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ABSTRACT 
Breast Cancer (BC) is the most common cancer among women worldwide. 

However, the current knowledge of BC susceptibility only accounts for half of the 
familial cases. The few functional studies performed for genome-wide association 
studies (GWAS) loci revealed a role for cis-regulatory variation, suggesting that 
risk variants may be acting by regulating gene expression levels. Therefore, we 
hypothesise that the most efficient approach to tackle BC missing heritability is to 
focus susceptibility studies on variants with greater cis-regulatory potential. 
Hereby, we present an innovative approach to genetic association studies, using a 
quantifiable readout of the effect of cis-regulatory variants — differential allelic 
expression (DAE). 

To identify candidate risk genes for our study, we selected Single Nucleotide 
Polymorphisms (SNPs) weakly associated with BC risk in GWAS and in the iCOGS 
consortium and identified their proxy SNPs. The resulting 591 candidate risk 
variants were located in 92 different genes, of which 41 had evidence of being cis-
regulated in a DAE study of normal breast tissue. The clinical impact of these 
genes was assessed, for a diverse list of clinical variables (differential expression 

analysis, FDR ⩽ 1% and absolute fold-change ⩾1.5). A final list of 18 risk 

candidates cis-regulated and with clinical impact genes was identified.  

OCIAD1 and GRHL2 genes were selected to perform case-control 
association studies using DAE values. DAE of OCIAD1 was significantly associated 
with BC risk (p-value=0.002 and 0.008, in two independent experiments using 
blood samples), while DAE of GRHL2 needs further validation of association (p-
value=0.014 and 0.096, in two independent experiments in breast tissue).  

This project proved that association studies using DAE as a quantifiable 
variable, together with the whole pipeline used to select the candidate genes, is an 
efficient approach to detect novel risk genes for BC.  
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RESUMO 
O cancro da mama é o tipo de cancro mais diagnosticado em mulheres, 

tanto em países desenvolvidos como em países em vias de desenvolvimento, 
representando 25% de todos os cancros mais diagnosticados. É uma doença 
caracterizada pelo crescimento anormal de células da mama conduzindo à 
formação do tumor. Esta neoplasia pode ser classificada segundo a sua morfologia 
e histologia básica, mas também a nível molecular. Trata-se de uma doença 
complexa, com uma componente genética e ambiental. Os fatores de risco para 
desenvolvimento de cancro da mama podem ser modificáveis, como é o caso da 
diminuição do contacto com radiação ionizante, consumo de hormonas femininas 
exógenas, entre outros, mas também existem fatores não modificáveis como é o 
caso da genética e da herança familiar. Cerca de 10-30% dos cancros da mama 
estão relacionados com fatores hereditários e dentro destes, entre 5-10% dos casos 
têm uma forte componente herdada. Os alelos genéticos podem ser categorizados 
de acordo com o risco e com a sua frequência na população, em alelos de alto risco, 
como é o caso de mutações nos genes BRCA1/BRCA2, alelos de risco moderado, 
como as mutações em ATM e BRIP1 e em alelos que conferem baixo risco na 
população, como o caso dos polimorfismos genéticos identificados nos genes 
FGFR2 e TOX3. No entanto cerca de metade da componente de risco familiar para 
o cancro da mama permanece por identificar.  

Os estudos de associação do genoma (GWAS) permitiram a identificação de 
muitos alelos de risco sem conhecimento prévio da posição ou função do gene. 
Estes estudos em cancro da mama revelaram que os polimorfismos de variante 
única (SNPs) associados a risco para a doença estão presentes maioritariamente 
em regiões não codificantes e os poucos estudos funcionais realizados nestes loci 
mostraram que variantes cis-reguladoras causavam risco através da regulação da 
expressão genética. As variantes em cis alteram a síntese dos transcritos de forma 
específica para cada alelo, podendo estar localizadas em regiões promotoras do 
gene, enhancers, bem como a centenas de kilobases (kb) de distância. A medição 
do rácio de expressão do RNA entre os dois alelos permite a deteção direta do 
efeito destas variantes, designando-se por análise de expressão alélica diferencial 
(DAE). 



 

 

Posto isto, sugere-se que para identificar novas variantes associadas a risco 
para cancro da mama deve-se focar os estudos em variantes cis-regulatórias e 
propõe-se utilizar rácios de DAE como medida quantitativa em estudos de 
associação genética. 

Para selecionar os genes candidatos para serem testados nos estudos de 
associação usando níveis de DAE usou-se a seguinte abordagem: primeiro 
identificaram-se 608 variantes candidatas a conferir risco para cancro da mama, 
uma vez que mostraram evidência de estarem associadas com risco para cancro da 
mama, mas não atingiram significância estatística nos GWAS. Estas variantes e os 
seus proxy SNPs (r2 ≥ 0.8) estavam localizadas em 92 genes diferentes. Visto que 
se pretendia selecionar genes para validação no laboratório que tivessem cis-
regulados, filtrou-se os 92 genes candidatos a risco com os dados de DAE do grupo 
(que indicavam quais os genes com evidência de cis-regulação), ficando-se com 41 
genes cis-regulados e com evidência de poderem contribuir para risco de 
desenvolver cancro da mama. Com o objetivo de se selecionarem genes com 
possível impacto clínico, realizaram-se análises de associação estatística entre 
expressão genética no genoma inteiro (derivada de microarrays de ácido 
desoxirribonucleico complementar (cADN) e diferentes variáveis clínicas (recetor 
de estrogénio, recetor de progesterona, grau, entre outras). Com esta análise de 
expressão diferencial verificou-se que 18 dos genes anteriores possuíam impacto 
clínico em pelo menos uma das análises consideradas (p-value≤0,01 (1% False 
Discovery Rate correction) e |Fold Change|≥ 1,5) e foram estabelecidos os genes 
finais de interesse. Destes 18 genes, selecionaram-se dois para a realização do 
estudo caso-controlo, com base nas evidências de DAE das análises efetuadas no 
grupo anteriormente, na significância estatística para o risco observada nas 
primeiras fases dos GWAS, no impacto clínico verificado nas análises de expressão 
diferencial, na frequência do alelo mais raro do SNP localizado nesse gene), na 
expressão total dos transcritos no tecido saudável da mama, bem como na 
presença de expression quantitative trait loci para o SNP transcrito (tSNP) de 
cada gene candidato. Após esta análise o gene OCIA domain containing 1 
(OCIAD1), e nomeadamente o seu tSNP rs9997920 (alelos C/T (minor)), assim 
como o Grainyhead Like Transcription Factor 2 (GRHL2) e o seu tSNP 
rs6989650 (alelos C/T (minor)) foram selecionados para realização dos estudos 



 

 
 

caso-controlo, tendo sido o OCIAD1 testado em tecido da mama e no sangue e o 
GRHL2 apenas em mama.  

Para cada estudo caso-controlo foi incorporada uma curva de calibração 
com uma amostra heterozigótica de modo a quantificar-se de forma precisa o DAE 
e uma curva standard com amostras heterozigóticas com os dois alelos em 
diferentes proporções para servir de controlo positivo. Os estudos de associação 
revelaram que no gene OCIAD1 no sangue existe uma diferença significativa entre 
os níveis de DAE nos casos e dos controlos (p-value= 0.002 e 0.008 em duas 
experiências independentes), tendo o alelo menos frequente do rs9997920 uma 
maior expressão nos casos do que nos controlos. No tecido mamário não se 
verificou esta diferença nos níveis de DAE do OCIAD1 (p-value= 0.4 e 0.07 para a 
segunda experiência), o que nos leva a concluir que apenas o sangue poderá ser 
usado para inferir o risco conferido por este gene. No entanto, e uma vez que os 
coortes populacionais do sangue são diferentes dos do tecido, este estudo deveria 
ser repetido usando sangue e tecido das mesmas pessoas. O estudo de associação 
genética para o GRHL2 revelou que este é um potencial gene de risco para cancro 
da mama uma vez que apresentava níveis de DAE diferentes entre casos e 
controlos no tecido da mama, mas apenas numa das experiências realizadas 
(=0,014 e 0.096 para a segunda experiência). Verificou-se que o alelo comum do 
rs6989650 está mais expresso nos casos do que nos controlos o que nos leva a 
concluir que este possivelmente é o alelo de risco, mas mais estudo têm que ser 
feitos para garantir que realmente a presença desta variante leva a risco para o 
desenvolvimento da doença.  

Este estudo permitiu a identificação de potenciais novos genes associados a 
suscetibilidade para cancro da mama, e gerou uma lista de novos genes candidatos 
para serem testados no futuro para associação com cancro da mama, através da 
análise de DAE. Futuras repetições das experiências têm que ser realizadas para 
garantir que o OCIAD1 e o GRHL2 são genes de risco para cancro da mama. Ao 
confirmarem-se, mais estudos deverão ser feitos de modo a identificar as variantes 
causais bem como o mecanismo pelo qual estarão a provocar o risco. 

Palavras-chave 
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1. INTRODUCTION 
1.1. BREAST CANCER 

1.1.1. Epidemiology 

Cancer is a public health problem counting 14.1 million new cases and 8.2 
million deaths occurring worldwide every year. The most common cancer 
worldwide is lung cancer, followed by breast cancer (BC) (Ferlay et al. 2015). 
However, in women, BC is the most common diagnosed cancer in developed and 
developing countries, with approximately 1.7 million new cases, representing 25% 
of all cancers (Tao et al. 2015; Torre et al. 2015; Ferlay et al. 2015). BC is also the 
fifth cause of death worldwide, the most frequent cause of cancer death in women 
in developing countries, and the second cause of death by cancer in developed 
countries (Figure 1.1) (Ferlay et al. 2015; Gómez-Flores-Ramos et al. 2017).  

Based on data from the American Cancer Society, one in eight women in the 
United States will have BC in her lifetime. The prediction is that by 2050 there will 
be approximately 3.2 million new cases per year of female BC (Tao et al. 2015).  

In Portugal, female BC is the most common cancer with an estimated 6088 
new cases each year, being also the leading cause of cancer mortality in women, 
with 1570 deaths in 2012. These represent, respectively, 30% of all cancer cases 
and 16% of all cancer deaths (Forjaz de Lacerda et al. 2018). These numbers also 
reflect the magnitude of new cases per year of BC, its impact on society worldwide 
and the urgency for improving prevention and treatments (Tao et al. 2015).  
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Figure 1.1 - Epidemiology of Breast Cancer. Representation of the estimated new cases and 
deaths for female cancer worldwide, in developed and developing countries. Cancer types are 
ordered according to prevalence, from the most to the less common (Adapted from Torre et al. 
2015)  

 

1.1.2. Morphological and Molecular Classification of Breast 
Tumours 

Breast tumours, characterised by the abnormal growth of breast cells to 
form a malignant neoplasm (Apostolou and Fostira 2013), are genetically and 
clinically diverse  in their natural history and in their response to treatment (Stingl 
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and Caldas 2007; Malhotra et al. 2010). A portion of this biological diversity can be 
explained by changes in gene expression (C. M. C. M. Perou et al. 2000) but also to 
other factors such as tumour microenvironment, cell signalling, among others 
(Natrajan et al. 2016). 

Breast cancer can be classified based on tumour morphology and basic 
histology (Malhotra et al. 2010; Tao et al. 2015). There are two major types of BC: 
In situ Carcinoma and Invasive/Infiltrating Carcinoma. The In Situ carcinoma can 
be Ductal (DCIS) or Lobular (LCIS); Invasive carcinoma can be Tubular, 
Ductal/Lobular, Lobular, Infiltrating Ductal, Mucinous, Medullary or Papillary 
(Figure 1.2). Regarding to In Situ Carcinoma, DCIS is the most common, with 
DCIS being further subclassified relative to its architectural characteristics into 
five subtypes: Comedo, Cribiform, Micropappilary, Papillary and Solid; LCIS 
presents low histological variation and is not further subdivided. The Infiltrating 
Ductal Carcinoma is the most common in the population, accounting for 70-80% 
of all invasive lesions (Malhotra et al. 2010). 

 

 

Figure 1.2 – Histological Breast Cancer classification.  

 

Breast tumours can also be molecularly classified, where gene expression 
profiling is combined with molecular markers, such as hormone receptors (C. M. 
C. M. Perou et al. 2000). The first such classification was the PAM50 classification, 
which is based on an algorithm that uses the expression level of 50 genes, to 
identify the five major intrinsic subtypes: Luminal A (oestrogen receptor (ER) 
positive- ER+/progesterone receptor (PR) positive- PR+/HER2 not amplified or 
not overexpressed- HER2-), Luminal B (ER+/progesterone receptor negative- PR-
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?/HER2 amplified or overexpressed- HER2+), Basal-like (oestrogen receptor 
negative- ER-/PR-/Her2-‘triple-negatives’), HER2-enriched (ER-/Her2+) and 
Normal-like (C. M. C. M. Perou et al. 2000; Sorlie et al. 2001; C. M. Perou and 
Borresen-Dale 2011). 

In general, in terms of hormonal receptor expression, tumours that express 
the oestrogen receptor (ER+) are more common, smaller, with a lower grade and 
lymph node negative when compared to those that do not express oestrogen 
receptor (ER-) (Anderson et al. 2002; Tao et al. 2015). 

The luminal tumours are defined by expression of hormonal genes such as 
ESR1, PGR (C. M. C. M. Perou et al. 2000). Luminal A tumours normally have a 
higher expression of ER and a lower expression of HER2, as well as lower 
expression of proliferation-associated genes, like MKI67 (Sorlie et al. 2001; Sorlie 
et al. 2003; Hu et al. 2006; C. M. Perou and Borresen-Dale 2011). Luminal B 
tumours usually have higher proliferation rates, tend to have mutations in the 
TP53 gene, and normally show a lower expression of ER- responsive genes (C. M. 
Perou and Borresen-Dale 2011). The most common luminal subtype is A, 
representing about 40% of all breast tumours, whilst the B subtype comprises 
approximately 10% of all breast tumours(C. M. Perou and Borresen-Dale 2011).  

There are subtypes with low expression of hormone receptors and their 
regulated genes that are HER2-enriched, basal-like (histologically comprised of 
more basal/myoepithelial cells) and claudin-low (claudin is a protein associated 
with tight-junctions). The HER2 enriched subtype is rather infrequent, accounting 
for 10% of all BC and normally shows a higher expression of HER2 and other genes 
The basal-like subtype, corresponding to 10-25% of all tumours, is defined by the 
lower expression of characteristic genes of luminal BC, low expression of HER2, 
high expression of genes involved in proliferation and a higher expression of a 
cluster of genes named basal cluster (C. M. Perou and Borresen-Dale 2011). 
Usually, these tumours are defined as triple-negative BC (TNBCs) representing 
75% of basal-like tumours (C. M. Perou and Borresen-Dale 2011). Basal-like 
tumours also present a higher frequency of TP53 mutations (approximately 80%) 
(Koboldt et al. 2012) and are common in patients with germline BRCA1 mutations 
or of African ancestry (Morris et al. 2007; Dent et al. 2007; Koboldt et al. 2012). 
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Claudin-low subtype is defined by the low expression of genes involved in 
tight junctions and cell to cell adhesion (C. M. Perou and Borresen-Dale 2011). 
Relatively to prognosis, both HER2 and basal-like subtypes presents a significantly 
poorer outcome when compared with luminal and normal-like subtypes (Sorlie et 
al. 2001), and that HER2 and basal-like are also related with advanced stage 
(Iwase et al. 2010).  

These classification systems are constantly updated and improved to 
support development of novel treatments and to help improve disease prognosis 
prediction.  

 

1.1.3. Aetiology 

Risk factors to develop BC can be inherited (discussed in the next 
subchapter), histopathological or environmental (Sauter 2018). 

Some of the risk factors can be modified, such as diet, exercise, tobacco and 
alcohol consumption, female hormones (exogenous), ionizing radiation, pregnancy 
and breastfeeding (Key, Verkasalo, and Banks 2001; Key et al. 2003; Sauter 2018). 
Other risk factors, like age of menarche, menopause, anthropometry, family 
history and genetic factors, cannot be modified (Figure 1.3) (Key, Verkasalo, and 
Banks 2001).  

Pregnancy and nursing are known to decrease the risk to BC (Layde et al. 
1989; Ewertz et al. 1990; Tao et al. 2015; Torre et al. 2015). Women who have had 
at least on child present a reduction in risk to the disease around 25%, but it is also 
known that protection is higher the younger the age at first pregnancy, as well as 
on first breastfeeding (Layde et al. 1989; Ewertz et al. 1990). 

It has also been observed that the older the woman at menarche, the lower 
the risk for BC. Relatively to menopause, those who enter it at a later age are at a 
higher risk of disease than those who terminate menstruating earlier, with a risk 
increasing of about 3% for each year older at menopause (Key, Verkasalo, and 
Banks 2001). However, increased used of post-menopausal hormones contribute 
to the steady rise in incidence of ER/PR positive BC, because these hormones are 
able to promote growth and proliferation (Colditz 2007). It is also relevant that 
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women who take oral contraceptives currently are at a higher risk, approximately 
25% (Calle et al. 1996). 

 

 

Figure 1.3 - Risk factors for BC development. Representation of the principal risk factors, 
including the modifiable ones (such as pregnancy, physical activity, alcohol and tobacco 
consumption, contact with ionizing radiation, consumption of female exogenous hormones and 
diet) and the non-modifiable factors (such as genetics and familial inheritance). 

 

Another risk factor for BC development is ionizing radiation. An extensive 
follow-up of many populations exposed to radiation showed that the breast is 
highly sensitive to the radiation effects (Boice  Jr. et al. 1979).   

It was also demonstrated that adult height has a weak positive relation with 
BC risk (Hunter and Willett 1993). Obesity is a common problem in many cancers 
such as BC, endometrial cancer, ovary cancer, among others (Sauter 2018). The 
strongest relation between nutrition and BC is for relative body weight, as 
indicated by body mass index (BMI) (Key et al. 2003). Studies have revealed that 
women with a high BMI and with more adipose tissue have an increment of 
aromatase, which is the responsible enzyme to catalyse the conversion of 
androstenedione to oestrogen, which can be converted to oestradiol. So, it has 
been proposed that the higher the BMI the higher the concentration of free 
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oestradiol, which increases the risk to BC (Key, Verkasalo, and Banks 2001; Key et 
al. 2003).  

Epidemiological studies demonstrated also a positive association between 
smoking and BC in current alcohol drinkers (Sauter 2018), and that alcohol 
consumption is related with a moderate increment in the risk for the disease 
(Hamajima et al. 2002). 

Physical activity has been associated with a lower risk to develop BC (Key, 
Verkasalo, and Banks 2001) and was related with energy intake and partly 
determines BMI in many studies. It was found in epidemiological studies that 
women more physically active have a reduction of risk to BC around 40%, when 
compared with sedentary women (Key et al. 2003). 

There is a nutritional hypothesis that says that obesity and an elevated 
intake of meat, dairy products, fat and alcohol probably increases the risk of BC, 
and that a high intake of fibres, fruits, vegetables, antioxidants and phytoestrogens 
reduces BC risk (Key et al. 2003).  

 

1.2. FAMILIAL BREAST CANCER 

The observation of cancer clustering in families and the increased cancer 
susceptibility in individuals with some genetically determined syndromes, first 
revealed the existence of a genetic component to BC risk. Nevertheless, familial 
aggregation can be attributed both to shared genes and to shared physical 
environments and lifestyles (Key, Verkasalo, and Banks 2001). Over time, the 
knowledge of the BC heritability has increased significantly as represented in 
Figure 1.4 (Eccles et al. 2013). 

Approximately 10-30% BC cases are related with hereditary factors and only 
5-10% have a robust inherited component, with identified high deleterious 
mutations transmitted in an autosomal dominant manner  (Newman et al. 1988; 
Claus, Risch, and Thompson 1991; Apostolou and Fostira 2013; Rich et al. 2015; 
Gómez-Flores-Ramos et al. 2017).  

Genetic alleles can be categorized according to their relative risk (high, 
moderate and low penetrance alleles) (Ghoussaini, Pharoah, and Easton 2013) and 
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to the risk allele frequency (Figure 1.5) (Apostolou and Fostira 2013; Ghoussaini, 
Pharoah, and Easton 2013). High penetrant alleles confer a disease relative risk 
higher than 5, and intermediate-penetrant alleles confer a relative risk around 1.5-
5. Low penetrant loci present a relative risk of about 1.5 (Apostolou and Fostira 
2013; Gómez-Flores-Ramos et al. 2017).  

 

 

 

Figure 1.4 - Familial BC genetics. Percentage of heritability attributed to different genetic 
factors and unidentified fraction, in 2007 and 2013. Adapted from Eccles et al. 2013. 
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Figure 1.5 - Genetic risk loci identified for BC. The known susceptibility alleles for BC are 
stratified by relative risk and risk allele frequency into high, moderate and low risk. Adapted from 
Ghoussaini, Pharoah, and Easton 2013. 

 

1.2.1. High risk mutations 

Family-based linkage analysis and positional cloning were used to identify 
high risk mutations in BRCA1/2 genes, that are two tumour suppressor genes 
involved in DNA repair (Miki et al. 1994; Wooster et al. 1995). These are rare but 
can cause a high risk of BC, about 10-30 fold increase in carriers compared with 
non-carriers (Antoniou et al. 2003). These deleterious alleles also confer risk to 
other cancers, like ovarian and prostate cancers (King 2003). 

Other high risk penetrant alleles were defined as the mutations in the 
Tumour Protein p53 (TP53) gene, the Phosphatase and Tensin homolog (PTEN) 
gene, the Serine/threonine kinase 11 (STK11) gene and the Cadherin 1 (CDH1) 
gene (Gonzalez et al. 2009; Li et al. 1997; Hearle et al. 2006; Pharoah, Guilford, 
and Caldas 2001; Key, Verkasalo, and Banks 2001). The germline mutations in 
TP53 predispose to the Li-Fraumeni cancer syndrome, which includes childhood 
sarcomas and brain tumours and, also, early-onset BC (Gonzalez 2009). Mutations 
in PTEN lead to Cowden disease (disorder with multiple hamartomas), where BC 
is a dominant feature (Li et al. 1997; Apostolou and Fostira 2013). The germline 
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mutations in CDH1 carry a higher susceptibility of lobular BC and women carriers 
of these mutations have a risk of 40-54% of developing the disease in their lifetime 
(Kangelaris and Gruber 2007). 

 

1.2.2. Moderate risk mutations 

Through association studies and resequencing of candidate genes, moderate 
penetrant alleles were identified. Certain mutations in genes like Checkpoint 
kinase 2 (CHEK2), Partner and localizer of BRCA2 (PALB2), Ataxia-
Telangiectasia mutated (ATM), BRCA1- interacting protein 1 (BRIP1), among 
others, confer an increased BC risk of 2-4 fold (Causeway 2004; Thompson et al. 
2005; Rafnar et al. 2011; Ghoussaini, Pharoah, and Easton 2013; Apostolou and 
Fostira 2013), accounting for 25% of the total familial risk (Easton 1999; 
Ghoussaini, Pharoah, and Easton 2013).  

 

1.2.3. Low risk variants 

Common BC susceptibility loci in the general population were associated 
with an increased or decreased risk to the disease (Ghoussaini, Pharoah, and 
Easton 2013; Apostolou and Fostira 2013; Shiovitz and Korde 2015). Studies of 
low-penetrant variants are focused on polymorphisms that can be relevant to 
cancer biology. Polymorphisms are characterized by the existence of two or more 
variants at significant frequencies (>1%) in the population (Pharoah et al. 2004) 
and can be tandem repeated segments (minisatellite and microsatellite), large 
(copy number variations) and small deletions/insertions/duplications, as well as 
single nucleotide polymorphisms (SNPs), the most common in our genome (X. 
Wang et al. 2005).  

The first low risk loci were identified by case-control association studies in 
candidate genes such as the CASP8 gene (Cox et al. 2007). With the improvement 
of genotyping technology, the genome wide association studies (GWAS, explained 
in detail below) were performed, where thousands of associations were tested 
simultaneously for BC risk (MacArthur et al. 2017; Ghoussaini, Pharoah, and 
Easton 2013). Examples of some loci that were identified by this approach and 
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associated with low risk (< 1.5) are FGFR2, TOX3, MAP3K1, LSP1, among others 
(Easton et al. 2007).  

However, despite all the risk alleles already identified, a large proportion of 
the familial risk is still unaccounted for (Ghoussaini, Pharoah, and Easton 2013).  

 

1.3. GENOME-WIDE ASSOCIATION STUDIES 
CONTRIBUTION 

Population association studies aimed to identify patterns of polymorphisms 
that differ among individuals with different diseases states and could thus 
represent the effects of risk or protective alleles (Balding 2006). Genetic case-
control association studies became common as an approach to investigate new 
susceptibility loci that underlie complex diseases, as is BC. The identification of a 
variant/marker associated with illness status can indicates the possible presence 
on the genome of a nearby causal risk locus (Rosenberg and VanLiere 2009) 
(Figure 1.6).  

 

 

Figure 1.6 - Representation of variants causing the disease phenotype. This haplotype is 
composed by two markers: the genotyped marker, that is the known variant in the haplotype, that 
does not have any direct association with phenotype and the ungenotyped marker that is in high 
Linkage Disequilibrium with the typed causal marker and is the causal variant. The signal of 
association is captured by the ungenotyped marker (indirect association). Adapted from Balding 
2006. 

 

These studies can be classified into several types, as candidate 
polymorphism (focusing on an individual polymorphism), candidate gene (where 
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several SNPs within a gene are studied), fine mapping (studies of a candidate 
region with hundreds of SNPs and several genes) and genome-wide (studies 
common SNPs throughout the genome) (Balding 2006). 

GWAS allow the identification of risk alleles without prior knowledge of 
position or function. They rely on the testing of the association of thousands to 
millions of variants across the genome with a trait. The Haplotype Map Project 
(HapMap) at the beginning of 2005 genotyped about 1.1 million of SNPs across 
four populations (Thorisson et al. 2005) and with the technological advances were 
created platforms that allowed hundreds of thousands of SNPs to be analysed 
simultaneously in association studies (Kruglyak and Nickerson 2001). Currently, it 
is estimated that about 7 million common SNPs exist in the human genome with a 
minor allele frequency (MAF) of at least 5% (Kruglyak and Nickerson 2001). 

The first GWAS for BC was performed by Easton and colleagues (Easton et 
al. 2007), and numerous subsequent GWASes have identified hundreds of new risk 
loci (MacArthur et al. 2017). GWAS are usually performed in two to three phases, 
differentiated by the number/origin of samples and/or SNPs to be tested. The first 
phase is characterized by more genotyped and tested SNPs (using genotyping 
microarrays) in hundreds/thousands of cases and controls samples. The selected 
most associated SNPs proceed to a second phase (replication) and are tested in a 
larger number of samples representative of cases and controls. In phase III 
(validation), the most significative SNPs from phase II are tested in an even larger 
number of samples, in the order of tens of thousands of individuals that many 
times involves datasets from different populations/countries (Easton et al. 2007; 
Consortium et al. 2007). 

The way SNPs are selected for a GWAS is based on the concept of linkage 
disequilibrium (LD), the non-random co-occurrence of alleles at two loci 
(Pritchard and Przeworski 2001; Slatkin 2008; VanLiere and Rosenberg 2008). As 
human genome recombination tends to happen at distinct blocks, neighbouring 
polymorphisms are often strongly correlated with each other (Kruglyak and 
Nickerson 2001). LD is measured normally based on comparisons of the observed 
frequencies of haplotypes and the frequencies of the alleles comprising the various 
haplotypes. Regarding biallelic markers, r2 is one of the most used measures (Hill 
and Robertson 1968; VanLiere and Rosenberg 2008), corresponding to the square 
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of the correlation coefficient for the presence or absence of a particular allele at the 
first locus and the presence or absence of another allele at the second locus. This 
statistic is used in power calculations for the ability to detect a disease risk locus 
(VanLiere and Rosenberg 2008). In the Caucasian population, high LD blocks may 
vary in length from a few kilobases (kb) to >300 kb (Gabriel et al. 2002; Phillips et 
al. 2003; Allen-Brady and Camp 2005). High LD regions have redundant 
information and can thus be minimized in smaller subsets of tag SNPs (Johnson et 
al. 2001), where these tag SNPs identify all common haplotypes within the high LD 
region (Allen-Brady and Camp 2005).  These are the SNPs commonly selected for 
a GWAS. 

 More recently, the 1000 Genomes Project 
(http://www.internationalgenome.org/), aimed at discovering, genotyping and 
giving precise haplotypes information for worldwide human Deoxyribonucleic Acid 
(DNA) polymorphisms (Altshuler et al. 2010). It discovered a large number of 
variants, which allowed a better coverage of the genome in GWAS, leading to the 
identification of further associations of low frequency and rare variants to disease 
risk (Manolio et al. 2009). 

Additionally, a consortium of GWAS studies was formed, Illumina 
Collaborative Oncological Gene-environment Study (iCOGS), in which hundreds of 
thousands of samples have been analysed, in the hope of not only detecting the 
genetic portion of risk, but also some gene-environment risk factors (Couch et al. 
2013).  

Overall, GWASes have revealed that disease-associated SNPs occur more 
frequently in non-coding regions (80% of loci), like promoters, intragenic and 
intergenic regions (Figure 1.7) (Gusev et al. 2014; Corradin and Scacheri 2014).  
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Figure 1.7 - Annotation of BC GWAS variants according to location in the genome. 
Representation of the BC disease-associated variants that lie in coding-regions (red), in promoter 
regions (orange), in non-coding regions like intragenic (green) and intergenic (Caribbean green). 
Adapted from Corradin and Scacheri 2014. 

 

1.4. CIS-REGULATORY VARIATION ON GENE 
EXPRESSION 

The few existing functional studies of the risk loci identified by GWASes in 
breast cancer, have suggested that the variants included in them are regulating 
gene expression, i.e. are cis-regulatory (Meyer et al. 2008; A. M. Dunning et al. 
2009).  

Ribonucleic Acid (RNA) levels are influenced by genetic regulatory elements 
residing within and outside of the, epigenetic modifications and environmental 
alterations (Gilad, Rifkin, and Pritchard 2008; V.G. Cheung and Spielman 2009; 
Pastinen 2010). The quantity of a given RNA allele is regulated both by cis-acting 
factors, like DNA polymorphisms in the flanking DNA sequence of the gene, and 
trans-acting factors, that are themselves controlled by other genetic and 
environmental factors of the cell (Pastinen and Hudson 2004). 

Cis-acting variants alter transcript synthesis in an allele-specific manner 
and are commonly located in regulatory elements such as promoters and 
enhancers but can also be found hundreds of kb away (Pastinen, Ge, and Hudson 
2006). Trans-acting factors regulate both alleles of the gene equally and can be 
located on the same or in a different chromosome (Figure 1.8) (Monks et al. 
2004; Vivian G Cheung et al. 2005; Xiao and Scott 2011). 
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Figure 1.8 - Cis-regulation vs Trans-regulation. Cis-regulation affects genes in an allele-
specific manner. When a polymorphism is residing in an allele of the gene (star) may influence the 
binding of Transcription Factors (TFs), affecting the expression of the gene in an allele-specific way 
(A). Trans-regulation affects both alleles equitably because the trans-factor (in this case the protein 
with the mutation) regulates the promoter region of other gene, increasing equitably the expression 
of both alleles (B). 

 

Although heritable expression differences resulting from trans-acting 
factors seem to be quantitatively more important, cis-acting variants may be 
responsible for 25-35% of inter-individual differences in gene expression (Pastinen 
and Hudson 2004). The identification of cis-acting regulatory variants (rSNPs) 
contributes to an understanding of variants that alter local gene expression (Ge et 
al. 2009; Xiao and Scott 2011), and can help with the characterisation of causative 
variants in regions identified by GWAS (Xiao and Scott 2011), which, as previously 
mentioned, are in their majority non-coding. To detect the effect of cis-acting 
variants there are two main methods: expression quantitative trait loci (eQTLs) 
analysis and Differential Allelic Expression (DAE) analysis.  
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1.4.1. Expression quantitative trait loci (eQTL) 

eQTLs are sequence DNA variants that are associated with the expression 
level of a given gene. They are identified by measuring the total gene expression in 
groups of genetically distinct genotyped individuals (Figure 1.9 B-C) (Rockman 
and Kruglyak 2006; Albert and Kruglyak 2015).  

eQTLs can be classified according to their location regarding the gene or 
genes they influence, as local or distant eQTLs (Albert and Kruglyak 2015). Local-
eQTLs can alter the gene expression of a gene by two distinct manners. They can 
act in cis and influence the gene expression in an allele-specific manner (Rockman 
and Kruglyak 2006; Albert and Kruglyak 2015) or can act in trans, where trans-
eQTLs are due to polymorphisms that affect the structure, function or expression 
of a diffusible factor. Trans-eQTLs do not lead to a different allele expression in 
heterozygous individuals as the cis-eQTLs, because the diffusible factor is equally 
accessible to both alleles of a gene. Distant eQTLs are characterised as loci that are 
positioned further away from the genes they influence and normally only act in 
trans (Albert and Kruglyak 2015).  

eQTL mapping associates genotypes and gene expression levels (Brem et al. 
2002; Schadt et al. 2003; Vivian G. Cheung et al. 2003), however for most eQTLs 
the causal variant is still unknown. However, eQTLs studies contribute to the 
knowledge of the spatial distribution of regulatory variants in the genome 
(Veyrieras et al. 2008), to the temporal specificity of the effect of regulatory 
elements on gene expression, as well as to the magnitude of the expression 
changes related with cis or trans variation (Stranger et al. 2007; Göring et al. 2007; 
Pai, Pritchard, and Gilad 2015).  

Nonetheless, RNA levels are largely affected by trans-factors and expression 
quantitative trait loci analysis does not have the capability to remove these effects 
to isolate cis-factors, because it measures total gene expression (Figure 1.9 A-C). 
So the direct assessment of cis-regulatory variation needs allele-specific 
approaches, such as differential allelic expression analysis (DAE) (Pastinen and 
Hudson 2004; Pastinen 2010).  
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Figure 1.9 - eQTLs representation in the presence and absence of trans-acting factors. 
In A is represented three possible genotypes for a sample (AA, AB and BB) in a population and it is 
assumed that a true cis-regulatory difference occurs between A and B alleles and the interaction 
between the trans-acting factor and alleles A and B is absence. Duo to a homeostatic feedback 
mechanism (bold arrow) the activity of the A allele is increased but the overall expression output in 
the AA homozygote is powerfully repressed. In BB homozygotes, intrinsically, there is a lower 
expression of the regulated transcript and therefore negative feedback is down (crossed arrow). 
Regarding to AB heterozygotes, they have intermediate levels of negative feedback (light arrow). So, 
if total gene expression is quantified beyond the three genotypes (eQTL), the negative feedback 
decreases the variance between individuals and the cis-acting variant is not detected (C). However, 
if there is not any trans-acting factor/negative feedback influencing the gene-expression the cis-
acting variant effect can be detected (B). 

 

1.4.2. Differential Allelic Expression analysis 

RNA allelic specific expression measurements enable the direct detection of 
cis-acting variants’ effect (Pastinen and Hudson 2004). Heterozygous individuals 
are needed to measure allelic expression so that alleles of a variant can be 
distinguished and quantified separately (Figure 1.10). Another advantage on 
using differential allelic expression analysis is that it eliminates the environmental 
or trans-acting factors effects, which are altering gene expression or DNA-protein 
interactions. The trans-acting effects are excluded because when the ratio of the 
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expression levels of both alleles in the same individual is calculated, the trans 
factors that affect both alleles cancel each other (Pastinen 2010; Xiao and Scott 
2011).   

The allele-specific expression of a transcript can be uncovered by in vitro 
and in vivo methods that measure the cumulative effects on several cellular 
processes. The measurement of allelic expression is commonly performed by 
reverse transcription (RT) to obtain complementary DNA (cDNA) from tissues or 
cell lines, it requires the existence of a transcribed polymorphism, to which allele-
specific probes can be designed (Ge et al. 2009; Milani et al. 2009; Pastinen 2010). 
Imbalanced allelic expression is detected when the allelic ratio deviates from 
50:50, i.e. the gene displays DAE, also called allelic expression imbalance 
(Pastinen 2010; Xiao and Scott 2011).  

Studies revealed that this approach has improved sensitivity to identify cis-
rSNPs when compared with eQTL studies and shows an eightfold decrease in 
sample size necessary to accomplish the same statistical power of as eQTL 
mapping (Almlöf et al. 2012). Bing Ge et al. with allelic expression mapping in 
lymphoblastoid cell lines (LCLs) demonstrated that over 30% of all loci have 
significant DAE, where the cis-rSNPs explained more than 50% of the population 
variance in allelic expression (Ge et al. 2009).   
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Figure 1.10 - Differential Allelic Expression measurement. In A is shown the effect of an 
rSNP on the transcription rate of a gene, which reflects on different amounts of allelic transcripts, 
which can be detected via a transcribed SNP (tSNP), in a heterozygous individual. The C allele of 
the rSNP is causing an increase of the transcription rate of the A allele. This increase can be 
quantified by calculating DAE ratios as represented in the formula showed in B. In the plot the x 
axis indicates the heterozygote genotype for the tSNP, and the y axis the values of the DAE ratios. 
Each dot on the plot represents a single heterozygous individual. 

After all, the risk-associated variants previously functionally analysed 
were shown to be cis-regulatory, so we hypothesise that cis-regulation is a major 
risk mechanism and to identify further risk variants we should focus our studies in 
cis-regulatory variants. It is important to notice that GWAS have identified a large 
number of loci associated with BC risk, but have also identified many others 
which shown some association with risk (p-value <0.05 and >5x10-8, 
depending of GWAS phase), but still require validation. However, this 
validation is expensive and difficult due to number of loci to be validated and the 
number of samples required to perform these studies (expected effect sizes are 
small, and hence required numbers for validation are extremely large).  

Since DAE is a most powerful approach to identify risk cis-regulated 
variants we propose to use DAE ratios as a quantitative trait in association 
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studies. This approach will have increased statistical power when compared with 
the current GWAS set-up, which is based on genotypes frequencies (discrete 
variables), to find inferences between patients and controls.  
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AIM 
The general aim of this study is to identify new genes associated with 

BC risk. To accomplish this goal, we believe we should focus our studies on cis-
acting regulatory variants.  

As such, we propose the following specific tasks: 

 1 - To select candidate loci with some evidence of possible 
association with BC risk based on: whether they harbour genes with evidence 
of being cis-regulated, i.e. genes showing DAE, in normal breast tissue from 
healthy individuals; and whether they show further association with clinical 
variables, such as tumour grade, BC molecular subtypes, ER status, HER2 status 
and PR status, etc. 

2 - To validate the association of the top candidates, by performing 
a case-control association study using DAE as the quantitative trait. 

 

 

 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

CHAPTER III 

Materials and Methods 
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3. MATERIALS AND METHODS 

3.1. PROGRAMMING IN R 

R is a programming language and an environment that provides a variety of 
statistical techniques and graphical interfaces, as well as programmatic 
commands. This programming language is highly vast, and its environment has 
the capability to interact with other repositories where there are freely available R 
packages (bunch together data, code, documentation and tests to share in an easy 
way with others). In this work, all statistical analyses, graphics and tables editing 
were performed using R studio (R Core Team 2017). Most of the time dedicated to 
this dissertation was to learn how to programme in R, namely the basics of the 
language and also statistical and package implementation. To make it easier to 
program in R (version 3.4.4), an integrated development environment (IDE) for R: 
R studio (R studio version 1.1.447) was used, which includes a code editor, 
debugging & visualization tools, and was ran under platform x86_64-pc-
linux_gnu. All most of the plots were generated using ggplot2 (version 2.21.) 
package (Wickham 2016) and venn diagrams were performed using vennDiagram 
(version 1.6.20) package (Chen and Boutros 2011).  

 

3.2. RETRIEVAL OF CANDIDATE GWAS VARIANTS 

3.2.1. Data characterisation 

Breast cancer GWAS and corresponding risk variants were retrieved from 
NHGRI-EBI Catalog of published genome-wide association studies (MacArthur et 
al. 2017), accessed on 23/04/2018, available at www.ebi.ac.uk/gwas, using the 
traits “Breast Cancer”, “Breast Cancer (early onset)”, “Breast cancer (male)” and 
“cancer”, and a p-value threshold ≤ 5×10-5. Additionally, these studies were 
manually curated in order to retrieve variants that were found associated with BC 
risk in the first phases, but not in the last ones, of GWASes with more than one 
phase. These SNPs were considered to be good candidates for being further 
studied, although they were not considered associated with BC risk. From now on 
we will refer to these SNPS as the “candidate risk SNPs/variants”.  
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3.2.2. Linkage Disequilibrium analysis 

In order to identify proxy SNPs (SNPs in high LD) with the candidate risk 
SNPs, rsnps R package was used, a programmatic interface to several online ‘SNP 
datasets’, like: “OpenSNP”, “dbSNP from National Center for Biotechnology 
Information” database - NCBI-dbSNP, and Broad Institute SNP Annotation and 
Proxy Search (Chamberlain, Ushey, and Zhu 2016). To get the proxy SNPs we 
applied an r2 ≥ 0.8 limit with the index SNP (in a window of 500 kb each side of 
the index SNP) and we chose the reference population most similar to the one 
where the GWAS was performed. Namely, for GWASes performed in the European 
population, we chose the CEU (Utah residents with Northern and Western 
European ancestry from the Centre d'Etude du Polymorphism Humain (CEPH) 
collection) from the 1000 Genomes Project pilot 1 (onekgpilot). Regarding the 
GWAS performed in the Asian population, we used the JPT (Japanese in Tokyo, 
Japan), CHB (Han Chinese in Beijing, China) and CHD (Chinese in Metropolitan 
Denver, Colorado) from HapMap 3 release 2 (hapmap3r2). The onekgpilot for YRI 
(Yoruba in Ibadan, Nigeria) was used as reference population to identify proxy 
SNPs within the African population. 

 

3.2.3. SNPs annotation 

Using the R package biomaRt (version 2.34.2; version 92; (Durinck et al. 
2005; Durinck et al. 2009)), the ensembl genes ids where the candidate risk 
variants plus their proxies mapped, were retrieved, as well as for the GWAS 
established risk variants  SNPs, via getBM function. biomaRt can output different 
information according to the arguments that are provided in the parameter 
attributes of getBM function. The attributes chosen were: 
“ensembl_gene_stable_id”, “refsnp_id”, “consequence_type_tv” (that give us 
information about localization of the variant, if it is upstream of the gene, in an 
intron, downstream of the gene, etc.).  

The Ensembl browser enables access to genomic annotation from different 
species, including vertebrate genomes that supports comprehensive annotation of 
different attributes such as sequence variation, among others (Zerbino et al. 2018). 
The biomaRt package has also the ability to export custom sets of data from the 
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Ensembl browser, enabling the users to uniformize their data (Durinck et al. 2005; 
Durinck et al. 2009). 

 

3.2.4. iCOGS association study 

The Collaborative Oncological Gene-environment Study (COGS), is a 
European Union-funded project, integrating four consortia to drive an exhaustive 
investigation of the genetics of hormone-related cancers: Breast Cancer 
Association Consortium (BCAC), Prostate Cancer Association Group to Investigate 
Cancer-Associated Alterations in the Genome (PRACTICAL), Ovarian Cancer 
Association Consortium (OCAC) and The Consortium of Investigators of Modifiers 
of BRCA1/2 (CIMBA). Two of the main aims of COGS are to identify the variants 
associated with susceptibility to these cancers and the risks associated with the 
variants identified. The samples from the four consortia (over 150000 samples) 
were genotyped using the Illumina Custom Infinium array COGS (iCOGS). This 
array included over 200000 variants, including replicates to a great number of 
suggestive associations from GWAS, as well as others to investigate a large variety 
of phenotypes (Couch et al. 2013).  

Data from BC iCOGS (BCAC) association study was downloaded from the 
website: http://bcac.ccge.medschl.cam.ac.uk/bcacdata/icogs-complete-summary-
results/, where there was information about Europeans, Asians, and Africans 
(“ICOGS Complete Summary Results” 2018; Michailidou et al. 2013; Guo et al. 
2015; Michailidou et al. 2015). 

The data of interest were from the European people where SNPs with p-
value ≤ 0.05 and ≥ 5x10-5 were extracted.  

 

3.3. DIFFERENTIAL ALLELIC EXPRESSION ANALYSIS 

3.3.1. Dataset 

Genome-wide Differential Allelic Expression (DAE) analysis was done 
previously in Professor Ana-Teresa Maia’s group, using microarrays technology on 
64 normal breast tissue samples. Here, DNA and total RNA were run on Illumina 
Exon510S-Duo arrays (genotyping microarrays) and DAE was measured in a 
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filtered dataset of SNPs, in a variable and independent number of individuals who 
were heterozygous for a transcribed SNP (tSNP) with alleles A and B, allowing 
allele-specific measurements. The DAE ratio was defined as the logarithm of base 
two between the allele A transcript expression level and the allele B transcript 
expression level (heterozygote ratio), normalized by the heterozygote ratio in 
genomic DNA (gDNA), on tSNP heterozygotes:  

!"# = !"#2( !"#$ ℎ!"!#$%&'$"!( !"#$%
!"#$ ℎ!"!#!"#$!%& !"#$% ) 

DAE was defined as DAE ratios greater than 0.58 or less than -0.58 and 
SNPs were considered to be differential allelic expressed when at least 10% of the 
heterozygotes and four samples displayed DAE 

This study resulted in a whole genome map of the cis-regulatory genes in 
normal breast tissue (Xavier et al. 2016).  

 

3.4. GENE EXPRESSION ANALYSES 

3.4.1. Dataset characterisation 

Data from Molecular Taxonomy of Breast Cancer International Consortium 
(METABRIC) were used to perform gene expression analyses (Curtis et al. 2012). 
These data were obtained by our group upon request to the European Genome-
phenome Archive (EGA) (Lappalainen et al. 2015). It consists on an assembled 
collection of over 2000 clinically annotated fresh frozen breast cancer tissue, that 
have passed initial selection norms from tumour banks in United Kingdom (UK) 
and Canada (Pereira et al. 2016; Curtis et al. 2012). All DNA and RNA of patient 
specimens were isolated and hybridized using the Affymetrix SNP 6.0 and 
Illumina HT-12 v3 platforms respectively (Curtis et al. 2012). The tumours were 
primary invasive breast carcinomas for which there are demographics, clinical, and 
pathological information, and these data were obtained using the website 
cBioPortal (Gao et al. 2013; Cerami et al. 2012). Regarding the patients, all ER+ 
and/or lymph node (LN) negative did not receive any kind of chemotherapy 
treatment, while ER- and LN negative patients receive. 
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These samples gave rise to two different datasets. The first dataset, named 
discovery dataset, consisted on DNA and RNA with quality profiles available for 
997 female tumours. The second cohort, composed of 995 female tumour samples, 
were denominated validation dataset. A total of 1992 tumour cases were used, with 
the tumour subtypes distribution described in Table 3.1. The adjacent normal 
tissue (named normal-matched, NM) with high quality RNA is composed by 144 
samples. The matrices of gene expression data were already normalised for the 
log2 intensities (Curtis et al. 2012). 

 
Table 3. 1 – METABRIC tumour subtypes summary  

Clinical variable Number of cases (%) 

ER status 
Pos 1498 (77%) 

Neg 439 (23%) 

PR status 
Pos 1040 (53%) 

Neg 940 (47%) 

HER2 amplification 
Pos 247 (12%) 

Neg 1733 (87%) 

Grade 

I 169 (9%) 

II 771 (41%) 

III 952 (50%) 

Pos- positive; Neg- Negative 

 

3.4.2. Illumina probes quality filter 

Each matrix of gene expression was composed of 48,803 Illumina probes 
(Curtis et al. 2012). Before starting the differential expression analysis, we applied 
a probe quality filter using the R package illuminaHumanv3.db from the 
Bioconductor repository. We used the annotation file 
illuminaHumanv3PROBEQUALITY and kept the probes classified as “Perfect”, 
that are the ones uniquely matching the target transcript and the “Good” which are 
the ones that provide considerably signal. As previous suggested, we excluded the 
“no match” probes (the ones that do not match any genomic region or transcript) 
and the “Bad” (the ones matching repeated sequences, intergenic or intronic 
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regions, or that did not have the capability of provide a specific signal for any 
transcript) (M. Dunning, Lynch, and Eldridge 2015; Barbosa-Morais et al. 2010).  

 

3.4.3. Differential Expression analyses 

Technologies for gene expression analysis, like microarrays or RNA 
Sequencing (RNA-Seq), are central in molecular biology research because of their 
contribute to the knowledge of the transcriptional activity in diverse populations of 
cells and different tissues (Smyth 2004; Ritchie et al. 2015). These techniques are 
crucial to identify and compare gene expression changes regarding to a treatment 
condition or some phenomena of interest. The application of these technologies, to 
measure gene expression, are recurrent in cancer to identify pathogenic features 
(Ritchie et al. 2015). One possible application of the microarray technology is to 
identify differentially expressed genes (Sartor et al. 2006), however such tasks are 
challenging because the measured expression levels usually do not follow a normal 
distribution and do not have a dependent and identical distribution among genes 
(Smyth 2004).   

To assess the statistical significance of the results it is essential to apply 
statistical tests (Sartor et al. 2006). Gene expression studies are complex (Ritchie 
et al. 2015) and, considering data for each gene transcript individually is 
statistically ineffective (Jain et al. 2003; Sartor et al. 2006). When these studies 
involve a minor number of biological replicates it can even lead to statistical 
problems (Ritchie et al. 2015) such as low reliability in the variance estimates (Jain 
et al. 2003; Sartor et al. 2006). In order to solve these problems, there was the 
need to use specialized statistical techniques to obtain the best outcome of each 
data set (Ritchie et al. 2015), like the application of the hierarchical Bayesian 
model, which is based on Robbins-type empirical Bayes theory and on the 
hierarchical model of Lönnstedt and Speed (2002) (Lonnstedt and Speed 2002; 
Efron 2003; Smyth 2004; Sartor et al. 2006).  

Empirical Bayes is a statistical technique that allows its users substantial 
gains in performance, and was therefore the approach applied for the microarrays 
differential expression analysis in this thesis. This technique assumes a 
hierarchical model for the genewise variances where the prior (probability of the 
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hypothesis previously to looking to the data) distribution is estimated from the 
marginal distribution of the observed data and not on previous knowledge (Efron 
et al. 2001; Smyth 2004; Phipson et al. 2016).  

Gordon Smyth (2004) developed the model of Lönnstedt and Speed (2002) 
into a practical approach for overall microarray data with arbitrary numbers of 
treatments and RNA samples, and turned the approach adaptable to both single 
channel and two-color microarrays. The approach of Smyth (2004) fits an 
independent linear model for each gene separately, instead of a single linear model 
for an entire microarray experiment (Kerr, Martin, and Churchill 2000). 
Therefore, the variances are assumed to be different between genes and the 
estimators of variance (standard errors) are moderated across genes allowing for 
different levels of variability between genes and between samples (Smyth 2004; 
Ritchie et al. 2015).  

After the linear model was established, a moderated t-statistic was applied. 
The t statistic has advantages over other statistics (e.g. the posterior odds (B-
statistics)) because it depends only on residual variances and on degrees of 
freedom, whereas the B-statistics depends on several hyperparameters. 
Furthermore, the moderated t does not require any knowledge of the proportion of 
the genes that are differentially expressed, and it does not imply any expectations 
around the magnitude of differential expression, and making statistical 
conclusions more reliable when the number of samples is low (Ritchie et al. 2015). 

3.4.3.1. Statistical association analyses between gene expression and 
clinical variables 

The differential expression analyses took into account diverse clinical 
variables. We tested: tumours vs normal-matched (NM), oestrogen receptor (ER) 
positive vs normal-matched, ER negative vs normal-matched, ER positive vs ER 
negative, progesterone (PR) positive vs normal-matched, PR negative vs normal-
matched, PR positive vs PR negative, HER2 positive vs normal-matched, HER2 
negative vs normal-matched, HER2 positive vs HER2 negative, as well as 
differential expression between tumours with distinct grade classification (1-3). All 
the analyses were performed with the limma package, except when considering the 
grade classification, where the Kruskal-Wallis rank sum test was applied.  
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3.4.3.2. limma package 

limma uses linear regression models and empirical Bayes methods to assess 
differentially expressed genes. The linear regression models were implemented to 
decompose the independent effect of each phenotype on gene expression (lmFit 
function) and genes were ranked by the moderated-t statistic (eBayes function) for 
differential expression. For each gene this statistic was calculated by the ratio 
between the base 2 logarithm of the fold-change (log2(Fold Change)) of expression 
and the moderated standard error of the log2 of expression per samples. Genes 
were considered differentially expressed when the adjusted p-value for multiple 
testing was ≤ 0.01 (1% False Discovery Rate - FDR). A threshold for the effect size, 
which gives us the biological magnitude, was also applied at FC of 1.5. 

 

3.4.3.3. Kruskal-Wallis rank sum test 

The Kruskal-Wallis rank sum test is a non-parametric test applied when we 
want to compare distributions between more than two groups of samples. We 
applied this to test if the samples from patients with different tumour grade 
classifications had the same distributions (Kruskal and Wallis 1952). The function 
Kruskal.test provided by the stats package implemented in R was used. We also 
corrected the p-value for multiple testing using the FDR (False Discovery Rate) 
method, and genes with adjusted p-value ≤ 0.01 (1% FDR) were considered to be 
differential expressed between tumours with different grade. 

 

3.4.4. Multiple testing correction 

Statistical tests sometimes involve testing of the same hypothesis a lot of 
subsequent/simultaneous times. This increases the chances of obtaining 
significant results just by chance, so more false-positive cases can arise. It is 
important to correct p-values for multiple testing to adjust the statistic according 
to the number of tests performed (Noble 2009). 
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There are different types of multiple tests corrections, where the Bonferroni 
correction is the most widely used, although it is very conservative, and therefore, 
the FDR correction, which controls for the type I errors (false-positive cases), is the 
most commonly used in microarrays analysis (Noble 2009). 

We used the FDR method developed by Benjamini and Hochberg, which 
multiplies the nominal p-values by the number of tests performed and next divide 
it by its position taking into account the nominal p-values for the smallest to 
largest (Benjamini and Hochberg 1995; Benjamini and Yekutieli 2001). 

Multiple testing correction can be implemented in R using the function 
p.adjust provided by the stats R package (R Core Team 2017) or can be 
incorporated in some functions from packages like limma (Ritchie et al. 2015). 

 

3.5. PRIORITIZATION OF GENES AND VARIANTS FOR 
THE CASE-CONTROL ASSOCIATION STUDY 

Genes that were both associated with clinical features (in the gene 
expression association studies), showed DAE in normal breast tissue and were 
weakly/mildly associated with breast cancer risk in the first phases of GWAS, were 
further analysed in order to select candidate genes for the case-control association 
study using DAE ratios. Information for expression in normal breast tissue and in 
blood were retrieved from the Genotype-Tissue Expression project (GTEx) 
(https://gtexportal.org/home/), as well as information for the presence of eQTLs 
for the gene (“GTEx Portal” 2018). Information of minor allele frequency (MAF) in 
the European population for each SNP gene was obtained using the NCBI-dbSNP 
(https://www.ncbi.nlm.nih.gov/snp) (“Home - SNP - NCBI” 2018; Sherry 2001). 
Information for the DAE values in normal breast tissue of genes at a given tSNP 
was obtained using data from our group. Two genes were selected for analysis in 
thecase-control association studies using DAE ratios: OCIA Domain Containing 1 
gene (OCIAD1) and GrainyHead Like Transcription Factor 2 gene (GRHL2). 
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3.6. GENETIC ASSOCIATION STUDIES 

3.6.1. Samples characterisation 

DNA and RNA were extracted from 170 samples of white cell-reduction 
filters from anonymous blood donors (used as controls in the association study in 
blood) and a total of 56 blood samples from breast cancer patients (cases in the 
association study in blood) at Addenbrooke’s Hospital. DNA and RNA were 
previously extracted from all samples through SDS/proteinase K/phenol and 
TRizol methods, respectively, at the University of Cambridge. We used 56 cDNA 
samples from blood cancer donors (with unknown genotypes), previously prepared 
in the group using the SuperScript III First-Strand Synthesis System for Reverse 
Transcriptase - Polymerase Chain Reaction (RT-PCR) (Invitrogen), and 13 cDNA 
blood donors samples, previously synthetized in the group by the same method 
referred above. Both cDNAs were prepared aiming at a final concentration 

equivalent to at 10ng initial RNA per µL of reaction.    

Normal breast tissue (controls in the association study in breast tissue) was 
extracted previously at Addenbrooke’s Hospital, from 64 women submitted to 
reduction mastectomy (without reasons related with cancer). RNA extraction were 
performed at University of Cambridge. A total of 45 cDNA samples at 10 ng/uL 
were used.  

Normal-matched tissue samples (cases in the association study in breast 
tissue, NM), samples of normal adjacent tissue of patients with cancer, were 
received from collaborators from the METABRIC project. DNA and RNA samples 
were retrieved at BC Cancer Research Centre in Vancouver and University of 
Cambridge. A total of 49 samples were used in this project.  

Lymphoblastoid cell lines derived from unrelated CEPH individuals were 
acquired from the Coriell Cell Repository. DNA was previously extracted in at 
University of Cambridge by a conventional SDS/proteinase K/phenol method and 
total RNA was collected using Qiazol (Invitrogen, Carlsband, CA, USA) following 
manufacturer’s instructions. RNA was later treated with DNaseI and repurified 
with acidic phenol-chloroform and ethanol precipitation. A total of 20 DNA 
samples were studied.  



 

 
 

39 

All samples were collected in compliance with ethics guidelines and 
regulations. Blood samples from both cancer patients and healthy donors, as well 
as normal-breast samples from healthy women were obtained with approval from 
Addenbrooke’s Hospital Local Research Ethics Committee (REC reference 
04/Q0108/221, respectively). NM samples (i.e. adjacent free tumour tissue of 
women with breast cancer) were collected with the approval from the ethics 
committees in Cambridge and Vancouver, which are the two sites responsible for 
the molecular analysis of the samples (REC ref 07/H0308/161; REC ref 
12/EE/0484; REC ref 07/Q0106/63). 

 

3.6.2. DNA quantification 

DNA from 20 CEPH samples was quantified using NanoDrop and diluted to 

40ng/µL, in a total volume of 100µL. The remaining DNA samples used in this 

project were already quantified. 

 

3.6.3. cDNA preparation using RT-PCR 

cDNA was synthesized from purified poly(A) and total RNA for 49 normal-
matched samples and for 7 normal breast samples, using the SuperScript First-
Strand Synthesis System for RT-Polymerase Chain Reaction (RT-PCR) 
(Invitrogen). The first-strand cDNA synthesis reaction is catalysed by SuperScript 
II Reverse Transcriptase, which is an enzyme engineered to reduce the activity of 
RNase H (which degrades messenger RNA (mRNA) during the reaction) producing 
a greater full-length cDNA. This enzyme exhibits a higher thermal stability and can 
be used at temperatures above of 50ºC. The reactions were prepared for a final 

volume of 10 µL (5 µL per step). The first step included the addition of RNA (1ng-

5µg), o.5 mM dNTP mix, 2.5 ng/µL of Random hexamers, 0.025 µg/µL oligo(dt) 

and DEPC-treated water. The reactions were incubated at 65ºC for 5 minutes 
(min) using the BioRad C100 Touch Thermal Cycler and then placed on ice for at 
least 1 min. The second step of RT was done using RT buffer at 2X, MgCl2 at 

10mM, DTT at 0.02, RNaseOUT at 4 (U/µL) and 0.5 µL of Superscript II RT. The 

reactions were incubated at room temperature for 10 min, followed by running at 
BioRad C100 Touch Thermal Cycler for 50 min at 42ºC and 15 min at 70ºC. Than 
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the reactions were chilled on ice and added 0.5 uL of RNase H and incubated again 
for 20 min at 37ºC.  At the end, each reaction was diluted to a final volume of 100 

µL.  

 

3.6.4. Real-Time quantitative Polymerase Chain Reaction (RT-qPCR) 

The RT-qPCR is considered a gold standard for quantitative data analysis in 
molecular medicine, microbiology, biotechnology and diagnostics and became one 
of the methods of election for the messenger RNA (mRNA) quantification (Nolan, 
Hands, and Bustin 2006).  

PCR is a genomic cloning technique that allows a selective and automated 
amplification of DNA (Innis et al. 1988) and PCR and reverse transcriptase 
(responsible for the conversion of mRNA to cDNA) permitted the study of little 
quantities of DNA/cDNA (Heid et al. 1996; Murphy et al. 1990).   

Each PCR assay requires:  

• DNA template, the DNA sample to be amplified; 
• Primers, these are present in the reaction and specify the DNA to be 

amplified. Primers are short fragments of DNA with a concrete sequence 
complementary to the mark DNA that is to be detected, amplified and serve 
like an extension point for the polymerase act; 

• Nucleotides, more specifically deoxynucleoside triphosphates (dNTPs), 
that include the four bases that are in DNA and function like building blocks 
for the DNA polymerase to generate the PCR product;  

• DNA polymerase, a key enzyme to form the PCR product, because the 
enzyme is the DNA polymerase III thermostable, where the temperature 
does not deregulate its action and has the ability to links individual 
nucleotides together (Garibyan and Avashia 2013; Nolan, Hands, and 
Bustin 2006). One of the most used enzymes is Thermus aquaticus (Taq) 
DNA polymerase that can be employed in a PCR and has 5’-3’ exonuclease 
activity (Holland et al. 1991); 

• Magnesium chloride (MgCl2), a cofactor for DNA polymerase; 
• Buffer, used to ensure the physiological conditions to the DNA polymerase 

action, as pH and ionic concentrations (Nolan, Hands, and Bustin 2006);  
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The PCR reaction comprises three steps: denaturation, annealing and extension 
that are controlled by temperature changes and repeated cyclically (Figure 3.1), 
between 35 to 40 cycles. Denaturation process is characterised by the separation of 
the double strand of DNA in two single strands, using the maximum temperature 
that polymerase can support, 95ºC. Then the primers have the ability to hybridize 
with the single strands of DNA, what is called of annealing. Lastly, the DNA 
polymerase at a reaction temperature of about 60 degrees makes the extension of 
DNA products. With the repetition of these steps the number of DNA products 
doubles at each cycle (Garibyan and Avashia 2013; Nolan, Hands, and Bustin 
2006). 

 

 

 

Figure 3.1 - Polymerase Chain Reaction. PCR is composed by 3 principal steps: Denaturation, 
Annealing and Extension. As represented in the figure, to each cycle the DNA double, i.e. if we have 
2 DNA strands in the end of the cycle we stayed with 4 DNA strands. Adapted from Garibyan and 
Avashia 2013. 
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Real-Time quantitative PCR (RT-qPCR) occurs at real time, i.e. uses 
fluorophores to combine the amplification and detection steps of the PCR while it 
is being synthesized (Nolan, Hands, and Bustin 2006; VanGuilder, Vrana, and 
Freeman 2008; Garibyan and Avashia 2013). The individual reactions are 
characterised by the PCR cycle at which the fluorescence cross a defined threshold, 
a parameter known as the threshold cycle (Ct) (Nolan, Hands, and Bustin 2006; 
Schmittgen and Livak 2008). 

Regarding to methods used to quantify and detect RT-qPCR products, they 
can be by fluorescent dyes (intercalate the DNA double-stranded nonspecifically, 
like SYBR Green technology) or by sequence specific DNA probes (fluorescent 
labeled reports, as TaqmanTM technology)(Innis et al. 1988; Nolan, Hands, and 
Bustin 2006; Garibyan and Avashia 2013). In this study we used allele-specific 
TaqmanTM probes that are considered more sensitive and specific, because they 
have specific sequence oligonucleotides. These probes in the 5’ end contain a 
fluorophore reporter and in the 3´end contain a quencher (Figure 3.2). At the 
end of each PCR cycle, when the fluorophore is excited by a laser, if the quencher is 
on its side, it absorbs all fluorescence emitted and the level of solution fluorescence 
is low; if the DNA polymerase approaches the probe, which is downstream of the 
primer, cleaves it allowing the fluorophore to separate from the quencher and, 
accordingly, fluorescence levels increase (Holland et al. 1991; Heid et al. 1996; 
VanGuilder, Vrana, and Freeman 2008).  

 

 

Figure 3.2 - TaqmanTM probes design. This figure represents probes labelled with respectively 
fluorophores. In A it is represented probe labelled with FAM fluorophore that generates signal for 
one specific allele and Q corresponds to the Quencher. In B it is described the probe labelled with 
VIC fluorophore producing signal for the other allele.  
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The quantification of amplified product can be absolute, when is 
determined the copy number of the products of interest, usually by the ratio of 
PCR signal to a standard curve (it is done by performing a serial dilution of a 
known amount of pure RNA, or can be relative (Heid et al. 1996; Schmittgen and 
Livak 2008; VanGuilder, Vrana, and Freeman 2008). The relative quantification 
reports the alteration in expression of the target gene relative to another reference 
gene, group such as an untreated control or a housekeeping gene (Livak and 
Schmittgen 2001; Schmittgen and Livak 2008). In our study an absolute 
quantification was used. 

It is important to notice that in the RT-qPCRs performed it was included a 
standard curve on every plate for the precise quantification in each experiment.  

We applied the RT-qPCR to genotype DNA samples and to quantify allelic 
gene expression in cDNA from heterozygous individuals. Each qPCR reaction 
contained a primer pair targeting the region surrounding the marker SNP, two 
probes that differ by a single nucleotide and are complementary to each allele of 
the gene. The probes have different fluorochromes (VIC and FAM), generating two 
distinguished signals during the RT-qPCR. The two assays used for each gene 
(Annex A) were for rs9997920 from OCIAD1 and for rs6989650 from GRHL2. 
For rs9997920 the minor allele in the CEU population (T) is labelled with FAM 
that corresponds to allele 1 in RT-qPCR graphics and the more frequent allele (C) 
is labelled with VIC fluorophores that corresponds to allele 2 in RT-qPCR graphics. 
This tSNP is located in an intronic region. Regarding to rs6989650 from GRHL2, 
the minor allele was labelled with FAM that corresponds to allele 1 (T) in RT-qPCR 
graphics and the other allele (C), more frequent in European population, is 
labelled with VIC that corresponds to allele 2 in RT-qPCR graphics. This tSNP is 
located in a 3’ untranslated region (3’ UTR) (Table 3.2).  

Table 3.2 - tSNPs location and corresponding alleles labelling in the TaqmanTM 
probes 

 
Gene 

 

 
tSNP 

 

 
FAM allele (1) 

 

 
VIC allele (2) 

 

 
Location 

 
 

OCIAD1 
 

rs9997920 T (minor allele) C (major allele) Intron 

 
GRHL2 

 
rs6989650 T (minor allele) C (major allele) 3’ UTR 
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To perform the RT-qPCR, 384-wells plates (Hard- Shell PCR Plates 384- 
Well CLR/WHT, Bio-Rad) were used and were ran in a BioRad CFX384 Real-Time 
System C100 Touch Thermal Cycler. The reactions mixtures were incubated for 3 
min until 95ºC for the activation of the enzyme and consequently submitted to 40 
cycles with denaturation step for 3 seconds at 95ºC and annealing/extension for 
30 seconds at 60ºC. The allelic discrimination charts were exported by Bio-RAD 
CFX Manager Software, at the end of the RT-qPCR. All experiments contained 
between 1-3 No Template Controls (NTCs), where the amplification should not 
occur.  

 

3.6.5. Genotyping 

cDNA from normal-matched samples (49), normal breast (NB) samples 
(45), blood breast cancer samples (56) and DNA from CEPH samples (20)  was 
genotyped using 5’ exonuclease TaqmanTM technology (Applied Biosystems). For 
the remaining samples studied by RT-qPCR, the genotypes for the SNPs of interest 
were already known and there was no need to genotype. Between 12,5 ng and 50 

ng of DNA/cDNA was used in a 5µl RT-qPCR reaction constituted by Kapa Probe 

Fast universal qPCR Kit(2x) (Applied Biosystems), assay with two primers and 
FAM and VIC labelled probes as described above (TaqmanTM SNP Genotyping 
Assays (40X), Applied Biosystems) and H2O (DNase/RNase free, gibco by Life 
technologies). NTCs were included in experiment (1-3). 

 Genotyping was done in 384-wells plates (Hard-Shell PCR Plates 384- Well 
CLR/WHT, Bio-Rad) using BioRad CFX384 Real-Time System C100 Touch 
Thermal Cycler. The allelic discrimination charts were exported by Bio-RAD CFX 
Manager Software, at the end of RT-qPCR.  

 

3.6.6. Quantification of differential allelic gene expression 

Allele specific levels of gene expression, or DAE ratios were quantified in 
heterozygous samples using TaqmanTM technology (Applied Biosystems) and RT-
qPCR, as described in the genotyping section. The assay for rs9997920 (OCIAD1) 
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was ran both on blood tissue samples (13 blood donors samples and 26 blood BC 
samples) and on breast tissue samples (22 normal breast samples from healthy 
controls and 24 normal-matched samples). The assay for rs6989650 (GRHL2) was 
ran only on breast tissue samples (15 normal and 12 normal-matched samples). 
Each experiment was run twice independently. A calibration curve was performed 
using a serial dilution of a heterozygous CEPH DNA sample for each SNP of 
interest (serial diluted samples). This curve served as a reference for the 50:50 
allelic ratio as represented in the Table 3.3. Another curve, a standard positive 
control curve - series of standard curve, was performed using different 
homozygous samples for my SNPs (Table 3.4) with different proportions of allele 
A and B (for each SNP) to evaluate the AE ratios obtained versus the expected 
ones, as represented in Table 3.5 In this way, the quantity of each allele in the 
different samples was extrapolated from the linear regression equation, as 
explained below. 

 
Table 3.3 -  Serial dilution of a heterozygous sample. 

 
Serial Dilution 
 

 
Dilution factor 

 

 
Final Concentration of DNA (ng/uL) 

 
 

ST6 
 

1 10 

 
ATM1 

 
1:2 5 

 
ATM2 

 
1:10 1 

 
ATM3 

 
1:20 0.5 

 
ATM4 

 
1:100 0.1 

 
ATM5 

 
1:200 0.05 

 
ATM6 

 
1:1000 0.01 
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Table 3.4 - Serial dilution for homozygous samples of my SNPs 

 
Serial Dilution 

 

 
Dilution Factor 

 
Final Concentration of DNA (ng/uL) 

 
1 
 

1 10 

 
2 
 

1:2 5 

 
3 
 

1:4 2.5 

 
4 
 

1:8 1.25 

 
5 
 

1:16 0.625 

 

Ct values were obtained from Bio-Rad CFX Manager Software 3.1. The threshold 
used for both reading channels of FAM and VIC were of 260 relative fluorescent 
units (RFU).  

Data obtained by RT-qPCR were analysed on Microsoft Excel 2016 software. Mean 
and percentage of variation (%var=[SD/Mean]) between replicates were 
calculated. Linear regression (linest function) for TaqmanTM calibration curves was 
performed, as well as the graphical output. The efficiency of RT-qPCR of each 
allele was calculated using the followed formula:  

! = 2!! 

where E corresponds to efficiency and m to the slope of the linear regression for 
the heterozygous sample for each allele. The quantity of each allele was calculated 
using the followed equation (that was obtained from the linear regression 
equation): 

! = 2!∗!",!!! 

where Q is the quantity, m is the slope of the linear regression and b is the 
intercept of the same linear regression established by allele in the heterozygous 
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samples serial diluted and Ct,i is the cycle when the amplification reaches the 
threshold. 

 

DAE ratios were calculated using the followed formula:  

!"# = !"#2(!(!""#"# 2
!(!""#"# 1) 

 

Table 3.5 - Volumes of serial dilutions of each homozygous samples used to form 
heterozygous mixes with different proportions of allele 1 and allele 2 for rs9997920 
and rs6989650. 

Reaction 
(Hetmix) 

Volume of AA 
homozygous samples 

(uL) 

Volume of BB 
homozygous samples 

(uL) 
Proportion 

of 2/1 

Hetmix 1 
(ST1) 10 uL of dilution 1 - 1x/0x 

Hetmix 2 
(ST2) 5 uL of dilution 1 5 uL of dilution 5 1x/16x 

Hetmix 3 
(ST3) 5 uL of dilution 1 5 uL of dilution 4 1x/8x 

Hetmix 4 
(ST4) 5 uL of dilution 1 5 uL of dilution 3 1x/4x 

Hetmix 5 
(ST5) 5 uL of dilution 1 5 uL of dilution 2 1x/2x 

Hetmix 6 
(ST6) 5 uL of dilution 1 5 uL of dilution 1 1x/1x 

Hetmix 7 
(ST7) 5 uL of dilution 2 5 uL of dilution 1 2x/1x 

Hetmix 8 
(ST8) 5 uL of dilution 3 5 uL of dilution 1 4x/1x 

Hetmix 9 
(ST9) 5 uL of dilution 4 5 uL of dilution 1 8x/1x 

Hetmix 10 
(ST10) 5 uL of dilution 5 5 uL of dilution 1 16x/1x 

Hetmix 11 
(ST11) - 10 uL of dilution 1 0x/1x 

 

 

3.6.7. Statistical analyses 
Graphical outputs of case-control studies were generated using beeswarm R 
package (“CRAN - Package Beeswarm” 2018). A Levene’s test (levene.test from 
lawstat R package version 3.2) was applied to test for homogeneity of variances 
between DAE ratios from cases and controls, prior to the application of the test to 
analyse differences in mean values.  The null hypothesis is that the homogeneity of 
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variances is equal between the two groups. So if the p-value is higher than 0.05 we 
cannot reject the null hypothesis and we can assume equal variances between the 
groups that we are testing, so we can apply a parametric test (Levene, Olkin, and 
Hotelling 1960). The t-test was applied when the variances between groups were 
equal and the Welch test when the variances were unequal. The null hypothesis of 
the t-test is that the means of the two groups are equal. Therefore, if the p-value 
was lower or equal to 0.05 we rejected the null hypothesis (B. L. Welch 1947; Kim 
2015). The t.test function from stats R package was implemented, changing the 
argument var.equal = TRUE or FALSE depending on the result from the Levene’s 
test (R Core Team 2017) 
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4. RESULTS 

4.1. RETRIEVAL OF CANDIDATE RISK SNPS 

In order to identify candidate risk variants to be further tested for 
association with breast cancer risk, we began by identifying variants in the 
literature (published GWAS) that have shown some evidence of being associated 
with breast cancer risk, although they did not achieve GWAS significance. With 
this analysis we identified six hundred and eight candidate risk SNPs using data of 
phase I, II or III from BC GWAS studies (Annex B). Since GWAS studies only test 
a subset of variants present in the microarray, using a haplotype-tagging SNP 
approach, we also retrieved the proxy SNPs for each index SNP, obtaining in the 
end a total of 7,429 candidate risk variants/SNPs. 

To ensure that the candidate risk SNPs were not in genes already associated 
with BC risk, we queried the GWAS Catalog for BC-associated genes (p-value ≤ 1 x 
10-5), and we removed them from our analysis. So, we proceeded the analyses with 
3928 candidate risk variants annotated to 614 ensembl ids.  

In order to strengthen the evidence that our candidates risk SNPs are 
indeed good candidates to be further tested for association with BC risk, we filtered 
them based on the iCOGS GWAS data for BC from the European population. This 
iCOGS dataset tested 14,061,818 SNPs and we first filtered this data to stay with 
SNPs with a p-value higher than 5 x 10-5 and lower than 0.05. This resulted in 
948,036 SNPs with marginal evidence of conferring risk to breast cancer. Then we 
crossed the 3928 candidate risk variants with the iCOGS SNPs of interest and 
identified 591 common candidate risk SNPs, as represented in Figure 4.1 located 
to 92 different genes (number of different ensembl ids). 
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Figure 4.1- Venn diagram showing the candidate risk SNPs (591) resulting from the 
overlap of iCOGS SNPs marginally associated with BC risk (948,036) and candidate 
risk variants from the GWAS studies identified via GWAS Catalog (3,928).  

 

4.2. CIS-REGULATED CANDIDATE GENES ASSOCIATED 
WITH BC RISK 
Since our goal was to select candidate genes to be tested in case-control 

association studies using DAE ratios, it is important that the genes to be tested 
show differential DAE, i.e., evidence of being cis-regulated, in normal breast 
tissue.  In order to identify cis-regulated genes that have candidate risk variants 
located in them or near (in LD), we filtered the 92 genes where the candidate risk 
variants were located, according to evidence of having DAE in normal breast tissue 
(data from the group), as shown in Figure 4.2 We proceed the analyses with 41 
genes (432 candidate risk SNPs).  
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Figure 4.2 - Venn diagram of overlapping 13,570 genes showing evidence of cis-
regulation (DAE genes) with 92 candidate risk genes (Candidate Genes) identified 
through Ensembl IDs attributed to variants retrieved from GWAS data for BC risk 
with p-value >5x10-5 and <0.05 (including those in high LD, at r2>0.8). Unique numbers 
are shown for all areas of the diagram. 

 

4.3. CIS-REGULATED GENES ASSOCIATED WITH BC RISK 
AND WITH CLINICAL IMPACT 
In order to identify genes with clinical impact, differential expression 

analyses were performed using expression and clinical data from the METABRIC 
project. The data are composed by 1992 tumour cases, with a long clinical history, 
and 144 normal-matched samples, which were tested for correlation against 
several clinical variables (see Table 3.1 in the Material and Methods section). We 
started the analyses using information on 48803 Illumina probes (corresponding 
to 21409 genes), which were further shortlisted to 34362 good quality probes 
(18886 genes), after excluding 13475 bad and 966 no match probes. We performed 
the analyses of differential expression and considered genes to be differentially 
expressed when significant for at least one of the clinical variables (FDR p-value < 
0.01 and |FC| ≥ 1.5), being them tumours vs normal-matched, ER status, PR 
status, HER2 status and grade. 

In Table 4.1 shows the number of Ensembl genes found to be differentially 
expressed between clinical sub-groups. In total, 10599 genes were identified as 
differentially expressed for at least one clinical variable. Next, we crossed this 
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information with that of the genes with evidence of being cis-regulated, and found 
2012 genes in common. This result is depicted in Figure 4.3.  

 

 
Table 4. 1 - Number of genes differentially expressed according to clinical context. 

 
Differential Expression analysis 

 
Differential expressed genes/total genes 

 
Tumours vs Normal-matched 

 
2,685/18,886 

 
ER+ vs Normal-matched 

 
2,727/18,886 

 
ER- vs Normal-matched 

 
3,191/18,886 

 
ER+ vs ER- 

 
914/18,886 

 
HER2+ vs Normal-matched 

 
3,283/18,886 

 
HER2- vs Normal-matched 

 
2,646/18,886 

 
HER2+ vs HER2- 

 
251/18,886 

 
PR+ vs Normal-matched 

 
2,720/18,886 

 
PR- vs Normal-matched 

 
2,808/18,886 

 
PR+ vs PR- 

 
322/18,886 

 
Grade 

 
9,786/18,886 
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Figure 4.3 - Volcano plot for differential gene expression analysis for tumours vs 
normal matched tissue taking in account evidence for cis-regulation of genes. The x 
axis displays the log2 FC, representing the biological magnitude of the difference, and the y axis 
displays the -log10 of the FDR corrected p-value, representing the test’s significance. Dotted lines 
represent the thresholds applied for establishing statistical significance for the differential 
expression of a gene, set at p-value = 0.01 (1% FDR) and of FC = 1.5. Points in cyan blue correspond 
to genes with evidence of being cis-regulated, and orange points correspond to genes without this 
evidence in breast tissue.  

 

As we are interested in selecting cis-regulated genes with potential 
association with BC risk to BC, and with a clinical impact, for experimental 
validation, we crossed the previously selected 41 genes (see Figure 4.2) with the 
10599 genes that were differentially expressed genes in at least one clinical 
variable. In the end, we identified 18 genes with significant clinical impact and 
potentially associated with BC risk, with evidence of being cis-regulated (Figure 
4.4, Table 4.2).  
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Figure 4. 4 - Venn diagram showing cis-regulated genes associated with BC risk and 
with clinical impact resulting from the overlap of candidate cis-regulated genes 
associated with BC risk (41) and genes that are considered with differential gene 
expression at least one clinical variable (10,599).  

 

 
Table 4. 2 - Final list of candidate risk genes genes, grouped by significant clinical 

analysis. In bold are shown the two genes selected for the in case-control association study using 

AE ratios, used as validation of their association with risk. Continued on next page 

Differential Expression 
analysis 

Significant Genes 

Tumours vs normal-
matched 

GRHL2, MECOM, NCALD, RMI2, FUT8, MAFF, PCCA, 

PECR 

ER+ vs normal-matched 
GRHL2, NCALD, RMI2, FUT8, MAFF, MECOM, PCCA, 

PECR 

ER- vs normal-matched 
GRHL2, NCALD, RMI2, MAFF, MECOM, PCCA, PECR, 

SYK 

ER+ vs ER- FUT8 

PR+ vs normal-matched GRHL2, NCALD, RMI2, MAFF, MECOM, PCCA, PECR 

PR- vs normal-matched 
GRHL2, NCALD, RMI2, FUT8, MAFF, MECOM, PCCA, 

PECR, SYK 

PR+ vs PR- - 

HER2+ vs normal-
matched 

GRHL2, NCALD, RMI2, FUT8, MAFF, MECOM, PCCA, 

PECR, SYK 

HER- vs normal-matched 
GRHL2, NCALD, RMI2, FUT8, MAFF, MECOM, PCCA, 

PECR 
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Table 4.2 - continued   

HER2+ vs HER2- - 

Grade 

OCIAD1, GRHL2, RMI2, CHMP4B, CLEC16A, FRYL, 

FUT8, LYPD5, MECOM, MREG, MYL3, NUP107, PCCA, 

SYK, TGM5 

 

 

4.4. PRIORITIZATION OF GENES AND VARIANTS FOR 
THE CASE-CONTROL ASSOCIATION STUDY 

As it was unfeasible to validate all 18 candidate genes for association with 
BC risk, they were compared based on the relevant variables (risk to BC, DAE, and 
clinical impact), in order to select the two best candidates for the association 
studies in the lab. One of the genes, MYL3, was eliminated immediately because, 
after a fine curation, it was found that the candidate variant rs6796502 had 
multiple entries in the GWAS Catalog and already associated with BC risk 
according to one of the studies. Regarding the remaining 17 genes (represented in 
Table 4.3), firstly we looked at the p-value of the candidate risk SNPs and odds 
ratio in the original reporting study, as well as in the iCOGS study, in order to 
select the genes with the lowest p-value. We also looked at the MAF in the 
European population in order to exclude possible rarer variants. The total 
expression of the transcripts in normal breast tissue, as well as in blood (data from 
GTEx project), was also taken into consideration to select genes with higher 
expression. The in-house evidence of differential allelic expression of each gene in 
normal breast tissue was also considered, as well as the clinical impact of the gene 
on BC. We also looked for the presence of eQTLs, consulting GTEX project, for the 
tSNP of each candidate gene.   
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Table 4. 3 - 17 final candidate cis-regulated genes, with potential to be associated with risk to BC and associated with clinical impact. 
Continued on the next page 

Gene with 
DAE and 
clinical 
impact 

Ensembl ID Candidate 
riskSNP Cytoband 

p-value 
GWAS 
study 

Odds 
ratio 

GWAS 
study** 

p-value 
iCOGS 

Odds 
ratio 

iCOGS 
MAF in 

Europeans Study 

FUT8 ENSG00000033170 rs76389600 14q23.3 7.76x10-4 

(I&II) 
0.79 [0.69-

0.91] 0.027 1.11 0.03 Low, Siew-
Kee 2013 

CLEC16A ENSG00000038532 rs998592 16p13.3 8x10-1(III) 
0.98 

[0.89-
1.08] 

0.02 0.97 0.42 Thomas, 
Gilles 2009 

FRYL ENSG00000075539 rs6843340 4p11 9x10-4(III) 
0.99 

[0.94-
1.05] 

0.01 1.02 0.45 
Easton, 
Douglas 

2007 

OCIAD1 ENSG00000109180 rs6843340 4p11 9x10-4(III) 
0.99 

[0.94-
1.05] 

0.02 1.02 0.45 
Easton, 
Douglas 

2007 

TGM5 ENSG00000104055 rs6493076 15q15.2 9.79x10-

1(II) 
0.89 [0.75-

1.04] 0.018 0.95 0.1 Sehrawat, 
Badan 2011 

CHMP4B ENSG00000101421 rs6059504 20q11.22 9.31x10-

3(I&II) 0.91* 0.02 0.97 0.22 
Antoniou, 

Antonis 
2010 

MAFF ENSG00000185022 rs5756968 22q13.1 1X10-

2(I&II) 

0.89 
[0.82-
0.96] 

0.018 1.03 0.41 
Long, 
Jirong 
2010 

PECR ENSG00000115425 rs4672790 2q35 2.49x10-

3(II) 0.80-0.95* 0.022 0.98 o.43 Gaudet, 
Mia 2010 

MREG ENSG00000118242 rs4672790 2q35 2.49x10-

3(I&II) 0.80-0.95* 0.022 0.98 o.43 Gaudet, 
Mia 2010 

RMI2 ENSG00000175643 rs4451969 16p13.13 1.6X10-1 
(I&II) 

1.07 [0.99-
1.17] 0.002 1.04 0.43 

Long, 
Jirong 
2010 

NUP107 ENSG00000111581 rs2546513 12q15 6.08x10-

1(II) 

0.89 
[0.80-
1.00] 

0.04 0.97 0.32 
Sehrawat, 

Badan 
2010 
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Table 4.3 - Continued 

GRHL2 ENSG00000083307 rs2387620 8q22.3 5.9x10-4(I, 
II & III) 

1.05 [1.00-
1.11] 0.006 1.03 0.32 Fletcher, 

Olivia 2011 

GRHL2 ENSG00000083307 rs2211914 8q22.3 4.96x10-

5(I, II&III) 
1.08 [1.02-

1.14] 0.02 1.02 0.32 Fletcher, 
Olivia 2011 

MECOM ENSG00000085276 rs1918964 3q26.2 1.77x10-

2(I&II) 1.07* 0.03 1.02 0.42 
Antoniou, 

Antonis 
2010 

LYPD5 ENSG00000159871 rs17725531 19q13.31 2.56x10-

2(I&II) - 0.002 1.06 0.12 
Palomba, 

Grazia 
2015 

SYK ENSG00000165025 rs12553524 9q22.2 2.03x10-

2(I&II) 0.82-0.98* 0.01 1.03 0.23 Gaudet, 
Mia 2010 

PCCA ENSG00000175198 rs1112044 13q32.3 2x10-

2(I&II) 
0.91 [0.84-

0.99] 0.03 1.02 0.44 
Long, 
Jirong 
2010 

 

I&II is the combined p-value between phase I and II of GWAS; III is the p-value on phase III; II is the p-value in phase II of the GWAS and I, II & III is 

concerning to the combined p-value on three phases. * is relative to the hazard ratio. ** Odds ratio at 95% confidence interval.  
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Two candidates were selected to be validated experimentally, based on the 
description above: OCIA Containing Domain 1 (OCIAD1) gene, with DAE tSNP: 
rs9997920; and Grainyhead Like Transcription Factor 2 (GRHL2) gene, with 
DAE tSNP: rs6989650. 

rs6843340 is mapped to the 4p11 locus, in a large intron of the FRYL gene 5’ 
to the OCIAD1 gene (Figure 4.5), and its minor allele (T) has a frequency of 0.45 
in the European population (HapMap CEU data). This SNP was genotyped by 
Easton et al as part of the phase 3 on the first GWAS for BC but was reported as 
not being significantly associated with BC after this final phase (it was associated 
in phase I and II with a combined p-value of 0.004, but not in phase III alone, with 
p-value of 0.97) (Easton et al. 2007). Subsequently, in the iCOGS study it had a p-
value of 0.011, which we considered to be a good p-value to proceed with our 
studies. 

 

Figure 4.5 - Candidate 4p11 genomic locus. It shows the position of the GWAS candidate risk 
variant rs6843340 and the DAE tSNP rs9997920 (both in black). In green are shown the locations 
of SNPs associated with risk to diseases other than BC, from the GWAS Catalog. In blue are shown 
the positions of the RefSeq genes FRYL and in OCIAD1.  

 

The OCIAD1 gene is expressed quite widely across tissues, but it is less 
expressed in blood than in breast tissue, the two tissues in which we carried the 
subsequent case-control analysis (“GTEx Portal” 2018) (Figure 4.6). In the 
clinical analysis, its expression was correlated with Grade (Figure 4.7 A), more 
specifically lower expression of OCIAD1 correlates with higher BC Grade.  
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Figure 4.6 - OCIAD1 gene expression levels across tissues. The y axis corresponds to transcripts per million expressed and in the x axis it is 
represented the tissues. From “GTEx Portal” 2018.  
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Whole-genome DAE data generated in our group (Xavier et al, unpublished) 
revealed that in this locus OCIAD1 is cis-regulated, and that the minor T allele of 
the tSNP rs9997920 is less expressed that the common C allele (Figure 4.7B). 
Interestingly, although rs9997920 is not an eQTL for the expression of OCIAD1 in 
breast tissue, it is so in whole blood, where the TT genotype group is also the one 
with lower expression, in concordance with our DAE data (“GTEx Portal” 
2018).  In the DAE data was also observed that this tSNP (rs9997920) has a high 
heterozygosity frequency and more samples displaying DAE than the FRYL tSNPs, 
which is crucial to measure DAE in the future case-control study. Therefore, this 
was the tSNP selected for the next phase of our study. 

 

 

Figure 4.7 - OCIAD1 clinical and functional characterisation. In figure A, the x-axis 
represents the grade groups (1-3) and in y-axis it is indicated the expression values in log2 
intensities. The graphic shows the results for the grade analysis at probe ILMN_1700306 from 
OCIAD1.  In figure B it is represented a AE analysis plot (performed by Xavier, Joana) for a tSNP in 
OCIAD1 (rs9997920) where it is possible to observe that most of the samples (black dots) display 
DAE. In the y axis are the AE ratios and in x axis are the heterozygous samples, where the allele A 
corresponds to T allele from OCIAD1 and the allele B indicates the C allele from OCIAD1. 

 

Regarding to rs2387620 is mapped to 8q22 locus, in a intron variant of 
NCALD gene (Figure 4.8), and its minor allele (A) has a frequency of 0.47 in 
European population (HapMap CEU data). This SNP was genotyped by Fletcher et 
al as part of phase III but was reported as not being significantly associated with 
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BC (Fletcher et al. 2011). It was associated in phase I with a p-value of 7.48 x 10-3 

and in phase II with a p-value of 1.18 x 10-1, but not in phase III with a combined p-
value 5.90 x 10-4. Consequently, in the iCOGS study it had a p-value of 0.006, 
which we considered to be a good p-value to proceed with our studies. The other 
candidate risk SNP for GRHL2 study is rs2211914 that is mapped to 8q22 locus too 
(Figure 4.8), in an intron variant of GRHL2 gene, and its minor allele (C) has a 
frequency of 0.40 in European population (HapMap CEU). Subsequently in the 
iCOGS study it had a p-value of 0.02.  The LD between this risk candidate SNPs 
were verified, and they in moderate LD with each other (r2=0.59) which means 
that although they are not highly correlated their effect is not independent. 

 

 

Figure 4.8 - Candidate 8q22 genomic locus. It shows the position of the GWAS candidate 
risk variants rs2211914 and rs2387620 and the DAE tSNP rs6989650 (all in black). In blue are 
shown the positions of the RefSeq genes, including NCALD and GRHL2. In green are shown the 
locations of SNPs associated with risk to diseases other than BC, retrieved from the GWAS Catalog. 

 

The GRHL2 gene is lowly expressed across tissues, but in breast it shows 
some notorious expression, in blood it does not show expression, so this gene only 
can be tested in breast (Figure 4.9). In the clinical analysis, its expression was 
correlated with tumours in general, ER status, PR status, HER2 status and grade, 
where overall GRHL2 is overexpressed in tumours vs normal-matched (Figure 
4.10- B-F). 
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Figure 4.9 – GRHL2 gene expression levels across tissues. The y axis corresponds to transcripts per million expressed and in the x axis is represented 
the tissues From (“GTEx Portal” 2018) 
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Figure 4.10 - GRHL2 clinical and functional characterisation. In A it is represented an AE 
analysis plot (performed by Xavier, Joana) for a tSNP in GRHL2 (continued on the next page) 
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Figure 4.10 (continued) - (rs6989650) where is possible to observe that most of the samples 
(black dots) display DAE. In the y axis are the DAE ratios and the x axis are the heterozygous 
samples and in, where the A allele corresponds to (T) and the B allele represents (C). In B - F x-axis 
represents the clinical variables (Tumours, ER status, PR status, HER2 status, Grade status) and 
NM controls and y axis indicates the expression values in log2 intensities. In B the graphic shows 
tumours vs NM analysis at probe ILMN_2060145 from GRHL2. In C it is represented the 
differential expression analysis between HER2 cases vs NM for GRHL2 (ILMN_2060145); Figure 
D presents the analyses of ER+ cases vs NM and ER- cases vs NM for GRHL2 gene. In E it is 
demonstrated the differential expression analyses for PR status cases vs NM. In F it is shown the 
grade analysis for GRHL2 gene.  

 

Whole-genome DAE data generated in our group (Xavier et al. 2016, 
unpublished) revealed that this locus GRHL2 is cis-regulated and composed by a 
lot of tSNPs, but one of the most interesting to study was rs6989650 (Figure 4.10 
A) because it has high heterozygosity frequency, and more samples displaying 
DAE. This tSNP has the major allele (C) more expressed than the minor (T) 
(Figure 4.10 A). This SNP is not an eQTL for the expression of GRHL2 in breast 
tissue (“GTEx Portal” 2018). So, this was the tSNP selected for the next phase of 
our study.  

 

4.5. GENOTYPING OF BLOOD, BREAST TISSUE SAMPLES 
AND CEPH SAMPLES 

To perform DAE analysis, and subsequently the association studies, we first 
needed to identify heterozygous samples for the tSNPs of both genes.  

Firstly, 20 CEPH samples were genotyped for each tSNP (rs9997920 and 
rs6989650) in order to identify homozygous samples for both alleles of the two 
SNPs to be selected for the construction of calibration curve and series standard 
curves (Annex C).  

The tSNPs rs9997920 and rs6989650 were genotyped in 49 normal-
matched breast tissue (cases) and in 45 breast tissue samples (controls). For both 
SNPs we identified the presence of the expected three genotype groups (Figure 
4.11), as the minor allele frequency for both SNPs in high. The negative controls 
were not amplified (Figure 4.11), indicating that there was no contamination 
during the PCR reaction. We identified 26 heterozygous samples for rs9997920 in 
normal-matched samples and 19 heterozygous samples for the same SNP in 
normal breast samples. 
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Figure 4.11 - Genotyping for rs9997920 and rs6989650 in breast tissue. The x-axis 
represents the fluorescence intensity for Allele 1, emitted by probe FAM and the y-axis indicates the 
fluorescence intensity for Allele 2, emitted by the probe VIC. The orange circles represent the 
homozygous samples for Allele 2, the blue squares indicate the homozygous samples for Allele 1, 
the green triangle represent heterozygous samples and the black diamonds represent the NTC 
samples (without fluorescent signal as expected).  In A and B are displayed the genotyping results 
for rs9997920, in the OCIAD1 gene, in normal-matched and normal breast tissues, respectively, 
where Allele 1 corresponds to the T allele of rs9997920 and the Allele 2 corresponds to the C allele. 
In C and D are the genotyping results for rs6989650, in the GRHL2 gene, in normal-matched 
samples and breast tissue samples, respectively, where Allele 1 indicates the T allele of rs6989650 
and Allele 2 indicates C allele of rs6989650.  

 

Regarding rs6989650, we identified 12 heterozygous samples in normal 
breast tissue and 12 heterozygous normal-matched samples. 

As OCIAD1 is also expressed in blood and we could perform the case-control 
study in these tissues, rs9997920 was also genotyped in blood cancer samples of 
patients with BC (Annex D). There was no need to genotype samples from healthy 
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blood donors as the genotypes were already available for rs9997920 in these 
samples (26 heterozygous samples).  

 

4.6. QUANTIFICATION OF DIFFERENTIAL ALLELIC GENE 
EXPRESSION TO PERFORM CASE-CONTROL STUDIES 
In the last part of this work, we tried to validate the association of variants 

with BC risk, by performing a case-control study using DAE as a quantifiable 
variable. For this study, as mentioned before, only heterozygous samples are 
informative, and from the experiments described above, we identified 26 normal-
matched and 22 normal breast heterozygous samples for rs9997920 (OCIAD1), 
and 12 normal-matched and 15 normal breast heterozygous samples for rs6989650 
(GRHL2). For rs9997920 (OCIAD1), we also identified 26 heterozygous blood 
samples of cancer patients and 13 heterozygous samples of healthy blood controls, 
from genotyping analysis previously carried in our group.  

As we want to precisely quantify allelic expression ratios in order to perform 
the case-control association studies, in all the experiments we included a 
calibration curve consisting on a serial diluted heterozygous CEPH sample (serial 
diluted samples). This heterozygous sample was composed of two homozygous 
samples for different alleles (one homozygous for allele 1 and the other for allele 2 
for each one of the two SNPs under study) mixed in equimolar proportions 
(50:50). This curve was used in each qPCR run to do an extrapolation of individual 
allelic quantities. Because the efficiency of amplification of each allele of the SNP is 
different, this was also a crucial step to calculate the RT-qPCR efficiency for each 
allele separately.  

All experiments were run twice and all samples were tested in triplicate in 
each run. These triplicates revealed a very low percentage of variation, smaller 
than 5%. For both SNPs, in all qPCRs performed in breast tissue, two control 
samples were excluded from the analyses because the cDNA did not amplify.  

Regarding the study of DAE of OCIAD1 in blood samples, all the 
heterozygous serial diluted samples were used to perform the linear regression for 
each allele (Figure 4.12 A-B, Annex E) in both runs. In the first run the RT-
qPCR efficiency for allele 1 was of 83.81% and for allele 2 was of 78.398% (with 
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correlation r2 of 0.99 for both). The second run had 69.492% efficiency of 
amplification for allele 1 and 60.947% for allele 2 (with correlation r2 of 0.97 and 
0.99, respectively).  

 

 

Figure 4.12 - Calibration curve for the OCIAD1 blood RT-qPCR in the first run. These 
figures show the calibration curve for each one of the alleles of a heterozygous sample for 
rs9997920 of OCIAD1 gene in the blood study. In A and B are shown the standard curves for allele 
1 (T allele) and allele 2 (C allele), respectively, showing for both the corresponding linear regression 
equation. 

 

To further ensure our ability to accurately measure allelic expression ratios, 
we performed a series of standard curves, by mixing two CEPH homozygous 
samples with different proportions of allele 1 and allele 2, for each one of the two 
SNPs under study (Hetmixes samples). The DAE ratios were calculated for all 
experiments (observed ratios) and compared with the expected one given the 
different proportions prepared.  
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From Figure 4.13 it is observed that the observed DAE ratios are similar to 
the expected, with the two values highly correlated (R2= 0.97 for the first run of 
OCIAD1 in blood). To perform the correlation analysis Hetmix 1 and Hetmix 11 
were removed because the expected ratio is minus and plus infinite, since both of 
them are homozygous samples. For all the Hetmixes performed for OCIAD1 both 
in blood tissue and in breast tissue the DAE ratios observed were coincident with 
the expected ones (Annex G), giving us confidence to proceed to the case-controls 
studies. It is worth pointing that the observed DAE ratios started differing from the 
expected ones for expected DAE values greater than 2 or lower than -2. This means 
that our ability to measure DAE is stronger inside the interval DAE ratios= [2; -2]. 

 

 

Figure 4.13 - Hetmixes DAE ratios for rs9997920 (OCIAD1) at the first RT-qPCR in 
blood tissue. In A it is represented in blue the DAE expected ratios and in orange the measured 
AE ratio. The points at the end of the expected ratio represents +∞/-∞ (1/0= ∞) and once this point 
was not possible to insert in the graphic the 5/-5 values were chosen. In B is shown the correlation 
graphic between observed and expected DAE ratios (samples with AE ratio of ∞ were removed). 
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Regarding the study of GRHL2, in breast tissue samples, in the first run all 
heterozygous serial diluted samples were used for the elaboration of the calibration 
curve, whilst in the second run five samples were used, as some samples did not 
amplify. In the first run the efficiency of the RT-qPCR was of 91,55% for allele 1 
and of 86,8% for allele 2 (with correlation r2 of 0.99 for both alleles) (Figure 
4.14). In the second run, it was observed an efficiency of 75,6% for allele 1 and of 
79,7% for the allele 2 (with correlation r2 of 99% for both alleles) (Annex H).   

 

 
Figure 4.14 - Calibration curve for the GRHL2 tissue RT-qPCR in the first run. These 
figures show the calibration curve for each one of the alleles of a heterozygous sample for 
rs6989650 of GRHL2 gene in the blood study. In A and B are shown the calibration curves for allele 
1 (FAM, C allele) and allele 2 (VIC, T allele), respectively, showing for both the corresponding linear 
regression equation. 

 

Once more, to ensure that the allelic ratios measured were accurate the 
Hetmix standard positive control curve for rs6989650 GRHL2 gene were 
performed and the DAE ratio was calculated for all experiments and compared 
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with the expected one given the different proportions prepared. As we can see in 
the Figure 4.15 A-B, the obtained DAE are similar to the expected, being the two 
values highly correlated (correlation R2 = 0.98 for the first run of GRHL2 in tissue, 
and correlation R2= 0.89 for the second run of GRHL2).   

 

Figure 4.15 - Hetmixes DAE ratios for rs6989650 (GRHL2) at the first RT-qPCR in 
breast tissue. In A it is represented in blue the DAE expected ratios and in orange the observed 
DAE ratio. The points at the end of the expected ratio represents +∞/-∞ (1/0= ∞) and once this 
point was not possible to insert in the graphic the 5/-5 values were chosen. In B is shown the 
correlation graphic between observed and expected DAE ratios (samples with DAE ratio of ∞ were 
removed).  

 

To perform the correlation analysis Hetmix 1 and Hetmix 11 were removed 
because the expected ratio plotted in Figure 4.15 and Annex I was not correct 
since both of them are homozygous samples and therefore the DAE ratio should 
take infinitive values. For all the Hetmixes performed for GRHL2 in tissue the DAE 
ratios observed were coincident with the expected one (Figure 4.15, Annex I), 
giving us confidence to proceed to the case-controls measurements. As mentioned 
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above for OCIAD1, the DAE ratios observed starting to differ from the expected 
ones for ratios greater than 2 or lower than -2.  

 

4.7. BC CASE-CONTROL STUDIES FOR OCIAD1 AND 
GRHL2 GENES 

In the last part of this project, DAE ratios were calculated for cases and 
controls samples, for both SNPs in the indicated tissue samples, and the 
association studies using DAE ratios as a quantitative trait were performed. 
Regarding the case-control study for OCIAD1 in blood, rs9997920 was tested in 
the first run in 26 blood samples from BC patients (cases) and in 13 blood samples 
from healthy donors (controls). In the second run, the respective number of 
samples was 26 cases and 8 controls (the cDNA for the other five samples was no 
longer available). The homogeneity of variances between cases and controls was 
tested and no significant differences were found, both in the first run and in the 
second (Levene test, p-value=0.2 and p-value=0.53, or the first and second runs 
respectively). A t-test was then applied, and in both runs significant differences in 
the average DAE ratios, between cases and controls, were found (p-value= 0.002 
and 0.008 for the first and second runs, respectively). These results suggest that 
DAE ratios of OCIAD1 in blood are associated with BC risk. The results for the first 
run are presented in Figure 4.16 A and for the second run in Annex J.  

The case-control study for OCIAD1 in breast tissue was performed in two 
independent runs, both with 24 cases of NM samples from BC patients and 22 
controls from breast tissue samples of healthy donors. The DAE was quantified 
just for 20 controls because two samples did not amplify. Before performing the 
case-control association studies, the homogeneity of the measured DAE ratios 
distribution variances were tested, and significant differences were found 
(Levene’s test, p-value=0.02 and p-value=0.0002, on the first and second runs 
respectively). Therefore, to test differences in the mean DAE values between cases 
and controls a Welch t-test was applied, and that did not find significant 
differences (p-value= 0.4 and 0.07 for the first and second runs, respectively). The 
association study results for the first run are shown in Figure 4.16 B and for the 
second run in Annex K. 



 

 74 

Figure 4. 16 - Case-control association results using DAE for OCIAD1 (rs9997920) in 
blood and breast tissue samples. On the x-axis are represented the samples studied and on the 
y axis the DAE ratios. All dots represent the DAE measured for heterozygous individuals 
for rs9997920. Cases are shown in cyan blue and the controls in orange. In A are represented the 
DAE values obtained for OCIAD1 in blood samples (first run); In B are the DAE values obtained 
for OCIAD1 in breast tissue samples (first run). 

 

 

 

The case-control studies for GRHL2 were performed using 12 NM samples 
from BC patients and 15 controls from breast tissue samples of healthy donors. It is 
important to refer that the DAE values were quantified only for 13 of the 15 
controls, because two samples did not amplify. The homogeneity of variances of 
the DAE ratio distributions was tested and confirmed between the groups 
(Levene’s test, p-value= 0.39 and 0.5, respectively for first and second runs). 
Regarding to case-control studies a significant difference between the mean DAE 
of the two groups was found, suggesting an association with risk for BC in the first 
run (t-test p-value=0.014) (Figure 4.17). The second run did not show the same, 
with the two distributions (p-value= 0.096) (Annex L).  

The overall results for these studies are resumed in Table 4.4.  
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Figure 4. 17- Case-control association study using DAE for GRHL2 (rs6989650) in 
breast tissue samples. On the x-axis are represented the samples studied and on the y axis the 
DAE ratios. All dots represent the DAE measured for heterozygous individuals for rs6989650 in the 
first experiment. Cases are shown in cyan blue and the controls in orange. 

 

 

Table 4. 4 – Results for the case-control association studies using DAE ratios  

Gene SNP Tissue Run t.test (p-value) 

OCIAD1 rs9997920 Blood First 0.002 

OCIAD1 rs9997920 Blood Second 0.008 

OCIAD1 rs9997920 Breast First 0.4 

OCIAD1 rs9997920 Breast Second 0.07 

GRHL2 rs6989650 Breast First 0.014 

GRHL2 rs6989650 Breast Second 0.096 
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5. DISCUSSION 
Our aim in this study was to identify new genes associated with BC risk, via 

focusing on variants with cis-acting regulatory potential. We started by performing 
in silico analysis to select candidate genes to perform the case-control association 
studies using DAE ratios. After studying genes from GWAS, not yet associated with 
BC risk, that were cis-regulated in breast tissue and showed clinical impact, two 
genes were selected to be tested for association with BC risk. We found a 
significant association between BC risk and DAE values for OCIAD1 in blood and 
DAE values for GRHL2 in breast tissue, although the results from this last gene 
were not replicated in an independent experiment and therefore need further 
validation.  

This innovative approach of using DAE values in a case-control study, in 
which the cases consisted of NM or blood from BC patients and the controls of NB 
tissue or blood from healthy donors, allowed the detection of differences in the 
effect of cis-acting variants regulating the expression of OCIAD1 and GRHL2, 
which can help to identify women at higher risk of BC.  

This association allowed the establishment that women with lower values of 
DAE for OCIAD1 are at a higher risk of developing BC. Nevertheless, by how much 
(effect size) and the mechanism behind this association are unknown and should 
be studied in the future. One hypothesis is that in the genetic background of 
women with higher risk there could be rare variants contributing to disease 
development. So, to detect these risk variants it is important to have samples from 
the populations at risk, to characterize the differences in comparison with the 
healthy population, for example by doing deep-sequencing.  

 

5.1. DAE OF OCIAD1 IS ASSOCIATED WITH RISK 
OCIAD1 encodes a protein that is overexpressed in several carcinomas 

(Shetty, Kalamkar, and Inamdar 2018; Sengupta et al. 2008), but its normal 
expression and function are not yet well known. The genetic modulation of 
OCIAD1 allowed the discovery that its presence aids in maintenance of the 
pluripotent state, and if its levels are reduced it promotes differentiation of stem 
cells. This gene encodes the OCIAD1 protein that is involved in the regulation of 
the energetic metabolism in human pluripotent cells, in the electron transport 
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chain proteins and, also downregulates the oxidative phosphorylation, among 
other processes (Shetty, Kalamkar, and Inamdar 2018). 

DAE at OCIAD1 (measured in rs9997920) was tested in case-control 
association studies and significant association was verified with BC risk. The study 
of DAE at OCIAD1 involved blood and breast tissue. DAE at this gene was 
significantly associated with risk to BC, in blood but not in breast tissue. Although 
these experiments were repeated twice, they will be repeated in order to strengthen 
our confidence in the results. One reason for repetition regarding the study in 
blood, is that the number of controls was not the same. So, we should repeat this 
experiment in the way of preserve always the same number of controls to give us 
even more confidence in the results. Another thing that should be improved in this 
experiment is to increase the number of both controls and cases, to increase the 
power to reach a stronger statistical significance. Relative to the OCIAD1 
experiment in breast tissue (24 cases & 22 controls), we did not find a significant 
association.  

Regarding to significant association results obtained in blood tissue, we can 
infer the lower levels of OCIAD1 DAE, measured in blood, may indicate women at 
higher risk of developing BC. This is in accordance with eQTL analysis, available at 
the GTEx database (“GTEx Portal” 2018), where in blood tissue rs9997920 is an 
eQTL for OCIAD1, but not in breast tissue.  In spite of this, studies to establish the 
size effect have to be performed in order to identify the limits of DAE from which 
women are at risk and also to determine how much of the risk in the population is 
due to this new risk locus.  

It was also observed that all of the samples displayed DAE values with a 
similar magnitude to what was observed before, using microarrays technology in 
this same tissue (see Figure 4.7B), validating the DAE values obtained for this gene 
in our previous study (lower expression of the minor allele T for both tSNPs 
studied). 

The cis-acting variants regulating OCIAD1 gene expression in breast seem 
to confer a similar pattern of DAE as in blood tissue but might have some 
differences which explain the fact that no association was detected in breast. It 
should be noted that the total levels of expression are also different in the two 
tissues. One more hypothesis is that this gene, OCIAD1, might be associated, for 
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example, with risk of metastasis in breast cancer patients. Investigators showed 
that OCIAD1 is overexpressed in metastatic ovarian cancer tissues and it is 
important for the recurrence of disease (Sengupta et al. 2008; C. Wang et al. 
2010). In our analysis the lower gene expression of this gene was correlated with 
higher tumour grade, which is also associated with greater propensity for 
metastasis. So, this gene can be conferring higher risk for breast tissue involving 
metastasis development too (Miki et al. 1994; Wooster et al. 1995).  

It is important to validate further our findings in order to use them to 
identify women at risk for BC, using a DAE test in blood in the future. This is a 
long process, that can take decades, as the first GWAS loci identified in 2007 have 
not yet been included in risk testing. Additionally, we believe it is highly important 
to carry functional studies to fully understand the mechanism and identify the 
causal SNP (or SNPs) conferring the risk for BC in this locus.  

 

 

5.2. GRHL2 MIGHT BE A NOVEL RISK GENE FOR BC 
Grainyhead transcription factors are highly conserved and work as key 

regulators of epithelial differentiation, organ development and skin barrier 
formation (Ming et al. 2018). GRHL2, a member of this family, is a wound healing 
regulatory transcription factor and suppresses epithelial mesenchymal transition 
(EMT), a process involved for invasion and metastasis. The gene GRHL2 is 
considered a potential tumour suppressor gene in breast cancer (Cieply et al. 
2013). Some studies demonstrated that GRHL2 regulates epithelial alterations in 
pancreatic cancer progression (Nishino et al. 2017) and that suppresses metastasis 
in non-small cell lung cancer (Pan et al. 2017).   

DAE of GRHL2 (measured at rs6989650) was associated with risk for 
breast cancer in the first experiment performed, but not in the replication with the 
same samples (p-value= 0.014/0.096). These studies were performed in 13 
controls (normal breast of healthy donors) samples and in 12 cases (NM) samples. 
It is important to notice that the second run had some problems. When the 
calibration curve was calculated, two samples had to be removed because they 
were not amplified. This could have influenced the results, so this experiment has 
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to be repeated to confirm if GRHL2 is really a novel gene associated with BC risk 
or not. As for the case of OCIAD1, in GRHL2 we also observed a similar pattern of 
DAE using rs6989650, as was observed previously in the group using microarrays 
(Figure 4.10A), higher expression of the minor T allele.  

Again, the presence of DAE indicates the existence of regulatory variants 
acting on gene expression, that might be the ones conferring risk. The analysed 
tSNP (rs6989650) was in LD, although weak, with two GWAS SNPs: rs2387620 
(r2= 0.28 e D’=0.79) and rs2211914 (r2= 0.33 e D’=0.99) from Fletcher et al 2011 
GWAS study. The GWAS SNP rs2387620 are located in NCALD, the neighbouring 
gene (16 kb downstream of GRHL2), which also showed DAE in our previous 
study. However, none of the tSNPs in NCALD is in LD with the GWAS SNPs. This 
lead us to think that although the risk variants were not in GRHL2, this might be 
the target gene by the causal variants, which we believe to have a cis-regulatory 
role. 

Regarding the results from the differential expression analyses GRHL2 was 
overexpressed in tumours vs normal, ER+, ER-, PR+, PR-, HER2 amplified and 
not amplified cases and in grade analyses when compared with NM samples. Other 
studies revealed that GRHL2 is downregulated specifically in the claudin-low BC 
subtype and in basal cell lines of BC (Cieply et al. 2012) when compared with 
different tumour subtypes. In our analyses GRHL2 might be overexpressed 
because the METABRIC project data is enriched in ER+ cases (1498 cases), which 
are mostly of luminal subtype, and the effect of GRHL2 may be biased by this 
difference in type distribution. But we have not tested this. It is also important to 
refer that the METABRIC project did not have any cases of Grade 4, which has 
more propensity to metastasize and to suffer epithelial-mesenchymal-transition, 
where GRHL2 probably will be downregulated. In the future, it would be 
interesting to study a subset of NM samples enriched from patients with basal 
tumours and claudin low subtype and verify their levels of GRHL2 DAE. 
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5.3. RT-QPCR FOR QUANTIFICATION OF DAE AND 
CANDIDATE GENES ASSOCIATION STUDIES 
BENEFITS 
Individual loci can be queried by RT-qPCR method in order to identify DAE 

and consequently identify the presence of cis-acting variants acting on genes with 
DAE (Bray et al. 2003).  Previous reports showed that using imbalances of allelic 
expression in heterozygous samples allows a much greater power of detection of 
cis-acting variants (Yan et al. 2002; Pant et al. 2006; Bjornsson et al. 2008; Serre 
et al. 2008). Maia et al in 2009 showed that DAE could be used to discover cis-
regulatory variants associated with BC susceptibility. To assess DAE, the allele-
specific transcript levels were quantified using RT-qPCR and the ratios of one 
allele by the other were calculated. They showed the feasibility of using DAE in 
blood as quantitative trait in future genetic association studies for risk to BC (Maia 
et al. 2009).  

In this study RT-qPCR was performed using allele-specific TaqmanTM 
technology. It is important to notice that RT-qPCR quantification depends on the 
efficiency of PCR using fluorophores, so it is important to take this into account in 
a precise quantification. All experiments must contain a serial diluted calibration 
curve of heterozygous samples, in order to obtain the respective linear regression 
for each allele and calculate the quantity expressed by each allele from the specific 
curve. In our study, we verified that the allele labelled with FAM showed higher 
efficiency of amplification than the allele labelled with VIC, for both assays. In this 
work two homozygous samples were mixed in a 50:50 proportion to form the 
calibration curve but in the future we can just serial diluted a heterozygous sample.  

As positive controls for all experiments performed, a series of standards 
curves with mixtures of different proportions of each allele of the SNP under study, 
were used to verify if we could observe the expected DAE ratios by extrapolating 
the allelic quantities with the previously described serial diluted curves. The 
accuracy was very high when the DAE values were between 2 and -2, and low for 
more extreme DAE values. The less the quantity of an allele the more difficult it 
was to observe ratios close to the expected ones. The values of the expected and the 
observed ratios were well correlated, so we could trust in this method for 
quantification of allelic expression.  
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So, the case-control studies were performed, and we verified that with this 
technique it was possible to identify genes associated with BC risk, because the 
ratios of DAE between cases and controls were significantly different, for example 
in the first run of GRHL2 in breast tissue, and for OCIAD1 in blood, as mentioned 
above. 

There is at least one published study that uses allele specific expression 
(ASE) and case-control studies to identify risk genes. This study performed case-
control association studies using samples already known to display germline ASE 
of TGFBR1, and using RT-qPCR they showed it conferred an increased risk for 
colorectal cancer (Valle et al. 2008). However, they used ASE as a status to 
compare frequency of samples with and without ASE in cases vs controls.  

Our approach is different and innovative because it quantifies DAE in 
heterozygous samples and uses it as a quantitative measure to compare cases and 
controls, in opposition to current GWAS studies that use discrete variables, i.e. 
genotypes.   

There are other options to quantify DAE to validate our results, as the 
Sanger sequencing (Ge et al. 2009) or by next generation sequencing using RNA-
Seq approaches (Montgomery et al. 2010). The Sanger sequencing was the first 
method of sequencing discovered, nowadays it is mostly used for validation of DAE 
experiments, because it is time consuming and low-throughput. Microarrays 
technology was the most used solution for gene expression profiling, because it is 
high-throughput and relatively low-cost, however it has some disadvantages, such 
as rely on prior knowledge about the genome for probe design, imperfect 
hybridization of probes, among others (Finotello and Di Camillo 2014). The best 
method used nowadays is RNA-Seq, because it is a technique that captures 
regulatory variation both in a small number of samples as in a large number, 
allowing integrated analysis of the genome. However, this technique is expensive 
and requires an extensive analysis of data/reads obtained, and the analysis 
pipeline is not well established regarding how it should be used for DAE 
measurements (Castel et al. 2015). So, the RT-qPCR is a great option for DAE 
quantification because it is a simple technique, low cost and efficient for 
genotyping (Molicotti, Bua, and Zanetti 2014), particularly if we have a low 
number of candidates such as our study. 
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In fact, in view of our results, all the other 15 candidate risk SNPs should be 
studied by the same approach in the future. 

 

5.4. RETRIEVAL OF PROXIES SNPS 
GWAS association studies were used to retrieve all variants with weak 

association with BC risk, needing validation. The selection of the candidate risk 
variants was done based on the phases of each study, however a conservative 
criterion could be applied and only candidate risk variants present in phase II or in 
phase III could have been included. We wanted to capture the maximum good risk 
candidates, so we used risk candidates from all GWAS studies phases.  

 As recombination tends to occur in the human genome at preferential sites, 
distinct linkage disequilibrium blocks are formed, and neighbouring 
polymorphisms, like SNPs, are often strongly genetically correlated with each 
other (Kruglyak and Nickerson 2001). Therefore, the proxies SNPs for the 
candidate risk variants were retrieved using the rsnps package, as referred in the 
subchapter 3.2.2. As association studies were performed in different populations, 
the proxies SNPs were retrieved according to the study population (CEU). The 
rsnps package has some disadvantages. The reference studies used are from 
HapMap project and from phase 1 of the 1000 Genome Project, and nowadays data 
from phase 3 of 1000 Genome Project is available. In the future we should update 
this analysis using data just from the phase 3 of the 1000 Genomes Project. 

 

5.5. EXPRESSION OF CIS-REGULATED GENES IN BREAST 
TISSUE 
DAE is a hallmark of cis-regulation. Our candidate risk genes were filtered 

using evidence of DAE in normal breast tissue, which provides direct evidence that 
these genes are being cis-regulated in breast tissue. Studies proved that some 
genes exhibit tissue-specific expression (Zhu et al. 2016; Patient 1990). For 
example, GRHL2 is highly expressed in breast tissue but less expressed in blood 
(“GTEx Portal” 2018), so we could not test its DAE also in blood. 
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DAE data from previous analyses in the group, as mentioned in subchapter 
3.3, was defined as the heterozygous allelic expression rati0 in cDNA, normalized 
by the heterozygous allelic ratio in gDNA. A sample was considered to have DAE if 
the log2 of the allelic expression ratios were greater than 0.58 or smaller than -
0.58. SNPs were considered to display DAE when at least 10% of the heterozygotes 
and four different samples displayed DAE (Xavier et al. 2016). In that study, the 
data was normalized by gDNA because to serve as a reference for equal levels of 
the two transcripts alleles. This assumes that any technical bias included in DAE 
measurement for the cDNA is the same for the gDNA (Xiao and Scott 2011).  

In our study, DAE quantification was performed without considering the 
gDNA, because we did not have gDNA for all samples. But our standard curves 
show that our calculations were accurate and allowed us to correct for technical 
bias. However, one difference is that when correcting for gDNA we are also 
removing the effects of possible CNV (copy number variants) affecting gene 
expression. Therefore, our DAE measures might be affected by CNVs, and not only 
by cis-regulatory variants, what might be useful if it is this join effect that impact 
breast cancer risk. Either way, this seems not to be the case for both OCIAD1 and 
GRHL2, since the DAE values measured in this work were in agreement with the 
values obtained before with the microarray analysis (Xavier et al. 2016), indicating 
that copy number effect is not notably in these genes. 

 

5.6. DIFFERENTIAL EXPRESSION ANALYSES 
Whole genome statistical association analyses between gene expression and 
clinical variables were performed with the goal of generating an easy consulting 
database of results for Professor Ana Teresa Maia’s group. In the Curtis et al work, 
the investigators performed DE analyses taking into account (co-factor in 
regression model) the samples origin (Vancouver or Cambridge) (Curtis et al. 
2012). However, since we did not have access to this metadata information, we 
could not take this factor into account in our analysis. In the future we should 
request this information to be able to remove/adjust the analyses for population 
effects. Another DE analyses could have been done, like considering PAM50 
classification, stage among others.  
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The R package limma was used in our analysis as well as in the Curtis et al 
study. This package is one of the most used for microarray analyses and has been 
recently updated by increasing the robustness of the hyperparameter estimation 
procedure (Phipson et al. 2016). In the original method, used in Curtis and in our 
analyses, genewise linear models are fitted to the log-expression values and the 
variances are extracted. With the new approach, a special attention to variances is 
given when they are exceptionally large or small. The genes corresponding to 
extreme variances will be indicated as outliers (genes with large variances: 
“hypervariable genes”). It was demonstrated that with this new approach in certain 
genomic datasets, a small number of outlier genes can have an unwanted influence 
on the estimation of variances, decreasing the effectiveness of the empirical Bayes’ 
differential expression approach (Phipson et al. 2016). Therefore, analyses using 
this robust parameter could be performed in the future in the way of comparing if 
the identified differential expressed genes with the first method have a substantial 
difference when compared to the ones obtained with the new approach.  

 In this work the differential expression analyses helped us to prioritize the 
genes for validation in the laboratory. The genes have to be differentially expressed 
in at least one clinical variable. The two candidate genes selected (OCIAD1 and 
GRHL2) were associated with clinical impact as referred above. The threshold 
defined for the biological magnitude (FC) was of 1.5 because we seek to identify 
novel genes associated with BC risk, and not genes that have huge differences in 
expression. Other studies, like of Patterson et al 2006, used FC thresholds of 1.5, 2 
or 4 to satisfy a statistical significance level of p-value < 0.01 or < 0.05 to identify 
differential expressed genes (Patterson et al. 2006). In other studies, it was defined 
that genes are differentially expressed if they show a FC of at least 1.5 and also 
satisfy a criterion of p-value<0.05, after adjustment for multiple testing (Peart et 
al. 2005; Raouf et al. 2008). Thus the parameters used in our clinical association 
analyses (FC of 1.5 and p-value of 0.01 after FDR correction) are in concordance to 
published studies.  

 The limma package is also suitable for RNA-Seq analyses (Ritchie et al. 
2015). It would be interesting to perform these analyses using, for example data 
from the Tumour Cancer Genome Atlas (TCGA),and verify what is the percentage 
of concordance between the differentially expressed genes obtained using the two 
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different datasets (that have different percentages of tumour subtypes). The 
METABRIC project does not have available whole genome expression data 
obtained by RNA-Seq technology, just data for some targeted genes (Bernard et al 
2016). 
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6. CONCLUSIONS AND FUTURE PERSPECTIVES 
In conclusion, we showed the cis-regulated genes OCIAD1 and GRHL2, are 

candidate risk loci for BC, and have clinical impact. We also show that case-control 
association studies using DAE values is a powerful approach to identify new genes 
associated with BC risk and supports the use of this approach in more candidate 
genes ou even genome-wide 

In silico functional analysis should follow in order to detect the cis-
variant(s) affecting gene expression. To date, the underlying mechanisms by which 
cis-acting genetic variation impacts gene expression differences and disease risk 
remains poorly understood. These cis-acting variants might be affecting binding of 
TFs, binding of micro RNA (miRNA) or altering the splicing mechanism.  

Our work contributed to the improvement of the understanding of BC 
aetiology. Since we identified novel genes associated with BC risk, and one of them 
is a risk biomarker in blood tissue, this gene is an easy candidate to be 
incorporated in future blood genetic tests. The identification of risk genes for BC 
remains emergent since the identification of women at higher risk and their 
improved management is of increase importance to decrease aggressiveness of 
disease at diagnosis and improve survival 
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ANNEXES 
Annex A - Details of TaqmanTM SNP Genotyping Assays (Applied Biosystems by Thermo Fisher Scientific) for the 2 SNPs studied 
(rs9997920 from OCIAD1 and rs6989650 from GRHL2 gene) 

Assay ID Rs Number 
Part 

Number 
Product Reporter/Quencher 

Volume 
(uL) 

Formulation 

Number of 
reactions 

(5 uL 
reaction 

size) 

C___7932003_10 
 

rs9997920 
 

4351379 

TaqmanTM SNP 

Genotyping 

Assays, 

Human, SM 

Allele C: VIC/MGB-NFQ 
 

188 40x 1,5 
C__11849073_10 

 
rs6989650 

 
Allele T:FAM/MGB-NFQ 
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Annex B - List of candidate risk SNPs.  

https://drive.google.com/open?id=1J7jdlPZvZkVoNncUSEEpIHErmwvzhMiP 

 

Annex c - Genotyping of DNA CEPH samples by TaqmanTM RT-qPCR. Results of 

genotyping for 2 SNPs studied in OCIAD1 gene (rs9997920) and GRHL2 gene (rs6989650). The x-

axis represents the fluorescence intensity for allele 1, emitted by probe FAM and the y-axis 

indicates the fluorescence intensity for allele 2. The blue squares represent the homozygous 

samples for allele 1, the green triangle represent heterozygous samples and the black diamonds 

represent the NTC.  

 

 

 

 



 

115 
 

Annex D - Genotyping of cDNA from blood cancer samples of patients with BC by 
TaqmanTM RT-qPCR for the rs9997920 from OCIAD1 gene. The x-axis represents the 

fluorescence intensity for allele 1, emitted by probe FAM and the y-axis indicates the fluorescence 

intensity for allele 2. The blue squares represent the homozygous samples for allele 1, the green 

triangle represent heterozygous samples and the black diamonds represent the NTC. 

 

 

Annex E - Calibration curve for OCIAD1 blood tissue RT-qPCR in the second run. 
These figures show the calibration curve for each one of the alleles of a heterozygous sample for 

rs9997920 of OCIAD1 gene in the blood tissue samples. 
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Annex F. Calibration curve for OCIAD1 breast tissue RT-qPCR in first and second run. 
In A is represented the calibration curve for each one of the alleles of a heterozygous sample for 

rs9997920 in first run. B shows the same for the second run..  
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Annex G. Hetmixes DAE ratios for rs9997920 (OCIAD1). In A is represented Hetmixes 

DAE ratios for OCIAD1 in second run RT-qPCR in blood tissue and respective correlation. In B is 

showed the Hetmixes DAE ratios for OCIAD1 in first RT-qPCR in breast tissue and respective 

correlation. In C is demonstrated the Hetmixes DAE ratios for OCIAD1 in the second RT-qPCR for 

breast tissue and respective correlation (continued on the next page) 

 

Annex G – continued  
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Annex G – continued  

 

Annex H. Calibration curve for GRHL2 breast tissue RT-qPCR in second run. 
These figures show the calibration curve for each one of the alleles of a heterozygous 

sample for rs6989650 od GRHL2 gene in the breast tissue samples.  
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Annex I - Hetmixes DAE ratios for rs6989650 from GRHL2. This representation shows 

Hetmixes DAE ratios for OCIAD1 in second run RT-qPCR in blood tissue and respective 

correlation. 
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Annex J - Case-control association results using DAE ratios for OCIAD1 (rs9997920) 
in blood tissue (second run).  

 

Annex K - Case-control association study using DAE ratios for OCIAD1 in breast 
tissue (second run). 
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Annex L -  Case-control association study using DAE ratios for GRHL2 in breast tissue 
(second run). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 


