 

method of action for the response to biotin supplementation is unclear. The initial study by 

Ozand, et al. reported no effect of thiamine alone on the clinical presentation of the patients; 

however, there are conflicting reports as to the effectiveness of biotin or thiamine alone 

(Alfadhel et al., 2013; Debs et al., 2010; Gerards et al., 2013; Kono et al., 2009; Sremba et 

al., 2014; Tabarki et al., 2015; Yamada et al., 2010). Most current treatment protocols use a 

combination of both biotin and thiamine. There is limited physiological understanding as to 

the rationale behind this treatment approach. It has been suggested that thiamine and biotin 

act synergistically in the treatment of BTBGD (Ygberg et al., 2016), and there is evidence 

that biotin is required for the transcription of the SLC19A3 gene (Vlasova, Stratton, Wells, 

Mock, & Mock, 2005). Thiamine-induced expression of an alternate thiamine transporter 

(encoded by the SLC19A2 gene) has been suggested to underlie the clinical benefit seen in 

BTBGD patients (Gerards et al., 2013; Kono et al., 2009); however, this has not yet been 

supported by experimental evidence (Nabokina, Subramanian, Valle, & Said, 2013). 

Disease-associated variants, both homozygous and compound heterozygous, have been 

reported throughout the gene (Table 4-1), and the effect on localisation and activity of 

SLC19A3 has been investigated for a number of mutations. There are mutations that prevent 

the transport of the SLC19A3 protein to the cell surface, and others that reduce the affinity of 

the transporter for thiamine by either eliminating or reducing the functional capacity of the 

transporter (Kono et al., 2009; Schänzer et al., 2014; Subramanian et al., 2006a).  

 
Table 4-1 Previously reported variants in SLC19A3 

Amino acid substitutions    

Chromosomal 
variant 

Protein variant 
Number 

of 
patients 

Domain Paper 

c.68G>T p.G23V 6 TM1 

(Kevelam et al., 2013; Ortigoza-
Escobar et al., 2016; Pérez-Dueñas et 

al., 2013; Pronicka et al., 2016; Zeng et 
al., 2005) 

c.130A>G p.K44E 2 Ext1 (Kono et al., 2009) 

c.153A>G p.I51M 1 Ext1 (Ortigoza-Escobar et al., 2016) 

c.157A>G p.N53D 1 Ext1 (Ortigoza-Escobar et al., 2016) 
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c.280T>C p.W94R 2 TM3 (Schänzer et al., 2014) 

c.337T>C p.Y113H 3 TM4 (Flønes et al., 2016) 

c.416T>A p.V139G 1 Int3 (Ferreira, Whitehead, & Leon, 2017) 

c.517A>G p.N173D 1 TM6 (Fassone et al., 2013) 

c.527C>A p.S176Y 1 TM6 (Kevelam et al., 2013) 

c.541T>C p.S181P 3 TM6 
(Flønes et al., 2016; Kevelam et al., 

2013) 

c.958G>C p.E320Q 2 TM8 
(Kono et al., 2009; Yamada et al., 

2010) 

c.1154T>G p.L385R 2 TM10 (Kevelam et al., 2013) 

c.1196A>T p.N399I 1 Int6 (Kohrogi et al., 2015) 

c.1264A>G p.T422A 63 TM11 

(Alfadhel et al., 2013; Algahtani et al., 
2017; Distelmaier et al., 2014; 

Ortigoza-Escobar et al., 2016; Tabarki 
et al., 2015, 2013; Zeng et al., 2005) 

c.1332C>G p.S444R 1 TM12 (Kevelam et al., 2013) 

TM = transmembrane domain, Ext = extracellular domain, Int = intracellular domain 

      

Others      

Chromosomal 
variant 

Protein variant 
Number 

of 
patients 

 Paper 

chr2: 
228,568,440– 

228,613,489del 
 2  (Flønes et al., 2016) 

c.20C>A p.S7* 5  (Gerards et al., 2013) 

c.74dup p.S26fs 9  (Sremba et al., 2014) 

c.81_82dup p.M28fs 1  (Sremba et al., 2014) 

c.507C>G p.Y169* 1  (Kevelam et al., 2013) 

c.1173–
3992_1314 + 

41del4175 
p.Q393*fs 2  (Schänzer et al., 2014) 

r.1173_1314del p.E393* 1  (Kevelam et al., 2013) 

c.895_925del p.V299fs 2  (Kevelam et al., 2013) 

c.980-14 A>G p.Y327DfsX8 7  
(Debs et al., 2010; Ortigoza-Escobar et 

al., 2014; Ortigoza-Escobar et al., 
2016; Serrano et al., 2012) 

c.982del p.A328Lfs*10 2  (Haack et al., 2014) 

c.1079dupT p.L360Ffs*38 1  (Ortigoza-Escobar et al., 2014) 

c.1403delA  2  (Ygberg et al., 2016) 
 
There is an apparent trigger for episodes of illness that can be identified in up to 50% of 

children with BTBGD (Tabarki et al., 2013). Bouts of decompensation are often preceded by 
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febrile illness or mild trauma (J D Ortigoza-Escobar et al., 2014; Ozand et al., 1998; Tabarki 

et al., 2013; Ygberg et al., 2016). This indicates that there is a background level of thiamine 

that is transported in the cell with a dysfunctional SLC19A3 transporter that is able to support 

the energy needs of the brain during normal conditions. There is evidence to suggest the 

decline and clinical manifestation of the disorder may occur when the energy required 

exceeds the background levels and there is an inability of the mutant form of the SLC19A3 

gene to undergo the normal stress-induced expression and functional compensation (Juan 

Darío Ortigoza-Escobar et al., 2016; Schänzer et al., 2014).. 

Here we report two siblings who first presented with decompensation, encephalopathy and 

seizures following febrile illness. They were subsequently diagnosed with BTBGD following 

whole genome sequencing (WGS) which identified compound heterozygous inheritance of a 

previously reported missense mutation, p.G23V, and a novel 4,808 bp promoter deletion. 

This deletion is the smallest promoter deletion reported for this gene to date, further defining 

the minimal promoter region for this gene in the context of the disease. 

4.2.3 Results 

4.2.3.1 Clinical Presentation and Family History 

The two cases are siblings, New Zealand born from non-consanguineous parents of mainly 

European descent. The proband (AM1005) died at 20 years of age due to respiratory 

complications of severe dystonic spastic quadriplegia. He was born after a normal pregnancy, 

had Apgar scores of five at one minute and nine at five minutes and had three days in hospital 

for treatment of transient tachypnoea of the newborn. He progressed normally in his 

development until he presented at nine months of age with seizures in the context of a viral 

illness. His brain MRI (not shown) revealed bilateral basal ganglia T2 hyperintensity and 

subdural haematomas. Subsequently he developed epilepsy and three further episodes of 

definite regression and encephalopathy. Follow-up brain MRI revealed involvement of the 

basal ganglia, caudate head, lentiform nuclei and white matter atrophy. From approximately 

12 years of age he was essentially dependant for all activities of daily living but bright and 

aware of his surroundings. He had extensive neuro-metabolic work-up in 2008 and had mild 

complex IV deficiency on muscle biopsy. All other investigations were normal and a 

tentative diagnosis of mitochondrial disease was made.  
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AM1006 is the proband’s full sibling and is currently seven years of age. She was born after a 

normal pregnancy and had normal development until approximately six months of age. By 

two years she had a diagnosis of autism spectrum disorder. She could walk but was ataxic. At 

nearly four years of age, after a period of steady development, she developed progressive 

problems with feeding and encephalopathy in the context of a febrile illness. Brain MRI 

revealed acute restricted diffusion and swelling of the putamen and caudate nuclei (Figure 

4-1B). She was treated with a ‘mitochondrial cocktail’ that included thiamine and improved. 

This was subsequently withdrawn after six months as its effectiveness was not clear and 

pyruvate dehydrogenase deficiency was excluded. At six years of age she had a prolonged 

period of neurological deterioration associated with a markedly abnormal brain MRI (Figure 

4-1C). She lost her ability to swallow and mobilize independently. Given the severity of her 

presentation she was again trialed on a short course of thiamine, and improved. Prior to her 

diagnosis being made she was gastrostomy fed, had excessive drooling, unable to mobilize 

independently, hypotonic and very irritable. Clinical features of both patients summarised in 

Table 4-2. 

 

 
Figure 4-1 Magnetic Resonance Images taken from AM1006. A. Axial T2 brain MRI taken at 3 years and 5 
months of age prior to the first presentation. B. Axial T2 brain MRI taken during first encephalopathy 
presentation at 3 years and 9 months of age: Bilateral symmetrical T2 hyperintensity, swelling and oedema 
within the caudate nuclei and putamina sparing the globi pallidi and thalami. C. Axial T2 Brain MRI taken at 6 
years and 1 month of age, during the second period of encephalopathy: Bilateral symmetrical T2 hyperintensity 
within caudate nuclei, putamina, thalami and subcortical white matter of the frontal lobes. There is resolution of 
basal ganglia swelling relative to the first degenerative episode (B). 
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Table 4-2 Clinical summary of BTBGD in patients AM1005 and AM1006 

 
AM1005 AM1006 

AM1006 post-
treatment 

Subacute 
encephalopathy 

   

Confusion Yes Yes Nil further events 

Dysarthria Yes Yes Nil further events 

Dysphagia Yes Yes Nil further events 

Reduced level of 
consciousness 

Yes Yes Nil further events 

    

Chronic symptoms    

Dysphagia Yes Yes Resolved 

Spasticity Yes No No 

Dystonia Yes No No 

Quadriparesis Yes No No 

Inability to walk Yes Yes Improving 

Inability to speak 

 
Yes Yes Improving 

Seizures Yes Yes No 

Severe gait ataxia N/A – immobile Severe Moderate 

Nystagmus No No No 

Ophthalmoplegia No No No 

Developmental delay Yes Yes Improving 

Biochemical studies of 
intermediary metabolism 
normal 

Yes Yes N/A 

Bacterial studies normal Yes Yes N/A 

Viral studies normal Yes Yes N/A 

Preceded by immune 
response to illness or 
trauma 

Yes Yes N/A 
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Radiological features    

Swelling and T2-
hyperintensity 

   

 Basal ganglia Yes Yes N/A 

 Thalami No Yes N/A 

 Sub cortical white 
matter 

No Yes N/A 

 Cortex No Yes N/A 

 Cerebral white 
matter 

No Yes N/A 

 Cortex No Yes N/A 

 Midbrain No Yes N/A 

Necrosis of    

 Head of basal 
ganglia 

Yes Yes N/A 

 Putamen Yes Yes N/A 

    

Novel clinical features    

 Subdural haematomas 
present on brain MRI 

Autism spectrum disorder diagnosed pre 
encephalopathic event with normal initial MRI scan, 

Choreoathetoid movement disorder 

 
 

4.2.3.2 Genomic Analyses 

Genetic investigation was performed under the hypothesis that the affected siblings 

carry the same causative variant(s). The siblings were first assessed for copy number 

variants using an Affymetrix CytoScan 750K Cytogenetics Array (analysed using ChAS 

v.1.2/na32.1 software). Two shared regions of loss of heterozygosity (LOH) were 

identified; 3.5 Mb at 2p12p11.2 (hg19 chr2:81,640,336 - 85,127,909) and 3.2 Mb at 

19p13.2 (hg19 chr19:9,917,692 - 13,157,540). The first region of LOH encompasses the 

succinate-CoA ligase, alpha subunit (SUCLG1) gene which encodes the alpha subunit of 

the enzyme succinate coenzyme A ligase, an enzyme involved in the TCA cycle. 

Autosomal recessive mutations in this gene result in mitochondrial DNA depletion 

syndrome 9 (MTDPS9, MIM: 245400) (Rouzier et al., 2010). The symptoms of 
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MTDPS9 were similar to those observed in the two siblings; however, the lack of 

methylmalonic acid in the urine excluded the 2p12p11.2 LOH as the causative variant.  

The second region of LOH contained only one gene: glutaryl coA dehydrogenase 

(GCDH) which encodes a protein of the same name, involved in the metabolism of 

lysine, hydroxylysine, and tryptophan. Mutations in this gene result in glutaric acidemia 

type I (GA1, MIM: 231670) (Hedlund, Longo, & Pasquali, 2006). GA1 was initially 

considered in the proband to be a strong candidate due to phenotypic similarities; 

however, urine organic acids, acylcarnitine profile and enzymology in skin fibroblasts 

were normal, suggesting that the 19p13.2 was not the causative variant in the patients.  

Whole genome sequencing was performed on genomic DNA from both children, with 

sequencing statistics detailed in Table 4-3. 166,057 single nucleotide and indel variants 

were discovered in the exonic and splice regions of both children. Synonymous variants, 

variants present in only one sibling, and variants exceeding a frequency of 0.01 in any 

of the ExAC, HapMap, or 1000 Genomes project populations were excluded from 

further consideration (Lek et al., 2016; The 1000 Genomes Project Consortium, 2015; 

The International Hapmap Consortium, 2003). Further filtering of the remaining 3,481 

variants was performed based on protein location, functional impact of the variant, its 

mode of inheritance (homozygous or compound heterozygous), as well as the biological 

relevance of the gene. This supervised exclusion of variants revealed compound 

heterozygous mutations in the SCL19A3 gene. The first is a heterozygous missense 

mutation, c.68G>T (GRCh37 Chr2:228,566,967; NM_025243.3:c.68G>T) resulting in a 

Glycine to Valine change (p.G23V) (summarised in Table 4-4). The amino acid is 

conserved across species to Drosophila melanogaster and Caenorhabditis elegans 

(BLASTp, Gish & States, 1993). The allele is also extremely rare, present at a 

frequency of 0.000008239 representing one individual of South Asian descent in the 

ExAC database (Lek et al., 2016), with no homozygotes present at this position. 

Confirmation of the single nucleotide variant in both children and their parents was 

performed using polymerase chain reaction (PCR) and Sanger sequencing which 

verified the mutation was inherited from the mother, who was also heterozygous (Figure 

4-2). The phenotypic presentation in the children corresponded to the description of 

BTBGD in the literature; however, no other candidate SNP or indels in SLC19A3 were 

identified. 
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Table 4-3 Sequencing statistics for whole genome analysis 

Individual Total read pairs 
Total mapped 

reads 
Average 
Coverage 

Reads at 25 
plus 

coverage 

Coverage at 
SNP 

Average 
Coverage 

over 
deletion 

AM1005 541,331,895 806,382,669 38.8 99.2% 42 
14.5 

 

AM1006 569,003,503 765,493,391 36.1 98.8% 32 
16.5 

 

 

Table 4-4 SLC19A3 variant summary 

Gene Chromosome 
HGVS DNA 

Reference 

HGVS 
Protein 

Reference 

Variant 
Type 

Predicted 
Effect 

ClinVar ID 
Parent 

of 
Origin 

Break 
points 

SLC19A3 2 NM_025243.3 Gly23 Missense Gly>Val SCV000574715 Mother  

SLC19A3 2 NC_000002.11  Deletion 
Critical 

promoter 
deleted 

SCV000574716 Father 
228,582,251 

- 
228,587,060 

 

To investigate the SLC19A3 locus for structural variants, the WGS read alignments were 

visualised with Integrated Genomics Viewer (IGV, 2.3.55) 

(http://software.broadinstitute.org/software/igv, Thorvaldsdottir, Robinson, & Mesirov, 2013) 

and inspected for regions of altered coverage and alignment of discordant read pairs. This 

identified a region of reduced coverage, bordered by discordant reads encompassing exon 1 

encoding the 5’ untranslated region (5’-UTR) (Figure 4-3). The candidate deletion was also 

detected by copy number variant detection algorithms: CNVnator (based on alterations in 

read depth) and BreakDancer (based on paired end information) (Abyzov et al., 2011)(K. 

Chen et al., 2009). The precise breakpoints were mapped by PCR and Sanger sequencing to 

GRCh37 Chr2:228,582,251 - 228,587,060 

(NC_000002.11:g.228582252_228587059del4808insC) with the insertion of a cytosine 

nucleotide (summarised in Table 4-4). This 4,808bp deletion is present in both children and 

PCR analysis confirmed inheritance from the father. We hypothesize that this deletion 

abolishes the activity of the promoter, thus eliminating expression from this allele. RNAseq 
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analysis of RNA from fibroblasts of the surviving child, AM1006, and three unrelated 

controls did not detect any reads mapping to the SLC19A3 gene; in contrast SLC19A1 

and SLC19A2 were well expressed in all samples. Thus, we were unable to categorically 

determine the effect of the deletion on SLC19A3 gene expression.  

Thus, the two cases harbour compound heterozygous inherited mutations in the 

SLC19A3 gene; a maternally inherited heterozygous p.G23V and a paternally inherited 

4,808bp heterozygous deletion in the 5’ region between Chr2:228,582,251-228,587,060, 

confirming the diagnosis of BTBGD. 

4.2.3.3 Treatment Outcomes 

Following the detection of the SLC19A3 gene mutations, AM1006 was commenced on high 

dose (20mg/kg/day) thiamine and biotin (15 mg/kg/day) at the age of 6 years and 9 months. 

Ten months post commencement of therapy she is now running independently, eating a full 

diet, no longer requiring gastrostomy for nutrition. She has had no further encephalopathic 

events and is communicating with noises and making excellent cognitive progress. She  

Figure 4-2 Family pedigree and corresponding Sanger sequencing electropherograms showing the transmission 
of the c.68G>T mutation and Chr2: 228,582,252 - 228,587,059 deletion in the SLC19A3 gene. The breakpoints 
for the deletion are indicated by the black arrows, with an insertion of a single base, cytosine, at the breakpoint 
indicated by the red box.  No PCR product was amplifiable from the mother who did not contain the deletion as 
the PCR was optimised for the 1,481 bp deleted product. 
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Figure 4-3 Deletion in SLC19A3. Integrated Genomics Viewer showing depth of coverage of WGS reads across the 4,808bp deletion (red bar) for both siblings and an 
unrelated control. The arrows denote the breakpoints for this deletion. The blue bar denotes the 45,049 bp deleted region reported by Flønes, et al.(Flønes et al., 2016), while 
the green bar denotes the minimal promoter region defined by Nabokina, et al. (Nabokina & Said, 2004). 
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remains intellectually disabled and has autism but is more engaged and interactive and 

making weekly gains in her development. 

4.2.4 Discussion 

Analysis of WGS data resulted in a molecular diagnosis of BTBGD for two siblings with 

progressive neurodegeneration. This diagnosis led to successful biotin/thiamine treatment for 

the surviving child. Both cases harbour compound heterozygous mutations in the SLC19A3 

gene, one inherited from each unaffected parent.  

One of the mutations had previously been reported for multiple families with BTBGD, 

c.68G>T, p.G23V (Table 4-1), while the other is a novel 4,808 bp deletion encompassing the 

first exon and predicted promoter region. This deletion is within the much larger 45 kb 

deletion recently reported by Flønes, et al., (Flønes et al., 2016) and includes the minimal 

promoter region for the SLC19A3 gene (Nabokina & Said, 2004) (Figure 4-3). The deletion 

reported in this study is currently the smallest promoter deletion in this gene identified, 

further defining the critical promoter region. Taken together, these data suggest that the 

deletion results in reduced or no expression from this allele. From a molecular diagnostic 

perspective, the deletion is too small to be detected by aCGH and would have been missed by 

typical WES approaches (reviewed in Tan et al., 2014). 

Figure 4-4 Topography of the hTHTR2 protein, consisting of 12 transmembrane domains. Point mutations 
reported in the literature are indicated as per the legend. The pG23V mutation identified in this study is 
indicated in red.  Topography map generated from Protter (Omasits, Ahrens, Müller, & Wollscheid, 2014) 
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The other mutation (p.G23V) lies within the first transmembrane domain of hTHTR2 (Figure 

4-4), a position that is highly conserved through to invertebrates. The p.G23V mutant 

SLC19A3 protein has been shown to have minimal effect on targeting of the protein to apical 

surface of cells, but effectively abolishes the ability of the protein to transport thiamine across 

the cell membrane (Subramanian et al., 2006a). Based on crystallographic and experimental 

data of other transporter proteins, the transmembrane domain 1 of SLC19A3 is one of the 4 

tilted helices that are crucial for the shape and activity of the central hydrophobic pore 

(Abramson et al., 2003; Glaeser, Mandery, Sticht, Fromm, & König, 2010; Hirai et al., 2002; 

Y. Huang, Lemieux, Song, Auer, & Wang, 2003; Tamura et al., 2001). There is an over-

representation of glycine in membrane spanning proteins where the helices interact 

(Javadpour et al., 1999), and substitutions with larger amino acids such as valine in this case 

may result in steric hindrance in the mutated protein, resulting in conformational changes 

(Subramanian et al., 2006a). The detrimental effect of glycine to valine substitutions has been 

reported for multiple other solute carrier transporters, resulting in decreased transporter 

function (N. Li et al., 2012; Zhou, Tanaka, Pan, Ma, & You, 2004). 

Confirming previous reports, the surviving patient responded positively to thiamine and 

biotin treatment. The exact mechanism through which biotin and thiamine ameliorate the 

symptoms of BTBGD is unknown. The minimal promoter region for both the SLC19A2 and 

SLC19A3 genes have been previously identified (Nabokina & Said, 2004; Reidling & Said, 

2010; Reidling, Subramanian, Dudeja, & Said, 2002). Both promoters contain binding sites 

for the transcription factor Specificity protein 1 (SP1), and binding increases the transcription 

of both genes. Specificity protein 3 (SP3) binding to the minimal promoter of SLC19A3 also 

increases transcription of the gene (Nabokina & Said, 2004). Biotin supplementation of cells 

in culture increases the nuclear abundance of both SP1 and SP3, as well as their association 

with the respective DNA binding sites, with consequential increases in transcription (Griffin, 

Rodriguez-Melendez, & Zempleni, 2003). Therefore biotin’s therapeutic effect may be 

through an indirect transcriptional activation of the SLC19A2 and SLC19A3 genes via SP1 

and SP3. This proposed method of action for biotin treatment of BTBGD is in agreement 

with the hypothesis that the disease is caused by an inability of neurons to undergo a stress-

induced increase in SLC19A3 gene expression (Schänzer et al., 2014). An increase in SP1 

expression has been shown to result in the differential upregulation of SLC19A3 gene 

transcription and not SLC19A2 (Nabokina et al., 2013). Therefore, supplementation of biotin 
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may result in increased transport of thiamine through a semi-functional SLC19A3 allele 

(Kevelam et al., 2013).  

Critically, the application of WGS was required to detect the small promoter deletion, which 

lay below the thresholds of detection using conventional high resolution array-based genome 

analysis and WES. The identification of the variants reported here resulted in a refined and 

precise molecular diagnosis and subsequent treatment for the surviving child via 

supplementation of biotin and thiamine. Early detection and treatment of BTBGD is critical 

for the long term survival and outcome for patients. Therefore these results provide strong 

support for the expeditious use of WGS in the diagnosis of rare neurodevelopmental 

disorders.  

4.2.5 Methods 

4.2.5.1 DNA Extraction 

DNA was extracted from peripheral blood EDTA samples using Gentry Pure gene DNA 

Extraction kit (Qian Inc., Germantown, Maryland, USA), according to the manufacturer’s 

instructions. 

4.2.5.2 Array Comparative Hybridisation Analysis 

Genome-wide copy number and SNP analysis was undertaken using an Affymetrix CytoScan 

750K Array, according to the manufacturer’s instructions. Regions of copy number change 

and LOH were determined using the Affymetrix Chromosome Analysis Suite software 

(ChAS) v.1.2/na32.1 and interpreted with the aid of the UCSC genome browser 

(http://genome.ucsc.edu/; Human Feb. 2009 GRCh37/hg19 assembly). 

4.2.5.3 Whole Genome Sequencing 

Whole genome sequencing services were provided by The Kinghorn Centre for Clinical 

Genomics (KCCG) at the Garvan Institute using the Illumina HiSeq X Ten instrument. Reads 

were mapped with Burrows Wheeler aligner (v 0.7.12) (Heng Li & Durbin, 2009) to the 1000 

Genomes human genome reference sequence (GRCh37.p13), sequencing statistics in Table 

4-3. After removal of optical and PCR duplicates, indels were realigned and base quality 

scores were recalibrated using the Genome Analysis Toolkit (v. 3.4-0) (DePristo et al., 2011). 

The alignments for the two children were combined with alignments from 14 unrelated 

individuals for joint variant discovery with the GATK’s HaplotypeCaller and 
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GenotypeGVCFs tools, followed by variant quality score recalibration according to the Broad 

Institute’s Best Practices (DePristo et al., 2011). 

Population frequency of SNV and indel variants were obtained from the Exome Aggregation 

Consortium (ExAC,(Lek et al., 2016), HapMap (The International Hapmap Consortium, 

2003), and 1000 Genomes Projects (The 1000 Genomes Project Consortium, 2015). 

Bioinformatic identification of CNVs was performed using default parameters of 

BreakDancer (v 1.4.5) (K. Chen et al., 2009) and CNVnator (v 0.3) (Abyzov et al., 2011).  

WGS alignments and regional variation in read coverage were viewed using the Integrated 

Genomics Viewer (IGV, v2.3.55) (http://software.broadinstitute.org/software/igv, 

Thorvaldsdottir, Robinson, & Mesirov, 2013). Discordant read pairs (pairs mapped further 

apart than the average library fragment size) were identified with IGV. 

4.2.5.4 Sanger Sequencing 

Confirmation of variants was performed using PCR and Sanger sequencing. The forward 

primer 5’ TTGAGGGAAGCCCTGTATCC 3’, and the reverse primer 5’ 

GCAGTTCCTGGATTTACCCC 3’ generated a 204 bp product using the Expand High 

Fidelity PCR System (Roche, Switzerland) with the following thermocycler conditions: 94 

°C 2 min initial denaturation, with 30 cycles of 94 °C 15 s denaturation, 50 °C 30 s annealing 

and 72 °C 45 s extension, followed by 7 minutes 72 °C final extension. This 204 bp product 

includes the C>G missense mutation. The forward primer 5’ 

TTGCGGCAGCGACATTGATT 3’ , and the reverse primer 5’ 

TGTGCTCGTCTACACATCTTCC 3’ were designed to generate a 6,289 bp product in the 

wild-type allele, and a 1,481 bp product in the deleted allele. Thermocycler conditions were 

optimised so that only the deleted copy was exponentially amplified; 94 °C 2 min initial 

denaturation, with 30 cycles of 94 °C 15 s denaturation, 50 °C 30 s annealing and 72 °C 3 

min extension, followed by 7 minutes 68 °C final extension. Sanger sequencing was 

performed by the Genomics Centre, Auckland Science Analytical Services, The University of 

Auckland, New Zealand. Sanger sequencing data was viewed using Geneious (v8.1.5) 

(http://www.geneious.com, Kearse et al., 2012).  
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4.2.6 Additional Information 

4.2.6.1 Data Deposition and Access 

Consent was not obtained to deposit full variant calling data publicly, however mutations 

have been deposited to ClinVar under the accession numbers SCV000574715 and 

SCV000574716. 

4.2.6.2 Ethics Statement 

The genetic analysis and de-identified publication of variants was performed under the 

approval of the New Zealand Northern B Health and Disability Ethics Committee 

(12/NTB/59), and parents provided written informed consent. 
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4.3 Postamble 
This chapter presents a published case report describing compound heterozygous mutations 

in the SLC19A3 gene, resulting in the diagnosis of BTBG disease and subsequent treatment. 

The first mutation, a SNV, was detected using a previously published bioinformatic pipeline 

developed by our laboratory (Jacobsen et al., 2015). The presence of a second mutation, a 

4.8kb deletion was confirmed by viewing the reads using IGV, and using bioinformatic WGS 

based CNV detection tools. This CNV is the smallest deletion of the 5’ UTR currently 

reported in BTBGD. Due to the small size of this variant, it would not have been detected 

using aCGH methods as applied in the clinic, validating the need for WGS based CNV 

detection methods.  

Unfortunately, sequencing of fibroblast RNA from AM1006 and three control individuals 

showed negligible expression of SLC19A3 in this tissue, with no reads mapping to the gene. 

Thus, the effect of the 5’ UTR deletion (including the minimal promoter region) on 

expression at the RNA level was unable to be experimentally demonstrated.  Other types of 

tissue from the affected individuals were unable to be obtained.  Schänzer, et al. (2014) 

previously demonstrated upregulation of SLC19A3 expression in fibroblasts following 

exposure to stress factors such as acidosis or hypoxia (Schänzer et al., 2014). Therefore, it is 

possible that quantification of changes in SLC19A3 expression could be achieved via RNA 

sequencing of fibroblasts following exposure to stress factors.  

In this family, WGS based CNV discovery was vital as there was a life-saving treatment 

option for the surviving child which was initiated following the molecular diagnosis of 

BTBGD. Additionally, the discovery of the CNV in these siblings allows for better 

understanding of the biological function of SLC19A3 and its associated genetic information 

through refinement of the critical promoter region. The compound heterozygous nature of 

these variants highlights the importance of integrating SNV and CNV pipelines, particularly 

at a whole genome level as variants in the UTRs such as that described here may be 

undiscoverable using WES, but can clearly have a profound effect on gene function. 

The work described in this chapter demonstrated the utility of WGS for detecting structural 

variants, using both an hypothesis-driven candidate gene investigation and bioinformatic 

based methods for CNV identification. The unbiased approach of the latter, allows for CNV 

detection without an assumption of the genes involved in the aetiology of the disease. This 

replicates the evolution of SNV detection in molecular diagnostics from a candidate mutation 
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based method, to a bioinformatic genome resequencing based approach without any a priori 

assumption as to the genes involved. This data-driven rather than hypothesis-driven method 

of WGS based CNV detection guided the remainder of this project, beginning with the 

trialling and optimisation of WGS based CNV detection software. 
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Chapter 5 – Evaluation of the Performance of Copy 

Number Variation Prediction Tools for the 

Detection of Deletions from Whole Genome 

Sequence data 
 

5.1 Preamble 
The causative CNV for the siblings described in Chapter 4 proved the utility of WGS based 

CNV detection methods (including BreakDancer and CNVnator, described in this chapter) 

over the WES based methods tested (XHMM and CoNIFER) which could not detect the 

CNV due to the small size of the deletion (only covering one exon). Therefore, the focus of 

this project moved from WES aligned reads to WGS aligned reads as the data source for 

CNV prediction. WGS based CNV detection tools exploit four distinct characteristics of 

aligned WGS paired reads: read pair, split read, read depth, and assembly based methods (as 

described in section 1.3.9.2). Each of these methodologies have unique strengths and 

weaknesses as a result of the inherent differences that each methodology provides. Although 

WES based CNV detection tools have been characterised and compared in a number of 

reports (Guo et al., 2013; Hong et al., 2016; Kadalayil et al., 2014; Tan et al., 2014; Yao et 

al., 2017), few reports have applied such comparisons to WGS based tools. A recent 

publication reported the evaluation of read depth based WGS based CNV detection methods 

and presented a suggested workflow for CNV detection (Trost et al., 2018). However, there 

has yet to be a report of an unbiased comparison of all fundamental methodologies (read pair, 

split read, read depth, and assembly based) for CNV prediction. This chapter reviews WGS 

based CNV detection tools, and tests and compares the performance of one software package 

from each of the four primary methodologies and one combinatorial approach. This 

evaluation, assessed the ability of each methodology to detect CNVs above the traditional 

size definition (>1kb). The results for this comparison have been submitted to the Journal of 

Biomedical Informatics. 
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From the >80 WGS CNV detection tools available at the commencement of this work 

(Appendix Table A 1-2), one of each detection methodology plus a combinatorial approach 

was selected based on the following criteria: single sample input, optimised for high-

coverage genomic data (~30-fold coverage), capable of detecting small CNVs (1kb) in size, 

number of citations of the original publication, and the software package had to be available 

to download with a free licence for research/academic use. From these criteria, BreakDancer 

(read pair), CNVnator (read depth), Delly (read depth and split read), FermiKit (assembly), 

and Pindel (split read) were selected for performance analysis. The individual NA12878 from 

the GIAB Consortium (Genome in a Bottle Consortium, 2015) was used as the benchmark 

for evaluating the selected software where the SV calls defined for this individual by 

svclassify as ≥1 kb were used as a ‘truth-set’ (Hemang Parikh et al., 2016). The use of these 

high confidence CNV calls to validate CNV detection software has been previously used by 

multiple studies (Chang et al., 2016; Eisfeldt et al., 2018; Trost et al., 2018). The GIAB high 

confidence SV calls did not include any multiplications ≥1 kb, therefore unfortunately, only 

the ability of the WGS based CNV detection software to identify deletions was able to be 

assessed. 

There was wide variability in the outputs of the different WGS CNV detection programs, 

with software that exploits read pair information (BreakDancer and Delly) showing the 

highest sensitivity. BreakDancer was the most balanced approach with regards to accuracy 

and sensitivity for the identification of deletions ≥1 kb, with sensitivity of 92.6% and FDR of 

34.5%. As such, BreakDancer was selected for the prediction of CNVs in the cohort analysed 

in this research. 

The comparative analysis of the performance of BreakDancer, CNVnator, Delly, FermiKit 

and Pindel is described in the following manuscript. 
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5.2 Evaluation of the Performance of Copy Number Variation 

Prediction Tools for the Detection of Deletions from Whole 

Genome Sequencing Data 
Whitney Whitford, Klaus Lehnert, Russell G. Snell, Jessie C. Jacobsen 

School of Biological Sciences, The University of Auckland, New Zealand  

Centre for Brain Research, The University of Auckland, New Zealand 

First submitted: 12/12/2018; Revision submitted: 12/03/2019; Accepted: 06/04/2019 

Full Reference: Whitford, W., Lehnert, K., Snell, R. G., & Jacobsen, J. C. (2019). 

Evaluation of the performance of copy number variant prediction tools for the detection of 

deletions from whole genome sequencing data. Journal of Biomedical Informatics, 94, 

103174. https://doi.org/10.1016/J.JBI.2019.103174  

Reproduced with permission from the Journal of Biomedical Informatics 

This analysis was presented by Whitney Whitford as a poster at the American Society of 

Human Genetics Meeting, 17th October 2018, San Diego, USA. 

5.2.1 Abstract 

Background: Whole genome sequencing (WGS) has increased in popularity and decreased 

in cost over the past decade, rendering this approach as a viable and sensitive method for 

variant detection. In addition to its utility for single nucleotide variant detection, WGS data 

has the potential to detect Copy Number Variants (CNV) to fine resolution. Many CNV 

detection software packages have been developed exploiting four main types of data: read 

pair, split read, read depth, and assembly based methods. The aim of this study was to 

evaluate the efficiency of each of these main approaches in detecting germline deletions. 

Methods: WGS data and high confidence deletion calls for the individual NA12878 from the 

Genome in a Bottle consortium were the benchmark dataset. The performance of 

BreakDancer, CNVnator, Delly, FermiKit, and Pindel was assessed by comparing the 

accuracy and sensitivity of each software package in detecting deletions exceeding 1kb.  

Results: There was considerable variability in the outputs of the different WGS CNV 

detection programs. The best performance was seen from BreakDancer and Delly, with 

https://doi.org/10.1016/J.JBI.2019.103174
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92.6% and 96.7% sensitivity, respectively and 34.5% and 68.5% false discovery rate (FDR), 

respectively. In comparison, Pindel, CNVnator, and FermiKit were less effective with 

sensitivities of 69.1%, 66.0%, and 15.8%, respectively and FDR of 91.3%, 69.0%, and 

31.7%, respectively. Concordance across software packages was poor, with only 27 of the 

total 612 benchmark deletions identified by all five methodologies. 

Conclusions: The WGS based CNV detection tools evaluated show disparate performance in 

identifying deletions ≥1kb, particularly those utilising different input data characteristics. 

Software that exploits read pair based data had the highest sensitivity, namely BreakDancer 

and Delly. BreakDancer also had the second lowest false discovery rate. Therefore, in this 

analysis read pair methods (BreakDancer in particular) were the best performing approaches 

for the identification of deletions ≥1kb, balancing accuracy and sensitivity. There is potential 

for improvement in the detection algorithms, particularly for reducing FDR. This analysis has 

validated the utility of WGS based CNV detection software to reliably identify deletions, and 

these findings will be of use when choosing appropriate software for deletion detection, in 

both research and diagnostic medicine. 

5.2.2 Introduction 

Identifying and characterising genetic variants is central to both genetic medicine and 

research. Variation is typically categorised into three main classes: single nucleotide variants 

(SNVs), small insertions and deletions (indels, typically defined as 1-50 bp), and larger 

structural variants (SVs, typically defined as >1 kb). Structural variants are further 

subdivided into two categories dependent on whether the change in genetic information is 

balanced (no gross loss of DNA) or unbalanced (loss or gain of DNA). Deletions and 

multiplications form the unbalanced copy number variants (CNVs), while translocations or 

inversions with conservation of the genetic content form balanced chromosomal 

rearrangements (BCRs). Copy number variants have historically been defined as changes in 

genetic content >1,000 bp (Feuk, Marshall, Wintle, & Scherer, 2006). However, as the 

resolution of technologies used to identify these variants have improved, this classification 

has become one of nomenclature rather than practicality, and it is becoming clear that 

individuals can harbour changes in genetic content in a continuous scale from 1 bp to several 

Mb. 
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The study of copy number changes began at a microscopic level in 1959, where visualisation 

of whole chromosomes (karyotyping) allowed for the first identification of human copy 

number changes, namely trisomy 21 in Down syndrome patients (Lejeune et al., 1959). This 

has culminated in attempts to map and catalogue the variation in the human genome 

represented by copy number variants (CNVs) (Conrad, Andrews, Carter, Hurles, & Pritchard, 

2006; Durbin et al., 2010; Sudmant et al., 2015; The 1000 Genomes Project Consortium, 

2015) Advances in technology in the intervening decades has resulted in drastic improvement 

in the ability to detect unbalanced genomic changes, and today partial chromosome changes 

in genomic content can be detected using multiple techniques. The current diagnostic 

standard for identifying CNV is chromosomal microarray analysis (CMA). This technology 

however has limitations in resolution, with clinical reporting thresholds typically >200 kb 

(Evangelidou et al., 2013). Chromosomal microarray analysis reveals the extent of copy 

number change effecting the region but is unable to resolve the breakpoints to base pair level, 

and can only detect gross changes in genomic content, not single nucleotide, other small 

variants, or balanced chromosomal rearrangements.  

Decreasing cost has rendered whole genome sequencing (WGS) a viable and sensitive 

method for CNV detection with rapidly increasing application in genomic research. WGS has 

the ability of exact base pair resolution; with no theoretical limit on the size of CNV able to 

be detected. Application of suitable analytical tools has the potential to reveal all types of 

genetic variation including CNVs, BCRs, indels, and SNVs.  

As such, there has been an explosion in the development of software tools to identify CNVs 

from WGS, with over 80 tools currently available (OMICtools, 2016). These tools primarily 

exploit four different WGS metrics: read depth, split read, read pair, and assembly based, 

which each rely on distinct information from the sequence data (reviewed in (Pirooznia et al., 

2015; Zhao, Wang, Wang, Jia, & Zhao, 2013)). Briefly, read depth based methods rely upon 

the theory that the depth of read coverage of a genomic region reflects the relative copy 

number of the loci, whereby a gain in copy number would result in greater than average 

coverage. Conversely, a loss in copy number would result in lower than average read 

coverage of the region. Split read based approaches rely upon paired end sequencing in which 

only one read from each pair is aligned to the reference genome, while the other one either 

does not map to, or only partially maps to the reference genome. Read pair or paired-end 

methods exploits discordantly mapped paired-reads where the mapped distance between the 
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read pairs is significantly different from the average fragment size of the library, or if one or 

both members of the pair is aligned in an unexpected orientation. Finally, unlike the previous 

approaches which rely on the initial alignment to a reference sequence, assembly based 

methods de novo assemble reads into contigs, which are then aligned and compared to a 

reference genome. 

As each method utilises different information extracted from sequence data, each method has 

unique strengths and weaknesses. For example, read depth based methods can only identify 

SVs where there has been an overall change in genetic content (CNVs not BCRs) but 

confidently detect the direction of genomic change of the CNVs discovered. The performance 

of read pair methods are reliant on the choice of the alignment algorithm, which can be an 

issue for repetitive regions due to ambiguities in the correct placement of reads. In general 

read pair methods are less susceptible to GC bias and are able to identify both CNVs and 

BCRs. Split read methods require reads that cross the breakpoint and therefore the ability to 

detect SVs is sensitive to read length. However, this method resolves the breakpoints with 

single nucleotide accuracy. Finally, the analysis of genome sequence using assembly can 

have very long run times and require high performance computing resources. This approach 

does however enable the identification of complex SVs. Taking these points into 

consideration, a number of software employ a combination of methods to identify CNVs. 

The performance of WGS-based CNV detection methods has been characterised by fewer 

reports than those applied to whole exome sequencing based CNV detection (Guo et al., 

2013; Hong et al., 2016; Kadalayil et al., 2014; Tan et al., 2014; Yao et al., 2017). However, 

a recent publication reported the evaluation of read depth-based WGS CNV detection 

methods and presented a suggested workflow for WGS based CNV detection (Trost et al., 

2018). Other comparisons of WGS CNV detection methods have been performed in the 

context of the initial report of the software. Here, we report an unbiased quantitative 

comparison of the accuracy and sensitivity of all fundamental WGS CNV methodologies for 

human CNV prediction, testing one representative of each method, and one of the most 

commonly used combinatorial methods. The resulting performance metrics presented here 

emphasises the importance of selecting appropriate fit for purpose CNV detection tools. 
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5.2.3 Methods 

5.2.3.1 Sample data 

FASTQ and binary alignment map (bam) files aligned to the GRCh37/hg19 reference 

genome for individual NA12878 was downloaded from the European Nucleotide Archive 

repository (European Nucleotide Archive, n.d.) . 

5.2.3.2 Whole Genome Sequence Based Copy Number Variant Software 

One CNV detection tool was selected from each of the read depth, split read, read pair, and 

assembly methodologies based on the following criteria: single sample analysis, optimised 

for high-coverage genomic data (~30-fold coverage), detection of CNVs down to 1kb in size, 

use in peer-reviewed research, and the software package had to be available to download with 

a free licence for research/academic use. Based on these criteria, the software packages 

BreakDancer (v1.4.5) (K. Chen et al., 2009), CNVnator (v0.3) (Abyzov et al., 2011), Delly 

(v0.7.7) (Rausch et al., 2012), FermiKit (v0.13) (Heng Li, 2015b), and Pindel (v0.2.5b8) (K. 

Ye et al., 2009) were selected for further analysis (Table 5-1).  

Table 5-1 CNV detection tools used 

Tool Signals used SV types detected Reference 

BreakDancer v1.4.5 RP Del, Ins, ITX, Inv, CTX (K. Chen et 
al., 2009) 

CNVnator v0.3 RD Del, Dup (Abyzov et 
al., 2011) 

DELLY v0.7.7 RP, SR Del, Ins, ITX, Inv, CTX (Rausch et 
al., 2012) 

FermiKit v0.13 AS Del, Ins, Inv, CTX (Heng Li, 
2015b) 

Pindel v0.2.5b8 SR Del, Ins, Inv (K. Ye et 
al., 2009) 

RP: read pair based, RD: read depth based, SR: split read based, AS: assembly based, Del: 
deletion, Ins: insertion, ITX: intra-chromosomal translocation, Inv: inversion, CTX: inter-
chromosomal translocation. 

Each tool was run using the recommended parameters and filtering steps as described in the 

original publications; CNVnator: 100 for bin size and retaining only variants with a fraction 

of reads mapped with q0 quality > 0.5, BreakDancer: retaining only variants with a 

confidence score threshold of Q ≥ 60, Pindel: the number of supporting reads for each CNV 

was ≥ 2, with Delly and FermiKit using only default parameters with no recommended 
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filtering steps. Comparative evaluation was restricted to deletion calls ≥1kb. More details on 

the implementation of each tool can be found in Appendix 3. 

5.2.3.3 Deletion detection 

The deletion ‘truth-set’ was obtained from the Genome in a Bottle (GIAB) Consortium 

(Genome in a Bottle Consortium, 2015) benchmark SV calls resource, as called by svclassify, 

a machine learning based approach (Hemang Parikh et al., 2016). This dataset was generated 

using one-class Support Vector Machines (SVM) where the training data-set was from 

deletions identified by Personalis Genetics and 1000 Genomes pilot phase deletion calls, and 

insertions from Spiral Genetics. The 1000 Genomes deletions were called using examples 

from each methodology: AB Large Indel Tool, PEMer, BreakDancer, VariationHunter, 

WTSI, CNVnator, mrFast, Event-Wise-Testing, Pindel, MOSAIK, Cortex, TIGRA, 

NovelSeq, AbySS, SOAPdenovo, Genome STRiP, and SPANNER. The majority of these 

calls were independently validated by PCR or array-based experiments (Sudmant et al., 

2015). From these deletions, SVM identified annotations that identify CNVs different from 

random regions of the genome in Illumina HiSeq, PacBio, and Moleculo genome sequence 

data. The high confidence SVs were therefore called based upon the annotations associated 

with SVs identified from the machine learning algorithm. 

These germline CNVs have been made available by GIAB to use as a reference standard and 

have been used in this capacity in a number of studies both in software development and 

validation (Chang et al., 2016; Eisfeldt et al., 2018), as well as the recent read depth WGS 

deletion detection software evaluation (Trost et al., 2018). For this report deletions ≥ 1kb 

were considered for statistical analysis; consisting of 612 of the 2744 total CNVs reported by 

GIAB. 

The performance of each of the bioinformatic tools was determined by the comparison 

between the truth-set and predicted deletions generated by the tools. True positives were 

classified as variants with at least a 50% reciprocal overlap with one or more of the 612 

deletions in the filtered GIAB set, as determined by BEDTools (v2.26.0, Quinlan & Hall, 

2010). Concordance between tools was determined as CNVs detected by one or more 

software, with 50% reciprocal overlap using the python package Intervene (Khan & 

Mathelier, 2017) 
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5.2.4 Results 

We selected one software package for each of the four main methodologies of WGS CNV 

detection and one combinatorial approach for evaluation. Here the predicted deletions from 

BreakDancer (read pair), CNVnator (read depth), Delly (read pair and split read), FermiKit 

(assembly), and Pindel (split read) were assessed for accuracy and sensitivity. 

5.2.4.1 Size Distribution of Predicted Deletions and Comparison across Tools 

We arbitrarily designated bins of eight CNV sizes for investigation of WGS-based variant 

calls from individual NA12878 (Figure 5-1). The ‘truth-set’ deletions are relatively evenly 

divided amongst the bins, with the majority of deletions ≤5 kb (71.6%). Deletions greater 

than or equal to 1kb predicted by BreakDancer, CNVnator, and FermiKit had a similar size 

distribution to that of the GIAB identified deletions. In contrast, the outputs from Delly and 

Pindel were biased towards larger deletions, particularly Pindel with 49.4% >10 kb. This bias 

is curious given split read based methods are purported to be better suited to detected small 

deletions than other methodologies (K. Ye et al., 2009; Zhao et al., 2013), however this 

observation was for extremely small variants (<300 bp). 

 

Figure 5-1 Number and size distribution of deletions ≥1kb predicted by BreakDancer, CNVnator, Delly, 
FermiKit, and Pindel compared to the GIAB truth-set 
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5.2.4.2 Detection Sensitivity of Genome in a Bottle Deletions 

The overall performance of each software tool is displayed in Table 5-2. Viewing the truth-

set deletions as a whole, the sensitivity of Delly, BreakDancer, Pindel, CNVnator, and 

FermiKit, were 96.7%, 92.6%, 69.1%, 66.0%, and 15.8%, respectively. The performance of 

each tool varied across the size range of deletions (Fig 2A). Pindel displays low sensitivity 

for small deletions, with 3.29% of deletions correctly identified within the 1-1.5kb range. 

This is consistent with the low proportion of deletions predicted by Pindel in this size range. 

The sensitivity for FermiKit was consistently low across all sizes, which likely reflects the 

small number of deletions predicted by this tool (141 vs 5139 predicted by Pindel, for 

example). Deletion identification by CNVnator was variable across the size range, without 

consistent relationship between size and sensitivity. Finally, BreakDancer and Delly 

performed consistently across the entire size distribution of deletions, with comparable 

performance between the two tools. 

5.2.4.3 Software False Discovery Rate 

There is a natural trade-off between sensitivity and false discovery rate. Often software that 

delivers a high sensitivity also produce a high proportion of false positive deletions, and thus 

generate considerable validation work. For deletions ≥1kb, FDR for FermiKit, BreakDancer, 

Delly, CNVnator, and Pindel were 31.7%, 34.5%, 68.5%, 69.0%, and 91.3%, respectively 

(Table 5-2). The FDR for each tool across the deletion size distribution is illustrated in Fig 

2B. Pindel had the highest FDR out of all tools across all deletion sizes. The poor 

performance of Pindel may be due in large part to the substantially higher number of 

deletions predicted by Pindel than all other tools. Overall, the FDR from CNVnator decreases 

with increasing deletion size. All tested programs demonstrate FDR > 50% for deletions 

exceeding 10kb. FDRs for FermiKit and BreakDancer were similar across the deletion size 

range tested here, while FDR for Delly was consistently higher than that of FermiKit and 

BreakDancer. 
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Table 5-2 Deletion detection tool performance 

 BreakDancer CNVnator Delly FermiKit Pindel 

Total predicted 868 1300 1884 141 5139 

True positives 567 404 592 97 423 

False negatives 45 208 20 515 189 

False positives 300 898 1292 45 4693 

Sensitivity 0.926 0.660 0.967 0.158 0.691 

FDR 0.345 0.690 0.685 0.317 0.913 

Table outlining sensitivity and accuracy of detection for deletions ≥1 kb from individual 
NA12878 across the five separate bioinformatic tools tested 

 

 

Figure 5-2 Comparative performance of WGS detection tools across deletion size. (A) Sensitivity of GIAB 
truth-set (B) False discovery rate of each tool 
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5.2.4.4 Concordance of Predicted Deletions across Platforms 

There was considerable concordance of correctly identified deletions between individual 

software packages, where 589 of the 604 correctly identified truth-set deletions where 

identified by at least 2 tools (Appendix Table A 3-1). However, the concordance across all 

packages (BreakDancer, CNVnator, Delly, FermiKit, and Pindel) was relatively poor with 

only 27 deletions (4.4% of all deletions from the truth-set) identified by all (Fig 3). Only 10 

deletions were missed by all tools, the majority of which (60%) were biased towards either 

end of the size range investigated (>10 kb and 1-1.5 kb in size, Appendix Figure A 3-1). 

Relative to the 27 deletions identified by all methods, those missed had fewer interspersed  

 

Figure 5-3 Concordance of deletions ≥1kb correctly identified by WGS software. 
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repeat elements (average of 46.59% - including LINES, SINES and Long terminal repeats) 

compared to 66.57% in the 27 deletions identified by all tools as determined by 

RepeatMasker (Smit et al., 2013). 

 The majority (568) of true deletions were identified by BreakDancer and Delly, with very 

few (36) of the remaining deletions identified by other packages (and not BreakDancer). Of 

the 568 deletions correctly identified by BreakDancer, all of these were also discovered by 

Delly (Table S1). In order to investigate if there was extra discriminating power in combining 

the analysis of BreakDancer and Delly, the number of separately and jointly called false 

positives was calculated. Only 11 false positive deletions were excluded compared with the 

application of BreakDancer alone. Thus the FDR for BreakDancer alone (34.5%) showed 

minor reduction to 33.7% when considering only pairwise deletions with Delly.  

5.2.5 Discussion 

The accurate identification of CNVs is important for both research and clinical diagnostics, 

particularly given CNVs are responsible for the largest percentage of per base genetic 

variation within genomes (~1.5%) (Conrad et al., 2010). In comparison, despite the greater 

number of SNVs per individual (approximately 3.6 million SNVs (McVean et al., 2012) vs 

1,117-1,488 CNVs (Conrad et al., 2010)), they collectively only account for 0.1% of per base 

genome variation. Chromosomal microarray analysis is the current standard for diagnostic 

testing for CNVs in human health, however clinical thresholds limit its application to the 

identification of relatively large scale CNVs of >200kb (Evangelidou et al., 2013). Inclusion 

of WGS for CNV diagnostic testing has the potential to result in a four-fold increase in 

sensitivity for identification of clinically relevant CNVs (compared to CMA using clinical 

thresholds alone) (Stavropoulos et al., 2016). Thus, the increased sensitivity of WGS not only 

allows for the identification of both small and large scale structural variants, but also enables 

for the identification of SNV and indels, all within a single test.  

A number of CNV detection software packages have been developed which use WGS in 

various ways including: read depth, split reads, read pair, and assembly based methodologies, 

or a combination of these methods. However, before WGS CNV detection can be 

implemented in molecular diagnostics it is necessary to comprehensively assess the 

methodological performance. A comparative analysis of read depth based methods to detect 

germline deletions has recently been reported by Trost, et al., (Trost et al., 2018).  
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Here we report an unbiased quantitative comparison of the four primary deletion detection 

approaches exploiting different features of WGS. We selected BreakDancer (utilising read 

pair), CNVnator (read depth), Delly (read depth and split read), FermiKit (assembly), and 

Pindel (split read) software packages for performance assessment. The deletions predicted by 

each package were compared to high quality germline deletions (≥1kb) defined in a single 

individual (NA12878). This dataset has been presented as a reference standard by the 

Genome in a Bottle (GIAB) Consortium (Hemang Parikh et al., 2016), and used in several 

other studies which quantified the ability of bioinformatic tools to discover CNVs (Chang et 

al., 2016; Eisfeldt et al., 2018; Trost et al., 2018). We found that only BreakDancer and Delly 

consistently achieved sensitivities over 80% for all deletion sizes, while sensitivities of 

CNVnator, Pindel, and FermiKit were below 70%. Delly, however had a FDR of 46-91% 

over the size range of predicted deletions, and the distribution differed to that of GIAB 

deletions. The deletions predicted by BreakDancer had a distribution that mirrored that of the 

truth-set deletions, with a relatively low FDR of 21-36% across the size spectrum of 

deletions.  

Concordance analysis of GIAB defined true deletions ≥1 kb for NA12878 discovered 

between the packages, indicated that there was little overlap between the deletions predicted 

by the detection software (27 of the total 604 predicted by all packages). Additionally, there 

was little benefit in combining the best performing tools (BreakDancer and Delly), with only 

a 0.8% decrease in FDR and a consistent level of sensitivity relative to the performance of the 

best performing tool (BreakDancer) alone. This was due to no difference in the number of 

correctly identified deletions when only considering deletions predicted by both packages vs. 

deletions predicated by BreakDancer alone. Although overall concordance between all 

software packages was poor, there were a number of deletions predicted by more than one 

package but not included in the truth-set. Specifically, five deletions were identified by all 

five packages, but not by the GIAB consortium. Therefore, five loci harbour all 

characteristics of deletions which can be used to bioinformatically identify deletions from 

WGS. These loci predicted as deletions by all tools utilising different methodologies whilst 

not included in the GIAB truth-set indicates the GIAB analyses may not have identified all 

CNVs in this individual.  

The selection of an appropriate truth-set is important for accurate assessment of the 

performance of biological and bioinformatic tools. Previous comparative CNV studies have 
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utilised results from chromosomal microarray analysis to validate against (Guo et al., 2013; 

Hong et al., 2016; Yao et al., 2017), however standard microarrays typically detect CNVs 

>20 kb making the validation of small CNVs impossible. As many disease-causing deletions 

reported in the literature are smaller than this threshold, including those identified by this 

group (Whitford et al., 2017), for this analysis a dataset which included smaller-scale CNVs 

was required. As such, the GIAB high confidence deletion call set for NA12878 was 

considered. This is potentially problematic as some of the programs used to generate the calls 

in the machine learning training dataset are also being evaluated in our analysis 

(BreakDancer, CNVnator and Pindel). However, these three tools were included in 

combination with 15 other deletion callers. 

To further mitigate confounding impacts, deletions called by BreakDancer, CNVnator and 

Pindel were only included in the 1000 Genomes dataset if they were confirmed by PCR or 

array-based experiments. In addition, these deletion calls were only used in the generation of 

the high-confidence call-set by GIAB to identify the signatures which denote deletions within 

sequence data from multiple sequencing technologies. Therefore, the potential bias towards 

identifying deletions called by these software is likely minimal. Interestingly, neither 

BreakDancer, CNVnator, nor Pindel had the best performance in terms of sensitivity in our 

analysis, despite their contribution to the development of the training data for the truth-set. 

Therefore, along with several others (Eisfeldt et al., 2018; Fan, Chaisson, Nakhleh, & Chen, 

2017; Fang, Hu, Wang, & Wang, 2018; L. Li et al., 2017; Trost et al., 2018), we deemed this 

the most appropriate truth set for this analysis, despite some inherent potential biases.  

The most accurate method for deletion detection identified in this study is read-pair based as 

two best performing software packages, BreakDancer and Delly, use this methodology. 

However, one would assume that the performance of tools incorporating multiple signals 

would show improved performance in the accuracy and sensitivity of deletion detection. 

Delly, the only approach tested that used two methods, indeed did show improved sensitivity 

over the other packages tested. However, Delly also showed a higher FDR across all the size 

ranges. Interestingly, results from the ICGC-TCGA DREAM challenge (where somatic SVs 

were identified in cancer samples using paired tumour and non-tumour data) also 

demonstrated the high performance of split read and read pair methods (A. Y. Lee et al., 

2018). In this report Delly performed at a peak sensitivity of 0.792 and precision of 0.966. 

However, in contrast to our study, the read pair method BreakDancer performed poorly (peak 
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sensitivity of 0.000 and precision of 0.298), which may reflect differing challenges of calling 

SVs from tissue containing somatic mutations and therefore genetic heterogeneity. 

There is therefore room for improvement in CNV algorithm development, especially in the 

reduction of the false positive rate, which is particularly important for clinical diagnosis. 

Determination of the best software package and methodology for the identification of the 

total scope of SV size (including those less than 1kb) and type (including multiplications and 

BCRs) will require further investigation. 

5.2.6 Conclusions 

WGS based CNV detection tools in this evaluation show widely disparate performance in 

identifying germline deletions (≥1kb). Using frequently analysed and comprehensively 

verified genome alignments for individual NA12878, we conclude that software that exploit 

read pair-based methods (namely BreakDancer and Delly) showed the highest sensitivity. Of 

these packages, BreakDancer also had the second lowest false discovery rate over the entire 

size distribution (34.5%). There was poor concordance in deletions detected by all tools, 

however there was a large overlap of validated deletions between BreakDancer and Delly. 

There was little benefit analysing deletions using both packages however, as deletions 

predicted by both resulted in identical sensitivity (as both packages detected the same number 

of ‘true’ deletions) and there was only a 0.8% decrease in FDR from 34.5% to 33.7%. While 

opportunities to improve the detection algorithms remain, primarily reduction of the FDR, 

read pair-based methods (BreakDancer in particular) are able to effectively identify the 

majority of deletions and will be of utility as part of bioinformatic pipelines in research and 

diagnostic medicine. 

5.2.6.1 List of Abbreviations 

BCR: balanced chromosomal rearrangements 

CMA: chromosomal microarray analysis  

CNV: Copy Number Variant 

FDR: false discovery rate 

GIAB: Genome in a Bottle consortium  

WGS: Whole genome sequencing  
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5.3 Postamble 
This chapter presents the first reported unbiased comparison of all fundamental WGS CNV 

methodologies for the prediction of deletions. Decreasing cost has rendered WGS a viable 

and sensitive method for CNV detection with rapidly increasing application in genomic 

research. However, before WGS based CNV detection can be reliably implemented in 

bioinformatic pipelines to discover causative variants, it is necessary to comprehensively 

assess the performance of each method.  

The selection of an appropriate truth-set is essential for accurate assessment of the 

performance of bioinformatic tools. Previous studies comparing the performance of 

bioinformatic CNV detection tools have utilised results from chromosomal microarray 

analysis for validation (Guo et al., 2013; Hong et al., 2016; Yao et al., 2017). However 

standard microarrays typically detect CNVs >20 kb, making the validation of small CNVs 

detected by such tools impossible when validating against microarray. As many disease-

causing deletions reported in the literature are smaller than this threshold (including the 

causative 4.8kb deletion presented in Chapter 4), a dataset including smaller-scale CNVs was 

required for this analysis. As such, the GIAB high confidence deletion call set of sample 

NA12878 was considered. The use of this resource as the ‘truth-set’ had the potential to be 

problematic as some of the programs used to generate the calls in the machine learning 

training dataset were also being evaluated in our analysis (BreakDancer, CNVnator and 

Pindel). However, these three tools were included in combination with 15 other deletion 

callers to produce the calls used for the training dataset.  

The potential bias of calls from BreakDancer, CNVnator and Pindel included in the 

development of the GIAB high confidence SV calls was further reduced through calls from 

these tools being only included in the machine learning training set if they were confirmed by 

PCR or array-based experiments. In addition, these deletion calls were only used in the 

generation of the high-confidence call-set by GIAB to identify the signatures which denote 

deletions within sequence data from multiple sequencing technologies. Therefore, the 

potential bias towards identifying deletions called by these software is likely minimal. 

Interestingly, neither BreakDancer, CNVnator, nor Pindel showed the highest sensitivity in 

our analysis, despite their contribution to the development of the training data for the truth-

set. Therefore, similar to several other investigations (Eisfeldt et al., 2018; Fan et al., 2017; 
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Fang et al., 2018; L. Li et al., 2017; Trost et al., 2018), we deemed the GIAB high confidence 

SV calls the most appropriate truth set for the analysis conducted. 

As expected, the different methodologies exhibited disparate performance to identify the 

deletions in the truth set. The best performance was seen from the read pair based tools 

BreakDancer and Delly, with 92.6% and 96.7% sensitivity, respectively and 34.5% and 

68.5% FDR, respectively. In comparison, Pindel, CNVnator, and FermiKit were less 

effective with sensitivities of 69.1%, 66.0%, and 15.8%, respectively and FDR of 91.3%, 

69.0%, and 31.7%, respectively. The superior performance of read pair based methods may 

be due as much to the strengths of this method as it is the weaknesses of the other methods. 

The assembly based method tested (FermiKit) had a particularly poor performance, 

demonstrating the technical difficulties of de novo genome assembly over CNVs. Read depth 

based methods such as CNVnator rely upon read depth and as such there is the potential for 

false positives due to GC bias, while split read methods such as Pindel require reads that 

cross the breakpoint thus reducing the number of data points available to support the deletion 

call. The wide variability in the sensitivity and FDR of the different WGS based CNV 

detection programs presented here emphasises the importance of selecting appropriate fit for 

purpose CNV detection tools from those currently available. 

Concordance of correctly identified deletions across software packages was poor, with only 

27 of the total 612 benchmark deletions identified by all five methodologies. This is 

unsurprising given the small number of deletions predicted by the assembly method 

FermiKit. Conversely, only 10 deletions were missed by all tools, the majority of which 

(60%) were biased towards either end of the size range investigated (>10 kb and 1-1.5 kb in 

size). BreakDancer was the most balanced approach with regards to FDR and sensitivity for 

the identification of deletions ≥1kb, as this method also displayed the second lowest FDR.  

Although there remains room for improvement in CNV algorithm development, this chapter 

demonstrated that the investigated methods are capable of identifying CNVs from WGS with 

the accuracy and sensitivity required for the identification of disease causing CNVs. Due to 

the high sensitivity and low false discovery rate of CNVs predicted by BreakDancer, this 

software was chosen for the bioinformatic CNV prediction for the research cohort analysed in 

this thesis. Despite this analysis only investigating deletions, there is confidence in the ability 

of BreakDancer to predict duplications based on the sensitivity shown by Chen, et al. (2017) 
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demonstrating sensitivity for both deletions and duplications >80% (L. Chen, Chamberlain, 

Reich, Daetwyler, & Hayes, 2017). 
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Chapter 6 – Development of a filtering and 

prioritisation pipeline for predicted CNVs from WGS 

bioinformatic tools 
 

6.1 Introduction 
The comparative analysis of the sensitivity and accuracy of WGS based CNV detection 

software described in Chapter 5 identified BreakDancer as the best-performing software for 

CNV detection from human aligned WGS reads. While the high sensitivity of BreakDancer 

allowed for the identification of the majority of CNVs in the GIAB truth-set, this resulted in 

thousands of predicted CNVs for NA12878. Up to 9.5% of an individual’s genome consists 

of CNVs (Zarrei et al., 2015) with over 1,000 CNVs per healthy individual (Conrad et al., 

2010). Therefore, despite the high accuracy of BreakDancer, the majority of predicted CNVs 

will not be disease causing. Thus, it is necessary to implement screening methods to prioritise 

those most likely to be pathogenic. 

Approaches for filtering and prioritisation of small variants (SNVs and indels) for rare 

conditions are well established (Ott, Wang, & Leal, 2015). However, predicting the 

functional effect of CNVs is more challenging. As discussed in section 1.3.4, CNVs do not 

always affect gene expression levels (Guryev et al., 2008; Henrichsen, Vinckenbosch, et al., 

2009), and in fact there can be a negative correlation between copy number change and 

alterations in gene expression where a decrease in copy number associated with a deletion 

can cause an increase in expression levels (Stranger et al., 2007).  

Previous attempts have been made to filter and prioritise CNVs as part of a molecular 

diagnostic pipeline (Foong, Girdea, Stavropoulos, & Brudno, 2015; Ganel, Abel, & Hall, 

2017; J Y Hehir-Kwa, Pfundt, Veltman, & de Leeuw, 2013; Vandeweyer, Reyniers, Wuyts, 

Rooms, & Kooy, 2011). SVScore developed by Ganel, et al. (2017) attempts to classify 

CNVs based on an aggregate per-base SNV pathogenicity score, similar to that produced by 

the Sorting Intolerant From Tolerant algorithm (SIFT) (P. C. Ng & Henikoff, 2003). 

However, per-base pathogenicity derived from SNVs may not reflect the effect of a CNV 

over the same region due to the different modes of action for these two different categories of 

variants.  
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Hehir-Kwa, et al. (2010) and Nowakowska, et al. (2017) presented clinical interpretation 

guidelines for identifying clinically relevant CNVs consisting of four major categories: lack 

of parental inheritance (de novo), population frequency (rare in both public and in-house 

databases), large CNV size, and genic content (Jayne Y. Hehir-Kwa et al., 2010; 

Nowakowska, 2017). These guidelines were utilised by Vandeweyer, et al. (2011) in their 

development of CNV-Webstore (Vandeweyer et al., 2011), however this tool exclusively 

uses aCGH data, as the input as the tool calls CNVs as part of the analysis. In contrast, the 

algorithm developed by Foong, et al. (2015) can utilise CNVs that have been predicted from 

WGS based methods, however, it does not incorporate population frequency or inheritance 

information. 

Therefore, as a part of this thesis a unique pipeline was developed to filter and prioritise high 

confidence CNVs that are biologically relevant in order to determine whether the CNVs 

predicted by BreakDancer are truly present in the individual and causative of the phenotype 

observed in the proband. Different filtering and prioritisation approaches were assessed to 

include the four aspects of the clinical interpretation guidelines developed by Hehir-Kwa, et 

al. and Nowakowska, et al. (lack of parental inheritance, population frequency, large CNV 

size, and genomic content), and novel software methods were developed to prioritise and 

verify causative CNVs. 

The automated assessment of predicted CNVs in this thesis here divided into two 

components: filtering and prioritisation. Filtering of CNVs was based upon the population 

and intra-cohort frequency of the CNV (excluding common variants, >2% population 

frequency or present in more than two unrelated individuals), and whether the CNV 

encompassed a known protein-coding region. The first level of prioritisation of the filtered 

CNVs assessed the potential impact of the breakpoint locations on the genes involved, in the 

order of:  

1. At least one breakpoint within an exon 

2. At least one breakpoint within an intron 

3. Breakpoints outside of a gene (but with the entire gene included in the CNV)  

From there, a second level of prioritisation was applied to the prioritised CNVs based on the 

biological significance of the gene/s encompassed by the CNV, in the order of: 

1. Gene/s associated with an OMIM disorder 
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2. Gene/s on a candidate gene list (if provided by the clinician, or if ASD was involved in 

the phenotype, as described in section 2.1.4) 

3. Whether the gene/s were expressed in the brain 

4. Whether the gene/s have been reported as being dosage sensitive by ClinGen 

The secondary prioritisation compounds the first level prioritisation, resulting in all CNVs of 

the highest priority from the first level maintaining the highest priority, regardless of their 

second level priority. The secondary prioritisation primarily was used to provide added 

biological evidence where available to aid in interpretation of filtered CNVs. 

A brief overview of the filtering and prioritisation pipeline is displayed in Figure 6-1. This 

chapter also describes novel software RBV (Read Balance Validator) for determining the 

probability that a called CNV is accurate. RBV is a bioinformatic tool that exploits allele 

balance, a currently under-utilised (in the context of CNV investigation) source of 

  

Figure 6-1 Overview of the CNV filtering and prioritisation pipeline. The pipeline consists of two separate 
functions: filtering and prioritisation. Conf: confidence 
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information available from aligned WGS reads. As discussed in section 1.3.9.2, information 

regarding allele balance across a predicted CNV can be compared to non-copy number 

variable regions within the genome to determine which of the predicted CNVs are most 

probably true. RBV thereby allowed for the prioritisation of CNVs based upon the probability 

of each CNV being accurate, and thus was used in combination with the WGS based CNV 

prediction tool BreakDancer to help validate and prioritise CNVs. A manuscript detailing the 

software and its performance has been submitted for publication to Scientific Reports.  

6.2 Methods 
The filtering and prioritisation pipeline in its entirety can be viewed in 6.3.1 with the code 

presented in Appendix 4. 

6.2.1 Filtering of Copy Number Variant Calls 

Filtering comprised four steps: processing raw CNV calls, population frequency filtering, 

intra-cohort variant filtering, and exclusion of variants that map to regions that don’t overlap 

with genic coding sequences. 

6.2.1.1 Raw Data Processing 

The output from BreakDancer included all SVs predicted by the software, including balanced 

SVs, low confidence calls, and small CNVs (<1 kb). Predicted SVs were considered for 

further analysis if they were deletions or insertions called with confidence score thresholds of 

Q ≥ 60, and with a predicted size ≥1 kb. This filtering was performed using the Python scripts 

written as part of this thesis and given in Appendix 4.  

6.2.1.2 Population Frequency Filtering 

Common CNVs are unlikely to be causative for NDDs in a dominant mode of action if the 

population frequency is greater than the prevalence of the condition, or more common than 

the square of the prevalence if the CNV acts in a recessive manner (assuming Hardy–

Weinberg equilibrium). For example those CNVs that exceed the prevalence of ASD (1.69%) 

(Baio et al., 2018) are unlikely to be casual on their own, especially given the frequency of 

deleterious coding variants within a single gene has not been observed in more than 1% of 

cases (Bourgeron, 2015).  

ASD was the most prevalent condition described in the cohort. As a result, CNVs were 

excluded where there was ≥ 80% reciprocal overlap (as determined by BEDTools 

intersectBed) between the predicted CNV and any CNV with an allele frequency of ≥2% in 
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the 1000 genomes or Database of Genomic Variants (DGV) datasets as described in section 

2.1.4.1. 80% reciprocal overlap was used as a threshold to overcome ambiguities in 

identification of breakpoints. 

6.2.1.3 Intra-Cohort Variant Filtering 

The genome sequences in this cohort were all generated using Illumina short read sequencing 

and aligned to GRCh37p13 using BWA-MEM (0.7.4) as described in section 2.1.2.5. It is 

therefore possible that variants shared amongst multiple individuals in the cohort may be the 

result from sequencing and alignment artefacts. Additionally, due to the unique New Zealand 

population (including Maori and Pacific cases) it is possible that there are variants common 

in the cohort population specific to New Zealander, but are rare in the large international 

databases described in section 6.2.1.2. In order to remove CNVs which were not relevant to 

disease, CNVs with ≥80% reciprocal overlap in two or more unrelated individuals in our in-

house dataset (as determined by BEDTools intersectBed) were removed.  

6.2.1.4 Genic Overlap 

Breakpoints which lie within protein coding regions of genes typically have the highest 

probability of a deleterious effect (Mills et al., 2011). Therefore for the final step of filtering 

and the first step of prioritisation, CNVs encompassing genic regions (described in section 

2.1.4.2) were determined using BEDTools intersectBed. CNVs which encompassed protein 

coding regions were retained according to three separate categories: 1) CNVs with a 

breakpoint within an exon were given highest priority 2) CNVs encompassing at least one 

exon breakpoint anywhere within a gene (including exons and introns) were given second 

priority, and 3) CNVs which encompass entire genes were given lowest priority. 

6.2.2 Functional Prioritisation 

Each of the CNVs that were prioritised in section 6.2.1.4 underwent additional prioritisation 
steps.  

6.2.2.1 Genes Associated with Online Mendelian Inheritance in Man Defined 

Disorders 

It is possible to predict the potential impact of CNVs according to known symptoms 

associated with previously identified genetic disorders catalogued in OMIM. Therefore, the 

genes encompassed by CNVs filtered in section 6.2.1.4 were queried against genes associated 

with OMIM disorders using the python script gene2symptom_hpotab.py in Appendix 4. 

Genes associated with OMIM disorders were then linked to the characteristic symptoms for a 
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given disorder as described in section 2.1.4.4. This file of OMIM catalogued disorders and 

associated symptoms was then searchable using notepad++ for any of the clinical features 

described in the individual as a first pass analysis. Following the initial search, the symptoms 

associated with each gene were reviewed in their entirety to ensure that no potentially 

causative CNV was excluded due to differences in the terminology used by the clinician and 

that recorded in OMIM. 

6.2.2.2 Candidate Genes 

Individuals with NDDs were recruited to the cohort via clinician referral or registration to the 

Minds for Minds research database as described in section 2.1.2.1. For five cases, the 

referring clinician provided a candidate gene list based on the clinical phenotype of the 

patient in their care. For these cases, CNVs were given additional priority if they involved 

genes on the candidate list. Additionally, for individuals with ASD, CNVs were prioritised if 

they overlapped with the ASD candidate gene list described in section 2.1.4.6. 

6.2.2.3 Brain Expressed Genes  

As the cohort used in this thesis consists of individuals with NDDs, genes involved in disease 

aetiology would be expected to be expressed in the brain. Thus for the CNVs filtered in 

section 6.2.1.4, prioritisation was given to those affecting genes with RPMK ≥0.1 in any 

brain region reported by GTEx (GTEx Consortium, 2015) as described in section 2.1.4.5. 

6.2.2.4 Genic Dosage Sensitivity 

Copy number variants that involved insertions or deletions encompassing entire genes 

underwent a further prioritisation step taking into account dosage sensitivity. Specifically, 

those with a dosage sensitivity score reported by ClinGen (as described in section 2.1.4.3) 

were identified. CNVs that did not qualify for second-stage prioritisation were given the 

lowest priority and manually analysed using the same measures as CNVs given higher 

priority (breakpoint visualisation and literature, discussed further in section 6.2.6). 

6.2.3 Probability of the Accuracy of Filtered CNVs 

The in house frequency filtering step was able to remove some CNV calls due to sequencing 

and alignment artefacts. It is possible that incorrectly called CNVs that result from 

sequencing and alignment artefacts (which also happen to encompass protein coding regions) 

were only present in a small number of individuals and therefore were not filtered out. 
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Therefore, the RBV software was developed to determine the probability that the CNVs were 

“true” (see section 6.3.2). 

Given RBV utilises allele balance, it can be used for samples that have been sequenced with 

both WGS and WES. Therefore RBV was applied to all CNVs which passed the filter 

described in section 6.2.1, as well as the WES the parental samples (where potentially 

causative CNV was identified in the proband). The analysis of the allele balance of the same 

locus in both the affected individual and the parents informed whether CNVs were inherited 

or de novo. 

6.2.4 Single Child Analysis 

The majority of pedigrees in the cohort (24/30) were trios where aligned WGS reads were 

available for the affected child and both parents (unaffected). One pedigree (EL) had data 

available for the child and mother only. For all pedigrees with only one affected child 

(regardless of parental data) potentially causative CNVs were isolated from all predicted 

CNVs by BreakDancer using the filtering and prioritisation steps described in sections 6.2.1 

and 6.2.2. These CNVs were then progressed to analysis by RBV (section 6.2.3) and the 

manual investigation steps of breakpoint visualisation and literature search (section 6.2.6). 

6.2.5 Sibling Analysis 

Four of the pedigrees in the research cohort (JB, HN, BH, and IO) were sibling-pairs, with 

parental WES data, a further one sibling-pair (AC) did not have accompanying parental 

WES. For pedigrees in which aligned WGS reads were available for two affected siblings 

with overlapping phenotypes, the first hypothesis was that the causative variant would be 

shared by both siblings. Raw data processing, population frequency, and intra-cohort 

frequency filtering steps described in sections 6.2.1.1 to 6.2.1.3 were performed individually 

for each child to generate a list of probable CNVs, and then variants with at least 80% 

reciprocal overlap between the siblings (to overcome ambiguities in identification of 

breakpoints) were included for functional prioritisation as described in sections 6.2.1.4 and 

6.2.2. Following this joint analysis, individual analysis (section 6.2.3) was performed to 

ensure that there was a non-shared variant that better explained the phenotype seen in each 

sibling. 



 

104 
 

For pedigrees where only one individual was affected or the siblings had non-overlapping 

phenotypes, the same approach was taken as that for siblings with overlapping phenotypes, 

all cases were analysed individually.  

6.2.6 Breakpoint Visualisation and Literature Search 

The breakpoints of all the CNVs that passed the automated filtering steps were visualised 

using IGV, and the gene function and the potential effect of deleterious mutations within the 

overlapping genes was determined from the literature. Gene symbols were searched in the 

literature using Pubmed (April 2018), www.genecards.org (April, 2018) (Rebhan, Chalifa-

Caspi, Prilusky, & Lancet, 1997), and through Google Scholar to determine potential gene 

function and associations with disease (which had not yet been curated on OMIM). The 

identified functional and disease association studies provided evidence as to whether the 

predicted CNVs were likely causal. 

Candidate CNVs were subsequently confirmed in the laboratory using PCR and Sanger 

sequencing. 

6.2.7 Parallel Small Variant Analysis 

In tandem to this CNV analysis, small variant analysis was performed by others in the 

laboratory on the same cases to identify SNVs and indels. This analysis took a similar 

approach to that used for the CNV analysis described in sections 6.2.1 and 6.2.2. In brief, 

variants were filtered based on quality score, population frequency in ExAC (Lek et al., 

2016), and predicted functional impact from VEP (McLaren et al., 2016). If a potentially 

causative CNV was identified in a heterozygous state, but the suggested mode of inheritance 

from the literature was recessive, then the presence of potentially compounding small 

variants in the same gene were investigated (compound heterozygous inheritance). 

Additionally, if a CNV could explain part but not all of the phenotype, potential SNV were 

investigated that could explain the remainder of the phenotype. 

  

http://www.genecards.org/
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6.3 Results 

6.3.1 Overview of Filtering and Prioritisation Pipeline 

Figure 1-2 outlines the final filtering pipeline developed in this thesis. Filtering consists of 

four successive steps: 1) size and quality (where CNVs ≥1kb and with a quality score SQ ≥60 

were retained), 2) population frequency (where CNVs with allele frequencies < 2% in 1000 

genomes or DGV were retained), 3) in-house frequency (where CNVs present in less than 

two unrelated in-house WGS samples were retained), and 4) CNVs encompassing protein 

coding regions (were retained: those with breakpoints within exons, which encompass at least 

one exon with breakpoints in at any point in the gene [exonic or intronic], and those which 

cover entire genes). 

 

Figure 6-2 Flowchart of filtering pipeline for CNVs predicted from WGS based CNV detection tool 
BreakDancer. AF: allele frequency, SQ: BreakDancer confidence score 
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Figure 6-3 outlines the final prioritisation pipeline. Copy Number Variants from the filtering 

pipeline were given priority in the following order: CNVs associated with an OMIM disorder, 

CNVs which encompassed a gene on a candidate list provided by the clinician or curated for 

ASD, CNVs which encompassed a gene with expression in the brain, CNVs with dosage 

sensitivity scores available from ClinGen (only for CNVs encompassing full genes), and 

finally CNVs that did not fall under any of these prioritisation categories. CNVs in all 

categories were then analysed using RBV to determine the probability of the CNV based 

upon the allele balance across the loci. 

 

Figure 6-3 Flowchart of the prioritisation pipeline for CNVs retained after filtering.  
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6.3.2 RBV: Read Balance Validator, a Tool for Prioritising Copy Number 

Variations in Germline Conditions 

Thus far allele balance has only been used for paired sample comparisons between cancer and 

unaffected cells, but has yet to be exploited by bioinformatic tools to validate germline 

CNVs. The python based package RBV was developed and integrated into the pipeline to 

determine the probability of accuracy for CNVs predicted by BreakDancer (but could be 

applied to CNVs predicted by any tool). The software compared heterozygous SNV density 

for putative deletion validation, as well as the distribution of allele balance for putative 

multiplications. An in depth explanation of the basis of this software and the algorithms used 

is described in the manuscript below (submitted to Scientific Reports). 

6.3.2.1 RBV: Read Balance Validator, a Tool for Prioritising Copy Number Variations 

in Germline Conditions 

Whitney Whitford1,2, Klaus Lehnert 1,2, Russell G. Snell1,2, Jessie C. Jacobsen1,2 

First submitted: 04/07/2018; currently addressing reviewers’ responses; available on BioRxiv 

Full Reference: Whitford, W., Lehnert, K., Snell, R. G., & Jacobsen, J. C. (2018). RBV: 

Read balance validator, a tool for prioritising copy number variations in germline 

conditions. BioRxiv, 340166. https://doi.org/10.1101/340166 

This software and evaluation of its performance was presented by Whitney Whitford as a 

poster at the European Society of Human Genetics Meeting, 28th May 2017, Copenhagen, 

Denmark.  

Abstract 

The popularisation and decreased cost of genome resequencing has resulted in an increased 

use in molecular diagnostics. While there are a number of established and high quality tools 

for identifying small genetic variants including single nucleotide variants and indels, 

currently there is no established standard for the detection of copy number variants (CNVs) 

from sequence data. The requirement for CNV detection from high throughput sequencing 

has resulted in the development of a large number of software packages. These tools typically 

utilise the sequence data characteristics: read depth, split reads, read pairs, and assembly-

based techniques. However the additional source of information from read balance, defined 
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as relative proportion of reads of each allele at each position, has been underutilised in the 

existing applications.  

Here we present Read Balance Validator (RBV), a bioinformatic tool which uses read 

balance for prioritisation and validation of putative CNVs. The software simultaneously 

interrogates nominated regions for the presence of deletions or multiplications, and can 

differentiate larger CNVs from diploid regions. Additionally, the utility of RBV to test for 

inheritance of CNVs is demonstrated in this report. 

RBV is a CNV validation and prioritisation bioinformatic tool for both genome and exome 

sequencing available as a python package from https://github.com/whitneywhitford/RBV  

Background 

There are four main types of variation in the human genome: single nucleotide variants 

(SNVs), small scale changes in genomic content in the form of short indels, structural 

variants, and aneuploidies. Structural variants consist of medium to large scale changes to the 

genomic structure, and includes both balanced chromosomal rearrangements (such as 

inversions and translocations) and copy number variants (CNVs). CNVs are typically defined 

as deletions or multiplications of sections of the genome, resulting in changes of genomic 

content greater than 1 kb (Feuk, Carson, & Scherer, 2006). Initial efforts to map genetic 

variation on the whole genome scale indicated that SNVs constituted the majority of variation 

between individuals (Kruglyak & Nickerson, 2001). However, large scale collaborations 

mapping CNVs in the human genome found on average an individual harbours over 1,000 

CNVs of 443 bp or greater (Conrad et al., 2010; Durbin et al., 2010; McVean et al., 2012; 

Pang et al., 2010). Taken together, although there is a greater number of SNVs per individual 

(approximately 3.6 million or ~0.1% of the genome (McVean et al., 2012)), due to the greater 

average size of CNVs and indels, they are responsible for greater genomic variance between 

genomes (up to 48.8 Mb or ~1.5% (Pang et al., 2010)). 

CNVs play an important role in gene expression with changes in genetic content larger than 

1Mb estimated to be responsible for 17.7% of the genetic impact on gene expression 

(Stranger et al., 2007). One would expect that the proportion of genetically controlled 

variation in gene expression would be higher if CNVs smaller than 1Mb were included in 

such analyses. CNVs are able to effect gene expression directly through copy number 

changes of genes and regulatory elements (Sellier et al., 2014), and indirectly through 

https://github.com/whitneywhitford/RBV
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unmasking of recessive alleles (Whitford et al., 2017) and positional effects (Finelli et al., 

2012). As such, there has been increasing volume of research into the role of CNVs in 

disease. In particular, CNVs have been implicated in the aetiology of neuropsychiatric 

disorders including schizophrenia, intellectual disability, and autism spectrum disorder (as 

reviewed by Malhotra & Sebat, 2012 (Malhotra & Sebat, 2012)). Therefore, chromosomal 

microarray (CMA) has become a first-tier clinical diagnostic test for patients with 

unexplained intellectual disability, autism spectrum disorder, or multiple congenital 

anomalies, with diagnostic yield of 15-20% (reviewed by Miller, et al., 2010 (D. T. Miller et 

al., 2010)). The use of high throughput sequencing (HTS) in the form of whole exome 

sequencing (WES) and whole genome sequencing (WGS) is increasing for diagnostic testing, 

both due to its decreasing cost and ability to investigate genetic variants without prior 

hypotheses. HTS based methods offer the potential of identifying SNV, indels and CNVs not 

detected by current diagnostic CMA thresholds (Liang et al., 2014) in a single test.  

With the rapid implementation of HTS in molecular diagnostics and research, there has been 

a proliferation in tools for variant identification. There are currently over 80 software 

packages designed to identify CNVs from WGS alone (OMICtools, 2016). These tools 

predominantly rely on four characteristics of the sequence data: read depth, split reads, read 

pairs, and assembly-based techniques (reviewed by Zhao, et al., 2013 (Zhao et al., 2013)). As 

yet underutilised, the allele balance of reads at a position contributes additional data that can 

also be exploited for CNV variant detection and validation. This ‘read balance’ is computed 

from relative read coverage of each allele at a given locus. The read balance can provide 

information regarding the copy number over the region in the form of the allele-specific copy 

number (ASCN). Positions in diploid regions of the genome are primarily invariant 

(homozygous) (as demonstrated in Figure 6-4A). This is represented by a relative read 

distribution peak about 1. The heterozygous positions (SNVs) are represented by a normal 

distribution centred on 0.5, with the reads split evenly across the two alleles. A deleted 

(hemizygous) region should not contain any heterozygous positions, resulting in a 

distribution peak centred around 1, as depicted in Figure 6-4B. A triplicated region as 

represented in Figure 6-4C, however, is expected to have homozygous SNVs along with the 

heterozygous SNVs represented by two normal distributions centred on 0.33 and 0.66, 

indicating that one third of the reads at a given locus include one allele, and two thirds of the 

reads include the other. 
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Figure 6-4 Distribution of relative reads for diploid, haploid, and triploid regions in whole genome 
sequence. A. Expected distribution of all positions in a diploid genome. B. Expected distribution of all positions 
in a hemizygous genome. C. Expected distribution of all positions in a triploid genome. 

A number of bioinformatic tools have utilised ASCN for determining CNVs in cancer 

samples (H. Chen et al., 2015; Favero et al., 2015; Holt et al., 2014; Lai, 2012; Yang Li et al., 

2016; Marenne et al., 2013; Mayrhofer et al., 2013; Van Loo et al., 2010; Zhongyang Zhang 

& Hao, 2015). These techniques rely on sequence data from paired tumour and normal tissue 

samples, and therefore are not suitable for identifying germline CNVs. Alternatively, AS-

GENSENG(W. Wang et al., 2015) and ERDS(Zhu et al., 2012) incorporate read balance 

information into their algorithms along with read depth based data to discover CNVs. 

However, there is no independent platform providing validation of CNVs using read balance, 

allowing for integration of this additional data source in established bioinformatic pipelines 

that use alternative CNV discovery tools.  

RBV utilises read balance data to validate CNVs identified by other software packages, 

allowing for prioritisation of CNVs for causation in molecular diagnostic testing. 

Implementation 

RBV is a python package, which incorporates the read balance data from positions within the 

CNV of interest with randomly sampled windows across the genome to predict the 

authenticity of CNVs. The software extracts the read balance information from a variant call 

format (VCF) file, and uses CNV coordinates from an interval list, and can be employed for 

both WGS and WES generated data. The analyses can be refined by restricting investigation 

to callable regions or outside of known gaps in the reference through the inclusion of either 

an interval list of callable regions, or an interval list of gaps in the reference genome provided 

by the user. RBV specificity can be adjusted by the user through setting of parameters quality 
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and depth cut-offs at each position in the VCF, readbal cut-off for deletion analyses, and the 

number of randomly generated permutations for the positions and windows. RBV can 

incorporate data derived from popular variant callers (HaplotypeCaller (DePristo et al., 

2011), SAMtools (H. Li et al., 2009), Freebayes (Garrison & Marth, 2012), and Platypus 

(Rimmer et al., 2014)), and all aligners. However, issues with read balance calculations may 

arise from non-uniquely aligned regions of the genome if the aligner of choice places these 

reads at more than one position in the genome. We therefore recommend using aligners that 

randomly place reads to only one mappable location by default, such as BWA (Heng Li & 

Durbin, 2009). 

RBV is freely available via https://github.com/whitneywhitford/RBV.  

Results 

The analysis performed by RBV validates two separate hypotheses: that the putative CNV is 

a deletion with the region being hemizygous or nullizygous, or that the putative CNV is 

multiplicated where the region is triploid or greater. 

Deletion analyses 

Deletions should represent areas of absence of heterozygosity (AOH), therefore the 

probability that a deletion exists (p-value) is calculated based on an empirical cumulative 

distribution function (eCDF). For this calculation, a large number of windows (default 1,000) 

of the same number of callable base pairs as the CNV of interest are randomly generated and 

the number of heterozygous SNVs in each window is subsequently calculated. The empirical 

p-value is calculated using the eCDF (equation (1)) for the resulting distribution, with the 

probability being the proportion of randomly generated windows containing the same number 

or fewer heterozygous SNVs for the CNV in question.  

𝐹𝐹�(𝑆𝑆) =
1
𝑆𝑆
�1x𝑆𝑆≤𝑡𝑡

𝑛𝑛

𝑖𝑖=1

 

(1) 

Where x1, …, xn represent n number of randomly generated windows of the same size as the 

CNV, and t is the number of heterozygous SNVs within the CNV of interest. 

https://github.com/whitneywhitford/RBV
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Multiplication analyses 

The multiplication hypothesis is interrogated using the two-sample Kolmogorov–Smirnov 

(KS) test, included in the scipy.stats module for Python. For this analysis we only consider 

the most common allele at each heterozygous position, which gives the distribution in  Figure 

6-5A and  Figure 6-5B. The differences in the distribution of read balance for randomly 

generated diploid heterozygous SNVs and the heterozygous SNVs (default 10,000) in the 

putative CNV are compared using the 2 sample KS test, represented in  Figure 6-5C.  

 

 

 

 

 Figure 6-5 RBV data analysis curves. A. Read balance of the most common allele from heterozygous 
positions in a diploid genome. B. Read balance of the most common allele from heterozygous positions in a 
triploid genome. C. CDF curve utilised in a 2-sample KS test, comparing distribution of read balance between 
randomly generated heterozygous SNVs throughout the reference diploid genome: a 100kb diploid region, and a 
100kb triplicated region. 

Performance 

To analyse the performance of RBV, a number of common clinically relevant CNVs 

identified by Matsunami, et al., (Matsunami et al., 2013) were simulated using Enhanced 

Artificial Genome Engine (EAGLE) (Janin, 2014). Paired regions of the same size and 

covering the same number of callable positions for each CNV were randomly generated to 

facilitate comparison. The ability of RBV to prioritise the simulated clinically relevant CNVs 

over the randomly generated regions is shown in  Figure 6-6. The comparison shows a clear 

enrichment of the simulated CNVs >10kb with lower p-values, highlighting the performance 

of RBV with larger CNVs. Therefore RBV will have reduced sensitivity to detect smaller 

CNVs due to the reliance upon the presence of relatively infrequent heterozygous positions in 

the randomly generated windows for deletion analysis, and the increased power of a 2-sample 

KS test with a greater number of heterozygous positions in the CNV. For the regions 

analysed >10kb, RBV is able to identify statistically significantly (P≥0.05) CNVs with a 

sensitivity of 0.38 and 1.0 along with a specificity of 1.0 and 0.9, for deletions and 

duplications (KS), respectively.  
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Figure 6-6 Ability of RBV to prioritise authentic CNVs. Comparision between the results from simulated 
common causative CNVs identified by Matsunami, et al., (Matsunami et al., 2013) and randomly generated 
diploid regions or the same size and number of callalble positions as each CNV A. Performance of RBV for 
deleted CNVs. B. Performance of RBV for duplicated CNVs. 

Use case 

Another use for RBV is to test the potential inheritance of CNVs. Using HTS our laboratory 

recently identified a causative 19.6 Mb 2q37 terminal deletion in a child with ASD (reported 

in (Swan, 2017)). There was both WES and WGS data available for the affected child, and 

WES data for the parents. RBV was run with default parameters using all four sequence 

sources, and determined the region (GRCh37 Chr2:233834098-253404903; 

NC_000002.11:g. 233834098_253404903del) to be deleted with a p-value of 0.0 from both 

WES and WGS from the affected child (with 0 and 92 heterozygous SNVs predicted in the 

VCF file over the region, respectively). In comparison, the two parents had 284 and 294 

heterozygous SNVs in the exonic sequence in the same region, resulting in p-values of 0.898 

and 0.936, respectively. This provided evidence that the causative deletion is de novo, which 

was subsequently confirmed using Sanger sequencing. 

Discussion 

As more research and diagnostic centres are investigating the identification of CNVs through 

sequence data, there is increasing need for the ability to prioritise clinically relevant variants 

called from the various CNV detection software platforms. Although there are a number of 

these detection tools that use read depth, split reads, read pairs, and assembly-based techniques, 

the utility of read balance, or ASCN, in CNV analysis has so far been largely underutilised. 

Thus, RBV was developed to exploit this additional piece of sequence information to reinforce 

calls from CNV calling pipelines, allowing for prioritisation of variants in the identification of 



 

114 
 

clinically relevant CNVs.  

We compared the results of RBV from simulated clinically relevant CNVs and randomly 

generated diploid regions. From this we were able to display the ability of RBV to differentiate 

genuine CNVs >10kb from diploid loci. Thus, this software has utility in highlighting genuine 

potentially clinically significant CNVs >10kb. However, the utility of RBV decreases for 

smaller variants. We were also able to demonstrate the ability of RBV to determine the 

inheritance of a CNV using an example of a clinical case. 

Conclusions 

RBV is a software tool designed to assist in the rapidly expanding speciality of identifying 

clinically relevant CNVs through prioritisation. RBV is a python based package and available 

under the open source GPL v3 license at https://github.com/whitneywhitford/RBV. 

The software includes utility for both multiplication and deletion analysis of nominated CNV 

sites for both WES and WGS data. Sample data for the operation of RBV is available via the 

GitHub repository. 
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6.3.3 Validation of the Copy Number Variant Identification Pipeline – AM 

Pedigree with Two Affected Siblings 

The filtering and prioritisation pipeline was subsequently validated the AM pedigree 

described in Chapter 4.  

6.3.3.1 Individual Analysis 

To validate the single child pipeline described in section 6.2.3, AM1005 (the eldest child 

described in Chapter 4) was analysed. The number of variants retained at each filtering step 

along with the number of prioritised CNVs is presented in Figure 6-7. Visualisation of the 

breakpoints and investigation of the functional consequences are displayed in Table 6-1. The 

majority of predicted variants were excluded in the size and quality filtering step, with over 

three quarters of the variants (3,736/4,609) eliminated from further analysis. Over half 

(550/873) of the retained variants were removed based on the population frequency. Almost 

90% (282/323) of the remaining variants were removed based on their frequency in our in-

house population dataset. Of the 41 remaining CNVs, only seven had any overlap with 

coding sequence and were retained; consisting of five CNVs with breakpoints within genes, 

and four CNVs that overlap entire genes (collectively, 134 entire genes in total).  

Of the CNVs with genic breakpoints, all five affected genes were expressed within the brain, 

including one gene associated with an OMIM disorder (Biotin-thiamine-responsive basal 

ganglia disease, BTBGD, MIM: 607483). As shown in Table 6-1, only three CNVs showed 

evidence of the presence of a CNV based on change in read depth between the predicted 

breakpoints (by IGV inspection), indicating the others were false positives erroneously called 

by BreakDancer.  

As BreakDancer uses a read pair based method for CNV calling, it is possible that some of 

the predicted CNVs were erroneously called due to mis-mapping of reads as a result of 

homology throughout the genome. Therefore, although mis-mapped reads can be predicted 

by BreakDancer to represent a CNV, they do not result in the change in read depth that one 

would expect from a CNV. The potential genes affected by CNVs that were not supported by 

changes in coverage over the breakpoints upon visual analysis were determined to be false 

positives and therefore non-causative. From the three CNVs that passed visual analysis, two 

were inconsistent with the phenotype of AM1005 based on the proposed functional impact of 

the encompassed gene/s or associations with known genetic conditions. The remaining CNV 

encompassed a gene associated with a BTBGD and had an overlapping phenotype: a  
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Figure 6-7 CNV filtering and prioritisation results for AM1005. Green represents filtering steps and orange 
prioritisation categories. Filtering of CNVs predicted by BreakDancer using the automated pipeline (outlined in  
Figure 6-1) reduced the number of variants for interpretation from 4,609 to seven prioritised CNVs. DEL: 
deletion, DUP: duplication, Size and confidence: CNVs ≥1kb and SQ ≥60, Population frequency: CNVs present 
in ≤2% of cases in 1,000 Genomes project phase 3 and DGV databases, In house frequency: CNVs present in ≤2 
unrelated individuals from the inhouse cohort, Exonic breakpoints: CNVs with breakpoints located within 
exons, Genic breakpoints: CNVs with breakpoints located with genes that encompass at least one exon, Full 
gene covered CNVs: CNVs which incorporate at least one gene in its entirety. Filtered CNVs can be included in 
more than one prioritisation category as the same CNV can have breakpoints within different genes and 
simultaneously encompass entire genes. 

4,732 bp predicted deletion with breakpoints within the gene SLC19A3, the same deletion 

deemed causative (in a compound heterozygous manner with an SNV) in Chapter 4, 

validating the pipeline for single child analysis.  
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Table 6-1 Gene function and disease association, and breakpoint visualisation for individual AM1005 

Coordinates 
Prioritisation 
categories 

CNV 
Type IGV view of locus 

Gene affected and 
literature defined 

gene function 

OMIM and 
literature defined 

disease associations 
Reason for 
exclusion 

RBV results 
Del het 
SNV 

number 

Del 
p-

value 

Dup het 
SNV 

number 

Dup 
mean 

readbal 
Dup p-
value 

2:228582328-
228587060 

Genic 
breakpoint, 
OMIM 
defined 
disorders, 
Brain 
expressed 

Deletion 

 

SLC19A3: 
Ubiquitously 
expressed 
transmembrane 
thiamine transporter 
that lacks folate 
transport activity 

SLC19A3: Biotin-
thiamine responsive 
Basal Ganglia 
Disease (MIM 
607483). Autosomal 
recessive 
inheritance, DD, 
Encephalopathy, 
Abnormality of the 
basal ganglia 

None 0 0.274 0 nan nan 

1:159014091-
159018166 

Genic 
breakpoint, 
Brain 
expressed 

Deletion 

 

IFI16: Modulates 
p53 function, and 
inhibits cell growth 
in the Ras/Raf 
signalling pathway 
 
CDH7: Encodes a 
type II classical 
cadherin of the 
cadherin 
superfamily 

IFI16: GWAS 
association with 
non-
neurodevelopmental 
phenotypes 
(MacArthur et al., 
2017) 
CDH7: GWAS 
association with 
non-
neurodevelopmental 
phenotypes 
(MacArthur et al., 
2017) 

No 
overlapping 
phenotype 
with case in 
literature 

0 0.335 4 0.844 0.000 
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7:26975726-
36756412 

Genic 
breakpoint, 
Brain 
expressed 
 
Full gene 
covered 

Deletion 

 

AOAH: 2-subunit 
lipase present in 
phagocytic cells. 
The enzyme 
specifically 
hydrolyzes the 
secondary acyl 
chains of the 
lipopolysaccharide 
found in the walls of 
gram-negative 
bacteria 

AOAH: GWAS 
association with 
non-
neurodevelopmental 
phenotypes 
(MacArthur et al., 
2017) 

No 
indication 
of change in 
read depth 
between 
breakpoints 

7742 0.49 9135 0.591 0.817 

9:117088243-
117094955 

Genic 
breakpoint, 
Brain 
expressed 

Deletion 

 

ORM1: Specific 
function of this 
protein has not yet 
been determined; 
however, it may be 
involved in aspects 
of 
immunosuppression 

ORM1: Dry Eye 
Syndrome 
Pediatric Multiple 
Sclerosis: Fatigue, 
Changes in vision, 
Weakness, 
Numbness, 
Imbalance, Stiffness 

No 
indication 
of change in 
read depth 
between 
breakpoints 

7 0.738 20 0.690 1.51x10-05 

3:151511603-
151551063 

Full gene 
covered 

Deletion 

 

AADAC: 
Microsomal 
arylacetamide 
deacetylase 
competes against the 
activity of cytosolic 
arylamine N-
acetyltransferase, 
which catalyzes one 
of the initial 
biotransformation 
pathways for 
arylamine and 

AADAC: None 
reported 

Non-
overlapping 
phenotype 
in literature 

0 0.033 4 0.8 0.000 
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heterocyclic amine 
carcinogens  

7:57541581-
63739418 

Full gene 
covered 

Deletion 
 

  
No 
indication 
of change in 
read depth 
between 
breakpoints 

2671 0.793 3800 0.626 3.53x10-21 

18:56769695-
63449152 

Full gene 
covered 

Deletion 
 

  
No 
indication 
of change in 
read depth 
between 
breakpoints 

5500 0.577 6493 0.591 0.846 

Grey highlights the candidate CNV after manual interpretation. Del: deletion, Dup: duplication, het: heterozygous, GWAS: genome wide 
association study. Nan: represents CNVs for which RBV duplication analyses cannot occur as heterozygous SNVs within the CNV are required 
for a 2 sample KS test. For brevity, CNVs that encompass more than two full genes, the genes have not been listed here. The IGV view shown is 
split into two panels: top contains a graph of the coverage, bottom contains aligned reads with red lines indicating discordant read pairs. 
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6.3.3.2 Sibling Analysis 

To validate the sibling analysis pipeline described in section 6.2.5 both AM1005 and 

AM1006 from Chapter 4 were analysed with results presented in Figure 6-8. Fifteen of the 

total predicted CNVs were present in both siblings: two with genic breakpoints and one 

which covered one entire gene. The two CNVs with genic breakpoints lay within the 

SLC19A3 and IFI16 genes, while the entire gene deletion was across the gene AADAC. While 

the CNVs shared by both siblings passed the visual interpretation step (Table 6-1), only the 

phenotype and genetic results described in the literature for SLC19A3 corresponded to the 

phenotype seen in these children, and was the same as the deletion found in Chapter 4. This 

case further validated the capacity of the pipeline to analyse sibling-pairs for causative CNVs. 

 

Figure 6-8 CNV filtering and prioritisation results for siblings AM1005 and AM1006 after in house 
frequency filtering. Identification of shared filtered CNVs from each sibling and prioritisation resulted in 3 
CNVs for interpretation. 

6.4 Summary and Discussion 
This chapter describes the development of a filtering and prioritisation pipeline for 

identification of potential causative CNVs predicted from aligned WGS reads, and 

subsequent validation in test-case pedigree AM with two affected siblings. In summary, 

CNVs ≥1 kb with a confidence score threshold Q ≥ 60, rare in the population (present at <2% 

in the population) and rare in the cohort (present in 2 or less unrelated individuals) were 

considered for prioritisation and further investigation. Prioritisation of CNVs was performed 

based on breakpoints within exons, breakpoints within non-coding regions of genes, and 
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CNVs that cover entire genes. Within each of these levels of prioritisation, any genes 

associated with OMIM defined disorders and phenotypes, or with expression in the brain 

were further prioritised. In addition, dosage sensitivity scores reported by ClinGen, were used 

when assessing functional impact. The CNVs resulting from these filtering and prioritisation 

steps were then visually inspected in IGV, and the potential function and etiological effect 

was determined based on currently available literature.  

Hehir-Kwa, et al. (2010) and Nowakowska, et al. (2017) presented four clinical interpretation 

guidelines for identifying clinically relevant CNVs: lack of parental inheritance, population 

frequency (rare in both public and in-house databases), CNV size, and genomic content 

(Jayne Y. Hehir-Kwa et al., 2010; Nowakowska, 2017) all of which are included in this 

pipeline. To date no other reported WGS based CNV pipeline or software incorporates all 

guidelines. 

This chapter also includes a manuscript describing a software package written for the analysis 

of putative CNVs: RBV. Allele balance is an additional potentially important source of 

evidence supporting copy number change at a locus. There is currently no reported software 

which utilises allele balance for the interrogation of germline CNVs. RBV exploits the 

relationship between the ratio of reads for each allele to determine the probability of the 

accuracy of a given CNV. Therefore this software is able to be used to prioritise both 

deletions and duplications predicted using bioinformatic CNV detection tools, as 

demonstrated the case presented in the manuscript. Additionally, RBV can be used to test for 

inheritance by comparing p-values from each member of a trio for a given CNV.  

RBV differentiates CNVs from randomly generated regions of the same size for CNVs >10 

kb. The power of the software to correctly identify a causative CNV was demonstrated by 

investigation of a 19.6 Mb 2q37 terminal deletion from both WES and WGS aligned reads. 

For the affected child, RBV calculated the probability of the deletion as p-value=0.0 for both 

WGS and WES. In comparison, for the unaffected parents who did not harbour the deletion, 

RBV calculated the probability of the deletion in the parents as p=0.898 and p=0.936, 

confirming the de novo nature of the deletion. There are limitations of the software, however, 

with small CNVs (>10 kb) likely to contain no heterozygous SNVs by chance. The 

performance of RBV therefore improves with the increased size of a CNV of interest, with 

the software able to discern CNVs >10 kb. This size limitation was demonstrated by the 

result from RBV for the causative 4.8 kb deletion in pedigree AM presented in Chapter 4, 
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whereby the p-value failed to reach significance for both siblings (p=0.274 for AM1005 and 

p=0.289 for AM1006). 

RBV was subsequently incorporated into the bioinformatic pipeline described in this chapter 

during the prioritisation step. Copy number variants with the lowest p-value scores were 

prioritised, thereby providing an additional source of evidence (allele balance) for 

determining the likelihood of the CNV in question as a true call by BreakDancer.  

The performance of the pipeline for CNV detection was demonstrated through the analysis of 

the AM siblings presented in Chapter 4. The causative 4.8kb deletion in the 5’UTR of the 

gene SLC19A3 was identified following filtering and prioritisation for both single child and 

sibling-pair analysis. When considering the eldest sibling (AM1005) in an individual 

analysis, the pipeline reduced the number of predicted CNVs from 4,571 to six for 

subsequent manual interpretation. The highest proportion of CNVs were filtered out in the in-

house frequency filtering steps (87.3%). The majority of these variants likely represent 

technical artefacts that result from areas of sequence homology throughout the genome 

causing mis-mapped sequence. This is supported via the visual investigation of the 

breakpoints of the CNVs filtered at this step, where all of those investigated did not display a 

change in depth over the predicated breakpoint. Given that causative variants in NDDs are 

typically high risk (e.g. rare, high impact) due to the low fecundity of those affected, it is 

unlikely but possible that common CNVs (>2% prevalence) might be causal and would 

therefore be missed by this pipeline. 

Sibling analysis performed on the AM sibling-pair performed equally well, identifying 15 

variants shared in both siblings, which only one remained after filtering and prioritisation, 

and was the causative 5’ UTR deletion of SLC19A3. The pipeline was subsequently applied 

to the remaining pedigrees in the cohort to identify potentially causative CNVs. 
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Chapter 7 – Discovery of Causative Copy Number 
Variants in a Cohort of Individuals with 
Neurodevelopmental Disorders 

 

7.1 Introduction 
Given CNVs have been identified as causative in 10-20% of NDD cases (Cooper et al., 2011; 

Sagoo et al., 2009; Thygesen et al., 2018), the custom bioinformatic pipeline developed in 

Chapter 6 was used to identify putative CNVs in 31 New Zealand families with a child/ren 

with an unresolved NDDs. The majority of cases (31/36 individuals) included in the cohort 

had been pre-screened by aCGH, all of which tested negative for large causative CNVs (> 

400 kb). In an effort to reduce sequencing costs children were sequenced using WGS, while 

parents were sequenced using WES. This afforded the opportunity to detect CNVs in the 

children, and validation of the inheritance of variants (as described in section 2.1.2). 

In parallel, small variant (SNV and indel) analysis was also performed on the cohort by 

Associate Professor Klaus Lehnert, and Masters students Christopher Samson and Lydia 

Velzian (Samson, 2018a; Velzian, 2017) (described in section 6.2.7). This is important as, for 

some cases, there could be more than one causal variant underlying the phenotype. Indeed, 

recent studies have shown that 3.2-12% of cases clinically referred for WES harbour 

mutations in two or more genes contributing to their observed clinical phenotype (Balci et al., 

2017; Posey et al., 2016; Tarailo-Graovac et al., 2016; Y. Yang et al., 2013, 2014). These 

studies found that CNVs were part of the mutation load in 11.9% of cases with multiple 

diagnoses (Posey et al., 2017).  

7.2 Identification of causative CNVs from Aligned Whole Genome 
Sequencing Reads 

7.2.1 Overview of the Analysis of the Copy Number Variant Detection Pipeline 
Applied to the Research Cohort 

The software package BreakDancer was used to predict CNVs in each of the children 

(described in Table 2-1) from the aligned WGS reads, as described in Chapter 5. The 

predicted CNVs for each individual were then filtered and prioritised using the pipeline 

described in Chapter 6. This included filtering based upon size and confidence score (derived 

by BreakDancer), frequency in population databases (1000 Genomes and DGV), frequency 

within the research cohort itself, and the potential effect on protein function (for those CNVs 
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that encompass exons). Seven putatively causative CNVs were identified in eight individuals 

from seven families, which are the focus of the following sections. Only cases in which a 

candidate CNV was identified are described in this chapter, however, a full summary of the 

results describing the filtering and prioritisation of the total number of CNVs for the whole 

cohort is presented in Table 7-1.  

A significantly greater number of CNVs were predicted by BreakDancer for individuals 

where their DNA was extracted from saliva rather than blood. More specifically, there was up 

to >5,000 fold surplus of small, low confidence duplications (<1kb or SQ <60 BreakDancer 

derived confidence score) in DNA derived from saliva. The basis for this difference and the 

effect on causative CNV detection is discussed further in section 7.3.1.  

Following the initial filtering to remove small, low confidence CNVs, the number of CNVs 

was comparable between saliva and blood sourced samples (849.3 vs. 872.3). For the total 

number of CNVs predicted by BreakDancer for blood sourced individuals and all subsequent 

steps for all samples thereafter, there was a significantly fewer duplications than deletions 

(duplications representing on average 0.9-5.7% of CNVs at each step).  

As was observed with the validation case (Chapter 6), the majority of predicted CNVs were 

removed at the first filtering step (average 7,513.6, 89.6%). The next biggest filter was the 

population frequency filtering step, removing an average of 486.5 were removed from 

(56.0% of remaining), followed by the in-house frequency filtering step, removing an average 

of 330.5 CNVs (86.5% of remaining). Aside from the effect due to DNA source, the number 

of CNVs at each step was comparable between cases for which a candidate CNV was 

identified and those for which there was not.  

CNVs were not called from the WES aligned reads from the parents as WES based CNV 

methodology (XHMM and CoNIFER) were found to be ineffective (as described in Chapter 

3). However, in order to assess transmission of a CNV from a parent/parents to the child, the 

probability of the presence of each prioritised CNV was calculated for the child and parent 

based on the allele balance of SNVs within the predicted deletion (using genotypes called 

from aligned WGS reads from the proband and aligned WES reads from the parents, 

described in Chapter 6). RBV is able to distinguish true CNVs >10kb, however the sensitivity 

of CNVs that reach significance is 0.38 (section 6.3.2). Therefore, the results from RBV for  

the candidate CNVs may not be expected to reach significance, but the number of 

heterozygous SNVs and the p-value relative to other predicted CNVs could be informative.  
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Table 7-1 Summary of the predicted CNVs from BreakDancer, and breakdown of the number of variants which passed each filtering step  

Pedigree 
Child/ 

ren 
DNA 

source 

Percentage 
of reads 
mapped 

Total CNVs predicted 
by BreakDancer 

Number of CNVs after 
size/confidence 

filtering 

Number of CNVs 
after population 

frequency filtering 

Number of CNVs 
after in house 

frequency filtering CNVs with 
exonic 

breakpoints 

CNVs with 
genic 

breakpoints 
with exons 
included 

CNVs 
covering 
full genes  

Potential 
causative 

CNV 
identified 

Causative 
small 

variant 
identified Deletions  Duplications  Deletions  Duplications  Deletions  Duplications  Deletions  Duplications  

AM 
1005 Blood 97.88% 4571 38 873 0 323 0 41 0 0 5 4 Yes Yes 
1006 Blood 97.88% 5153 0 877 0 315 0 40 0 1 4 3 Yes Yes 

EV 993 Saliva 89.97% 3961 13071 792 14 334 14 60 13 7 13 4 No Yes 
DP 1056 Saliva 58.60% 4045 81618 879 7 355 7 57 6 2 6 4 No Yes 
GG 1127 Saliva 88.70% 4124 12209 877 4 373 4 35 4 4 8 6 No Yes 
EL 776 Saliva 92.36% 4320 13767 888 0 386 0 50 0 1 5 5 No Yes 
FI 703 Saliva 89.89% 3699 21865 786 36 338 36 40 34 2 7 4 No Yes 
FB 1091 Saliva 81.93% 3142 12565 812 1 309 1 38 1 0 4 3 No Yes 
IR 1652 Blood 89.97% 3562 316 864 9 359 9 56 7 2 4 10 No Yes 
IS 1655 Blood 58.60% 3577 388 844 6 376 6 53 5 2 8 4 No No 
IT 1658 Blood 88.70% 3681 141 932 4 396 4 65 4 5 9 4 Yes Yes 
IU 1661 Blood 92.36% 3689 219 863 0 354 0 43 0 3 5 3 Yes Yes 
IV 1664 Blood 89.89% 3933 169 853 3 357 3 52 3 4 9 5 Yes Yes 
IW 1667 Blood 81.93% 4416 297 903 4 903 4 53 3 3 9 5 No Yes 
IX 1670 Blood 99.76% 4211 243 887 3 391 3 62 2 1 5 6 No No 
IY 1673 Blood 99.76% 3868 202 833 1 317 1 46 1 3 3 4 No Yes 
IZ 1676 Blood 99.75% 3647 218 823 1 345 1 37 1 0 4 3 No Yes 
JA 1679 Blood 99.76% 4093 443 849 6 362 6 38 4 3 6 3 No Yes 
AK 983 Blood 99.75% 3730 266 859 2 355 2 48 1 2 7 6 No No 

JB 
1682 Blood 99.76% 3971 218 856 2 367 2 34 1 0 8 5 No No 
1683 Blood 99.83% 3750 108 813 3 324 3 35 2 2 4 1 No No 

JC 1690 Blood 99.71% 5128 176 906 1 391 1 47 1 0 7 2 Yes Yes 
JD 1693 Blood 99.72% 3455 171 869 4 376 4 33 3 1 3 3 No No 
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JE 1696 Blood 99.75% 4027 57 916 0 382 0 50 0 2 4 3 No Yes 
HJ 1541 Blood 99.40% 4343 0 841 0 375 0 48 0 4 13 4 No Yes 
HS 1590 Blood 99.77% 3869 22 855 0 369 0 47 0 3 7 7 No No 
HT 1587 Blood 99.49% 3399 0 909 0 391 0 48 0 0 3 3 No Yes 
HU 1593 Blood 99.72% 4526 0 871 0 382 0 55 0 1 4 7 No Yes 
IJ 1635 Blood 99.66% 3455 0 887 0 399 0 54 0 4 12 6 Yes No 

HN 
1566 Blood 99.69% 3522 141 868 8 359 8 53 8 2 5 0 No Yes 
1567 Blood 91.53% 3713 67 884 4 385 4 62 3 1 6 1 No Yes 

IO 
1641 Blood 96.41% 3586 15 902 0 418 0 63 0 1 6 3 No Yes 
1642 Blood 98.89% 4001 25 890 1 397 1 69 0 5 7 6 No Yes 

BH 1524 Blood 99.09% 3777 75 893 0 367 0 59 0 4 7 3 No No 

AC 
247 Blood 98.74% 3853 29 800 0 324 0 28 0 0 4 4 Yes No 
248 Blood 97.62% 4819 0 886 0 373 0 47 0 0 7 5 Yes No 

Size/confidence filtering: CNVs ≥1kb and BreakDancer confidence score SQ ≥60, population frequency filtering: CNVs present in <2% of 
population databases (1000 genomes and DGV), in house frequency filtering: CNVs present in fewer than 2 unrelated individuals in the research 
cohort. CNVs with exonic breakpoints: CNVs with breakpoints located within exons, CNVs with genic breakpoints: CNVs with breakpoints 
located with genes that encompass at least one exon, CNVs covering full genes: CNVs which incorporate at least gene in its entirety. 
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Cases for which causal SNVs and/or indels were discovered are noted in Table 7-1 and in the 

associated case report. 

7.2.2 IS Pedigree 
7.2.2.1 Description of IS Pedigree 
The IS pedigree is a trio consisting of a male proband (IS1655), unaffected mother (IS1653), 

and unaffected father (IS1654). IS1655 was referred through the clinic with microcephaly, 

intestinal pseudo-obstruction, myopathy, febrile seizures and a family history of 

gastrointestinal issues. DNA was extracted from blood for all members of the trio. The 

proband was sequenced using WGS and both parents were sequenced using WES with reads 

aligned to reference genome as described in Table 7-1 and Table 2-1. 

7.2.2.2 Filtering and Interpretation of IS1655 Copy Number Variants 
The CNV detection software BreakDancer predicted 3,965 CNVs in the proband, consisting 

of 3,577 deletions and 388 duplications. Following all filtering steps presented in Figure 7-1, 

nine predicted CNVs were retained (0.23% of the total number called) with variants in all 

three prioritisation categories (exonic breakpoints, genic breakpoints and full gene covered). 

As BreakDancer utilises discordant reads to predict CNVs, false positive calls are possible 

where there is no change in read depth across the predicted breakpoints due to mis-mapping 

of reads (and hence discordant read pairs). This leads to BreakDancer falsely calling CNVs. 

Therefore, predicted CNVs were only retained for analysis if there was a change in read 

depth across the predicted breakpoints when visualised in IGV.  

Four of the nine filtered CNVs were excluded as there was no change in read depth across the 

predicted breakpoints (Appendix Table A 5-1), leaving five for interpretation. Four further 

deletions were excluded as the literature reported gene function and disease association was 

inconsistent with the phenotype of IS1655. The remaining CNV, a deletion which 

encompassed exons 25 and 26 of the gene calcium channel, voltage-dependent, alpha 2/delta 

subunit 4 (CACNA2D4) and exon five of the gene leucine rich repeats and transmembrane 

domains 2 (LRTM2) (Table 7-2), was retained for confirmation by PCR and Sanger 

sequencing.  
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Figure 7-1 CNV filtering and prioritisation results for IS1655. Green represents filtering steps and orange 
prioritisation categories. Filtering of CNVs predicted by BreakDancer using the automated pipeline (outlined in  
Figure 6-1) reduced the number of variants for interpretation from 3,965 to nine prioritised CNVs. DEL: 
deletion, DUP: duplication, Exonic breakpoints: CNVs with breakpoints located within exons, Genic 
breakpoints: CNVs with breakpoints located with genes that encompass at least one exon, Full gene covered 
CNVs: CNVs which incorporated at least one gene in its entirety. Filtered CNVs could be included in more than 
one prioritisation category as the same CNV could have each breakpoint within different genes whilst 
simultaneously encompass entire genes. 

7.2.2.3 Biological Interpretation of Candidate Deletion Encompassing the Gene 
CACNA2D4 

Following CNV prediction by BreakDancer and subsequent filtering, prioritisation, and 

interpretation, one CNV remained as a candidate for IS1655. There were discordant reads, a 

change in read depth over the predicted breakpoints and a potential biological impact (as 

described below). The candidate CNV was a predicted 10.6 kb deletion which encompassed 

exons 25 and 26 of the gene CACNA2D4 and the 554 most C-terminal amino acids of LRTM2 

(from exon 5) (NC_000012.11:g.1944256_1954846del10591) resulting in hemizigosity over 

this region.  

The probability this deletion is a true call was calculated using RBV, but did not reach 

significance at p=0.178 for the proband with 0 heterozygous SNVs across the deleted region.
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Table 7-2 Description of candidate CNV for IS1655 

Coordinates CNV type Prioritisation 
categories IGV view of locus Function of affected 

gene/s Disease associations 

RBV results 
Deletion 

heterozygous 
SNV 

number 

Deletion 
p-value 

Chr12:19442
56-1954846 

Deletion LRTM2: 
Exonic 
Breakpoint, 
Brain 
expressed 
 
CACNA2D4: 
Genic 
breakpoint, 
OMIM 
defined 
disorder, 
Brain 
expressed 

 LRTM2: No information 
available 
 
CACNA2D4: a member of 
the alpha-2/delta subunit 
family, a protein in the 
voltage-dependent calcium 
channel complex. 

LRTM2: No information 
available 
 
CACNA2D4: Retinal Cone 
Dystrophy 4 (MIM 610478), 
Visual impairment, retinal 
dystrophy, Autosomal 
recessive inheritance 
 
Retinitis Pigmentosa, loss of 
vision (Wycisk et al., 2006) 

0 0.178 

 
IGV view is split into three panels: top contains a graph of the coverage, middle contains aligned reads with red lines indicating discordant read 
pairs, bottom is the annotated gene/s with exons in illustrated by blue blocks. Coordinates correspond to the GRCh37.p13 reference.



 

 
131 

 

This is unsurprising due to the small size of the candidate CNV (diploid genomic regions of 

this size are more likely to contain no heterozygous SNVs by chance alone compared to 

larger regions). RBV was however informative when assessing potential inheritance of the 

CNV, with a p-value of p=0.796 for the father with 0 heterozygous SNVs across the deleted 

region and p=0.957 for the mother with 1 heterozygous SNVs across the deleted region 

(using genotypes called from aligned WES reads from the parents). The absence of 

heterozygous SNVs across the deleted region in the proband and father supports paternal 

inheritance of the deletion.  

There is no information in the literature regarding the function and disease association of 

gene LRTM2, however deleterious mutations in a paralogue of this gene, leucine rich repeats 

and transmembrane domains 1, have been associated with Diaphragmatic Hernia, Congenital 

(MIM: 142340), however there was no clinical observation of this phenotype in the proband. 

Previous reports have suggested homozygous deletions encompassing CACNA2D4 may play 

a role in the aetiology of ASD (homozygous deletion of exons 19-26) (Levy et al., 2011) and 

bipolar disorder (deletion of exons 17-26 in 2 cases and 1 control) (Van Den Bossche et al., 

2012). However, there are no published associations with hemizygosity at this locus. 

Deleterious CNVs and small variants (in the form of amino acid substitutions and frameshift 

mutations) in CACNA2D4 are known to cause Retinal Cone Dystrophy 4 (MIM: 610478), 

which is characterised by visual impairment, and retinal dystrophy, with an autosomal 

recessive mode of inheritance. However, there is no clinical observation of these phenotypes 

in the proband, and the autosomal recessive mode of inheritance of this condition is not 

consistent with the heterozygosity observed for this predicted CNV.  

Interestingly, CACNA2D4 forms part of a voltage-dependent calcium channel complex, and 

the association between calcium channels and seizures is well established (Zamponi, Lory, & 

Perez-Reyes, 2010). Therefore, a deletion encompassing CACNA2D4 could potentially 

contribute to the seizures observed in the proband. 

To confirm the paternal inheritance of this deletion as predicted by RBV, PCR primers were 

designed immediately adjacent to the deletion and Sanger sequencing of the resulting 777 bp 

product confirmed the presence of the deletion in both the proband (IS1655) and the father 

(IS1654) (Figure 7-2). The PCR conditions were optimised for the deleted allele, therefore 

the undeleted allele was not amplified. Sanger sequencing confirmed the precise breakpoints, 
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resulting in a 10,639 bp deletion encompassing exons 25 and 26 of the CACNA2D4 gene 

resulting in the deletion of 348 amino acids and a frameshift resulting in substitution of the 

seven most C-terminal residues 

(NC_000012.11(CACNA2D4_i001):p.(Lys782_Arg1137delinsArgSerGlnValIleSerLys)) and 

the coding sequence for the 570 most C-terminal amino acids of the LRTM2 gene. The exact 

breakpoints were within introns 24 (within exon 5 of LRTM2) and 26 of CACNA2D4, at 

chr12:1,944,209 and chr12:1,954,847, respectively. Thus, the CNV was annotated as 

NC_000012.11:g.1944209_1954847del10639. A search of the literature was unable to 

identify any previous reports of deletions with the same breakpoints, indicating this is a novel 

deletion. 

Given the presence of the deletion in both the affected proband (IS1655) and unaffected 

father (IS1654), the variant was not regarded as causative (assuming complete penetrance). 

Parallel small variant analysis, did not identify any putative SNVs. Thus, there has yet to be a 

causative genetic variant found for this pedigree. 
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Figure 7-2 Sanger sequencing confirmation of chr12:1,944,209-1,954,847 deletion in the IS trio. A. Family 
pedigree and corresponding Sanger sequencing electropherograms showing the transmission of the 
chr12:1,944,209-1,954,847 deletion encompassing the CACNA2D4 and LRTM2 genes. The breakpoint is 
indicated by the black arrows. B. The breakpoint junction sequence (middle sequence) aligned with the human 
reference sequence GRCh37.p13, demonstrating the transition from the 5’ (red) to the 3’ (blue) breakpoints. 
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7.2.3 IT Pedigree 
7.2.3.1 Description of IT Pedigree 
The IT pedigree is a trio consisting of a male proband (IT1658), unaffected mother (IT1656), 

and unaffected father (IT1657). IT1658 was referred through the clinic with microcephaly, 

dysmorphic features, bilateral joint contractures, unilateral clubfoot, and DD. DNA was 

extracted from blood for all members of the trio. The proband was sequenced using WGS and 

both parents were sequenced using WES with reads aligned to reference genome as described 

in Table 7-1 and Table 2-1. 

7.2.3.2 Filtering and Interpretation of IT1658 Copy Number Variants 
The CNV detection software BreakDancer predicted 3,822 CNVs in the proband, consisting 

of 3,681 deletions and 141 duplications. Following all filtering steps presented in Figure 7-3,  

 

Figure 7-3 CNV filtering and prioritisation results for IT1658. Green represents filtering steps and orange 
prioritisation categories. Filtering of CNVs predicted by BreakDancer using the automated pipeline (outlined in  
Figure 6-1) reduced the number of variants for interpretation from 3,822 to ten prioritised CNVs. DEL: deletion, 
DUP: duplication, Exonic breakpoints: CNVs with breakpoints located within exons, Genic breakpoints: CNVs 
with breakpoints located with genes that encompass at least one exon, Full gene covered CNVs: CNVs which 
incorporated at least one gene in its entirety. Filtered CNVs could be included in more than one prioritisation 
category as the same CNV could have each breakpoint within different genes whilst simultaneously encompass 
entire genes. 
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ten predicted CNVs were retained (0.26% of the total number called) with variants in all three 

prioritisation categories (exonic breakpoints, genic breakpoints and full gene covered).  

Eight of the ten filtered CNVs were excluded as there was no change in read depth across the 

predicted breakpoints (Appendix Table A 5-2), leaving two for interpretation. One further 

deletion was excluded as the literature reported gene function and disease association was 

inconsistent with the phenotype of IT1658. The remaining CNV, a deletion which 

encompassed exon four and the 3’ UTR of the gene solute carrier family 25 member 4 

(SLC25A4) (Table 7-3), was retained for confirmation by PCR and Sanger sequencing.  

7.2.3.3 Biological Interpretation of Candidate Deletion Encompassing the Gene 
SLC25A4 

Following CNV prediction by BreakDancer and subsequent filtering, prioritisation, and 

interpretation, one CNV remained as a candidate for IT1658. There were discordant reads, a 

change in read depth over the predicted breakpoints and a potential biological impact (as 

described below). The candidate CNV was a predicted 1.9 kb deletion encompassing exon 

four through the 3’ UTR of the gene SLC25A4 

(NC_00004.11:g.186068091_186069942del1852) resulting in hemizygosity over this region 

in the case.  

The results from RBV for this CNV were not expected to reach significance due to its small 

size. Indeed, the probability that this deletion was a true call was calculated at p=0.429 for the 

proband with 0 heterozygous SNVs across the deleted region, p=0.973 for the father with 0 

heterozygous SNVs across the deleted region, and p=0.979 for the mother with 0 

heterozygous SNVs across the deleted region. The absence of heterozygous SNVs across the 

deleted region could support the presence of the deletion in all members of the pedigree, but 

could also be due to chance due to its small size. 

Deleterious small variants (missense and frameshift) in SLC25A4 cause two disorders with an 

autosomal dominant mode of inheritance: Progressive external ophthalmoplegia with 

mitochondrial DNA deletions, autosomal dominant 2 (MIM: 609283) and Mitochondrial 

DNA depletion syndrome 12A (cardiomyopathic type) AD (MIM: 617184), and one with an 

autosomal recessive mode of inheritance: Mitochondrial DNA depletion syndrome 12B 

(cardiomyopathic type) AR (MIM: 615418). There is no clinical observation of the 

characteristic phenotypes of any of these three disorders in the proband. However, large  
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Table 7-3 Description of candidate CNV for IT1658 

Coordinates CNV Type Prioritisation 
categories IGV view of locus 

Gene affected and 
literature defined gene 

function 

OMIM and literature 
defined disease associations 

RBV results 
Deletion 

heterozygous 
SNV 

number 

Deletion 
p-value 

Chr 
4:186068091-
186069942 

Deletion Exonic 
breakpoint, 
OMIM 
defined 
disorder, 
Brain 
expressed 

 SLC25A4: A member of 
the mitochondrial carrier 
subfamily of solute carrier 
protein genes.  

DECIPHER:  
Aplasia/Hypoplasia of the 
ulna, Intellectual disability 
(Firth et al., 2009)  
 
Progressive External 
Ophthalmoplegia With 
Mitochondrial DNA 
Deletions, Autosomal 
Dominant 2 (MIM: 609283) 
Sensorineural hearing 
impairment, Progressive 
external ophthalmoplegia, 
Adult onset 
 
Mitochondrial DNA Depletion 
Syndrome 12A , Autosomal 
Dominant (MIM: 617184) 
Hyporeflexia, Generalized 
hypotonia, Hypertrophic 
cardiomyopathy, Congenital 
onset 
 
Mitochondrial DNA Depletion 
Syndrome 12B , Autosomal 
Recessive (MIM: 615418) 
Lactic acidosis, Slow 
progression, Cognitive 
impairment  

0 0.429 

IGV view is split into three panels: top contains a graph of the coverage, middle contains aligned reads with red lines indicating discordant read 
pairs, bottom is the annotated gene/s with exons in illustrated by blue blocks. Coordinates correspond to the GRCh37.p13 reference.
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hemizygous CNVs within the DECIPHER database which encompass SLC25A4 (Firth et al., 

2009) have reported phenotypes including skeletal abnormalities and ID which overlap with 

the bilateral joint contractures, unilateral clubfoot, and DD clinical features observed in this 

individual. Therefore, a deletion encompassing SLC25A4 could potentially contribute to, or 

underlie the phenotype observed in the proband. 

The inheritance pattern can assist with the sorting and determination of the disease 

association of variants. Therefore, to investigate the inheritance of this deletion, PCR primers 

were designed immediately adjacent to the deletion and Sanger sequencing of the resulting 

476 bp product confirmed the presence of the deletion in both the proband (IT1658) and the 

father (IS1657) (Figure 7-4), indicating the deletion was paternally inherited. The PCR 

conditions were optimised for the deleted allele, therefore the undeleted allele was not 

amplified. Sanger sequencing confirmed the precise breakpoints, resulting in a 1,916 bp 

deletion encompassing the terminal 32 amino acids of exon four extending into the most 5’ 

1,820 bp the 3’ UTR of the SLC25A4 gene. This deletion is predicted to result in a frameshift 

deleting amino acids 268 to 290 and the substitution of eight amino acids followed by a stop 

codon at residue 299 

(NC_000004.11(SLC25A4_i001):p.(Lys268_Val298delinsSerProCysIleLeuGlyLysAla)). 

The exact breakpoints are within exon four and the 3’ UTR of SLC25A4, at chr4:186,068,029 

and chr4:186,069,944, respectively. Thus, the CNV is annotated as 

NC_000004.11:g.186068029_186069944del1916. A search of the literature was unable to 

identify any previous reports of with breakpoints the same breakpoints, indicating this is a 

novel deletion. 

Heterozygous variants listed within ClinVar located within or downstream of the region 

encompassed by this deletion are categorised as benign (Landrum et al., 2014). Given the 

benign nature of variants within the deleted region, and the presence of the identified deletion 

in both the affected proband (IT1658) and unaffected father (IT1657), the variant was not 

regarded as causative (assuming complete penetrance). 

Parallel small variant analysis, identified a de novo heterozygous indel in the gene KAT6B 

that caused a frameshift and premature stop codon 

(NM_001256468.1(KAT6B_i001):p.(Val1150Cysfs*9)). Mutations in this gene have been 

reported to cause Say-Barber-Biesecker-Young-Simpson Syndrome (SBBYSS) (MIM: 

603736) and Genitopatellar syndrome (GPS) (MIM: 606170) (Velzian, 2017). SBBYSS is an 
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autosomal dominant disorder with neurodevelopmental and skeletal symptoms. GPS is also 

caused by autosomal dominant mutations and manifests as a multisystem disorder with a 

phenotype consisting of microcephaly, DD, flexion contractures and facial dysmorphisms. 

Together, these disorders match the phenotype of IT658 and the KAT6B indel was determined 

to be the underlying genetic variant responsible for the condition in the proband. 

 

Figure 7-4 Sanger sequencing confirmation of chr4:186,068,029-186,069,944 deletion in the IT trio. A. 
Family pedigree and corresponding Sanger sequencing electropherograms showing the transmission of the 
chr4:186,068,029-186,069,944 deletion encompassing the SLC25A4 gene. The breakpoint is indicated by the 
black arrows. B. The breakpoint junction sequence (middle sequence) aligned with the human reference 
sequence GRCh37.p13, demonstrating the transition from the 5’ (red) to the 3’ (blue) breakpoints. 
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7.2.4 IU Pedigree 
7.2.4.1 Description of IU pedigree 
The IU pedigree is a trio consisting of a male proband (IU1661), unaffected mother (IU1659), 

and unaffected father (IU1660). IU1661 was referred through the clinic with dysmorphic 

features, bilateral kidney and liver abnormalities, macrosomia, aortic abnormalities, and 

wormian bones. DNA was extracted from blood for all members of the trio. The proband was 

sequenced using WGS and both parents were sequenced using WES with reads aligned to 

reference genome as described in Table 7-1 and Table 2-1. 

7.2.4.2 Filtering and Interpretation of IU1661 Copy Number Variants 
The CNV detection software BreakDancer predicted 3,908 CNVs in the proband, consisting 

of 3,689 deletions and 219 duplications. Following all filtering steps presented in Figure 7-5, 

eight predicted CNVs were retained (0.20% of the total number called) with variants in all 

three prioritisation categories (exonic breakpoints, genic breakpoints and full gene covered).  

 

Figure 7-5 CNV filtering and prioritisation results for IU1661. Green represents filtering steps and orange 
prioritisation categories. Filtering of CNVs predicted by BreakDancer using the automated pipeline (outlined in  
Figure 6-1) reduced the number of variants for interpretation from 3,908 to eight prioritised CNVs. DEL: 
deletion, DUP: duplication, Exonic breakpoints: CNVs with breakpoints located within exons, Genic 
breakpoints: CNVs with breakpoints located with genes that encompass at least one exon, Full gene covered 
CNVs: CNVs which incorporated at least one gene in its entirety. Filtered CNVs could be included in more than 
one prioritisation category as the same CNV could have each breakpoint within different genes whilst 
simultaneously encompass entire genes. 
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Table 7-4 Description of candidate CNV for IU661 

Coordinates CNV Type Prioritisation 
categories IGV view of locus 

Gene affected and 
literature defined gene 

function 

OMIM and literature 
defined disease associations 

RBV results 
Deletion 

heterozygous 
SNV 

number 

Deletion 
p-value 

Chr8:175807
10-
17582046 

Genic 
breakpoint, 
Brain 
expressed 

Deletion  MTUS1: encodes a protein 
which contains a C-
terminal domain, which is 
able to interact with the 
angiotension II receptor 
and a large coiled-coil 
region allowing 
dimerization 

Large birthweight, Fetal 
macrosomia (Landrum et al., 
2014), Cardiac Hypertrophy 
(Ito et al., 2016) 

3 0.931 

 
IGV view is split into three panels: top contains a graph of the coverage, middle contains aligned reads with red lines indicating discordant read 
pairs, bottom is the annotated gene/s with exons in illustrated by blue blocks. Coordinates correspond to the GRCh37.p13 reference.
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Six of the eight filtered CNVs were excluded as there was no change in read depth across the 

predicted breakpoints (Appendix Table A 5-3), leaving two for interpretation. One further 

deletion was excluded as the literature reported gene function and disease association was 

inconsistent with the phenotype of IU1661. The remaining CNV, a deletion which 

encompassed exon four of gene microtubule associated scaffold protein 1 (MTUS1) (Table 

7-4), was retained for confirmation by PCR and Sanger sequencing.  

7.2.4.3 Biological Interpretation of Candidate Deletion Encompassing the Gene 
MTUS1 

Following CNV prediction by BreakDancer and subsequent filtering, prioritisation, and 

interpretation, one CNV remained as a candidate for IU1661. There were discordant reads, a 

change in read depth over the predicted breakpoints and a potential biological impact, as 

described below. The candidate CNV is a deletion encompassing exon four of the gene 

MTUS1 (NC_000008.10:g.17580710_17582046del1337) resulting in hemizygosity for this 

region in the case. A hemizygous intronic deletion in this gene has been reported in ClinVar 

from a case-control study (Landrum et al., 2014, ClinVar accession: RCV000161535.1) and 

is associated with foetal macrosomia. Therefore, a deletion encompassing MTUS1 could 

potentially contribute to, or underlie the macrosomia observed in the proband. 

As expected, given the small size of the deletion, the result from RBV did not reach 

significance (p=0.931 for the proband with three heterozygous SNVs across the deleted 

region, p=0.734 for the father with 0 heterozygous SNVs across the deleted region, and 

p=0.733 for the mother with 0 heterozygous SNVs across the deleted region). The presence 

of heterozygous SNVs across the deleted region in the proband and neither of the parents 

indicated that this deletion was either de novo or a false positive call, and was subsequently 

retained for confirmation by PCR and Sanger sequencing.  

PCR primers were designed immediately adjacent to the deletion and Sanger sequencing of 

the resulting 747 bp product confirmed the presence of the deletion in both the proband 

(IU1661) and the father (IU1660) (Figure 7-6), which indicated the MTUS1 deletion was 

paternally inherited. The PCR conditions were optimised for the deleted allele, therefore the 

undeleted allele was not amplified. The deletion is 1,127 bp in length encompassing exon 

four of the MTUS1 gene. The breakpoints are within introns three and four, however the 

precise breakpoints could not be determined from the Sanger sequence as they lie within a 41 

bp repeat (Figure 7-6). The size of the deletion is 1,127 bp, with the proximal breakpoint 



 

 
142 

 

located between chr11:17580680-17581807 and the distal breakpoint located between 

chr11:17580640-17581767 (annotated as 

NC_000008.10:g.(17580640_17580680)_(17581767_17581807)del1128), resulting in the 

deletion of amino acids 762 to 817 with the substitution of an alanine at the breakpoint 

(NC_000008.10(MTUS1_i002):p.(Gly763_Ser817delinsAla)).  

A literature search identified three previous reports of the same deletion of MTUS1 identified 

in the IU proband. The studies reported the deletion was associated with both increased and 

decreased rates of various cancer types. All three reports from multiple unrelated individuals 

identified breakpoints within the 41 bp repeat, identical to that in this pedigree (Almal & 

Padh, 2012; Monahan, Spain, Thomas, & Tomlinson, 2009; Shlien & Malkin, 2009). 

Monahan, et al., identified two large blocks of linkage disequilibrium on either side of the 

deletion, however neither block was in linkage disequilibrium with the deletion. Therefore, 

this deletion is not ancestral but lies in a hotspot for NAHR during meiosis. The conflicting 

reports of this variant with regards to cancer risk, suggest further replication is required to 

confirm the role this CNV plays in cancer risk.  

Given the presence of the identified deletion in both the affected proband (IU1661) and 

unaffected father (IU1663), along with previous reports of the deletion in unaffected 

individuals, the variant was not regarded as causative for the NDD being investigated 

(assuming complete penetrance). 

However, parallel small variant analysis, identified compound heterozygous SNVs in the 

gene NPHP3, an in-frame amino acid deletion (NM_153240.5:p.(Lys699del)) and a missense 

mutation (NM_153240.5:p.(Asp640Glu)). This gene is associated with Meckel syndrome, 

type 7 (MIM: 267010), a disorder characterised by a phenotypic triad of cystic renal disease, 

central nervous system abnormalities, and hepatic abnormalities. In addition, structural heart 

defects have been reported in patients harbouring deletions in NPHP3 (Bergmann et al., 

2008). Therefore, the compound heterozygous in SNVs in NPHP3 were determined to be 

responsible for the condition in the proband. 
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Figure 7-6 Sanger sequencing confirmation of chr8:17,580,640-17,581,767 deletion in the IU trio. A. 
Family pedigree and corresponding Sanger sequencing electropherograms showing the transmission of the 
chr8:17,580,640-17,581,767 deletion encompassing the MTUS1 gene. The precise coordinates of breakpoints 
cannot be determined due to the 41 bp repeat within which the breakpoint occurs indicated by the black arrows. 
B. The breakpoint junction sequence (middle sequence) aligned with the human reference sequence 
GRCh37.p13, demonstrating the transition from the 5’ (red) to the 3’ (blue) breakpoints with the 41 bp repeat 
which includes the breakpoint highlighted (purple).  
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7.2.5 IV Pedigree 
7.2.5.1 Description of IV Pedigree 
The IV pedigree is a trio consisting of a female proband (IV1664), unaffected mother 

(IV1662), and unaffected father (IV1663). IV1664 was referred through the clinic with 

macrocephaly, abnormalities with developmental axis, brain, kidney and vertebrate 

abnormalities, and polydactyly. DNA was extracted from blood for all members of the trio. 

The proband was sequenced using WGS and both parents were sequenced using WES with 

reads aligned to reference genome as described in Table 7-1 and Table 2-1. 

7.2.5.2 Filtering and Interpretation of IV1664 Copy Number Variants 
The CNV detection software BreakDancer predicted 4,102 CNVs in the proband. Following 

all filtering steps presented in Figure 7-7, eight predicted CNVs were retained (0.20% of the  

 

Figure 7-7 CNV filtering and prioritisation results for IV1664. Green represents filtering steps and orange 
prioritisation categories. Filtering of CNVs predicted by BreakDancer using the automated pipeline (outlined in  
Figure 6-1) reduced the number of variants for interpretation from 4,102 to eight prioritised CNVs. DEL: 
deletion, DUP: duplication, Exonic breakpoints: CNVs with breakpoints located within exons, Genic 
breakpoints: CNVs with breakpoints located with genes that encompass at least one exon, Full gene covered 
CNVs: CNVs which incorporated at least one gene in its entirety. Filtered CNVs could be included in more than 
one prioritisation category as the same CNV could have each breakpoint within different genes whilst 
simultaneously encompass entire genes. 
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Table 7-5 Description of candidate CNV for IV1664 

Coordinates CNV Type Prioritisation 
categories IGV view of locus 

Gene affected and 
literature defined gene 

function 

OMIM and literature 
defined disease associations 

RBV results 
Deletion 

heterozygous 
SNV number 

Deletion 
p-value 

Chr 6: 
152716443-
152853084 

Deletion Exonic 
Breakpoint, 
OMIM 
disorders, 
Brain 
expressed 
 

 SYNE1: Multi-isomeric 
modular protein which 
forms a linking network 
between organelles and the 
actin cytoskeleton to 
maintain the subcellular 
spatial organization 

Spinocerebellar ataxia, 
autosomal recessive 8 (MIM: 
610743) Nystagmus, 
Dysarthria, Cerebellar 
atrophy, Ataxia, Adult onset  
 
Emery-Dreifuss muscular 
dystrophy 4, Autosomal 
dominant (MIM:612998) 
Elevated serum creatine 
phosphokinase, Muscle 
weakness, Left ventricular 
septal hypertrophy, Childhood 
onset 

0 0.002 

 
IGV view is split into three panels: top contains a graph of the coverage, middle contains aligned reads with red lines indicating discordant read 
pairs, bottom is the annotated gene/s with exons in illustrated by blue blocks. The IGV view is split into two images for this individual as the 
deletion was too large to be encompassed in a single field of view. Coordinates correspond to the GRCh37.p13 reference.
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total number called) with variants in all three prioritisation categories (exonic breakpoints, 

genic breakpoints and full gene covered).  

Two of the eight filtered CNVs were excluded as there was no change in read depth across 

the predicted breakpoints (Appendix Table A 5-4), leaving six for interpretation. Five further 

deletions were excluded as the literature reported gene function and disease association were 

inconsistent with the phenotype of IV1664. The remaining CNV, a deletion which 

encompassed exons four through 52 of the gene spectrin repeat containing nuclear envelope 

protein 1 (SYNE1) (Table 7-5), was retained for confirmation by PCR and Sanger 

sequencing.  

7.2.5.3 Biological Interpretation of Candidate Deletion Encompassing the Gene 
SYNE1 

Following CNV prediction by BreakDancer and subsequent filtering, prioritisation, and 

interpretation, one CNV remained as a candidate for IV1664. There were discordant reads, a 

change in read depth over the predicted breakpoints and a potential biological impact (as 

described below). The candidate CNV is a predicted 137 kb deletion encompassing exons 

four through 51 of the gene SYNE1 (NC_000006.11:g.152716443_152853084del136642) 

resulting in hemizygosity over this region in the case.  

The probability this deletion was a true call was calculated using RBV at p=0.002 for the 

proband validating the call with 0 heterozygous SNVs across the deleted region, p=0.527 for 

the father with 6 heterozygous SNVs across the deleted region, and p=0.079 for the mother 

with 0 heterozygous SNVs across the deleted region. The absence of heterozygous SNVs 

across the deleted region indicated the deletion was maternally inherited. The mother also had 

0 heterozygous SNV over the same region, however the p-value did not reach significance. 

This demonstrates the increased power of RBV to correctly determine CNVs from WGS 

compared to WES due to the targeted nature of WES (thus less positions are covered for the 

same region).  

Deleterious small variants (including amino acid substitutions, loss of splice site acceptors, 

and premature stop codons) in SYNE1 cause two OMIM defined disorders. One is an 

autosomal dominant disorder, Emery-Dreifuss muscular dystrophy 4, autosomal dominant 

(MIM: 612998) which is characterised by elevated serum creatine phosphokinase, muscular 

dystrophy, and left ventricular septal hypertrophy, with childhood onset. The other is an 

autosomal recessive disorder, Spinocerebellar ataxia, autosomal recessive 8 (MIM: 610743)  
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Figure 7-8 Sanger sequencing confirmation of chr6:152716616-152853085 deletion in the IV trio. A. 
Family pedigree and corresponding Sanger sequencing electropherograms showing the transmission of the 
chr6:152716616-152853085 deletion encompassing the SYNE1 gene. The breakpoint is indicated by the black 
arrows. B. The breakpoint junction sequence (middle sequence) aligned with the human reference sequence 
GRCh37.p13, demonstrating the transition from the 5’ (red) to the 3’ (blue) breakpoints. A SNV is highlighted 
in green which is absent in dbSNP supporting the novelty of this deletion 
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which is characterised by nystagmus, dysarthria, cerebellar atrophy, dysmetria, ataxia, with 

an adult onset and slow progression. While the proband does not harbour any of the distinct 

clinical phenotypes observed in these two conditions, due to the phenotypic variability often 

seen with CNVs compared to SNVs, a deletion encompassing SYNE1 could potentially 

contribute to, or underlie the brain abnormalities observed in the proband. 

To validate the CNV and test inheritance, PCR primers were designed immediately adjacent 

to the deletion and Sanger sequencing of the resulting 1,195 bp product confirmed the 

presence of the deletion in both the proband (IV1664) and the mother (IV1662) (Figure 7-8), 

confirming the SYNE1 deletion was maternally inherited. Both the mother and proband also 

harboured a SNV in phase with the deletion at chr6:152,716,545 (NC_000006.11:g. 

152716545C>T) which is absent within dbSNP, indicating the deletion is very rare and 

possibly discrete to this family. The PCR conditions were optimised for the deleted allele, 

therefore the undeleted allele was not amplified. Sanger sequencing confirmed the precise 

breakpoints, resulting in a 136,470 bp deletion encompassing exons four through 51 of the 

SYNE1 gene, resulting in a substitution of a lysine for valine, and a frameshift mutation 

resulting in a premature stop codon, 3 codons downstream from the breakpoint 

(NC_000006.11(SYNE1_i001):p.(Lys45Valfs*3)). The exact breakpoints are within intron 

three and intron 51, at chr6:152,716,616 and chr6:152,853,085, respectively. Thus, the CNV 

is annotated as NC_000006.11:g.152716616_152853085del136470. A search of the literature 

was unable to identify any previous reports of deletions with the exact same breakpoints, 

indicating this is a novel deletion, supported by the novel SNV in phase with the deletion 

(Figure 7-8). 

Given the presence of the deletion in both the affected proband (IV1664) and unaffected 

mother (IV1662), the variant was not regarded as causative for the proband’s NDD (assuming 

complete penetrance).  

However, parallel small variant analysis, identified discovered a de novo SNV in the gene 

CCND2, resulting in a stop gain mutation NM_001759.3(CCND2_i001):p.(Gly268*). 

Mutations in this gene are known to cause Megalencephaly-polymicrogyria-polydactyly-

hydrocephalus syndrome 3 (MIM: 615938), an autosomal dominant disorder characterised by 

macrocephaly, postaxial polydactyly, ventriculomegaly, and polymicrogyria. Therefore, the 

SNV in CCND2 was determined to be the underlying genetic variant for this pedigree. 
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7.2.6 JC Pedigree 
7.2.6.1 Description of JC Pedigree 
The JC pedigree is a trio consisting of a female proband (JC1690), unaffected mother 

(JC1688), and unaffected father (JC1689). JC1690 was referred through the clinic with DD, 

dysmorphic features, history of gastroesophageal reflux, atrial septal defect, toe syndactyly, 

and it was noted she had a wide gap between her front central incisors. DNA was extracted 

from blood for all members of the trio. The proband was sequenced using WGS and both 

parents were sequenced using WES with reads aligned to reference genome as described in 

Table 7-1 and Table 2-1. 

7.2.6.2 Filtering and Interpretation of JC1690 Copy Number Variants 
The CNV detection software BreakDancer predicted 5,304 CNVs in the proband. Following 
all filtering steps presented in Figure 7-9, seven predicted CNVs were retained (0.13% of the 
total number called) with variants in two prioritisation categories (genic breakpoints and full 
gene covered). 

Figure 7-9 CNV filtering and prioritisation results for JC1690. Green represents filtering steps and orange 
prioritisation categories. Filtering of CNVs predicted by BreakDancer using the automated pipeline (outlined in 
Figure 6-1) reduced the number of variants for interpretation from 5,304 to 7 prioritised CNVs. DEL: deletion, 
DUP: duplication, Exonic breakpoints: CNVs with breakpoints located within exons, Genic breakpoints: CNVs 
with breakpoints located with genes that encompass at least one exon, Full gene covered CNVs: CNVs which 
incorporated at least one gene in its entirety. Filtered CNVs could be included in more than one prioritisation 
category as the same CNV could have each breakpoint within different genes whilst simultaneously encompass 
entire genes. 
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Table 7-6 Description of candidate CNV for JC1690 

Coordinates CNV Type Prioritisation 
categories IGV view of locus 

Gene affected and 
literature defined gene 

function 

OMIM and literature 
defined disease associations 

RBV results 
Deletion 

heterozygous 
SNV number 

Deletion 
p-value 

Chr 
1:60076812 
-60107062

Deletion Genic 
Breakpoints, 
Brain 
expressed 

FGGY: phosphorylates 
carbohydrates such as 
ribulose, ribitol, and L-
arabinitol. 

GWAS association with non-
neurodevelopmental 
phenotypes (MacArthur et al., 
2017) 

Deletions including this gene 
reported in DECIPHER 
include hand/finger 
abnormalities and dysmorphic 
features (no heart phenotype) 

0 0.06 

IGV view is split into three panels: top contains a graph of the coverage, middle contains aligned reads with red lines indicating discordant read 
pairs, bottom is the annotated gene/s with exons in illustrated by blue blocks. The IGV view is split into two images for this individual as the 
deletion was too large to be encompassed in a single field of view. Coordinates correspond to the GRCh37.p13 reference.



151 

Four of the seven filtered CNVs were excluded as there was no change in read depth across 

the predicted breakpoints (Appendix Table A 5-5), leaving three for interpretation. Two 

further deletions were excluded as the literature reported gene function and disease 

association were inconsistent with the phenotype of JC1690. The remaining CNV, a deletion 

which encompassed exons ten through 12 of the gene FGGY carbohydrate kinase domain 

containing (FGGY) (Table 7-6), was retained for confirmation by PCR and Sanger 

sequencing.  

7.2.6.3 Biological Interpretation of Candidate Deletion Encompassing the Gene 
FGGY 

Following CNV prediction by BreakDancer and subsequent filtering, prioritisation, and 

interpretation, one CNV remained as a candidate for JC1690. There were discordant reads, a 

change in read depth over the predicted breakpoints and a potential biological impact (as 

described below). The candidate CNV was a predicted 30 kb deletion encompassing exons 

ten through 12 of the gene FGGY (NC_000001.10:g.60076812_60107062del30251) resulting 

in hemizygosity for this region in the case.  

The probability this deletion was a true call was calculated using RBV at p= 0.049 for the 

proband with 0 heterozygous SNVs across the deleted region, validating the CNV call. The 

probability was also calculated for both parents at p=0.781 for the father with 0 heterozygous 

SNVs across the deleted region, and p=0.778 for the mother with 0 heterozygous SNVs 

across the deleted region. The absence of heterozygous SNVs across the deleted region 

indicated the presence of the deletion in all members of the pedigree, however the p-value did 

not reach significance, suggesting this is likely a false positive call in the parents. This 

pedigree further demonstrates the increased power of RBV to correctly determine CNVs from 

WGS than WES due to the targeted nature of WES (thus less positions are covered for the 

same region). 

Large hemizygous deletions which include the gene FGGY in the CNV database DECIPHER 

(Firth et al., 2009) are associated with conditions characterised by hand/finger abnormalities, 

and dysmorphic features, but none have reported atrial septal defects. Therefore, a deletion 

encompassing FGGY could potentially contribute to, or underlie the dysmorphic features and 

toe syndactyly observed in the proband. 

To validate the CNV in the proband and clarify inheritance, PCR primers were designed 

immediately adjacent to the deletion and Sanger sequencing of the resulting 1,725 bp product 



152 

confirmed the presence of the deletion in both the proband (JC1690) and the mother (JC1688) 

(Figure 7-10), indicating the deletion was maternally inherited. The PCR conditions were 

optimised for the deleted allele, therefore the undeleted allele was not amplified. Sanger 

sequencing confirmed the precise breakpoints, resulting in a l30,319 bp deletion 

encompassing the exons ten through 12 of the FGGY gene, deleting amino acids 338 to 431 

(NC_000001.10(FGGY_i001):p.(Ile338_Gln431del)). The exact breakpoints are within 

intron nine and intron 12, at chr11:60076744 and chr11:60107062, respectively. Thus, the 

CNV is annotated as NC_000001.10:g.60076744_60107062del30319. A search of the 

literature was unable to identify any previous reports of deletions with the same breakpoints, 

indicating this is a novel deletion. Given the presence of the deletion in both the affected 

proband (JC1690) and unaffected mother (JC1688), the variant was not regarded as causative 

(assuming complete penetrance).  

However, the parallel small variant analysis pipeline discovered a pathogenic de novo SNV in 

JC1690 which lead to a stop gain at amino acid 730 in the gene ADNP 

(NM_001282532.1:p.(Arg730Ter)). Deleterious mutations in ADNP are known to cause 

Helsmoortel-van der Aa syndrome (MIM: 615873), an autosomal dominant disorder 

characterised by congenital heart defects, feeding problems in infancy, abnormality of the 

dentition, and DD. Therefore, the SNV in ADNP was determined to be the underlying genetic 

variant for this pedigree. 
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Figure 7-10 Sanger sequencing confirmation of chr1:60,076,744-60,107,062 deletion in the JC trio. A. 
Family pedigree and corresponding Sanger sequencing electropherograms showing the transmission of the 
chr1:60,076,744-60,107,062 deletion encompassing the FGGY gene. The breakpoint is indicated by the black 
arrows. B. The breakpoint junction sequence (middle sequence) aligned with the human reference sequence 
GRCh37.p13, demonstrating the transition from the 5’ (red) to the 3’ (blue) breakpoints 

7.2.7 IJ Pedigree 
7.2.7.1 Description of IJ Pedigree 
The IJ pedigree is a trio consisting of a male proband (IJ1635), unaffected mother (IJ1697), 

and unaffected father (IJ1698). IJ1635 was referred through the clinic with ASD, DD, and is 

non-verbal. DNA was extracted from blood for all members of the trio. The proband was 

Chr1: 60076744 
_60107062del 

A 
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sequenced using WGS and both parents were sequenced using WES with reads aligned to 

reference genome as described in Table 7-1 and Table 2-1. 

7.2.7.2 Filtering and Interpretation of IJ1635 Copy Number Variants 
The CNV detection software BreakDancer predicted 3,455 CNVs in the proband. Following 

all filtering steps presented in Figure 7-11, 14 predicted CNVs were retained (0.41% of the 

total number called) with variants in all three prioritisation categories (exonic breakpoints, 

genic breakpoints and full gene covered). 

Eleven of the 14 filtered CNVs were excluded as there was no change in read depth across 

the predicted breakpoints (Appendix Table A 5-6), leaving three for interpretation. Two 

further deletions were excluded as the literature reported gene function and disease  

 

Figure 7-11 CNV filtering and prioritisation results for IJ1635. Green represents filtering steps and orange 
prioritisation categories. Filtering of CNVs predicted by BreakDancer using the automated pipeline (outlined in  
Figure 6-1) reduced the number of variants for interpretation from 3,455 to 14 prioritised CNVs. DEL: deletion, 
DUP: duplication, Exonic breakpoints: CNVs with breakpoints located within exons, Genic breakpoints: CNVs 
with breakpoints located with genes that encompass at least one exon, Full gene covered CNVs: CNVs which 
incorporated at least one gene in its entirety. Filtered CNVs could be included in more than one prioritisation 
category as the same CNV could have each breakpoint within different genes whilst simultaneously encompass 
entire genes. 
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association were inconsistent with the phenotype of IJ1635. The remaining CNV, a deletion 

which encompassed exon four of gene dehydrogenase E1 and transketolase domain 

containing 1 (DHTKD1 (Table 7-7), was retained for confirmation by PCR and Sanger 

sequencing. 

7.2.7.3 Biological Interpretation of Candidate Deletion Encompassing the Gene 
DHTKD1 

Following CNV prediction by BreakDancer and subsequent filtering, prioritisation, and 

interpretation, one CNV remained as a candidate for IJ1635. There were discordant reads, a 

change in read depth over the predicted breakpoints and a potential biological impact (as 

described below). The candidate CNV was a predicted 2.3kb deletion encompassing exon 

four of the gene DHTKD1 (NC_000010.10:g.12128399_12130746del2348) resulting in 

hemizygosity over this region in the case.  

The RBV result did not reach significance for this CNV in the proband which is unsurprising 

given its small size (p=0.418 with 0 heterozygous SNVs across the deleted region). The RBV 

results from the parents also did not reach significance (p=0. 868 for the father with 0 

heterozygous SNVs across the deleted region, and p=0. 882 for the mother with 0 

heterozygous SNVs across the deleted region).  

Deleterious small variants (including substitutions and premature stop codons) in DHTKD1 

cause two OMIM defined disorders. One is an autosomal dominant disorder, Charcot-Marie-

Tooth disease, axonal, type 2Q (MIM: 615025) which is characterised by difficulty walking, 

sensory neurological deficits, and skeletal muscle atrophy, however there is no overlap with 

the clinical features observed in this case. The other is an autosomal recessive disorder, 2-

aminoadipic 2-oxoadipic aciduria (MIM: 204750) which is characterised by microcephaly, 

ID, DD, delayed speech, hypotonia, aminoaciduria, ADHD. Interestingly, parental reports 

from Rare Chromosome Disorder Support Group state that while ID is more or less universal, 

disorders of muscle tone and movement problems are not present in all individuals with 

10p14 deletions (the cytoband location of DHTKD1) (Rare Chromosome Disorder Support 

Group, 2011). Therefore, a deletion encompassing DHTKD1 could potentially contribute to, 

or underlie the phenotype observed in the proband. 
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Table 7-7 Description of candidate CNV for IJ1635 

Coordinates CNV Type Prioritisation 
categories IGV view of locus 

Gene affected and 
literature defined gene 

function 

OMIM and literature 
defined disease associations 

RBV results 
Deletion 

heterozygous 
SNV number 

Deletion 
p-value 

Chr 
10:12128399-
12130746 

Deletion Genic 
breakpoint, 
OMIM 
defined 
disorder, 
Brain 
expressed 

 

DHTKD1: catalyzes the 
overall conversion of 2-
oxoglutarate to succinyl-
CoA and CO2.  

2-aminoadipic 2-oxoadipic 
aciduria (MIM: 204750) 
Autosomal recessive, 
Microcephaly, Delayed 
speech, Intellectual disability, 
Generalized hypotonia, 
Aminoaciduria 
 
Charcot-Marie-Tooth disease, 
axonal, type 2Q (MIM: 
615025) Autosomal dominant, 
Difficulty walking, Skeletal 
muscle atrophy 

0 0.418 

IGV view is split into three panels: top contains a graph of the coverage, middle contains aligned reads with red lines indicating discordant read 
pairs, bottom is the annotated gene/s with exons in illustrated by blue blocks. Coordinates correspond to the GRCh37.p13 reference.
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The inheritance pattern can assist with the sorting and determination of disease association of 

variants, therefore to investigate the inheritance of this deletion, PCR primers were designed 

immediately adjacent to the deletion and Sanger sequencing of the resulting 1,148 bp product 

confirmed the presence of the deletion in both the proband (IJ1635) and the father (IJ1698) 

(Figure 7-12), indicating the DHTKD1 deletion was paternally inherited. Both the father and 

proband harboured a SNV in phase with the deletion at chr10:12,128,254 

(NC_000010.11:g.12128254C>G) which is absent within dbSNP, indicating it may be 

discrete to this family. The PCR conditions were optimised for the deleted allele, therefore 

the undeleted allele was not amplified. Sanger sequencing confirmed the precise breakpoints, 

resulting in a 2,363 bp deletion encompassing exon four of the DHTKD1 gene, deleting 

amino acids 175 to 239 (NC_000010.10(DHTKD1_i001):p.(Glu175_Glu239del)). The exact 

breakpoints are within intron three and intron 4, at chr10:12,128,384 and chr10:12,130,746, 

respectively. Thus, the CNV is annotated as NC_000010.10:g.12128384_12130746del2363. 

A search of the literature revealed benign deletions encompassing exons 14 through 17 of 

DHTKD1 in healthy individuals (MacDonald et al., 2014), thus hemizygosity in this gene is 

not always associated with disease. There are not any previous reports of deletions with the 

same breakpoints as this case, confirming this is likely a novel deletion discrete to this 

family, supported by the novel in-phase SNV. 

Given the presence of the deletion in both the affected proband (IJ1635) and unaffected father 

(1698), the variant was not regarded as causative (assuming complete penetrance). Parallel 

small variant analysis did not identify any putative SNVs. Thus, there has yet to be a 

causative genetic variant found for this pedigree. 
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Figure 7-12 Sanger sequencing confirmation of chr10:12,128,384-12,130,746 deletion in the IJ trio. A. 
Family pedigree and corresponding Sanger sequencing electropherograms showing the transmission of the 
chr10:12,128,384-12,130,746 deletion encompassing the DHTKD1 gene. The breakpoint for the deletion are 
indicated by the black arrows. B. The breakpoint junction sequence (middle sequence) aligned with the human 
reference sequence GRCh37.p13, demonstrating the transition from the 5’ (red) to the 3’ (blue) breakpoints. A 
SNV is highlighted in green which is absent in dbSNP, supporting the novelty of this deletion 
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7.2.8 AC Pedigree 
7.2.8.1 Description of AC Pedigree 
The AC pedigree is a quad consisting of two affected male children (AC247 and AC248), an 

unaffected mother (AC1887), and unaffected father (AC1888). The siblings were referred 

through the clinic with recurrence of ataxia, deafness, DD, rhabdomyolysis, cardiomyopathy 

and hypothyroidism. DNA was extracted from blood for all members of the quad. As this 

pedigree included two affected siblings with the same phenotype, the hypothesis was the 

siblings would share the same causative variant/s and therefore filtering for shared variants 

that are not harboured in the same configuration by the parents was the first approach. As a 

result, only the children were sequenced (using WGS) with reads aligned to the reference 

genome as described in Table 7-1 and Table 2-1. 

7.2.8.2 Results of Sibling Analysis for AC247 and AC248 
Given both siblings were affected with the same condition, it was presumed they shared the 

same genetic variant/s. Therefore, shared variants across both siblings were prioritised for the 

investigation of causative CNVs. From the total number of filtered CNVs for each sibling 

(Figure 7-14 and Figure 7-15) 14 CNVs were shared by both siblings, three of which 

encompassed protein coding regions (Figure 7-13).  

 

Figure 7-13 CNV filtering and prioritisation results for siblings AC247 and AC248 after in house 
frequency filtering. Green represents filtering steps and orange prioritisation categories. Fourteen in house 
filtered CNVs were shared by both siblings, three of which encompass exons. Filtered CNVs could be included 
in more than one prioritisation category as the same CNV could have each breakpoint within different genes 
whilst simultaneously encompass entire genes. 
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Two of the three filtered CNVs were excluded as there was no change in read depth across 

the predicted breakpoints (Appendix Table A 5-7), leaving one for interpretation. The 

remaining CNV was excluded as the literature reported gene function and disease association 

were inconsistent with the phenotype of AC247 and AC248.  

As analysis of the CNVs shared in both siblings did not identify candidate CNVs, individual 

analysis was subsequently performed for both siblings. For AC247, the CNV detection 

software BreakDancer predicted 3,882 CNVs in the proband. Following all filtering steps 

presented in Figure 7-14, 6 predicted CNVs were retained (0.15% of the total number called) 

with variants in two prioritisation categories (genic breakpoints and full gene covered).  

Five of the six filtered CNVs were excluded as there was no change in read depth across the 

predicted breakpoints (Appendix Table A 5-8), leaving one for interpretation. This deletion 

was subsequently excluded as the literature reported gene function and disease association  

 

Figure 7-14 CNV filtering and prioritisation results for AC247. Green represents filtering steps and orange 
prioritisation categories. Filtering of CNVs predicted by BreakDancer using the automated pipeline (outlined in  
Figure 6-1) reduced the number of variants for interpretation from 3,882 to six prioritised CNVs. DEL: deletion, 
DUP: duplication, Exonic breakpoints: CNVs with breakpoints located within exons, Genic breakpoints: CNVs 
with breakpoints located with genes that encompass at least one exon, Full gene covered CNVs: CNVs which 
incorporated at least one gene in its entirety. Filtered CNVs could be included in more than one prioritisation 
category as the same CNV could have each breakpoint within different genes whilst simultaneously encompass 
entire genes. 
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was inconsistent with the phenotype of AC247. 

For AC248, the CNV detection software BreakDancer predicted 4,819 CNVs in the proband. 

Following all filtering steps presented in Figure 7-15, eight predicted CNVs were retained 

(0.17% of the total number called) with variants in two prioritisation categories (genic 

breakpoints and full gene covered).  

Six of the eight filtered CNVs were excluded due to lack of change in read depth across the 

predicted breakpoints (Appendix Table A 5-9), leaving two for interpretation. One further 

deletion was excluded as the literature reported gene function and disease association was 

inconsistent with the phenotype of AC248. The remaining CNV, a homozygous deletion 

which encompassed exons three through nine of the gene transport and golgi organization 2 

homolog (TANGO2) (Table 7-8), was retained for confirmation by PCR and Sanger 

sequencing.  

 

Figure 7-15 CNV filtering and prioritisation results for AC248. Green represents filtering steps and orange 
prioritisation categories. Filtering of CNVs predicted by BreakDancer using the automated pipeline (outlined in  
Figure 6-1) reduced the number of variants for interpretation from 4,819 to 8 prioritised CNVs. DEL: deletion, 
DUP: duplication, Exonic breakpoints: CNVs with breakpoints located within exons, Genic breakpoints: CNVs 
with breakpoints located with genes that encompass at least one exon, Full gene covered CNVs: CNVs which 
incorporated at least one gene in its entirety. Filtered CNVs could be included in more than one prioritisation 
category as the same CNV could have each breakpoint within different genes whilst simultaneously encompass 
entire genes.
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Table 7-8 Description of candidate CNV for AC248 

Coordinates CNV Type Prioritisation 
categories IGV view of locus 

Gene affected and 
literature defined gene 

function 

OMIM and literature 
defined disease associations 

RBV results 
Deletion 

heterozygous 
SNV number 

Deletion 
p-value 

Chr22: 
20028959-
20062955 

Deletion Genic 
breakpoint, 
OMIM 
defined 
disorder, 
Brain 
expressed 

 TANGO2: belongs to the 
transport and Golgi 
organization family, whose 
members are predicted to 
play roles in secretory 
protein loading in the 
endoplasmic reticulum. 

Metabolic 
Encephalomyopathic Crises, 
Recurrent, With 
Rhabdomyolysis, Cardiac 
Arrhythmias, And 
Neurodegeneration and 
Tango2-Related Metabolic 
Encephalopathy And 
Arrhythmias (MIM:616878) 
Intellectual disability, 
Seizures, Ataxia, ,Global 
developmental delay, 
Hypertrophic cardiomyopathy, 
Acute rhabdomyolysis, 
Autosomal recessive 
inheritance 

0 0.037 

IGV view is split into three panels: top contains a graph of the coverage, middle contains aligned reads with red lines indicating discordant read 
pairs, bottom is the annotated gene/s with exons in illustrated by blue blocks. Coordinates correspond to the GRCh37.p13 reference.
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Deleterious CNVs and amino acid substitutions in TANGO2 cause Metabolic 

encephalomyopathic crises, recurrent, with rhabdomyolysis, cardiac arrhythmias, and 

neurodegeneration (MECRCN, aka Tango2-Related Metabolic Encephalopathy And 

Arrhythmias (MIM: 616878), an autosomal recessive disorder characterised by sensorineural 

hearing impairment, hypothyroidism, ID, ataxia, DD, hypertrophic cardiomyopathy, 

metabolic acidosis, hypoglycaemia, and acute rhabdomyolysis. The clinical observation of 

these phenotypes is consistent with that of the siblings. Therefore, a deletion encompassing 

TANGO2 could potentially underlie the clinical features of these siblings. 

As such, the alignments for the TANGO2 deletion breakpoints were visualised in IGV for 

both siblings to determine if the deletion is present in both siblings (and not due to unusual 

read mapping in the region by visualising the reads for an unrelated unaffected individual) 

(Figure 7-16). As expected for AC248, there were no reads aligned across the predicted 

deleted region, clearly illustrating the deletion was homozygous. Interestingly, there were 

also no reads across the deletion for AC247, clearly illustrating the homozygous deletion is 

also present in this sibling despite BreakDancer not calling this deletion in this individual. In 

comparison, the unrelated individual displayed consistent read coverage over the deleted 

region (Figure 7-16).  

Four of the aligned reads from AC248 were read pairs which spanned the predicted 

breakpoint (connected by red lines in Figure 7-16, with two further discordant reads outside 

of the field of view). BreakDancer relies on discordant reads to call CNVs. However, as only 

two discordant reads are present in AC247, this likely resulted in a confidence score from 

BreakDancer below the threshold of detection for the deletion in this individual. The 

unfiltered BreakDancer output for the original alignment of AC247 was subsequently 

investigated, and the TANGO2 deletion was indeed identified by BreakDancer but with a 

confidence score of SQ = 34, which is below the default threshold of SQ = 60. To increase 

sensitivity of the detection of CNVs called by BreakDancer, the initial confidence score 

filtering threshold could be lowered. However, a decrease in confidence score threshold this 

would increase the number of false positives for filtering and annotation. 
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Figure 7-16 Aligned reads for the AC sibling-pair over the predicted TANGO2 deletion. IGV tracks 
showing the aligned WGS reads for individuals AC247, AC248, and an unrelated unaffected individual. No 
reads align within the predicted deletion for the affected siblings, while there is relatively consistent coverage of 
aligned reads across the predicted deletion in the unaffected control. The red lines connecting reads between the 
predicted breakpoints indicate read pairs that span the breakpoint. Two further discordant reads spanning the 
breakpoint are present outside of the field of view for individual AC248. 

7.2.8.3 Biological Interpretation of Candidate Deletion Encompassing the Gene 
TANGO2 

The TANGO2 deletion is predicted to be 34 kb in size and encompasses exons three to nine 

(NC_000022.10:g.20028959_20062955del33997) resulting in nullizygosity over this region 

in both siblings.  

RBV validated the presence of this CNV in both siblings with a p-value of p=0.043 for 

AC247 with 0 heterozygous SNVs across the deleted region, and p=0.027 for AC248 with 0 

heterozygous SNVs across the deleted region. The absence of heterozygous SNVs across the 

deleted region supports the presence of the deletion in both siblings, validated by a 

statistically significant paucity of SNVs compared to other regions in the genome of the same 

size. 

To validate the predicted recessive inheritance of the deletion, PCR primers were designed to 

specifically amplify the deletion, resulting in a 1 kb product for both siblings (AC247 and 

AC248) and both parents (AC1887 and AC1888) (Figure 7-17), indicating the TANGO2 

deletion was recessively inherited from both parents. The PCR conditions for this assay were 

optimised for the deleted allele, therefore the undeleted allele was not amplified. To confirm 

the parents were heterozygous for the deletion amplification of the non-deleted allele was 
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performed using a PCR assay that crossed the junction of the 5’ deletion breakpoints (with 

one primer located within the deleted sequence). Sanger sequencing of the resulting 657 bp 

product confirmed the presence of the undeleted allele in both parents (AC1887 and 

AC1888), which indicated the TANGO2 deletion was heterozygous in both parents, fitting 

with the homozygous recessive mode of inheritance. No product was amplified for either 

child using the primer pair specific for the undeleted allele, confirming the homozygous state 

of the deletion in the children (Figure 7-17). 

Sanger sequencing of the PCR product encompassing the deletion breakpoint was however, 

problematic due to regions of homopolymer runs on both sides flanking the deletion. Despite 

many attempts to optimise the Sanger sequencing reactions, sequence across the breakpoint 

was unable to be obtained. However, further work is now investigating using MinION 

(Oxford Nanopore, Oxford, UK) to sequence through the homopolymer runs and confirm the 

precise breakpoint. Viewing the reads in IGV and the presence of discordant read pairs which 

span the breakpoint leaves no doubt, however, that the deletion is present in both siblings and 

is predicted to be 34 kb in length encompassing exons three through nine of the TANGO2 

gene which deletes the transcription start site for the gene. 

A 34 kb deletion of exons three through nine of TANGO2 has previously been reported in 

individuals with phenotypes consistent with the AC siblings, including two studies in the 

same issue of The American Journal of Human Genetics in 2016 (Kremer et al., 2016; Lalani 

et al., 2016), and another in 2018 (Dines et al., 2018). Together, ten pedigrees have been 

reported with homozygous deletions of exon three through nine of TANGO2 in children with 

recurrent metabolic crises characterized by encephalopathy, hypoglycemia, rhabdomyolysis, 

and arrhythmias. There are also seven additional families (included within these reports) who 

have inherited the exon three through nine deletion in a compound heterozygous manner with 

a SNV or with other deletions at other locations in the TANGO2 gene.  

The 34 kb deletion of exons three through nine of TANGO2 is present at an allele frequency 

of 0.11% in Europeans (Shaikh et al., 2009), with no homozygotes in the publicly available 

databases 1000 Genomes, DGV, and ExAC. Interestingly, Lalani, et al. investigated if the 

deletion was recurrent, or if it was ancestral (Lalani et al., 2016), and identified a 1.4 Mb 

ancestral haplotype including 20 small variants which segregate with the deletion in the 354 

bp surrounding the breakpoint. This haplotype was present in all individuals who carry the 

deletion (including unrelated affected individuals).  
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Figure 7-17 Confirmation of TANGO2 deletion in the AC quad. A. Family pedigree indicating transmission of 
the exon 3-9 TANGO2 deletion. B. Gel electropherogram of deleted allele PCR with 1 kb product showing the 
transmission of the deletion encompassing the TANGO2 gene C. Gel electropherogram of undeleted allele PCR 
with 657 bp product showing the presence of the undeleted allele in the parents. D. The breakpoint junction 
sequence identified by Lalani, et al.(ii) aligned with the human reference sequence GRCh37.p13, demonstrating 
the transition from the 5’ (red, ii) to the 3’ (blue, iv) breakpoints. The Sanger sequence of the deletion in the 
sibling-pair as part of this thesis research (iii) confirmed the same haplotype as that identified by Lalani, et al. 
(informative haplotype SNVs are represented in green and yellow, with those in yellow representing variants 
present in dbSNP142. The full Sanger sequence was not obtained due to sequencing difficulties 

B C 

A 
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Sanger sequencing of the deleted allele in the AC siblings captured the first 181 bp of the 354 

bp of the larger haplotype presented by Lalani, et al. (Figure 7-17) and included all of the 

informative haplotype small variants in this region, further supporting the deletion in the AC 

siblings is of the same ancestral origin identified by Lalani, et al.  

Thus, using a WGS CNV approach, this sibling pair received a diagnosis of MECRCN, after 

a long diagnostic odyssey. 

7.2.9 The Use of Read Depth Based Whole Genome Sequence Base Copy Number 
Variant Detection Software for Secondary Analysis 

As discussed in section 7.2.8.3, although the causative deletion was present in both siblings 

of the AC pedigree, the deletion was only predicted by BreakDancer in the youngest sibling 

(AC248). The deletion was not called by BreakDancer in AC247 due to the small number of 

discordant reads across the deletion (two, Figure 7-16). Therefore, despite the superior 

performance of BreakDancer for identifying deletions from the analysis in Chapter 5, it is 

clear BreakDancer will not detect all CNVs.  

To determine if other methodologies could identify any additional putative CNVs that may 

have been missed by BreakDancer, the two next best performing software from chapter 5 

(Delly and CNVnator, methods which both exploit read depth for CNV calling) were used to 

predict CNVs for the research cohort using the same default parameters that were used for the 

analyses in Chapter 5. The same filtering and prioritisation pipeline was applied to the CNVs 

predicted for each individual/sibling pair as described in Chapter 6. For this secondary 

analysis, only variants which had exonic or genic breakpoints within genes associated with 

OMIM defined disorders were considered. 

Interestingly, the 34 kb deletion within TANGO2 in the AC pedigree was, identified in both 

siblings - AC248 and AC247 with CNVnator and Delly, given the media read depth over the 

deletion is zero (Figure 7-16). However, no further candidate CNVs were identified in any of 

the other pedigrees within the research cohort. Therefore, although incorporating a tool which 

utilises read depth may improve the sensitivity of the pipeline, the contribution to the 

identification of additional true CNVs is likely to be minor, while simultaneously increasing 

the number of false positive calls. 
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7.3 Factors affecting calls from copy number variation detection 
software 

7.3.1 Copy Number Variants called from Aligned Whole Genome Sequence Reads 
from DNA Extracted from Saliva versus Blood  

Whole genome sequence from the research cohort was derived from DNA extracted from 

either saliva (seven families) or blood (24 families). Interestingly, we observed a large 

difference in the number of total variants predicted by BreakDancer between WGS from 

DNA extracted from saliva (median 29,731) compared to blood (median 4112.3) as 

illustrated in Table 7-1. This difference comes from the number of BreakDancer predicted 

duplications, as the number of deletions predicted by BreakDancer is comparable across 

sequence derived from blood and saliva (3977.5 vs 3881.8, respectively). The increased 

proportion of duplications consisted mainly of small and low confidence duplications (with 

an average of 81.36% of duplications for all cases with saliva sourced DNA [standard 

deviation, SD 7.13%] compared to 3.42% for all cases with blood sourced DNA [SD 2.86%], 

t-test p=1.30x10-6).  

Despite the increase in the number of CNVs called from reads derived from saliva DNA, the 

percentage of reads aligned to the human reference genome for these samples was 

significantly less (t-test p-value 0.03) than that from blood extracted DNA (saliva range 

58.6%-92.36%, mean 83.58%, SD 11.62% vs. blood range 91.53%-99.77%, SD 1.62%,). 

This is perhaps not unexpected given some level of contamination from the oral microbiome 

is inevitable with saliva extracted DNA (James, Iwasiow, & Birnboim, 2011). 

In his Master’s thesis, Christopher Samson investigated causative small variants in five of the 

cases presented in this thesis (Samson, 2018a). He determined that the saliva sourced samples 

contained non-human DNA (largely bacterial in origin), and in some cases this resulted in 

indels incorrectly called by variant callers. Mr Samson identified that the non-human reads 

that aligned to the human reference genome had a unique signature where the two read pairs 

overlapped each other, with 19-22 bp aligned to the human genome, and the remaining 

flanking sequence of each read dissimilar to the aligned sequence. Thus, he developed a shell 

script which removed read pairs with an insert size of 30 or less (Samson, 2018b), which 

represented read pairs from bacterial DNA sources. 

For the research cohort in this thesis, a linear relationship between the number of reads not 

aligned to the human reference genome (and therefore likely bacterial reads) and the number 

of small and low confidence duplications predicted for the saliva samples was observed 
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(Figure 7-18, R2=0.8885). This relationship suggested that the majority of small, low 

confidence duplications called from DNA sequence derived from saliva was a result of 

bacterial contamination.  

In order to investigate if the removal of bacterial reads could improve CNV calls (i.e. remove 

incorrectly called CNVs from reads of bacterial origin) from saliva extracted DNA, bacterial 

reads were removed using the shell script developed by Mr Samson. This was applied to 

DP1056, the case with the highest unaligned percentage of reads and highest number of 

small, low confidence duplications. To determine if this script would adversely affect true 

CNV calls (not resultant from DNA sequence of bacterial source), the scripts were also 

applied to AC248, with the confirmed TANGO2 pathogenic deletion identified by 

BreakDancer. The result was a 1,990 fold decrease in the number of total duplications 

predicted for DP1056. In particular small, low confidence duplications from DP1056 were 

reduced to numbers consistent with that from samples where DNA was extracted from blood 

(81,611 small, low confidence duplications from unprocessed WGS to 0 from WGS with 

bacterial reads removed). The number of predicted total CNVs that were retained after all 

filtering steps decreased from nine CNVs to five. Notably, all four CNVs that were removed 

with this script had no change in read depth over the predicted CNV when visualised in IGV 

 

Figure 7-18 Effect of DNA source on the relationship between unmapped reads and CNVs called by 
BreakDancer. There is a clear linear relationship between the percentage of unmapped reads and the number of 
small, low confidence duplications called by the WGS based CNV detection software BreakDancer for saliva 
extracted DNA, but not for blood extracted DNA 
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 (as described in section 6.2.6), indicating only false positives were removed by incorporating 

the bacterial read removal step into the pipeline. The bacterial read removal step did not have 

an effect on identification of the validated TANGO2 deletion indicating it did not have an 

adverse effect on high confidence or “true” CNVs. This is also supported by the negligible 

effect of applying a bacterial read removal step for sequence from DNA derived from blood.  

7.3.2 Effect of the Choice of Alignment Software in the Identification of Copy 
Number Variants 

All primary forms of WGS based CNV detection software rely upon alignment to a reference 

genome, irrespective of the method applied to identify the CNVs. The accuracy of the 

software used to align the raw sequence reads therefore has the potential to effect CNV calls. 

For example, it is possible that the TANGO2 deletion was not detected in sibling AC247 due 

to poor alignment around the deletion breakpoints. To try and improve the alignments around 

CNV breakpoints, alternative methods for aligning the WGS paired end reads for cases 

AC247 and AC248 were trailed. The results of these alternative alignments are outlined 

below. 

7.3.2.1 Ability of BreakDancer to Call Copy Number Variants from Reads Aligned by 
Bowtie2 

Firstly, alignment using an alternative software package was performed. Bowtie2 was 

selected as the developers report improved targeted alignment around sequence gaps, such as 

those resulting from insertions and deletions (Langmead & Salzberg, 2012). The newly 

aligned bam files for the AC sibling-pair were then used to predict CNVs using BreakDancer 

and were subsequently filtered and prioritised using the pipeline from Chapter 6. Bowtie2 

was inferior to that from BWA-MEM for all metrics of alignment and CNV identification. 

Furthermore, the causative TANGO2 deletion was not identified by BreakDancer from the 

Bowtie2 alignment for either sibling.  

7.3.2.2 Realigning Unmapped Reads Using BWA-MEM 
Alignment algorithms often have difficulties mapping read pairs which span CNV 

breakpoints due to the resulting insert size differing from the expected insert size. To help 

mitigate this alignment issue, all unaligned reads from the original alignment were realigned 

to the human reference genome using BWA-MEM with default parameters altered to include 

no gap extension penalty. However, there were no read pairs that spanned the breakpoints of 

the TANOG2 deletion (either with or without the mapped corresponding mate read). 

Therefore, remapping of the unmapped reads with no gap extension penalty did not allow for 
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identification of additional CNVs missed by BreakDancer using current best practices for 

WGS read alignment. 

The realigned unmapped reads for cases AC247 and AC248 were then merged with the 

original alignment file using SAMtools. In this merged alignment, one additional discordant 

pair was present in the merged alignment for individual AC248 (five in total), with the same 

number for individual AC247 (two). Thus, the TANGO2 deletion was identified by 

BreakDancer and the filtering pipeline using the merged alignment for AC248 but not 

AC247. As from the default alignment, the deletion was filtered out for AC247 during the 

first step of filtering as the BreakDancer confidence score SQ = 34 in this case for this CNV 

(compared to SQ = 76 in AC248) which is below the recommended threshold of SQ = 60. 

7.3.2.3 Realigning All Reads with BWA-MEM with No Gap Extension Penalty 
Finally, to determine if the sensitivity of CNV detection could be improved during the first 

alignment step, all WGS reads for both AC siblings were aligned to the reference genome 

using BWA-MEM with no gap extension penalty. 

As was observed in the merged alignment, the TANGO2 deletion was detected by 

BreakDancer in this new alignment in case AC248, but not in case AC247. The number of 

discordant mate pairs which spanned the breakpoint was identical to that from the alignment 

using default parameters (two for AC247 and four for AC248). Similarly, to the merged 

alignment above, the deletion was filtered out for AC247 based on the sub-threshold 

confidence of SQ = 35 (SQ = 77 for AC248). 

Together, the analyses presented above has demonstrated that alterations in the alignment 

from currently available alignment software did not improve CNV calling from BreakDancer, 

at least for the specific cases presented. The sensitivity of the pipeline for further 

identification of causative CNVs (such as the TANGO2 deletion in AC247) could be 

improved by reducing the confidence filtering threshold, however this will most likely 

increase the number of false positive CNVs identified. 

  



 

 
172 

7.4 Summary and Discussion 
This chapter presents candidate CNVs identified from a research cohort of 31 New Zealand 

families with a child/ren with a NDD using the structural variant pipeline developed and 

described in Chapter 6. 

Following filtering, prioritisation and biological interpretation, seven families had a candidate 

CNV. From PCR and Sanger sequencing, six of the seven were shown to be inherited in the 

same zygosity from an unaffected parent, and were therefore regarded as non-causative. In 

the remaining family, pedigree AC, a homozygous deletion encompassing exons three – nine 

of the TANGO2 gene was identified in the sibling-pair who presented with ataxia, deafness, 

DD, rhabdomyolysis, cardiomyopathy and hypothyroidism. RBV values for this deletion 

reached significance in both siblings providing further evidence for this CNV. The 34kb 

deletion has previously been reported as pathogenic, however Sanger sequencing of the 

precise breakpoint was elusive due to runs of homopolymers flanking the predicted 

breakpoints. Options for confirmatory breakpoint sequencing are being explored, including 

the use of MinION (Oxford Nanopore, Oxford, UK) which specialises in long read 

sequencing and has been reported to accurately report the length of homopolymer runs up to 

20 nucleotides in length (Jain et al., 2018) (longer than the homopolymer runs flanking the 

TANGO2 deletion). Deletions in this gene are known to cause the autosomal recessive 

condition Metabolic encephalomyopathic crises, recurrent, with rhabdomyolysis, cardiac 

arrhythmias, and neurodegeneration (MECRCN, aka Tango2-Related Metabolic 

Encephalopathy and Arrhythmias, MIM: 616878), which is consistent with the phenotype of 

the affected sibling-pair.  

Both parents carry the deletion in a heterozygous state, with both children receiving one copy 

from each parent (making the children homozygous). The deletion is an ancestral CNV 

present at a frequency of 0.11% in Europeans (Shaikh et al., 2009), with homozygotes absent 

in the large population databases: 1000 Genomes, DGV, and ExAC. Sanger sequencing 

confirmed the children carried the ancestral haplotype observed by Lalani, et al. (Lalani et al., 

2016). From a clinical standpoint, this family has had a long diagnostic odyssey, and this 

genetic diagnosis will have a significant impact on the long term clinical management for the 

family, including avoidance of triggers of fatal acute metabolic crises (e.g. prolonged fasting 

and dehydration) and regular cardiology monitoring.  
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Despite the causative deletion only being detected in sibling AC248, on reanalysis the 

TANGO2 deletion was in fact detected by BreakDancer in AC247 from the original BWA-

MEM alignment, however, the deletion was below the developer recommended confidence 

threshold of 60 (SQ = 34), and thus was filtered out in the first step of the pipeline. Therefore, 

there is the potential to increase the sensitivity of the pipeline by lowering the filtering 

confidence score threshold, but this would be at the cost of increasing the number of false 

positive calls. Thus, further optimisation may need to be performed to mitigate the increase in 

false positive CNVs which would result from decreasing the confidence threshold filter.  

The cohort was sequenced using a combinatorial WES/WGS approach. Ideally, from a cost 

perspective it would be advantageous to be able to identify CNVs with reliability from 

aligned WES reads alone. This may be possible in the future with software/algorithm 

improvement, however testing of the currently available WES based CNV detection software 

has shown this is impractical. This was supported by the fact that five of the seven candidate 

CNVs encompassed less than three exons (the minimum size threshold for CNV detection 

from WES) (Hong et al., 2016)), and thus would not have been detected using WES based 

methods. The parental WES data could however be used to derive parental SNV genotypes 

over the region of interest and they indicated potential transmission of the CNVs from the 

parent/parents to the affected child. 

The probability of the presence or absence of a particular CNV was also calculated from the 

allele balance using the RBV software developed in chapter 5 (as demonstrated by the 

TANGO2 deletion in the AC sibling-pair). However, three CNVs were not validated by RBV 

because of their small size. As presented in the manuscript in Chapter 6, RBV compares the 

number of heterozygous SNV within a putative CNV to the number within randomly 

generated diploid regions, and therefore is only able to correctly determine true CNVs >10 

kb, as small diploid genomic regions are more likely to contain no heterozygous SNVs by 

chance alone compared to larger regions. 

The increased power of WGS based methods to detect causative CNVs relative to the current 

clinical standard of aCGH was also demonstrated by the AC pedigree. Array CGH had 

previously been performed for both siblings prior to the inclusion in this research, and the 

causative deletion was not identified (likely because it was below the size threshold used in 

clinical molecular diagnostics). However, further optimisation of CNV based WGS 

technology for use in the clinic is required as illustrated by pedigree AC where the TANGO2 
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deletion was only predicted by BreakDancer for one of the siblings (AC248). The low 

number of discordant read pairs across the breakpoint for AC247, meant the deletion was not 

predicted in this individual (using the default parameters of BreakDancer) as discordant reads 

are the information BreakDancer utilises to call CNVs.  

The TANGO2 deletion was however detected in both siblings using the software CNVnator 

and Delly, which incorporate read depth based methods which suggests greater sensitivity for 

CNV detection may come from incorporating a read depth approach into the analyses. 

However, it is likely the increase in sensitivity by incorporating read depth into the analyses 

will be minimal, given the reanalysis of the research cohort using CNVnator and Delly, did 

not identify any additional candidate CNVs. Furthermore, comparisons between CNV 

discovery software Delly and BreakDancer presented in Chapter 5 demonstrated that CNV 

calls from Delly resulted in a minor increase in sensitivity relative to BreakDancer, at the 

expense of an increase in FDR.  

An overrepresentation of small, low confidence duplications were called by BreakDancer 

from aligned WGS reads derived from saliva compared to blood extracted DNA. It has 

previously been observed that indels can be incorrectly called by HaplotypeCaller from WGS 

aligned reads from DNA samples derived from saliva due to bacterial contamination 

(Samson, 2018a). When the sequencing statistics of the research cohort were analysed it was 

observed there was a linear relationship between the number of small low copy duplications 

and the number of reads not mapped to the human genome (representing bacterial DNA). 

This provided evidence that reads of bacterial origin can align to the human genome, 

resulting in false positive calls by BreakDancer. When the incorrectly mapped bacterial reads 

were eliminated from the bam file for individual DP1056 (which had 41.4% of reads not 

aligned to the human genome) using scripts developed by Christopher Samson, the majority 

of the small low confidence duplications were eliminated to numbers comparable to DNA 

samples extracted from blood. Removing bacterial reads did not appear to impact the number 

of “true” or high confidence CNVs that had survived filtering and prioritisation (none of the 

CNVs with visible changes in read depth were lost following removal of bacterial reads). 

Therefore, it would be important for future studies using saliva as a source of DNA to 

generate WGS reads to consider removing WGS reads of bacteria source. 

The analyses presented in this chapter also highlighted a potential limitation of BreakDancer, 

whereby very few duplications compared to deletions were called by BreakDancer, and 



 

 
175 

retained at each filtering step (aside from those due to bacterial reads, section 7.3.1). Despite 

only analysing the performance of CNV detection tools to detect deletions (Chapter 5), a 

previous study had reported that BreakDancer had a sensitivity of >80% for both deletions 

and duplications (L. Chen et al., 2017). However, the absence of duplications from any of the 

prioritised CNVs for the cases presented here highlights the increased technical difficulty of 

identifying duplications compared to deletions.  

Different alignment software packages and parameters were also tested with the hope of 

improving variant calling around sequence gaps (such as those resulting from insertions and 

deletions). However none of these methods produced mapped reads that improved CNV 

detection, at least in the example tested (AC pedigree).  

Along with the CNV analysis described in this chapter, concurrent small variant analysis was 

performed by other members of the laboratory for this research cohort (described in Chapter 

6). Taken together, the resulting diagnostic efficiency was 75% for the cohort, comparable to 

levels from the most successful studies (Yuen et al., 2015). Focussing on CNVs, two 

causative CNVs (SLC19A3 and TANGO2) were identified in 4/36 individuals (11.1%). The 

proportion of individuals identified with a causative CNV is therefore consistent with 

previously reported estimates (2-20%) (Cooper et al., 2011; Sagoo et al., 2009; Thygesen et 

al., 2018; Trost et al., 2018). Furthermore, cases with large high confidence CNVs detected 

via aCGH (> 400 kb) were excluded in this research cohort (if the CNV was deemed 

causative). Therefore, the CNV diagnostic yield of 11.1% is remarkable given the difficulties 

often encountered in detecting CNVs between 1 kb and 400 kb, and it is likely that previous 

estimates of CNV burden in NDDs using low resolution technology may be underestimates.  

There are however still eight pedigrees in the cohort without a diagnosis. It is possible that 

those disorders do not have a genetic basis, however it is also plausible that the underlying 

genetic cause was missed by the current WGS approach. Copy number variants are only one 

class of SV which can affect gene expression and cause disease. Other SVs such as balanced 

rearrangements and more complex SVs were not analysed as part of this pipeline as they 

don’t result in loss or gain of genetic material. Additionally, insertions and deletions between 

the size threshold of indels (50 bp – as detected by the small variant pipeline) and the 

minimum sized CNV threshold used in this thesis (1 kb) would not have been detected by 

either approach for this cohort.  
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Overall, the analysis performed in this chapter demonstrated the ability of WGS based CNV 

detection tools (specifically BreakDancer) to identify biologically relevant CNVs from 

aligned WGS reads and vouches for its use in the clinic. Whole genome sequencing has the 

potential for single test genomics, allowing for detection of a broad range of CNVS (e.g. 

balanced, complex, small, and large) as well as SNVs. 
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Chapter 8 – General Discussion  
 

8.1 Introduction 
The overall aim of the work described in this thesis was to develop a methodology for the 

identification of CNVs using aligned short read genetic sequence in individuals with 

neurodevelopmental disorders. In pursuit of this objective, software that used WES and WGS 

aligned reads to detect CNVs was tested and compared.  

Copy number variants belong to the largest size category of genetic variation, structural 

variants (SVs), and are defined as increases or decreases in genomic content ≥1 kb in length. 

They can profoundly affect gene expression, and have been shown to be responsible for an 

estimated 17.7% of the genetic impact on gene expression in healthy individuals (Stranger et 

al., 2007). While originally thought to be rare, it is now understood that CNVs are a common 

form of human genetic variation, with each individual harbouring over 1,000 CNVs (Conrad 

et al., 2010; Durbin et al., 2010; McVean et al., 2012; Pang et al., 2010) and accounting for a 

greater proportion of nucleotide variance between individuals than SNVs (1.5% vs 0.1%, 

respectively).  

Despite each individual harbouring many CNVs, the majority do not adversely affect health 

and well-being. They can however profoundly impact biology, and this is particularly evident 

in NDDs. The role of genetic variation in the aetiology of NDDs has been well established by 

heritability studies (W. Chen et al., 2008; Colvert et al., 2015; Hallmayer et al., 2011; Ma et 

al., 2015; Sandin et al., 2014), and directly through the identification of causative genetic 

variants (Yong-hui Jiang et al., 2013; Liao et al., 2010; Rauch et al., 2012). Copy number 

variants in particular play a significant role in the aetiology of NDDs, with this form of 

mutation attributed to 10-20% of cases (Cooper et al., 2011; Sagoo et al., 2009; Thygesen et 

al., 2018). Although there has been tremendous progress in understanding the role of CNVs 

in these conditions (especially since the advent of second generation sequencing), the full 

picture is far from clear.  

Rapid developments in DNA sequencing technology have allowed for the survey of the entire 

human genome to base pair resolution and have led to increasing knowledge of CNVs and 

their role in disease. There is still however technical difficulty in identifying CNVs, due to 

variability in sequence read depth (e.g. due to GC bias) and difficulties in aligning reads 



 

 
178 

around breakpoints. Significant work has progressed the development of algorithms for the 

detection of CNVs from aligned short sequence paired reads (from both WES and WGS 

data), exploiting characteristics such as changes in read depth, alignment of read pairs, and 

split reads as well as using assembly based approaches. However, there is yet to be an 

established best practice for CNV detection and annotation, making translation and 

implementation in the clinic difficult.  

This thesis describes the development of a novel pipeline to identify and prioritise CNVs 

from WGS reads, which resulted in molecular diagnoses for two families.  

8.2 Summary of major results 
This research began by testing and comparing methodology for the identification of CNVs 

using aligned short read genetic sequence (both WES and WGS). Based on this initial phase 

of trialling and optimisation, a custom bioinformatic pipeline was developed. This CNV 

detection pipeline incorporated publically available data from a range of sources, allowing 

the inclusion of annotations such as population frequency, gene function and disease 

association. A novel software package, RBV, was also developed as part of this thesis work 

to make use of genotype data determined from individual sequence reads. The pipeline was 

subsequently applied to a cohort of 31 families with children with NDDs. The cohort 

consisted of 24 trios (one affected child and two unaffected parents), one duo (an affected 

child and unaffected mother), and six quads consisting of two children and two unaffected 

parents (5/6 quads had two affected siblings). For each family the affected child/ren was 

sequenced using WGS, while the parents were sequenced using WES. This was in an effort to 

reduce sequencing costs, whilst still affording the opportunity to detect CNVs.  

The results of this thesis are presented in chapters three through seven. The start of this 

research (Chapter 3) describes the investigation of the use of WES aligned reads for the 

identification of CNVs. This prospect was particularly attractive because, WES is cheaper 

and the analyses would require reduced data storage and computational requirements relative 

to WGS. However, the WES based algorithms tested (XHMM and CoNIFER) performed 

poorly, and could not effectively detect CNVs due to low sensitivity and high FDR. This 

resulted in the decision to assess the use of WGS for CNV detection.  

Chapter 4 documents an example of the success of a WGS based CNV detection approach, 

which resulted in a published case report describing a novel causative 4.8 kb deletion in the 
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gene SLC19A3 in a sibling pair. Together with a SNV, this resulted in the diagnosis of 

phenotype biotin-thiamine-responsive basal ganglia disease, and proved the utility of WGS 

for CNV detection.  

A quantitative analysis of the sensitivity and FDR of a selection of WGS based CNV 

detection tools was subsequently performed (reported in Chapter 5). This comparison 

identified BreakDancer as the best performing software package (tested in this research), 

based on the balance between sensitivity to detect CNVs and the rate of false discovery. 

Therefore, this method was incorporated into a custom bioinformatic filtering and 

prioritisation pipeline (described in Chapter 6). The pipeline was applied to a cohort of 31 

families with children with a molecularly undiagnosed NDD. The output for each case was 

filtered and prioritised CNVs, which contributed to the identification of candidate mutations 

in seven cases (Chapter 7). The main findings from each of these chapters is described below. 

8.2.1 Copy Number Variant Detection Using Whole Exome Sequencing Data 

(Chapter 3) 

To investigate the use of aligned WES reads to detect CNVs, a comparison of tools was 

performed using pooled samples. The WES reads used in this study were generated using 

multiple types and versions of capture kits. Multiple sequencing centres were contracted to 

generate the sequence, across multiple sequencing runs. The ability of the XHMM and 

CoNIFER software packages to accurately detect CNVs from WES reads was assessed using 

high confidence CNV calls from the GIAB consortium pilot individual NA12878 (Hemang 

Parikh et al., 2016). These packages were chosen based on number of citations at the time of 

selection (July 2015) and their performance in previous comparative reviews (Samarakoon et 

al., 2014; Tan et al., 2014). XHMM performed the best, with a sensitivity of 18.0% and a 

false discovery rate of 68.6% (compared to 0% and 100%, respectively observed with 

CoNIFER), however this was beneath the sensitivity required to have confidence in the 

accuracy of predicted CNVs.  

Previous reports have indicated that pooling exome sequences arising from multiple capture 

methodologies does not significantly affect the ability to positively identify CNVs relative to 

using a single capture methodology (Hong et al., 2016). Instead, the largest variability in the 

number of true CNVs results from samples being sequenced at different sequencing centres, 

and different runs at the same sequencing centre (Hong et al., 2016; Pfundt et al., 2017). It is 

therefore possible the ineffectiveness of the WES based CNV detection methods observed in 
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the analyses reported in Chapter 3 is due to the multiple different sequencing centres and 

sequencing runs used to generate the WES reads. This is important as research projects, and 

indeed clinical samples are often submitted in separate batches and often to different 

sequencing centres.  

The XHMM software has, however, been utilised by ExAC to call CNVs from 59,898 human 

exomes using WES from multiple different sequencing centres, batches and capture methods 

(Ruderfer et al., 2016). These ExAC CNV calls are reported as highly sensitive and specific, 

as validated by CNV transmission from parents to offspring. This ExAC report however did 

not directly address the sensitivity or FDR of the calls from XHMM by comparing to a truth-

set, instead relying upon the internal quality metric of transmission. Additionally, analysing 

the enormous and powerful data-set of 59,898 human exomes together may have overcome 

the potential problems from multiple sequencing centres and sequencing runs. Despite this, 

the results generated in this thesis demonstrate that in the context of the data available, the 

WES based methods tested (XHMM and CoNIFER) were inadequate for molecular based 

discovery of causative CNVs. 

Another limitation with WES CNV detection is the variability in read depth between adjacent 

exons as a result of variability in the efficiency of sequence capture. This means to establish 

sufficient data to identify a deletion or duplication, multiple exons must be involved 

(typically three adjacent exons, Hong et al., 2016). Therefore, despite the potential increased 

resolution of WES based CNV detection over traditional methods such as aCGH (Pfundt et 

al., 2017), there is still a limit to the size of CNVs detectable using WES based methods, with 

single exon deletions or multiplications likely missed. 

8.2.2 Identification of a Causative Copy Number Variant Using Whole Genome 

Sequence Data Using a Candidate Gene Approach (Chapter 4) 

The poor performance of WES based CNV detection tools lead to the investigation of WGS 

based methods. This approach was initially trialled using a pedigree with two siblings who 

first presented with decompensation, encephalopathy and seizures following febrile illness. 

Initially, a single deleterious SNV (p.G23V) in the solute carrier family 19, member 3 

(SLC19A3) gene was identified by summer student Isobel Hawkins using a small variant 

detection bioinformatic pipeline. This variant was inherited from an unaffected mother, with 

no further causal SNVs identified in this gene. The autosomal recessive condition is 

associated with this gene: biotin-thiamine-responsive basal ganglia disease (BTBGD, MIM: 
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607483), which aligned with the clinical phenotype of the siblings. This prompted a search 

for potential deleterious CNV within this gene, assuming a compound heterozygous mode of 

inheritance with the SNV. Whole genome sequence reads covering this gene were visualised 

using IGV, and a novel 4.8kb deletion encompassing the 5’ UTR of SLC19A3 was identified 

(NC_000002.11:g.228582252_228587059del4808insC). This CNV was present in both 

siblings, inherited from an unaffected father. Thus, a diagnosis of BTBGD was confirmed. 

Unfortunately during the process of genetic testing the eldest child died as a result of 

complication of the disorder. However, the molecular diagnosis guided life-saving treatment 

with biotin and thiamine for the surviving child. This was the smallest deletion encompassing 

the 5’ UTR identified as a mutation in this disease to date, refining the critical promoter 

region for SLC19A3.  

This result provided evidence of the utility of WGS reads to detect CNVs, including those 

below the clinical size threshold of aCGH. Furthermore, because this causative deletion only 

encompassed a single exon, it would not have been able to be detected by WES based 

methods.  

8.2.3 Copy Number Variant Detection Using Whole Genome Sequencing Data 

(Chapter 5) 

Following the success of WGS based tools to identify the SLC19A3 deletion using a 

candidate gene approach, the utility of using WGS aligned reads to unbiasedly survey the 

whole genome for CNVs was investigated. In order to do this, publically available WGS 

based CNV detection software tools were trialled to measure relative sensitivity and FDR in 

order to decide which method to incorporate a the pipeline to assess a cohort of individual 

with NDDs.  

Chapter 5 and the associated manuscript describes the quantitative analysis of WGS based 

CNV detection methods. The GIAB high confidence CNV call set with a threshold of ≥1 kb 

was used as the truth set. This consisted of 612 deletions between 1,000 bp and 139,619 bp in 

length, with no multiplications. The software programmes were largely chosen based on 

citations in peer reviewed literature. This approach does of course favour older methods 

where the associated reports have had longer to accumulate citations. It is therefore possible 

that more recently developed software may have better performance than those analysed here. 

All fundamental WGS based detection methodologies – read pair (BreakDancer), read depth 

(CNVnator), split read (Pindel), and assembly based (FermiKit), along with a combinatorial 



 

 
182 

approach (Delly which utilises read pair and read depth) – were evaluated using their default 

parameters. The manuscript in this thesis is the first report of an unbiased quantitative 

comparison of deletion detection using all fundamental WGS based detection methodologies 

(read pair, read depth, split read, and assembly based).  

Algorithms that utilise read pair based analysis (BreakDancer and Delly) had the best 

performance with regards to sensitivity and FDR. Specifically, the read depth based software 

BreakDancer was the most balanced approach, able to identify deletions ≥1 kb, with 

sensitivity of 92.6% and FDR of 34.5%, consistent with the rates presented in previous 

reports (L. Chen et al., 2017). Chen, et al. also reported a similar sensitivity for 

multiplications, thus it was assumed BreakDancer would perform equally well for identifying 

multiplications. Only the detection efficiency of deletions was evaluated in the analysis 

reported here as no duplications were present in the truth-set above the size threshold ≥1 kb. 

The combinatorial approach did not appear to offer a discovery advantage over read depth on 

its own, with sensitivity and FDR of 96.7% and 68.5%, respectively. The software package 

BreakDancer was therefore integrated into the CNV detection bioinformatic pipeline.  

When assessing the performance of biological and bioinformatic tools, it is important to 

consider the appropriate truth-set. Previous comparative WES CNV studies have utilised 

results from chromosomal microarray analysis to validate the accuracy of their calls (Guo et 

al., 2013; Hong et al., 2016; Yao et al., 2017), however standard microarrays detect CNVs 

>20 kb, making the validation of small CNVs not feasible. When considering potential higher 

resolution datasets to be used as method testing truth-sets, virtually all are inherently biased 

because the data was generated using currently available WGS based CNV detection 

methods. This results in the suboptimal situation of testing the same methods used to generate 

the truth-set. The GIAB (svclassify) high confidence deletion call set for individual NA12878 

was chosen as the most suitable for the CNV validation in this thesis because calls from the 

programs assessed in this research were used indirectly to identify alignment signatures 

which denote CNVs (in the machine learning phase), and did not directly call the CNVs. This 

helped minimise the potential bias of using this truth-set. Furthermore, deletion calls were 

only included in the training svclassify dataset if they were confirmed by physical analysis 

with PCR across breakpoints or array-based experiments. Many other research groups have 

used the GIAB dataset as a truth set, supporting the decision to use it in this thesis (Eisfeldt et 

al., 2018; Fan et al., 2017; Fang et al., 2018; L. Li et al., 2017; Trost et al., 2018).  
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8.2.4 Development of a Bioinformatic Pipeline for Identification of Copy Number 

Variant Mutations (Chapter 6) 

Chapter 6 describes the development and testing of a bioinformatic pipeline to filter and 

prioritise CNVs predicted by the software package BreakDancer (chosen in Chapter 5). This 

pipeline filtered based on: 1) the predicted confidence (SQ ≥60) and size (≥1 kb) of variants 

called by BreakDancer, 2) the frequency of variants, removing those common in population 

databases (allele frequency >2%), 3) the frequency of variants in our in-house dataset 

(removing those with an allele count >2 in unrelated individuals), and 4) overlapping genic 

regions. The in house filtering step is implemented as we have a unique ethnic population in 

New Zealand, so rare alleles in other populations can be common in the New Zealand 

population. The in-house frequency filter also offers the opportunity to remove CNVs called 

due to alignment technical artefacts. Following filtering, variants were prioritised based on 

the predicted effect on gene expression and function. The pipeline was designed to identify 

clinically relevant CNVs, therefore, the clinical interpretation guidelines described by Hehir-

Kwa, et al. (2010) and Nowakowska, et al. (2017) were adhered to. This ensured the 

following four major categories were addressed: lack of parental inheritance (e.g. parents do 

not share the same genotype configuration), population frequency (rare in both public and in-

house databases), large CNV size, and inclusion of genic content (Jayne Y. Hehir-Kwa et al., 

2010; Nowakowska, 2017). 

By adhering to the guidelines from Hehir-Kwa et al., and Nowakowska for filtering, one can 

be confident that the CNVs retained are highly likely to be causative. On a quantitative level, 

by limiting CNVs for manual interpretation to protein coding sections of the genome, there is 

an increase in the proportion of genetic variants for which the etiological significance can be 

predicted from the analysed data (Mills et al., 2011). The bioinformatic pipeline that was 

developed from the ground up in Chapter 6, prioritised such an efficiency in interpretation. 

However, for up to 53% of genes whose expression is altered due to a CNV, the CNV is 

located outside of the gene itself (Henrichsen et al., 2009). Therefore, while beneficial for the 

efficient interpretation of variants, limiting analysis to CNVs that encompass exons means 

potentially causative variants may be missed.  

Given the cohort consisted of individuals with profound NDDs and the focus on developing a 

pipeline for accurate diagnosis, this exchange of sensitivity for accuracy was deemed 

appropriate. However, to expand the research aspect of the pipeline and further the 
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understanding of new disease genes it would be appropriate to expand the pipeline to include 

the investigation of CNVs that incorporate regulatory elements located outside of exonic 

regions (discussed further in section 8.4.4).This chapter also presents the development of a 

novel software, RBV, for the validation and prioritisation of CNVs based on the allele 

balance over the predicted CNV called. RBV simultaneously interrogates nominated regions 

for the presence of deletions or multiplications, and differentiates large CNVs (>10 kb) from 

diploid regions. Randomly generated windows of the same size throughout the genome are 

used to determine the probability of a deletion using an empirical cumulative distribution 

function, and the probability of multiplication using a 2-sample Kolmogorov–Smirnov test. 

As RBV relies upon genotyped SNVs, this software can be used to interrogate CNVs called 

from both WGS and WES. Additionally, RBV can test for inheritance and violations from 

expectation by comparing the results between parents and offspring. This method was 

subsequently incorporated into the CNV detection pipeline at the prioritisation stage.  

The application of the CNV detection pipeline was validated on pedigree AM, successfully 

identifying the causative 4.8 kb deletion encompassing the 5’ UTR of the gene SLC19A3.  

8.2.5 Discovery of Causative Copy Number Variants in a Cohort of Individuals 

with Neurodevelopmental Disorders (Chapter 7) 

Following the validation of the WGS based CNV detection pipeline developed in Chapter 6, 

it was used to call, filter and annotate CNVs from aligned WGS reads in the probands of the 

remaining 30 families in the research cohort. These results are described in the seventh and 

final results chapter. Of the 30 families, seven were found to have candidate CNVs (one CNV 

per family). CNVs were not however called from the parental WES aligned reads based on 

the poor performance of WES CNV detection software as described in Chapter 3. 

Investigation of inheritance could be directly incorporated into the pipeline if all members the 

pedigree were sequenced using WGS with CNVs called from the aligned reads. 

The breakpoints for all seven CNVs were confirmed using PCR and Sanger sequencing, with 

six CNVs excluded due to inheritance from unaffected parents (after excluding the possibility 

of other variants acting in compound heterozygous inheritance with the CNV of interest). The 

remaining pedigree (AC) was a quad with two affected brothers who presented with 

recurrence of ataxia, deafness, DD, rhabdomyolysis, cardiomyopathy and hypothyroidism. 

The pipeline predicted a deletion which was supported by RBV, with no heterozygous loci 

across the deletion for both siblings, and significantly less heterozygous SNVs compared to 
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regions of the same size throughout the genome (p = 0.045 for AC247 and p = 0.034 for 

AC248, as determined by RBV). Inspection of reads via IGV and PCR confirmed the 

homozygous recessive inheritance of a 34kb deletion encompassing exons three through nine 

of the gene Transport and Golgi organization 2 homolog (TANGO2) in the siblings, resulting 

in the diagnosis of Metabolic encephalomyopathic crises, recurrent, with rhabdomyolysis, 

cardiac arrhythmias, and neurodegeneration (MECRCN, MIM: 616878).  

The function of the TANGO2 protein is not well understood. It has been reported that 

knockdown of the Drosophila orthologue results in fusion of the Golgi apparatus to the 

endoplasmic reticulum (Bard et al., 2006). However, human studies of homozygous mutant 

TANGO2 did not find any difference in Golgi organisation (Kremer et al., 2016). This finding 

is in line with the mouse orthologue of TANGO2 which localises to the mitochondria with 

minimal localisation to the Golgi (Maynard et al., 2008). Support for mitochondrial 

localisation of the human protein comes from a prediction that the first 13 amino acids of the 

mouse orthologue contains a mitochondrial targeting motif which shares 100% identity with 

the human protein (Kremer et al., 2016). Normal biochemical analyses of respiratory chain 

enzyme activity from a muscle biopsy of a patient harbouring the homozygous exon three 

through nine deletion, suggest the phenotype is not due to primary dysfunction of the 

respiratory chain, however this does not preclude transient impairment during metabolic 

crises (Kremer et al., 2016). Therefore, altered mitochondrial metabolism is the probable 

mechanism for MECRCN. Further investigation (such as culture of cells from individuals 

harbouring the deletion, or CRISPR edited cell lines) is required for understanding of the 

precise molecular mechanism. 

The 34 kb TANGO2 deletion has previously been reported in 18 families with phenotypes 

overlapping the AC siblings; ten were homozygous recessive for the deletion, and the 

remaining eight pedigrees harbour compound heterozygous variants (Dines et al., 2018; 

Kremer et al., 2016; Lalani et al., 2016). This deletion has previously been found to be 

ancestral and stable in the population, present at a frequency of 0.11% in Europeans (Shaikh 

et al., 2009), with no homozygotes in public databases of unaffected individuals (1000 

Genomes phase 3, Database of Genomic Variants, and ExAC). In all previously reported 

cases the deletion is in linkage disequilibrium with a 1.4 Mb ancestral haplotype (Lalani et 

al., 2016), which is present in the family in this study. The refined molecular diagnosis has 

been delivered to their clinician, with long term management plans for the family now in 
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place, including avoiding triggers of potentially fatal acute metabolic crises and regular 

cardiology monitoring. 

Interestingly, the TANGO2 deletion was not discovered in one of the siblings in this study 

(AC247) by BreakDancer. This was due to the low number (two) of discordant reads across 

the deletion in this individual. The peak in coverage following the distal breakpoint in the 

control individual in Figure 7-16 encompasses a genomic repeat that is present in every 

human autosome (Altschul, Gish, Miller, Myers, & Lipman, 1990). Such a repeat poses a 

problem for alignment software, and likely resulted in the ectopic alignment of reads to this 

position in the control individual. This potentially resulted in the paucity of read pairs 

spanning the distal breakpoint in the AC siblings. 

On reanalysis with read depth based methods CNVnator and Delly, the deletion was 

discoverable in both siblings, due to the lack of aligned reads over the deleted region. As a 

result of this finding, the rest of the research cohort was reanalysed with CNVnator and 

Delly, however no further candidate CNVs were discovered in any other family.  

Analysis of the unfiltered output from BreakDancer for AC247 revealed the TANGO2 

deletion was in fact originally detected, however the confidence score for the deletion (SQ = 

34)was below the developer recommended confidence threshold of SQ = 60, and thus was 

filtered out in the first step of the pipeline. Therefore, there is the potential to increase the 

sensitivity of the pipeline by lowering the confidence score threshold for the calls from 

BreakDancer. However, this would be at the cost of increasing the number of false positive 

calls. However, the higher FDR could be mitigated to some extent via the annotation and 

filtering steps presented in this thesis, which successfully reduced the total number of 

predicted variants (up to 85,000) to an average of 12 per case for interpretation. 

The assumption of causality for most severe NDDs is that they have a genetic basis from 

mutations in a single gene. However, studies have revealed that 3.2-12% of cases referred for 

WES have two or more genetic mutations contributing to their observed clinical phenotype 

(Balci et al., 2017; Posey et al., 2016; Tarailo-Graovac et al., 2016; Y. Yang et al., 2013, 

2014), with causal CNVs present in 11.9% of cases with multiple diagnoses (Posey et al., 

2017). Therefore small variant identification for this cohort was performed by two Masters 

students and Associate Professor Klaus Lehnert in parallel to the analyses described in this 

thesis work. This also allowed for compound heterozygous combinations of genetic variants 

across two categories (CNVs and small variants) to be investigated. The combined diagnostic 
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yield for the research cohort (considering SNVs, indels and CNVs) was 75%, comparable to 

levels previously reported (Yuen et al., 2015). While the analysis from Chapter 3 

demonstrated the inability of WES based software to reliably detect CNVs, the overall 

success of the concurrent CNV and small variant pipelines supports the use of the cost-

effective hybrid WES/WGS approach for identification of both small variants and CNVs. 

A causative CNV was identified in 4/36 affected individuals (11.1%), which is consistent 

with previous estimates of 10-20% (Cooper et al., 2011; Sagoo et al., 2009; Thygesen et al., 

2018), and much higher than the recently published yield of 2% from authorities in the field 

(Trost et al., 2018). Furthermore, cases which harboured large causative CNVs detected from 

aCGH (> 400 kb) had already been excluded from this research cohort and all causative 

CNVs identified here were below the aCGH threshold. It is therefore possible that previous 

estimates for CNV burden in NDDs based on detection using low resolution technology (such 

as aCGH) may be underestimates, and up to 30% of NDD cases may be attributable to CNVs. 

However, as the cohort in this thesis consisted of a small number of individuals, more high 

resolution WGS based CNV detection studies are needed to correctly determine the 

percentage of NDDs resultant from CNVs.  

A high confidence causative variant could not be found for eight families in the cohort for 

which there are likely causative genetic factors still to be identified, including combinations 

of common variants (Niemi et al., 2018). This polygenic inheritance is particularly relevant 

for the more common NDDs such as ASD, where sub diagnostic threshold levels of social 

impairment are often seen in unaffected family members of affected individuals (Colvert et 

al., 2015; Constantino et al., 2010; Pisula & Ziegart-Sadowska, 2015; A Ronald et al., 2011), 

particularly in multiplex pedigrees (Constantino et al., 2010; Pisula & Ziegart-Sadowska, 

2015). This sub-threshold presentation could result from an additive effect of multiple 

common genetic variants which come together in the proband to result in a phenotype with 

severity that puts the individual over the diagnostic threshold. Extended family clinical 

histories were not available for the families analysed in this thesis, thus we assumed variants 

to be high risk-low frequency, applying a population frequency filter of <2%. In the future, 

the pipeline could be adjusted to include more common CNVs, by raising this population 

frequency threshold. However, such a change in threshold would result in a dramatic increase 

in the number of variants to be interpreted.  
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For all CNVs identified in this cohort, the analysis was conducted under the assumption that 

the inherited CNVs were fully penetrant (including possible compound heterozygous 

inheritance with other CNVs and SNVs), thereby excluding CNVs that were inherited from 

an unaffected parent in the same zygosity. However, CNVs with incomplete penetrance have 

been shown to have a role in disrupted neurodevelopment (George Kirov et al., 2014). The 

most effective approach to determine penetrance is to perform large family studies. However, 

given most NDDs are extremely rare and are associated with reduced fecundity (Grayton et 

al., 2012; Power et al., 2013), it is perhaps not surprising that the underlying genetic variants 

are observed at an exceedingly low population frequency and are often de novo, making large 

pedigree analysis difficult. Therefore, while variants of reduced penetrance may contribute to 

the phenotype in some cases, it is not well understood.  

Finally, although genetic factors are undeniably important for the aetiology of NDDs, 

environmental factors can also play a part. For example, the most recent heritability estimate 

for ASD is 83% (Sandin et al., 2014), which means that up to 17% of the phenotype may be 

due to non-genetic environmental factors. However, in general this environmental based 

aetiology of NDDs is poorly studied due to the technical difficulties of such research, with 

few replication studies.  

The versatility of this bioinformatic pipeline allowed for the detection CNVs of modes of 

inheritance and varying effects on gene expression. Specifically, discrete CNVs (e.g. the 

SLC19A3 deletion, which is likely de novo within this family), recurrent CNVs (e.g. MTSU1 

deletion which is flanked by blocks of homology resulting in NAHR), and CNVs stable 

within the population (e.g. the ancestral TANGO2 deletion). The pipeline has also captured 

CNVs that have a cis regulatory effect (e.g. the deletion of the SLC19A3 promoter and the 

deletion of the TANGO2 transcription start site), and CNVs with no effect on phenotype (the 

remaining 6 cases with CNVs ultimately determined to be non-causative). Trans regulatory 

CNVs are much harder to identify and require additional technology and methods such as Hi-

C (Harewood et al., 2017).  

8.3 General Conclusion 
Neurodevelopmental disorders are extremely heterogeneous and individually rare, but 

cumulatively account for 7.0-13.6% of children aged (Arora et al., 2018; Zablotsky, Black, & 

Blumberg, 2017). Although genetic variation underpins much of the aetiology of NDDs, for 

many of these disorders the underlying genetics is not well understood, particularly in regards 
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to SVs. With the advent and application of WES and WGS, we have learnt that SVs, 

particularly CNVs, play a significant role in the biological cascade leading to the clinical 

phenotype. Considerable effort by the research community to develop tools for CNV 

detection from aligned paired end short reads has resulted in the generation of a large number 

of different software tools, however many have low sensitivity and high FDR, making CNV 

detection challenging. 

This thesis describes the development of a bioinformatic pipeline for CNV detection and 

subsequent identification of causative CNVs from individuals with NDDs. This research 

provided molecular diagnoses and refined clinical management for two families, one of 

which harbours a novel causative CNV, contributing to the increasing knowledge of the 

aetiology and biology of NDDs. Given the pipeline is agnostic to the disorder being 

investigated (along with the sequencing method and software used to identify CNVs), the 

methodologies developed in this thesis can be applied to disorders beyond NDDs and will be 

easily adapted as new sequencing technologies and CNV detection software is developed. 

8.4 Future Directions 

8.4.1 Improved Utility of Whole Exome Sequencing Based Copy Number Variant 

Detection Tools 

Although the work presented in this thesis demonstrates the superior ability of WGS based 

methods to identify CNVs compared with WES, the decreased cost, data storage and 

computational requirements of WES continues to make this approach attractive, particularly 

in the clinical setting.  

During the course of this research, there has been continued development of WES based 

CNV detection tools with the expansion of tools available from 24 (Appendix Table A 1-1) to 

130 (omicX, December 2018). Promising results were presented at the American Society of 

Human Genetics meeting 2018 for gCNV (currently in pre-release), a GATK workflow for 

WES based CNV detection (Smirnov et al., 2018). The results indicate a significantly 

improved performance for this method over that of XHMM. However, the sample size with 

which the analyses were performed was not stated, and it is possible that a large pooled 

sample size is required for accurate CNV calling. However, it will be interesting to follow the 

progress of this emerging methodology. 
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8.4.2 Use of Different Sequencing Methodologies to Detect Structural Variants 

The introduction of paired-end short read sequencing was revolutionary for genetics research, 

and the rapid decrease in cost over the past 11 years (NIH, 2016) has made it applicable to 

nearly every area of medicine. Whilst these second-generation sequencing approaches 

accurately and reliably detect small genetic variants, there are still challenges for sequence 

alignment (and therefore variant calls) in repetitive regions and for sequence alignments 

around SV breakpoints (which themselves are often repetitive). Such repeats and the resultant 

alignment errors are particularly problematic for read-pair based methodologies such as 

BreakDancer, as they rely upon paired reads aligning to either side of the breakpoints. One 

example of how such limitations can affect CNV calling is demonstrated by the TANGO2 

deletion, which was only called in one of the AC siblings due to the presence of a genomic 

repeat at the distal breakpoint. Testing of alternate alignment algorithms and methodologies 

did not improve the ability of BreakDancer to call this causative CNV. Therefore, additional 

sequencing approaches (such as long-read sequencing) may be required to improve CNV 

calling from WGS.  

The most recent development in sequencing technology involves the development of long 

read sequencing, including Oxford Nanopore’s MinION with 50% of reads >10kb (Jain et al., 

2018), and Pacific Biosciences’ SMRT sequencing with 50% of reads >45 kb (Pacific 

Biosciences, 2018). However, long read sequencing technologies have high error rates (10-

15%, Ardui, Ameur, Vermeesch, & Hestand, 2018; Magi, Giusti, & Tattini, 2016) compared 

to Illumina short read sequencing (0.24%, Pfeiffer et al., 2018) and are therefore not 

appropriate for the identification of causative SNVs on a genome wide scale (unless 

sequenced at great depth, which is not currently financially feasible for a genome wide 

survey). Long read sequences can, however, cover typically difficult regions to sequence with 

short-read sequences (such as repeats) in a single read. These long reads can then be 

assembled into contigs which can be supplemented with short read sequencing to improve 

nucleotide accuracy. The success of this approach was demonstrated in a recent publication 

where supplementation of ultra-long reads from MinION (N50 > 100 kb) with Illumina short 

read sequencing resulted in an assembly of the human genome with accuracy of 99.8%, 

including assembly and phasing of the highly repetitive 4 Mb major histocompatibility 

complex locus (Jain et al., 2018). Furthermore, this study closed some of the known gaps in 

the reference human genome assembly GRCh38.  
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Despite the power of long read sequencing to traverse difficult to align regions such as those 

surrounding CNV breakpoints, the cost of both MinION and SMRT sequencing is prohibitive 

for wide scale implementation, particularly in the clinical context at this point in time. 

However, a rapid decrease in cost (such as that observed for short-read sequencing) would 

make this technology widely accessible. 

While the cost of long read sequencing is not a feasible approach for most standard variant 

detection approaches, long insert sequencing or Linked-Reads allows for some of the issues 

associated with typical short read sequencing to be overcome at a reduced cost relative to 

long read sequencing. Long insert sequencing involves specialised library preparation of 

fragments ~3 kb in length, allowing for short read sequencing of DNA fragments further 

apart than typical for short read Illumina sequencing (e.g. 3 kb vs 350bp standard insert size 

for Illumina HiSeq) (Hanscom & Talkowski, 2014). This methodology allows for the 

identification of both deletions and multiplications, along with more complex CNVs and 

balanced SVs, all of which have been detected in individuals with NDDs (Brand et al., 2014). 

Similarly, the Linked-Reads technique from 10x Genomics (California, United States) 

involves short read sequencing of a singular large piece of DNA tagged with a single 

barcode. This creates a map of DNA within a finite genetic space. The Linked-Reads are then 

aligned to the reference genome and where barcoded reads are discordant from one another, 

SVs are called. The ability of Linked-Reads to utilise long range information to identify 

insertions (previously only identified by the long read sequencing technology PacBio) was 

recently reported by Meleshko, et al. (2019) (Meleshko, Marks, Williams, & Hajirasouliha, 

2019). 

Alignment errors resultant from genomic repeats may prove to be an even larger problem 

than demonstrated in the analyses performed in this thesis with the migration of analyses to 

the reference GCRh38. Unlike GCRh37, which was used throughout this thesis, 

GCRh38/hg38 contains ‘‘ALT contigs’’ representing alternate haplotypes (Schneider et al., 

2017). The presence of ALT contigs in the reference could potentially interfere with CNV 

detection by artificially sequestering reads from the primary assembly. Thus, with respect to 

CNV detection, utilisation of GRCh38 should be accomplished using ALT-aware workflows. 

8.4.3 Reanalysing Cases for Newly Discovered Disease Genes 

An important aspect of scientific research is building upon and utilising previous research, 

and this is particularly evident in our growing understanding of the biology underlying rare 
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high-risk genetic disorders such as NDDs. For example, in 2018 two studies reported a 13-

16% increase in cases with a molecular diagnosis when reanalysed three years after the first 

analysis (Hiatt et al., 2018; Wright et al., 2018). Therefore, despite the analysis of this 

research conducted using the best knowledge and practise at the time, it is almost inevitable 

that some causative genetic variants were not identified in this cohort with the currently 

available technology and biological knowledge. As such, it will be pertinent to periodically 

reanalyse cases to provide the highest possible rate of accurate genetic diagnosis.  

8.4.4 Identification of Previously Uninvestigated Genetic Variation 

The high diagnostic yield of the research cohort (75%) demonstrates the power of the parallel 

approach of small variant and CNV detection for identifying causative genetic variants. 

However, there is genetic variation that remains cryptic to these current best-practise 

approaches. At best, a genetic cause can be found in up to 70% of cases of selected 

individuals with relatively severe NDD phenotypes (Yuen et al., 2015), with most approaches 

typically able to identify a genetic cause in 30-40% of cases (Schaefer & Mendelsohn, 2013). 

using the small variant and CNV pipelines used in this study (based on best practice), 

insertions and deletions that fall between the size thresholds of these pipeline (50 bp – 1 kb) 

would not have been detected. These variants provide a unique challenge in that they are too 

large to be accurately identified using indel detection algorithms which utilise local 

realignment (Heng Li & Durbin, 2009), and small enough that there has yet to be an accurate 

determination of the performance of WGS based CNV detection software for this sized CNV 

due to a lack of appropriate truth set. As such, the investigation and validation of variant 

detection software that identifies insertions and deletions in this intermediate size range is 

required. This would enable the identification of causative changes in genetic content outside 

of the traditional size definition of CNVs. 

Copy number variants which encompass protein coding regions typically have the highest 

probability of a deleterious effect (Mills et al., 2011), thus for efficiency and confidence, the 

pipeline prioritised CNVs which encompassed exonic regions. However, up to 53% of CNVs 

which alter gene expression do not encompass the effected gene (Henrichsen et al., 2009). 

Therefore, the bioinformatic pipeline developed for this thesis may miss potentially causative 

CNVs, however the precise disease-mechanism underlying these CNVs is typically less well 

understood. Future iterations of this CNV detection pipeline could incorporate retention of 

non-genic CNVs, such as those which encompass regulatory regions. This could be achieved 

through an arbitrary expansion of the search window, or through evidence-based annotations. 
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There is a common assumption that promoters lie within 500 bp upstream from the 

transcription start sites, therefore expansion of the gene associated search window will 

capture these important regulatory regions, and is supported by changes in gene expression 

having been reported for CNVs located as much as 450 kb away from the gene (Henrichsen, 

Chaignat, & Reymond, 2009). Evidence-based annotations may include enhancer positions 

and their inferred target genes from GeneHancer (Fishilevich et al., 2017), or the coordinates 

of Topologically Associated Domains (TADs) from ENCODE (ENCODE Project 

Consortium, 2012). 

In addition to the intermediate sized CNVs and regulatory CNVs, other classes of SVs which 

are known to be associated with human disease (Finelli et al., 2012) may have been missed. 

This includes balanced SVs such as inversions and translocations, along with more complex 

SVs such as chromothripsis events, and compound SVs such as duplication-inversion-

duplication events (Brand et al., 2015). Together these genomic variants which are cryptic to 

standard sequencing approaches may allow for the identification of some of the ‘missing’ 

heritability in this research cohort. 

8.4.5 Integration of ethnicity data within the filtering pipeline 
The cohort investigated in this thesis consisted of individuals of European descent. While this 

was not a selection criteria, the individuals with profound NDDs clinically referred or 

selected from the Minds for Minds database for the study serendipitously belonged to a single 

ethnic group which are well represented in public databases. However, New Zealand has a 

unique population with significant admixture, and individuals with Maori and Pacific Island 

descent are absent from public databases.  

Ethnicity can play a role in the detection of causative CNVs at both the detection and analysis 

stages. For example, Conrad, et al. (2010) reported a greater number of CNVs present in 

individuals of African descent than those of European descent (Conrad et al., 2010). This is 

reflective of two separate phenomena: there is greater genetic variation in African 

populations, and that the reference against which CNVs are determined is from those of 

European descent. Such a European-derived reference genome is significant as individuals 

from ethnic backgrounds other than European will have CNVs called that may be present, 

common or even fixed in the population and therefore non-causative (White et al., 2007). By 

including individuals of other ethnic descent in the cohort, the in house frequency step has the 

potential to remove variants fixed in these populations. However, due to the small number of 
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individuals in the cohort in this thesis, CNVs which are more common or unique to 

populations but not fixed, will not be filtered during application of the pipeline. Therefore, in 

individuals from populations not covered by the 1,000 Genomes project or DGV, there likely 

will be an increase in the number of CNVs required to be analysed, however given the 

relatively small number retained following filtering seen in Chapter 6 and Chapter 7 this may 

not be problematic. However, such analyses will be greatly improved by a public database 

with significant numbers of individuals of Maori and Pacific Island descent, such as that 

which will be achieved from the Aotearoa New Zealand Genomic Variome project 

(Genomics Aotearoa, 2018). 

Gene expression can vary based upon the genomic context present, with differential gene 

expression between ethnic groups (Spielman et al., 2007). Therefore, the genetic background 

upon which CNVs are present may modulate the resultant phenotype. However, given the 

cohort in this research consisted of individuals with profound NDDs, the modulatory effect of 

differing genomic contexts may not play a large role in the aetiology of the disorders. If the 

pipeline was to be implemented to investigate other less profound disorders such as more 

high functioning forms of ASD, the genomic context will be important and thus filtering at 

both the population and in-house frequency levels could be limited to the ethnicity of the 

individual being investigated. 

8.4.6 Integration of additional prioritisation criteria within pipeline 
While the prioritisation steps implemented in the pipeline developed for this thesis 

successfully identified causative CNVs , there remains further options for prioritisation in 

future iterations of the pipeline which could be particularly useful for NDDs. Prioritisation of 

genes based upon expression was performed from RNA levels reported by GTEx (GTEx 

Consortium, 2015). While this did allow for prioritisation of CNVs which encompass genes 

expressed in the brain, GTEx expression data reflects RNA levels from adult tissue. For 

NDDs which present before the age of 18 years, adult expression data may not be the most 

appropriate. An improved measure of relevant gene expression may be from tissue derived 

from a developing brain such as the Developmental Transcriptome from BrainSpan (J. A. 

Miller et al., 2014). 

The ASD candidate gene list utilised previous experimental evidence to prioritise CNVs for 

individuals in the cohort which included ASD as part of the phenotype. Candidate gene 

prioritisation was also performed for cases where the clinician provided candidate gene lists. 
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The Deciphering Developmental Disorders (DDD) study (Wright et al., 2015) and the 

associated Development Disorder Genotype - Phenotype Database (DDG2P) reported a list of 

genes associated with developmental disorders linked to the phenotypes of the affected 

individuals. This database was not included in the pipeline, however due to the wide scope of 

developmental disorders in the DDG2P database including NDDs, it could be utilised to 

expand the candidate gene list for all individuals in the cohort. 

Haploinsufficiency prioritisation was provided via the ranking score generated by ClinGen. 

The curated list of dosage sensitive genes provides high confidence of the effect of CNVs 

encompassing genes listed. However, at the point of data extraction used for the filtering 

pipeline, only 1,308 genes had been curated. As of May 2019, DECIPHER has predicted 

haploinsufficiency for 19,124 genes with the data now available for download (N. Huang, 

Lee, Marcotte, & Hurles, 2010). Therefore, the more complete dataset from DECIPHER 

should be incorporated into future pipelines, however as the dataset does not include 

triplosensitivity predictions this would be in addition to the ClinGen data rather than as a 

replacement. 

8.5 Summary 
This thesis describes the investigation of short read sequencing for CNV detection, and 

subsequent development of a filtering and annotation pipeline to identify CNVs in individuals 

with NDDs. The success of the WGS based CNV detection algorithms and bioinformatic 

pipeline described in this thesis resulted in the molecular diagnosis for two families. By 

refining the diagnosis, treatment and management plans were put in place to prevent the 

potentially fatal consequences of their disorders. Furthermore, the work in this thesis is 

applicable to disorders other than NDDs and will be easily adapted for new sequencing 

technologies and improved CNV detection software. When used in conjunction with small 

variant detection methods, CNV detection from WGS brings the scientific community a step 

closer to single test genomics. This will not only be of benefit for academics understanding 

disease biology, but will lead to greater rates of molecular diagnosis and treatment outcomes 

at a reduced cost in the clinic, ultimately resulting in improved quality of life or lifesaving 

interventions for those affected. 
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Appendices

Appendix 1 Bioinformatic Tools for Copy Number Variant Detection 
from Aligned Short Read Sequence 

Appendix Table A 1-1 WES based CNV detection tools* 

Tool Signals used SV types detected Reference 
AS-GENSENG RD CNV Wang, 2015 
CANOES RD CNV Backenroth, 2014 
Canvas RD CNV Roller, 2015 
cnvCapSeq RD CNV Bellos, 2014 
cnvOffSeq RD CNV Bellos & Coin, 2014 
Comparative Exome Quantification 
analyzer (CEQer) 

RD CNV Piazza, 2013 

CONDEX RD CNV Ramachandran, 2011 
CONTRA RD CNV Li, 2012 
COpy number Detection by EXome 
sequencing (CODEX) 

RD CNV Jiang, 2015 

Copy number estimation using 
Lattice-Aligned Mixture Models 
(CLAMMS) 

RD CNV Packer, 2015 

Copy Number Inference From Exome 
Reads (CoNIFER) 

RD CNV Krumm, 2012 

Detection and Annotation of Copy 
Number Variations from WES data 
(DeAnnCNV) 

RD CNV Zhang, 2015 

EXCAVATOR RD CNV Magi, 2013 
ExoCNVTest RD CNV Coin, 2012 
eXome-Hidden Markov Model 
(XHMM) 

RD CNV Fromer, 2012 

ExomeCNV RD CNV Sathirapongsasuti, 2011 
exomeCopy RD CNV Love, 2011 
ExomeDepth RD CNV Plagnol, 2012 
ExonDel RD CNV Guo, 2014 
FishingCNV RD CNV Shi, 2013 
optimalCaptureSegmentation (oCS) RD CNV Rigaill, 2012 
PatternCNV RD CNV Wang, 2014 
SPLITREAD SR CNV Karakoc, 2012 
VEGAWES RD CNV Anjum, 2015 

*Tools and Structural Variant (SV) types identified from Omictools (OMICtools, 2016). Methods of detection:
Read depth (RD), Copy Number Variation (CNV).
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Appendix Table A 1-2 WGS based CNV detection tools* 

Tool Signals used SV types detected Reference 
AGE AS CNV, Del, Ins, Inv Abyzov & Gerstein, 2011 

ANISE and BASIL RP Ins 
Holtgrewe, Kuchenbecker, & 
Reinert, 2015 

BreakDancer RP 
CNV, Del, Ins, ITX, Inv, 
CTX 

Chen et al., 2009 

BreaKmer SR Del, Ins, ITX, Inv, CTX Abo et al., 2015 
Breakway RP Del, Ins, ITX Clark et al., 2010 

Canvas RD CNV 
Roller, Ivakhno, Lee, Royce, 
& Tanner, 2016 

CLEVER RP Del, Ins Marschall et al., 2012 

clipcrop SR Del, Ins, Dup, Inv, CTX 
Suzuki, Yasuda, Shiraishi, 
Miyano, & Nagasaki, 2011 

Clippers SR Del Chen, Souaiaia, & Chen, 2009 
Clipping REveals 
STructure (CREST) 

SR Del, Ins, ITX, Inv, CTX Wang et al., 2011 

Cloudbreak RP Del, Ins Whelan et al., 2013 

CnD RD Del, Dup 
Simpson, McIntyre, Adams, & 
Durbin, 2010 

CNValidator 
Ratio of 
homo:heter 
SNPs 

CNV 
Zhao, Wang, Jia, & Zhao, 
2013 

CNVer RP Del, Dup 
Medvedev, Fiume, Dzamba, 
Smith, & Brudno, 2010 

cnvHiTSeq RD, RP, SR Del, Dup Bellos, Johnson, & Coin, 2012 

CNVnator RD CNV, Del, Dup 
Abyzov, Urban, Snyder, & 
Gerstein, 2011 

CNVrd2 RD CNV 
Nguyen, Merriman, & Black, 
2014 

CNV-seq RD CNV, Del, Dup (Xie & Tammi, 2009) 
Control-FREEC RD Del, Dup (Boeva et al., 2012) 
Copy number estimation 
by a Mixture Of 
PoissonS (cn.MOPS) 

RD CNV, Del, Dup (Klambauer et al., 2012) 

Copy Numbers Of Genes 
in prokaryotes 
(CNOGpro) 

RD Del, Dup 
(Brynildsrud, Snipen, & 
Bohlin, 2015) 

CopyCat RD CNV (Zhao et al., 2013) 
CopySeq RD CNV (Waszak et al., 2010) 

Cortex AS CNV, Del, Ins, Inv 
Iqbal, Caccamo, Turner, 
Flicek, & McVean, 2012 

COSMOS RP, RD Del, Dup, Inv 
(Yamagata, Yamanishi, 
Kokubu, Takeda, & Sese, 
2016) 

DELLY RP, SR Del, ITX, Inv, CTX (Rausch et al., 2012) 
Estimation by Read 
Depth with Single-
nucleotide variants 
(ERDS) 

RD Del, Dup (Zhu et al., 2012) 
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FermiKit AS Del (Heng Li, 2015a) 

forestSV 
Supervised 
Machine 
learning  

Del, Dup (Michaelson & Sebat, 2012) 

GASVPro RP, RD Del, Inv 
(S. S. Sindi, Önal, Peng, Wu, 
& Raphael, 2012) 

Generic mUlti-SpliT 
Alignment Finder 
(Gustaf) 

SR 
Del, Ins, Dup, ITX, Inv, 
CTX 

(Trappe, Emde, Ehrlich, & 
Reinert, 2014) 

Genome STRucture In 
Populations (Genome 
STRiP) 

RD, RP, AS Del 
(Handsaker, Korn, Nemesh, & 
McCarroll, 2011) 

GENSENG RD CNV 
(Szatkiewicz, Wang, Sullivan, 
Wang, & Sun, 2013) 

Geometric Analysis of 
Structural Variants 
(GASV) 

RP, RD CNV, Del, Dup 
(S. Sindi, Helman, Bashir, & 
Raphael, 2009) 

GROM-RD RD CNV 
(Smith, Kawash, & Grigoriev, 
2015) 

IMR-DENOM AS Del, Ins (Gan et al., 2011) 
inGAP-sv RD, RP Del, Ins, Inv, CTX (Qi & Zhao, 2011) 

JointSLM RD CNV, Del, Dup 
(Magi, Benelli, Yoon, 
Roviello, & Torricelli, 2011) 

LUMPY SR, RP Del, Dup, Inv (Layer, Hall, & Quinlan, 2012) 
Magnolya RD CNV (Nijkamp et al., 2012) 
Manta RP, SR Del, Ins, Dup, ITX, Inv (X. Chen et al., 2015) 

MATCHCLIP SR CNV 
(Yinghua Wu, Tian, Pirastu, 
Stambolian, & Li, 2013) 

Meerkat RP, SR Del, Ins, ITX, Inv (L. Yang et al., 2013) 
Mendelian-inheritance-
AtTEntive CLique-
Enumerating Variant 
finder (MATE-
CLEVER) 

SR, RP Del, Ins 
(Marschall, Hajirasouliha, & 
Schönhuth, 2013) 

MetaSV RP, SR, RD Del, Ins, Dup, ITX, Inv (Mohiyuddin et al., 2015) 

m-HMM RD CNV 
(H. Wang, Nettleton, & Ying, 
2014) 

Micro-Inversion Detector 
(MID) 

RP Inv 
(He, Li, Tang, Ma, & Zhu, 
2016) 

micro-read Copy 
Number Variant Regions 
(mrCaNaVaR) 

RD CNV, Del, Dup (Alkan et al., 2009) 

MindTheGap de Bruijn graph Ins 
(Rizk, Gouin, Chikhi, & 
Lemaitre, 2014) 

modSaRa RD CNV (Xiao, Min, & Zhang, 2015) 
NovelSeq SR Ins (Hajirasouliha et al., 2010) 
Pair Read Informed Split 
Mapper (PRISM) 

SR, RP Del, Ins, Inv, CTX (Yue Jiang et al., 2012) 

PBHoney AS Del, Ins, Inv 
(English, Salerno, & Reid, 
2014) 

PEMer RP CNV, Del, Ins, Inv (Korbel et al., 2009) 
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Pindel SR CNV, Del, Ins, Inv (K. Ye et al., 2009) 
Platypus AS Del, Ins (Rimmer et al., 2014) 

PopIns AS Ins 
(Kehr, Melsted, & 
Halldórsson, 2015) 

QDNAseq RD CNV (Scheinin et al., 2014) 
QuicK-mer RD CNV (Shen & Kidd, 2015) 

RDXplorer RD CNV, Del, Dup 
(Yoon, Xuan, Makarov, Ye, & 
Sebat, 2009) 

ReAd Pair spliT Read-
Structural Variant 
(RAPTR-SV) 

RP, SR Del, Ins (Bickhart et al., 2015) 

readDepth RD CNV, Del, Dup 
(C. A. Miller, Hampton, 
Coarfa, & Milosavljevic, 
2011) 

Repeat 
Candidate CNV 
validator 

Del 
(Wittler, Marschall, 
Schönhuth, & Mäkinen, 2015) 

Reprever AS Ins 
(Kim, Medvedev, Paton, & 
Bafna, 2013) 

Sample Heterogeneity 
Estimation and 
Assembly by Reference 
(SHEAR) 

SR Del, Dup, Inv (Landman et al., 2014) 

SLOPE SR CNV, Del, Ins, ITX, CTX (Abel et al., 2010) 
SOAPsv AS Del, Ins, Inv (Yingrui Li et al., 2011) 
SoftSearch SR, RP Del, Ins, Inv, CTX (Hart et al., 2013) 
Sprites SR Del (Zhen Zhang et al., 2016) 

SV-Bay RP 
Del, Ins, Dup, ITX, Inv, 
CTX 

(Iakovishina, Janoueix-
Lerosey, Barillot, Regnier, & 
Boeva, 2016) 

SVClassify 
Unsupervised 
machine 
learning 

Del, Ins (Hemang Parikh et al., 2016) 

SVDetect RP 
Del, Ins, Dup, ITX, Inv, 
CTX 

(Zeitouni et al., 2010) 

SVMiner RP Del, Inv (Hayes, Pyon, & Li, 2012) 
SVseq SR Del, Ins (J. Zhang & Wu, 2011) 
TakeABreak de Bruijn graph Inv (Rizk et al., 2014) 
TIGRA AS CNV, Del (K. Chen et al., 2014) 
TrioCNV RD CNV, Del, Dup (Liu et al., 2015) 
VariationHunter RP CNV, Del, Ins, Inv (Hormozdiari et al., 2010) 
ViVar RD, RP, SR Del, Ins (Sante et al., 2014) 
WIthin-SamplE COpy 
Number aberration 
DetectOR 
(WISECONDOR) 

RD CNV (Straver et al., 2014) 

*Tools and Structural Variant (SV) types identified from OMICtools (OMICtools, 2016). Main methods of 
detection: Read Pair (RP), Read Depth (RD), Split Read (SR), and de novo assembly (AS). Structural variants 
detected: deletion (Del), insertions (Ins), duplications (Dup), Intra-chromosomal translocations (ITX), 
Inversions (Inv), Inter-chromosomal translocations (CTX)  
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Appendix 2 Alignment Statistics and Results Tables for Whole Exome 
Sequencing Based Copy Number Variant Detection 

 

Appendix Table A 2-1 Sequencing statistics for samples used in WES based CNV detection 

Sample Platform Total 
paired 
reads 

Total 
mapped 
reads 

Average 
Coverage 

Coverage 
over 
Nextera 
v1.1  

Sequencing 
centre 

TAK001a Nextera 
Expanded 
Exome kit 

19,440,510 19,367,487 
(99.62%) 

13.040325 11.746713 NZGL 

TAK002a Nextera 
Expanded 
Exome kit 

23,259,954 23,165,404 
(99.59%) 

16.335491 14.837236 NZGL 

TAK003a Nextera 
Expanded 
Exome kit 

26,280,648 26,192,055 
(99.66%) 

18.65295 17.109091 NZGL 

TAK004a Nextera 
Expanded 
Exome kit 

24,470,786 24,390,495 
(99.67%) 

17.860496 16.500117 NZGL 

TAK005a Nextera 
Expanded 
Exome kit 

17,249,925 17,189,502 
(99.65%) 

12.292302 11.222981 NZGL 

TAK006a Nextera 
Expanded 
Exome kit 

19,741,681 19,680,975 
(99.69%) 

14.562754 13.403336 NZGL 

TAK007a Nextera 
Expanded 
Exome kit 

18,084,914 18,019,381 
(99.64%) 

12.802213 11.716434 NZGL 

TAK008a Nextera 
Expanded 
Exome kit 

18,509,610 18,450,240 
(99.68%) 

13.091043 11.956741 NZGL 

TAK009a Nextera 
Expanded 
Exome kit 

19,986,364 19,914,757 
(99.64%) 

14.092717 12.824302 NZGL 
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TAK010a Nextera 
Expanded 
Exome kit 

19,775,844 19,691,714 
(99.57%) 

13.382905 12.101086 NZGL 

TAK011a Nextera 
Expanded 
Exome kit 

20,101,353 20,033,618 
(99.66%) 

13.811106 12.574405 NZGL 

TAK012a Nextera 
Expanded 
Exome kit 

16,932,783 16,882,935 
(99.71%) 

11.798361 10.673403 NZGL 

TAK013a Nextera 
Expanded 
Exome kit 

26,260,934 26,158,692 
(99.61%) 

17.233703 15.759617 NZGL 

TAK014a Nextera 
Expanded 
Exome kit 

30,737,799 30,598,297 
(99.55%) 

18.674868 17.086378 NZGL 

TAK015a Nextera 
Expanded 
Exome kit 

24,568,099 24,456,963 
(99.55%) 

15.303323 14.019859 NZGL 

TAK016a Nextera 
Expanded 
Exome kit 

23,365,465 23,272,246 
(99.60%) 

15.129584 13.87333 NZGL 

TAK017a Nextera 
Expanded 
Exome kit 

19,823,276 19,748,322 
(99.62%) 

12.96585 11.852224 NZGL 

TAK018a Nextera 
Expanded 
Exome kit 

26,818,236 26,715,452 
(99.62%) 

17.570805 16.076824 NZGL 

TAK019a Nextera 
Expanded 
Exome kit 

22,463,554 22,373,821 
(99.60%) 

14.763234 13.548756 NZGL 

TAK020a Nextera 
Expanded 
Exome kit 

24,225,495 24,125,225 
(99.59%) 

16.052122 14.717725 NZGL 

TAK021a Nextera 
Expanded 
Exome kit 

26,375,671 26,283,059 
(99.65%) 

17.152511 15.688427 NZGL 
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TAK022a Nextera 
Expanded 
Exome kit 

25,536,206 25,445,127 
(99.64%) 

16.850869 15.440486 NZGL 

TAK023a Nextera 
Expanded 
Exome kit 

23,748,264 23,658,456 
(99.62%) 

15.596175 14.282256 NZGL 

TAK024a Nextera 
Expanded 
Exome kit 

27,887,246 27,782,838 
(99.63%) 

18.396143 16.874138 NZGL 

ES001a Nextera 
Expanded 
Exome kit 

20,976,963 20,897,278 
(99.62%) 

13.889358 12.73251 

 

NZGL 

ES002a Nextera 
Expanded 
Exome kit 

22,828,734 22,738,272 
(99.60%) 

15.476694 14.151028 NZGL 

ES003a Nextera 
Expanded 
Exome kit 

25,579,141 25,488,366 
(99.65%) 

17.022009 15.585306 NZGL 

ES004a Nextera 
Expanded 
Exome kit 

23,137,453 23,058,054 
(99.66%) 

15.384388 14.061298 NZGL 

ES005a Nextera 
Expanded 
Exome kit 

23,670,869 23,587,482 
(99.65%) 

15.594873 14.288126 NZGL 

ES006a Nextera 
Expanded 
Exome kit 

23,984,264 23,890,962 
(99.61%) 

 

16.007877 14.588092 NZGL 

ES007a Nextera 
Expanded 
Exome kit 

21,722,805 21,638,645 
(99.61%) 

14.317871 13.081855 NZGL 

ES008a Nextera 
Expanded 
Exome kit 

25,758,412 

 

25,654,736 
(99.60%) 

16.972356 15.54092 NZGL 
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ES009a Nextera 
Expanded 
Exome kit 

24,703,623 24,610,136 
(99.62%) 

16.363696 14.97988 NZGL 

ES010a Nextera 
Expanded 
Exome kit 

24,469,061 24,376,951 
(99.62%) 

15.415094 14.092525 NZGL 

ES011a Nextera 
Expanded 
Exome kit 

32,599,831 32,465,629 
(99.59%) 

20.478436 18.774407 NZGL 

ES012a Nextera 
Expanded 
Exome kit 

23,346,567 23,266,634 
(99.66%) 

15.451258 14.132142 NZGL 

HL3423 Nextera 
Rapid 
Capture 
Exome 
v1.1 

77,420,158 77,126,262 
(99.62%) 

53.324689 53.324689 NZGL 

IS0156 Nextera 
Rapid 
Capture 
Exome 
v1.1 

57,600,957 57,435,059 
(99.71%) 

43.947232 43.947232 NZGL 

AW2011 SureSelect 
Human 
All-Exon 
V5  

48,882,006 48,717,632 
(99.66%) 

46.082613 49.15438 

 

Oto 

DC2011 SureSelect 
Human 
All-Exon 
V5  

56,781,887 56,590,985 
(99.66%) 

54.205578 58.098088 Oto 

DD2011 SureSelect 
Human 
All-Exon 
V5  

54,774,943 54,592,045 
(99.67%) 

52.265599 55.924528 Oto 

DE2011 SureSelect 
Human 

52,806,428 52,642,624 
(99.69%) 

50.473826 53.978045 Oto 
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All-Exon 
V5  

DH2011 SureSelect 
Human 
All-Exon 
V5  

49,822,808 49,657,079 
(99.67%) 

47.491183 50.778618 Oto 

PB2010 SureSelect 
Human 
All-Exon 
V5  

47,607,441 47,460,105 
(99.69%) 

46.462724 49.924623 Oto 

PC2010 SureSelect 
Human 
All-Exon 
V5  

47,404,419 47,262,582 
(99.70%) 

46.104242 49.509224 Oto 

AK0983 SureSelect 
Human 
All-Exon 
V5  

48,433,681 48,045,182 
(99.20%) 

60.280518 58.991712 Oto 

AL0996 SureSelect 
Human 
All-Exon 
V5  

44,900,833 44,554,791 
(99.23%) 

43.645196 46.665931 Oto 

AO0334 SureSelect 
Human 
All-Exon 
V5  

43,996,226 43,851,480 
(99.59%) 

44.521541 47.572076 Oto 

AQ0923 SureSelect 
Human 
All-Exon 
V5  

54,069,174 53,963,585 
(99.75%) 

66.34067 65.235448 Oto 

AV0704 SureSelect 
Human 
All-Exon 
V5  

60,591,966 60,471,912 
(99.75%) 

74.136004 72.795545 Oto 

AW0313 SureSelect 
Human 

60,811,064 60,686,946 
(99.74%) 

75.643725 73.989519 Oto 
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All-Exon 
V5  

AX0805 SureSelect 
Human 
All-Exon 
V5  

56,363,964 56,275,896 
(99.80%) 

68.98236 67.892961 Oto 

AY0950 SureSelect 
Human 
All-Exon 
V5  

40,422,288 40,276,178 
(99.60%) 

50.190995 49.326509 Oto 

BD1216 SureSelect 
Human 
All-Exon 
V5  

80,374,302 80,266,689 
(99.84%) 

104.75602
8 

102.38117
3 

Oto 

BG1369 SureSelect 
Human 
All-Exon 
V5  

60,234,408 60,161,156 
(99.84%) 

77.308044 75.93769 Oto 

NA12878 Nextera 
Rapid 
Capture 
Exome 
v1.1  

61,637,402 61,545,895 
(99.69%) 

67.898443 67.898443 Illumina 

NA12891 Nextera 
Rapid 
Capture 
Exome 
v1.1  

47,012,256 46,950,560 
(99.70%) 

51.421571 51.421571 Illumina 

NA12892 Nextera 
Rapid 
Capture 
Exome 
v1.1  

54,477,688 54,408,653 
(99.72%) 

62.138807 62.138807 Illumina 

NZGL: New Zealand Genomics Limited, Auckland, New Zealand 
Oto: Otogenetics Corporation, Atlanta, Georgia, USA 
Illumina: Publically available data from Basespace (http://www.basespace.illumina.com) 
 

 

http://www.basespace.illumina.com/
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Appendix Table A2-2 XHMM optimisation step 1 results 

 params params1 params2 params3 params4 params5 params6 params7 params8 params9 params10 
Exome-wide 
CNV rate 1.00E-08 1.00E-07 1.00E-06 1.00E-05 1.00E-04 1.00E-03 1.00E-09 1.00E-10 1.00E-11 1.00E-12 1.00E-13 

predicted 54 66 82 92 109 123 50 45 37 34 34 
identified 0 0 0 0 0 0 0 0 0 0 0 
missed 89 89 89 89 89 89 89 89 89 89 89 
false positives 54 66 82 92 109 123 50 45 37 34 34 
sensitivity 0 0 0 0 0 0 0 0 0 0 0 
FDR 1 1 1 1 1 1 1 1 1 1 1 
            

 params params11 params12 params13 params14 params15 params16 params17 params18   
Mean number of 
targets in CNV 6 5 4 3 2 7 8 9 10   

predicted 54 19 19 18 15 19 19 20 20   

identified 0 0 0 0 0 0 0 0 0   

missed 89 89 89 89 89 89 89 89 89   

false positives 54 19 19 18 15 19 19 20 20   

sensitivity 0 0 0 0 0 0 0 0 0   

FDR 1 1 1 1 1 1 1 1 1   
 

           
 params params19 params20 params21 params22 params23 params24 params25    
Mean distance 
between targets 
within CNV (in 
KB) 

70 90 110 130 150 50 30 10   

 
predicted 54 20 20 20 20 19 19 13   

 
identified 0 0 0 0 0 0 0 0   

 
missed 89 89 89 89 89 89 89 89   

 
false positives 54 20 20 20 20 19 19 13   

 
sensitivity 0 0 0 0 0 0 0 0   

 
FDR 1 1 1 1 1 1 1 1   

 
 

           
 params params26 params27 params28 params29 params30 params31 params32 params33   
Mean of 
DELETION z-
score distribution 

-3 -2.5 -2 -1.5 -1 -3.5 -4 -4.5 -5  

 
predicted 54 19 18 16 15 20 22 22 21  

 
identified 0 0 0 0 0 0 0 0 0  

 
missed 89 89 89 89 89 89 89 89 89  

 
false positives 54 19 18 16 15 20 22 22 21  

 
sensitivity 0 0 0 0 0 0 0 0 0  

 
FDR 1 1 1 1 1 1 1 1 1  

 
 

           
 params params34 params35 params36 params37 params38 params39 params40    
Standard 
deviation of 
DELETION z-
score distribution 

1 1.25 1.5 1.75 2 0.75 0.5 0.25   
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predicted 54 22 21 20 20 17 14 14   
 

identified 0 0 0 0 0 0 0 0   
 

missed 89 89 89 89 89 89 89 89   
 

false positives 54 22 21 20 20 17 14 14   
 

sensitivity 0 0 0 0 0 0 0 0   
 

FDR 1 1 1 1 1 1 1 1   
 

           
 

 params params41 params42 params43 params44 params45 params46 params47    
Standard 
deviation of 
DIPLOID z-
score distribution 

1 1.25 1.5 1.75 2 0.75 0.5 0.25   

 
predicted 54 5 0 0 0 93 796 3452   

 
identified 0 0 0 0 0 10 13 22   

 
missed 89 89 89 89 89 79 76 67   

 
false positives 54 5 0 0 0 93 801 3452   

 
sensitivity 0 0 0 0 0 0.112 0.146 0.247   

 
FDR 1 1 0 0 0 0.903 0.984 0.994   

 
 

           
 params params48 params49 params50 params51 params52 params53 params54 params55 params56  
Mean of 
DUPLICATION 
z-score 
distribution 

3 2.5 2 1.5 1 0.5 3.5 4 4.5 5  

predicted 54 20 18 14 13 7 20 24 24 22  

identified 0 0 0 0 0 0 0 0 0 0  

missed 89 89 89 89 89 89 89 89 89 89  

false positives 54 20 18 14 13 7 20 24 24 22  

sensitivity 0 0 0 0 0 0 0 0 0 0  

FDR 1 1 1 1 1 1 1 1 1 1  
 

           
 params params57 params58 params59 params60 params61 params62 params63    
Standard 
deviation of 
DUPLICATION 
z-score 
distribution 

1 1.25 1.5 1.75 2 0.75 0.5 0.25  

  
predicted 54 25 23 25 24 14 5 5  

  
identified 0 0 0 0 0 0 0 0  

  
missed 89 89 89 89 89 89 89 89  

  
false positives 54 25 23 25 24 14 5 5  

  
sensitivity 0 0 0 0 0 0 0 0  

  
FDR 1 1 1 1 1 1 1 1  
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Appendix Table A2-3 XHMM optimisation step 2 results 

 
Params 
3-1 

Params 
3-2 

Params 
3-3 

Params 
3-4 

Params 
3-5 

Params 
3-6 

Params 
3-7 

Params 
3-8 

Params 
3-9 

Params 
3-10 

Params 
3-11 

Exome-wide 
CNV rate 1.00E-08 1.00E-07 1.00E-06 1.00E-05 1.00E-04 1.00E-03 1.00E-09 1.00E-10 1.00E-11 1.00E-12 1.00E-13 

predicted 797 932 1100 1270 1516 1823 700 607 545 489 435 

identified 13 13 13 13 13 13 13 13 13 13 13 

missed 76 76 76 76 76 76 76 76 76 76 76 

false positives 802 937 1105 1275 1520 1827 705 612 550 493 439 

sensitivity 0.146 0.146 0.146 0.146 0.146 0.146 0.146 0.146 0.146 0.146 0.146 

FDR 0.984 0.986 0.988 0.990 0.992 0.993 0.982 0.979 0.977 0.974 0.971 

            

 
Params 
3-9 

Params 
4-1 

Params 
4-2 

Params 
4-3 

Params 
4-4 

Params 
4-5 

Params 
4-6 

Params 
4-7 

Params 
4-8   

Mean number of 
targets in CNV 6 5 4 3 2 7 8 9 10   

predicted 545 543 542 540 539 546 546 542 542   

identified 13 13 13 13 13 13 13 13 13   

missed 76 76 76 76 76 76 76 76 76   

false positives 550 548 547 545 544 551 551 547 546   

sensitivity 0.146 0.146 0.146 0.146 0.146 0.146 0.146 0.146 0.146   

FDR 0.977 0.977 0.977 0.977 0.977 0.977 0.977 0.977 0.977   

            

 
Params 
4-4 

Params 
5-1 

Params 
5-2 

Params 
5-3 

Params 
5-4 

Params 
5-5 

Params 
5-6 

Params 
5-7    

Mean distance 
between targets 
within CNV (in 
KB) 

70 90 110 130 150 50 30 10  

  
predicted 539 534 534 534 533 535 532 533  

  
identified 13 10 10 10 10 10 10 10  

  
missed 76 79 79 79 79 79 79 79  

  
false positives 544 539 539 539 538 540 537 538  

  
sensitivity 0.146 0.112 0.112 0.112 0.112 0.112 0.112 0.112  

  
FDR 0.977 0.982 0.982 0.982 0.982 0.982 0.982 0.982  

  
            

 
Params 
4-4 

Params 
6-1 

Params 
6-2 

Params 
6-3 

Params 
6-4 

Params 
6-5 

Params 
6-6 

Params 
6-7 

Params 
6-8   

Mean of 
DELETION z-
score distribution 

-3 -2.5 -2 -1.5 -1 -3.5 -4 -4.5 -5  

 
predicted 539 543 551 543 522 513 500 493 479  

 
identified 13 13 13 17 20 10 10 10 10  

 
missed 76 76 76 72 69 79 79 79 79  

 
false positives 544 548 555 546 523 518 505 498 484  

 
sensitivity 0.146 0.146 0.146 0.191 0.225 0.112 0.112 0.112 0.112  

 
FDR 0.977 0.977 0.977 0.970 0.963 0.981 0.981 0.980 0.980  
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Params 
6-4 

Params 
7-1 

Params 
7-2 

Params 
7-3 

Params 
7-4 

Params 
7-5 

Params 
7-6 

Params 
7-7    

Standard 
deviation of 
DELETION z-
score distribution 

1 1.25 1.5 1.75 2 0.75 0.5 0.25  

  
predicted 522 524 514 534 557 493 326 299  

  
identified 20 22 22 17 22 17 16 0  

  
missed 69 67 67 72 67 72 73 89  

  
false positives 523 524 510 530 551 496 331 305  

  
sensitivity 0.225 0.247 0.247 0.191 0.247 0.191 0.180 0  

  
FDR 0.963 0.969 0.959 0.969 0.962 0.967 0.954 1  

  
            

 
Params 
7-6 

Params 
8-1 

Params 
8-2 

Params 
8-3 

Params 
8-4 

Params 
8-5 

Params 
8-6 

Params 
8-7 

Params 
8-8   

Mean of 
DUPLICATION 
z-score 
distribution 

3 2.5 2 1.5 1 3.5 4 4.5 5  

 
predicted 326 349 415 469 542 286 269 256 243  

 
identified 16 16 16 16 17 16 16 16 16  

 
missed 73 73 73 73 72 73 73 73 73  

 
false positives 331 354 420 475 549 286 269 256 242  

 
sensitivity 0.180 0.180 0.180 0.180 0.191 0.180 0.180 0.180 0.180  

 
FDR 0.954 0.957 0.963 0.967 0.970 0.947 0.944 0.941 0.938  

 
 

          
 

 
Params 
8-1 

Params 
9-1 

Params 
9-2 

Params 
9-3 

Params 
9-4 

Params 
9-5 

Params 
9-6 

Params 
9-7    

Standard 
deviation of 
DUPLICATION 
z-score 
distribution 

1 1.25 1.5 1.75 2 0.75 0.5 0.25 

   
predicted 349 436 496 548 584 310 268 98    
identified 16 16 16 16 0 16 16 16    
missed 73 73 73 73 89 73 73 73    
false positives 354 441 501 553 590 315 268 97    
sensitivity 0.180 0.180 0.180 0.180 0 0.180 0.180 0.180    
FDR 0.957 0.965 0.969 0.972 1 0.952 0.944 0.858    

 

 

 

Appendix Table A2-4 XHMM optimisation step 3 results 

params9-5 
SQ 50 60 70 80 90 
predicted 310 278 243 218 184 
identified 16 16 16 16 16 
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missed 73 73 73 73 73 
false positives 315 282 247 234 184 
sensitivity 0.179775 0.179775 0.179775 0.179775 0.179775 
FDR 0.951662 0.946309 0.939163 0.936 0.92 
      
params9-7 
SQ 50 60 70 80 90 
predicted 98 79 58 48 36 
identified 16 16 16 16 16 
missed 73 73 73 73 73 
false positives 97 78 57 47 35 
sensitivity 0.179775 0.179775 0.179775 0.179775 0.179775 
FDR 0.858407 0.829787 0.780822 0.746032 0.686275 

 

 

Appendix Table A2-5 CoNIFER optimisation results 

SVD 2 3 4 5 6 7 8 
predicted 56 0 0 0 0 0 0 
identified 0 0 0 0 0 0 0 
missed 89 89 89 89 89 89 89 
false positives 56 0 0 0 0 0 0 
sensitivity 0 0 0 0 0 0 0 
FDR 1 0 0 0 0 0 0 
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Appendix 3 Supplement from manuscript “Development of a filtering 
and prioritisation pipeline for predicted CNVs from WGS 
bioinformatic tools” (Chapter 5)  

 

Appendix Table A 3-1 Intersect of deletions called WGS based software packages ≥1kb 
 

Predicted False 
Positive 

True 
Positive 

False 
Discovery 
Rate 

Pindel 1245 1243 2 0.998394 
FermiKit 33 33 0 1 
FermiKit_Pindel 0 0 0 N/A 
Delly 302 296 6 0.980132 
Delly_Pindel 374 366 8 0.97861 
Delly_FermiKit 2 1 1 0.5 
Delly_FermiKit_Pindel 0 0 0 N/A 
CNVnator 809 802 7 0.991347 
CNVnator_Pindel 5 4 1 0.8 
CNVnator_FermiKit 1 1 0 1 
CNVnator_FermiKit_Pindel 0 0 0 N/A 
CNVnator_Delly 29 21 8 0.724138 
CNVnator_Delly_Pindel 8 5 3 0.625 
CNVnator_Delly_FermiKit 0 0 0 N/A 
CNVnator_Delly_FermiKit_Pindel 0 0 0 N/A 
BreakDancer 10 10 0 1 
BreakDancer_Pindel 1 1 0 1 
BreakDancer_FermiKit 0 0 0 N/A 
BreakDancer_FermiKit_Pindel 0 0 0 N/A 
BreakDancer_Delly 98 70 28 0.714286 
BreakDancer_Delly_Pindel 243 147 96 0.604938 
BreakDancer_Delly_FermiKit 13 0 13 0 
BreakDancer_Delly_FermiKit_Pindel 53 6 47 0.113208 
BreakDancer_CNVnator 0 0 0 N/A 
BreakDancer_CNVnator_Pindel 0 0 0 N/A 
BreakDancer_CNVnator_FermiKit 0 0 0 N/A 
BreakDancer_CNVnator_FermiKit_Pindel 0 0 0 N/A 
BreakDancer_CNVnator_Delly 132 27 105 0.204545 
BreakDancer_CNVnator_Delly_Pindel 276 34 242 0.123188 
BreakDancer_CNVnator_Delly_FermiKit 10 0 10 0 
BreakDancer_CNVnator_Delly_FermiKit_Pindel 32 5 27 0.15625 

Table outlining the performance of the five tested bioinformatic tools, where as an example 
FermiKit_Pindel includes variants predicted and identified by these two tools and no others 
while BreakDancer_CNVnator_Delly_FermiKit_Pindel includes variants predicted and 
identified by all five tools 
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Appendix Figure A 3-1 Size distribution of deletions missed by all CNV detection tools compared to the 
truth set. Total number and size distribution of deletions ≥1kb detected in the GIAB truth-set compared to 
deletions missed by all WGS CNV detection tools in the same truth-set. Total number of deletions in each 
category listed above. 

A 3.1 Supplementary Text 1 
WGS deletion detection description and parameters 

CNVnator utilises the mean-shift approach with multiple-bandwidth partitioning and GC 

correction in order to predict the presence of CNVs using read depth from aligned WGS data. 

To generate the initial call set, CNVnator was run concurrently for the whole genome using 

the bam file as an input, with a bin size of 100. Filtering was then performed, retaining 

variants with a fraction of reads mapped with q0 quality > 0.5 and which represent deletions 

≥1 kb for analysis. 

BreakDancer uses the read pair based methodology via the separation distance and alignment 

orientation between the paired reads versus the insert size distribution estimated from the 

aligned WGS data. The algorithm identifies SVs from regions with substantially more 

anomalous read pairs (ARPs) than expected on average. Where the number of ARPs 

connecting regions exceeds the user-specified threshold, a structural variant is called with a 
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confidence score which is estimated for each variant based on a Poisson model that takes into 

consideration the number of supporting ARPs, the size of the anchoring regions and the 

coverage of the genome. The BreakDancer call set was generated for the whole genome using 

the following default parameters: minimum length of a region (7), cut off in unit of standard 

deviation (3), maximum SV size (1000000000), minimum alternative mapping quality (35), 

minimum number of read pairs required to establish a connection (2), maximum threshold of 

haploid sequence coverage for regions to be ignored (1000), buffer size for building 

connection (100), output score filter (30), using the aligned bam as input. From this initial 

call set, variants were filtered based upon the recommended confidence score threshold of Q 

≥ 60 for high coverage WGS, predicted variant type of deletions, and size ≥1 kb. 

Pindel uses a pattern growth approach where the software selects the read pairs in which only 

one of the pairs is mapped to the genome with no mismatched bases from the alignment. 

Pindel then determines the anchor point and orientation of the unpaired split-read. In this 

study, Pindel was run on the whole genome concurrently with a Pindel file generated using 

the included bam2pindel.pl Perl script from the NA12878 aligned bam. The following 

parameters were used for variant calling: window_size (10 million), max range index (5), 

report close mapped reads (false), min NT size (50), min inversion size (50 bp), min num 

matched bases (30), additional (site) mismatch (1), min perfect match around BP (3), 

sequencing error rate the expected fraction of sequencing errors (0.05), maximum allowed 

mismatch rate (0.1). From the output, these calls were filtered to retain variants in which the 

number of supporting reads for each CNV was ≥ 2, that were called as deletions, and those 

with a predicted size ≥1 kb. 

Delly analysis consists of two separate components, separately utilising both paired-end and 

split-read data. Paired-end analysis involves the identification of read pairs which are outliers 

on the insert size distribution or the pairs that have an unexpected orientation. Delly does not 

have adjustable parameters for user input. Therefore for this investigation, deletions were 

called separately on a genome wide scale using Delly from the aligned bam for NA12878. 

From those called by Delly, deletions were filtered based on size ≥1 kb. 

FermiKit can be classified as an assembly based method for SV detection. This software 

performs a de novo assembly of the reads and then maps this assembly to a reference genome 

to call variants. FermiKit inherently lacks user defined parameters outside of informing the 

algorithm of the size of the genome and read length. For this study variants called by 
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FermiKit were run with genome size (3g) and read length (150) from the NA12878 FASTQ 

input. Similar to all other CNV calling programs, from the variants called by FermiKit, 

filtering was performed to retain deletions ≥1 kb. 

CNVnator, Pindel and Delly also estimate zygosity of the predicted CNVs either natively, or 

through the included functionality to covert the output to VCF. However as not all of the 

tools analysed here incorporate zygosity calls, this was excluded from the analysis. 
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Appendix 4 Scripts for Data Preparation, and Filtering and 
Prioritisation of BreakDancer Called Copy Number Variants 

A 4.1 Online Mendelian Inheritance in Man Data Preparation 
To generate the OMIM defined disorder annotation files the following scripts were used. 

OMIM2HPO.py 

gene_lines = open("mim2gene.txt", "r") 
 
with open('hpoAnnotation.ttl') as f: 
    HPOlist = f.read().splitlines() 
 
out = open("OMIMwHPO.txt","w") 
     
for line in gene_lines: 
    cols = line.strip().split("\t") 
    OMIM = cols[0] 
    inheritance_raw = cols[1] 
    inheritance = inheritance_raw.replace(" ","") 
    gene = cols[2] 
     
    if ("<http://identifiers.org/omim/" + str(OMIM) + ">") in 
HPOlist: 
        OMIM_index = HPOlist.index("<http://identifiers.org/omim/" + 
str(OMIM) + ">") 
    else: 
        continue 
     
    out.write(str(gene) + "\t" + str(OMIM) + "\t" + str(inheritance) 
+ "\t") 
     
    HPO_index = OMIM_index + 7 
    HPO_OMIM_raw = HPOlist[HPO_index] 
    HPO_OMIM_list = HPO_OMIM_raw.replace("sio:SIO_001279 "," 
;").strip(" ;").split(" , ") 
     
    HPO_final_list = [] 
     
    for HPO_raw in HPO_OMIM_list: 
        HPO = 
HPO_raw.replace("<http://purl.obolibrary.org/obo/",">").strip(">") 
        HPO_final_list.append(HPO) 
     
    HPO_list_string = ",".join(HPO_final_list) 
     
    out.write(str(HPO_list_string) + "\n") 
 
out.close() 



216 

HPOterm2symptom.py 

with open('hp.obo') as f: 
    HPO = f.read().splitlines() 

out = open("HPOterms.txt","w") 

for line in range(len(HPO)): 
    if HPO[line].startswith("id: "): 

HPOnum = HPO[line].replace("id: HP:","",1) 
HPOname_raw = HPO[line+1] 
HPOname = HPOname_raw.replace("name: ","",1) 
out.write("HP_" + str(HPOnum) + "\t" + str(HPOname) + "\n") 

    else: 
continue 

out.close() 

OMIM_HPO2symptom.py 

with open('HPOterms.txt') as b: 
    HPOterms = b.read().splitlines() 

with open('OMIMwHPO.txt') as f: 
    OMIM = f.read().splitlines() 

out = open('OMIMsymptoms.txt','w') 

for OMIM_item in OMIM: 
    cols = OMIM_item.split("\t") 

    gene = cols[0] 
    OMIMno = cols[1] 
    inheritance = cols[2] 
    OMIM_HPO = cols[3] 

    out.write(str(gene) + "\t" + str(OMIMno) + "\t" + 
str(inheritance) + "\t") 

    OMIM_HPO_list = OMIM_HPO.split(",") 
    HPOtermslist = [] 

    for dis_HPOnum in OMIM_HPO_list: 
for HPOline in HPOterms: 
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            HPOterms_cols = HPOline.split("\t") 
            refHPOnum = HPOterms_cols[0] 
            HPOterm = HPOterms_cols[1] 
             
            if dis_HPOnum == refHPOnum: 
                HPOtermslist.append(HPOterm) 
             
            else: 
                continue 
    HPOterms_list_string = ",".join(HPOtermslist) 
    out.write(str(HPOterms_list_string) + "\n") 
 
out.close() 
 

A 4.2 Copy Number Variant Filtering and Prioritisation Pipeline 
Filtering and prioritisation of BreakDancer CNV calls from aligned WGS reads was performed 

using the pipeline described in Chapter 6, encompassed in the shell script pipeline.sh. This script 

utilises python scripts written for this thesis which call upon annotation data in the form of exon 

genomic coordinates, genes associated with OMIM disorders and the associated HPO terms, and 

genes with dosage sensitive scores (reported by ClinGen). The shell script is included below with 

the dependent python scripts following. 

Pipeline.sh 

filename=[list of sample IDs] 
filelines=`cat $filename` 
 
DEL_list=$(sed -E 's/$| /&_DEL_freqfiltered.bed/g' <<<"$filelines") 
DUP_list=$(sed -E 's/$| /&_DUP_freqfiltered.bed/g' <<<"$filelines") 
 
for file in $filelines 
do 
    mkdir $file 
    cd $file 
    python BreakDancerfilter2CNVbed.py $file 
    bedtools intersect -a $file\_DEL.bed –b 
DGV_GoldStdDELover1000samplesover0.02freq.bed 1kGDELover0.02freq.bed 
-wa -f 0.8 -r -c > $file\_DEL_freqfiltered.overlap 
    bedtools intersect -a $file\_DUP.bed -b 
DGV_GoldStdDUPover1000samplesover0.02freq.bed 1kGDUPover0.02freq.bed 
-wa -f 0.8 -r -c > $file\_DUP_freqfiltered.overlap 
    python inhousefilt_overlap2bed.py 
$file\_DEL_freqfiltered.overlap 1 $file\_DEL_freqfiltered.bed 
    python inhousefilt_overlap2bed.py 
$file\_DUP_freqfiltered.overlap 1 $file\_DUP_freqfiltered.bed 
    cp $file\_DEL_freqfiltered.bed ../$file\_DEL_freqfiltered.bed 
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    cp $file\_DUP_freqfiltered.bed ../$file\_DUP_freqfiltered.bed 
    cd .. 
done 
 
for file in $filelines 
do 
    del_comp_file=$file\_DEL_freqfiltered.bed 
    del_comp_list=`echo $DEL_list | sed "s/\b$del_comp_file\b//g"` 
    dup_comp_file=$file\_DUP_freqfiltered.bed 
    dup_comp_list=`echo $DUP_list | sed "s/\b$dup_comp_file\b//g"` 
    bedtools intersect -a $file\_DEL_freqfiltered.bed -b 
$del_comp_list -wa -f 0.8 -r -c > 
$file\/$file\_DEL_inhousefilt.ovelap 
    bedtools intersect -a $file\_DUP_freqfiltered.bed -b 
$dup_comp_list -wa -f 0.8 -r -c > 
$file\/$file\_DUP_inhousefilt.ovelap 
done 
 
for file in $filelines 
do 
    cd $file 
    python inhousefilt_overlap2bed.py $file\_DEL_inhousefilt.ovelap 
2 $file\_DEL_inhousefilt.bed 
    python inhousefilt_overlap2bed.py $file\_DUP_inhousefilt.ovelap 
2 $file\_DUP_inhousefilt.bed 
    cat $file\_DEL_inhousefilt.bed $file\_DUP_inhousefilt.bed | sort 
-k1,1n -k2,2n -k3,3n | python new_sort.py $file\_CNVinhousefilt.bed 
    python bed2breakpoints.py $file\_CNVinhousefilt.bed 
$file\_CNVbreakpoints.bed 
    bedtools intersect -wao -a $file\_CNVbreakpoints.bed -b 
UCSC_exons_modif_canonical.bed > $file\_CNVBRK_all_exon.overlap 
    python overlap2entry.py $file\_CNVBRK_all_exon.overlap 
$file\_CNVBRK_all_exon.genes 
    python gene2symptom_hpotab.py $file\_CNVBRK_all_exon.genes 
$file\_CNVBRK_all_exon.sympt 
    python gene2brainExpres.py $file\_CNVBRK_all_exon.genes 
$file\_CNVBRK_all_exon.brainExpr 
    bedtools intersect -wao -a $file\_CNVbreakpoints.bed -b 
Homo_sapiens.GRCh37.87.chr.genes.bed > 
$file\_wCNVtr_genebreakpoints.overlap 
    python overlap2cnvlist.py $file\_wCNVtr_genebreakpoints.overlap 
$file\_genicbreakpoints.list 
    python breakpoints2CNV.py $file\_genicbreakpoints.list 
$file\_CNVinhousefilt.bed $file\_genicbreakpoints_CNV.bed 
    bedtools intersect -wao -a $file\_genicbreakpoints_CNV.bed -b 
UCSC_exons_modif_canonical.bed > 
$file\_genicbreakpoints_exon.overlap 
    python genicbreakpoint_exon_overlap.py 
$file\_wCNVtr_genebreakpoints.overlap 
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$file\_genicbreakpoints_exon.overlap 
$file\_exonsWithin_genicbreakpoints.txt 
    python overlap2entry.py $file\_exonsWithin_genicbreakpoints.txt 
$file\_exonsWithin_genicbreakpoints_nodup.txt 
    python gene2symptom_hpotab.py 
$file\_exonsWithin_genicbreakpoints_nodup.txt 
$file\_exonsWithin_genicbreakpoints.sympt 
    python gene2brainExpres.py 
$file\_exonsWithin_genicbreakpoints_nodup.txt 
$file\_exonsWithin_genicbreakpoints.brainExpr 
    bedtools intersect -wao -a $file\_CNVinhousefilt.bed -b 
Homo_sapiens.GRCh37.87.chr.genes.bed -F 1 > 
$file\_totalgenecovered.overlap 
    python overlap2entry.py $file\_totalgenecovered.overlap 
$file\_totalgenecovered.txt 
    python gene2haploinsuff.py $file\_totalgenecovered.txt 
$file\_totalgenecovered_nodup.haplo 
    python gene2symptom_hpotab.py $file\_totalgenecovered.txt 
$file\_totalgenecovered.sympt 
    python gene2brainExpres.py $file\_totalgenecovered.txt 
$file\_totalgenecovered.brainExpr 
    cd .. 
done 
 

BreakDancerfilter2CNVbed.py 

import sys 
 
ID = sys.argv[1] 
 
chromosomes = [] 
for i in range(1,23): 
    chromosomes.append(str(i)) 
chromosomes.append("X") 
chromosomes.append("Y") 
 
brkdncr = open("../" + str(ID) + ".BreakDancer").readlines() 
below_score = open(str(ID) + ".under60","w") 
balanced = open(str(ID) + ".balanced","w") 
decoys = open(str(ID) + ".decoys","w") 
CNVs = open(str(ID) + ".CNV","w") 
undersized = open(str(ID) + ".undersized","w") 
DEL = open(str(ID) + "_DEL.bed","w") 
DUP = open(str(ID) + "_DUP.bed","w") 
 
below_score.write(brkdncr[4]) 
balanced.write(brkdncr[4]) 
decoys.write(brkdncr[4]) 
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undersized.write(brkdncr[4]) 
CNVs.write(brkdncr[4]) 
DEL.write("#chr\tstart\tstop\ttype\n") 
DUP.write("#chr\tstart\tstop\ttype\n") 
 
CNV_count = 1 
 
for line in brkdncr: 
    if line.startswith("#"): 
        continue 
         
    cols = line.strip().split() 
    qualScore = cols[8] 
    type = cols[6] 
    chrom = cols[0] 
    start = cols[1] 
    chrom2 = cols[3] 
    stop = cols[4] 
    size = int(stop) - int(start) 
     
    if int(qualScore) < 60: 
        below_score.write(line) 
    elif (type == "INV") or (type == "ITX") or (type == "CTX") or 
(type == "Unknown"): 
        balanced.write(line) 
    elif chrom not in chromosomes or chrom2 not in chromosomes : 
        decoys.write(line) 
    elif size < 1000: 
        undersized.write(line) 
    else: 
        CNVs.write(line) 
        if type == "DEL": 
            DEL.write(str(chrom) + "\t" + str(start) + "\t" + 
str(stop) + "\t" + str(CNV_count) + "_" + str(type) + "\n") 
        else: 
            DUP.write(str(chrom) + "\t" + str(start) + "\t" + 
str(stop) + "\t" + str(CNV_count) + "_" + str(type) + "\n") 
        CNV_count += 1 
 
below_score.close() 
balanced.close() 
decoys.close() 
undersized.close() 
CNVs.close() 
DEL.close() 
DUP.close() 
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inhousefilt_overlap2bed.py  

import sys 
 
filein = sys.argv[1] 
num_overlaps = int(sys.argv[2]) 
fileout = sys.argv[3] 
 
out = open(fileout,"w") 
 
with open(filein) as f: 
    overlap = f.read().splitlines() 
     
for line in overlap: 
    cols = line.split() 
    chrom = cols[0] 
    start = cols[1] 
    stop = cols[2] 
    CNV = cols[3] 
    num_ovelaps = int(cols[4]) 
 
    if num_ovelaps > (num_overlaps-1): 
        continue 
    else: 
        out.write(str(chrom) + "\t" + str(start) + "\t" + str(stop) 
+ "\t" + str(CNV) + "\n") 
 
out.close() 
 

bed2breakpoints.py  

import sys 
 
bed_file = sys.argv[1] 
breakpoints = open(sys.argv[2],"w") 
 
with open(bed_file) as f: 
    bed_lines = f.read().splitlines() 
 
for line in bed_lines: 
    if line.startswith("#"): 
        continue 
         
    cols = line.strip().split() 
    chrom = cols[0] 
    start = int(cols[1]) 
    stop = int(cols[2]) 
    info = cols[3] 
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    breakpoints.write(str(chrom) + "\t" + str(start) + "\t" + 
str(start+1) + "\t" + str(info) + "\n") 
    breakpoints.write(str(chrom) + "\t" + str(stop) + "\t" + 
str(stop+1) + "\t" + str(info) + "\n") 
     
breakpoints.close() 
 

overlap2entry.py 

import sys 
 
filein = sys.argv[1] 
fileout = sys.argv[2] 
 
out = open(fileout,"w") 
 
with open(filein) as f: 
    overlap = f.read().splitlines() 
 
gene_list = [] 
     
for line in overlap: 
    cols = line.split() 
     
    chrom = cols[0] 
    start = cols[1] 
    stop = cols[2] 
    CNV = cols[3] 
    gene = cols[7] 
     
    if cols[4] == ".": 
        continue 
 
    elif gene not in gene_list: 
        gene_list.append(gene) 
        out.write(str(chrom) + "\t" + str(start) + "\t" + str(stop) 
+ "\t" + str(CNV) + "\t" + str(gene) + "\n") 
    else: 
        continue 
 
out.close() 
 

gene2symptom_hpotab.py  

import sys 
 
CNV_gene_file = sys.argv[1] 
out_file = sys.argv[2] 
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CNVs = open(CNV_gene_file,"r") 
 
with open('OMIMsymptoms_hpotab.txt') as f: 
    OMIM = f.read().splitlines() 
     
out = open(out_file,'w') 
 
for line in CNVs: 
    cols = line.strip().split() 
    gene = cols[4] 
     
    CNVstring = "\t".join(cols) 
     
    a = 1 
     
    for OMIMentry in OMIM: 
        OMIMcols = OMIMentry.split("\t") 
        OMIMgene = OMIMcols[0] 
        OMIMnumber = OMIMcols[1] 
        OMIMinheritance = OMIMcols[2] 
        OMIM_sympt = OMIMcols[3] 
        if OMIMgene == gene: 
            if a < 2: 
                    out.write(CNVstring) 
            out.write("\t" + str(OMIMnumber) + ":" + 
str(OMIMinheritance) + ";" + str(OMIM_sympt)) 
            a += 1 
        else: 
            continue 
    if a > 1: 
        out.write("\n") 
     
out.close() 
 

gene2brainExpres.py 

import sys 
 
vep_gene_file = sys.argv[1] 
out_file = sys.argv[2] 
 
genes = open(vep_gene_file,"r") 
 
with open("GTEx_Analysis_v6p_RNA-seq_RNA-
SeQCv1.1.8_gene_median_rpkm.gct") as f: 
    expression_list = f.read().splitlines() 
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out = open(out_file,'w') 
 
for line in genes: 
    gene = line.strip() 
     
    for expression_line in expression_list: 
        if expression_line.startswith("#"): 
            continue 
        expr_cols = expression_line.strip("\n").split("\t") 
        exprGene = expr_cols[1] 
        if exprGene == gene: 
            for i in range(9,22): 
                if float(expr_cols[i]) > 0.1: 
                    out.write(str(gene) + "\n") 
                    break 
                else: 
                    continue 
        else: 
            continue 
     
     
out.close() 
 

overlap2cnvlist.py  

import sys 
 
filein = sys.argv[1] 
fileout = sys.argv[2] 
 
out = open(fileout,"w") 
 
with open(filein) as f: 
    overlap = f.read().splitlines() 
 
CNV_list = [] 
     
for line in overlap: 
    cols = line.split() 
     
    CNV = cols[3] 
     
    if cols[4] == ".": 
        continue 
    elif CNV not in CNV_list: 
          CNV_list.append(CNV) 
    else: 
        continue 
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CNV_list = "\n".join(CNV_list) 
out.write(str(CNV_list) + "\n") 
 
out.close() 
 

breakpoints2CNV.py 

import sys 
 
breakpoints_file = sys.argv[1] 
CNV_file =  sys.argv[2] 
out_file = sys.argv[3] 
 
with open(breakpoints_file) as f: 
    breakpoints = f.read().splitlines() 
CNV_list = open(CNV_file).readlines() 
out = open(out_file,"w") 
 
for cnv_breakpoint in breakpoints: 
    for CNV in CNV_list: 
        CNV_id = CNV.strip().split()[3] 
        if CNV_id == cnv_breakpoint: 
            out.write(str(CNV)) 
            break 
        else: 
            continue 
 
out.close() 
 

genicbreakpoint_exon_overlap.py  

import sys 
 
breakpoints_file = sys.argv[1] 
exonicoverlap_file = sys.argv[2] 
out_file = sys.argv[3] 
 
breakpoints = open(breakpoints_file).readlines() 
exonicoverlap = open(exonicoverlap_file).readlines() 
out = open(out_file,"w") 
 
for cnv_breakpoint in breakpoints: 
    cols = cnv_breakpoint.strip().split() 
     
    gene_breakpoint = cols[7] 
    breakpoint_id = cols[3] 
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    for CNV in exonicoverlap: 
        CNVcols = CNV.strip().split() 
         
        CNV_id = CNVcols[3] 
        CNV_gene = CNVcols[7] 
         
        if (CNV_id == breakpoint_id) and (gene_breakpoint == 
CNV_gene): 
            out.write(str(CNV)) 
            break 
        else: 
            continue 
 
out.close() 
 

gene2haploinsuff.py  

import sys 
 
covered_genefile = sys.argv[1] 
out_file = sys.argv[2] 
 
with open(covered_genefile) as b: 
    coveredfile = b.read().splitlines() 
     
with open('OMIMwHPO.txt') as f: 
    OMIM = f.read().splitlines() 
 
out = open(out_file,"w") 
 
with open('haplotriploinsufficiency_scores.txt') as f: 
    haploinsuf = f.read().splitlines() 
 
with open('HPOterms.txt') as f: 
    HPOterms = f.read().splitlines() 
 
out.write("Gene\tHaploinsufficiency_score\tTriploinsensitivity_score
\tOMIM\n") 
     
for coveredline in coveredfile: 
    cov_cols = coveredline.split("\t") 
    gene = cov_cols[4] 
    for line in haploinsuf: 
        cols = line.split("\t") 
        hap_gene = cols[0] 
        hap_score = cols[1] 
        trip_score = cols[2] 
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        if gene == hap_gene: 
            out.write(str(coveredline) + "\t" + str(gene) + "\t" + 
str(hap_score) + "\t" + str(trip_score)) 
             
            for OMIMentry in OMIM: 
                OMIMcols = OMIMentry.split("\t") 
                OMIMgene = OMIMcols[0] 
                OMIMnumber = OMIMcols[1] 
                OMIMinheritance = OMIMcols[2] 
                OMIM_HPO = OMIMcols[3] 
                if OMIMgene == gene: 
                    out.write("\t" + str(OMIMnumber) + ":" + 
str(OMIMinheritance) + ";") 
                     
                    OMIM_HPO_list = OMIM_HPO.split(",") 
                    HPOtermslist = [] 
         
                    for dis_HPOnum in OMIM_HPO_list: 
                        for HPOline in HPOterms: 
                            HPOterms_cols = HPOline.split("\t") 
                            refHPOnum = HPOterms_cols[0] 
                            HPOterm = HPOterms_cols[1] 
                             
                            if dis_HPOnum == refHPOnum: 
                                HPOtermslist.append(HPOterm) 
                             
                            else: 
                                continue 
                    HPOterms_list_string = ",".join(HPOtermslist) 
                    out.write(str(HPOterms_list_string)) 
                     
                else: 
                    continue 
            out.write("\n") 
        else: 
            continue 
 
out.close() 
  
A 4.2.1 Optional Scripts 
There were optional steps of the prioritiation pipeline based on two criteria: 1) if ASD was 

part of the clinical phenotype of the individual, and 2) if the referring clinician provided a 

candidate gene list. 

 
If case has ASD as part of the clinical phenotype, the script gene2ASD.py was run for lists of 

genes identified at each prioritisation step (exonic breakpoints, genic breakpoints, and full 
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gene covered) to identify if any filtered CNVs encompassed ASD associated genes (as 

described in section 2.1.4.6). 

 
gene2ASD.py 

import sys 
 
vep_gene_file = sys.argv[1] 
out_file = sys.argv[2] 
 
genes = open(vep_gene_file,"r") 
 
with 
open('/scale_wlg_persistent/filesets/project/nesi00322/SNV/ASD_candi
dategenes.txt') as f: 
    ASD = f.read().splitlines() 
     
out = open(out_file,'w') 
 
for line in genes: 
    gene = line.strip() 
     
    for ASDline in ASD: 
        ASDcols = ASDline.strip("\n").split("\t") 
        ASDgene = ASDcols[0] 
        ASDrank = ASDcols[1] 
        if ASDgene == gene: 
            out.write(str(gene) + "\t" + str(ASDrank) + "\n") 
        else: 
            continue 
     
out.close() 
 

 
If case had a candidate gene provided by the referring clinician, the script gene2candidate.py 

was run for lists of genes identified at each prioritisation step (exonic breakpoints, genic 

breakpoints, and full gene covered). 

 

gene2candidate.py 

import sys 
 
vep_gene_file = sys.argv[1] 
candidate_file = sys.argv[2] 
out_file = sys.argv[3] 
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genes = open(vep_gene_file,"r") 
 
with open(candidate_file) as f: 
    candidate_genes = f.read().splitlines() 
     
out = open(out_file,'w') 
 
for line in genes: 
    cols = line.strip().split() 
    gene = cols[4] 
     
    gene_string = "\t".join(cols) 
     
    for cand_gene in candidate_genes: 
        if cand_gene == gene: 
            out.write(str(gene_string) + "\n") 
        else: 
            continue 
     
out.close() 
 

To generate the OMIM defined disorder annotation files the following files were used. 

OMIM2HPO.py 

gene_lines = open("mim2gene.txt", "r") 
 
with open('hpoAnnotation.ttl') as f: 
    HPOlist = f.read().splitlines() 
 
out = open("OMIMwHPO.txt","w") 
     
for line in gene_lines: 
    cols = line.strip().split("\t") 
    OMIM = cols[0] 
    inheritance_raw = cols[1] 
    inheritance = inheritance_raw.replace(" ","") 
    gene = cols[2] 
     
    if ("<http://identifiers.org/omim/" + str(OMIM) + ">") in 
HPOlist: 
        OMIM_index = HPOlist.index("<http://identifiers.org/omim/" + 
str(OMIM) + ">") 
    else: 
        continue 
     
    out.write(str(gene) + "\t" + str(OMIM) + "\t" + str(inheritance) 
+ "\t") 
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    HPO_index = OMIM_index + 7 
    HPO_OMIM_raw = HPOlist[HPO_index] 
    HPO_OMIM_list = HPO_OMIM_raw.replace("sio:SIO_001279 "," 
;").strip(" ;").split(" , ") 
     
    HPO_final_list = [] 
     
    for HPO_raw in HPO_OMIM_list: 
        HPO = 
HPO_raw.replace("<http://purl.obolibrary.org/obo/",">").strip(">") 
        HPO_final_list.append(HPO) 
     
    HPO_list_string = ",".join(HPO_final_list) 
     
    out.write(str(HPO_list_string) + "\n") 
 
out.close() 
 

HPOterm2symptom.py 

with open('hp.obo') as f: 
    HPO = f.read().splitlines() 
 
out = open("HPOterms.txt","w") 
     
 
for line in range(len(HPO)): 
    if HPO[line].startswith("id: "): 
        HPOnum = HPO[line].replace("id: HP:","",1) 
        HPOname_raw = HPO[line+1] 
        HPOname = HPOname_raw.replace("name: ","",1) 
        out.write("HP_" + str(HPOnum) + "\t" + str(HPOname) + "\n") 
    else: 
        continue 
         
out.close() 
 

OMIM_HPO2symptom.py 

with open('HPOterms.txt') as b: 
    HPOterms = b.read().splitlines() 
     
with open('OMIMwHPO.txt') as f: 
    OMIM = f.read().splitlines() 
     



 

 
231 

out = open('OMIMsymptoms.txt','w') 
 
for OMIM_item in OMIM: 
    cols = OMIM_item.split("\t") 
     
    gene = cols[0] 
    OMIMno = cols[1] 
    inheritance = cols[2] 
    OMIM_HPO = cols[3] 
     
    out.write(str(gene) + "\t" + str(OMIMno) + "\t" + 
str(inheritance) + "\t") 
     
    OMIM_HPO_list = OMIM_HPO.split(",") 
    HPOtermslist = [] 
 
    for dis_HPOnum in OMIM_HPO_list: 
        for HPOline in HPOterms: 
            HPOterms_cols = HPOline.split("\t") 
            refHPOnum = HPOterms_cols[0] 
            HPOterm = HPOterms_cols[1] 
             
            if dis_HPOnum == refHPOnum: 
                HPOtermslist.append(HPOterm) 
             
            else: 
                continue 
    HPOterms_list_string = ",".join(HPOtermslist) 
    out.write(str(HPOterms_list_string) + "\n") 
 
out.close() 
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Appendix 5 Copy Number Variant Pipeline Results 
Appendix Table A 5-1 Gene function and disease association, and breakpoint visualisation for individual IS1655 

Coordinates 
Prioritisation 
categories 

CNV 
Type IGV view of locus 

Gene affected 
and literature 
defined gene 

function 

OMIM and 
literature defined 

disease associations 
Reason for 
exclusion 

RBV results 
Del het 
SNV 

number 
Del p-
value 

Dup het 
SNV 

number 

Dup 
mean 

readbal 
Dup p-
value 

12:1944256-
1954846 

LRTM2: 
Exonic 
Breakpoint, 
Brain 
expressed 
 
CACNA2D4: 
Genic 
breakpoint, 
OMIM 
defined 
disorder, 
Brain 
expressed 

Deletion  
 

LRTM2: No 
information 
available 
 
CACNA2D4: a 
member of the 
alpha-2/delta 
subunit family, a 
protein in the 
voltage-dependent 
calcium channel 
complex. 

LRTM2: No 
information available 
 
CACNA2D4: Retinal 
Cone Dystrophy 4 
(MIM 610478), 
Visual impairment, 
retinal dystrophy, 
Autosomal recessive 
inheritance 
 
Retinitis Pigmentosa, 
loss of vision 
(Wycisk et al., 2006) 

None 0 0.178 0 nan nan 

1:220288742-
220291241 

Exonic 
Breakpoint, 
other 

Deletion  

MIR215: 
microRNA No info available 

No 
overlapping 
phenotype 
with case 

0 0.372 0 nan nan 

1:1413785-
1452490 

ATAD3A: 
Genic 
Breakpoint, 
OMIM 
defined 
disorder, 
Brain 
expressed  
 

Deletion  ATAD3A: 
ubiquitously 
expressed 
mitochondrial 
membrane protein 
that contributes to 
mitochondrial 
dynamics  
 

ATAD3A: Harel-
Yoon Syndrome 
(MIM: 617183), 
Dysmorphic features, 
ID, Ataxia, GDD, 
Cerebellar atrophy, 
Generalized 
hypotonia, 
Autosomal dominant 

No 
indication 
of change 
in read 
depth 
between 
breakpoints 

53 0.77 77 0.626 0.023 
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ATAD3B: 
Genic 
Breakpoint, 
Brain 
expressed 
 

ATAD3B: 
localized to the 
mitochondrial 
inner membrane, 
where it can bind 
to a highly-related 
protein, ATAD3A 
 

inheritance, 
Autosomal recessive 
inheritance, 
 
ATAD3B: No info 
available  

6:10734412-
10759045 

Genic 
Breakpoint, 
Brain 
expressed 

Deletion 
 

TMEM14B: 
Protein Coding 
gene. An 
important paralog 
of this gene is 
TMEM14C. 

squamous cell lung 
carcinoma Enhancer 
sporadic amyotrophic 
lateral sclerosis 
Enhancer 

No 
indication 
of change 
in read 
depth 
between 
breakpoints 

25 0.66 29 0.58425 0.470922 

15:63447449-
87267453 

AGBL1: 
Genic 
Breakpoint, 
OMIM 
defined 
disorder 
 
RPS27L: 
Genic 
Breakpoint, 
Brain 
expressed 
 
Full gene 
covered 

Deletion 

 

AGBL1: 
glutamate 
decarboxylase 
that catalyzes the 
deglutamylation 
of 
polyglutamylated 
proteins. 
 
RPS27L: encodes 
a protein sharing 
96% amino acid 
similarity with 
ribosomal protein 
S27, may be a 
component of the 
40S ribosomal 
subunit 
 
 

AGBL1: Corneal 
Dystrophy, Fuchs 
Endothelial, 8 and 
Fuchs' Endothelial 
Dystrophy (MIM: 
615523) Corneal 
dystrophy, 
Autosomal dominant 
inheritance 
 
RPS27L: 
Shwachman-
Diamond Syndrome 
(Burwick, 
Shimamura, & Liu, 
2011) 

No 
indication 
of change 
in read 
depth 
between 
breakpoints 

17260 0.175 20988 0.598 0.866 



 

 
 

234 

20:56100006-
56101745 

Genic 
Breakpoint, 
other 

Duplication  CTCFL: 
correlates with 
resetting of 
methylation 
marks during 
male germ cell 
differentiation. 

CTCFL: No info 
available 

No 
overlapping 
phenotype 
with case 

1 0.696 1 0.545455 0.544495 

3:46844672-
48252052 

Full gene 
covered 

Deletion 

 

  No 
indication 
of change 
in read 
depth 
between 
breakpoints 

640 0.103 799 0.600 0.077 

7:55807188-
56432912 

Full gene 
covered 

Deletion 

   

No 
indication 
of change 
in read 
depth 
between 
breakpoints 

755 0.833 938 0.599275 0.87268 
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12:123185540-
123198968 

Full gene 
covered 

Deletion 
 

HCAR2: inhibits 
the adenylyl 
cyclase 

HCAR2: GWAS 
association with non-
neurodevelopmental 
phenotypes 
(MacArthur et al., 
2017) 

No 
indication 
of change 
in read 
depth 
between 
breakpoints 

28 0.908 48 0.659974 6.18E-05 

The potentially causative CNV has been highlighted in grey. Del: deletion, Dup: duplication, het: heterozygous, GWAS: genome wide 
association study. Nan: represents CNVs for which RBV duplication analyses cannot occur as heterozygous SNVs within the CNV are required 
for a 2 sample KS test. Genes encompassed entirely by CNVs are only listed if two or fewer CNVs are covered or if there is a visualisable 
change in read depth across the predicted breakpoints. IGV view is split into three panels: top contains a graph of the coverage, middle contains 
aligned reads with red lines indicating discordant read pairs, bottom is the annotated gene/s with exons in illustrated by blue blocks. Coordinates 
correspond to the GRCh37.p13 reference. 
 

Appendix Table A 5-2 Gene function and disease association, and breakpoint visualisation for individual IT1658 

Coordinates 
Prioritisation 
categories 

CNV 
Type IGV view of locus 

Gene affected 
and literature 
defined gene 

function 

OMIM and 
literature defined 

disease associations 
Reason for 
exclusion 

RBV results 
Del het 
SNV 

number 
Del p-
value 

Dup het 
SNV 

number 

Dup 
mean 

readbal 
Dup p-
value 

4:186068091-
186069942 

Exonic 
breakpoint, 
OMIM 
defined 
disorder, 
Brain 
expressed 

Deletion  SLC25A4: A 
member of the 
mitochondrial 
carrier subfamily 
of solute carrier 
protein genes.  

DECIPHER:  
Aplasia/Hypoplasia 
of the ulna, 
Intellectual disability 
(Firth et al., 2009)  
 
Progressive External 
Ophthalmoplegia 
With Mitochondrial 
DNA Deletions, 
Autosomal 
Dominant 2 (MIM: 
609283) 

None 0 0.429 1 1 0.110 
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Sensorineural 
hearing impairment, 
Progressive external 
ophthalmoplegia, 
Adult onset 
 
Mitochondrial DNA 
Depletion Syndrome 
12A , Autosomal 
Dominant (MIM: 
617184) 
Hyporeflexia, 
Generalized 
hypotonia, 
Hypertrophic 
cardiomyopathy, 
Congenital onset 
 
Mitochondrial DNA 
Depletion Syndrome 
12B , Autosomal 
Recessive (MIM: 
615418) Lactic 
acidosis, Slow 
progression, 
Cognitive 
impairment  



 

 
 

237 

2:179306516-
179309148 

Exonic 
Breakpoint, 
OMIM 
defined 
disorder, 
Brain 
expressed, 
Genic 
Breakpoint, 
OMIM 
defined 
disorder, 
Brain 
expressed 

Deletion 

 

PRKRA: protein 
kinase which 
mediates the 
effects of 
interferon in 
response to viral 
infection 

PRKRA: Dystonia 16 
(MIM: 612067) 
Delayed speech and 
language 
development, 
Dysarthria, Motor 
delay, Gait 
disturbance, 
Cognitive 
impairment, 
Autosomal recessive 
inheritance 

No 
indication of 
change in 
read depth 
between 
breakpoints 

3 0.735 4 0.578 0.423 

2:228195532-
228197133 

Exonic 
Breakpoint, 
OMIM 
defined 
disorder, 
Brain 
expressed, 
Genic 
Breakpoint, 
OMIM 
defined 
disorder, 
Brain 
expressed 

Deletion 

 

MFF: 
mitochondrial and 
peroxisomal 
fission by 
recruiting 
dynamin-1-like 
protein (DNM1L) 
to mitochondria. 

MFF: 
Encephalopathy Due 
To Defective 
Mitochondrial And 
Peroxisomal Fission 
2 
 
617086:AR;, 
Microcephaly, 
Visual impairment, 
Seizures, Spasticity, 
GDD, Cerebellar 
atrophy, Severe 
muscular hypotonia, 
Peripheral 
neuropathy, 
Autosomal recessive 
inheritance 

No 
indication of 
change in 
read depth 
between 
breakpoints 

2 0.807 2 0.578 0.941 
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5:138655212-
138658286 

Exonic 
Breakpoint, 
OMIM 
defined 
disorder, 
Brain 
expressed, 
Genic 
Breakpoint, 
OMIM 
defined 
disorder, 
Brain 
expressed 

Deletion 

 

MATR3: proposed 
to stabilize certain 
messenger RNA 
species 

MATR3: 
Amyotrophic Lateral 
Sclerosis 21 (MIM: 
606070) Dementia, 
Decreased nerve 
conduction velocity, 
Bulbar palsy, 
Abnormal motor 
neuron morphology, 
Adult onset, Variable 
expressivity, 
Autosomal dominant 
inheritance 

No 
indication of 
change in 
read depth 
between 
breakpoints 

0 0.355 0 nan nan 

6:17601142-
17602818 

Exonic 
Breakpoint, 
Brain 
expressed, 
Genic 
Breakpoint, 
Brain 
expressed 

Deletion 

 

FAM8A1: Protein 
Coding gene 

FAM8A1: No info 
available 

No 
indication of 
change in 
read depth 
between 
breakpoints 

0 0.463 0 nan nan 

4:185732503-
189140452 

ACSL1: 
Genic 
Breakpoint, 
Brain 
expressed 
 
Full gene 
covered 

Deletion 

 

ACSL1: play a key 
role in lipid 
biosynthesis and 
fatty acid 
degradation 
 
RP11-757A13.1: 
No info available 

ACSL1: No 
information available 
 
 

No 
indication of 
change in 
read depth 
between 
breakpoints 

3505 0.779 4182 0.593 0.478 
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7:99332874-
99381886 

CYP3A4: 
Genic 
Breakpoint, 
Brain 
expressed 
 
RP11-
757A13.1: 
Full gene 
covered 

Deletion 

 

CYP3A4: 
metabolism of 
approximately half 
the drugs in use 
today, including 
acetaminophen, 
codeine, 
cyclosporin A, 
diazepam and 
erythromycin 
 
 
RP11-757A13.1: 
No info available 

CYP3A4: 
Acetaminophen 
Metabolism and 
Tacrolimus Dose 
Selection  
 
RP11-757A13.1: No 
info available 

No 
indication of 
change in 
read depth 
between 
breakpoints 

27 0.402 37 0.615 0.2189 

12:8995158-
8996488 

Genic 
Breakpoint, 
Brain 
expressed 

Deletion  A2ML1: acts as an 
inhibitor of several 
proteases 

A2ML1: Noonan 
Syndrome 1 (L. E. 
Vissers et al., 2015) 
and Otitis Media 
(Santos-Cortez et al., 
2015) 

No 
overlapping 
phenotype 
with case 

0 0.576 0 nan nan 

17:14090109-
15487048 

COX10: 
Genic 
Breakpoint, 
OMIM 
defined 
disorder, 
Brain 
expressed 
 
Full gene 
covered 

Deletion  COX10: 
component of the 
mitochondrial 
respiratory chain 

COX10: 
Mitochondrial 
Complex Iv 
Deficiency (MIM: 
220110) ID, 
Seizures, Ataxia, 
GDD, Decreased 
liver function, 
Autosomal 
Recessive 
inheritance 
 
Leigh Syndrome 
(MIM:256000),Sens
orineural hearing 
impairment, Optic 
atrophy, ID, 
Seizures, Ataxia, 
GDD, Generalized 

No 
indication of 
change in 
read depth 
between 
breakpoints 

1162 0.489 1407 0.594 0.180 
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hypotonia, Lactic 
acidosis, Autosomal 
recessive inheritance 

17:39237563-
39258825 

Full gene 
covered 

Deletion No 
indication of 
change in 
read depth 
between 
breakpoints 

6 0.338 11 0.660 0.058 

The potentially causative CNV has been highlighted in grey. Del: deletion, Dup: duplication, het: heterozygous, GWAS: genome wide 
association study. Nan: represents CNVs for which RBV duplication analyses cannot occur as heterozygous SNVs within the CNV are required 
for a 2 sample KS test. Genes encompassed entirely by CNVs are only listed if two or fewer CNVs are covered or if there is a visualisable 
change in read depth across the predicted breakpoints. IGV view is split into three panels: top contains a graph of the coverage, middle contains 
aligned reads with red lines indicating discordant read pairs, bottom is the annotated gene/s with exons in illustrated by blue blocks. Coordinates 
correspond to the GRCh37.p13 reference. 

Appendix Table A 5-3 Gene function and disease association, and breakpoint visualisation for individual IU1661 

Coordinates 
Prioritisation 
categories 

CNV 
Type IGV view of locus 

Gene affected 
and literature 
defined gene 

function 

OMIM and 
literature defined 

disease associations 
Reason for 
exclusion 

RBV results 
Del het 
SNV 

number 
Del p-
value 

Dup het 
SNV 

number 

Dup 
mean 

readbal 
Dup p-
value 

8:17580710-
17582046 

Genic 
breakpoint, 
Brain 
expressed 

Deletion MTUS1: 
encodes a 
protein which 
contains a C-
terminal 
domain, which 

MTUS1: Large 
birthweight, Fetal 
macrosomia 
(Landrum et al., 
2014), Cardiac 

None 3 0.931 3 0.585 0.767 
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is able to 
interact with the 
angiotension II 
receptor and a 
large coiled-coil 
region allowing 
dimerization 

Hypertrophy (Ito et 
al., 2016) 

2:97864230-
97869820 

Exonic 
breakpoint, 
Brain 
expressed, 
Genic 
breakpoint, 
Brain 
expressed 

Deletion 

 

ANKRD36: 
Protein coding 
gene 

ANKRD36: GWAS 
association with 
non-
neurodevelopmental 
phenotypes 
(MacArthur et al., 
2017) 

No 
indication of 
change in 
read depth 
between 
breakpoints 

0 0.296 2 0.838 0.017 

6:1319136-
1321205 

Exonic 
breakpoint, 
Brain 
expressed 

Deletion  ZNRD1-AS1: 
Pseudogene 

ZNRD1-AS1: No 
info available 

No 
overlapping 
phenotype 
with case 

0 0.448 0 nan nan 

19:9763067-
9800404 

Exonic 
breakpoint, 
Brain 
expressed, 
Genic 
breakpoint, 
Brain 
expressed 

Deletion 

 

ZNF562: among 
its related 
pathways are 
Gene 
Expression. 

May be involved in 
transcriptional 
regulation. 

No 
indication of 
change in 
read depth 
between 
breakpoints 

4 0.242 9 0.702 0.020 
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4:85446594-
89703057 

FAM13A: 
Genic 
breakpoint, 
Brain 
expressed 
 
Full gene 
covered 

Deletion  FAM13A: 
Protein Coding 
gene 

FAM13A: Idiopathic 
Pulmonary Fibrosis 
(Hirano et al., 2017)  

No 
indication of 
change in 
read depth 
between 
breakpoints 

2222 0.065 2679 0.596 0.513 

7:141750738-
141776644 

Genic 
breakpoint, 
other 

Deletion 

 

MGAM: plays 
a role in the 
final steps of 
digestion of 
starch 

MGAM: No info 
available 

No 
indication 
of change 
in read 
depth 
between 
breakpoints 

45 0.882 58 0.602 0.778 

7:38292964-
38356619 

Full gene 
covered 

Deletion 

 

TRGVB: 
Pseudogene, and 
is affiliated with 
the lncRNA 
class 

TRGVB: No info 
available 

No 
indication of 
change in 
read depth 
between 
breakpoints 

78 0.764 109 0.615 0.002 

18:5560817-
9101210 

Full gene 
covered 

Deletion    No 
indication of 
change in 
read depth 
between 
breakpoints 

3083 0.628 3690 0.592 0.508 



 

 
 

243 

The potentially causative CNV has been highlighted in grey. Del: deletion, Dup: duplication, het: heterozygous, GWAS: genome wide 
association study. Nan: represents CNVs for which RBV duplication analyses cannot occur as heterozygous SNVs within the CNV are required 
for a 2 sample KS test. Genes encompassed entirely by CNVs are only listed if two or fewer CNVs are covered or if there is a visualisable 
change in read depth across the predicted breakpoints. IGV view is split into three panels: top contains a graph of the coverage, middle contains 
aligned reads with red lines indicating discordant read pairs, bottom is the annotated gene/s with exons in illustrated by blue blocks. Coordinates 
correspond to the GRCh37.p13 reference. 
 

 

 

Appendix Table A 5-4 Gene function and disease association, and breakpoint visualisation for individual IV1664 

Coordinates 
Prioritisation 
categories CNV Type IGV view of locus 

Gene 
affected and 

literature 
defined gene 

function 

OMIM and 
literature defined 

disease associations 
Reason for 
exclusion 

RBV results 

Del het 
SNV 

number 

Del 
p-

value 

Dup het 
SNV 

number 

Dup 
mean 

readbal 
Dup p-
value 

6:152716658-
152853084 

Deletion Exonic 
Breakpoint, 
OMIM 
disorders, 
Brain 
expressed 
 

 SYNE1: 
Multi-
isomeric 
modular 
protein which 
forms a 
linking 
network 
between 
organelles 
and the actin 
cytoskeleton 
to maintain 
the 
subcellular 

Spinocerebellar 
ataxia, autosomal 
recessive 8 (MIM: 
610743) Nystagmus, 
Dysarthria, 
Cerebellar atrophy, 
Ataxia, Adult onset  
 
Emery-Dreifuss 
muscular dystrophy 
4, Autosomal 
dominant 
(MIM:612998) 
Elevated serum 
creatine 

None 0 0.002 0 nan nan 



244 

spatial 
organization 

phosphokinase, 
Muscle weakness, 
Left ventricular 
septal hypertrophy, 
Childhood onset 

17:25982318-
26087725 

Deletion Exonic 
Breakpoint, 
Brain 
expressed, 
Genic 
Breakpoint, 
Brain 
expressed 

NOS2: nitric 
oxide 
synthase 

Diseases associated 
with NOS2 include 
Malaria and 
Hypertension, 
Essential. 

No 
indication 
of change 
in read 
depth 
between 
breakpoints 

234 0.966 279 0.593 0.977 

19:22155861-
22363624 

Deletion ZNF208: 
Exonic 
Breakpoint, 
Brain 
expressed, 
Genic 
Breakpoint, 
Brain 
expressed 

ZNF676: 
Exonic 
Breakpoint, 
Brain 

ZNF208: May 
be involved in 
transcriptional 
regulation. 

ZNF676: May 
be involved in 
transcriptional 
regulation. 

ZNF208: GWAS 
association with non-
neurodevelopmental 
phenotypes 
(MacArthur et al., 
2017) 

ZNF676: GWAS 
association with non-
neurodevelopmental 
phenotypes 
(MacArthur et al., 
2017) 

No 
indication 
of change 
in read 
depth 
between 
breakpoints 

400 0.965 486 0.599 0.241 
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expressed, 
Genic 
Breakpoint, 
Brain 
expressed 
 
 
Full gene 
covered 

6:152716443-
152853084 

Deletion SYNE1: 
Genic 
Breakpoint, 
OMIM 
disorders, 
Brain 
expressed 
 
Full gene 
covered 

 SYNE1: 
Multi-
isomeric 
modular 
protein which 
forms a 
linking 
network 
between 
organelles 
and the actin 
cytoskeleton 
to maintain 
the 
subcellular 
spatial 
organization 

Spinocerebellar 
ataxia, autosomal 
recessive 8 (MIM: 
610743) Nystagmus, 
Dysarthria, 
Cerebellar atrophy, 
Ataxia, Adult onset  
 
Emery-Dreifuss 
muscular dystrophy 
4, Autosomal 
dominant 
(MIM:612998) 
Elevated serum 
creatine 
phosphokinase, 
Muscle weakness, 
Left ventricular 
septal hypertrophy, 
Childhood onset 

No 
indication 
of change 
in read 
depth 
between 
breakpoints 0 0.002 0 nan nan 

9:21981252-
25407003 

Deletion CDKN2A: 
Genic 
Breakpoint, 
OMIM 
disorders, 
Brain 
expressed 
 

 

CDKN2A: 
regulate 2 
critical cell 
cycle 
regulatory 
pathways 

CDKN2A: 
Melanoma, cutaneous 
malignant, 2 (MIM: 
155601),Squamous 
cell carcinoma, 
Melanoma,  
Autosomal dominant 
inheritance  
 

No 
overlapping 
phenotype 
with case 

3875 0.867 4519 0.589354 0.239196 
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Full gene 
covered 

Melanoma and neural 
system tumor 
syndrome 
(MIM:155755) 
Astrocytoma, 
Cutaneous 
melanoma, 
Autosomal dominant 
inheritance 
 (MIM: 606719) 
Pancreatic 
adenocarcinoma, 
Pancreatic squamous 
cell carcinoma, 
Oropharyngeal 
squamous cell 
carcinoma, Sarcoma, 
Autosomal dominant 
inheritance 
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12:56629721-
56678679 

Deletion SLC39A5: 
Genic 
Breakpoint, 
OMIM 
disorders, 
Brain 
expressed 
 
CS: Genic 
Breakpoint, 
Brain 
expressed 
 
Full gene 
covered 

 

SLC39A5: 
plays a crucial 
role in 
controlling 
intracellular 
zinc levels 
 
CS: rate-
limiting 
enzyme of the 
tricarboxylic 
acid cycle 

SLC39A5: Myopia 
24, autosomal 
dominant (MIM: 
615946) Myopia 
 
CS: No info available 

No 
overlapping 
phenotype 
with case 

9 0.254 14 0.642612 0.029844 

19:52998309-
53041501 

Deletion ZNF578: 
Genic 
Breakpoint, 
Brain 
expressed 
 
ZNF808: 
Genic 
Breakpoint, 
Brain 
expressed 
 
Full gene 
covered 

 
ZNF578: May 
be involved in 
transcriptional 
regulation. 
 
ZNF808: May 
be involved in 
transcriptional 
regulation. 

ZNF578: GWAS 
association with non-
neurodevelopmental 
phenotypes 
(MacArthur et al., 
2017) 
 
ZNF808: GWAS 
association with non-
neurodevelopmental 
phenotypes 
(MacArthur et al., 
2017) 

No 
indication 
of change 
in read 
depth 
between 
breakpoints 

173 0.992 221 0.602 0.402 

The potentially causative CNV has been highlighted in grey. Del: deletion, Dup: duplication, het: heterozygous, GWAS: genome wide 
association study. Nan: represents CNVs for which RBV duplication analyses cannot occur as heterozygous SNVs within the CNV are required 
for a 2 sample KS test. Genes encompassed entirely by CNVs are only listed if two or fewer CNVs are covered or if there is a visualisable 
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change in read depth across the predicted breakpoints. IGV view is split into three panels: top contains a graph of the coverage, middle contains 
aligned reads with red lines indicating discordant read pairs, bottom is the annotated gene/s with exons in illustrated by blue blocks. Coordinates 
correspond to the GRCh37.p13 reference. 
 

Appendix Table A 5-5 Gene function and disease association, and breakpoint visualisation for individual JC1690 

Coordinates 
Prioritisation 
categories CNV Type IGV view of locus 

Gene affected 
and literature 
defined gene 

function 

OMIM and 
literature defined 

disease associations 
Reason for 
exclusion 

RBV results 
Del het 
SNV 

number 

Del 
p-

value 

Dup het 
SNV 

number 

Dup 
mean 

readbal 
Dup p-
value 

1:60076812-
60107062 

Deletion Genic 
Breakpoints, 
Brain 
expressed 

 FGGY: 
phosphorylates 
carbohydrates 
such as 
ribulose, 
ribitol, and L-
arabinitol. 

GWAS association 
with non-
neurodevelopmental 
phenotypes 
(MacArthur et al., 
2017) 
 
Deletions including 
this gene reported in 
DECIPHER include 
hand/finger 
abnormalities and 
dysmorphic features 
(no heart phenotype) 
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1:207693994-
207866247 

Deletion CR1: Genic 
Breakpoint, 
other 
 
CR1L: 
Genic 
Breakpoint, 
other 
 
RP11-
78B10.2: 
Full gene 
covered 

 CR1: Immune 
response 
 
CR1L: Protein 
Coding gene 
 
RP11-
78B10.2: No 
info available 

CR1: No info 
available 
 
CR1L: No info 
available 
 
RP11-78B10.2: No 
info available 

No 
indication 
of change 
in read 
depth 
between 
breakpoints 

234 0.794 275 0.594 0.743 

2:177087372-
177175100 

Deletion Genic 
Breakpoint, 
Brain 
expressed 

 

MTX2: import 
of proteins 
into the 
mitochondrion 

MTX2: GWAS 
association with 
non-
neurodevelopmental 
phenotypes 
(MacArthur et al., 
2017) 

No 
indication 
of change 
in read 
depth 
between 
breakpoints 

89 0.631 101 0.579 0.561 

11:763185-764483 Deletion TALDO2: 
Genic 
Breakpoint, 
OMIM 
defined 
disorder, 
Brain 
expressed 

 

TALDO2: key 
enzyme of the 
nonoxidative 
pentose 
phosphate 
pathway  

Transaldolase 
deficiency (MIM: 
606003) 
Dysmorphic, 
Decreased liver 
function, Congenital 
abnormalities, 
Autosomal recessive 
inheritance 

No 
indication 
of change 
in read 
depth 
between 
breakpoints 

0 0.523 0 nan nan 
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17:10347217-
10357298 

Deletion Genic 
Breakpoint, 
other 

MYH4: family 
of motor 
proteins that 
share the 
common 
features of 
ATP 
hydrolysis 
(ATPase 
enzyme 
activity), actin 
binding and 
potential for 
kinetic energy 
transduction 

Phenotypes 
consistent with 
MYH6 LOF, but 
MYH4 is not 
expressed in the 
foetus 
(PMC4502549) 

No 
overlapping 
phenotype 
with case 

0 0.155 0 nan nan 

19:10130026-
10139872 

Deletion RDH8: 
catalyzes the 
reduction of 
all-trans-
retinal to all-
trans-retinol, 
the first 
reaction step 
of the 
rhodopsin 
regeneration 
pathway 

RDH8: Myopia (Yu 
et al., 2010) 

No 
overlapping 
phenotype 
with case 

0 0.188 0 nan nan 
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19:41344589-
41375076 

Deletion Full gene 
covered, 
OMIM 
defined 
disorder, 
Brain 
expressed 

 

CYP2A6: 
oxidation of 
nicotine and 
coumarin in 
human liver 
microsomes 

CYP2A6:  
Coumarin resistance 
(MIM: 122700): 
Abnormality of 
blood and blood-
forming tissues, 
Abnormality of 
metabolism/ 
homeostasis, 
Autosomal dominant 
inheritance 
 
 
Lung cancer, 
resistance to 
(MIM:211980) 
Alveolar cell 
carcinoma, 
Autosomal recessive 
inheritance 

No 
indication 
of change 
in read 
depth 
between 
breakpoints 

6 0.295 16 0.706 5.81x10-9 

The potentially causative CNV has been highlighted in grey. Del: deletion, Dup: duplication, het: heterozygous, GWAS: genome wide 
association study. Nan: represents CNVs for which RBV duplication analyses cannot occur as heterozygous SNVs within the CNV are required 
for a 2 sample KS test. Genes encompassed entirely by CNVs are only listed if two or fewer CNVs are covered or if there is a visualisable 
change in read depth across the predicted breakpoints. IGV view is split into three panels: top contains a graph of the coverage, middle contains 
aligned reads with red lines indicating discordant read pairs, bottom is the annotated gene/s with exons in illustrated by blue blocks. Coordinates 
correspond to the GRCh37.p13 reference. 
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Appendix Table A 5-6 Gene function and disease association, and breakpoint visualisation for individual IJ1635 

Coordinates 
Prioritisation 
categories CNV Type IGV view of locus 

Gene affected 
and literature 
defined gene 

function 

OMIM and 
literature defined 

disease associations 
Reason for 
exclusion 

RBV results 
Del het 
SNV 

number 
Del p-
value 

Dup het 
SNV 

number 

Dup 
mean 

readbal 
Dup p-
value 

2:101193040-
179930240 

Deletion Genic 
breakpoint, 
OMIM 
defined 
disorder, 
Brain 
expressed 

 

DHTKD1: 
catalyzes the 
overall 
conversion of 
2-oxoglutarate 
to succinyl-
CoA and 
CO2.  

2-aminoadipic 2-
oxoadipic aciduria 
(MIM: 204750) 
Autosomal 
recessive, 
Microcephaly, 
Delayed speech, 
Intellectual 
disability, 
Generalized 
hypotonia, 
Aminoaciduria 
 
Charcot-Marie-
Tooth disease, 
axonal, type 2Q 
(MIM: 615025) 
Autosomal 
dominant, Difficulty 
walking, Skeletal 
muscle atrophy 

None 0 0.418 0 nan nan 

6:17601141-
17602818 

Deletion Exonic 
Breakpoint, 
Brain 
expressed 
Genic 
Breakpoint, 
Brain 
expressed  

FAM8A1: 
Protein coding 
gene 

FAM8A1: No info 
available 

No 
overlapping 
phenotype 
with case 

2 0.797 3 0.637 0.858 
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7:26241533-
26248013 

Deletion Exonic 
Breakpoint, 
Brain 
expressed 
Genic 
Breakpoint, 
Brain 
expressed  

CBX3: coded 
protein binds 
DNA 

CBX3: Cbx3/HP1γ 
deficiency confers 
enhanced tumor-
killing capacity on 
CD8+ T cells (Sun et 
al., 2017) 

No 
indication 
of change 
in read 
depth 
between 
breakpoints 

0 0.24 0 nan nan 

2:179306491-
179312218 

Deletion Genic 
breakpoint, 
OMIM 
defined 
disorder, 
Brain 
expressed  

PRKRA: 
induces 
apoptosis, 
required for 
siRNA 
production by 
DICER1 

Dystonia 16 
(MIM:612067) 
Delayed speech and 
language 
development, 
Dysarthria, Motor 
delay 

No 
indication 
of change 
in read 
depth 
between 
breakpoints 

4 0.603 5 0.583 0.774 

8:23005417-
23006491 

Deletion Genic 
breakpoint, 
Brain 
expressed  

TNFRSF10D: 
inhibitory role 
in TRAIL-
induced cell 
apoptosis 

TNFRSF10D: 
Prostate cancer 
(Hornstein et al., 
2008) 

No 
overlapping 
phenotype 
with case 

0 0.553 1 0.8 0.154 

9:117088192-
117094968 

Deletion Genic 
breakpoint, 
Brain 
expressed 

 ORM1: may 
be involved in 
aspects of 
immunosuppressi
on 

ORM1: thrombin 
generation potential 
measurement 
coagulation factor 
measurement 

No 
indication 
of change 
in read 
depth 
between 
breakpoints 

8 0.729 25 0.698 2.90x10-9 



 

 
 

254 

11:308675-
314452 

Deletion IFITM1: 
Genic 
breakpoint, 
Brain 
expressed 
 
IFITM2: 
Genic 
breakpoint, 
Brain 
expressed 
 
Full gene 
covered 

 

IFITM1: 
inhibits the 
entry of 
viruses to the 
host cell 
cytoplasm, 
modulate cell 
adhesion and 
influence cell 
differentiation  
 
IFITM2: 
inhibits the 
entry of 
viruses to the 
host cell 
cytoplasm 

IFITM1: GWAS 
association with 
non-
neurodevelopmental 
phenotypes 
(MacArthur et al., 
2017) 
 
IFITM2: GWAS 
association with 
non-
neurodevelopmental 
phenotypes 
(MacArthur et al., 
2017) 
 

No 
indication 
of change 
in read 
depth 
between 
breakpoints 

4 0.568 5 0.554 0.429 

17:43547971-
62813589 

Deletion PLEKHM1: 
Genic 
breakpoint, 
OMIM 
defined 
disorder 
 
Full gene 
covered 

 

PLEKHM1: 
may have 
critical 
function in 
vesicular 
transport in 
osteoclasts 

PLEKHM1: 
autosomal recessive 
osteopetrosis type 6 
(MIM: 611497) 
Osteoporosis 

No 
indication 
of change 
in read 
depth 
between 
breakpoints 

12466 0.046 16221 0.615 0.000 

7:142127274-
142163916 

Deletion Full gene 
covered  

  No 
indication 
of change 
in read 
depth 
between 
breakpoints 

56 0.813 65 0.592 0.0547 
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10:36245226-
37687443 

Deletion Full gene 
covered 

 

  No 
indication 
of change 
in read 
depth 
between 
breakpoints 

1063 0.341 1369 0.615 0.0788 

17:16761397-
20472054 

Deletion Full gene 
covered 

 

  

No 
indication 
of change 
in read 
depth 
between 
breakpoints 

3049 0.441 4148 0.619 5.36x10-9 

The potentially causative CNV has been highlighted in grey. Del: deletion, Dup: duplication, het: heterozygous, GWAS: genome wide 
association study. Nan: represents CNVs for which RBV duplication analyses cannot occur as heterozygous SNVs within the CNV are required 
for a 2 sample KS test. Genes encompassed entirely by CNVs are only listed if two or fewer CNVs are covered or if there is a visualisable 
change in read depth across the predicted breakpoints. IGV view is split into three panels: top contains a graph of the coverage, middle contains 
aligned reads with red lines indicating discordant read pairs, bottom is the annotated gene/s with exons in illustrated by blue blocks. Coordinates 
correspond to the GRCh37.p13 reference. 
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Appendix Table A 5-7 Gene function and disease association, and breakpoint visualisation for CNVs shared by AC siblings 

Coordinates 
Prioritisation 
categories 

CNV 
Type IGV view of locus 

Gene affected 
and literature 
defined gene 

function 

OMIM and literature 
defined disease 

associations 
Reason for 
exclusion 

AC247: 
19:43700974-
43765109 
 
AC248:  
19:43701001-
43765100 

PSG4: 
Genic 
Breakpoint, 
other 
 
PSG9: 
Genic 
Breakpoint, 
other 

Deletion 

 

PSG4: may play 
a role in 
regulation of the 
innate immune 
system.  
 
PSG9: thought 
to inhibit 
platelet-
fibrinogen 
interactions 

PSG4: No data 
available 
 
PSG9: No data 
available 

No 
overlapping 
phenotype 
with case 

AC247:  
4:206940-
380418 
 
AC248:  
4:206907-
380227 

ZNF732: 
Full gene 
covered 
 
ZNF141: 
Full gene 
covered 

Deletion 

 

ZNF732: 
May be 
involved in 
transcriptional 
regulation 
 
ZNF141: May 
be involved in 
transcriptional 
regulation as a 
repressor. Plays 
a role in limb 
development. 

ZNF732: 
GWAS association 
with non-
neurodevelopmental 
phenotypes 
(MacArthur et al., 
2017) 
 
ZNF141: Polydactyly, 
Postaxial, Type A6 
and Postaxial 
Polydactyly Type A, 
Bilateral 
(MIM: 615226) 
Postaxial hand 
polydactyly, 
Autosomal recessive 
inheritance 

No 
indication 
of change 
in read 
depth 
between 
breakpoints 
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AC247:  
6:26420829-
26457273 
 
AC248:  
6:26420830-
26457230 

Full gene 
covered 
 
 

Deletion 

 

BTN3A3: Plays 
a role in T-cell 
responses in the 
adaptive 
immune 
response. 

GWAS association 
with non-
neurodevelopmental 
phenotypes 
(MacArthur et al., 
2017) 

No 
indication 
of change 
in read 
depth 
between 
breakpoints 

GWAS: genome wide association study. IGV view is split into three panels: top contains a graph of the coverage, middle contains aligned reads 

with red lines indicating discordant read pairs, bottom is the annotated gene/s with exons in illustrated by blue blocks. Coordinates correspond to 

the GRCh37.p13 reference. 
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Appendix Table A 5-8 Gene function and disease association, and breakpoint visualisation for individual AC247 

Coordinates 
Prioritisation 
categories 

CNV 
Type IGV view of locus 

Gene 
affected and 

literature 
defined gene 

function 

OMIM and 
literature defined 

disease associations 
Reason for 
exclusion 

RBV results 

Del het 
SNV 

number 

Del 
p-

value 

Dup het 
SNV 

number 

Dup 
mean 

readbal 
Dup p-
value 

10:98163477-
99460038 

TLL2: Genic 
Breakpoint, 
Brain 
expressed 
 
Full gene 
covered 

Deletion 
 

TLL2: 
Protease 
which 
specifically 
processes pro-
lysyl oxidase. 
Required for 
the embryonic 
development, 
influences 
dorsal-ventral 
patterning and 
skeletogenesis 

TLL2: No info 
available 

No 
indication of 
change in 
read depth 
between 
breakpoints 

1236 0.675 1578 0.602 0.873 

19:43700974-
43765109 

PSG4: 
Genic 
Breakpoint, 
other 
 
PSG9: 
Genic 
Breakpoint, 
other 

Deletion  PSG4: may 
play a role 
in regulation 
of the innate 
immune 
system.  
 
PSG9: 
thought to 
inhibit 
platelet-
fibrinogen 
interactions 

PSG4: No data 
available 
 
PSG9: No data 
available 

No 
overlapping 
phenotype 
with case 

1 0.03 11 0.768 7.95x10-6 
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4:206940-
380418 

ZNF732: 
Full gene 
covered 

ZNF141: 
Full gene 
covered 

Deletion ZNF732: 
May be 
involved in 
transcriptional 
regulation 

ZNF141: May 
be involved in 
transcriptional 
regulation as 
a repressor. 
Plays a role in 
limb 
development. 

ZNF732: 
GWAS association 
with non-
neurodevelopmental 
phenotypes 
(MacArthur et al., 
2017) 

ZNF141: 
Polydactyly, 
Postaxial, Type A6 
and Postaxial 
Polydactyly Type A, 
Bilateral 
(MIM: 615226) 
Postaxial hand 
polydactyly, 
Autosomal recessive 
inheritance 

No 
indication of 
change in 
read depth 
between 
breakpoints 

290 0.916 414 0.632 0.000 

6:26420829-
26457273 

Full gene 
covered 

Deletion BTN3A3: 
Plays a role in 
T-cell
responses in
the adaptive
immune
response.

GWAS association 
with non-
neurodevelopmental 
phenotypes 
(MacArthur et al., 
2017) 

No 
indication of 
change in 
read depth 
between 
breakpoints 

21 0.462 33 0.632 0.197 

16:12139335-
21390602 

Geni 
Breakpoint, 
Brain 
Expressed 

Deletion 

SNX29: 
Protein 
Coding gene 

GWAS association 
with non-
neurodevelopmental 
phenotypes 
(MacArthur et al., 
2017) 

No 
indication of 
change in 
read depth 
between 
breakpoints 

8244 0.654 11374 0.618 1.70 x10-7 
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The potentially causative CNV has been highlighted in grey. Del: deletion, Dup: duplication, het: heterozygous, GWAS: genome wide 
association study. Nan: represents CNVs for which RBV duplication analyses cannot occur as heterozygous SNVs within the CNV are required 
for a 2 sample KS test. Genes encompassed entirely by CNVs are only listed if two or fewer CNVs are covered or if there is a visualisable 
change in read depth across the predicted breakpoints. IGV view is split into three panels: top contains a graph of the coverage, middle contains 
aligned reads with red lines indicating discordant read pairs, bottom is the annotated gene/s with exons in illustrated by blue blocks. Coordinates 
correspond to the GRCh37.p13 reference. 

Appendix Table A 5-9 Gene function and disease association, and breakpoint visualisation for individual AC248 

Coordinates 
Prioritisation 
categories 

CNV 
Type IGV view of locus 

Gene affected 
and literature 
defined gene 

function 

OMIM and literature 
defined disease 

associations 
Reason for 
exclusion 

RBV results 
Del het 
SNV 

number 

Del 
p-

value 

Dup het 
SNV 

number 

Dup 
mean 

readbal 
Dup p-
value 

22:20028959-
20062955 

Genic 
breakpoint, 
OMIM 
defined 
disorder, 
Brain 
expressed 

Deletion TANGO2: 
belongs to the 
transport and 
Golgi 
organization 
family, whose 
members are 
predicted to play 
roles in secretory 
protein loading 
in the 
endoplasmic 
reticulum. 

Metabolic 
Encephalomyopathic 
Crises, Recurrent, 
With Rhabdomyolysis, 
Cardiac Arrhythmias, 
And 
Neurodegeneration 
and Tango2-Related 
Metabolic 
Encephalopathy And 
Arrhythmias 
(MIM:616878) 
Intellectual disability, 
Seizures, Ataxia, 
,Global developmental 
delay, Hypertrophic 
cardiomyopathy, 
Acute 
rhabdomyolysis, 

None 
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Autosomal recessive 
inheritance 

1:185748660-
186227058 

Genic 
breakpoint, 
OMIM 
defined 
disorder, 
Brain 
expressed 

Deletion HMCN1: 
Cellular 
migration during 
development 

Macular Degeneration, 
Age-Related, 1 and 
Basal Laminar Drusen 
(MIM: 603075) 
Progressive visual 
loss, Foveal 
hypopigmentation, 
Autosomal dominant 
inheritance 

No 
indication 
of change 
in read 
depth 
between 
breakpoints 

192 0.125 230 0.600 0.379 

12:26959200-
125356029 

ITPR2: 
Genic 
Breakpoint, 
OMIM 
defined 
disorder, 
Brain 
expressed 

Full gene 
covered 

Deletion ITPR2: mediates 
the release of 
intracellular 
calcium 

ITPR2: Anhidrosis, 
Isolated, With Normal 
Sweat Glands and 
Anhidrosis (MIM: 
106190) Anhidrosis, 
Heat intolerance, 
Autosomal recessive 
inheritance 

No 
indication 
of change 
in read 
depth 
between 
breakpoints 

78304 0.275 95430 0.600 0.214 

16:89973281-
89975430 

Genic 
Breakpoint, 
Brain 
expressed 

Deletion TCF25: May 
play a role in 
cell death 
control. Acts as 
a transcriptional 
repressor.  

TCF25: GWAS 
association with non-
neurodevelopmental 
phenotypes 
(MacArthur et al., 
2017) 

No 
indication 
of change 
in read 
depth 
between 
breakpoints 

0 0.418 0 nan nan 
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19:43701001-
43765100 

PSG4: 
Genic 
Breakpoint, 
other 

PSG9: 
Genic 
Breakpoint, 
other 

Deletion PSG4: may play 
a role in 
regulation of the 
innate immune 
system.  

PSG9: thought 
to inhibit 
platelet-
fibrinogen 
interactions 

PSG4: No data 
available 

PSG9: No data 
available 

No 
overlapping 
phenotype 
with case 

1 0.036 5 0.766 0.017 

1:726112-
224203473 

Full gene 
covered 

Deletion 

No 
indication 
of change 
in read 
depth 
between 
breakpoints 

162492 1.0 211178 0.613 0.002 
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4:206907-380227 ZNF732: 
Full gene 
covered 

ZNF141: 
Full gene 
covered 

Deletion ZNF732: 
May be involved 
in transcriptional 
regulation 

ZNF141: May be 
involved in 
transcriptional 
regulation as a 
repressor. Plays 
a role in limb 
development. 

ZNF732: 
GWAS association 
with non-
neurodevelopmental 
phenotypes 
(MacArthur et al., 
2017) 

ZNF141: Polydactyly, 
Postaxial, Type A6 
and Postaxial 
Polydactyly Type A, 
Bilateral 
(MIM: 615226) 
Postaxial hand 
polydactyly, 
Autosomal recessive 
inheritance 

No 
indication 
of change 
in read 
depth 
between 
breakpoints 

244 0.827 331 0.630 0.008 

6:26420830-
26457230 

Full gene 
covered 

Deletion BTN3A3: Plays a 
role in T-cell 
responses in the 
adaptive 
immune 
response. 

GWAS association 
with non-
neurodevelopmental 
phenotypes 
(MacArthur et al., 
2017) 

No 
indication 
of change 
in read 
depth 
between 
breakpoints 

24 0.452 27 0.589 0.164 

The potentially causative CNV has been highlighted in grey. Del: deletion, Dup: duplication, het: heterozygous, GWAS: genome wide 
association study. Nan: represents CNVs for which RBV duplication analyses cannot occur as heterozygous SNVs within the CNV are required 
for a 2 sample KS test. Genes encompassed entirely by CNVs are only listed if two or fewer CNVs are covered or if there is a visualisable 
change in read depth across the predicted breakpoints. IGV view is split into three panels: top contains a graph of the coverage, middle contains 
aligned reads with red lines indicating discordant read pairs, bottom is the annotated gene/s with exons in illustrated by blue blocks. Coordinates 
correspond to the GRCh37.p13 reference. 
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