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Résumé 

La population canadienne-française a une histoire démographique unique faisant d’elle une 

population d’intérêt pour l’épidémiologie et la génétique. Cette thèse vise à mettre en valeur 

les caractéristiques de la population québécoise qui peuvent être utilisées afin d’améliorer la 

conception et l’analyse d’études d’épidémiologie génétique. Dans un premier temps, nous 

profitons de la présence d’information généalogique détaillée concernant les Canadiens 

français pour estimer leur degré d’apparentement et le comparer au degré d’apparentement 

génétique. L’apparentement génétique calculé à partir du partage génétique identique par 

ascendance est corrélé à l’apparentement généalogique, ce qui démontre l'utilité de la 

détection des segments identiques par ascendance pour capturer l’apparentement complexe, 

impliquant entre autres de la consanguinité. Les conclusions de cette première étude pourront 

guider l'interprétation des résultats dans d’autres populations ne disposant pas d’information 

généalogique. Dans un deuxième temps, afin de tirer profit pleinement du potentiel des 

généalogies canadienne-françaises profondes, bien conservées et quasi complètes, nous 

présentons le package R GENLIB, développé pour étudier de grands ensembles de données 

généalogiques. Nous étudions également le partage identique par ascendance à l’aide de 

simulations et nous mettons en évidence le fait que la structure des populations régionales peut 

faciliter l'identification de fondateurs importants, qui auraient pu introduire des mutations 

pathologiques, ce qui ouvre la porte à la prévention et au dépistage de maladies héréditaires 

liées à certains fondateurs. Finalement, puisque nous savons que les Canadiens français ont 

accumulé des segments homozygotes, à cause de la présence de consanguinité lointaine, nous 

estimons la consanguinité chez les individus canadiens-français et nous étudions son impact 

sur plusieurs traits de santé. Nous montrons comment la dépression endogamique influence 

des traits complexes tels que la grandeur et des traits hématologiques. Nos résultats ne sont 

que quelques exemples de ce que nous pouvons apprendre de la population canadienne-

française. Ils nous aideront à mieux comprendre les caractéristiques des autres populations de 

même qu’ils pourront aider la recherche en épidémiologie génétique au sein de la population 

canadienne-française. 
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Abstract 

The French Canadian founder population has a demographic history that makes it an important 

population for epidemiology and genetics. This work aims to explain what features can be 

used to improve the design and analysis of genetic epidemiological studies in the Quebec 

population. First we take advantage of the presence of extended genealogical records among 

French Canadians to estimate relatedness from those records and compare it to the genetic 

kinship. The kinship based on identical-by-descent sharing correlates well with the 

genealogical kinship, further demonstrating the usefulness of genomic identical-by-descent 

detection to capture complex relatedness involving inbreeding and our findings can guide the 

interpretation of results in other population without genealogical data. Second to optimally 

exploit the full potential of these well preserved, exhaustive and detailed French Canadian 

genealogical data we present the GENLIB R package developed to study large genealogies. 

We also investigate identical-by-descent sharing with simulations and highlight the fact that 

regional population structure can facilitate the identification of notable founders that could 

have introduced disease mutations, opening the door to prevention and screening of founder-

related diseases. Third, knowing that French Canadians have accumulated segments of 

homozygous genotypes, as a result of inbreeding due to distant ancestors, we estimate the 

inbreeding in French Canadian individuals and investigate its impact on multiple health traits. 

We show how inbreeding depression influences complex traits such as height and blood-

related traits. Those results are a few examples of what we can learn from the French 

Canadian population and will help to gain insight on other populations’ characteristics as well 

as help the genetic epidemiological research within the French Canadian population. 

Keywords : French Canadian population, genetic epidemiology, identical-by-descent sharing, 

genealogical analysis, population genetics, distant consanguinity, inbreeding depression. 
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1.1. Genetic epidemiology 

1.1.1. Historical perspectives 

A hundred and fifty years ago Mendel established his principles of heredity, which dictate 

how genetic material is passed on. A century later, innovative molecular techniques revealed 

much more on genes and their structure and shed light on the high amount of variation existing 

between each individual’s unique DNA sequence. Meanwhile the field of epidemiology, 

which began with the study of infectious diseases, slowly broadened its area of research to 

environmental factors, such as nutrition and air pollution. Eventually epidemiology developed 

up to a certain point where it became clear that genetic factors are important in the etiology 

and biology of diseases showing some degree of familial aggregation (Lilienfeld 1961). 

Environmental factors may also explain a part of the aggregation and need to be considered 

together with genetic factors. 

Let’s take as an example the Framingham heart study (Dawber et al. 1951). This long-term 

and still on-going study takes place in the town of Framingham, Massachusetts and was set up 

in 1948 to investigate cardiovascular diseases (CVD). This vast project contributed to the 

growth of epidemiology itself and now with its third generation of participants, Framingham 

study scientists are expanding their research to include the role of genetic factors (Jaquish 

2007). 

The alliance and interaction of genetics and epidemiology resulted in a new discipline called 

genetic epidemiology. This discipline is commonly defined as the study of genetic factors, 

their interaction and joint action with environmental factors, which are all leading to different 

distributions of disease in human populations, with the ultimate goal of control and disease 

prevention (Khoury et al. 1993; Thomas 2004). Genetic epidemiology initially started with 

recommendations for epidemiological studies to investigate the potential influence of genetic 

factors in the etiology of a disease (Neel and Schull 1954). This was quickly followed by the 

first discoveries of genetically defined groups (e.g. blood groups (Clarke et al. 1956)) 
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associated to specific diseases. Genetic epidemiologists then outlined a basic process to study 

the genetic determinants of diseases. We will review the steps involved in this traditional 

research process in the next two paragraphs. 

The traditional research process in genetic epidemiology begins with the description of disease 

risks varying among populations leading to the assumption that the disease is either related to 

the environment or to genetics or both. By looking more closely at the disease distribution it 

can be assessed whether familial aggregation occurs, meaning that the disease tends to occur 

more within families than in unrelated individuals. If familial aggregation is found, the next 

step is the segregation analysis, which is an approach used to study families with affected 

members to identify the most likely pattern of inheritance for the disease under study.  

After the identification of the transmission model, individuals of interest are genotyped for 

known genetic markers and used in linkage analysis to attempt to pinpoint markers, which are 

almost all the time inherited by individuals having the disease, i.e. markers linked to the 

disease, and not or rarely inherited by disease-free individuals (Dawn Teare and Barrett 2005). 

In the end this step narrows down the search and finds roughly the disease gene location. Here 

the notion of recombination rate concerning the distance between markers is important. 

During meiosis, loci located closer together on a chromosome are more likely to be 

transmitted together. The more distant two loci are, the more likely it is that recombination 

will occur and separate them. Therefore the recombination rate between genetic markers along 

a chromosome and a disease gene provides information on its location. The following step is 

to fine map the disease gene since areas potentially containing disease genes identified 

through linkage are large. For this step we can take advantage of linkage disequilibrium (LD), 

which is a tendency for some alleles at linked loci to be associated with each other more than 

expected by chance, creating haplotypes (Palmer and Cardon 2005). Haplotypes are 

combinations of alleles at multiple linked loci that are transmitted together as they are found 

on a single chromosome. Affected individuals sharing overlapping segments of haplotypes can 

help localize the disease gene. Ultimately, sequencing a region to identify variants present in 

cases and absent in controls might be necessary to uncover causal variants or at least to 

describe the variation observed. Lastly a characterization of the gene involved in the disease is 
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done with regards to disease risk of the various mutation and possible interaction with age, sex 

or environmental factors.  

The last two decades have seen many technological advances, which led to additional research 

tools and a broadening of the traditional genetic epidemiological research steps. Indeed, 

today’s studies are not only relying on heritability within families and are now frequently 

carried out in cohorts of seemingly unrelated individuals having a disease, including relatively 

more complex diseases (polygenic) as opposed to Mendelian or monogenic diseases. Recent 

technological developments have broadened the scope of research approaches from family-

based to population-based approaches such as genome-wide association studies (GWASes), 

which consist of scanning the whole genome looking for any variation associated with a 

disease or trait. 

1.1.2. Advantages and limitations of genome-wide association 

studies 

The sequencing of the human genome (International Human Genome Sequencing Consortium 

2004), the HapMap project (The International HapMap Consortium 2005), which is a great 

catalogue of human haplotypes from around the world, and the advent of different databases 

listing genetic variants, such as the National Center for Biotechnology SNP database (dbSNP) 

(Sherry et al. 2001), allowed the realization of large-scale genotyping studies involving a large 

number of individuals.  

GWAS is a popular large-scale population study approach, which has multiple advantages. 

Unlike candidate gene studies, a GWAS scans the whole genome with no a priori hypothesis 

regarding potential genes of interest and this unbiased approach offers a greater potential to 

make truly novel discoveries (Donnelly 2008). For example, new pathways were identified 

with GWASes providing further knowledge on mechanisms involved in the etiology of 

diseases and having direct clinical relevance (Visscher et al. 2012). GWASes rely on meiotic 

recombination events that have occurred in the history of a sampled population, as opposed to 
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meiotic events assessed in family studies by linkage analysis. As such, a region with a 

significant signal of association will be smaller at a genomic scale as compared to those found 

by linkage, which can facilitate the detection of the actual causal gene and mutation. Also, 

GWASes enable the discovery of genes with small effect sizes on disease risk, which are more 

difficult to track in linkage studies and are by definition more likely to contribute to common 

disorders than to familial ones. Indeed according to the now famous hypothesis that led to the 

popularity of GWASes, the “common disease, common variation” hypothesis, common allelic 

variation would account for a significant proportion of genetic variance in common disease 

susceptibility (Lander 1996; Schork et al. 2009).  

The success of GWASes depends on the power to detect those associations between genetic 

variants and traits. Many factors influence this power, including the frequency of the risk 

genotype, the increase in disease risk associated with this risk genotype (relative-risk), the 

strength of the relation between the marker tested and the actual disease genotype, the sample 

size, the disease prevalence, the genetic heterogeneity of the sampled population, the accuracy 

of the genotyping technology used and the accuracy of the phenotype definition (or in the case 

of a quantitative trait its appropriate measurement) (Hattersley and McCarthy 2005; McCarthy 

et al. 2008). Very large sample sizes can be required to reach a reasonable power. This has 

favoured the formation of international collaborative consortia to aid recruitment of 

participants (Hattersley and McCarthy 2005). 

In addition to the importance of having sufficient power, we have to consider a few limitations 

of GWASes. The most important one is probably that GWASes, as well as other genetic 

association studies, detect associations, which are not necessarily causal relationships (Cordell 

and Clayton 2005). As mentioned above, the large study sample size required can also be a 

limitation, especially if recruiting participants with a well-measured or homogeneous 

phenotype is difficult. Similarly the need for replication of results in independent samples in 

different populations, to increase evidence that the association is not an artefact due to 

uncontrolled variables, is also a major limitation. GWASes are interesting since they can 

detect associations with genetic variants having small effect but as a trade-off it typically 

means that their cumulative effect only explains a small fraction of an individual’s risk for the 



 

6 

 

trait. Additionally, despite their large size, GWASes are typically less powered for rare 

variants (frequency < 5 %). Finally, GWASes identify location rather than gene and 

sometimes the variants found associated with a trait are far from coding regions or found in 

genes not thought to be related to the trait. However, this last drawback can also be worthy 

since new genetic variation and biological mechanisms can be disclosed. 

In general GWASes will use genetic information from single nucleotide polymorphisms 

(SNP) arrays. This technology involves arrays of SNPs, which assay the most frequent form of 

variations in the genome. SNPs may or may not have functional consequences. Initially, arrays 

could type a few thousand SNPs and now, more recent ones type over 2 million variants (see 

(LaFramboise 2009) for more details). Generating such a large amount of information for 

every individual in large cohorts yields large amount of data to manage, which comes with 

some potential difficulties. Properly storing, managing and processing all this information 

have become increasingly challenging thereby parallel technological advances have addressed 

these challenges with the development of infrastructure and analysis pipelines. 

1.1.3. Past successes and future directions 

Genetic association studies led to an overwhelming number of discoveries. For example, 

within the framework of GWASes, over 15 000 SNPs were found associated to a disease 

(Welter et al. 2014). In the next section we review some of the most noteworthy discoveries. 

For CVD the most famous genetic discovery is still the association of chromosome 9p21 to 

coronary artery disease and myocardial infarction (Samani and Schunkert 2008). Multiple 

studies reported at the same time an association for the same locus on chromosome 9 and in 

addition to being replicated in different ethnic groups, the effect of the locus was unaffected 

by traditional cardiovascular risk factors. The particular interest in this locus also comes from 

the fact that it is mostly deprived of coding genes and located in a region, which is well known 

in cancer genetics (Cunnington et al. 2010). The closest protein coding genes are about 100 

kilobases (kb) away from the most strongly associated SNP and it was found that in fact the 

region of association is overlapped by a non-protein-coding RNA gene, called ANRIL 
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(Pasmant et al. 2007). Disease associated variants of the 9p21 region are highly correlated 

with ANRIL expression and this may suggest a modulation role in disease susceptibility 

(Cunnington et al. 2010). However it still remains unclear how 9p21 influences cardiovascular 

risks (Patel et al. 2014; Hannou et al. 2015). 

Also related to CVD, the PCSK9 gene has an important physiological role in cholesterol 

metabolism (Lambert et al. 2012). Different mutations on the gene were found to be 

associated with low-density lipoprotein (LDL) cholesterol levels. Both loss-of-function or 

gain-of-function mutations modify the availability of LDL receptor, which degrades LDL in a 

cyclic process and have a great impact on the levels of LDL cholesterol (Abifadel et al. 2003; 

Cohen et al. 2005, 2006). Since CVD are the leading cause of death in the world (World 

Health Organization 2015) and since PCSK9 is recognized as a major factor influencing 

cardiovascular health, there is a growing amount of studies dedicated to potentials therapies 

targeting PCSK9 (Awan et al. 2014; Dadu and Ballantyne 2014; Weinreich and Frishman 

2014). 

Genetic epidemiology also contributed considerably to advances in cancer research. 

Identification of breast cancer genes, through linkage analysis of families with cases of early-

onset breast cancer (Hall et al. 1990) and confirmation that mutations on those genes were 

implicated in development of breast and ovarian cancer (Miki et al. 1994), opened the door to 

extensive efforts to characterize the genetic component of this cancer.  

Along with the decreasing price of genotyping, the size of GWASes has correspondingly 

increased and the trend went on to creating larger and larger consortia. To facilitate research 

work, in the 2000s, a number of population-based biobanks were implemented and some 

established epidemiological studies redefined their mandates to include genetic aspects of 

diseases (Swede et al. 2007). Biobanks with vast sources of phenotypic information in 

addition to lifestyle, environment and other exposures assessment are great resources to 

perform research and to eventually translate genetic discoveries into clinical practice. They are 

also beneficial to epidemiological research in general, as data collection is often prospective 

and data collected allows studying the combined effects of different factors. As examples, the 
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most important population-based projects for now include UK Biobank with over 500 000 

individuals recruited (Allen et al. 2012), Iceland’s deCODE program with more than half of 

the 300 000 inhabitants population recruited (deCODE Genetics Inc. 2015), China Kadoorie 

Biobank with over half a million participants (Chen et al. 2011) and CARTaGENE project in 

the Quebec province with 40 000 participants (Awadalla et al. 2013; CARTaGENE 2015). 

Further details on CARTaGENE are presented in the section 1.3.4. (p.31). 

Research approaches were also modified with the advent of next generation sequencing 

(NGS), which is producing tons of sequencing reads concurrently since the sequencing 

process was improved to be parallelized. Sequencing reads provide information on various 

types of genetic variation and SNPs called from them are largely free of ascertainment bias, 

thus providing a better picture of rare variations. Structural genetic variation such as copy-

number variation is one type of variation drawing important research attention as it is 

purported to modulate gene expression and disease phenotype (Weischenfeldt et al. 2013). 
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1.2. Founder populations 

1.2.1. Their advantages 

Founder populations are populations that descend from a small number of founders, who left 

one area to settle in another and were isolated for some reasons, which can be linguistic, 

political, religious, social or geographic (Diamond and Rotter 1987). There has long been 

interest in these populations for genetic studies (MCKUSICK et al. 1964; Nevanlinna 1972; 

Skre 1975; Morgan et al. 1980) since they have numerous advantages compared to fully 

outbred populations with substantial admixture. 

First, since the number of founders is limited when a new population is created, the amount of 

genetic variation carried is also limited and represents only a fraction of the genetic variation 

present in the entire population where the founders originated (see Figure 1.1). The founder 

effect and the population bottleneck are terms frequently used interchangeably however they  

Figure 1.1 Founder effect 

A non-random sample of the original population composed of multiple genetic 

members is isolated from the rest, thus a new gene pool with reduced genetic 

variation as compared to the original population is created. 
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are two slightly different concepts. The population bottleneck is a quick and sharp reduction in 

the size of a population due to a drastic event, which can also lead to a loss of genetic 

variation, while the founder effect concept puts emphasis on the loss of genetic variation 

caused by the creation of a distinct population. Founders will contribute only with their own 

genetic makeup to their offspring and so on for the next generations. Few new variants will 

appear, but the low mutation rate in humans (Conrad et al. 2011), and the isolation, or limited 

migration, will tend to reduce genetic variability. In some cases, this means that for a single 

disease or phenotype that may be caused by multiple different alleles, only some of these will 

be found in the founders (Shifman and Darvasi 2001; McClellan and King 2010). For example 

in the case of breast and ovarian cancer, over 2 000 variants in the genes BRCA1 and BRCA2 

have been identified worldwide but only about 20 variants segregate among French Canadians 

(FC) and 3 mutations account for most of the FC breast cancers (Cavallone et al. 2010; 

Petrucelli et al. 2013). The potential reduced genetic heterogeneity also translates into a higher 

power to detect genetic variants. In other words it is easier to detect variants linked to a 

disease if instead of having dozens of those variants in a population you have only a few 

variants. This is true for simple Mendelian diseases but we can assume founder populations 

also have smaller sets of risk alleles involved in common diseases (Wright et al. 1999). 

Another advantage of isolated founder populations stems from the fact that they often have 

experienced a rapid expansion, driving rare alleles to higher frequencies. Genetic drift, which 

is the change in the allelic frequency in a population due to random sampling at each 

generation, will act predominantly when the population is small (Masel 2011). Rare variants 

will not be the only variants influenced. Highly frequent variants can also become fixed, 

meaning every genome will have the same version of it, and some variants may also be lost. 

Of course, the increased frequency of some rare variants explains the increased prevalence of 

a number of recessive disorders in isolated founder populations, in which case, their discovery 

is facilitated (Puffenberger 2003). Note that recessive inheritance means that the mutated gene 

has to be transmitted by both the mother and the father in order for the child to have two 

copies of the mutation and to be affected by the disease. Recruitment of cases can also be 

facilitated when the disease prevalence is higher. Discovery of genetic factors is even more 

facilitated if the population also tends to have large kindreds, such as the Amish population, 
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which will also increase the odds of recruiting individuals with the exact same disorder 

(MCKUSICK et al. 1964). 

Another advantage of founder populations is the relative homogeneous environment. 

Differences in diet, life habits, infectious agents, and sanitary conditions can be minimized for 

some isolated populations, therefore reducing environmental noise in a research framework. 

Since some isolated population also tend to be more geographically stable, i.e. not prone to 

move outside the community, this can also facilitate longitudinal and offspring studies.  

Small population size also tends to translate into more inbreeding, which happens when 

related individuals are mating. More inbreeding means that recessive genes will be more likely 

to occur in a homozygous pattern, resulting in more recessive diseases and an opportunity to 

map these genes more efficiently. Also inbreeding translates into fewer generations separating 

randomly selected individuals (average time to the most recent common ancestor is smaller) 

and thus there are less recombination events between them (Shifman and Darvasi 2001). The 

lower recombination leads to greater correlation between segregating variants, i.e. the genetic 

units that are polymorphic within the population. Typically this means that more distant 

variants will tend to be inherited more often together, increasing the linkage disequilibrium 

(LD) between those variants (Shifman and Darvasi 2001). Patterns of LD depend on where 

recombination occurs and how genetic material is transmitted. Increased LD is advantageous 

to map disease variants. Indeed, when a region is well characterized, i.e. how its variants are 

linked to each other, and has a disease variant in high LD with other variants, these variants 

can be targeted instead of the disease variant itself (de la Chapelle and Wright 1998). In 

essence, this corresponds to a compromise between the extremely large segregating segments 

typical of linkage studies, and the very small shared segments typical of population-based 

GWASes. 

Beyond LD blocks, the increased degree of relatedness found among individuals within 

isolated populations leads to the development and identification of large chromosomal 

segments. Patients afflicted by a disease in an isolated population will tend to share common 

ancestral haplotypes around the causal disease mutation, which can improve our ability to 
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detect such genes. Haplotype mapping can also give clues on the founder origin and on the 

time a mutation was introduced (Kibar et al. 2000; Yotova et al. 2005; Vézina et al. 2005a). 

When those haplotypes are inherited from a common ancestor (and consequently the same), 

they are called identical-by-descent (IBD) segments. Haplotypes and IBD segments are 

closely related concepts (see section 1.4.2 on p.35 for more details). Similarly runs of 

homozygosity (ROH) refer to regions of the genome where both chromosomal segments, 

inherited from the mother and the father, are identical. This may happen in situations where 

parents are more closely related. Homozygosity can also be used to map disease markers, 

especially in the case of recessive disorder (Lander and Botstein 1987; Bernard et al. 2010). 

The more inbred or closed a population, the higher the frequency of those long homozygous 

stretches, which will also contribute to facilitate genetic research in isolated populations.  

Genetic epidemiological research can be more challenging when a lot of the data is missing or 

when the density of the genotypes is too sparse. Again, the genetic features of isolated 

populations (increased genetic homogeneity, increased LD and more shared tracts) can help 

with the imputation of genotypes and hence minimize the missing data problem (Marchini et 

al. 2007). Genetic imputation is a technique allowing one to infer unobserved genotypes (Li et 

al. 2009). Statistical imputation is also useful when merging data coming from different 

genotyping platforms that did not target the same variants. 

One last major advantage of founder or isolated populations that deserves mention is that good 

genealogical record keeping is often available. There is substantial value to having reliable 

demographic history along with well curated extended genealogical data for the conduct of 

genetic research. The best known examples are Mormons with the Utah Population Database 

(Skolnick 1980), Icelanders with the Icelandic Genealogy Database (Tulinius 2011) and 

French Canadians with the BALSAC population database (Bouchard et al. 1989; BALSAC 

2014a). These rich data, which are complementary to genetic information, represent an 

outstanding opportunity for research in several fields (Laberge 1969; Laberge et al. 2005a; 

Moreau et al. 2011). Information from genealogies can, for example, provide input on origin 

of genetic material, help to interpret modern population structure and to estimate time of gene 

flow events (Larmuseau et al. 2013a). 
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1.2.2. Challenges 

There are numerous benefits that stem from the study of isolated population, and this has led 

to such populations attracting substantial interest from the genetic community (Peltonen et al. 

2000). In the last decade, there has been renewed interest for isolated populations in part for 

rare variants studies recently possible through sequencing and also because of increasing 

computing resources allowing to build and to analyze large datasets, including large 

genealogical datasets (Holm et al. 2011). However, studying isolated founder populations is 

not challenge-free. First, reaching these populations is not always easy. In some instances, 

educational and linguistic barriers are present, or distrust of science can be encountered 

(MCKUSICK et al. 1964). In the specific case of Amish, the concern raised by the frequency 

of different rare disease led a doctor, Holmes Morton, to found in 1989 a non profit clinic 

devoted to the care, treatment and investigation of the genetic disorders afflicting the 

community of Lancaster County (Rosenblatt 2013). This kind of involvement in the 

community contributed to improving the education of Amish people about their specificity and 

raised their awareness on various health issues. 

Also, not all populations have genealogical records of suitable quality and size amenable to 

research purposes. Input errors, when the information is digitized, may arise but quality 

controls and good management practices are usually set up especially when funded 

organizations oversee these operations (Bouchard et al. 1989; Cannon Albright 2008). 

However if the primary information is incorrect, errors cannot be avoided. For example, non-

paternity or non-maternity events are one possible scenario, which can lead to mistakes. 

Assuming that non-maternity events are probably much less frequent than non-paternity 

events frequency estimation focused mainly on the last ones. Estimates of non-paternity events 

typically vary around 1-2% (Weir et al. 2006; Strassmann et al. 2012; Larmuseau et al. 

2013b).  

People from founder populations tend to be related to each other in many different ways, 

sometimes through inbreeding loops, which may complicate traditional segregation and 

linkage analyses. Alternative methods need to be used to disentangle family relationships. 
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Depending on genetic information availability, tracking of IBD segments can be an option to 

link individuals among relatives. IBD segments are a straightforward way to focus on the 

actual realized genetic sharing, as opposed to sharing expected from genealogical links, 

between individuals known to be related. Relatedness among sampled individuals can also 

induce bias in conventional association studies assuming independence and specialized tests 

are needed to account for known and unknown relationships between individuals (Yu et al. 

2006; Sillanpää 2011). 

As mentioned in the previous section, genetic drift is more likely to influence the distribution 

of allele frequencies in smaller populations, resulting in genetic variations specific to some 

populations and an increasing populations differentiation (Casals et al. 2013). An increase in 

the frequency of certain genetic variants may facilitate the detection of their association with a 

disease, but the scope of discovery and the genetic effect size may be reduced. In addition, the 

identification of disease variants specific to an isolated population may not be directly 

generalizable to other populations. 

Another issue raised by the study of isolated populations relates to the selection of variants 

typically used on genotyping SNP arrays. Common genotyping platforms include SNPs that 

were discovered using sequencing technologies in different samples. These discovery panels 

are thus issued from genetic variations found in different populations of different sizes and the 

selected SNPs included in the platforms are not selected at random and may not necessarily be 

geographically representative (Wakeley et al. 2001; Clark et al. 2005). As a result, genotyping 

chips are typically biased towards common variants. This phenomenon is called ascertainment 

bias and can distort, among others, measures of population differentiation (Albrechtsen et al. 

2010b). This means that, to some extent, common genotyping platforms may not be the best 

suited platforms to quantify and describe the genetic diversity in all populations. However 

alternative techniques such as sequencing can overcome this problem or correction techniques 

can be applied to infer measures of population differentiation (Albrechtsen et al. 2010b). 

Finally ethical and social concerns need to be considered when working with isolated 

populations. How and what information is disclosed in publications is important for example 
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to avoid risks of collective stigmatisation, which can create damages that could eventually 

impair future participation to research studies (Bouchard 2004; Lavery et al. 2007). However, 

as stated earlier, educating participants about the potential risks, usefulness and benefits of 

their involvement as well as educating researchers about good communication practices offers 

a simple way to address this issue (Mascalzoni et al. 2010). There are also confidentiality and 

privacy issues that could be more difficult to manage in particular when genealogy data is 

linked to health records (Lavery et al. 2007; Mascalzoni et al. 2010). Note that most of these 

concerns and solutions also apply to non-isolated populations. 

1.2.3. Examples 

Some founder populations are better known than others as they have been more extensively 

studied. Table 1.1 (p.16) presents a wide number of founder, isolated and genetically 

differentiated populations. Comparing these populations help to understand differences among 

founder populations regarding 1) the genetic consequences of a bottleneck, 2) the 

demographic history, and 3) the cultural and environment features (Peltonen et al. 2000). Each 

population listed has a unique genetic background and contributed to our understanding of 

recessives diseases. 

Note that other populations, with suspected founder effect or isolation, were not included in 

this list, either because documentation is lacking or the population did experience a 

considerable degree of admixture over time (the Cuban population for example (Cruz 2013)). 

As such, the table is not intended to present an exhaustive list (for more examples see also 

(Arcos-Burgos and Muenke 2002; Rudan 2006; Venken and Del-Favero 2007; Kristiansson et 

al. 2008)).  
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Table 1.1 Population isolates 

Population name, 

location 
History 

Time of 

settlement 
Isolation 

Initial 

number of 

founders 

Today's 

population 

size 

References 

Afrikaners, 

South Africa 

Immigrants of Dutch origin settled in the 

Cape and later have spread inland. 
1652 

Religious and 

linguistic 
~ 1 000 ~3 000 000 

(Diamond and 

Rotter 1987; 

Jenkins 1990) 

Amish, 

North-East USA 

Anabaptists from Switzerland settled 

initially in 3 counties, no admixture, 

closed population, high fertility rate. 

1714-1727 Religious ~ 200 ~290 000 
(MCKUSICK et 

al. 1964) 

Ashkenazi Jewish, 

Various locations 

Jews moved from Alps to Rhineland ~9
th

 

century, moved to Eastern Europe ~12
th

 

century and then to Americas and Israel 

during 19-20
th

 centuries. Had variable 

endogamy throughout history. 

Not applicable 
Religious and 

linguistic 
Unknown ~10 000 000 (Ostrer 2001) 

Finnish,  

Finland 

Two early migration waves. Long term 

isolation. In the 16
th

 century, migration 

from south and west coastal areas to north 

and eastern part of the country started 

creating sub-isolates. End of 17
th

 century, 

famine and epidemics occurred followed 

by a rapid population size expansion. 

~ 4 000 years 

ago 

Mostly 

geographical 

Probably 

small number 
~5 000 000 

(Peltonen et al. 

1999; Kere 

2001) 

French Canadians, 

Quebec, Canada 

French immigration until 1759, migration 

within the Quebec province creating 

several founder events and rapid 

expansion of the population 

1608 
Religious and 

linguistic 
~ 8 500 ~6 400 000 

See section 

1.3.1, p.18 

Hutterites, 

Northern USA and 

Western Canada 

Founders settled in 3 endogamous 

colonies, which have maintained separate 

identities and have high fertility rate 

1875 

Distinct 

geographic 

clusters, religious 

barriers 

~ 440 ~30 000 

(Hostetler 1985; 

Abney et al. 

2002) 
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Population name, 

location 
History 

Time of 

settlement 
Isolation 

Initial 

number of 

founders 

Today's 

population 

size 

References 

Icelanders, 

Iceland 
Few immigration, multiple bottlenecks ~ 900 Insularity 

A few 

thousand 

Norwegian 

Vikings 

~320 000 

(Gulcher and 

Stefansson 

1998; 

Tulinius 

2011) 

Mennonite 

North-East USA 

Anabaptists from Switzerland settled in 

USA and population size increased over 

150 years. From the end of the 18
th

 

century, multiple religious schisms led 

to splits of the population and 

bottlenecks. 

1707-1757 Religious 

3 000 – 

5 000 

immigrated 

to America 

~390 000 
(Puffenberger 

2003) 

Mormons, 

Utah, USA 

Immigrants having mostly a British or 

Scandinavian ancestry settled in Salt 

Lake City and colonized the area. They 

have very high fertility rate. 

~ 1847 Religious ~30 000 ~1 750 000 

(Jorde 1982; 

Slattery and 

Kerber 1993) 

Newfoundlander 

Newfoundland, 

Canada 

English Protestant and Roman Catholic 

Irish settlers, few new immigrants 

leading to homogeneous sub-

populations. 

~ 1610 

Insularity, 

coastal 

outports 

~ 20 000 

(in 1760) 
~525 000 

(Rahman et 

al. 2003) 

Sardinians, 

Sardinia, Italy 

Low population density until 1700, 

many sub-populations (microgeographic 

heterogeneity) 

~ 10 000 

years ago 

Insularity, 

geographical 

position, 

mountainous 

area 

unknown ~1 600 000 
(Calò et al. 

2008) 

Note: Some populations labelled under the same religious name are separate groups that do not necessarily share 

common ancestry (like Dutch-German and Swiss-German Mennonite (Orton et al. 2008)). 



 

18 

 

1.3. French Canadian founder population 

1.3.1. A brief history of the peopling of Quebec 

The study of the Quebec population is interesting because of its history, thus this section 

summarizes how La Belle Province was colonized. However, note that this is only a brief 

summary with a particular focus on elements and regions that are key to understand the history 

of FC participants in the Quebec Reference Panel and CARTaGENE, the two cohorts used in 

the context of this thesis. 

The first French settlers founded Quebec City in 1608. Peopling was slow at the beginning 

essentially driven by the needs of fur trade (Charbonneau et al. 2000). Two other permanent 

settlements, Trois-Rivières and Montreal, were established respectively in 1634 and 1642 (see 

Figure 1.2, p.19). French immigration was coming from different parts of France but mainly 

the northwest departments and Paris region (Vézina et al. 2005b). This immigration has led 

about 8 000 settlers to leave descendants in the colony (Charbonneau et al. 2000). In fact, 

during the following period population increased mainly through reproduction. Specifically in 

the 18
th

 century, the growth rate was so high that the population was doubling about every 30 

years (Charbonneau et al. 2000). This growth rate was not even affected by the British 

Conquest in 1759 (Charbonneau et al. 2000). At that time the population was spread along 

both sides of the St. Lawrence River and comprised over 70 000 inhabitants (Charbonneau et 

al. 2000).  

East of Quebec City, the peopling of the Charlevoix region started in 1675 and took place in 

coastal lowlands (Jetté et al. 1991). The region was relatively isolated due to surrounding 

mountains. The vast majority of the Charlevoix founders transited through another region of 

the colony before settling there and more than half of them were relatives (Jetté et al. 1991). 

At the beginning of the 19
th

 century, the small region underwent some demographic pressure, 

migration to estuary heights began, towards inland, and overall there was an emigration flow  
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Figure 1.2 Map of the regions of Québec 

Inhabited cities and villages are represented by pink dots sized according to the 

number of inhabitants in 2015. Dashed lines show present regions' boundaries. 

Red dots indicates some important cities :  G Gatineau;  M Montreal; Q Quebec 

City; Sa Saguenay; Sh Sherbooke; T Trois-Rivières. 
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out of the region leading to the settlement of Saguenay-Lac-St-Jean (referred as Saguenay in 

the following text) which started in 1838. Moreover, immigration to Saguenay was often 

carried out by members of the same families (Gauvreau et al. 1991). The rooting of these 

families in the region, their high fertility and their common origin contributed to shape the 

Saguenay population (Bouchard et al. 1988). After 1875, immigration to Saguenay was very 

low but the population size increased from about 5 000 in 1850, to 50 000 around 1900 and 

250 000 in 1960 (Bouchard et al. 1988). The population size increase was due to natural 

growth; the birth rate was over 50 births per 1 000 people until 1930.  

 The North-Coast (Côte-Nord) region further north and east to Saguenay was under the same 

monopoly of the Hudson Bay Company for fur trade, as the Saguenay region, before a 

permanent coastline settlement began. Around 1830 we count some fur trading and fishing 

posts and less than a hundred persons living in the North-Coast all year long (Frenette 1996). 

Ending the monopoly led to an inflow of settlers interested in resource exploitation. People 

coming from Iles-de-la-Madeleine and Gaspesia settled in Minganie, the region including and 

facing Anticosti Island. Other parts of the region were populated with the establishment of 

sawmills and flour mills, the agricultural expansion, the development of the fisheries and 

mining (Frenette 1996). Incomers were from different parts of Quebec. The settlement of this 

large region was rather slow, in 1871 there is about 4 200 inhabitants excluding First Nations 

people. During the next 70 years, the population size had been multiplied by more than five 

(Frenette 1996). 

All the way east, south of the St. Lawrence River, the Gaspé Peninsula has been frequented 

since the 16
th

 century by seasonal fisherman mainly from Brittany, Normandy and the Basque 

country (Desjardins et al. 1999). French pioneers tried to establish the first permanent 

settlements in the mid-seventeenth century however, the efforts were hampered by many 

obstacles, such as underfunding, climate and war. It is only slightly before the British 

Conquest that settlers landed in permanently. After the Conquest, Gaspesia became a coveted 

territory. Fisheries as well as timber trade and shipbuilding industry finally developed. In 

addition to French, Gaspesia greeted Acadians, which were escaping deportation by the British 

(Bergeron et al. 2008). Acadians were also of French-descent but they did settle in 1604 in 
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another colony called Acadia (present-day Nova-Scotia, New-Brunswick and Prince-Edward-

Island). A third important group, called Loyalists, also moved in Gaspesia. They were Anglo-

American that wanted to remain loyal to the British Crown after the independence of the 

thirteen American colonies (Desjardins et al. 1999). These three groups tended to marry 

among themselves, which perpetuated until now their differences in terms of identity and 

genetic background (Vézina et al. 2014). Note also that Acadians populated other regions of 

Quebec and their integration with the local population varied. Gaspesia’s population size went 

from about 3 000 in 1800 up to 50 000 a century later and peaked to 105 000 in 1961 before 

some decline (Desjardins et al. 1999). 

Trois-Rivières was founded in 1634, west of Quebec City. About 30 years later, the settlement 

extended in the area partly due to the fur trade and in great proximity with the local First 

Nations (Hardy and Séguin 2008). The growth of the population of Mauricie was slow, 

counting about 4 000 inhabitants in 1760 (Hardy and Séguin 2008). Iron industry, farming and 

fur trading had been the initial drivers of development for the region and the commercial 

exploitation of forests started at the beginning of the 19
th

 century. The strongest population 

growth in the region took place during the first half of the 20th century (Hardy and Séguin 

2008). 

Valued for its position as a gateway to the continent, the Montreal region eventually 

overshadowed the development of Trois-Rivières. Nonetheless, the beginnings of Montreal 

were slow and difficult; Iroquois, an important First Nations group, saw the settlers’ arrival in 

1642 as a threat. With its hospital, its fort and a population of over 500 settlers in 1660, 

Montreal was finally gaining importance (Linteau 2007). Early in Montreal’s history, religious 

institutions occupied a large role, due among other things to the initial idea of a missionary 

settlement. In 1665, a French military intervention brought peace to the people of Montreal 

and opened the way for the expansion of fur trade. Montreal became the core of a commercial 

and political empire. The population grew less rapidly than in the St. Lawrence valley but was 

still over 4 000 in 1754 (Linteau 2007). After the British Conquest, English, Americans and 

Scottish immigrants took commercial control of the territory. In the 19
th

 century, immigration 

led English-speakers to become the majority in the city. Trade was growing and agriculture all 
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around Montreal was developing. The second half of the 19
th

 century was dominated by the 

industrialization of the city. In 1852 there were almost 60 000 inhabitants (Fougères 2012). 

British immigration eventually slowed, rural exodus began and the city expanded. Around 

1866, French Canadians were again the majority of the population and by the end of the 19
th

 

century they did make up 60% of the population (>325 000 in 1925) (Fougères 2012). 

Montreal was home to two distinct populations (one of French-descent and the other of 

British-descent), each having their own institutions, their own schools, churches, etc. In the 

20
th

 century, immigration from all over the world contributed to population growth in 

Montreal and by the end of the century, the city grew to about 3 million inhabitants, including 

suburban areas. 

West of Montreal, the St. Lawrence River continues south towards the Great Lakes. Another 

river, the Ottawa River also called the travelers’ route, is located slightly up north and flows 

westward towards inland. Before 1800 Outaouais was a place of passage for the fur trade and 

was barely inhabited. After the Conquest, settlement started and the management of land 

dedicated to agriculture was established under the British system of townships (Blanchette 

2009). Lands were used to attract Loyalists, English, Scottish and other immigrants. In 1800, 

the city of Hull (now part of Gatineau) was founded by an American, who came with his 

family. The region benefited from the rise of the lumber industry and the construction of the 

Rideau Canal, which started in 1820 on the other shore of the river in the future Canadian 

capital. In 1827 over 2 500 persons populated the region (Blanchette 2009). French Canadians 

were living alongside several other ethnic groups. Irish Catholics, among others, ensured that, 

with French Canadians, Catholicism became the main religion after 1840. In 1861 there were 

over 40 000 inhabitants and this number doubled 30 years later (Blanchette 2009). The late 

19
th

 century was characterized by the development of pulp and paper industry and by the time 

of the World War II, Outaouais was one of the most industrialized regions of the province 

(Blanchette 2009). 

Throughout the 20
th

 century, as in many industrialized countries, the rural exodus towards 

cities changed the demographic landscape of Quebec. In 1901, 40% of people were living in 

urban areas and it went up to 80% in 2001 (Piché and Le Bourdais 2003). Since 1965, the 
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population growth has decelerated mainly due to the drop of birth rate (Charbonneau 1973). 

The 20
th

 century also saw the rise in immigration, which is increasingly diversified (Piché and 

Le Bourdais 2003). 

Today the population of the Quebec province is mostly French speaking (overall close to 

80%), except for some urban centers and the North populated by First Nations. Despite the 

British arrival with the Conquest in 1759, different factors prevented French Canadians to 

mingle with incomers. Language and religion were the most obvious factors of isolation. The 

Catholic composition of the French Canadian population favoured the Catholic Irish 

establishment over the Protestant branch (Grace 2003). Because they share the same religion 

Irish and French Canadians did mingle, resulting in the fact that about 20% of today’s French 

Canadian population has an Irish ancestor (Tremblay et al. 2008). However, the Irish 

contribution to the French Canadian genetic make-up remains very small, about less than 1% 

(Tremblay et al. 2008). In the same way, the genetic contribution from other immigrant groups 

remained weak (Vézina et al. 2005b; Bherer et al. 2011). A study based on genealogical 

information reports that about 89% of Quebec’s gene pool comes from French founders and 

almost 81% is derived from the French founders who arrived in the 17th century (Vézina et al. 

2005b). French Canadians contributed to the growth of another population; between 600 000 

and 800 000 French Canadians left Quebec for USA in 1840-1930 (Charbonneau 1973). 

Note that we described the settlement of French people in Nouvelle France paying little 

attention to Aboriginal peoples who had already established themselves about 8 000 years ago 

in many regions (Frenette 1996; Desjardins et al. 1999). Although their influence has also 

shaped French Canadian history their genetic contribution to the population remained very 

small according to the latest studies (around 1%) (Vézina et al. 2012; Moreau et al. 2013). 

The demographic history of Quebec during its early days is well known, thanks to the strong 

Catholic presence during colonization. The clergy and local authorities collected information 

about baptisms, marriages, burials in the Catholic population and also for converted 

individuals, e.g. some First Nations people (Charbonneau et al. 2000). In some cases, registers 

were active even before the erection of its parish (Hardy and Séguin 2008). All this 
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information was very well kept and well preserved and the wealth of nominal sources, such as 

notarized certificates and censuses, allowed to fill in the gaps and to confirm some information 

(Légaré 1988). Thereby a first population database combining many of those sources of 

information was set up by the Research Program in Historical Demography from Université de 

Montréal to cover all the population born in the St. Lawrence Valley under the French Regime 

(Légaré 1988; PRDH-IGD 2015). The Early Quebec Population Register includes over 

2 400 000 records of vital events (birth, marriages and death certificates) (Desjardins 1998; 

PRDH-IGD 2015). Another population database, called BALSAC, started a few years later, in 

the 70s, with the computerization of records for the Saguenay region (Bouchard and De 

Braekeleer 1991). Researchers worked to pair 660 000 baptism, marriage and burial records 

for the whole period after 1842, a work that was later extended to cover the entire population 

of the province of Quebec with marriage certificates (Bouchard and De Braekeleer 1991). 

Today the BALSAC population database includes a total of 3 million records, including all 

catholic marriage certificates from 1621 until 1965, related to nearly 5 million people and 

genealogical reconstruction is still ongoing (BALSAC 2014b). A new project is also on the 

way as both population databases are working on the integration and matching of the data 

under the aegis of the integrated infrastructure of historical microdata on the Quebecers 

population (IMPQ). 

Such extended genealogies for a relatively geographically stable and semi-closed population 

are pretty rare and developing the analytical and computational tool to take advantage of this 

valuable information is essential. One use of these genealogical data, which has probably 

attracted the most attention, is the study of the distribution of rare disorders in Quebec. 

Understanding the demographic history of Quebec is essential to explain the distribution of 

diseases and the presence of population heterogeneity. 
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1.3.2. Genetic profile of the French Canadian population  

The French Canadian population evolved over the last four centuries in a unique way that led 

to different genetic characteristics. This section will focus on two of those; the structure of 

today’s population and the presence of some particular inherited diseases.  

Using a genealogical cohort with people married before 1800, Gagnon and Heyer (2001) 

confirmed the presence of an east-west gradient regarding population homogeneity. They 

explained how migration patterns can modify the symmetry or non-symmetry of the founders’ 

genetic contribution. Specifically, first settlers to a territory tended to propagate more their 

genes than subsequent immigrants (in a continuous migration scheme) but when all 

immigrants entered a new region at the same time, then a more uniform genetic contribution to 

the newly formed population can be observed (one large move). They also highlighted the fact 

that at the end of the 17
th

 century, the French Canadian population was already formed by 

three distinguishable groups.  

Overtime the population continued to differentiate and today, the Quebec population is formed 

by multiple groups each corresponding to a regional or ethno-cultural population (Bherer et al. 

2011; Roy-Gagnon et al. 2011). A study found a striking fit between the analysis of 

genealogical and genetic data and these analyses highlighted a population structure consistent 

with many founder events (Roy-Gagnon et al. 2011). It was a known fact that almost every 

French Canadian is related up to a certain point (Vézina et al. 2005b), however this study 

showed that relatedness patterns across the sub-populations of Quebec vary and are consistent 

with the demographic history (Roy-Gagnon et al. 2011). 

Successive founder events leading to a particular population structure were the ideal setting 

for a higher incidence of different rare diseases. While some diseases are simply more 

frequent in Quebec, others are quite specific and almost unknown in the world, e.g. spastic 

ataxia of Charlevoix-Saguenay and agenesis of the corpus callosum (see Table 1.2, p.26). 

Some diseases are also occurring only in specific parts of the province like Gaspesia, Beauce, 

Bas-St-Laurent, Lanaudière and Saguenay. As it can be observed in Table 1.2, prevalence  
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Table 1.2 Examples of inherited diseases found in the French Canadian 

population 

OMIM 

number
1
 

Disease name Type 
Prevalence 

in Quebec
2 

Worldwide 

prevalence
3
 

References 

218000 

Agenesis of the corpus 

callosum with peripheral 

neuropathy 
CT

 

AR 1/2 117 < 1/1 000 000 

(De Braekeleer et al. 

1993a; Dupré et al. 

2003) 

606002 
Ataxia-oculomotor 

apraxia 2 
AR - 1/400 000 

(Bouchard et al. 1980; 

Duquette et al. 2005) 

604370, 

612555 

Breast cancer 

(susceptibility to) 
AD - 1/400 

(Tonin et al. 1998; 

Chappuis et al. 2001; 

Cavallone et al. 2010) 

118220 
Charcot-Marie-Tooth 

disease type 1A 
AD - 1/10 000 (Dupré et al. 1999) 

129500 
Clouston hidrotic 

ectodermal dysplasia 
AD - 

1/10 000 –

1/100 000 

(Clouston 1929; Kibar 

et al. 2000) 

602579 
Congenital disorder of 

glycosylation type Ib 
AR - < 1/1 000 000 

(Pelletier et al. 1986; 

Vuillaumier-Barrot et 

al. 2002) 

219700 Cystic fibrosis AR 1/902 1/8 000 (Daigneault et al. 1991) 

219800 Cystinosis AR 1/6 237 
1/100 000 –

1/200 000 

(Richler et al. 1991; 

McGowan-Jordan et al. 

1999) 

143890 
Familial 

hypercholesterolemia 
AD 1/81 –1/270 1/500 

(De Braekeleer 1991; 

Vohl et al. 1997) 

238600 
Familial 

hyperchylomicronemia 
AR 

1/5 000 –

1/8 000 
<1/1 000 000 (Gagne et al. 1989) 

300624 Fragile X syndrome Xd - 
1/4 000 –

1/6 250 

(Rousseau et al. 1995; 

Dombrowski et al. 

2002) 

229300 Friedreich Ataxia AR - 1/50 000 
(Bouchard et al. 1979; 

Keats et al. 1987b) 

235200 Haemochromatosis AR - 1/1 000 

(de Braekeleer et al. 

1992; Rivard et al. 

2000) 

201300 HSAN2 AR - <1/1 000 000 (Roddier et al. 2005) 

238970 HHH syndrome AR - 1/8 300 
(Camacho et al. 1999; 

Debray et al. 2008) 
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OMIM 

number
1
 

Disease name Type 
Prevalence 

in Quebec
2 

Worldwide 

prevalence
3
 

References 

614615, 

614970 
Joubert syndrome AR - 1/100 000 

(Joubert et al. 1969; 

Srour et al. 2012b, a) 

602390 
Juvenile 

hemochromatosis 
AR  <1/1 000 000 (Rivard et al. 2003) 

220111 Lactic acidosis 
CT

 AR 1/2 473 1/40 000 
(De Braekeleer 1991; 

Morin et al. 1993) 

535000 
Leber's hereditary optic 

neuropathy 
ADNmt - 

1/10 000 –

1/100 000 

(Macmillan et al. 1998; 

Laberge et al. 2005a) 

609313 MEDNIK syndrome AR - < 1/1 000 000 
(Saba et al. 2005; 

Montpetit et al. 2008) 

252500 Mucolipidosis II AR 1/6 184 < 1/1 000 000 
(De Braekeleer 1991; 

Plante et al. 2008) 

160900 Myotonic dystrophy AD 1/630 
1/7 000 –

1/50 000 

(Yotova et al. 2005; 

Mathieu and Prévost 

2012) 

164300 
Oculopharyngeal 

muscular dystrophy 
AD 

1/1 000 –

1/1 750 

1/10 000 –

1/100 000 

(Brais et al. 1995; 

Duquette and Giard 

1997) 

261600 Phenylketonuria 
SP

 AR - 1/20 000 
(John et al. 1990; Carter 

et al. 1998) 

264700 
Pseudovitamin D-

deficiency rickets 
AR 1/2 916 

1/2 000 –

1/10 000 

(De Braekeleer 1991; 

Labuda et al. 1992) 

610743 
Recessive ataxia of 

Beauce 
AR - < 1/1 000 000 

(Dupré et al. 2007; 

Gros-Louis et al. 2007) 

270550 
Spastic ataxia of 

Charlevoix-Saguenay 
CT

 
AR 1/1 932 - 

(De Braekeleer et al. 

1993b; Engert et al. 

2000) 

609041 Spastic paraplegia 27 AR - < 1/1 000 000 (Meijer et al. 2004) 

182601 Spastic paraplegia 4 AD - 
1/20 000 –

1/50 000 

(Meijer et al. 2002, 

2007) 

600354 Spinal muscular atrophy AR - 1/33 000 (Simard et al. 1997) 

272800 Tay-Sachs disease AR - 1/333 000 
(Keats et al. 1987a; De 

Braekeleer et al. 1992) 
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OMIM 

number
1
 

Disease name Type 
Prevalence 

in Quebec
2 

Worldwide 

prevalence
3
 

References 

276700 Tyrosinemia type 1 
CT, SP

 AR 1/1 845 < 1/1 000 000 

(Laberge 1969; De 

Braekeleer and 

Larochelle 1990; 

Phaneuf et al. 1992) 

302800 
X-linked hereditary 

neuropathy 
Xd - 1/7 000 

(Hahn et al. 1990; 

Dupré et al. 2001) 

214100 Zellweger syndrome AR 1/12 191 1/50 000 (Levesque et al. 2012) 
1
Online Mendelian Inheritance in Man (OMIM) is a comprehensive and well 

curated catalogue of human genes and genetic disorders accessible through 

http://omim.org (McKusick-Nathans Institute of Genetic Medicine 2015). 

2
Prevalence for Quebec are most of the time specific to a subpopulation. 

3
Some 

worldwide prevalence estimates are specific to Caucasian people or people with a 

European ancestry. 
SP

Included in the Québec Newborn Blood and Urine 

Screening Program. 
CT

Included in the carrier testing pilot-project for Saguenay 

region. Type of inheritance are: AD Autosomal dominant; ADNmt Mitochondrial 

inheritance, AR Autosomal recessive; Xd X-linked dominant. Abbreviations: 

HSAN2 Hereditary sensory and autonomic neuropathy type 2; HHH syndrome 

Hyperornithinemia-hyperammonemia-homocitrullinuria syndrome; MEDNIK 

syndrome Mental retardation, enteropathy, deafness, peripheral neuropathy, 

ichthyosis, and keratoderma syndrome. 

rates for a number of diseases are much higher in French Canadians. This fact have drawn 

attention towards the French Canadian population who was the object of several genetic 

reviews (De Braekeleer 1991; Scriver 2001; Laberge et al. 2005b; Dupré et al. 2006). Note 

also that those reviews contain other examples of diseases as Table 1.2 is not an exhaustive 

list. 

Although most of the diseases found were recessive, inbreeding was early on discarded as a 

reason for the emergence of this disease burden. Inbreeding coefficients computed from 

genealogical data for a group of disease cases of Saguenay were compared to those of a group 

of non-affected individuals and were found to be not much higher (De Braekeleer and 

http://omim.org/
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Gauthier 1996). Researchers also observed very few marriages of second-degree or close 

cousins among both groups (De Braekeleer and Gauthier 1996). Another study compiled a 

more comprehensive picture for the whole province and showed that close consanguinity rates 

varied across Quebec sub-populations and were overall small while distant consanguinity, 

having ancestors related within 13 generations, reflects the situation of almost all French 

Canadians (Vézina et al. 2004). 

The French Canadian population is a very good population for gene discovery and gene 

identification is facilitated by the founder effects, the presence of many cases and the potential 

higher homogeneity (of disease phenotypes and genotypes) (Engert et al. 2000; Srour et al. 

2012b; Chetaille et al. 2014). Some of the latest gene discoveries have been done through 

FORGE (Finding of Rare Disease Genes), a Canadian consortium, that is a collaborative effort 

to study rare diseases by using next-generation sequencing technology (Beaulieu et al. 2014). 

Efforts towards a better understanding of these diseases were also driven by the interest to 

provide appropriate health services and care to the population. Hitherto different public health 

initiatives have been set up in the province to help to prevent, detect, investigate and cure 

those diseases. The Quebec Newborn Blood and Urine Screening Program includes some of 

those diseases (annotated with 
SP

 in Table 1.2), which can have severe consequences but that 

may be prevented if the disease is detected before its onset (Gouvernement du Québec 2015). 

Especially as some diagnoses are easier and cheaper to obtain through a biochemical or 

phenotypic analysis than a mutated genotype. Older initiatives, such as clinics dedicated to 

neuromuscular and metabolic diseases and targeted genetic counselling, also offer particular 

support to sick individuals and their family. More recently a pilot-project, which is still 

ongoing was implemented to provide carrier testing for all the population in Saguenay for four 

major recessive hereditary diseases (annotated with 
CT

 in Table 1.2) (Pouliot and Rousseau 

2014). Information sessions are held and carrier testing is performed on a voluntary basis. The 

main goal of carrier-testing in this case is to give people information in order that they will be 

able to make informed reproductive decisions. Additional genetic counselling and 

psychosocial intervention services can be provided to couples that are both carrier of the same 

disease. Genetic counselling and prenatal diagnosis are actions that can lower the number of 

births at risk (Mathieu and Prévost 2012).  
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1.3.3. The creation of a biobank for Quebec 

At the turn of the new millennium, the CARTaGENE project was being set up and a team of 

researchers was working to establish what was going to become the biggest biobank in the 

Quebec province. At that time, people were becoming familiar with new medical genetic 

concepts and the advent of community genetics was promoted. The initial aim of the 

CARTAGENE project was to set up the first genetic map of Quebec by recruiting 1% of its 

population (Lacroix 2001). This vast project was intended to uncover the genetic origin of 

different complex diseases, such as cancer and cardiovascular diseases, and to become a major 

tool for public health and genetic epidemiology (Lacroix 2001). CARTaGENE was developed 

with initial funding help from Réseau de Médecine Génétique Appliquée (RMGA) of the 

Quebec Health Research Fund (FRQS) and from Genome Quebec and the Health Ministry of 

the Quebec government. Later on Genome Canada and the Canadian Partnership Against 

Cancer Project, an organization which has the mandate to foster the fight against cancer and 

other chronic diseases for the benefit of all Canadians (Canadian Partnership Against Cancer 

Corporation 2015), also provided funding. 

From the very beginning of the CARTaGENE project, the community participation was 

encouraged through workshops and consultations (Avard et al. 2009). A partnership approach 

was set up in order to involve the public in the decision-making processes (Godard et al. 

2004). The approach established wanted to help to maintain public trust in biomedical research 

and to better understand community concerns about privacy, transparency, accountability, 

discrimination and stigmatization (Godard et al. 2004).  

The first major phase of recruitment was held from July 2009 to October 2010 and over 

20 000 participants were then part of the cohort (Awadalla et al. 2013). In 2012 two re-contact 

efforts were done to collect additional information on the environment and the nutrition 

(Awadalla et al. 2013). From the end of 2012 and during the two following years 20 000 more 

persons were recruited (CARTaGENE 2015).  
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1.3.4. CARTaGENE overview 

In 2015 CARTaGENE is now a large population-based cohort encompassing a vast amount of 

information for more than 40 000 Quebecers from the greater Montreal, Quebec City, 

Saguenay-Lac-St-Jean, Sherbrooke, Trois-Rivières and Gatineau. Participants are aged 

between 40-69 years and have almost all visited one of the 13 assessment sites for data 

collection. Detailed questionnaires on health and socio-demographic status were captured, 

physiological measures were taken and biological sample (blood, serum and urine) were 

collected (Awadalla et al. 2013). All data is stored on highly secure servers and biological 

specimens are kept in a dedicated and secure high-tech biologic repository in Chicoutimi. 

CARTaGENE uniqueness includes high depth phenotyping and a genealogical division. 

Indeed, the BALSAC population database joined CARTaGENE project early in its 

development. That alliance has led CARTaGENE to propose an additional questionnaire to 

participants in order to recover their genealogical information, a questionnaire that was filed 

by over 28% of the participants (CARTaGENE 2015). 

Today, CARTaGENE is a resource that has been used by more than forty research efforts, 

some of which has already published their discoveries (CARTaGENE 2015). One important 

project using the initial set of 20 000 participants, has made the headlines when it was 

uncovered that many Quebecers are not aware that they are sick (Verhave et al. 2014; Daoust-

Boisvert 2014). Another outstanding investigation has looked at mitochondrial RNA among 

~700 CARTaGENE participants. Hodgkinson et al. (2014) ultra-deeply sequenced 

mitochondrial transcriptomes and found an impressive amount of variations, while previous 

studies reported that variation in these sequences was rare. But that is not all: they also found 

that post-transcriptional modification in mitochondria was largely driven by a missense 

mutation in a gene known as being involved in mitochondrial transfer RNAs processes. 

Another study having great repercussions showed, still using CARTaGENE project, that 

mutational burden within individuals was clearly modulated by recombination rates along the 

genome (Hussin et al. 2015). These varying patterns were observed in the French Canadian 

population as well as other populations with different demographic histories. 
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Ongoing projects are quite diverse and numerous, including, amongst others, studies on the 

metabolic syndrome, the emotional well-being and health status, the impact of range 

population expansion on the genome and the influence of genetics and the environment on 

cardio-metabolic phenotypes in Quebecers (CARTaGENE 2015). 
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1.4. Relatedness 

1.4.1. Theoretical expectations 

A recurring element in the studies of French Canadians is the level of relatedness they have. 

Thanks to the work of great pioneers in the world of quantitative genetics, that are Sewall 

Wright, Ronald Aylmer Fisher and Gustave Malécot, early on they have defined kinship 

coefficients to measure the degree of relatedness of a pair of relatives and the degree of 

inbreeding of a single individual (Fisher 1918; Wright 1922; Malécot 1948). We will present 

this basic theory here.  

First remember each genome has half its genetic material from a mix of a father genome and 

the other half from a mix of a mother genome. The mixing, which is called genetic 

recombination, occurs during meiosis in order to create gametes. Briefly during the meiosis 

step chromosomes, which are coming in pairs, are duplicated and homologous chromosomes 

exchange genetic material. Then, chromosomes split twice to end up with reproductive cells 

(gametes) with a single copy of each chromosome. All our cells are said diploid, which means 

they have two sets of chromosomes, apart from gametes which are haploid (one set). 

Understanding how the transmission of genetic material occurs we are now able to figure out 

the principle of close relatedness and its implication on the genetic material shared by 

relatives. Obviously a parent-child will share exactly half of their genetic material. For all 

other scenarios of relatedness, the randomness of sexual reproduction intervenes. This means 

that for a grandparent-grandchild relationship we can expect that on average they share one 

fourth of their genome, but in reality it can be a little bit more or less. All theoretical 

expectations can be summarized with the use of kinship coefficients. Kinship coefficients are 

defined as the probability that two alleles randomly selected from each of the two individuals 

are identical-by-descent (IBD), i.e. are identical and coming from the same common ancestor.  
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The kinship between individuals i and j will be defined with this formula:  

            
 

 

         

 

 

which is the summation over all the lines of descent of ancestor a, where gai (gaj) is the number 

of generations between subject i (j) and ancestor a and    is the inbreeding coefficient of 

ancestor a. Inbreeding coefficient for an individual is equals to its parents’ kinship coefficient 

and is zero when parents are unrelated. When two individuals are linked through only one 

ancestor, which is not inbred, formula can be simplified to: 

     
 

    
 

where g is the number of generations separating them. This calculation method is called the 

path-counting approach and gets quite complex as soon as the number of common ancestors 

increases. For the ease of computation most methods implement the recursive formula: 

     
 

 
           

where f and m are the father and mother of j (Karigl 1981). The expected proportion of alleles 

that are IBD between two individuals is     . 

Figure 1.3 The fifteen identity states grouped in nine condensed states 

Detailed identity states for individual i and j, nodes are alleles and lines indicate 

alleles that are IBD. Adapted from Jacquard 1974. 
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Jacquard refined the definition of those kinship coefficients with genetic identity coefficients, 

which discriminate all possible scenarios of genetic relation (Jacquard 1974). Figure 1.3 shows 

the 15 detailed identity states, which can be summarized in 9 condensed identity states. First 6 

states assume one or both individuals are inbred. With those states we can compute kinship 

this way: 

        
 

 
            

 

 
   

where    is the probability of the condensed state k (see Figure 1.3). This alternative is not 

necessarily computationally more straightforward but helps to visualize every little detail 

underlying a relationship. In order to achieve the calculation the use of a computer with 

suitable tools is inevitable unless the relationship is fairly simple with very few common 

ancestors. Many programs allow those computations since it is a basic one for genealogical 

analysis (Lee et al. 2010; Lange et al. 2013). 

1.4.2. Identical-by-descent and observed sharing  

When genealogical information is available theoretical expectations will provide valuable 

information about genetic sharing. On the other hand, when no familial data is available to 

rely on, one option is to investigate genetic information. By interrogating the genetic material 

we can get an idea of the actual realized (as opposed to expected) genetic sharing between two 

individuals and we can use this information to speculate on their relationship. Different 

estimators exist and their use depends on the kind of genetic information available. Here we 

will focus on genetic variation coming from single nucleotide polymorphisms (SNP).  

The simplest measure of relatedness between two individuals is the genetic similarity. For 

each genetic variant we wonder if it is the same or not in each person, i.e. is it identical-by-

state (IBS) or not ?, and we compute the proportion of variants, which are IBS. Average IBS 

pairwise identity computed on variants distributed genome-wide is providing basic 
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information, which can help to discriminate homogeneous subsets like different populations, 

but remains limited for relationship inference. 

To go a step further and to aim for higher degree relationships, we can ask whether genetic 

variants were inherited IBD or not. However the difference between IBS and IBD is quite thin 

and assumptions have to be done in order to state whether or not it is the same variant coming 

from a recent common ancestor (Powell et al. 2010). Actually one of the subtleties of the 

definition just got exposed; the track of time is very important. Depending of the time scale 

considered it can be more or less easy to look for common ancestors. For example, going back 

to a few thousand years we could all be cousins (Rohde et al. 2004). Although we could argue 

on the recentness of this time scale here we will consider a much smaller scale, which is fitting 

the IBD resolution and spans a couple of hundred years. 

Figure 1.4 Identical-by-descent transmission  

A) Six generations pedigree. Square symbols are used to represent males and 

circles are used for females. Colored bars are chromosomes; left bar is from the 

paternal lineage and right bar is from the maternal lineage. B) Two half-siblings 

with a father in common. Regions of IBD are shown with black bars. C) 

Offspring from a first-cousin relationship, black bars are homozygous by descent. 

D) Two fourth-cousins. Adapted from Heutink and Oostra (2002) and Browning 

and Browning (2012). 



 

37 

 

So since variants are transmitted through chromosomes, they are coming in stretches. In other 

words it means a genetic variant alone is weakly informative about its origin but flanking 

variants forming a segment are much more informative. Notions of haplotypes and LD, which 

were introduced in section 1.1.1, are particularly relevant here. Recombination breaks parental 

chromosomes to form remixed genetic material, so haplotypes are transmitted over the 

generations but they are eventually getting smaller and cut in pieces (see Figure 1.4). 

Therefore the ability to label variants as IBD or not relies on the ability to build those 

haplotypes. 

When genetic information is acquired there is no track of which variants comes from the 

maternal and paternal chromosomes. Determining this particular information is an important 

step called phasing the data (Tewhey et al. 2011). Phasing can be achieved with different 

computational techniques depending on complementary information available (Browning and 

Browning 2011a). It is possible to phase one person’s genetic information by using 

population-based approaches relying on statistical and computational techniques that 

capitalize on LD patterns. The advent of multiple population panels and a project dedicated to 

the reconstruction of haplotypes, HapMap, were very useful for this step and they surely 

contributed in making this technique the most used one. In a little bit more ideal scenario, the 

person’s genome was analysed with other persons from the same population and they will all 

be used in a concurrent way to elucidate everybody’s phasing information. The ideal option, 

which is also the less cost-effective, is to leverage information also from both parental 

lineages (through trio recruitment) to decipher which material was inherited from a person’s 

mother and father. Other experimental techniques, which are still in development, not yet cost-

effective on a large-scale, and to be further validated, involve the physical separation of 

homologous chromosomes or the use of very long sequencing reads (Browning and Browning 

2011a). Recent statistical tools phase data mostly using a hidden Markov model (HMM) to 

find haplotype conditional on the individual’s genotypes (Scheet and Stephens 2006; 

Browning and Browning 2007; Howie et al. 2009; Li et al. 2010; Delaneau et al. 2012). 

Phasing data also helps when it comes to genotype imputation (Marchini and Howie 2010). 

Major challenges of phasing involve the computation time, which varies with the dataset size 

and the SNPs density, and their accuracy, which can be measured with the switch-error rate 
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(Browning and Browning 2011a). Switch errors happen when the inferred haplotype phase 

needs to be switched a number of times to match the true haplotype phase, in other words 

when some haplotypic segments’ connections are wrong. 

The definition of haplotype phase opens the door to identify chromosomal parts that two 

individuals may share IBD. Multiple approaches have been implemented so far. Most IBD 

inference methods are either relying on a haplotypic dictionary, or using a HMM on phased 

data or performing phasing simultaneously to IBD inference (Gusev et al. 2008; Browning and 

Browning 2011b; Han and Abney 2011; Palin et al. 2011). Each method has its own specific 

parameters to enhance inference on particular populations in addition to common parameters 

to handle missing data, genotyping errors and the most important ones, parameters to define 

IBD regions.  

Whether IBD inference will be a matter of a high certainty defined with a probability or by a 

certain minimal segment length or both depends on how IBD status is modeled within each 

method. Broadly as a shared segment increase in length we have an increased confidence that 

the segment is truly IBD. Indeed as the random process goes on and on, the size of segments 

transmitted from a generation to another decreases by a factor equivalent to the number of 

meioses (m) separating the two relatives, specifically segments will have an expected length of 

100/m cM (Browning and Browning 2012). The more distant two relatives are the more 

difficult the IBD segments will be to tract as their sizes decrease to a point where it becomes 

too difficult to distinguish from LD blocks. Meanwhile the segment sizes decrease, the 

average proportion of the genome shared IBD will also decrease but much faster and will be 

1/2
m-1

 (Browning and Browning 2012). Those simple theoretical expectations get much more 

complicated when the shared ancestry is not owed only to one but multiple different degree 

ancestors such as in a founder population. Moreover genome-wide patterns of IBD sharing 

have not been described for remote and complex relatedness as it can be observed in the 

French Canadian founder population. Therefore this particular point will be one of the topics 

studied in the second chapter of this thesis.  
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Besides the main interest of IBD, that is being informative for relationship inference, IBD 

segments have many purposes. IBD tracts can be used to investigate population history (Gusev 

et al. 2012; Palamara et al. 2012; Moreau et al. 2013; Gravel et al. 2013) and to map diseases 

(Houwen et al. 1994; Kenny et al. 2009). IBD mapping is somehow in between association 

studies, which are testing single variants, and linkage analysis in families, which is looking for 

variants cosegregating with the disease variants while it does not require any pedigree or 

genealogical information to be performed. IBD mapping can even be more powerful than 

single variant association when rare variants are involved (Browning and Thompson 2012) or 

more powerful than analysing families independently when those ones have a common 

ancestral background (Glazner and Thompson 2012). Since IBD detection is done pairwise the 

amount of information quickly rises and it can get tricky to identify groups of interest but 

methods to cluster IBD segments have been developed to overcome this issue (Gusev et al. 

2011; Qian et al. 2014). IBD sharing can also be used to compute heritability and estimates 

coming from it may be even less biased than estimates coming from close relatives (Zuk et al. 

2012). Distant relatives are less purported to share a common environment, which can bias 

heritability estimates. As for phasing, once IBD status is inferred it can be leverage to improve 

imputation accuracy (Kong et al. 2008). 

To fully benefit from IBD segments a better understanding of its patterns and of the 

information, which can be extracted for relationship inference, is definitely important. Most 

IBD inference methods development and assessment relied on simulated datasets and a 

framework with real genotypic data and genealogical data could allow uphold their validity. 

Moreover few methods exist to infer relationships and they basically infer only simple 

relationships (Weir et al. 2006; Huff et al. 2011), i.e. individuals related through one or two 

common ancestors, so there is plenty of work to do to provide details on how related are two 

individuals regardless of the level of complexity from the characteristics of IBD segments. 
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1.4.3. The case of inbreeding 

We presented relatedness between individuals and how we can group certain equivalent 

relationship states (Figure 1.3). There is a particular case we did not discuss a lot, which is the 

relatedness with oneself, i.e. inbreeding, and which corresponds to states 1 to 6 on Figure 1.3 

(p.34). When an individual has parents who are somehow related this results in an offspring 

having parts of its homologous chromosomes coming from the same common ancestor (see 

Figure 1.4C, p.36). Inbreeding coefficient for individual a (  ) is equals to    , where f and m 

are its father and mother and unless they are unrelated the value is greater than zero.  

In terms of IBD sharing inbreeding is also called being homozygous-by-descent (HBB) since 

the two copies are coming from the same ancestor (autozygosity) necessarily they will be 

homozygous. Therefore the more inbred a person is, the more homozygous genetic material he 

has. Initially inbreeding was a concern for all elements of organisms’ vigor (weight, fertility, 

vitality, etc) hence the term “hybrid vigor” is often used for the opposite case (Wright 1922). 

Wright was explaining in 1922 that mutations are more likely to cause damage than improve 

an organism qualities and damaging dominant mutations are more likely to be quickly 

withdrawn leaving the recessive ones to accumulate. He was absolutely right consequently 

when inbreeding occurs; homozygosity occurs for random genes and allows recessive traits to 

be expressed. This is why homozygosity itself was used early on to try to map diseases 

suspected to be recessive (Smith 1953; Lander and Botstein 1987). 

Here our attention will not be focused on one disease; we will attempt to assess how 

inbreeding depression (opposite to hybrid vigor) can influence some health-related traits. 

Many studies reported that an increased homozygosity was associated with quantitative traits 

such as blood pressure, cholesterol, height, intelligence (Rudan et al. 2003b, a; Campbell et al. 

2007; Woodley 2009; McQuillan et al. 2012; Panoutsopoulou et al. 2014), and was even a 

predictor of coronary heart disease, stroke, cancer, depression, asthma, gout, and peptic ulcer, 

(Rudan et al. 2003a). Association were also found with height, weight and BMI in children 

(Fareed and Afzal 2014). As for IBD sharing, to evaluate inbreeding we can use different 

indices such as the raw rate of homozygosity (or heterozygosity) or the length of the 
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homozygous stretches called runs of homozygosity (ROH), and different methods (Purcell et 

al. 2007; Han and Abney 2011; Gusev et al. 2012; Browning and Browning 2013a). However 

those methods as well as the availability of very dense genetic data are quite recent so most 

previous studies on inbreeding depression were using either reported information on 

consanguinity (inbred or not), either computing inbreeding coefficients on small pedigrees or 

using some microsatellites data to assess homozygosity. With the advent of SNPs we think we 

can get a better picture of the extent of the actual homozygosity and then assess whether or not 

it is associated with a range of physical, haematological and biochemical traits. Moreover the 

French Canadian population, which will be under study, is thought to have more distant than 

close inbreeding, which could reduce or eliminate its consequences.  

Consanguinity is an important phenomenon with rates varying across populations and history 

and it is believe that 10% of today’s world population is derived from union of second degree 

cousins or closer relatives (Bittles and Black 2010). In the French Canadian population, the 

inbreeding myth persists today and especially about the Saguenay region, where many 

recessive disorders have been reported. It has been shown however that marriages between 

close cousins were no more frequent in Saguenay than in any other region of Quebec (Vézina 

et al. 2004). In fact what turns out to be true is that Saguenay has one of the highest rates of 

distant consanguinity, which is calculated considering all ancestors over the last 13 

generations (Vézina et al. 2004). 
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1.5. Research questions and thesis outline 

In the previous sections we reviewed how genetic epidemiology has evolved and how founder 

populations contributed to knowledge about diseases, genetic burden and genetic in general. 

We presented the French Canadian population along with the current state of knowledge about 

its history, its population structure, its disease burden and its special toolkit (extensive 

genealogical data and an important biobank) available for the research community.  

French Canadians are definitely a population from which we still have a lot to learn. With its 

load of genealogical information it is the perfect framework to study and compare the 

demographic mechanisms that shaped today’s population. The way the peopling of the Quebec 

province occurred led to unique patterns of relatedness among its inhabitants. Thereby the 

main goal of this thesis is to understand how demographic history shaped the genetic sharing 

in French Canadians and how these genetic relationships can explain variation in different 

health traits. 

Inferring relatedness from genetic patterns is interesting but what if we had extensive 

genealogical information? No such comparison of extensive genealogical data, which can be 

seen as expected sharing between individuals, and genome-wide dense genetic, which can be 

used to measure relatedness have ever been done to our knowledge. Moreover, the study of 

relatedness patterns can help to improve our knowledge of French Canadians and ease 

inference of relationships in other founder populations. Therefore in the second chapter we 

present a study investigating different methods to infer the regions of genetic sharing among a 

group of French Canadian individuals coming from different regions of the Quebec and 

describing this genetic sharing along with the genealogical characteristics. 

Handling an impressive amount of genealogical information can be tricky and describing 

adequately the collected information in not an easy task either; unless we have the proper tool 

to do it. Most softwares and packages we know include particular sets of functions and could 

be more comprehensive and better suited for extensive genealogical data, which generally 

spans several generations and includes a large number of individuals. In the third chapter, we 
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present a tool developed in order to analyze extensive genealogical data. The R package called 

GENLIB includes basic descriptive functions in addition to functions to simulate gene-

dropping in a genealogy. We provide a detailed example of how the tool can be used on a 

genealogical corpus of over 40 000 persons and perform a simulation study to investigate the 

population characteristics, which are influencing the genetic sharing among people.  

Knowing that inbreeding depression can have a negative impact on health we wonder how 

important this phenomenon is, in particular when consanguinity is quantified with the latest 

techniques, and if we can detect it among French Canadians. The French Canadian population 

is known to have sub-populations with distant consanguinity but it is not clear if inbreeding 

over an interval of several generations also has a worthwhile impact on health phenotypes. 

Many studies of inbreeding depression used pedigree-based estimates to assess inbreeding and 

we question this approach. In the fourth chapter I present a study on the impact of distant 

inbreeding on multiple health-related traits. We use a sample of individuals from the biobank 

CARTaGENE and target individuals having a French Canadian origin to measure their level 

of inbreeding. We use their inbreeding coefficients to determine the presence of correlations 

with their physiological traits.  

The last chapter summarises results from the three studies and outlines the limits of this work. 

I also suggest new research questions and I discuss the impact of this work in a broad context 

and in relation to knowledge of the Quebec population. 
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Abstract 

In genetics the ability to accurately describe the familial relationships among a group of 

individuals can be very useful. Recent statistical tools succeeded in assessing the degree of 

relatedness up to 6-7 generations with good power using dense genome-wide SNP data to 

estimate the extent of identity-by-descent (IBD) sharing. It is therefore important to describe 

genome-wide patterns of IBD sharing for more remote and complex relatedness between 

individuals, such as that observed in a founder population like Quebec, Canada. Taking 

advantage of the extended genealogical records of the French Canadian founder population, 

we first compared different tools to identify regions of IBD in order to best describe genome-

wide IBD sharing and its correlation with genealogical characteristics. Results showed that the 

extent of IBD sharing identified with FastIBD correlates best with relatedness measured using 

genealogical data. Total length of IBD sharing explained 85% of the genealogical kinship’s 

variance. In addition, we observed significantly higher sharing in pairs of individuals with at 

least one inbred ancestor compared to those without any. Furthermore, patterns of IBD sharing 

and average sharing were different across regional populations, consistent with the settlement 

history of Quebec. Our results suggest that, as expected, the complex relatedness present in 

founder populations is reflected in patterns of IBD sharing. Using these patterns, it is thus 

possible to gain insight on the types of distant relationships in a sample from a founder 

population like Quebec. 
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Introduction 

In genetics research, the ability to accurately describe the familial relationships among a group 

of individuals can be very useful. For example, genome wide association studies generally 

assume that studied subjects are independent and this assumption can be assessed easily if the 

list of their recent ancestors is known and error-free. Almost everybody can identify their 

parents and generally also their grandparents or even great-grandparents. However, most 

people do not know about their ancestors more remote than two or three generations unless 

extensive genealogical records are available for the population studied, as in the cases of the 

Hutterites (Abney et al. 2000), Icelanders (Tulinius 2011) or Amish (Khoury et al. 1987) for 

example. 

Another way to describe relationships among individuals in a dataset is to look directly at their 

genome. Recent statistical tools succeeded in assessing the relatedness up to 6-7 degree 

relatives with good power using identity-by-descent (IBD) sharing (Huff et al. 2011). IBD 

sharing, estimated with genome-wide single nucleotide polymorphism (SNP) data, is defined 

as segments of the genome shared identically between two individuals. These chromosome 

segments are identical-by-state (IBS) and descend from a common ancestor without 

occurrence of any recombination event (Powell et al. 2010). A segment IBD is always IBS but 

the reverse is not necessarily true unless the timescale is unlimited. In practice, IBD detection 

from SNPs captures relatively recent ancestry since the resolution of IBD segment detection in 

a specific dataset limits the timescale that can be considered (Browning and Browning 2012). 

Following the important technological innovations that made large amounts of genome-wide 

SNP data available at reasonable costs, several methods to detect IBD sharing between 

individuals have been developed. Approaches are generally based on the likelihood that a 

genetic sequence is IBD, which is measured with a probabilistic model detailing the whole 

IBD process or using the frequency of haplotypes, where low frequencies of a shared 

haplotype is an indication of highly probable IBD, or by setting a segment length threshold as 

a sequence is more likely to be IBD as it is spanning a large chromosomal segment. For 

example, GERMLINE is a method using a length threshold that builds up a dictionary with 
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chunks of haplotypes and IBD segments are spotted in accordance with a minimal length and 

with some flexibility as genotyping errors might be present (Gusev et al. 2008). The most 

flexible method is the hidden Markov model (HMM) that provides a basic framework to 

which probabilities for genotyping error and a linkage disequilibrium (LD) model can be 

added (Purcell et al. 2007; Albrechtsen et al. 2009; Browning and Browning 2011b; Han and 

Abney 2011). Haplotypes or genotypes can be used and some inference methods also use IBD 

detection to improve or to perform phasing (Kong et al. 2008; Genovese et al. 2010; Palin et 

al. 2011). Simulations studies have shown that more complex models had lower false 

discovery rates and higher sensitivity, in particular higher power to detect small segments, 

resulting in greater accuracy of IBD segment detection (Gusev et al. 2008; Browning and 

Browning 2011b; Han and Abney 2011; Palin et al. 2011). 

Most comparisons of IBD inference methods have been conducted in homogeneous, 

unstructured populations and in simulation frameworks. In fact, to our knowledge, IBD 

inference methods have not been compared in a real-data setting with extensively documented 

genealogical records, and genome-wide patterns of IBD sharing have not been described for 

remote and complex relatedness such as that observed in the French Canadian founder 

population of the province of Quebec, Canada. The history of the French Canadian founder 

population begins with French settlers arriving at the beginning of 17th century (Charbonneau 

et al. 2000). Immigration from France ceased with the British Conquest in 1759. From 1755, 

Acadians, who were descendants of French pioneers who settled in Acadia (located in areas of 

present-day Nova Scotia, New Brunswick, and Prince-Edward Island), started to move to 

several regions of Quebec, escaping the deportation led by the British (Bergeron et al. 2008). 

In the last part of the 18th century, American Loyalists, who wanted to stay under the British 

rule, also moved to Quebec. Meanwhile, the French Canadian population expanded rapidly in 

relative isolation caused by linguistic, religious and geographic barriers, which amplified the 

founder effect (Bouchard and De Braekeleer 1990). As population size grew, settlers 

colonized new regions of Quebec, including remote and isolated regions, which resulted in 

population structure (Bherer et al. 2011; Roy-Gagnon et al. 2011).  
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In this study, we focused on three regions: the Saguenay-Lac-St-Jean, the western part of the 

North Shore and the Gaspe peninsula, as well as the two main cities of the province, Montreal 

and Quebec City (Fig. 1 in Roy-Gagnon et al. (2011)). In Saguenay, French Canadian 

settlement started around 1840 with the arrival of inhabitants from the neighbouring region of 

Charlevoix. Between 1840 and 1910, 75% of the 30,000 immigrants to Saguenay came from 

that region (Pouyez et al. 1983). The region of the North Shore was mainly colonized by 

people from the Charlevoix and Bas-St-Laurent regions between 1840 and 1920 (Frenette 

1996). On the other side of the St. Laurence River, in Gaspesia, permanent European 

settlement began some decades earlier. In the second half of the 18th century the Gaspe 

Peninsula first greeted Acadians. Soon after, Loyalists joined them. Lastly, French Canadians 

attracted by developing fishing, naval and lumber industries also moved to Gaspesia 

(Desjardins et al. 1999). These three groups then evolved quite separately as they married 

mostly among themselves (Desjardins et al. 1999). 

During the 19th and 20th century, immigration from various origins mixed into the French 

Canadian population with a very limited genetic impact and it has been shown that early 

founders have a greater contribution to the current gene pool (Heyer et al. 1997; Bherer et al. 

2011). Today, about 80% of the 8 million inhabitants of the province is French speaking 

(Statistics Canada 2012). 

The availability of genealogical data is a major advantage for genetic research in Quebec. Two 

important population registers exist: the BALSAC population register and the Early Quebec 

Population Register. The information contained in these databases comes primarily from vital 

statistics (births, marriages, deaths). As of November 2012, the BALSAC population register 

contained over 3 million records, which have been computerized and linked to cover the 

whole province for the 19th and 20th centuries (mostly marriage records) (BALSAC 2012). 

The Early Quebec Population Register contains all records from the beginning of settlement 

(1608) to 1800 for a total of 700,000 records (Desjardins 1998). Using these population 

registers, it is possible to reconstruct ascending genealogies of subjects from the present-day 

population going back over four centuries. 
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In this study, we used extensive genealogical data from Quebec in combination with genome-

wide SNP data to first compare inference of IBD sharing provided by different methods in 

order to best describe genome-wide IBD sharing and its correlation with genealogical 

characteristics. IBD sharing detection was performed on a sample including seven populations 

of Quebec: French Canadians, Acadians, and Loyalists from Gaspesia as well as French 

Canadians from Saguenay-Lac-St-Jean, North Shore, Quebec City, and Montreal. Our 

analyses showed a good correlation between total length of IBD sharing and genealogical 

kinship coefficients for most methods with FastIBD yielding the best correlation overall. 

Using IBD results from FastIBD, we found differences in genome-wide IBD sharing patterns 

across sub-populations, which reflect genealogical characteristics. This information suggests 

that IBD sharing can reveal, at least in part, the complex relatedness present in a sample from 

a founder population like Quebec.   
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Material and Methods 

Study population  

The data consist of 143 individuals from a previously reported sample from seven sub-

populations of Quebec (Roy-Gagnon et al. 2011). Recruitment criteria focused on the 

geographical origin of participants, and as much as possible, we recruited participants with at 

least one parent born in the region before 1960 or who were themselves born in the region 

before 1960. For all individuals, using the BALSAC population register and the early Quebec 

Population Register, genealogies were reconstructed as far back as possible and confirmed the 

absence of closely related individuals (first cousins and closer) in the sample. All participants 

gave their informed consent and the CHU Sainte-Justine Ethics Committee approved the study 

protocol. 

For comparison purposes, we downloaded the original CEU sample (II+III) from the 

International HapMap project (International HapMap Consortium et al. 2007). We excluded 2 

highly related individuals (Pemberton et al. 2010), leading to a set of 109 individuals (more 

distantly related than cousins) with North-Western European origin (see Supplementary Table 

2.2 p.72).  

Genotyping and quality control 

Sample from Quebec was genotyped on Illumina HumanHap650Y arrays at the McGill 

University and Genome Quebec Innovation Center. Quality control procedures were the same 

as in the first publication using this sample (Roy-Gagnon et al. 2011). Briefly, quality check 

was performed to retain individuals and SNPs with at least 90% genotypes and to select only 

common autosomal SNPs (MAF > 5%) in Hardy-Weinberg equilibrium (exact test (Wigginton 

et al. 2005), p>0.001). These restrictions yielded 140 individuals (20 Gaspesian French 

Canadian, 20 Acadians, 20 Loyalists, 22 from Saguenay-Lac-St-Jean, 20 from the North 

Shore, 16 from Quebec City and 22 from Montreal) and 539 742 SNPs. The same quality 
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control criteria were applied to HapMap CEU, yielding 538 776 SNPs. All genomic positions 

are according to NCBI build 37. 

Genealogical data and associated measures 

The completeness of the genealogical data is measured by the proportion of ancestors 

observed (i.e. ancestors for whom information is available) in the data at a given generation 

divided by the expected number of ancestors. The completeness of our genealogical data of 

our sample of 140 individuals is over 90% up to the 5th generation and over 80% up to the 9th 

generation, except for the Gaspesian Loyalists (see Roy-Gagnon et al. (2011) for a more 

detailed description of completeness in these data). The lower amount of genealogical 

information available for the Loyalists sample is mainly due to their later arrival in Quebec 

and, to a lesser extent, to the fact that Protestant records were less complete and less well kept 

than Catholic records (which cover French Canadians and Acadians).  

To describe the sample, kinship and inbreeding coefficients were calculated using the S-Plus
®
 

8.0 (S-PLUS 8.0. Copyright 1988, 2007 Insightful Corp) function library GenLib. This library 

implements the algorithm of Karigl to calculate kinship coefficients (Karigl 1981). We also 

used PedHunter software (Lee et al. 2010) to get the set of lowest common ancestors (LCAs) 

for each pair of individuals. LCAs are the most recent ancestors shared by a pair of 

individuals. A pair can have more than one LCA as long as no ancestor in the set of LCAs 

shares a descendant who is also an ancestor of the pair of individuals. We also obtained, using 

PedHunter, the length of the shortest paths from one member of the pair to the other member 

through their LCAs, named hereafter distances to LCAs. Once each set of LCAs was obtained, 

we calculated the inbreeding coefficients of these LCAs. We used the sum of these inbreeding 

coefficients to measure the total amount of inbreeding present among the LCAs. 



 

54 

 

Genomic IBD sharing 

We selected five different methods to perform the detection of IBD segments, all using a 

probabilistic framework except GERMLINE. GERMLINE is a computationally efficient 

software implementing a method that builds a dictionary of haplotypes to find matches 

between individuals. These matches are then extended to identify long shared segments while 

allowing some flexibility by assuming an error rate per SNP in order to avoid too many false 

negatives caused by genotyping inaccuracies (Gusev et al. 2008). Other methods are largely 

based on hidden Markov models (HMM). PLINK is the simplest method since it does not 

allow genotyping error and assumes that SNPs are in approximate linkage equilibrium (Purcell 

et al. 2007). IBDLD incorporates potential genotyping errors and missing data and has an 

extension for LD (Han and Abney 2011). The FastIBD method also includes a LD model 

when estimating IBD. The inference is conducted on sampled haplotypes for which an IBD 

score is calculated using shared haplotype frequency. Detected tracts are then extended and 

identified as being IBD according to a threshold set on score values (Browning and Browning 

2011b). The last method that we considered, SLRP, also uses a HMM to approximate the IBD 

process while considering a genotyping error rate (Palin et al. 2011). 

For all methods default parameters were used and some data manipulations were performed 

when necessary (Supplementary Table 2.3 p.73). For PLINK, which does not include LD, we 

did SNP pruning (pairwise r² < 0.2 in sliding windows of size 50 shifting every 5 SNPs) 

leading to a subset of 65 959 SNPs. For GERMLINE, we phased data with two different 

methods; Beagle version 3.3.1 (Browning and Browning 2007) and ShapeIT version 1.378 

(Delaneau et al. 2012). For all analyses, we kept only segments greater than or equal to 2 cM, 

corresponding to the expected length of segments for common ancestors up to 25 generations 

ago (Browning and Browning 2012; Brown et al. 2012). This length ensures a good sensitivity 

and limits the false discovery rate (Gusev et al. 2008; Browning and Browning 2010, 2011b; 

Brown et al. 2012).  
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Statistical analysis  

We first examined the correlation between IBD sharing identified with the different methods 

and genealogical kinship coefficients. We used the total length of all segments shared IBD and 

calculated Pearson’s correlation coefficients. Assuming that genealogical kinship is the true 

expected kinship, we selected the method providing the best correlation as the best method for 

our population and retained this method for further analyses. We also examined the 

distribution of the lengths of the IBD segments identified by each method and we considered 

computation time. 

We then examined the relationships between genomic IBD sharing and genealogical 

characteristics using simple linear regression models. We also looked at genomic sharing in 

pairs of individuals with or without at least one inbred LCA. Lastly, we investigated 

differences in IBD among the sub-populations. We plotted the average number of segments of 

a certain size shared per pair of individuals and also the proportion of pairs of individuals 

having IBD sharing at each position on the genome.  
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Results 

Genealogical description 

Levels of relatedness among individuals within the different sub-populations, as measured by 

the kinship coefficients estimated from the genealogical data, vary greatly (Supplementary 

Figure 2.5 p.69). As described in Roy-Gagnon et al. (2011), people from Saguenay and North 

Shore as well as Acadians had higher levels of kinship while populations from Montreal and 

Quebec City areas were less related. These observations are consistent with the settlement 

history of the province of Quebec and are also supported by previous findings based on 

genealogical data that emphasized a West-East decreasing gradient of diversity among 

regional populations as well as a stratification of regional populations (Bherer et al. 2011). 

Figure 2.1A (p.57) presents the distributions of the number of LCAs per pair of individuals 

excluding unrelated pairs according to the genealogical kinship coefficients (i.e., pairs of 

individuals with kinship = 0). Pairs of individuals with kinship value equals to zero are pairs 

unrelated relatively to the time scale considered or related but without enough genealogical 

information available to support the relationship. In the whole sample, the average number of 

LCAs per pair of individuals was 74, ranging from 2 to 433. Average numbers of LCAs for 

the sub-populations ranged from 2.3 (Loyalists) to 152.6 (Montreal area), and the distributions 

were significantly different among sub-populations (all Kolmogorov-Smirnov test p-values < 

0.007). For each related pair we also looked at the distance to the most recent LCA and the 

mean distance to LCAs (Figure 2.1C, D), which were on average 15.5 (ranging from 5 to 24) 

and 19.8 (ranging from 7 to 24), respectively. These distributions were also significantly 

different across populations (p-values < 0.02) except for minimal distance to LCA for 

Loyalists compared to Acadians and Gaspesian French Canadians compared to North Shore.  

We also described inbreeding among LCAs. Only 13% of pairs of related individuals had one 

inbred LCA or more but this percentage varied greatly from one population to another. The 

proportions of pairs with at least one inbred LCA was more than half for the Saguenay, North  
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Figure 2.1 Distributions of genealogical characteristics 

Histograms of genealogical characteristics calculated for each of the 7704 related 

pairs (i.e. genealogical kinship > 0). A) Number of lowest common ancestors 

(LCAs); B) Sum of LCAs’ inbreeding coefficients (Fs) among pairs having at 

least one inbred LCA (n=1034); C) Distance to nearest LCA; D) Mean distance to 

LCAs. 
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Shore and Acadian populations, 31% for Gaspesian French Canadians and less than 8% for the 

other populations. The number of inbred LCAs for a pair of individuals with LCAs ranged 

from 0 to 13 and inbreeding coefficients ranged from 0.00006 to 0.06, which are 

approximately equivalent to individuals with parents that are seventh degree relatives and first 

cousins, respectively. Figure 2.1B (p.57) shows the sum of all LCAs’ inbreeding coefficients, 

which is the measure that we chose to summarize the inbreeding information. This sum ranged 

from 0.0001 to 0.2 for pairs of individuals with at least one inbred LCA. Overall, distributions 

of genealogical characteristics reflect the diversity and complexity of the relationships present 

in the structured founder population of Quebec.  

 Comparison of different IBD sharing detection methods 

Before comparing results from selected methods, we looked at results from the only method 

using phased data, GERMLINE, for which we used two different phasing methods (ShapeIT 

and Beagle). Haplotypes obtained with different phasing methods are not consistent and this 

might impact IBD inference. Indeed, data phased with ShapeIT provided IBD results that were 

more strongly correlated with the genealogical information than those phased with Beagle. 

The correlation between total length of IBD segments and genealogical kinship coefficients 

for results from GERMLINE was 0.92 for genotype phased with ShapeIT and 0.72 for 

genotype phased with Beagle. Hence, we retained GERMLINE’s results with ShapeIT phasing 

for further analyses. 

In the whole sample from the Province of Quebec, we observed Pearson’s correlation 

coefficients ranging from 0.69 to 0.92 for the total length of IBD sharing identified with the 

different methods against the genealogical kinship coefficient (Table 2.1 p. 59, Supplementary 

Figure 2.6 p.70). Three methods (GERMLINE, FastIBD and IBDLD) stand out with 

correlation coefficients of 0.92. IBD sharing identified by PLINK and SLRP was less 

concordant with genealogical information.  
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Table 2.1 Pearson’s correlation coefficients between total length of IBD 

sharing and kinship coefficients for each population and each method  

Population 
Methods 

PLINK GERMLINE FastIBD IBDLD SLRP 

ACA 0.87 0.88 0.89 0.89 0.85 

GFC 0.92 0.91 0.92 0.92 0.88 

LOY -0.03 0.84 0.86 0.86 0.01 

MON 0.10 0.39 0.46 0.45 -0.02 

NS 0.85 0.88 0.90 0.88 0.83 

QUE 0.09 0.31 0.45 0.42 0.15 

SAG 0.15 0.82 0.84 0.83 0.13 

PQ 0.77 0.92 0.92 0.92 0.69 

Abbreviations: ACA, Acadians; GFC, Gaspesian French Canadians; LOY, 

Loyalists; NS, North Shore; MON, Montreal; QUE, Quebec City area; SAG, 

Saguenay; PQ, Whole sample from the Province of Quebec. 
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To get a better idea of which method provided the most appropriate results for our data, we 

further examined the correlation between IBD sharing and kinship in each sub-population 

separately. Correlations varied across populations (Table 2.1). We noted the low correlation of 

IBD sharing inferred by some methods in the Saguenay region with kinship coefficient despite 

the presence of a noteworthy degree of relatedness among individuals in this region. Less 

surprisingly, populations with lower expected relatedness, such as Montreal and Quebec City 

areas, had lower correlations with values ranging from 0.02 to 0.46. We also noted that 

correlations found for the Loyalists were either very good (0.84 to 0.86) or very weak (-0.03 

or 0.01). 

Results from FastIBD were retained for further analyses. Assuming that genealogical kinship 

is the true expected kinship, FastIBD was among the fastest (see Supplementary Table 2.4 

p.74 for detailed information on computation time) and best reflected the relatedness described 

by our genealogical data, as evaluated by the correlation between total length of IBD sharing 

and genealogical kinship coefficient.  

Genealogical measures versus inferred IBD sharing 

Before looking at the relationship between IBD sharing and different genealogical variables, 

we examined the impact of genealogical completeness on the correlation between total length 

of IBD sharing and the genealogical kinship coefficient. We recalculated the correlation 

coefficients with pairs of individuals having more than 50% of their genealogical information 

complete at the 5
th

 generation and also with the same completeness at the 10
th

 generation. 

Almost no change was observed at the 5
th

 generation, while at the 10
th

 changes in correlation 

coefficients were small (0 to 0.10, all within one standard deviation of the estimates) except 

for the Loyalists that did not have enough complete pairs at the 10
th

 generation to recalculate 

the correlation. We chose to keep all pairs in our sample. 

 As IBD sharing was highly correlated with genealogical kinship coefficient, a simple linear 

regression fits the data well. Hence, the overall degree of relatedness is well captured by 

overall IBD sharing with 85% of the variance in kinship coefficients explained by total length  
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Figure 2.2 IBD sharing and genealogical characteristics 

Scatter plots of total length of IBD sharing versus genealogical characteristics for 

each pair (n=9730): A) kinship coefficients; B) distance to nearest lowest 

common ancestor (LCA); C) sum of LCAs' inbreeding coefficients (Fs); and D) 

mean distance to LCAs. A simple linear regression line is plotted in grey on each 

graph. 
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of IBD sharing (Figure 2.2A p.61). Total length of IBD sharing also reflected characteristics 

of relatedness, such as shorter distance to LCA or having an inbred ancestor. Total length of 

IBD sharing explained 26% of the variance in the mean distance to LCAs, 39% of the variance 

in the distance to the nearest LCA, and 31% of the variance in the sum of LCAs’ inbreeding 

coefficients (Figure 2.2B-D p.61). As pairs of individuals sharing an inbred common ancestor 

seemed to be a distinct group we separated the whole sample based on this criterion to assess 

the impact on IBD sharing. Comparing the two groups obtained, we observed significantly 

more IBD sharing for pairs having at least one inbred LCA (Supplementary Figure 2.7 p.71). 

These pairs have, on average, 7.2 times more total length of IBD sharing and 4.5 times more 

IBD segments. 

IBD sharing in populations 

The amount of IBD sharing per population is shown on Figure 2.3 (p.63). Each dot represents 

the mean number of segments shared per pair for specific length ranging from 2 to 15 cM. The 

number of segments and their length vary with the degree of relationships, yielding distinct 

curves for the different levels of kinship present in the populations. The Acadians, which have 

the highest levels of kinship, have a curve well above the other populations. The Saguenay and 

North Shore curves overlap, reflecting similar kinship levels in these two populations. 

Montreal and Quebec City show lower and more variable levels of IBD sharing. We also 

observed a clear difference between our whole sample from Quebec and the HapMap CEU 

sample. On average pairs of individuals from Quebec shared 3.8 IBD segments and have 21.3 

cM of IBD sharing while those from HapMap CEU share 2.7 IBD segments and have 8.0 cM 

of IBD sharing. Thus, pairs of individuals from Quebec also shared longer segments, with 

segments smaller than 5 cM representing 63% and 96% of segments for Quebec and HapMap 

CEU, respectively. 
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Figure 2.3 Pairwise IBD sharing in each population 

The mean number of segments shared is shown (y-axis, log-scale) per pair for 

specific 1 cM class length ranging from 2 to 15 cM.  ACA, Acadians; GFC, 

Gaspesian French Canadians; LOY, Loyalists; NS, North Shore; MON, Montreal; 

QUE, Quebec City area; SAG, Saguenay; PQ, Whole sample from the Province of 

Quebec; CEU HapMap. 
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Whole-genome IBD sharing 

Figure 2.4 (p.65) shows the proportions of pairs of individuals having IBD sharing at specific 

chromosomal positions across the whole genome. Patterns across populations are different 

and, as in Figure 2.3, we can see that average sharing differs among populations, with the 

CEU sharing less than the Quebec population. Some IBD sharing seems consistent across 

populations for example around the HLA region on chromosome 6 where a peak can be 

observed for the whole Quebec sample and CEU sample.  
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Figure 2.4 Genome-wide patterns of IBD sharing in each population 

The proportion of IBD sharing across the genome is shown for each population 

with vertical dashed lines to separate chromosomes and mean proportion of 

sharing indicated on the left. The proportion was calculated at each position that 

was genotyped in our data. Note that the scale is different for the first four graphs 

in panel A. A) Quebec populations: ACA, Acadians; GFC, Gaspesian French 

Canadians; LOY, Loyalists; NS, North Shore; MON, Montreal; QUE, Quebec 

City area; SAG, Saguenay; B) PQ, Whole sample from the Province of Quebec; 

C) CEU HapMap. 
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Discussion 

In this study, we first compared IBD inference provided by five different methods by 

correlating total length of IBD sharing with genealogical kinship. To our knowledge, our study 

is the first to provide a comparison of the performance of different methods in a complex 

dataset from a founder population. It is difficult to evaluate the performance of methods in a 

real-data setting since we do not know the truth. Because of the availability of extended 

genealogies in our population, we could evaluate, at least in part, the performance of IBD 

detection methods by comparing them to genealogical information. Our results confirmed the 

importance of a well-defined and flexible model or algorithm for IBD inference and identified 

FastIBD, GERMLINE and IBDLD as the best-performing methods based on the high 

correlations between total length of IBD segments shared by pairs of individuals and their 

genealogical kinship coefficient. As noted in previous studies, simple models that do not 

consider genotyping errors and LD, such as that implemented in PLINK, yield lower 

resolution of IBD detection (Gusev et al. 2008; Browning and Browning 2010). In our sample, 

the smallest segment detected with PLINK was 3.8 cM long, almost twice as our threshold of 

2 cM. With respect to genotyping errors, a modification of PLINK has been proposed in order 

to include genotyping confidence scores into the IBD inference process which could improve 

IBD inference (Markus et al. 2011). SLRP has previously been shown to yield a high accuracy 

of IBD detection compared to GERMLINE and FastIBD in simulated data (Palin et al. 2011). 

However, in our population, SLRP identified more IBD sharing than the other methods while 

yielding the lowest correlation coefficients with genealogical kinship overall. 

We selected FastIBD for further analyses because IBD sharing within populations was more 

associated with genealogical information with this method and it was fast to run. We 

recognize that we did not optimize the parameters selected for each method but simply used 

the ones recommended by the authors for their methods. Parameter optimization could have 

affected our comparison and improved our results. However, our results are consistent with 

most simulations reported in the literature comparing different methods. We also restricted our 

study to five methods since other existing methods were more difficult to use or not 
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implemented in a software (Albrechtsen et al. 2009; Moltke et al. 2011; Stevens et al. 2011; 

Brown et al. 2012).  

Using results from FastIBD, we then related IBD sharing to the different genealogical 

measures. Total length of IBD sharing explained a large portion of the variance in kinship 

coefficients. Our results highlight the variability in realized IBD sharing for a variety of pairs 

of remotely related individuals with known kinship. Not surprisingly, total length of IBD 

sharing also explained more of the variance in the distance to nearest LCAs than of the 

variance in mean distance to LCA since the most recent ancestors have a higher impact on 

IBD sharing. We aggregated inbreeding coefficients from LCAs into a unique sum and found 

that IBD sharing also explained a noteworthy part of its variance. However we are conscious 

that a pair of individuals could have no inbred LCA identified but still share a more distant 

inbred ancestor. This occurred for only 20 pairs of individuals. Some shared inbred LCAs may 

also not be identified because of lower genealogical completeness. This might explain a few 

pairs of individuals without inbred LCAs (shown as outliers on Supplementary Figure 2.7 

p.71) that had an important amount of IBD sharing compared to their group average and that 

had inbred ancestors that were not shared according to the information available. 

Length of segments identified in the different populations was also a good way to identify 

population differences. The odds of sharing more segments as well as longer segments were 

higher in population with more relatedness, as expected. Furthermore, IBD sharing in the 

whole sample was very high and, as expected, mean length of segments inferred (data not 

shown) was higher than in any other HapMap or Ashkenazi Jewish populations considered in 

Gusev et al. except for one sample in which many pairs were closely related (closer than 1
st
 

degree cousin according to IBD inference) (Gusev et al. 2012). The high IBD sharing and 

increased proportion of longer segments is explained by founder events that occurred and 

population expansions following them (Palamara et al. 2012). The fact that the Saguenay 

population size underwent a 25-fold increase in only a century, from 1861 to 1961, while the 

whole Quebec population increased about 5 times, is in good conjunction with our results.  
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Despite important differences in mean proportion of IBD sharing between Quebec and 

HapMap CEU, we noted the presence of a common peak of IBD on chromosome 6 covering 

the HLA region. Increased IBD sharing has been reported for this region in several 

dpopulations and could be the results of selection (Albrechtsen et al. 2010a; Gusev et al. 

2012). As pointed by Browning and Browning (Browning and Browning 2012), IBD inference 

will be facilitated in region with high LD but LD may also lead to overestimating the true IBD 

sharing relative to recent common ancestor. Knowing that important LD normally arises in 

presence of natural selection, the relevance of an excess of IBD sharing in the HLA region 

should be investigated more deeply.  

IBD detection methods are useful in many contexts such as identifying phasing errors or 

polymorphic deletions, estimating heritability (Gusev et al. 2008; Price et al. 2011), inferring 

kinship (Huff et al. 2011; Stevens et al. 2011, 2012; Henn et al. 2012; Thornton et al. 2012) 

and mapping diseases in association studies (Gusev et al. 2011; Browning and Thompson 

2012). In cases where genealogical information is not available we now know that IBD is an 

alternative to account for unknown relatedness (Newman et al. 2001). Even in samples that are 

widely used such as those coming from CEPH, precautions are necessary as important 

consanguinity as been identified recently (Stevens et al. 2012). Our study is an additional 

example putting forward the importance of considering relatedness in a sample before 

studying it. The high correlation that we observed between genealogical information and IBD 

sharing, over the wide range of remote relatedness present in our study population, further 

demonstrates the usefulness of genomic IBD detection to capture even complex relatedness 

involving inbreeding and our findings can guide the interpretation of results in other 

population without genealogical data. Our study highlights the great variety in types of 

relatedness present in the French Canadian founder population and how this complex 

relatedness is reflected in patterns of IBD sharing. Using these patterns, it is thus possible to 

gain insight on the types of distant relatedness in a sample from a founder population like 

Quebec, leading to better genetic study design and analysis. 
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Supplementary Figures and Tables 

 

 

 

 

Figure 2.5  Boxplot of genealogical kinship coefficients for each 

population 

ACA, Acadians; GFC, Gaspesian French Canadians; LOY, Loyalists; NS, North 

Shore; MON, Montreal; QUE, Quebec City area; SAG, Saguenay; PQ, Whole 

sample from the Province of Quebec. 
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Figure 2.6 Scatterplots of total length of IBD sharing versus kinship 

coefficients for the whole sample 

Each plot shows on the y-axis the total length of IBD shared by pairs of 

individuals and inferred by a method : A) PLINK; B) GERMLINE; C) FastIBD; 

D) IBDLD; E) SLRP. The total length of IBD sharing is related to the kinship 

coefficient, on the x-axis calculated from the genealogical information. The 

Pearson's correlation coefficient between variables is presented in the bottom-

right corner of each plot. 
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Figure 2.7 IBD sharing and inbreeding 

Boxplots of total length of IBD sharing in pairs of individuals having at least one 

inbred LCA or none. 
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Table 2.2 List of the 109 HapMap CEU samples used 

NA06984 NA11839 NA12043 NA12287 NA12763 

NA06985 NA11840 NA12044 NA12340 NA12775 

NA06986 NA11843 NA12045 NA12341 NA12776 

NA06989 NA11881 NA12056 NA12342 NA12777 

NA06993 NA11882 NA12057 NA12343 NA12778 

NA06994 NA11891 NA12144 NA12347 NA12812 

NA07000 NA11892 NA12145 NA12348 NA12814 

NA07022 NA11893 NA12146 NA12383 NA12815 

NA07031 NA11894 NA12154 NA12399 NA12827 

NA07037 NA11917 NA12155 NA12400 NA12828 

NA07051 NA11918 NA12156 NA12413 NA12829 

NA07055 NA11919 NA12234 NA12489 NA12830 

NA07056 NA11920 NA12239 NA12546 NA12842 

NA07345 NA11930 NA12248 NA12716 NA12872 

NA07346 NA11931 NA12249 NA12718 NA12873 

NA07347 NA11992 NA12264 NA12748 NA12874 

NA07357 NA11993 NA12272 NA12749 NA12875 

NA07435 NA11994 NA12273 NA12750 NA12889 

NA11829 NA11995 NA12275 NA12751 NA12890 

NA11830 NA12003 NA12282 NA12760 NA12891 

NA11831 NA12005 NA12283 NA12761 NA12892 

NA11832 NA12006 NA12286 NA12762 
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Table 2.3 IBD inference methods used and options (default or not) specified 

for each one 

Method and 

version 
Data 

Genotyping 

error rate 

Other parameters specified or data 

manipulations made 

PLINK  

1.07 

Unphased dataset 

pruned to remove 

LD 

Not allowed 

- All pairs included (no inclusion/ 

exclusion threshold  on genome-

wide IBD) 

GERMLINE 

1.5.0 

Phased by either 

Beagle or Shape-It 

Homozygous 

missmatch 2 

(heterozygous 0) 

- Extension on haplotypes 

- Minimum length for match 1 cM 

FastIBD 

3.3.1 
Unphased - 

- Performed a fastIBD analysis 10 

times and combined results 

- IBD criteria: fastIBD score < 10
-10

 

and segment length is ≥ 1 cM 

IBDLD 

2.06 
Unphased 0.01 

- Method used : GIBDLD 

- Extension of the HMM to include 

LD by conditioning on the 10 

previous markers with a ridge 

regression. 

SLRP  

1.0-48-

g20ad5c4 

Unphased 0.001  
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Table 2.4 Runtime comparison for the different IBD inference methods 

For chromosome 12
1
 (26 668 SNPs). All experiments were conducted on a Linux 

node of 1 X 2.66 GHz Xeon CPU with 2 GB of memory. 

Methods Data 
Time 

(hr:min:sec) 

PLINK Unphased 00:06:41 

GERMLINE Phased 00:00:01
2
 

FastIBD Unphased 00:42:11
3
 

IBDLD Unphased 11:35:41 

SLRP Unphased 00:46:57 

1
 The chromosome 12 is selected as an example, since it has a number of SNPs halfway in 

between the smallest and the longest chromosome. 
2
 When adding the phasing step time we obtained 2:22:11 and 00:04:29 when phasing with 

Shape-It and Beagle, respectively.  
3
 FastIBD recommends combining results from 10 runs/chromosome. If these processes are 

parallelized, time decreases to 00:04:20. 
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Abstract 

Background: Founder populations have an important role in the study of genetic diseases. 

Access to detailed genealogical records is often one of their advantages. These genealogical 

data provide unique information for researchers in evolutionary and population genetics, 

demography and genetic epidemiology. However, analyzing large genealogical datasets 

requires specialized methods and software. The GENLIB software was developed to study the 

large genealogies of the French Canadian population of Quebec, Canada. These genealogies 

are accessible through the BALSAC database, which contains over 3 million records covering 

the whole province of Quebec over four centuries. Using this resource, extended pedigrees of 

up to 17 generations can be constructed from a sample of present-day individuals. 

Results: We have extended and implemented GENLIB as a package in the R environment for 

statistical computing and graphics, thus allowing optimal flexibility for users. The GENLIB 

package includes basic functions to manage genealogical data allowing, for example, 

extraction of a part of a genealogy or selection of specific individuals. There are also many 

functions providing information to describe the size and complexity of genealogies as well as 

functions to compute standard measures such as kinship, inbreeding and genetic contribution. 

GENLIB also includes functions for gene-dropping simulations. 

The goal of this paper is to present the full functionalities of GENLIB. We used a sample of 

140 individuals from the province of Quebec (Canada) to demonstrate GENLIB’s functions. 

Ascending genealogies for these individuals were reconstructed using BALSAC, yielding a 

large pedigree of 41,523 individuals. Using GENLIB’s functions, we provide a detailed 

description of these genealogical data in terms of completeness, genetic contribution of 

founders, relatedness, inbreeding and the overall complexity of the genealogical tree. We also 

present gene-dropping simulations based on the whole genealogy to investigate identical-by-

descent sharing of alleles and chromosomal segments of different lengths and estimate 

probabilities of identical-by-descent sharing. 
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Conclusions: The R package GENLIB provides a user friendly and flexible environment to 

analyze extensive genealogical data, allowing an efficient and easy integration of different 

types of data, analytical methods and additional developments and making this tool ideal for 

genealogical analysis.   
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Background 

Studying founder or isolated populations is a major asset in reducing or taking into account the 

heterogeneity of genetic and environmental factors involved in complex diseases. Indeed, 

potential advantages of founder populations include greater genetic and environmental 

homogeneity and in some instances, the availability of extensive genealogical records 

(Bourgain and Génin 2005). Many founder populations across the world are currently studied, 

among others Iceland (Gulcher et al. 2001), the Amish (McKusick 1978; Agarwala et al. 

2003; Morton et al. 2003; Roy-Gagnon et al. 2008), the Hutterites (Newman et al. 2001), the 

Mormons (Slattery and Kerber 1993), Finland (Peltonen et al. 1999; Uimari et al. 2005), 

Newfoundland (Rahman et al. 2003), the Sardinians (Ciullo et al. 2006) and the French 

Canadian founder population of Quebec (Vézina et al. 2005a; Moreau et al. 2011, 2013). As 

the value of genealogical resources is increasingly recognized (Kristiansson et al. 2008; 

Larmuseau et al. 2013a), efforts have been made to obtain extended genealogical information 

and build genealogical databases for use in genetic studies. To our knowledge, there are two 

available, freestanding packages for genealogical analysis, named PEDSYS (Dyke 1999) and 

PedHunter (Agarwala et al. 1998; Lee et al. 2010). However, each lacks some functionality 

that we have found useful in our studies of the Quebec population and neither PEDSYS nor 

PedHunter can be used within a statistical computing environment such as R. 

The BALSAC database is an example of a large genealogical database that has proven very 

valuable for genetic and demographic research in the Quebec founder population (Scriver 

2001; Laberge et al. 2005b; QRS 2015). Briefly, the arrival of French settlers in the province 

of Quebec, Canada, at the beginning of the 17
th

 century followed by the British Conquest 

about a century and a half later shaped the colonization history of Quebec and led to 

successive regional founder effects (Gagnon and Heyer 2001; Scriver 2001). From ~8,500 

settlers, the French speaking population now represents about 80% of the almost 8 million 

inhabitants of Quebec (Statistics Canada 2012). This fast population expansion and the 

regional founder effects have shaped genetic variation and population structure in Quebec. 

The related demographic information can be accessed using the BALSAC database, created 40 
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years ago, which now includes over 3 million vital event records providing information on 5 

million individuals (BALSAC 2014b). These records have been linked allowing for the 

reconstruction of ascending genealogies from present-day individuals going back over four 

centuries. The BALSAC data access policy and the procedures to request access to the 

BALSAC genealogical data can be found on the BALSAC website (BALSAC 2014b).  

Specialized software is required in order to optimally exploit the full potential of these well 

preserved, exhaustive and detailed genealogical data. The S-Plus library of functions GENLIB 

was originally developed to work with the BALSAC database to manage, describe and 

visualize genealogies as well as perform allele-dropping simulations. The GENLIB S-Plus 

library has been used to study the selective advantage to be on an expanding wave front during 

a range expansion (Moreau et al. 2011), the genetic contribution of non-French groups to the 

current population (Tremblay et al. 2008; Moreau et al. 2013), population structure (Bherer et 

al. 2011; Roy-Gagnon et al. 2011), drug intolerance for an inherited disorder in 

multigenerational pedigree (Tremblay et al. 2014) and patterns of genetic sharing relatively to 

expected sharing from genealogical information (Gauvin et al. 2014). 

We have extended and implemented GENLIB in R to provide a freely accessible version of 

the software within a user-friendly and flexible environment and to allow a more efficient and 

easier integration of different types of data and analytical methods, also facilitating future 

developments. Such flexibility is especially important in the context of integrating large-scale 

genomic data and genealogical data. While other pedigree software exist, few are 

comprehensive, free and specific to extended genealogical databases. For example, the 

PedHunter (Agarwala et al. 1998; Lee et al. 2010) and PEDSYS (Dyke 1999) software include 

many functions to describe and analyze genealogical data but do not provide gene-dropping 

simulation functions. In this article, we present most of the functions in the GENLIB package. 

Using these functions, we perform a detailed description of a large genealogical corpus 

including 41,523 individuals provided as an example dataset in the R package. Then we show 

an example of gene-dropping simulations, a procedure in which hypothetical alleles, or 

chromosomal segments, are assigned to ancestors and dropped down the whole genealogical 

tree (MacCluer et al. 1986).   
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Implementation 

Overview  

GENLIB was originally written in the S programming language, integrating C++ functions to 

accelerate and extend S programming. We started with the same C++ functions in the 

translation of GENLIB into an R package and we extended both the C++ and R translation of 

the S code. Interaction between R and C++ is well supported and high quality R libraries are 

available to help implement such packages. The package is portable across Linux-like and 

Windows operating systems, and benefits from the advantages of the R environment, such as 

being open-source, available online under the GNU General Public License, and offering a 

wide range of complementary functions. All code has been tested using version 3.1.0 of R 

(http://cran.r-project.org). Version 1.0 of the GENLIB package presented in this paper 

includes over 40 functions. GENLIB is included in the CRAN packages repository 

(http://cran.r-project.org/web/packages) and is also available on the BALSAC website 

(http://balsac.uqac.ca). By installing the package, users also have access to the genealogical 

data described in this paper.  

Functions implemented 

The starting point for any genealogical analysis in GENLIB is the creation of a genealogical 

object using the gen.genealogy function. The following input information needs to be provided 

in a matrix or data frame where each line corresponds to a subject: the subject identification 

number (ID), the subject’s father ID, the subject’s mother ID and subject’s sex (coded 1/2 for 

male/female). All values must be numerical. Functions from the package are grouped into 4 

categories: i) management, ii) description and visualisation, iii) computation and iv) 

simulations. Table 3.1 provides an overview of most functions included in GENLIB.  

The first category includes functions allowing to track specific individuals (founders, siblings, 

probands, etc) or to extract a part of a genealogy or a lineage. New functions to identify  
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Table 3.1 Overview of GENLIB functions 

 Name Use 

Functions to manage genealogical objects 

 gen.genalogy To create a basic genealogical object 

 gen.lineages To extract parental lineages from a genealogical object 

 gen.branching To extract a subset of a genealogical object 

 gen.genout To output a genealogical object as a data frame 

 gen.founder, gen.half.founder, gen.pro, 

gen.parent, gen.sibship, gen.children, 

gen.findFounders, gen.findMRCA 

To identify specific individuals (founder, half-

founder, proband, parent, sibship, children, 

common founder, most recent common 

ancestor) 

Functions to describe… 

 gen.nomen, gen.nowomen, 

gen.noind, gen.nochildren 

...the number of men, women or individuals in a genealogy 

and number of kids an individual has 

 gen.min, gen.mean, 

gen.max 

...the minimal, mean or maximal generation at which an 

individual can be found in a genealogy (first generation is 

coded 0) 

 gen.depth ...the number of generations in the genealogy 

 gen.completeness ...genealogical data completeness 

 gen.rec ...how many individuals within the specified individual 

group descend from each specified ancestor 

 gen.occ ...how many different (but not mutually exclusive) paths 

link an ancestor to a descendant 

 gen.meangendepth ...how much rooted are the genealogical lineages 

 gen.implex ...the extent of pedigree collapse within an individual's 

genealogy 

 gen.findDistance …distance between individuals through a specific ancestor 

 gen.find.Min.Distance.MRCA …the shortest distances between individuals 

Functions to plot… 

 gen.graph ...the genealogy 

Functions to compute… 

 gen.phi ...the kinship matrix at specified generations 

 gen.f ...the inbreeding coefficients at specified generations 

 gen.gc ...the genetic contribution of ancestors to individuals 

Gene-droppping simulation functions 

 gen.simuProb To compute the probability that individuals have 0, 1 or 2 

copies of a disease allele knowing how many their ancestors 

had 
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 gen.simuSample, 

gen.simuSampleFreq 

To obtain the number (frequencies) of disease alleles for 

each individual taking into account each ancestor's carrier 

status 

 gen.simuSet As function gen.simuSample with option to customize 

transmission probabilities according to the parent's and/or 

subject’s sex 

Note: Additional functions (e.g., to calculate the variance associated with kinship 

and other measures) are available but not included in the table 

common founders and most recent common ancestors (MRCA) to a group of individuals have 

been implemented. In the second category, there are functions to count particular individuals, 

to compute the generational completeness and to describe the depth of the genealogical 

information and the number of paths linking two individuals. The completeness at a given 

generation (g) is the proportion of ancestors present in the genealogy (Ag) relative to the 

maximum possible number of ancestors, i.e. assuming that all individuals at the previous 

generation have two known parents (2
g
) (see Table 3.2, p.85, for all formulas). When 

reproduction between two related individuals happens, the number of distinct ancestors in the 

family tree of their offspring is reduced. The implex index, which can also be computed with 

GENLIB, quantifies this collapsing phenomenon. In other words, the implex measures how 

much an individual's ancestor tree deviates from a binary tree where the individual, his/her 2 

parents, 4 grandparents, 8 great-grandparents and so on are all distinct individuals. Formally, 

the implex is calculated by taking the actual number of distinct ancestors (i.e., each ancestor is 

counted only once regardless of its number of occurrences) relative to the theoretical number 

of ancestors (2
g
) at a specified generation g (Cazes and Cazes 1996). Therefore the implex is 

also influenced by the information known about the ancestors and is always bounded by the 

completeness as an upper limit. In fact, to be informative, the implex should always be 

interpreted in the context of the completeness. Finally, the mean genealogical depth can be 

computed to get the expected generation where the founders can be found (Kouladjian 1986; 

Cazes and Cazes 1996). This value reflects the amount of information available in the 

genealogy as it is the average length of each lineage. In addition to characterizing genealogies, 

GENLIB provides a function to plot the genealogy (see Supplementary Figure 3.5 and Figure 

3.6 for examples of graphs, pp. 100-101). 
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Table 3.2 Formulas of genealogical measures in GENLIB 

Completeness     
  

  
 Ag :number of known ancestors 

at generation g 

Fg : number of founders at 

generation g 

Tg : number of expected 

ancestors at generation g (=2
g
) 

Nf : generation of founder f 

(summation over all generations 

g or over all founders f) 

Implex index     
           

  
 

Mean genealogical 

depth 
     

  

  
  

 

   

 

   

 

 

Variance of mean 

genealogical depth 
   

  

  
   

 

 

Kinship             
 

 

         

 

 

gai (gaj) : number of generations 

between subject i (j) and 

ancestor a, common to i and j 

(summation over all lines of 

descent of ancestor a)  

Inbreeding        k, l : the parents of i 

Genetic 

contribution 
          

 

 
 
  

 

 

gp : number of generations 

between subject s and ancestor a 

through path p (summation over 

all possible paths p) 
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The third category of functions includes demogenetic functions. It is possible to compute the 

kinship and inbreeding coefficients (Malécot 1948; Karigl 1981; Thompson 1986) and the 

genetic contribution of an ancestor to its descendants (Roberts 1968; O’Brien et al. 1988) (see 

Table 3.2 for formulas). For kinship calculations that can be computationally intensive with 

GENLIB, the kinship function allows multi-threading. We compared kinship computation 

times between GENLIB and PedHunter by calculating kinship coefficients for all pairs of 140 

probands using a six-core processor running at 2.667 GHz with 12 GB of RAM. The same 

results were obtained in 2 minutes with the multi-threading option in GENLIB and in 1 minute 

with PedHunter (excluding the preliminary data re-formatting steps required by PedHunter). 

The genetic contribution is the calculation of an ancestor’s contribution to the genetic makeup 

of an individual and this is obtained by summing up the probabilities of transmission over all 

genealogical paths connecting an ancestor and its descendant. Like other functions in the 

package, the computation of genetic contribution is customizable, meaning that it is possible 

to modify the inheritance pattern, which assumes that regardless the sex of parents and child, 

half the genetic material is transmitted. 

Lastly, GENLIB provides functions to perform gene-dropping simulations, simulations which 

have already been proven to be very valuable to study BALSAC genealogies (Heyer 1999; 

Tremblay et al. 2003). Other software implementing gene-dropping simulations (such as 

Mendel (Lange et al. 2013)), were conceived with a focus on whole pedigrees as opposed to 

reconstructed ascending genealogies from large founder populations, resulting in different 

functionalities and usage compared to GENLIB such as, for example, the ability to easily 

restrict simulations to specific individuals or ancestors. In GENLIB, different functions and 

their options allow to simulate genotype data for specific individuals in the genealogy based 

on a provided genealogical structure and according to the number of alleles carried by specific 

ancestors. Briefly, genotypes can be assigned to selected ancestors and segregated down the 

genealogy paths (MacCluer et al. 1986). We added functionality to the gene-dropping 

simulations by implementing a segment-dropping option where the user is able to specify a 

recombination probability, i.e., a chance that the segment is not passed down as a whole. An 

option to specify the survival probability of homozygote carriers of a deleterious allele or 

regions was also added. An interesting application of the simulation functions is to estimate 
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transmission probabilities for alleles or segments from ancestors to descendants, which can be 

computed quickly for simple relationships but can be difficult to obtain for complex 

genealogical structures. 

Datasets and simulations 

Two genealogical datasets are provided with the package, one is a fictive example of 

genealogical data and the other is a true genealogical dataset from the province of Quebec. 

The fictive example is included in the package for educational purposes. Users can explore the 

functions using this example, which is not too big but still has interesting features. In order to 

illustrate what can be accomplished with the GENLIB package, we performed a complete 

description of the ascending genealogies available for the 140 individuals in the Quebec 

sample. These individuals come from various regions of Quebec and this information is also 

provided as a separate dataset within GENLIB. This sample has already been investigated to 

demonstrate the presence of population structure in genetic data, supported by genealogical 

information (Roy-Gagnon et al. 2011). We then performed a simulation study to estimate the 

probability of sharing identical-by-descent (IBD) alleles and chromosomal segments of 

different lengths. Example source code for data analysis is provided in Supplementary Text S1 

(p.102). 

For the Quebec sample, all participants gave informed written consent, provided family 

information necessary to reconstruct their genealogy using the BALSAC database, and agreed 

to the public distribution of their genealogy in coded form. The study was approved by the 

CHU Sainte-Justine Ethics Committee (reference number: 2684).  
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Results 

Description of genealogical data using GENLIB 

The Quebec sample provided with GENLIB includes 140 individuals (probands) sampled 

from seven regional or ethno-cultural populations. The regions represented are Montreal, 

Quebec City area, Saguenay, North Shore and Gaspesia in which we distinguish 3 different 

populations (French Canadians, Acadians and Loyalists). The whole genealogical corpus 

includes 41,523 individuals (20,773 males and 20,750 females). We identified 21,230 nuclear 

families, including 5,994 full-sibships of sizes varying from 2 to 14 individuals. These are 

ascending genealogies, i.e., they are reconstructed for each of the 140 probands separately by 

identifying his/her ancestors and then linked together. Hence, the number and sizes of sibships 

are underestimated. 

Figure 3.1  Completeness and implex indices for the Quebec genealogical 

corpus 
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Including the initial generation (generation 0), this corpus is 18 generations deep. We 

identified 7,399 founders, i.e., individuals without parents in the BALSAC database, among 

all individuals in the genealogy. A few founders are in the second generation, meaning that 

some lineages stop after grandparents. However, more than 90% of the founders are in the 7
th

 

generation or higher. The mean genealogical depth is 9.4, indicating that on average 

genealogical lineages are 9.4 generations deep. Computed values of completeness and implex 

indices are shown on Figure 3.1 (p.88). From the initial generation to the second back in time 

we observe that the whole genealogical corpus is known (completeness equals 100%) and its 

size grows exponentially from a generation to another (implex also equals 100%). From the 

third generation, the completeness and implex indices drop below 100% because pedigree 

collapsing starts and some information is missing. This means that 1) some lineages stop at the 

second generation, as noted earlier by the presence of founders in that generation, and 2) at 

least one individual has related ancestors in the first 3 generations, as indicated by an implex 

value slightly smaller than the completeness value. We also note that the implex index 

decreases faster than the completeness and that the gap between these two indices is the 

largest at the 10
th

 generation. 

Figure 3.2 (p.91) presents the relationship between the cumulative proportion of the genetic 

contribution of founders and the cumulative proportion of contributing founders. We observe 

that the genetic contribution of founders varies across populations with values quite far from 

the linear relationship resulting from the theoretical (unrealistic) uniform genetic contribution 

that would be obtained if every founder had an equal contribution to the gene pool. The 

sample from the Acadian sub-population shows the most uneven contribution of founders as 

2.3% (n=49) of their founders contribute to 50% of the gene pool. In comparison, the sample 

from Montreal has 14.4% (n=794) of its founders contributing to 50% of the genetic pool. The 

larger contribution of some founders is explained by their differential demographic history, as 

well as the one from their descendants, in addition to their time of arrival in Quebec. Indeed it 

was previously observed that kinship coefficients vary among these populations (see Figure 4 

from (Roy-Gagnon et al. 2011)). The highest inbreeding coefficient among all individuals in 

the genealogy (0.17) is observed for a proband from the Loyalist population. The parents of 

this individual are double first cousins, his grand-parents are double second cousins and his 
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great-grand-parents are also first cousins (Figure 3.5 p.100). Within the whole genealogy, 

3.7% (n=1549) of people have inbreeding coefficients greater than 1/64 corresponding to 

parents that are second cousins.  

The founders with the highest genetic contribution are not the ones with the highest coverage, 

i.e., linked to the maximum number of probands, because the genetic contribution is higher 

when an ancestor is closer while coverage increases as an individual is more distant. The high 

coverage individuals are all founders except one (who is the son of two of these high coverage 

founders) and each is linked to the same 121 probands out of all 140 probands in the data. The 

probands not covered by these prolific ancestors are mainly descendants of Loyalists, who 

arrived in Quebec after the American War of Independence, had little intermarriage with the 

surrounding French Catholic population and had less complete genealogical data. For distant 

ancestors, the genetic contribution is correlated with the number of occurrences of an ancestor 

within an individual’s genealogy, in other words how many different, but not necessarily 

mutually exclusive, paths link an ancestor to a descendant. The number of occurrences is 

maximal for a proband from Saguenay and some of its ancestors. Four founders and two of 

their children are linked 176 times trough different paths to this proband. These four founders 

also have the maximal genetic contribution in this genealogical corpus. All probands with 

ancestors occurring more than 60 times in their genealogies come from Saguenay and North 

Shore. Moreover, even if probands from the Acadian population have higher kinship values 

than those from the North Shore and Saguenay (Roy-Gagnon et al. 2011), we observe that 

North Shore and Saguenay are two populations showing an accumulation of distant common 

ancestors with high numbers of occurrences in the genealogy. 
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Figure 3.2  Cumulative genetic contribution of founders for each population 

Plot of the cumulative distribution of genetic contributions of founders for each 

population in relation to the cumulative proportion of contributing founders, 

sorted in decreasing order of their genetic contribution. The dashed line presents 

the hypothetical situation in which all founders of a population contribute equally 

to the gene pool. ACA Acadians, GFC Gaspesian French Canadians, LOY 

Loyalists, MON Montreal, NS North Shore, QUE Quebec City area, SAG 

Saguenay, PQ Whole sample from the Province of Quebec, Unif Uniform 

distribution 
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Gene-dropping simulations using GENLIB 

We performed gene-dropping simulations to evaluate the odds of IBD sharing for two pairs of 

distantly related individuals. We selected individuals that had similar kinship coefficients but 

different patterns of genealogical links (e.g., differences in the number of common ancestors 

and distances to these ancestors), so that patterns of IBD sharing are expected to differ 

between the pairs. For each pair of individuals, we identified all common ancestors and used 

these common ancestors as starting point for allele dropping simulations. We performed 

10,000,000 simulations for each common ancestor and calculated the probability of IBD 

sharing as the proportion of simulations where at least one allele was shared. One pair of 

individuals is from the Saguenay population with a kinship coefficient of 0.0051 and shares 

1628 common ancestors. The other pair of individuals is from the Acadian population with a 

kinship coefficient of 0.0044 and shares 261 common ancestors. Realized IBD sharing and 

genealogical measures have previously been compared between samples from the Saguenay 

and Acadian populations, indicating overall higher levels of IBD sharing in the Acadians in 

agreement with the observed smaller number of closer common ancestors (Gauvin et al. 

2014). Our goal here was to compare IBD sharing at distant kinship levels that are similar but 

arise from very different genealogical links, such as those present in the Acadian and 

Saguenay genealogical structures. 

One advantage of gene-dropping simulations is that they give a more accurate picture of an 

ancestor's impact on the genome of two individuals than the genetic contribution does. As can 

be seen on Figure 3.3 (p.93), estimated probabilities of sharing one allele IBD are either 

perfectly correlated with the product of the two genetic contributions, either greater, 

depending on the ancestor from whom this allele was inherited (Supplementary Figure 3.6 

(p.101) illustrates the different types of ancestors). The odds of sharing an allele IBD depend 

on the number of meioses separating two individuals through a particular common ancestor 

and also on all the possible paths linking those two through this common ancestor. When we 

consider MRCAs, the product of an ancestor’s genetic contributions to the two probands is 

equal to the probability that the probands share one allele IBD because the paths from a 

proband to the MRCA and from the MRCA to the other proband are completely distinct.  
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Figure 3.3  Estimated probabilities of sharing one allele IBD versus 

ancestors’ genetic contributions 

Plots of estimated probabilities of sharing one allele identical-by-descent (IBD) 

from a specific ancestor relative to the product of the genetic contributions of that 

ancestor to each of the two individuals from A) the Acadian population and B) the 

Saguenay population. Probabilities that the two individuals share one allele IBD 

were estimated from 10,000,000 gene-dropping simulations for each shared 

ancestor. Ancestors are divided into four categories depending on whether they 

are founders, most recent common ancestors (MRCA), both (MRCA-Founder) or 

neither of the two (In between). The black line is the identity line, i.e. y=x. 
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Otherwise, for non-MRCA ancestors (either founders or those in between founders and 

MRCA), the product of genetic contributions from that ancestor to both probands 

underestimates the probability of sharing an allele IBD. The more distantly linked two 

individuals are, the less likely they are to share an allele IBD and their variance for the number 

of IBD sharing occurrences across simulation replicates is also lower (Donnelly 1983; Hill 

1993). 

We extended the simulation functionalities of GENLIB to simulate the transmission of 

chromosomal segments for each pair of individuals. Using IBD sharing previously inferred 

from genome-wide genotype data available on the 140 individuals (Gauvin et al. 2014), we 

selected multiple segments shared IBD by the two pairs of individuals described above. We 

used these observed segments to select the lengths of the segments to be simulated. This 

second set of simulations includes a probability that the segment undergoes recombination. 

For all segments we considered recombination rates based on sex-specific recombination maps 

(Kong et al. 2010) (see Table 3.3). We performed 100,000,000 simulations for each common 

ancestor. We were interested in the odds that the segment is transmitted intact from a common 

ancestor to both members of the pair, resulting in a segment shared IBD.  

Table 3.3 Selected segments shared IBD by two pairs of individuals 

Individual 

IDs 
Chr 

Length 

(cM) 

Length male  

recombination map (cM) 

Length female 

recombination map  (cM) 

408868, 

409033 

Acadian 

1 3.5416 3.0829 4.2469 

5 7.3682 5.0353 9.0442 

8 10.0267 4.0278 14.9491 

302710, 

302711 

Saguenay 

3 3.3035 2.2441 4.4612 

7 5.8712 4.0323 8.4025 

1 12.6098 7.1124 17.3889 

The results of the segment-dropping simulations were concordant with expectations. Indeed 

we observed that the probability of sharing a segment IBD decreases compared to the 

probability of sharing only one allele IBD with the increasing length of segments (Figure 3.4). 

Linear regressions for each segment length show how estimated probability of sharing a 

segment IBD decreases with an increasing recombination rate. Our ability to discriminate  
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Figure 3.4  Estimated probabilities of IBD sharing for a segment versus one 

allele 

Plots of estimated probabilities of sharing one segment identical-by-descent (IBD) 

from a specific ancestor relative to the estimated probabilities to share one allele 

IBD from that same ancestor for a pair of individuals from A) the Acadian 

population and B) the Saguenay population. Probabilities that the two individuals 

share one allele or one segment IBD were estimated from 10,000,000 (for allele 

sharing) or 100,000,000 (for segment sharing) simulations for each common 

ancestor. Ancestors are divided in four categories depending on whether they are 

founders, most recent common ancestors (MRCA), both (MRCA-Founder) or 

neither of the two (In between). The solid black line is the identity line and 

colored lines are simple regression lines between IBD sharing of a segment and 

IBD sharing of an allele. Three different segment lengths are considered and 

shown for A: 3.30, 5.87 and 12.61 cM and for B 3.54, 7.37 and 10.03 cM (Table 

3.3).  
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which ancestors could have contributed IBD segments is also facilitated with longer segments. 

Using a threshold on the probability of IBD sharing of 1.00E-08, corresponding to the 10
th

 

percentile of the overall probability distribution, we found that we could eliminate 

proportionally more potential ancestors unlikely to have transmitted a segment for the pair of 

individuals from Saguenay compared to the Acadians for similar segment lengths. For the 

smallest segment (~3.4 cM) we can exclude, respectively for the two Acadians and the two 

Saguenay individuals, 0 (0.0%) and 77 (4.7%) ancestors, for the midsize (~6.6 cM), 6 (2.3%) 

and 154 (9.5%) ancestors and for the longest segment size (~11.3 cM), 20 (7.7%) and 528 

(32.4%) ancestors. As expected, segment length plays an important role since the longer the 

segment is, the higher the recombination chances are. Another important factor is the length of 

inheritance paths. Each time a segment is transmitted, it is subject to recombination so the 

longer a path between two individuals through an ancestor is, the higher the odds of 

recombination are. 
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Discussion 

In this paper, we presented GENLIB, an R package for the analysis of complex genealogical 

data. GENLIB can handle large extended human pedigrees, extended genealogical data from 

human founder populations or extended animal pedigrees. We were able to read and describe a 

fictive pedigree with a size over 10,000,000 and a depth of 58 generations. Some memory 

limits may be encountered, depending on the computer used, when trying to perform 

calculations (e.g., kinship) for a large number of individuals at the same time in complex 

genealogies, but these issues can easily be fixed by performing calculations in batches instead. 

GENLIB is designed to be easily accessible and used by researchers familiar or not with 

genealogical information. The only requirement is a basic knowledge of the R environment. 

GENLIB includes functions to describe genealogies, to compute different genealogical indices 

and to perform simulations based on genealogical relationships. Given the flexibility of the R 

environment, users can also create their own functions to further describe, summarize and 

present (e.g., graphs) GENLIB results. 

We used genealogies from the Quebec founder population to illustrate the utility of GENLIB 

to describe and analyze genealogical data. In addition, we performed simulations to track the 

transmission of alleles or chromosomal segments through the genealogy. Allele- or segment-

dropping simulations that consider the complete genealogical structure can help to predict the 

risk of sharing disease mutations introduced by founders, or to identify ancestral sources of 

variation in a trait of interest (Vézina et al. 2005a; Chetaille et al. 2014). In our simulations, 

we highlighted the fact that specific population characteristics, such as the number of shared 

ancestors and the distance to these shared ancestors, can help discriminate among founders 

more or less likely to have transmitted segments IBD. The fact that individuals from Saguenay 

share more common ancestors that are more distant on average compared to Acadians 

explains, in part, why, for similar kinship values, we can observe quite different IBD segment 

distributions. Gene-dropping simulations can also be used to predict the risk of future loss of 

genes contributed by the various founders. In addition, distributions of IBD probabilities for 

any individuals can be generated through simulations. 
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We plan to continue to improve existing functions, for example by adding more flexible 

options for individual fitness in the simulations. We also plan to extend the range of functions 

available. Examples of planned additions include implementing more data importation and 

graphical functionalities, incorporating information about probands and ancestors, such as 

birth places and dates, implementing a function to flag unrelated components (subpedigrees) 

within a kindred, and implementing statistical tests to compare kinship and inbreeding 

distributions between different groups. Another planned addition is to include an option in the 

segment-dropping simulations to recover the length of transmitted segments instead of only its 

status (fully transmitted or not). With its flexibility, GENLIB provides an important 

contribution towards an improved and optimal way to combine information coming from 

genealogies and genetic material. These two sources of data are complementary and using 

them together could improve genetic data analysis in founder populations, for example in the 

context of estimating relatedness, imputing genomic data or haplotyping (Kong et al. 2008; 

Roy-Gagnon et al. 2011; Speed and Balding 2015). 
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Conclusions 

The GENLIB R package was developed to facilitate a broader and more extensive use of 

available genealogical data from founder populations across the world. The package provides 

a user friendly and flexible environment to analyze genealogical data, allowing a more 

efficient and easier integration of different types of data and analytical methods and making it 

ideal for further developments. Using GENLIB simply requires a minimal knowledge of R and 

provides many functions to manage, describe and analyze genealogical data. Our description 

of a Quebec genealogical sample and our simulation study illustrated the use of GENLIB and 

further highlighted regional differences present in the population. We also provided insight on 

factors influencing the resulting IBD sharing in founder populations. GENLIB is an 

improvement over existing software in that it provides gene- and segment-dropping 

simulations and other new functionalities and in that it can be used within R, which is a 

computing environment familiar to many statistical geneticists. Hence, it is a highly valuable 

tool to researchers studying extended genealogies. 
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Supplementary Figures and Tables 

Figure 3.5  Genealogy of a highly inbred individual 

Genealogical tree for one individual from the Loyalist population. Lineages are 

cut as soon as unrelated individuals are found. 
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Figure 3.6  Genealogical example showing different types of common ancestors 

Two probands can share either 1) most recent common ancestors (MRCA), 2) MRCA which are also founders (MRCA-

Founder), 3) ancestors between MRCA and founders called “In between” or 4) founders. 
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Supplementary Text 1 

Example source code for the description and analysis of the genealogical data presented.  

 

########################## 

########################## 

##### Load the library 

library("GENLIB") 

 

##### Preview data available into the GENLIB package, type "q" to quit 

#data(package="GENLIB")  

 

##### Load and preview the genealogical dataset from Quebec 

data(genea140, package="GENLIB")  

head(genea140) 

 

##### Load and preview the population of origin of the 140 probands from 'genea140'  

data(pop140, package="GENLIB") 

head(pop140) 

 

##### Numbers of individuals per population 

table(pop140[,2]) 

 

##### To get help on a function, type '?' + function and type "q" to quit 

#?gen.genealogy 

 

########################## 

########################## 

##### Create the genealogical object 

gen140<-gen.genealogy(genea140) 

##### Print basic information about the genealogy 

gen140 

 

##### Alternatively 

gen.noind(gen140) 

gen.nomen(gen140) 
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gen.nowomen(gen140) 

 

##########################  

##########################  Warning : this part can take a few minutes (~20) 

##### Siblings and sibships size 

sibshipsize<-NULL 

##### If individuals have no parents, then we can not known if they are siblings 

##### Those individuals are removed from the list of potential siblings 

list_individuals<-genea140[-which(genea140[,2]==genea140[,3] & genea140[,2]==0),1] 

i=1 

 

while (i<=length(list_individuals)){ 

 

##### Test if an individual has full siblings 

sibs<-gen.sibship(gen140,list_individuals[i], halfSibling=FALSE) 

# Add the size of this sibship to the list 

sibshipsize<-c(sibshipsize,length(sibs)+1)  

 

# Remove siblings from the list of individuals to test because we already  

# know they do have siblings and their family size is recorded 

if(length(sibs)>0){ 

list_individuals<-list_individuals[-match(sibs,list_individuals,0)] 

} 

 

i<-i+1 

} 

 

table(sibshipsize) 

 

##### 21230 Nuclear families  

sum(table(sibshipsize)) 

##### 5994 Sibships of size >= 2 

sum(table(sibshipsize)[-1]) 

 

########################## 

########################## 

##### Number of generations 
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gen.depth(gen140) 

 

##### Identify all founders in the genealogy 

founders<-gen.founder(gen140) 

length(founders) 

##### Identify all half-founders in the genealogy 

half_founders<-gen.half.founder(gen140) 

length(half_founders) 

 

##### Generation to which the founders appear first (minimal generation) 

minfound<-gen.min(gen140, individuals=founders) 

table(minfound) 

##### More than 90% of the founders are found in the 7th generation or later 

table(cut(minfound, breaks=c(1,6,14)))/length(founders) 

 

##### Mean genealogical depth 

gen.entropy(gen140) 

 

########################## 

########################## 

##### Completeness and implex indices 

completeness_values<-gen.completeness(gen140) 

implex_values<-gen.implex(gen140) 

 

completeness_values 

implex_values 

 

###########################  

###########################  

##### Genetic contribution 

##### Vector of populations' names 

names_pop<-names(table(pop140[,2])) 

 

##### List of founders from each population 

list_fond_per_pop<-NULL 

for(i in 1:length(names_pop)) 

{ 

gen_1pop<-gen.branching(gen140, 
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pro=pop140[which(pop140[,2]==names_pop[i]),1]) 

founder_1pop<-gen.founder(gen_1pop) 

list_fond_per_pop<-c(list_fond_per_pop, list(founder_1pop)) 

} 

 

names(list_fond_per_pop)<-paste(names_pop, "_founders", sep="") 

str(list_fond_per_pop) 

 

##### Genetic contribution of all founders to each proband 

gen_contrib<-gen.gc(gen140, ancestors=founders) 

 

##### List of genetic contributions, sorted in decreasing order, of founders of each population 

to all probands 

GC_per_pop<-NULL 

for(i in 1:7) 

{ 

GC_1pop<-

colSums(gen_contrib[match(pop140[which(pop140[,2]==names_pop[i]),1],gen.pro(ge

n140)),match(list_fond_per_pop[[i]], founders)]) 

GC_per_pop<-c(GC_per_pop, list(sort(GC_1pop, decreasing=TRUE))) 

} 

names(GC_per_pop)<-paste("GC_", names_pop, sep="") 

str(GC_per_pop) 

 

quantile(cumsum(x=GC_per_pop$"GC_Gaspesia-

Acadian"),probs=c(0.0231))/sum(GC_per_pop$"GC_Gaspesia-Acadian") 

quantile(cumsum(x=GC_per_pop$"GC_Montreal"),probs=c(0.1433))/sum(GC_per_pop$"GC

_Montreal") 

 

###########################  

###########################  

##### Inbreeding coefficients for all the individuals included in the genealogy 

inbreeding_coeff<-gen.f(gen140,pro=genea140[,1] ) 

 

##### Maximum inbreeding coefficient, ID of the individual and its origin 

max_inbred<-max(inbreeding_coeff) 

max_inbred 

genea140[which(inbreeding_coeff==max_inbred),1] 
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pop140[match(genea140[which(inbreeding_coeff==max_inbred),1], pop140[,1]),2] 

 

##### Number of individuals with inbreeding coefficient in the range 0, 1/64 (parents 2nd 

cousins), 1/16 (parents cousins) and 1/4 

table(cut(inbreeding_coeff, c(0,1/64,1/16,1/4), right=FALSE))  

 

###########################  

###########################  

##### Coverage, maximal value and ancestors' ID with the highest values 

coverage<-gen.rec(genea140) 

max_cov<-max(coverage) 

max_cov 

genea140[which(coverage==max_cov),1] 

 

##### Coverage of the individuals with the highest genetic contribution 

coverage[names(GC_per_pop[[1]][1:2]),] 

 

##### Occurence, maximal value and individuals with highest values 

occurence<-gen.occ(genea140) 

max_occ<-max(occurence) 

max_occ 

who_max_occ<-which(occurence==max_occ, arr.ind=TRUE) ##Same proband having the 

ancestors with highest occurences 

occurence[who_max_occ[,1], who_max_occ[,2]] 

 

##### Origin of probands not covered by the ancestors with the highest coverage 

table(pop140[match( names(which(colSums(occurence[which(coverage==max_cov),])==0) ), 

pop140[,1]),2]) 

 

##### Origin of probands covered more than 60 times by ancestors 

table(pop140[match( dimnames(occurence)[[2]][unique(which(occurence>60, 

arr.ind=TRUE)[,2])], pop140[,1]),2]) 

 

###########################  

###########################  

##### Gene- and segment-dropping simulations 
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##### Using Saguenay individuals as the pair of interest 

pop140[c(5,19),] 

 

##### Set the number of simulations 

no_simu<-100000 

 

##### Simulation for one gene coming from founder #18322  

simuRes1<-gen.simuSample(gen140,pro=c(302710, 302711), ancestors=18322, 

stateAncestors=1, no_simu) 

##### Number of genes transmitted at each individual 

table(simuRes1) 

##### Number of genes transmitted to both individual at each simulation 

table(colSums(simuRes1)) 

##### 2 or more copies of the gene can be transmitted, but it does not mean our 2 individuals 

share one identical-by-descent  

##### (same gene transmitted from one ancestor to both individuals) because only one could 

have received 2 copies and the other 0 

##### Estimated probability that the gene is transmitted twice to one of the 2 individuals 

sum(simuRes1[1,]==2 |simuRes1[2,]==2 )/no_simu 

##### Estimated probability that an gene is transmitted identical-by-descent (at least one copy 

each) 

sum(simuRes1[1,]>=1 & simuRes1[2,]>=1 )/no_simu 

 

##### Simulation for one segment ~5.87 cM (having recombination rate of 0.040323 for male 

and 0.084025 for female) 

proba_segment<-gen.simuProb(gen140, pro=c(302710, 302711),statePro=c(3,3), 

ancestors=18322, stateAncestors=1, 100000, probRecomb = c(0.040323, 0.084025)) 

##### Returns the probability that the joint event happens, meaning that at least one segment 

is transmitted to each proband,  

##### the probability that each proband receive at least one segment and the probability that 0, 

1 and 2 probands inherit at least one segment. 

proba_segment 
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Abstract 

Inbreeding depression is a phenomenon causing a loss of fitness for offspring of related 

parents. This decrease in fitness could affect fertility or ability to survive. Different studies in 

human populations reported effects on physiological traits but the lack of consistent evidence 

for some associations challenges the direct impact of inbreeding on health. We used a group of 

participants (n=958) from the CARTaGENE population-based biobank with known genotypic 

information and numerous phenotypes to perform population genetic analyses and to 

investigate the inbreeding burden among French Canadians, who represent the majority of 

people recruited in this biobank. The French Canadian population is a founder population with 

a unique population structure and varying rate of distant consanguinity. Population genetic 

analyses were done in order to select only French Canadians from all the participants. We 

identified stretches of homozygous genotypes within French Canadian individuals (n=727) 

and we used them to assess each individual’s genome-wide level of inbreeding, which 

corresponded, on average, to those of offspring from parents being third degree cousins. In our 

study we examined the correlation of different traits with inbreeding using simple linear 

regressions adjusted for age and sex. We replicated previous associations with height and body 

mass index, and we identified novel potential associations with white blood cell and neutrophil 

counts, which could potentially influence disease susceptibility through the efficiency of the 

immune system. 
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Introduction 

Runs of homozygosity (ROHs) are long stretches of consecutives homozygous genotypes. 

Their distribution in an individual’s genome depends on the population from which the 

individual comes from and more directly on the relationships shared by the individual’s 

ancestors (McQuillan et al. 2008; Gusev et al. 2012). Indeed, the more closely related two 

individuals or parents are, the higher are the chances that their offspring will receive identical 

chromosomal segments from them. Hence, to infer the level of inbreeding in a population one 

option is to track these homozygous segments within individuals. Studies have shown that 

ROHs are common in outbred populations (Gibson et al. 2006; Li et al. 2006; Pemberton et al. 

2012), and these segments have generated great interest in part because of their potential 

impact on health (Ku et al. 2011). A recent study showed that homozygosity stretches generate 

genomes having an increased burden of deleterious recessive variants (Szpiech et al. 2013). 

Increased homozygosity for recessive detrimental variants is one explanation for the 

inbreeding depression phenomenon that causes offspring of related individuals to show 

reduced fitness, e.g. lower fertility and survival rate, and in some cases major abnormalities 

(Charlesworth and Willis 2009). The other explanation for inbreeding depression rests on the 

potential advantage of being heterozygous, such as at HLA loci (Black and Hedrick 1997). In 

the case of HLA, balancing selection maintains heterozygous loci at frequencies higher than 

expected, probably because being heterozygous at that loci confers an advantage over the 

homozygous status. 

Detrimental effects of inbreeding depression have long been known and are well documented 

for plants and animals, in part because they lend themselves more readily to experimental 

designs. In humans, inbreeding depression has been reported for multiple complex traits such 

as height (McQuillan et al. 2012), blood pressure (Rudan et al. 2003b, 2006; Campbell et al. 

2007), cholesterol (Campbell et al. 2007; Panoutsopoulou et al. 2014), red blood cells 

(Panoutsopoulou et al. 2014) and haemoglobin (Panoutsopoulou et al. 2014), and for diseases 

such as schizophrenia (Lencz et al. 2007; Keller et al. 2012), Alzheimer (Vézina et al. 1999; 
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Farrer et al. 2003; Nalls et al. 2009) and coronary heart disease (Rudan et al. 2003a; Ismail et 

al. 2004). 

One potential reason for inbreeding depression affecting some traits more than others is the 

heritability of these traits. The strongest evidence for inbreeding depression in a human trait is 

for height, which is highly heritable with estimates around 80% (Pilia et al. 2006; Visscher et 

al. 2006; Perola et al. 2007). Other traits such as high density lipoprotein (HDL) and low 

density lipoprotein (LDL) cholesterol have heritability estimates between 22 % and 63% 

(Abney et al. 2001; Pilia et al. 2006; Macgregor et al. 2010), which make them perhaps less 

prone to inbreeding depression.  

Our study involved French Canadian (FC) inhabitants of the relatively recently founded 

province of Quebec in Canada. The initial French founders settled 400 years ago in the St-

Lawrence river valley. A century and a half later, French immigration practically ceased with 

the British Conquest. The population then grew steadily and in relative isolation because of 

language and religious barriers. These barriers amplified the founder effect, including the 

colonisation of new remote and isolated regions within Quebec, as the population increased. 

Although the province welcomed immigrants during the 19th and 20th century, they had 

limited impact on the FC genetic pool (Vézina et al. 2005b; Bherer et al. 2011). Today up to 

80% of the 8 million inhabitants of Quebec province are of FC descent. Many aspects of the 

FC founder population have been studied encouraged by the presence of extensive genealogies 

capturing the unique demographic history of this population (Roy-Gagnon et al. 2011; Moreau 

et al. 2011). Regarding the population history, two recent studies investigated how it may have 

influenced the genetic fitness and the accumulation of mutations in the FC population 

compared to the progenitor French population as well as other worldwide populations (Casals 

et al. 2013; Hussin et al. 2015). 

Using genotypic and phenotypic information of deeply phenotyped participants of the 

CARTaGENE Project in Quebec, we performed population genetic analyses and investigated 

the inbreeding burden among FC. Our genomic data showed very detailed population structure 

in the modern Quebec population. The identification of FC was aided by techniques that take 
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advantage of the haplotypic structure. Estimated inbreeding levels for French Canadians 

corresponded, on average, to those of offspring from third degree parents. Our results 

corroborated previous findings about inbreeding depression affecting height, however not 

other phenotypes previously identified. Still we identified novel associations between 

inbreeding and white blood cells (WBC) count and one of its cell subtypes, neutrophils, and 

also body mass index (BMI). Although, as far as we know, we are the first study to report the 

association with WBC; in animal studies increased inbreeding was associated with an increase 

in infectious diseases (Ilmonen et al. 2008; Murray et al. 2013; Hoffman et al. 2014). If 

inbreeding is indeed reducing the number of WBC, and therefore reducing the efficiency of 

the immune system, this could explain an increased susceptibility to infections of all kinds for 

more inbred individuals, as observed in other studies. 
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Materials and methods 

Participants and phenotyping 

The CARTaGENE project is a prospective population-based cohort in which participants were 

recruited on the basis of their age (between 40 and 69 years old) and place of residence, the 

province of Quebec in Canada. As of today, the cohort includes over 40 000 individuals 

deeply phenotyped with different questionnaires on health, biospecimen collected and physical 

measurements taken during a visit to an assessment site (Awadalla et al. 2013; CARTaGENE 

2015). For each individual one of the blood samples collected was sent to a central laboratory 

for haematological and biochemical tests (complete blood count assay). For the present study, 

we used a set of 958 individuals sampled in three regions: Montreal, Quebec City and 

Saguenay. The individuals were previously selected for a study on environmental variation of 

gene expression profiles (Fave et al. 2015). The selection was conducted in order to get an 

equal representation of ages and sexes and a range of arterial stiffness values. For our study 

we selected all traits previously linked to inbreeding depression, including anthropometric, 

haematological and biochemical traits and traits relating to lung functions and the circulatory 

system. Details about the different physiological measurements are available in Awadalla et 

al. (2013). In order to compare our sample of FC individuals to the whole CARTaGENE 

cohort, we computed descriptive statistics about all phenotypes. For the interpretation of the 

results we also looked at correlation between the phenotypes. 

Most participants (n=902) provided information on their ancestral origin by means of 

information on their 4 grandparents’ country of birth. Individuals with at least 3 grandparents 

born in the same country are reported as coming from this country, otherwise they are 

considered admixed or with an unknown provenance (DNK: do not know) when more than 

half of the information on grandparents is missing (n=15). Ancestral origin was further 

investigated at the genetic level. All Canadian individuals were considered as FC unless 

genetic information disagrees with that assumption. CHU Sainte-Justine ethics committee 
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approved the study protocol and all participants included in the study gave their informed 

consent. 

Genotyping 

All individuals were genotyped on the Illumina Omni2.5M array. A total of 2,013,457 

autosomal SNPs were obtained after quality control (HWE <0.001, SNP missing rate <0.10). 

Quality control filters were applied using PLINK v1.08 (Purcell et al. 2007). All genomic 

positions are according to NCBI build 37. 

Population genetics 

The study is focused solely on individuals with a FC ancestry therefore we have to identify 

them among all samples from Quebec. As a first step traditional principal component analysis 

was performed on the genotypes (PCAgeno) with EIGENSOFT v6.0.1 (Patterson et al. 2006). 

For PCAgeno we used SNPs with MAF >5% and pruned for LD (pairwise r
2
<0.2 and 50 SNPs 

window shifting every 5 SNPs), yielding 146,689 SNPs. 

In order to unveil finer scale patterns of population structure, i.e. differences among 

individuals with European ancestry and individuals having a FC ancestry, we also used 

ChromoPainter v0.04 (Lawson et al. 2012). We used all SNPs data apart from singletons, 

yielding 1,908,336 SNPs. Singletons were removed as they are non-informative for phasing 

and contribute to computation burden for haplotypes sharing inference performed with 

ChromoPainter. Genotypic data was phased with Shape-It v2.r644 (Delaneau et al. 2012) 

using the HapMap genetic maps (International HapMap Consortium et al. 2007). Coancestry 

matrices were obtained from ChromoPainter with parameters estimation steps performed with 

10 iterations on 4 chromosomes only. The ChromoPainter method performs a reconstruction 

of every individual genome using chunks of DNA from the other individuals and reports 

matrices of the number and length of those shared chunks. We used the chunk count matrix 1) 

to run FineStructure algorithm to build a tree (as recommended for large dataset, we 
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performed 10,000,000 burn-in and runtime MCMC iterations) (Lawson et al. 2012) and 2) to 

perform a PCA (PCA-CP) with R (R Core Team 2015). 

ROH detection 

To estimate inbreeding we defined the ratio FROH as the total length of an individual’s genome 

covered by runs of homozygosity divided by the total length of the genome captured, here 2.7 

X 10
9
 base pairs. This estimation was found to be the most powerful method to detect 

inbreeding effects (Keller et al. 2011). We defined ROHs, based on recommendations from 

Howrigan et al. (2011), as long stretches with a minimum of 50 consecutive SNPs, allowing 

no heterozygous call and a maximum of 2 missing calls and found in a LD-pruned dataset. 

Keeping only individuals identified as FCs and who are not close relatives, we used all 

variants with a MAF over 5% (1,242,267 SNPs) and we removed SNPs with a multiple 

r
2
>0.50 with any other SNP in a 50-SNP window (shifting every 5 SNPs), leading to a set of 

205,335 SNPs. LD-pruning and ROH detection were performed with PLINK (Purcell et al. 

2007). 

Inbreeding depression analysis 

We tested for an association of FROH with our traits using linear regression models. Sex, age, 

age
2
 and an age by sex interaction were also fitted as covariates in the models. We also 

performed analyses with additional adjustment for population stratification by using ancestry-

informative PCs obtained from the chunk count matrix. Controlling for a large number of 

ancestry-informative PCs entails the risk of removing true inbreeding effects on the traits, 

while not controlling for any is equivalent to denying that different ancestral groups might 

have different levels of inbreeding and different distribution of traits not necessarily caused by 

the inbreeding itself. Models with adjustment for 0, 3 and 10 ancestry-informative PCs were 

analysed. We set a p-value threshold for significance at 0.05. We are conscious that this choice 

is not very stringent considering all traits under study. 
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Results 

Capturing individuals of French Canadian ancestry 

PCA on pruned genotypes and on chunk count matrix gave similar results for the whole 

sample, highlighting differences coming from the most distant groups, i.e. individuals of 

Asian, African and European descent (Supplementary Figure 4.3, p.129). Focussing on 

individuals that declared a European ancestry (n=887), which was confirmed by the first PCA 

analysis, both PCA-CP and PCAgeno revealed the presence of a sibling pair (clear cluster 

observable on the second principal component (PC) for PCAgeno and on the third PC for 

PCA-CP (results not-shown)). Once one sibling was removed, PCA-CP shows genetic 

differences among the different groups of Europeans with East-European (people from 

Bulgaria, Germany, Hungary, Poland, Romania, Russia and Ukraine) and Italians clustering 

apart and also French individuals clearly differentiated from the FC individuals (Figure 4.1, 

p.119). PCAgeno allows for much less clear differentiation between the groups of different 

ancestral origin. With PCAgeno, the individuals are basically spread over 2 gradients, one led 

by a group of Italian individuals and the other formed by FC individuals (Supplementary 

Figure 4.4, p.130). Figure 4.1 also shows some scattering among FC individuals.  

The use of the FineStructure algorithm to cluster populations confirms our conclusions on 

ancestral origins and goes one step further by establishing ancestrally related groups. As for 

PCA the most differentiated groups are the large continental group (Figure 4.2, p.120). Among 

individuals with a European descent, almost all Canadians are clustered together. By 

considering the place where participants were recruited (either Quebec City, Montreal and 

Saguenay-Lac-St-Jean), we further identify three FC groups fitting fairly well to sampling 

places. Moreover how those three groups are ancestrally linked on the tree is in line with 

demographic history. Saguenay underwent a regional founder event, thus making this regional 

population more differentiated and resulting in an earlier split on the tree. Meanwhile 

Montreal and Quebec have experienced a greater mixing and seem to have stayed more close 

to some Europeans (in particular French, information not shown). The tree specifically allows 
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Figure 4.1  PCA on individuals of European descent  

Plots of the first six principal components from the PCA performed on the chunk 

count matrix generated with ChromoPainter. Each point represents one individual 

and is colored according to the country of birth of the individual’s grandparents. 

DNK Do not know, East-Euro Includes Bulgaria, Germany, Hungary, Poland, 

Romania, Russia and Ukraine, and Mix-Euro Admixed individuals from different 

European populations. 
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Figure 4.2  Population tree 

Ancestral relationships between all individuals. Each bar represents one individual. First line under the tree is 

colored according to each individual’s sampling place and second line is colored according to the grandparents’ 

country of birth declared by each participant. The three FC branches (MON Montreal, QUE Quebec, SAG Saguenay) 

are shown. AFR Africa, AME America, CSASIA Central South Asia, DNK Do not know, EASIA East Asia, EURO 

Europe, MENA Middle East and North Africa, Mix Admixed individuals from different continental populations.  
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us to identify FC individuals that probably moved out from the regional population they 

ancestrally belonged to. We re-labelled FC individuals according to their identified ancestral 

group for subsequent analyses, such as how ROHs are distributed. PCAgeno restricted to FC 

only (n=726) also shows the presence of those three groups (see Supplementary Figure 4.5, 

p.131). 

Homozygosity 

Using Plink we identified ROHs for samples in the 3 FC populations. The distributions of total 

length of ROHs were significantly different across FC populations (Kolmogorov-Smirnov test 

p-values <0.05). We noted that levels of inbreeding tended to be higher on average in the 

Saguenay population, which has a smaller effective population size due to its demographic 

history of successive bottlenecks (Table 4.1). On average among all FC individuals the 

proportion of the genome located in ROHs was 0.0066, which is close to the fraction of the 

genome expected to be homozygous for a child of third cousins (FROH=0.0039). Only 2 

individuals have a homozygous proportion of their genome such that their parents could have 

been first cousin or closer relatives (FROH>0.0625), while 47 individuals have a proportion 

higher than what is expected for offspring from second cousins (FROH>0.0156).  

Table 4.1 Descriptive statistics for number of ROHs and proportion of 

genome covered by ROHs (FROH)  

Inbreeding measure Minimum Maximum Mean Median SD 

Number 

of 

ROHs 

Montreal 2 52 9.15 9 4.40 

Quebec 2 18 9.17 9 3.02 

Saguenay 3 26 11.33 11 4.63 

FROH 

Montreal 0.0005 0.2058 0.0057 0.0036 0.0129 

Quebec 0.0007 0.0159 0.0049 0.0042 0.0029 

Saguenay 0.0008 0.0424 0.0096 0.0069 0.0083 

Sample size: Montreal 325, Quebec 200 and Saguenay 201. SD: standard 

deviation 
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Association between inbreeding and traits 

Supplementary Table 4.3 (p.132) presents the distributions of the traits studied. Overall the 

means in our sample of French Canadian are very close to the means in the CARTaGENE 

cohort. We could have found some discrepancies since our sample is much smaller and 

individuals were selected according to some cardio-metabolic features. We also observed large 

correlation coefficients (r>0.5) between a few traits, such as white blood cells and neutrophils, 

systolic and diastolic blood pressures, and waist to hip ratio and high density lipoprotein 

cholesterol (see Supplementary Table 4.4, p.134). 

We tested for an association between FROH and the phenotypic traits with linear regression 

models adjusting for age, sex, age
2
 and an interaction between age and sex. As shown in Table 

4.2 (p.123), we found significant associations for height, body mass index, white blood cells 

(WBC) and neutrophils counts when we were not accounting for ancestry. The associations 

with height and BMI were still significant after adjustment for 3 or 10 ancestry-informative 

PCs. Associations of inbreeding with white blood cells and neutrophils counts were not 

significant anymore when ancestry was accounted for but associations were still suggestive 

and the same trend for effects was observed. Note that all significant associations, as well as 

many other non significant associations, were in the direction of a loss of fitness, i.e. smaller 

height, bigger BMI, lower WBC and neutrophils counts. 

Although we could think that the effect on height is driving the effect on BMI, they are both 

weakly correlated (r=-0.063) and in fact BMI is highly correlated to weight (r=0.849) for 

which no significant effect was found. In Joshi et al. (2015), in addition to height they also 

found a significant association for forced expiratory volume in 1 second (FEV1). They 

explained that height was probably driving the significant association found for lung capacity 

since this last one was likely related to the trunk length, itself depending on the body height. 

However in our study lung function was not associated to inbreeding. For associations of 

inbreeding with WBC and neutrophils counts correlation is however a good explanation since 

both traits are highly correlated (r=0.918).  
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Table 4.2 Analysis of the association of the proportion of genome 

covered by ROHs (FROH) and various phenotypes  

Trait N 

FROH 
FROH corrected 

for 3 PCs 

FROH corrected  

for 10 PCs 

Coefficient P-value Coefficient P-value Coefficient P-value 

Anthropometric               

  Height 721 -56.243 0.016* -57.574 0.018* -59.941 0.015* 

  Weight 695 28.380 0.605 35.328 0.540 30.832 0.596 

  BMI 695 39.106 0.043* 42.600 0.036* 40.952 0.046* 

 
Waist to hip ratio 698 0.241 0.401 0.211 0.484 0.262 0.384 

Peripheral blood pressure 
      

  Systolic 668 -50.955 0.382 -82.049 0.179 -79.206 0.197 

  Diastolic 668 -26.342 0.505 -29.013 0.484 -29.350 0.482 

Lung function 
       

 

FEV1 583 -2.437 0.394 -1.364 0.647 -1.768 0.554 

 

FEV1/FVC 583 -1.592 0.484 -0.750 0.752 -0.998 0.676 

Haematology 
       

  Red blood cells 720 -0.568 0.667 -1.365 0.323 -1.385 0.318 

  White blood cells 720 -15.038 0.035* -13.035 0.079 -13.810 0.064 

  Haemoglobin 720 -42.894 0.230 -43.133 0.250 -41.896 0.265 

  Haematocrit 720 -0.133 0.203 -0.142 0.195 -0.140 0.202 

  MCV 720 -17.269 0.262 -2.524 0.874 -1.561 0.923 

  MCH 720 -4.781 0.420 1.252 0.839 1.718 0.782 

  MCHC 720 4.154 0.855 12.107 0.611 13.292 0.579 

  RCDW 720 1.042 0.806 -0.564 0.899 -0.784 0.861 

  Platelets 719 -34.222 0.867 -103.085 0.626 -130.677 0.539 

  Lymphocytes 717 -1.930 0.464 -1.337 0.628 -1.424 0.608 

  Monocytes 717 -0.642 0.271 -1.006 0.099 -1.005 0.101 

  Neutrophils 717 -11.551 0.036* -10.087 0.079 -10.818 0.061 

  Eosinophils 717 -0.307 0.497 -0.217 0.647 -0.263 0.582 

  Basophils 717 -0.137 0.371 -0.044 0.784 -0.071 0.658 

Biochemistry 
       

  Triglycerides 726 -4.193 0.346 -3.416 0.463 -3.044 0.516 

  Total cholesterol 726 -1.452 0.703 -2.011 0.613 -2.485 0.533 
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  HDL cholesterol 726 0.032 0.982 -0.350 0.816 -0.378 0.802 

  LDL cholesterol 701 0.864 0.801 0.178 0.961 -0.299 0.934 

 
HBA1c 722 -0.001 0.952 0.002 0.924 0.002 0.924 

Analyses were adjusted for sex and age and performed either without adjustment 

for ancestry or with adjustment for ancestry by including the first 3 or the first 10 

ancestry-informative principal components (PCs). BMI: Body mass index, FEV1: 

Forced expiratory volume in one second, FVC: Forced vital capacity, HBA1c: 

Glycated haemoglobin, HDL: High density lipoprotein, LDL: Low density 

lipoprotein, MCH: Mean corpuscular haemoglobin, MCHC: Mean corpuscular 

haemoglobin concentration, MCV: Mean corpuscular volume, RCDW: Red cell 

distribution width. .* p-value < 0.05 
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Discussion 

By identifying FC individuals among a group of diverse individuals, our study confirmed that 

FC has an important population structure. Regional populations of the province of Quebec had 

already been studied and described (Roy-Gagnon et al. 2011). Here we highlighted the 

differentiation of FC individuals from their French source population, which had not been 

shown as clearly in previous studies. Also considering all SNPs and the whole haplotypic 

structure was the key to further observing a differentiation between the two metropolitan 

regions (Montreal and Quebec City). It has been shown that studying haplotypes instead of 

genotypes frequencies yield greater power to discriminate ancestrally related groups (Lawson 

and Falush 2012), and this greater power enabled us to clearly identify the participants’ FC 

ancestry. The ultimate thing that could have helped us to confirm the identification of FC 

individuals and refine their ancestral origin is the use of genealogical information. This 

information is available through the BALSAC population repository for a part of 

CARTaGENE participants and thus, potentially for individuals in our sample (Awadalla et al. 

2013; BALSAC 2014a). 

In a previous study, we have shown that FC individuals tend to share an important number of 

common ancestors, an information that was derived from extensive genealogical data (Gauvin 

et al. 2014). Here, we found varying patterns of inbreeding in three FC regional populations 

and these patterns matched the demographic history of FC as well as the accumulation of 

common ancestors. A previous study in the FC population clearly showed that those patterns 

of inbreeding are highly correlated to expectations from genealogical records for FC (Roy-

Gagnon et al. 2011). 

Having assessed the extent of inbreeding in our group of FC, we investigated its impact on a 

range of physical, haematological and biochemical traits. The most significant association 

found was with height. The fact that more inbred people tend to be smaller, in our study it is a 

loss equivalent to about 3 cm for offspring of first degree cousins compared to slightly inbred 

offspring of third cousins or more distant relatives, is well documented and has been the 

subject of a large meta-analysis (McQuillan et al. 2012). As mentioned in the introduction, 
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height is a highly heritable trait and this is probably an important factor in explaining 

inbreeding depression over that physical characteristic. The effect on BMI was documented to 

our knowledge only once in a children cohort (Fareed and Afzal 2014) and as we explained 

could not be driven by height since both are poorly correlated.  

We consider the standard threshold of 0.05 for significance although we are conscious that this 

may be a too liberal approach. If we consider a Bonferroni adjusted p-value, none of the 

associations would be regarded as significant. A larger sample size would be needed to 

untangle which associations are more likely to be real and which are not. However in the light 

of previous studies on inbreeding depression, we still think our study is suggestive of effects 

on anthropomorphic and potentially also on haematological traits. The adjustment for ancestry 

is important since some of the effect on the traits may be driven by ancestry differences. 

However, inbreeding is obviously a component of allele and haplotype frequencies differences 

(i.e. ancestry).  

The new association found for WBC and neutrophils with inbreeding was not, to our 

knowledge, ever reported. However a study has shown that consanguinity is a factor in the 

susceptibility to infectious diseases in humans (Lyons et al. 2009) and studies on animals 

showed a correlation between consanguinity and pathogenic infections (Ilmonen et al. 2008; 

Murray et al. 2013; Hoffman et al. 2014). Since WBC are the immune system cells, and 

therefore the ones fighting off infections, the decrease amount of WBC could explain more 

directly the increased susceptibility to infections. There is also a study which showed that 

genes differentially expressed between inbred lines of drosophila and noninbred lines were 

enriched for genes involved in metabolism, like defense mechanisms (Kristensen et al. 2005). 

It is also worth noting that WBC and neutrophils are highly correlated, as reported in the 

results, since neutrophils make up to 60% of WBC. This also explains why inbreeding is 

associated with both traits. These two associations’ results were not significant anymore when 

adjusted for ancestry but the effects were still in the same direction. 

Our study did not replicate previously reported associations between inbreeding and cardio-

metabolic traits. However, for the majority of the traits studied, the effects found were in the 
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same direction as the previously reported associations. The only exception was mean 

corpuscular haemoglobin corrected for ancestry. Since heritability is a population parameter 

(Visscher et al. 2008), inbreeding depression effects are probably population-specific, which 

could explain the differences found. Moreover heritability for height might be more consistent 

across different populations, a reason why we replicated that result, while it might not be the 

case for the other traits under study. Inbreeding and selection both have an influence on 

genetic variance in a population and therefore they also influence heritability (Visscher et al. 

2008).  

As reported in a very recent study (Joshi et al. 2015), it may also be that previous studies did 

not have enough power and some of their results may have been false positives. In this study 

they actually found a signification association between inbreeding and height, education 

attained, cognitive ability and forced expiratory volume in one second (FEV1) in a meta-

analysis of multiple cohorts leading to a sample of over 350 000 individuals. In our study we 

did not have access to information on cognitive ability and associations with FEV1 and 

education level (not presented) were not significant. Another study performed on a large 

Finish cohort, about 5500 individuals, did not either replicate the results about blood pressure 

but reported significant associations with height and education. 

Another explanation for this non-replication of certain results relies on the mechanisms 

leading to the inbreeding identified in the FC population. If we suppose that inbreeding 

created over one or two generations has a stronger and more direct impact than the equivalent 

inbreeding created over a large number of generations, this would mean that FC individuals, 

having mostly inbreeding stretches derived from the accumulation of distant common 

ancestors, would be less influenced by inbreeding depression. Whether inbreeding enables the 

activation of deleterious recessive alleles, which have been shown to be more prevalent on 

long ROH (Szpiech et al. 2013), is still a relevant question. As Ruderfer et al. (2015) said, 

population genetic and ancestry characteristics could also be a determinant in the role of 

recessive variants and homozygosity in the variation for different traits.  
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An important strength of our study is that inbreeding was assessed by the mean of genetic 

information. As stated in Bittles and Black (2010) a clear assessment of consanguinity must be 

done before any aspect of health can be associated to a purported presence of inbreeding. 

Indeed for many studies on the subject the estimation of inbreeding or homozygosity was done 

using either information reported by participants, genealogical data or using sparse genetic 

markers. Information provided by participants may not be as reliable as we think knowing 

among others, that inbreeding can raise social or cultural issues and it does not reflect the full 

extent of inbreeding if it is limited to a status of consanguineous or not. Genealogical data may 

provide more accurate and in depth information, however it can be error-prone, it is in most 

populations fairly limited (2-3 generations deep) and more importantly it does not account for 

stochastic variation in the inheritance process. Thus, performing a genetic evaluation of the 

actual realized inbreeding is getting very important. Yet many studies did that genetic 

inference but with microsatellites markers, which may provide an incomplete or rough portrait 

of inbreeding. On our side, we had very dense genome-wide SNPs data, which provide 

trustworthy results. 

Using a very dense panel of SNPs for a group of FC deeply phenotyped, we investigated how 

inbreeding depression influenced quantitative traits. Consistent with previous published work, 

we found that height was associated with inbreeding. We also brought to light a potential new 

association with WBC however this should be interpreted with caution because we are the first 

to report the association and its statistical significance falls when the association is adjusted 

for ancestry. Our study is one of the rare studies to investigate associations between 

genetically assessed inbreeding depression and a large number of health-related traits, using a 

considerable size sample. On the basis of our results, we believe that further investigation of 

inbreeding depression is warranted and needed to obtain greater evidence that inbreeding 

depression has an impact on human health in different populations so that different 

demographic parameters and environmental factors are considered as well. Additional work in 

this field will help to elucidate the respective role of accumulation of rare recessive alleles 

versus common ones, to understand the impact of assortative mating and to better understand 

the evolutionary forces shaping our genomes.   
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Supplementary Figures and Tables 

 

Figure 4.3  PCAs on all individuals 

Plots of the first two principal components from the PCA performed on A) the 

chunk count matrix generated with ChromoPainter and B) LD pruned genotypes. 

All individuals are colored according to the grandparents’ country of birth 

declared by each participant. AFR Africa, AME America, CSASIA Central South 

Asia, DNK Do not know, EASIA East Asia, EURO Europe, MENA Middle East 

and North Africa, Mix Admixed individuals from different continental 

populations. 
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Figure 4.4  PCA on genotypes from individuals having a European descent 

Plots of the first six principal components from the PCA performed on LD pruned 

genotypes. Each point represents one individual and is colored according to the 

country of birth of the individual’s grandparents. DNK Do not know, East-Euro 

Includes Bulgaria, Germany, Hungary, Poland, Romania, Russia and Ukraine, 

Mix-Euro Admixed individuals from different European populations. 
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Figure 4.5  PCA on genotypes from French Canadians individuals 

Plots of the first two principal components from the PCA performed on the chunk 

count matrix generated with ChromoPainter only for FC individuals (n=726). 

Individuals are colored according to their identified ancestral group and dot 

shapes are showing where they were sampled. 
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Table 4.3 Summary statistics for all phenotypes in French Canadians 

Traits (units) N Minimum Maximum Mean SD 

Anthropometric           

  Height (cm) 721 143 193.3 166.8 9.2 

  Weight (kg) 695 42 142.6 74.9 16.1 

  BMI (kg/m²) 695 15.1 52.7 26.8 5.2 

 
Waist to hip ratio 698 0.5 1.2 0.9 0.1 

Peripheral blood pressure 
 

     Systolic (mmHg) 668 85 206 124.9 18.1 

  Diastolic (mmHg) 668 46 125 72.7 11.1 

Lung function 
 

    

 

FEV1 (L) 583 0.8 5.87 3.0 0.8 

 

FEV1/FVC (%) 583 36.3 99.6 78.8 8.0 

Haematology 
 

      Red blood cells (10
12

 cells/L) 720 2.91 5.71 4.5 0.4 

  White blood cells (10
9
 cells/L) 720 2.96 16.3 7.0 2.0 

  Haemoglobin (g/dL) 720 100 175 138.5 12.2 

  Haematocrit 720 0.295 0.519 0.4 0.0 

  MCV (fl) 720 77.1 124.2 91.0 4.2 

  MCH (pg) 720 25.9 42.8 31.1 1.6 

  MCHC (g/L) 720 320 360 341.0 6.1 

  RCDW (%) 720 10.4 18.9 13.4 1.1 

  Platelets (10
9
 cells/L) 719 27 494 246.1 56.3 

  Lymphocytes (10
9
 cells/L) 717 0.66 11.7 2.0 0.7 

  Monocytes (10
9
 cells/L) 717 0.15 1.2 0.5 0.2 

  Neutrophils (10
9
 cells/L) 717 1.5 12.2 4.3 1.5 

  Eosinophils (10
9
 cells/L) 717 0 1.1 0.2 0.1 

  Basophils (10
9
 cells/L) 717 0 0.23 0.0 0.0 

Biochemistry 
 

      Triglycerides (mmol/L) 726 0.3 10.3 1.8 1.3 

  Total cholesterol (mmol/L) 726 2.5 9.4 5.1 1.1 

  HDL cholesterol (mmol/L) 726 0.41 3.21 1.3 0.4 

  LDL cholesterol (mmol/L) 701 0.7 7.4 3.0 1.0 

 
HBA1c  722 0.046 0.13 0.1 0.0 

BMI: Body mass index, FEV1: Forced expiratory volume in one second, FVC: 

Forced vital capacity, HBA1c: Glycated haemoglobin, HDL: High density 
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lipoprotein, LDL: Low density lipoprotein, MCH: Mean corpuscular haemoglobin, 

MCHC: Mean corpuscular haemoglobin concentration, MCV: Mean corpuscular 

volume, RCDW: Red cell distribution width.  
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Table 4.4 Highly correlated traits 

Traits Correlations 

Haemoglobin Haematocrit 0.9787 

MVC MCH 0.9326 

Total cholesterol LDL cholesterol 0.9191 

White blood cells Neutrophils 0.9178 

Red blood cells Haematocrit 0.8825 

Red blood cells Haemoglobin 0.8526 

Weight BMI 0.8490 

Systolic BP Diastolic BP 0.7600 

Height FEV1 0.6820 

White blood cells Lymphocytes 0.5876 

White blood cells Monocytes 0.5513 

Waist to hip ratio HDL cholesterol -0.5574 

All traits with |r| > 0.5. BP: Blood pressure 
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Chapter 5:  

Discussion 
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5.1. Summary and discussion of main findings 

Isolated populations are very useful for genetic research and the French Canadian population 

can help us to decipher the biological mechanisms behind diseases and phenotypical 

differences. In this thesis, we studied the patterns of genetic relatedness across and within 

individuals resulting from various genealogical relationships. In a first project, we inferred 

patterns of IBD sharing in a sample of French Canadian individuals coming from seven ethno-

cultural sub-populations for which we had access to genealogical records. In a second project, 

we presented an efficient tool to analyze extended genealogical information. In the last 

project, we investigated a larger sample of individuals having a French Canadian descent to 

study the impact of inbreeding depression on various health phenotypes.  

5.1.1. Family relationships and genetics 

The genetic material is being reshuffled over generations every time new offspring are 

conceived and DNA strands keep track of all parental unions that led to these new remixes. 

With the advent of genotyping technologies, we were able to better characterize genetic 

variations and different methods have emerged in order to use the genetic information to infer 

chromosomal segment that are shared IBD between a pair of individuals. A common way to 

evaluate the power, the false-positive rate and the accuracy for a method detecting IBD 

segments rests on performing a simulation study, which preserves the true information to be 

detected.  

In our first study, we proposed an evaluation framework in which we had genetic data and the 

genealogical information relating to it. We were able to assess the global accuracy of these 

methods by using a panel of French Canadian individuals. We performed the IBD detection 

with five methods and using also two phasing techniques as phasing is likely to impact the 

subsequent inferences for methods using phased data. We found that indeed phasing could 

greatly influence the ability to accurately infer IBD segments and that one of the best methods 

was capitalizing on a sampling of multiple phasing results. We obtained high correlations 
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between total length of IBD segments and relatedness measured using genealogical data (see 

Table 2.1 p.59). Using the IBD information generated we investigated how it was related to 

different genealogical characteristics. We observed that pairs of individuals having an inbred 

common ancestor were having significantly more IBD sharing than pairs who did not have 

that kind of common ancestor (see Figure 2.7 p.71). Total length of IBD sharing was also 

reflecting other characteristics of relatedness, such as distances to common ancestors. We 

found IBD sharing explained 39% of the variance in the distance to the nearest LCA (see 

Figure 2.2 p.61). At the population level, since our samples were coming from seven sub-

populations of the French Canadian population, we were able to study the influence of various 

demographic features. Patterns of IBD sharing as well as average sharing were different across 

the sub-populations, consistent with the French Canadian settlement history. Overall IBD 

patterns observed were, as expected, in line with the complex relatedness present among 

French Canadians and they could probably be informative about the types of distant 

relationships in a sample from a founder population like Quebec.  

During our study of the Quebec population, we recognized the need for an effective software 

for genealogical analysis with all the basic descriptive functions as well as functions of 

common use, such as for gene-dropping simulations. Therefore our second project combines 

the presentation of an R package for the analysis of genealogical data and a simulation study 

to investigate IBD sharing of alleles and chromosomal segments. R is a popular software 

environment used for statistical computing used in a wide range of scientific fields including 

genetic research (Foulkes 2009). Thus, it was an obvious choice to extend and implement 

GENLIB as a package within the R environment. We used the same panel of individuals as in 

the first study. We made a detailed description of the genealogical dataset using functions 

from our package. The whole genealogical corpus, coming from BALSAC population 

database, includes over 40 000 individuals, spans 18 generations and is provided with the 

package for the benefit of its users. We described how complete, complex and different the 

genealogies from the seven populations are, although they all have common distant ancestors. 

We ran simulations to compare odds of IBD sharing for similar kinship levels that have arose 

from very different genealogical links. In a first scenario we looked only at the probability of 
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sharing one allele IBD. The chances of sharing an allele IBD depend on the distance 

separating the individuals through a common ancestor and the type of ancestor, which is 

defined according to the linking paths. Briefly, the closer a common ancestor is the higher the 

odds of IBD sharing are and these odds increase with the number of different paths. In a 

second scenario, we studied IBD sharing for chromosomal segments of varying lengths. We 

looked at the probability that a segment was transmitted intact through a common ancestor to 

two of its descendants. Recombination comes into play with other factors and influenced the 

odds of sharing a segment IBD. By comparing two pairs of individuals from two different sub-

populations we highlighted how the distance and number of common ancestors influenced the 

IBD probabilities and how these features can help unravel which ancestors are more or less 

likely to have transmitted segments. With its implementation within the R environment and 

the new functions we implemented, the GENLIB package is an ideal tool to analyze 

information coming from genealogies and to combine it with genetic information. 

Knowing that French Canadians have so many common ancestors and different levels of 

relatedness, it was clear they were also prone to be inbred although it was probably happening 

in a distant fashion. In our third study, we investigated how inbreeding depression could 

impact health traits for individuals having distant consanguinity. Inbreeding depression is a 

well documented phenomenon that influences various traits making them less favourable in 

most cases. In order to achieve our investigation we used a sample of participants from 

CARTaGENE Project. Since this biobank is population-based, we first had to identify all 

individuals having a French Canadian origin from those whom did not or had only a partial 

one. We used the latest tool to study the ancestral origin of all the individuals. We observed, as 

expected, that French Canadians are genetically close to Europeans and even closer to French 

while being still quite differentiated. Overall, the analysis of the ancestral origin of 

CARTaGENE participants was consistent with the information provided by participants about 

their origin. We focused on individuals identified as persons having a French Canadian 

ancestry and we estimated their level of inbreeding by looking at the ROHs. Homozygosity 

rates across French Canadian varied according to their region of origin. We investigated the 

correlation between homozygosity and different phenotypes. We found evidence of inbreeding 
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depression effects on height and BMI and potential new associations with white blood cells 

and neutrophils counts.  

Our contributions to the field are numerous. Our first study added to the knowledge of 

population structure within the French Canadian population and to the description of the great 

variety of types of relatedness present. The second study revealed how these relationships’ 

characteristics can impact the transmission of genetic material in descendants. We also 

presented in detail the functionalities of an R package, called GENLIB, to analyze extensive 

genealogical data. This tool allows an efficient and easy integration of different types of data 

whilst being built in an environment facilitating new developments, such as the addition of 

new functions. The GENLIB package is a highly valuable tool to study extended genealogies. 

Our final study added evidence to consider inbreeding depression as having an effect on height 

and BMI; also we found a potential novel association with white blood cells count and in 

particular neutrophils. This study also demonstrated how we can easily identify isolated 

populations, such as the French Canadian population, among a group of individuals with 

various ancestral backgrounds. 

5.1.2. Strengths and limitations of the studies 

The sample used for the two first studies is a panel of French Canadians coming from different 

regional or ethno-cultural populations. Although the sample allows investigating the 

population structure within the French Canadian population, as it includes seven sub-

populations, the panel does not cover the whole province and sample sizes of each 

subpopulation are not quite large ranging from 16 to 22 individuals. Sampling was performed 

by paying particular attention to the geographical origin of participants, which is expected to 

ensure a good representation. Participants were selected preferentially if they had at least one 

parent born in the region before 1960 or were themselves born in the region before 1960. To 

ensure that participants' ancestral origin was specific to a region, we could also have put a 

more stringent criterion, like birth or marriage within the region for 2 or 3 generations 

preceding them. Increasing the sample sizes could also have increased the evidence that 
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samples were representative of their own region. In this regard the Quebec Reference Sample 

now includes 2 more regions (Abitibi and Outaouais) and another ethno-cultural group from 

Gaspesia, as well as a few more individuals for previously sampled regions (QRS 2015). 

In the first study we focused on the study of IBD patterns in the French Canadian population. 

For this study we had access to extensive complex genealogical data allowing tracing back 

French Canadians’ ancestors up to the 17
th

 century. The assessment of IBD inference methods 

is typically done in a framework using simulations. Here we evaluated how well IBD sharing 

inferred was correlated to the expected sharing computed from the genealogical data, which 

was a premiere, at least according to our knowledge.  

Before making any comparisons, the detection of the IBD segments needs to be done and its 

quality depends, among other things, on the genotypic data accuracy. Genotype errors can 

significantly reduce the power to detect IBD segments; this is why three out of the five 

methods we used can account for these errors. However having a stringent data quality control 

remains important so we applied one to our dataset in order to remove low quality variants. 

The capacity to accurately infer IBD segments also depends on the amount of IBD sharing 

present among samples. In Table 2.1 (p.59), we observed that the correlation within 

populations between IBD sharing and kinship coefficients tended to be higher, as expected, for 

the populations having closer relationships. More specifically we noted that some methods 

were underestimating IBD sharing, i.e. almost none or zero IBD segments, for pairs of 

individuals from populations with low levels of kinship. Meanwhile for some populations 

(Saguenay, Quebec and Loyalists) most methods were systematically inferring more IBD 

sharing than expected from genealogical information for some pairs of individuals. This may 

suggest that some additional genealogical information would have provided a more accurate 

picture for some allegedly distantly related individuals. 

As presented in detail in the introduction (see section 1.4.2 p. 35), phasing is also likely to 

affect the detection of IBD segments. This is the reason why we used two phasing algorithms 

to observe their influence and to use the most effective method. One thing we did not do is to 

compare the regions detected as IBD across methods. We used the total length of IBD 
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segments to compute the proportion of the genome located in IBD segments without looking 

at whether these regions were the same or not between the different methods. This could have 

been another criterion to compare methods and we probably would have seen some 

discrepancies especially for the endpoints of the shared haplotypes since they are tricky to 

define. Segments' breakpoints could also have been put in relation to published estimates of 

recombination rate along the genome to see how well they fit but it was beyond this project 

goal. Another approach that we could have taken, would have been to look at the distributions 

of segment sizes and how these lengths are compared to expectations based on relatedness. 

Finally, our evaluation could have been improved if we did explore the parameters 

optimization of the methods used, which we did not do. 

Our study is an additional example putting forward the importance of considering relatedness 

in a sample before studying it. The high correlation that we observed between genealogical 

information and IBD sharing, over the wide range of remote relatedness present in our study 

population, further demonstrates the usefulness of genomic IBD detection to capture even 

complex relatedness involving inbreeding. Our findings can guide the interpretation of IBD 

sharing results in other populations not having access to genealogical data. 

The second study used the same panel for different purposes. The goal of this second project 

was to present the GENLIB package, originally developed to work with the BALSAC 

database and which we implemented in a new environment easily accessible. Most functions 

were already programmed for a proprietary software, S-PLUS (S-PLUS 8.2 Copyright 2008, 

TIBCO Software Inc.), resulting in a limited use by people outside BALSAC project and by 

people, who did not have access to the software. This is one reason why we thought this 

package could benefit a lot from being translated into the R environment (R Core Team 2015). 

R is a free software environment for statistical computing, meaning that users can run it, study 

it, change it and redistribute it with or without modifications as long as it is free of charge. R 

also offers a wide range of complementary functions through all other packages developed. In 

this new implementation we added new functions and improved some others. In other words, 

the new GENLIB package, which we believe is an improvement over existing softwares for 
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genealogical analysis, is user-friendly and flexible thereby encouraging its use and the 

contribution of other users. 

However the package could still be improved in two ways; first by optimizing the computation 

algorithms and second by adding other relevant functions. We did compare computation times 

for certain functions for GENLIB and other softwares and it was found that GENLIB is not as 

fast as others can be. Therefore to have the best performance on all aspects we should work on 

optimizing the calculation algorithms. We also noticed that in order to ensure that the package 

will become popular among people who use pedigree and genealogies; it would probably need 

functions to import formats of genealogical data other than the specified format. Additional 

functions to easily extract information from extensive genealogical data were suggested but 

are not implemented yet. 

Apart from presenting the GENLIB package with a detailed description of the genealogical 

corpus included within the package, we performed a simulation study. We did it using only 

two pairs of individuals and this may seem too little however the goal was only to compare 

pairs with very similar kinships, which were resulting from different ancestral links. We chose 

pairs of individuals with kinship value slightly larger than third degree cousins but we could 

also have picked additional pairs of individuals less related and coming from other sub-

populations than the ones selected. A more elaborate study could have revealed other 

population characteristics influencing IBD sharing patterns among a population. For example, 

we could have selected a chromosomal region known to be shared by more than two 

individuals coming from various sub-populations and investigate which ancestor it was 

coming from.  

The last study was performed on another sample of French Canadians coming from the 

CARTaGENE biobank. The first step was actually to identify the French Canadians since 

CARTaGENE is a population-based project, which recruited Quebecers aged between 40 and 

69 years old without any restriction on their ancestral background. To achieve this 

identification we used the latest method, ChromoPainter algorithm, which is an improvement 

over traditional methods such as PCA on genotypes (Lawson and Falush 2012). Generally, 
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groups identified fitted declared ancestry and knowledge about population structure. However, 

to make sure we kept exclusively French Canadian individuals we further restricted our 

selection to individuals with at least 3 grandparents born in Canada. We ended up with a 

sample size of 727 French Canadian individuals, which is great when we compared to most 

inbreeding depression studies but quite small in comparison to a very recent meta-analysis 

performed on multiple cohorts for a grand total of over 350 000 individuals. Thus we still had 

more power than most studies investigating inbreeding depression on several traits at once. 

Considering our sample size and power to identify association we may miss some associations 

and effect sizes may be inflated and less precise. We also chose not to perform any p-value 

adjustment, like Bonferroni correction, even though we tested 27 different traits. We are aware 

that having 4 associations significant at a 0.05 level is not far from what we could expect by 

chance. Therefore our results should be interpreted with caution and further investigation is 

needed for the novel associations found concerning white blood cells count. However, we did 

replicate the height association, an association which gained evidence through different studies 

on large cohorts (McQuillan et al. 2012; Verweij et al. 2014; Joshi et al. 2015) and we 

obtained similar results as in a large meta-analysis recently published (Joshi et al. 2015). 

Failure to replicate some previous findings in our cohort does not necessarily invalidate the 

original results since effects can be population-based. One major strength of our work is that 

we had very detailed phenotypes. Another important point is that we were able to perform a 

good evaluation of inbreeding as we had very dense SNPs data. We decided to adjust our 

regressions for age and sex to get rid of extra variation in the phenotypes but we could have 

investigated the simple correlation between traits and inbreeding since it is unlikely that age 

and sex confound any associations. Also instead of looking to continuous traits only, we could 

have investigated inbreeding values among cases and non-cases of specific diseases. 

Concerning diseases, some participants have been diagnosed for certain conditions and take 

the relevant medications; however this information was not included in our analysis and could 

have biased our results. In animals inbreeding depression effects have been shown to change 

under different conditions (Kristensen et al. 2006; Ilmonen et al. 2008). Medication intake 

could have hidden associations or make them less strong.   



 

145 

 

5.2. Future perspectives 

5.2.1. Identical-by-descent sharing 

Since we performed our first study IBD detection methods continued to improve. Among 

others the authors of FastIBD released a new version (Browning and Browning 2013a) and 

new methods for IBD inference, which improve the accuracy, the precision and the resolution 

scale, were launched (Browning and Browning 2013b; Tataru et al. 2014; Rodriguez et al. 

2015). The use of IBD patterns will probably change with the advent of next-generation 

sequencing (NGS). Apart from a probable better definition of shared segments boundaries, 

NGS will allow to investigate variants arising de novo on IBD segments. Using the numerous 

annotation tools that have emerged (Huang et al. 2008; Ng et al. 2009; Wang et al. 2010), we 

will be able to annotate these variants for function and assess their contribution to disease in 

risk haplotypes’ carriers.  

As most current detection methods consider only pairwise IBD, new approaches to investigate 

multiple haplotypes simultaneously have been developed (Gusev et al. 2011; He 2013; Qian et 

al. 2014). The attention is now focused on the use of these segments to uncover the genetic 

basis of multiple diseases (Vacic et al. 2014). However, IBD mapping may not be always the 

most powerful method (Westerlind et al. 2015) and new technologies may challenge its use. 

Nonetheless IBD mapping combined with other association analysis may also reinforce 

findings.  

Although different genetic measures of relatedness can be used (Speed and Balding 2015), 

IBD has been proven useful to infer relationships (Huff et al. 2011). IBD sharing could also be 

used to develop relatedness measures incorporating the complementary information from both 

genomic and genealogical data. Recently, a new method for relationship detection based on 

IBD and good to identify, with NGS, relationships more distant than third cousins, was 

published (Li et al. 2014). The inference method, which uses NGS data, provides only a slight 

increase in power for relatedness inference as compared to genotype-based inference methods 
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since sequencing data come with additional technical challenges, such as an excess of pairwise 

IBD.  

IBD sharing is also widely used to do demographic inference and to investigate patterns of 

admixture (Gravel et al. 2013). A study using IBD segments gave insights on the divergence 

between European and African populations and on the gene flow between both populations 

(Harris and Nielsen 2013). Increased interest in IBD sharing also means that the theoretical 

framework for the IBD process is further developed. As an example, Carmi et al. (2014) 

developed a model to derive the mean number of shared segments having a specific length and 

the distribution of the number of shared segments.  

Following on our work it will be interesting to study the origin of CARTaGENE participants 

as they get genotyped or sequenced. We will be able to provide a more detailed picture of all 

the regional particularities. Ideally, if CARTaGENE Project goes on with a third recruitment 

phase it should be dedicated to more remote locations, such as Iles-de-la-Madeleine. A recent 

study on the British population uncovered very detailed population structure (Leslie et al. 

2015). Although the Quebec population is much more recent there are definitely relevant 

demographic specificities to investigate within the province and in relation to its progenitor 

population.  

5.2.2. Genealogical information 

No matter their interest about it or their desire to know, all individuals are preserving traces of 

the demographic history prior to their existence; it is all about being able to unscramble it. In 

Quebec we are very fortunate to have a rich source of genealogical data and it is good news 

that BALSAC database will be merged with similar population databases, also concerning the 

Quebec population and covering different periods or types of records, under a unique 

infrastructure for historical microdata on the Quebec population (BALSAC 2014c). 

Another type of information that will help furthering research efforts is electronic health 

records (EHR) (Jensen et al. 2012). After many decades of discussion about establishment of 
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EHR in Quebec, computerization of health information is still not a reality. Although some 

clinics locally propose EHR, all health information (disease outcomes, treatments, prescription 

drugs, laboratory and imaging) are not gathered in a unique record. Once this health structure 

integrating patients’ data on all aspects will be created and functional, genealogical databases 

could potentially be linked to it. A recent systematic review highlighted the fact that 

genealogical databases are barely used in health care but when they are, benefits are multiple 

(Stefansdottir et al. 2013b). Known to contribute to a better understanding of familial and 

genetic factors in diseases, the use of computerized genealogies was shown to improve 

conventional screening methods, to result in a more comprehensive family history and to 

change cancer genetic counselling (Thorsson et al. 2003; Brewster et al. 2004; Cannon 

Albright 2006). Therefore in Quebec we could use genealogical information along with EHR 

in genetic counselling efforts, such as in Iceland (Stefansdottir et al. 2013a) or for research 

purposes to investigate familial clustering of diseases (Cannon-Albright et al. 2013).  

Genealogies can also be used to look at epigenetic effects as some may be passed on through 

following generations (Jirtle and Skinner 2007). Epigenetic effects are changes in gene 

expression caused by external factors, such as the environment, which are not involving any 

change in the DNA sequence. While early life factors have been shown to have an influence 

on disease susceptibility (Gluckman et al. 2007), a recent study involving Swedish people 

reported a transgenerational response to stressful events, such as a nutritional deficiency 

(Bygren et al. 2014). Although epigenetic phenomenon is known since a while, 

transgenerational epigenetic inheritance is a phenomenon less documented and the marks it 

leaves along the genome still deserve a better characterization, particularly in humans 

(Daxinger and Whitelaw 2010; Grossniklaus et al. 2013). 

To make a good usage of genealogical information, you need good tools. Therefore, there will 

be work to do to maintain the GENLIB package up-to-date. Although it was recently released, 

we already have a lengthy list of potential improvements that we could do. We already 

mentioned the function to import other genealogical data format to which we should add the 

development of new description functions and the inclusion of already known concepts such 

as the founders’ uniform contribution number (Gagnon and Heyer 2001). There is also a great 
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amount of complementary information, such as event locations, dates, comments, which 

should be included somehow with genealogical data but the package is actually lacking of 

options to do it. Finally, functions to cut down the genealogies are presently pretty basic; 

therefore functions allowing the definition of groups based on complementary information 

would be an improvement. 

We said in the above section that CARTaGENE would probably benefit from enlarging its 

sampling population. In this regard, since CARTaGENE data can be coupled with 

genealogical information from BALSAC, investigating the genealogies to get input on where 

the French Canadian individuals are ancestrally from could be an interesting way to know 

which regions deserve a better coverage, i.e. where participants in future recruitment phase 

could be sampled. 

5.2.3. Public health and genetics 

Genetic epidemiology brings its own methods to investigate biologic mechanisms of disease. 

The field ultimately contributes to provide an improved health and has a prominent place in 

the development of the “4P medicine”. The 4P stands for Prevention, Prediction, Personalized 

treatments and Participation (Hood and Flores 2012). 

For many of the people involved in medicine, the 4P approach is the future for care. With 

different screening programs and counselling, diseases can be predicted or prevented before 

problems arise. In Quebec, and in numerous countries, newborn screening, using tandem mass 

spectrometry, can detect various diseases such as tyrosinemia, a disease found among the 

French Canadian population (see Table 1.2, p.28). There are also carrier testing initiatives for 

couples considering having children and wanting to learn about their status. If they are both 

carriers for the same disease, genetic counselling is offered and options for pre-implantation or 

prenatal diagnosis are presented. The recent example of the pilot-project in the Saguenay 

region for carrier testing of four major recessive diseases is a great example. The population of 

the region has demonstrated an interest for the project, which is still under study, and the 

project has led to an increased demand for some genetic services outside the region (Pouliot 
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and Rousseau 2014). Originally these tests were offered in a cascade testing approach, which 

is targeting mainly relatives of diseased individuals, but they are now open to the whole 

population. Preliminary discussions to expand the project to all the Quebec population are 

underway to avoid creating inequity in the access to these services. The region of Montreal 

also had its specific genetic screening programs for Tay-Sachs and Beta-Thalassemia diseases, 

which have proved, on the long term, to highly impact disease occurrence (Mitchell et al. 

1996). As new opportunities for screening at large are available, experiences like previous 

experiences may provide valuable insight and guidance. 

Another aspect of the 4P medicine is the treatment personalization. The best known example 

of personalized treatment is the intake of warfarine (Marin-Leblanc et al. 2012). Warfarine 

dosage intake can be predicted with different polymorphisms of the CYP2C9 and VKORC1 

genes to ensure that the patient has the best possible response to treatment. This last example 

is part of an emerging field, called pharmacogenetics, which gives importance to considering 

differential genetic susceptibility to drug effects and reactions. Genetic testing may help to 

define the appropriate treatment and may also improve drug development efforts since genetic 

factors could explain why some patients do respond while others do not. Staggering costs of 

drug development is an important public health issue; genetics could help to decrease them. 

Personalization also means the development of methods to deploy genomics based decision 

support (so that knowledgeable practitioner can use the information). As an example, a 

physician knowing a patient could be a poor metabolizer for a medication could improve his 

practice by considering alternative medications. 

The last P of 4P medicine is participation; the participation of all citizens; patients, physicians, 

the medical community and the others. It ranges from education provided to them up to 

changes patients and citizens can do according to actionable information they obtained. 

Actionable information is information that is useful for improving the individuals’ health, such 

as information about a genetic variant that can cause an adverse reaction when an individual is 

exposed to a drug. Citizens also constitute an important stakeholder in the development of new 

approaches to improve health (Knoppers and Joly 2007).  
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Another component of the development of a more pro-active medicine is better research 

resources, CARTaGENE being a good example. One of the initial study involving 

CARTaGENE has assessed the prevalence of chronic diseases in the cohort and found that the 

awareness (ratio of participants reporting a condition over participants affected by the 

condition) was pretty low as it ranged from 8% to 73% (Verhave et al. 2014). The research 

team also highlighted the factors influencing the awareness, among others being younger and 

affected by another condition, and furthermore investigated the proportion of participants 

reporting a condition but not meeting treatments targets (Verhave et al. 2014). The use of 

biobanks goes beyond research oriented towards biological aspects of diseases and their study 

can help to guide how and who should be targeted by specific medical care. Biobanks are also 

a public health tool. In addition to biobanks, EHR are increasingly playing a critical role in 

research and their use can be an important driver for EHR quality. 

The integration of genetics as a part of general medicine is definitely, in my mind, one of the 

key step that could greatly improve medicine on many levels. However we have to remember 

that DNA is the profound core of individuality, meaning that personalized medicine has to be 

done with respect of choice, confidentiality and dignity. 

As noted by Charles Scriver, more than twenty years ago, once the environment in under 

control and the behaviour is rather prudent the last thing that may cause diseases is the biology 

(Scriver 1988). The eminent paediatrician and geneticist concludes by saying that since 

genetics “are relevant to sick populations, because they constitute a way to anticipate sick 

individuals”, therefore “they are a form of public health”.  
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5.3. Conclusion 

The French Canadian population has many interesting genetic features to investigate. In this 

thesis, we analysed genetic data to disentangle patterns of relatedness in some of its sub-

populations. The genetic analyses were compared to expectations from extensive genealogical 

information. We found very good correlation between both genetic sharing and relatedness 

assessed with genealogical information. At the same time we highlighted characteristics of the 

identical-by-descent patterns among these French Canadian regional populations. Analysing 

genealogies require appropriate tools therefore we implemented an R package for the analysis 

of genealogical data. The tool was described in details by a complete description of a large 

genealogical corpus. A simulation study using the package functions, further revealed 

population characteristics influencing the genetic sharing. Finally, distant consanguinity rates 

were assessed in another sample of French Canadians and inbreeding depression phenomenon 

was investigated for numerous phenotypes. Significant effects of inbreeding were found for 4 

phenotypes: height, body mass index, white blood cells and neutrophils count. We discussed 

well documented evidence for height while the association for white blood cells and 

neutrophils was documented for the first time. Nevertheless this last association could provide 

an explanation for an increased susceptibility to infectious diseases among people with a 

higher rate of genome-wide homozygosity. 
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