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ABSTRACT 

 

Congenital Heart Disease (CHD) is a rare multifactorial disease affecting around 1% of 

the population. CHD has a complex aetiology involving genetic, environmental, and 

maternal factors. The genetic factors driving CHD are also numerous, with syndromic, 

chromosomal, monogenic and polygenic factors implicated in its development. Within 

the past few decades, a minority of patients diagnosed with this disorder were known to 

survive until adulthood, hence research in this field is ever growing. This dissertation 

entitled "Genetic Characterisation of Selected Probands/Kindreds with Congenital Heart 

Disease” presents findings from genomic analysis of an adult proband with complex 

cyanotic CHD complicated by pulmonary hypertension and Eisenmenger syndrome. Trio 

whole exome sequencing was performed on the proband and unaffected parents followed 

by bioinformatic analysis to identify deleterious variants segregating using different 

disease models (dominant with reduced penetrance, recessive, de-novo) that could 

possibly explain the observed phenotype. Variant filtering and prioritisation was 

performed with reference to a large gene panel (n = 635 loci) derived from the literature 

having possible association with CHD. A de novo pathogenic missense variant in BMPR2 

p.Arg491Trp rs137852746 was identified in the proband that was absent from an 

ethnically matched reference cohort. Molecular modelling was applied to evaluate 

physiochemical properties of this missense variant located in the kinase domain. This 

molecular modelling provided evidence for a deleterious effect of this variant on protein 

stability. Our findings identify a monogenic driver for pulmonary hypertension in the 

proband that holds significant implications for clinical practice. This locus has been 

previously associated with pulmonary hypertension and CHD. BMPR2 has been 

associated with microvascular and aortic endothelial cell development along with 

vascular development, whilst also being the primary gene associated to the development 

of PAH in humans.  

Key Words: 

Congenital Heart Disease, Pulmonary Arterial Hypertension, Genetic research, 

Mendelian genetic model, BMPR2. 
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Chapter 1 – Literature Review – Congenital Heart Disease 

 

1.0 Overview on CHD 

 

Congenital heart disease (CHD) can be defined as the presence of structural 

abnormalities within the heart or great vessels occurring before birth and/or, being present 

at birth. CHD results via the perturbations of the normal cardiac developmental program. 

Throughout the years, it has been referred to as one of the most common congenital 

anomalies found in new-borns. Nowadays this disease encompasses approximately 1% 

of all livebirths. (Dolbec & Mick, 2011; Van der Linde et al., 2011; Rohit & Rajan, 2020; 

Sun et al., 2015; Williams et al., 2019). Within the past few decades, a minority of patients 

diagnosed with this disorder were known to survive until adulthood. Other than the drastic 

increase in long-term survival of such patients, recent studies have shown a decrease in 

reoperation. A dramatic improvement in long-term survival as well as decrease in 

reoperation on the majority of CHD cases may be attributed towards the progression of 

surgical treatment and diagnosis available (Bouma & Mulder, 2017; Erikssen et al., 

2015). 

The optimal situation for diagnosis would be in neonates, and the typical scenario 

for neonatal diagnosis tends to present with a combination of cyanosis, congestive heart 

failure, and shock. The type of physical signs exhibited are indicative of right or left-sided 

obstructions, right-sided lesions tend to present with cyanosis due to the lack of oxygen 

towards the lungs, whilst left-sided lesions tend to present with inadequate system 

perfusion and overall shock (Dolbec & Mick, 2011). However, the optimal situation may 

not always be the case in a clinical setting, and diagnosis and or re-assessment of adult 

patients may need to occur. The clinical examination plays an imperative role in the 

assessment and follow-up of unoperated as well as palliated and repaired CHD cases. 

Clinical examination includes both physical clinician examination such as inspection of 

any thoracic scaring and peripheral upper and lower limp pulses, as well as machinery 

examination including but not limited to echocardiography and electrocardiography (Sun 

et al., 2015; Graziani & Delogu, 2016).  

Historically, the categorisation of CHD has been based on a combination of 

anatomical and physiological phenotypes, including but not limited to conotruncal defects 
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(CTD) which affect the ventricular septum and hence any outflow tract,  left ventricular 

obstruction (LVO) causing defects, abnormal left to right relationship (heterotaxia/HTX), 

and abnormalities within the mitral and tricuspid valves which may influence the inflow 

(Gelb, 2015). Due to the variety of heart defects which encompass congenital heart 

disease, the symptoms presented may vary greatly. The generally presented symptoms 

include extreme tiredness, clubbed fingernails, rapid heartbeat, shortness of breath, poor 

feeding, and cyanosis, amongst others (Sun et al., 2015). Although the development of 

this disease occurs shortly after birth, the development of symptoms generally occurs in 

early childhood and teenage years, having further complications arising in adulthood. 

Examples of these adulthood complications include hypertension, endocarditis, 

pulmonary hypertension, and increased infection in the respiratory tract (Sun et al., 2015). 

The disorders classified under this disease come in a wide spectrum having different 

degrees of severity. Increasing severity tends to be related to a lesser prevalence in 

population, being exemplified by severe lesions including hypoplastic left heart syndrome 

and truncus arteriosus. An approximation of around a third of CHD patients fall under the 

severe classification and tend to require surgical intervention within the first year of life 

(Zaidi & Brueckner, 2017). Whilst other lesions are less rare such as those involving 

ventricular or atrial septal defects. (Hoffman & Kaplan, 2002). Irrespective of severity 

however, CHD is still the leading cause of mortality due to birth defects in the United 

States (Go et al., 2013). Nowadays however, childhood survival rate has become more 

likely for varying severities, including serious severity lesions such as hypoplastic left 

heart syndrome (Bouma & Mulder, 2017).  

As of 2010, the population of adults diagnosed with congenital heart disease was 

estimated at around 1.2 million in Europe and 1 million in the United States of America. 

As described by the CONCOR registry, the mortality of two thirds of adult patients 

diagnosed with CHD may be attributed towards cardiac causes. The majority of CHD 

mortality cases (26%) may be attributed towards chronic heart failure, the remaining 

percentages include non-cardiovascular deaths (23%), malignancy (9%), and pneumonia 

(4%) (Verheugt et al., 2010). A common challenge faced by the CHD population is all 

that encompasses ageing. Lifelong surveillance is required for such patients; thus, it is 

imperative that transition from paediatric to adult cardiology is seamless so as to prevent 

any loss of follow-up which might occur (Bouma & Mulder, 2017).  
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The revolutionary procedure in 1945 allowed for an almost universally lethal 

condition to progress into a more approachable and treatable one through surgical and 

catheter-based medical interventions. The surgical intervention first published by Helen 

Taussig, Vivien Thomas and Alfred Blalock which described the successful treatment for 

‘blue’ babies in the 1940’s. The procedure includes the introduction of a systemic to 

pulmonary artery shunt. (Blalock & Taussig, 1984). The development of this surgical 

treatment has allowed 80% of the modern era patients undergoing CHD surgery in 

developed countries to have a 10-year survival including those having complex CHD.  

Table 1.0.1 The incidence of specific lesions classified as CHD along with their estimated 

percentage. (Dolbec & Mick, 2011).The table shows the specific lesion and the relative 

estimated percentage of the lesion identified within CHD. 

Lesion 
Estimated percentage of 

CHD 

Ebstein anomaly 1% 

Hypoplastic left heart syndrome 1% 

Interrupted aortic arch 1% 

Pulmonary stenosis 1% 

Tricuspid atresia 1% 

Atrial septal defect 5% 

Critical aortic stenosis 5% 

Transposition of the great vessels 5% 

Coarctation of the aorta 10% 

Patent ductus arteriosus 10% 

Tetralogy of Fallot 10% 

Ventricular septal defect 20% 

 

The above Table 1.0.1 shows the major lesions which may be present upon the diagnosis 

of CHD along with their respective percentage prevalence in ascending order. 

The classification of the various cardiac defects encompassing CHD can be 

clinically quite challenging. Amongst many classifications, a paper published by 

Williams et al., in 2019 suggested that CHD classification should occurs according to 

four key features namely; (1) The nature of the structural heart defect, hence 

encompassing the type, defect complexity and pattern of malformation (Botto et al., 

2007), (2) the resulting blood flow pattern arising from said deformity, (3) observed 

familial recurrence risk (Ellesøe et al., 2018), and (4) shared susceptibility genes (Houyel 

et al., 2011). Phenotypes are also typically classified into major categories according to 

the lesion namely: Right-sided, Left-sided, Conotruncal, Laterality defects, and isolated 
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septal defects. Table 1.0.2 below shows these phenotypes major subclassing as well as 

examples of lesions falling within the categories.  

Other than the above-mentioned classification, others have also been mentioned 

in literature, including specific classification for adults released by Connelly et al., 1998 

& Warnes et al., 2001. In comparison to the above-mentioned, these classifications are 

stratified according to severity on the basis of care required. Literature also classifies 

cases of CHD according to severity, having different lesions listed under the 

subcategories of severe, moderate and mild. One paper by Hoffman & Kaplan, in 2002 

describes the lesions classified under these sub-categories, for instance severe CHD is 

described as the majority of patients presenting as severely ill at a new-born stage or early 

infancy whilst also includes all patients with cyanotic heart disease as well as acyanotic 

lesions. Moderate CHD encompasses patients requiring expert care but are less intensive 

than the previously described, examples of lesions under this subcategory include 

mild/moderate atrio-septal or aortic incompetence, complex forms of Ventricular Septal 

Defects (VSD), amongst others. Mild CHD on the other hand is described as being the 

most numerous group having patients classified as asymptomatic, may not present with 

significant murmurs and tend to undergo spontaneous early resolution of the lesions 

present. Examples of lesions falling within this subcategory include small VSD, Bicuspid 

aortic valve (BAV) without aortic stenosis (AS), amongst others.  

Table 1.0.2. The major subdivisions of phenotypic categories encompassing CHD split into 5 

along with lesions falling in those categories as described by Williams et al., in 2019.  
 

Right Sided Left Sided Conotruncal Laterality Defects Isolated Septal 

Detects 

L
es

io
n

 

Hypoplastic 

Right Heart 

Syndrome 

Bicuspid Aortic 

Valve 

Tetralogy Of 

Fallot 

Heterotaxy Atrial Septal 

Defects 

Ebstein 

Anomaly 

Aortic Stenosis Pulmonary 

Atresia 

Atrioventricular 

Septal Defects 

Ventricular 

Septal Defects 

Pulmonary 

Artery Atresia 

Coarctation Of 

the Aorta 

Truncus 

Arteriosus 

Anomalous 

Pulmonary Venous 

Return 

 

 
Hypoplastic Left 

Heart Syndrome 

Double Outlet 

Right Ventricle 

Transposition of the 

Great Arteries 

 

   
Malproposed Vessels 

 

   
Dextrocardia 

 

   
Situs Inversus Totalis 
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Figure1.0.1. Graphical representation of congenital heart disease (CHD) and the range of heart 

and great vessel malformations. (a) The typical heart and the typical pattern of blood flow. (b) 

The major subclassifications of lesions classified under CHD s described by Williams et al., in 

2019. The proportions of the pie chart are not representative of the percentage population. (c) 

One of the most common congenital heart defects known as ventricular septal defect (VSD) 

having a malformation between in the septum separating the two ventricles thus causing a 

backflow of oxygenated and deoxygenated blood. Created with BioRender.com 

1.0.1 Double Outlet Right Ventricle (DORV) 

 

DORV incorporates a variety of heart malformations whereby the great vessels 

are misaligned with respect to their corresponding ventricles (Hutson & Kirby, 2009). 

Normal physiology describes the pulmonary trunk arising from the right ventricle (RV), 

whilst the aorta arises from the left ventricle (LV), DORV is characterised by the arousal 

of both the pulmonary artery and the aorta from the right atrium either entirely or 

predominantly (Hutson & Kirby, 2009; Yim et al., 2018). Due to both outflow vessels 

originating predominantly from the RV, this defect is present in conjunction with VSDs 

(Hutson & Kirby, 2009). The classification of DORV in terms of congenital heart 

disease/defects has 3 facets made up of the morphology, connections and relationship 

(Yim et al., 2018). The term DORV therefore although defines the connection at the 

atrioventricular (AV) junction, the relationship and morphology are not accounted for. 

This subcategory includes a large variety of the above 3 facets and thus is highly 

heterogenous. This congenital defect falls within the classification of conotruncal lesions 

being majorly present alongside ventricular septal defects as well as other septal and 

valvular defects, thus contributing a towards 20% of CHD cases (Dolbec & Mick, 2011; 

Hoffman & Kaplan, 2002). The classification of DORV is based on the position of the 
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VSD being either sub-aortic, sub-pulmonary, doubly-committed or non-committed 

(Anderson et al., 2001; Ebadi et al., 2017; Hutson & Kirby, 2009; Mahle et al., 2008). In 

the case of the VSD being situated below the aorta and the great arteries situated adjacent 

to each other, the DORV classifies as subaortic (Hutson & Kirby, 2009). DORV with 

sub-pulmonary VSD is classified via the presence of a VSD below the pulmonary artery 

(Hutson & Kirby, 2009). Doubly-committed VSD in DORV refers to the VSD being 

present below both of the outflow vessels, thus having two VSDs (Hutson & Kirby, 2009). 

Whilst the VSD described in noncommitted VSD is present remotely and not dedicated 

to either vessel (Hutson & Kirby, 2009). Nowadays, other than via neonatal 

echocardiography, in-utero echocardiography allows accurate diagnosis and allows 

adequate parental counselling in terms of neonatal prognosis and treatment plan, as well 

as pre-planned delivery (Gedikbasi et al., 2008).  

Although surgical intervention is available for most types of DORV, it is not as 

clear cut whether all types of DORV should undergo such surgery, and which subtypes 

classify for which types of surgery. Various research has been performed to narrow the 

surgical treatment plan for the various DORV subtypes having an overall increase in 

survival rate post-surgically (Bradley et al., 2007). Throughout the years, research efforts 

have been made to identify the best surgical strategic plans for such patients, having 

previously thought that single ventricular repair provided a higher survival rate in 

comparison to biventricular repair (Bradley et al., 2007). However nowadays the margin 

between these two surgeries is decreasing further (Oladunjoye et al., 2019).  
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Figure 1.0.1.1. The 3 subtypes of Ventricular septal defects (VSDs) found alongside DORV 

classification namely, subaortic VSD, Doubly committed VSD, Subpulmonary VSD and 

noncommitted VSD (Hutson & Kirby, 2009). 
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1.1 Aetiology 

 

Although being heavily researched throughout the years, the aetiology of CHD is 

largely unknown. No more than approximately 15% of all worldwide CHD cases have a 

currently identified cause (Bouma & Mulder, 2017). This limitation in underlying 

aetiology could also be linked to the worldwide birth prevalence currently known. 

Although CHD is estimated to have a prevalence of approximately 1%, this percentage 

only includes the cases accounted for. Variations in referrals, access to care as well as 

referral bias might allow several cases to go undiagnosed, and hence this percentage 

population prevalence to be less accurate (van der Bom et al., 2011). Another factor which 

might influence the current percentage of known diagnosed CHD cases is the referral to 

a centre whereby the case would be added to the worldwide population. This could occur 

when a physician encounters a defect which they consider manageable, and thus would 

not refer the patient to a centre, and hence not being included in the worldwide population 

(Hoffman & Kaplan, 2002). Additionally, some physically subtle lesions, such as atrial 

septal defects, may not be detected until later life stages, whilst other severe lesions may 

result in neonatal death without cardiologic or autopsy (Abu-Harb et al., 1994; Kuehl et 

al., 1999; Rostad & Sørland, 1981; Seldon et al., 1962). 

The little evidence that has been compiled with relation to the aetiology of this 

disorder has nevertheless allowed identification of multifactorial causes. Although 

relatively low, 2-10% of non-syndromic CHD cases may be attributed towards 

environmental factors. Some of these include risk factors such as maternal diabetes and 

phenylketonuria, which have proven to have an increased risk for foetal development of 

CHD. Other risk factors associated to gestational predisposition include maternal obesity, 

exposure to alcohol, febrile illness, early onset pre-eclampsia, rubella infection as well as 

exposure to teratogens/drugs including thalidomide and retinoic acid. (Jenkins et al., 

2007; Hedermann et al., 2021; Nora, 1968; Zhang et al., 2021). Another important factor 

known to contribute towards the development of CHD can be seen from a genetics point 

of view. The development of technology such as Next-Generation sequencing (NGS), has 

allowed for the clarification of part of the aetiology of CHD, the genetic aspect. As of 

2011, around 40 genes were identified to be implicated in the development of CHD (van 

der Bom et al., 2011), nowadays this list is evermore increasing. A recent study published 
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in 2019 estimated over 400 genes which may be associated to the pathogenesis of CHD 

(Williams et al., 2019).  

Karyotyping approaches have allowed the identification of numerous 

malformation syndromes, including congenital heart disease, which may be attributed to 

the presence of chromosomal aneuploidy. Different cases of aneuploidy pertain to 

different prevalence of CHD, an example of which being Down’s syndrome, having a 

CHD prevalence of approximately 45% (Vis et al., 2009). Overall, 8-10% of CHD cases 

may be accounted for by chromosomal aneuploidies including, but not limited to trisomy 

13, 18, 21, Turner syndrome, Klinefelter syndrome and DiGeorge syndrome. 

 

 

Figure 1.1.1. A diagrammatic overview of the different aetiologies contributing towards the 

development of congenital heart disease (CHD) namely environmental, Aneuploidy, Genetic 

and multifactorial having percentages of 13%, 8%, 10% and 69% respectively. (Jenkins et al., 

2007; Hedermann et al., 2021; Nora, 1968, van der Bom et al., 2011, Vis et al., 2009, 

Zhang et al., 2021) 

 

The remaining percentage of diagnosed CHD aetiology are considered to be 

multifactorial, suggesting the interaction between the environmental and genetic 

aetiologies (van der Bom et al., 2011). The issue with the multifactorial explanation for 

CHD aetiology is the lack of reports available. Few reports have been made on the 

interaction and accumulated effects of various factors on the prevalence of CHD (Joziasse 

et al., 2009; Nora, 1968; Smith et al., 2009).  

13%
8%

10%

69%

Aetiology

Environmental Aneuploidy Genetic multifactorial
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Throughout the years, efforts have been made to compile evidence towards 

modifiable risk factors. However, the goal of achieving said risk factors in an unbiased 

and precise manner has proven challenging. (Botto et al., 2007). Two related challenges 

typically found in aetiological studies are those of case classification and risk estimation. 

This challenge can be viewed upon from different aspects, one being that of phenotypic 

classification. If classification, and thus analysis, had to be performed based solely upon 

phenotype, the product would be that of several groups having too low a percentage of 

cases to acquire a risk factor estimation (Botto et al., 2007; Clark, 1996, 2001).  

Table 1.1.1. The percentage probability of congenital heart disease (CHD) occurrence according 

to the familial phenotypic representation (van der Bom et al., 2011) 

Probability of occurrence 

in overall CHD 
Type of family member affected 

1-6% Unaffected parents, one affected sibling. 

3-10% Unaffected parents, Two affected siblings. 

2-20% Affected Mother 

1-5% Affected Father. 
 

1.2 Epidemiology 

 

As previously mentioned, CHD is the most frequently described congenital 

disorder in new-borns and contributes to the leading cause of infant deaths arising from 

birth defects (Tennant et al., 2010). The prevalence in livebirths is estimated at around 8 

per 1000 cases having a range from 3 to 10. This vast range arises due to several 

difficulties found in birth prevalence studies including variations in referral, access to 

care as well as referral bias in terms of active echocardiography screening (Bouma & 

Mulder, 2017). The individual lesions making part of the classification of CHD have their 

own prevalence, isolated septal defects are accounted for as the most common lesion in 

CHD, Ventricular Septal Defects (VSD) have an estimated prevalence of 3570 per million 

livebirths, and Atrial Septal Defects at 941 per million births (Diab et al., 2021). 

Prevalence can also be segregated according to severity, having moderate and severe 

defects at a prevalence of 1.5 per 1000 livebirths each. Prevalence may be further 

influenced by the increased detection via prenatal ultrasounds, this accounts for up to one 

third of defects as well as 57-85% of severe lesions to be detected before the end of 

gestation (Bouma & Mulder, 2017). Epidemiological studies performed in 2015 by 

Cowan & Ware, suggests that 20-30% of CHD cases may be associated to an 
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environmental or genetic trigger. 3-5% of CHD cases may be attributed towards single-

gene disorders, 8-10% to aneuploidies and 3-25% to pathogenic copy number variants 

(CNV). One of the largest genetic studies via next generation sequencing (NGS) on CHD 

performed by Jin et al., in 2017 suggests that 8% of CHD cases may be attributed towards 

de novo autosomal dominant genes whilst 2% may be attributed towards inherited 

autosomal recessive variants.  

There is relatively little evidence behind any temporal or geographic variation in 

general incidence of CHD to suggest any environmental triggers. However, slight 

differences in CHD types can be witnessed in different populations such as, an increased 

incidence report of LVO lesions in Caucasian children, in comparison to the increased 

incidence report of RV obstruction amongst Chinese children, thus suggesting 

contributions of population-specific genetics (Jacobs et al., 2000; van der Linde et al., 

2011).  

A review performed in 2011 by van der Linde et al., identified a substantial 

increase in CHD birth prevalence between the years 1930 and after 1995, having 

previously had a prevalence of 0.6 per 1000 live births, to 9.1 per 1000 live births after 

1995. In terms of birth prevalence with relation to geographical incidence, significant 

difference was accounted for by this review. Out of the continents, Asia was ranked as 

having the highest total reported birth prevalence of CHD, whilst Europe had the second 

highest (van der Linde et al., 2011).  

The survival of patients diagnosed with CHD has kept increasing over the years. 

A major Norwegian study showed an increase of survival of patients up until the age of 

16 diagnosed with CHD from 62% in 1971 to 87% in 2011 (Erikssen et al., 2015). As of 

2011, the median age of patients with severe congenital heart disease increased from 11 

years of age in 1985 to 17 years of age in 2000. Whilst in the past two decades, mortality 

amongst CHD patients has declined between 50-70%, depending on the particular defect. 

Upon comparison between age groups, the largest reduction in mortality was identified 

in the patients aged 1-4 years followed by 5-14 years of age.(van der Bom et al., 2011). 

Epidemiological changes including a reduction in reoperation required a well as an 

increase (from 12% to 34%) in operations for patients with simple defects, contribute 

towards the sustained survival and hence increase within the adult CHD population 

(Bouma & Mulder, 2017).  
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As previously mentioned, the CONCOR registry is a Dutch national database 

which compiled over 11,400 patients with CHD over the age of 18 between the year 2001 

and 2009. Data on mortality was gathered by this register, which identified that sex 

differences were accounted for and present in adult men diagnosed with type 2 atrial 

septal defect. These men had a worse overall survival than the general CHD men 

population. Whilst an in-hospital 20-day mortality for CHD identified a higher correlation 

with younger men than women of the reproductive age.  

1.3 Pathophysiology of CHD- Embryological cardiac development.  

 

For an in depth understanding of the development of CHD, the molecular as well as 

anatomical understanding of heart structural development is necessary. A review by 

Kloesel et al., in 2016 described a brief background on the structural development of the 

heart in 9 summative steps: 

1. The formation of the three germ layers; Endoderm, Mesoderm and Ectoderm. This 

occurs during a process known as gastrulation. 

2. Establishment of the first heart field (FHF) and Second heart field (SHF). Giving rise 

to segments of the linear heart tube and the arterial and venous pole cells respectively.  

3. Heart tube formation due to the embryonic folding at the craniocaudal and lateral axis, 

allowing the formation of the endocardial tubes.  

The endocardial tubes consist of myocardial cells which form the myocardium and 

the endothelial cells forming the endocardium. these two cell types are separated by an 

extracellular matrix, and the fusion of these cell types (occurring due to folding) allow 

the formation of the heart tube. The epicardium is formed at a later stage via the migration 

of proepicardial precursor cells. In the early stages after uterine implantation, two cell 

layers are formed, known as the epiblast and the hypoblast. A primitive streak forms at 

the caudal region of the epiblast and extends cranially.The first step concerns the 

formation of the three germ layers which occurs during a process known as gastrulation.  

4. Cardiac looping, convergence, and wedging. 

Ranging from day 23 to 28, the bending of the endocardial tube allows the 

configuration of a cardiac loop. This process is driven by the elongation of the 

endocardial tube via migration of the precursor cells. Convergence defines the midline 
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alignment of the outflow tract and the AV canal. Wedging describes the process 

resulting in the creation of the pulmonary and systemic trunks.  

5. Septa formation.  

The developmental process towards the formation of the septa is a long process, 

not being entirely complete till after birth. One of the first septa to begin development 

is referred to as the septum primum, which initiates the division of the left and right 

atrium, leaving a hole at 2 distinct sites, namely the ostium primum and the ostium 

secundum. The second septa to be developed at a later stage, approximately day 33, 

is known as the foramen ovale. These two septa however do not fuse until after birth, 

hence retaining right to left shunting of systemic venous and placental blood 

throughout the gestational process.  

6. Outflow tract development. 

The formation of these tracts occurs due to the dense population by endocardial 

cells. These cells undergo epithelial to mesenchymal transformation, which is 

controlled by a protein known as Transforming Growth Factor  (TGF-) and 

signalling via the Notch protein (Sylva et al., 2014). The transition of these cells 

allows the loss of cell adhesion molecules, and cell polarity, thus attaining the 

migration ability, hence invading tissue planes, in this case, allowing the formation of 

new tissues. 

7. Cardiac valve formation 

The mesenchymal cells described briefly above, provide the foundation for the 

development of AV valves during the 5th and 6th weeks of gestation. These cells 

collaborate with cardiac neural crest cells, aiding in the correct septation of the 

outflow tracts, hence the formation of aortic and pulmonary valve leaflets, to be later 

developed into the valves at around the 7th to 8th weeks. Complete ventricular 

septation is dependent on the fusion of the muscular ventricular septum, the AV 

cushion tissues, and the outflow tract septum.  

8. Vascularisation. 

The initial steps of vasculogenesis occurs at around day 18, when progenitor cells 

from the FHF form cardiac myoblasts, giving rise to paired dorsal aortae. At a later 

stage, around day 28, pharyngeal arches start to form. These arches sequentially form 

in a cranio-caudal order and connect the bilateral dorsal aortae to the aortic sac. These 

give rise to 5 paired arches eventually forming the main central and systemic 

vasculature.  
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9. Conduction system development.  

The previously transformed epithelial to mesenchymal cells originating from the 

sinus venosus form the main coronary vessel. The coronary system forms its 

connection to the aorta via the invasion of arterial endothelial cells into the aorta. This 

allows the fully matured heart to be formed by day 50.  

The above information was adapted from Yamagishi et al., 2009, Kloesel et al., 2016 

and Mathew & Bordoni, 2022, as well as embryology books by Jonas, 2002; Park, 2014; 

Sadler, 2022 and Schoenwolf et al., 2014.  

 

Figure 1.3.1. A schematic representation of the cardiac embryology development. By day 15 the 

first and second heart fields (FHF)(SHF) are specified, which will form segments of the linear 

heart tube and the arterial and venous poles respectively. By day 21, the linear heart tube is 

established due to the embryo cephalocaudal and lateral folding, consisting of the arterial and 

venous poles. By day 28 looping has been established towards the right, having the future 

cardiac regions being identified. Up until day 50, the septa, along with the valves are established 

allowing separation of the outflow tract and the chambers. (Kloesel et al., 2016) 

 

On a molecular basis, cardiac development is dependent on several cellular 

processes including proliferation, specification, migration as well as morphogenesis, all 

of which being possible due to the pluripotency of the stem cells at these stages. A concept 

which is crucial during embryonic development is that of laterality, whereby the right and 
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left body axis are established. This phenomenon occurs relatively early on during 

embryonic development, at around the 3rd week of gestation, whereby the primitive streak 

establishes the cranial-caudal, left-right and medial-lateral axes. The primitive node also 

plays a crucial role in this, providing the organisational activity for the cranial end of the 

primitive streak. Signalling pathways involved in the body axis determination mostly 

form part of the TGF- superfamily of proteins. Examples of these proteins include bone 

morphogenic proteins (BMPs), NODAL, growth and differentiation factors (GDFs), Wnt 

proteins as well as TGF- (Weiss & Attisano, 2013). Proteins within the TGF- family, 

other than being structurally related, generate intracellular signals via signalling 

molecules falling within the Suppressor of Mothers Against Decapentaplegic (SMAD) 

family (Wrana, 2013). Malfunctioning or inefficient signalling of the mentioned (amongst 

other) proteins would hence result in a spectrum of laterality defects, also referred to as 

heterotaxy (Kloesel et al., 2016).  

The above-mentioned proteins play several roles throughout the embryo’s cardiac 

development. As early as day 16, signalling pathways including BMP, Wnt/b-catenin, 

fibroblast growth factor and NODAL are involved in the triggering of epiblast 

differentiation into mesodermal cells. This allows the said mesodermal cells, once 

migrated to the adequate positioning, to differentiate further into the cardiogenic 

mesoderm. Other proteins such as vascular endothelial growth factor (VEGF) and their 

receptors are expressed in downstream processes, allowing the marking of cells 

committed to cardiogenic fate. These factors along with mesoderm posterior 1 (MESP1) 

transcription factor, account for the programming of cells towards their cardiogenic fate, 

and hence the development of the first and second heart fields (FHF & SHF). These 

factors, amongst others, allow for the accurate asymmetrical formation of the heart. 

Malfunctioning in any aspect of the signalling of the above-mentioned proteins thus 

results in complex congenital heart disease. Examples of which include pulmonary 

stenosis, TOF, DORV, double inlet left ventricle (DILV), transposition of the great 

arteries, amongst many others (Shiraishi & Ichikawa, 2012).  
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1.3.1 Congenital heart defects – A brief pathophysiological description. 

 

Atrial septal defects (ASD) are one of the most commonly found CHD anomalies. 

According to the location of the defect within the atrial septum, these defects may be 

categorised according to the below table.  

Table 1.3.1.1. Brief overview of different anomalies defined as atrial septal defects and their 

pathophysiology adapted from Bradley & Zaidi, 2020; Brida et al., 2022 and Webb & 

Gatzoulis, 2006. 

Position of atrial 

septal defect 
Pathophysiology 

Patent foramen ovale 
Leakage of venous blood through a persisting hole between 

the right and left atrium. 

Ostium primum defect 

Comprising approximately 15% of ASD cases. Persisting 

hole within the fossa ovalis superiorly and inferior to the 

atrioventricular valves. 

Ostium secundum 

defect 

Accounting for approximately 80% of ASD cases. Also 

located within the fossa ovalis, however typically has one or 

more defects within the septum primum. 

Sinus venosus defect 
Accounting for approximately 5-6% of ASD cases. Located 

within the mouth of the vena cava. 

Conorary sinus defect 

Accounts for <1% of ASD cases. Located in the unroofing 

tissue responsible for the separation of the coronary sinus 

from the atrium. 

Common atrium N/A 

 

In terms of early developmental stages, the development of DORV may be traced 

to the heart tube looping at round 3-4 weeks post-conception. (Kirby, 2007) The 

embryonic formation of DORV arises through the inefficient lengthening of the heart 

tubes, thus resulting in the shortening of the heart tube, hence resulting in failure of 

outflow vessel alignment with the respective ventricles. Incorrect alignment of the aorta 

over the right ventricle leads to the final position causing both great vessels to arise out 

of the right ventricle, and hence the aorticopulmonary septum cannot properly form as a 

separation of the great vessels (Kloesel et al., 2016).  

1.3.2 The underlying Genetics of CHD 

 

Genetics always plays a crucial role in the development of diseases. In terms of 

CHD, changes within any genes encoding for transcription factors (TFs), cell signalling 

transducers, and chromatin modifiers are more likely to result in a phenotype (Williams 
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et al., 2019). Variations within these types of genes may lead to the interference of 

important processes occurring during cardiac development in neonates including cellular 

differentiation and patterning. Since most protein products from these genes have 

overlapping functional networks, the cause of disease is not as straight cut, and suggests 

a broad interacting network associated to disease pattern (Lage et al., 2012).  

The combination of genetic heterogeneity and genetic diversity have resulted in 

variable expressivity resulting in 60% of CHD cases being unexplained (Zaidi & 

Brueckner, 2017). The resulting variable expressivity leads to different phenotypic 

products arising from the same genes, and hence variable penetrance resulting in 

individuals having a known phenotypic variant present with no disease. As a result, CHD 

tends to follow a non-Mendelian mode of inheritance, but rather is described in literature 

as being mediated by complex genetics (Williams et al., 2019). On the other hand, familial 

CHD variants may occur in several ways including autosomal dominant, recessive or X-

linked which may be expressed with high penetrance and have variable clinical 

manifestations (Fahed et al., 2013). Whilst heterogeneity accounts for several phenotypes 

arising from the same gene, the same could be said in a reverse mannerwhereby, different 

genetic variants may result in identical physical cardiac malformations.  

In most instances, the underlying genetics of CHD tends to be studied in 3 

different cohorts. Primarily via trio targeted whole-genome or whole-exome sequencing 

the proband along with the two unaffected parents are analysed in search for de novo 

variants which may have arisen in the proband. Secondly familial studies are run whereby 

multiple members of a family undergo sequencing and phenotyping to identify any 

inheritance pattern and/or presence of phenotypic variants. Lastly cohort studies include 

the phenotypic and sequencing analysis of a large number of unrelated individuals as well 

as health control individuals in search of single gene or set gene enrichment in the affected 

sample. The studies which were performed on de novo and single genes have identified a 

high burden associated to genetic variation within predicted damaging genes associated 

to CHD typically highly expressed in the heart or involved in cardiac development. (Zaidi 

& Brueckner, 2017). Further evidence supporting the genetic contribution towards the 

development of CHD can be acquired from numerous sources. One of the most studied 

fields tends to be related to twin studies. Research has shown that there is a greater 

concordance of CHD in monozygotic rather than dizygotic twins, whilst evidence has 

proven that the occurrence of twins increases the chance of CHD  (Herskind et al., 2013; 
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Wang et al., 2014). The fact that populations having high levels of consanguinity also 

have an increased incidence of CHD, shows a relation towards the recessive inheritance 

mode (Shieh et al., 2012). However, it is highly perplexing that a large proportion of CHD 

cases, being particularly quite severe, tend to occur in families having no other history of 

CHD. 

One of the earliest causes of CHD to be identified are aneuploidies. Aneuploidies 

can typically be detected via karyotyping which allows the detection of chromosomal 

alterations less than 5-10 Mb. Trisomy 21, trisomy 18, trisomy 13, Turner syndrome, and 

Klinefelter syndrome along with their respective CHD were some of the initial 

aneuploidies to be identified through karyotyping (Diab et al., 2021). Aneuploidy results 

in a large number of dysregulated genes, which in turn affect development in a pleiotropic 

and severe manner. The percentage of CHD development in liveborn babies may vary 

according to the type of aneuploidy present, for instance trisomy 21 has a 35-50% of CHD 

development, whilst trisomy 13 and 18 have a 60-80% and monosomy X has a 33% 

probability (Zaidi & Brueckner, 2017). The specific types of CHD associated with 

aneuploidy encompasses a broad range of CHD phenotypes. Although certain aneuploidy 

are associated with specific CHD phenotypes, including trisomy 21 with atrioventricular 

septal defects, since aneuploidy disrupts a large number of genes, it is far more 

challenging to directly target the underlying developmental and genetic mechanism (Zaidi 

& Brueckner, 2017). Aneuploidies nowadays are detected prenatally via a non-invasive 

prenatal diagnostic screen. Once an aneuploidy is detected prenatally, upon birth a foetal 

echocardiogram may allow for early and accurate diagnosis of any cardiac anomalies. 

The risk of aneuploidies has been directly related to increased maternal age (Pierpont et 

al., 2018).  

Recent critical advances in next generation sequencing (NGS) have allowed the 

biological understanding of CHD to be further understood. Particularly whole exome 

sequencing has allowed the identification of variations previously unidentifiable, namely 

de novo variation, variants without Mendelian inheritance, those with reduced penetrance 

as well as somatic alterations (Zaidi & Brueckner, 2017). Whilst  large variations such as 

aneuploidies are typically discovered via karyotyping, comparative genomic 

hybridization (CHG), and fluorescent in situ hybridisation (FISH), different types of NGS 

as mentioned above, may be utilised for the detection of small genetic variations,  
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1.3.2.1 Copy number variants 

 

Copy number variants (CNV)s refer to large structural variations within the DNA 

consisting of amplifications or deletions ranging from 1kb size to several megabases, 

hence leading to an altered dosage of the genes encompassed in the CNV (Zaidi & 

Brueckner, 2017; Williams et al., 2019). CNVs principally arise through inappropriate 

recombination due to flanking of region-specific repeat sequences or misaligned highly 

homologous genes (Williams et al., 2019). 

 

Figure 1.3.2.1.1. The different types of copy number variants (CNVs) including inter-

chromosomal insertions, deletions, and tandem duplications. Created with BioRender.com 

 

Generally, deletions tend to be more deleterious than amplifications/duplications 

due the sensitivity of gene dosage haploinsufficiency (Pierpont et al., 2018). CNVs (as a 

class) are commonly found within the general population having diverse potential 

mechanism of action and are not inherently pathological. Structural rearrangements such 

as CNVs tend to have a higher mutation rate in comparison to single base pair variations, 

and these CNVs may disrupt one, none, or many genomic elements (Costain et al., 2016). 

The more commonly found within a population the CNV, the less likely that it may have 

any pathogenic influence and tend to act as neutral variants or modifiers to disease 

susceptibility. Whilst rare CNVs tend to have a higher pathogenic influence and be 

associated to disease, especially in developmental disorders such as CHD. Throughout 
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the years, information has been accumulated on the different types of CNVs found in 

association to CHD. Typically, this association is identified via mapping of overlapping 

CNVs on a large quantity of patients with the aim of pinpointing a critical interval and 

single gene within this site having an association to CHD (Pierpont et al., 2018). Over the 

last decade, many novel CNVs have been identified in association with CHD and have 

nowadays been identified in enough patients to allow a definition of clinical features 

associated to those specific CNVs (Gelb & Chung, 2014). The greatest issue faced in 

terms of CNV is the characterisation of the phenotype, and whether it is caused by a single 

gene having pleotropic effects on multiple phenotypic aspects, or whether multiple genes 

are contributing towards the multiple phenotypic aspects (Pierpont et al., 2018).  

An example of the most common CNV found within CHD cases is that of 22q11.2 

deletion syndrome. Other than being a known cause for CHD, other associated 

phenotypes include phenotypes associated with DiGeorge syndrome, velocardiofacial 

syndromes and Takao conotruncal anomaly face syndrome, although phenotypes are 

known to vary, even within one family (Digilio et al., 2003). The above-mentioned 

syndromes, although highly overlapping, are not synonymous with one another, proven 

by the finding that approximately 10% of patients with the above-mentioned syndromes 

do not have a 22q11.2 deletion and not all patients with this deletion demonstrate classic 

features of the above-mentioned syndromes (Pierpont et al., 2018). 70% of the heart 

defects associated with 22q11.2 deletion may be accounted for by conotruncal 

malformations.  

The second most common CNV arising syndrome is that of 1p36 deletion 

syndrome. Typical clinical features include dysmorphic faces, intellectual disabilities 

having varying severity, hypotonia, seizures, amongst others. Structural cardiac defects 

include ASD, VSD, Patent ductus arteriosus (PDA), valvular abnormalities, TOF, CoA, 

Ebstein’s anomaly and infundibular stenosis of the right ventricle (Battaglia et al., 2008; 

Heilstedt et al., 2003). Cardiomyopathies are present in 27% of individuals whilst left 

ventricular noncompaction is present in 23%, and dilated cardiomyopathy in 4%.  

Recent investigations have allowed the identification of multiple CNVs which 

contribute to isolated non-syndromic CHD. Specific lesions having large de novo CNVs 

identified include TOF, left-sided lesions, as well as other sporadic CHD cases (Edwards 

& Gelb, 2016). These studies estimate that 5-10% of sporadic non-syndromic CHD in 



Page 21 of 238 

 

patients having a normal karyotype and FISH analyses can be attributed to have a rare 

CNV aetiology. Due to CNVs encompassing a range of genetic material, genes may be 

present within the CNV affected region. Due to this, some CNVs may encompass 

preciously identified CHD genes or cardiac developmental genes. An example of CNVs 

recurrently identified in CHD cases include the occurrence on chromosome 8p23.1, 

having an impact on the cardiac TF GATA4, chromosome 20p12.2 and 9q34.3 have an 

impact on the Notch signalling pathway, NOTCH1 and JAG1 (Greenway et al., 2009; 

Soemedi et al., 2012). 

Other than the definition of novel CHD genes, CNV identification may be crucial 

to assess developmental networks via biological interactions and functional annotations 

found on bioinformatic repositories, whilst also providing information to gene-gene and 

protein-protein interactions (Soemedi et al., 2012).  

1.3.2.2 Point mutations and Mendelian genetics 

 

Studies performed on animal models, particularly mice, have allowed the 

discovery of transcription factors (TFs) and cofactors involved in CHD as well as their 

pathological role. TFs in CHD patients were also found to be enriched for de novo and 

loss of function (LOF) variants. (Williams et al., 2019). These TFs have also previously 

been described in relation to inherited forms of CHD (Prendiville et al., 2014; Zaidi & 

Brueckner, 2017). Although CHD is not classified as an inherited disorder having a high 

tendency of sporadic incidence, research over the years has allowed in depth insight 

towards Mendelian and inherited forms of CHD. Linkage analyses, positional cloning and 

targeted sequencing of selected candidate CHD genes are few methods which provided 

this insight, not only for the Mendelian genetics, but also for the identification of point 

mutations for the identification of CHD loci (Fahed et al., 2013). Contemporary strategies 

bypass the analysis of CHD loci and identify CHD mutations via next generation 

sequencing (NGS) at exome or genome level. Since this method allows the finding of 

Single nucleotide polymorphisms (SNPs) unrelated to CHD, various post-sequencing 

filtering must occur to identify rare/novel SNPs having predicted deleterious effects, 

being expressed during cardiac development (Fahed et al., 2013). Most of the genes 

primarily identified as being inherited in CHD form part of a group of cardiac TFs 

including NKX2.5, the GATA family, T-box factors namely TBX5, TBX1, and MEF2 

factors (Prendiville et al., 2014; Zaidi & Brueckner, 2017). Variants within the above-
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mentioned gene groups, particularly the specific genes KX2-5, NKX2-6, GATA4, GATA5, 

GATA6, IRX4, TBX20, and ZIC3, are inherited via a dominant nature and are predicted to 

reduce physiological quantities of the gene protein product. This occurs due to the 

variants causing inactivation of one allele, or LOF via disruption of DNA interaction, or 

perturbations in combination interactions between TFs and transcription cofactors 

(Williams et al., 2019). In addition to transcriptional regulators, other genes have been 

implicated in the Mendelian inherited CHD, including genes encoding for signalling 

molecules as well as cell structure components.  

1.3.2.2.1 NKX2-5 

 

Variants within this gene were one of the first identified inherited point mutations 

clearly shown to cause CHD. This gene encodes for a homeobox-containing transcription 

factor having a function in cardiac formation and development. It is expressed during the 

earliest cardiogenesis stages, having a direct influence on cardiomyocyte differentiation 

and proliferation (Williams et al., 2019). NKX2.5 is the earliest identified myocardial 

progenitor cell marker in all species. Large pedigree evaluation including individuals with 

ASDs as well as abnormalities within their conduction systems, allowed the 

categorisation of this variant to underly both ASD and conduction defects (Zaidi & 

Brueckner, 2017). Nowadays this variant is known to have an influence on a wide 

spectrum of CHD including ASD, VSD, TOF, Hypoplastic left heart syndrome, 

transposition of the great arteries, DORV, amongst others (Wu et al., 2021). To date 

approximately 80 different variants have been identified within the NKX2.5 gene 

including missense, synonymous and nonsense variants (Wu et al., 2021). Investigation 

of phenotype and penetrance of NKX2.5 gene variants have shown a dependence on 

genetic background as well as interaction with variants in both mice and humans 

(Granados-Riveron et al., 2012).   

1.3.2.2.2 GATA family 

 

The GATA family encompasses a group of zinc finger TFs, having identified 

expression in cardiac development and thus play a role in cardiogenesis. Specifically, 

within this family GATA4 is a zinc-finger TF being directly associated with NKX2.5. One 

of the earlier interactions identified between these genes was through the organism 

Drosophila. This interaction was found to play a crucial role in cardiac mesoderm 
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specification, hence variants pertaining to these genes had primarily been identified with 

complete heart tube formation failure (Bodmer, 1993). Variants in this gene have been 

associated with numerous variations including decreased transcriptional activity leading 

to BAV and VSD (Li et al., 2018). Variants in regulatory sequences for this gene, 

including NEXN have also been associated with the development of CHD (Yang et al., 

2014). Variations in the noncoding region of this gene have also been associated with 

BAV, highlighting the importance of research into the noncoding and regulatory 

sequences of such developmental genes (Yang et al., 2017). Whilst GATA4 is mostly 

implicated in haploinsufficiency within this gene, or known disease-causing variants 

present, another gene within this family, GATA6, has been implicated in familial and 

sporadic CHD. Presenting lesions within GATA6 include Pulmonary vein stenosis (PVS), 

ASD, PDA, and persistent truncus arteriosus (Kodo et al., 2009). Other genes falling 

within this family, such as GATA6 have also been found to cause severe OFT defects via 

interaction with other genes (Kodo et al., 2009; Maitra et al., 2010). On the other hand, 

variants within GATA5 have only been recently investigated as an influencing factor to 

CHD. Rare sequence variants within this gene have been reported in instances with TOF, 

VSD, BAV and familial atrial fibrillation (Bonachea et al., 2014).  

1.3.2.2.3 T-box family  

 

This family encompasses a group of T-box protein (TBX) transcription factors 

being expressed through the developing heart and play a major role in cardiomyocyte 

identity. A member of this family TBX5 is markedly expressed within both the developing 

forelimb buds and the heart, and therefore variants within this gene can be attributed to 

different phenotypes (Zaidi & Brueckner, 2017). Mice studies have identified an 

interaction of TBX5 with both GATA4 and GATA6, such that double heterozygous 

variants in GATA6 lead to neonatal lethality whilst the same in GATA4 results in severe 

cardiac malformations as well as embryonic lethality (Greulich et al., 2011). Variants in 

other family members such as TBX20 were also identified in two families presenting with 

cardiac septation defects, dilated cardiomyopathies and mitral valve stenosis, whilst 

subsequently also being described in other cardiac malformations including TOF, truncus 

arteriosus and DORV (Huang et al., 2017).  
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1.4 Pulmonary hypertension & Eisenmenger syndrome. 

 

Pulmonary hypertension (PH) is commonly found in conjunction with diagnosis 

of congenital heart disease (Brida & Gatzoulis, 2018). Pulmonary hypertension (PH), 

although representing a broad variety of disease entities, may be defined as the mean 

pulmonary arterial pressure being ≥ 25 mmHg at rest (Brida & Gatzoulis, 2018; Chen & 

Dai, 2015; Rosenzweig & Krishnan, 2021).  

In terms of PH classification, as most cardiac diagnosis, there are scales of severity 

which may be attributed. Although the specific clinical classification has undergone 

numerous modifications throughout the years, they may still be subclassified into 5 major 

groups (Brida & Gatzoulis, 2018; Rose-Jones & Mclaughlin, 2015). The first classifying 

subgroup is that of pulmonary arterial hypertension (PAH), having an estimation of 15 to 

25 cases per million, although being the least common form of PH, it is the most 

extensively investigated. As defined by the WHO, this subgroup was originally classified 

as primary PH attributing its major cause towards vasculopathy having a primary effect 

on the distal pulmonary arteries. Phenotypes within this cohort include disorders such as 

portal hypertension, congenital heart diseases, myeloproliferative disorders, along with 

others being idiopathic and/or familial. The familial aspect of this subcategory of PH may 

be predominantly attributed towards genetic variations found within the bone 

morphogenic protein receptor (BMPR2) gene (Rose-Jones & Mclaughlin, 2015). The 

second subcategory within this classification may be described as pulmonary venous 

hypertension (PVH) due to left heart disease (Oudiz, 2007). The most common cause of 

this PH subtype is chronic elevated left arterial pressure caused by left heart disease, being 

that of left ventricular diastolic or systolic dysfunction and valvular disease (Rose-Jones 

& Mclaughlin, 2015). In comparison to the previously discussed subgroup, relatively little 

information is available with regards to PVH.  The third subcategory to fall within the 

classification of PH is that of PH due to lung disease/hypoxemia. It is typically seen in 

the setting of chronic obstructive pulmonary disease (COPD), interstitial lung disease 

(ILD) amongst others (Thabut et al., 2005). The fourth category is that of chronic 

thromboembolic PH (CTEPH), being the result of chronic pulmonary thromboembolic 

events. The final subgroup is that of PH due to miscellaneous causes having unclear 

pathogenesis. Some examples of diseases which may classify under this category include 

glycogen storage disease, sarcoid lung disease, and thyroid disorders.  
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Eisenmenger syndrome (ES) may be given several definitions, however despite these 

variations ES tends to result from the presence of large systemic to pulmonary shunts 

triggering the development of PAH and pulmonary vascular disease (PVD) (Brida & 

Gatzoulis, 2018). Upon the initial coining of the term ES in 1958 by Paul Hamilton Wood, 

it defined the condition of increased pulmonary arterial pressure and pulmonary vascular 

resistance in conjunction with a VSD and resultant shunt reversal with cyanosis. A study 

published in 2015 published by Chen & Dai, describes a modified consensus for the 

definition of ES containing the following patient criteria; 

1. CHD diagnosis characterised by left to right shunt. 

2. Presence of advanced pulmonary vascular disease at an early life stage along with 

absence of increased pulmonary flow.  

3. Cyanotic congenital cardiac defects associated with particularly high pulmonary 

vascular resistance, exemplified by transposition of the great arteries.  

Whereas an updated definition published in 2020 by Kaemmerer et al., describes ES 

as the association of PH with CHD caused by an initially large, non-restrictive intra/extra-

cardiac communication alongside a systemic to pulmonary shunt resulting in; progressive 

vascular disease, central cyanosis, and shunt reversal.  

Irrespective of definition, distinct features of ES include chronic cyanosis due to the 

multisystem involvement, this therefore includes the haematopoietic system having the 

presence of secondary erythrocytosis, thrombocytopenia, coagulation abnormalities, 

amongst others (Brida & Gatzoulis, 2018). As previously mentioned, defect closure tends 

to be contraindicated in terms of ES. This can be justified as the cardiac abnormality 

functions as a ‘relief valve’ towards the high pulmonary arterial pressure, hence 

maintaining systemic cardiac output via the right to left shunting, although at the expense 

of cyanosis (Brida & Gatzoulis, 2018). The symptoms typically present upon physical 

examination are central cyanosis with clubbing, RV heave and second heart sound, whilst 

more advanced cases tend to present with hepatomegaly and peripheral oedema 

(Rosenzweig & Krishnan, 2021). 

1.4.1 Pulmonary Arterial Hypertension and Congenital Heart Disease 

 

One of the most severe complications arising from congenital heart anomalies are 

those of the great vessels is pulmonary hypertension (Kaemmerer et al., 2018). Up to 30% 
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of adult and 75% of paediatric pulmonary arterial hypertension (PAH) cases have an 

association to the presence of CHD (Dimopoulos et al., 2014). The development of PAH 

in patients with congenital heart defects may arise due to the resulting increased 

pulmonary blood flow due to the systemic to pulmonary shunt (Zhu et al., 2018). This 

may hence also owe to intra/extracardiac shunts having unrestricted pressure/volume 

overload with regards to the pulmonary circulation. Hence resulting in induced stress, 

endothelial damage to the arteries and adverse pulmonary vessel remodelling (Brida & 

Gatzoulis, 2018). The diagnosis of PAH along with CHD aggravates the natural course 

of the underlying anomaly, being post-operative or post-interventional, and hence impacts 

the burden of the disease as well as its outcome. The high variety in CHD subtype impacts 

various categories of the disorder including clinical manifestation and outcomes, 

functionality, as well as prevalence (Kaemmerer et al., 2020). Hence the variance in CHD 

subtypes also largely impact PAH in accordance with the nature of the anomaly. This 

may be exemplified by the comparison of the development of early pulmonary vascular 

disease in early childhood in patients diagnosed with large unrestrictive post-tricuspid 

shunts, including VSDs, whilst patents with petricuspid defects including ASDs may exist 

for decades without the development of PVD (Rosenzweig & Krishnan, 2021). For 

instance, children having an increased risk for postoperative PAH are those with Down 

syndrome, complex CHD including Truncus arteriosus, transposition of the great arteries 

and AV canal defects, along with highly reactive PAH during the postoperative period 

(Rosenzweig & Krishnan, 2021).  

The incidence of CHD associated with PAH has been on the decline in developed 

countries but still remains prevalent despite modern medicine advances. Eisenmenger 

syndrome also falls within this category, being developed in 3.5-7.1% of patients with 

CHD and PAH (Kaemmerer et al., 2020). In accordance with data acquired from two 

separate entities, the estimated prevalence of PAH associated with CHD was found to be 

between 10-11% of patients diagnosed with PH. This low percentage is said to increase 

as the number of patients surviving CHD increase and hence progress into adulthood. On 

the contrary, within the paediatric population patients with CHD attribute towards a larger 

portion of those diagnosed with PAH (Haworth & Hislop, 2009). The most recent value 

confirms the above, having an approximate prevalence of PAH in CHD patients at a wide 

range of 4.2 to 28% (Kaemmerer et al., 2020), 25% to 50% of these adults present with 

ES (Rosenzweig & Krishnan, 2021).  
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Within the past two decades, due to timely CHD diagnosis and cardiac surgical 

intervention, particularly when carried out at infancy, the survival of patients diagnosed 

with ES into adulthood has increased significantly, having a worldwide decline in ES 

incidence by 50% (Dimopoulos et al., 2010; Galie et al., 2008). In despite of this however, 

ES poses a significant problem in the case of patients having large shunts being unable to 

undergo reparative surgery prior to the development of pulmonary vascular disease 

(PVD) (Rosenzweig & Krishnan, 2021). In accordance with the ESC guidelines for 

management of grown-up CHD patients, general supportive therapies and measures 

which should be taken with ES patients include; regular assessments by PAH-CHD 

trained physicians, psychosocial support, maintenance of physical activity, regular 

immunisation against known pulmonary pathogens including influenza and 

pneumococcal infections, and in the case of females avoidance of pregnancy 

(Baumgartner et al., 2010). With regards to treatment of ES, the last decade has provided 

significant growth with regards to conventional and targeted PAH therapy for patients 

with ES. The majority of these treatments include digoxin, diuretics, and antiarrhythmics, 

although none of these having proven substantial improvement in ES survival 

(Rosenzweig & Krishnan, 2021). Generic treatment for PAH in patients with CHD has 

limited evidence for efficiency and safety, typically due to patients representing this 

cohort being either excluded from clinical trials, or underrepresented and inadequately 

characterised, this is when in comparison to data available on patients with other forms 

of PAH, such as idiopathic PAH (Kaemmerer et al., 2020).  

1.4.2 Underlying genetics of PAH 

 

PAH, being one of the major subgroups falling under pulmonary hypertension has 

been heavily researched throughout the years, particularly with regards to the genetic 

aetiology. Between 6-10% of PAH patients not associated with any other underlying 

disorders bay be attributed towards family history (Morrell et al., 2019). Therefore, 

genetic studies of PAH independently have identified eleven known genes increasing the 

risk of PAH development (Best et al., 2014; Chida et al., 2012; Kerstjens-Frederikse et 

al., 2013; Nasim et al., 2011). Many of these identified risk-causing genes encode for 

members within the signalling pathway involving the bone morphogenetic protein 

(BMP)/ transforming growth factor beta (TGF-). These proteins play a significant role 

in the vasculogenesis and embryological heart development. Variants in other genes 
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within the family of TGF- amongst other gene families including caveolin 1 (CAV1) 

SMAD members 4 and 9 (SMAD4 & SMAD9), the T-box family including TBX4, 

amongst others, have been identified as less frequent and/or rare cause of PAH (Best et 

al., 2014; Chida et al., 2012; Kerstjens-Frederikse et al., 2013; Nasim et al., 2011). The 

above-mentioned genes may be described as BMP receptor signalling intermediaries, and 

the sequencing of these genes allowed the confirmation of the role of BMPR2 in PAH. 

Variants in CAV1 for instance were identified to physically colocalise BMP receptors, 

whilst other rare variants in this gene induced association with PAH. KCNK3, a gene 

encoding for potassium channels which contribute to membrane potential and hence 

determine pulmonary vascular tone. Variants in this gene were also identified via exome 

sequencing and linked to PAH development (Morrell et al., 2019). Loss of function (LOF) 

and deletions within TBX4 were identified as the most common genetic cause in 

childhood PAH. (Levy et al., 2016) This hence suggests that PAH may be (at least) 

partially attributed as a developmental lung disease when presented in early life stages 

(Zhu et al., 2018).  

Nowadays, it has been well established that between 70-80% of families with 

PAH cases may be attributed towards variants found within BMPR2. The most commonly 

identified gene associated with the cause of PAH is that of BMPR2. Variants within this 

gene were identified in approximately 70% of familial PAH cases and 25% of idiopathic 

PAH cases (Evans et al., 2016). Hence inducing the interest of investigation of the role 

of BMPR2 in PAH. The BMPR2 protein is expressed on the surface of a high variety of 

cells, being particularly expressed on the pulmonary vascular endothelium. Here it forms 

a complex with another receptor as a response to circulating BMP ligands and 

coreceptors. These receptors and coreceptors required for the response and complex 

formation of BMPR2 are also found expressed in high quantities in the pulmonary 

endothelium. Therefore, high levels of this signalling within the pulmonary endothelium 

may contribute towards lung-specific effects of BMPR2 variants. Unlike other members 

in the TGF- family, BMP signalling through BMPR2 results in the inhibition of 

proliferation and migration of smooth muscle cells and endothelial cells, whilst 

preventing neointimal formation (Tatius et al., 2021). Loss of BMPR2 also results in 

endothelial dysfunction and promotes endothelial to mesenchymal transition (Morrell et 

al., 2019) via the overactivation of the counter pathway via TGF- (Tatius et al., 2021). 

Overactivation of TGF- results in the increase of migration and proliferation of 
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endothelial and smooth muscle cells, and hence the progressive remodelling of 

vasculature (Hemnes & Humbert, 2017). Therefore, variants in this gene resulting in 

BMPR2 deficiency have been associated to the poor prognosis of PAH. Typical 

characteristics identified in patients expressing mutant BMPR2 include early disease 

onset at an approximate age of 10 years, 35% greater pulmonary vascular resistance, 8 

mmHg higher mean pulmonary arterial pressure, and overall poorer survival rate (Sztrymf 

et al., 2008). Whilst on the other hand, variants resulting in the increased activity of 

BMPR2 result in a decline in proliferation and cellular growth rate of the pulmonary 

vasculature (Tatius et al., 2021).  

Other than the presence or absence of genetic variation within the BMPR2 gene, 

penetrance is also a crucial factor to take into consideration. Unfortunately to date, the 

penetrance of disease phenotype with relation to this gene is still incomplete (Morrell et 

al., 2019). In terms of sex penetrance, it has been estimated that males only carry an 

approximate 14% penetrance, whilst females that of 42% (Larkin et al., 2012). Other than 

the epigenetic and environmental, alternative genetic factors may include the expression 

of the wild-type BMPR2 provided by the unaffected allele, other genetic variants 

influencing TGF- expression levels, as well as alternative splicing of BMPR2 (Morrell 

et al., 2019). Studies performed on included pluripotent stem cells derived from 

unaffected BMPR2 variant carriers suggested that factors such as genetic background, 

including variations in BMP pathway-modifying genes expression, may contribute 

towards penetrance (Gu et al., 2017).  

As mentioned above, certain subtypes of PAH may be attributed towards genetic 

factors. This concept has been heavily studied in the recent years, shining light on the 

genetic interaction of both CHD and PAH. The most recent developments in this field 

having sequenced PAH-CHD patients, have indicated that the genetic contribution is 

minimal for known/candidate risk genes for PAH or CHD alone. Other than the known 

above-mentioned PAH risk genes, a novel variant SOX17 was identified explaining up to 

3.5% of cases out of 256 participants (Zhu et al., 2018). This gene has also been found to 

have an association with idiopathic PAH through other studies, but towards a lesser effect 

size. SOX17 is a member of the SOX family of transcription factors being hight conserved 

and widely expressed in development (Corada et al., 2013). Subgroups of this family 

participate in the vasculogenesis processes as well as remodelling (Francois et al., 2010). 

For instance, during embryonic vasculature, SOX17 is selectively expressed in arterial 
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endothelial cells. SOX17 induction interacts and inhibits the WNT/-catenin signalling 

pathway via direct protein interaction between the carboxyl terminal domain of SOX17 

and -catenin, which are required for the transactivation of target genes (Zorn et al., 

1999). Another gene recently identified not previously mentioned is the potassium 

channel gene KCNK3, which via exome sequencing was identified as a PAH risk gene.  

Throughout the research performed in the field of genetics with regards to this 

disorder, not only have diagnosis developed, but treatment strategies also. Identification 

of genetic variants being the causative agents to disease, allows the analysis of targeted 

therapy. A strategy being recently approached tackles the recovery of BMPR2 expression 

in PAH through gene therapy (Tatius et al., 2021). When performed in rat models, the 

induction of exogenous BMPR2 expression via pulmonary endothelia targeting, allowed 

the restoration of BMPR2 protein levels within these human cells, and hence reduced the 

PAH phenotype in these animal models (Reynolds et al., 2012). Alternative therapy being 

researched involves the epigenetic modulation therapy targeting specific MicroRNA 

(miRNA) which disrupt the BMPR2 pathway. Theoretically, administration of these 

specific miRNA may enhance the expression of other downregulated miRNA 

(Courboulin et al., 2011). Unfortunately, in terms of clinical application, due to the 

complexity of the lungs this method yet remains ineffective (Tatius et al., 2021). Another 

point of view which has been researched with regards to treatment via restoration of 

BMPR2 regulation is via the administration of BMP ligands. Administration of BMP 

ligands in vivo enabled the reversal effect of VEGFR inhibitor and increased BMPR2 

gene expression in PAH mouse models (Long et al., 2015). Although research has 

allowed the development of the above-mentioned drugs for the treatment of BMPR2 

mutation-induced PAH, external scientific reviews suggest further research and rigorous 

testing be performed for the monitoring of safety, effectiveness and possible side effects 

these drugs may incur on patients (Tatius et al., 2021).  

1.5. Aim 

 

The aim of the study is to investigate the potential genetic aetiology underlying 

complex cyanotic congenital heart disease in a proband having unaffected parents using 

a trio whole exome sequencing approach. 
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1.6. Objectives 

 

The objectives of this study may be summarised into 5 main points; 

1. Describe the salient clinical characteristics of the affected proband with cyanotic 

CHD. 

2. To derive a list of candidate genes implicated in CHD through a systematic 

literature search. 

3. To perform whole exome sequencing, alignment to human reference genome, 

variant calling, quality control, and variant filtering/prioritisation according to different 

Mendelian disease segregation models. 

4. To annotate and interpret shortlisted variants according to ACMG/AMP 

guidelines. 

5. To perform in-silico modelling of selected shortlisted missense or splice site 

variants having a likely clinical impact. 

1.7 Rationale 

 

It is anticipated that this research provides a preliminary insight into the role of 

genetic factors driving congenital heart disease in the local population, and thereby lay 

the foundation for larger genomic studies, translational research and personalised 

genomic-medicine driven approach. Understanding the genetic basis of the disease helps 

to identify patients and at-risk family members, facilitates early diagnosis and therefore 

better long-term outcome and leads to a better understanding of the disease. 
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Chapter 2: Methodology 

 

2.1 Patient recruitment: 

 

The affected proband and parents described and analysed in this study had 

approached the study supervisor via email, expressing interest to participate in research 

on the proband’s unexplained complex congenital heart disease. No prior genetic studies 

had been conducted in the family, and the cause of the proband’s phenotype was 

unascertained and could not be attributed to environmental exposures, infective or 

maternal complications during gestation. The study was subsequently approved by the 

institutional ethics review committee of the University of Malta (MED-2022-00328 

Appendix C). The study protocol was in compliance with the Declaration of Helsinki and 

was also approved by the proband’s consultant cardiologist and a consultant medical 

geneticist. All subjects gave written informed consent for their participation in the study 

and for genetic analysis. 

Following ethical review and approval, the proband and  parents were invited to 

participate in a brief interview. Clinical data relevant to the proband’s diagnosis of 

congenital cyanotic heart disease was obtained from review of case notes, discussion with 

caring cardiologist and reports from surgical interventions. 

2.2 DNA extraction: 

 

DNA extraction was carried out on whole blood stored in K2-EDTA tubes using 

the commercial QIAamp® DNA Blood Midi Kit. A modified protocol of ‘Purification of 

DNA from Whole blood (spin protocol) was applied’.  

Initially, the samples had been equilibrated to room temperature and were mixed 

by being placed on a rotor for 20 minutes before the commencement of DNA extraction. 

Before the extraction, a heating block had been set to 70°C for use at a later stage. 

Centrifuge tubes of 15 mL capacity were labelled, and the buffers and protease necessary 

for this procedure were prepared according to the kit. 

In the designated centrifuge tubes, 100µL of QIAGEN® protease was added to 

the base, followed by the pipetting of 1ml of the blood sample into the corresponding 
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tubes. To achieve a well-mixed solution, the tubes were then subjected to a vortex 

machine for fifteen seconds. Subsequently, 1.2mL of buffer AL was introduced into the 

centrifuge tubes, and homogenous mixing was achieved by inverting the tubes up to 15 

times, followed by an additional 1-minute on the vortex machine to ensure homogeneity. 

The tubes were then subjected to a ten-minute incubation on the previously set heating 

block at 70°C. For efficient binding, 1mL of (96-100%) ethanol was pipetted into the 

centrifuge tubes, and the tubes were inverted 10 times, followed by fifteen-seconds on 

the vortex machine to guarantee a uniform homogenous solution.  

The QIAamp® Midi columns were carefully positioned in the provided 15mL 

centrifuge tubes, ensuring not to dampen the rim. The solution from the previously 

prepared centrifuge tubes was then transferred to these columns. The tubes, now 

containing the columns and the transferred solution, underwent centrifugation at 3000rpm 

for three minutes. Following centrifugation, the columns were extracted from the tubes, 

the filtrate was discarded, and the columns were placed back into the same tubes. With 

caution to avoid moistening the rim, 2mL of buffer AW1 was pipetted into the QIAamp® 

Midi columns. Subsequently, the tubes were centrifuged at 5000rpm for one minute. After 

this centrifugation, the filtrate was retained, and 2mL of buffer AW2 was pipetted into 

the QIAamp® Midi columns, followed by further centrifugation at 5000rpm for fifteen 

minutes. 

Upon completing this centrifugation, the QIAamp® Midi columns were 

transferred to new 15mL centrifuge tubes, and the tubes containing the filtrate were 

discarded. At this stage, the DNA from the blood samples was bound to the column. To 

elute the DNA, 200µL of room temperature buffer AE was pipetted into the QIAamp® 

Midi columns. Subsequently, the tubes were incubated at room temperature for five 

minutes, followed by centrifugation at 5000rpm for two minutes. Following the extraction 

process, the eluted DNA was preserved in 0.5 mL screw-capped tubes arranged in a 96-

well storage format, specifically using Micronic®. Subsequently, these tubes were frozen 

for further processing.
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Figure 2.2.1 A pictorial summary of the overall DNA extraction method being carried out via the QIAamp® DNA Blood Midi Kit. 



Page 35 of 238 

2.3 DNA concentration quantification via UV spectrophotometry 

 

The NanoDropTM 2000 UV Spectrophotometer from ThermoFisher Scientific Inc, 

USA, was employed to quantify and assess the purity of the DNA samples that had been 

previously extracted. This step was crucial to verify that the extracted DNA met the 

required quality standards, ensuring its suitability for use in the subsequent stages of the 

study. 

The UV spectrophotometer measures absorbance at wavelengths of 260 nm 

(A260) and 280 nm (A280), allowing the calculation of the A260/A280 ratio. A ratio 

falling between 1.70 and 2.00 is indicative of satisfactory DNA purity, enabling further 

analysis of the sample. The absorbance at 260 nm corresponds to nucleic acid 

concentration, while the absorbance at 280 nm reflects protein absorption, providing an 

indication of sample purity. The overall purity of DNA may be affected by specific 

proteins or solvents used during the DNA extraction process, potentially lingering 

through the final elution steps. The A260/A280 ratio is inversely proportional to protein 

concentration in the sample, meaning that a higher protein concentration will result in a 

lower ratio, indicating reduced purity. (Thermo Fischer Scientific, 2009) 

The Beer-Lambert Law articulates the relationship between absorption, 

concentration (c), and path length (l), expressing that a sample's absorbance (A) is directly 

proportional to both concentration and path length. This relationship is mathematically 

represented as A = εcl, where c and l are as defined earlier, and ε represents the molar 

absorptivity. Additionally, absorption is influenced by two other factors: the light 

intensity of the sample and the blank. This influence is expressed by the equation 𝐴 =

 − log(
𝐼

𝐼0
), where Absorbance (A) is determined by the negative logarithm of the ratio of 

sample light intensity (I) to blank light intensity (I0) (Parnis & Oldham, 2013). 

The procedure for the DNA spectrophotometry described above is outlined as follows: 

1. Prior to usage, the NanoDropTM 2000 Spectrophotometer pedestal was wiped with a 

dry lint-free laboratory wipe to eliminate any residue from prior use. 

2. Subsequently, 1.2 µL of elution buffer (buffer AE) was pipetted onto the pedestal to 

serve as the blank solution. The arm was gently lowered to perform the blanking 
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process. This generated a reference spectrum indicating a DNA concentration of 

approximately 0 ng/µL, ensuring the absence of functional errors. 

3. The lower and upper pedestals were wiped with a fresh dry lint-free laboratory wipe 

before running each sample. 

4. The DNA samples, obtained from the previous DNA extraction and stored in the 

freezer, were retrieved and thawed for approximately ten minutes. 

5. For each DNA sample, 1.2 µL was pipetted onto the NanoDropTM 2000 

Spectrophotometer pedestal, and the arm was gently lowered. 

6. The DNA sample's concentration in ng/μL, the A260/A280 ratio, and the spectral 

image were recorded. 

7. Samples not achieving a DNA concentration value of ≥30 ng/µL and an A260/A280 

ratio value between 1.70 and 2.00 underwent re-extraction and re-analysis until 

meeting these specified ranges. 

2.4 Visualisation of DNA quality via Agarose Gel Electrophoresis 

 

Agarose gel electrophoresis was employed on the previously extracted DNA 

samples as a confirmatory tool to assess the presence and integrity of DNA in these 

samples. This widely used biological laboratory technique is utilized for the separation of 

DNA, RNA, and proteins through a matrix under the influence of an applied electrical 

field. Molecules migrate based on factors such as molecular size, overall molecular 

charge, gel type, buffer ionic strength, and others. 

Due to the overall negative charge of DNA, the molecules move from the 

negatively charged cathode towards the positively charged anode. The rate of migration 

is determined by the fragment's molecular weight, where the distance of migration is 

inversely proportional to the logarithm of the molecular weight. Therefore, the molecular 

weight of a fragment can be ascertained by comparing the distance it travels with that of 

a fragment of known weight (Yılmaz et al., 2012). 

A 1% agarose gel was prepared in 100mL moulds, where 2 g of molecular biology 

grade agarose powder (Sigma-Aldrich®) was weighed and dissolved in 100mL of 1X 

Tris-Acetate-EDTA (TAE) buffer in a conical flask. The buffer consisted of 0.04 M Tris-

Acetate and 1 mM EDTA. The mixture was gently swirled until fully dissolved, and the 

conical flask was sealed with plastic film, featuring a punctured hole to prevent pressure 
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buildup. The mixture was microwaved at 600 volts for approximately four minutes. 

Meanwhile, a gel cast was prepared on a flat surface, ensuring levelness using a spirit 

level. 

After microwave heating, the plastic film was removed, and 10 µL of Ethidium 

bromide (EtBr) were pipetted into the conical flask with utmost care, given EtBr's DNA-

binding fluorophore properties and toxic carcinogenic nature. The flask was gently 

swirled, and the solution was carefully decanted into the pre-levelled cast, taking care to 

prevent air-bubble formation. Any formed air bubbles were delicately removed using a 

sterile pipette tip to avoid interference with DNA migration in the gel. The combs were 

inserted into the gels and left for approximately twenty minutes to allow the gel to solidify 

and create wells. 

After complete solidification, the combs were removed, and the gel was taken out 

from the cast, submerged in a Biometra Compact electrophoresis chamber containing 

fresh 1X TAE buffer solution. Various DNA samples (5 µL each) were pipetted into the 

wells, and one well contained 5 µL of λ Hind III size marker. The electrophoresis chamber 

was covered with the lid, and a voltage of 140 was applied for around twenty minutes 

until sufficient separation was observed. Subsequently, the gel was visualized under UV 

light using the BioDoc-ItTm by UVP Gel Imager System, Thermo Fischer Scientific. 
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Figure 2.4.1. Figure of resulting 1% agarose gel electrophoresis of high molecular weight DNA 

prior to downstream whole genome sequencing and further processing. Low Density Ladder 

(LDR). Column 1 represents the proband, column 2 the mother and column 3 the father. 

2.5 Gene panel selection 

 

Six hundred thirty-five (635) genes were selected to be included in the gene panel 

which was utilised for the analysis of whole exome sequencing data. These 635 genes 

were chosen due to their implication in the phenotypes presented within the proband, 

including CHD, PAH, Hypertrophic osteoarthropathy (HOA) and situs inversus. The 

complete list is available in Appendix A.  

2.6 Whole Exome Sequencing 

 

The below figure 2.6.1 shows an overview of the methodology workflow utilised 

for the acquisition of Exome Sequencing Data. The first two steps shown in the figure 

(genomic DNA extraction and fragmentation) along with the last step of alignment and 

data analysis was performed inhouse, whilst steps 3 till 5 (library preparation, cluster 
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amplification and sequencing) was outsourced to partner laboratories TheragenBio in 

South Korea, as described below. 

 

Figure 2.6.1. A figurative representation of the workflow performed for the acquisition of 

Whole Exome Sequencing (WES) data. Primarily the workflow starts with genomic DNA 

which undergoes fragmentation via sonication. The fragmented DNA further undergo the 

library preparation via the capture and denaturation via biotin oligonucleotides. The purified 

library undergoes cluster amplification for the subsequent whole exome sequencing (WES). The 

results from the WES are further aligned and the output data is analysed.  

 

The SureSelect v6 (provided by Agilent®) was utilised for the performance of 

WES. This target capture design enables the targeting of 3GB of exome assembly hg19. 

The manufacturer’s protocol was followed for the preparation of individual exonic DNA 

libraries from 300ng genomic DNA. The Agilent SureSelect XT All Exon v6 library 

capture kit was purchased through commercially available sources. This kit has an 

optimised design to target 99% of the coding regions found within RefSeq, HGMD and 

CCDS. This optimised design provides in depth coverage of targeted regions aiding in 

the analysis of protein-coding genomic regions (Agilent Technologies, 2015).  

One of the earlier steps is that of ultra-sonication which allows the fragmentation 

of genomic DNA via the irradiation of a sample liquid with ultrasonic waves (>20kHz) 

at 150-200bp in size. The Illumina Q800R2 Sonicator was used for the fragmentation of 

DNA. These generated DNA fragments can be purified via Agencourt AMPure XP 

magnetic beads. The final steps of library preparation include the ligation of adaptors 

performed via the SureSelect XT kit including dNTP mix, polymerase and kinases 

including repeated PCR amplification. The adaptor-library undergoes a purification step 

as previously mentioned before a final amplification. The amplified adaptor-ligated DNA 

library is then hybridised utilising biotin-labelled capture oligonucleotides. The 

enrichment and purification  of the captured sequences is performed via streptavidin-

conjugated paramagnetic beads. Each library is then indexed via post-hybridisation 

amplification, following a final purification step.  
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Sequencing of the library was performed via the Illumina Novaseq 6000 

sequencer at a depth of 50X outsourced to the laboratories of Thereagen Etex Bio 

Institute. This method of sequencing allows the latest high throughput technology via the 

utilisation of flow cells providing increased multiplexing per lane whilst being more cost 

effective. High throughput sequencing utilises the fundamentals of first-generation 

capillary electrophoresis sequencing. That being the application of DNA polymerase in 

repeated sequential cycles to a DNA template strand for the incorporation of fluorescently 

labelled deoxyribonucleotide triphosphates (dNTPs). Each extension cycle allows the 

identification of the added nucleotides by fluorescence excitation. High-throughput 

sequencing contrasts to the first-generation sequencing via the extension of the above 

description to millions of DNA fragments being sequenced in parallel. 

2.7 Exome sequencing alignment and data analysis 

 

An inhouse bioinformatic pipeline was applied for the analysis of the sequencing 

data. Default Illumina RTA pipeline parameters were applied for image analysis whilst 

CASAVA was used for base calling. Burrows-Wheeler transformation algorithm was 

applied for the alignment and mapping of the sequence reads to the human reference 

genome (UCSC hg19. NCBI build 37), read duplicates were eliminated utilising Picard 

(Li and Durbin, 2009). Tools utilised at the beginning of the pipeline on the FASTQ file 

include; FastQC (Cock et al., 2010). for the analysis of sequence data quality and 

Cutadapt  (Martin, 2011) for the removal of adapter sequences. SAMTools was utilised 

for the calling of SNVs and indels with reference to public datasets such as dbSNP, 

1000Genomes and GnomAD (Li et al., 2009). Next GATK Unified Genotyper was 

applied for the calling of SNPs. This tool utilises a Bayesian genotype likelihood model 

for the analysis of alleles and Phred-scaled confidence values (McKenna et al., 2010). 

Finally, the raw VCF files produced are uploaded to Franklin by Genoox along with the 

gene panel curated inhouse for the annotation of genetic variants.  
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Figure 2.7.1. Summary of the whole exome sequencing (WES) workflow as described by 

Illumina. This includes four steps – A. Library preparation; B. Custer Amplification; C. 

Sequencing and D. Alignment and Data Analysis (Illumina product literature). The above steps 

A, B and C were outsourced to partner laboratories TheragenBio (South Korea), whilst step D 

was performed inhouse.  

2.8. Bioinformatic workflow 

 

FastQC v.011.7 was used for quality control of sequencing data, and 

Trimmomatic v.0.4.4 for trimming adapter sequences and low-quality sequences for fastq 

files. BWA-MEM v.0.7.17 was used for mapping and aligning sequencing reads to 

reference genome sequence using Burrow-Wheeler Algorithm. Samtools v1.8 was used 

to converting from SAM format to sorted, filtered, and indexed BAM files. Variant 

annotation was conducted using SnpEff (v4.3) to annotate genetic variants and predict 
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their effects. Qualimap 2.2.1 was applied to filter low-quality alignments and derive 

feature counts 

 

Figure 2.8.1. Bioinformatic analytical pipeline following GATK best practises 

recommendations.  

2.9 Annotation of variant pathogenicity 

 

The below steps were followed to determine and evaluate the pathogenicity of 

annotated variants.  

1. Primarily the variants considered for pathogenic annotation included those having a 

confidence quality by depth at a medium to high level. This describes variants 

confidence according to their quality depth having been selected at a read of ≥10. This 

category ensures that the variants being annotated are not of a low quality.  

2. Secondly the variants were further filtered according to genomic region. The regions 

being considered for pathogenic annotation where those of exonic regions and splice 

site regions namely the donor (+2), splice acceptor (-2) and splice region (+3->10). 

UTR at both the 3’ and 5’, as well as the intronic, intergenic, upstream and 

downstream regions were explored and reported, however were not included for 

variant pathogenicity annotation due to unlikely pathogenic effects arising from these 

regions. 

3. A third filter aiding in the pathogenicity annotation of the variants within the trio is 

that referred to as effect. This filter allows the stratification of variants according to 

their protein altering affect. The effects of missense, stop gain, stop loss, start gain, 

start loss, frameshift and non-frameshift. These effects were selected in accordance 

with the ensemble database. The synonymous variants were explored however not 
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reported as part of the pathogenic annotation due to these variants not directly 

influencing protein structure and hence being less likely to lead to pathogenicity.  

4. The variants were further filtered with respect to their pathogenicity annotation 

according to their frequency. The frequency explored was that of aggregated 

frequency which provides the frequency in accordance with multiple genetic 

frequency databases including 000 genomes, Exome Aggregation Consortium 

(ExAC), Exome Sequencing Project (ESP 6500), UK10K, GnomAD (Exome and 

Genome) amongst others. The frequency within these databases was selected at rare 

frequencies having <5% frequency.  

5. The only variants considered for pathogenicity annotation were those having an LOF 

and sensitivity to missense mechanism of disease. The LOF filter is based on the gene 

constraint metric of observed/expected ratio in GnomAD. Genes are shown if pLoF 

o/e upper score <= 0.35, or if their pLI score >0.9, whilst the sensitivity to missense 

filter is based on the gene constraint metric of observed/expected ratio in GnomAD. 

Genes are shown if missense o/e upper score<=0.35. 

6. The final determination with respect to the variant pathogenicity annotation was the 

American College of Medical Genetics/Association for Molecular Pathology 

(ACMG/AMP) classification described in section 2.10.  

7. All the variants were further annotated according to their in-silico predictors 

described in section 2.12.  

The above variant annotation is described including resulting values within section 3.2.  

2.10 ACMG/AMP classification 

The American college of Medical Genetics (ACMG) and Genomics published 

their initial guidelines in 2000 with the aim of standardising the interpretation and 

reporting of sequence variation identified through clinical laboratory services. They 

primarily identified 5 categories by which any identified variants arising through clinical 

sequencing should be reported. The objectives of these categories were two-fold; 

primarily to provide a standardised framework for the interpretation and reporting of these 

variants amongst clinicians whilst also aiding in the education of physicians with respect 

to the variants being identified for the most accurate dissemination to the patients. 

The five categories are summarised as follows; 
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1. The sequence variation identified has been previously reported and is a recognised 

cause of the disorder.  

Rigorous review of literature, locus-specific databases as well as central mutation 

databases (such as the Human Gene Mutation Database (HGMD), amongst others) 

should be undertaken prior to the reporting of a variant, so as to accurately assess 

that the variation is in fact causative of the disorder. In the absence of further 

functional studies, a concordance study within the family between phenotype and 

genotype is also of an acceptable criterion. 

2. The sequence variation identified has not been previously reported but is expected to 

be causative of a disorder. Examples of which such variations include; 

a. Sequence variation resulting in the introduction of a stop codon or missense 

variation within the stop codon.  

b. Variation within the start codon (ATG). 

c. Sequence variation within the splice site.  

d. A shift in the mRNA reading frame via the deletion of one or more exons. 

3. The sequence variation identified has not been previously reported and may or may 

not be causative of a disorder. Examples of such variations include; 

a. Splice consensus site variations. 

b. Variations which are likely to affect cryptic splice sites likely influencing 

transcription. 

c. Missense variations. 

When validating category 3.c, a missense variation leading to a nonconservative 

substitution of an evolutionarily conserved amino acid, is likely to be causative of a 

disorder. 

4. The sequence variation identified has not been previously reported and is unlikely to 

be causative of a disease.  

An example of which includes sequencing variation not resulting in the substitution 

of an amino acid, whilst also being unlikely to produce cryptic splice sites.  

5. The sequence variation identified has not been previously reported and has been 

recognised as a neutral variant. 

Rigorous literature review of central mutation databases including HGMD and 

locus-specific databases should be undertaken to assess the available degree of 

certainty pertaining to the sequencing variation being previously reported as neutral.  
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These standards are always being revised since sequencing technology develops at a 

rapid pace. The Association for Molecular Pathology (AMP), College of American 

Pathologists (CAP), and ACMG collaborated during a workshop in 2013 that resulted in 

the creation of two scoring systems. The ACMG advises replacing the words 

"polymorphism" and "mutation" with the term "variant" due to the confusion and false 

assumptions around them. The following modifiers should be included when describing 

the term "variant" in order to provide an appropriate description (Richards, S. et al., 2015).  

1. Pathogenic, 

2. Likely Pathogenic, 

3. Uncertain Significance, 

4. Likely Benign, or  

5. Benign.  

While acknowledging that these modifiers may not be applicable to all human 

phenotypes, they do enable the establishment of a five-tiered system for the categorisation 

of variations pertinent to Mendelian diseases. This variant classification system is not 

specialised towards the categorisation and interpretation of multigenic non-Mendelian 

complex disorders or of somatic and/or pharmacogenomic variations. It is impertinent 

that one acknowledges that these guidelines were not intended for the identification of 

new genes in diseases, and this must be considered when utilising these guidelines. Along 

with the aforementioned modifiers, ACMG presents two sets of criteria: one for 

pathogenic/likely pathogenic variations and one for benign/likely benign variants 

(Richards, S. et al., 2015). 

Variants following the Pathogenic/Likely Pathogenic classification may be stratified 

according to 4 criteria. On the other hand, variants following the Benign/Likely Benign 

classification may be stratified according to 3 criteria (table 2.10.1). 
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Table 2.10.1. Tabulated summary of the sub-stratification  of both ACMG/AMP criteria 

(pathogenic/likely pathogenic, and benign/likely benign). (Richards, S. et al., 2015). 

Pathogenic/Likely Pathogenic Benign/Likely Benign 

Very Strong evidence for Pathogenicity 

(PVS1) 

Stand-alone evidence of benign impact 

(BA1) 

Strong Evidence of Pathogenicity ranging 

from 1-4 (PS1-4) 

Strong evidence of benign impact 

ranging from 1-4 (BS1-4) 

Moderate Evidence of Pathogenicity 

ranging from 1-6 (PM1-6) 

Supporting evidence of benign impact 

ranging from 1-7 (BP1-7) 

Supporting evidence of Pathogenicity 

ranging from 1-5 (PP1-5) 

 

 

Variants being described as PVS1 are referred to as null variants within a gene 

including but not limited to nonsense, frameshift and exon deletion variants, where the 

mechanism of disease is known and results in a loss of function (LOF). On the other hand, 

variants having an allele frequency of <5% as identified via 1000 genomes and ExAC are 

defined as ‘stand-alone evidence of benign impact’. Variants of Uncertain Significance 

are classified either when the criteria are unmet or when the Benign and Pathogenic 

classification criteria are contradictory. (Richards, S. et al., 2015).   

Figure 2.10.1 shows the Evidence Framework published by ACMG for the criteria of 

each abovementioned classifications. 
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Figure 2.10.1. The ACMG provided Evidence Framework regarding the classification of 

variants depending on their strength along with their associated Benign or Pathogenic 

classification (Richards, S. et al., 2015).   
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2.11. GnomAD database 

 

Genome Aggregation Database (GnomAD) is a large publicly available database 

of 15,708 whole genomes and 125,748 exomes compiled from 141,456 individuals. This 

dataset contains 229.9 million variants of which 43,769 variants are high confidence loss 

of function (LoF), the majority including canonical transcripts of 16,694 genes. This 

dataset references genomic positions in accordance with GRCh37/hg19 reference 

sequence. The GnomAD dataset is representative of major global ethnicities grouped as; 

European, African, African/American, Asian, and Other. The other ethnic category 

groups all other ethnicities which do not fall into the above mentioned 4 major groups. 

The cohort of participants in the v2 of GnomAD are broad in terms of age range, whilst 

also excluding any duplicate individuals and first/second degree relatives. This assists in 

minimising the inflation of rare variants. The reference of GnomeAD in the population 

percentage for each variant seen in the results section, is representative of the variant 

according to the above description.  

The observed/expected ratio allows the degree of intolerance to pLOF variation 

to be assessed in each gene, thus further estimating a confidence interval around this ratio. 

A low o/e value signifies stronger evolutionary selection for the particular variant class 

in comparison to a high o/e value. The o/e ratio was compared for missense variants 

across four genes of the GSC allowing the evaluation of evolutionary gene constraints. 

Both the observed and expected values depend on the gene and sample size 

simultaneously. (Karczewski et al., 2020) 

The above description of GnomAD was adapted from the 7 papers published by 

the creators of GnomAD; Collins et al., 2020; Cummings et al., 2020; Karczewski et al., 

2020; Minikel et al., 2020; Wang et al., 2020; Whiffin et al., 2020a; Whiffin et al., 2020b.  
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2.12 In silico prediction tools 

2.12.1 Variant filtering – Franklin by Genoox 

 

Franklin© by Genoox is an artificial intelligence (AI) tool for the annotation of 

variants utilising multiple in-silico predictors along with the ACMG/AMP guidelines 

(Einhorn, E. et al., 2019; Einhorn, Y. et al., 2018; Jackson et al., 2024a; Jackson et al., 

2024b). Franklin© can be accessed through https://franklin.genoox.com. Till date there 

is no official publication released by Genoox describing the AI variant prioritisation 

engine behind Franklin©, however the website provides a detailed description behind 

the variant prioritisation engine, whilst the in-silico predictors utilised are heavily 

published. Franklin© provides variant interpretation at a 94.5% sensitivity and 96.6% 

specificity for the identification  of variants as pathogenic or likely pathogenic (P/LP) as 

analysed by Mighton et al., in 2022. A publication by Genoox’s Einhorn et al., in 2019 

described the artificial intelligence-based variant classification engine (aiVCE) as being 

based on the ACMG/AMP standards and guidelines for sequence variant classification 

whilst putting these standards through an automated classification system. They further 

mention that the prediction models at the gene and rule level of the engine was based 

and built on various data sources including but not limited to; ClinVar, ClinGen, 

Uniprot,GnomAD, ExaC, Orphanet, amongst others. Franklin© also allows the strength 

of the evidence provided to be estimated according to different features including 

number of submitters along with the dates and type of submitters, and number of 

publications (Salfati et al., 2019). Franklin© allows the classification of variants into one 

of five categories; Benign (B), Likely benign( LB), Variant of uncertain significance 

(VUS), Likely pathogenic (LP) and Pathogenic (P). The status of the VUS is further 

confirmed according to the combination of in-silico predictor tools including REVEL, 

MetaLR, MutationTaster, MutationAssesor, FATHMM, SIFT, CADD and 

POLYPHEN. Franklin© further goes into the in-silico predictor for splice site prediction 

using dbscSNV, Ada and SpliceAI, along with GERP for the prediction of conserved 

regions, GenoCanyon. fitCons and ncER for whole genome functional annotation 

(Salfati et al., 2019). A recent study by Jackson et al., in 2024 compared the 

interpretation of variants present within an electronic health record between a clinical 

geneticist and Franklin© having a 94% concordance rate. The concordance rate of 

upgraded variants (benign > pathogenic) resulted in a percentage of 99% (Jackson et al., 

https://franklin.genoox.com/
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2024). As described by the Franklin© by Genoox website the advanced intelligence-

driven engine is designed to prioritise and interpret variant data utilising multiple tools 

from diverse sources to target the most likely causal pathogenic variants. This engine 

provides information along with prioritisation of various variant types including single 

nucleotide polymorphisms (SNPs) and indels, copy number variants (CNVs), structural 

and compound variants. This priority engine relies on 5 core elements: (1) variant 

classification, (2) genotype association to clinical as well as phenotypical evidence, (3) 

gene/disease known inheritance models, and (4) the level of technical confidence for the 

variants in accordance with the variant caller. The algorithm also takes into 

consideration possible inheritance models pertaining to each variant within the variant 

prioritisation. This applies to single, trio as well as large family pedigree analyses. This 

information is accumulated from reputable published and curated sources allowing the 

consistency to be maintained within features of inheritance models.   

The below is a description of the filters embedded in Franklin© as described in 

their website.  

2.12.1.1 Singleton filters – SNVs or indels. 

 

1. Phenotypes: Phenotypes of choice can be included into Franklin© filtering to only 

display variants having a known association to the chosen filter.  

2. Gene properties:  

a. Gene inheritance: Known inheritance patterns of the genes according to their 

associated condition. This is curated from multiple sources including OMIM. 

MONDO, Orphanet, Decipher, GENCC amongst others. 

b. Mechanism of disease: 

i. Sensitivity to LOF – the sensitivity of the gene to loss of function mutations. 

This is based on the gene constraint metric observed/expected ratio present in 

GnomAD.  

ii. Sensitivity to Missense – the sensitivity of the gene to missense mutations. 

This is based on the gene constraint metric observed/expected ratio present in 

GnomAD.  

c. Public curated panels: panel based on known publicly curated panels including 

ACMG secondary findings and/or OMIM morbid genes.  
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3. Franklin classification: This allows the filtering of variants in accordance with 

Franklin© internal automated classification system. The internal VUS classification 

sub-categorises VUS into leaning-benign and leaning-pathogenic.  

4. My organisation’s classification: A personally curated classification may be 

uploaded and utilised.  

5. Compare with: This filter allows the comparison of variants to other singleton 

samples within the internal case list.  

a. Shared variants: 

i. Identical – variants having similar zygosity. 

ii. Opposite – variants having opposite zygosity. 

b. Unique variants:  

i. Identical – variants having similar zygosity. 

ii. Opposite – variants having opposite zygosity. 

c. Panels: Any panel may be uploaded and used as a filter for variant selection 

within the panel. Multiple panels may be applied as combinational filters.  

d. Variant type: Filtering variants according to SNVs or indels.  

e. Region: Filtering results according to the variant region including exonic, 

intronic or UTR, ect.  

f. Effect: result filtering according to the effect of the variant including 

synonymous, missense, frameshift, ect.  

g. Regulatory: filtering according to Vista and Ensemble regulatory builds 

including enhancers and promoters. 

h. Chromosome: allows the filtering of variants according to chromosomal 

position.  

i. Zygosity: The filtering of variants according to Homozygous, Heterozygous, 

along with suspected compound.  

j. Allele balance (VAF). 

k. Frequency: In accordance with multiple population databases as well as internal 

frequency. The internal frequency includes variants present within the 

organization’s cohort (controls uploaded to franklin). Aggregated frequency 

refers to the affrefation of several databases having a high weighting on 

GnomAD.  
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l. Confidence: Allows filtering according to the variant’s technical confidence. 

The confidence value is calculated utilising multiple metrics including quality, 

depth, strand bias, ect.  

m. Predictions: The filtering of variants according to their predictive results from 

various in-silico tools.  

n. ClinVar evidence. 

o. Variant callers. 

2.12.1.2 Family specific filters 

 

1. Inheritance.  

This allows for the filtering according to the calculated inheritance pattern of each 

variant. This does not refer to the inheritance pattern of the gene, however the 

inheritance of that variant within the family analysed.  

a. Single inheritance. 

i. Autosomal Dominant. 

ii. Autosomal Recessive. 

iii. X-linked recessive. 

iv. X-linked dominant. 

v. Y-linked. 

b. De novo: Franklin© states that some of these results may be due to sequencing 

errors and not attribute correctly to de novo. 

c. Compound heterozygote. 

d. Compound SNP/SV. 

e. Model strictness: Allows the control of the strictness/leniency of the inheritance 

model. When applied to the autosomal dominant inheritance pattern, ‘lenient’ 

may represent ‘low penetrance’ whilst ‘strict’ may represent ‘complete 

penetrance’.   

2. Family zygosity.  

2.12.2 Sift Predictor 

 

Sorting Intolerant from Tolerant (SIFT) is an algorithm designed for the 

computational prediction of amino acid substitution impact on protein function (Sim et 
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al., 2012). The initial SIFT algorithm was released as a website in 2001 providing end 

users with predictions on their variants (Ng & Henikoff, 2003). Since its publication, 

SIFT has been recognised as one of the standard tools for missense variation 

characterisation having recently been updated to include new features such as frameshift 

insertion/deletion tools (Hu & Ng, 2012), as well as independent data set metrics (Sim et 

al., 2012). It is imperative to note that SIFT is efficiently put into practise beyond the field 

of human research and human disease studies, and has also been successfully utilised in 

the analysis of missense variations within agricultural plans (Till et al., 2004; Till et al., 

2007) along with various model organisms (Gharahkhani et al., 2011; Günther & Schmid, 

2010; Guryev et al., 2004; Smits et al., 2004).  

SIFT’s performance was evaluated via two data sets obtained from UniProtKB, 

namely the human variation dataset (HumVar) and human divergence dataset (HumDiv) 

created by the authors of PolyPhen2 (Adzhubei et al., 2010) (described in section 2.12.3).  

Following the curation of the two datasets, they were mapped to various genomic 

databases including Ensembl, RefSeq as well as USCS Known ids via the UniProtKB 

mapping tool. Not all variants from the datasets could be linked or correlated, hence the 

complete quantity of variants utilised was fewer than the original dataset. Statistical 

calculations of the predictions by SIFT were defined according to; True positives (TP) 

being defined as disease causing variants having been predicted correctly as having an 

effect on protein function; False Positives (FP) are defined as neutral variants being 

incorrectly predicted to alter protein function; True Negatives (TN) are defined as neutral 

variants being correctly predicted as tolerated’ and False Negatives (FN) are defined as 

variants being incorrectly predicted as tolerated and are in reality protein altering. Figure 

X shows the method in which the statistics are computed.  
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Figure 2.12.2.1. The statistical calculations taken into consideration as part of the SIFT 

algorithm for the determination of sensitivity, specificity, accuracy, precision, negative 

predictive value and the Matthews correlation coefficient. 

 

The SIFT algorithm utilises sequence homology to compute the probability of an 

animo acid substitution having adverse effects on protein function. A crucial assumption 

with regards to SIFT algorithm is that evolutionary conserved regions are typically less 

tolerant to variants, hence the presence of amino acid substitutions and or 

insertions/deletions in said regions are more likely to influence function. The internal 

workflow within the SIFT algorithm is initiated with a query protein being searches 

against a protein database with the aim of obtaining homologous protein sequences. The 

sequence chosen is that having the appropriate diversity. The sequences are aligned and 

SIFT determines the composition of amino acids at that particular position, and computes 

a score (Ng & Henikoff, 2002). A SIFT score is obtained via a normalised probability of 

the observation of new amino acids at the position of the variation, the value of which 

ranges from 0-1. A SIFT value ranging between 0-0.05 is predicted to influence protein 

function (Ng & Henikoff, 2001).  

The SIFT algorithm was further tested on external datasets independent of the 

training dataset having been the LacI, lysozyme and HIV protease substitutions (Ng, P. 

C. & Henikoff, 2001; Ng, Pauline C. & Henikoff, 2002). The SIFT algorithm was tested 

on the PolyPhen2’s HumVar and HumDiv datasets. Since the number of comparative 

sequences chosen by SIFT is dependent on the protein database being used, the algorithm 

was tested on five protein databases namely Swiss-Prot, Swiss-Prot with Trembl, UniRef-

50, UniRef-90 and UniRef-100, and the resulting prediction accuracies were measured. 

The results identified that the prediction accuracies were similar between databases, 
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however sensitivity and specificity varied according to the protein database used. Hence, 

considering these results, UniRef90 was considered for the pre-computed SIFT score due 

to its high coverage, sensitivity and balanced performance.  

New features within the SIFT web server are those of (Sim et al., 2012) (1) 

genome-wide database of nonsynonymous variants predictions which is curated by (i) 

altering each coding base in the reference genome to the other three potential DNA bases, 

(ii) calculating the SIFT score for the resulting amino acid alterations and (iii) storing the 

amino acid changes and their corresponding predictions in a database. (2) Variant 

annotation is offered with dbSNP and/or 1000 genomes. (3) File format conversion is 

available since the first input format to SIFT was established prior to next generation 

sequencing, and hence has been updated to enable the conversion of formats including 

VCF, Pileup and GFF files. (4) Indel prediction tools are offered including indel 

annotation via VariantClassifier (Li & Stockwell, 2010), whilst a SIFT Indel prediction 

for frameshift indels has also been recently introduced. 

 

2.12.3 PolyPhen-2 

Polymorphism Phenotyping (PolyPhen) server was first introduced in 2002 by 

Ramensky et al., and was described as having 3 primary uses namely, (i) as a web server 

for the annotation of functional nonsynonymous Single nucleotide polymorphisms 

nsSNPs, (ii) as a dataset of nsSNPs extracted from HGVbase, and lastly (iii) as an 

analytical tool for these datatypes for the predicted effect on protein structure and 

function. The initial version of PolyPhen was able to accept the amnio acid sequence of 

a protein, or SWALL database ID/acession number in conjunction with the sequence 

position at which the SNP is present and two amino acids characterising the 

polymorphism. The fully automated pipeline being run by PolyPhen requires the 

previously described input, and will internally (1) identify the nsSNPs in known genes 

after which (2) the substitution site is characterised according to sequence, this hence 

flows into (3) the profile analysis of homologous sequences which occurs via BLAST 

searching of a database, (4) the substitution site is then mapped onto a known protein’s 

3D structure also being done by BLAST sequence alignment of the query protein and a 

known protein from a database, (5) structural parameters are then utilised for the 

evaluation of amino acid substitution effect, (6) the residual contacts against ‘critical 
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sites’ are checked and finally (7) PolyPhen utilises predefined ‘prediction rules’ to 

determine whether an nsSNP is deleterious or otherwise (Ramensky et al., 2002).  

PolyPhen-2 on the other hand, differs from its predecessor via the set of predictive 

features offered, the alignment pipeline and the classification method utilised (Adzhubei 

et al., 2010). The newer release utilises 3 structure-based in conjunction with 8 sequence-

based predictive features, being selected for automatically (Adzhubei et al., 2010). Most 

of these features allow the comparison of a property from the wild-type allele against a 

property from the variant allele, hence defining an animo-acid replacement. The 

alignment pipeline in PolyPhen-2 utilises clustering algorithms for the selection of 

homologous sequences which are then analysed, and their multiple alignments are 

constructed and refined by this pipeline. The pipeline utilises Naïve Bayes classifiers to 

predict the functional significance of an allele replacement (Adzhubei et al., 2010).  

The two datasets utilised for the training of PolyPhen2 are human variation 

dataset (HumVar) and human divergence dataset (HumDiv). 

1.a. The HumDiv deleterious inventory was compiled utilising 3,155 annotated 

mutations known for being causative of Mendelian diseases in humans from UniProt.  

1.b. On the other hand, the neutral HumDiv data set was curated via the comparison of 

6,321 human proteins and their homologues in closely related mammals assumed to be 

non-damaging whilst identifying any altered amino acids.  

2.a. Contrary to the HumDiv dataset, the HumVar deleterious dataset contained 13,032 

variants from UniProt annotated as disease causing in humans, regardless of their 

Mendelian origin or otherwise. 

2.b. The HumVar dataset was curated via 8,946 human nsSNPs not having been 

annotated as disease causing.  

Comparison of PolyPhen-2’s performance against PolyPhen via receiver 

operating curves comparing true positive rates against false negative rates, had a 

substantially superior result. At a false positive rate of 20%, PolyPhen-2 obtains a true 

positive prediction at 92% on HumDiv and 73% on HumVar (Adzhubei et al., 2010).  

PolyPhen-2 has been utilised more recently in additional applications namely for 

the; identification of rare alleles causative of Mendelian diseases (Bamshad et al., 2011), 

scanning of alleles being potentially medically actionable within a human’s genome 

(Ashley et al., 2010) as well as aiding in the deep sequencing of large populations by 
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providing profiling towards rare variations identified (Tennessen et al., 2012). The latest 

publication by Adzhubei et al., in 2013 describes protocols for the upgraded utilisation of 

PolyPhen-2’s web interface. These include; the prediction of a single-residue 

substitution/reference SNP; the batch mode analysis of a large number of SNPs; and the 

search of precomputed predictions of the Whole human exome sequence in a database. 

The latest publication defines PolyPhen-2 as a software and web-based tool that predicts 

the impact of amino acid substitutions on human protein stability and function. It uses 

structural and evolutionary considerations, annotates single-nucleotide polymorphisms 

(SNPs), maps coding SNPs to gene transcripts, and estimates the probability of missense 

mutations being damaging. Key features include a robust alignment pipeline, machine-

learning classification, and integration with the UCSC Genome Browser.  

 

2.12.4 MutPred 

 

MutPred was initially developed to target two aspects which had not been targeted 

by the available in silico mutation predictors of the time (including SIFT, PolyPhen, 

PANTHER, LS-SNP, SNAP, PMUT and CanPredict). The two aspects mentioned above 

are namely; the improvement of characterisation and identification of variation attributes 

moving beyond sequence composition, structure and evolutionary conservation for more 

accurate classification and hypothesis yield with regards to molecular mechanisms of 

disease, along with the development of new computational approaches for the 

improvement of accuracy with regards to classification when similar attributes and 

training sets are utilised (Li et al., 2009). The initial version of MutPred described in the 

2009 publication by Li et al., aimed at the inclusion of various structural and functional 

properties of proteins to prove that gain and loss of such properties being predicted 

provide a substantial classification accuracy, hence enabling the underlying biochemical 

cause of disease.  

As mentioned above, the development of MutPred was targeted at utilising 

various attributed from protein sequence in classification. The major attributes may be 

grouped into three major classes (table 2.11.4.1); (i) protein structure and dynamics 

predictions, (ii) functional properties predictions, (iii) amino acid sequence and 

evolutionary information. For the algorithm to efficiently discriminate between neutral 
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polymorphisms and those being associated with disease, support vector machine (SVM) 

and random forest (RF) classifiers were compared and applied to the algorithm.  
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Table 2.12.4.1. Protein attributes taken into consideration by MutPred for more accurate protein 

sequence classification prediction along with the reference from which were taken directly by 

(Li et al., 2009). 

Attributes to protein structure and dynamics Reference 

Secondary structure (Rost, 1996) 

Solvent Accessibility (Rost, 1996) 

Transmembrane helices (Krogh et al., 2001) 

Coiled-coil structures (Delorenzi & Speed, 2002) 

Stability (Capriotti et al., 2005) 

B-Factors (Radivojac et al., 2004) 

Intrinsic Disorders (Peng et al., 2006) 

Attributes to functional properties 

DNA binding residues (Ahmad et al., 2004) 

Catalytic residues (Li et al., 2009) 

Calmodulin binding sites (Radivojac et al., 2006) 

Phosphorylation sites (Iakoucheva et al., 2004) 

Methylation sites (Fogel, 2006) 

Ubiquitination sites (Radivojac et al., 2010) 

 

The initial MutPred builds on the previously available SIFT algorithm, allowing 

improvement with respect to the classification accuracy of human disease variation. It 

was proposed to accurately and reliably hypothesis the molecular foundation of disease 

for around 11% of previously known disease-causing variations. MutPred2 being 

published in 2020 by Pejaver et al., claimed to address the challenges within in silico 

variant predictors. These challenges are namely; (i) the lack of information regarding the 

potential mechanisms being affected by the query variation, and (ii) the mapping of 

predicted pathogenic substitutions onto protein feature annotations (Schnoes et al., 2009; 

Schnoes et al., 2013). Both of these challenges result in the lack of a model which 

explicitly models the type of chain in regional structure and function (Schnoes et al., 

2009; Schnoes et al., 2013). The extended algorithm of MutPred2 quantifies amino acid 

substitution pathogenicity whilst describing the affect on phenotype via a broad repertoire 

model of amino acid sequence alteration resulting in structural and functional variation 

(Pejaver et al., 2020). The methodology of MutPred2 allows the estimation of pathogenic 

missense variants within the human genome, along with the identification of molecular 
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signatures associated with data sets containing both Mendelian disease variants as well 

as de novo mutations in individuals diagnosed with neurodevelopmental disorders 

(Pejaver et al., 2020). High-scoring variants from these datasets were prioritised and their 

functional roles were experimentally validated.  

MutPred2 is a method and software based on machine learning that combines 

genetic and molecular data to probabilistically assess the pathogenicity of amino acid 

substitutions. It offers a general prediction of pathogenicity and a ranked list of specific 

molecular alterations that may impact the phenotype. The methodology utilised in the 

algorithm includes the estimation of prior and posterior probabilities, aiding in the 

interpretation of pathogenicity and molecular alteration scores. MutPred2 currently 

models various structural and functional properties, such as secondary structure, signal 

peptide, transmembrane topology, catalytic activity, macromolecular binding, post-

translational modifications (PTMs), metal binding, and allostery (Pejaver et al., 2020). 

The algorithm’s pathogenicity model was trained on 53,180 pathogenic and 206,946 

neutral variants obtained from Human Gene Mutation Database (HGMD) (Stenson et al., 

2020), SwissVar (Mottaz et al., 2010), dbSNP (Sherry et al., 2001) along with pairwise 

alignments. The algorithm’s inferring molecular mechanism model was trained from a 

combination of datasets to ensure effective genetic and molecular data integration.  

To overcome this challenge, we created MutPred2, a tool designed to deduce the 

structural, functional, and phenotypic implications of coding variants. MutPred2 

enhances pathogenicity prediction and identifies potential molecular alterations by 

modelling the impact of variants on local protein structure and function, employing a 

suggested ranking approach. Additionally, the algorithm’s ability to assign specific 

molecular impacts enables the quantification of molecular signatures within various 

datasets, such as different disease classes, specific diseases, healthy populations, 

subpopulations, and more. A notable function of MutPred2 is its capability to predict 

more pathogenic de novo missense variations in cases in comparison to controls, hence 

proving accuracy and specificity. It is remarkable to note that brain-relevant information 

which would increase the prediction performance was not exploited, the individual 

filtering step included the removal of genes common to both affected cases and controls. 

In comparison with the tools recommended in the ACMG/AMP Standards and Guidelines 

(Richards et al., 2015), MutPred2 compares positively via stringent independent tests 

performed.  
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2.12.5 FATHMM 

 

Functional Analysis Through Hidden Markov Models (FATHMM) is a software 

and server providing a species-independent having optional species-specific weighting, 

for the prediction of functional effects of protein missense variants (Shihab et al., 2013). 

The authors of FATHMM built off the work of SIFT (Ng & Henikoff, 2001), PANTHER 

(Thomas et al., 2003), (Calabrese et al., 2009) along with the HMMER3 software (Eddy, 

2009), to enhance the computational prediction of functional effects resulting from amino 

acid substitutions by employing hidden Markov models (Shihab et al., 2013).  

The model presents two methods of analysis, one being a species-independent 

and/or unweighted method, whilst the other being a weighted/ species-specific method. 

The first unweighted method utilises an iterative search protocol whereby the automatic 

collection and alignment of homologous sequences is performed. The multiple sequence 

alignment result is then utilised for the interrogation of homologous sequences and 

sequence conservation within protein domains of protein families. The addition of this 

domain-based analysis allows the cohesive overview of important evolutionary and 

structural constraints which might have been missed via the utilisation of an automatically 

collected homologous sequence alignment (Shihab et al., 2013). On the other hand, the 

weighted method as its name implies, utilises ‘pathogenicity weights’ being derived from 

the relative frequencies of deleterious and neutral amino acid substitution maps on 

conserved protein domains. The weighted method for human variations outperformed 

performance accuracies of traditional methods including SIFT, PolyPhen, SNPs&GO, 

MutPred and PANTHER. FATHMM has therefore demonstrated that it may be efficiently 

applied to any high-throughput large-scale genomic dataset whilst providing the added 

benefit over other available tools of phenotypic outcome associations. 

The databases for mutations utilised in FATHMM were curated from HGMD, 

UniProt, VariBench, SwissVar and Hicks et al., 2011. The functional consequence of 

protein function is predicted via the input of the submission query to the server/software, 

the protein domains are annotated in conjunction with the search for homologous 

sequences within databases. The protein domain and hidden Markov model (HMM) are 

only extracted if the domain assignment is deemed significant, having an e-value of <0.01 

whilst also having the amino acid substitution mapping onto a match state within the 

model. An important assumption being made within the model according to calculated 
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probability is that; an amino acid probability reduction when comparing the wild-type to 

the mutant residue is indicative of a potentially deleterious effect on protein function, 

whilst an increase in amino acid probability would be indicative of a favourable 

substitution. Hence the model further assumes that large reductions in amino acid 

probability is directly proportional to larger effects, hence being a similar proportion of 

small amino acid probability to small effect. Following the above, the species-specific 

pathogenicity weights are applied to the previously-obtained results. The molecular as 

well as phenotypic consequences of amino acid substitutions are then annotated via 

domain-centric ontologies (de Lima Morais et al., 2011). The phenotypic consequences 

of amino acid substitutions are also annotated via the extension of these mappings onto 

various ontologies including; human, mammalian, and plant phenotype ontologies. The 

above-described predictions were finally evaluated according to calculations of true 

positives and true negatives with respect to accuracy, precision, sensitivity, specificity, 

negative predictive value, ant the Matthew’s correlation coefficient. (Shihab et al., 2013b).  

The pathogenicity weights were not directly utilised in the training of pathogenic 

sequence/ variant recognition. The weights are computationally capable of recognising 

protein domain’s reaction to missense mutations (Shihab et al., 2013). The 

outperformance of this algorithm to traditional in silico prediction models reaffirms 

FATHMM’s ability to identify critical structural and/or evolutionary constraints via 

HMMs curated manually which represent the alignment of conserved protein domains 

(Shihab et al., 2013). FATHMM has also been adapted to incorporate a cancer-specific 

model for the functional analysis of driver variants. This adaptation scored better in 

comparison to other available tools in terms of performance accuracy with regards to 

distinguishing between driver variants and other germ-line variants (being both neutral 

and deleterious) (Shihab et al., 2013a). In a later publication in 2014, Shihab et al., further 

incorporated a disease-specific weighting system into the previous FATHMM algorithm. 

The previous FATHMM including other available algorithms were not specifically 

designed to discriminate between disease-specific nsSNPs and other non-

specific/functional variants (Shihab et al., 2014). Hence, the additional disease-specific 

weighting utilised 17 different disease categories, which in comparison to traditional 

prediction algorithms enabled a reduction in the quantity of false positive values, along 

with an investigation capable of prioritising nsSNPs (Shihab et al., 2014).  
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A mentioned limitation to the disease-specific methodology of FATHMM is that, 

in extreme cases, dominating pathogenicity weights may bias/exaggerate the variant 

effect. This might come into play upon the prioritisation of variants in proteins and their 

domains having strong associations with the disease concept under investigation. In this 

case, amino acid probability could be dominated by the pathogenicity weight, hence 

biasing the prediction (Shihab et al., 2014). When these weights are inkling towards a 

disease concept, neutral polymorphisms within various regions of a protein and its 

domains would be misclassified as ‘damaging’ (Shihab et al., 2014).  

 

2.12.6 GERP 

 

Genomic Evolutionary Rate Profiling (GERP) is initially described in 2010 by 

Davydov et al., where it was described as a statistical, biologically transparent algorithm 

for the identification of element constraints. GERP measures deficits in nucleotide 

substitutions at regions with high resolution and measures such deficits as ‘rejected 

substitutions’. These rejected substitutions are utilised for the ranking and 

characterisation of constraint elements as they reflect the intensity of previous purifying 

selections. GERP has pushed towards novel direct estimates of constraints, in comparison 

to previously available models which do not offer this (Cooper et al., 2005). 

The below description of the model has been adapted from Cooper et al., written 

in 2005 which was the first description of the GERP algorithm/framework.  

This model analyses multiple sequence alignment from the human genome 

capturing approximately 3.85 neutral substitutions per site. The model works via the 

analysis at 4 levels namely; (i) Alignment, (ii) Neutral rate estimation and tree 

construction, (iii) identification of constrained elements, (iv) false positive rate 

identification, (v) clustering of constrained elements, and finally (vi) ultra conserved 

elements. The human and non-human sequencing data utilised in this model was an 

expanded version of the data generated by Thomas et al., in 2003. GERP takes various 

inputs into consideration, one input is the global multiple-sequence alignment whereby 

the orthologous bases are aligned as accurately as possible from each species. Another 

input is a species tree with branched lengths which allows the estimate of relative 

contribution in terms of neutral divergence for each species/ancestry lineage within the 
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tree. It is important to note that within the alignment, a compression takes place where 

the sequence has no gaps, hence ensuring consistence between coordinates of alignment 

and annotation, further ensuring accurate comparisons of constrained element annotations 

against other sequence features including exons and repeats. The alignment is hence 

associated with two vectors, one related to the observed evolutionary rates and another to 

expected evolutionary neutrality rates. 

The first step of the internal processing is that of (i) sequence alignment. This 

entails the multiple sequence alignment which ensures high-scoring local alignments 

allow the adequate representation of global alignment. Non-human sequences are 

compared to human sequences, but primarily each sequence group was reordered and 

reorientated for the local alignment chains to be monotonic. In parallel to this shuffling, 

sequences lacking detectable similarity to the alternate sequence group are clipped and 

deleted. The second step of (ii) tree construction and neutral rate estimation followed a 

previously described method by Cooper et al., in 2003. This methodology enables the 

estimation of neutral divergence between closely related species, and hence subsequent 

exploration of rate estimates against relative tree branch-length. To obtain a source of 

aligned neutral DNA, all alignment regions that included clearly constrained elements in 

the human sequence were removed from the uncompressed global alignment.  

The subsequent step (iii) in the model is that of constrained element identification. 

Candidate constrained elements are further defined via the analysis of alignment position 

stretches having ratios of observed to expected rates below a certain threshold. It is 

noteworthy to mention that a decrease in the observed to expected ratio threshold is 

directly related to an increase in stringency of element identification, resulting in fewer, 

smaller elements having a higher score per base. This model enables the merging of 

candidate elements across few intervening bases which do not meet the ratio criteria due 

to certain functional elements having unconstrained or weakly constrained bases. 

‘rejected substitutions’ hence are formed via the sum of individual site differences scored 

between the observed and expected rates. Candidates which fail to meet the rejected 

substitution threshold are hence eliminated, and the remaining are interpreted as 

legitimate constrained elements. The majority of the results are based on identifying 

potential constrained elements using a threshold observed-to-expected ratio of 1 and the 

merging of tolerances. To capture smaller elements with higher per-base scores, an 

observed-to-expected threshold of 0 is employed. Conversely, to identify larger and 
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cumulatively higher-scoring elements, the merging tolerance is increased. For identifying 

large non-exonic constrained regions overlapping coding exons, positions within coding 

exons are disregarded, hence neither positively nor negatively impacting the scoring of 

constrained elements are considered. This allows a constrained element to overlap a 

coding exon without influencing its score. 

Another crucial step as part of the GERP framework is that of (iv) false positive 

rate discovery. This is acquired via the analysis of permutations being randomly 

generated from alignment. Constrained elements identified via these permutations are 

representative of the discovery process and function towards the aggregate distribution of 

observed and expected evolutionary rates. Alignments having been found to reside in 

unambiguous constrained regions were excluded for the assessment of false discovery 

rate in neutral DNA. These alignments were defined by having constrained element 

scoring ≥25 rejected substitutions, hence excuding around 50,000 alignment columns. 

Additionally (v) constrained element clustering was obtained via analysis of the 

correlation between repeat and constrained element density, calculated via linear 

regression models. These densities were defined by employing successive, non-

overlapping windows with a width of 25-kb across the entire length of the human 

sequence. Finally (vi) ultra-conserved elements were identified via the normalisation of 

the rejected substitutions score of each constrained element. These elements were then 

individually compared with an external genome database.  

(Cooper et al., 2005) 

GERP++ as described by Davydov et al., in 2010 provides (like GERP) a novel 

bottom-up method utilising rejected substitution as a constraint metric. However 

GERP++ utilises a more robust statistical likelihood estimation procedure for the 

computation of evolutionary rates, hence resulting in a 100-fold reduced turnover time. 

The updated version of this algorithm also introduced a novel criteria for grouping of 

constrained positions into constrained elements via statistical computations. This newer 

improved method predicts that a larger fraction of the human genome is found within 

constrained elements due to a very low false positive rate and the annotation of far fewer 

yet longer elements. (Davydov et al., 2010)  
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2.12.7 REVEL predictor 

 

Rare Exome Variant Ensemble Learner (REVEL) is an ensemble method for the 

pathogenicity prediction of rare missense variants (Ioannidis et al., 2016). REVEL 

incorporates individual, previously developed prediction tools including MutPred, 

FATHMM, VEST, PolyPhen, SIFT, PROVEAN, MutationAssessor, MutationTaster, 

LRT, GERP, SiPhy, phyloP, and phastCons. This model was trained on recently 

identified disease missense variants and rare neutral missense variants, which had not 

been included in the training dataset for its constituent predictors (Ioannidis et al., 2016). 

Along with REVEL, two large independent tests set formulated by recently discovered 

pathogenic and benign variants were developed to aid in the application of REVEL to 

newly identified variants by next generation sequencing.  

The algorithm random forest was formulated via the R ‘random forest’ package 

having 1000 binary classification trees (Breiman, 2001; Hastie et al., 2009). Each split 

within the random forest had 4 features allocated at random. To combat the imbalance 

between the quantity of neutral training variants and disease training variants available, 

an equal number of both was selected for the generation of the bootstrapped training set 

for each tree within the forest (Ioannidis et al., 2016). Disease variants were gathered 

from the HGMD version 2015.2 (Stenson et al., 2014). The variants chosen for from this 

database were restricted to only missense disease variants dated from August 1st 2012, 

hence minimising overlap with previously trained feature components within the REVEL 

random forest. Additional missense exome sequencing variants were gathered from ESP 

(Tennessen et al., 2012), ARIC (The Atherosclerosis Risk in Communities (ARIC) Study: 

design and objectives. The ARIC investigators.1989) and 1000 genomes (Abecasis et al., 

2012) databases of European-American and African-American populations. Any variants 

which has been used to previously train the individual components features comprising 

REVEL for both disease ant neutral variants, specifically MutPred, PolyPhen-2, 

MutationTaster, FATHMM and VEST. 

The previously-mentioned features that compromise REVEL comprise 18 

individual pathogenicity predictor scores being derived from 13 predictive features. For 

the purpose of this study, MutPred scores were re-computed utilising UniProt canonical 

protein sequences and when unavailable, Ensemble canonical transcripts. 16 scores were 

obtained from dbNSFP of which eight were functional prediction scores and another eight 
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were conservation scores. Upon the presence of multiple protein isoform associations 

between PolyPhen-2, FATHMM and PROVEAN, the average score of all isoforms was 

taken into consideration. (Ioannidis et al., 2016). 

Two independent test sets were setup, having no overlap over either the REVEL 

training set, or the training sets utilised within the individual REVEL components. The 

first test consisted of disease variants acquired from SwissVar, whilst the second test 

consisted of pathogenic, likely pathogenic, benign and likely benign variants found within 

ClinVar according to the ACMG guidelines (Ioannidis et al., 2016). To eliminate any 

overlap between the two tests, ant variants being present within both SwissVar and 

ClinVar were excluded. Upon the application of REVEL to the two independent test sets, 

it had the best performance in comparison to individual tools and the ensemble methods 

including MetaSVM, MetaLR, KGGSeq, Condel, CADD, DANN, and Eigen. (Ioannidis 

et al., 2016) 

The individual features comprising REVEL were characterised and correlated 

amongst each other. The conservation scores along with the functional scores being 

utilised were found to be highly correlated, whilst FATHMM was lowly correlated to all 

other scores, and SIFT and MutPred were also moderately correlated to all other scores 

(Ioannidis et al., 2016). The identified 5 most critical features within the REVEL random 

forest were FATHMM, VEST, MutationAssessor, MutPred, and PolyPhen-2. The most 

favouring result is that REVEL acquired the best performance in terms of distinguishing 

pathogenic from rate neutral variants having an allele frequency of <0.5%. (Ioannidis et 

al., 2016) 

A REVEL score can range from 0-1 being a reflection of the proportion of trees 

within the random forest having classified the variant as pathogenic. The distribution of 

REVEL scores was similar to the reported exome sequencing variants having only a slight 

shift towards higher scores for all exome sequencing variants (Ioannidis et al., 2016). Key 

limitations of REVEL is the reliance on assertion of pathogenicity from pre-existing 

databases, which might be less accurate. Additionally, these pathogenicity assertations 

may have been based on predictions from particular tools including SIFT and PolyPhen-

2 which could result in inflated performance of these predictors and the ensemble scores 

produced from their results. (Ioannidis et al., 2016)  
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2.12.8 BayesDel 

 

BayesDel was developed as a measure for the algorithm PERCH (Polymorphism 

Evaluation, Ranking and Classification for a Heritable trait) (Feng, 2017), whereby 

BayesDel was utilised for the measure of deleteriousness utilising Bayesian methodology 

(Lewinger et al., 2007). The below description of BayesDel was adapted from Feng’s 

publication in 2017. BayesDel was curated with the goal of achieving an accuracy similar 

to state-of-the-art having a Bayes factor output. This measure combines multiple 

deleterious predictors to give a singular score output. This tool was designed for the 

analyses of large-scale variants, hence the predictors utilised were those readily available 

for exome or genome-wide annotations including; Polyphen2, FATHMM, SIFT, 

Mutation Taster, Mutation Assessor, PhyloP, GERP++ and SiPhy.  

The deleteriousness predictors utilised in this framework included maximum and 

minor allele frequency across populations within ExAc version 0.3 and the 1000 genomes 

project phase 3. This approach utilises the naïve Bayesian approach which assumes all 

predictors are mutually exclusive. The predictors utilised here however are not mutually 

exclusive as they typically measure the same characteristics of variants including 

sequence conservation and amino acid substitution physical properties. Weighting was 

hence applied to the naïve Bayesian model to alleviate the independence assumption. The 

rationale behind this is that the correlated predictors are given weights for them to jointly 

form a unit contribution. A likelihood ratio is then empirically estimated for each score 

value, this is the result of the in the probability of pathogenic variants divided by the 

probability of benign variants. This calculation would be too computationally heavy for 

each score, hence the score ranges for the calculation of likelihood ratio are divided into 

bins. To enhance the stability of the estimation, neighbouring bins are combined to ensure 

that the probability among benign variants (being the denominator of the likelihood ratio) 

has a value of at least 0.02. Each bin is represented by its mean value, and a curve 

depicting likelihood ratios based on score values is constructed. This curve is then 

smoothed through least-squares fitting of polynomials to segments of the data. Utilizing 

this curve, any given query score can be converted into a likelihood ratio via linear 

interpolation. (Feng, 2017) For the total weights to be obtained the model is optimised 

via a controlled random search algorithm for the ‘local mutation’ modification (Kaelo & 

Ali, 2006). The modification of ‘local mutation’ allows for the controlled random search 
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algorithm to be more robust for the acquisition of the global maximum score via the 

reduction of evaluation quantities (Kaelo & Ali, 2006).  

The training model comprised of variants taken from ClinVar and UniProtKB 

whilst those from the ENIGMA dataset were excluded to avoid any overlap between the 

testing and training datasets. The total number of variants for the training dataset was of 

39978 neutral variants and 39395 pathogenic variants (Feng, 2017). Should some 

component scores be missing during the application, the model alters the weights of 

missing components to 0 whilst normalising the remaining weights always assuring the 

sum of weights is 1. Should too many scores be missing such that the sum of weights 

prior to normalisation is <0.5, BayesDel is then calculated from a genome-wide 

deleteriousness score exemplified by CADD (Kircher et al., 2014; Feng, 2017). 

For the testing of BayesDel, it was compared to other deleteriousness scores 

including each of its individual components and other combinatory methods such as 

CADD, MetaLR and MetaSVM (Feng, 2017). The dataset for the evaluation of BayesDel 

was chosen meticulously to prevent the three circularity types typically hindering 

deleterious prediction tools described by Grimm et al., in 2015. The criteria for the 

formation of the BayesDel testing dataset was four-folded. (1) The variants included in 

the training dataset should not overlap with variants in the testing dataset; (2) genes 

having variants identified as mostly pathogenic or neutral should be excluded; (3) allele 

frequency should not define benign variants or the presence of homozygous alternative 

allele genotypes since allele frequencies are incorporated in BayesDel; (4) during the 

definition of pathogenic variants, deleteriousness tools should be eliminated from the 

variant classification scheme (Feng, 2017).  

The advantages of this developed deleteriousness score can be summarised in two 

points. Primarily BayesDel in combination with the other scores compromising the 

PERCH algorithm is more accurate than other testing methods, including the combined 

scores. Secondly, the fact that the naïve Bayesian approach is utilised allows missing 

values to be treated naturally, hence no imputation is necessary, limiting the introduction 

of bias which could hinder the usage of the model. A limitation of BayesDel is the over-

fitting potential of known variants. This may result in different performance between 

known and novel variants. This limitation is not one belonging solely to BayesDel, rather 

all ensemble models face this difficulty. (Feng, 2017)  
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Additional studies performed on BayesDel, amongst other in silico missense variation 

predictor tools, also confirmed the reliability of this model (Pejaver et al., 2022). 

BayesDel was amongst one of the suggested models for the recommendation of PP3 and 

BP4 ACMG criteria. Pejaver et al., recommended the usage of a single tool for genome-

wide clinical laboratory missense variant determination having a strong level of evidence 

for PP3 and BP4. This recommendation allows the strength maximisation of applied 

evidence, whilst minimising the quantity of false positive predictions in these categories 

(Pejaver et al., 2022). An additional recommendation for the classification for allele 

frequency data, BayesDel was amongst the recommended in silico tools due to its 

exclusion of direct allele frequency (Pejaver et al., 2022). 

 

2.12.9 Genocanyon. 

 

Unlike other previously-described in silico variant predictor tools, GenoCanyon 

acquires its name from the canyon-like plots generated by this tool. GenoCyanyon was 

first described by Lu et al., 2015 as a whole-genome annotation tool which utilises 

comparative genomic conservation scores and biochemical signals extracted from the 

ENCODE project (The ENCODE (ENCyclopedia Of DNA Elements) Project.2004). 

The prediction score generated by GenoCanyon is hence the posterior probability of a 

genomic position being functional. In comparison with other available methods, 

GenoCanyon additionally to measuring the deleteriousness of a given variant, also 

measures the functional potential of each given genomic location. This tool annotates 

the whole-genome via the performance of unsupervised statistical learning via 22 

experimental and computational annotations, hence inferring the functional potential of 

each position onto the human genome. Thus, GenoCanyon allows for the prediction of 

functional regions along with a generalisable framework.  

The below described statistical model and estimations were described in detail by 

Lu et al., in 2015. The statistical model was curated from 22 different annotations 

corresponding to conservation score or biochemical activity of which included 2 genomic 

conservation measures, 2 open chromatin indicators, 8 histone modifications, 10 

transcription factor binding site peaks. These were selected as annotations since their 

functional impacts had been well studied and are simpler models. This model does not 
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include DNA methylation due to the unavailability of modelling of functional impact of 

methylation for gene silencing mechanisms. Genomic data for the mentioned 22 

annotations were downloaded from USCS Genome Browser. GERP (Cooper et al., 2005) 

and PhyloP (Pollard et al., 2010) were selected as the conservation measures due to their 

normal distribution. PhyloP46way was selected as it provides a comprehensive view over 

the conserved signal via the small phylogenetic distance. The model contains 49 

parameters which were estimated on the GWAS catalogue (Welter et al., 2014) containing 

13,070 SNPs being unique and significant to GWAS studies. Each SNP had an interval 

between 500bp upstream and 499bp downstream marked, hence aligning to the 13,070 

intervals, each spanning 1k bp. Due to the large bp coverage, the whole collection was 

representative enough for the distribution and annotation learning for both functional and 

non-functional groups. Substantial tests were conducted to conclude that the GWAS-loci-

based dataset compiled through this study spanning roughly 13,000,000 base pairs (bp), 

contains enough functional elements to consider accurate parameter estimation. This 

compiled dataset is also general enough to not allow genome heterogeneity to heavily 

impact estimation. To check for sensitivity of the model to the perturbation in annotation 

data, the model was re-fitted multiple times after removing several mis-fitted annotations.  

Prediction scores were calculated for the entire human genome, having 33% 

predicted to be functional when utilising a 0.5% cutoff for functionality definition (Lu 

et al., 2015). Contrasting evidence has been published in literature about the percentage 

functionality of the human genome ranging from 4.5% (Lindblad-Toh et al., 2011; 

Meader et al., 2010; Parker et al., 2009; Ward & Kellis, 2012a; Ward & Kellis, 2012b) 

to 80% ENCyclopedia Of DNA Elements) Project.2004) in different literature. The 

prediction by GenoCanyon represents a mixed probability involving multiple tissues, 

having a result lying in the middle of the two opposing values, 33%.  

Although GenoCanyon was not designed as a variant classifier, pathogenic 

variants are still enriched for a prediction score. GenoCanyon was found to have high 

sensitivity but low specificity. This can be attributed towards the fact that GenoCanyon 

measures the functional potential of genomic locations, and not the tolerability of 

specific variants. However, many tolerated synonymous SNPs in a gene eventually 

become ‘false-positives’, resulting in the low specificity. In addition, many of the 

known ‘benign’ variants were included as by-products of association studies, having 

their properties investigated due to lying in candidate regions of disease pathways, 
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hence further giving insight to the high mean prediction score of benign variants. On the 

contrary, the underlying region of a variant being proven as pathogenic from associate 

experimentation, would directly relate to functions in disease. Thus, the high sensitivity 

of GenoCanyon hints at the positivity of its prediction ability. 

Thus, GenoCanyon is variable from variant classifiers, in that it measures 

functional potential of genomic locations rather than pathogenicity of selected variants, 

hence a high score does not necessarily indicate deleteriousness. GenoCanyon may also 

serve as a conservative tool for noise reduction in sequencing experimentation where 

variants distribute themselves throughout the entire genome. Examples of this include 

rare variants association studies, whereby the GenoCanyon may be utilised to filter 

SNPs and reduce 2/3rd of the tests, as more than this fraction of the human genome is 

likely to be functional. GenoCanyon also provides a useful tool in the prediction of 

functional potential at each nucleotide. This can also be utilised in association studies, 

where genetic variants are used as markers to capture signals for nearby regions. In this 

case, the mean prediction score for the surrounding region of an SNP may be acquired 

via GenoCanyon, whilst traditional variant classifiers are not capable of providing said 

information.  

Since this model utilises unsupervised learning, it does not suffer from the 

biased knowledge of non-coding DNA, allowing the model to be generalised in many 

directions. Since the annotations utilised in this model were adapted from ENCODE and 

were further clustered across multiple cell lines, the functional regions predicted by 

GenoCanyon are in fact the union of functional elements from various cell types. 

Additionally, the model can be further extended to alternative species to humans. As 

functional elements in model species are typically studied in greater detail, this tool 

utilised for different species may benefit species comparison and help detect functional 

orthologs in humans. The conversion of biochemical annotations into binary variables 

also removes the need for signal strength information. The inclusion of such 

information along with further annotation would improve the specificity of such a 

model. A final important note, relates to the model assuming the leading role of genetic 

function hence treating conservation measures and biochemical signals as 

consequences.  

The above description of GenoCanyon was adapted from Lu et al publication in 2015.  
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2.12.10 CADD score 

 

Combined Annotated Dependent Depletion (CADD) is a framework which 

integrates various diverse annotations into a single quantitative score objectively being 

first described by Kircher et al., in 2014. They described CADD as a general framework 

for the integration of various genomic annotations along with the scoring of any possible 

human SNVs or small insertions/deletions (indels). The foundations of this framework is 

to contrast the annotations of stimulated variants relative to fixed/virtually fixed derived 

alleles in humans. Naturally, deleterious variants tend to be depleted due to natural 

selection in fixed variants (Kimura, 1983), whilst this does not depict itself in stimulated 

variants. Hence CADD measures deleteriousness, allowing a strong correlation between 

both pathogenicity and molecular functionality of variants. CADD was implemented as a 

support vector machine trained for differentiation between 14.7 million alleles derived at 

high frequency from 14.7 million stimulated variants (Kircher et al., 2014). 

Approximately 95% of these alleles were fully fixed within humans, having <5% being 

virtually fixed polymorphisms according to the 1000 genomes project variant catalogue 

(Abecasis et al., 2012). The compiled variant-by-annotation matrix compiled from 

various conservation metrics, regulator information, transcription data, amongst others, 

resulted in 29.4 million variants, half being fixed or virtually fixed whilst half being 

stimulated variants, along with 63 distinct annotations (Kircher et al., 2014).  

The model’s validity was assessed via the construction of a series of univariate 

models contrasting observed and stimulated variants through the utilisation of 63 

annotations as individual predictors. Approximately all models scored significantly and 

consistently with expectations. This was exemplified via the identification of a 20-fold 

depletion in nonsense variants, 2-fold depletion in missense variants and no depletion in 

intergenic/upstream/downstream variants. On the other hand, nonsense and missense 

variants present in close proximity to the cDNAs had larger depletion than those near the 

ends. Conservation metrics were found to be amongst the strongest individual genome-

wide annotation (Kircher et al., 2014).  Correlations between annotations and the value 

of additional interaction terms between annotations was also examined through CADD. 

The correlation of annotations were found to be positive, along with statistical 

significance being allocated towards interactions. However relatively few interacting 
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pairs showed substantial improvement towards the additive model. The Support Vector 

Machine (SVM) was trained with linear kernel features derived from the previously 

described 63 annotations, having a limited quantity of interaction terms (Kircher et al., 

2014). A strong correlation was identified between independently trained, non-

overlapping observed and stimulated variants. 

Phred-like scores (Ewing & Green, 1998), referred to as ‘C-scores’ were based on 

the rank of the C-score of each variant in relation to all 8.6 billion SNV possibilities, 

having a range from 1-99. These scores were utilised for simplification of interpretation 

(Kircher et al., 2014). The proportion of all possible substitutions according to their given 

scaled C-score which has its own specific functional consequence. The resulting C-scores 

from highest to lowest proportion were; nonsense variants, missense and canonical splice 

site variants, whilst intergenic variants were lowest (Kircher et al., 2014). 76% of 

potential SNVs having C-score >20 were non-coding, whilst 74% of potential missense 

and 18% of potential nonsense SNVs resulted in C-scores <20. C-scores allow the 

compilation of essential information between and within functional categories of variants. 

C-scores were also compared to levels of genetic diversity, resulting in a negative 

correlation towards derived allele frequency having been identified through the 1000 

genomes project (Abecasis et al., 2012; Kircher et al., 2014). CADD was tested primarily 

for the functional and disease-relevant variation within five (5) contexts namely the genes 

(1) MLL2 and (2) HBB, (3) pathogenic variants curated in the NIH ClinVar database, (4) 

C-score correlation to somatic cancer mutations in p53, and (5) two enhancer and one 

promoter saturation mutagenesis. The analysis of these collective contexts demonstrates 

CADD’s quantitative deleteriousness, pathogenicity, and molecular functionality 

prediction in both protein-altering as well as regulatory through various experimental and 

disease contexts (Kircher et al., 2014).  

CADD was further tested for its evaluation towards variants within exome and/or 

genome-wide studies. De novo exome variants identified in children having autism 

spectrum disorder (ASD) and intellectual disability (ID) along with their unaffected 

siblings as controls. This included 88 nonsense, 1015 missense, 359 synonymous, 32 

canonical splice site, and 150 other variants, including indels. The variants identified in 

affected children proved to be significantly more deleterious than those in unaffected 

controls. CADD was further tested for its pathogenic variant ranking, where the C-score 

distribution within the genomes was examined for representative populations. Here 
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CADD highly ranked known disease-causing variants within the whole spectrum of 

variation in personal genomes. CADD was found to have considerable superiority over 

the alternative protein-based and conservation metrics with respect to ranking of known 

pathogenic variants in the spectrum of variants within personal genomes (Kircher et al., 

2014).  

CADD scores were finally analysed for SNPs identified via GWAS for complex 

traits, comparing the resulting scores control SNPs matched for allele frequency and 

genotype array availability. C-scores were found to be significantly higher in GWAS 

SNPs than in controls. Although extensive control of properties such as gene-body effect, 

gene expression level, conservation and regulatory element overlap, the high C-score 

difference persisted. Studies suggest that GWAS-identified SNPs, typically those 

associated with lead SNPs from large studies, are enriched for causal variants. This is 

consistent with previously identified GWAS enrichments for individual annotations 

(ENCODE project consortium, 2012; Kircher et al., 2014).  

In summary, CADD allows the integration of diverse genetic variation 

annotations into a single score. Some practical and conceptual advantages to CADD 

which provide a major advantage to genetic studies of human diseases include; (1) the 

objective merge of individual annotations into a single value, allowing improved 

performance; (2) the incorporation of expansions to existing annotations along with 

entirely novel annotations; (3) the combination of the specificity of subset-relevant 

functional metrics with the generality of conservation-based metrics (Kircher et al., 

2014).  

Some limitations to CADD include; (1) C-scores measure variation reduction, 

hence correlating with deleteriousness, however these are also affected by local variation 

rate, background selection, gene conservation bias, amongst others, hence limiting 

accuracy. (2) C-scores are reflective of variants having a given annotation pattern being 

visible to selection, but this may not capture hence differences in selective intensity. (3) 

Due to a lack of ‘gold standard’ data particularly within non-coding regions of the 

genome, the annotation must be limited to the data being utilised for training. (4) Upon 

the development of CADD, it was not possible for the relationship between CADD-

estimated deleteriousness and variant pathogenicity likelihood to be calibrated precisely.  
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The most recent version of CADD is v1.4 which along with supporting the human genome 

build GRCh38, also includes simplified variant lookup, extended documentation, an 

application program interface along with improved mechanisms for the integration of 

CADD scores into other tools/applications (Rentzsch et al., 2019).  

 

2.12.11 MutationTaster 

 

MutationTaster was developed in 2010 by Schwarz et al., where it was described 

as a free web-based application for the rapid evaluation of the potential of DNA variations 

to be disease-causative. This tool integrates information from various biomedical 

databases such as UniProt, SwissProt, Ensemble, NCBI and HapMap.  

Analyses performed by MutationTaster include evolutionary conservation, splice-

site alterations, loss of protein features, along with alterations to mRNA quantity. The 

model compares an alteration to known SNPs, and if the alteration should be found in 

that region, the rs ID from dbSNP is linked with the HapMap frequency. According to 

the type of alteration query submitted to MutationTaster, it selects between 3 prediction 

models; (1) one aiming at synonymous (silent) or intronic alterations; (2) an alternative 

model aiming at single amino acid alterations; (3) and finally a model aimed at alterations 

resulting in complex variations to amino acid sequence. Should one of the above 

alterations be identified in at least one HapMap population, it is hence classified as a 

polymorphism. The naïve Bayes classifier is utilised above the previously described for 

evaluation of results, hence allowing the prediction of disease potential of a said ‘change’. 

MutationTaster analyses potential splice site changes by utilising an intrinsically installed 

version of NNSplice (Reese et al., 1997). A short sequence of the wild type and ‘mutant’ 

sequences are compared, allowing the classification of the splice alteration as lost, gained, 

splicing likelihood increase or decrease. Along with the described prediction, the genomic 

position of the splice site, the prediction score for the mutant splice site generated by 

NNSplice and the sequence snippet are also provided as results. MutationTaster also 

utilised a locally installed polyadenylation signal prediction tool polyadq for the 

prediction of polyadenylation affects on protein products. This model also performed 

analysis on the Kozak consensus sequence crucial to translation initiation. It further 
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checks for any alterations caused to protein features, and the length of the resulting 

protein.  

As previously mentioned, one of the analyses performed by MutationTaster is 

that regarding conservation. This conservation analysis is performed via the alignment 

of the human amino acid sequence in question to amino acid sequences and/or the 

nucleotide sequence homologues to ten other species. The values resulting from this 

analysis can be via three statuses of evolutionary conservation namely; all identical, 

(partly) conserved (having similar amino acids between the compared sequences), or 

not conserved. Should no homologous gene be found or alignment be acquired, this is 

also stated by MutationTaster. The restriction of conservation to ten species was 

intentional, as in the analysis it was identified that additional species did not result in 

considerable influence on prediction accuracy, rather resulted in the decreased speed of 

MutationTaster.  

Splice site analysis is also performed via a local version of NNSplice as 

previously mentioned. An approximate length of 60 bases around the alteration of 

interest is utilised in comparison to the wild-type sequence. Should the alteration to this 

sequence result in any changes to the splice site, a display will be shown of the effect of 

the splice site. The results depicted to splice site changes are only considered in cases 

having at least one of the two sequences yielding a prediction score of ≥0.5 via 

NNSplice.  

The MutationTaster database stores all human SwissProt protein features and 

tests whether an amino acid alteration affects protein features directly or indirectly. This 

algorithm also further analyses whether the resulting protein will be affected in length, 

including any nonsense-mediated mRNA decay. This nonsense-mediated mRNA decay 

border is determined according to 50bp upstream of the last intron-exon junction, and 

hence this regions is analysed in terms of any premature codon termination at the 5’ 

end, leading to the nonsense-mediated mRNA decay. Should the algorithm identify that 

the variation leads to nonsense-mediated mRNA decay, it will immediately be flagged 

as a ‘disease mutation’.  

MutationTaster2 is the updated version of the web-based software described 

above as described by Schwarz et al., in 2014. This updated version includes all 

publicly available SNPs and indels from the 1000 genomes project along with disease 
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variants adapted from ClinVar and HGMD public. MutationTaster2 aimed at reducing 

the quantity of false positive splice-site predictions. This was achieved via the 

consideration of loss/decreasing strength of slice sites only at existing intron-exon 

borders. A further improvement to the previous MutationTaster is the ability for 

analysis of sequence alterations spanning the intron-exon junctions which likely perturb 

typical splicing, hence resulting in considerable pathogenic potential. Furthermore, the 

more recent version has a substantial increase in speed via the production of protein-

conservation analysis from the results of BLASTP being implemented into the internal 

search for amino acid sequences. MutationTaster2 also includes a dedicated query 

engine for the user-friendly analysis of NGS results. Here VCF files may be uploaded 

and various parameters may be adjusted including the confinement of considerations to 

homozygous variants alone, and the filtering for previously-identified polymorphisms. 

GeneDistiller, a candidate-gene search engine is also integrated into the 

MutationTaster2 allows users to identify the most likely candidate genes alongst 

potentially deleterious variants. The web interface of MutationTaster2 also includes the 

availability of single queries utilising chromosomal positions. The identified limitation 

to MutationTaster2 is its lack of application towards intragenic variants.  

The latest documented version of MutationTaster by Steinhaus et al., 2021 is 

that referred to as MutationTaster2021. The major change in this version from its 

predecessors is the abandonment of the Bayes classifier and the utilisation of Random 

Forest models tailored to different types of variants. In the training of this model, 

balance accuracy was focused on, referring to equal prediction quality for both benign 

and deleterious variants. The number of false positive predictions were further enforced 

in this recent updated version. Although the previous filtering against common 

polymorphisms aided in this reduction of false positives, a large quantity of 

rare/population-specific variants remained false positive values. The likely cause of this 

is that the false positives tend to have a higher percentage of phylogenetic conservation 

in comparison to frequent polymorphisms being previously used as the training data. 

Hence the training data now includes benign intragenic variants identified in GnomAD 

having at least one homozygous carrier. With regards to updates for deleterious variant 

identification, previous training cases included intragenic variants taken from HGMD 

and ClinVar. Whereas in the updated version MutationTaster2021, the analysis was 

restricted to the variants labelled as ‘DM’ in HGMD or ‘pathogenic/likely pathogenic’ 



Page 79 of 238 

 

in ClinVar. Any ClinVar variants having conflicting labels were excluded and variants 

identified in both training datasets were excluded. Dedicated prediction models for the 

two UTR regions were also set up for the provision of better predictions. Although these 

have lower accuracies in comparison to the model for non-coding variants, they have 

still provided better results for UTR variants. The previous versions of MutationTaster 

utilised NNSplice for the prediction of variant effect on splicing. Analyses in the new 

version identified higher accuracy from MaxEntScan (Yeo, 2004). An important note is 

that MutationTaster2 along with MutationTaster2021 do not search for cryptic splice 

sites being activated by DNA variants due to this yielding too many false positive 

predictions.  

 

2.12.12 HOPE  

 

Have (y)Our Protein Explained (HOPE) was firstly described by Venselaar et 

al., in 2010 is a web application for the fully automated analysis of genetic variants. This 

application was built on the strengths of previously available software and servers 

including PolyPhen, SIFT and ALAMUT due to their high reliability in the interpretation 

of mutational effects. HOPE takes a protein 3D structure centred approach. Via this 

approach, it acquires information regarding a protein’s 3D structure from data sources 

including UniProt. Each protein’s data is stored in a PostgreSQL-based information 

system. A decision scheme is then applied for the processing of this data and the 

production of variant effect on 3D structure and functionality of the protein. The web-

interface generates a full report about the variant and its effects on the protein for simple 

results analysis. HOPE is intended for use by life scientists, who may not routinely utilise 

protein structure or bioinformatics as part of their research.  

The input for HOPE web interface is the protein sequence. This inputted sequence 

is utilised as a query for BLAST searches against the Protein Data Bank (PDB) and 

UniProt databases. The UniProt search allows the acquisition of the protein’s accession 

code, being utilised later to obtain the DAS-predictions. As an alternative input, one can 

input the accession code directly in comparison to the entire sequence. The PDB BLAST 

search is imperative for the ability to have a protein structure and/or template structure 

for the homology modelling. The PDB-file utilised by HOPE would be 100% identical to 
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the submitted sequence, whilst also analysing the structure for analysis according to the 

resolution, experimental method of acquisition and the length of protein covered in PDB. 

Homology modelling between the variant and the provided sequence is performed 

utilising the Twinset version of YASARA (Krieger et al., 2002), containing automatic 

homology modelling script having the only input requirement being the sequence. WHAT 

IF web services (Hekkelman et al., 2010) are utilised for the analysis of the structure of 

the protein of interest. In the absence of a 3D structure or a modelling template, HOPE 

must base its conclusions off of sequence related data instead of structural information. 

UniProt is utilised for acquisition of features which can be mapped onto the sequence. 

This information includes the location of transmembrane domains, active sites, secondary 

structures, mofits, domains, sequence variants along with experimental information.  

The data obtained from multiple sources are stored on the PosrgreSQL database 

system. The same sequence obtained from different sources such as those from UniProt 

and PDB, might have some variation between one another. For instance, sequences from 

UniProt tend to include the signal peptide, whilst PDB lacks this information. For this 

reason, the acquired sequences are aligned utilising ClustalW on the database. Examples 

of the data-type of the protein features stored in the system include; contacts, variable 

features, fixed features and variants. Contacts describe the interaction of a residue with 

another component exemplified by ligands and different bonds. Variable features include 

those of which have a value, exemplified by torsion angle. Fixed features may be 

exemplified via residues located within a domain or motif. Variants refer to mutations or 

variations within a sequence at a known position, being exemplified by splice site 

variants, SNPs, ect. Any request is stored on disk for the duration of a month, to ensure 

that should a similar request be submitted, the information is prepared. Monthly, each 

system is scrapped to ensure that results are not issued on out-dated information. 

The scheme of which HOPE makes decision utilises all collected information in 

combination with previous knowledge about wild-type and mutated amino acid 

properties. Such properties include charge, size and hydrophobicity, amongst others 

which enable the prediction of the effect of the variant on the protein’s structure and 

function. This scheme can be split into six (6) analyses, and hence their corresponding 

six (6) outputs with respect to the effect the variant has on the residue, these include: 

Contacts; structural domains; modifications; variants; conservation; and amino acid 

properties. These six aspects are concluded by HOPE separately. The information utilised 
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by HOPE may be acquired from several sources such as DAS-server and UniProt. HOPE 

is trained to identify that data generated through experimentation and calculations based 

on 3D coordinates may be more accurate than in-silico models predict, hence tanking the 

information according to source and utilising the most accurate source. The ranking is 

performed having WHAT IF calculations preferred, seconded by UniProt annotations and 

finally DAS predictions.  

Currently HOPE is useful and reliable for the analysis of point mutations, as this 

website does not currently address more complex submissions. Some results provided by 

HOPE may result from the simple combination of calculation, literature data and general 

knowledge of the protein’s structure-function relationship.   
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2.12.13 Dynamut2 

The initial DynaMut web server was described by Rodrigues et al., in 2018 as the 

‘dynamic component to mutation analysis’. DynaMut implements the computational 

approach of normal mode analysis (NMA). NMA is utilised for the generation of possible 

motions, hence allowing valuable insight into the motion of proteins, and hence their 

conformation. The integration of NMA in DynaMut was established due to studies 

providing the utilisation of NMA for protein structure analysis including functional 

relationships (Grant et al., 2006) and prediction of the effects of SNVs on protein stability 

(Frappier & Najmanovich, 2014). DynaMut implements and integrates previously well-

established normal mode approaches (NMAs) with their developed graph-based 

signatures allowing the prediction of protein stability amongst variation (Rodrigues et al., 

2018). The integration of NMAs in DynaMut is via two different approaches being Bio3D 

(Grant et al., 2006) and ENCoM (Frappier & Najmanovich, 2014). These two integrations 

to DynaMut provide rapid and simplified access to protein motion analysis. In addition, 

this web server also enables the analysis of a variant’s impact on a protein’s stability and 

dynamics via the resulting vibrational entropy changes. The integration of these two 

contrasting approaches along with the combination of additional well-established 

methodologies and wild-type residue characteristics allows DynaMut to provide an 

accurate assessment. DynaMut2 varies from the previous version DynaMut on two 

accounts; the input type and the processing time (Rodrigues et al., 2021).  

Taking the above into consideration, DynaMut was trained on 2297 randomly 

selected variants taken from a previously established S2648 dataset (Dehouck et al., 2009; 

Pandurangan et al., 2017; Pires et al., 2014a; Pires et al., 2014b) having been derived from 

the ProTherm database (Kumar et al., 2006). The above-mentioned dataset includes 2648 

different SNVs in 131 globular proteins having experimentally determined original 

structure as well as variant protein stability. A blind set was also compiled from the S2648 

dataset, having been previously utilised in literature (Dehouck et al., 2009; Pandurangan 

et al., 2017; Pires et al., 2014a; Pires et al., 2014b), hence enabling the comparison of 

method performance for variants impacting folding and free energy. These datasets have 

been reported for comparisons in performance with regards to the prediction of changes 

in free folding energy (G) (Khan & Vihinen, 2010; Potapov et al., 2009; Thiltgen & 

Goldstein, 2012). DynaMut considers a hypothetical reverse mutation, whereby the G 

of a variant from the wild-type to the mutant should be equivalent to the negative G of 
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the reverse (the mutant to the wild-type protein) (Pandurangan et al., 2017; Pires & 

Ascher, 2016; Pires & Ascher, 2017; Thiltgen & Goldstein, 2012). The predictive model 

of DynaMut was trained including the hypothetical reverse mutation utilising 4594 

variants and the blind test utilised 702 SNVs. DynaMut combines the effects of variants 

on protein stability, G and dynamics, via Bio3D, ENCoM and DUET. These datasets 

were supplied as evidence for the training using Random Forest algorithm from the 

Python library. The combination of these predictors allows an optimised and vigorous 

predictor. DynaMut2 in comparison to the previous version, does not utilise the 

previously published dataset, to minimise uncertainty pertaining to quality and biological 

significance of the modelled variant. The final dataset hence comprised 4633 variants 

(Rodrigues et al., 2021). The dataset for multiple point mutations utilised 1323 entries 

from ProTherm, however the majority of these entries comprised double and triple 

mutants, hence the final dataset comprised 1098 entries having been randomly split into 

training and test sets of 872 and 227 entries respectively (Rodrigues et al., 2021). Changes 

in Gibbs free energy of folding can occur due to various factors. Therefore arpeggio (Jubb 

et al., 2017) is utilised for the calculation of the quantity of hydrophobic contacts in the 

wild-type residue and contact potential scores taken from AAINDEX database 

(Kawashima & Kanehisa, 2000). The random forest was further utilised in the updated 

version (DynaMut2) for the prediction of G for both the single and multiple mutation 

predictor (Rodrigues et al., 2021).  

DynaMut may be utilised by end users for the analysis of protein dynamics and/or 

the effect of SNVs on protein dynamics and stability. The input for the two types of 

analysis varies. The input for the analysis of the SNVs effect on protein dynamics and 

stability is that of protein structure via PDB format file or the PDB four-letter accession 

code. Protein dynamics analysis can be performed via the input of two input options. The 

‘single mutation’ option utilises a PDB file or accession code, the SNV specified via a 

string of the wild-type residue one-letter codes, the corresponding residue number and 

the variant residue one-letter code. The ‘mutation list’ option requires the input of a file 

containing numerous variants for batch processing. Both of these inputs require the end-

user to specify the chain identifier pertaining to the variant. DynaMut2 on the other hand 

can be utilised in 3 different ways, in comparison to the previous two analyses allowed 

on DynaMut. DynaMut2 predicts the G for single point mutations, multiple point 

mutations, along with the analysis of protein dynamics according to NMAs (Rodrigues et 
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al., 2021). For the additional prediction allowed in the updated version of multiple 

mutation analysis, the input as in the ‘single mutation’ is required, along with commas 

separating one mutation from another (Rodrigues et al., 2021).  

The prediction of effect of single point mutation was evaluated via the Pearson’s 

correlation coefficient. The results for Pearson’s correlation and the non-redundant 

independent test set outperformed all other methods compared (DynaMut1, SDM, 

mCDM, DUET, ENCoM, Maestro, I-mutant and MUpro). The performance of the 

stabilising and destabilising mutations were further analysed independently, due to the 

natural imbalance between these two groups. The resulting Pearson’s correlation result 

(0.62 and 0.51 respectively) was also reflected by DynaMut2’s ability to correctly classify 

stabilising and destabilising variants, further outperforming previous approaches 

(Rodrigues et al., 2021). DynaMut2 was also investigated in terms of potential bias to 

predictive performance, hence being tested on the O2567 dataset (Caldararu et al., 2020). 

DynaMut2 resulted in significantly higher performance in comparison to other 

approached with respect to mutations on buried residues. Small deterioration was 

identified with regards to mutations on exposed residues, however still comparable to 

alternative approaches (Rodrigues et al., 2021). DynaMut2 has shown to outperform other 

methods for prediction of changes in stability caused by single point mutations 

(Rodrigues et al., 2021). DynaMut2 is also significantly faster than its precursor 

DynaMut, enabling a shorter turnover rate for larger analysis and structures.  

 

2.12.14 MetaDome 

 

MetaDome was first described by Wiel et al., in 2019 as a freely available web 

server utilising the creator’s concept of meta-domains for the utilisation of population-

based and pathogenic variation datasets information without the requirement of a 

bioinformatics intermediary. MetaDome was initiated due to the findings of Wiel et al., 

in 2017 who further elaborated the concept of homologous proteins via multiple sequence 

alignment for the location of equivalent positions between protein sequences. They 

integrated this application for homologous Pfam protein domain relationships within the 

human genome. Through this integration, they identified that 71-72% of deleterious 

missense variants from HGMD and ClinVar are found within regions translated to a Pfam 
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protein domain. This further lead to the observation that pathogenic variants found within 

comparable domain positions tend to be paired with the absence of population-based 

variation, and vice versa (Wiel et al., 2017). Due to these findings, the utilisation of 

variant information for homologous protein domains was termed “meta-domains”. Thus, 

the initiation of the concept to enable easy access to this information towards the genetic 

community, allowing the creation of MetaDome. MetaDome processes the gene input, 

with the choice for transcript selection and provides protein domain and pathogenic 

variant annotation whilst generating a ‘tolerance landscape’ for the resulting proteins 

from the gene input, aiding in the visualisation of regional tolerance to genetic variation. 

This web server also utilises homologous protein domain regions for the aggregation of 

population based as well as pathogenic variants identified across the genome which have 

been aligned at the same position for the domain in the specified gene of interest.  

The below description of MetaDome was extracted from Wiel et al., 2019. 

MetaDome was developed in Python v3.5.1 (Rossum, 2012) using the Flask 

framework v0.12.4 (Ronacher, A., 2010) for the web server. The software’s architecture 

is based off of the domain-driven design paradigm (Evans, 2004).For the smooth 

deployment of MetaDome the application is containerised via Docker v17.12.1 for 5 

facets; (i) the flask application, (ii) PostgreSQL database for the storage of mapped 

databases, (iii) Celery task queue management for the facilitation of larger tasks, (iv) 

Redis for the storage of the results and finally (v) RabbitMQ for the mediation between 

clients and workers. MetaDome utilises population and clinically relevant SNVs acquired 

from genetic variation databases. GnomAD was used for the acquisition of population 

variation via the selection of all synonymous, nonsense and missense variants passing the 

PASS filter criteria (Lek et al., 2016). ClinVar was utilised for the acquisition of 

pathogenic variants. MetaDome uses an auto-generated and storage for the complete 

mapping of genomic, protein position and all domain annotations in a PostgreSQL 

database. These maps are created for each protein-coding translation within the 

GENCODE Basic set for human canonical and isoform Swiss-Prot protein sequences via 

Protein-Protein BLAST (Camacho et al., 2009). Sequences excluded from the database 

were those missing a start and stop codon and sequences resulting as unidentical between 

cDNA and GENCODE translation. The formulated database also tabulates the transcript 

information, retaining global information on genes having identical sequence matches 

within Swiss-Prot. For each identical match between translation and Swiss-Prot, 
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alignment of the two sequences via ClustalW2 is performed. Furthermore, each 

nucleotide’s genomic position is mapped onto the protein position, tabulated, and stored. 

The annotation tools utilised in MetaDome are InterProScan (Finn et al., 2017) and Pfam-

A (Finn et al., 2016).  

Meta-domains utilised by MetaDome refer to homologous Pfam protein domains 

being annotated via InterproScan consisting of at least two homologous within the human 

genome. Multiple Sequence Alignments are generated via a three (3) step process; (i) all 

sequences for the domain instances are retrieved, (ii) the Pfam HMM corresponding to 

the Pfam identifier annotated by InterproScan are retrieved and (iii) HMMER (Finn et al., 

2015) is utilised to align the sequences. The resulting file produced from the above 

process is retrieved by the MetaDome web server whenever a user requests meta-domain 

information for any position of interest. The file is used via the previously described 

mapping database to obtain the corresponding genomic position for each residue. the 

corresponding GnomAD and/or ClinVar variation is retrieved using the genomic position 

acquired previously. Genetic tolerance is computed via the nonsynonymous over 

synonymous ratio. This score is based on the observed missense and synonymous 

variation within GnomAD and is further corrected for sequence composition by 

accounting for the background possible missense and synonymous variants according to 

the codon table.  

MetaDome can be utilised for the annotation of positions in a protein or in a 

protein’s domain. Thus, the server requires access to genomic positional information 

along with protein sequence and protein domain information. This can be acquired via 

the mapping of GENCODE gene translations to UniProtKB/Swiss-Prot entries. This 

mapping occurs per-position and in correspondence to protein domains or genomic 

regions. For the creation of the mapping database 19728 human genes were linked to 

33492 Swiss-Prot human canonical or isoform sequences. Every protein-coding transcript 

was incorporated into the database, hence resulting in 3334 Pfam domains.  

MetaDome server hence allows the combination of resources and information 

from various fields including genomics and proteomics for a greater population and 

pathogenic variation analysing power via the transposition of these variants to 

homologues protein domains. This information transfer is achieved through per-position 

mapping between GENCODE and Swiss-Prot databases. MetaDome is particularly 
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effective if a requested variant is present within a protein domain having homologues. 

MetaDome increases the resolution of genetic tolerance at a single amino acid via the 

variation aggregation over protein domain homologues. MetaDome further allows the 

identification of variants which affect protein domain functionality by being annotated 

through the whole human genome, thus identifying potentially disease-causing variants. 

It is important to note regarding the aggregation of genetic variation in this manner, leads 

to the loss of specific context including haplotype information and/or interactions with 

other proteins. Aggregation performed in MetaDome via meta-domains only encapsulates 

general biological/molecular functions attributed to the domains.  

 

2.12.15 Missense3D 

 

Missense3D was first described by Ittisoponpisan et al., in 2019 as an online 

application to an inhouse pipeline for the structural assessment of missense variants. 

Missense3D answers the question of whether predictions provided by in silico models are 

obtained utilising 3D models similar to experimental models, and accounts for the 

accuracy of these models. To achieve this, stereochemical effects resulting from missense 

variants via PDB coordinates are compared to homology-predicted structures being 

generated via a range of sequence identities between queries and templates.  

The below described intricacies of Missense3D functionality was adapted from 

the original paper by Ittisoponpisan et al., in 2019.  

The first step of the Missense3D pipeline includes the data compilation, whereby 

606 human protein structures were obtained from MolPorbity top8000 database of high-

quality coordinates. 1965 deleterious missense variants and 2134 neutral obtained from 

Humsavar, ClinVar and ExAC were mapped onto the previously obtained structures. 

Prior to the release of Missense3D, the authors describe using Phyre2 to yield 54% of the 

human proteome residues confidently by predicted models (Ittisoponpisan et al., 2019). 

The next step in the pipeline is the prediction of models based on the previous maps using 

Phyre2. A mutant structure is then generated from the wild-type coordinates utilising 

SCWRL2 (Krivov et al., 2009). Side chains of the target residue and those of any residue 

within 5Å from the target residue were excluded from the coordinates. The excluded side 

chain of the target residue was replaced via the mutant side chain. The mutant coordinates 
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were generated via the reintroduction of the neighbouring residue’s wild-type side chains, 

and further repackaged via SCWRL4. Structural analysis between the mutant and wild 

type structures is then performed as a final step of the pipeline to identify whether the 

substitutions structural consequence is expected as damaging in terms of stability of the 

protein, or otherwise. 17 features were considered for the structural analysis, in 

accordance with well-established principles of protein conformation and studies on 

structural consequences of disease-associated substitutions (Al-Numair & Martin, 2013; 

Bhattacharya et al., 2017; Gao et al., 2015; Kucukkal et al., 2015; Yue et al., 2005; Yue 

et al., 2006). To correct for any errors in modelling via SCWRL4 and within the predicted 

structure, 1 Å was added to the standard distances on three structural features using 

distance (including hydrogen, disulfide bonds and salt bridges). These 17 features 

include; disulphide bond breakage; buried proline introduced; clashes; buried hydrophilic 

introduced; buried charge introduced; buried charge switch; alteration to secondary 

structure; replacement of a buried charge; disallowed phi/psi; buried glycine replaced; 

buried H-bond breakage; buried salt bridge breakage; cavity altered; buried/exposed 

switch’ Cis Pro replaced; glycine in a bend; exposed hydrophobic introduced.  

A true positive (TP) (in Missense3D) is a disease-associated variant having been 

identified as damaging structural impact. This was selected since the features are designed 

to identify a large disruption in the folded structure. On the other hand, a false positive 

(FP) was identified to be a neutral missense variant resulting in structurally damaging via 

the pipeline’s analysis. The true positive rate (TPR) is lacking as it does not take into 

consideration a missense variant which may result in disease via affecting features such 

as residues critical for function, or ligand binding. The false positive rate (FPR) on the 

other hand is likely to be overestimated due to structurally damaging proteins may not 

necessarily result in disease should the corresponding gene be non-essential or 

haplosufficient. Additionally, some missense variants may also be disease associated, but 

not yet identified, hence resulting in the overestimated FPR. Internal analysis was 

performed on each of the 17 previously mentioned features and their ability to distinguish 

between disease-associated and neutral variants, according to the fraction of the TPR over 

FPR. The feature cis pro replaced was identified as not significant despite having a good 

TPR to FPR ratio due to few observations limiting the tests power – having proline cis 

peptides being rare within proteins (Jabs et al., 1999) and only 7 disease-associated and 

4 neural within the training dataset. The feature ‘exposed hydrophobic introduced’ was 
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also proved not to be effective for the identification of structural disease variant alerts 

having a TPR/FPR of 0.6. The most effective feature was found to be the ‘breaking a 

disulfide bond’ having a TPR/FPR of 25.3. Manual inspection was followed for the 

features results to further confirm reliability. Introducing a proline buried residue also 

showed to be a highly discriminating feature between disease-causing missense variants 

and neutral missense variants. Overall, 40.1% of the disease-associated and 11.4% of the 

neutral variants were identified to have at least 1 out of the 16 structurally damaging 

changes. When compared to FoldX (Van Durme et al., 2011), the overall TPR was the 

same, however the mutants generated by FoldX had a greater FPR, hence having a poorer 

TPR/FPR ratio. More than 91% of the variants were predicted to have similar effects 

regardless of the tool utilised; SCWRL4 or FoldX.  

Rare, common, and unknown neutral missense variants’ structural consequences 

were analysed based on their minor allele frequencies (MAF). Out of which 273 were 

common, 1150 were rare and 311 were unknown (according to MAF). The resulting FPRs 

for the respective groups were 5.9%, 11.6% and 15.8% respectively, whilst when run via 

SIFT resulted in substantially higher FPRs: 29.3%, 48.2% and 51.1% respectively. This 

false positive rate could be attributed towards the chance that many rare variants are 

currently assigned as neutral but may prove to be disease associated (Cirulli & Goldstein, 

2010; Ittisoponpisan et al., 2017). The same may apply for variants considered having 

uncertain clinical significance, resulting in a possible association to disease manifestation 

(Ittisoponpisan & David, 2018).  

As previously mentioned, the above-described pipeline for the structural analysis 

of missense variants was made freely available in the format of a web server Missense3D. 

This web server has two possible inputs; the position on the protein sequence or the 

position on the 3D structure. For the first input type of position on protein sequence, the 

user must provide the UniProt ID of the query protein along with its amino acid position 

on the protein sequence, the wild-type residue and its substitution. The PDB coordinate 

file and chain identifier should be specified. With this input, Missense3D can 

automatically generate the UniProt to PDB residue mapping. The second input type 

requires the user to upload a 3D coordinate file by either PDB code specification or a 

coordinate set. Following this, the amino acid position on the 3D structure, the wild-type 

residue, substitution, and chain identifiers within the 3D coordinate file is specified. 

Although Missense3D accepts predicted models from any server, it does not guarantee 
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correct mapping of a residue having sequence-based numbering onto coordinates. The 

resulting report generated by Missense3D includes a breakdown of the structural features 

changes thought to be damaging brought about by the substituted amino acid. The web 

server has a turnaround time of around 3 minutes. Missense3D is designed to model 

structural consequences of missense variants, in comparison to readily available global 

conformation of protein structure prediction server, including Phyre2. Therefore, 

Missense3D Is able to quantitatively describe the potential of structurally damaging 

missense variants in both homology-predicted and experimental structures. A limitation 

to Missense3D is the lack of comparison between Phyre2 results and other modelling 

servers such as I-Tasser (Yang et al., 2015) and Rosetta (Ó Conchúir et al., 2015). 

Missense3D does not take into consideration the disruption of protein-protein, protein-

DNA and protein-small ligand interactions.  

2.12.16 Aminode 

 

Aminode is a webtool developed by Chang et al., 2018 to aid in the routine and 

rapid inference of evolutionarily constrained regions (ERCs). Aminode is pre-loaded with 

analytical results from comparison of the whole human proteome to the proteome of 62 

vertebrate species. This webtool allows the immediate search and download of the 

relative rate of amino acid substitution and ERC maps of human protein profiles.  

 Aminode performs comparative analysis of multiple protein homologues in the 

context of evolutionary relationship to calculate the relative amino acid substitution rate 

of protein and further analyse ERCs. The input available includes the amino acid 

sequence of protein homologues and the phylogenetic tree describing the evolutionary 

relationship. The analysis of the human proteome can be via two routes: (1) a pre-

computed analysis allowing the retrieval of the human proteome cross-analysed with 62 

vertebrate species available in the Ensembl genome browser. Or (2) custom analysis via 

the submission of a protein’s amino acid sequence and (optionally) their phylogenetic tree 

allowing ERCs identification via customisable parameters. 

 The multiple sequence alignments are obtained from Mutalin (Corpet, 1988), and 

sequences containing gaps in >50% of aligned proteins are eliminated. The Hartigan 

algorithm builds the framework for the best fit calculation of a given tree according to the 

maximum parsimony approach (Hartigan, 1973). For each position in the multiple 
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alignment, a substitution score (SS) is calculated as the sum of all node substitution scores 

at that position. The SS number divided by the number of informative sequences provides 

a relative substitution score. For the execution of the human proteome analysis, the 

protein sequence and phylogenetic tree of 63 species were downloaded from the Ensembl 

genome browser.  

 Results issued by Aminode contain evolutionary constrained region analyses for 

human proteins having a minimum of two (2) vertebrate orthologs annotated in Ensemble. 

The pre-generated output provided by Aminode are a visual representation of the relative 

rate of amino acid substitution. This is visualised by a line plotted over the multiple 

sequence alignment. Local minima are indicative of regions having low rates of 

substitution relative to the surrounding protein regions. Local maxima are indicative of 

regions having high rates of substitution. Hence, valleys in the resulting graph are 

representative of regions being more evolutionarily constrained than regions in the peaks. 

The predicted ERCs are marked by yellow bars above the multiple sequence alignment.  

 

2.12.17 VarSEAK 

VarSEAK is a variant interpretation software available online and as a 

downloadable software which allows the interpretation of variants, particularly splice site 

variants. This software was developed by JSI medical systems GmbH, having the latest 

ReadMe version 2.1 released in February 2022. The splice site prediction algorithm was 

trained on a dataset adapted from P Pollastro & Rampone, 2003 and P Pollastro & 

Rampone, 2002 consisting of approximately 200,000 splice sites adapted from GRHCh37 

and 300,000 false splice sites adapted from HS3D dataset. This resulting combined 

algorithm was further validated for accuracy utilising the dataset described by Leman et 

al 2018. Only GT-splice sites were considered for 5’ splice sites whilst the much rarer 

GC-splice sites will always receive the class 3 (unknown splicing effect) if they have a 

likelihood of being affected by a variant and a class 1 if they are unaffected by the GT 5’ 

donor splice site rules. Within this dataset, the splice site prediction algorithm has a 

96.41% accuracy.  
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The information required for the processing of variants are; 

• The Gene. 

• The transcript (should no transcript be given, the longest transcript for this gene 

will automatically be used). 

• The variant being either; 

o c.-HGVS nomenclature. 

o Sequence (20-150 bases having the variant in the centre). 

VarSEAK results can be divided into 7 sections: 

• General information pertaining to the gene, transcript and the variant including the 

chromosome, strand, start and end position, exon number and cDNA length.  

• Sequence graph and legend – the HGSV nomenclature along with critical authentic 

and/or potential splice sites (marked with triangles). Cryptic splice sites are 

highlighted in pink. If no splice sites are identified within 30 bp of the variants, the 

up/downstream variants are also flagged.  

• The overall predicted splice site class is always the highest occurring class 

resulting from both 3’ and 5’ splice sites; 

o Class 1 – no splicing effect.  

o Class 2 – likely no splicing effect. 

o Class 3 – unknown splicing effect. 

o Class 4 – likely splicing effect 

o Class 5 – Splicing effect. 

• Relevant splice site positions with their respective SSP classes and scores. The 

below information is provided for each listed position: 

o Score – predicted non/functionality likelihood of the splice site (-100%-

100%). Splice sites having unknown functionality score 0%.  

o ΔScore (delta score) – difference between the score on the reference 

sequence and the variant sequence splice site.  

o MaxEntScan: The ENT score from MaxEntScan adapted from Yeo & 

Burge, 2003. 

o ΔMaxEntScan: difference between the MaxEntScan on the reference 

sequence and the variant sequence splice site. 

• Prediction details corresponding to both the 5’ and 3’ splice sites.  
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• Public database information including the rs Number, varSEAK classification, 

ClinVar clinical significance, and GnomAD AF.  
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Chapter 3 – Results 

 

3.1 Clinical phenotype of the proband under investigation 

 

The proband under investigation is a 24-year-old Caucasian male, who was diagnosed 

in infancy with complex cyanotic congenital heart disease. He is the second in a sibship 

of three offspring born to non-consanguineous Caucasian parents. He was born by normal 

vaginal delivery following an uneventful term pregnancy. No delay in early motor, 

cognitive or developmental milestones were recorded. He exhibited typical growth and 

development in infancy and childhood having weighed 5.6 kg, 64cm length and 39cm 

head circumference at 2 ½ months and 6.7kg, 63.5cm length and 63.5cm head 

circumference at 4 months. No relevant family history related to congenital 

cardiovascular defects was reported. Echocardiography at 2 months old revealed 

dextrocardia and situs inversus with double outlet right ventricle and subpulmonary 

stenosis having a 4m/s gradient.  Just under the age of 2 years the proband underwent his 

first intervention. This involved intracardiac exploration on cardiopulmonary bypass with 

the insertion of a 5mm left-sided modified Blalock-Taussig (LMBT) shunt from the 

brachiocephalic artery to the left pulmonary artery as a palliative procedure plan for 

potential eventual biventricular repair. Following this intervention, the spontaneous 

improvement of subpulmonary stenosis was observed, along with the subsequent 

development of pulmonary hypertension and Eisenmenger physiology. In addition to the 

complex congenital heart defect described above, the proband was also diagnosed with 

advanced secondary open angle glaucoma at the age of 17 years as well as secondary 

hypertrophic osteoarthropathy (HOA) at the age of 20 years. HOA is characterised by 

fibrovascular proliferation driven by hypoxia triggered growth factors manifesting as 

disabling arthralgia and arthritis, digital clubbing and periostitis of tubular bones, usually, 

but not always as a consequence of chronic pulmonary disease. The HOA manifested in 

the proband as recurrent fever of unknown origin, arthralgias, bone pain, recurrent knee 

and ankle effusions and digital clubbing. A graphical summary of the main cardiac, 

skeletal and ocular phenotypes in the proband is provided in figure 3.1.1. The proband is 

under the care of a consultant cardiologist specialising in congenital cardiac diseases in 

adulthood with routine echocardiography and regular follow ups. A list of the proband’s 

medication is provided hereunder. The proband is prescribed several antihypertensive 
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medications including two used specifically for pulmonary hypertension macitentan 

(endothelin 1 receptor blocker) and sildenafil (PDE5 inhibitor). Enalapril and propranolol 

are part of treatment of systemic hypertension whilst colchicine was prescribed with 

targeted relief of bone pain (caused by the HOA). 

• Sildenafil 20mg tds 

• Macitentan 10mg dly 

• Propranolol 20mg bd 

• Enalapril 10mg nocte 

• Warfarin 

• Bumetanide 1mg dly 

• Colchicine 500 µg daily (started 27/5/2022)  

• Glaucoma eyedrops 

• Intermittent iron supplements  

At the time of the proband’s and his family’s self-referral for participation in genetic 

research, no genetic analysis was ever performed on the proband along with the family in 

question. 
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Figure 3.1.1. A graphical summary of the main cardiac, skeletal and ocular phenotypes within 

the proband. The ocular phenotype consists of advanced secondary open angle glaucoma. The 

skeletal phenotype is present within the long bones, graphically represented by the humerus. 

The proband was clinically diagnosed with hypertrophic osteoarthropathy. The cardiac 

phenotypes include double outlet right ventricle (DORV), Pulmonary arterial hypertension, 

Large uncommitted perimembranous ventricular septal defect (VSD), pulmonary stenosis and 

Eisenmenger syndrome. 

 

The self-reported history of the family under investigation can be briefly visualised in the 

pedigree shown below (figure 3.1.2).  

 

Figure 3.1.2. A three-generation pedigree of the family included in this study. The proband 

(subject III.2) has a complex congenital heart defect with DORV and a large VSD and 

Eisenmenger syndrome. No relevant family history was available. This study performed trio-

WES on the proband (III.2), his father (II.5) and mother (II.1).  
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3.2 Variant filtering prioritisation strategy.  

 

The Variant call files (VCF) from the three sequenced individuals were analysed 

using Franklin by Genoox portal. Each VCF was filtered to derive all variants in the 635 

gene panel implicated in CHD, PAH, HOA and situs inversus curated via a systematic 

literature search (Appendix A).  

• A total of 2,075 variants in 427 loci were identified in the proband, of which 1,870 

were SNVs and 205 indels.  

• A total of 2,128 variants in 447 loci were identified in the mother, of which 1,887 

were SNVs and 241 indels.  

• A total of 2,118 variants in 427 loci were identified in the father, of which 1,892 were 

SNVs and 226 indels.  

The above values include all coding/non-coding variants located in exons, exon-intron 

junctions and UTRs detected in the trio within the curated gene panel (Appendix A). 

These values are summarised graphically in figure 3.2.1.  

 

Figure 3.2.1. Pie chart showing the number of variants in the number of genes per individual in 

the trio along with the subdivision of these variants according to sub-type – SNVs or Indels. The 

proband having 2,075  variants present in 427 genes, of which 1,870 SNVs & 205 Indels. The 

mother having 2,128 variants in 447 genes, of which 1,887  SNVs & 241  Indels. The father 

having 2,118 variants in 427 genes, of which 1,892 SNVs & 226 Indels.  
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The sequential variant filtering and prioritisation strategy applied to the trio WES dataset 

split into 6 steps is outlined next. The funnel plot depicted in figure 3.2.2 is a graphical 

representation of the variant filtering strategy outlined next.  

 

Figure 3.2.2. Funnel plot showing the sequential variant filtering prioritisation strategy applied 

to the trio WES dataset. The first step being filtering according to conference having a quality 

and depth of the reads (≥10). The second filter being according to region, including exonic, 

splice donor (+2), splice acceptor (-2), splice region (+3->10), 3’UTR, 5’UTR, upstream and 

downstream, intronic, intergenic, and other. The third filter step being that of effect of the 

variant on protein further sub-filtering the variants according to synonymous, missense, stop 

gain, stop loss, start gain, start loss, frameshift and non-frameshift. The fourth filtering step 

being according to the variant’s aggregate frequency, including those at a value of ≤5% and 

≤1%. The fifth filtering step being according to resulting variant’s mechanism of disease, sub-

categorised according to sensitivity to LOF and sensitivity to missense. And the final filtering 

step being that according to ACMG/AMP classification hence further sub-categorised according 

to the variants’ result as pathogenic/likely pathogenic (P/LP) and Variants of uncertain 

significance (VUS).  
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3.2.1 Step 1: Filtering by Confidence 

 

The first (1st) step consisted of filtering according to call confidence, which was 

sub filtered via quality by depth, thus eliminating any reads having a depth ≤10. The 

addition of this filter allowed the shortlisting of the below variants. 

• In the proband, 2,055 variants in 426 genes were identified, of which 1,857 were 

classified as SNVs and the remaining 198 variants were classified as Indels. 

• In the mother, 2,113 variants were identified in 446 genes, of which 1,880 were 

classified as SNVs whilst the remaining 233 were classified as indels. 

• In the father, 2,040 variants were identified in 420 genes, of which 1,830 were 

classified as SNVs whilst the remaining 198 variants were classified as Indels.  

 

All the consecutive steps of variant filtering are carried over to the next step, so the 

filtering remains applicable from one step to the next and is hence cumulative. 

A subdivision of the detected variants according to genomic regions in each individual is 

shown in figure 3.2.3. 

 

Figure 3.2.1.1. Visual representation of the results gathered from region filtering showing the 

individual results for the proband, mother, and father according to the region filter applied being 

colour coded. The legend on the left side shows the colour coding according to genomic region 

intron (green), exons (red), splice sites (yellow), UTRs (orange) and upstream and downstream 

regulatory regions (grey). 

3.2.2 Step 2: Filtering by Region 

 

In this second (2nd) step, we prioritised variants located in coding (exons) regions 

and variants in canonical splice donor/acceptor regions (±2 bases) along with splice 

region variants (±3 – 10 bases of the canonical splice donor/acceptor). We selected to 

focus on variants within coding or splice regions due to these having a higher likelihood 

of being associated to disease due to; 
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a) A direct functional impact on protein structure, function and/or stability, and  

b) The high level of conservation of coding/splice sites across species and, 

c) The higher relevance of these regions to disease due to their link to protein function 

and disease.  

3.2.3 Step 3: Filtering by Effect 

 

In the third (3rd) filtering step, variants in the coding and splice regions were 

further prioritised to identify protein-altering variants. For each gene, filtering was 

performed with reference to the canonical transcript in the Ensembl database. A 

subdivision of the functional impact of these exonic and splice variants is show in table 

3.2.3.1 and figure 3.2.3.1.  

In all subsequent filtering steps, we retained protein-altering missense variants 

and variants that alter the reading frame (nonsense, frameshift indels and non-frameshift 

indels) due to their likelihood towards clinical relevance over synonymous variants.  

Table 3.2.3.1. Summary of number of variants and the respective number of genes for each 

member of the trio (proband, mother and father) according to the filters; synonymous variants, 

missense variants, stop gain, stop loss, start gain and start loss, frameshift and non-frameshift.  

 Synonymous Missense 

Stop gain, stop 

loss, start gain, 

start loss 

Frameshift & 

non-frameshift 

 Variants Genes Variants Genes Variants Genes Variants Genes 

Proband 574 253 430 220 135 104 143 107 

Mother 571 260 416 225 120 92 129 97 

Father 546 244 854 294 123 98 133 101 
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Figure3.2.3.1. Graphical representation of the 3rd step of the variant filtering algorithm’s 

resulting variants. The bar chart shows the number of variants per person of the trio (Proband, 

Mother and Father) according to the filter of protein altering variants including; Synonymous, 

Missense, Stop Gain, Stop Loss, Start Gain, Start Loss, Frameshift and non-frameshift.  

 

3.2.4 Step 4: Filtering by Allele Frequency 

 

In the fourth (4th) filtering step, a frequency filter was implemented. Frequency 

filtering aims to shortlist and prioritise genomic variants that are absent or found at very 

low frequency in reference genomic datasets that are derived from large-scale population 

genomic research initiatives, such as GnomAD or 1000 genomes project. The rationale 

for selecting rare variants is further supported by the hypothesis of this research, which 

aims at the investigation of a possible monogenic/Mendelian aetiology in the proband. 

Rare de novo deleterious variants can theoretically drive the development of CHD 

phenotypes as observed in the family under investigation. The aggregate datasets used are 

described in the methods. Two frequency filters were applied in succession: an aggregate 

frequency ≤5% and an aggregate frequency of ≤1%. The number of variants stratified by 

effect and frequency threshold is show in table 3.2.4.1 and figure 3.2.4.1. 
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Table 3.2.4.1 Summary of number of variants and the respective number of genes for each 

member of the trio (proband, mother and father) according to the selected filters; Aggregated 

frequency ≤5%, Aggregated Frequency ≤1%, Aggregated Frequency ≤5% Missense Variants, 

Aggregated Frequency ≤5% stop gain, stop loss, start loss, start gain variants and Aggregated 

Frequency ≤5% frameshift and non-frameshift  variants.  

 Allele 

Frequency ≤1% 

Allele 

Frequency ≤5% 

Missense 

Variants 

Allele 

Frequency ≤5% 

stop gain, stop 

loss, start loss, 

start gain 

variants 

Allele 

Frequency ≤5% 

frameshift and 

non-frameshift  

Variants 

 Variants genes Variants genes Variants genes Variants genes 

Proband 33 20 53 35 14 13 15 14 

Mother 26 25 47 41 10 10 11 11 

Father 31 17 45 31 9 7 10 8 

 

 

Figure 3.2.4.1 Graphical representation of the 4th step of the variant filtering algorithm’s 

resulting variants. The bar chart shows the number of variants per person if the trio (proband, 

mother and father) according to the filter of aggregated frequency at ≤1% along with the 

respective previous protein altering variant filter and at ≤1%.  
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3.2.5. Step 5: Filtering by Mechanism of Disease. 

 

In the fifth (5th) sequential filtering step, we applied gene-level rules to assess the 

sensitivity of a gene to missense variation or LOF. Gene sensitivity to LOF describes how 

a gene responds to mutations thus result in loss/reduction of the encoded protein function. 

Gene sensitivity to missense variants refers to the degree of which its function is affected 

by single amino acid changes. Genes vary in their tolerance to variants that reflect their 

biological role. The sensitivity to LOF filter is based on the gene constraint metric of 

observed/expected ratio in GnomAD. Genes are shown if pLoF o/e (observed/expected 

ratio) upper score <= 0.35, or if their pLI (probability LOF intolerance) score >0.9, whilst 

the sensitivity to missense filter is based on the gene constraint metric of o/e in GnomAD. 

Genes are shown if missense o/e upper score <= 0.35. Gene missense sensitivity is defined 

as missense variation in a gene with a low rate of benign missense variants and for which 

missense variants are a common cause of disease. Unlike the previous filters where 

typically the number of variants and genes do not overlap and are independent between 

filters, for sensitivity to LOF and missense, variants and genes may overlap in both 

situations. The number of variants stratified according to mechanism of disease can be 

visualised in the below table 3.2.5.1 and figure 3.2.5.1. 

Table 3.2.5.1. Summary of number of variants and their respective genes for each member of 

the trio (proband, mother and father) according to the filters selected; Mechanism of disease 

subcategorised into the Sensitivity to LOF and Missense, Sensitivity to LOF alone and 

Sensitivity to Missense alone.  

 
Mechanism of 

Disease: Sensitivity 

to LOF & Missense 

Mechanism of 

Disease: Sensitivity 

to LOF 

Mechanism of Disease: 

Sensitivity to Missense 

 Variants Genes Variants Genes Variants Genes 

Proband 22 17 22 17 1 1 

Mother 21 20 21 20 0 0 

Father 13 11 13 11 0 0 
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Figure 3.2.5.1. Clustered bar chart showing the 5th step of the variant filtering algorithm. The 

bar chart shows the number of variants per person in the trio (proband, mother and father) 

according to the filter of mechanism of disease subcategorised into the Sensitivity to LOF and 

Missense, Sensitivity to LOF alone and Sensitivity to Missense alone. 

3.2.6 Step 6: Filtering by ACMG/AMP classification 

 

The sixth (6th) and final step of the variant filtering strategy is that of ACMG/AMP 

classification, whereby the variants are selected according to their attributed ACMG/AMP 

classification ranging from pathogenic/likely pathogenic (P/LP), benign/likely benign 

(B/LB) and variants of uncertain significance (VUS).  

One (1) variant in one (1) gene (BMPR2 NM_001204.6 p.Arg491Trp) was 

identified in the proband and ranked as pathogenic according to ACMG/AMP criteria. 

This variant was detected in the monoallelic (heterozygous) state and was absent in the 

parents, and thus was considered de novo. The functional impact of this variant is outlined 

in section 3.4.1 below. Table 3.2.6.2 summarise the key features of this variant. 

In addition to the pathogenic BMPR2 p.Arg491Trp missense variant, four (4) VUS 

were also shortlisted in the proband. These are: 

• RLF NM_012421.4 p.Arg38Cys; 

• AHSA1 NM_012111.3 c.691-10_691-9delTT; 

• GNAQ NM_002072.4 c.736-6_736-5dupTT; 

• KLHL3 NM_017415.3 c .527-9_527-8delTT  
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These variants in AHSA1, GNAQ and KLHL3 are de novo and thus unique to the 

affected proband. The RLF pArg38Cys variant was detected in the heterozygous state in 

both the affected proband and the unaffected mother. The biological significance of these 

shortlisted candidate variants is described in further sections. 

No P/LP variants were identified in the parents. Seven (7) VUS were identified in 

the parents (5 in the mother, 3 in the father) of the proband summarised in table 3.2.6 

below. These VUS were all in the monoallelic state and all except one (RLF p.Arg38Cys) 

were not detected in the affected proband, and hence were not considered further.  

Table 3.2.6.1. Summary of the shortlisted variants for each member of the trio (proband, mother 

and father) according to the filters selected; ACMG/AMP classification according to 

Pathogenic/Likely Pathogenic (P/LP), and Variants of Uncertain Significance (VUS). 

 ACMG/AMP: P/LP ACMG/AMP: VUS 

Proband BMPR2 p.Arg491Trp Variant 1: RLF p.Arg38Cys  

Variant 2: AHSA1 c.691-10_691-9delTT  

Variant 3: GNAQ c.736-6_736-5dupTT 

Variant 4: KLHL3 c .527-9_527-8delTT 

Mother N/A Variant 1: FBN2 p.Ala2761Val 

Variant 2: PBRM1 p.Tyr148Phe 

Variant 3: GLI3 p.Asn1031Lys 

Variant 4: RLF p.Arg38Cys 

Variant 5: EDNRA p.Ile327Met 

Father N/A Variant 1: DCHS1 p.Ala486Val 

Variant 2: CACNA1C p.Ala28Thr 

 

The above-described sequential filtering strategy therefore allowed the 

prioritisation of deleterious variants within the trio WES dataset from all the identified 

variants in all the gene panel, to be funnelled down to the most clinically relevant variants 

in their respective genes being described in respective sections. The below funnel plot 

(figure 3.2.6.1) depicts the above-described variant filtering strategy applied to the 

aggregate data of each individual forming part of the trio. 

Table 3.2.6.2 summarises the variants surviving the filtering prioritisation 

strategy in the trio following the above-described variant filtering algorithm. One variant 

in BMPR2 was classified as P/LP by ACMG/AMP consensus criteria were identified in 

the proband and is therefore considered de novo. No P/LP variants were identified in the 

parents. In the mother and the father, five (5) and two (2) variants respectively classified 

as VUS were identified.  
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Figure 3.2.6.1. Figurative representation of the above figure 3.2.2 variant filtering strategy showing the values resulting at each step for each member of 

the trio; the proband, the mother and the father. Each sequential step from 1 to 6 shows the filtering of the variants according to various factors 

including confidence, region, effect, aggregate frequency, mechanism of disease and ACMG/AMP classification. The values presented in each 

individual’s funnel plots are sequential and represent the variants prioritised at each filtering step.
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Table 3.2.6.2. One variant surviving the above-described filtering prioritisation strategy categorised as pathogenic/likely-pathogenic by the 

ACMG/AMP consensus criteria in the trio. The table shows the properties of the identified variant present only within the proband, including the 

variation type, position, dbSNP, transcript, amino acid change, exon, zygosity, and effect of the variants. The table also shows the prevalence of the 

variants in databases including 1000 genomes, ExAc (all), GnomAD (exomes) and GnomAD (genome).Additional properties presented include 

ACMG/AMP criteria for the classification as P/LP, aggregated and internal frequency and different in-silico predictors along with their values. The 

scores pertaining to the predictions of each in-silico predictor is described in further in the methods and values found in the supplementary material. 

“Del” refers to “deleterious”. 

 

Gene 
Position 

(hg19) 
dbSNP Transcript Aa change Exon Zygosity Effect 

1000 

genomes 

ExAC 

(All) 

GnomAD 

(Exome) 

GnomAD 

(Genome) 
ACMG/AMP 

BMPR2 

Chr2:2034174

96 

rs13785

2746 

NM_00120

4.6 

p.Arg491T

rp 
11 Het Missense N/A N/A N/A N/A 

Pathogenic 

PS4, PM1, 

PP2, PM2, 

PM5, PP3, 

PP5 

Aggregated 

Frequency 

Internal 

frequen

cy 

SIFT Pred 
POLYPH

EN2 Pred 

MUT 

TASTER 

Pred 

MUT 

ASSESSO

R Pred 

FATHM

M Pred 
GERP 

REVEL 

Pred 

PHRED 

CADD 
BayesDel Genocanyon 

N/A N/A Del Del Del Hi Del 4.58 Del 32 

Del 

(Strong) 

(0.56) 

Del (0.94) 
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Table 3.2.6.3  Variants surviving the above-described filtering prioritisation strategy categorised as Variants of uncertain significance (VUS) by the 

ACMG/AMP consensus criteria in the trio. The table shows the properties of the identified variants including the variation type, position, dbSNP, 

transcript, amino acid change, exon, zygosity, and effect of the variants. The table also shows the prevalence of the variants in databases including 1000 

genomes, ExAc (all), GnomAD (exomes) and GnomAD (genome) along with the aggregated and internal frequency along with in silico predictors such 

as Splice AI for the variants found in splice regions and REVEL pred and BayesDel for missense variants. 

 

Gene Position (hg19) dbSNP Transcript AA Nucleotide Exon Zygosity Region 1000 genomes 

RLF Chr1:40627183 
rs1477929

79 
NM_012421.4 p.Arg38Cys c.112C>T 1 Het Exonic 0.000399361 

AHSA1 Chr14:77934394 
rs3498995

6 
NM_012111.3 

c.691-10_691-

9delTT 
6 Het 

Splice 

Region 
N/A 

GNAQ Chr9:80343587 rs5898555 NM_002072.4 
c.736-6_736-

5dupTT 
5 Het 

Splice 

Region 
0.00219649 

KLHL3 Chr5:137013350 
rs1122928

87 
NM_017415.3 

c.527-9_527-

8delTT 
5 Het 

Splice 

Region 
N/A 

 ExAC (All) 
GnomAD 

(Exome) 

GnomAD 

(Genome) 
ACMG/AMP 

Aggregated 

Frequency 

Internal 

Sample 

Count 

Splice AI 
REVEL 

Pred 
BayesDel 

RLF 0.001664236 
0.0017180

84 
0.001435 

VUS - PM2, 

PP2, BP4 
0.001685649 0% N/A 

Benign 

(moderate) 
Benign (supporting) 

AHSA1 0.018350931 N/A N/A VUS - PM2 3.00E-05 4.34% Benign N/A N/A 

GNAQ 0.011886968 
0.0248611

03 
0.003388 VUS - BP6 0.003522065 1.37% N/A N/A N/A 

KLHL3 0.013843614 
0.0219725

89 
0.001161 

VUS - Criteria 

Unmet 
0.001313062 0.45% Benign N/A N/A 
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3.3. Sequential variant prioritisation – Application of Mendelian inheritance 

models 

 

An additional filtering technique was also applied to the trio WES dataset. In 

addition to the sequential steps outlined above, we incorporated analyses according to 

different Mendelian segregation models.  

The following models  were considered: 

a. Autosomal Recessive (AR): The proband/affected individual carries a pathogenic 

variant on both alleles (homozygous) for which both parents are heterozygotes and 

are thus only carriers. No variants were identified having an autosomal recessive 

pattern of inheritance in the trio. 

b. X-linked recessive: A pathogenic variant in a gene on chromosome X causes the 

phenotype to be expressed in males, whilst females must carry the mutation on both 

X chromosomes in order to be affected. No variants were identified having an X-

linked recessive pattern of inheritance in the trio. 

c. X-linked dominant: A pathogenic variant in a gene on chromosome X causes the 

disease in a heterozygous manner. In this case only one copy of the allele is sufficient 

when inherited from a parent having the disorder. No variants were identified having 

an X-linked dominant pattern of inheritance in the trio. 

d. Y linked: A pathogenic variant in a gene on chromosome Y causes the disease and is 

only present in males. No variants were identified having a Y-linked pattern of 

inheritance in the trio. 

e. Compound heterozygous: the proband/individual carries two different heterozygous 

mutations on the same gene, each being inherited in a heterozygous manner from each 

healthy parent. No variants were identified having a compound heterozygous pattern 

of inheritance in the trio. 

f. Autosomal Dominant: The proband/affected individual carries a pathogenic variant 

on a single allele. Commonly only one of the parents is affected, thus also being 

heterozygous for the pathogenic variant. The other parent shows the reference 

genotype. One variant was identified in the trio WES dataset having an autosomal 

dominant pattern of transmission. This is the RLF NM_012421.4 p.Arg38Cys which 

was identified in the heterozygous state in both the mother and the proband. As 
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outlined earlier, the mother was unaffected, hence this substitution variant was not 

considered further.  

g. De novo: A variant that is present only on the proband – not present in any of the 

parents. Four (4) variants were identified in the trio WES dataset having a De novo 

pattern of transmission. These are AHSA1 NM_012111.3 c.691-10_691-9delTT, 

BMPR2 NM_001204.6 p.Arg491Trp, KLHL3 NM_017415.3 c .527-9_527-8delTT 

and GNAQ NM_002072.4 c.736-6_736-5dupTT. One of which (BMPR2) being 

characterised as pathogenic by ACMG/AMP criteria. 

Table 3.3.1 summarises the variants identified in this final step of inheritance modelling.  
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Table 3.3.1. Summary of the variants identified in the trio WES dataset all of which being present in the heterozygous state. The features of the genes 

tabulated include the position of the genes, their dbsNP, transcript ID, amino acid change for missense variants, nucleotide change, pattern of 

inheritance (Autosomal dominant (AD) and de novo, exon and region (splice region or exonic). Additional features for each gene include their presence 

in genomic datasets including ExAc, and GnomAD, along with their ACMG/AMP classification and in silico predictions including the Splice AI for 

splice varaints and REVEL and BayesDel for missense variants. Aggregated frequency is also defined for each variant along with their internal sample 

count, which accounts for ethnically matched controls.  

Gene Position (hg19) dbSNP Transcript AA Nucleotide Inheritance Exon Region 1000 genomes 

BMPR2 Chr2:203417496 rs137852746 NM_001204.6 p.Arg491Tryp c.1471C>T De novo 11 Exonic N/A 

RLF Chr1:40627183 rs147792979 NM_012421.4 p.Arg38Cys c.112C>T AD 1 Exonic 0.000399361 

AHSA1 Chr14:77934394 rs34989956 NM_012111.3 
c.691-10_691-

9delTT 
De novo 6 

Splice 

Region 
N/A 

GNAQ Chr9:80343587 rs5898555 NM_002072.4 
c.736-6_736-

5dupTT 
De novo 5 

Splice 

Region 
0.00219649 

KLHL3 Chr5:137013350 rs112292887 NM_017415.3 
c.527-9_527-

8delTT 
De novo 5 

Splice 

Region 
N/A 

 ExAC (All) 
GnomAD 

(Exome) 

GnomAD 

(Genome) 
ACMG/AMP 

Aggregated 

Frequency 

Internal 

Frequency 

Splice 

AI 

REVEL 

Pred 
BayesDel 

BMPR2 N/A N/A N/A 

Pathogenic PS4, 

PM1, PP2, PM2, 

PM5, PP3, PP5 

N/A N/A N/A Deleterious 
Deleterious 

(strong) 

RLF 0.001664236 0.001718084 0.001435 
VUS - PM2, 

PP2, BP4 
0.001685649 0% N/A 

Benign 

(moderate) 

Benign 

(supporting) 

AHSA1 0.018350931 N/A N/A VUS - PM2 3.00E-05 4.34% Benign N/A N/A 

GNAQ 0.011886968 0.024861103 0.003388 VUS - BP6 0.003522065 1.37% N/A N/A N/A 

KLHL3 0.013843614 0.021972589 0.001161 
VUS - Criteria 

Unmet 
0.001313062 0.45% Benign N/A N/A 
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3.4 Description of identified shortlisted variants. 

 

This section will provide an in-depth description of the shortlisted deleterious 

(ranked as P/LP/VUS) variants in all individuals within the trio. This variant description 

will include a comprehensive analysis of the identified variants including in-silico 

modelling and predictor tools to assess the effect of the individual variants on protein 

structure and stability. 

3.4.1.BMPR2 p.Arg491Trp 

 

The BMPR2 p.Arg491Trp (chromosome 2, position 203417496, C➔T) variant 

was detected in the affected proband in the heterozygous state and absent in both parents. 

This is consistent with a de-novo pattern of transmission.  

The variant is classified as pathogenic according to ACMG-AMP consensus criteria 

based on the following parameters: 

a. PP5 – Classified as pathogenic on ClinVar, associated with Idiopathic and/or 

Familial Pulmonary Arterial Hypertension. The variant has multiple consistent 

submissions on ClinVar, last reviewed January 2024. 

b. PM5 - Alternative substitutions at the same amino acid residue determined to be 

pathogenic. 2 pathogenic alternative variants (p.Arg491Leu and p.Arg491Gln) 

have been described and classified as pathogenic. 

c. PP3 - Multiple lines of computational evidence support a deleterious effect on the 

gene or gene product (conservation, evolutionary, splicing impact. The variant has 

a MetaRNN score of 0.939. 

d. PM1- Located in a mutational hot spot and/or critical and well-established 

functional domain (e.g., active site of an enzyme) without benign variation. The 

variant is located in a domain which is a mutational hotspot, having 17 amino 

acids in total, of which 13 have been described as pathogenic variants, and 4 as 

VUS, with no benign variant. 

e. The variant is absent from GnomAD Genomes and GnomaAD exomes datasets. 

In addition, it has not been detected in other population datasets, including the 

Turkish Variome, Iranome,and GenomeAsia datasets. 
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This gene encodes a member of the bone morphogenetic protein (BMP) receptor 

family of transmembrane serine/threonine kinases. The ligands of this receptor are 

members of the TGF- superfamily. BMPs are involved in endochondral bone formation 

and embryogenesis. These proteins transduce their signals through the formation of 

heteromeric complexes of two different types of serine (threonine) kinase receptors: type 

I receptors of about 50-55 kD and type II receptors of about 70-80 kD. Mutations in this 

gene have been associated with primary pulmonary hypertension, both familial and 

fenfluramine-associated, and with pulmonary venoocclusive disease. 

This de novo missense variant detected in the proband lies in a protein kinase 

domain (residues205-496). The variant lies in an evolutionary conserved region, close to 

residues that are intolerant to variation. The evolutionary conservation of the protein can 

be visualised in figure 3.4.1.1. The tolerance landscape of the protein along with the 

respective domains can be visualised in figure 3.4.1.2. 
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Figure 3.4.1.1.The Multiple sequence alignment shows the first 41 residues of BMPR2 along with the region flanking the variant of interest which is 

highlighted by the green vertical line. The red line depicts evolutionary constraints, with local maxima indicating a protein sequence region having relatively 

low evolutionary constraints, whilst the local minima indicate a protein sequence region with high evolutionary constraints. The orange horizontal bars 

represent the evolutionary constrained regions (ECRs). Figure adapted from aminode.org (Kevin T. Chang, Junyan Guo, Alberto di Ronza & Marco Sardiello. 

Aminode: Identification of Evolutionary Constraints in the Human Proteome. Scientific Reports 8:1357 (2018)). 
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Figure 3.4.1.2. Tolerance landscape of BMPR2 along with the protein sequence. Position 491 is highlighted in green as the wild type R. The far left of the 

figure shows a legend for the heat map further displayed horizontally along the protein sequence. The orange box represents the boundary which is presented 

in the protein sequence shown at the bottom of the figure. Figure adapted from MetaDome (Pathogenicity analysis of genetic variants through aggregation of 

homologous human protein domains Human Mutation. 2019; 1-9. 10.1002/humu.23798).
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Molecular modelling of the BMPR2 p.Arg491Trp was implemented using 

structure derived from the Protein Data Bank (Accession code 3g2f). The wild-type 

Arginine and variant tryptophan amino acids differ in size, charge, and hydrophobicity. 

The charge of the buried wild-type residue is lost by this substitution. The variant Trp 

residue is larger and substitutes a positively charged Arg with a neutral Trp residue. 

Furthermore, the variant Trp is more hydrophobic than the wild-type Arg. 

The wild-type residue forms a hydrogen bond with Glutamic Acid at position 386, 

Glutamine at position 403 and Aspartic Acid at position 485, and a salt bridge with  

Glutamic Acid at position 386 and Aspartic Acid at position 487.The difference in size 

and hydrophobicity alters these interactions. 

A summary of the physiochemical properties of both the wild-type and the variant 

can be found in table 3.4.1.1 below.  

Table 3.4.1.1. Summary of the physiochemical properties of the wild-type amino acid BMPR2 

and the Arg491Trp variant. The physiochemical properties summarised are the clash score, 

residue charge, interactions, salt bridges, and Van Der Waal interactions. 

 Wild type – Arginine 491 Variant – Tryptophan 491 

Clash Score Local clash score 24.10 Local clash score 44.50 

Residue 

Charge 

Buried positively charged residue Uncharged residue 

H-bond 

Interactions 

Arg491 – Glu386 – 3 Angstroms. 

Arg491 – Gln403 – 5.4 Angstroms. 

Arg491 – Asp485 – 7.1 Angstroms. 

Arg491 – Gln486 -9.5 Angstroms. 

Weak H bonds between Trp491 and 

Glu489 and ASP487. 

Salt bridge Arg491 – Asp487 – 3.6 Angstroms. 

Arg491 – Glu386 – 13 Angstroms  

N/A. 

Van Der 

Waal 

interactions 

N/A Hydrophobic Van Der Waal 

Interactions between W491and 

GLN-403 and ALA-488. 
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Figure 3.4.1.3. Figure A (computed via MutPred2) depicts the wild-type Arginine at position 

491 within the BMPR2 protein along with the surrounding interacting amino acids. Figure B 

depicts the variant Tryptophan at position 491 in the BMPR2 protein along with the surrounding 

interacting amino acids. The interactions between the amino acid residues are colour coded 

according to the key. (Pejaver V, Urresti J, Lugo-Martinez J, Pagel KA, Lin GN, Nam H, Mort 

M, Cooper DN, Sebat J, Iakoucheva LM, Mooney SD, Radivojac P. Inferring the molecular and 

phenotypic impact of amino acid variants with MutPred2. Nat. Commun. 11, 5918 (2020)) 
The structural consequences of the BMPR2 p.Arg491Trp variant were explored 

using Missense3D. The substitution is predicted to be structurally damaging based on the 

following three criteria: 

a. Stearic clash. The mutant structure has a MolProbity clash score ≥ 30 and the increase 

in clash score is > 18 compared to the wild type. This substitution triggers clash alert. 

The local clash score for wild type is 24.10 and the local clash score for mutant is 

44.50. 

b. Buried H-bond breakage. The substitution breaks all sidechain / sidechain H-bond(s) 

and/or side-chain / main-chain H-bond(s) formed by the wild type buried residue. 

c. Buried charge replaced. This substitution replaces a buried charged residue (ARG, 

RSA 4.8%) with an uncharged residue (TRP). 

The below figure 3.4.1 4 shows the wild type Arg at position 491 and the mutant 

Trp as predicted by Missense3D. The above-mentioned clash score can be visualised in 

figure 3.4.1.5 showing the different rotamers of the tryptophan variant at position 491 in 

the BMPR2 p.Arg491Trp protein.  



Page 118 of 238 

 

Analysis using the Dynamut2 webserver predicts the substitution to be 

destabilising (ΔΔGStability -1.23 kcal/mol). 

 
Figure 3.4.1.4. In silico model (computed by PyMol) of Arginine in blue and Tryptophan in Red 

at position 491 in the BMPR2 protein. (The PyMOL Molecular Graphics System, Version 3.0 

Schrödinger, LLC). 
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Figure 3.4.1.5. The different rotamers for the mutagenesis of Arginine at position 491 within the 

protein BMPR2 to Tryptophan. The green structure depicts the BMPR2 The red disks represent 

clashes of the mutated residue with the surrounding protein molecule. (The PyMOL Molecular 

Graphics System, Version 3.0 Schrödinger, LLC). 
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Figure 3.4.1.6. Graphical representation of the sequencing data for BMPR2 for the trio participants; proband, mother and father respectively. At position 

491 the Arginine residue can be visualised in the bottom blue bar. The red markers in this area present within the sequence for the proband in 

approximately half of the sequencing reads, consistent with a heterozygous genotype. The yellow vertical bar shows Arginine at position 491 and the 

identified variant in the proband aligned to the mother and the father sequence at the same position. The absence of red markers in the mother and the 

father sequence show that this variant is only present within the proband. Figure adapted from Integrative Genomics Viewer (IGV) (James T. Robinson, 

Helga Thorvaldsdóttir, Wendy Winckler, Mitchell Guttman, Eric S. Lander, Gad Getz, Jill P. Mesirov. Integrative Genomics Viewer. Nature 

Biotechnology 29, 24–26 (2011). A public access version is also available: PMC3346182).  
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3.4.2.GNAQ 

 

The GNAQ gene is responsible for the production of Guanine nucleotide-binding 

protein G(q) subunit alpha (Gq) which is localised in various parts of the cell including 

the cell membrane as a lipid anchor and the Golgi apparatus (Tsutsumi et al., 2009). Gaq 

forms part of the trimeric Guanine nucleotide binding protein (GNBP). Upon activation 

by the GPCR ligand, Gaq releases and binds GDP and GTP simultaneously, dissociating 

from the trimeric protein complex, hence activating further downstream pathways 

including the RAS-MEK-ERK, HIPPO-YAP,5 and, indirectly, mTOR. The upregulation 

of these pathways have been associated to the aberrant endothelial cellular growth and 

function (Comi et al., 2016). 

The variant identified NM_002072.4, c.736-6_736-5dupTT is a double T 

insertion within a poly T tract at intron 5/exon 6 boundary, 5 bases proximal to the 

canonical AG acceptor splice site on chromosome 9. In silico predictors show that this 

duplication does not alter splicing activity at the 3’ acceptor splice site as represented by 

figure 3.4.2.1. The variant has a dbSNP ID rs5898555. The variant was identified in a de 

novo manner within the proband and is classified as a VUS according to ACMG/AMP 

criteria, due to the singular BP6 characterisation, thus being borderline likely benign 

however not fulfilling the criteria. This variant is supported by 4 ClinVar entries ranking 

it as benign.  

. This variant had an internal frequency of 1.37 % in ethnically matched control 

individuals hence further contributing towards the rationale of this variant as benign 

within the affected proband. 

In view of the non-deleterious role of this splice variant, it has been concluded as 

benign and thus having no role in the proband’s phenotype. 
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Figure 3.4.2.1.  In silico splice site variant effect prediction for the GNAQ variant via the tool varSEAK. The variant of interest can be visualised by the red 

highlighted region along with the nucleotide labelling. This variant is a double T insertion within the poly T tract of intron 5, 5 bases away from the canonical 

AG splice acceptor site. The predicted class is 1 relating to no splicing effect. The bottom right shows a legend for all the symbols in the figure. (varSEAK, 

JSI Medical Systems)
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3.4.3.KLHL3 

 

The KLHL3 gene is responsible for the production of Kelch-like protein 3 and has 

been identified within the cytoplasm of animal cells (Louis-Dit-Picard et al., 2012).  

The variant identified NM_017415.3, c c.527-9_527-8delTT is a double T 

deletion within a poly T tract at intron 5/exon 6 boundary, 8 bases proximal to the 

canonical AG acceptor splice site on chromosome 5. In silico predictors show that this 

duplication does not alter splicing activity at the 3’ acceptor splice site as represented by 

figure 3.4.3.1. The variant has a dbSNP ID rs112292887. The variant was identified in a 

De novo manner within the proband and is classified as a VUS according to ACMG/AMP 

criteria, due to not fulfilling any criteria for ACMG/AMP classification the criteria. This 

variant has no ClinVar entries.  

SpliceAI ranked this variant as benign. This variant had an internal frequency of 

0.45% in ethnically matched control individuals whilst also being present at low 

frequency (<1%) within aggregate datasets. 

In view of the non-deleterious role of this splice variant, it has been concluded as 

benign and thus having no role in the proband’s phenotype. 
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Figure 3.4.3.1. In silico splice site variant effect prediction for the KLHL3 variant via the tool varSEAK. The variant of interest can be visualised by the red 

highlighted region along with the nucleotide labelling. This variant is a double T deletion within the poly T tract of intron 5, 8 bases away from the canonical 

AG splice acceptor site. The predicted class is 1 relating to no splicing effect. The bottom right shows a legend for all the symbols in the figure. (varSEAK, 

JSI Medical Systems) 
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3.4.4. RLF 

 

The RLF gene is responsible for the production of the Zinc finger protein RLF 

(rearranged L-myc fusion gene protein) within the nucleus. The protein product is 

responsible for DNA binding and transcription factor activity. (Gaudet P et al., 2011)  

The variant identified NM_012421.4, p.Arg38Cys is a missense variant in exon 1 

on chromosome 1. In silico predictors rank this missense variant as deleterious. The 

variant has a dbSNP ID rs147792979. This variant was classified as pathogenic according 

to ACMG/AMP criteria. The variant was identified in the heterozygous state in the 

affected proband and the unaffected mother whilst being absent in ethnically matched 

datasets.  

In view of the presence of this variant in the unaffected mother and affected 

proband, it is unlikely that this variant is deleterious due to the absence of the phenotype 

in the mother. 

3.4.5. AHSA1 

 

The AHSA1 gene is responsible for the production of activator of 90 kDa heat 

shock protein ATPase homolog 1, an intracellular protein responsible for the activation of 

heat shock proteins.  

The variant identified NM_012111.3 , c.691-10_691-9delTT is a double T 

deletion within a poly T tract at intron 6/exon 7 boundary, 9 bases proximal to the 

canonical AG acceptor splice site on chromosome 14. In silico predictors show that this 

duplication does not alter splicing activity at the 3’ acceptor splice site as represented by 

figure 3.4.5.1. The variant has a dbSNP ID rs34989956. The variant was identified in a 

De novo manner within the proband and is classified as a VUS according to ACMG/AMP 

criteria, due to the PM2 categorisation for ACMG/AMP classification. This variant has 

no ClinVar entries.  

SpliceAI ranked this variant as benign. This variant had an internal frequency of 

4.34% which accounts for ethnically matched control individuals whilst also being 

present at low frequency (<1%) within aggregate frequencies. 
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In view of the non-deleterious role of this splice variant, it has been concluded as 

benign and thus having no role in the proband’s phenotype. 
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Figure3.4.5.1. In silico splice site variant effect prediction for the AHSA1 variant via the tool varSEAK. The variant of interest can be visualised by the red 

highlighted region along with the nucleotide labelling. This variant is a double T deletion within the poly T tract of intron 5, 9 bases away from the canonical 

AG splice acceptor site. The predicted class is 1 relating to no splicing effect. The bottom right shows a legend for all the symbols in the figure. (varSEAK, 

JSI Medical Systems)



Page 128 of 238 

 

Chapter 4 – Discussion. 

 

4.1. Summary of Key Features 

 

 In this study, we have applied trio WES to identify deleterious genome variation 

of a proband with complex cyanotic CHD and Eisenmenger physiology. Using a 

sequential sequencing filtering/prioritisation strategy, a de novo deleterious BMPR2 

missense variant was identified. This variant is implicated in CHD and pulmonary 

hypertension.  

 The genetic aetiology of the proband’s phenotypes (CHD, PAH and HOA) were 

investigated via a trio WES genetic analysis. Out of a 635 gene panel only one variant in 

BMPR2 survived the variant filtering prioritisation strategy. This variant was found in the 

heterozygous state in the affected proband alone (absent in the parents), thus being 

consistent with a de novo pattern of transmission. Consequently, variants in this gene 

have been implicated in embryonic cardiac malformations and are further associated with 

the development of PAH as further discussed below.  

 The proband in question, developed PAH secondary to the CHD, which was 

identified at around 2 years of age. The primary genetic finding reported here - BMPR2 

p.Arg491Trp - is consistent with the clinical diagnosis in the proband. Literature has also 

supported the hypothesis of eventual PAH development in cases having BMPR2 variants 

(Kim et al., 2017). These findings therefore suggest a possible genetic aetiology partly 

driving the PAH phenotype present within the affected proband.  

4.2. BMPR2 p.Arg491Trp  

 

BMPR2 encodes for the bone morphogenic protein II receptor, which forms part 

of the transforming growth factor beta (TGF-) cell signalling family. BMPR2 is a single 

pass type I membrane protein. The protein kinase domain at which the mutation at 

position 491 is present is cellularly found within the cytoplasm. The BMPs were first 

discovered in rats as factors involved in the induction of ectopic cartilage formation 

(Miyazono et al., 2010). This TGF- family possess serine/threonine kinase activity 

hence forming heteromeric complexes within type I membrane bound receptors. This 
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complex formation thus initiates phosphorylation of the type I receptor and further 

downstream SMAD or mitogen-activated protein kinases (MAPKs) (Massagué & Chen, 

2000). BMPs form the largest group within the TGF- family. The BMP plays critical 

roles both at the embryogenesis stage of life, and subsequently in adulthood. BMP is 

typically antagonised by various interacting proteins such as Noggin and Chordin 

(Massagué & Chen, 2000). This antagonistic effect induces further neural markers within 

the ectoderm and initiate conversion of the ventral mesoderm to dorsal tissue within 

explants of the gastrula ventral marginal zone (Massagué & Chen, 2000). Amongst some 

of the roles of BMPs include skeletal development, bone homeostasis as well as tissue 

regeneration via the signal transduction pathway mentioned above (Kang et al., 2004).  

BMPR2 has been initially identified as the chondrogenic and osteogenic 

differentiation regulating factor, however its roles in early embryogenesis have been 

explored (Beppu et al., 2000). The expression of BMPR2 (analysed within rodents) is 

relatively low during the initial heart developmental stages but gradually increase along 

embryo development particularly within the anterior telencephalon, branchial arches, tail 

tip mesoderm and limb bud. At later embryonic developmental stages the expression of 

BMPR2 is exceptionally high within the neuroectoderm towards the mouth anlagen 

(Danesh et al., 2009). BMP signalling is involved in the enhancement of endothelial 

specification, venous differentiation and angiogenesis during embryo development, 

hence having a crucial role in vascular homeostasis (Dyer et al., 2014; Zhang & Bradley, 

1996). BMPR2, as a component to the BMP signalling transduction, has been found to 

be predominantly expressed within the vascular endothelia and smooth muscle layer of 

the pulmonary vasculature within typical lungs, whilst being under expressed in the 

airway and arterial smooth muscle (Atkinson et al., 2002). Within humans, BMPR2 is 

expressed in microvascular endothelial cells, umbilical vein endothelial cells and aortic 

endothelial cells (Finkenzeller et al., 2012), thus highlighting the imperative role of 

BMPR2 in vascular development. BMPR2 has been identified in vascular development 

through model organisms such as zebra fish where BMP2-BMPR2 mediated signalling is 

involved in the regulation of angiogenesis from the zebrafish axial vein. This hence 

demonstrates that BMPR2-dependent signalling promotes endothelial cellular 

proliferation and angiogenesis (Wiley et al., 2011). Human pulmonary arterial endothelial 

cell (HPAEC) survival and further proliferation via the ERK1/2 activation leads to 

endothelial cell migration. This is induced by the canonical WNT signalling pathway and 
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in turn the RhoA-Rac1 pathway, primarily activated via BMPR2 (de Jesus Perez et al., 

2009). Studies performed on BMPR2 knockout mice exhibited an inclination of PAH (Lee 

et al., 1998). Additional to the relation of BMPR2 to PAH, it has also been proven to 

mediate signal transduction in skeletal development (Katagiri et al., 1990; Katagiri et al., 

1994; Wu et al., 2010). BMPR2 is involved in osteoblast differentiation, whilst also being 

a mediator to bone formation and skeletal development during osteosclerosis and fracture 

healing (Garimella et al., 2007; Onishi et al., 1998). As previously mentioned, the 

BMPR2 protein is involved in bone development. BMPR2 and its ligands bring about the 

differentiation of mesenchymal stem cells towards osteoblasts, hence contributing 

directly towards the maturation of osteoblasts.  

BMPR2 has been extensively described in literature as the primary gene 

associated with primary pulmonary arterial hypertension (PAH) (Ghigna et al., 2016; 

Higasa et al., 2017; Liu et al., 2012; Rudarakanchana et al., 2002; Wang, H. et al., 2014; 

Wang, X. et al., 2019; Yang et al., 2018). The BMPR2 gene consists of 13 exons coding 

for four domains. Genetic variation to BMPR2 may lead to missense, frameshift, 

nonsense, truncation as well as splice site variations, which may result in the loss of 

BMPR2-mediated signalling (Morrell, 2010). This gene typically follows an autosomal 

dominant inheritance pattern (Lane et al., 2000). Along with PAH, variants within the 

BMPR2 gene have been reported in patients presenting with chronic obstructive 

pulmonary disease (COPD), hereditary haemorrhagic telangiectasia (HHT), prostatic 

neoplasms, colorectal cancer, as well as obesity (Kim et al., 2000; Morrell, 2006; Park et 

al., 2010; Rigelsky et al., 2008; Schleinitz et al., 2011). BMPR2 variants are responsible 

for 75-90% of familial PAH (Evans et al., 2016) and 3.5-40% of sporadic cases (Girerd 

et al., 2016). A hypothesis on why BMPR2 mutation carriers eventually develop PAH 

relates to the hyperactivation of the TGF- signalling due to a decrease in BMP signal 

transduction, hence causing hyperproliferation of the smooth muscle cells in the 

pulmonary arterioles. This was further backed up by the identification of BMP signalling 

activation resulting in inhibition of smooth muscle cell proliferation. This underlying 

TGF- signalling cascade in relation to BMP activity requires further understanding (Kim 

et al., 2017).  
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Figure 4.2.1. Adapted from Kim et al.(2017). BMPR2 gene showing experimentally verified 

BMPR2 variants. The figure indicates the domains of the BMPR2 protein. Patient-derived cells 

functionally validated BMPR2 pathogenic variants are indicated above the gene, whilst BMPR2 

pathogenic variants validated via in vitro functional assays are indicated below the gene. The 

red arrow indicates the R491W variant within the protein kinase domain. (Kim et al., 2017). 

 

The penetrance of variants within BMPR2 range from 14% in males and 42% in 

females (Larkin et al., 2012). Other genes having variants known to cause rare PAH 

include KCNK3, ACVRL1, ENG, CAV1 along with the SMAD family (Austin et al., 2012; 

Chaouat et al., 2004; Shintani et al., 2009; Trembath, 2001). 298 variants in BMPR2 have 

been identified within independent PAH patients (Machado et al., 2006; Machado et al., 

2009). A study by (Liu et al., 2012) performed genetic screening on 305 Chinese PAH 

patients. Their study identified 21 missense mutations within BMPR2 confined to exons 

2, 3, 6, 8, 9, 11, and 12. The Kinase domain spanning along exons 5-11 was identified to 

harbour 13 discrete PAH related missense variations amongst the 305 participants, 

contributing towards the majority of the missense variants identified throughout their 

study.  

The variant identified in the proband (p.R491W) is not a novel variant and has 

been mentioned in literature being first published on ClinVar in 2016 as the most recent 

publication on ClinVar in November 2023. Deng et al., in 2000 described the presence of 

R491W mutation in 3 families diagnosed with PPH. They also performed conservation 

analysis within this gene region and all type II TGF- superfamily receptors, showing 
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that arginine at position 491 is conserved within many species. Deng et al., in 2000 further 

describe the mechanism by which they associate the mutations in BMPR2 to primary 

pulmonary hypertension (PPH). They exclude the likelihood of these mutations acting in 

a dominantly negative way via the inhibition of the apoptotic result of TGF- pathway, 

along with the exclusion of the entire knockout of the BMP-signalling pathway. Deng et 

al, suggest that due to the BMP pathway resulting in apoptosis in certain cell types, a 

partial block in this pathway’s signal transmission might result in a reduced proliferative 

effect with the likely cause of either the dominantly negative protein interactions, or 

haploinsufficiency of BMPR2 causing reduced signal transmission. Both mechanisms 

would result in a partial block of the BMP signal transmission, thus likely causing PPH. 

The previously mentioned study by Liu et al, in 2012 further described Arg 491 as one 

the key residues having essential catalytic activity. Rudarakanchana et al., in 2002 

performed in vitro analysis of BMPR2 variants, including p.R491W and further attributed 

this mutation towards a near complete abolition of SMAD pathway signalling. Higasa et 

al., 2017 also identified the p.R491W variant within 9 families having heritable PAH and 

upon further conservation analysis and in silico predictor modelling of the variant, 

classified this variant as damaging to protein function.  

Recent studies have further correlated point mutations at Arg491 to be pathogenic 

and have described this gene region as a ‘newly identified hot-spot for pulmonary arterial 

hypertension’ (Chaikuad et al., 2019; Lyu et al., 2020). In 2020, Lyu et al. researched the 

largest BMPR2 rare variant profile in 670 Chinese PAH patients, along with the parallel 

screening of these rare BMPR2 variants in a reference population of10,508 participants. 

This study concluded that these variants had a significantly higher population prevalence 

in PAH diagnosed patients in comparison to the reference population. This was 

particularly significant for the amino acid Arginine at position 491 which was entirely 

absent from the reference population, but presented as a mutational hot-spot within the 

PAH study population. This study hence concluded that missense BMPR2 variants 

identified within the PAH study population were found to be distributed at a higher 

proportion within the extracellular ligand-binding domain whilst the majority of 

identified BMPR2 rare variants contributed to loss-of-function or splicing. In comparison 

to the previously described study, the study in 2019 by Chaikuad et al. analysed the 

structural consequences of PAH-associated missense mutation in the intracellular domain 

of BMPR2. Through their analysis, they identified that the most frequent and severely 
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destabilising variants were missense variants buried within the kinase C-lobe causing 

instability and misfolding within the catalytic domain. R491W was amongst one of the 

severely destabilising variants identified through this study, predicted to introduce severe 

steric clashes. This variant was found to disrupt the R491-Glu386 salt bridge along with 

the R491-Asp485 hydrogen bonds. These findings were also investigated within this 

study as can be visualised in section 3.4.1, table 3.4.1.1.  

4.3 BMPR2 and Congenital Heart Disease (CHD) 

 

 Variants in the BMPR2 gene have been associated with development of PAH 

throughout literature, with respect to primary, idiopathic, and hereditary forms of 

pulmonary arterial hypertension (PPH, IPAH & HPAH). The variant p.Arg491Trp 

identified in the proband in this case has also been cited in literature, as can be seen in 

table 4.3.2. However, the literature primarily correlates the variant with PPH, IPAH and 

HPAH phenotypes. Only one study in 2019 by Larrañaga-Moreira et al., identified this 

variant in a patient having previously diagnosed CHD. 

Variants in BMPR2 have also been described in literature in patients with CHD 

and PAH phenotypes. The first paper to investigate the correlation between variants in 

BMPR2 and PAH-CHD phenotypes was published by Roberts et al. in 2004. This study 

was based on a cohort of 40 adults and 66 children with PAH-CHD and the results further 

supported previous mouse models by Danesh et al. in 2009. This study provided the first 

correlation between the development of PAH in patients with CHD and a genomic driver 

from variants in BMPR2. 

Roberts et al., 2004 investigated the genomic correlation of BMPR2 variants to 

patients phenotypically presenting with PAH and CHD. The study screened for variants 

in BMPR2 in a cohort of 40 adults and 66 children with PAH-CHD (Eisenmenger 

syndrome). 5 out of 6 of the paediatric population within this study having BMPR2 

variants also had Down syndrome. Out of the adult population, only one had Down 

syndrome. The phenotypes correlating to the PAH-CHD included patent ductus arteriosus 

(PDA), transposition of the great arteries (TGA), partial anomalous pulmonary venous 

return (PAPVR), atrial and ventricular septal defects (ASD/VSD), atrioventricular canal 

(AVC) along with rare lesions having systemic-to-pulmonary shunts. This study 

identified 6 novel variants 3 of which were identified in 3 out of 4 adults (case 1 – case 
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3) phenotypically presenting with AVC complete type C (AVC-C) and the other 3 (case 

4 – case 6) in children. The details pertaining to these variants identified can be visualised 

in table 4.3.1.  

Table 4.3.1. Clinical findings and phenotypes of the patients having BMPR2 variants in the 

study by Roberts et al., 2004. The table shows the patients’ age at initial PHD diagnosis, 

whether the CHD has been repaired, the patients’ sex and their diagnosed CHD phenotype. The 

second half of the table describes the BMPR2 variant identified in these patients including the 

exon, nucleic acid change and amino acid change. AVC complete type C (AVC-C). 

Patient Case 1 Case 2 Case 3 Case 4 Case 5 Case 6 

Age at PAH 

diagnosis 

years 

1 16 5 3 2 19 

CHD repair No No Yes No No Yes 

Sex F F M F M M 

CHD 

phenotype 
AVC-C AVC-C AVC-C ASD/PDA ASD/PDA/PAPVR 

AW and 

VSD 

BMPR2 variant 

Exon 2 3 3 5 11 2 

Nucleic acid 

change 
125A>G 304A>G 319T>C 556A>G 1509A>C 140G>A 

Amino acid 

change 
p.Q42R p.T102A p.S107P p.M186V p.E503D p.G47N 

 

The findings supported results of previous mouse models by Danesh et al., in 

2009. 75% of the BMPR2 variants were present in the adult cohort having AV canals. 

Further literature has also supported the correlation between variants in BMPR2 and the 

development of PAH along with the presence of CHD. The clinical relevance of BMPR2 

variants to the PAH-CHD phenotype can be further emphasised by table 5.3.2 which 

summarises the papers correlating variants in BMPR2 with this phenotype. Although 

variants in BMPR2 have been associated with the development of PAH in patients with 

CHD, this is not typically observed in the majority of cases. A recent study in 2020 

performed by Welch & Chung only identified 7 out of 258 (2.7%) patients presenting 

with PAH and CHD. The presence of variants in BMPR2 in cases with both PAH and 

CHD has also been correlated to the development of PAH to pulmonary vascular disease 

(PVD) in patients with CHD (Liu et al., 2016). This publication was the first to report the 

correlation between BMPR2 variants in adults and children with PAH-CHD in whom the 

PAH is resulting from pulmonary vascular obstructive disease. This study thus suggested 
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that genetic drivers can predispose to PAH in patients with CHD in addition to the 

increased flow in the pulmonary circulation.  
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Table 4.3.2. Summary of available literature correlating the BMPR2 p.Arg491Trp variant to the Pulmonary Arterial Hypertension (PAH) phenotype. 

The table shows the title of the paper, published year, author and the phenotype reported in the individual having the BMPR2 p.Arg491Trp variant. All 

except one paper described the presence of this variant with the primary, hereditary, or idiopathic PAH (PPH, HPAH & IPAH). The paper by 

Larrañaga-Moreira et al in 2019 was the only identified paper to report this variant in conjunction with both PAH and CHD phenotypes. 

Reference Year Author Phenotype 

Reported 

Familial Primary Pulmonary Hypertension (Gene PPH1) Is 

Caused by Mutations in the Bone Morphogenetic Protein 

Receptor–II Gene.  

2000 Zemin Deng, Jane H. Morse, Susan L. Slager, Nieves 

Cuervo, Keith J. Moore, George Venetos, Sergey 

Kalachikov, Eftihia Cayanis, Stuart G. Fischer, 

Robyn J. Barst, Susan E. Hodge, and James A. 

Knowles 

PPH 

Altered growth responses of pulmonary artery smooth 

muscle cells from patients with primary pulmonary 

hypertension to transforming growth factor-beta(1) and bone 

morphogenetic proteins 

2001 N W Morrell, X Yang, P D Upton, K B Jourdan, N 

Morgan, K K Sheares, R C Trembath 

PPH 

Bone morphogenetic protein receptor-II mutation 

Arg491Trp causes malignant phenotype of familial primary 

pulmonary hypertension 

2004 Jing Zhicheng , Lu Lihe, Han Zhiyan, Cheng 

Xiansheng, Zou Yubao, Yang Yuejin, Hui Rutai 

HPAH 

Clinical outcomes of pulmonary arterial hypertension in 

carriers of BMPR2 mutation 

2007 Benjamin Sztrymf, Florence Coulet, Barbara Girerd, 

Azzedine Yaici, Xavier Jais, Olivier Sitbon, David 

Montani, Rogério Souza, Gerald Simonneau, Florent 

Soubrier, Marc Humbert 

IPAH & HPAH 

Clinical Outcomes of Pulmonary Arterial Hypertension in 

Carriers of BMPR2 Mutation 

2008 Benjamin Sztrymf, Florence Coulet, Barbara Girerd, 

Azzedine Yaici, Xavier Jais, Olivier Sitbon, David 

Montani, Roge´rio Souza, Gerald Simonneau, Florent 

Soubrier, and Marc Humbert 

IPAH & HPAH 
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clinical implications of determining BMPR2 mutation status 

in a large cohort of children and adults with pulmonary 

arterial hypertension 

2008 Erika B Rosenzweig, Jane H Morse, James A 

Knowles, Kiran K Chada, Amar M Khan, Kari E 

Roberts, Jude J McElroy, Nicole K Juskiw, Nicole C 

Mallory, Stuart Rich, Beverly Diamond, Robyn J 

Barst 

HPAH 

Bone morphogenetic protein signalling in heritable versus 

idiopathic pulmonary hypertension 

2009 Laurence Dewachter, Serge Adnot, Christophe 

Guignabert, Ly Tu, Elisabeth Marcos, Elie Fadel, 

Marc Humbert, Philippe Dartevelle, Gérald 

Simonneau, Robert Naeije, and Saadia Eddahibi1 

HPAH & IPAH 

Identities and frequencies of BMPR2 mutations in Chinese 

patients with idiopathic pulmonary arterial hypertension 

2010 H Wang, Q-Q Cui, K Sun, L Song, Y-B Zou, X-J 

Wang, L Jia, X Liu, S Gao, C-N Zhang, R-T Hui 

IPAH 

Hemodynamic and clinical onset in patients with hereditary 

pulmonary arterial hypertension and BMPR2 mutations 

2011 Nicole Pfarr, Justyna Szamalek-Hoegel, Christine 

Fischer, Katrin Hinderhofer, Christian Nagel, Nicola 

Ehlken, Henning Tiede, Horst Olschewski, Frank 

Reichenberger, Ardeschir HA Ghofrani, Werner 

Seeger, and Ekkehard Grünig 

HPAH 

Molecular genetics and clinical features of Chinese 

idiopathic and heritable pulmonary arterial hypertension 

patients 

2012 D. Liu, Q-Q. Liu, M. Eyries, W-H. Wu, P. Yuan, R. 

Zhang, F. Soubrier, Z-C. Jing 

IPAH 

Hemodynamic and genetic analysis in children with 

idiopathic, heritable, and congenital heart disease associated 

pulmonary arterial hypertension 

2013 Nicole Pfarr, Christine Fischer, Nicola Ehlken, Tabea 

Becker-Grünig, Vanesa López-González, Matthias 

Gorenflo, Alfred Hager, Katrin Hinderhofer, Oliver 

Miera, Christian Nagel, Dietmar 

Schranz, and Ekkehard Grünig 

IPAH 
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Defective cellular trafficking of the bone morphogenetic 

protein receptor type II by mutations underlying familial 

pulmonary arterial hypertension 

2015 Anne John, Praseetha Kizhakkedath, Lihadh Al-

Gazali, Bassam R.Ali 

HPAH 

Bone Morphogenetic Protein Receptor Type 2 Mutation in 

Pulmonary Arterial Hypertension 

2016 Cathelijne E. van der Bruggen, Chris M. Happé, 

Peter Dorfmüller, Pia Trip, Onno A. Spruijt, Nina 

Rol, Femke P. Hoevenaars, Arjan C. Houweling, 

Barbara Girerd, Johannes T. Marcus, Olaf Mercier, 

Marc Humbert, M. Louis Handoko, Jolanda van der 

Velden, Anton Vonk Noordegraaf, Harm Jan 

Bogaard, Marie-José Goumans and Frances S. de 

Man 

IPAH & HPAH 

A burden of rare variants in BMPR2 and KCNK3 contributes 

to a risk of familial pulmonary arterial hypertension 

2017 Koichiro Higasa, Aiko Ogawa, Chikashi Terao, 

Masakazu Shimizu, Shinji Kosugi, Ryo Yamada, 

Hiroshi Date, Hiromi Matsubara & Fumihiko 

Matsuda 

HPAH 

Clinical and genetic characteristics of pulmonary arterial 

hypertension in Lebanon 

2018 Ossama K. Abou Hassan, Wiam Haidar, Georges 

Nemer, Hadi Skouri, Fadi Haddad, and Imad BouAkl 

PAH 

Genetic analyses in a cohort of 191 pulmonary arterial 

hypertension patients 

2018 Hang Yang, Qixian Zeng, Yanyun Ma, Bingyang 

Liu, Qianlong Chen, Wenke Li, Changming Xiong 

and Zhou Zhou 

PAH 

Classification of Pulmonary Arterial Hypertension by 

Genetic and Familial Testing 

2019 José M. Larrañaga-Moreira, Pedro J. Marcos-

Rodríguez, Isabel Otero-González, María J. 

Paniagua-Martín, María G. Crespo-Leiro, Roberto 

Barriales-Villa 

PAH-CHD 
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The features of rare pathogenic BMPR2 variants in 

pulmonary arterial hypertension: Comparison between 

patients and reference population 

2020 Zi-Chao Lyu, Lan Wang, Jian-Hui Lin, Su-Qi Li, 

Dan-Chen Wu, Tian-Yu Lian, Shao-Fei Liu, Jue Ye, 

Xin Jiang, Xiao-Jian Wang & Zhi-Cheng Jing. 

HPAH 

Prevalence and clinical features of bone morphogenetic 

protein receptor type 2 mutation in Korean idiopathic 

pulmonary arterial hypertension patients: The PILGRIM 

explorative cohort 

2020 Jang, A. Y., Kim, B., Kwon, S., Seo, J., Kim, H. K., 

Chang, H., Chang, S., Cho, G., Rhee, S. J., Jung, H. 

O., Kim, K., Seo, H. S., Kim, K. H., Shin, J., Lee, J. 

S., Kim, M., Lee, Y. J., & Chung, W. 

HPAH 

Genetic Evaluation in a Cohort of 126 Dutch Pulmonary 

Arterial Hypertension Patients 

2020 Lieke M van den Heuvel, Samara M A Jansen, 

Suzanne I M Alsters, Marco C Post, Jasper J van der 

Smagt, Frances S Handoko-De Man, J Peter van 

Tintelen, Hans Gille, Imke Christiaans, Anton Vonk 

Noordegraaf, HarmJan Bogaard, Arjan C Houweling 

IPAH 
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Table 4.3.3. Summary of available literature correlating variants in BMPR2 to patients diagnosed with pulmonary arterial hypertension (PAH) and/or 

congenital heart disease (CHD), although not all papers report the mutation of BMPR2 in PAH-CHD patients. The table shows the reference of the 

paper, year,BMPR2 variant and phenotype. (CHD-PAH -AVC-C) congenital heart disease - complete atrial ventricular canal defect type C. ASD: atrial 

septal defect. PDA: patent ductus arteriosus. PAPVR - partial anomalous pulmonary venous return. AW- aortopulmonary window. ASD: atrial septal 

defect; PDA: patent ductus arteriosus. APAH associated Pulmonary Arterial Hypertension. 

Paper Title Year BMPR2 Variant Phenotype 

Clinical and genetic characteristics of pulmonary arterial hypertension 

in Lebanon.(Abou Hassan et al., 2018) 

2018 p.Q6*(1) Large ASD & PAH 

p.N126S (1) PAH 

p.R491W (2) PAH 

p.S775N (3) VSD, ASD, PAH 

The Genetic Epidemiology of Pediatric Pulmonary Arterial 

Hypertension.(Haarman et al., 2020) 

2020 p.(Trp16*) HPAH 

p.(Pro134Leufs*18) HPAH 

c.530-?_c.621+?del HPAH 

p.(Arg491Trp) HPAH 

p.(Tyr314Serfs*11) HPAH 

p.(Arg899*) HPAH 

Transforming growth factor-beta receptor mutations and pulmonary 

arterial hypertension in childhood.(Harrison et al., 2005) 

2005 p.W16X IPAH 

exon 5/6/7  IPAH 

Genetic analyses in a cohort of children with pulmonary hypertension. 

(Levy et al., 2016) 

2016 N/A IPAH & FPAH 

BMPR2 mutation is a potential predisposing genetic risk factor for 

congenital heart disease associated pulmonary vascular disease. (Liu et 

al., 2016) 

2016 c.-33A>G CHD-PAH 

c.-212insC CHD-PAH 

c.-310 A>G CHD-PAH 

c.79T>G, p.S27A CHD-PAH 

c.145A>G p.S49G CHD-PAH 

c.276A>C p.Q92H CHD-PAH 

c.344T>G p.F115C CHD-PAH 

c.383C>T p.T128I CHD-PAH 

c.180_182del p.61Sdel CHD-PAH 

c.529+13A>C CHD-PAH 
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c.536G>A p.R179H CHD-PAH 

c.711G>A p.R237H CHD-PAH 

c.907C>T p.R303C CHD-PAH 

c.1042G>A p.V348I (7) CHD-PAH 

c.1196C>G p.S399X CHD-PAH 

c.1310A>G p.Q437R CHD-PAH 

c.1310A>G p.Q437R CHD-PAH 

c.2495C>G p.S832C CHD-PAH 

A novel BMPR2 gene mutation associated with exercise-induced 

pulmonary hypertension in septal defects. (Möller et al., 2010) 

2010 Y589C 2 CHD-PAH - unrepaired VSD 

S775N CHD-PAH - closed VSD 

Sequencing of mutations in the serine/threonine kinase domain of the 

bone morphogenetic protein receptor type 2 gene causing pulmonary 

arterial hypertension. (Mutlu et al., 2016) 

2016 p.C347Y IPAH 

Hemodynamic and genetic analysis in children with idiopathic, 

heritable, and congenital heart disease associated pulmonary arterial 

hypertension. (Pfarr et al., 2013) 

2004 c.419-?_621 + ?del IPAH 

c.1297C > T (p.Q433X) IPAH 

c.1472 G > A 

(p.R491Q) 

IPAH 

c.2668DelA 

(p.R890GfsX6) * 

IPAH 

c.419-10 T > C *# IPAH 

c.1-?_76 + ?del CHD-PAH 

BMPR2 mutations in pulmonary arterial hypertension with congenital 

heart disease. (Roberts et al., 2004) 

2004 p.Q42R c.125A>G CHD-PAH -AVC-C 

p.T102A c.304A>G CHD-PAH -AVC-C 

p.S107P c.319T>C CHD-PAH -AVC-C 

p.M186V c.556A>G CHD-PAH  ASD/PDA 

p.E503D c.1509A>C CHD-PAH 

ASD/PDA/PAPVR 

p.G47N c.140G>A CHD-PAH  AW and VSD 

Improvement of pulmonary arterial hypertension following medication 

and shunt closure in a BMPR2 mutation carrier with atrial septal 

defect. (Suzuki et al., 2017) 

2017 c.535_547delCGTAAA

CAAGGTCinsATG 

CHD-PAH ASD 
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The Efficacy of a Genetic Analysis of the BMPR2 Gene in a Patient 

with Severe Pulmonary Arterial Hypertension and an Atrial Septal 

Defect Treated with Bilateral Lung Transplantation. (Tatebe et al., 

2017) 

2017 c.2474A>G 

p.Tyr825Cys 

CHD-PAH ASD 

Clinical characterization of pediatric pulmonary hypertension: 

complex presentation and diagnosis. (van Loon et al., 2009) 

2009 N/A IPAH (2) & FPAH (1) 

Rare variant analysis of 4241 pulmonary arterial hypertension cases 

from an international consortium implicates FBLN2, PDGFD, and rare 

de novo variants in PAH. (Zhu et al., 2021) 

2021 N/A (209) IPAH (108) FPAH (13) 

APAH 
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4.4. Limitations 

 

 The findings of this study must be interpreted in the context of some limitations: 

1. WES approaches restrict the discovery to coding regions of the genome, which 

consist of 1-2% of the genome. Thus, this study did not detect variants in non-

coding intronic, regulating or deep intronic variants that may be relevant to 

disease.  

2. Trio WES is not able of detecting mosaicism in the proband and parents, 

especially if the level of mosaicism is low in blood-derived DNA.  

3. WES is not suitable for the detection of complex structured variants (inversion, 

translocations).  

4. Phenotypic heterogeneity. The same genetic variant may lead to different 

phenotypes, particularly for rare diseases having variable expression and 

incomplete penetrance.  

5. Studies focusing on a single trio have limited power to detect rare variants, or to 

generalise findings to an affected population.  

6. The approach utilised in this study does not account for environmental, epigenetic 

or polygenic factors which have been implicated in CHD.  

4.5. Future work 

 

Future work in this area of genetic research holds substantial promise for further 

elucidating the intricate mechanisms underlying congenital heart disease (CHD) and 

pulmonary arterial hypertension (PAH), particularly concerning the role of BMPR2 

variants. First and foremost, expanding the sample size to include more patients with 

similar phenotypic manifestations could provide a more comprehensive understanding of 

the prevalence and penetrance of the identified de novo variant in BMPR2 among 

individuals with CHD and its association with PAH. The gene panel curated for the 

purpose of this study could be further utilised for population screening of patients 

diagnosed with CHD and PAH and/or general screening of samples within the biobank 

and/or in patients having suffered sudden cardiac death. Further future work could 
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potentially include conducting functional studies to elucidate the molecular mechanisms 

by which this variant contributes to the pathogenesis of both CHD and PAH. The 

identified variant could also be used for population screening in diagnosed CHD patients. 

Moreover, exploring potential therapeutic targets based on the genetic pathways 

implicated by the BMPR2 variant could pave the way for personalized treatment strategies 

tailored to individuals with this genetic predisposition. Additionally, longitudinal studies 

tracking the clinical progression of CHD and PAH in individuals harbouring the BMPR2 

variant could offer insights into disease trajectory and inform prognostic considerations. 

Collaborative efforts integrating genomic data with clinical outcomes across diverse 

populations could also enhance our understanding of genotype-phenotype correlations 

and facilitate the development of precision medicine approaches for managing patients 

with CHD and associated PAH. Finally, advancements in genetic sequencing 

technologies, such as whole-genome sequencing and single-cell sequencing, may further 

refine our understanding of the genetic architecture underlying these complex diseases, 

opening avenues for novel therapeutic interventions and improved patient care. 
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Appendix A – Gene Panel 

AAGAB ARTN CEP290 DNMT1 FGFR2 GSTP1 

ABCB1 ASH2L CERS1 DNMT3A FIGN GSTT1 

ABCC8 ATP2A2 CFC1 DNMT3B FKRP GTF2H3 

ABL1 ATP2B2 CFC1B DNTT FLNA HAND1 

ABO AVP CHD1L DRC1 FLT4 HAND2 

ACE AVSD1 CHD5 DSCAM FOLR1 HAS2 

ACR AXIN2 CHD7 DSP FOXC1 HAVCR1 

ACTA2 B3GAT3 CHDH DYSF FOXC2 HBG1 

ACTB BANF1 CHRM3 EBP FOXF1 HCN4 

ACTC1 BAZ1B CIT ECE1 FOXH1 HDAC3 

ACVR1 BBS1 CITED2 EDN1 FOXP1 HEY2 

ACVR2B BCOR COG7 EDNRA FRAS1 HHEX 

ADA2 BHMT COL3A1 EGF FSD1 HIC2 

ADAM9 BICC1 COL4A1 EGFR FSD1L HIF1A 

ADAMTS13 BMP2 COL4A2 EGR1 FXN HIRA 

ADAP2 BMP4 COL6A1 EIF2AK3 FXR1 HNRNPA1 

ADAR BMPR1A COL6A2 EIF4E G6PC3 HOTAIR 

ADARB1 BMPR2 CORIN EMD GAB1 HOXA1 

AFF4 BRAF CPA1 ENO1 GALNT1 HOXA13 

AGRP BRD4 CPB1 ENO2 GATA3 HOXA3 

AHDC1 BTF3P11 CPLANE1 EP300 GATA4 HPGDS 

AHR C1orf127 CPLANE2 EPAS1 GATA5 HTC2 

AHSA1 C2orf74 CPS1 EPHX1 GATA6 HYAL2 

AIMP2 CACNA1C CREBBP EPO GCK HYMAI 

AIRE CAD CRELD1 EPRS1 GDF1 IDUA 

AKAP12 CASZ1 CRIM1 ETS1 GDF15 IFNAR1 

AKT3 CAV3 CRK ETS2 GET1 IFT74 

ALB CBFB CRKL EVC GFAP IGF1 

ALDH1A2 CBS CRP EYA1 GHR IGF1R 

ALDH2 CBSL CST3 F3 GJA1 IGFBP7 

ALG9 CC2D2A CXCL12 FABP3 GJA5 IHH 

ANKRD1 CCDC114 CXCR4 FAM149B1 GLB1 IL10 

ANKRD11 CCDC151 DAAM1 FANCA GLI1 IL11 

ANKS6 CCDC39 DAND5 FANCC GLI3 IL1RN 

AOS CCN1 DCHS1 FANCD2 GNA11 IL6 

AP1B1 CCNH DGCR FANCE GNAQ IMPACT 

APLN CCR6 DGCR2 FASLG GNG5 INO80 

APLNR CD276 DGCR8 FAT4 GNMT INS 

APOA1 CDH10 DICER1 FBLN7 GP1BB IRF8 

APOE CDH5 DLC1 FBN2 GPR182 IRX4 

ARGLU1 CDK13 DNAAF3 FEN1 GPT IRX5 

ARID1A CDKN2A DNAH11 FGF10 GRAP2 ISL1 

ARMC4 CECR DNAH5 FGF19 GRIN2A JAG1 

ARSA CELF2 DNAH8 FGF23 GRK2 JAM3 

ARSD CENPJ DNAI1 FGFR1 GRK5 JARID2 
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KANSL1 MIR138-1 NKX2-5 PITX2 RFX3 SLC29A3 

KATNB1 MIR143 NNMT PKD1 RGS6 SLC2A14 

KCNE5 MIR145 NODAL PKD1L1 RIPPLY3 SLC2A3 

KCNJ11 MIR146B NONO PKD2 RIT1 SLC50A1 

KCNJ6 MIR184 NOS3 PKHD1 RLF SLC6A4 

KCTD10 MIR21 NOTCH1 PLAGL1 RN7SL263P SLC7A7 

KIAA0753 MIR27A NPHP3 PLF RNF19A SLC8A1 

KIF7 MIR29C NPHP4 PLN RNF41 SLIT2 

KLF13 MIR320A NPPA PMP22 ROCK1 SLIT3 

KLF4 MIR328 NPPB PNN RPGRIP1L SLN 

KLHL24 MIR34A NR2F1 POC1B RRDX SMAD1 

KLHL3 MIR34B NR2F2 POGZ RTN4RL1 SMAD2 

KMT2D MIR499A NREP POLDIP2 RUNX1T1 SMAD3 

LCN2 MIR545 NTM POTEF RXRA SMAD4 

LGALS3 MIR592 NTRK3 POU5F1 RYR2 SMAD7 

LMBR1 MIR873 NUP98 POU5F1P3 S100A4 SMARCA1 

LMNA MKKS OFD1 POU5F1P4 S100B SMARCA4 

LOXL2 MME OPA1 PPARGC1A SAA1 SMARCB1 

LRP1B MMP21 OPCML PPM1K SAI1 SMARCD3 

LRP2 MRPS22 OPN1LW PPP1CB SALL4 SMARCE1 

LRPAP1 MSX1 OTUD6B PPP1R1B SAP130 SMG9 

LRRC59 MSX2 PAG1 PRDM6 SAR1B SMN2 

MALAT1 MTHFD1 PAH PROX1 SCN1A SMUG1 

MAML3 MTHFR PAPPA PTGIR SCN5A SMYD4 

MAP3K7 MTHFS PART1 PTGS2 SELP SNX8 

MAPK1 MTR PBRM1 PTH SEM1 SOCS3 

MAPK14 MTRR PBX1 PTPN1 SEMA3D SOD1 

MAPK3 MVP PBX3 PTPN11 SENP2 SOD2 

MARCHF3 MYH6 PCBP4 PTX3 SERPINA5 SOS1 

MED12 MYH7 PCSK5 PUF60 SERPINF2 SOX11 

MED13 MYL3 PDE2A QRSL1 SETBP1 SOX12 

MED13L MYL4 PDE6D RAC1 SETD2 SOX17 

MED23 MYLK3 PDLIM1 RAD51C SETD5 SOX4 

MED25 MYOCD PDSS1 RAF1 SFTPA1 SOX7 

MEF2C NAA15 PDX1 RAI1 SFTPA2 SOX9 

MEGF8 NANOGP1 PEX2 RAPGEF5 SFTPB SPP1 

MEIS2 NAT2 PEX5 RBM20 SH3BGR SRPX 

MESP1 NCOA6 PGF RBM24 SH3PXD2B SSPN 

MGRN1 NEK8 PHC1 RCAN1 SHFM5 STAG2 

MGST1 NF1 PHOX2B REC8 SHH STAT3 

MIB1 NFATC1 PIGV RECQL4 SHMT1 STRA6 

MIB2 NFKB1 PIK3CA REM1 SIRT1 STX18 

MID1 NHS PIK3CB REN SLC24A4 STX18-AS1 

MIR10A NIPBL PIK3CD RERE SLC25A24 SUMO1 

MIR10B NKX2-1 PIK3CG RFC1 SLC26A3 SUV39H1 
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TAB2 TRRAP 

TAC1 TSHR 

TAF1 TWIST1 

TAGLN UBE2A 

TAMM41 UFD1 

TBC1D32 UROD 

TBC1D9 USP9X 

TBCC VEGFA 

TBX1 VWF 

TBX18 WDR62 

TBX2 WNT11 

TBX20 ZC3H12D 

TBX3 ZDHHC24 

TBX5 ZEB2 

TCF21 ZFP57 

TCOF1 ZFPM2 

TCTN3 ZHX2 

TDGF1 ZIC3 

TEF ZNF778 

TEK ZRS 

TFAP2B 

TGFB1 

TGFB2 

TGFBR1 

TGFBR2 

THAS 

TIMP2 

TLR4 

TMEM135 

TMEM216 

TMEM67 

TMEM87B 

TMEM94 

TNF 

TNFRSF10C 

TNFRSF10D 

TNFRSF11A 

TNFRSF11B 

TNFSF11 

TNNI3 

TNXB 

TPM1 

TRAF7 

TRDMT1 

TRPV1 

Table 1 – Genetic panel for the phenotype of Congenital Heart Disease 
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HOA PAH Others 

BGLAP BMPR2 CHD4 

CBR1 GDF15 COL1A1 

COX2 PAH COL5A2 

CTNNB1 SMAD9 NR1D2 

 DKK1 TBX4 NSD1 

DPEP1 SOX17 RBPJ 

FN1 BMPR2 RFX3 

GAST  SMAD6 

HPGD 

IL6 

MTCO2P12 

PTGS2 

SERPINE1 

SLCO2A1 

TNF 

Table 2 – Genetic panel for the phenotypes of Hypertrophic osteoartrophathy (HOA), 

pulmonary arterial hypertension (PAH) and other genes found through literature 

relevant to the proband’s phenotypes. 
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Appendix B – In Silico modelling BMPR2 p.Arg491Trp. 

 

 

Figure 1. Wildtype BMPR2 protein. Figure A shows the residue of interest at position 491 along 

with its surrounding residues and the polar interactions to the surrounding residues. Arginine at 

position 491 of the protein shown in red. The green cartoon figure shows the remaining protein 

surrounding the 491 residue. Figure B and C show a clearer representation of R491 and its 

surrounding residues within 5Å along with any interactions. The polar interactions are presented 

as yellow dotted lines between ARG491 and GLU386, ASP487, ASP485 and GLN403. The 

ARG491-GLU386, ARG491-GLN403 and ARG491-ASP485 are hydrogen bonds, the 

ARG491-ASP487 and ARG491-GLU386 are salt bridge formations 
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Figure 2 BMPR2 protein 491 having the variation of Tryptophan at position 491. Tryptophan 

shown in red along with the surrounding amino acids and their interactions in a stick 

representation. The amino acids having interactions with the amino acid of interest (red 

tryptophan at position 491) are presented in a grey spectrum according to element, nitrogen in 

red and oxygens in blue. The grey dotted spheres represent the electronic configuration of the 

centre of the benzene rings within TRP-484, TYR-407 and TRP-491. The dashed yellow line 

represents hydrophobic van der wall interactions between the mutated TYR-491 and the 

surrounding residues GLN-403 and ALA-488 along with a few weaker hydrophobic interactions 

between TRP-491 and PRO-385 and TYR-407. The smaller light blue dashes represent weak 

hydrogen interactions between TRP-491, GLU-386, ALA-488  and ASP-487. The large dark 

blue dashed lines represent van der wall clashes between residues; TRP-491, GLN-403, ALA-

488, CYS-483, ASP482 and ASP-485. The pink dashed lines represent the polar van der wall 

clashes between the residues TRP-491 and CYS-483, ASP-485, ALA-488, GLN-403, GLU-

386. The large grey dashed line represents electron donation from the amide ring to the oxygen 

on ASP-487.  
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Appendix C – URECA Ethical Approval 
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Appendix D – Sequencing quality metrics 

 

Sample Sequence read Deduplicated (%) Mapping (%) Unique (%) On target (%) 

Proband 57,033,974 33,184,668(76.47) 32,898,025(99.14) 31,123,885(93.79) 28,166,931(84.88) 

Mother 49,196,646 28,989,287(78.85) 28,771,863(99.25) 27,254,459(94.02) 24,877,235(85.82) 

Father 67,411,130 38,921,201(76.11) 38,541,318(99.02) 36,483,824(93.74) 29,866,886(76.74) 

Table 1. Raw sequencing metrics. Sequence read - unfiltered sequence. Deduplicated (%): 

Discarded clean reads following PCR duplicate. Mapping (%): De-duplicated reads followed by 

mapping onto the reference genome. Unique (%): Reads with the same starting position on each 

end. On-target (%): Mapped de-duplicated reads (on-target region).  

 

Sample Raw depth On target depth (SD) Coverage 5x % Coverage 20x % Coverage 50x % 

Proband 126.52 49.04 (40.41) 99.36 92.08 49.39 

Mother 139.66 54.19 (46.1) 99.46 92.23 48.68 

Father 130.73 51.93 (42.03) 99.19 90.48 45.54 

Table 2. Raw sequencing metrics. Coverage 5X %: The rate of cumulative mapping depth 

exceeding 5X compared with the reference genome. Coverage 20X %: The rate of cumulative 

mapping depth exceeding 20X compared with the reference genome. Coverage 50X %: The rate 

of cumulative mapping depth exceeding 50X compared with the reference genome.  

 

Sample Ts TV Ts/Tv Hetero variants Homo variants Hetero/homo 

Proband 52428 21568 2.431 43257 19179 2.255 

Mother 52678 21533 2.446 37918 21944 1.728 

Father 52638 21810 2.413 38681 21840 1.771 

Table 3. Raw sequencing metrics. TS (Transitions): Number of transitions, which are point 

mutations that changes a purine nucleotide to another. purine or a pyrimidine nucleotide to 

another pyrimidine. TV (Transversions): Number of transversions, which refer to the 

substitution of a purine for a pyrimidine or vice versa, in deoxyribonucleic acid (DNA). Ts/Tv 

ratio: The ratio of the number of transitions to the number of transversions for a pair of 

sequences. Hetero Variants: Number of Heterozygous Variants. Homo Variants: Number of 

Homozygous Variants. Hetero/Homo ratio: The ratio of the number of heterozygous variants to 

the number of homozygous variants for a pair of Sequences. 
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Figure 1. FastQC results generated for the proband using FastQC software. Top and bottom 

image for Fastq files read 1 and read2 (left read and right read) respectively. (a) Per base qual: 

Quality values across all bases at each position. (b) GC contents: GC content of each base 

position in a sample. (c) Duplication level: Proportion of sequence duplication level. 
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Figure 2. FastQC results generated for the mother using FastQC software. Top and bottom 

image for Fastq files read 1 and read2 (left read and right read) respectively. (a) Per base qual: 

Quality values across all bases at each position. (b) GC contents: GC content of each base 

position in a sample. (c) Duplication level: Proportion of sequence duplication level. 
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Figure 2. FastQC results generated for the father using FastQC software. Top and bottom image 

for Fastq files read 1 and read2 (left read and right read) respectively. (a) Per base qual: Quality 

values across all bases at each position. (b) GC contents: GC content of each base position in a 

sample. (c) Duplication level: Proportion of sequence duplication level. 
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Figure 4. QC results generated using Qualimap software for the Proband, mother and father 

respectively (top to bottom). Insert Size: Histogram of insert size distribution of reads mapped 

on reference genome. X- axis shows insert size distribution in bp, y -axis shows number of 

reads. GC contents: GC content of each base position in a sample. This graph shows the 

distribution of GC content per mapped read. X-axis shows GC content (%) and y-axis shows 

fraction of reads. Reference coverage: Coverage per position(bp) of reference genome. The 

upper figure provides the coverage distribution (red line) and coverage deviation across the 

reference sequence. The coverage is measured in X. The lower figure shows GC content across 

reference (black line) together with its average value (red dotted line). 




