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Abstract 
Developmental disorders are rare conditions, causing a mental or physical impairment. 

Genetic heterogeneity and highly variable clinical manifestations poses great 

challenges in the diagnosis of developmental disorders. New sequencing technologies 

have become an important and cost-effective tool in the diagnosis of rare diseases 

and results can impact clinical practice significantly. Copy number variants (CNVs) 

play a major role in the pathogenesis of developmental disorders and thus it is 

important to investigate the presence of CNVs within these patient cohorts. The 

introduction of exome sequencing (ES) has allowed the detection of CNVs and single 

nucleotide variants (SNVs) exome wide with a single test. This is a valuable approach 

to implement especially in a limited resource setting like South Africa. Despite SNVs 

being well studied, the incorporation of CNV bioinformatics tools into variant calling 

pipelines has not been implemented routinely as there is no current gold standard for 

CNV detection from exome data. Very limited clinical CNV studies have been carried 

out on next generation sequencing (NGS) data in patients of African ancestry. This 

study thus aimed to identify the most appropriate bioinformatics approach to detect 

CNVs from exome data. Subsequently, it was implemented in a developmental 

disorder variant analysis pipeline for ES data generated by the Deciphering 

Developmental Disorders in Africa (DDD-Africa) study, to establish the role that CNVs 

play in this African cohort. The DDD-Africa study recruited and performed detailed 

clinical phenotyping and ES on 500 African patients with an undiagnosed 

developmental disorder. Four different bioinformatics tools (CANOES, CLAMMS, 

XHMM and InDelible) have been applied to a set of samples (N=100) with known 

CNVs which served as a truth set. Functional equivalence evaluation was carried out 

in order to identify the most effective CNV calling tool or combination of tools to 

implement on the DDD-Africa exome dataset. Implementing the chosen tools onto the 

first batch of ES data consisting of 287 participants, yielded a ~7% diagnostic yield. 

Integrating CNV detection tools into a standard variant analysis pipeline from ES data 

can improve diagnostic yield while also promoting an improved cost benefit for ES. 

These results could not only end the diagnostic odyssey, but may lead to better care 

and management for families with developmental disorders in Africa.  
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Chapter 1: Introduction and literature review 

 

 

Parts of this chapter were published as a mini review article in Frontiers in Genetics:  

 

Louw, N., Carstens, N., Lombard, Z., & for DDD-Africa as members of the H3Africa 

Consortium (2023). Incorporating CNV analysis improves the yield of exome 

sequencing for rare monogenic disorders-an important consideration for resource-

constrained settings. Frontiers in genetics, 14, 1277784. 

https://doi.org/10.3389/fgene.2023.1277784  
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1.1 Deciphering Developmental Disorders  
 

Developmental disorders (DD) are rare conditions, causing a mental or physical 

impairment. Children with DD experience a lag in fine- or gross motor, language, 

social, and cognitive developmental domains. The term global developmental delay is 

used where children below five years of age experience a delay in two or more of 

these developmental domains. It is estimated that DD affect 2-3% of the global 

population and over 50% of these cases are due to genetic causes (Moeschler and 

Shevell, 2014, Mithyantha et al., 2017). These disorders include Rett - (Hagberg et al., 

1983), Angelman - (Angelman, 1965) , CHARGE - (Hall, 1979) and Noonan syndrome 

(Noonan, 1968) to name a few. DD are understudied and becoming more recognised 

in low- and middle income countries (LMICs) which can be partly attributed to the 

prevention and treatment of infectious diseases leading to a decrease in childhood 

mortality (Bitta et al., 2017). This leads to more children with DD being part of the 

community and thus seemingly more prevalent. 

 

The genetic aetiology of DD include structural variations, single gene defects as well 

as chromosomal abnormalities and disruptions in the epigenetic process of 

methylation. DNA methylation does not alter the DNA sequence itself but rather 

regulates gene expression (Holliday and Pugh, 1975). DD are genetically 

heterogeneous, mutations at multiple distinct loci thus result in a similar phenotype. 

This heterogeneity together with highly variable clinical manifestations makes DD 

notoriously difficult to diagnose. A genetic diagnosis is of immense importance, given 

these challenges, not only for parents and caregivers, but also for doctors treating 

children with DD. This could have immediate implications for recurrence risk, clinical 

management and avoidance of unnecessary testing. Classic diagnostic testing for DD 

has a relatively poor yield and newer approaches can lead to a more precise diagnosis 

and cost less than the cascade of genetic tests required at present in order to diagnose 

DD.  

 

To address this issue the Deciphering Developmental Disorders UK (DDD-UK) study 

was very successfully carried out in the United Kingdom where ~14000 patients with 

DD were recruited and ~41% received a genetic diagnosis (Firth et al., 2011). 
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Similarly, the DDD-Africa study (Appendix X) was established, modelled on the DDD-

UK study, to provide a genetic diagnosis for children with DD in an African setting.  

The main aim of the DDD-Africa study is to improve the scope of genetic services in 

Africa by incorporating next generation sequencing (NGS) in order to diagnose DD 

more accurately. To achieve this objective, 500 African patients with DD as well as 

their parents were recruited and detailed clinical phenotyping carried out followed by 

exome sequencing (ES). No genetic diagnosis has been confirmed in these patients 

prior to recruitment.  

 

 

1.2 Developmental disorders within Africa and other low- and 
middle income countries 

 

It has been reported that about 250 million children within LMICs are at risk of DD (Lu 

et al., 2016). In sub-Saharan Africa the number of children younger than five years of 

age with DD rose from 8.6 million in 1990 to almost double (14.6 million) in 2016 

(Olusanya et al., 2018). A study carried out in Nigeria has also seen a steep increase 

in cases of DD seen in clinic from 153 cases in 2017 to 236 cases in 2019 (Adeniyi 

and Adeniyi, 2020). There is an overall decline in the under-five childhood mortality 

rate; however, over 50% of these deaths occurred within sub-Saharan Africa. As 

mentioned in the above introduction, a large factor contributing to the decrease in 

childhood mortality rates is better control and management of infectious disease, 

especially within LMICs. This has resulted in an increased prevalence of DD in these 

countries, placing additional strain on already fragile healthcare system. In South 

Africa, about four million people are affected by rare disease (Moosa et al., 2022) but 

limited large-scale investigations into the aetiology and prevalence of genetically-

based DD have been carried out in the country. The NeuroDev study shared data from 

a trio pilot study where exome data was analysed for children with DD in South Africa 

and Kenya (Kipkemoi et al., 2023). It was found that there is a need for a more 

collaborative effort to investigate DD within Africa (Lim et al., 2023). As introduced in 

section 1.1, the DDD-Africa study has been established to address these issues and 

to make diagnosing these conditions easier and more attainable for LMICs. 
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1.3 Diagnosing developmental disorders 
 

Due to the heterogenous nature of DD and the fact that many phenotypes are non-

specific, the genotype-first approach is recommended and has had successful 

outcomes for other studies (Wilczewski et al., 2023, Wright et al., 2023). Relatively 

increased accessibility and decreased cost of NGS have also led to more diagnoses 

for rare disease and new gene discoveries (Lohmann and Klein, 2014, Satam et al., 

2023, Yang et al., 2023). First-line investigations for DD have been established; 

however, have changed over time as technologies and costs improve. A clinical 

evaluation of the patient is also very important in order to establish in-depth clinical 

phenotypes which will assist with diagnosis after the genotype is known. Metabolic 

and biochemical blood and urine testing should also be considered for children with 

DD (Merino Elia and Coghill, 2021) especially if blood testing at birth was not 

performed. This would not be attainable in LMICs where many of these tests are not 

readily available and costly. Detailed medical and family history is also important to 

confirm a specific diagnosis. An outline of the genotype-first approach from the DDD-

UK study can be seen in Figure 1.1. This highlights the importance of detailed family 

history in variant prioritisation and in-depth phenotypes for manual review of the 

genotype and matching this with the phenotype. The genotype driven approach also 

allows for identification of subsets of patients with similar disorders. A genotype-

phenotype database is key in prioritising novel variants and establishing a baseline of 

rare variants and gene-disease associations (Wright et al., 2015). Identification of 

more individuals with a specific variant in the same gene, together with deep 

phenotyping, gives greater insight into the range of phenotypes associated with a 

particular gene. This reverse-phenotyping approach is invaluable to identify novel 

disease genes and determine a diagnosis (de Goede et al., 2016). 
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Figure 1.1: DDD-UK Study workflow (Wright et al., 2015) 

SNV=single nucleotide variant. Indel=insertion or deletion. CNV=copy number variant. UPD=uniparental disomy. 
  

 

A molecular diagnosis is important to not only reduce the burden on patients and 

families but may also lead to changes in the management of a patient. This also opens 

up the possibility for a patient with a rare disorder and their families to become part of 

support groups and other networks relating to their condition (Manickam et al., 2021). 

Identification of the appropriate clinical investigations and genetic testing for DD is thus 

of immense importance to make an accurate diagnosis and end the diagnostic 

odyssey. 
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1.4 Genetic causes of developmental disorders 
 

Genetic variants associated with DD vary in size from a single nucleotide variant (SNV) 

to large duplications and deletions (up to several Mb) as well as complex 

rearrangements. SNVs are responsible for a large proportion of DD and have been 

quite well characterised in the DD context (Deciphering Developmental Disorders, 

2015). These variants cause protein alteration due to either non-synonymous -, 

missense – or nonsense variants. Many tools and pipelines have been developed to 

identify and annotate SNVs and many functional studies have also been carried out 

on these variant types. It has been shown that copy number variants (CNVs) explain 

the pathogenesis of a large proportion of children with intellectual disability and ~15% 

attributed specifically to large CNVs (>100kb) (Testard et al., 2021). In line with this, 

previous reports have shown that most pathogenic CNVs identified in various patient 

cohorts are >100kb (Vermeesch et al., 2007, Cooper et al., 2011, Moosmann et al., 

2015). CNVs also tend to have a more severe consequence on phenotype when 

compared to SNVs due to their large size and deletion or duplication of entire coding 

regions (Park et al., 2019). It is thus important to further investigate CNVs as a 

contributor to the pathogenicity of DD. CNVs are part of structural variation (Figure 

1.2) which includes large deletions and duplications, spanning a region of over 50bp 

(previously over 1kb) and up to several mega base pairs (Alkan et al., 2011, 

MacDonald et al., 2014, Zarrei et al., 2019). 

 

 

 

 

 

 

 

 

Structural variation 

Translocations 

Insertions 

Deletions 

Duplications 

Inversions 

CNVs 
>50bp  

(~12% of genome) 

 

Figure 1.2: Outline of structural variation including CNVs as large deletions 
and duplications. 
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Large, unbalanced rearrangements change the diploid status of the locus. The gene 

dosage is thus altered which may also lead to a disease phenotype. It is very important 

to accurately identify CNVs as they are responsible for the largest portion (~1.5%) of 

per base genetic variation within the genome (Fromer et al., 2012, Tan et al., 2014). 

Over the years, CNV detection methods have improved due to increased resolution 

and detection capacity (Figure 1.3). This figure visually presents how detection 

methods have improved to detect a variety of variant lengths to finally allowing for 

genome-wide CNV detection with high-resolution since the 21st century. The hallmarks 

of CNV detection can be seen which ultimately allowed for development of CNV 

detection from NGS including ES, Whole Genome Sequencing (WGS) and long-read 

sequencing. 

 
The frequency of CNVs in the human genome is estimated at approximately 12% 

(Zare et al., 2017). This includes recurrent variation which contribute to population 

diversity as well as pathogenic variants associated with the development of certain 

disease phenotypes (Redon et al., 2006, Zarrei et al., 2015, Pös et al., 2021). The 

majority of CNVs are thought to be inherited and less than 500kb in size (Zare et al., 

2017). Previous studies (Gilissen et al., 2014) have reported that rare and de novo 

CNVs play a more notable role especially in neurological disorders (Figure 1.4). In the 

DDD-UK study, a total of 76% of the variants identified were indeed de novo and ~7% 

attributed to de novo CNVs (Wright et al., 2023, Danecek et al., 2024). This number is 

lower than previously reported as 85% of the DDD-UK cohort did receive prior array 

CGH testing.  

Figure 1.3: Improvement and enhancement of CNV detection methods over time. Figure from (Pös et al., 2021) 
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There is thus a higher probability for larger CNVs to be pathogenic and the causal 

variant in patients with DD. Identification of clinically relevant CNVs are being 

prioritised in the hope of characterising phenotypic consequences thereof. Increasing 

the number of CNVs identified and reported ultimately improves our understanding of 

the disease aetiology of these variants. 

 

 
Figure 1.4: Grey (60%)de novo mutations involved in severe DD. de novo mutations are responsible for ~60% of 
severe DD/ID phenotype of which around 20% are predicted to be CNVs (Figure adapted from (Gilissen et al., 
2014)). 

 

The detection of pathogenic CNVs allows for an improved prognosis, better clinical 

management as well as more accurate genetic counselling for the patient and their 

family.   
 

1.5 Genetic testing for diagnosing DD caused by copy number 
variants 

 

Previously, more traditional testing methods have been used for genetic diagnosis of 

DD (Figure 1.3). These include cytogenetic testing, namely karyotyping as well as 

single-gene targeted Sanger sequencing and multiplex ligation-dependant probe 

amplification (MLPA).  

2%

38%
40%

20%
60%

Role of de novo mutations in 
developmental disorders

Conclusive inherited cause Unknown etiology SNV CNV
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These tests do not have a very high individual diagnostic yield and can be costly to do 

since a cascade of testing is usually carried out. Identifying SNVs has come a long 

way since implementation of NGS platforms.  

 

The most widely used approach was Sanger sequencing which is quite laborious and 

where only one region of a limited size can be sequenced at a time. Newer 

technologies such as targeted NGS panels and exome/genome sequencing have 

allowed for a much better resolution in multiple genes or even genome-wide with a 

single test. Additionally, NGS allows for detection of SNVs and CNVs without 

additional assays and by using the same data. As discussed in section 1.4, a large 

proportion of the aetiology of DD can be attributed to CNVs and thus at present the 

recommended first-line investigation for the identification of genetic causes of DD is 

chromosomal microarray (CMA). 

 

1.5.1 Chromosomal Microarray for developmental disorder diagnosis 

Chromosomal microarray testing includes Array Comparative Genomic Hybridisation 

(Array CGH) (Kallioniemi et al., 1992) and single nucleotide polymorphism (SNP) 

arrays (LaFramboise, 2009) and has been the recommended first-tier test for DD 

diagnoses as it showed a much higher yield than previous methods (Miller et al., 2010, 

Jang et al., 2019). This increased yield can mainly be attributed to better resolution 

thus improving the sensitivity for identifying sub microscopic deletions and 

duplications. CMA can detect losses or gains genome-wide using a single chip, 

including sub microscopic changes which are too small to be detected with previous 

methods like fluorescent in-situ hybridisation (FISH). It can also characterise 

breakpoints of CNVs more accurately than MLPA. The diagnostic yield of CMA for DD 

is 15-20% (Table 1.1) which is a significant increase from a conventional G-banded 

karyotype offering ~3% diagnostic yield (excluding Down syndrome and other 

recognisable disorders) (Miller et al., 2010).  

 

Although CMA is still being used in many laboratories as standard practice, newer 

sequencing technologies specifically NGS offer technical advantages thus being more 

appropriate and cost-effective when compared to CMA.  
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Table 1.1: Comparison of common DD diagnostic methods 

Method Advantages and limitations Diagnostic yield 

Karyotyping Large rearrangements (3-10Mb), 

low throughput, not able to detect 

small intragenic rearrangements. 

~3% 

(Miller et al., 2010) 

FISH detects balanced rearrangements 

and mosaicism, cannot detect small 

rearrangements (<100kb). 

2.5-6% 

(Biesecker, 2002, 

Ravnan et al., 2006) 

MLPA Detects small rearrangements, 

limited number of targets (~40), 

high throughput, cannot detect copy 

neutral loss, only known targets – 

no discovery. 

~5% 

(Miclea et al., 2021) 

CMA Small and large CNV detection, 

only reporting CNVs >200kb, probe 

locations predefined, difficulty 

detecting novel and rare CNVs. 

15-20% 

(Miller et al., 2010, 

D'Arrigo et al., 2016) 

Exome sequencing Detect SNVs and CNVs within 

protein coding exonic regions, 

cannot determine exact 

breakpoints, higher depth of 

coverage than WGS. 

25-53% 

(Dharmadhikari et al., 

2019, Srivastava et 

al., 2019, Dong et al., 

2020, Wright et al., 

2023) 

Whole genome 

sequencing 

Detect SNVs and CNVs genome- 

wide, costly, high resolution, low 

coverage. 

30-50% 

(Gilissen et al., 2014, 

van der Sanden et al., 

2023) 
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1.5.2 Next generation sequencing for developmental disorder diagnosis 

Instead of focusing on single genes or regions, with NGS, multiple genes or even the 

entire genome can be studied to identify disease-causing variants. This allows the 

detection of different types of variation with one test instead of ordering a cascade of 

testing which is costly and requires more resources. Incorporating this approach for 

diagnosing DD has been particularly valuable due to the heterogenous nature both 

molecularly and phenotypically. It is thus vital to introduce a test which can detect a 

wider range of variation for diagnosing DD. Targeted gene panels are effective tools 

for the diagnosis of DD. Although limited to only a number of specific single genes, 

these panels have good sensitivity and are more cost-effective than exome – or 

genome sequencing (Mellone et al., 2022). The introduction of exome – and genome 

sequencing has; however, allowed combining the detection of CNVs and SNVs with a 

single test. ES has shown an increased coverage as well as an additional 30% genes 

being characterised and novel gene findings, demonstrating major benefits for ES to 

diagnose DD specifically (LaDuca et al., 2017). To this end, ES has become more 

widely used and is recommended as first-tier for diagnostic purposes, especially for 

children with suspected monogenic disorders (Monroe et al., 2016, Stark et al., 2016, 

Srivastava et al., 2019, Hu et al., 2020). 

 

1.5.3 Exome sequencing for combined detection of SNVs and CNVs  

Exome sequencing is a widely used molecular approach and is recommended as a 

first-tier test for diagnostic purposes for rare monogenic disorders (Stark et al., 2016, 

Hu et al., 2018, Srivastava et al., 2019). Although whole exome sequencing (WES) is 

the more widely used term, it only includes protein coding exonic regions, targeting 

<25% of all exons. The technically correct term is therefore ES instead of WES  

(Aspden et al., 2023). ES identifies variants within coding exonic regions and is 

predominantly centered around SNV discovery. Although ES only identifies variants in 

the protein coding exonic regions, it is estimated that over 85% of mutations identified 

in Mendelian disorders are within the exome (Guo et al., 2012). It is important to note 

that Fragile X syndrome, which is the most common inherited disorder linked to 

intellectual disability, cannot be detected by ES. It has been stated that Fragile X 

should be a second-tier test after NGS analysis (Zhang et al., 2022). 
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The overall diagnostic rate of ES is estimated at ~25% (Yang et al., 2013, Lee et al., 

2014, Fung et al., 2020) and yields as high as  36% (Srivastava et al., 2019) and 41% 

(Dong et al., 2020, Wright et al., 2023) have been reported in patients with rare 

monogenic developmental disorders (Table 1.1). In studies with consanguineous 

patients involved, a yield of up to 86% has been reported (Hiz Kurul et al., 2022).   

 

Due to recent computational advances it is possible to incorporate exome-based CNV 

detection, making it more practical and cost effective, especially for disorders where 

both SNVs and CNVs are involved in disease aetiology. CNVs are responsible for the 

pathogenesis of up to 15% of rare monogenic cases (Truty et al., 2019, Testard et al., 

2022) and tend to have a more severe consequence on phenotype when compared 

to SNVs due to their large size and effect on entire coding regions (Park et al., 2019). 

ES has proven to be a cost-effective first-tier test in developed countries, predicting a 

cost saving of between $1,484 and $3,242 per diagnosis (Schwarze et al., 2018). The 

costs of implementing a diagnostic exome within LMICs is still thought to be higher 

than in developed countries due to the lack of established infrastructure, high cost of 

reagents and the need for personnel training (Wiener et al., 2023). This being said, 

studies show that traditional genetic testing and pre-ES investigations can cost up to 

six times more than local ES costs (Cordoba et al., 2018, Masri and Hamamy, 2021).  

 

Progress has been made regarding joint SNV and CNV investigations in LMICs; 

however, the gold standard for CNV detection remains CMA despite its inability to 

detect SNVs or smaller insertions and deletions. Despite the advances of ES, it is still 

not routinely used, especially in countries where genetic testing is limited. ES as a 

first-line investigation would be beneficial for many patients and a worthwhile 

investment in resource limited setting (Wiener et al., 2023). It is thus important to 

explore ways to incorporate CNV analysis into ES pipelines. As previously noted, CMA 

is frequently employed, leading to additional testing costs, and is limited in its ability to 

report CNVs of smaller sizes.  

 

On its own CMA cannot detect SNVs or smaller insertion and deletions, leading to 

additional genetic testing to rule out any other plausible disease-causing variants. This 

will, in turn, inflate the costs of obtaining a possible diagnosis.  
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It is thus impractical to apply microarray only especially in resource limited settings 

and for diseases where both SNVs and CNVs play an important role in the 

pathogenesis (Park et al., 2019).  

 

When comparing diagnostic rates of WGS, an increased yield of only 1-2% have been 

shown (Wright et al., 2018, Barbitoff et al., 2020). Considering the cost implication as 

well as the additional bioinformatics analysis required, the feasibility of WGS has not 

been proven. Implementing ES can overcome some of these issues as it allows for 

detection of both SNVs and CNVs simultaneously when applying exome data CNV 

calling. It can also detect large and small CNVs thus eliminating the need for tests like 

MLPA and CMA (Royer-Bertrand et al., 2021). Implementing CNV calling from ES data 

requires incorporating bioinformatics CNV calling tools, developed specifically for this 

type of data. Several tools have been developed to this end and are being used 

successfully to compliment the SNV calling pipeline. 

 

Taking the above into account, a critical assessment of literature reflecting current 

standard approaches for CNV analysis and incorporation of bioinformatics CNV tools 

into existing NGS pipelines is thus necessary. This is even more crucial within a LMIC 

as a proof of principle due to low resource settings facing even more challenges to 

implement genetic testing. Keeping costs to a minimum while maximising diagnoses 

is crucial within these settings. Implementing ES as a first-tier test while incorporating 

CNV analysis could be a fundamental step in furthering genetic testing within low 

resource settings. 

 

 

1.6 Bioinformatics approaches for CNV detection 
 

Many bioinformatics tools have been developed for the identification of CNVs from 

genome and ES data. The four main approaches to detect CNVs (Figure 1.5) are read 

depth, paired-end mapping, split read, assembly approach (Zhao et al., 2013). A 

combination or ensemble approach is also commonly used as none of the methods 

alone detect all CNVs with high specificity and sensitivity.  
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Figure 1.5: Illustration of the four main approaches used to detect CNVs from short-read NGS data. Adapted from 
(Zhao et al., 2013) 

 

In this section, the focus is on the most recent and most widely used CNV tools 

(Gabrielaite et al., 2021) divided into categories according to these different detection 

approaches (Table 1.2). 
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Table 1.2: Summary of bioinformatics tools developed for CNV detection from NGS 
data 

Tool Method Advantages/Attributes Reference 
Tools designed for exome sequencing 

CANOES Read depth Rare CNVs from ES data Backenroth et al., 2014 

CLAMMS Read depth 
Large population ES studies, 

easy integration into automated 
variant-calling pipeline 

Packer et al., 2016 

CN-Learn Read depth Small sample size needed, good 
precision and high-confidence Pounraja et al., 2019 

CODEX Read depth Do not require matched normal 
controls for normalisation  Jiang et al., 2015 

CoNIFER Read depth More insertions identified, low 
memory required.  Krumm et al.,2012 

EXCAVATOR2 Read depth Detects CNVs with genome-
wide resolution D’Aurizio et al., 2016 

ExomeDepth Read depth 

Good control of technical 
variability between samples, 

effective across wider range of 
exome datasets. Small and 

heterozygous deletions 

Plagnol et al., 2012 

HMZDelFinder/ 
HMZDelFinder 

_opt 
Read depth Rare, intragenic homozygous 

and hemizygous deletions Gambin et al., 2017 

XHMM Read depth Explore novel classes of CNVs  Fromer et al., 2012 

InDelible Split read 
Smaller SVs (21-500bps) 
missed by conventional 

methods 
Gardner et al., 2020 

Tools designed for whole genome sequencing 

Gustaf Split read 

Identifies size and location of 
dispersed duplications and 

translocations; 30-100bp and 
>500bp 

Trappe et al., 2014 

PINDEL Split read Large deletions and medium 
sized insertions Ye et al., 2018 

PRISM Split read SVs and precise breakpoints Jiang et al., 2012 

SVseq2 Split read INDEL from low coverage WGS 
data, exact breakpoints Zhang et al., 2012 

BreakDancer Paired-end Variety of SVs including indels, 
inversions, and translocations  Chen et al., 2009 

HYDRA Paired-end 
Diverse SVs, includes 

transposons and segmental 
duplications 

Quinlan et al., 2010 

PEMer Paired-end  ~3 kilobases or larger SVs  Korbel et al., 2009 

Ulysses Paired-end High specificity over complete 
spectrum of variants 

Gillet-Markowska et al., 
2015 
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Tool Method Advantages/Attributes Reference 

Magnolya Assembly 
based 

No mapping of reads to 
reference genome, de novo 

CNV detection 
Nijkamp et al., 2012 

CNVer Ensemble 
approach 

Better mitigate the sequencing 
biases causing uneven local 

coverage and accurately predict 
CNVs 

Medvedev et al., 2010 

DELLY Ensemble 
approach 

Full spectrum of genomic 
rearrangements, including 

complex events. 
Raesch et al., 2012 

GenomeSTRIP Ensemble 
approach 

Whole genome discovery and 
genotyping of deletions Handsaker et al., 2011 

LUMPY Ensemble 
approach 

Increased sensitivity of SV 
detection Layer et al., 2014 

Tools designed for exome or whole genome sequencing 

Manta Ensemble 
approach 

Less computational time/space, 
intense large-scale SVs, 

medium-sized indels and large 
insertions 

Chen et al., 2016 

Cn.MOPS Read depth Larger CNVs identified. Fast 
average running time. Klambauer et al., 2012 

CNVkit Read depth <100kb CNVs, more effective for 
deletions Eric et al., 2016 

GATKgCNV Read depth Rare CNVs, Determine copy 
number biases and CNVs  Babadi et al., 2023 

 *Whole Genome Sequencing (WGS); *Structural variation (SV) 

 

1.6.1 Read depth-based approach 

This approach relies on the depth of coverage to estimate copy number from the 

corresponding genomic region. Higher depth of coverage at a specific region indicates 

a gain whereas a lower depth of coverage indicates a loss of copy number. Since ES 

has higher depth-of-coverage than WGS it is ideal for using this approach. Most tools 

developed to date for the identification of CNVs from ES data are thus based on this 

approach. CLAMMS (Packer et al., 2016), CoNIFER (Krumm et al., 2012), 

ExomeDepth (Plagnol et al., 2012), XHMM (Fromer et al., 2012), cn.MOPS 

(Klambauer et al., 2012) and GATKgCNV (Babadi et al., 2022) are amongst the most 

recent and often used read depth-based tools. As only the exonic regions are 

sequenced, some considerations need to be addressed for these tools to function 

optimally.  
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When using read depth-based CNV detection one should take into consideration that 

most tools require the use of a reference panel of samples. An assumption of the read 

depth approach is that reads are distributed uniformly across the genome, 

unfortunately this is not the case for ES. Reference samples are thus used to control 

for these biases created by regions of variable depth across exons by establishing a 

baseline for CNV calling which ensures that CNVs are called accurately. These 

samples should ideally be matched in terms of preparation and sequencing platform 

and even sequencing batch if possible to limit technical biases which might hinder 

CNV detection. Several tools require matched case-control samples as input; 

however, many tools use multiple test samples as a cohort to serve as reference 

samples for the analysis. The number of samples to be used ranges from less than 

ten to hundreds of samples, for instance cn.MOPS requires a minimum of six samples 

whereas XHMM a minimum of 50 samples. Several read depth-based tools have been 

developed and implemented on ES data (Krumm et al., 2012, Tan et al., 2014, Pfundt 

et al., 2017, Zhao et al., 2020, Gordeeva et al., 2021). 

 

1.6.2 Split read-based approach 

This approach detects unmatched read pairs, thus one read aligns to the reference 

genome while the other read fails to map or aligns only partially to the genome. This 

potentially identifies the breakpoints for CNVs. A few recent tools developed with this 

approach are PINDEL (Ye et al., 2018), PRISM (Jiang et al., 2012), SVseq2 (Zhang 

et al., 2012) and Gustaf (Trappe et al., 2014).  One tool developed specifically for ES 

data is InDelible (Gardner et al., 2021) which was designed to target smaller structural 

variation (21 – 500bp) mostly missed with other CNV calling tools. 

 

1.6.3 Paired-end mapping approach 

This approach was the first to put forth the possibility of using NGS data to detect 

CNVs  (Tuzun et al., 2005, Korbel et al., 2009). It relies on the insert size from the 

library preparation process and identifies any decreased insert size or swapped read 

directions between read pairs to identify a CNV or mobile element, insertions, 

inversions and tandem duplications.  
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In regions of low complexity containing segmental duplications, this approach seems 

to be limited. A number of tools have been developed with BreakDancer (Fan et al., 

2014), HYDRA (Quinlan et al., 2010), PEMer (Korbel et al., 2009) and Ulysses (Gillet-

Markowska et al., 2015) being the most widely used (Zhao et al., 2013, Gabrielaite et 

al., 2021).  

1.6.4 Assembly-based approach 

The assembly-based approach assembles reads de novo and does not align to a 

reference genome. Overlapping reads are assembled and these contigs are then 

compared to the reference genome, identifying regions with contradictory copy 

numbers. A minimum read coverage is required for tools based on this approach to be 

used successfully. The specific threshold for coverage is not well defined but can be 

inferred from read depth-based methods as it usually requires higher coverage than 

these tools. The most commonly used assembly based tool is Magnolya (Nijkamp et 

al., 2012). 

1.6.5 The ensemble approach  

None of the above-mentioned methods alone detects the full spectrum of CNVs with 

high sensitivity and specificity and thus it is recommended to use an ensemble 

approach (Coutelier et al., 2022). In this regard several tools have been developed to 

integrate multiple approaches and increase performance. These include DELLY 

(Rausch et al., 2012), LUMPY (Layer et al., 2014), Manta (Chen et al., 2016), CNVer 

(Medvedev et al., 2010) and GenomeSTRIP (Handsaker et al., 2011). Although this 

approach is recommended, there is still no gold standard for CNV detection especially 

from ES data.  

1.7 Best approaches for CNV calling from ES data 
 

As there are many tools available for CNV detection from ES data (Table 1.2), 

recommendations have been made focusing on the use of these tools for optimal 

results. In a recent comparative analysis of ES-focused CNV tools (Zhao et al., 2020) 

the recommendations for obtaining the best results were related to the specific 

dataset.  
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In terms of accuracy, it was recommended to use CNVkit (Talevich et al., 2016) if CNV 

size is small (<100kb), if CNV size is larger using cn.MOPS seems to be optimal. If 

the dataset presents with more insertions, using CoNIFER is recommended and 

CNVkit is seemingly the best for identifying deletions compared to duplications. If there 

is no prior knowledge on the dataset then using cn.MOPS and CoNIFER together is 

recommended (Guo et al., 2013, Zhao et al., 2020).  

 

Different tools have been designed to obtain optimal sensitivity and specificity focused 

on rare or common CNVs as well as population size. Previous limitations, for instance 

only being able to identify CNVs spanning at least two or more exons, GC content or 

mapability biases as well as sequencing noise have been addressed (Pounraja et al., 

2019, Bigio et al., 2020, Filer et al., 2021, Babadi et al., 2022). CLAMMS was 

developed to be more suitable for large population studies (Packer et al., 2016) and 

integrate more easily into an automated variant-calling pipeline. In order to more 

accurately identify rare and intragenic homozygous and hemizygous deletions, 

HMZDelFinder (Gambin et al., 2017) was developed and the newer 

HMZDelFinder_opt (Bigio et al., 2020) outperforms the older version in terms of 

accuracy and specifically identification of partial exon deletions. ExomeDepth has also 

been widely used (Marchuk et al., 2018, Rajagopalan et al., 2020, Zhai et al., 2021) 

and was designed to control for technical variability between samples. CANOES 

(Backenroth et al., 2014) is complementary to methods like XHMM and CoNIFER and 

accuracy can be improved when using CANOES in combination with one of these. 

CN-Learn identifies true CNVs with higher precision and recall rates without 

compromising performance even with as few as 30 samples (Pounraja et al., 2019). 

This tool uses CNVs predicted by four different CNV callers (CANOES, CODEX, 

XHMM and CLAMMS) which was found to enhance performance instead of using the 

tools as standalone methods.  

 

Another study also merged results from CANOES and HMZDelFinder after each tool 

was applied separately (Dong et al., 2020). It was also suggested to combine 

GATKgCNV, LUMPY, DELLY and cn.MOPS which had the best recall and captures 

different CNVs (Gabrielaite et al., 2021). As LUMPY and DELLY have been developed 

for WGS data, GATKgCNV and cn.MOPS should be used with ES data.  
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In a recent study, CNVkit, XHMM, EXCAVATOR2, and ExomeDepth were used for 

ES based CNV calling in order to maximize the sensitivity and make ES a more 

powerful tool to diagnose neurodevelopmental disorders (Zhai et al., 2021). 

 

While no additional sequencing costs are involved in the exome-CNV analysis, 

computational costs relating to additional data analysis should be considered. 

Comparing computational costs of exome CNV tools, the average expected central 

processing unit usage was 5.68GHz and an average of 267,55Mb of space was used 

for a 11.2Mb series of datasets with 100x coverage (Zhao et al., 2020). Implementing 

CANOES on 285 samples took ~6 minutes per sample using a 2.3 GHz central 

processing unit core (Backenroth et al., 2014) and for CLAMMS (Packer et al., 2016) 

an estimate of ~50MB random-access memory is required per process.   

 

The ensemble approach clearly yields optimal results, while increasing the sensitivity 

and specificity of CNV detection (Välipakka et al., 2020) but might not always be 

feasible. Factors such as computational costs and resource availability should also be 

taken into account when deciding on a method of CNV detection. Individual 

implementation of CNV calling tools could still be helpful and lead to increased 

diagnostic yields but are largely influenced by the available computing infrastructure 

in specific environments as well as adequate representation of the different calling 

tools. CNV calling from ES data should be particularly attractive in resource 

constrained settings with reduced capital expenditure and infrastructure required.  

 

 

1.8 Value of CNV calling from ES in resource constrained 
countries 

In a previous study (Dong et al., 2020), an overall yield of 41.4% was reported by 

simultaneous analysis of SNV and CNV of which 12% is attributed to CNVs. In this 

study, both CANOES and HMZDelFinder were applied separately for CNV detection. 

Another study found SNV and exome-based CNV calling yielded an overall diagnostic 

rate of 58.8% of which diagnostic CNVs accounted for 17.6% (Xiang et al., 2021). A 

comprehensive method was used for CNV identification which included combining 

XHMM and principal component analysis with CNVKit.  
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Similarly, it was found that incorporating exome-based CNV detection into 

conventional SNV analysis for a single trio-ES test significantly improved the 

diagnostic rate (Zhai et al., 2021). When combining SNV and CNV analysis, an overall 

diagnostic yield of 54% was obtained which included 18.9% from CNV analysis alone. 

CNVs in this study were detected by CNVkit, XHMM, EXCAVATOR2, and 

ExomeDepth, the detected CNVs were all retained and annotated thereafter.  

In an effort to identify the cause of congenital heart disease in 96 child participants 

from Nigeria, a combined approach was taken by making use of ES from patient and 

parents (where available) and performing XHMM CNV analysis on the data (Ekure et 

al., 2021). Ten percent of the cohort presented with pathogenic and likely pathogenic 

variants of which one was a large CNV contributing to the phenotype. 

Assessing the genomic aetiology of autism spectrum disorder in India, ES yielded a 

diagnosis for 29,7% of individuals in total of which CNVs contributed 3%, CMA 

analysis carried out on the same cohort yielded 2.9% diagnoses (Sheth et al., 2023).  

Combined CNV and SNV analysis from ES data thus significantly increased the 

diagnostic yield compared to only using CMA (29.7% vs 2.9%). Detection of CNVs for 

children with DD in South Africa and Kenya was carried out in a pilot study (Kipkemoi 

et al., 2023) using GATK-gCNV (Babadi et al., 2022) and seqr (Pais et al., 2022). This 

yielded a diagnosis for ~22% of children of which ~10% were due to CNVs. The 

combined SNV and CNV analysis from the discussed literature has been shown to 

increase diagnostic yield by as much as 18% (Figure 1.6) which is an additional 

diagnosis for ~2 out of every 100 individuals. The average increased yield attributed 

to CNVs from the discussed research is 10.6% without additional testing costs 

involved.  

Implementing ES as a first-tier for diagnosis, especially when incorporating CNV 

analysis, has proven to be efficient, cost-effective and can end the diagnostic odyssey 

for patients who would not have otherwise necessarily received a molecular diagnosis.  
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Figure 1.6: Average molecular diagnostic yield of exome SNVs and combined SNV/CNVs from 1. Zhai et al., 2021, 
2. Truty et al., 2019, 3. Pranav et al., 2023, 4. Moosa et al., 2022, 5.Xiang et al., 2021, 6. Sheth et al., 2023, 7. 
Dong et al. 2020, 8. Kipkemoi et al., 2023. 

As is the case for most resource limited settings, the cost of sequencing a trio and 

availability of both parents is always a limiting factor.  

A study carried out in India (Pranav Chand et al., 2023), on children with 

neurodevelopmental delay found that a proband-only ES approach yielded a 

molecular diagnosis for 31.5% of these children. Addition of parental samples 

increased this yield by only 3% and CNVs contributed to 6.5% of these diagnoses. 

Another study conducted in China had an overall molecular diagnostic rate of 28.8% 

after analysing 1323 paediatric patients only which proved to be a relatively efficient 

and cost-effective approach in a developing country (Hu et al., 2018). A South African 

study (Moosa et al., 2022) found that proband-only ES is a very valuable tool for 

diagnosis, especially if CNV analysis is included. A molecular diagnostic yield of 51% 

was obtained with 46% of patients presenting with SNVs and 5% with CNVs. Even 

though trio-ES has been shown to have the best outcome for a positive molecular 

diagnosis (Wright et al., 2023), proband-only exome analysis has proven to be a 

feasible option for diagnosis in settings with limited resources or difficulty obtaining 

parental samples. 
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1.9 CNV interpretation and classification 
 

Due to the large size of CNVs (>50bp) and many protein coding regions involved, 

classifying and interpreting CNVs are even more difficult compared to changes 

disrupting a single gene or base pair. The lack of representation in population 

frequency databases has made clinical interpretation and classification of CNVs more 

challenging especially in LMICs. An advantage of identifying CNVs in 

underrepresented populations is the expansion of variant representation in 

predominantly European focused public data repositories. Recent progress has been 

made to contribute CNVs from African population groups to variant databases 

(Nyangiri et al., 2020, Romdhane et al., 2021, Yilmaz et al., 2021) as the lack of 

diversity of high-quality genomic data, specifically from Africa, hampers the 

implementation of appropriate genetic services and exacerbates healthcare 

inequalities (Baine-Savanhu et al., 2023). Standardised CNV reporting is possible by 

using specific ACMG and Clinical Genome Resource (ClinGen) guidelines for CNV 

classification (Riggs et al., 2020) but careful evaluation of CNVs is encouraged to 

ensure that only likely disease-causing CNVs matching the patient phenotype are 

reported. This not only requires trained staff for CNV classification but also clinicians 

to carry out genotype-phenotype correlation. This process often required further input 

from a multi-disciplinary team which is not always available in resource constrained 

environments. Resolving VUSs remains challenging if population representation is 

inadequate. Furthermore, additional investigations including validation and functional 

experiments are often not available in LMIC laboratories. To alleviate some of these 

difficulties with CNV interpretation and classification, several tools have been 

developed enable a more convenient CNV annotation and interpretation. These tools 

provide support for annotation and/ or classification of CNVs and many are web-

based, easy to use and freely available. A recent review has summed up these tools 

comprehensively to make it easier for the clinician, laboratory scientist and genetic 

counsellors to make a decision as to which tool would work best in their setting (Pös 

et al., 2021). 

 

This study investigated different bioinformatics tools to identify the optimal approach 

in an African setting and evaluate the utility of this approach within a LMIC, the study 

aims and objectives are outlined below in more detail. 
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1.10 Aim and objectives 
 
This study aimed to evaluate the optimal bioinformatics approach to identify CNVs 

from exome data for DD cohorts in a limited resource setting. Subsequently, this 

approach will be implemented in DD variant analysis pipeline for ES data generated 

by the DDD-Africa study. 

 
Objectives: 

 
1. Evaluate and compare available bioinformatics tools used for detecting CNVs 

from ES data for functional equivalence by comparing the sensitivity and 
specificity of each tool 

2. Implementation of the chosen bioinformatics tool(s) in the DDD-Africa specific 
patient ES dataset in order to identify putative disease-causing CNVs 

3. Annotation and interpretation of identified CNVs to assess pathogenicity using 
the ClinGen/ACMG guidelines  
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Chapter 2: Bioinformatics CNV detection and 

functional equivalence evaluation 
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2.1. Introduction 
 

CNV detection from ES data relies mainly on depth of coverage data where the 

coverage is compared between samples and CNV predictions are made according to 

the increase or decrease in depth of coverage compared to reference samples. Biases 

can be introduced leading to false positive and false negative results specifically 

relating to depth of coverage methods. Difference in GC content of genomic regions, 

PCR amplification and sequencing errors can introduce biases which can affect the 

analysis and thus the outcome of results. In order to try and compensate for these 

biases, specific steps are in place for each tool to ensure the effects are minimised. 

Normalisation of the read depth data is a crucial step in each of these analysis tools 

to ensure the copy number is correctly interpreted.  

 

As discussed in chapter 1, the recommendation is to use a combination of these tools 

(ensemble approach), as none of the methods alone calls CNVs with high sensitivity 

and specificity (Välipakka et al., 2020). A classical approach for optimised CNV 

detection from NGS data is to use multiple tools in parallel then compiling the data, 

keeping only overlapping CNVs from multiple tools (Collins et al., 2019). In this study, 

this was evaluated to determine whether using different tools really is the best 

approach for exome CNV calling on this dataset and whether using one tool versus 

different tools together presents with variable outcomes. To this end, the functional 

equivalence of these tools has been assessed.  In this study, functional equivalence 

was defined as the shared property of two different tools, run on the same dataset, 

producing almost identical results. The sensitivity and specificity of the tools were 

assessed in order to measure functional equivalence and the number of true CNVs 

correctly identified by each tool were also evaluated.  

 

Three CNV calling tools (CANOES (Backenroth et al., 2014), CLAMMS (Packer et al., 

2016) and XHMM (Fromer et al., 2012)) and one structural variation (SV) calling tool 

(InDelible) (Gardner et al., 2021) were implemented and compared in this study. The 

same tools were also implemented in the DDD-UK study together with CoNVex 

(Deciphering Developmental Disorders, 2015) which was designed in-house and not 

available for use.  
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These calling tools are specifically designed for exome data and CANOES, CLAMMS 

as well as XHMM use the read depth method to call CNVs while InDelible was 

designed using the split read method. These tools all make use of different statistical 

models for CNV detection even though three tools use the read depth method for CNV 

detection. As mentioned previously, the read depth method is best for detection of 

CNVs from exome data. Each of the tools also has their own advantages which are 

discussed in more detail in this chapter.  

 

Chapter 2 outlines the methods and results of the functional equivalence evaluation 

after these tools were applied to identify known CNVs from the truth set exome data 

and the decision on which tool or tools to implement further on the DDD-Africa data. 

 

2.2. Methods 
 

The outline of this study’s methods can be seen below (Figure 2.1), with two different 

datasets, namely the truth set (phase 1) together with the functional equivalence 

calculation (phase 2) as well as the DDD-Africa dataset (phase 3). Phases 1-2 will be 

discussed in this chapter followed by a detailed discussion of phase 3 in chapter 3. 

During phase 1, all four CNV tools were applied to the truth set downloaded from the 

European Genome-phenome Archive (EGA) (Lappalainen et al., 2015) database to 

detect previously identified CNVs validated by more than one tool and/or CMA. 

Functional equivalence evaluation from the truth set results was carried out during 

phase 2 and the most appropriate tool or combination of tools identified. The truth set 

data consists of 100 samples with known CNVs, thus the desired outcome and the 

accuracy of the CNV calling tools could be predicted. Although several CNVs were 

identified in each sample, only one was included for the functional equivalence 

evaluation. This CNV was the only one validated as a true CNV by the DDD-UK study. 

All CNV calling tools were downloaded and installed using default settings and applied 

to the truth set in order to establish functional equivalence. The tool or tools presenting 

with the best sensitivity, specificity and identification of the known CNVs was applied 

during phase 3. The chosen approach was applied to the first batch of DDD-Africa 

exome data (287 samples) to identify new putative disease-causing CNVs.  
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These CNVs were classified using the ACMG/ClinGen guidelines (Riggs et al., 2020) 

as either pathogenic, likely pathogenic, VUS, likely benign or benign. Positive results 

(LP/P CNVs) were returned to families by a genetic counsellor on the DDD-Africa 

team. The prediction of the known CNVs from the truth set of data has thus informed 

the decision on which tool or combination of tools to implement on the DDD-Africa 

dataset. 

 

 

Figure 2.1: Outline of methodology of this study. Two datasets were used, namely the truth set downloaded from 
EGA and the DDD-Africa dataset which have undergone ES as part of the DDD-Africa project. Created with 
BioRender.com 
 

2.2.1 Participants  

Data from ES of one hundred DDD-UK samples (truth set) were obtained from the 

EGA database after specific permissions were obtained. Permission was obtained 

after successful application, to download 100 samples from the DDD-UK dataset 

(EGAD00001002748) consisting of 4293 trio samples (Appendix I). A sample size of 

100 was chosen to include a similar number of affected individuals as the DDD-Africa 

dataset (117).  
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No personal or identifying information was obtained and the sample IDs consisted of 

only an EGA code. One hundred patient samples were downloaded for the purposes 

of a truth set to evaluate and compare the specificity and sensitivity of the four different 

bioinformatics tools. At the time of obtaining the data, only the codes of the probands 

with identified CNVs were given within a linked dataset as part of the larger DDD-UK 

study. The parental samples were not linked to these codes, thus only patient samples 

were downloaded to be used as part of the truth set. These samples all have CNVs 

identified through the DDD-UK study, thus serving as a truth set. One CNV per 

individual was included which were classified as pathogenic, likely pathogenic, likely 

benign or benign and were detected with more than one tool. These truth set CNVs 

were identified with at least two or more of the CNV calling tools applied in the DDD-

UK study, which includes CLAMMS, CANOES, CoNVex and XHMM. A total of 59 

(68.8%) of the CNVs were validated by CMA. 

 

2.2.2 Data generation and download 

The data for the truth set was generated by the DDD-UK study through 75-base paired-

end sequencing (Illumina HiSeq) (Deciphering Developmental Disorders, 2015). One 

hundred Compressed Reference-oriented Alignment Map (CRAM) files, aligned to the 

older reference genome (hg19), were downloaded from the EGA database. These files 

were first converted to FASTQ files and were re-aligned to reference genome GRCh38 

before converting to Binary Alignment Map (BAM) files using Samtools (Li et al., 2009). 

To obtain functional equivalence using the truth set, only CNVs located within 

autosomes were included as CANOES does not call CNVs on sex chromosomes. This 

led to the exclusion of ten of the 100 samples and thus comparison was done only 

with the remaining 90 truth set samples (90 CNVs). A summary of the 90 CNVs can 

be seen in Appendix III. 

 

2.2.3 CNV calling from ES data 

The four tools used during phase 1 have different advantages which are summarised 

in Table 2.1. In this section, these tools are discussed in further detail, specifically 

outlining the steps followed in order to call CNVs using exome data and the expected 

output from each tool. 
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        Table 2.1: Advantages of the four CNV calling tools applied in this study  

 
The different attributes of these tools, the different statistical methods implemented by 

each tool, and the previous application thereof in the DDD-UK study motivated the 

inclusion in this study. It is of interest to identify whether this would lead to different 

results for each tool or whether the tools show functional equivalence. Implementing 

a combination of these tools could also be complementary and lead to a higher 

sensitivity and thus an increased yield. Implementation of  sophisticated bioinformatics 

tools is challenging and even more so within Africa and other LMICs (Mulder et al., 

2016, Shaffer et al., 2019, Tibiri et al., 2025). This study would indicate whether one 

tool could be implemented instead of multiple tools if functional equivalence is proven. 

 

A Nextflow workflow (Appendix X) was created for CNV calling using the four CNV 

calling tools. The CNV calling tools were containerised using Docker (Merkel, 2014). 

 

• InDelible 

InDelible was implemented as outlined on the GitHub repository (Appendix X). It was 

originally designed for the ascertainment of insertion-deletions (InDels) (>20bp) and 

SVs from ES data for which most other approaches have proven insufficient. A “target 

gene list” was also used by InDelible containing genes of interest for the end user 

which reduces search space. Variants identified are limited to the Developmental 

Disorders Genotype to Phenotype (DDG2P) gene list (Thormann et al., 2019).  

Tool Advantages/Attributes Reference 

InDelible 
Smaller SVs (21-500bp), 

specifically designed for DD data 
Gardner et al., 2020 

CANOES Rare CNVs from ES data 
Backenroth et al., 

2014 

CLAMMS 

Large population ES studies, easy 

integration into automated variant-

calling pipeline 

Packer et al., 2016 

XHMM 
Explore novel classes of CNVs 

from ES data 
Fromer et al., 2012 
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The DDG2P list is a database of all known causative DD loci (Appendix X). Only 

variants with at least one breakpoint within the coding sequence of a gene on this list 

are called by InDelible. The variant calling process involves six different steps, namely 

Fetch, Aggregate, Score, Database, Annotate and de novo:  

 

o Fetch: BAM files are inspected for reads where only part of the aligned 

sequence match the reference genome and others do not (split reads). 

o Aggregate: Reads are clustered based on chromosome and position to identify 

positions with multiple split reads. 

o Score: A random forest model is used to score reads using a truth set. 

o Blast: The likely breakpoints of split reads are determined. 

o Annotate: Split read clusters are annotated with population allele frequencies 

and whether they intersect with protein-coding genes. 

o De novo: Inheritance status and likely de novo variants are determined by 

assessing clusters for presence or absence in parental samples. 

 

During the first step (Fetch) soft-clipped reads (areas where split reads are identified) 

are extracted from the BAM files and then aggregated to identify locations with multiple 

clipped reads (Aggregate). A random forest model is then used to score positions 

according to the number/quality of clipped reads as well as sequence context. In the 

database step, sites across individuals are merged, breakpoint frequencies assigned 

as well as type of variant and breakpoints determined where possible. These putative 

SVs are then annotated and lastly de novo events are called where parental samples 

are available.  

 

The output file from these steps is in the form of a tab-separated values file (TSV) with 

details of each SV identified by InDelible (Appendix IV). After the initial TSV output, 

additional filtering is applied in order to reduce variants and ensure only highly likely 

variants, specific to the genes of interest are called (Figure 2.2). The default filters 

were first applied as follows, minor allele frequency (maf) lower than 0,4 and average 

mapping quality (avg_mapq) of at least 20. The number of reads with both 5' and 3' 

split reads (pct_double_split) as well as the SV type (svtype) filters were applied as 

outlined below. This was done to ensure the type of SV is known (deletion or 

duplication) and is not a segmental duplication or translocation.  
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The breakpoints should intersect only genes included on the DDG2P gene list 

(Thormann et al., 2019) and the variant must be in an exonic region. Lastly, specific 

filters for parental structural rearrangements should also be applied, where available. 

These samples were not available for the truth set data and thus step 4 was omitted. 

 

Figure 2.2: Implementation of default InDelible filtering parameters. Filter 1 was to include only SVs with minor 
allele frequencies (maf) less than 0,04 and average mapping quality >= 20 (avg_mapq). For filter 2 the SV type 
has to be known (not to be unknown or segmental duplication or translocation) and number of reads with both 5' 
and 3' split reads (pct_double_split) <0.5. Filter 3 ensured that only SVs in genes from DDG2P are included and 
only exonic SVs with total number of split reads in reads overlapping this breakpoint less than 5. Filter 4, not 
included in truth set, was to have mother and father samples’ split reads less than 2 (number of split reads in the 
bam/cram provided to mother and father with the same 'position').  
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• XHMM 

Exome Hidden Markov Model (XHMM) software was downloaded and all steps 

followed as on GitHub (Appendix X) and published (Fromer and Purcell, 2014). This 

tool is specifically focused, but not limited to, large cohorts and calling novel, rare 

CNVs (<5%) over 200kb in size. A reference FASTA file of the genome and a list of 

exome targets was needed for XHMM analysis. This tool was run with default settings 

and the outline of these steps can be seen in Figure 2.3. The most important steps are 

running depth of coverage calculations (steps 5-6) and removing of extreme targets 

and samples (steps 7-13), data normalisation (excluding samples with extreme 

variability in normalised depth – step 14-15), CNV calling per sample (using a hidden 

Markov model – step 18), and statistical genotyping (step 19) (Fromer et al., 2012). 

The 287 BAM files from the first batch of DDD-Africa data were divided into 57 groups 

for the coverage calculations to optimise computational resources by doing these in 

parallel. To ensure that targets with extreme GC content or read depth, low complexity 

and highly variable targets are excluded, the following filters are implemented. Targets 

were excluded if they were smaller than 10bp or larger than 10kb, if they had a mean 

depth <10 reads or >500 reads. Samples were also excluded if their mean depth over 

all targets were <24 or >200 reads, if they had extremely high variance and if mapping 

quality was <20. The output after running these steps with all quality scores is in a 

DATA.xcnv file format (Appendix V).  

In order to further filter out false positive results, specific filtering parameters were put 

in place for the DDD-Africa dataset. These were not required for the truth set as the 

CNVs to be identified were known. Specific quality scores are given for each CNV 

which gives an indication of the reliability of the output and whether the CNV is a true 

event and not due to an artifact or false positive (Appendix V). The Q_some score is 

a phred-scaled quality score of some CNV within the interval and the Q_non_dip is a 

phred-scaled quality score of the sample not being diploid in the interval, thus having 

a deletion or duplication event. The quality scores (Q_some and Q_non_dip) were set 

to be >=60 and only include probands and affected siblings to identify disease-causing 

CNVs within the affected individuals. These filters ensure that most CNVs identified 

due to sequencing- or other technical biases would be filtered out.  
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If a particular CNV was present in more than five individuals of which they were not all 

affected individuals or parents with a similar phenotype, these were also excluded from 

further analyses. Lastly, CNVs over 100kb in size were prioritised as these are more 

likely to be pathogenic compared to smaller CNVs. CNVs over 100kb will thus be 

referred to as large whereas CNVs <100kb will be referred to as small. XHMM does 

not differentiate between homozygous or heterozygous deletions or copy numbers of 

three and higher and thus a single prediction value is made per sample. The coverage 

and quality of the regions spanning the CNV was assessed using the integrative 

genomic viewer (IGV) (Robinson et al., 2011) in specific cases where quality 

parameters were not met.  

The depth of coverage calculation for each sample was found to take 5–6 hours for 

100 samples and the subsequent commands required 1-2 hours in total. The 

maximum memory for a single process to run was 3-4GB (Fromer et al., 2012). 
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Figure 2.3: Flowchart of CNV calling with XHMM. The main steps in XHMM workflow are listed with corresponding step numbers 
as outlined above. Key steps are depicted graphically on the right.  Figure from (Fromer and Purcell, 2014). 
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• CANOES 

CNVs with an Arbitrary Number Of Exome Samples (CANOES) software was 

downloaded (Appendix X) and applied using default settings (Backenroth et al., 2014). 

It uses negative binomial distribution to call CNVs, which has been found to be a good 

model for over dispersed sequence depth data and is focused on calling rare CNVs 

100kb-10Mb. This method is complementary to Gaussian approach tools like XHMM, 

which has been shown to be less accurate for exome data and could lead to oversight 

especially for smaller deletions (Plagnol et al., 2012). More accurate calls will be 

possible when using CANOES in combination with one of these methods which was 

demonstrated by a reduced and more realistic de novo rate from trio data. This tool 

requires a data frame with the coordinates, GC content and read count per sample for 

each exome capture region. 

As mentioned above, CANOES uses a negative binomial distribution to model read 

counts and estimates variance of the read counts using a regression-based approach 

based on selected reference samples in a given dataset. A pooling strategy is adopted 

by CANOES to build its reference model. Samples with the closest mean and variance 

are used to independently define each sample’s reference. There are a number of 

computational steps taken by CANOES (Figure 2.4), starting with BAM files of interest 

and ending with a segmentation of the exome targets into normal, deletion and 

duplication regions. This is carried out by using a Hidden Markov Model (HMM) and 

assignment of most likely copy numbers using maximum likelihood. For the DDD-

Africa sample set, there were a total of 287 samples of which 171 were unaffected 

samples. 

The unique set of filtering parameters used for the CNVs identified from CANOES are 

as follows, Q_SOME: a Phred-scaled quality score for the CNV is calculated and all 

samples <80 were filtered out. Results were further filtered to select for only probands 

with a CNV of at least 100kb in size. Samples with more than 50 CNVs called 

(Nmax=50) are automatically flagged as the Q_SOME score is set to reflect as not 

applicable (NA). Analyses are restricted to the autosomes due to complications in 

calling CNVs on the sex chromosomes. The output file (.csv) from CANOES can be 

seen in Appendix VI. 
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Figure 2.4: Overview of CANOES computational steps. A HMM is used to segment exome targets into normal, 
deletion and duplicated regions. The most likely copy number of each segment is identified using maximum 
likelihood. Figure from (Backenroth et al., 2014). 

 

• CLAMMS 

Copy number estimation using Lattice-Aligned Mixture Models (CLAMMS) software 

was installed (Appendix X) and run with default parameters (Packer et al., 2016). This 

tool was developed to address the problem that most CNV detection tools are not 

suitable for large population studies. CLAMMS is scalable due to its probabilistic 

framework. The speed of analysis is also fast, making it easier to analyse multiple 

samples together. CLAMMS is also quite robust and able to handle samples of 

different quality and coverage. It is best at calling smaller CNVs (<100kb); however, 

still calls larger CNVs with good precision. Additionally, it can integrate more easily 

into an automated variant-calling pipeline and also recognise more common variants.  
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The CLAMMS algorithm can be divided into three steps: 

o Normalisation of coverage values for individual samples to correct average 

depth of coverage and GC amplification biases.  

o A panel of reference samples is used to model the expected distribution of 

coverage across samples to identify a particular CNV state. These reference 

samples are selected based on seven Quality Control (QC) metrics and using 

a k-d tree data structure for each sample. A finite mixture model fit for each 

exome capture region, based on the reference panel, is used. CNV numbers 0-

3 are considered exome-wide and in regions of known duplication numbers 4-

6 are also considered.  

o A HMM is used to call each individual CNV from each sample’s normalised 

coverage values for each region.   

A minimum mapping quality of 30 is used for a read to be counted. A sample.cnv.bed 

file is the final output (18 columns representing different scores) with the CNVs 

identified for each sample (Appendix VII). CNVs were filtered according to the Q_some 

score as per output file and only those which scored above or equal to 500, were 

included in the final shortlist. Only samples with positive Q_exact scores (Q_exact not 

negative) were included, this is a non-Phred-scaled quality score measuring whether 

the called CNV state and breakpoints match the coverage profile. A score lower than 

zero is questionable and was thus excluded. Lastly, the largest CNVs were prioritised 

(>100kb). In terms of computational time, one hundred samples from the original 

publication took a total of 7.5 minutes (45 seconds per sample).  

 

 

2.2.4 Calculating functional equivalence of CNV tools 

In order to more accurately determine the functional equivalence only truth set 

samples validated by CMA (59/90) was included in the sensitivity and specificity 

calculation. The computational tools applied in this study have been validated by 

comparing their sensitivity and specificity to measure functional equivalence.  
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The concept of functional equivalence has been studied using WGS data with different 

pipelines, Regier et al., 2018 found that results from different pipelines using the same 

dataset is virtually indistinguishable. As previously mentioned, functional equivalence 

in this study is defined as the shared property of two different tools, run on the same 

dataset, producing essentially the same results, regardless of the different tools’ 

respective breakpoints for a specific CNV. Sensitivity is the proportion of positive 

results that are truly identified as positive and specificity is the proportion of negative 

results that are correctly identified as such. The sensitivity was calculated via the top 

equation and is defined as the true positive rate (TPR). The specificity was calculated 

via the bottom equation and is defined as the true negative rate (TNR). 

 

 
 
In these equations, there are six values: Positive (P), Negative (N), True Positive (TP), 

True Negative (TN), False Positive (FP) and False Negative (FN) (Zhao et al., 2013). 

In order to obtain these values, the total number of targets (probes) located within the 

CNVs overlapping with true CNVs for each tool were calculated. The probes (targets) 

used are from the ES analysis showing the coordinates where each probe is located 

within the exome. This is also the file included in the analysis steps of the CNV calling 

tools in order to identify the exome capture regions. Each CNV identified with each 

tool has the number of targets already included within the output file for these tools 

(Appendix IV-VII). In order to obtain the number of targets within the CNVs coordinates 

of the truth set, a script was created to identify the number of targets within each CNV 

(interval). These values are thus defined as (Table2.2):  
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Table 2.2: Description of the variables used for sensitivity and specificity calculations 

Abbreviation Definition 
P (Positive)  Number of targets which are within the real CNV 
N (Negative)  Number of targets which are outside of the real CNV 
TP (True 
Positive)  

Number of targets which are within both the detected CNV and 
the real CNV 

TN (True 
Negative)  

Number of targets which are out of both the detected CNV and 
the real CNV 

FP (False 
Positive)  

Number of targets which are within the detected CNV and out of 
the real CNV 

FN (False 
Negative)  

Number of targets which are out of the detected CNV and within 
the real CNV 

 
 

The number of overlapping CNVs between the tools were also identified in order to 

accurately determine functional equivalence. This process was aimed at determining 

the consistency of these tools’ results. A high rate of overlapping CNVs between the 

tools would indicate that the results have high consistency and are trustworthy. This 

was done using a Venn diagram where the quantitative value was defined as 

N_(overlap) and N (CNV tool) (Figure 2.5). The results of overlaps between CNVs 

detected using all truth set samples (90) and only those validated by CMA (59) will be 

compared. Only three of the tools are represented here as mentioned above, the 

results for InDelible was not sufficient to be included. The value for N is the total 

number of CNVs that are uniquely detected by a CNV tool and N_(overlap) is the 

number that overlapped with those CNVs also detected by the other tool.  
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2.3 Results 
 

2.3.1 Identification of the optimal method for CNV identification through 

functional equivalence evaluation 

2.3.1.1 True CNVs identified between CNV calling tools 

Before filtering, over 2 million SVs were identified by InDelible which is an average of 

~20,000 SVs per sample. Only three of the 90 known CNVs overlapped with SVs 

identified by InDelible; however, the advantage of using InDelible might not have been 

apparent as there were not enough truth set CNVs within the scope of InDelible for a 

fair evaluation. Only eight of the CNVs were between 20-500bp in size, which is the 

optimal size for which InDelible was designed. A total of 40 CNVs were below 100kb 

in size and 17 of these CNVs under 10kb. This tool was developed for smaller SVs 

and as this study is trying to identify the best approach to use for rare, disease-causing 

CNV analysis, InDelible was not used for the main dataset and was left out of further 

comparison and analyses. This tool was initially included to try and close the gap 

where most CNV tools identify only larger CNVs and where the smaller CNVs (one 

exon and less) are missed by the majority of these tools. The CNV calling tools did 

identify CNVs as small as 500bp in some instances but mostly missed the CNVs below 

10kb. 

XHMM

CLAMMSCANOES

N_(overlap) 

 

N_(overlap) 

 

N_(overlap) 

 

N (CANOES) 

N (CLAMMS) 

N (XHMM) 
)

N_(overlap) 

 

Figure 2.5: Venn diagram showing overlapping and unique CNVs called by the three CNV tools. 
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After analysis of the full truth set data (90 CNVs), the bioinformatics tools developed 

to identify CNVs specifically and not all SVs, were more accurate in detecting the true 

CNVs.  For each of the three other tools (CANOES, CLAMMS and XHMM), the overlap 

of detected true CNVs between the tools has been illustrated by a Venn diagram 

(Figure 2.6A).  For CANOES, 68% (61/90) of the expected CNVs could be identified 

with the truth set calls of which 46 were deletions and 15 duplications. XHMM identified 

61% (55/90) including 40 deletions and 15 duplications and CLAMMS identified 57% 

(51/90) of the known CNVs, including 36 deletions and 15 duplications. The 90 truth 

set CNVs included 13 benign, 34 likely benign, eight VUS and 35 likely pathogenic 

classified CNVs. A total of 25 CNVs were missed by all three tools of which nine were 

below 10kb in size, with the majority below 100kb (17/25). Thirteen of these CNVs 

were deletions and 12 duplications. 

 
A total of 45 CNVs overlapped between all three tools; however, 65/90 (72%) of the 

known CNVs were detected by adding the individual results of all three tools together.  

Out of the 45 CNVs overlapping all tools, 39 have been validated with CMA. The 

majority of these CNVs were classified as likely pathogenic or pathogenic (LP/P) 

(23/45) whereas 18 CNVs were classified as likely benign and four CNVs were benign. 

Although this detection rate is quite low, upon further investigation it was seen that the 

CNVs were quite small as 37 CNVs were below 100kb and most of these tools are 

optimised for detection of larger CNVs. The individual tool which identified most of the 

known CNVs out of the four was CANOES, calling 61 of the true CNVs.  

 

  
Figure 2.6: Overlapping CNVs between different CNV tools for CNVs called from all 90 truth set samples (A) and 
from the 59 CMA validated truth set samples only (B). The majority of the CNVs were identified by combining all 
three tools’ results together 65/90.  

 

A B 
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Analysis of the CMA validated truth set CNVs only (Figure 2.6B), showed improved 

detection by the three tools. A total of 47 CNVs were detected by CANOES (79.7%), 

43 by CLAMMS (72.9%) and 43 by XHMM (71.2%). In total the three tools together 

detected 50 (84.7%) of the CNVs of which 36 were deletions and 14 duplications. The 

nine CNVs not detected by any of the tools were small with an average of 84.83kb of 

which the largest was 470.39kb (duplication) and the smallest 0.51kb (deletion). Five 

CNVs were deletions and the remaining four duplications. Thirty eight CNVs were 

detected by all three tools of which the majority were deletions (28/38) and the average 

CNV size was ~2Mb.  

 

2.3.1.2 Calculating sensitivity and specificity of the three CNV tools 

As evident from the previous section (2.3.1.1) the overlapping consistency was not 

ideal and 28% of CNVs were missed; however, the sensitivity and specificity of the 

tools seem to be consistent when considering the number of probes which did overlap 

with true CNVs from the truth set. When comparing these result to those when only 

the CMA validated CNVs were included, overlapping consistency increased to ~85%. 

The CNVs identified by the three tools were smaller than the truth set CNVs. Even 

though these tools detected the correct CNV, the full size of the CNVs were different, 

underestimating the CNV size rather than overestimating. This also led to more false 

negative probes and less false positive probes in the identified CNV regions and thus 

the true negative rate (specificity) was higher than the true positive rate (sensitivity) 

for each tool (Table 2.3). When comparing the results from the CMA confirmed CNVs 

to the CNVs which was only bioinformatically confirmed, an increased sensitivity is 

observed. These tools thus show a better ability to prioritise true positive CNVs 

(confirmed with CMA). The sensitivity and specificity of CANOES was the best 

followed by XHMM and then CLAMMS. The area under the curve (AUC) for each tool 

is depicted in Figure 2.7 showing the sensitivity (y-axis) and 1 minus specificity on x-

axis. The sensitivity and specificity of these tools are approaching one and thus the 

AUC shows that an almost perfect prediction capability is achieved by each tool. These 

tools thus distinguish well between the true positive and true negative CNVs. 
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Table 2.3: Sensitivity and specificity values from the functional equivalence 
evaluation for the three CNV tools, CANOES, XHMM and CLAMSS. 

 
CNVs 

confirmed 
with CMA 

CNVs confirmed 
bioinformatically 

CANOES 
Specificity TNR 0.99 0.99 

Sensitivity TPR 0.84 0.62 

XHMM 
Specificity TNR 0.99 0.99 

Sensitivity TPR 0.73 0.60 

CLAMMS 
Specificity TNR 0.99 0.99 

Sensitivity TPR 0.67 0.51 

 

 
Figure 2.7: Receiver Operating Characteristic (ROC) curves for CLAMMS, XHMM and CANOES illustrating 
sensitivity on the y-axis and 1-specificity as well as the area under the curve (AUC) for each tool (maximum of one). 
All three figures curve close to the top left of the x-axis toward one on the y-axis and thus represent good sensitivity 
and specificity. 

All three methods together presented with the best result as 72% of the CNVs were 

detected and this increased to 85% when only including the CMA validated CNVs. 

Even though on its own the tools did not reach this percentage of known CNVs 

identified, it is seen that the different tools do show functional equivalence when 

inspecting the sensitivity and specificity. Implementing a single tool would thus give a 

similar outcome when measuring sensitivity and specificity of tools to detect true 

positive CNVs.  
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CANOES did detect the largest number of CNVs (68%) second to the ensemble 

approach although a number of CNVs would have been missed if only one tool was 

applied. The ensemble approach showed superior results which is especially apparent 

when inspecting the overlapping CNVs between the tools (Figure 2.6). InDelible was 

not used for the following analyses, but all three other CNV calling tools (CANOES, 

CLAMMS and XHMM) were applied to the DDD-Africa dataset. 

 

2.4 Discussion 
 
The main aim addressed in this chapter was to calculate the functional equivalence of 

the four CNV calling tools and subsequently identify the best tool or combination of 

tools to implement onto the DDD-Africa exome dataset. It is evident from the truth set 

results that three of the four tools (CANOES, CLAMMS and XHMM) present with 

similar results; however, all three tools together delivered superior results. InDelible 

identified only three of the known CNVs correctly although the majority of CNVs were 

not within this tool’s scope. This tool was not implemented on the main DDD-Africa 

dataset. Not one tool identified all the true CNVs, but CANOES had the best calling 

rate followed by XHMM and lastly CLAMMS. The ensemble approach was superior as 

a total of 72% of CNVs were identified when combining the individual results from all 

three CNV tools. This informed the decision to implement all three the CNV tools for 

further analysis using the batch 1 samples from the DDD-Africa dataset.  

 

InDelible was initially chosen to be incorporated as it uses split read method and paired 

with one or more of the read depth CNV tools might lead to better performance and 

higher molecular diagnostic yield. There might be several reasons for InDelible not 

performing optimally as it is trained to identify smaller structural variants (21-500bp). 

As mentioned in section 2.3.1.1, only eight of the CNVs within the truth set were within 

the optimal size range for InDelible. The SVs identified must intercept DD associated 

genes on the DDG2P panel specifically which might also have led to the exclusion of 

some of these CNVs. Analysis of the truth set did not include parental samples and 

thus a full trio dataset was not available and consequentially the final de novo step of 

InDelible could not be carried out. InDelible is focused on highly penetrant dominant 

de novo variants as this is the primary cause of DD (Kaplanis et al., 2020).  
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This tool would be useful to incorporate into the CNV analysis pipeline for DD patients 

where a full trio is available as this tool is focused on de novo variants. This could 

identify smaller SVs (one exon or less) which might be missed by the CNV calling tools 

available at present. In a previous study, InDelible identified 59 additional SVs, not 

previously identified by other exome CNV calling tools for patients enrolled in the DDD-

UK study (Gardner et al., 2021). A total of 29 of these were plausible pathogenic 

variants and increased the putative diagnostic variants (21-500bp in size) with 42%. 

An increase of 2-3% of total molecular diagnostic yield was reported from incorporating 

InDelible on ES data. A future recommendation should thus be to incorporate this tool 

when a dataset with full trios is available. 

 

A large number of the known CNVs were not identified with any of the three CNV tools 

and the main reason for this shortcoming could be the fact that 40 of the CNVs in the 

truth set were below 100kb. The majority of the CNVs missed with these tools are 

smaller than 10kb even though CNVs as small as 500bp were indeed identified with 

these tools. The fact that the majority of the 45 overlapping CNVs from the truth set 

were classified as LP/P shows that although not all the CNVs were correctly called, 

the more pathogenic CNVs seem to be selected for. The average size of the 45 CNVs 

identified was also large (~1600kb) with only twelve below 100kb in size. Not all of the 

true CNVs met the filtering parameters applied to the batch 1 DDD-Africa dataset even 

though most of the CNVs not meeting these parameters were classified as likely 

benign. 

 

All three tools presented with good specificity, but with varying sensitivity. CANOES 

presented with the best sensitivity followed by XHMM and lastly CLAMMS. This thus 

signifies the tools’ ability to detect a true positive CNV (true positive rate). Specificity 

in this study seems to be higher than previously predicted and thus the true negative 

rate might be overestimated due to the large number of ES probe targets not within 

the CNVs, artificially increasing the negative predictive value. The ROC curves (Figure 

2.7) show that all three tools’ area under the curve approaches 1 which is optimal, with 

CANOES showing the best outcome when compared to XHMM and CLAMMS. The 

sensitivity of the tools was 84% (CANOES), 73% (XHMM) and 67% (CLAMMS) 

respectively.  
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This seems to be mostly in keeping with literature where sensitivity of the tools ranged 

between 70-80% (Fromer et al., 2012, Backenroth et al., 2014) although CLAMMS did 

not present with optimal sensitivity in a 2022 study where it was below 50% (O’Fallon 

et al., 2022). In another study, CANOES specifically presented with very good 

sensitivity, specificity and positive predictive value (Quenez et al., 2021). Overall, 

these statistics (functional equivalence evaluation) are consistent with the expected 

performance for a screening tool.   

 

Although the sensitivity and specificity calculations showed a low likelihood of false 

positive results, some CNVs were still missed by using this specific ensemble 

approach. These tools are thus not meant to be implemented as a comprehensive 

CNV typing solution, but rather in screening pipelines. The individual tool identifying 

most (68%) of the true CNVs was CANOES which also showed the most optimal 

sensitivity and specificity. Even though CANOES did present with the best sensitivity 

and specificity, all three CNV tools were incorporated into the DDD-Africa dataset as 

together 72% of the true CNVs were detected. The advantage of using all three is 

more evident when studying the outcome of the specific tools’ ability to identify the true 

CNVs (Figure 2.6). A large proportion of the true CNVs were identified by all three 

tools, but there were still true CNVs identified by only specific tools. This indicated the 

need to investigate all the CNVs identified by the tools individually and not only those 

overlapping between the tools. Starting with interpretation of the overlapping CNVs 

between tools did, however, speed up the curation process of the CNVs.  

 

Overall the tools show functional equivalence from sensitivity and specificity analyse; 

however, it was seen that the ensemble approach lead to the best combined detection 

rate (72%). It would still be recommended to use more than one tool if possible as 

these tools have different strengths due to the algorithmic differences. Discussed in 

chapter 1 are recommendations from other studies to apply additional tools, not 

covered in this study. Many of these studies have also found the use of an ensemble 

approach to work best as presented in section 1.7. It is evident that all three tools have 

different outcomes and strengths when applied to exome sequencing data. Applying 

the three CNV tools (CANOES, CLAMMS and XHMM) together and interpreting the 

results individually will be carried out for the DDD-Africa data and discussed in chapter 

3.  
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Chapter 3: Screening DDD-Africa exome data 

for pathogenic CNVs 
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3.1. Introduction 

 
It is essential to be able to correctly determine the pathogenicity of variants for patients 

to not only receive an accurate molecular diagnosis, but also appropriate medical care. 

The decrease in cost and widespread use of NGS together with an enhanced quality 

of genome-wide analyses led to increased detection of variants. This has created a 

higher demand for improved understand of these variants and for the correct 

interpretation of their impact on human health. Interpretation of NGS data in a clinical 

setting is complicated and often leads to ambiguous results between different 

laboratories. The use of different technologies, incomplete penetrance, variable 

expressivity, and unreported clinical symptoms are often factors challenging variant 

interpretation (Lincoln et al., 2021, Vaseghi et al., 2023). As the impact of SNVs is 

better understood in comparison to other types of variation, great effort led to the 

development of many tools for pathogenicity prediction specifically for these variants 

(Liu et al., 2020, Garcia et al., 2022). To further alleviate difficulties with SNV 

interpretation, specific guidelines by the American College of Medical Genetics and 

Genomics (ACMG) have also been developed to ensure consistent and standardised 

variant classification and reporting (Richards et al., 2015). This includes a five-tier 

terminology system using the terms pathogenic, likely pathogenic, uncertain 

significance, likely benign, and benign. Standardised variant classification and 

reporting helps to keep results consistent and up to a professional standard across 

laboratories and institutions. Inconsistent results between laboratories create 

confusion for scientists, clinicians and patients and makes interpretation and feedback 

of results very difficult.  

 

Although some of the basic principles of genomic variability interpretation are 

consistent, these rules are unfortunately not directly translatable to CNV interpretation. 

More recently, ACMG and Clinical Genome (ClinGen) Resource have published 

guidelines for CNV classification (Riggs et al., 2020) to enable standardised CNV 

reporting. The aim is to accurately interpret CNVs with consistent methods and 

standards which are readily available and updated regularly.  
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The same five tier terminology system is used although the criteria for classification of 

CNVs differs from SNVs due to the nature of CNVs being larger, more complex and 

encompassing many protein coding regions. This is a semiquantitative point-based 

scoring metric with separate criteria for CNV losses and CNV gains. A ClinGen CNV 

pathogenicity calculator (Appendix X) has been developed and is based on CNV 

scoring metrics according to ACMG technical standards and streamlines the 

classification of CNVs (Patel et al., 2017).  

 

Databases and tools have been developed to standardise CNV reporting and 

evaluation for instance the DECIPHER (Bragin et al., 2014) database which is a web-

based platform facilitating secure deposition, analysis, and sharing of genomic 

variation together with the associated phenotypes for patients with rare disorders (Firth 

et al., 2009, Bragin et al., 2014). It includes an interactive genome browser to visualise 

and interpret SNVs and CNVs against datasets with other pathogenic variants 

reported as well as population variation. Information regarding recurrent CNVs is 

becoming more readily available; however, the majority of CNVs are still unique which 

cause challenges for interpretation. The Database of Genomic Variants (DGV) has 

been developed to provide insight into specific genetic variants (MacDonald et al., 

2014). This database contains structural variations identified in healthy individuals 

which is helpful for correlating genomic variation with phenotype data. Another freely 

available public archive of human genetic variation is ClinVar which provides 

interpretations of clinical significance to disease with supporting evidence and 

confidence levels (Landrum et al., 2017). The Genome Aggregation Database 

(gnomAD) summarises data from a wide variety of large-scale exome and genome 

sequencing projects, making it available to the wider scientific community (Karczewski 

et al., 2020).  

 

Many web-based tools for CNV interpretation and classification have also been 

created, using the Riggs et al., 2020 published standards, making it more attainable 

and realistic for a broader audience to use and understand. Although these published 

guidelines (Riggs et al., 2020) make it easier to interpret and standardise CNV 

reporting, implementation on a large scale remains a challenge. Each CNV requires 

the approval and consideration of a clinician before the final score can be given.  
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CNV calling pipelines and online classification resources and tools are constantly 

being improved to try and overcome some of the difficulties faced with variant 

classification, specifically related to CNVs (O’Fallon et al., 2022, Lemire et al., 2024). 

 

Annotation of CNVs is also notoriously difficult as the breakpoints for the exact same 

CNV may differ between methods of identification and clinical interpretation is complex 

as it often spans across many genes. Multiple functional genomic elements are 

affected by CNVs which may or may not result in a phenotype. CNVs can also span 

non-coding regions which could have an effect on gene expression, but the functional 

consequences of these variations often require further studies. Other features such as 

variable expressivity and incomplete penetrance can also play a role in whether or not 

a CNV will result in expression of a phenotype.  

 

CNVs involving genes sensitive to a change in dosage may lead to development of 

specific phenotypes related to these genes. Determining whether specific genes are 

indeed dosage sensitive is another challenge as not all genes have been curated or 

are well understood. Correlation of CNVs to clinical details of the patient is often 

insufficient especially the rare CNVs, which might have never before been reported. 
Many CNVs are recurrent, although it is difficult to establish recurrent CNVs without 

extensive data on specific population groups to confirm these CNVs. Data availability 

is an important factor to consider when interpreting variants as the availability of more 

data and previously reported variants improves the interpretation of these variants. 

This is a limitation, especially within underrepresented populations; however, with an 

increase in NGS use and additional data availability, more variants are being 

deposited into genomics databases. This has also enabled various CNVs located in 

different regions of the genome to be detected, not only in affected individuals, but 

also in the general population. This being said, there still remains a lack of data 

especially within African cohorts as many CNVs are not well-characterised or 

submitted to available databases. 

 

In this chapter, methods and results from applying CANOES, CLAMMS and XHMM to 

the first batch of the DDD-Africa exome data will be discussed. Furthermore, 

classification of the exome CNVs identified by the three chosen CNV tools is 

discussed. Classification was completed both manually and with a web-based tool. 
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The outcomes of the manual and artificial intelligence-based classification were 

compared to ensure no CNVs were classified incorrectly with either method, 

overlooking CNVs which could be pathogenic or which should be classified as VUS or 

benign. All CNVs classified as LP/P were further investigated and evaluated together 

with patient clinical details. Results were summarised to measure the final molecular 

diagnostic yield attributed to CNVs in this patient cohort. 

 

3.2. Methods  
 
3.2.1 DDD-Africa participants 
Data from 287 participants were included as the DDD-Africa study batch 1 samples, 

consisting of 117 affected individuals (62 male, 55 female), 108 mothers and 62 

fathers. Included in this dataset is a total of 60 trios, 46 duos, three extended families 

with more than one affected individual and six singletons. The majority (90%) of 

individuals were of black African origin. The age range of the affected individuals are 

1-14 years. All participants were recruited through the DDD-Africa study from Charlotte 

Maxeke Hospital, Chris Hani Baragwanath Hospital, Nelson Mandela Hospital and 

Rahima Moosa Mother and Child Hospital in Johannesburg. Ethics was obtained for 

this study through the Human Research Ethics Committee of the University of the 

Witwatersrand (M180678 and M230567) part of the DDD-Africa study (Appendix II). 

The affected participants (patients) were included into the study based on the below 

inclusion criteria. Inclusion A and B involving developmental delay are mutually 

exclusive as well as inclusion B and C involving major and minor malformations. It was 

thus not possible for patients to be included within both these categories together. The 

majority of this patient cohort had severe developmental delay (40%), microcephaly 

(40%), hypotonia (40%) and delayed speech (60%). Seizures and vision impairment 

were present in ~20% and 50% presented with a structural abnormality. 
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Inclusion criteria: 

A. Patient is developmentally delayed; (moderate to profound) 
Over and above the main inclusion criteria of developmental delay, there may 
be dysmorphic features present, but additional clinical features are not 
necessary for inclusion in this category. 

B. Multiple major malformations* in TWO or more different organ systems 
Developmental delay and other additional clinical features are not necessary 
for inclusion in this category. 

C. Only one major malformation, and patient also has clinically relevant 
minor anomalies and/or dysmorphic features 
Developmental delay and other additional clinical features are not necessary 
for inclusion in this category. 

D. Mild developmental delay, and patient also has clinically relevant minor 
anomalies and/or dysmorphic features 
It is essential that a group of medical geneticists reach clinical consensus 
about the minor anomalies and dysmorphic features for inclusion in this 
category. 
 

Patients were excluded from the study if there was a suspicion of the condition not 

being due to a monogenic cause. This included evidence of an acquired brain lesion 

with predominant neurological manifestations, or a suspected multifactorial or 

environmental cause. Patients with mild developmental delay only were also excluded. 

All participants signed an informed consent/assent form and gave consent/assent for 

their data to be used and stored in a public domain database without identifiers. 

Parents or caregivers signed on behalf of minor patients and those unable to give 

assent on their own. Deidentification of participant samples and data was done by 

using a code and numbering system. The majority of the patients did receive genetic 

screening (including karyotyping, MLPA and CMA) prior to inclusion.  

 

3.2.2  DDD-Africa data generation 
Exome sequencing of the DDD-Africa samples was completed at Wellcome Sanger 

Institute using ISC-Twist library preparation (Twist Biosciences, San Francisco, CA, 

USA) with samples run in pools of 96-plex using Illumina paired-end sequencing 

(Illumina, San Diego, CA, USA) on the Illumina NovaSeq 6000 platform at an average 

depth of ~40x. This is lower than the average depth of ES (~100x); however, ES with 

Twist has been shown to perform well at lower sequence coverage compared to other 

exome capture techniques (Yaldiz et al., 2023). This technique was also implemented 

for DDD-UK (Firth et al., 2011).  
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The three chosen bioinformatics CNV tools (CANOES, CLAMMS and XHMM) were 

applied to the DDD-Africa data as detailed in section 2.2.3, generating data files with 

all detected CNVs per sample for each tool. Candidate CNVs were viewed on IGV to 

assess quality and coverage of the regions spanning the CNVs. 

 

3.2.3 Identifying shared CNVs from the different bioinformatics tools 
A custom script was created in order to identify CNVs overlapping between the CNV 

tools (Appendix VIII) using Python 3.0 (Rossum and Drake, 2009). This was 

specifically created for the DDD-Africa dataset as the detected CNVs from this amount 

of samples are too many to manually analyse possible overlaps. Although four tools 

were applied, only results from three were sufficient to be used. The script specifically 

includes CNVs overlapping from the different tools (different for the length of each 

CNV), the larger the CNV, the larger the overlapping region would need to be. In 

literature, a reciprocal overlap of 50% has been used to consider two CNVs as similar 

(Pang et al., 2010, Castellani et al., 2014). This script allowed for up to 25% deviation 

from each breakpoint, thus for CNVs of 1000bp, a difference in size of 250bp on either 

side of the breakpoint was taken into account from the primary and distal breakpoints. 

Most of these CNVs overlapped a large core region with only a few base pair 

differences from each of the tools’ calling breakpoints. A Venn diagram (Figure 2.5) 

was used to illustrate the common CNVs between the three tools as well as the unique 

CNVs called by each tool. 

 

3.2.4 Data analysis 
Output files containing all CNVs identified using the three CNV calling algorithms 

(CANOES, CLAMMS, XHMM) were used for an initial step of annotation and 

classification. Each tool’s CNV output was analysed individually first before results 

were compared between the tools. Manual – as well as semi-automated CNV 

classification was carried out (Figure 3.1). As manual classification is more time 

consuming and more vulnerable to errors, an online classification tool was also 

incorporated in parallel to ensure consistent results. Manual classification was 

performed with the online dosage sensitivity calculator (Patel et al., 2017) and 

secondly CNV-ClinViewer (Macnee et al., 2022) was also used to classify all CNVs 

obtained by these three CNV calling tools.  



 
55 

The results from manual classification and CNV-ClinViewer were compared and 

interpreted together to identify the LP/P CNVs. 

 
Figure 3.1: (A) Manual and (B) Web-based classification of CNVs. For manual classification CNVs were first filtered 
before classifying with ACMG/ClinGen guidelines in order to reduce the number of CNVs.  

 

3.2.5 Classifying CNVs according to ACMG and ClinGen guidelines 
CNVs were prioritised as described in chapter 2 (2.2.4) with applied filters for each 

tool as a screening strategy. This allowed analyses of the CNVs with enough evidence 

to be classified as LP/P. These CNVs were then further curated to ensure consistency 

in classification and to receive clinical input before being reported. This was thus a 

screening strategy rather than a comprehensive CNV analysis, leaving only the most 

likely disease-causing CNVs to be interpreted. These CNVs were prioritised according 

to size (largest to smallest) as well as whether the particular CNV was de novo, 

inherited or present in many other healthy individuals in the cohort. These prioritised 

CNVs were then evaluated on the ClinGen dosage sensitivity curation website, where 

the given coordinates of each CNV was entered in the search bar (GRCh38 region) 

(Riggs et al., 2018). This established whether there were any haploinsufficient (HI) or 

triplosensitive (TS) genes within the given CNV, which is a requirement in order to 

classify these CNVs appropriately.  

A 

B 
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The HI genes are intolerant of deletion and do not generate enough protein when one 

of the alleles is deleted, meaning it may lead to a disease phenotype. TS genes on 

the other hand are intolerant of duplication thus an additional copy of these genes may 

cause a disease phenotype. Details regarding known population regions and Online 

Mendelian Inheritance in Man (OMIM) genes (Hamosh et al., 2002), which are 

established disease-causing genes, are also given. This curation site also displays the 

DECIPHER HI index, the gnomAD probability of being loss-of-function intolerant (pLI) 

score and the gnomAD prediction loss of function (LOEUF) which highlights whether 

a gene is more intolerant to loss of function variation. Lastly, it is indicated whether the 

gene/region has been curated by the ClinGen curation team which plays a crucial role 

in the decision-making process of CNV pathogenicity prediction.  

 

Recommended steps were then followed to score these CNVs according to ACMG 

and ClinGen guidelines (Riggs et al., 2020) using the ClinGen CNV pathogenicity 

calculator. There are separate calculations for CNV loss and CNV gain, and points are 

applied according to individual evidence categories for each given CNV (Figure 3.1). 

Section one relates to the content of the CNV and whether there are any protein coding 

elements involved. Section two is used to establish whether the CNV overlaps with 

any HI or TS regions. Section three evaluates the number of genes within the CNV 

while section four is a more detailed evaluation of the genomic content by comparing 

to cases in literature, public databases or internal lab data. Lastly, section five 

evaluates the inheritance mode of the CNV. The complete detailed sections can be 

found in the original publication (Riggs et al., 2020). Each CNV was then classified as 

benign (<-0.99), likely benign (-0.90 to -0.98), variant of unknown significance (VUS) 

(0 to -0.89), likely pathogenic (0.90 to 0.98) or pathogenic (>0.99), according to the 

final score. CNV classification scores are calculated from each piece of evidence 

either in support of (positive value) or refuting pathogenicity (negative value).
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A B 

Figure 3.2: Criteria of the online scoring rubric from the CNV pathogenicity calculator for a CNV loss (A) and CNV gain (B).Each CNV was scored accordingly and an output 
for each was obtained with the estimated pathogenicity score after all criteria was evaluated. Figure from (Riggs et al., 2020). 
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After initial classification and review of patient clinical information, shortlisted LP/P 

CNVs were then uploaded onto the DECIPHER database where CNVs were 

compared to other similar reported variants. This is very useful as patient variants and 

phenotypes from around the world are submitted and can be compared to the patient 

of interest’s variant and phenotype. This also highlights the more common variants 

and thus it is very useful for variant classification purposes. All CNVs scored as LP/P 

were investigated further to confirm whether the phenotype matched the genotype and 

that it explains the developmental disorder of the specific patient. Although these 

CNVs were shortlisted by classification, the final outcome (LP/P or VUS) was 

determined by confirming whether the CNV is likely to be disease-causing. This final 

step in deciding if a variant is likely linked to the patient’s phenotype was made at a 

multidisciplinary review meeting, consisting of medical scientists, medical geneticists 

and – registrars, paediatricians and scientists in the field of human genetics from the 

DDD-Africa project. 

 

3.2.6 Comparison of manual classifications with CNV-ClinViewer 

outcome 

CNV-ClinViewer (Macnee et al., 2022), was also utilised in order to compare to the 

results from manual curation. The shortlisted CNVs were thus reviewed using the two 

strategies to strengthen the pipeline and improve the discovery power. As some 

filtering was done before manual classification, the smaller CNVs (<100kb) or CNVs 

not meeting filtering criteria might have been overlooked and thus this web-application 

classified all CNVs from each tools’ output. This open-source web-application enables 

evaluation and classification of CNVs on a visual interface and allows for comparison 

with previously reported CNVs. This web-application uses the output from the different 

CNV calling tools (bed, text or excel files) and classifies the CNV according to 

ACMG/ClinGen guidelines using ClassifyCNV (Gurbich and Ilinsky, 2020). It is 

designed to guide researchers and clinicians in their decision-making process. 

Curated CNVs from ClinVar (Landrum et al., 2017), UK-biobank (Sudlow et al., 2015) 

and gnomAD (Karczewski et al., 2020) are used during the classification process. It 

thus combines analysis, annotation, classification and clinical evaluation (Figure 3.3). 
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Figure 3.3: Overview of CNV-ClinViewer with all features and output. A) Intergrated semi-automated classification 
of CNVs is based on 2019 ACMG/ClinGen Technical Standards for CNVs by ClassifyCNV. B) comprehensive 
downloadable report on individual CNVs. C) Interactive visualisation of uploaded CNVs with the genomic viewer 
also showing other pathogenic and general population CNVs reported. D) Information on intersecting genes, gene-
disease associations, known dosage sensitive regions and known CNV syndromes can be viewed and downloaded 
on this interactive table. E) Gene-set enrichment analyses (GSEA) can be performed on genes in a specific region 
or CNV. Figure from (Macnee et al., 2022) under license https://creativecommons.org/licenses/by-nc-nd/4.0/. 

 

 

 

https://creativecommons.org/licenses/by-nc-nd/4.0/
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3.2.7 ClinTAD tool for additional pathogenicity evidence 

Where CNVs were difficult to interpret and there was insufficient annotation to classify, 

the ClinTAD tool was used to further evaluate pathogenicity (Spector and Wiita, 2019). 

This tool evaluates the genomic impact of CNVs in the context of topologically 

associated domains (TAD). These domains have an influence on epigenetic 

modifications such as histone methylation and regulates gene-enhancer interactions. 

The disruption of these structural domains by a CNV can also have a pathogenic effect 

and lead to alternate regulation of transcription. A previous study investigating deletion 

CNVs on DECIPHER found that up to 11.80% of these pathogenic CNVs may involve 

disruption of TADs (Ibn-Salem et al., 2014). This tool can thus also be used to evaluate 

VUS classified variants to gain additional evidence for pathogenicity in cases where 

there is a phenotype match. 

The ClinTAD tool displays the TADs (Figure 3.3) which is originally obtained from 

human induced pluripotent stem cells and published by Dixon et al. (2012), also 

displays the genes in the region (annotations obtained from Ensembl (Harrison et al., 

2023)), VISTA enhancers in the region and CNVs from the DGV. This assists with 

interpretation to determine whether there are genes in the region matching the 

phenotype, enhancers which might influence genes within the TAD regions, but not 

necessarily within the CNV region and to identify other similar CNVs reported which 

might be pathogenic. Overall, this tool gives researchers some insight into the three 

dimensional organisation of the genome, how it interacts and what implications this 

may have on the development of disease. Figure 3.3 highlights three different 

scenarios where TADs are interrupted by CNVs (A, B, C and D) and one scenario 

where the CNV has no effect on TAD boundaries (D). 

There is also a statistics tab which shows gene and clinical descriptor matches to the 

variant being investigated across 500 random locations within the genome. Clinical 

descriptors are given in the form of Human Phenotype Ontology (HPO) terms. The 

score for gene match is related to how many genes in the potentially affected TAD 

could be related to the patient’s phenotype.
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Figure 3.4: Example cases on ClinTAD showing topologically associated domains (red) and the boundaries (dashed), the copy number variant (green), genes with no phenotype 
matches (blue), genes with phenotype matches (orange), VISTA enhancers (purple), blue lines represent genes. Genes  are associated with phenotypes that match to the patient 
(orange). CNVs which overlap a TAD boundary are represented in picture A and B as well as phenotype matches in adjacent TADs showing that TAD interruption could have 
contributed to the patients’ phenotype. In picture C there were overlapping TAD boundaries, but no phenotype matches and D showed no overlapping TADs nor phenotype 
matches, lowering chances of being clinically relevant CNVs. Picture from Spector & Wiita, 2019, Reproduced with permission from Springer Nature
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The weighted HPO matches score counts the number of phenotypes in nearby genes 

matching to the patient and considers the frequency in which each HPO occurs. This 

can then be used to compare the CNV to the randomly generated CNVs. A rare 

phenotype has a higher score compared to common phenotypes with a lower score. 

If the score is much higher at the actual location compared to other random locations, 

the likelihood of pathogenicity is higher and thus has a high probability to be disease-

causing.  

3.2.8 Copy number variant validation using Array CGH 
Seven of the CNVs identified were validated by CMA using Agilent SurePrint G3 ISCA 

v2 CGH 8x60K microarray platform as per manufacturer's instructions 

(www.genomics.agilent.com). Agilent CytoGenomics 5.3 was used for data analysis 

with the relevant tracks from DGV, International Standards for Cytogenomic Arrays, 

OMIM and in house tracks. This analysis was carried out by the National Health 

Laboratory Service (NHLS), Braamfontein in parallel to the study as part of routine 

medical care. 

 

3.3. Results  
 

3.3.1 Applying chosen CNV calling tools to the DDD-Africa dataset 

A total of 27,467 CNVs were identified between the three tools when applied to the 

DDD-Africa dataset. The number of CNVs (4703) identified using CANOES (Table 3.1) 

represents an average of ~16 CNVs per sample. After filtering parameters this was 

reduced to an average of ~3 CNVs per sample (773 CNVs). A total of 6539 CNVs 

were identified after XHMM was applied to the data from 287 individuals. These CNVs 

represent only 185 individuals as 102 were filtered out after GC content analysis and 

normalisation. The average CNV count per sample for XHMM was thus ~35. After 

filtering steps were complete, a total of 226 CNVs (>100kb) were identified from 70 

probands, detecting an average of ~3 CNVs per patient. A total of 16,225 CNVs were 

identified using CLAMMS (Table 3.5), which is by far the tool detecting the most CNVs 

overall. An average of ~57 CNVs were called per individual before filtering parameters 

were in place and after filtering parameters were applied, 99 CNVs were identified 

from 67 affected individuals (~1.5 CNVs per individual). 
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Table 3.1: Summary of CNVs called from the DDD-Africa dataset with each tool. 
 

CANOES CLAMMS XHMM 

Total CNVs 4703 16225 6539 

Total DEL 3551 4241 3101 

Total DUP 1152 11984 3438 

Average size 152,66kb 37,41kb 77,71kb 

Largest CNV 9081,04kb 12093,77kb 8664,53kb 

Smallest CNV 0,424kb 0,29kb 0,29kb 

 

The majority of the CNVs identified by CANOES were deletions as opposed to 

duplications (Figure 3.5). In contrast to CANOES, duplications represented the 

majority of CNVs from the CLAMMS output. A close to 50/50 ratio of deletions to 

duplications were identified by XHMM; however, there were slightly more duplications 

than deletions. 

 

 
Figure 3.5: Proportion of deletions (DEL) and duplications (DUP) identified using the three CNV tools. 
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3.3.1.1 Comparison of CNVs identified from the DDD-Africa dataset 

The number of CNVs identified with each tool was counted as well as the number of 

CNVs overlapping between the tools (Figure 3.6). As the breakpoints differ slightly 

from one tool to the next, the CNVs were not necessarily identical, but presented with 

at least a 50% overlap when comparing the CNVs identified by the different tools. 

These overlapping CNVs were also identified in the same individual in each instance. 

There was a total of 952 overlapping CNVs between CANOES and CLAMMS [575 

deletions 377 duplications] of which 319 CNVs overlapped with XHMM as well. A total 

of 299 of these overlapping CNVs were within 104 different affected individuals [160 

deletions, 139 duplications]. A total of 815 CNVs overlapped between CANOES and 

XHMM, of which 313 CNVs were from 70 affected individuals. Between CLAMMS and 

XHMM, a total of 707 CNVs overlapped and 280 CNVs within 70 different probands. 

There were a total of 319 CNVs which overlapped between all three tools of which 164 

were deletions and 155 duplications. The size of these CNVs ranged from 0.38kb up 

to ~9Mb and the majority of these are recurring CNVs identified from a number of 

samples. Only 100 of the 319 CNVs were distinct within only one sample. 
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As seen in Figure 3.7 A and B below the more CNVs called by a tool, the smaller the 

size of those CNVs and on the contrary, if the average CNV size called by a tool was 

larger, fewer CNVs were called on average per sample. 
 

This study shows that these bioinformatics tools can identify CNVs of a wide range of 

sizes ranging from <100kb up to several megabases and shows a superior overall 

range of CNVs identified compared to most reported CNVs from microarray (Figure 

3.8).  
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Figure 3.6: Overlapping CNVs between the three CNV tools when implemented on DDD-Africa data. 

Figure 3.7: (A) Average number of CNVs called per sample for each CNV tool and (B) Average size of the CNVs 
called for each tool. 

A. B. 
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Figure 3.8: Average size of CNVs identified by CLAMMS, CANOES and XHMM. The average size of the CNVs is 
significantly smaller than the minimum size reported from Array CGH. Even though the CNV tools can also identify 
much larger CNVs (up to several Mb) the range of identified CNVs seems to be wide. 

 

The total number of CNVs called per sample also varies between the tools and as 

mentioned within the filtering parameters for CANOES, samples with more than 50 

CNVs called were excluded from further analyses, thus the below boxplot (Figure 3.9) 

depicts these samples (<= 50 CNVs) for each of the three tools. Even though 

CLAMMS called the most CNVs per sample on average when considering the total 

samples, the number of CNVs called per sample in this subset is lower. The output 

from XHMM was the least variable with fewer outliers than CANOES and CLAMMS; 

however, a larger number of CNVs were called per sample for this subset.  
 

The tools also varied in the range of CNVs called per sample and in the below Figure 

3.10 it can be seen that XHMM presented with 102 samples with no CNVs calls. These 

samples were removed after GC content calculation as they were highly variable. This 

might be due to the statistical method used including principal component analysis 

which effectively removes GC content bias.  
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Figure 3.9: Box and whisker plot of the number of CNVs called by the three different CNV tools for each 
sample. Only samples with 50 or less CNVs called in total were included for this graph. CANOES (N=270),      
XHMM (N=163), CLAMMS (N=254). 

 

The majority of samples had a range of between 1–10 CNVs called by CANOES 

whereas for XHMM the majority of samples had 21–50 CNVs identified. The majority 

of samples had 11-20 CNVs called by CLAMMS in this subset. 

 

   

 
Figure 3.10: Number of patients with specific number of CNV calls (ranging from 0, 1-10, 11-20, 21-50 and >50 
number of CNVs) 
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3.3.1.2 Computational cost of implementing CNV calling tools 

CANOES was the most computationally costly as a total of ~34.1GB random access 

memory (RAM) was used in the steps to call CNVs. XHMM was second most 

computationally costly (3.3GB) followed by CLAMMS (531.5MB) which was the least 

computationally intensive in terms of memory usage. The below graph (Figure 3.11) 

depicts the percentage central processing unit (CPU) usage for each process of the 

three tools and as illustrated, CANOES required the most percentage CPU followed 

by XHMM and lastly CLAMMS. The CPU percentage is measured in terms of a single 

core and thus a CPU of over 100% indicates that the machine used multiple cores 

which is not an option for all machines. The most computationally intense task was the 

genReadcounts step of CANOES where read counts were generated for each sample 

using bedtools (Quinlan and Hall, 2010), taking an average of 1879.7 minutes and 

27.5GB of memory. The total time per sample for CANOES was 11.8 minutes while 

XHMM and CLAMMS took ~1.9 minutes and 0.4 minutes respectively per sample to 

complete all tasks. The Amazon computational costs of $0.3469 per hour 

(https://aws.amazon.com/ec2/pricing/on-demand/) and monthly storage costs of 

$0.1047 (https://aws.amazon.com/ebs/pricing/) can be used to estimate physical costs 

incurred. Using these costs, it is estimated that CANOES had cost ~$20  for the 287 

samples, XHMM cost ~$3 and CLAMMS ~$1 (Mpangase et al., 2021). The application 

of these tools to ES data is relatively cost-effective, which constitutes a critical factor 

for their implementation in LMICs.

https://aws.amazon.com/ec2/pricing/on-demand/
https://aws.amazon.com/ebs/pricing/
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Figure 3.11: Percentage CPU usage from each task of the CNV tools.  All tasks from XHMM at the top (teal), CLAMMS in the middle (light blue) and CANOES at the bottom 
(dark blue) are separately indicated, depicting median CPU usage for each of these tasks.
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3.3.2 Classification of combined CNVs from all three tools 

As mentioned in section 3.2.1, the DDD-Africa batch 1 dataset consists of 287 samples 

of which 117 are affected individuals and the remaining are parental samples. A total 

of 35 LP/P CNVs were identified within the proband samples; however, only six of 

these overlapped all three tools (Figure 3.12). These numbers do not include any 

CNVs classified as LP/P from unaffected individuals. An additional two of the three 

CNVs detected by CANOES and CLAMMS only were also shortlisted taking the total 

to eight. The remaining 27 CNVs were excluded due to not meeting all quality and 

filtering parameters as set out in figure 3.1. These eight CNVs (Table 3.1), identified 

from eight different affected individuals, were the final shortlist after analysis and 

filtering.  

 

Figure 3.12: Venn diagram showing all LP/P CNVs identified from the probands only as classified by CNV-
ClinViewer. Only six CNVs were shared between all three tools (encircled in red). 
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Seven of these CNVs were confirmed with Array CGH and the CNV from one sample 

could not be confirmed due to technical challenges. The DNA quality was not of 

sufficient quality and was depleted thereafter.  

Parental data was inspected to confirm the inheritance of these CNVs although other 

LP/P CNVs identified in parental samples only were not analysed further in this study. 

These results were compared to each patient’s phenotype and disease presentation 

in order to confirm whether these variants do indeed contribute to the disease 

phenotype. The average size of the eight CNVs is ~6.3Mb and all were deletions apart 

from one large duplication (~13Mb) which was identified on chromosome two. All eight 

patients were included within category A for moderate to profound ID/DD and four 

patients also had major and minor malformations (inclusion category C). The main 

clinical features of these patients can be seen in Table 3.2. Additional information 

regarding specific patient phenotypes is included in Appendix IX.  

The number of CNVs which was shortlisted as LP/P from the affected individuals only 

were similar between the manual classification of CNVs and making use of the 

automated web-based classification tool (CNV-ClinViewer). There were indeed 

several CNVs which were excluded before manual classification due to low quality 

parameters which will be discussed in the following section (3.3.3). The remaining 27 

CNVs not shortlisted were either too small (<100kb) or did not meet the filtering 

parameters, specifically the quality scores and were likely false positive CNVs. These 

were classified as LP/P with CNV-ClinViewer as this tool does not take quality scores 

into account before classification. After filtering, there were no additional CNVs added 

to the shortlist or classified as LP/P which were not also identified by manual 

classification. 
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Table 3.2: Likely disease-causing CNVs identified with the three different bioinformatics CNV tools. 

Sample ID CNV interval 
(GRCh38) 

Chromosome 
position 

HI/TS 
Genes 

CNV 
type 

CNV 
Size 
(kb) 

Tools ACMG/ClinGen 
classification 

Pathogenicity 
score 

Patient HPO terms 

D3S_0009_01_1 16:69245485-
72960252 

16q22.1-22.3 AP1G1, 
CALB2, 
NFAT5, 
SF3B3, 
TAT, 
ZFHX3 

DEL 3715 CANOES, 
CLAMMS 

and 
XHMM 

Pathogenic 1.05 HP:0000750:Delayed 
speech and language 
development 
 
HP:0011343:Moderate 
global developmental 
delay 
 
HP:0001643: Patent 
ductus arteriosus 

 
D3S_0040_01_1 6:153282150-

157897057 
6q25.3-25.1 ARID1B,  

ZDHHC14 
DEL 4615 CANOES, 

CLAMMS 
and 

XHMM 

Pathogenic 1.00 HP:0000750: Delayed 
speech and language 
development 
 
HP:0011344: Severe 
global developmental 
delay 

 

D3S_055_01_1 
 

8:26338775-
31173210 

8p21.2-p12 EXTL3, 
HMBOX1, 
PBK, 
RBPMS 

DEL 4834 CANOES, 
CLAMMS 

and 
XHMM 

Pathogenic 1.05 HP:0000750: Delayed 
speech and language 
development 
 
HP:0002283: Global 
brain atrophy 
 
HP:0000252: 
Microcephaly 
 
HP:0011343: 
Moderate global 
developmental delay 
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Sample ID CNV interval 
(GRCh38) 

Chromosome 
position 

HI/TS 
Genes 

CNV 
type 

CNV 
Size 
(kb) 

Tools ACMG/ClinGen 
classification 

Pathogenicity 
score 

Patient HPO terms 

D3S_0070_01_1 11:24497007-
33142168 

11p14.3-p13 CSTF3, 
EIF3M, 
ELP4, 
IMMP1L, 
MPPED2, 
PAX6, 
RCN1, 
WT1 

DEL 8645 CANOES, 
CLAMMS 

and 
XHMM 

Pathogenic 1.15 HP:0000526: Aniridia 
 
HP:0000750: Delayed 
speech and language 
development 
 
HP:0025502: 
Overweight 
 
HP:0011344: Severe 
global developmental 
delay 

D3S_0085_01_1 12:1262908-
5647947 

12p13.33-
p13.31 

CACNA1C, 
CCND2, 
PRMT8 
 

DEL 4385 CANOES, 
CLAMMS 

and 
XHMM 

Pathogenic 1.05 HP:0000750: Delayed 
speech and language 
development 
 
HP:0000252: 
Microcephaly 
HP:0011344: Severe 
global developmental 
delay 

D3S_0101_01_1 17:53822906-
58756569 

17q22-q23.1 ANKFN1, 
APPBP2, 
CLTC, 
DYNLL2, 
MPO, 
MSI2, 
NOG, 
RAD51C, 
RPS6KB1, 
SRSF1, 
SUPT4H1, 
TRIM37, 
VEZF1, 
VMP1, 
YPEL2 

DEL 4934 CANOES, 
CLAMMS 

and 
XHMM 

Pathogenic 2.05 HP:0001344: Absent 
speech 
 
HP:0000252: 
Microcephaly 
 
HP:0011344: Severe 
global developmental 
delay 
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Sample ID CNV interval 
(GRCh38) 

Chromosome 
position 

HI/TS 
Genes 

CNV 
type 

CNV 
Size 
(kb) 

Tools ACMG/ClinGen 
classification 

Pathogenicity 
score 

Patient HPO terms 

D3S_0109_01_1 2:41947349-
55322795 

2p22.1-p16.3 FBXO11 DUP 13375 CANOES 
and 

CLAMMS 

Likely 
Pathogenic 

0.90 HP:0001344: Absent 
speech 
 
HP:0002059: Cerebral 
atrophy 
 
HP:0011344: Severe 
global developmental 
delay 
 

D3S_0114_01_1 12:23534153-
29783848 

12p12.1-
p11.21 

KRAS, 
PTHLH, 
SOX5 

DEL 6250 CANOES 
and 

CLAMMS 

Pathogenic 1.35 HP:0000750: Delayed 
speech and language 
development 
 
HP:0001508: Failure 
to thrive 
 
HP:0000252: 
Microcephaly 
 
HP:0011343: 
Moderate global 
developmental delay 
 

*Array CGH was performed on grey shaded samples for validation of the CNVs; HI/TS genes based on %HI (Haploinsufficiency score, threshold: <10%) for  

 deletions and probability of TS score (pTS threshold: >0.993) for duplications.
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All eight CNVs were unique and thus none of these LP/P CNVs were overlapping and 

none had been reported previously on DECIPHER or ClinVar. Two CNVs were 

identified on chromosome 12; however, in different regions and thus no recurrent LP/P 

CNVs were identified in this cohort. One patient presented with a CNV including a 

deletion of the ARID1B gene associated with Coffin Siris syndrome which is one of the 

most common genes identified in DD patients via genotype-first approaches (Wright 

et al., 2015, van der Sluijs et al., 2019, Lu et al., 2021, Li et al., 2024). The presentation 

of this condition is non-specific, making it harder to diagnose with a phenotype-first 

approach. Clinical features most often associated with this disorder is developmental 

delay, microcephaly, abnormalities of the 5th fingers or toes and dysmorphic facial 

features (Santen and Clayton-Smith, 2014). Five of the eight CNVs are de novo and 
for the others the inheritance could not be confirmed as only one parent was tested. 

Inspecting the classified variants present in all samples and not only within the affected 

individuals, highlighted additional LP/P CNVs. These CNVs were not further analysed 

as incidental findings in unaffected individuals were not included within the scope of 

this study. The proportion of pathogenic, likely pathogenic, VUS and benign variants 

classified by CNV-ClinViewer and identified with all three CNV calling tools is 

illustrated as a pie chart (Figure 3.13). A total of 20774 VUS CNVs were called and 

7574 of these were called in affected participants. These VUSs represent ~76% of the 

total CNV calls reiterating the difficulty of dealing with these type of CNVs. The below 

numbers of CNVs identified represent the unfiltered data thus no exclusions based on 

the quality of the data, sample type or phenotypic match were made. The 148 LP/P 

CNVs were thus identified with CNV-ClinVIewer before manual filtering (step 1 of 

Figure 3.1B) and before shortlisting the final eight LP/P CNVs identified in affected 

individuals. 
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Figure 3.13: Number of CNVs classified as likely pathogenic/pathogenic, benign and VUS from all three CNV 
calling tools (CANOES, CLAMMS and XHMM) for all samples after classification with CNV-ClinViewer. 

 

3.3.3 Additional analyses of shortlisted CNVs not meeting manual quality 

filtering parameters 

The below CNVs are derived from the comparison between the results from CNV-

ClinViewer and those from the manual classification process. An additional pathogenic 

CNV was highlighted during analysis with CNV-ClinViewer which was initially filtered 

out as it was small (<100kb) and only identified with one tool. Although the CNV from 

individual D3S_0044_01_1 [GRCh38/hg38] 16p13.3p13.3(3717298_3759144)x1] 

was identified using both CANOES and CLAMMS, it did not pass QC for CLAMMS.  It 

did pass QC from CANOES but was not included in manual classification due to its 

size. It was decided to investigate the possibility of this CNV leading to development 

of the patient’s phenotype. This CNV spans the first exon of the TRAP1 (OMIM* 

606219) gene encoding a mitochondrial chaperone protein that is member of the heat 

shock protein 90 family. This protein has ATPase activity and interacts with tumour 

necrosis factor type I (https://www.ncbi.nlm.nih.gov/gene/10131).   
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The second gene involved is he CREB binding protein (CREBBP) gene is an OMIM 

Morbid gene (OMIM* 600140) and linked to Rubeinstein-Taybi syndrome specifically 

due to microdeletions of chromosome 16pl3.3 (Petrij et al., 1995).This gene contains 

31 exons of which 17-31 is involved in the above CNV. After clinicians evaluated the 

given information, it was excluded from feedback of findings as the phenotype of the 

patient (moderate developmental delay, delayed speech and language development, 

patent ductus arteriosus) did overlap sufficiently with that reported of patients with 

other similar CNVs in this region. This CNV was excluded from the final count of patient 

diagnoses and was flagged as a VUS. 

One other CNV, also flagged for further investigation, was identified in patient 

D3S_0062_01_1 [GRCh38/hg38] Xq28(153723048_154653436)x1]. This CNV is 

located on the X chromosome and includes 54 genes of which six are HI, one being 

the well-known MECP2 gene (OMIM* 300005). After a more thorough investigation, it 

was seen that while called as pathogenic, this patient is male and thus not expected 

to be viable with this large loss on the X chromosome. The IGV tool was also used to 

identify whether there were any reads in this region for this patient. If there were no 

reads in this entire region then a deletion would have been very probable; however, 

some reads were identified which cannot be the case if this region is deleted from the 

only X chromosome copy. This sample was also one which presented with more than 

50 CNVs from the CLAMMS CNV output. This result will not be fed back to the family 

as it is a likely false positive result.  

One VUS was highlighted during the manual classification step which contains genes 

involved in specific syndromes that could contribute to this patient’s phenotype. This 

345kb deletion identified in individual D3S_0001_01_1, 

[GRCh38/hg38]1q21.3q21.3(153930125_154275770)x1], spans 21 genes including 

morbid genes RPS27 (OMIM* 603702), TPM3 (OMIM* 191030) and HAX1 (OMIM* 

605998). To investigate the CNV further, it was uploaded to ClinTAD to determine 

whether there is any additional evidence to link this variant to the patient phenotype. 

It was seen that the CNV does span a TAD boundary but does not seem to affect a 

gene matching the phenotype. No enhancer elements are included in this region and 

the weighted score also does not suggest that the phenotype is rare and specific to 

this region.  
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A conclusive result based on the ES result and available clinical data could 

unfortunately not be reached for this patient. This variant was also validated with CMA 

and the maximum size of the CNV on CMA was 586kb which is a total of 241kb larger 

than the original size as identified by ES CNV tools. Seven additional genes are 

present in this larger region, including GATAD2B (OMIM* 614998) which is also a 

morbid gene, causing GAND syndrome. This syndrome includes global developmental 

delay with moderate to severe intellectual disability, poor speech and language 

development as well as seizures which are overlapping with this patient’s phenotype. 

After review by clinicians this CNV does partially contribute to the patient phenotype 

but the recommendation was made to send this sample for WGS to identify other 

possible variants contributing to the phenotype. 

 

3.4 Discussion 
 

3.4.1 Comparison of CNVs identified from the DDD-Africa dataset 
After the three CNV tools were applied to the 287 samples, the tool with the most calls 

was CLAMMS followed by XHMM and lastly CANOES. It was also seen that there is 

an inverse relationship between the number of CNVs called and the average size. For 

the tool with a smaller average size of CNVs called (CLAMMS), more CNVs seem to 

have been called; however,  the inverse is true for CANOES which has an overall 

larger average CNV size.  

 

The majority of CNVs identified by CLAMMS were duplications rather than deletions 

in this dataset; however, for XHMM it was almost 50/50 which is also evident from 

previous studies (Tan et al., 2014, Hong et al., 2016, Pounraja et al., 2019). A majority 

of deletions were also identified by CANOES in this study. Most CNV calling algorithms 

have been shown to detect deletions over duplications, especially from read depth as 

the decreases relative to diploidy is easier to distinguish than increases (Gordeeva et 

al., 2021). The copy number change from N to N +1 is hard to distinguish when using 

dept of coverage especially in repeated regions where N is large (Teo et al., 2012). 
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The high variance in depth of coverage makes it even more difficult to detect 

duplications. It has been found that CLAMMS does have an increased rate of false 

positive duplications and thus could explain the outcome in this study (Packer et al., 

2016). CANOES has been shown to provide superior calling compared to other tools 

when the average depth of coverage is lower and with fewer reference samples 

present. This is evident in this study where the average depth of coverage was 40X 

and thus lower than a usual exome with ~100X coverage. This could also have led to 

several CNVs not being detected by the other calling tools.   

 

XHMM seems to be much more strict with filtering GC content variability as seen in 

the output, this tool excluded 102 samples before analysis. Accurate bioinformatics 

CNV calling can be hampered by factors such as sequencing difficulties in low 

complexity regions and GC content affecting the over- and underrepresentation of 

target regions which can then be interpreted as CNVs. Some CNVs might have been 

overlooked due to the fact that the tools require at least 20-30 mapping quality and 

some regions of sequence complexity or repetitive regions can influence the mapping 

quality and lead to false positive or – negative results. CNVs could also be missed due 

to the size as assessed in a previous study, callers mostly missed CNVs spanning 

less than 3 exons in size (Hong et al., 2016). In this study SVs and intragenic CNVs 

(< 1 exon) may have been missed even though the tools were still able to detect some 

smaller CNVs which would be overlooked by CMA.  

 

Computational costs of these tools should be taken into account as evaluated in this 

study, CLAMMS was the least computationally exhaustive. It is recommended to use 

an ensemble approach and thus make use of different tools in order to maximise 

sensitivity and specificity of the output. However, this can be computationally intense 

and require more refined bioinformatics skills. It is thus not always feasible, especially 

in LMICs where resources are limited and thus choosing one tool with the best 

performance for the setting, would be sufficient. In settings where computational power 

and storage space is an issue or where large population studies are carried out, 

CLAMMS would be the best tool to implement. CANOES would be the recommended 

tool for rare disease studies and combined with XHMM this would lead to an even 

better yield. In cases where overdispersed data or datasets from different calling 

methods are available, XHMM would be best to implement.  
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Depending on sample size, resource availability and bioinformatics knowledge and 

experience, different tools might thus be recommended.  

A total of eight LP/P CNVs were identified in eight different individuals resulting in a 

diagnostic yield of ~7%. This is additional to the yield observed after the SNV only 

pipeline was completed on the ES data. As mentioned in the methods section, most 

of the patients did have genetic testing prior to the ES. A total of 89% did indeed 

undergo MLPA testing and a further 3% CMA testing. It is possible that an increased 

diagnostic yield could have been achieved if patients with no prior genetic testing were 

included. These results were discussed internally with a multidisciplinary team who 

are experts in the field of genetics and variant interpretation before final classification 

decisions were made. The degree to which these patients are affected can perhaps 

also be expected when inspecting the CNV sizes and number of protein coding regions 

affected. All these CNVs were large (>1Mb) with an average of ~6.3Mb in size. 

Incidental findings were not explored in this study as it is not within the scope of this 

PhD. Data generated from this study could indeed be used for this purpose in future 

studies with appropriate ethics permissions. 

As mentioned previously, most DD variants are de novo which is also evident from this 

study as the majority (5/8) were observed as such. Establishing whether the remaining 

CNVs are de novo was not possible as only one parent was available for recruitment. 

Sequencing more trios instead of single affected samples will not only assist with 

variant interpretation but also help solve more CNVs in the benign or pathogenic 

categories.  

Evaluating the findings from this study, CANOES had the best output overall in 

detecting rare, true positive disease-causing CNVs. It would be more accurate to 

combine CANOES with XHMM which does identify CNVs from sex chromosomes and 

have been proven to complement each other (Backenroth et al., 2014). XHMM and 

CANOES have greater power to detect rare CNVs when compared to CLAMMS as 

seen from the fact that CLAMMS called more CNVs per sample overall and also fewer 

(6/8) overlapping with the shortlisted LP/P CNVs. The number of overlapping CNVs 

between all three tools are small in comparison to the total number of CNVs called; 

however, as with the truth set, most of the LP/P CNVs of interest were within this 

group.  
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It was seen that not all the shortlisted LP/P CNVs were within this group and thus 

some of the plausible disease-causing CNVs would have been missed if these were 

the only CNVs investigated. One tool did not identify all eight CNVs and thus it is 

important to not overlook individual results when using multiple CNV calling tools. 

Results from multiple CNV calling tools are merged in many cases and only 

overlapping CNVs identified; however, two LP/P CNVs would have been missed if this 

was done in this study.  

The diagnostic yield of the current gold standard for CNV detection (CMA) is 15-20% 

(Miller et al., 2010), which is significantly lower than ES. In a recent scoping review, it 

was shown that ES for diagnosing neurodevelopmental disorders outperforms CMA 

by 10-28% (Srivastava et al., 2019), further supporting the combined SNV and CNV 

analysis approach from ES data. It is important to note that ES CNV tools have 

limitations due to their inability to detect specific types of variations for instance 

balanced structural variants (translocations and inversions), mosaicism and CNVs 

less than 50bp in size. Although analyses and technologies are improving to address 

these shortcomings, it should be considered when implementing these tools. While it 

would be ideal to validate exome CNVs with methods such as microarray, it is costly 

and often not feasible in LMICs. Accurate CNV calling incorporating thorough quality 

control can help limit false positive results. This is further evidenced by eradicating the 

need for Sanger sequencing validation of SNVs when proper quality control is carried 

out (Strom et al., 2014). Long-read sequencing has the ability to detect these structural 

variations as well as SNVs, making it ideal to implement as a single assay to replace 

all the above methods (Mantere et al., 2019, Oehler et al., 2023, Olivucci et al., 2024). 

At present, this technology is too costly to use as first-tier test; however, as costs 

decrease this will most likely become a possibility for future consideration.  

 

3.4.2 CNV classification and interpretation 
The importance of manual CNV interpretation was also highlighted in this study, not 

only using an automated classification tool, but also ensuring that CNV quality 

parameters and phenotypes of the patients match. Two separate smaller CNVs were 

called with one tool in this study, for one sample in particular, whereas other tools 

identified it as one large CNV. These two separate CNVs were classified as VUS by 

CNV-ClinViewer although this is one CNV which should be classified as LP.  



 
82 

This was picked up by manual CNV inspection and could have been missed if only the 

outcome of CNV-ClinViewer was used. 

 

As with the truth set data, not all of the CNVs identified as LP/P initially were within the 

filtering parameters. A small number of CNVs identified as LP/P did not meet the 

filtering criteria; however, none of these were shortlisted as part of the CNVs 

contributing to the additional diagnostic yield. These variants will likely be reanalysed 

in future and should be validated with another method (i.e. CMA) to ensure they are 

not false positive results. These filtering parameters might be too strict, but due 

diligence was kept by classifying all the CNVs, not only those within the filtering 

parameters. In this way, the findings were not limited to only the strict filtering 

parameters, in case a possible disease-causing CNV was overlooked. Future studies 

exploring the best balance of filtering parameters versus increased yield making use 

of a larger sample set would be very useful for implementation.  

 

None of the eight identified CNVs have been previously reported on DECIPHER; 

however, similar CNVs with large overlapping regions have been reported and in some 

instances these patients also have similar phenotypic features as the DDD-Africa 

patients. The results also reiterated that the genotype-first approach is more effective 

for many patients with DD. Known conditions, like Coffin Siris, can be missed by 

clinicians as these phenotypic features overlap, indicating the need for exome 

sequencing in DD patient cohorts. 

 

Many identical CNVs were also identified in multiple individuals within this cohort which 

can be attributed to large population CNVs forming part of normal variation. Many 

unaffected individuals also carried CNVs present within affected individuals which led 

to the application of benign classification codes for these CNVs. These variants were 

not further investigated or highlighted in this study but should also be explored in future 

projects to contribute to public databases as part of normal population variation. This 

further highlights the importance of having databases like DECIPHER with previously 

reported variants from individuals of different origins and ethnic backgrounds. The 

accuracy of diagnosing disorders will increase as similar cases are reported and 

submitted to databases like DECIPHER, DGV, ClinVar and gnomAD.  
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The more CNVs reported on open-source databases, the better interpretation and 

classification of variants will be. Additional CNV publications and ClinVar submissions 

from understudied populations will expand the size, scope and improve the resolution 

of clinically relevant CNVs in the public domain. Although these public data 

repositories have contributed to diversify data, more effective production and sharing 

of genomic datasets is needed to advance genomic medicine globally. At present there 

is still a bias in the proportion of non-European population CNVs reported with an 

overrepresentation of the European population, making comparison with other 

populations more difficult.  

 

Recent initiatives have been established to facilitate African data sharing and 

empower health experts by availing tools, training and coordination to strengthen 

laboratory and bioinformatics capacity (Mulder et al., 2016, Mulder et al., 2018, 

Makoni, 2020, Lumaka et al., 2022). There should thus be a focus on training in order 

to gain expertise for CNV interpretation and classification within Africa. More training 

opportunities and more skilled people in this specific niche will ensure additional 

diagnoses for patients. International collaborations and training could be crucial to 

resolve the true impact of CNVs and build strong core groups with expertise, 

experience and technical competence to accurately report on CNVs in diagnostic 

context within LMICs. CNV calling from existing ES datasets from non-European 

individuals may therefore be an important analysis to invest in. There is still limited 

data and genetic services in most of Africa, making it difficult to translate research into 

clinical healthcare services (Kamp et al., 2021). A current and thorough analysis of the 

cost-benefit for ES would be beneficial towards motivating the adoption of ES as a 

first-tier test in resource constrained environments. 

 

Even with more variants being reported, there are still many difficulties in classifying 

CNVs. Multiple types of evidence need to be considered when classifying a CNV 

including protein coding regions, number of genes involved, inheritance pattern and 

population frequency. Additionally, interpreting CNVs from ES data is even more 

difficult as the breakpoints are not identified, especially if within intronic regions. 

Evidence of gene dosage is one of the main contributors to the pathogenicity of a CNV. 

Many genes have been established as HI or TS by a curation group like ClinGen which 

aids CNV analysis and classification if these genes are present within the given CNV. 
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Gene dosage studies and curation have unfortunately not been completed for all 

genes, contributing to the difficulty of CNV interpretation.  

 

Development of a disease phenotype may also, in some cases, be caused by a 

combination of CNVs and other genetic variants rather than a single CNV. Crucial 

genes (OMIM Morbid) can be disrupted by a CNV causing development of a specific 

phenotype in patients; however, this is not always the case as there are many genes 

included which may not match the phenotype of the patient exactly. It is thus also of 

immense importance to have detailed clinical phenotyping for the interpretation of 

CNVs and determining the contribution to specific patient’s phenotypic features or 

disease manifestation. The use of standard HPO terms should also be encouraged 

and should be entered together with the CNV on public databases. Currently, there 

are not enough HPO terms submitted on public online databases making it ineffective 

to diagnose Mendelian disorders (Fellner et al., 2021). An increased HPO submission 

will significantly improve the ability to evaluate clinical fit and identify new syndromes 

if publicly available CNVs have matching HPO data (Gargano et al., 2023, Maassen 

et al., 2023).  

The use of multiple tools for accurate interpretation of the analysed CNVs is important 

as different information regarding the variants can be aggregated and a few such tools 

have been developed (Geoffroy et al., 2018, Gurbich and Ilinsky, 2020, Fan et al., 

2021, Gažiová et al., 2022). ClassifyCNV was the first tool to automate the 

classification of CNVs using the updated ACMG/ClinGen guidelines (Gurbich and 

Ilinsky, 2020). These tools can reduce the time to diagnosis as it can be integrated 

into existing pipelines. This also assists scientists and clinicians by eliminating the 

need to search for gene content, population frequencies and gene dosage sensitivity 

on various genomic databases. A newer tool, MarCNV, combined with a machine 

learning-based pathogenicity predictor (ISV) has proven to reduce the number of VUS 

CNVs (Gažiová et al., 2022). CNV Extraction, Transformation, and Loading Artificial 

Intelligence (CNV-ETLAI), has been designed to automatically extract, transform and 

organise CNVs from literature into a database (Choi et al., 2022).  As discussed in 

section 3.2.4 there are also TAD regions which can be disrupted and influence other 

nearby genes which may lead to the phenotype of the patient.  
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Tools like ClinTAD are helpful in compiling additional pathogenicity evidence for a 

variant which might not be identified as disease-causing at first. Even though this tool 

did not give any additional insight for the specific CNVs in this study, it will also become 

more important as additional information is gathered on genes and protein functions. 

Even though these tools are valuable, manual entry from users is still needed and thus 

this is an important factor for implementation within a clinical setting. These CNV 

interpretation tools should thus be used only for prediction as manual interpretation of 

the results is still needed especially for clinical decision-making.  

The importance of reanalysis of data is also evident in this study as many CNVs 

classified as VUSs still remain concerning. Over 75% of the identified CNVs were 

classified as VUSs, leaving many patients without a definite diagnosis. A recent study 

reported that ~40% of the CNVs reported as VUS and reanalysed over an 8-year 

retrospective study have changed categories of which only 4.6% upgraded to LP/P. A 

total of 75% of the downgraded CNVs (to benign or likely benign) were below 500kb 

in size (Ji et al., 2021). Another, more recent study showed that comprehensive 

reanalysis of exome data from 5757 families with rare disease provided a molecular 

diagnosis for an additional ~1.5% of the families (Demidov et al., 2024). A total of 51 

families received a diagnosis as well as 34 families with a partial diagnosis. Fifteen 

(0.26%) of these diagnoses can be attributed to CNVs. 

 

A recent publication has shown that patients who still remain undiagnosed after ES, 

should first be considered for reanalysis of exome data rather than using WGS or other 

methods to expand the search (Schuermans et al., 2022). This is especially fitting in 

a LMIC setting where funds for additional testing are not available. Reanalysis has 

been carried out in recent years and in one study has led to an increased diagnostic 

yield of 12% (Ji et al., 2021). Manual reanalysis of exome data increased the 

diagnostic yield by 22% (CNVs=0.4%) in a previous study and a semiautomated 

reanalysis method increased the yield by 11.5% (CNVs=0.95%) showing much 

promise for implementation (Liu et al., 2019). Long term sustainability of exome 

reanalysis can be enhanced by better incorporation of automated workflows.  
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Newly discovered genes will result in the majority of new molecular diagnoses and 

databases like OMIM contributes greatly to these discoveries. An estimated 300 new 

phenotype entries per year are added to OMIM and due to continued sequencing 

efforts in large-scale this number continues to rise (Amberger et al., 2019, Ji et al., 

2021). There are over 6500 genes with a phenotype description of which the molecular 

basis is known, available on the database since April 2024. Phenotypic expansion of 

previously identified disease genes is also a possibility which may lead to more clinical 

recognition of these phenotypes.  

 

Incorporation of new clinically observed phenotypes into the reanalysis of exomes can 

expand the list of genes for analysis and potentially link these phenotypes to genes 

previously analysed. These VUS will remain a challenge to solve especially within 

populations where representation in public domain databases is inadequate. This 

further highlights the importance of collaboration and data sharing between research 

and diagnostic sites specifically from LMIC and the use of public domain databases 

like DECIPHER for submission of variants especially from understudied population 

groups. A wider adoption of CNV calling with ES data and use over time will allow for 

more opportunities to achieve this.  

Incorporating the use of a newer reference genome, like the telomere-to-telomere 

reference genome can also help solve more CNVs and SVs and accurately determine 

the exact breakpoints (Rautiainen et al., 2023). More accurate read mapping can be 

achieved by using a pangenome which is representative of more populations (Wang 

et al., 2022). To this end a Pan-African genome has also been studied, showing that 

the use of population-specific genome graphs leads to more accurate variant calling 

and lower mapping errors (Tetikol et al., 2022). 

Until the development of a comprehensive method for detection and classification of 

SNVs and SVs together, manual analysis will stay crucial for CNV classification. This 

being said, manual evaluation and interpretation of variants will most likely always stay 

relevant and serve as an important verification of classified variants.  A recent advance 

called DRAGEN combines multi-genome mapping with pangenome references as well 

as machine learning-based variant detection, providing insights into individual 

genomes.  



 
87 

This tool can accurately detect all variant types (single-nucleotide variations, insertions 

or deletions, short tandem repeats, structural variations and copy number variations) 

and incorporates the analysis of medically relevant genes (Behera et al., 2024).  

Ideally, we should be striving to develop a tool which could incorporate all aspects of 

CNV interpretation without having to search multiple different databases and online 

tools for additional evidence. Additional studies on diverse populations and the use of 

big data approaches will also aid in the development of more comprehensive variant 

classification tools. In the future, computational infrastructure and AI capabilities 

should allow for a single interpretation tool taking into account all CNV-relevant data 

available for assessment. The outcome would thus be more comprehensive and 

trustworthy and should ideally be developed to do systematic reanalysis as new 

information emerges. 

 

Identifying a molecular diagnosis can inform decisions regarding future reproduction 

and recurrence risk for families and in previous studies there was an expectation to 

inform patients on recurrence risk and management of the condition (Diedericks et al., 

2024). The fact that these families have an explanation for their child’s DD and other 

difficulties not only ends the diagnostic odyssey, but also gives families peace of mind 

and end their anxiety and guilt they may have felt for years. Decisions regarding 

resources and support for specific conditions may also be guided and could provide 

families with a sense of empowerment due to the increased knowledge gained. 

Although these conditions cannot necessarily be cured, a diagnosis led to better 

management of the condition and appropriate clinical referrals. Understanding the 

prognosis will also in turn improve management of conditions which might develop 

later in life and identify areas where increased support is needed (Mollison et al., 2020, 

Savatt and Myers, 2021, Shingwenyana et al., 2023).  

 

These results and increased molecular diagnostic yield reported from this study allows 

for better management and clinical care for DD families overall. It has been shown that 

there is need for community engagement to determine the need and preferences for 

the return of results. Appropriate ethical guidelines and practices are needed locally 

especially within LMICs in order to handle the return of genetic results (Mwaka et al., 

2021).  



 
88 

As evidence and knowledge regarding population-specific variation and 

reclassification of variants increase over time, the abovementioned factors should be 

considered and incorporated during follow-up visits and return of results for patients 

and families (Fieggen et al., 2019).  

 

The results presented in this study will all be returned to the patient and family by 

means of an individual feedback session conducted by a genetic counsellor. Three 

families had already received the individual patient reports and follow-up session. Two 

of these patients were referred to a cardiologist as part of management of the condition 

caused by the identified CNV. One of the two patients was also advised to consult an 

endocrine specialist when the patient is older as they may develop diabetes in early 

adulthood as part of the 17q deletion syndrome.  

 

Returning results to patients is sensitive, but knowledge regarding the cause of the 

disease and a possible management plan and assessment of further health risks 

motivates for individual return of results (Shingwenyana et al., 2023). This also 

empowers the families by becoming more educated on the condition and thus provides 

clinical and personal utility for the families (Savatt and Myers, 2021, Diedericks et al., 

2024). 
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Chapter 4: Study Conclusion 
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4 Conclusion 
This study highlights the need for incorporating not only efficient, but appropriate 

exome pipelines in LMICs to further the implementation of genomic medicine and 

make it more attainable for all. Within LMICs where resources, funding and genetic 

services are scarce, it is imperative to identify an effective strategy for diagnosis of 

rare disease such as DD. Identifying a possible gold standard for CNV detection would 

be a much needed advancement to facilitate implementation. In this study, it was seen 

that exome CNV tools using read depth data show functional equivalence and could 

be used interchangeably without a major difference in diagnostic yield. This being said, 

using multiple tools together still showed superior results and maximises the yield. 

CANOES would be the recommendation from this study as a single exome CNV tool 

for implementation although only autosomal CNVs are identified. Combining this tool 

with another tool like XHMM thus ensures CNVs from sex chromosomes are also 

detected. Different tools should also be considered for implementation depending on 

available datasets and resources. All three tools implemented are based on read depth 

analysis as this is ES data which is limiting. If WGS data is available, tools using 

different methods of detection (read depth, split-read, paired-end and assembly 

based) could be applied to increase detection rate and subsequently diagnostic yield. 

 

Although ES CNV analysis do not incur an additional sequencing cost, the cost of 

bioinformatics implementation should be considered. Tools like CLAMMS are much 

less computationally strenuous and would be ideal to implement in resource 

constrained environments. There thus seems to be the need for developing tools 

which are more user-friendly and less computational in order to allow more users 

within a range of settings.  

 

There is also a need for smart, AI tools with exceptionally powerful computation, able 

to analyse larger cohorts of samples at once. These tools should ideally be able to 

simultaneously assess all the data dimensions needed to accurately classify CNVs. 

Many web-based tools are available for interpreting and classifying CNVs which has 

assisted in the CNV evaluation process. Manual evaluation of CNVs is still required in 

order to ensure correct classification and phenotypic match to the patient.  
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Improved diversity in population frequency databases will also provide access to key 

data needed for the clinical interpretation of CNVs. It is evident that a more diverse 

reference genome representing a larger range of population groups is required to 

improve CNV calling and classification. Multidisciplinary team discussions with experts 

in the field of genomics as well as collaboration is needed and will also allow better 

understanding and interpretation of CNVs.  

 

Overall, simultaneous analysis of CNVs and SNVs through ES shows potential as a 

first-tier investigation for diagnosing rare monogenic disorders. This method does 

seem to be more sensitive in identifying a range of CNVs than CMA. In this study a 

total of eight LP/P CNVs were identified, increasing the diagnostic yield by ~7%. This 

additional yield was obtained without the need for additional sequencing or testing. 

Eight additional families thus received a molecular diagnosis through incorporating 

CNV analysis on existing ES data within a LMIC. These families were consulted at the 

genetics clinic for an average of seven years before the diagnoses were made. A 

molecular diagnosis can allow clinical and personal utility for patients and their families 

and end the diagnostic odyssey for many families affected with DD. A thorough 

explanation of the diagnosis by a genetic counsellor is important and also allow for 

better management and treatment of these patients. 

 

5 Challenges and study limitations 
As these exome bioinformatics CNV calling tools cannot identify the exact breakpoints, 

it is very challenging to establish the exact sizes of these variants. Small CNVs (<1 

exon), inversions and translocations as well as mosaicism are not identified as part of 

this analysis. Using WGS instead of ES might alleviate some of these issues for future 

implementation in a setting where funds and resources are available. The truth set 

CRAM files downloaded from EGA database were aligned to the hg19 reference 

genome. This complicated analysis as the CRAM files had to be converted to FASTQ 

files and realigned to reference genome build GRCh38 before analysis could be done. 

Using BAM files aligned to the same reference genome for all samples is thus 

advisable to simplify analysis. To install and apply these tools to the data, a high level 

of bioinformatics skills was required.  
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In this study assistance from a bioinformatician was available; however, this would not 

be the case for many other resource limited settings. Using automated web-based 

analysis tools such as seqr (Pais et al., 2022) in future studies could diminish the need 

for high end bioinformatics input. 

 

There are many limitations to the detection of CNVs from short read NGS data as 

discussed in chapter 3. Many CNVs may be missed or false positive calls made due 

to the lack of ES to perform optimally on low complexity/repeat regions. Many genes 

within the regions of the different CNVs are still not curated and dosage sensitivity not 

established. This made CNV interpretation and confirmation of pathogenicity very 

difficult.  

 

African population CNVs are still in minority on public databases contributing to the 

difficulty of CNV interpretation in our specific cohort of patients. Limited clinical details 

and patient HPO terms further complicated CNV analysis and interpretation. This also 

highlights the importance of thorough clinical examination and detailed phenotyping of 

these patients.  

 

The proband-only truth set was not ideal for the InDelible tool as the final and very 

important de novo analysis could not be completed. This could have led to some of 

these CNVs being missed. The sizes of the truth set CNVs were also not all suited to 

the specific tools. There were not enough CNVs within the range of InDelible and many 

were also out of the optimal size of detection for the other three CNV calling tools. The 

truth set CNVs were also not all disease causing and although a good way to measure 

the full scope of these tools, most were developed specifically for rare disease-causing 

CNVs. This could have led to fewer of the known CNVs being detected by these tools. 

A truth set with larger, more prominent disease-causing CNVs could have highlighted 

the true potential of these CNV calling tools to identify disease-causing CNVs with 

confidence. 

 

Probes used during truth set sensitivity and specificity calculations were skewed 

toward true negative results due to all probes not within the known CNV thus being 

labeled true negative. This could thus have led to an overestimation of the true 

negative results for the three tools.  
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A number of the patients has been pre-screened by implementing Array CGH before 

this study as well. A cohort of patients without prior screening could have increased 

the diagnostic yield even further. 

 

6 Future studies 
Incorporation of the CNV tools into the DDD-Africa automatic variant calling pipeline 

is a next step which should be implemented to ease the process for future data 

analysis. This will allow SNV and CNV detection concurrently using all three tools 

together. A thorough cost analysis of ES should be carried out to motivate for routine 

implementation. This analysis should include the costs relating to additional 

sequencing tests (Sanger sequencing, CMA, targeted sequencing panels) and the fact 

that these costs would be eliminated when implementing ES. 

 

Reanalysis and possible reclassification of VUS results should be completed and 

prioritised every ~2 years to ensure new data is considered and no diagnoses are 

missed (Deignan et al., 2019, Tan et al., 2020, Dai et al., 2022). All VUS CNVs 

matching patient phenotypic features could be uploaded to Matchmaker exchange to 

try and identify other patients with a similar variant (Philippakis et al., 2015). Recurrent 

CNVs within many participants have not been analysed in this study and this could be 

valuable to contribute benign CNVs to public domain databases like DECIPHER. 

 

Newer tools such as GATK-gCNV used by seqr should be tested and compared to 

determine the value and detection rate. The purpose of this study was to determine 

whether an ensemble approach is more valuable than using one tool; however, if 

newer tools like GATK-gCNV performs well, it would be worth investigating. More 

advanced AI tools should also be applied to this dataset to ease the analysis and 

interpretation of CNVs from exome data. A tool such as VizCNV (Du et al., 2024) uses 

trio WGS data together with phased B-allele data to detect CNVs. This tool can 

analyse chromosomal abnormalities, exonic CNV and non-coding gene regulatory 

regions and prioritise de novo CNVs. Ideally, a tool should be developed to incorporate 

all aspects of CNV analysis and classification requiring minimal bioinformatics training 

for implementation. Long-read sequencing analysis can be applied to confirm the CNV 

sizes and compare results between ES data and long-read genomic data.  
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Samples without molecular diagnoses could also be subject to long-read analysis to 

ensure no SNVs or CNVs were missed and to be able to make any further diagnoses 

which was not within the scope of this study. Another future endeavor could also 

include a cost analysis of long-read WGS together with methylation analysis.  

 

This study has allowed a closer inspection of the aetiology of CNVs in a cohort affected 

with DD in Africa. It has also identified an optimised approach to incorporate CNV 

analysis in ES studies within LMICs. Limitations within this field were explored and 

these results can be used for future endeavours aiming to improve CNV analysis from 

ES and NGS data in general. Future studies should focus on smaller intragenic CNVs 

or those including only a single exon to highlight the other key benefits of ES over 

microarray (Atik et al., 2024, Hahn et al., 2025). Many additional molecular diagnoses 

can be made by incorporating CNV analysis tools into existing NGS data (Pfundt et 

al., 2017, Testard et al., 2021, Hahn et al., 2025), ending the diagnostic odyssey for 

patients and giving their families a long-awaited answer.  
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Appendix II  
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Appendix III  

Truth set CNVs summary 
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Table III.1: Truth set CNV information 
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Appendix IV  

 

 

InDelible SV output file 
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Table IV.1: TSV file table of contents for InDelible 

Column Name Column 
# Description 

chrom 1 Chromosome of breakpoint 

position 2 Position of breakpoint 

coverage 3 total number of reads covering breakpoint 

insertion_context 4 total number of insertions (cigar "I") in reads 
overlapping this breakpoint 

deletion_context 5 total number of deletions (cigar "D") in reads 
overlapping this breakpoint 

sr_total 6 total number of split reads (cigar "S") in reads 
overlapping this breakpoint 

sr_total_long 7 Number of reads with SR length ≥ 
MINIMUM_LENGTH_SPLIT_READ 

sr_total_short 8 Number of reads with SR length < 
MINIMUM_LENGTH_SPLIT_READ 

sr_long_5 9 sr_total_long for 5' end of reads 

sr_short_5 10 sr_total_short for 5' end of reads 

sr_long_3 11 sr_total_long for 3' end of reads 

sr_short_3 12 sr_total_short for 3' end of reads 

sr_entropy 13 Sequence entropy of the longest SR sequence given 
by the formula from Schmitt and Herzel (1997) 

context_entropy 14 Sequence entropy of the ±20bp from the breakpoint 
position 

entropy_upstream 15 Sequence entropy of the +20bp from the breakpoint 
position 

entropy_downstream 16 Sequence entropy of the -20bp from the breakpoint 
position 

sr_sw_similarity 17 Smith-Waterman based similarity of split reads from 
the breakpoint 
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Column Name Column 
# Description 

avg_avg_sr_qual 18 Average sequence quality of split bases 

avg_mapq 19 Average mapping quality of reads supporting the 
breakpoint 

seq_longest 20 longest split sequence 

pct_double_split 21 Number of reads with both 5' and 3' split reads 

prob_N 22 Probability of the breakpoint being a false positive 
based on the adaptive learning model (1 - prob_Y) 

prob_Y 23 Probability of the breakpoint being a true positive 
based on the adaptive learning model 

predicted 24 Is prob_Y > prob_N? 

ddg2p 25 Does this breakpoint intersect any genes given 
by ddg2p_bed file in config.yml 

hgnc 26 Does this breakpoint intersect any genes given 
by hgnc_file in config.yml 

hgnc_constrained 27 Does this breakpoint intersect any genes given 
by hgnc_constrained in config.yml 

exonic 28 Does this breakpoint intersect any exons given 
by ensembl_exons in config.yml 

transcripts 29 What transcripts does this breakpoint intersect? If > 
10 transcripts, will return 'multiple_transcripts' 

maf 30 "Allele Frequency" based on the InDelible database 
provided with --d 

mode 31 

How did bwa alignment perform? One of: 
BLAST_REPEAT (Aligned to a repeat/ME 
sequence), REALN (Aligned to unique sequence), 
REALN_CHR (Aligned to unique sequence on 
another chromosome), REALN_XL (Aligned to 
unique sequence on the same chromosome, but was 
flagged as an "improper pair by bwa"), 
FAIL_ALIGNMENT (split sequence did not align at 
all), FAIL_LOWMAPQ (split sequence aligned with 
MAPQ = 0), FAIL_MULTISPLIT (InDelible could not 
decide whether the sequence was in the 5' or 3' 
direction), FAIL_REFERENCE (anchoring reference 
read aligned in the wrong place). 

otherside 32 Putative coordinate for alternate breakpoint 

svtype 33 Putative SV class. Possible values are DUP 
(duplication), DEL (deletion), INS (followed by either 
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Column Name Column 
# Description 

the assembled sequence OR the type of repeat 
insertion [i.e. Alu, L1, etc.]), CMPLX (followed by 
DEL/DUP and assembled additional insertion 
sequence), or TRANSSEGDUP (segmental 
duplication or translocation). SEGDUP_TRANS 
represents either a segmenetal duplication or 
translocation. As we cannot discern with short read 
data between a SEGDUP or translocation, we list 
both here. 

size 34 Distance to otherside from 'position' 

variant_coord 35 Simply 'chrom' : 'position' - 'otherside', where 
possible 

otherside_found 36 Was InDelible sucessful in identifying the other 
breakpoint? 

is_primary 37 If otherside found or blast_hit = "repeats_hit" 
potential SV type 

aln_length 38 Length of the aligned sequence 

mum_sr 39 Number of SRs in the bam/cram provided to --m with 
the same 'position' 

dad_sr 40 Number of SRs in the bam/cram provided to --d with 
the same 'position' 

mum_indel_context 41 Number of reads in the bam/cram provided to --m 
with cigar 'I/D' values 

dad_indel_context 42 Number of reads in the bam/cram provided to --d 
with cigar 'I/D' values 

mum_cov 43 Coverage in in the bam/cram provided to --m 
dad_cov 44 Coverage in in the bam/cram provided to --d 
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Appendix V  

 

 

XHMM CNV output file 
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Table V.1: Table of contents for XHMM output file 
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Appendix VI  

 

 

CANOES CNV output file 
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       Table VI.1: Contents of the CANOES output file 

 

 

 

 

 

  

Data frame with the following columns: 

SAMPLE: name of sample 

CNV: DEL of DUP 

INTERVAL: CNV coordinates in the form chr:start-stop 

KB: length of CNV in kilobases 

CHR: chromosome 

MID_BP: middle base pair of CNV 

TARGETS: target numbers of CNV in the form start..stop 

NUM_TARG: how many targets are in the CNV 

Q_SOME: a Phred-scaled quality score for the CNV 
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Appendix VII  

 

CLAMMS CNV output file 
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List of contents of the CLAMMS output file: 

1. chromosome 
2. window start coordinate 
3. window end coordinate 
4. interval (chr:start-end) 
5. sample name/id 
6. DEL or DUP 
7. most likely integer copy number 
8. number of windows in the call 
9. Q_SOME: Phred-scaled quality of any CNV being in this interval. 
10. Q_EXACT: a non-Phred-scaled quality score that measures how closely the 

coverage profile matches the exact called CNV state and breakpoints. Will 
document in greater detail later. Any call with Q_EXACT < 0 is of questionable 
quality. 

11. Q_LEFT_EXTEND: Phred-scaled quality of the left breakpoint (based on the 
likelihood ratio of the stated breakpoint compared to extending the call by 1 
window on the left) 

12. LEFT_EXTEND_COORD: add this to the CNV start coordinate to get the start 
coordinate of the first window to the left of the called CNV 

13. Q_RIGHT_EXTEND: phred-scaled quality of the right breakpoint (based on the 
likelihood ratio of the stated breakpoint compared to extending the call by 1 
window on the right) 

14. RIGHT_EXTEND_COORD: add this to the CNV end coordinate to get the end 
coordinate of the first window to the right of the called CNV 

15. Q_LEFT_CONTRACT: phred-scaled quality of the left breakpoint (based on the 
likelihood ratio of the stated breakpoint compared to shrinking the call by 1 
window on the left) 

16. LEFT_CONTRACT_COORD: add this to the CNV start coordinate to get the start 
coordinate of the second window of the called CNV 

17. Q_RIGHT_CONTRACT: phred-scaled quality of the right breakpoint (based on 
the likelihood ratio of the stated breakpoint compared to shrinking the call by 
1 window on the right) 

18. RIGHT_CONTRACT_COORD: add this to the CNV end coordinate to get the 
end coordinate of the second-to-last window of the called CNV 
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Appendix VIII  
 

 

 

 

Script created to identify overlapping CNVs 

between CNV tools 
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#!/usr/bin/env python3 
 
import os 
import sys 
 
canoes_file = sys.argv[1] #importing canoes cnv file 
clamms_file = sys.argv[2]  
#xhmm_file = sys.argv[3] 
 
f = open(canoes_file, "r") 
g = open(clamms_file, "r") 
 
canoes_list = [] #empty list in order to keep adding to list 
 
for line in f: 
    if line.startswith("D3S"): 
        line = line.strip().split() #strip removes new line character, split convert line to list 
        canoes_list.append(line) 
 
clamms_list = [] 
 
for line in g: 
    if line.startswith("D3S"): 
        line = line.strip().split() 
        clamms_list.append(line) 
 
#out_canoes_clamms = [] 
 
outlist = [] 
 
print('sample_ID_CANOES' + '\t' + 'Interval_CANOES' + '\t' + 'sample_ID_clamms' + 
'\t' + 'CNV' + '\t' + 'Interval_CLAMMS') 
         
for i in canoes_list:  
    interval_canoes = i[2] 
    interval = interval_canoes.split(':') 
    chr = interval[0] 
    coordinates = interval[1] 
    coordinates = coordinates.split('-') 
    coordstart = int(coordinates[0]) 
    coordend = int(coordinates[1]) 
 
    out_canoes_clamms = [i[0], interval_canoes] 
    #print(out_canoes_clamms) 
 
    for j in clamms_list: 
        #out_canoes_clamms = [] 
        interval_clamms = j[2] 
        interval_clamms = interval_clamms.split(':') 
        chr_clamms = interval_clamms[0] 
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        coord_clamms = interval_clamms[1] 
        coord_clamms = coord_clamms.split('-') 
        coordstart_clamms = int(coord_clamms[0]) 
        coordend_clamms = int(coord_clamms[1]) 
         
        if chr_clamms != chr: 
            pass 
        elif coordend_clamms - coordstart_clamms <= 500: 
            if  coordstart_clamms in range(coordstart - 50, coordstart + 50) and 
coordend_clamms in range(coordend - 50, coordend + 50): 
                out_canoes_clamms.append(j[:3]) 
                # out_canoes_clamms.append(i[0]) 
                # out_canoes_clamms.append(interval_canoes)                 
        elif coordend_clamms - coordstart_clamms <= 1000: 
            if  coordstart_clamms in range(coordstart - 200, coordstart + 200) and 
coordend_clamms in range(coordend -200, coordend + 200): 
                out_canoes_clamms.append(j[:3]) 
                # out_canoes_clamms.append(i[0]) 
                # out_canoes_clamms.append(interval_canoes) 
        elif coordend_clamms - coordstart_clamms <= 10000: 
            if  coordstart_clamms in range(coordstart - 800, coordstart + 800) and 
coordend_clamms in range(coordend - 800, coordend + 800): 
                out_canoes_clamms.append(j[:3]) 
                # out_canoes_clamms.append(i[0]) 
                # out_canoes_clamms.append(interval_canoes) 
        elif coordend_clamms - coordstart_clamms <= 50000: 
            if  coordstart_clamms in range(coordstart - 3000, coordstart + 3000) and 
coordend_clamms in range(coordend - 3000, coordend + 3000): 
                out_canoes_clamms.append(j[:3]) 
                # out_canoes_clamms.append(i[0]) 
                # out_canoes_clamms.append(interval_canoes) 
        elif coordend_clamms - coordstart_clamms <= 250000: 
            if  coordstart_clamms in range(coordstart - 10000, coordstart + 10000) and 
coordend_clamms in range(coordend - 10000, coordend + 10000): 
                out_canoes_clamms.append(j[:3]) 
                # out_canoes_clamms.append(i[0]) 
                # out_canoes_clamms.append(interval_canoes) 
        elif coordend_clamms - coordstart_clamms <= 500000: 
            if  coordstart_clamms in range(coordstart - 20000, coordstart + 20000) and 
coordend_clamms in range(coordend - 20000, coordend + 20000): 
                out_canoes_clamms.append(j[:3]) 
                # out_canoes_clamms.append(i[0]) 
                # out_canoes_clamms.append(interval_canoes) 
        elif coordend_clamms - coordstart_clamms <=1000000: 
            if  coordstart_clamms in range(coordstart - 40000, coordstart + 40000) and 
coordend_clamms in range(coordend - 40000, coordend + 40000): 
                out_canoes_clamms.append(j[:3]) 
                # out_canoes_clamms.append(i[0]) 
                # out_canoes_clamms.append(interval_canoes) 
        elif coordend_clamms - coordstart_clamms <= 5000000: 
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            if  coordstart_clamms in range(coordstart - 50000, coordstart + 50000) and 
coordend_clamms in range(coordend - 50000, coordend + 50000): 
                out_canoes_clamms.append(j[:3]) 
                # out_canoes_clamms.append(i[0]) 
                # out_canoes_clamms.append(interval_canoes) 
        elif coordend_clamms - coordstart_clamms > 5000000: 
            if  coordstart_clamms in range(coordstart - 100000, coordstart + 100000) and 
coordend_clamms in range(coordend -100000, coordend + 100000): 
                out_canoes_clamms.append(j[:3]) 
                # out_canoes_clamms.append(i[0]) 
                # out_canoes_clamms.append(interval_canoes) 
        else :  
            pass 
    #print(out_canoes_clamms) 
    if len (out_canoes_clamms) == 3: 
        final = [] 
        final.append (out_canoes_clamms [0])  
        final.append (out_canoes_clamms [1]) 
        final.append (out_canoes_clamms [2] [0]) 
        final.append (out_canoes_clamms [2] [1]) 
        final.append (out_canoes_clamms [2] [2]) 
        print ("\t".join (final))
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Appendix IX                     

 

Additional information for patients with LP/P 

CNVs identified 
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Patient D3S_0009_01_1 

This patient is a 5 year old female (at time of recruitment) and presented with moderate 

ID/DD, dysmorphic features, a patent ductus arterium defect, pectus excavatum and 

strabismus. She was included within category A and C due to the severity of ID/DD 

and major as well as minor malformations. This deletion on chromosome 16 

[GRCh38/hg38] 16q22.1q22.3(69245485_72960252)x1 spans 3,71Mb and covers 

region 16q22.1-22.3. Both parents were also subjected to ES and this deletion is not 

present thus this is a de novo variant. There are 77 genes involved including AP1G1 

gene associated with Usmani-Riazzudin syndrome SNVs. This CNV was validated by 

CMA which also concluded that this is a pathogenic duplication. 

 
 

Patient D3S_0040_01_1 

This 4 year, 5 month old female at recruitment presented with global developmental 

delay, dysmorphic, coarse facial features, minor skin pigmentary changes and an 

umbilical hernia, macroglossia, broad hallux, protruding ear. She was Included for 

severe ID/DD within category A. This large deletion [GRCh38/hg38] 

6q25.2q25.3(153282150_157897057)x1 spans 4.61MB and 34 genes which included 

the ARID1B gene associated with Coffin-Siris. Coffin-Siris is inherited in an autosomal 

dominant manner and cases usually present with mild to severe DD/ID, coarse facial 

features, microcephaly, feeding difficulties and hypoplasia. This is a de novo CNV as 

both the parents did not present with the deletion and was also confirmed with CMA. 
 

 

Patient D3S_0055_01_1 

This patient is a 3 year 8 month old female who presented with Brain atrophy, 

microcephaly, dysmorphic features, epicanthus, sparse lateral eyebrow, depressed 

nasal bridge, micrognathia, long philtrum, midface retrusion, short nose, 

narrow forehead, periorbital fullness. She was included within category A, for 

moderate ID/DD. A duo (mother and child) was recruited and this CNV is not present 

in the mother. It might thus be a de novo CNV although we will be unable to confirm 

this until the father is also tested. This 4,82Mb deletion on chromosome 8, 

[GRCh38/hg38] 8p21.2p12(26354309_31173210)x1 includes 80 genes.  
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Patient D3S_0070_01_1 

This 8 year old male was recruited within inclusion category A and presented with 

microcephaly, downslanted palpebral fissures, cryptorchidism, short toe, proximal 

placement of thumb, cataract, aniridia, corneal opacity. This is a de novo 8,65Mb 

deletion [GRCh38/hg38] 11p14.1p13(30010610_33142168)x1 (8645kb) which spans 

67 genes including PAX6 and WT1. The PAX6 gene is associated with WAGR 11p13 

deletion syndrome which seems to fit the patient’s phenotype. The main phenotypic 

features of this syndrome is aniridia, Wilms tumour, genitourinary abnormalities and 

developmental delay. The WT1 gene is associated with Wilms tumour which is also 

inherited in an autosomal dominant manner. This CNV was confirmed with CMA. 
 

 

Patient D3S_0085_01_1 

This 5 year old male was included for moderate to severe ID/DD within category A. 

This patient presented with microcephaly, bilateral hearing loss, hypotonia and 

dysmorphic features. A total of 61 genes are included in this 4,39Mb de novo deletion 

[GRCh38/hg38] 12p13.33p13.31(1262908_5647947)x1 which also includes twelve 

dosage sensitive genes. This CNV includes the 12p13.33 microdeletion 

region, including ELKS/ERC1 genes, associated with childhood apraxia of speech 
(Thevenon et al., 2013) and was also confirmed with CMA. 
 

 

Patient D3S_0101_01_1 

This 11 year old female was included in category A and presented with failure to thrive, 

dysmorphic features. A de novo deletion spanning 4,93Mb, [GRCh38/hg38] 

17q22q23.2(53822906_58734380)x1, has been identified and classified as 

pathogenic (2.05). Sixty four genes are involved in this deletion, including forty protein 

coding genes as well as the NOG gene which is confirmed as haploinsufficient. Many 

different phenotypes are involved and has been termed NOG-Related-

Symphalangism Spectrum Disorder (NOG-SSD) (Potti et al., 2011). A confirmatory 

CMA was completed. 
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Patient D3S_0109_01_1 

This female patient was recruited within category A at 5 years of age presenting with 

seizures, cortical blindness, hypotonia, coarse facial features and dysmorphic 

features. A duplication of 9,08Mb has been identified on chromosome 2 

[GRCh38/hg38] 2p21p16.1(41947349_51028389)x3, involving 104 genes. This CNV 

was not identified in the mother, but as the father has not been recruited, it cannot be 

confirmed as de novo. Similar duplications with overlapping regions have been 

uploaded to DECIPHER and classified as LP/P. One TS gene, FBXO11 is included in 

this duplication which is involved in intellectual developmental disorder with 

dysmorphic facies and behavioural abnormalities. Most of the variants within the 

FBXO11 gene are de novo deletions and there is no clear evidence or functional 

studies completed to show what effect a duplication will have on this gene (Fritzen et 

al., 2018, Gregor et al., 2018, Jansen et al., 2019). However, another smaller 

duplication was also identified, [GRCh38/hg38]2p16.2p16.1(53670417_55322795)x3, 

thus combining these duplications could suggest that a larger region is duplicated 

(~13.38Mb). This does not affect the CNV classification as it still stays likely 

pathogenic even though 37 additional genes are included in the entire region to a total 

of 141 duplicated genes.  

Patient D3S_0114_01_1 

This 6 year old female was included within inclusion category D and presented with 

microcephaly (postnatal onset), failure to thrive, strabismus, brisk reflexes and 

dysmorphic features. The CNV identified, spans 6,25Mb and includes 56 genes, 

[GRCh38/hg38] 12p12.1p11.22(23534153_29783848)x1. It was classified as 

pathogenic (1.35) and includes the SOX5 gene associated with Lamb-Shaffer 

syndrome. This CNV is not present in the mother and cannot be confirmed as de novo 

since the father was not recruited. A confirmatory CMA was completed. 
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Appendix X  

 

Website Links 
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DDD-Africa project page (https://h3africa.org/index.php/ddd-africa/) 

European Genome-phenome Archive (EGA) (https://ega-archive.org/) 

Nextflow workflow (https://github.com/phelelani/nf-exomecnv) 

DDG2P gene list (https://panelapp.genomicsengland.co.uk/panels/484/) 

InDelible Github (https://github.com/HurlesGroupSanger/indelible) 

XHMM Github ( https://github.com/RRafiee/XHMM)  

CANOES Github ( https://github.com/ShenLab/CANOES)  

CLAMMS Github (https://github.com/rgcgithub/clamms) 

ClinGen CNV pathogenicity calculator ( https://cnvcalc.clinicalgenome.org/cnvcalc/)  

Clinical Genome (ClinGen) Resource (https://www.genome.gov/Funded-Programs-

Projects/ClinGen-Clinical-Genome-Resource) 

Database of Genomic Variants (DGV) (https://dgv.tcag.ca/dgv/app/home) 

ClinVar Database (https://www.ncbi.nlm.nih.gov/clinvar/) 

Genome Aggregation Database (gnomAD) (https://gnomad.broadinstitute.org/) 

CNV-ClinViewer (https://cnv-clinviewer.broadinstitute.org/) 

https://h3africa.org/index.php/ddd-africa/
https://ega-archive.org/
https://github.com/phelelani/nf-exomecnv
https://panelapp.genomicsengland.co.uk/panels/484/
https://github.com/HurlesGroupSanger/indelible
https://github.com/RRafiee/XHMM
https://github.com/ShenLab/CANOES
https://github.com/rgcgithub/clamms
https://cnvcalc.clinicalgenome.org/cnvcalc/
https://www.genome.gov/Funded-Programs-Projects/ClinGen-Clinical-Genome-Resource
https://www.genome.gov/Funded-Programs-Projects/ClinGen-Clinical-Genome-Resource
https://dgv.tcag.ca/dgv/app/home
https://www.ncbi.nlm.nih.gov/clinvar/
https://gnomad.broadinstitute.org/
https://cnv-clinviewer.broadinstitute.org/
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