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Patients with hereditary breast and ovarian cancer (HBOC) in whom a causative 

pathogenic variant is not identified after genetic analysis may not benefit from 

prevention, early detection, or precision treatment measures. This negative or 

inconclusive results are due, among other causes, to the detection of variants 

of uncertain significance (VUS).The main objective of this thesis is to increase 

the capacity of genetic diagnosis of patients with HBOC, by focusing on i) the 

optimisation in the interpretation of exonic and intronic variants that might 

affect RNA quality or quantity but remain as variants of uncertain significance 

(VUS) and ii) the identification of new susceptibility genes for HBOC. 

 

The article included in this thesis, Moles-Fernández et al., 2018 (DOI: 

10.3389/fgene.2018.00366) explains an optimization in the identification of 

potentially spliceogenic variants located near to splicing sites, and provides 

recommendations to use for analysing donor and acceptor sites. Moreover, the 

creation or activation of cryptic sites along deep intronic regions could alter 

splicing causing the inclusion of intronic sequences in RNA. In the article, Moles-

Fernández et al., 2021 (DOI: 10.3390/cancers13133341), a framework for the 

identification of deep intronic spliceogenic is provided, after the performance 

analysis of SpliceAI in silico tool in a dataset of spliceogenic and non-

spliceogenic deep intronic variants. In addition, the importance of the splicing 

regulatory elements balance in the pseudoexon creation is described. 

 

The American College of Medical Genetics (ACMG) variant interpretation 

guidelines provide general recommendations to classify variants. In the 

included article Feliubadalò et al., 2021 (DOI: 10.1093/clinchem/hvaa250), 

ACMG guidelines were adapted to ATM gene. We focused on in silico splicing 

evidence (PP3/BP4). After reclassification of variants following the adapted 

guidelines, a reduction of VUS was obtained. 

 

https://doi.org/10.3389/fgene.2018.00366
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On the other hand, in patients without pathogenic variants identified in HBOC 

related genes, the phenotype could be due to deleterious variants in genes still 

not known associated with the disease. For this reason, in Moles-Fernández et 

al., (article in preparation), the aim was to identify candidate genes through 

exomes and extended panel analysis and validate their risk association by 

performing a case-control study. The significant identification of loss-of-

function variants in ALKBH3, BLM, CAMKK1, FANCD2, FANCM, NEIL3, PER1, 

RBL1, RECQL4, WRN and XRCC4 genes in patients with HBOC suggests that they 

might be breast/ovarian cancer susceptibility genes. 
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1. Hereditary cancer  

1.1  Epidemiology 

According to estimates from the World Health Organization (WHO) in 2019, 

cancer is the first or second leading cause of death before the age of 70 years 

in 112 of 183 countries and ranks third or fourth in a further 23 countries.  

Cancer disease occurring in an individual with a family history of the disease is 

known as “familial” cancer. The term “hereditary” is used to describe families 

in which there is a higher-than-normal occurrence of certain types of cancer, 

caused by pathogenic variants in certain genes passed form parents to children 

with a known genetic pattern of inheritance. When cancer occurs in an 

individual without a family history is often referred to as “sporadic”. 

 

Several cancer hereditary syndromes have been described among last decades 

(Ngeow and Eng, 2016) related to affected tissues. Hereditary breast and 

ovarian cancer syndrome (HBOC), hereditary colorectal cancer (Lynch 

Syndrome), familial adenomatous polyposis (FAP), or hereditary prostate 

cancer among others, are examples of the most common hereditary cancer 

syndromes. In addition, a few hundreds of rare and extremely rare syndromes 

have been described, such as Li-Fraumeni (Malkin, 2011), Cowden syndrome 

(Pilarski et al., 2013), Fanconi Anaemia (Tischkowitz and Hodgson, 2003) and 

xeroderma pigmentosum (Berneburg and Lehmann, 2001).  

 

Overall, hereditary syndromes could collectively explain approximately 5-10% 

of all cancer cases (Ngeow and Eng, 2016). They are usually characterized by 

earlier ages of diagnosis, multiple incidences of cancer in an individual (or 

bilaterality), and family history. Hereditary breast and ovarian cancer (HBOC) is 

a syndrome that involves increased predisposition primarily to breast cancer 

(BC) and/or to ovarian cancer (OC). Current estimates indicate that 
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approximately 10-15% of breast and ovarian cancer cases can be explained by 

inherited deleterious genetic variants in high and moderate penetrance genes 

(Samadder et al., 2019; González-Santiago et al., 2020). This percentage 

comprises a high number of patients and families, since female breast cancer is 

the leading cause of global cancer incidence in 2020, with an estimated 2.3 

million new cases, namely 11.7% of all cancer cases. Similarly, ovarian cancer 

accounts for 3.4% of female cancer incidence and 4.7% of female cancer deaths 

(Sung et al., 2021). 

 

1.2  Genetic predisposition to hereditary breast and 

ovarian cancer 

Hereditary cancers are characterized by the occurrence of germline pathogenic 

variants in specific genes, such as BRCA1, MLH1 or TP53 (associated with breast 

cancer, colon cancer, and Li-Fraumeni syndrome, respectively). Carriers of a 

germline alteration in a cancer predisposition gene have a higher risk of 

developing certain tumours throughout life and usually at a younger age than 

in the general population (Sociedad Española de Oncología Médica, 2019). 

Approximately a hundred genes for hereditary predisposition to cancer 

associated with a large number of neoplasms have been described in the 

literature (Sociedad Española de Oncología Médica, 2019). Moreover, 

pathogenic variants in specific genes have been associated with susceptibility 

to more than one cancer hereditary disease (Bonadona et al., 2011; Nyberg et 

al., 2020). 

Focusing on the HBOC syndrome, multiple genes have been associated, being 

the most important BRCA1 and BRCA2 (BRCA1/2) (Hall et al., 1990; Miki et al., 

1994; Wooster et al., 1994). Pathogenic variants in these genes, involved in 

homologous recombination repair, explain approximately 10-25% of all 

hereditary breast/ovarian cancer cases (Petrucelli et al., 2016). More than 
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65,000 unique variants have been described in these genes (BRCAExchange, 

accessed July 2021) in multiple populations and different ethnicities. However, 

variants with increased incidence, known as recurrent and founder variants, 

have been described in specific populations (Díez et al., 2003; Ferla et al., 2007; 

Fachal et al., 2014). It has been estimated that women carrying pathogenic 

BRCA1 and BRCA2 variants have a cumulative risk by 80 years of age of 

developing breast cancer of 55-72% and 69% and that of developing ovarian 

cancer of 44% and 17%, respectively (Kuchenbaecker et al., 2017; Dorling et al., 

2021). Deleterious BRCA1/2 variants also increase the risk of prostate and 

pancreatic cancer, primarily in individuals with a BRCA2 pathogenic variant 

(Mersch et al., 2015).  

Other high penetrance genes associated with rare hereditary syndromes also 

cause breast cancers, among others. The TP53 gene has been implicated in 

hereditary breast cancer as part of the Li-Fraumeni syndrome (Malkin, 1993), 

and accounts for a small proportion of breast cancer patients diagnosed before 

30 years of age (Woodward et al., 2021). The PTEN gene has been identified as 

the causal gene in Cowden syndrome, in which early-onset breast cancer is 

associated with a variety of other features, including hamartomas of the skin 

and mucous membranes, thyroid adenomas, colonic polyps (including juvenile 

polyps), and craneomegaly (Liaw et al., 1997). STK11 is associated with the 

dominantly inherited condition Peutz-Jeghers syndrome, characterized by 

benign polyps throughout the gastrointestinal tract and mucocutaneous 

pigmentation (particularly on the lips) and confer a cumulative risk of breast 

and gynaecological cancers (van Lier et al., 2011). Additionally, pathogenic 

variants in the CDH1 gene cause the hereditary diffuse gastric and lobular breast 

cancer, a dominantly inherited condition that confers to a carrier women a 40–

60% lifetime risk of breast cancer (Fitzgerald et al., 2010).  

The spectrum of HBOC associated genes has been expanded during the last 20 

years including a large number of genes with a critical role in homologous 

recombination repair (Hoang and Gilks, 2018). Among these genes, PALB2 



INTRODUCTION  

28 
 

(BRCA2 interactor), considered a breast cancer high-risk susceptibility gene 

(Rahman et al., 2007), shows 3834 unique variants entry in ClinVar database 

(accessed July 2021). Various studies indicate that odds ratio (OR) of PALB2 

deleterious mutations for breast cancer was comparable to that of BRCA2 

pathogenic variants (Dorling et al., 2021; Hu et al., 2021). Genes as CHEK2, ATM, 

BRIP1, RAD51C, and RAD51D are related to moderate risks of developing 

breast/ovarian cancer (Meijers-Heijboer et al., 2002; Renwick et al., 2006; Seal 

et al., 2006; Meindl et al., 2010; Loveday et al., 2011) explaining 4.6% of cases 

(Tung et al., 2016). Women with pathogenic variants in ATM or CHEK2 face a 

breast cancer cumulative risk at 80 years of 20 to 30%  (Dorling et al., 2021) 

while RAD51C and RAD51D generate an ovarian cancer risk of 11% and 13% 

(Yang et al., 2020). Also, some evidence of BARD1 as a breast cancer 

susceptibility gene have been collected during the last decade  (Alenezi et al., 

2020; Dorling et al., 2021).  

Recently, population and family-based studies using a high number of cases and 

healthy controls have been performed to determine the risk of the associated 

genes to breast cancer (Dorling et al., 2021; Hu et al., 2021) (Figure 1). Protein-

truncating variants in five genes (ATM, BRCA1, BRCA2, CHEK2, and PALB2) were 

associated with a significant risk of breast cancer overall (P<0.0001), and in four 

other genes (BARD1, RAD51C, RAD51D, and TP53), albeit with a p of less than 

0.05 in most of these genes, the odds ratio differed according to breast cancer 

subtype (Dorling et al., 2021).  
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Figure 1. Absolute risk of breast cancer in carriers of truncating variants of BRCA1, 

BRCA2, PALB2, CHEK2, BARD1, ATM, RAD51C, and RAD51D compared with the general 

population. Taken from Dorling et al., 2021. 

These large studies (Dorling et al., 2021; Hu et al., 2021), defined the risk of the 

susceptibility for breast cancer and evidence the stratification between high 

penetrance and moderate penetrance risk genes, and discard other candidates 

that did not show association with the disease (e.g., NBN). Nevertheless, 

despite the size of these studies, the evidence of an association with breast 

cancer risk for several of the genes that were analysed (e.g., FANCM, MSH6, and 

NF1) remains equivocal (Dorling et al., 2021) (Table 1).  

 

Table 1. Risk of breast cancer associated with protein-truncating variants in the 

population-based study reported in Dorling et al., 2021. Adapted from Dorling et al., 

2021. 

Gene 

Breast Cancer 

Patients 

(n=48,826) 

Controls 

(n=50,703) 

Odds Ratio (95% 

CI) 
p 

ATM 294 150 2.10 (1.71–2.57) 9.2×10−13 

BARD1 62 32 2.09 (1.35–3.23) 0.00098 

BRCA1 515 58 10.57 (8.02–13.93) 1.1×10−62 

BRCA2 754 135 5.85 (4.85–7.06) 2.2×10−75 

CHEK2 704 315 2.54 (2.21–2.91) 3.1×10−39 

FANCM* 302 300 1.06 (0.90–1.26) 0.48 

MSH6 39 23 1.96 (1.15–3.33) 0.013 

NF1 31 17 1.76 (0.96–3.21) 0.068 

PALB2 274 55 5.02 (3.73–6.76) 1.6×10−26 

RAD51C 54 26 1.93 (1.20–3.11) 0.007 

RAD51D 51 25 1.80 (1.11–2.93) 0.018 

*Over-represented in ER-negative breast cancer (Dorling et al., 2021). 

 

On the other hand, large genome-wide association studies have been 

performed for longer than a decade to identify associations between common 

variants and disease. These approaches have led to the robust identification of 
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more than 300 single nucleotide polymorphisms (SNPs). These common low-

risk alleles only confer a small risk by themselves, but when combined in a 

polygenic risk score (PRS) they provide a more significant risk estimate. It has 

been calculated that these SNPs currently explain up to 28% of the familial risk 

of breast cancer (Woodward et al., 2021). Similarly, it has been proposed that 

these SNPs can modify the risk of pathogenic variant carriers (Barnes et al., 

2020; Gallagher et al., 2020; Yanes et al., 2020). 

 

In summary, the genetic landscape of hereditary breast and ovarian cancer is 

heterogeneously composed of various high, moderate, and low susceptibility 

genes (Figure 2). However, approximately half of hereditary breast-ovarian 

cancer patients remain genetically undiagnosed (Couch et al., 2014).  

 

Figure  2. Relative risk and allele frequencies of high-, moderate-, and low-risk genetic 
variants associated to breast and ovarian cancer. Taken from Woodward et al., 2021. 
 

1.2.1. Clinical criteria for germline genetic analysis 

 

Different European guidelines containing recommendations for BRCA1/2 

testing have been published in the last years. These criteria are associated with 

a probability of ≥10% pathogenic variant detection. Clinical criteria for genetic 

testing differ between guidelines, but all of them are based on clinical risk 
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factors such as age, hormone receptor status, ancestry with founder mutations, 

and personal or family history of cancer (Table 2) (González-Santiago et al., 

2020). 

 

Table 2. SEOM clinical criteria for germline genetic analysis in hereditary breast and 
ovarian cancer patients. Adapted from Gonzalez-Santiago et al., 2020. 

Selection criteria for germline testing 

Regardless of family history:  

Women with synchronous or metachronous breast and ovarian cancer 

Breast cancer ≤ 40 years 

Bilateral breast cancer (the first diagnosed ≤ 50 years) 

Triple-negative breast cancer ≤ 60 years 

High-grade epithelial non-mucinous ovarian cancer (or fallopian tube or primary 

peritoneal cancer)  

Ancestry with founder mutations 

BRCA somatic mutation detected in any tumour type with a tumour allele frequency 

> 30% (if it is known) 

Metastatic HER2-negative breast cancer patients eligible to consider PARP inhibitor 

therapy 

2 or more first degree relatives with any combination of the following high-risk 

features: 

Bilateral breast cancer + another breast cancer < 60 years 

Breast cancer < 50 years and prostate or pancreatic cancer < 60 years 

Male breast cancer 

Breast and ovarian cancer 

Two cases of breast cancer diagnosed before age 50 years 

3 or more direct relatives with breast cancer (at least one premenopausal) and/or 

ovarian cancer and/or, pancreatic cancer or high Gleason (≥ 7) prostate cancer 

 

Most of these guidelines are based predominantly on the probability of carrying 

pathogenic variants in BRCA1 or BRCA2. Thus, the sensitivity of these criteria to 
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identify other pathogenic alterations in different high or moderate-risk genes is 

limited. Recent research supports BRCA1 and BRCA2 testing in a broader range 

of individuals, if not in every breast cancer patient. This recommendation is 

based on the findings of studies that conclude that the traditional approach may 

miss an elevate number of pathogenic variant carriers (Beitsch et al., 2019; 

González-Santiago et al., 2020). 

New criteria for germline testing, regardless of family history, are arising thanks 

to improvements in massive tumour sequencing techniques, as well as in 

predicting response to new therapeutic agents. Following detection of a 

somatic mutation in a cancer predisposition gene with high tumour allele 

frequency, it is advisable to rule out or verify the existence of a germline 

pathogenic variant considering possible implications in genetic counselling.  

  

The Spanish Society of Medical Oncology (SEOM) recommends genetic risk 

evaluation and genetic counselling (before and after germline testing) for 

patients who are at high risk of harbouring a pathogenic variant in one of the 

breast/ovarian cancer predisposition genes. Genetic counselling is a process 

that guarantees a discussion about the benefits and limitations of genetic 

testing, including information about cancer risk, recommendations for early 

detection and risk reduction interventions, as well as advice regarding 

reproductive options, and support for psychological well-being (González-

Santiago et al., 2020). 

 

1.2.2. Gene panel analysis 

 

To identify pathogenic variants in susceptibility genes, customized massively 

parallel sequencing panels are widely used in the clinical practice, allowing the 

analysis of high and moderate penetrance associated risk genes in germline 

DNA of affected patients (Bonache et al., 2018; Hauke et al., 2018; Tsaousis et 

al., 2019). 
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However, there are differences between the genes included in the panels across 

hospital laboratories or commercial companies. In fact, some centres and 

companies offer wide panels including genes that have never been linked 

convincingly to breast/ovarian cancer and other hereditary cancers. Although 

multi-gene panels differ among testing laboratories, they commonly include the 

high penetrance genes BRCA1, BRCA2 and PALB2, other high-penetrance genes 

associated with rare genetic syndromes (TP53, PTEN, CDH1, and STK11), and 

genes associated with moderate risks such as CHEK2, ATM, RAD51C and 

RAD51D (Woodward et al., 2021). The mismatch repair genes (MLH1, MSH2, 

MSH6 and PMS2), may also be included in an opportunistic detection approach 

(Feliubadaló et al., 2019). 

 

In Spain, SEOM recommended to include BRCA1 and BRCA2, which are the most 

common mutated susceptibility genes in breast/ovarian tumours, followed by 

PALB2 (in BC) and genes with pathogenic variants that confer moderate 

penetrance cancer risk, such as ATM and CHEK2 (in BC) and BRIP1, RAD51C, 

RAD51D, MLH1, MSH2, and MSH6 (in OC) (González-Santiago et al., 2020). 

Clinical validity for BRCA1, BRCA2 and PALB2 (in BC/OC), and BRIP1, RAD51C, 

RAD51D, MLH1, MSH2, and MSH6 (in OC) have been established with 

subsequent surveillance and preventive clinical options (Domchek and Robson, 

2019; González-Santiago et al., 2020).  

 

1.2.3. Clinical management in carriers of pathogenic variants in 

HBOC related genes 

 

The identification of pathogenic variants in genes associated with susceptibility 

to the disease allows the genetic accurate risk assessment and medical 

management of patients and families.  
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Early detection, risk-reducing surgery or personalized therapy are clinical 

strategies available to carriers of deleterious variants in BRCA1 or BRCA2 

(Pashayan et al., 2020; Pujol et al., 2021): 

 

- Early detection strategies. Annual mammography and annual breast 

magnetic resonance imaging in women with deleterious variants in 

BRCA1/2 are recommended (Warner, 2018). 

- Risk-reducing surgery. Bilateral risk reduction mastectomy (BRRM) 

decreases the occurrence of breast cancer in women with a moderate-

high risk by 90% without a decrease in all-cause mortality (Li et al., 

2016). Also, bilateral risk reduction salpingo-oophorectomy (RRSO) 

demonstrated a risk reduction of OC, fallopian tube cancer, and primary 

peritoneal cancer of ~80% in women with BRCA1/2 loss-of-function 

variants. RRSO in carriers of moderately penetrant pathogenic alleles of 

BRIP1, RAD51C or RAD51D should be contemplated on a case-by-case 

basis, and is also an option to be considered in carriers of pathogenic 

variants in Lynch syndrome genes (González-Santiago et al., 2020). 

- Chemoprevention. Preventive treatments such as tamoxifen are an 

option for female BRCA1/2 carriers who do not want to undergo BRRM 

(González-Santiago et al., 2020). Oral contraceptives in BRCA1/2 

carriers can reduce the risk of OC; however, there are discrepancies in 

its recommendations of use (Huber et al., 2020). 

- Treatment strategies. Along last years, poly (ADP-ribose) polymerase 

(PARP) inhibitors agents have shown their benefits in ovarian cancer 

patients carrying BRCA1/2 deleterious variants (Ledermann, 2016; 

Cook and Tinker, 2019; Mirza et al., 2020). In addition, these molecules 

are prime candidates for the treatment of breast cancers associated 

with germline or acquired mutations of BRCA1/2 and potentially also 

PALB2 given their functional roles in homologous recombination 

pathways (Woodward 2021). The identification of a germline BRCA1/2 
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pathogenic variant in the oncology setting has important therapeutic 

implications, with PARP inhibition of advanced breast cancers being 

associated with increased progression-free survival over standard care 

(Robson et al., 2017; Litton et al., 2018). Given their use now in a 

maintenance setting in ovarian cancer, they would be employed after 

primary treatment even for earlier-stage breast cancer (Woodward et 

al., 2021). The use of this therapy in patients has an enormous potential 

and interest and more than 350 clinical trials involving this molecule are 

active (Clinicaltrials.gov, accessed July 2021). To date, PARP inhibitors 

have been approved for the treatment of germline BRCA1/2-mutated 

ovarian, breast, prostate, and pancreatic cancers (Lynparza | European 

Medicines Agency. https://www.ema.europa.eu/en/medicines/human 

/EPAR/lynparza. Accessed July 2021). 

 

 

1.3. Identification of new susceptibility genes  

 

Susceptibility gene identification strategies have been evolved since 90s 

decade. Initially, multiple-case families were studied to identify high-risk 

susceptibility genes by linkage analysis, detecting markers that co-segregated 

with the disease. This approach led to the identification of BRCA1 and BRCA2 

genes (BRCA1/2) (Hall et al., 1990; Miki et al., 1994; Wooster et al., 1994). In 

addition, multiple-case families were also used to know the role of high 

penetrance genes  in rare hereditary syndromes causing breast or ovarian 

cancers, among others, such as TP53 (Malkin, 1993), PTEN (Liaw et al., 1997), 

STK11 (van Lier et al., 2011) and CDH1 (Fitzgerald et al., 2010). 

In the last two decades, following a case-control strategy and segregation 

analysis strategies, PALB2 high-risk susceptibility gene was identified (Rahman 

et al., 2007). Moreover, a higher proportion of truncating variants in affected 
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individuals compared to healthy controls were identified in CHEK2, ATM, BRIP1, 

RAD51C, RAD51D, and BARD1 genes, associating these genes with low to 

moderate risks of developing breast/ovarian cancer (Meijers-Heijboer et al., 

2002; Renwick et al., 2006; Seal et al., 2006; Meindl et al., 2010; Loveday et al., 

2011; Dorling et al., 2021). 

However, a part of the missing heritability in this disease may be due to new 

genes related to the susceptibility to HBOC still unknown. The advent of 

massively parallel sequencing has led to timely testing of multiple genes using 

panels, whole-exome sequencing (WES), or whole-genome sequencing (WGS). 

Interestingly, WES has become a common approach to identify rare variants by 

performing a staged study starting with sequencing of cohorts of small number 

of cases with strong familial aggregation of hereditary cancer, highlighting 

potential candidate genes (Rotunno et al., 2020). In addition, functional analysis 

or mutational tumour signature indicating the relevance of candidate genes in 

developing the disease are also valuable approaches to identify potential risk 

genes (Polak et al., 2017; Hernández et al., 2018). Following this approach, a 

few genes have been identified so far as potential candidates in colorectal 

cancer and hereditary breast and ovarian cancer (Te Paske et al., 2020); 

Rotunno et al., 2020; Subramanian et al., 2020). However, these genes have to 

be validated in large case-control studies to clarify if they are associated with 

the disease.  

 

Published studies identifying candidate genes comprehend both the 

identification and the validation using a different cohort of patients, and 

sequencing healthy controls or using public control databases. For example, 

germline RBBP8 variants have been recently associated with early-onset breast 

cancer, firstly identifying potentially deleterious variants in a small cohort of 

patients, and secondly validating its association by sequencing a large cohort of 

patients and by functional assays (Zarrizi et al., 2020). In addition, RECQL5 gene 

was highlighted as a potentially related gene by identifying a deleterious variant 
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by WES in an HBOC family and observing an enrichment of deleterious variants 

in affected patients after a comparison with healthy controls.  

These genes are an example of how the identification of new candidate genes 

is possible using massively parallel approaches in HBOC patients. In this thesis, 

the author describes a study consisting of the identification of candidate genes 

and their subsequent validation with an analysis of cases and controls. First 

results are presented since the phase of validation and calculation of associated 

risk is in process. 

 

 

 

2. Variant interpretation 

 

Most of the diagnostic panels performed in breast/ovarian cancer patients 

focus on the sequencing of coding regions and exon-intron boundaries. Variants 

identified in DNA could be single nucleotide variants (SNVs), insertions, 

deletions, duplications, indels, or inversions. These types of variants can also 

affect RNA processing. Moreover, copy number variations (CNV) or even Alu 

insertions can be identified using massively parallel sequencing panels (Kerkhof 

et al., 2017; Qian et al., 2017). In affected patients, the genetic test can result 

in the identification of novel or already known benign or pathogenic variants or 

variants that we can still not clearly define and classify, termed variants of 

uncertain significance (VUS), or no identification of variants. The growing 

accumulation of genetic data generates a high amount of percentages of VUS 

(Lumish et al., 2017), and this is especially true in oncological diseases, for which 

gene-panel sequencing is often required in large groups of cancer patients 

(Federici and Soddu, 2020). 
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2.1  Variant classification system 

The variant classification has evolved since Cotton et al. (Cotton and Scriver, 

1998), more than 20 years ago, delineated several types of evidence that could 

prove helpful in understanding a missense variant role in disease causation, 

including segregation analysis, nature of the amino acid substitution and 

functional assays (Mester and Pesaran, 2019; Harrison et al., 2021). 

 

Major steps forward in harmonizing the approach to variant classification 

occurred with publications from the American College of Medical Genetics and 

Genomics (ACMG) in 2000 ( Kazazian and Boehm, 2000) and 2008 (Richards et 

al., 2008). However, these guidelines did not define what degree of certainty 

was required to classify a variant as disease-causing or harmless, how much 

weight should be assigned to different types of evidence, or how to combine 

different pieces of evidence to reach a classification. The first effort toward 

combining evidence types was published in 2004 by Goldgar et al., whose 

multifactorial likelihood based-model incorporated several clinical data points 

together with conservation and functional data to arrive at likelihood ratios that 

the authors deemed high enough to support (1000:1) or refute (100:1) causality 

for the BRCA1 and BRCA2 hereditary breast and ovarian cancer susceptibility 

genes (Goldgar et al., 2004; Mester and Pesaran, 2019; Harrison et al., 2021).  

 

A step forward in unifying variant classification terminology occurred in 2008 

with the publication of a 5-tier classification system developed by the 

International Agency for Research on Cancer (IARC) Unclassified Genetic 

Variants Working Group (Plon et al., 2008). The IARC stated that it is essential 

to discriminate between variants with scarce information (class 3) and variants 

with strong but not undeniable evidence of  association or not with the disease 

(classes 4, “likely pathogenic” and 2, “likely not pathogenic”, respectively) 

(Figure 3) (Plon et al., 2008; Moghadasi et al., 2016).  
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Figure 3. Variant classification levels. Taken from Mester and Pesaran, 2019.  

 

At that point, genome diagnostic laboratories and researchers had broadly 

accepted the use of a standard, 5-tier scheme for classifying variants: benign, 

likely benign, variant of uncertain significance (VUS), likely pathogenic, and 

pathogenic also described as class 1 through 5, respectively. Although this 

system standardized the naming of the different variant classifications, it did 

not cover what evidence would be required to get a variant classified in each 

category. This issue was tackled by the ACMG/AMP classification guidelines, 

published in 2015 (Richards et al., 2015), giving detailed recommendations on 

how to build up the evidence to classify a variant into one of these five 

categories. Several improvements to the ACMG/ AMP guidelines have been 

published since, as some of the original specifications were open to different 

interpretations. Additional modifications were sometimes required to apply the 

guidelines for certain genes and/or diseases (Harrison et al., 2021). 

 

In addition, other classification guidelines exist following a 5-tier scheme, such 

as ENIGMA (Evidence-based Network for the Interpretation of Germline Mutant 

Alleles), an international research consortium focused on developing and 

applying methods to determine the clinical significance in breast-ovarian cancer 

predisposition genes (Spurdle, et al., 2012). ENIGMA has developed variant 

classification criteria that utilize both quantitative (multifactorial based-model) 

and qualitative (rules-based) methods to assess the clinical significance of 

variants in BRCA1 and BRCA2 (http://enigmaconsortium.org/) (Parsons et al., 

2019). InSiGHT (International Society for Gastrointestinal Hereditary Tumors) 

also applied quantitative strategies to classify variants in the mismatch repair 

genes associated with Lynch syndrome along with a qualitative system able to 

http://enigmaconsortium.org/
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be utilized in the absence of data supporting a quantitative, multifactorial 

analysis (Plazzer et al., 2013; Thompson et al., 2014).  

 

2.1.1 ACMG/AMP classification guidelines 

 

To standardize variant classification, the 2015 ACMG/AMP guideline outlines 28 

types of evidence, or criteria, that are encountered during variant assessment 

(Richards et al., 2015). Each criterion is assigned a direction, either pathogenic 

(P) or benign (B), and a relative strength: stand-alone (A), very strong (VS), 

strong (S), moderate (M), or supporting (P). The combination of the direction 

and relative strength creates an evidence code that refers to a specific evidence 

criterion. For example, pathogenicity (P) of moderate (M) strength and a 

specific number assigned to the evidence. Each evidence code corresponds to 

a single criterion (Harrison et al., 2021) (Table 3). 

  

To assess and subsequently classify a variant, the variant curator must 

determine which criteria are applicable based on all available evidence. All the 

criteria are grouped into categories of evidence to aid in their assessment when 

they are similar or use the same source of data (Table 3). In addition to 

considering gene-level evidence, the 2015 guideline notes that with 

professional judgment, some criteria listed at a certain strength can be moved 

to a stronger or weaker level of evidence (Harrison et al., 2021). 

 

Table 3. ACMG/AMP evidence codes by category (adapted from Harrison et al., 2021). 

Evidence Benign Pathogenic 

Population data 
Variant is too common 

for disorder (BA1, BS1) 

Case control studies, 

multiple affected 

probands (PS4) 
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Variant identified in 

unaffected individuals 

(BS2) 

Variant is absent in 

population databases 

(PM2) 

Variant type, location, and 

predictive data 

Missense variant in a 

gene where LOF is 

mechanism (BP1) 

LOF or missense variant 

in gene with relevant 

mechanism (PVS1, PP2) 

In-frame indel in repeat 

region (BP3) 

Different nucleotide 

changes in same codon 

(PS1/PM5) 

Benign in silico prediction 

(BP4) 

Pathogenic in silico 

prediction (PP3)  

Synonymous variant 

(BP7) 

Variant located in 

functional domain (PM1) 

 
Variant changes protein 

length (PM4)  

Functional data 

Functional studies 

demonstrating no effect 

on gene product (BS3) 

Functional studies 

supporting 

pathogenicity (PS3) 

Case-level data 

Lack of segregation with 

disease (BS4) 

Co-segregation with 

disease (PP1)  

Variant observed with 

another pathogenic 

variant in the same or 

different gene (BP2, BP5) 

Variant in trans with 

pathogenic variant in 

recessive disorder (PM3) 

 
De novo observation 

(PS2, PM6) 

 
Phenotype consistent 

with disease (PP4) 

 

These guidelines are intended to be generic, and thus some evidence codes will 

not be relevant for variant curation for a specific gene. The ClinGen consortium 

(Rehm et al., 2015), https://www.clinicalgenome.org/) has engaged with expert 

https://www.clinicalgenome.org/
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groups to develop adaptations of the guidelines to specify which rule codes and 

strengths are appropriate for a specific gene-disease relationship and to 

provide guidance on the phenotypic features that are most predictive of variant 

pathogenicity (Rivera-Muñoz et al., 2018). To date, adaptations of the 

ACMG/AMP criteria have been completed for hereditary cancer or rare diseases 

related-genes such as PTEN (Mester et al., 2018), CDH1 (Lee et al., 2018), TP53 

(Fortuno et al., 2021), LDLR 

(https://www.medrxiv.org/content/10.1101/2021.03.17.21252755v1) or Rett 

and Angelman-like disorders related genes 

(https://clinicalgenome.org/site/assets/files/6050/clingen_rettas_acmg_speci

fications_v1.pdf) while other gene-adaptations are in development.   

 

Other hereditary cancer-related genes, such as ATM, among others, remained 

with no specific classification guidelines. The adaptation of ACMG guidelines to 

specific hereditary cancer or rare diseases related genes will provide a 

comprehensive framework to diminish the VUS number and optimize the 

variant classification.  

The thesis includes the collaborative work, with the participation of the author, 

of the Spanish ATM hereditary cancer variant interpretation Working Group, to 

develop a specific guide for ATM gene. 

 

 

2.2  The challenge of interpretation of variants of 

uncertain significance (VUS) 

 

The type of VUS identified during routine genetic testing can include 

synonymous, missense, small in-frame insertions/deletions, and intronic 

variants, for which sequence information alone is not sufficient to infer a 

cancer-associated risk. These variants have unknown functional effects on 

https://www.medrxiv.org/content/10.1101/2021.03.17.21252755v1
https://clinicalgenome.org/site/assets/files/6050/clingen_rettas_acmg_specifications_v1.pdf
https://clinicalgenome.org/site/assets/files/6050/clingen_rettas_acmg_specifications_v1.pdf
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proteins and cannot be clinically classified as either “Pathogenic” or “Benign”. 

As a result, VUS carriers and their family members cannot benefit from risk 

assessment measures and personalized cancer screening programs.  

 

In ClinVar database (https://www.ncbi.nlm.nih.gov/clinvar), the genes with the 

highest number of submitted variants include the most relevant tumour risk 

genes, such as BRCA1 and BRCA2, APC, mismatch repair genes and ATM. 

Moreover, many ClinVar submitted variants have conflicting interpretations, 

and a large number of total variants in the database are VUS (Table 4) (Federici 

and Soddu, 2020). Concerning HBOC-related genes, up to 35% of BRCA1/2 

variants submitted in ClinVar are classified as VUS or have conflicting 

interpretations (ClinVar database, accessed July 2021). 

 

Table 4. Number of submitted variants per significance (of all variants included in 

ClinVar) (adapted from Federici et al., 2020). 

Submission significance Variants Genes 

Uncertain significance 266,759 13,346 

Likely benign 203,141 9,515 

Benign 128,364 14,810 

Pathogenic 91,322 9,998 

Likely pathogenic 41,404 4,198 

 

VUS are difficult to classify for several reasons (Federici and Soddu, 2020) such 

as: i) lack of sufficient population-based statistical evidence, ii) scarcity of 

functional evidence, and iii) different evaluations by clinicians and researchers. 

In the first case, VUS might be not so rare, but found in many different 

pathological conditions and population subgroups, impeding appropriate 

statistical evaluations and classifications. The second reason is mainly due to 

the nature of the variant itself: VUS are mainly missense or synonymous 

substitutions, substitutions of biochemically similar residues, intronic SNVs, or 

in-frame insertions/deletions. They may be found in non-coding regions, at less 

https://www.ncbi.nlm.nih.gov/clinvar
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conserved residues, at splicing boundaries, or in less functionally relevant 

domains compared to true pathogenic variants. Thus, the impact of such VUS 

on the proteins and their functions is more difficult to uncover than nonsense 

variants. The third reason is due to different approaches taken by scientists and 

clinicians for classifying variants. Medical genetic counsellors mainly consider 

pathogenic variants with documented involvement in the disease. 

Furthermore, different laboratories do not necessarily adopt the same 

standardized reporting format. These divergent approaches create a gap in 

knowledge and make VUS challenging to use, overlooking potentially relevant 

information for the disease (Federici and Soddu, 2020).  

 

Moreover, it has been noted that hereditary cancer genes are highly susceptible 

to splicing variants (Rhine et al., 2018). Exonic and intronic VUS in HBOC 

associated risk genes can affect splicing, altering the RNA and leading to protein 

defects, similar to truncating variants (Wai et al., 2020).   

 

 

 

3. In silico tools usage in RNA splicing and 

hereditary breast/ovarian cancer 

 

In eukaryotic organisms, genes are organized in coding regions (exons) 

separated by non-coding DNA (introns). The process by which introns are 

excised from the pre-mRNA is named “splicing.” This process is dependent on 

the presence and interaction between the called cis and trans elements. The 

cis-elements are the conserved DNA sequences that define exons, introns, and 

other regulatory sequences necessary for proper splicing. Spliceosome proteins 

together with small nuclear RNAs (snRNAs), splicing repressors, and activators 
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recognize the conserved DNA cis-splicing elements and are called trans-acting 

elements (Anna and Monika, 2018; Ule and Blencowe, 2019).  

The splicing process is performed in two steps. The first step is the recognition 

of the splicing sites at intron/exon junctions, and the second one is the intron 

removal and exon ends joining. During the splicing process, different complexes 

between the pre-mRNA and spliceosome are formed (Anna and Monika, 2018). 

 

 

3.1. Elements of Splicing 

 i) Cis-elements of splicing 

 

The cis-acting core consensus sequences include: (i) the splice sites 

evolutionarily conserved defined by GU at 1 and 2 of the 5’ donor splice site 

(DS) and AG at 1 and 2 of the 3’ acceptor splice site (AS); (ii) intronic and exonic 

nucleotides adjacent to these invariable nucleotides also highly conserved: 

CAG/GUAAGU in donor sites and NYAG/G in acceptor sites; (iii) the 

polypyrimidine tract preceding the 3’ splicing site, and (iv) the branch point, 

located anywhere from 18 to 40 nucleotides upstream from the 3’ end of an 

intron (Ohno et al., 2018). Other cis-splicing regulatory elements (SREs) 

modelling splicing are classified as exonic splicing enhancers (ESEs) or silencers 

(ESSs) when they serve as promoters or inhibitors of exon inclusion, and as 

intronic splicing enhancers (ISEs) or silencers (ISSs) when they enhance or 

inhibit the use of adjacent splice sites or exons from an intronic location (Wang 

and Burge, 2008), helping to the correct exon inclusion and intron exclusion. All 

these elements shape a recognizable landscape to include a specific region in 

mature mRNA. The high fidelity of splicing is critically dependent on the 

recognition of the cis-acting pre-mRNA sequences (Fig. 5) (Dufner-Almeida et 

al., 2019).  
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Figure 5. Schematic representation of cis (DNA splicing sequences) and trans (protein 
binding splicing elements). ESE (exonic splicing enhancer); ESS (exonic splicing silencer); 
ISS (intronic splicing silencer); SR (Serine rich protein). Taken from Anna and Monika, 
2018. 

 

- Splicing sites  

These sites are recognized multiple times during spliceosome assembly, and 

introns are removed from the primary transcripts by cleavage at the splice sites. 

In most cases (98.7%), the exon-intron boundary sequences contain GT and AG 

motifs at the 5′ and 3′ ends of the intron, respectively. Non-canonical GC-AG 

and AT-AC sequences at the splice sites occur in 0.56 and 0.09% of the splice 

site pairs, respectively (Anna and Monika, 2018). Although the classic splicing 

motifs are typically essential for splicing, it is not generally sufficient for 

accurate splice-junction definition.  

 

- Branch point and polypyrimidine tract 

Branch point and polypyrimidine tract intronic sequences bind specific proteins 

involved in the formation of splicing complexes (Figure 5). The branch point 

motif, that might be localized between -9 and -400 bp upstream from the 

acceptor site with the consensus sequence yUnAy in humans, is essential for 

early spliceosome complex formation through the formation of a lariat RNA 

intermediate which is debranched and subsequently degraded after exon 

junction (Gao et al., 2008; Corvelo et al., 2010). As the sequences of the branch 
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point are highly degenerated, their exact localization is difficult to determine, 

but it is present mainly between -18 to -44 intronic nucleotides (Leman et al., 

2020). 

The polypyrimidine tract with sequence enriched in pyrimidine nucleotides 

/(Y)12–17/ is located between -5 and -40 bp from the acceptor splice site. This 

sequence binds the U2AF65 spliceosome subunit and polypyrimidine tract-

binding protein. Any mutation in these sequences could lead to splicing 

alterations (Ohno et al., 2018). 

 

- Splicing regulatory elements (SREs) 

SREs are cis‐regulatory RNA motifs, often 6–8 nt long, degenerated, and 

sometimes overlapping, that modulate RNA splicing by interacting with trans‐

acting factors that either activate or repress the splice site recognition and 

intron removal (Cartegni et al., 2002; Chasin, 2007). They include exonic splicing 

enhancers and silencers (ESEs and ESSs, also called ESRs for exonic splicing 

regulators), as well as their intronic counterparts (ISEs and ISSs, collectively 

known as ISRs). Importantly, it has been estimated that ESEs cover about half 

of all exonic nucleotides in the human genome (Chasin, 2007). These elements 

serve as binding sites that recruit trans-acting factors (e.g., SR and hnRNP 

proteins) that activate or suppress splice site recognition of spliceosome 

assembly by various mechanisms (Fu and Ares, 2014). 

 

ii) Trans-elements of splicing 

 

The trans-elements include proteins and ribonucleoproteins required for the 

splicing machinery (spliceosome) and its regulation. The spliceosome is a highly 

dynamic and supramolecular ribonucleoprotein complex, composed of five 

small nuclear ribonucleoproteins (snRNPs) and more than 100 proteins, 

including kinases, phosphatases and helicases, many of which are required for 

spliceosomal function, as well as associated proteins such as mRNA-export 
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factors and transcription factors (reviewed in Wang and Cooper, 2007; 

Wilkinson et al., 2020). The spliceosome assembly is further coordinated by the 

interaction of auxiliary splicing cis-elements and enhancer or repressor protein 

complexes, as exon splicing enhancers that bind serine/arginine (SR)–rich 

related (SR) proteins and recruit and stabilize binding of spliceosome 

components such as U2AF (reviewed in Wang and Cooper, 2007). Interestingly, 

several studies  have shown that mutations in components of the splicing 

machinery can contribute to a dysregulated RNA splicing  and tumorigenesis 

(Wang and Aifantis, 2020). However, alterations in these trans-elements are out 

of the scope of this thesis. 

 

 

3.2. Spliceogenic variants in genetic diseases  

A DNA variant disrupting any of the cis-acting core or regulating elements may 

lead to incorrect splicing, resulting in partial or complete exon loss/intron gain 

in the mature mRNA, thus generating aberrant non-functional transcripts 

(truncating or in-frame) proteins which could cause disease (Baralle and Buratti, 

2017) (Figure 6). According to HGMD, nearly 9% of all variants (ascertained 

September 2020) leading to human genetic diseases affect pre-mRNA splicing. 

However, the rate of miss-RNA splicing variants causing disease is thought to be 

much higher as synonym, missense, and deep intronic variants outside the 

donor and acceptor splicing site motifs are rarely considered and evaluated as 

splicing disruptors (Polak et al., 2017; Canson et al., 2020).  

 

In general, variants in the canonical acceptor and donor sites affect strongly 

conserved sequences that define exon-intron boundaries. The most known 

affect + 1 and + 2 residues at the 5′ donor splice site and −1 and − 2 residues at 

the 3′ acceptor splice site (Anna and Monika, 2018). However, exonic/intronic 

variants located within the proximity of canonical splice sites have also been 
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shown to alter splicing (Montalban et al., 2018b, 2019; Duran-Lozano et al., 

2019). 

Some variants create similar sequences to splicing sites, known as new splicing 

sites. Intronic or exonic cis-acting variants also have the potential to disrupt the 

use of alternative (cryptic) splice sites, changing the proportions of naturally 

occurring mRNA transcripts which may also lead to disease (Wang and Cooper, 

2007).  

 

Moreover, variants affecting splicing regulatory elements have also been 

described as causing non-functional proteins in HBOC syndrome and other 

genetic diseases (Tubeuf et al., 2020). Variants disrupting polypyrimidine tract 

or branch point sequences have been less reported, but recent studies have 

identified many variants altering these elements (Anna and Monika, 2018; 

Leman et al., 2020). 

 

Along DNA intronic regions there are numerous sequences similar to authentic 

splicing elements. The activation or disruption of these elements (such as 

cryptic splice sites activation or SREs alteration) could lead to the formation of 

pseudoexons (Vaz-Drago et al., 2017) (Figure 6). 

 

On the other hand, due to the lack of sequencing of deep intronic regions in the 

diagnostic panels, a reduced number of spliceogenic variants have been 

identified in these regions in genes related to hereditary cancer or other rare 

genetic diseases. Interestingly, in previous research conducted in our 

laboratory, the first BRCA1 deep intronic pathogenic variant was identified 

(Montalban et al., 2018a).  
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Figure 6. Types of splicing variants. Consequences in mRNA caused by variants 
disrupting DNA conserved elements. Taken from Anna and Monika, 2018. 

 

 

3.3 Splicing in silico tools 

Given that all types of genetic variation in any cis-splicing element may result in 

RNA alteration, the potential effect on splicing of all identified genetic variants 

should be evaluated (Canson et al., 2020). To detect splice alterations, in vitro 

splicing assays with patient’s RNA or minigenes are widely used. However, 

testing all detected potentially spliceogenic variants is time-consuming and 

expensive. To prioritize variants to be experimentally evaluated, multiple 

computational prediction tools have been developed to assess the effect of 

DNA variants on splicing, based on scoring the functionality of the affected cis-

element (Ohno et al., 2018). Also, in silico algorithms are included as one of the 

evidence criteria utilised for variant interpretation by the American College of 

Medical Genetics and Genomics (Richards et al., 2015). 

 

Current bioinformatic filtering strategies and clinical interpretation guidelines 

tend to focus on amino acid level effects. This can lead to synonymous, intronic, 

or missense variants being filtered out at an early stage of analysis, even though 

such variants may affect splicing. Similarly, although deep intronic variant data 
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are increasingly available via massively parallel sequencing in approaches like 

exome or genome sequencing, such non-coding variants are rarely considered 

owing to a lack of evidence on which to base interpretations. When 

bioinformatic predictions suggest that a variant affects splicing, there can be 

scope for additional RNA-based investigations (Wai et al., 2020). 

 

In silico tools that analyse the splicing strength have evolved from approaches 

based on position weight matrix (PWM) to machine learning and deep learning 

methods (Rowlands et al., 2019). In general, bioinformatic tools predicting 

donor and acceptor splicing sites alteration are more reliable than those applied 

to more loosely conserved elements like SREs (Ohno et al., 2018; Canson et al., 

2020).  

 

Historically, computational tools are based on different premises, the most 

common being used based on position weight matrix (PWM), in which each 

nucleotide on the splice site sequence is scored and ranked according to its 

frequency from its aligned consensus sequence.  Splicing Site Finder (SSF) and 

Human Splice Finder (HSF) tools are based on PWM (Shapiro and Senapathy, 

1987; Desmet et al., 2009).  

 

Neural network programs, such as NNSplice (NNS), are previously trained on 

examples with consensus splice sites. Based on the result of the network, the 

exact location of the splice site is predicted without prior knowledge of the 

donor or acceptor splice sites in the analysed sequence (Reese et al., 1997; 

Johansen et al., 2009). Tools based on maximum entropy distribution models 

such as MaxEntScan, take into account the dependencies between nucleotide 

positions given a set of constraints defined as low-order marginal distributions, 

and generates two models based on a set of real and decoy splice sites. It then 

compares the probability that a given nucleotide sequence belongs to each of 

the two distributions and returns how much more likely the sequence is to be 
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a real site, rather than a decoy site (Yeo and Burge, 2004; Rowlands et al., 2019). 

Also, the combination of different algorithms such as SpliceSiteFinder and 

MaxEntScan (SPiCE tool) has been proved to be efficient to identify splicing sites 

altering variants (Leman et al., 2018). 

 

Interestingly, some in silico tools have been developed using experimentally 

observed evidence, e.g. ESRseq (Ke et al., 2011) and HEXPLORER (Erkelenz et 

al., 2014). Using in vitro RNA approaches, scores for each hexamer as splicing 

regulatory element sequence were obtained. Then, after calculating the 

difference between wild type and variant sequence, ΔESRseq and ΔHZEI scores 

are retrieved (Ke et al., 2011; Erkelenz et al., 2014). 

 

Some tools adopt a meta-analytical approach by incorporating output from 

other tools as features, such as the use of different tool scores integrated into 

S-CAP. This tool combines sequenced-based features, evolutionary 

conservation, and existing metrics, including SPIDEX, CADD, and LINSIGHT, and 

comprises six different splicing prediction models, each designed to predict the 

pathogenicity of rare single nucleotide variants in a different splicing region 

(Jagadeesh et al., 2019).  

 

In recent years, splice prediction tools have incorporated a wide range of 

machine learning-based models requiring training and testing. A key element of 

machine learning is the use of features or variables that are incorporated into 

the models and from which inferences are ultimately made. Many of these 

features are often sequence-based, showing the frequency or position of 

particular nucleotide sequences over a given region. Biochemical features, such 

as GC content and thermodynamic properties, are often also employed 

(Rowlands et al., 2019).  
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One major contributing factor to the rapid upgrowth in the number of machine 

learning-based splice prediction tools is the increased availability of publicly 

available data. Particularly valuable are experimentally-derived RNA-seq 

datasets. Many tools use raw sequence data as input. In such cases, these 

sequences are taken from a reputed transcript model, as in the cases of 

MMSplice (Cheng et al., 2019b) and SpliceAI (Jaganathan et al., 2019). SpliceAI 

is one of the most interesting deep learning-based tools.  It analyses each 

position in a pre-mRNA transcript and evaluates whether it is likely to be a 

donor and acceptor splice site or neither. To train the model, the authors 

selected over 20,287 principal protein-coding transcripts from the GENCODE 

v24 annotation and used those from a selection of particular chromosomes as 

a training set. This tool is able to check any position in the genome and analyse 

up to 10,000 nt from the location of the variant. The authors demonstrate the 

ability of SpliceAI to faithfully identify authentic splice sites from nucleotide 

sequence alone, allowing the recreation of entire gene transcripts. SpliceAI-10k 

exhibits 95% top-k accuracy and an area under precision-recall curve (PR-AUC) 

of 0.98 (Jaganathan et al., 2019). The tool has been built to identify the variant 

impact on acceptor/donor loss or gain. However, the performances for the 

identification of variants altering other elements like SREs remain unknown.  

 

3.3.1 Splicing in silico tools for specific sequence regions  

 

Some of the previously mentioned tools are dedicated to specific splicing 

elements or regions, and others can analyse all types of splicing elements. For 

example, SSF, HSF, MES, or SPiCE are in silico tools limited to identifying variants 

altering natural splicing sites or creating similar sequences to them (Table 5). 

These tools have been the most commonly used in spliceogenic variant 

detection due to the more historical knowledge about these conserved splicing 

sequences.  
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Variants affecting the polypyrimidine tract located near the acceptor splicing 

site can be optimally identified using MaxEntScan (Yeo and Burge, 2004). On 

the other hand, the collection of experimental information of branch points 

allowed the development of tools like Branch Point Prediction (BPP) and 

Branchpointer (Zhang et al., 2017; Signal et al., 2018) (Table 5).  

In addition, HAL (Rosenberg et al., 2015), a combination of machine learning 

and synthetic biology trained with mini-gene sequences, ESRseq (Ke et al., 

2011), and HEXPLORER (Erkelenz et al., 2014) tools are designed to identify 

variants creating or disrupting SREs (ESE/ESS or ISE/ISS) (Table 5). 

 

Finally, some in silico tools like SpliceAI, SPANR, MMSplice, S-Cap or SPiP can 

potentially identify alterations in various sequences or splicing elements (Table 

5). 

 

Table 5. Summary of commonly used in silico splicing tools, their targeted analysed 
regions and elements and their model of analysis.  

Tool 
Region/element of 

analysis 
Model base Citation 

Splice Site 

Finder (SSF) 

Spl sites and 

new/cryptic sites 
PWM 

(Shapiro and Senapathy, 

1987) 

MaxEntScan 

(MES) 

Spl sites, 

new/cryptic sites, 

and PPT 

Maximum 

Entropy Principle 
(Yeo and Burge, 2004) 

Human 

Splice 

Finder (HSF) 

Spl sites and 

new/cryptic sites 
PWM (Desmet et al., 2009) 

dbscSNV Spl sites 

Adaptive 

boosting and 

random forests 

(Jian et al., 2014) 

SPiCE 
Spl sites and 

new/cryptic sites 

PWM + 

Maximum 

Entropy Principle 

(Leman et al., 2018) 
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BranchPoint

er 
Branch Points ML (Signal et al., 2018) 

BPP Branch Points / PPT Mixture Model (Zhang et al., 2017) 

ESRseq 
Splicing Regulatory 

Elements 

Experimentally 

inferred 
(Ke et al., 2011) 

HAL 
Splicing Regulatory 

Elements 

Machine 

learning and 

synthetic biology 

(Colombo et al., 2021) 

HEXPLORER 
Splicing Regulatory 

Elements 

Experimentally 

inferred 
(Erkelenz et al., 2014) 

SpliceAI All sequences 
ML (Deep neural 

network) 
(Jaganathan et al., 2019) 

SPANR 
Exons, plus +-300 

intronic nts 

ML (Neural 

network) 
(Xiong et al., 2015) 

S-CAP 

Exons, plus 50 bp 

flanking intronic 

sequence 

ML (Gradient 

boosting tree) 
(Jagadeesh et al., 2019) 

SPiP All sequences Meta-predictor 

https://github.com/rapha

elleman/SPiP 

PWM, Position Weight Matrix; ML, Machine Learning; PTT, Polypyrimidine Tract; Spl, 

Splicing. 

 

In summary, tools based on different approaches have been launched, some of 

them dedicated to specific elements, and others able to compute various types 

of splicing elements. Performance analysis comparing tools using different 

datasets have been carried out (Tang et al., 2016; Tubeuf et al., 2020). However, 

there is no consensus of which tool has to be used, in which conditions, or in 

what type of variants has to be applied. Moreover, their inclusion in the ACMG 

guideline is not clearly defined and do not cover the whole cis-splicing elements 

landscape. For this reason, independent performance studies with a large set 

of variants, comparing tools and optimizing their use, are needed. 

https://github.com/raphaelleman/SPiP
https://github.com/raphaelleman/SPiP
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Patients with HBOC in whom a causative pathogenic variant is not identified 

after genetic analysis may not benefit from prevention, early detection, or 

precision treatment measures. This negative or inconclusive results are due, 

among other causes, to the detection of variants of uncertain significance 

(VUS), some of them potentially spliceogenic, and the existence of still unknown 

susceptibility genes. 

 

The hypotheses of this work consist of: 

 

-Variants detected using massive parallel sequencing could disrupt or create 

splicing elements and consequently alter RNA leading to non-functional or 

partially functional proteins. The development of in silico tools to identify this 

type of variants (including deep intronic variants), could help to select with high 

grades of sensitivity and specificity those variants that should be prioritized for 

subsequent RNA analysis, increasing the possibility of reaching a diagnosis. 

 

-Improving the classification of variants of uncertain significance (VUS) by 

adapting variant classification guidelines to specific genes, such as ATM, can 

reduce the number of such variants and the uncertainty in patients and 

clinicians. 

 

-The analysis of exomes or extended panels in patients with HBOC negative for 

known risk genes, could identify new candidate genes, that have to be validated 

in later case-control studies. These new susceptibility genes will enlarge the 

clinical benefit for patients who have not obtained a prior genetic diagnosis. 
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The main objective of this thesis is to increase the capacity of genetic diagnosis 

of patients with HBOC, by focusing on i) the optimisation in the interpretation 

of exonic and intronic variants that might affect RNA quality or quantity but 

remain as variants of uncertain significance (VUS) and ii) the identification of 

new susceptibility genes for HBOC. According to this, the specific aims of this 

project are: 

 

1) To evaluate the performance of native splicing site alteration 

predictions made by commonly used in silico tools, comparing their 

outputs with the experimental evidence obtained by in vitro RNA 

analysis of variants detected in HBOC genes, for their implementation 

in the clinical variant interpretation guidelines. 

2) To provide an in silico framework to prioritize deep intronic variants for 

their experimental RNA analysis and to elucidate the importance of the 

landscape of splicing elements and SRE balance in the inclusion of 

sequences in mature RNA. 

3) To adapt the ACMG variant interpretation guideline to ATM gene for 

patients with cancer predisposition syndromes, especially focusing on 

splicing in silico.  

4) To analyse exomes and a panel of candidate genes in patients with 

early-onset BC/OC and no pathogenic variant in known genes, to select 

new genes potentially associated with risk, and validate their 

relationship with susceptibility to HBOC in patients and healthy Spanish 

controls. 
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CONTENTS 

 

The present thesis comprises four articles that follow the order of objective 

section: 

 

Article 1 “Computational tools for splicing defect prediction in breast/ovarian 

cancer genes: How efficient are they at predicting RNA alterations?” Moles-

Fernández A, Duran-Lozano L, Montalban G, Bonache S, López-Perolio I, 

Menéndez M, Santamariña M, Behar R, Blanco A, Carrasco E, López-Fernández 

A, Stjepanovic N, et al. 2018. Front Genet 9:366. 

Article 2 “Role of Splicing Regulatory Elements and In Silico Tools Usage in the 

Identification of Deep Intronic Splicing Variants in Hereditary Breast/Ovarian 

Cancer Genes” Moles-Fernández, A.; Domènech-Vivó, J.; Tenés, A.; Balmaña, J.; 

Diez, O.; Gutiérrez-Enríquez, S. 2021. Cancers, 13, 3341. 

https://doi.org/10.3390/cancers13133341 

Article 3 “A Collaborative Effort to Define Classification Criteria for ATM 

Variants in Hereditary Cancer Patients”. Feliubadaló L, Moles-Fernández A, 

Santamariña-Pena M, Sánchez AT, López-Novo A, Porras L-M, Blanco A, Capellá 

G, la Hoya M de, Molina IJ, Osorio A, Pineda M, et al. 2021. Clin Chem 67:518–

533. 

Article 4 “Unravelling genetic predisposition to familial breast and ovarian 

cancer: identification of new susceptibility genes by case-control study” A. 

Moles-Fernández, E. Aguado-Flor, C. Zamarreño-Pastor, Tu Nguyen-Dumont, 

Melissa C Southey, M. Antolín, S. Bonache, A. López-Fernández, L. Feliubadaló, 

J. Fernández-Navarro, C. Lázaro, J. Balmaña, O. Díez, S. Gutiérrez-Enríquez. 

Article in preparation.  
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SUMMARY OF RESULTS 

This thesis aimed to provide tools for the classification of VUS identified in HBOC 

risk-associated genes, to reduce the rate of undiagnosed patients. Variants of 

uncertain significance could affect RNA due to disruption or creation of cis-

splicing elements, and in silico tools can help to identify these potential 

alterations.  

Splicing sites are one of the most important splicing conserved elements. Article 

1 explains an optimization in the identification of potentially spliceogenic 

variants located near to these sequences, comparing different in silico 

algorithms, alone or in combination, and providing recommendations to use 

HSF+SSF-like or HSF+SSF-like+MES for analysing donor sites and SSF-like for 

acceptor sites, after their validation in a large set of data.  

Moreover, the creation or activation of cryptic sites along deep intronic regions 

could alter splicing causing the inclusion of intronic sequences in RNA, 

potentially leading to non-functional proteins. In Article 2, a framework for the 

identification of deep intronic spliceogenic was provided, after the performance 

analysis of SpliceAI in silico tool in a dataset of spliceogenic and no-spliceogenic 

deep intronic variants. In addition, the importance of the splicing regulatory 

elements balance in the pseudoexon creation was described. 

The ACMG variant interpretation guidelines provide general recommendations 

to classify variants. This approach causes a non-totally accurate classification 

because guidelines are not adjusted to specific gene characteristics, resulting in 

a VUS over-classification. In Article 3, ACMG guidelines were adapted to ATM 

gene. We focused on in silico splicing evidence (PP3/BP4). After reclassification 

of variants following the adapted guidelines, a reduction of VUS from 58% to 

42% was obtained. 

On the other hand, in patients without pathogenic variants identified in HBOC 

related genes, the phenotype could be due to deleterious variants in genes still 

not known associated with the disease. For this reason, in Article 4, the aim was 

to identify candidate genes through exomes and extended panel analysis and 
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validate their risk association by performing a case-control study. After the 

analysis of affected patients and healthy controls, a set of genes were 

associated to susceptibility to hereditary breast/ovarian cancer. 
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REPORT OF IMPACT FACTOR OF THE ARTICLES INCLUDED IN THE THESIS 

 

Sara Gutiérrez Enríquez, PhD and Orland Díez Gibert, PhD, with DNI 23820736G 

and 36509106X, as directors of the doctoral thesis carried out by Mr./a 

Alejandro Moles Fernández entitled “Unravelling genetic predisposition to 

familial breast and ovarian cancer: new susceptibility genes and variant 

interpretation by in silico approaches” enrolled in the Biomedicine doctoral 

programme at the University of Barcelona, notify the contribution of Alejandro 

Moles Fernández in the articles included in this thesis: 

Article 1. Computational Tools for Splicing Defect Prediction in Breast / Ovarian 

Cancer Genes : How Efficient Are They at Predicting RNA Alterations ?  Moles-

fernández, A.; Duran-lozano, L.; Montalban, G.; Bonache, S.; López-perolio, I.; 

Menéndez, M.; Santamariña, M.; Behar, R.; Blanco, A.; Carrasco, E.; et al. Front. 

Genet. 2018, 9, doi:10.3389/fgene.2018.00366. Impact factor: 4.599 

Contribution: First author. Conception and design, acquisition of data, data 

analysis and interpretation, drafting the workcritical revision of the article and 

final approval of the version to be published. 

Article 2. Role of Splicing Regulatory Elements and In Silico Tools Usage in the 

Identification of Deep Intronic Splicing Variants in Hereditary Breast/Ovarian 

Cancer Genes. Moles-Fernández, A.; Domènech-Vivó, J.; Tenés, A.; Balmaña, J.; 

Diez, O.; Gutiérrez-Enríquez, S. Cancers  2021, 13. Impact factor: 6.639 

Contribution: First author in co-authory. Conceptualization, methodology, 

software, validation, formal analysis, research, data curation, writing - 

preparing the original draft, writing - review and editing, visualization. 

Article 3. A Collaborative Effort to Define Classification Criteria for ATM Variants 

in Hereditary Cancer Patients. Feliubadaló, L.; Moles-Fernández, A.; 

Santamariña-Pena, M.; Sánchez, A.T.; López-Novo, A.; Porras, L.-M.; Blanco, A.; 

Capellá, G.; de la Hoya, M.; Molina, I.J.; et al. Clin. Chem. 2021, 67, 518–533, 

doi:10.1093/clinchem/hvaa250. Impact factor: 8.327 Contribution: Second 

author in co-authory. Conceptualization and design, data acquisition and 

analysis, interpretation of data, writing and review of the article for its 

intellectual content. Special involvement in the sections of in silico evidence and 

hot-spot regions. 

Article 4. Unravelling genetic predisposition to familial breast and ovarian 

cancer: identification of new susceptibility genes by case-control study. A. 

Moles-Fernández, E. Aguado-Flor, C. Zamarreño-Pastor, Tu Nguyen-Dumont, 

Melissa C Southey, M. Antolín, S. Bonache, A. López-Fernández, L. Feliubadaló, 

J. Fernández-Navarro, C. Lázaro, J. Balmaña, O. Díez, S. Gutiérrez-Enríquez. In 
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Hereditary breast and ovarian cancer (HBOC) patients without pathogenic 

variants identified in susceptibility genes represent a mis-opportunity to benefit 

from a personalized and precise medical management. The lack of a definitive 

genetic diagnosis after a germline molecular test in patients with a suspected 

HBOC disorder is driven mainly by an inconclusive result with the detection of 

variants of unknown significance (VUS) or a negative result with no detected 

pathogenic variant in known risk genes. This thesis proposes that an improved 

genetic diagnostic will be achieved through the optimization of the use of 

computational in silico algorithms for interpreting VUS spliceogenic effects as 

well as of the variant classification process (Articles 1, 2 and 3) and the 

identification of new HBOC susceptibility genes (Article 4 in preparation).   

 

1. In silico tools for spliceogenic variants 

identification in HBOC genes 

The use of massive parallel sequencing in clinical diagnostics is leading to a 

significant increase in genomic data and the detection of a high number of 

variants of uncertain significance (VUS) with potential effects on splicing that 

need interpretation. DNA variant disrupting any of the cis-acting core or 

regulating elements may lead to incorrect splicing, generating aberrant 

transcripts and hence non-functional proteins. Therefore, prediction of the 

effect of DNA sequence variations on splicing using in silico tools has become a 

common approach. In ACMG guidelines, the likely consequences predicted by 

in silico tools are essential for application of the supporting evidence PP3 

(multiple lines of computational evidence support a deleterious effect) and BP4 

(multiple lines of computational evidence suggest no impact on gene or gene 

product). However, there is no consensus or unified way about which tool has 

to be used and how to identify the effect caused by variants disrupting the 

different cis-elements. 
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1.1  Identification of variants altering donor and 

acceptor splice sites in HBOC using in silico tools  

 

Splicing acceptor and donor sites are critical elements for the correct exon 

inclusion in RNA, delimiting exons and introns. These regions are recognized by 

DNA binding proteins of the spliceosome complex, and variants located in these 

highly conserved sequences could impede this recognition leading to a splicing 

alteration. Due to the importance of these elements, several in silico tools for 

their analysis have been developed and a few studies have been published on 

their reliability in predicting the impact of variants on splicing sites. Their results 

show that the recommendations provided on the most appropriate use are not 

concordant (Jian et al., 2014a and Table 1 in Article 1).  

 

The main objective in Article 1 was to provide a framework to detect exonic and 

intronic spliceogenic variants affecting acceptor and donor splicing sites (-10 to 

+20 and -20 to +10 in donor and acceptor, respectively) using in silico tools. We 

collected variants identified in hereditary cancer-related genes and compared 

the in silico predicted effect of six programs (MES, HSF, SSF-like, SPANR, 

NNSplice, and dbscSNV), with splicing in vitro outcomes, thus evaluating the 

reliability of the predictions. We elaborated the study in two stages, discovery 

and validation, to identify the best predictors or the best combination for their 

application in routine clinical testing, taking into account sensitivity, specificity, 

accuracy, and negative predictive value as well as the score of Mathews 

Coefficient Correlation (MCC). In the discovery stage, significant performance 

differences were appreciated among individual tools. Globally, as well as for 5', 

and 3' splice sites, low accuracies of SPANR and NNSplice contrasted with the 

high performance achieved by SSF, MES, and HSF.  
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At the second stage of the study, we validated the combinations of HSF with 

SSF-like or HSF+SSF-like+MES (at least one of them indicating alteration) as the 

highest performances for splicing aberrations at donor sites, and SSF-like stand-

alone at acceptor sites.  

These results provided recommendations for identifying splicing site altering 

variants using in silico tools with a high level of confidence, based on MCC, 

sensitivity and negative predictive values. This framework is relevant in a clinical 

setting since it allows to separate the variants with an extremely low or non-

existent probability of being abnormally spliceogenic from those variants in 

which in vitro RNA studies are of interest. For example, the use of Article 1 in 

silico splicing recommendations helped us (Duran-Lozano et al., 2019; 

Montalban et al., 2019) (Articles 5 and 6 in the Appendix section) and other 

groups (Sanoguera-Miralles et al., 2020) to classify pathogenic variants altering 

splicing in HBOC related genes.  

 

The recommendations provided in our study are partially in concordance with 

previously published papers, most of them indicating SSF-like, MES, or HSF as 

high-performance tools. In Houdayer et al., 2012, using a dataset of HBOC 

spliceogenic variants affecting splicing sites and not spliceogenic variants, the 

authors recommended a sequential approach for both acceptor and donor 

sites, using MES first and SSF-like second.  However, this combination reached 

a lower performance with variants located in the donor site in the discovery 

step of our Article 1. On the other hand, SPiCE tool (Leman et al., 2018) showed 

high sensitivity and specificity in a dataset of 395 HBOC variants. This user-

friendly and freely available tool combines SSF (modified from original Position 

Weigh Matrix published by Shapiro and Senapathy, 1987) and MES, providing a 

unique probability score, allowing a high throughput variant analysis. 

Interestingly, SPiCE showed a similar performance than our recommended tools 

(inferred from Supplementary table 8 of Article 1). Finally, according to 

previously published studies, NNS and GS showed low performances (Houdayer 
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et al., 2012; Tang et al., 2016), and their use should be avoided due to the high 

rate of false positives and negatives. 

To note, the rate of false-negative predictions in our study was significantly 

higher for acceptor sites than donor sites. This difference may be due to the 

greater complexity of the sequence adjacent to the 3', with the presence of the 

branch point and the polypyrimidine tract. Moreover, conserved splicing site 

sequences are different between acceptor and donor sites, i.e.,11 bases for the 

5' splice site (from the three last exonic to the eight first intronic bases) and 14 

bases for the 3' splice site (from the 12 last intronic to the first two exonic bases) 

(Burge et al., 1999). To our knowledge, our study is one of the few that 

evaluates the accuracy of different tools separately for donor and acceptor 

sites, resulting in different recommendations for each one with high 

performance. Interestingly, Danis et al. (2021) reported the development of a 

new machine learning method for predicting splicing alterations of non-

canonical variants located outside AG/GT intronic dinucleotides, considering 

and training two site-specific models to differentiate splice variants from 

neutral variants, one for the donor variants and the other for the acceptor 

variants.  

 

The tools analysed in Article 1 have only been interrogated to predict 

alterations at donor and acceptor splice sites. However, alterations in RNA may 

be produced by variants that affect other factors in cis (branch point, 

polypyrimidine tract, intronic and exonic splicing silencers and enhancers), 

create new splice sites or activate cryptic ones. In silico tools able to analyse 

different cis-splicing sequences could increase the spliceogenic variants 

detection. For example, SPANR, included in our performance analysis, is the first 

approach of a machine learning splicing tool integrating different conserved 

elements. Moreover, after Article 1 was published, new in silico tools 

addressing this point have been developed, by combining in separated modules 

different tools in a "meta-predictor" approach, such as SPiP 
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(https://github.com/raphaelleman/SPiP) or machine learning tools integrating 

the identification of potentially spliceogenic variants related to different cis-

elements (SpliceAI or MMSplice). SPiP is a freely available and user-friendly tool 

that provides a probability score obtained from the separate and independent 

analysis of each splicing element by its dedicated tool. For example, SPiP 

includes SPiCE for splicing sites and new or cryptic sites creation, ESRseq for 

exonic splicing silencers and enhancers, and BPP in silico tool for the 

identification of branch point regions. In other words, it is a predictor that 

analyses different elements without integrating its balance or interdependence 

between regions. 

 

One of the most noteworthy aspects of the new generation tools is the use of 

machine learning approaches, which enables the consideration of the fact that 

the functionality of a splicing element depends on its interactions with the other 

cis-elements. Hence, these predictors take into account large sequences to 

assess the effect of a variant to accurately predict which splicing elements are 

altered. SpliceAI (Jaganathan et al., 2019), for example, is able to analyse the 

effect of a variant taking into account the surrounding 10,000 nucleotides to 

the variant. In addition, MMSplice (Cheng et al., 2019b) considers competitive 

interactions among close splicing sites together with changes in splicing 

efficiency. This tool ranked first at the Critical Assessment of Genome 

Interpretation 5 (CAGI5) exon skipping prediction challenge (Cheng et al., 

2019a), in which two splicing prediction challenges were proposed based on 

two experimental perturbation minigene high-throughput assays: Vex-seq, 

assessing exon skipping, and MaPSy, assessing splicing efficiency. Using these 

pre-established datasets, the performance of in silico tools to correctly 

discriminate altering and not altering variants were compared. These 

challenges are an unbiased option to compare the utility of different tools with 

an independent set of variants and an opportunity to train and improve 

different predictors.  

https://github.com/raphaelleman/SPiP
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The CAGI 5 also included a challenge for predicting which of the about 400 

BRCA1 or BRCA2 variants was associated with increased risk for breast cancer 

(CAGI 5 ENIGMA challenge) (Cline et al., 2019) Article 7, Appendix). The Article 

1 recommendations were included in the "BRCA1- and BRCA2-specific in silico 

tools for variant interpretation in the CAGI 5 ENIGMA challenge" (Padilla et al., 

2019), which ranked second being the only participant that included splicing 

interpretation, that supports the importance of splicing analysis in identifying 

pathogenic variants (Article 8, Appendix). 

 

In a clinical setting, the selection of splicing algorithms should be based on the 

reliability of their predictions of the variant functional impact, facility of their 

implementation and output interpretation (i.e., what sequence features lead to 

the prediction score that reflects the probability that a given variant is 

spliceogenic) (Lord and Baralle, 2021). However, to date there is no defined 

process of how to establish the precise degree of confidence that in silico 

predictions must have for their clinical application. For example, the selection 

of a score as cut-off to distinguish a variant as splice disrupter is usually arbitrary 

or estimated from the evaluation of relatively small number of variants with 

known splicing effect (Lord and Baralle, 2021). Since an evidence-based,  unified 

splicing in silico approach is still needed in the clinical setting, further 

independent studies with a high number of variants are required, comparing 

the performance of an increasing list of tools, to establish which ones have to 

be used (Lord and Baralle, 2021). Highlighting the still need of benchmarking 

splicing in silico predictions with experimental data to better handle their 

reliability, is the recent launch (on June 2021) of the CAGI 6 challenge for 

predicting splicing disruption from variants of unknown significance. In this 

project,  participants are asked to provide a prediction “score” in the range of 0 

to 1 to distinguish splicing altering variants among a set of variants of unknown 

significance clinically ascertained and experimentally assessed by the organizers 

(https://genomeinterpretation.org/cagi6-splicing-vus.html). 

https://genomeinterpretation.org/cagi6-splicing-vus.html
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1.2  Deep intronic variant identification using in silico 

tools 

 

Despite the advances in sequencing technologies, there is still an important 

fraction of HBOC cases without a genetic diagnosis. A percentage of this fraction 

may include variants in non-coding deep intronic regions. The contribution of 

deep intronic variants to HBOC disease is not well known due to their location 

in poorly screened regions, but their potential effect on transcript splicing, 

including intron sequences in mature RNA, may be clinically significant since 

several spliceogenic variants have been detected (Vaz-Drago et al., 2017; 

Montalban et al., 2018a). However, identifying these variants is challenging due 

to the lack of specific in silico pipelines (Canson et al., 2020). For this reason, 

the work developed in this thesis aimed to provide a framework to identify 

spliceogenic variants in regions historically under-analysed (Toland et al., 2018). 

 

Jaganathan et al., 2019, in their SpliceAI development article, demonstrated 

that applying SpliceAI with a cut-off of ≥0.5 (Jaganathan et al., 2019), achieved 

a sensitivity of 71% when the analysed variants were near to exons, but fell to 

41% when the variants were in deep intronic regions (37 variants, >50 nt from 

exons). In Article 2, using a large dataset of deep intronic variants clinically 

relevant, we confirmed that SpliceAI in silico tool with a threshold of 0.05 

reaches an optimal predictive value in identifying spliceogenic deep intronic 

variants. 

 

Moreover, recently published papers such as Riepe et al., 2021, with an 

optimized SpliceAI cut-off score of 0.18, also showed a high performance, with 

a 0.84 MCC for predicting 81 deep intronic variants in the ABCA4 gene; these 

variants had also been included in our dataset. In addition, Riepe et al. 
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demonstrated that SpliceAI was the best tool to identify spliceogenic deep 

intronic variants compared with other deep-learning based algorithms such as 

SPANR (Xiong et al., 2015) and the "classical" tools SSF-like or MES, based on 

Position Weight Matrix or Maximum Entropy SSF-like, respectively.  

 

Most of the spliceogenic deep intronic variants reported create sequences 

similar to splicing sites or  activate cryptic splicing sites (Vaz-Drago et al., 2017). 

However, variants disrupting or creating intronic SREs can also lead to the 

inclusion of pseudoexons in RNA. In Table 1 and Supplementary Figure 1 of the 

Article 2, we can observe a lower performance of SpliceAI detecting SREs-

related variants (MCC=0.66) than intronic variants that create or activate cryptic 

splicing sites (MCC=0.88). Also, we show that SpliceAI performance in predicting 

the impact of SREs by exonic variants is limited (MCC=0.53). This low 

performance is possibly due to the fact that the deep learning network 

approach used for SpliceAI  is  not able to account for the SREs because of their 

limited presence in the tool training dataset (Jaganathan et al., 2019). This 

indicates that the performance of SpliceAI to identify SREs-related variants can 

still be improved, or other in silico tools could be used for this purpose. 

Particularly, ESRseq, HAL, and HEXPLORER tools have been developed to 

identify variants affecting splicing regulatory elements, but most of the 

performance studies have been done using exonic variants (Canson et al., 2020; 

Tubeuf et al., 2020). In Tubeuf et al., 2020, the authors used these tools with a 

large set of exonic variants that only affected SREs, altering or not exonic 

splicing. They showed that ESRseq achieved the highest performance to detect 

exon skipping after optimizing the threshold to -0.50 score. Moreover, focusing 

on identifying variants that increase exon inclusion by creating or enhancing 

ESEs using a dedicated dataset, they adapted the ESRseq threshold, optimizing 

it at +0.36. The authors selected this threshold to use ESRseq to detect deep 

intronic variants creating pseudoexons (n = 13), due to the impossibility of HAL 

and SPANR to analyse in deep intronic regions (Tubeuf et al., 2020). Ten variants 
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were correctly identified, and the authors suggested that this tool may be useful 

for predicting the creation of variant‐induced pseudoexons. This result is 

slightly different from that obtained in the Article 2 of the present thesis, in 

which the addition of ESRseq to SpliceAI analysis improves the sensitivity values 

but did not show improvement in the MCC. This discordance could be explained 

by the absence of no-spliceogenic variants in Tubeuf et al., 2020 dataset, and 

also because the authors aimed to detect only SREs altering intronic variants, in 

contrast to Article 2. In addition, we also reasoned that the limitation of 

improvement in the identification of SRE-altering variants using ESRseq, was 

due to the fact that this tool evaluates at a local hexamer level, without 

accounting for the SREs landscape that defines a region to be included as a 

pseudoexon. 

 

In summary, SpliceAI alone is able to identify variants causing pseudoexons with 

a high performance, and the addition of ESRseq has limited success in the 

identification of SREs-altering deep intronic variants. 

 

 

1.3  Importance of SREs balance in the pseudoexon 

inclusion caused by deep intronic variants 

 

The lack of improvement in the detection of spliceogenic deep intronic variants 

following the addition of ESRseq tool scores to SpliceAI led us to further 

investigate the characteristics and relevance of the SREs. Using ESRseq scores 

inferred from experimental results in Ke et al., 2011, we characterized the 

landscape of SREs along the exonic and adjacent intronic regions of HBOC genes 

(Article 2, Figure 2A) by scoring and mapping each nucleotide and its hexamer 

surrounding region. As expected, an exonic enhancers (ESEs) enrichment was 

observed in exons compared to intronic regions, and conversely a lower exonic 
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splicing silencers (ESSs) density in the exonic regions than in introns. These 

results are in agreement with other articles (Wang et al., 2005; Cáceres and 

Hurst, 2013; Erkelenz et al., 2014), indicating that ESRseq mapping is an 

interesting option to identify SREs along DNA sequences (Fig 7). 

 

Figure 7. SRE mapping of exonic and intronic regions. Representative image showing 

ESRseq scores used to map SREs sequences along exon and adjacent intronic regions. 

Nucleotides with negative values mean that they may act as silencer elements. 

Nucleotides with positive values may act as enhancer elements.    

 

Then, we characterized the pseudoexonized regions included in RNA caused by 

deep intronic spliceogenic variants collected in Article 2 and their surrounding 

intronic sequences. We observed that the relation of the splicing regulatory 

elements (SREs) landscape between the pseudoexon and flanking introns is 

similar to that of canonical exons. In contrast, the ESRseq developers  reported 

that the pseudoexons did not present a different balance of SRE than the 

adjacent intronic regions (Ke et al., 2011). This discrepancy could be because 

the pseudoexons analysed in the above-mentioned work were theoretically 

defined, without an experimental RNA evaluation, instead of using 

experimentally confirmed variants, as collected in Article 2. In addition, 

surrounding sequences to non spliceogenic deep intronic variants showed poor 

differences in the SREs balance compared with spliceogenic ones (Article 2, 

Figure 3). To our knowledge, up to date, this is the most extensive 

characterization of SREs in pseudoexonized regions caused by deep intronic 

variants experimentally assessed. 

 

The analysis of Article 2 shows that the balance of SREs between exons and 

introns was less defined in pseudoexons than in HBOC canonical exons. Similar 
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findings to our results using approaches other than ESRseq tools have been 

recently reported, showing that in pseudoexons there is a smaller density of 

ESEs together with a higher density of ESSs compared to canonical exons, that 

is, the pseudoexons presented a weaker exon profile in terms of SREs (Xie et al., 

2020). Collectively, these results suggest that SREs balance is critical for the 

exon inclusion or the recognition of an intronic region to be included into the 

RNA together with other splicing elements. It is worth to note that the presence 

in deep intronic regions of cryptic branch points or cryptic polypyrimidine tracts 

might also have a role in the inclusion of pseudoexons and their consideration 

in the in silico prediction of deep intronic splice altering variants has not been 

yet addressed.    

  

The density of ESEs in exons and ISSs in adjacent introns can be variable (Figure 

2A in Article 2). This observation agrees with Tubeuf et al., 2020 analysis, in 

which the in silico tools performances was separately analysed in specific exons 

using a pre-stablished threshold. Their results showed differences in MCC 

between groups, and they decided to optimize the threshold to each specific 

exon, improving the tool performance. This specific exon effect could be driven 

by differences in density, balance, or strength SREs landscape, and indicates the 

need of considering these features for a correct detection of variants disrupting 

all the regulatory cis-splicing elements. 

 

In this sense and in favour of the SRE density importance, Baeza-Centurion et 

al. suggested that the effect of variants altering the balance of SREs appears to 

be greater in alternative exons, which have fewer redundant enhancer 

elements, compared to constitutive ones (Baeza-Centurion et al., 2020). 

Therefore, we suggest that deep intronic variants that strengthen an enhancer 

or even decrease a silencer will have a greater chance of being spliceogenic 

provided that they are located in intron regions with an exon-like SRE 

landscape, similar to what happens in alternative exons. Moreover, in an exonic 

context, Baeza-Centurion et al., 2020 and Tubeuf et al., 2020 results suggest 
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that there exist a potentially sequence redundancy of ESEs in some exons (high 

ESEs density), which results in a "tolerance" to SREs disruption avoiding exon 

skipping. On the contrary, constitutive exons with a lower ESEs density would 

be more susceptible to suffer splicing alteration, due to the essentialness of 

these elements. 

 

Regarding the importance of an interplay between SRE and other cis-elements, 

Tubeuf et al., 2020 showed (in supplementary figure 12 of their manuscript), 

that exon‐skipping SREs altering variants were more frequently found in exons 

with weaker 3′ss, suggesting a relevant interdependence between splicing 

conserved elements, and that this effect can play a role in the in silico tools 

usage. 

 

Taken together our results generated in Article 2 and those mentioned above, 

we hypothesize that mapping and scoring SREs using ESRseq in exons and 

introns, could find out regions susceptible to be altered by SREs-related variants 

(for example exons with low presence of ESEs), and sequences with "tolerance" 

to be splicing-altered (exons with ESE "redundancy"). This information will 

facilitate the detection of splice altering variants using "classical" in silico 

approaches or even be used as a variable to be included in machine learning 

algorithms for improving its performance. To address this point, at the moment 

of the thesis presentation, a Phyton-based script is being developed by the 

Hereditary Cancer Genetics Group at VHIO, that will allow to i) map and score 

each nucleotide of a sequence located within an initial and final genomic 

position, and ii) calculate ΔESRseq scores caused by a variant in comparison 

with the wild type sequence in a high-throughput way with genomic 

coordinates as input. This initial resource, together with future improvements 

will be published to be used by the scientific community. One example of its 

utility could be to map and target exonic regions of interest, identifying 

enhancers and silencers, thereby, assisting to the experimental identification of 
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SREs sequences in exons using minigenes (such as Sanoguera-Miralles et al., 

2020 and Bueno-Martínez et al., 2021). 

 

1.4  Future of splicing variants identification: through a 

unified in silico pipeline and in vitro RNA sequencing 

 

The development of integrative tools including different splicing cis-elements, 

considering their interdependences, would improve the current identification 

of spliceogenic variants by in silico tools. It seems that this complexity might be 

tackled using the most advanced machine learning techniques as it has been 

recently demonstrated with the development of tools like SpliceAI or SQUIRLS 

algorithms (Jaganathan et al., 2019; Danis et al., 2021) or instead using meta-

predictor in silico tools like SPIP (https://github.com/raphaelleman/SPiP). Thus, 

it could be included in the ACMG guidelines as computational splicing evidence 

(PP3 and BP4), which use are still very limited and without established 

consensus recommendations.  

 

In silico tools capable of analysing stand-alone elements or more recently 

multiple elements, have been published. However, there is currently no single 

in silico tool with a verified performance of detection of splicing disrupting 

variants due to alteration or creation of any cis DNA elements. Thanks to the 

experience and knowledge gained along this thesis, we proposed a pipeline of 

in silico splicing analysis (Table 6) that covers the detection of spliceogenic 

variants located in all cis-splicing elements. This pipeline needs to be refined 

and validated with large variant datasets from HBOC patients before applying it 

in a real clinical setting. 

 

 

https://github.com/raphaelleman/SPiP
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Table 6.: In silico splicing analysis proposed pipeline. Different tools with its respective 

thresholds recommended to analyse potentially spliceogenic variants. 

 

The development of an integrative in silico tool pipeline, considering splicing 

element interdependences, will enhance the identification and analysis of 

potentially altering RNA variants in the massively parallel sequencing approach, 

particularly in a clinical context, where variants outside di-nucleotide acceptor 

and donor sites are not usually explored, and will result in a significant 

improvement in diagnosis in HBOC (Wai et al., 2020), but also in rare diseases 

(Lord and Baralle, 2021). In fact, the spliceogenic potential of synonymous and 

Cis-element/ 
type of 

alteration 

Covered 
nucleotides 

Tools Threshold 
URL link / 
reference 

Splicing Site 

Donor site: 
from -3 

exonic+8 
intronic 

Acceptor site: -
14 intronic to 

+2 exonic 

Donor S: SSF-like 
or HSF / 

Acceptor S: SSF-
like (Alamut 

Visual) 

-5% (SSF) or -
2% (HSF) / 
-5% (SSF) 

(Shapiro and 
Senapathy, 1987; 

Desmet et al., 
2009) 

Donor S: SPiCE / 
Acceptor S: SPiCE 

0.24 / 
 0.282 or 

0.789 

(Leman et al., 
2018) 

New 
sites/Cryptic 

activation 

All the exonic 
and intronic 

region 
SpliceAI ≥0.05 

(Jaganathan et 
al., 2019) 

Polypyrimidin
e tract 

From -18 to -12 
intronic 

nucleotides 
adjacent to the 
Acceptor site 

MaxEntScan (via 
SPIP) 

-15% (MES) 

(Yeo and Burge, 

2004) / 

(https://github.c

om/raphaellema

n/SPiP) 

Branch Point 

From -44 to -18 
intronic 

nucleotides 
adjacent to the 
Acceptor site 

BPP 

Indicated by 
SPiP as 

located in the 
branch point 
(motif: TRAY) 

(Zhang et al., 

2017) / 

(https://github.c

om/raphaellema

n/SPiP) 

Splicing 
Regulatory 

Element 

All the exonic 
and intronic 

region 
ESRseq -0.5 (Ke et al., 2011) 

Pseudoexons 
by deep 
intronic 
variants 

All the intronic 
region 

SpliceAI ≥0.05 
(Jaganathan et 

al., 2019) 

https://github.com/raphaelleman/SPiP
https://github.com/raphaelleman/SPiP
https://github.com/raphaelleman/SPiP
https://github.com/raphaelleman/SPiP
https://github.com/raphaelleman/SPiP
https://github.com/raphaelleman/SPiP
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intronic variants outside of dinucleotide consensus splice sites is frequently 

overlooked in bioinformatic pipelines, both in somatic and germline settings. 

 

Predictions made by in silico tools assist to the identification of variants in DNA 

(as evidenced Articles 1 and 2), but the potential effect in the RNA of the patient 

has to be verified by in vitro approaches. The recommendations for mRNA 

analysis best practice in clinical testing published by ENIGMA (Whiley et al., 

2014) include a qualitative RNA analysis in order to find aberrant splicing 

profiles. In addition, the use of minigenes to functionally test variants (in 

absence of patient samples) is widely extended (Gaildrat et al., 2010; 

Sanoguera-Miralles et al., 2020; Bueno-Martínez et al., 2021). ENIGMA 

recommends the use of RT-PCR and digital or capillary electrophoresis to detect 

transcripts with abnormal length, followed by cloning and Sanger sequencing 

to characterize their sequence (Whiley et al., 2014). However, it is essential to 

know the level at which these transcripts are expressed in order to determine 

their functional significance. Thus, a combination of qualitative and quantitative 

analysis is needed to provide proper characterization of spliceogenic variants 

(Montalban et al., 2019). 

 

However, this approach includes several time-consuming assays that 

diminishes their feasibility in a clinical setting. A promising alternative is the 

long-read RNA massively sequencing approach which allows the parallel 

evaluation of alterations in RNA splicing, RNA expression and changes in the 

RNA sequence in one assay (Sedlazeck et al., 2018; Sakamoto et al., 2020). This 

approach would simplify and accelerate the RNA analysis, coupled to the 

potentially spliceogenic variant identification by in silico tools.  
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2. Adaptation of ACMG guidelines to the ATM 

gene  

 

The American College of Medical Genetics and Genomics (ACMG) and the 

Association for Molecular Pathology (AMP) have provided a general framework 

for the classification of genetic variants (Richards et al., 2015). However, to 

improve classification and reduce the number of variants of unknown 

significance (VUS), these universal guidelines need to be tuned according to the 

disease and the specific gene. With this aim, ClinGene Variant Curation Expert 

Panels (https://clinicalgenome.org/affiliation/vcep/#ep_table_heading) are 

focused on developing adapted guidelines for specific genes or diseases. Given 

that the ACMG/AMP classification guidelines were proposed for high-

penetrance genes in classical Mendelian disorders (Richards et al., 2015), their 

adaptation to moderate/low-penetrance genes, such as ATM, is challenging and 

requires multidisciplinary collaborative efforts. ATM gene is included in 

hereditary cancer panels, mainly because heterozygous ATM deleterious 

mutations increase the risk of cancer, particularly breast cancer (BC), and have 

also been associated with colorectal, prostate, and pancreatic cancer 

predisposition (Roberts et al., 2012; Na et al., 2017; Jerzak et al., 2018). 

Moreover, biallelic ATM loss-of-function variant carriers present the highly 

severe Ataxia Telangiectasia disease. 

 

Article 3 tackled the necessity of adapting the ACMG variant interpretation 

guideline to the ATM gene to ultimately reduce the VUS rate. The author of this 

thesis besides to be involved in the whole process of rules adaptation, focused 

also on the specific adjustment of the splicing predictive evidence: multiple 

lines of computational data support a deleterious effect (pathogenic 

supporting, PP3) or suggest no impact (benign supporting, BP4). Thus, 

considering that public access to the SSF-like and HSF tools is limited, since they 

https://clinicalgenome.org/affiliation/vcep/#ep_table_heading


DISCUSSION 

173 

 

are included in Alamut Visual (Interactive Biosoftware),  the SPiCE in silico tool 

(Leman et al., 2018) was selected after a performance assessment in Article 3, 

due to its free availability, user-friendly interface and high performance. For 

variants affecting the canonical donor splice site, it is proposed applying PP3 

when the SPiCE score exceed the threshold of 0.240 (100% sensitivity), and BP4 

when they are below it (89.9% sensitivity). For variants affecting the canonical 

acceptor splice site, PP3 is assigned when exceeding the threshold of 0.789 

(87.6% sensitivity) and BP4 when they are under 0.282 (86.3% sensitivity). No 

evidence is considered for acceptor variants with scores between 0.282 and 

0.789 (Article 3, Supplementary Fig 2).  

The general ACMG variant interpretation guideline (Richards et al., 2015), 

suggested the use of some tools for computational splicing evidence (such as 

MES, Gene Splicer, NNSplicer, HSF, NetGene2, or FSPLICE) and recommended 

to use them in combination (assuming potential pathogenicity if all the tools 

identify the variant as deleterious). However, it did not specify which tools or 

what cut-off had to be used, nor the sensitivity or specificity that should be 

reached if in silico splicing tool is applied in this evidence module.  

 

There are already some HBOC genes adapted guidelines with detailed mention 

for computational splicing evidence: i) Mester et al. (2018) recommended for 

PTEN gene the same combination of tools indicated by Richards et al., 2015, 

based on a small dataset of 23 variants. Moreover, it specified the in silico 

splicing tools use to characteristics of PTEN gene (such as a non-canonical donor 

splice site in exon 1);  ii) For CDH1 gene Lee et al. (Lee et al., 2018) indicated 

that at least three in silico splicing predictors (such as HSF, MES, Berkeley 

Drosophila Genome Project (BDGP), and ESEfinder), must be in agreement to 

apply the supporting rule for variants likely to impact splicing. Interestingly, the 

authors proposed to analyse coding and non-coding variants predicted to either 

have an impact on the native site, or result in activation/creation of 

cryptic/novel splice sites. The use of these tools is supported after positive 
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correlation between prediction and experimental validation with only three 

CDH1 variants; iii) To identify spliceogenic variants in TP53 Fortuno et al. (2021), 

suggested the use of SpliceAI or VarSEAK (https://varseak.bio/) tools. 

 

As can be observed, there are different recommendations of use, and there is 

no clear indication of their performance. Interestingly, following the acquired 

knowledge in Article 1, a separate analysis of donor and acceptor splicing sites 

was recommended for ATM in silico analysis (Article 3). These indications 

together with other adapted evidence, led to a VUS reduction from 58% to 42% 

in the pilot set of classified ATM variants. The use of SPiCE in ATM gene allows 

an accurate splicing variant identification, although limited to splicing sites, still 

lacking a proven recommendation for the remaining cis-elements. Therefore, 

there is still room for improvement in ATM adapted in silico evidence. However, 

taken together, our ATM proposal and PTEN, CHD1 and TP53 examples, 

highlight the importance of developing specific and adapted ACMG guidelines. 

 

Finally, despite of the improvement of the variant classification system for 

HBOC genes achieved over last years, there is still a main challenge that requires 

innovative solutions: a validated automatization of variant classification 

including adapted gene evidence. In this sense, an attractive approach is the 

proposal recently published named RENOVO (Favalli et al., 2021), a machine 

learning-based tool, that classifies variants as pathogenic or benign on the basis 

of publicly available information and provides a pathogenicity likelihood score 

(PLS). This tool was trained with ClinVar pathogenic and benign variants, and 

validated by the authors with BRCA1, BRCA2 and SCN5A variants. The authors 

proposed a reclassification for 67% with >90% estimated precision after analyse 

all ClinVar VUS with RENOVO (Favalli et al., 2021). However, independent 

studies must validate its performance.  

         

 

https://varseak.bio/
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3. Candidate genes identification and validation in 

a case-control analysis 

 

Since up to a 50% of HBOC patients remains without genetic diagnosis, the 

identification of new susceptibility genes could explain the missing heritability 

in this disease, giving the opportunity to develop preventive and therapeutic 

strategies for the benefit of patients.  

 

For this reason, the aim of Article 4 was to identify candidate genes related to 

the HBOC and validate them using a case-control approach. Two different sets 

of candidate genes were separately analysed.  

 

One of the sets was sequenced in collaboration with COMPLEXO consortium 

(Southey et al., 2013), evaluating twenty-two genes, previously selected as 

candidate by its members, in 1,012 HBOC patients without pathogenic variants 

identified and 488 healthy women. After truncating and potentially spliceogenic 

variants detection, OR was calculated comparing cases with gnomAD database 

controls. Our results show that CAMKK1, WRN, PER1, FANCD2, FANCM, NEIL3, 

RBL1, XRCC4, BLM, and ALKBH3 were associated with a significant (p<0.05) risk 

of breast cancer, reaching an OR above 2.  

 

The genes included in the second set were selected from three different 

sources: 

i) Whole exome sequencing analysis of thirteen HBOC genetically 

undiagnosed families. DMC1, MACROD1, RALGDS, TPMT and 

TDP2 were selected after the identification of deleterious or 

potentially deleterious variants shared in affected members of 

the families.  
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ii) Extended massively parallel sequencing targeted panel 

(including known susceptibility and “promising candidate” 

genes) performed in 192 HBOC patients. RBBP8 was selected 

due the identification of truncating variants in two unrelated 

patients (Article 9, Appendix) (Bonache et al., 2018). 

iii) Candidate genes EDC4 and RECQL5 were selected due to the 

promising results showed in Spanish cohorts (Hernández et al., 

2018;  Tavera-Tapia et al., 2019). 

 

These eight genes were sequenced in DNA samples of 638 HBOC patients 

without pathogenic variants identified and 206 healthy women. After 

bioinformatic analysis and variant annotation, ORs were calculated considering 

truncating and potentially splicing variants in both groups and GnomAD 

controls database v2.1.1 (Karczewski et al., 2020). Loss-of-function variants in 

RALGDS, MACROD1 and RECQL5 showed an OR value above 2. However, none 

of the genes reached a significant (p<0.05) association. More patients and 

controls are being sequenced to validate the association of the candidate genes. 

 

Interestingly, Subramanian et al., 2020, after analysing WES in more than 500 

high risk ovarian cancer patients, showed an enrichment of LoF variants in forty-

three genes compared to gnomAD. The genes act in diverse functional 

pathways and relatively few were involved in DNA repair, suggesting that much 

of the remaining heritability is explained by previously underexplored genes 

and pathways. 

 

In addition, Li et al., 2021, in a well-conducted study, sequenced candidate 

genes in 3,892 BC cases and controls, and then validated 145 shortlisted genes 

in 7,619 subjects. Their results identified an overall excess of LoF and missense 

variants in cases. However, candidate genes with LoF variants with ORs of 2-4 

did not account even 1% of cases. This suggests that much of the remaining 
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genetic causes of high-risk BC families are due to genes in which pathogenic 

variants are both very rare and convey only low to moderate risk. 

 

Considering the results of Li et al., 2021, Subramanian et al., 2020, articles 

reviewed in Rotunno et al., 2020, and Article 4, we expected that newly 

associated genes will be part of a diversity of pathways, not only DNA repair. 

Moreover, we hypothesize that the landscape of gene susceptibility will be 

completed by various genes explaining a reduced percentage of patients, with 

a variable penetrance between moderate and low. These genes will have to be 

validated in large cases and controls studies similar to Dorling et al., 2021 and 

Hu et al., 2021, where thousands of unselected and familial breast cancer cases 

were sequenced together with thousands of non-cancer controls and using 

multiethnicity cases and control populations. 

 

In addition, most of the candidate genes or validation studies are focused on 

LoF and missense variants. Considering the expertise acquired in Articles 1 and 

2, we decided to analyse in silico potentially splicing variants in Article 4 

(outside +-1 and 2 intronic positions) and perform a separate ORs analysis. Up 

to our knowledge, this is the first study that considers this kind of variants, that 

may outperform the identification of potentially deleterious variants. 

 

During the last years, more than 200 candidate genes in HBOC and other 

hereditary cancer types have been highlighted (Rotunno et al., 2020). However, 

only a few are recognized as susceptibility cancer genes by the scientific 

community (Dorling et al., 2021; Hu et al., 2021). In Article 4, we have identified 

genes and suggested risk association by a case control approach, being the size 

the main limitation of this study, in particular that of the control group.  

 

There exist various limitations in the investigations to identify and validate 

candidate genes (Rotunno et al., 2020). Most of the studies focus their efforts 
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on sequencing cases rather than controls and use gnomAD controls database 

to compare the incidence of variants and calculate ORs. Authors use for 

comparisons the highest number of sequenced patients for the set of genes. 

However, not all alleles have been annotated in all patients of gnomAD (due to 

sequencing failure or differences between dataset that make up gnomAD). 

Consequently, assuming the highest value of alleles included in gnomAD leads 

to an underestimation of the allele frequency in controls, and therefore to an 

overestimation of ORs. To address this point, in Article 4, the ORs have been 

calculated by estimating the number of each allele according to the mean of all 

annotated alleles for that gene in gnomAD database.  

 

Other weakness is the size of analysed cohorts. For example, Rotunno et al., 

2020 indicates that the 53% of studies selected candidate genes after analysing 

ten or less families, and a 43% of articles did not perform an independent 

validation analysis, although some recent articles, such as Li et al., 2021 

analysed a total of 11,511 samples for a selected number of genes, avoiding this 

limitation. Also, to note the existence of bias on the candidate gene selection in 

many studies (including Article 4), in favour of genes of specific pathways 

related with DNA repair or replication pathways.  

 

Finally, recent studies indicate that non-conventional strategies by analysing 

the genomic tumoral landscape of HBOC patients could be an effective way to 

identify new related genes. Two recent examples combine breast and ovarian 

cancer GWAS datasets with transcriptome imputation from normal and tumour 

breast and ovarian tissues (Kar et al., 2021), or somatic whole-exome 

sequencing was performed to identify candidate genes in serrated polyposis 

syndrome (Soares de Lima et al., 2021) 

 

Collectively, the findings from this thesis on the performance of in silico splicing 

tools, the optimization of variant classification guidelines, and the indication of 
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new susceptibility genes will contribute to the more precise diagnosis of familial 

breast and ovarian cancer, ensuring that more patients and their families can 

benefit of preventive measures to reduce the risk of developing cancer, as well 

as of personalised anti-cancer therapies.  

  

 

 

 

 

 

 

 

 

 

 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

CONCLUSIONS 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



CONCLUSIONS 

183 

 

- Analysing the Donor and Acceptor splice sites separately improve the 

identification of spliceogenic variants. 

- The use of in silico tools SSF-like, and SSF-like and/or HSF in Acceptor and 

Donor sites respectively, allows to discriminate spliceogenic variants with a high 

performance. 

- SpliceAI is an efficient in silico tool to identify deep intronic variants that create 

pseudoexonizations. 

- The balance of splicing regulatory elements is essential for the pseudoexon 
formation. 
 
- Mapping splicing regulatory elements is a promising way to identify regions 

susceptible to be pseudoexonized. 

- The adaptation of the variant classification guidelines in the ATM gene, 

together with a validated in silico analysis of potential alterations in splicing, 

reduces the number of variants of uncertain significance. 

- The significant identification of loss-of-function variants in ALKBH3, BLM, 

CAMKK1, FANCD2, FANCM, NEIL3, PER1, RBL1, RECQL4, WRN and XRCC4 genes 

in patients with HBOC suggests that they may be susceptibility genes.    

- Caution should be exercised when comparing allele frequencies of patient 
cohorts with those of the gnomAD control population.  
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